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CHAPTER 1

Introduction

The overarching question of this thesis is: what is the role of memory in pro-
cessing semantic dependencies? This question comes with a lot of assumptions.
Briefly explaining them all serves as a good introduction to the dissertation.
This chapter starts with such brief explanations. Section 1.2 forms the bulk
of the chapter. In that section I sketch some historical background, discuss
the two main models of memory retrieval, and provide an overview of some
memory-related effects described in the literature. Section 1.3 discusses seman-
tic dependencies and presupposition. The chapter ends with a plan of the thesis.
First, however, I start with the introduction.

1.1 Fundamental Concepts

1.1.1 What is processing?
Given an utterance of any sort, to process that utterance means to engage
in activities which result in its understanding. I assume that we have a way
of deciding what is an utterance and what does it mean to understand an
utterance. In this thesis we will mostly be concerned with written utterances
and hence with the activities that result in understanding while reading.

When we read an utterance we do not absorb all of its meaning at once.
Instead we have to go through the text word by word and sequentially construct
its meaning. The same is also true for spoken and signed utterances. Because
every utterance unfolds itself in time in our perception, to make sense of it the
comprehender has to chunk a stream of input into more manageable parts, and
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tend to each of these parts as they arrive. The parts which arrive earlier will
be tended to earlier, and those which arrive later will be tended to later.

However, not all parts of utterances can be dealt with the moment they
arrive. For example, consider a sentence such as (1):

(1) Suzy, who is very tired, passes the bag to Mary.

When the reader reads the phrase passes the bag to Mary to understand who
was doing the passing, they have to go back to the word Suzy. It seems rather
obvious that even when the word is not in front of our eyes anymore we are
still able to do this. This is because we can store words such as Suzy in memory
and quickly recall them when they are needed.

There are many situations during language comprehension where we need
information contained in quite distant parts of the utterance. To understand
what kind of information this can be, and to understand the complex relations
the comprehender has to navigate during sentence processing, we have to say
something about dependencies.

1.1.2 What are dependencies?
In psycholinguistics the term dependency is understood as a relation between
two expressions where one of these expressions determines some properties of
the other expression. The expression which properties are being determined is
called a dependent. The expression which determines these properties can be
called a head of the dependency, or its antecedent.1

Probably the most prominent dependency is the relation between the verb
and the subject. In the sentence (1) repeated below for convenience the form
of the noun determines the form of the verb.

(1) Suzy, who is very tired, passes the bag to Mary.

This is because for the sentence to be properly formed, the grammatical number
of the verb and the subject have to agree. So, when encountering a singular
noun the parser expects a verb which is also singular. Or to put if from a
different perspective, when encountering the verb (passes) which agrees with a
singular noun, the parser will search in their memory whether there is a noun
(Suzy) which can be matched with that verb. Such a search is also necessary for
comprehension; to understand the event described in the sentence the parser
needs to figure out who is doing the passing, i.e. who is the agent of passes (see
for example Pylkkänen & McElree, 2006).

Another commonly studied dependency is the relation between the reflexive
and its antecedent. In sentence (2):

(2) A young woman prickled herself with a needle.
1Note that this terminology can be a little confusing, since the structural notion of de-

pendency head does not necessarily coincide with the incremental processing perspective.
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The interpretation of the word herself is determined by the expression young
woman. This is because, if one would substitute young woman with Suzy the
word herself would denote Suzy and not the young woman. Additionally, the
antecedent also determines the form of the dependent, since the grammatical
gender and number of the reflexive has to agree with the relevant features of
the antecedent. Hence, in this example, forms such as themselves or himself
would render the example ungrammatical.2

The last example of a dependency we are going to discuss here, is ellipsis.
Consider a sentence (3):

(3) Sophie liked the movie and Paul didn’t.

The information about the content of Paul’s attitude i.e. (not) liking the movie
is introduced earlier in the sentence, and is only referred to with the expression
didn’t. The verb phrase liked the movie determines the interpretation of the
clause Paul didn’t. This is different from the previous examples, when the earlier
word determined the form of the word or both the form and its interpretation.
The form of any word in the second clause does not depend on the verb phrase
liked the movie but the interpretation of it does; if a different verb phrase
was used the interpretation of Paul’s attitude would also be different. Such a
construction does not provide a lot of cues which could guide the expectations
of the comprehender, note that the clause after the word and could be about
something very different. However, when the parser arrives at the expression
didn’t they have to recall the verb phrase from the previous clause to arrive at
the correct interpretation of the second clause.

1.1.3 How is memory involved?
As already established, processing linguistic dependencies requires memory.
It requires memory in at least two ways: when reading a word we have to
consult our knowledge of language to check what a given word means, and when
constructing the meaning expressed by the dependency we need to maintain
parts of the dependency in our memory to be able to get the intended meaning
when the dependency is complete. In this work we are concerned only with the
memory needed for this second task.

Memory is an important topic on its own. It is a necessary component of
cognition, and so, our knowledge of the world. It plays a crucial role in our
sense of self, our experience of the passage of time and our relations with

2Ungrammatical here means that it is marked, it is possible to come up with contexts
where both of these reflexives make sense. In English very few words have overt gender
marking, and most, if not all, nouns can agree with a pronoun or a reflexive with atypical
gender. Grammatical gender is the category where the conventional nature of grammar is
particularly visible (for literary explorations of such topics compare Raadch books by Ann
Leckie, or the title of the book “The Sisters Brothers”). At the same time, it is a good
example of how such a convention can influence processing. See also: Carreiras et al. (1996),
Osterhout et al. (1997), Redl (2021), and Sturt (2003).
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others. Because of this, many different theoretical approaches to memory exist.
Reconciling these different approaches might be very difficult, if at all possible.
Theories of memory which are used in sentence processing research are quite
specific, as their goal is to provide predictions and explanations about memory
use which happens very quickly and in very particular situations i.e. online
language comprehension.

The most widespread view about memory in language processing assumes
that this type of memory is content-addressable (Engelmann et al., 2019; Felser
et al., 2017; Jäger et al., 2017; Lewis & Vasishth, 2005; McElree, 2000; McElree
et al., 2003; Van Dyke & Lewis, 2003; Wagers et al., 2009, and others). This
means that when an item is needed from memory, its retrieval is not guided
by a thorough search of the current store until a matching item is found, but
rather that it is guided by a set of cues which determine the needed item. This
idea is commonly used in computer software, in which case it means that an
object can be retrieved using its identifier instead of its location. Identifiers (or
keys) can be obtained using a hash-function: a function which takes the data
on input and produces a fixed-size value on output. Since the key was obtained
from the content, hence content-addressable.

The focus of this thesis is on the dynamics of memory within particular
linguistic environments. It will try to establish if, and in what way, the retrieval
from memory related to the meanings of certain expressions interacts with other
components of an utterance. Such components could be of linguistic nature,
e.g. meanings of other expressions used in the utterance, or of physical nature,
e.g. the time elapsed or the distance between certain words. The thesis also
investigates how such properties of memory fit with other activities needed
to read an utterance in a controlled experiment. For example, to what extent
operations in memory are coordinated with eye movements and key-presses.
But before getting into all that, I will introduce the past research relevant for
the topic at hand.

1.2 Historical and Theoretical Overview
The purpose of this section is to show the connections between the work de-
scribed later in the book and the current state of art. I will start with a short
historical overview and provide some critique of the resultant approach. This
approach leads to a particular way in which we can study memory, and hence in
subsection 1.2.1 we will talk about two important models of memory retrieval.
These models can be used to explain and predict memory-related phenomena.
In subsection 1.2.2 we will talk about such different phenomena and discuss
what they teach us about the use of memory in online language processing.

Arguably, the approach toward memory and processing which is used in
this thesis starts with Turing (1937). This article had an enormous influence
on almost every branch of science, and if one is willing to trace the roots of
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modern computers to this paper, also on many aspects of human life.3 Alan
Turing is one of the founders of artificial intelligence and cognitive science. In
that paper, Turing introduced a formal description of an effective procedure
and of a theoretical machine which is needed to carry out such a procedure.
These notions to this day influence how many people think about cognitive
processes, memory, and related issues. This maybe so, because it is easier to
conceptualize such a weird phenomenon as memory with a metaphor of a ma-
chine. If additionally that metaphor is embodied within a set of formal tools
which can be used to get precise predictions, that is only better.

A person who was clearly influenced by this mechanistic metaphor was
Alan Newell. Newell believed that the way to advance (cognitive) psychology
is by constructing detailed models of human mind. These models should be
computational models, and ideally, such models should be able to simulate
the data related to the phenomenon at hand. Additionally, these models need
to specify in quite some details how the human mind performs a given task.
Ideally, these should be complete processing models, meaning that the stipulated
explanation of how the human mind performs a given task should be encoded
in the model. In a famous quote, Newell said: “The answer [to the question of
how the human mind can occur in the physical universe] must have the details.
I have got to know how the gears clank and how the pistons go and all the rest
of that detail.” (as quoted by Anderson, 2007a, p. 4) His early attempt at this
kind of models were production systems (Newell, 1973; Newell & Simon, 1972),
which later lead to the creation of so-called cognitive architectures.

Turing’s ideas served also as an important, if not foundational, step in the
creation of the formal language theory. During the fifties and sixties work of
Noam Chomsky (Chomsky, 1959), George Miller (Chomsky & Miller, 1958),
Yoshua Bar-Hillel (Bar-Hillel, 1953), and many others (see Greibach, 1981, for
an overview) resulted in establishing the Chomsky hierarchy. One of the insights
it provides, is the relationship between the expressiveness of a given (formal)
language and the type of memory needed to describe that language.

Around that time Chomsky also introduces the distinction between linguis-
tic competence and performance (Chomsky, 1965). These two ideas, i.e. the con-
nection between formal languages and memory and the performance/competence
distinction had a huge impact on psycholinguistics. Simplifying, it created a
pathway for processing research, i.e. studying human language performance,
and created a possibility of linking this research to formal properties of mem-
ory involved. This was because, as Chomsky argued, both language competence
and performance have their root in human mind. So, if one could study formal
properties of memory involved in linguistic competence, one could also do so
with respect to linguistic performance.

Exactly the concerns about memory during language comprehension in-
spired research in parsing strategies. The dissertation of Lyn Frazier (Frazier,

3This is of course a huge simplification. Many other people contributed to the creation
of modern computers and computing systems, to name just a few important figures: Alonzo
Church, Ada Lovelace, John von Neumann, and Claude Shannon.
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1978), one of the early trailblazers, starts with the assertion of the disparity
between the difficulty of parsing any natural language sentence, and memory
and time constraints of the human parser. To investigate this disparity Frazier
uses a certain class of (locally) ambiguous sentences which are notoriously dif-
ficult for humans to parse, with the idea that learning about such edge cases
will inform us about the general properties of the human parsing module. This
type of research, i.e. exploiting some linguistic property to learn about human
linguistic capabilities is something common in psycholinguistics, and this is also
what much of the work presented here does.

It should be noted that this approach is very much within the mechanistic
tradition; it is assumed that there is a piece of human mind machinery which
can be isolated and studied. Such a mechanistic view of the mind is the preva-
lent approach in cognitive science. There is a certain bundle of philosophical
assumptions about the mind that usually goes with it. To give it a rather un-
fair exposition: mind is a computational system which runs in human brain.
Any cognitive activity is in principle a transformation of some input data into
outputs. These transformations are conducted step-wise, where each step is a
result of an application of some rule.

Such a view (and its much more intricate cousins) has been heavily crit-
icized. For example, the mechanistic view faces the problem of impoverished
stimuli (as called by Chomsky, 1980). This means that the input the mind
gets is often seemingly not rich enough for the mind to use that input in a
way humans routinely do. Linguistic input to which an infant is subjected is
not enough to arrive at a grammar of the language. Rays of light which fall
on retina can in principle be brought up by an infinite number of surfaces,
confronting the visual system with apparently impossible task to compute the
shape of these surfaces from the patterns of light (Shapiro & Spaulding, 2025).
Yet, most humans use their visual systems with great success and most humans
acquire their native language.

However, “the mechanistic view” also provides a very useful way of study-
ing human language faculty. This is, because it allows to divide this extremely
complex problem domain into smaller, much more approachable chunks, and
gives a promise of tying the obtained solutions together within the computa-
tional paradigm. Therefore, even though this approach might not be completely
correct, there are advantages to holding onto it and the work presented here
follows this paradigm.

1.2.1 Models of retrieval
Having presented some general historical and theoretical context, we shall now
discuss some recent theoretical background. I will start with different views on
memory and retrieval. As described earlier, evidence suggests that the memory
needed for dependency completion has to be content-addressable. In the litera-
ture, there are at least two prominent ideas concerning what kind of mechanism
can guide the retrieval from such a memory store. In this subsection we will



Introduction 7

discuss two commonly used models of retrieval: the direct-access model and the
activation-based model.

The direct-access model is a model described and researched in a series
of papers by Brian McElree and colleagues. As far as I know, its author(s)
never provided a formal description or computational implementation of the
model. The only implementation of the model was presented in Nicenboim and
Vasishth (2018) but it is created on the basis of verbal description available in
the papers published by McElree and colleagues. Nevertheless, this is one of
the two important models of retrieval and as such it needs to be discussed.

Historically, one can see the direct-access model as being born from the need
to capture the distinction between “fast” and “slow” retrieval. “Slow” retrieval
could be conceptualised as an instance of a search procedure; to retrieve the
target all the possible items in memory have to be compared one by one with
the search criteria. “Fast” retrieval does not rely on the costly search, but rather
can retrieve the target immediately due to the content-addressable mechanism.
Some of the early work by McElree and Dosher was devoted to establishing
what information can be retrieved using either of the retrieval strategies. For
example, McElree and Dosher (1989) claim that lexical information is retrieved
by the content-addressable mechanism, while McElree and Dosher (1993) state
that order information is retrieved via the search procedure.4 The direct access
model can be seen as an attempt to explain the inner workings of the proposed
content-addressable mechanism.

Having discussed some possible motivations for proposing the direct-access
model of retrieval, we shall give it a closer look. Most of this part is based on
McElree (2000). The main ideas are as follows. There is a distinction between
working memory (WM) and focal attention (McElree, 2001). During the pro-
cessing of the linguistic input, there is an ongoing transmission of information
between WM and focal attention. The current word is in the focal attention,
the past words are stored in the WM. Working memory also acts as a space
in which linguistic analysis is taking place. This means that the actual parsing
(i.e. resolving dependencies between memory representations of the just per-
ceived input) happens in the WM. Memory representations in the WM can be
accessed directly via cues available at the retrieval site. The cues arise from
syntactic and semantic constraints provided by the current linguistic environ-
ment, e.g. a piece of discourse, sentence fragment, clause, etc. Some concrete
examples of such cues could be: being an animate noun, having a singular
grammatical number, etc. When there is a need to retrieve a word, the parser
combines the available cues multiplicatively into a single retrieval probe (Van

4Note that it is not obvious whether this distinction makes sense within the realm of
natural language. Stimuli in both of the discussed experiments consisted of lists: lists of
letters (McElree & Dosher, 1993), and lists of nouns (McElree & Dosher, 1989). It could
be the case that search-based retrieval is only used when processing stimuli without any
particular structure, such as lists of letters. Still, the contrast between slow search-based
retrieval and fast content-addressable one is present in some of the later work by McElree,
also work more directly connected to natural language e.g. McElree et al. (2003) and Van
Dyke and McElree (2011).
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Dyke & McElree, 2006). Whether the probe successfully retrieves the correct
item depends on two factors: the strength of the match between the cues and
the target item, and the strength of the match between the cues and non-target
items. The bigger the number of matching items, the less likely it is that the
correct item will be retrieved.

It can also happen that the target item will not be available; the availabil-
ity of the item is influenced by the amount of information held in WM and
the amount of information interpolated between the first time the item is en-
countered and the moment it is needed. Crucially however, the retrieval time
(as opposed to the probability of retrieval) does not depend on the quality or
strength of the representation. This is what is meant by the direct access — any
item which is available can be accessed in equal time. To reiterate, if an item
is available and it is successfully picked by the probe (the combination of cues)
it will be retrieved, and the retrieval time will be the same for all the items no
matter how well a particular item was encoded and maintained, and no matter
how strongly the cues distinguished this item from any other items. Cues and
their strength of association only influence the probability of retrieval, not its
speed (e.g. McElree et al., 2003, p. 68). However, this does not mean that the
diminished strength of association cannot be used as an explanation for slower
observed reading times. The lower probability of retrieval might mean that
the parser retrieves an incorrect item and needs to backtrack (as assumed by
McElree, 1993, p. 562). Note that such an assumption is external to the actual
model.

The other important model of retrieval, so-called activation-based refers to
a class of models based on ACT-R. The first successful implementation of such
a model, a hand-crafted left-corner parser, was described in Lewis and Vasishth
(2005) (LV05). Since the properties of the model follow from the properties of
ACT-R, to understand its mechanics, one needs some understanding of ACT-
R. A more thorough introduction will be supplied in Chapter 5, here I discuss
the absolute basics.

ACT-R is a cognitive architecture, i.e. a computational framework which
tries to capture how the human mind operates. It does so by providing ways
of implementing models of cognition-related phenomena. Primary components
of the architecture describe how knowledge and memory works: models can be
supplied with the knowledge relevant to the given task, and the architecture
provides rules governing the behaviour of these knowledge representations.

Pieces of declarative knowledge are called chunks. An important compo-
nent of the memory system of ACT-R is a quantity called activation. During
the operation of the mind (an ACT-R program) every chunk has assigned an
activation level. Activation consists of two elements: base-activation and spread-
ing activation. Base activation can be thought of as the need probability, i.e.
how likely it is that the chunk will be needed in the future given how often
it was used in the past. Spreading activation encodes how similarity between
the pieces of information influences the strength of memory. For example, if
you are trying to recall some person’s name you will likely think about names
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in general, or names which sounds similar to a sound you associate with the
name of that person, etc. Activation decreases with time, and increases with
presentations. Presentation can be thought of as “coming into the focus”, i.e.
the chunk is being presented when it is being created for the first time, or
when it was recalled from memory. A notable feature of activation is that it
unifies retrieval latency with retrieval probability, both of these values can be
computed from activation of a given chunk.

And so, the idea behind the activation-based model is that the memory
processes which underpin language comprehension are well described by the
ACT-R model of memory. As already mentioned, the model devised by Lewis
and Vasishth, was implemented as an ACT-R parser. A simplified description
of the model follows (consult the article for details). The parser reads stimuli
word-by-word and outputs reading times at each word. The model represents
words (and constituents) in memory as chunks, which are similar to the direct-
access model bundles of features. When the model reads a word, spreading
activation of that word influences the activation of the other words in declara-
tive memory. The retrieval of dependencies is modelled with rules which should
try to retrieve the needed chunk when a particular word is encountered by the
model. How quickly the chunk is being retrieved, and whether the right one is
being retrieved, depends on the activation of the target chunk and its competi-
tors. If cues at the retrieval site match more chunks, their activation will be
lower and the retrieval times will be longer.

A noteworthy feature of both of these models is that they employ universal
principles of memory to explain language processing. At the same time, it is
important to remember that they are primarily models of memory. That is, they
attempt to explain language processing by focusing on memory representations
and mechanisms required to interact with those representations. Notably, they
abstract away from the way in which linguistic input is delivered. The direct
access model assumes that the input can be attended to in the focal attention,
the LV05 model assumes that the input is processed sequentially, word-by-
word. In the latter case, the authors explicitly state that a more detailed input
processing could be supplied to a future version of the model (Lewis & Vasishth,
2005, p. 413). A more accurate model would require such an enhancement, since
natural reading is not linear; the gaze jumps back and forth through the text,
skipping some words and spending more time on others (e.g. Engbert & Kliegl,
2011). To foreshadow, the results discussed later in the book mostly come from
self-paced reading experiments which force the participants to read linearly.
Modeling of such data can (truthfully) assume that reading proceeds word-by-
word.

In the next section we will discuss when and how memory is used during on-
line language processing, and, in some cases, how these two models can explain
and predict its use.
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1.2.2 Memory and Processing
In this section we will discuss evidence supporting the claim that online lan-
guage processing relies on memory. To do this we will first have a look at
research concentrated on so-called incremental processing. The fact that hu-
mans process linguistic input incrementally is an important building block of
the theoretical framework used throughout the book. Then, we will discuss
studies which try to disentangle how memory works during processing — some
of these studies do so by testing predictions of the models of retrieval discussed
above. A part of this research could be seen as a research on distance effects,
i.e. effects caused by interpolating words between the dependent and its an-
tecedent. Another part of this research falls under the umbrella of interference
effects — the effects where a distractor interferes with a retrieval of a target.
Finally, we will also discuss studies which show that semantics can influence
processing in a similar way in which certain syntactic structures do.

What kind of processes occur during reading? A naive conceptualisation
could maybe delineate such components: word perception, word meaning recog-
nition, dependency resolution, integration of the sentence meaning, computa-
tion of contextual inferences.

Note that we have some control over most of these components. We can
consciously change the initial result and arrive at a different meaning long
after reaching that initial result. The hearer might realise hours later that they
have misheard a part of the utterance, drawn an incorrect contextual inference,
or misremembered what a particular word means. Even more, the hearer can
ponder on the meaning of something they have heard for a long time. If the
meaning of an utterance is inconsistent with our prior beliefs reconciling that
meaning might possibly take us a lot of time, and put us under significant
cognitive and emotional stress. The process of understanding can take a long
time and involve deliberate, conscious processes.

At the same time, this type of “slow” language comprehension is rather
the exception, not the norm. Understanding of an utterance happens rapidly
and seemingly in an unconscious fashion. Christiansen and Chater (2016) argue
that it is a necessary property of our parsing system. If the parser were to take
their time to process the linguistic input they would be flooded by the deluge
of information and they would never recover. Therefore, the argument goes,
the processor has to parse the linguistic input here and now or they will not
be able to process it at all. The way to process language quickly is to process
every incoming bit of information when it arrives. This means that processing
and understanding are done incrementally.

Incremental processing, i.e. the idea that both syntactic analysis and under-
standing are carried out piecewise, with each upcoming chunk being integrated
on the fly, is an important assumption for the rest of the thesis. The research
on memory discussed below, assumes that parsing is done incrementally; the
parser attempts to retrieve the relevant item as soon as it is possible, and not,
for example, queues all the necessary retrievals and executes them at the end of
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the sentence. As will become apparent later, most of the proposed explanations
and hypotheses also assume that this is the case. Notably, we are going to as-
sume that interpretation of an utterance is constructed incrementally, and that
this process allows the comprehender to monitor the felicity of the utterance
being processed.

Before discussing experimental support for incremental processing, two more
observations are in order. First, this type of processing means that memory
plays an important role. Often some parts of the input cannot be processed
immediately, and have to be stored away and recalled at some later time.
Since such a situation puts the memory system under significant pressure, it
also means that the memory system has to satisfy quite a particular set of
constraints. Second, incremental does not mean serial. During comprehension
many things have to happen in parallel. For example, it seems that lexical
processing is distributed to some extent, i.e. processing of the word in focus is
strongly influenced by the neighbouring words (Kliegl et al., 2006).

Incremental processing

A first example of the incrementality of processing has to do with the influ-
ence of context on the interpretation of upcoming clauses. In a word naming
experiment, Tyler and Marslen-Wilson (1977) tested if a context preceding a
syntactically ambiguous phrase (e.g. landing planes where the word landing
can be either an adjective or a verb) will influence naming latencies of verbs
following that phrase. For example, participants could hear one of sentences
such as (4-a) and (4-b).

(4) a. If you walk too near the runway, landing planes …
b. If you’ve been trained as a pilot, landing planes …

At the offset of the final word they would see a probe with a verb, which
could be either appropriate or inappropriate. The appropriate verb would be
are in the case of (4-a) and is in the case of (4-b). Inappropriate verbs would
be the same but switched across sentences. The task of the participant was
to repeat the verb probe as quickly as possible. The authors found longer
latencies for inappropriate probes, i.e. words which were possible but unlikely
grammatical continuations. This suggests that the processor uses contextual
meaning (here the information preceding the critical regions) to disambiguate
ambiguous phrases.

If processing is incremental this is what would be expected. The processor
should utilise any available information to facilitate parsing — it would be inef-
ficient to discard such information. Therefore, we should be able to observe the
use of such contextual information during resolution of upcoming dependencies.

Additional support for this idea comes from Altmann and Steedman (1988).
The authors tested whether reading times will be influenced by contexts which
support a particular type of attachment. The target sentences were locally am-
biguous between attaching the prepositional phrase (with the…) to the preceding
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noun phrase or verb phrase. For example:

(5) a. NP attached
The burglar blew open the safe with the new lock.

b. VP attached
The burglar blew open the safe with the dynamite.

In the preceding context there was either one (a safe and a strongbox) or
two (two different safes) candidate referent to the NP in the target sentence.
Compare (6):

(6) a. NP supporting context
A burglar broke into a bank carrying some dynamite. He planned
to blow open a safe. Once inside he saw that there was a safe with
a new lock and a safe with an old lock.

b. VP supporting context
A burglar broke into a bank carrying some dynamite. He planned
to blow open a safe. Once inside he saw that there was a safe with
a new lock and a strongbox with an old lock.

The hypothesis was that if there is more than one referent in the preceding con-
text, as in (6-a), it should facilitate the NP attachment, because the processor
will choose the interpretation which disambiguates between the two possible
referents, a safe with a new lock and a safe with an old lock. On the other
hand, if the context introduces just one possible referent, the VP attachment
should be easier.

Such predictions follow from an interactive view of human parsing proposed
by Altmann and Steedman. According to an opposing view, such as the minimal
attachment strategy (Frazier, 1978), the parser tries to construct a structure
consistent with the grammar of the language, with as few nodes as possible,
and, initially disregarding the context. Only after that, the processor might
attempt a reanalysis, e.g. if the proposed syntactic analysis is incompatible
with the context (e.g. Rayner et al., 1983, as cited by Altmann and Steedman).

The authors found strong facilitatory effect of the context on reading times,
i.e. the sentences in the NP attached condition were read faster in the NP
supporting context (6-a) than in the VP supporting context (6-b) and were
also read much faster than the sentences in the VP attached condition and
the NP supporting context. In particular, the minimally attached conditions
were read longer than the non-minimally attached. These results suggest that
human processor is interactive, and takes into account contextual information
which can facilitate parsing.

If contextual cues can influence attachment in such simple cases, what
happens when parsing more demanding dependencies? Traxler and Pickering
(1996) tried to investigate the way in which humans construct the meaning
of so called unbounded dependencies. These dependencies are characterised by
a seemingly unbounded or unconstrained amount of linguistic material which
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can be inserted between the verb and its argument. For example:

(7) Which man do you believe John is dating?

In principle the speaker could make the phrase between which man and is
dating as long as they like (e.g. Which man among the former colleagues of
Suzy attending the restaurant that night Mary thinks John is dating?). This
puts considerable burden on the language processor since it is forced to maintain
the antecedent in memory for quite some time.

The authors wanted to determine when the dependency is formed between
the verb and its argument in such constructions. If language is processed in-
crementally, the parser should create some dependency as soon as it can, i.e.
when it reaches the verb. What they found out suggests that this is indeed the
case. Participants took longer to read the verb in the implausible conditions
((8-b) and (8-d)) than in the plausible ones.

(8) a. That’s the pistol with which the heartless killer shot the hapless
man yesterday afternoon.

b. That’s the garage with which the heartless killer shot the hapless
man yesterday afternoon.

c. That’s the garage in which the heartless killer shot the hapless
man yesterday afternoon.

d. That’s the pistol in which the heartless killer shot the hapless man
yesterday afternoon.

It seems that the processor is able to understand the fragment “That’s … shot”
and judge its plausibility, without the need to finish the parse. Additionally,
it seems that the reading process is sensitive to these kinds of implausibilities
quite early on, as the differences were already detected in first fixations and first
pass measures, which record what happens early in the reading process. If we
assume that maintaining the representation of the antecedent in memory takes
up some resources, these results make intuitive sense; the processor should free
up the resources at the very first possibility, i.e. when reaching the verb.

All these results should make the incremental processing idea only more
convincing. If basic tasks (i.e. NP attachment, part of speech disambiguation)
are completed in an incremental fashion, one should expect that more demand-
ing tasks will also be completed incrementally. And this indeed seems to be
the case.

All the discussed studies, point to a strong relationship between every pro-
cessed piece of linguistic input and the processing of the upcoming chunks of
that input. This possibly leads to rather complex memory operations. For ex-
ample, in the case of the experiments concerning unbounded dependencies the
parser has to keep in memory a part of the dependency while processing the
rest of the input which might also make use of memory. This complexity also
suggests that it should be possible to access memory quickly — had the re-
trieval been slow the parser would not manage to construct the parse at hand
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in time. Many studies try to disentangle this complexity. We shall now discuss
one particular strand of such research, i.e. the research on so-called interference
effects.

Interference effects

Interference effects are memory effects which occur when the parser has to re-
trieve an item from memory but another item successfully competes for the
retrieval with the first one. Such a situation occurs, when the items are mean-
ingfully similar to one another. Consider an example from Van Dyke (2007):

(9) The worker was surprised that the resident who was living near the
dangerous neighbor was complaining about the investigation.

At the site of the phrase was complaining the processor needs to complete
the dependency. So, the parser sets out to find its subject. As was already
mentioned, both main models of retrieval assume that to retrieve a correct
item from memory the parser uses cues. Here these could be +subject5 and
+animate i.e. the word the parser is searching for has to be a possible subject
of the phrase and has to describe an entity which could complain. But note,
in the example above there are many items (called distractors) which match
the cue +animate namely: the resident, the worker, and the neighbour. This
can result in retrieving an incorrect item from memory. Such a situation is the
essence of interference effects or cue interference.

In addition to the semantic interference, that is, a situation where the dis-
tractor matches a semantic cue (e.g. +animate), Van Dyke also investigated
syntactic interference. The described experiments crossed the interference con-
ditions, which resulted in configurations presented in (10).

(10) The worker was surprised that the resident…
a. low syntactic, low semantic interference

who was living near the dangerous warehouse
b. low syntactic, high semantic interference

who was living near the dangerous neighbor
c. high syntactic, low semantic interference

who said that the warehouse was dangerous
d. high syntactic, high semantic interference

who said that the neighbor was dangerous
…was complaining about the investigation.

In high syntactic conditions the retrieval initiated at the was complaining phrase
could be interfered by a noun in a subject position (either warehouse or neigh-
bor). The low syntactic conditions did not have an additional interfering sub-
ject. In case of high semantic conditions, as already discussed, there was an

5The exact nature of cues is a rather complex topic. Here, the cue +subject is a shorthand
for a set of cues such as +noun, +singular, and +nominative.
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extra interfering noun which could match the semantic cues of the verb phrase.
Across three experiments, Van Dyke finds results which are in line with both
syntactic and semantic interference hypotheses. These results were replicated
by Mertzen et al. (2023) in both English and German. Such findings show
that in some cases the memory constraints can overrule the knowledge of the
grammar.

There is a huge amount of studies investigating different types of interfer-
ence effects (see Jäger et al., 2017, for an overview and a meta-analysis). Sturt
(2003) is one interesting example. Sturt used the eye-tracking while reading
paradigm to study fragments such as (11):

(11) Example of stimulus from Sturt (2003). In the example below +/−
denotes match or mismatch. The order matters: first symbol represents
the distractor (Jennifer or Jonathan), second the target (surgeon). For
explanation see the text below.
++ Jonathan was pretty worried at the City Hospital. He remembered

that the surgeon had pricked himself with a used syringe needle.
There should be an investigation soon.

−+ Jennifer was pretty worried at the City Hospital. She remembered
that the surgeon had pricked himself with a used syringe needle.
There should be an investigation soon.

−− Jonathan was pretty worried at the City Hospital. He remembered
that the surgeon had pricked herself with a used syringe needle.
There should be an investigation soon.

+− Jennifer was pretty worried at the City Hospital. She remembered
that the surgeon had pricked herself with a used syringe needle.
There should be an investigation soon.

The question Sturt was concerned with was: in reflexive dependencies, can
distractors such as Jennifer and Jonathan influence the retrieval of the target,
i.e. the antecedent of the reflexive? Note that the distractors never occupy
a position which would make them a grammatical antecedent of the reflexive.
But, creating a situation in which the target seems implausible, might nudge the
participants to consider a distractor as a possible retrieval target. To do that,
Sturt used two facts: that occupation names are associated with a stereotypical
gender and that mismatch between that stereotypical gender and a pronoun
is recognized very quickly (Carreiras et al., 1996; Osterhout et al., 1997, as
quoted in Sturt).

In line with the discussed models of retrieval, this situation can be cast as a
cue-based retrieval problem. We could say that the reflexive himself sets up two
retrieval cues to help retrieve the matching word. These could be: +masculine
and +accessible. The conditions differ with respect to which cues are matched
by the features of the distractor and the target. E.g. in (11)(−+) the features
of the word surgeon match both of these cues, while the features of the word
Jennifer match neither.
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In the target match conditions in this experiment, shorter reading times
were observed on the pre-final region in the distractor match (++) than in the
distractor mismatch (−+) conditions (p. 552, and Figure 1), i.e. they observed
facilitatory interference within target match conditions. This might mean that
at some stages of processing the parser can treat the distractor as a possible re-
trieval candidate, and resolve the dependency with the help of that distractor.
This is a bit surprising: the distractor is inaccessible which means that from
the point of view of the grammar the parser should not take it into account
at all. It looks like our parsing system can sometimes have a rather loose at-
titude towards grammar. In certain configurations, and certain stages of the
comprehension process, memory constraints seem to be more important than
the constraints of the grammar.

Results such as these can be interpreted as evidence supporting a cue-based
memory architecture. They also show that the memory processes which underlie
language comprehension are quite complex. Many more studies illuminate these
complexities.

Some studies focused more on how semantic properties of the words involved
in long distance dependencies can influence retrieval. For example, Cunnings
and Sturt (2018) investigated illusions of plausibility. That is, they manipulated
the plausibility of the distractor, to check if it will influence the reading times
of implausible sentences. Compare (12):

(12) The manor house was always very busy.
a. Plausible Sentence, Plausible Distractor

Sue remembered the plate that the butler with the cup accidently
shattered today in the dining room.

b. Plausible Sentence, Implausible Distractor
Sue remembered the plate that the butler with the tie accidently
shattered today in the dining room.

c. Implausible Sentence, Plausible Distractor
Sue remembered the letter that the butler with the cup accidently
shattered today in the dining room.

d. Implausible Sentence, Implausible Distractor
Sue remembered the letter that the butler with the tie accidently
shattered today in the dining room.

At the site of the verb shattered the parser should retrieve its object i.e. either
the letter or the plate. The authors expected longer reading times in implau-
sible (12-c), (12-d) than plausible sentences (12-a), (12-b), since one cannot
shatter a letter. This pattern of results was expected to be modulated by the
plausibility of the distractor. If, among others, the retrieval is guided by a cue
such as +shatterable, then in (12-c) this cue will match the cup leading
possibly to faster reading times than in (12-d) where the tie will not match.
Maybe surprisingly, this is what was found. It seems that in certain configu-
rations, lexical semantic features play a very similar role in retrieval to that of
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morphosyntactic features.
Similar results were obtained in a series of experiments conducted by Lauri-

navichyute and von der Malsburg (2022). In three single-trial experiments with
a huge number of participants (N1 = 1100, N2 = 1450, N3 = 2600) the authors
tested the hypothesis that a semantically plausible continuation of a sentence
will result in a bigger number of errors than the implausible one. By errors,
the authors meant that the participants will more often judge a given word
as a plausible continuation in a situation when it is not. For example, if the
semantic plausibility has influence on parsing, then participants should accept
the verb cuts as a possible continuation more often in (13-b) than in (13-a).

(13) a. The drawer with the handle cuts
b. The drawer with the knife cuts

This is because of the presence of an attractor the knife which “[…] satisfies
the semantic restrictions set by the verb cuts better than the subject noun
drawer” (Laurinavichyute & von der Malsburg, 2022, p. 38). In all the three
experiments, the authors found that such a semantic attractor had influence
on the rate of acceptability. These findings replicate and strengthen the results
reported by Cunnings and Sturt (2018). It seems that semantic properties of
words have influence on retrieving antecedents from memory.

In principle, both the direct-access and the activation-based model predict
interference effects. The exact nature of these predictions and their source dif-
fers, however. Since the direct-access model assumes that the retrieval time is
the same for every chunk, an interfering object diminishes only the probability
of retrieval of the target. Note that with some linking assumptions such an
effect can be observed in reading times. For example, as already mentioned,
the parser may backtrack in case of a retrieval failure (see McElree, 1993, p.
562). In the activation-based model, the effect of interference is conceptualised
as a diminished level of activation of a given chunk, when multiple chunks
match retrieval cues. Activation directly translates to retrieval latency, and so
lower levels of activation means longer retrieval latencies, which explains the
(inhibitory) interference effect (Mertzen et al., 2023; Van Dyke, 2007, e.g.). In
addition, activation is assumed to be subjected to noise. Because of the noise,
it can happen that the system retrieves the chunk with the lower nominal acti-
vation. The noise also helps explain facilitatory interference, that is a speed-up
in the presence of a distractor. Due to noise, the activation of the distractor
will sometimes be higher than that of the target, and the distractor will be
(mis)retrieved. This can result in, on average, shorter retrieval latencies in sen-
tences with a distractor than in sentences without a distractor (e.g. Lago et al.,
2015; Wagers et al., 2009; see also Jäger et al., 2017). For a much more elabo-
rate comparison of the two models with respect to the interference effects see
Nicenboim and Vasishth (2018).
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Distance effects

Another thread of research which sheds some light on the complexity of memory
processes involved in language comprehension, is research on locality or distance
effects. In this line of research, it is argued that varying the distance between
the head and the dependent changes the processing cost for the reader.

For example, Grodner and Gibson (2005, Experiment 1) compared sentences
in which the matrix subject was modified either by a subject- or an object-
extracted relative clauses. Compare (14).

(14) a. Subject-extracted
The reporter who sent the photographer to the editor was hoping
for a story

b. Object-extracted
The reporter who the photographer sent to the editor was hoping
for a story

The authors were interested in how this difficulty materialises during online
processing of such sentences. Their point of departure consists of the following
ideas:

1. every new lexical element has to be integrated into the ongoing parse,

2. the difficulty of integrating a new element is a function of distance be-
tween the new element and the site to which it has to be attached

In the discussed experiment, the distance is understood as a number of
discourse referents between the endpoints of the integration (e.g. between the
matrix subject and the verb). Using such a notion of distance, the authors
observe that at the site of sent in (14-a) the integration cost is equal to 1,
while at the site of sent in (14-b) it is equal to 3 (see Grodner and Gibson,
p. 266 for the details of the calculation). For words other than the verb and
the word to (for which the integration cost is 0 in the object-extracted and
1 in the subject-extracted sentences) the integration cost remains the same
in both conditions. Since the difference between the integration cost is the
biggest at the embedded verb, the authors conclude that the differences in the
difficulty should be primarily observed at the verb (sent in (14)). The results of
the experiment are inline with such a hypothesis, suggesting that the distance
between the verb and the matrix subject can be seen as a predictor of the
processing cost, i.e. increase in reading times with growing distance.

Even though the observed effects were replicated in subsequent experiments
(Bartek et al., 2011), it seems that distance between the dependents can af-
fect processing in more than one way. For example, in SOV languages such as
German and Hindi greater distance between the head and the dependent some-
times results in the decrease of reading times observed at the verb (Konieczny
& Döring, 2003; Vasishth & Lewis, 2006). In case of German, one carefully
designed study demonstrated both speed-ups and slow-downs in stimuli which
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used the same dependency type. Whether an increase or a decrease in read-
ing times was observed seems to depend on embedding a part of the stimulus
within a relative clause (Levy & Keller, 2013). Speed-ups observed in these
experiments are often explained as coming from increased expectation (Levy,
2008; Levy & Keller, 2013), but an explanation which uses the activation-based
model of memory has also been proposed (Vasishth & Lewis, 2006).

If by distance effects we mean slow-down in longer distance conditions,
possibly with respect to some baseline, the activation-based account predicts
such effects. This is because activation decays over time, which means that,
all other factors being equal, retrieving a chunk which was presented earlier
will take more time than retrieving the one which was presented later. In the
case of stimuli in (14) this might require some additional assumptions, such
as the parser having to retrieve the wh-word at the site of the embedded verb
(compare Lewis & Vasishth, 2005; Brasoveanu & Dotlačil, 2020, Section 7.5).
In case of the direct-access model, the predictions are less straight-forward. In
that model, the material between the retrieval site and the target, as well as
decay due to time, affects only the quality of a particular representation but
not the retrieval time (e.g. McElree et al., 2003, pp. 68, 71–72). Therefore, to
be able to predict distance effects, the model has to be supplied with linking
hypotheses explaining what happens when the poor quality of a representation
impedes retrieval. The discussed experiments suggest that language process-
ing is incremental, that the necessary memory system is likely cue-based, that
semantic properties of words can influence memory processes, and that depen-
dency distance can influence processing. The focus of the next section is on
semantic dependencies. I will try to show that these can be well used to study
the memory system from a slightly different perspective.

1.3 Semantic Dependencies and Presupposition

1.3.1 Discourse and Semantic Dependencies
Up to this point, most of the discussed research revolved around two features of
dependencies. First, these were intra-sentential dependencies, meaning that the
relation of interest took place within one sentence or clause. Some of the studies
did take the surrounding context into account, but this was to see how the con-
text influences the formation of dependencies within a sentence. Additionally,
the dependencies were mostly of (morpho-)syntactic nature, meaning that the
features which had to be aligned between the head of the dependency and the
dependent were values of syntactic categories and/or morphological markings
of such values. A few exceptions, i.e. research which ostensibly is concerned with
semantics, concentrated on lexical semantics. For example whether semantic
features of a word will influence possible sentence completions (Laurinavichyute
& von der Malsburg, 2022).

However, the dependency relation is neither constrained to syntax nor
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bound by sentence boundary. A paradigmatic example is the dependency be-
tween pronoun and its antecedent. Consider (15):

(15) My mother escaped by hiding with me in the secret room. I am writing
this story in that room. I don’t know how long she hid here. (Le Guin,
2006, p. 7, emphasis mine)

From the perspective of the processor, the word mother determines two features
of the pronoun she. First, since the word mother typically denotes a woman,
the upcoming pronoun will most likely have a feminine gender. Second, it de-
termines the meaning of the pronoun; a pronoun does not have a denotation
on its own, but rather refers to an object provided earlier in the discourse, in
this case to the mother.

Words other than pronouns can also establish such discourse dependencies.
The fragment above (15) provides one such example, i.e. the relation between
the phrase the secret room and the adverb here. The interpretation of the latter
depends on the former; we understand what the word here refers to, because
of the earlier mention of the secret room. As the last example consider (16):

(16) The caretaker fed red pandas with apples. The hungry beasts were
happy.

Here, the noun phrase red pandas determines the denotation of the hungry
beasts and the plural marking on the noun beasts. Indirectly, through that plural
marking, it also determines the form of the verb were. Had the first sentence
mentioned only one panda, the second sentence would have to be different (the
hungry beast was happy). And, if the first sentence mentioned some other species
of animals, the interpretation of the hungry beasts in the second sentence would
also be different. It seems that dependencies between linguistic entities often
affect their meaning, and can easily span across discourse fragments.

Note that, strictly speaking, from the perspective of an incremental pro-
cessor, in none of these examples the antecedent determines any features of
the dependent. This is, primarily, because neither of these dependents have
to occur in the discourse. Each of these discourse fragments could have been
continued in a different way, that is, without the use of particular pronouns,
or mention of a given noun. The connection between the head of a dependency
and its dependent is much weaker in extra-sentential (discourse) dependen-
cies than in intra-sentential dependencies. In the former, the constraints set
by the head of the dependency are only enforced conditionally on whether a
particular expression (its dependent) appears in the discourse. In the latter,
the requirement for a certain form of a particular part of speech to appear is
much stronger. It is much less likely that a subject will not be followed by a
verb. These differences between the dependencies also connect with prediction:
in case of the intra-sentential dependencies knowledge of the grammar allows
the parser to predict the dependents already at the site of the head, in case
of the extra-sentential dependencies the prediction is not so straight-forward
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(but some prediction can happen, compare implicit causality e.g. in Hartshorne
et al., 2013).

Despite the differences between discourse and sentential dependencies, both
types of dependencies seem to make some use of memory. When the reader
encounters the word she in (15), to understand the fragment they have to make
a connection with the person to which the pronoun relates, i.e. to the mother.
Making the connection here means finding the relevant word in memory. Similar
remarks apply to the other examples: in (16) to understand who was happy, the
processor has to recall the noun phrase red pandas. So at least some discourse
and semantic dependencies require memory to be understood.

In this thesis, I will focus on dependencies which are extra-sentential and
which seem to require retrieval of semantic information and in which these two
aspects are connected in rather subtle way. Consider (17):

(17) Joan is a dancer and Sophie dances, too.

The word too signals to the processor a certain discourse relation between
the two clauses. It says that a predicate which precedes too was satisfied ear-
lier in the discourse. Here, it means that there is someone else recently men-
tioned who also dances. Within the discourse fragment, the sentence Joan is a
dancer conditionally determines that the word too will have to appear if some
other conditions are met. Additionally, even though that preceding clause does
not determine the meaning of the second clause, there is a particular seman-
tic/pragmatic connection between them. To see why, we have to talk about
presupposition.

1.3.2 Presupposition
Presupposition is a phenomenon where speakers signal with linguistic means
that certain information can be taken for granted (Beaver & Geurts, 2014).
When using language in a natural way we presuppose information all the time;
a lot of content in a typical discourse does not need to be discussed and can be
assumed to be shared by the participants. Quite some information provided in
any discourse is presupposed without being linguistically marked. E.g. in most
conversations speakers presuppose that the language of the utterances can be
understood by the listeners. However, there is a wide class of presuppositions
which are introduced into the context with a particular linguistic expression.
For example, when someone says (18):

(18) Did you know that Red Pandas live in the Himalayas?

It can be safely assumed that objects called Red Pandas, and the Himalayas
exist. This is because names carry a presupposition that objects they name
exist. Below some other examples of such expressions are provided (taken from
Beaver & Geurts, 2014, references also as given therein, “→” should be under-
stood as “presupposes” and capital letters indicate focal stress):
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1. factive verbs such as know. Berlusconi knows that he is signing the end of
Berlusconism. → Berlusconi is signing the end of Berlusconism. Kiparsky
and Kiparsky (1970, p. 143-173). Similarly (18) presupposes that Red
Pandas live in Himalayas.

2. cleft sentences It was Jesus who set me free. → Somebody set me free.
(Delin, 1995; Prince, 1986)

3. intonation (e.g., focus, contrast) (Geurts & van der Sandt, 2004; Jack-
endoff, 1972; C. Roberts, 1997) HE set me free. → Somebody set me free.

One additional class of expressions which is usually assumed (Abusch, 2009;
Bade, 2020; Kripke, 2009) to carry a presupposition is the class of additives.
These are particles such as too, again, and also. For example, when one ut-
ters (19), the listener can safely assume that in the preceding discourse there
is someone else, beside Anne, who also lives in France.

(19) Anne lives in France, too.

This assumption seems to be quite strong: Tonhauser et al. (2013) observe
that too (or rather its Guarani analogue avei) is subject to strong contextual
felicity, meaning that it is unacceptable in contexts which does not entail the
relevant content (here that someone else lives in France). To see this for yourself,
consider the following examples (spoken out of the blue):

(20) a. Suzy lives in Berlin. Anne lives in France,  #too.
b. Suzy lives in Paris. Anne lives in France,  too.

Uttering too at the end of the second clause is infelicitous (as marked by  #)
in (20-a), but is felicitous in (20-b). This contrast shows that indeed, in contexts
not entailing the presupposition of the additive, too cannot be used. This also
indirectly shows that processing of too makes use of memory: the judgment of
infelicity is only possible because the reader can retrieve the preceding clause.

This “retrieval of the preceding clause” requires some commentary. Note
that in example (19) there was nothing to retrieve, as this sentence does not
have any preceding context. Yet, that lone sentence seems much better (as
in “more acceptable”) than (20-a). To explain this we can use, what Kripke
(2009) calls a distinction between passive and active context. As the author
points out, these might be quite complex entities, but as a first approxima-
tion the latter could consists of information which was in some way actively
introduced into the context, the former of all the passive knowledge that the
interlocutors posses. Possibly, what makes (19) better than (20) is that, if we
are not instructed to treat the sentence as being uttered out of the blue, we
can tacitly construct the active context to contain some relevant proposition.
Even more, for some it might be difficult to see that (19) is bad at all. It is
likely that humans have propensity to modify their active context representa-
tions in ways which allow for acceptance of such sentences. Example (20) seems
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bad because the active context was updated with a proposition entailing “Suzy
lives in Germany” which is mutually exclusive with the presupposed propo-
sition “Suzy lives in France”. This brings us to an important observation: to
judge the felicity of the additive too we have to retrieve a particular entailment
given by a preceding discourse. This property is particularly visible in (21):

(21) By Thanksgiving, his spots disappeared, his coat turned a rich, dull,
field-mouse brown. He gained weight, abandoned the goat’s milk for
forage. Buck became a fixture on Church Road, bounding alongside
Skye when she went jogging, greeting vehicles at the mailbox, startling
the FedEx delivery man, and charming neighbors into leaving treats
out for him — a few apples, some oatmeal, a pile of hickory nuts. Billy
was changing, too. (COCA)

Here, too seem licensed despite no explicit mention of anyone changing in the
preceding context. This is because we can easily infer from that preceding
discourse that it describes a change which was happening to Buck, and so it
does entail that someone beside Billy was changing. A very different example
is (22):

(22) RA as Thorin oooh and the rest of the company looks fun to watch,
too.
(tor.com via COCA, RA refers to Richard Armitage, the actor)

Too is licensed in this example because we understand that “RA as Thorin
oooh” entails “RA looks fun to watch”, which satisfies the presupposition.

By now it should be clear that the presupposition carried by the additive
too can be satisfied by a wide range of contexts. It seems that almost any
context works, as long as the reader can construct the relevant entailment. It
should be also clear that processing too makes use of memory — we are able
to validate the presupposition because we can retrieve the entailment from
the preceding context. Such features result in an expression (or expressions,
since the other additives behave similarly in those aspects) which can be easily
used to investigate memory processes involved in the processing of semantic
dependencies.

1.4 Roadmap
And so, the thesis will make use of the discussed properties of additives to
explore the role of memory when processing semantic dependencies. The book
is divided into two parts, the first part (Chapters 2, 3, and 4) presents some
empirical results from experiments with additives employing different setups.
The second part (Chapters 5 and 6) of the book goes back to the models of
memory and cognitive architectures to provide an additional perspective on the
involved memory processes.
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In Chapter 2, I describe the results of five experiments (acceptability judg-
ment and self-paced reading tasks), which try to establish if the additive too is
prone to distance effects. The chapter focuses on sentences consisting of parallel
clauses such as (23):

(23) The cook is a dancer and the waiter dances too.

Chapter 3 uses a very similar setup to Chapter 2, however, the focus is on
larger discourse fragments, compare (24):

(24) Ada was reading a textbook. She stretched. Rita was studying too,
completely lost to her surroundings.

The chapter supplements three experiments with an assessment of the strength
of evidence collected across the two chapters.

Chapter 4 uses the additive again, to investigate distance effects and the
yet again construction to investigate effects of prediction. The investigation is
again conducted using larger discourse fragments. For example (25):

(25) After the meeting, Jamie interrupted Sandra to tell her about his great
new idea for the Maguire project. An hour later, Jamie disturbed San-
dra yet again, before heading out to buy coffee and muffins for the
office.

Chapter 5 serves as an introduction to ACT-R. It also presents a comparison
of two implementations of ACT-R and provides some methodological criticism
of the way ACT-R is typically used.

Finally, Chapter 6, peruses insights from Chapter 5 to describe a few dif-
ferent cognitive models. The goal is to explain the data obtained in Chapter 2.
Some of the proposed models are embedded within a probabilistic model which
is then fit to the data. The book ends with a brief conclusion.

Reproducibility. The data and code used throughout the book can be found at:
https://osf.io/hnsdg

https://osf.io/hnsdg


CHAPTER 2

Sentence-internal semantic distance effects

2.1 Introduction
Parts of this chapter were published in Winkowski et al. (2024)

In this chapter we describe results of five experiments. The aim of these
experiments was to test to what extent an additive too is susceptible to distance
effects (see Chapter 1), when its antecedent is within the same sentence. As
was established in the previous chapter, additive presuppositions are largely
independent of syntax, but qualify as dependencies. This is what makes them
interesting to study: from a psycholinguistic perspective they resemble syntactic
dependencies but they are not embedded in syntax. This chapter is organized as
follows: first we discuss processing of too and highlight how it relies on memory.
This allows us to derive experimental predictions which were tested in a series
of experiments. The chapter ends with a general discussion.

2.1.1 Processing too
As a refresher on the properties of additive presuppositions, consider sen-
tence (1). This triggers a presupposition that someone other than the associate
of the additive too, which is Sue in this clause, lives in France.

(1) Sue lives in France, too.

Given this presupposition, we can now demonstrate in detail that additives like
too are involved in dependencies and that processing them relies on retrieval.



26 Memory retrieval in presupposition processing

Too is subject to a so-called “strong contextual felicity constraint” (Tonhauser
et al., 2013), which means that it is infelicitous whenever the presupposition is
not satisfied in the preceding context.1 Consider the example in (2) (intended
as an utterance out of the blue).

(2) Anne lives in Brussels. Sue lives in France,  #too.

The fact that we can recognise that (2) is infelicitous means that we use our
knowledge of the preceding context when we process the additive. Our capacity
to judge the second sentence in (2) infelicitous after encountering too can be
explained by assuming that upon encountering the additive a retrieval process
is triggered to match the presupposition. The result of this process is known
to have an effect on sentence processing. Schwarz (2007) shows that reading
times are longer in conditions where a trigger lacks an antecedent compared
to condition where an antecedent is available. Presumably, such effects, as well
as the infelicity judgement of (2), are caused by a failure of finding the match
following the retrieval process.

The basis for this retrieval process is information structural rather than syn-
tactic. There is general consensus that the associate of the additive is in focus
(e.g., Geurts & van der Sandt, 2004; Ruys, 2015) or is a contrastive topic (e.g.,
Krifka, 1998). The semantic import of bearing focus (and being a contrastive
topic) is the activation of alternatives (Rooth, 1992; Krifka, 2008). Such alter-
natives usually trigger an exhaustification implicature, the inference that all
alternatives except for the asserted one are false (Rooth, 1992; Kiss, 1998; Fox
& Katzir, 2011). For instance, Sue lives in France (with the subject bearing
focus) triggers an implicature that none of the other contextually relevant in-
dividual (i.e. alternatives to Sue) live in France. The additive in (1) and (2)
overtly cancels that implicature by presupposing that one of the alternatives is
true (Bade, 2014; Krifka, 1998; Sæbø, 2004).

The additive’s presupposition can be obtained by looking at the alternative
propositions triggered by the associate bearing focus. For instance, focus on Sue
in the second sentence of (2) creates alternatives like Peter lives in France, Bob
lives in France, Anne lives in France. The presupposition of too says that at least
one such alternative is true. In other words, if the presupposition is satisfied
textually, then the preceding discourse should entail one of these alternatives.
Since Anne lives in Paris entails Anne lives in France, the presupposition is
met in an example like (3), but since Anne lives in Brussels does not have that
entailment, (2) ends up infelicitous.

1There are some well-known cases where additives are felicitous out of the blue. For
instance: the rich should suffer, too! Such examples play an important role in the debate on
the nature of additive presupposition. But the examples we talk about, and the stimuli used
in experiments described in the book all consist of cases where the presupposition cannot be
accommodated, that is, they cannot be made felicitous by changing assumptions about the
context so that it satisfies the presupposition. In other words, in all the cases we look at, it
is evident that some memory process is involved.
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(3) Anne lives in Paris. Sue lives in France, too.

Given this picture, any proposition entailed in the preceding discourse is a
potential antecedent to the additive. Importantly, this means that the number
of potential antecedents increases as the preceding discourse gets larger. This
is not dependent on the number of preceding clauses, but rather on the number
of constituents. Consider, for instance, (4):

(4) Last week, Sue gave a 14 year old bottle of wine to John. Sue’s cat is
14 years old, too. But that’s a coincidence.

Examples like this show that the addition of any constituent has the poten-
tial to be responsible for an entailment that could satisfy some presupposition
down the line. Focus on the subject of the second sentence in (4) activates
alternatives of the form X is 14 years old. The additive triggers the presup-
position that one of these alternatives is true, where X is not Sue’s cat. The
first sentence entails that the bottle of wine given to John is 14 year old and,
as a consequence, the presupposition is satisfied. However, obviously, without
the addition of the AP 14 year old modifying bottle of wine, the presupposition
would not be met and the discourse in would be infelicitous. This observation
has consequences for how we may understand the retrieval process involved in
additive presuppositional dependencies. As examples like (4) show, the number
of potential dependents (and, so, the number of distractors) increases not just
with the number of intervening clauses, but also with the number of intervening
constituents.

There are obvious parallels between the retrieval process involved with syn-
tactic dependencies and that involved in presuppositions. Just like the num-
ber of syntactic attachment points increases as the sentence proceeds, there
is equally an accumulation of entailments as the discourse progresses. Conse-
quently, just like we expect processing complexity to increase with increased
distance within the syntactic dependency, all else being equal, we expect a sim-
ilar effect of complexity to occur with presuppositions whenever the antecedent
entailment is triggered earlier in the discourse. Put simply, if we assume that
distance effects are due to inherent constraints on memory processes involved in
language processing and given that additive presuppositions involve retrieval,
we come to expect that additive presupposition processing will display distance
effects just like the processing of syntactic dependencies does.

It should be noted, though, that satisfying an additive presupposition is
possible without identifying a single word or phrase responsible for this entail-
ment. Recall the example mentioned in Chapter 1:

(5) By Thanksgiving, his spots disappeared, his coat turned a rich, dull,
field-mouse brown. He gained weight, abandoned the goat’s milk for
forage. Buck became a fixture on Church Road, bounding alongside
Skye when she went jogging, greeting vehicles at the mailbox, startling
the FedEx delivery man, and charming neighbors into leaving treats out
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for him — a few apples, some oatmeal, a pile of hickory nuts. Billy was
changing, too. (taken from Corpus of Contemporary American English,
https://www.english-corpora.org/coca/)

Clearly the presupposition is satisfied here, the set of sentences in the preceding
discourse seems to entail the proposition that Buck was changing, for some
relevant meaning of changing. However, the word itself does not appear in that
discourse. So, in contexts like this, it would be hard to pinpoint a location
in the preceding text where the entailment originates. This is not surprising,
since additive presuppositions involve dependencies built on entailments, not
all such dependencies will be reducible to a dependency between too and a word
or a phrase.2 We purposefully avoid examples like this in our stimuli, which
will allow us to unambigously match the antecedent of the presuppositional
dependency (an entailment) with a position in the preceding text. This will
allow us to test the expectation that presuppositional dependencies are subject
to distance effects, just like syntactic dependencies.

This expectation is dependent on presuppositions being triggered rapidly.
If presuppositions are slow inferences, the comparison to syntactic process-
ing becomes moot. In the literature, presupposition processing speed has been
connected to the question whether presuppositions are more alike semantic
entailment (Heim, 1982) or more alike pragmatic implicature (e.g. Schlenker,
2008). This is because, for a while, it was thought that pragmatic inferences
are typically slow and costly (e.g. Huang and Snedeker (2011); views tend to
be more nuanced now, e.g. Degen and Tanenhaus (2016)). It has proven to be
difficult to use acceptance / rejection reaction time studies to compare pre-
supposition and implicature (Chemla & Bott, 2013; Romoli & Schwarz, 2015),
but there is clear evidence from other paradigms that presuppositions are not
delayed. Using the visual world paradigm Romoli et al. (2015) and Schwarz
(2015) show that fixation shifts to pictures representing potential antecedents
of additive presupposition triggers very soon after encountering such a trigger.
This suggests that the retrieval process is started rapidly. That is, antecedent
retrieval is alike the rapid processing of information. As a result, comparison to
resolving syntactic dependencies makes sense from a processing point of view.

At the same time, there are also obvious differences between retrieval of
syntactic material and retrieval involving semantics. It is much less evident
what kind of cues could guide the retrieval of entailments. As was discussed
above, entailments do not always coincide with linguistic events, such as the
processing of a word or constituent. In this sense it is harder to translate
them into cues than for instance connecting a phrase to the feature +subject.

2This does not mean however, that the notion of distance is not applicable to the general
case. Even in cases such as (5) one can identify a point at which enough information has
been accumulated for the relevant entailment to be satisfied. Precise identification might be
difficult, because presupposition triggered by too does not need an exact match to be resolved,
but it is possible to identify the last contributing expression. E.g. in (5) adding material after
“hickory nuts” will lengthen the distance between the antecedent and the trigger.

https://www.english-corpora.org/coca/
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Still, such connections are proposed in representational theories of (discourse)
semantics, most prominently in Discourse Representation Theory (DRT, Kamp,
1981; Kamp & Reyle, 2013). In DRT, an incremental semantic representation of
the discourse is formed as the discourse progresses. The ensuing representations
impose constraints on what information is accessible where in the discourse. As
such, it offers a representational basis for semantic notions like entailment and
therefore, it could potentially act as a framework for imagining what a cue-
based mechanism for presupposition retrieval looks like. In fact, DRT has been
an influential framework for semantic theories of presupposition that highlight
the importance of notions like accessibility. DRT has also been embedded within
ACT-R models in an effort to capture the effects of cataphoric presupposition
introduced by again (Brasoveanu & Dotlačil, 2020, Ch. 9). However, in what
follows we will pursue explanations which do not involve DRT. This is because,
as will become evident in Chapter 6, the observed effect sizes and the general
noisiness of the results make it difficult to fit even much simpler models to the
data.

2.1.2 Predictions
The items used in the experiments below allow us to simplify, to some extent,
the complex picture introduced above. Consider for instance (6), which is a
stimulus from experiment 1.

(6) The cook is a dancer and the waiter, who is a great boxer from southern
Amsterdam, dances too, I have been told recently.

When encountering the verb dances followed by the additive too, the parser
needs to find the information that makes the additive licensed. In particular,
some part of the discourse (representation) needs to be found that entails X
dances for something other than X = the waiter. The fully matching part of the
discourse is The cook is a dancer, since this clause entails that the cook dances,
but between that and the additive there are many constituents that introduce
predicate-argument propositions that fail to match the presupposition. For in-
stance, a great boxer has the same subject as dances and is thus unsuitable.
The same goes for from southern Amsterdam. Both these predicates also fail
to subsume the property of dancing, which is another reason why they are un-
suitable antecedents. Still, they do qualify as distractors, since they introduce
entailments (that the waiter is a great boxer, that the waiter is from South-
ern Amsterdam) that potentially could satisfy upcoming presuppositions. This
means we could simplify things by matching distractors to predicates appear-
ing somewhere else in the text. Such predicates can be realised as a VP, an
appositive noun, a PP, etc.3 What matters is the semantic content present in

3The connection between phrases and predicates is not always trivial. For our items it is
enough to know at which point the predicate is established in discourse so that it can serve
as an antecedent. This also means that the same point in the discourse can establish multiple
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the discourse. We assume that +predicate can be used as a cue when search-
ing for a relevant item to retrieve. Since predicates are ubiquitous in language,
we believe that this makes it theoretically possible to investigate whether the
cue-based retrieval mechanism is a plausible theory to approach the online in-
terpretation of additives. Under this theory, we expect interference due to the
number of predicates, which can be approximated by the number of words in-
tervening between the antecedent and the additive. Based on this assumption,
the cue-based retrieval mechanism is compatible with observing more errors
and/or slower reading times as the number of words intervening between the
antecedent and the additive is increased.

Let us spell out the prediction in more detail. Assuming that predicates
act as distractors, they interfere with the retrieval process. The distractors
could be erroneously retrieved. If readers need to correct the misretrieval by at-
tempting retrieval again, or they notice that the retrieved information does not
match what they wanted to retrieve and end up with an infelicitous discourse,
an increase in their reading time is expected (Nicenboim & Vasishth, 2018).
Alternatively, according to some theories of cue-based retrieval, the presence
of distractors should lower the activation of the antecedent, which is conse-
quently harder to retrieve and its retrieval should take more time (Lewis &
Vasishth, 2005; Jäger et al., 2017). Either assumption would derive slowdown
when more words intervene between the antecedent and too. However, even
outside of the cue-based retrieval mechanism, we predict the interfering role
of intervening words. Under models of memory in which memory traces decay
over time (Brown et al., 2007; base-level activation, Anderson & Lebiere, 1998),
a similar prediction is made. Since increasing the number of words between the
antecedent and the additive should increase the elapsed time, it is expected
that the antecedent should be harder to retrieve when more words intervene.

In summary, given the assumptions about the various ways retrieval pro-
cesses work in language processing and given that presupposition resolution
involves retrieval just like syntactic dependency resolution does, we predict
that the longer the distance between the trigger and the antecedent the more
difficult it will be to retrieve the antecedent. This difficulty should manifest
itself in longer reading times observed on the relevant regions. Besides reading
times, we also examine whether the predicted difficulty will manifest itself as
a diminished acceptability of the sentences with longer distance between the
trigger and the antecedent.
predicates for instance in cases where a transitive verb phrase contains a noun denoting a
predicate.
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2.2 Experiment 1: acceptability judgment

2.2.1 Design
The first experiment was designed to test whether linguistic distance has an
influence on acceptability of the sentences with presupposition carried by an
additive too.

It is usually assumed that processing difficulty has influence on acceptabil-
ity (Miller & Chomsky, 1963; Staum Casasanto et al., 2010, and many others).
The relation between the two is not so clear when it comes to distance (lo-
cality) effects. For example, Konieczny (2000) reports conflicting results from
acceptability judgments and self-paced reading experiments. This suggests that,
in this particular domain, processing difficulty and acceptability are not con-
nected in a straight-forward way. We decided to collect acceptability judgment
data as a sanity-check of sorts: an effect in acceptability judgments might point
to a particular reason for the hypothesized effect in reading times. For exam-
ple, if long sentences in the nil conditions were judged as much worse than
the same sentences in the too conditions, it might mean that the nil sentences
should not be treated as a meaningful baseline, and a discovered processing
effect could be attributed to faulty stimuli. In case of no observed effect, the
acceptability data provides a fuller picture of the processing profile of too. That
is, assuming there is an effect in self-paced reading, one could conclude that in
case of (some) semantic dependencies memory-related difficulties are too subtle
to affect perceived acceptability.

In the experiment we crossed two factors: distance and presupposition. We
wanted to check if the change in acceptability within the conditions with pre-
supposition will be bigger than within the conditions without presupposition, in
other words we are looking for an interaction between the trigger and distance.

To that end, we created stimuli with two levels of factor trigger i.e. sen-
tences which carried presupposition (labelled too) and those which did not
(labelled nil). These two levels were crossed with four levels of distance (la-
belled 0, 4, 8, or 12 for extensions of 0 words, 4–5 words, 8–10 words, or 12–15
words, 4 words change between the conditions at minimum). This results in a
within-participants design with 4 × 2 = 8 conditions. The distance factor was
manipulated by increasing the number of words between the trigger site and
the antecedent. The trigger factor was manipulated by removing the additive
too, and aligning the sentence meaning with this change. This involved chang-
ing the nominal predicate to a different noun. To foreshadow a problem we
encountered, note that this second manipulation resulted in stimuli misaligned
across the presupposition factor conditions. An example of the stimuli is shown
below.

too 0 The cook is a dancer and the waiter dances too, I have been told
recently.

4 The cook is a dancer and the waiter, who is a boxer, dances too, I



32 Memory retrieval in presupposition processing

have been told recently.
8 The cook is a dancer and the waiter, who is a great boxer from

southern Amsterdam, dances too, I have been told recently.
12 The cook is a dancer and the waiter, who is a great lightweight

boxer from east parts of southern Amsterdam, dances too, I have
been told recently.

nil 0 The cook is a swimmer and the waiter dances, I have been told
recently.

4 The cook is a swimmer and the waiter, who is a boxer, dances, I
have been told recently.

8 The cook is a swimmer and the waiter, who is a great boxer from
southern Amsterdam, dances, I have been told recently.

12 The cook is a swimmer and the waiter, who is a great lightweight
boxer from east parts of southern Amsterdam, dances, I have been
told recently.

We constructed 32 items of this kind. The target items were combined with 22
filler items. Fillers were grammatical sentences of similar length to the target
items. Additionally, we used 10 items as controls. Their purpose was to check
the engagement of the participants. These were sentences that clearly elicit
judgements of unacceptability because they violate some syntactic or semantic
constraint. All the stimuli are available in the appendices.

2.2.2 Participants
Participants were recruited using MTurk web service (www.mturk.com). We re-
cruited 24 participants. Out of those, 9 declared their gender as “female”, 15 de-
clared their gender as “male”, and no participants chose the option “other/don’t
want to say”. Participants were self-reported English speakers who registered
their MTurk location as USA. They were compensated three US dollars. The
compensation amount was chosen assuming that participants should not be
compensated less than the minimum wage and that the experiment will take
twenty minutes to finish. We consulted the federal minimum wage for 2019 (7.25
USD) and the minimum wage per state (mostly higher than the federal mini-
mum wage, see: https://www.dol.gov/agencies/whd/minimum-wage/state, re-
trieved: 2019-12-30).

2.2.3 Procedure
The experiment was implemented and conducted in ibex4. The 32 item sets
were distributed across 8 lists in a Latin square design. Each participant was

4We used Alex Drummond’s Ibex farm (https://ibex.spellout.net), which is no longer
operational. PCIbex farm (https://farm.pcibex.net/) could be used to re-implement the ex-
periments in their original form.
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assigned to a random list, with list number changing for each upcoming par-
ticipant. Every participant saw 4 items from every possible condition. Each of
the target sentences was interspersed with either a filler item or a control item.
The order of items across lists was randomized. The experiment was run from
the participants’ internet browser. The appearance of the stimuli followed ibex
defaults. In particular, the font size of the stimuli was set to css size medium,
meaning the default value of the browser, the font family also followed the
browser default. The stimuli was presented in the centre of the browser win-
dow with black text on white background. The ibex files used to create the
experiment are available in the OSF repository (https://osf.io/hnsdg).

Before starting the experiment there was an introduction containing a con-
sent form, a question regarding native language (or languages), and a ques-
tion about participant’s gender with three possible answers: “male”, “female”,
“other/don’t want to say”. After the introduction there was an explanation of
the task, followed by a training session with two training items: the first item
was a grammatical sentence, and the second was an ungrammatical one. After
the practice, a message was presented which informed participants that the
practice session ended and that the main part of the experiment will start.
Participants had to click on the marked text in the message to start the exper-
iment.

During the actual task, participants saw a sentence in the middle of the
screen (the browser window), underneath which a question was shown: “How
does the sentence sound?”, with 5-point scale labelled “unnatural” near “1”
on the left, and “natural” near “5” on the right. On the top of the screen a
progress bar was displayed. After choosing a score either with a mouse cursor
or with a keyboard, the participant saw a screen with a message “Please wait
for the next sentence.” and after one second they were presented with the next
item. Every stimuli was presented on the screen until the participant indicated
their score, there was no time constraint. The experiment was designed to take
around 20 minutes to complete.

2.2.4 Predictions
There are two specific predictions for this experiment. First, we predict that
longer items will be judged as worse than the shorter ones. This prediction is in
line with the findings of Dillon et al. (2014) who found that longer restrictive
relative clauses are judged as worse than the shorter ones.

The prediction which is of bigger importance to us, concerns the difference
in processing difficulty between the sentences with too and without too. We
predict that increasing distance in the sentences with too will make them more
difficult to process. However, if we test this prediction only on sentences with
too, we cannot be sure if this difficulty is just not a general effect of the longer
distance, independent of too. To overcome this difficulty we are comparing
sentences with too to sentences without too, and we will look for an interaction
of the trigger with distance. The difference in difficulty between the long and
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short sentences should be larger for sentences with too than for those without it.
We expect this difficulty to be visible as a difference in ratings across relevant
conditions. That is, if distance effects in retrieval are visible in an offline study,
we predict larger decrease in ratings across distance in the too conditions than
in the nil conditions.

2.2.5 Data Analysis
First, we inspected responses to control items to check if participants were
engaging with the task. One control item was removed because it was judged
almost as high as the target items (mean = 3.12). The rest of the control items
were used to exclude participants whose mean judgment of these items was
above 3. This resulted in the exclusion of 3 participants.

Next, a Bayesian hierarchical model was fit to the obtained data. In Bayesian
data analysis, one specifies the likelihood, and the prior distributions over the
parameters of interest (Gelman & Hill, 2006; Gelman et al., 2003; McElreath,
2018; Nicenboim et al., 2025). The analysis results in posterior probability dis-
tributions of plausible values for a given model and data. We report means and
89% credible intervals (CRI), i.e. the range of values for which one can be 89%
certain that the true effect lies therein. The mean and the range of credible
intervals are supposed to convey the shape of the posterior distribution. We
specifically avoid using 95% credible intervals to discourage the readers from
conducting unconscious hypothesis tests (see also McElreath, 2018, p. 58).

The models used in the book when analysing the acceptability judgment
data were ordinal regression models, which are particularly well suited to the
analysis of discrete data (Bürkner & Vuorre, 2019; Veríssimo, 2021). In partic-
ular, we used cumulative models with a logit link function and so-called flexible
thresholds (i.e. the estimated distance between the different scores can vary).
In this experiment the model used 4 sampling chains, with 2,000 samples drawn
from each chain. Half of these samples were discarded for warm-up; hence the
model had 4,000 samples available for the analysis.

Convergence of the models described in the book was monitored by con-
ducting the following checks: trace plots and plots of posterior predictive distri-
bution were visually inspected, and values of R̂ were checked. Only the models
with R̂ ≤ 1.01, which suggests convergence, were used.

Unless stated otherwise, all the models described in chapters 2-4 were fit
with varying slopes and intercepts for both participants and items. Such models
are sometimes called maximal models (Barr et al., 2013; see also Nicenboim et
al., 2025, Ch. 5). Only population-level estimates are reported in the main text.
Group-level estimates, along with exact specification and other details can be
seen in the online appendix (osf.io/hnsdg). The analysis was conducted in R
software for statistical computing (R Core Team, 2021), and, in particular, with
the use of the brms package (Bürkner, 2017), which uses the Stan probabilistic
language (Stan Development Team, 2021).
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Factor distance, levels of which were labelled with numbers closely match-
ing the number of words between the trigger and its antecedent, was treated
as a numeric variable which was scaled and centered (i.e. z-transformed) before
fitting the model. The slope coefficient associated with distance can be inter-
preted as follows. When the coefficient is negative it means that, on average,
the ratings diminish with growing distance. I.e. longer distance equals lower
ratings. When that coefficient is positive it means that the scores increase with
growing distance. I.e. longer distance equals higher ratings.

Trigger was sum-contrast coded (nil = −1, too = 1). Therefore, when the
trigger coefficient is negative it means that mean ratings were lower in the too
condition than in the nil condition. I.e. the participants rated the sentences
as less natural in the too condition. Conversely, when the trigger coefficient is
positive, it means that ratings were higher in the too condition than in the
nil condition, i.e. the too sentences were judged as more natural than the nil
sentences.

Fixed effects of interest were: distance, trigger and their interaction. Par-
ticipants and items were used as random effects.

Regularising prior distributions were used for slopes and intercepts. For the
intercept we used a normal distribution with µ = 0 and σ = 2. This means
that any of the intercepts (i.e. the thresholds for different Likert scale outcomes)
should fall with 89% probability between 0.039 and 0.961 on the probability
scale. For the slopes we used a normal distribution with µ = 0 and σ = 0.5. This
assumes that if we fix the intercept at 0 log-odds (i.e. 0.5 on the probability
scale), and the input at 1, then the possible values of the outcome will be,
with 89% probability between 0.31 and 0.69 on the probability scale. To put
it differently, the priors used for the slopes mean that when the intercept is at
0.5 probability, we assume with 89% probability, that the slope coefficient will
change the outcome by at most 0.197 on the probability scale. Note that the
effect size depends on the intercept because of the logit link function.

2.2.6 Results
The descriptive summary of the results is plotted on Figure 2.1. The posterior
distribution of the slope of the interaction (89% CrI = (−0.153, 0.114), mean =
−0.017, sd = 0.084) spans across zero, with a little bit more of the probability
density below zero than above. This means that predictors did not interact.

The estimate of the distance parameter indicates that the longer items
were judged as less natural (89% CrI = (−0.703, −0.338), mean = −0.52, sd
= 0.116).

In the case of the trigger, the mean of the estimate is almost exactly 0
(= −0.006, sd = 0.097), with more probability density below within the 89%
credible interval (89% CrI = (−0.159, 0.147)). This suggests that participants
judged the sentences with the trigger and without the trigger as equally ac-
ceptable.
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Figure 2.1: Rating frequencies per condition.

2.2.7 Discussion
It seems the participants judged the sentences which differed in trigger as
equally natural. This was not the case for the distance factor, where longer
sentences were rated as worse than shorter sentences. The estimates of the inter-
action parameter suggest that trigger did not interact with distance, meaning
that the distance effect was not modulated by the trigger factor. All this sug-
gests that the collected data does not support the hypothesis that the change
of acceptability differs within a particular trigger level.

We should note that an acceptability judgment task does not tell us a lot
about processing. As mentioned earlier, processing can affect perceived accept-
ability, but this influence cannot be inferred from acceptability results alone.
The fact that we did not see a meaningful interaction effect in this task does
not mean that there is no difference in how memory is involved across the rel-
evant conditions. To test this hypothesis we need a method which allows for a
more fine-grained access into the comprehension process. This is why the next
experiment consists of a self-paced reading task.

2.3 Experiment 2: self-paced reading
In the second experiment we wanted to test if the distance and trigger interact
in online processing. To do that, we used a self-paced reading task. Since the
results of the acceptability judgment experiment suggest that the stimuli are
generally acceptable, they were used without modifications in the self-paced
reading experiment. The control sentences were replaced with fillers.
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2.3.1 Participants
The recruitment and compensation of participants was the same as in the
previous experiment. We recruited 40 participants using MTurk. Out of these,
16 declared their gender as “female”, and 24 declared their gender as “male”,
and no participants chose the option “other/don’t want to say”. Participants
were self-reported English speakers with US IP addresses.

2.3.2 Procedure
The procedure was largely similar to the procedure used in the previous exper-
iment. Some changes were required because of the different nature of the task.
The control items were changed to filler sentences so that 32 target items were
accompanied by 32 filler items. Comprehension questions were added to a ran-
dom number of items, in such a way that every participant saw between 20 and
27 questions. After answering a comprehension question participants were in-
formed whether their answer was correct. Similarly to the previous experiment
there were two practice items, one of which was followed by a comprehension
question.

The task itself was implemented in a non-cumulative self paced reading with
a moving window paradigm (Just et al., 1982). This means that at the begin-
ning of each trial participant saw a screen filled with horizontal lines in places
of words. After a space-bar press the first line was substituted with a word.
Subsequent space-bar press would change the visible word back into a line and
show the next word. The length of the lines was approximately the same as
the length of the words. After reaching the last word, pressing of the space-bar
would hide it and the subsequent press would either show a question or a “sep-
arator” message: “Please wait for the next sentence”. If the last trial contained
a comprehension questioned which was answered incorrectly, the message text
appeared in red color and would state: “Wrong answer. Please wait for the next
sentence.” If the question was answered correctly, it was followed by a regular
separator message. Every separator message was displayed for one second. Sim-
ilarly as the previous experiment, the experiment was designed to take around
20 minutes to complete. The remaining details of the procedure (e.g. consent
form, Latin square) were the same as in the previous experiment. The appear-
ance of the stimuli was setup in the same way as in the previous experiment,
with one small exception: the sentences were constrained to not exceed 600
pixel in length. This was done in an attempt to limit possible line breaks. The
appearance of the experiment can be examined using ibex files available in the
OSF repository (https://osf.io/hnsdg/).

2.3.3 Predictions
As was the case for the acceptability judgment experiment, there are also two
specific predictions for this experiment. The first prediction follows from the
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observed relationship between reading speed and distance. It is commonly ob-
served (Demberg & Keller, 2008; Ferreira & Henderson, 1993, and others) that
readers speed up with the length of a sentence. Therefore, we predict that the
target regions in the longer sentences will be read faster than in the shorter
sentences.

The prediction which is of bigger importance to us, concerns the difference
in processing difficulty between the sentences with too and without too. We
predict that increasing distance in the sentences with too will make them more
difficult to process. Following the reasoning from the previous experiment, we
should note that if we test this prediction only on sentences with too we cannot
distinguish the difficulty due to retrieval and the general effect of longer texts
on reading. To overcome this we are comparing sentences with too to sentences
without too, and we will look for an interaction. The difference in difficulty
between the long and short sentences should be larger for sentences with too
than for those without it. We expect this difficulty to be visible as a difference
in reading times across relevant conditions. That is, we predict that compared
to the effect of distance in the nil conditions, there should be a slowdown effect
due to distance in the too conditions.

2.3.4 Data analysis
Before the analysis, we considered the quality of the data. From the 40 partic-
ipants, those with a correct answer ratio below 0.7 were removed from data.
This resulted in the removal of 6 participants. Time measurements which were
under 50 ms or above 3000 ms were removed from the results. Similar data
trimming was done for example by Futrell et al. (2021). This resulted in the
removal of 4.76% of data.

We fitted a Bayesian mixed-effect model to the response time data, mea-
sured at the critical, post-critical, and post-post-critical region. The model
assumed log-normal likelihood since reading times data are approximately log-
normally distributed and therefore the model can resemble the data generating
process more closely (see also Nicenboim et al., 2016, 2018; Rouder et al., 2008,
for a more detailed discussion).

While dividing the data into regions, we encountered an issue. The ex-
perimental items were flawed in a way which rendered critical regions across
conditions mismatching. Namely, the critical region in the too conditions was
the word “too” which followed the verb. However, the word following the verb
in the nil condition was already in the spill-over region. In a sense, the region
containing “too” in the too condition was empty in the nil condition. As if this
was not bad enough, the analogous word in the nil was a part of a new clause
so comparing the two did not make much sense. The sentences below illustrate
the issue, with dots signifying the missing word.

(7) a. The cook is a dancer and the waiter dances too, I have been told
recently.
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b. The cook is a swimmer and the waiter dances [...], I have been told
recently.

Despite this issue we analyze the data assuming that the critical region is the
word “too” in the too condition and the word “I” in the nil condition. Further
considerations of this issue are also presented in Section 2.3.6.

Similar to the previous experiment, the experimental factor trigger was
coded using sum contrasts, with the nil condition as −1 and the too condi-
tion as 1. Factor distance, levels of which were labelled with numbers closely
matching the number of words between the trigger and its antecedent, was
treated as a numeric variable which was scaled and centered before fitting the
model. Fixed effects of interest were: distance, trigger and their interaction.
Participants and items were used as random effects.

Prior probability distributions

We shall now discuss prior distributions used in the models fit to the self-
paced reading data throughout the book. For the intercept we used a normal
distribution with µ = 6 and σ = 1.5. This means that the intercept (i.e. the
grand mean in our models) is assumed to be between 36.7 ms and 4435 ms
with 89% probability.

For the slopes we used a normal distribution with µ = 0 and σ = 0.1.
This assumes that the effect size at the grand mean will be between 0 and
64.5 ms with 89% probability. Where as an “effect” we understand a difference
of one unit on the input. Note that the effect size depends on the intercept
because of the log-normal likelihood. For a different illustration, consider such
an hypothetical scenario. Assume that the grand mean equals to the µ of the
intercept i.e. 6. On the ms scale this equals to e6 = 403.4. This means that we
assume with 89% probability, for an input fixed at 1, that the output will be
between 473.3 and 343.8 ms. Crucially, this does not mean that the outcome
cannot be outside these bounds, only that we believe it is more likely to be
within these bounds.

Additionally, if the prior distribution of the slopes seem too constraining,
one should consider that it is in line with the estimates of the meta-analysis of
interference effects studies (Jäger et al., 2017). In that meta-analysis the esti-
mate of the largest relevant effect (target mismatch configurations, “AND/OR”
prominence effect) was 39.3 ms (95% CrI (10.8, 67.9)). One can use the credible
interval to guide the selection of the prior distribution for the standard devia-
tion. Following Schad et al. (2021) we come up with an estimate for the sigma
parameter on the log scale equal to 0.017. Since we can not be sure whether
effects related to the processing of semantic/pragmatic dependencies are of a
similar order of magnitude we settle on a much more uncertain prior of 0.1.

Furthermore, we evaluated the prior distributions with prior predictive
checks. These were conducted by simulating data from a fake experiment. This
was done only for the model from the “first class” described above. For each
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Figure 2.2: Graphical summaries of the prior predictive checks. The checks are
based on 1000 simulations. Plotted are frequencies of various summaries’ values
across all the simulation runs.

model parameter candidate parameter values were sampled from the prior prob-
ability distributions specified for that parameter. Next, these values were used
to generate data from the model in a fake experiment with 32 items and 40
participants. This procedure was repeated 1000 times. The visual summary of
the checks can be seen on Figure 2.2 and Figure 2.3.

Note that the plots show quite some extreme values. This suggests that the
priors do not constrain the results too strongly. The (relatively) concentrated
prior distribution for the slope coefficients only means that if the effect is there,
we assume it is not very large. It does not mean that we assume its existence,
and crucially this prior distribution allows us to remains agnostic about its
direction. To additionally ensure that the prior distributions do not bound the
posterior distributions to particular regions, sensitivity analysis was conducted.
The results are discussed below.

As a prior distribution for both the standard deviations of the random ef-
fects, and for the residual variance, we used a truncated normal with µ = 0 and
σ = 1. For the random effects correlation between the intercept and the slope
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Figure 2.3: Interaction coefficient estimates across simulations. These estimates
come from a simple linear model fitted after every simulation run. Values above
106 and below −106 were plotted as 106 and −106 respectively.

we used the LKJ distribution (Lewandowski et al., 2009; Stan Development
Team, 2021) with η = 2. The results are reported on the log-ms scale.

2.3.5 Results
At the critical region, i.e. the word “too” and “I” in the example above, the main
effect of trigger was −0.010 log-ms (89% CrI: (−0.038, 0.017)). This suggests
a negative difference between the conditions, i.e. the “too” condition was more
likely read faster than the “nil” condition. The main effect of distance was
−0.007 log-ms (89% CrI: (−0.023, 0.010)). Therefore, it is more likely that the
pariticipants read the region faster when the distance grew. Note that, in both
of these cases the probability density of the 89% credible interval is on both
sides of zero, so we cannot be completely certain about the direction of the
effect. In both of these cases more probability density is below zero, and so it
is more likely that the effect is negative.

The interaction effect was −0.017 log-ms (89% CrI: (−0.032, −0.002)). The
interaction effect can be interpreted as a difference between the distance effects
measured at each of the trigger levels. To understand exactly what this entails
we need to estimate the distance effect within each of these levels. Since, as
was already mentioned there are some problems with the stimuli, we are leaving
this out for now.

Considering the post-critical region, which were the words “I” in the too
condition and “have” in the nil condition in the example above, the effect of
the trigger was 0.017 log-ms (89% CrI: (−0.000, 0.034)). This suggests that
the word in the too condition was read longer than in the nil condition. The
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Figure 2.4: Descriptive summary of reading times. The dots denote mean
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the y axis represent a word from the particular region. If there are two words,
the word on the top is the word from the too condition. The number on the
facet title denotes distance.

effect of distance was 0.009 log-ms (89% CrI: (−0.005, 0.025)). Meaning that it
is more likely that the region took longer to read in the conditions with larger
distance. The interaction of the trigger and distance factors was −0.020 log-ms
(89% CrI: (−0.034, −0.006)).

Finally, in the post-post-critical region, i.e. the words “have” in the too
condition and “been” in the nil, posterior means of all three coefficients are
very close to zero, with similar amount of probability density on both sides
of zero. This means that most likely there was no meaningful differences at
this region for each of the two factors, and their interaction. There were tiny
differences between the coefficients. The effect of the trigger was −0.005 log-ms
(89% CrI: (−0.021, 0.011)). This means that, if anything, the region in the too
condition was a bit more likely to be read faster, than in the nil condition. The
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effect of distance was 0.005 log-ms (89% CrI: (−0.008, 0.020)), which suggests
almost no difference between the different distance conditions, although it is
a little bit more likely that the region was read slower in the longer distance
conditions. The interaction of the trigger and distance factors was −0.001 log-
ms (89% CrI: (−0.015, 0.012)), suggesting that the factors did not interact.

2.3.6 Discussion
As already mentioned the items were mismatching across the trigger conditions.
The mismatch makes it difficult to infer anything concrete from the results,
because we cannot be sure about the source of the differences. If we decide to
compare the words starting at the verb, as was done above, we cannot know if
the differences are caused by the presence of too or by the fact that we compare
words from different clauses.

(8)
too The cook is a dancer and the waiter dances too, I have been told re-

cently.
nil The cook is a swimmer and the waiter dances [...], I have been told

recently.

One could also compare just the words in the spill-over region, i.e. the regions
starting with the word “I” in (8). Such a solution, however, encounters a differ-
ent problem, namely that the readers saw a different number of words across
conditions before that region. Since readers usually speed-up with the length
of the sentence (see e.g. Demberg & Keller, 2008), the results might be unreli-
able. The most convincing solution to this problem is to amend the items and
conduct the experiments again.

Keeping the problems with the stimuli in mind, it still might be insightful
to comment on the direction of the interaction. The interaction in both critical
and post-critical regions is negative. To have a precise understanding of how
each of the variable contributes to the interaction, we would have to resolve
it. Here, however, we are only interested in tentative conclusions. Judging by
the pattern on Figure 2.4, at the critical region, i.e. the words too and I, the
reading times in the nil condition remain more or less the same in the distances
0,4, and 8. For the distance labelled 12, the mean reading times are slightly
longer, and the measurement is more noisy. In case of the too conditions, the
situation is a bit different: for all the distances below 12, when the distance
grows the mean reading time becomes a little smaller. Such a pattern is not
inline with the hypothesis, taken at face value it suggests that the readers
increase their reading speed with distance in the too conditions relative to the
nil conditions. At the post-critical region, the pattern is more difficult to asses
using the plot, since reading times in both trigger conditions are very similar.
Crude assessment suggests that again, the too conditions are read faster with
growing distance relative to the nil conditions.
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Since such results are rather surprising, it is important to carry out the
experiment with improved items to check if the obtained results persist.

2.4 Experiment 3: acceptability judgment
This was a replication of the previous acceptability judgment experiment with
corrected items. We ensured that critical regions were matching across the
conditions by adding an adverb in the nil condition, in place of the word “too”
in the too condition. An example of an item is presented below.

too
0 The cook is a dancer and the waiter dances too, I have been told re-

cently.
4 The cook is a dancer and the waiter, who is a boxer, dances too, I have

been told recently.
8 The cook is a dancer and the waiter, who is a great boxer from southern

Amsterdam, dances too, I have been told recently.
12 The cook is a dancer and the waiter, who is a great lightweight boxer

from east parts of southern Amsterdam, dances too, I have been told
recently.

nil
0 The cook is a swimmer and the waiter dances often, I have been told

recently.
4 The cook is a swimmer and the waiter, who is a boxer, dances often, I

have been told recently.
8 The cook is a swimmer and the waiter, who is a great boxer from south-

ern Amsterdam, dances often, I have been told recently.
12 The cook is a swimmer and the waiter, who is a great lightweight boxer

from east parts of southern Amsterdam, dances often, I have been told
recently.

The target items were sentences consisting of two parallel clauses. In the first
clause some property was asserted of the subject using a noun (e.g., dancer in
(too)). In the second clause this property was recalled using a verb followed by
too (eg. dances too in (too)). In the nil condition the noun in the first clause
was unrelated to the verb in the second clause, and too was replaced by an
adverb (e.g., swimmer and dances often in (nil)).

2.4.1 Design
The design of this experiment closely mimicked the design of the previous ac-
ceptability judgment experiment. The only difference was that amended items
were used in place of the flawed ones.
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In the same way as in the previous experiment, we used 32 items which were
combined with 22 filler items. Fillers were grammatical sentences of similar
length to the target items. Additionally, 10 control items were used to monitor
the engagement of the participants. Control and filler items were exactly the
items that were used the previous experiment.

2.4.2 Participants
32 participants were recruited using Prolific (www.prolific.com). They were
compensated 1.51 GBP (which amounted to 1.97 USD at the time of the ex-
periment) for taking part, which was calculated assuming that the experiment
should take around 10 minutes to complete and knowing that the effective min-
imum wage in the United States was 11.80 USD at the time of the experiment
( 16 × 11.80 = 1.97 USD).

Out of all recruited participants 18 (56%) declared their gender as “female”,
12 (38%) declared their gender as “male”, and 2 (6%) participants chose the op-
tion “other/don’t want to say.”. Participants were self-reported English speakers
and self-reported US nationals.

2.4.3 Procedure
The experiment was carried out in exactly the same way as the previous accept-
ability judgment experiment, with one small caveat: due to a coding mistake
Item 32 was not used in the experiment. We become aware of this after the
data was collected.

2.4.4 Predictions
The predictions are the same as for the previous acceptability judgment exper-
iment.

2.4.5 Data Analysis
After visual inspection two participants were removed from the analysis since
their median response to the control sentences was above 3 indicating that they
treated purposefully unnatural sentences as quite natural.

A Bayesian hierarchical model was fit to the obtained data. The distance,
levels of which were labelled with numbers closely matching the number of
words between the trigger and its antecedent, was treated as a numeric vari-
able which was scaled and centered (z-transformed) before fitting the model.
Trigger was sum-coded (nil = −1, too = 1). Fixed effects of interest were:
distance, trigger and their interaction. Participants and items were used as
random effects. We report the results on the log-odds scale.

The analysis resembled to a high degree the analysis done for the previous
acceptability judgment experiment. It is briefly recounted here for convenience,
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Figure 2.5: Rating frequency across conditions.

trigger

distance x trigger

distance

−0.3 −0.2 −0.1 0.0 0.1
Rating difference (log−odds)

Figure 2.6: The posterior probability distribution of the parameters of interest.
The thicker lines delimit 50% probability interval, the thinner lines delimit 89%
probability interval. The point signifies the median value.

but see Section 2.2.5 for more details. We used regularising prior distributions
for slopes and intercepts. For the intercept we used a normal distribution with
µ = 0 and σ = 2. For the slopes we used a normal distribution with µ = 0 and
σ = 0.5. Note that the effect size depends on the intercept because of the logit
link function.

2.4.6 Results
The 89% high density intervals for the slopes of interest are summarised on
Figure 2.6. Frequencies of given scores are presented on Figure 2.5.

The estimate of the distance parameter indicates that the longer items
were judged as less natural (89% CrI = (−0.27, −0.121), mean = −0.194, sd
= 0.046).
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In the case of the trigger, the sign of the estimate is rather uncertain with
89% (89% CrI = (−0.064, 0.114)) interval laying on the both sides of 0. The
mean (= 0.025, sd = 0.056) is positive (i.e. the sentences with “too” were
judged as more natural) but the spread of the posterior distribution indicates
that these estimates are not conclusive.

For our purposes the most interesting parameter is the slope of the interac-
tion. The posterior distribution of the slope of the interaction (mean = −0.044,
sd = 0.047) has the 89% credible interval: (−0.12, 0.033), which means that we
can be 89% certain that the value of the interaction lies within this interval.
The interval is more negative than positive but the fact that it spans over zero
suggests that the zero (no effect) is a possible value for the interaction term.
In sum, there is a clear effect of distance (longer items are less natural) but the
model does not clearly show that the presence of trigger and the interaction
have an effect on acceptability.

2.5 Experiment 4: self-paced reading
In the same way in which Experiment 3 was a replication of a previous accept-
ability judgment experiment, this experiment was a replication of a self-paced
reading experiment with corrected items.

2.5.1 Participants
40 participants were recruited using Mturk. They were compensated 3.00 USD
for taking part, which was calculated assuming that the experiment should take
around 20 minutes to complete and knowing that the federal minimum wage5 in
the United States was 7.25 USD at the time of the experiment ( 13×7.25 = 2.42).
The participants were self-reported English (American) native speakers. From
the total of 40 participants 18 declared their gender to be female (45%), 22 to
be male (55%) and none declared “other/don’t won’t to say”.

2.5.2 Procedure
The experiment was carried out in the same way as the previous self-paced
reading experiment, but the amended items were used. There were 32 target
items and 32 filler items. The filler items used were the filler items from the
previous self-paced reading experiment. After a random number of items par-
ticipant saw a comprehension question. Each participant saw between 20 and
27 comprehension questions. The random number of comprehension questions
was not done on purpose, but it was due to a programming error. It would
make much more sense to have a constant number of comprehension questions,
but at the same time, it is not a big issue.

5This should have been the effective minimum wage as in the acceptability judgment but
we made a mistake.
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2.5.3 Predictions
Predictions are the same as for the previous self-paced reading experiment.

2.5.4 Data Analysis
Data trimming

Before the analysis, we investigated the quality of responses to comprehension
questions. Out of 40 participants 4 with the worst ratio (<0.65 correct) of cor-
rect responses to the comprehension questions were removed from the results.
The median correct response ratio among the remaining participants was equal
to: 0.9.

Additionally, time measurements which were under 50 ms or above 3000
ms were removed, as before (compare Futrell et al., 2021). This resulted in the
removal of further 2.25% of data. Out of curiosity, we fit a model at the post-
critical region to the dataset before and after application of the data trimming,
and the trimming seem to not have any effect on the results. Since we found
a typographical error in one of the items (affecting all the conditions), and in
one condition of another item, these items were also removed from the final
analysis.

Models specification

Three classes of models were fit to the data. All of these were Bayesian mixed-
effect models with log-normal likelihood. As previously, all the models assume
log-normal likelihood since reading time data is approximately log-normally
distributed. The models differed either in what was used as a predictor, or in
how they were parameterised. We analyzed the critical region (the word too
and the corresponding word in the nil condition) and the post-critical region
(the word immediately following the critical region).

The first class of models (base models) used experimental factors trigger,
distance and their interaction as predictors. The trigger factor was coded using
sum contrasts, with the nil condition set to −1 and the too condition set to 1.
Considering the distance factor, recall that different distances were labelled with
numbers (0,4,8,12) and the labels closely matched the number of interjecting
words. Because of this we treated distance as a numerical variable, which we
scaled and centered (z-transformed) before fitting the model. Trigger, distance
and their interaction were entered into the model as population-level (fixed)
effects. Participants and items were entered as group-level (random) effects.

The second class of models (nested models) was used to estimate the effect
of distance for each of the levels of the trigger. To do that, the trigger fac-
tor was encoded as an R factor datatype with nil coded as 0 and too as 1.
Then, a model which estimated the effect of trigger = too and the effect of
an interaction between each level of the trigger and the scaled distance was fit
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to the data. Using R formula expression language such a model can be spec-
ified as follows: RT ~ 1 + trigger / distance, which is equivalent to: RT ~
1 + trigger_too + trigger_too:distance + trigger_nil:distance (un-
derscores were added to increase readability). The variable distance was treated
in the same way as in the previous class, meaning that it was a numerical vari-
able which was z-transformed.

The third class of models was almost the same as the first class, the change
coming from different quantities used in place of the distance predictor. Three
different quantities were considered. The first of these additional models used
the exact number of words between the trigger and the antecedent as the pre-
dictor. The second and the third used the number of differing semantic items:
in the second this was the number of predicates, in the third the number of
predicates which could in principle fulfill the role of the antecedent of too.

This information was added to the data by annotating the sentences. There
was no formal annotation scheme, I annotated the sentences using my intuition.
I assumed a naive view in which any word which was introducing some prop-
erty was treated as a predicate (i.e. adjectives, nouns, past participles, etc.).
However, the set of words which could play a role of a potential antecedent was
much more constrained. An assumption here was that the constraints are set
by the phrase preceding the additive too. In the stimuli these phrases could be
roughly divided into three classes: a verb followed by too (e.g. dances too), an
auxiliary verb with an adjective (e.g. is closed too), and a more complex verb
phrase (e.g. hunt prey too, had his food too). In the first case almost any noun
appearing in the region between too and its antecedent was treated as a po-
tential extra antecedent. In the second case, any word which could replace the
adjective was treated as such, and in the third case any word which could be
seen as introducing a referent (sometimes very loosely) was counted as an an-
tecedent. In quite a few cases the annotation required making difficult choices
which probably affected its accuracy.

These models were investigated to test whether we can collect more precise
understanding to the question of what serves as a distractor element in the
context of retrieval of information for the resolution of presupposition. The
different types of possible distractors also hint at questions regarding the time
course of discourse/semantic processing, namely: at which point during process-
ing the semantic properties of a phrase (or any unit bigger than a word) can
interfere with memory operations (see also Garrod & Sanford, 1995; Nieuwland
& van Berkum, 2005)? Of course, the tests conducted here are only exploratory
and not very informative. This is because, even if we find some meaningful dif-
ference between the models we cannot be sure that they reflect some true
underlying difference. To truly test such a possibility a new experiment has to
be conducted.
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Prior probability distributions

Prior probability distributions used for the models were the same as in the
previous experiment. Section 2.3.4 discusses these in a more comprehensive way,
for ease of reference they are also briefly recounted below. For the intercept we
used a normal distribution with µ = 6 and σ = 1.5. For the slopes we used a
normal distribution with µ = 0 and σ = 0.1.

As a prior distribution for both the standard deviations of the random ef-
fects, and for the residual variance, we used a truncated normal with µ = 0 and
σ = 1. For the random effects correlation between the intercept and the slope
we used the LKJ distribution (Lewandowski et al., 2009; Stan Development
Team, 2021) with η = 2. The results are reported on the log-ms scale.

2.5.5 Results
The descriptive summaries of the reading times across conditions for one word
before and two words after the critical region (the additive too and the corre-
sponding word in the nil condition) are presented on Figure 2.7.

Let us turn to the findings of the Bayesian mixed-effects model. First we
discuss the results for the critical region (i.e. “too” or the parallel word) and
then the post-critical region (i.e. the word after the “too” or the parallel word).

For the critical region the main effect of the trigger was −0.02 log-ms (89%
CrI: (−0.04, 0)) which suggests that there was some difference between the nil
and too conditions, i.e. the nil condition was read a bit slower than the too
condition. The credible intervals ends very close to zero but remains negative.
The main effect of distance was −0.02 log-ms (89% CrI: (−0.04, 0.004)), which
means that it is more likely that the participants read the word faster when the
distance increased. The interval crosses zero so both directions of the effect are
compatible with the data. However, a much larger portion of posterior density
is below zero, therefore it is more likely that, on average, participants read
the region faster in longer distances. The interaction effect was 0.01 log-ms
(89% CrI: (−0.004, 0.03)). This means that it is more likely that the effect of
distance changed between the trigger conditions, but similar considerations as
in the case of distance apply here. For now, the resolution of the interaction
effect is omitted.

For the post-critical region the main effect of trigger was −0.01 log-ms
(89% CrI: (−0.03, 0.006)) which again suggests that there was small difference
between the nil and too conditions, in particular, the nil condition could have
taken a longer than the too condition. In this region, the credible interval crosses
zero, so the direction of the effect is inconclusive. The main effect of distance
was −0.02 log-ms (89% CrI: (−0.04, −0.003)), which suggests that participants
read the word faster when the distance increased. The interaction effect was
0.03 log-ms (89% CrI: (0.01, 0.05)).

The meaning of the interaction can be clarified with the help of the nested
model, i.e. the model from the “second class” described in models specification.
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Figure 2.7: Descriptive summary of reading times. The dots denote mean read-
ing times across conditions. These were computed by taking an average of all
the data points for each condition, i.e. without grouping by participants or
items. The bars represent bootstrapped 0.95 confidence intervals.

Within the too conditions, increasing distance by one unit (i.e. 4.48 words)
would result in 0.008 log-ms (89% CrI: (−0.02, 0.04)) change in reading times.
Which means that most likely there was no change in reading times within the
too conditions when distance changed. However, the interval is more “positive”
(i.e. there is more probability density above 0), which suggests that slowing-
down with distance in too conditions is also compatible with the data. Note that
the effect of too was −0.03 log-ms (89% CrI: (−0.07, 0.01)), so, this suggests
that the effect of distance within the too conditions cancels out the effect of too
(when comparing it to nil at the mean distance). Within the nil conditions,
increasing the distance by one unit resulted in −0.05 log-ms (89% CrI: (−0.08,
−0.02)) change in reading times, meaning that participants were reading the
region faster in the nil conditions in which the distance was larger. The figure
2.8 shows the interaction effect across trigger conditions.

For the remaining three models only the values of the interaction parameter
estimates with 89% credible intervals are presented. See table 2.1. The estimates
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Figure 2.8: Reading times from the post-critical region, and estimate mean
from the model with 89% credible interval. For illustration purposes reading
times above 1000ms were plotted as 1000ms.

of the interaction remained more or less stable between models which used
different type of distance as a predictor. What this illustrates is that similar
estimates can be achieved using various notions of distance. It is possible that
some of these predictors resulted in better fits than others but to assess this
properly a formal model comparison should be conducted.

Table 2.1: Comparison of interaction estimates from all the fitted models.

Estimate Est.Error Q5.5 Q94.5
base model (Model 0) 0.03 0.01 0.01 0.05
exact distance (Model 1) 0.03 0.01 0.01 0.05
all predicates (Model 2) 0.03 0.01 0.01 0.06
restricted preds. (Model 3) 0.03 0.02 0.00 0.05

Sensitivity analysis

In addition to various checks conducted for the models in the book (see Sec-
tions 2.2.5 and 2.3.4), sensitivity analysis was conducted for one of the models of
the data from this experiment. The point of the sensitivity analysis is to inves-
tigate to what extent the inference supported by the model can “change when
other reasonable probability models are used in place of the present model”
(Gelman et al., 2003, p. 141). Here, the meaning behind “other probability
models” is constrained to a model in which only one prior distribution differs.

The analysis was conducted by fitting the model described above (the base
model) to the data multiple times. Each of these times the prior value of σ
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for the slope coefficient (an important note: for all the slopes) would vary.
The different possible values were: 0.01, 0.05, 0.1, 0.2, 0.5. The first two values
result in a prior distribution which is narrower than the one used in the models
reported above, the last two use prior distribution which is wider. The former
assume smaller effect, the latter assume larger effect.

The results of the analysis can be seen in Table 2.2. The table shows esti-
mates of the interaction coefficient for different values of σ. Estimates of the
coefficients for the other slopes show similar behavior, but are omitted in the
table for the ease of readability. The most important point here is that the
estimates become stable for σ ≥ 0.05. I.e. all the summary statistics remain
almost identical (up to a rounding error) above this value. This suggest that
values of σ ≥ 0.05 are a reasonable assumption for the prior distribution of
the slopes, since the posterior inferences do not change much when probability
models with less constraining priors are considered.

Table 2.2: Summary of the sensitivity analysis of the base model. The table
presents how the estimates of the interaction coefficient change when different
prior distributions are used for the slopes. The column labeled σ denotes values
of σ used for a particular prior probability distribution.

σ mean sd Q5.5 Q94.5
0.01 0.01 0.01 0.00 0.02
0.05 0.03 0.01 0.01 0.05
0.1 0.03 0.01 0.01 0.05
0.2 0.03 0.01 0.01 0.05
0.5 0.03 0.01 0.01 0.05

2.5.6 Discussion
The manipulation of trigger resulted in mostly negative estimates both in the
critical and post-critical regions. It seems that too conditions were in general
read faster than the nil conditions. Distance manipulation resulted in mostly
negative estimates in both analyzed regions. This means that the reading times
were smaller in longer conditions, therefore, participants were reading the rele-
vant regions in the longer conditions faster. The interaction was mostly positive
in both regions, and in the postcritical region the whole 89% credible interval
was above zero. Interactions can be seen as differences between effects within
particular subsets of data, e.g. a difference between the effect of distance in
the too condition and in the nil condition. A positive interaction means that
the effect of distance in too is larger (in the mathematical sense, i.e. a is larger
than b if and only if a > b) than the effect of distance in nil. This constraint is
compatible with very different scenarios, e.g:

1. effect of distance in too is positive, effect of distance in nil is negative. I.e.
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participants slow down with distance in too and speed up with distance
in nil.

2. effect of distance in too is close to 0, effect of distance in nil is negative.
I.e. participants read with similar speed across distance conditions in too
and speed-up with distance in nil.

3. effect of distance in too is negative, effect of distance in nil is also negative
(but more negative than the effect in too). I.e. participants speed up with
distance in both nil and too but they speed up more in nil.

With the help of the nested model, one can see that we observe the second
case. The interaction is driven by two factors: almost no change with distance
in reading times in the too conditions and a speed-up in the nil conditions
with growing distance. Such a result could be interpreted as follows. Speeding
up in the nil conditions can be explained as an instance of the commonly
observed phenomenon where readers increase reading speed with the length of
text (e.g. Demberg & Keller, 2008; Ferreira & Henderson, 1993). In contrast to
the nil conditions, something hinders this speed-up in the too conditions. This
could be caused by the retrieval process triggered by too. When encountering
too the reader has to resolve the presupposition, and to resolve it they need
to retrieve the information provided by the antecedent. This retrieval could
be more difficult when the distance between the antecedent and the trigger is
longer. These findings are inline with our initial hypothesis that bigger distance
between the trigger and antecedent would make the retrieval of the antecedent
more difficult.

One additional comment should be made about the sensitivity analysis.
Initial analysis of these results used a more constrained prior for the slopes
coefficient which, maybe surprisingly, rendered the results more inconclusive. As
can be seen on Table 2.2 less constrained prior distribution moves the posterior
further away from 0. At the same time, this only happens up to a certain
point, indicating that a constrained prior distribution was not the best choice.
Conducting a sensitivity analysis can be a good idea even when the choice of
the prior distribution seemed reasonable.

There are two obvious ways in which the experiment could be improved.
First, note that the total number of measurements was low. There were 36
participants, and every participant saw 4 items in every condition which gives
144 measurements per condition — but the actual number was even lower
because of the data trimming. Even though there was no formal assessment of
the statistical power of the experiment, we can suspect that the power was low.
The number of measurements can be increased by recruiting more participants
and decreasing the number of conditions, which brings us to the second point.
As can be seen on figure 2.9 two distances worked much better than others.
Possibly, using distances 0 and 8 could lead to more salient results. And so,
keeping only these two condition in a future replication could possibly make the
results more salient and at the same time increase the number of measurements.
And this will be done in the next experiment.
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Figure 2.9: Mean reading time at the post-critical region across different levels
of the distance factor. The facets’ titles denote distances, the bars represent
bootstrapped 0.95 confidence intervals.

2.6 Experiment 5: self-paced reading
This experiment is a replication of the previous self-paced reading experiment.
This version used a subset of items from the previous experiment, which in
addition were modified in non-meaningful ways. The subset was determined
based on intuition. The exact changes between the items can be seen in the the
OSF repository.6

2.6.1 Design
Two levels of distance (short and long, conditions 0 and 8 from the previous
experiment) were crossed with two levels of trigger (too and nil) which resulted
in a 2× 2 within participant design. We used 24 target items in the self-paced
reading task. These were accompanied by 25 filler items.

2.6.2 Participants
82 participants were recruited using Prolific (https://www.prolific.co) web-
service. They were compensated 3.00 GBP for taking part in the experiment.
The experiment took, on average, 12 minutes and 38 seconds to finish, therefore
the participants would get 14.25 GPB per hour, on average. The participants
were self-reported English native speakers.

From the total of 82 participants 44 declared their gender to be female
(54%), 37 to be male (45%) and 1 (1%) declared “other/don’t won’t to say”.

6see file chapter 2/exp5/doc/item_changes.org at https://osf.io/hnsdg

https://osf.io/hnsdg
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2.6.3 Procedure
The experiment was conducted in almost the same way as the previous self-
paced reading experiment. Since the experiments differed in the number of
conditions, the Latin square design was changed: all the items were distributed
across 4 lists. Participants were assigned at random to each list. A comprehen-
sion question followed each item.

2.6.4 Predictions
We predict the same pattern of results as for the previous self-paced reading
experiment.

2.6.5 Data Analysis
Data Trimming

Most aspects of the analysis mirrored the analysis of the previous experiment.
Before the analysis, we investigated the quality of responses to comprehension
questions. Out of 82 participants 1 with the worst ratio (≤ 0.7 correct) of correct
responses to the comprehension questions were removed from the results. The
median correct response ratio among the remaining participants was equal to:
0.9.

Additionally, time measurements which were under 50 ms or above 3000 ms
were removed from the results assuming that natural reading process measured
by a self-paced reading task should result in RTs within these bounds. Similar
data trimming was done for example by (Futrell et al., 2021). This resulted in
the removal of further 0.2% of data.

Model Specification

Following what was done in the previous experiment, three types of models
were used to analyze the data. All of those were Bayesian hierarchical models
with log-normal likelihood. They differed in how they were parametrized or
what was used as a distance predictor. First type of models was specified as
follows. The experimental factor trigger was coded using sum contrasts, with
the nil condition as −1 and the too condition as 1. The experimental factor
distance was also coded with sum contrasts. The long condition was coded as
1 and short as −1. Both of these variables were entered into the model as fixed
effects. This model was used to analyze the critical region (the word too and
the corresponding word in the nil condition), the post-critical region (the word
immediately following the critical region), and the post-post-critical region (two
words after the critical region). Participants and items were entered as random
effects.

Second type of models (nested models) was used to quantify the effect of
distance for each of the trigger conditions. These models were implemented by
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specifying two predictors: too_distance and nil_distance. For too_distance
we coded all the conditions were the trigger was too and distance was long as
1, and all the conditions were the trigger was too and the distance was short as
−1. The nil conditions were coded as 0. Analogously, for the nil_distance all
the conditions were the trigger was nil and distance was long as 1, and all the
conditions were the trigger was nil and the distance was short as −1. The too
conditions were coded as 0. Both of these predictors were then used to fit vary-
ing slopes and varying intercepts models. These models provide a comparison
of the effect of distance separately for each trigger condition.

The third type of models was almost the same as the first type. They
differed only in what was used as a predictor in place of distance. The third type
consisted of two distinct model types. The first of these used the exact number
of words between the trigger and the antecedent as the predictor, the second
used the number of naively understood predicates. In case of these models, the
predictor was a numerical variable which was scaled and centered before the
model was fit. In the same way as in the previous experiment, these models
were investigated to see whether we can collect more precise understanding to
the question of what serves as a distractor element in the context of retrieval
of information for the resolution of presupposition.

For these models only the values of the interaction parameter estimates
with 89% credible intervals are shown. See table 2.3.

Prior probability distributions

Prior probability distributions mirrored the priors from the previous experi-
ment. These are briefly discussed below. For a more comprehensive discussion
see Section 2.3.4. For the intercept we used a normal distribution with µ = 6
and σ = 1.5. This means that the intercept (i.e. the grand mean in our models)
is assumed to be between 36.7 ms and 4435.03 ms with 89% probability. For
the slopes we used a normal distribution with µ = 0 and σ = 0.1. This assumes
that the effect size at the grand mean will be between 0 and 64.54 with 89%
probability. Note that the effect size depends on the intercept because of the
log-normal likelihood.

As a prior distribution for both the standard deviations of the random ef-
fects, and for the residual variance, we used a truncated normal with µ = 0 and
σ = 1. For the random effects correlation between the intercept and the slope
we used the LKJ distribution (Lewandowski et al., 2009; Stan Development
Team, 2021) with η = 2. The results are reported on the log-ms scale.

2.6.6 Results
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Figure 2.10: Descriptive summary of reading times. The dots denote mean
reading times across conditions. These were computed by taking an average of
all the data points for each condition, i.e. without grouping by participants or
items. The bars represent bootstrapped 0.95 confidence intervals.

Table 2.3: Comparison of estimates of the slope of the interaction from all the
fitted models.

model mean sd q5.5 q94.5
base model 0.02 0.01 0.01 0.03
antecedents 0.01 0.01 0.00 0.03
exact distance 0.02 0.01 0.01 0.04
predicates 0.02 0.01 0.00 0.03

Descriptive summaries of the reading times across conditions for one word
before and two words after the critical region (the additive too and the corre-
sponding word in the nil condition) are shown on the plot 2.10.

We start with the findings of the “base” model. For this model we discuss
the results for the critical region (i.e. “too” or the parallel word), then the post-
critical region (i.e. the word after the “too” or the parallel word), and finally the
post-post-critical region (i.e. the two words after “too” or the parallel word).

For the critical region the main effect of trigger was −0.02 log-ms (89%
CrI: (−0.04, −0.007)) which suggests that there was a difference between the
nil and too conditions, in particular, the “nil” condition took longer to read
than the “too” condition. The main effect of distance was −0.02 log-ms (89%
CrI: (−0.04, −0.008)) which means that the participants read the word faster
when the distance increased. The interaction effect was 0.003 log-ms (89% CrI:
(−0.01, 0.02)). Which means that it is much more likely that the difference
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between the “long” and “short” conditions was smaller in the “too” conditions,
than in the “nil” conditions. But the mean being very close to 0 and the spread
of the CrI suggests that it is not entirely conclusive.

At the critical region, the effect of distance within the too condition was
−0.02 log-ms (89% CrI: (−0.04, −0.001)), which means that the long condition
was read faster than the short condition. The effect of distance within the nil
condition was −0.03 log-ms (89% CrI: (−0.05, −0.007)), which also means that
the long condition was read faster than the short condition.

For the post-critical region the main effect of trigger was −0.02 log-ms
(89% CrI: (−0.04, −0.004)) which again suggests that there was a difference
between the nil and too conditions, and that the “nil” condition took a little
longer to read than the “too” condition. The main effect of distance was −0.02
log-ms (89% CrI: (−0.03, −0.004)), which suggests that participants read the
word faster when the distance increased. The interaction effect was 0.02 log-ms
(89% CrI: (0.005, 0.03)). This shows that the difference between the “long” and
“short” conditions was smaller in the “too” conditions, than in the “nil” con-
ditions. Figure 2.11 shows the posterior probability distribution of the relevant
parameters.

At the post-critical region, the effect of distance within the too condition
was 0 log-ms (89% CrI: (−0.02, 0.02)), which means that there was no difference
in reading times between the conditions. The effect of distance within the nil
condition was −0.04 log-ms (89% CrI: (−0.06, −0.02)), which means than the
long condition was read faster than the short condition.

Finally, for the post-post-critical region the main effect of trigger was −0.01
log-ms (89% CrI: (−0.02, −0.002)) which is again very similar to previous
results, and suggests that the “nil” condition took a little longer to read than
the “too” condition. The main effect of distance was 0.005 log-ms (89% CrI:
(−0.007, 0.02)), which suggests that maybe there was a small difference between
the conditions i.e. the participants read the word a little longer with the growing
distance, but the results are also compatible with no difference at all. The
interaction effect was 0.008 log-ms (89% CrI: (−0.003, 0.02)). Which means
that the difference between the “long” and “short” conditions was smaller in
the “too” conditions, than in the “nil” conditions. But the spread of the CrI
suggests that it is not entirely conclusive.

At the post-post-critical region, the effect of distance within the too con-
dition was 0.01 log-ms (89% CrI: (−0.005, 0.03)), which means that the short
condition was read faster then the long condition. The effect of distance within
the nil condition was −0.003 log-ms (89% CrI: (−0.02, 0.01)), which means
that there was no difference in reading times between the conditions.

As can be seen in Table 2.3, the estimates of the interaction remained
more or less stable between models which used different type of distance as a
predictor. This is not very surprising. Each one of the distance types can be
seen as different ways of approximating the same underlying notion, i.e. the
increase in difficulty of retrieving the antecedent. What this illustrates is that
similar estimates can be achieved using notions of distance which differ quite a
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Figure 2.11: The posterior probability distribution of the parameters of interest
at the post-critical region. The thicker lines delimit 0.5 probability interval,
the thinner lines delimit 0.89 probability interval. The point signifies the mean
value. The plot on the left shows main effects, the plot on the right shows effects
of distance nested within a given trigger level.

lot, e.g. for “antecedents” the average difference between short and long items
was < 1, and for “exact distance” this difference was 9. It is possible that some
of these predictors resulted in better fits than others, to assess this properly a
formal model comparison should be conducted.

2.6.7 Discussion
The posterior distribution of the trigger was (in the 89% credible interval)
negative in the post-critical region. This suggests that the nil condition took
longer to read than the too condition, possibly because the trigger was more
predictable than the corresponding element in the nil condition (an adverb).
The main effect of distance was also negative in the same region, which sug-
gests that the post-critical region was read faster when the distance was bigger.
Crucially, the effect of distance interacted with the trigger: there was a positive
interaction in the post-critical region. One way to interpret the positive inter-
action is that it shows that the negative effect of distance is diminished and
maybe even reversed in items with too. The pattern of the interaction is easier
to understand when we turn to the nested model, shown in Figure 2.11. We
see that there was a speed-up in reading due to distance in the nil condition,
but no such effect in the too condition. In other words, the interaction comes
about due to the interplay of two effects: the speed-up effect due to distance in
the nil condition (longer items are read faster in the post-critical region), and
the absence of this speed-up in the too condition.

We interpret the finding as follows. First, the fact that the long condition
is read faster than the short condition in the nil case is in line with a general
observation that readers speed up during reading texts or experimental items as
seen in experimental research (Ferreira & Henderson, 1993; see also Vasishth
& Lewis, 2006, p. 780) and the analysis of psycholinguistic reading corpora
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(Demberg & Keller, 2008; Dotlačil, 2021). It is also in line with the fact that we
observe a (general) speed-up on the critical region in this experiment. Second,
in contrast to the nil condition, something nullifies the speed-up in the too
condition. This, we submit, is the retrieval process due to too. Since readers have
to resolve the presupposition, they have to recall the antecedent. Such a recall is
harder and slower in the long condition compared to the short condition. Under
this interpretation, our findings would represent a novel instance of semantic
inhibitory interference (Parker & Phillips, 2016; Van Dyke, 2007), one that is
observed and can be studied in texts and long discourses, not just sentence-
internally.

We can think of three possible explanations of the proposed slow-down in
too compared to the baseline (the nil condition). First, it is possible that read-
ers retrieve a distractor and subsequently correct their misretrieval which costs
extra time. Since misretrievals are more likely to happen with increased dis-
tance, the discussed reading times pattern is observed. Alternatively, readers
might not correct their wrong retrieval but stick to it and consider the pre-
supposition as unresolved. This would result in an infelicitous sentence, which
would likely be read slower compared to a fully grammatical, felicitous sen-
tence. Finally, it is possible that with longer distance the antecedents decays
in memory resulting in longer retrieval time.

It should also be noted that the interaction effect persists to some extent at
the post-post-critical region. If this is related to the observed effect, this might
suggest that the retrieval difficulty affected the reading process for longer than
just immediately after retrieval.

2.7 General Discussion
In two7, very similar, self-paced reading experiments we replicated the same
pattern of results. That is, in the post-critical regions participants were reading
regions in the nil conditions faster in larger distances, while reading of regions
in the too conditions remained more or less the same between the different
distances. These observations can be interpreted as an instance of retrieval
difficulty. In nil conditions participants increase their reading speed with the
text length, while in too conditions something stops them from doing that.
This can be explained as a result of an additional memory operation which the
participant have to conduct in the conditions which require resolution of the
additive presupposition.

One possible confound should be mentioned here. As was explained in the
introduction, additive presuppositions depend on information structure. In par-
ticular, the associate of the additive trigger has focus. Given that our stimuli
are not spoken, there is no guarantee the information structure we intended

7There were three self-paced reading experiments. Results from the first one are not similar
to the results obtained in the subsequent experiments, but since the items in that experiment
were badly misaligned it seems justified to disregard its outcome.
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for our stimuli matches how participants perceived them. Take for instance the
following example:

(9) The cook is a dancer and the waiter, who is a boxer, dances too, ….

Here, we assume that when participants read this sentence they interpret waiter
as being in focus. The additive then associates with the subject. Potentially,
however, participants read (9) with focus on the verb dances. In that case, the
presupposition becomes that the waiter has properties besides being someone
who dances. Given that such properties are provided in the appositive clause
intervening between the subject and the verb, our manipulation of distance
would stop working under this interpretation. This is even more so because
this interpretation is fully unavailable in the short distance condition, where
no alternative properties of the subject are given.

While this alternative understanding of the stimuli is certainly available, we
doubt that it played a major role in the results of Experiments 4 and 5. This is
because informal intuitions that we gathered about our stimuli suggest that our
own intended understanding is much more prominent than the understanding
with focus on the verb. However, to be sure, the follow-up experiments were
designed to avoid this possible confound. These will be discussed in the next
chapter.

Assuming that the memory-based interpretation of the results is correct,
the experiments demonstrated that presuppositions carried by additives, an
instance of semantic dependency, can be used to study the role of memory in
comprehension. Since such dependencies can span over discourse fragments,
and are not constrained by sentence boundary, this result provides us with a
tool well suited to probe the workings of memory within discourse fragments
— something that cannot be done with the use of syntactic dependencies. In
particular, this allows us to investigate the effects of distance on retrieval in
a discourse setting, which as you might already expect, will be done in the
upcoming chapter.



CHAPTER 3

Semantic distance effects in discourse

3.1 Introduction
Parts of this chapter were published in Winkowski et al. (2024)

In the previous chapter we found differences in reading patterns between
sentences with too and without it. We observed a bigger increase in reading
speed with growing distance for the sentences without too than for those with
too. Under certain assumptions this can be interpreted as a sign of memory-
related processing difficulty triggered by the presence of a presupposition trig-
ger.

Experiments presented in this chapter further investigate the retrieval of the
antecedents of additives. We wanted to see whether the effect of distance on
retrieval can be observed by manipulating a number of sentences in a discourse,
not by manipulating the number of words in an appositive, i.e. a non-restrictive
relative clause, as was done in the experiments in the previous chapter. One rea-
son to consider this is that a non-restrictive relative clause might be processed
differently from and independently of the rest of the discourse (Dillon et al.,
2014), adding unnecessary complications and orthogonal issues to the previous
experiments. Another reason is that this allows us to exclude the possible con-
found of Experiments 1–5, that is, the possibility that in the longer conditions,
the presupposition was resolved with a different information structure than in
the short conditions. See Section 2.7 for a detailed discussion.

In what follows we show three experiments which investigated memory re-
trieval of presuppositional antecedents in short discourse fragments. After the
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experiments, we discuss the weight of accumulated evidence using a Bayes fac-
tor analysis of the data pooled from a subset of all discussed experiments. The
chapter ends with a general discussion.

3.2 Experiment 6: acceptability judgment

3.2.1 Design
Experiment 6 uses two experimental factors: distance and trigger. Two levels
of distance were crossed with two levels of trigger resulting in a 2 × 2 within-
participant design.

The distance factor was manipulated by changing the number of clauses
between the items. In the short case there was 1 additional clause introduced
between the first sentence and the critical sentence. In the long case there were
3 such clauses, see (short) and (long) in (too) and (nil) below. The sentences
were always in the past tense.

too
(short)Anne came first in her race. She burst into tears. Caroline won too,

setting the lap record.
(long) Anne came first in her race. She raised her hands. She screamed out

loud. She burst into tears. Caroline won too, setting the lap record.
nil
(short)Anne fell down in her race. She burst into tears. Caroline won gold,

setting the lap record.
(long) Anne fell down in her race. She raised her hands. She screamed out loud.

She burst into tears. Caroline won gold, setting the lap record.

The way these discourse fragments were constructed permits us to treat VPs
as predicates (note that in the general case predicates cannot be equated with
VPs). Then, the contrast of distance can be interpreted as the number of these
VP-predicates that appear in the short and long conditions. In the case of
(short), only one extra clause, introducing one extra such predicate, appeared
between the predicate with too (won too) and the antecedent ((Anne) came first
in her race). In case of (long), three extra sentences, introducing three extra
predicates, interfered between the predicate with too and the antecedent. We
hypothesised that the number of predicates between the antecedent and the
trigger should influence how quickly the participants will be able to retrieve
the information required by the trigger.

The trigger factor was manipulated by replacing the trigger too with a
non-triggering word, often a noun, as in the illustrative item given above. The
corresponding word in the nil condition (gold above) had to be of similar length
as too (between 3 and 5 characters). As in experiments described in the previous
chapter, the items in the nil condition also differed in the first sentence. Care
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was taken to ensure that sentences changed between the conditions had similar
length and number of words.

Notice that the items above no longer allow for the possible confound we
discussed in connection to experiments from chapter 1. There, some stimuli
didn’t have a unique candidate for being the additive’s associate. In this exper-
iment, however, the only felicitous associate for too is the subject. In particular,
assuming the predicate won as the associate would make the presupposition un-
resolved in both short and long contexts. What’s more, the subject of the target
sentence is easily recognised as being a contrastive topic. In the first two sen-
tences, Anne is the topic. The shift of subject in the target sentence means that
Caroline becomes a contrastive topic (see Büring, 1999, section 1.3). As such,
it is the natural associate of the additive (Krifka, 1998; Sæbø, 2004).

We created 24 items of the type described above. The experiment further-
more included 24 filler items. These were simple and short grammatical dis-
courses of a similar form as the target items. Additionally, 10 control items
were added to the stimuli. These items were short discourse fragments with
various semantic and syntactic constraints violated. They were similar but not
the same as the ones used in the acceptability judgment experiments 1 and 3.

3.2.2 Participants
Participants’ recruitment and compensation was carried out in the same way
as in the previous acceptability judgment experiment. See Section 2.4.2 for
details. 32 participants were recruited.

Out of all recruited participants 14 (44%) declared their gender as “female”,
18 (56%) declared their gender as “male”, and no participants chose the option
“other/don’t want to say”. Participants were self-reported English speakers and
self-reported US nationals.

3.2.3 Procedure
The procedure was very similar to the previous acceptability judgment experi-
ment. Some modifications were needed to accommodate for the different design
of the experiment. The experiment consisted of 4 conditions so the 24 target
items were distributed randomly across 4 lists and batches of 8 participants
were assigned to each of these lists. Each participant saw 6 items from each of
the 4 levels.

3.2.4 Predictions
The predictions are the same as in the previous acceptability judgment experi-
ment, with a caveat that the stimuli are discourse fragments and not sentences.
The predictions are briefly recounted below, for a more elaborate justification
see Section 2.2.4.
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Figure 3.1: Frequencies of scores across conditions.

There are two specific predictions for the experiment. First, we predict that
longer items will be judged as worse than the shorter ones. Second, we predict
that increasing distance in the sentences with too will make them more difficult
to process. If this difficulty translates to differences in acceptability, scores are
expected to deteriorate more with growing distance in the too conditions than
in the nil conditions. That is, we expect an interaction between the trigger and
distance factors.

3.2.5 Data analysis and results
No participants were removed from the data. Frequencies of scores are sum-
marised on Figure 3.1. In the same way as in the previous acceptability judg-
ment we fit a cumulative ordinal Bayesian model to the data. The distance
was sum-contrast coded with long conditions coded as 1 and short conditions
coded as −1. The trigger was sum-contrast coded (nil = −1, too = +1). Fixed
effects of interest were: distance, trigger and their interaction. The results are
reported on a log-odds scale.

Regularising prior distributions were used for slopes and intercepts. For the
intercept we used a normal distribution with µ = 0 and σ = 2. For the slopes
we used a normal distribution with µ = 0 and σ = 0.5. For a detailed discussion
of the prior probability distribution see Section 2.2.5.

The posterior distribution of the slope of the interaction (89% CrI = (−0.1,
0.05), mean = −0.03, sd = 0.05) spans across zero, with slightly more probabil-
ity density below zero. This suggests that trigger did not interact with distance.
The estimate of the distance parameter indicates that the longer items were
judged as less natural (89% CrI = (−0.2, −0.04), mean = −0.1, sd = 0.05) In
the case of the trigger factor, the too conditions were perceived as more natural
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Figure 3.2: The posterior probability distribution of the parameters of interest.
The thicker lines delimit 0.5 probability interval, the thinner lines delimit 0.89
probability interval. The point signifies the mean value.

than those without it (89% CrI = (0.09, 0.26), mean = 0.18, sd = 0.054) The
89% high density intervals for the slopes of the interest are summarised on
Figure 3.2.

It seems that average rating changed across both factors. Longer items were
perceived as less natural, while too items were perceived as more natural. These
differences were not modulated by an interaction.

3.3 Experiment 7: self-paced reading

3.3.1 Design
The design of the experiment was the same as the design of Experiment 6.

3.3.2 Participants
73 participants were recruited for the self-paced reading study. First, we re-
cruited 20 participants using MTurk. Since the data seemed very noisy and
the accuracy of answers to the comprehension questions was low, the recruiting
platform was changed to Prolific, and additional 53 participants were recruited.

The participants were self-reported English native speakers and self-reported
US nationals. First 20 participants were compensated 3.00 USD, the remain-
ing 53 participants were compensated 2.30 GBP (3.25 USD at the time of the
experiment). This was calculated in the same way as in the previous experi-
ment, but we assumed that the experiment should take 15 minutes.

From the final tally of 73 accepted participants, 29 declared their gender to
be female (40%), 43 to be male (59%) and 1 (1%) declared “other/don’t won’t
to say”.
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3.3.3 Procedure
The procedure largely followed the procedure from the previous self-paced read-
ing experiments with one important change. The task was implemented as a
stationary window, and not a non-cumulative moving window. Participants
would see a blank space in the middle of their screen (rendered as a line).
When they pressed a key on the keyboard the line would disappear and in its
place the first word appeared. Subsequent key presses changed the appearing
word into the one following it. This would continue until all the words from
a given item were shown. Periods and commas were shown with the words
preceding them. The paradigm choice resulted from the nature of the stimuli.
The long discourse fragments made it more difficult to control the placement
of the critical regions on the screen. For example, in a moving window, one has
to take care of the line-breaks; having a line-break before or after the critical
region will most likely influence reading speed. Stationary window paradigm
allows to simply disregard such issues, since every word is presented separately
at the center of the screen.

The experiment used the same target items and filler items as Experiment 6,
the control items were removed. Out of 48 items 20 (13 target items and 7
filler items) were followed by a comprehension question. In the same way as
in the previous experiments, participants were informed if their answer to a
comprehension question was incorrect (see Section 2.3.2).

3.3.4 Predictions
The predictions are the same as in the previous self-paced reading experiment,
with a caveat that the stimuli are discourse fragments and not sentences. As
a remainder the predictions are briefly presented below, see Section 2.3.3 for
more details.

As previously, there are two specific predictions for this experiment. First,
we predict that the target regions in the longer sentences will be read faster than
in the shorter sentences. Second, we expect that the change in the processing
difficulty will be more pronounced with growing distance in the too sentences
than in the nil sentences. This is expected to come about as an interaction
between the trigger and distance; when comparing the effect of distance between
the trigger conditions, there should be a slowdown due to distance in the too
conditions relative to the nil conditions.

Data Trimming

Before the analysis, we considered the quality of the data. From the 73 partic-
ipants, those with the correct answer ratio below 0.7 were removed from data.
This resulted in the removal of 5 participants from the data and as a result we
ended up with 68 participants in total.

Additionally, time measurements which were under 50 ms or above 3000 ms
were removed from the results assuming that natural reading process measured
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by a self-paced reading task should result in RTs within these bounds. Similar
data trimming was done for example by (Futrell et al., 2021). This resulted in
the removal of 0.5% of data.

Data analysis of the final data from 68 participants was also highly resem-
bling the data analysis conducted for the previous self-paced reading experi-
ment.

Model Specification

We fitted a Bayesian mixed-effect model to the response time data, measured
at the pre-critical, critical (too or analogous word) and post-critical region.
The experimental factor trigger was coded using sum contrasts, with the nil
condition as −1 and the too condition as 1. The factor distance was also coded
using sum contrasts with the short condition coded as −1 and long condition as
1. Both of these variables were used as fixed effects in the model. Participants
and items were entered as random effects.

As in the previous analysis, an additional model was fitted to the data. This
model used the exact number of words between the antecedent and the trigger
as the predictor. The rest of the model specification was exactly the same as
for the model described above.

Prior Probability Distribution

The same prior probability distributions were used as in the analysis of previous
self-paced reading experiments. For details see Section 2.3.4. Here, we only
briefly recall the families and parameter values. For the intercept we used a
normal distribution with µ = 6 and σ = 1.5. For the slopes we used a normal
distribution with µ = 0 and σ = 0.1. Prior distribution used for the standard
deviations of the random effects and for the residual variance was a truncated
normal distribution with µ = 0 and σ = 1. For the random effects correlation
between the intercept and the slope we used the LKJ distribution (Lewandowski
et al., 2009; Stan Development Team, 2021) with η = 2. The results are reported
on the log-ms scale.

3.3.5 Results
The reading times across two regions before and after the critical region are
summarized on the figure 3.3.

At the pre-critical region the difference between the distance conditions was:
−0.01 log-ms (89% CrI: (−0.03, 0.007)). This suggests that the long condition
was read faster than the short, although the credible interval crosses 0, so the
opposite direction of the effect is also compatible with the data. The latter is
much less likely, given that the bulk of the probability density is below 0. The
difference between the trigger conditions was −0.001 log-ms (89% CrI: (−0.02,
0.01)), meaning that it is more likely that too conditions were read faster than
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Figure 3.3: Descriptive summary of reading times in Experiment 7. The points
denote mean reading times across conditions. These were computed by taking
an average of all the data points for each condition, i.e. without grouping by
participants or items. The bars represent bootstrapped 0.95 confidence inter-
vals.

nil. However, the interval has almost the same amount of probability density
below and above 0 which means that the direction of the effect is inconclusive.
The estimate of the interaction is very close to 0, namely 0 log-ms (89% CrI:
(−0.02, 0.01)) suggesting that the two factors did not interact.

At the critical region, the main effect of trigger was −0.002 log-ms (89%
CrI: (−0.02, 0.01)). This suggests either no difference or very small negative
difference between the conditions, i.e. the “too” condition could have been read
a little faster than the “nil” condition. The main effect of distance was −0.01
log-ms (89% CrI: (−0.03, 0.001)). Since the probability density of the 89%
credible interval is on the both sides of zero, the direction of the effect is not
conclusive. However the region has more density below zero which means that
it is more likely that the participants were reading the word faster in the “long”
condition than in the “short” one. The interaction effect was 0 log-ms (89% CrI:
(−0.01, 0.01)) which suggests that, as was the case at the previous region, the
two factors did not interact.

At the post-critical region the effect of distance was: −0.01 log-ms (89% CrI:
(−0.03, 0)), which suggests that the long condition was read faster than the
short condition. In case of the trigger, the difference between the conditions is
much less pronounced: −0.003 log-ms (89% CrI: (−0.02, 0.01)). The estimate
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Figure 3.4: The posterior probability distribution of the parameters of interest
at the post-critical region. The thicker lines delimit 0.5 probability interval,
the thinner lines delimit 0.89 probability interval. The point signifies the mean
value.

suggests that too conditions were read faster, but the spread of the credible
interval shows that the opposite direction is also highly likely. The interaction
between the two factors was much more likely to be positive: 0.006 log-ms
(89% CrI: (−0.009, 0.02)), meaning that the difference between the distance
conditions was more likely to be smaller in the too conditions than in the nil
conditions.

For the second model the interaction effect was: 0.0006 log-ms (89% CrI:
(−0.01, 0.02)), meaning that it was less pronounced than the posterior dis-
tribution of the interaction coefficient in the previous model. The estimated
effect of distance was: −0.01 log-ms (89% CrI: (−0.03, 0)), matching precisely
the estimates of the previous model. The estimate of the effect of trigger is,
unsurprisingly (since the coding of the trigger did not change), not different
compared to the previous model: −0.003 log-ms (89% CrI: (−0.02, 0.01)).

3.3.6 Discussion
Judging just by the means of the posterior distribution at the post-critical
region, one could say that the experiment largely replicates two previous self-
paced reading studies. However, such an interpretation disregards the uncer-
tainty of the estimates. For all the predictors, large parts of 89% credible inter-
vals are on both sides of 0, suggesting that both positive and negative values
are compatible with the data. The uncertainty of the estimates can be seen
particularly well on Figure 3.4, and when comparing it to Figure 2.11 from
Experiment 5.

The uncertainty of the results, makes them a bit tricky to interpret. Within
the assumed framework, there is no reason to believe that the effect only occurs
within a sentence. It is really quite unlikely that memory retrieval suddenly
stops at sentence boundaries. One could be tempted to think that the distance
manipulation did not manage to interfere with the retrieval process in the
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same way as it did in the previous experiments. The results, however, do not
support such an interpretation. On Figure 3.4 one can see that both trigger and
distance estimates are similarly inconclusive. It seems more likely that there
is something wrong with the experiment in general and not with a particular
manipulation.

It could be the case that measurements at discourse level are more noisy
in general. Discourse fragments are inherently more complex than sentences. A
phenomenon which is easy to observe at a sentence level could be difficult to
find at a discourse level, just because of the increased complexity. But before
concluding that the phenomenon we are interested in cannot be observed in
discourse, we can apply one simple improvement to the current experiment.
Recall that this experiment used the stationary window paradigm, while the
previous experiments all used non-cumulative moving window paradigm. The
reading process is a bit unnatural in a stationary window paradigm; in most
settings we do not read by keeping our gaze focused in one point and tending
to words while they appear in front of our eyes. Redoing the experiment in a
non-cumulative moving window could possibly result in less noisy observations.

3.4 Experiment 8: self-paced reading

3.4.1 Design
This experiment was a self-paced reading study which perused the same design
as Experiment 7. Some nonessential changes were applied to the stimuli, to
improve how they sounded.

3.4.2 Participants
79 participants were recruited for the experiment using Prolific. The partic-
ipants were compensated 3.00 GBP for taking part in the experiment. The
experiment took, on average, 16 minutes and 46 seconds to finish, therefore the
participants would get 10.73 GPB per hour, on average. The participants were
self-reported English native speakers.

From the final tally of 79 accepted participants, 45 declared their gender to
be female (57%), 31 to be male (39%) and 3 (4%) declared “other/don’t won’t
to say”.

3.4.3 Procedure
The experimental procedure closely resembled the one used in the previous
experiments. The differences are listed below. Sets of 24 target items and 24
filler items were used. The target items were distributed across 4 lists in a Latin
square design, and so each participant saw 6 items for each possible condition.
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Out of 48 items 28 (17 target items and 11 filler items) were followed by a
comprehension question.

Unlike Experiment 7, this experiment was conducted in a noncumulative
self paced reading moving window paradigm. Since the stimuli consisted of
quite long text fragments, line breaks were inserted manually to ensure that
the regions of interest will not end up before or across the line break.

3.4.4 Predictions
The predictions are the same as in the previous self-paced reading experiment.

3.4.5 Data analysis
Data trimming

Every participant answered at least 70% of comprehension questions correctly.
For this reason no participant was removed. Time measurements which were
under 50 ms or above 3,000 ms were removed from the results. Similar data
trimming was done for example by (Futrell et al., 2021). This resulted in the
removal of 0.46% of data.

Model specification

Four types of models were fit to the data. All the models assumed reading
times as outcome and two grouping levels: participants and items. Slopes and
intercepts were allowed to vary across levels of each of these groups.

The first type (base) used experimental factors trigger, distance, and their
interaction as predictors. Trigger was coded using sum contrasts, with the nil
condition as −1 and the too condition as 1. The factor distance was also coded
using sum contrasts with the short condition coded as −1 and long condition
as 1. The model was fit to the response time data, measured at the critical,
post-critical, and post-post-critical region. These models were used to estimate
the differences between the experimental conditions.

The second type (words) was almost the same as the previous type, but
the distance predictor was specified differently. That is, distance was defined
as the exact number of words between the antecedent and the trigger. Before
fitting the model this value was scaled (z-transformed). For this model, only
the estimates from the post-critical region are reported. This model was used
to explore whether the exact amount of words as a predictor will result in
estimates of similar magnitude as in the base models.

The third type of models (nested) were used to quantify an effect of distance
for a given trigger level. These were specified in exactly the same way as the
nested models in Section 2.6.5.

Final, fourth type of model (distance), was used to check the effect of dis-
tance in regions other than critical and post-critical. Here, we first pooled the
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data from the regions starting at the region critical −5, i.e. the first region at
which the distance manipulation could be detected, up to pre-critical and post-
post-critical (excluding the critical and post-critical region). Post-post-critical
was the last region at which all the items had measurements. To these data, we
fit a similar model as before but without the trigger predictor. After this, we
also examined the effect of distance at each of those particular regions. This
was done to check for secondary support to the initial explanation proposed
in Chapter 2, i.e. that the retrieval of the antecedent is erasing the general
speed-up. The reasoning was that, if there is a general speed-up, we should
be also able to observe it in other regions than just the critical and the post-
critical. These nested and distance models used 4 sampling chains with 6,000
samples drawn from each chain. 2,000 samples from each chain were discarded
for warm-up, hence each model had 16,000 samples available for the analysis.
Differences between the models can also be seen in Table 3.1.
Table 3.1: Comparison of model types. Predictor signifies the linear predictor
in the model, specified here using R formula language, where a * b means sum
of a and b and their interaction. In the predictor, by item and by participant
adjustments are omitted. Predictors too_dist, nil_dist and dist_sc are de-
scribed in the text. Column data specifies the region to which a given model
was fit: 0 is the critical region, 1 post-critical, etc.

name predictor data
base dist * trig 0, 1, 2
nested too_dist + nil_dist 0, 1, 2
words dist_sc * trig 1
distance dist * region pooled -5 to -1 and 2

Prior probability distribution

The priors used were the same as the ones used in the previous experiment.
These are briefly recounted below. For the intercept we used a normal distri-
bution with µ = 6 and σ = 1.5. For the slopes we used a normal distribution
with µ = 0 and σ = 0.1. Prior distribution used for the standard deviations
of the random effects and for the residual variance was a truncated normal
distribution with µ = 0 and σ = 1. For the random effects correlation between
the intercept and the slope we used the LKJ distribution (Lewandowski et al.,
2009; Stan Development Team, 2021) with η = 2. For a more detailed discus-
sion of the prior probability structure see Section 2.3.4. Model estimates are
reported on the log-ms scale.

3.4.6 Results
The descriptive summaries of the reading times across conditions for one word
before and two words after the critical region (the additive too and the corre-
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Figure 3.5: Descriptive summary of reading times in Experiment 8. The points
connected by dashed lines denote mean reading times across conditions. These
were computed by taking an average of all the data points for each condition,
i.e. without grouping by participants or items. The bars represent bootstrapped
0.95 confidence intervals.

sponding word in the nil condition) are shown on Figure 3.5.
At the critical region, the main effect of trigger was −0.02 log-ms (89%

CrI: (−0.04, −0.008)). This suggests a negative difference between the condi-
tions, i.e. the too condition was read a little faster than the nil condition. The
main effect of distance was −0.009 log-ms (89% CrI: (−0.02, 0.003)). Since the
probability density of the 0.89 credible interval is on the both sides of zero, one
cannot conclusively infer the direction of the effect from the estimate. However,
the region has much more density below zero which means that it is more likely
that the participants were reading the word faster in the long condition than
in the short one. The interaction effect was 0.005 log-ms (89% CrI: (−0.008,
0.02)). This suggest that the difference between the long and short conditions
was smaller in the too conditions, than in the nil conditions, although a caveat
similar to the distance results applies here also.

The interaction effect is easier to interpret with the help of the nested
model. At the critical region, the effect of distance within the too condition was
−0.004 log-ms (89% CrI: (−0.02, 0.01)), and the effect of distance within the
nil condition was −0.01 log-ms (89% CrI: (−0.03, 0.003)). The results suggest
that long was read faster than short in both conditions even though the credible
intervals include zero and thus, the speed-up should not be taken as conclusive.
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At the post-critical region, the main effect of trigger was −0.02 log-ms (89%
CrI: (−0.03, −0.005)), which suggests a negative difference between the condi-
tions, i.e. the too condition was read faster than the “nil” condition. The main
effect of distance was −0.01 log-ms (89% CrI: (−0.02, 0.001)). Resembling the
case of the critical region, the probability density of the 89% credible interval
is on the both sides of zero, but most of the density is below zero. Therefore,
it is more likely that the participants were reading the word faster in the long
condition than in the short one. The interaction effect was 0.01 log-ms (89%
CrI: (0, 0.02)). This suggest that the difference between the long and short,
which was negative as the main effect, was diminished or even (as we indeed
will see) reversed in the too condition. The posterior probability distribution of
the parameters is summarized on Figure 3.6.

Again, let’s turn to the nested model to better understand the interaction
effect. At the post-critical region, the effect of distance within the too condition
was 0.001 log-ms (89% CrI: (−0.01, 0.02)), which means that it is more likely
that the too condition took more time to read in the long than in the short con-
dition. However, since the credible interval crosses zero these estimates should
not be taken as conclusive. The effect of distance within the nil condition was
−0.02 log-ms (89% CrI: (−0.04, −0.005)), which means that the long condition
was read faster than the short condition.

For the post-post-critical region, results are very similar. The main effect of
trigger was −0.02 log-ms (89% CrI: (−0.03, −0.008)), that is, the too condition
was read faster than the nil condition. The main effect of distance was −0.004
log-ms (89% CrI: (−0.01, 0.006)), suggesting almost no difference between the
conditions. The interaction effect was 0.007 log-ms (89% CrI: (−0.003, 0.02)).
Which means that the difference between the “long” and “short” conditions
was smaller in the “too” conditions, than in the “nil” conditions.

The nested model fit to the post-post-critical region, estimates the effect of
distance within the too condition as −0.004 log-ms (89% CrI: (−0.02, 0.01)),
that is there was no clear difference in reading times between the distance con-
ditions. The effect of distance within the nil condition was −0.01 log-ms (89%
CrI: (−0.03, 0.003)), which means that it is more likely that the participants
were reading the long condition faster than the short condition, but since the
credible interval crosses zero, the estimates are inconclusive.

For the words model the interaction effect was: 0.01 log-ms (89% CrI:
(0.0008, 0.02)), closely matching the posterior distribution for interaction of
the base model. The estimated effect of distance was: −0.01 log-ms (89% CrI:
(−0.02, 0)), which is very similar compared to the base model. The estimate
of the effect of trigger is also not very different compared to the base model:
−0.02 log-ms (89% CrI: (−0.03, −0.005)).

3.4.7 Discussion
The 89% credible interval of the estimate of the interaction parameter is pre-
dominantly situated on the positive side in the critical and the post-post-critical
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Figure 3.6: The posterior probability distribution of the parameters of interest,
from the model fit to the post-critical region. The thicker lines delimit 0.5
probability interval, the thinner lines delimit 0.89 probability interval. The
point signifies the mean value. The plot on the left shows main effects, the plot
on the right shows effects of distance nested within a given trigger level.

region, and it is fully situated on the positive side in the post-critical region.
The finding in the post-critical region replicates what we observed in Experi-
ment 5, and with a caveat that these results were more uncertain, what was also
observed in Experiments 4, and 7. In the nested comparison of the post-critical
region, we see that the interaction is driven by the speed-up in long items in
the nil condition, which is crossed with a slowdown in long items in the too
condition. The slowdown due to distance in the too condition, however, was
not fully conclusive, since the credible interval crossed zero. In Experiment 5,
we suggested that this can be explained as an interplay of two effects: readers
speed up during reading, hence the speed-up due to distance in the nil condi-
tion; whereas the retrieval process is more effortful when the antecedent being
retrieved is further away, hence the lack of speed-up or even slowdown in the
too condition. We assume the same explanation to interpret the interaction in
this experiment.

We can explore this explanation further since the short and long conditions
were matched in several words preceding the critical region. Somewhat ab-
stractly, we can represent the situation in this experiment as in (1). Sentence1,
Sentence2 and Sentence3 are matched across the short, long conditions. Sen-
tence3 includes the crucial manipulation, the additive particle too that triggers
retrieval. We can go up to 5 words back to the beginning of Sentence2 to explore
the effect of distance on matched words before too was read.

(1) (short) Sentence1. Sentence2. Sentence3.
(long) Sentence1. …extra material …Sentence2. Sentence3.

If our explanation is right, we expect to find a speed-up in these regions. In
fact, the findings are mixed. When we pool regions in Sentence2 and Sentence3
before the critical region, but including the post-post-critical region, we see
a tiny negative effect, corresponding to the expected speed-up: −0.002 log-
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ms (89% CrI: (−0.01, 0.008)). However, as we can see the credible interval is
situated almost exactly around 0. When we look at individual words, we see
a clear negative effect (i.e. faster reading in longer distance) at the region −4,
four words back from the critical one: −0.02 log-ms (89% CrI: (−0.04, −0.006)).
It is probably relevant that in this region a clause (Sentence2) ended in 18 out
of 24 items and there was a line break in the majority of test items after this
word. In this respect, it might be worth pointing out that the critical region,
which is the first next region to show quite clear speed-up effect of distance,
is also the end of a clause, which is signalled by a comma, and followed by
a gerund clause. However, it is not clear why we would see a spillover of the
speed-up effect to the post-critical and the post-post-critical regions, but no
comparable spillover from the region −4. Thus, while we have some evidence
that the speed-up effect of distance can be found outside of the critical and
the post-critical regions, the evidence is not entirely conclusive, since only one
region shows this effect clearly.

The results at the post-critical region replicate the results from the self-
paced reading experiments described in Chapter 2 even though this study looks
at retrieval across a series of sentences, while the experiments in the previous
chapter investigated the effect of distance within a clause. This suggests that
memory processes involved in the retrieval of the antecedent of too might be
similar both at the sentence level and at the discourse level.

As can be seen in Figure 3.5 the data are noisier than in the previous
experiment. This can be related to the stimuli being discourse fragments instead
of simple sentences.

3.5 A pooled model
So far, in Chapter 2 and 3, we discussed 8 experiments: 3 acceptability judge-
ment experiments, and 5 self-paced reading experiments. Most of these exper-
iments are similar. All of them were trying to test the same thing, i.e. whether
linguistic distance influences the retrieval of antecedents of too. Many of them
perused the same (or highly similar) design, and often manipulated the exper-
imental factors in the same way. These facts allow us to take advantage of the
Bayesian paradigm and fit models to the data pooled from a subset of the ex-
periments for a particular task type. Such a procedure allows to check to what
trend the data point when taken together.

The subset of the experiments used for the model was determined by a mix
of theoretical and practical reasons. Experiments 1, and 2 were excluded from
the pool because the mistake in the setup makes it unclear what is actually
being measured (see Section 2.3.6), and so including them would only increase
the noise. Experiment 7 used a different self-paced reading paradigm (stationary
window), which means that the comparison to the other self-paced reading
studies is less evident. Finally, Experiment 4 was not included because I did
not have enough time to do it. Note that, even if, the exclusion of Experiments
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1 and 2 is rather justified, one could still include data from Experiment 7
(and obviously Experiment 4); estimates from a model fit to such a pool would
just have a different interpretation than the one described below. After all
the exclusions we are left with self-paced reading Experiments 5 and 8, and
acceptability judgment Experiments 3 and 6. Data from these experiments
were used in the analysis.

In addition to parameter estimation, we calculate Bayes factors on the
pooled data to compare two hypotheses of interests. There are some impor-
tant caveats to be made here. Bayes factor is somewhat controversial (see e.g.
Navarro, 2019; and Gelman et al., 2003, pp. 182-184). One reason for this sta-
tus is that Bayes factor is “highly sensitive to and crucially depends on prior
assumptions about model parameters” (Schad et al., 2021, p. 6). We tried our
best to be cautious, but the reader should keep in mind these possible short-
comings. We think that the Bayes factor estimation is useful, but it should be
mostly treated as an addition to the main content of the analysis. For a good
overview of the Bayes factor methodology see Schad et al. (2021).

In model estimation used for the calculation of Bayes factor for the self-
paced reading experiments we used 4 chains with 30,000 iterations per chain and
2,000 warmup iterations. The stability of the obtained estimates was checked by
fitting the models (the null model and the alternative model) 4 times, estimat-
ing the marginal likelihood for each of these fits via bridge sampling, and finally,
computing Bayes factor from these estimates. In the case of the acceptability
judgement experiments, a slightly different approach was used. The procedure
just described was conducted for a model with a prior probability distribution
for the slope of the interaction with µ = 0 and σ = 0.5. This model used 4
chains with 15,000 iterations per chain and 2,000 warmup iterations. The sta-
bility of these estimates was checked by completing the estimation procedure
5 times, but only for this particular model. Since the estimates were stable,
estimation of the Bayes factor for different values of σ used 15,000 samples and
their stability was not checked.

As was mentioned above, Bayes factor was used to compare two hypotheses.
In the first hypothesis, which we label H1, it is assumed that next to the effect
of the trigger (too vs. nil) and the effect of distance, the interaction term trigger
× distance as a fixed effect influences reading times. In the second hypothesis,
which we label H0, it is assumed that the interaction term does not influence
reading times. Using the common notation of R model formula, we write these
two hypotheses as the following two formulae:

(2) H1 log(rt) ∼ 1 + distance * trigger +
(1+ distance * trigger | participant) +
(1+ distance * trigger | item )

H0 log(rt) ∼ 1 + distance + trigger +
(1+ distance * trigger | participant) +
(1+ distance * trigger | item)
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3.5.1 Data preparation
For each experiment type (i.e. acceptability judgment and self-paced reading),
we took all the collected data and treated them as if they were gathered in one
experiment in which subsets of participants saw subsets of items.

For the self-paced reading tasks, we only considered data from the post-
critical regions in both experiments. To such dataset we fit a model with random
intercepts and slopes for participants and items. Fixed effects were distance,
trigger and their interaction. The predictor trigger was sum-coded with nil =
−1, and too = 1. The predictor distance was the number of words between
the antecedent and the trigger z-normalized, i.e., rescaled to a mean of 0 and
standard deviation of 1.

For the acceptability judgment experiments we treated the data in a similar
way, but since the distance factors differed between the experiments (4 levels in
the first experiment and 2 levels in the second), we took a subset of items from
the first experiment (levels labelled 0 as short and 8 as long) and fit models to
this subset. The distance was sum coded with the long distance coded as 1 and
the short distance as −1.1

3.5.2 Results
First, we consider self-paced reading data. We report the estimates of the
models with the interaction. The main effect of the trigger was −0.02 log-
ms (89% CrI: (−0.03, −0.008)). The negative credible interval shows that the
post-critical regions are more likely read faster in the too condition than in
the nil condition. The main effect of distance was −0.02 log-ms (89% CrI:
(−0.03, −0.006)). This means that the participants read the post-critical re-
gion faster when the distance was bigger. Finally, the interaction effect was
0.02 log-ms (89% CrI: (0.008, 0.03)) This shows that the negative effect of dis-
tance was diminished or even reversed in the too condition. The interaction
estimate replicates the findings from individual experiments and supports our
hypothesis that increased distance is problematic for presupposition resolution
because of more effortful retrieval of the antecedent.

1A more complete model for the pooled data would also account for the source of the data,
i.e. from which experiment the data comes. Such a model would assume an additional group
experiment and would estimate the parameters for that group also. However, when we tried
this, we encountered issues with the convergence of the model, and hence we decided to use
the described model instead.
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Table 3.2: Bayes factors (BF10) for the self-paced reading studies for the models
in which the prior distribution of the interaction term was normal distribution
with mean centered at zero and standard deviation a value from the list 0.01,
0.05, 0.10, 0.20, 0.50.

σ BF10 (mean) BF10 (individual runs)
0.01 13.32 15.4, 14.8, 12.1, 10.9
0.05 7.84 8.5, 5.8, 8.5, 8.7
0.10 4.70 4.6, 4.6, 5.5, 4.1
0.20 2.07 1.8, 2.3, 2.3, 1.9
0.50 0.82 0.9, 0.8, 0.8, 0.8

For the acceptability judgment the main effect of the trigger was 0.21 log-
odds (89% CrI: (0.08, 0.35)). Suggesting that the too condition was judged as
more natural than the nil condition. The main effect of distance was −0.34 log-
odds (89% CrI: (−0.47, −0.21)). This means that the participants judged longer
sentences as worse on average than short sentences. The interaction effect was
−0.08 log-odds showing that the effect of distance was greater (more negative)
in the too condition, but the credible interval included zero (89% CrI: (−0.19,
0.02)).

Table 3.3: Bayes factors (BF10) for the acceptability judgment. Listed are the
models in which the prior distribution for the interaction term was normal
distribution with mean centered at zero and standard deviation a value from
the list 0.005, 0.009, 0.05, 0.1, 0.3, 0.5.

σ BF10

0.00 1.13
0.01 1.04
0.05 1.04
0.10 0.98
0.30 0.47
0.50 0.35

We now turn to the comparison of the two hypotheses H0 and H1 using
Bayes factor. Since, as mentioned above, Bayes factor is sensitive to assump-
tions about prior distributions (Gelman et al., 2003; Navarro, 2019; Schad et
al., 2021), we provide a sensitivity analysis. This means that we check several
priors for the part of the model in which H0 and H1 differ, i.e., the interaction
term distance × trigger.

The summary of the sensitivity analysis for Bayes factor BF10 regarding the
self-paced reading studies is provided in Table 3.2. In this sensitivity analysis,
the prior distribution for the interaction term is normal with µ centered at zero
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and σ one value from the list 0.01, 0.05, 0.10, 0.20, 0.50. We chose these values
for σ since small values (0.01 and 0.05) restrict the interaction term within the
most plausible range and should thus lead to BF10 that shows evidence in favor
of the model with the interaction term, H1 (provided data support H1). The
remaining values (0.1, 0.2, 0.5) are unreasonably large and overestimate the
effect size of the interaction term and thus, it is likely that somewhere among
these values, we will observe that BF10 should become smaller than 1 and thus
reveal evidence in favour of H0, the model without the interaction term.

A similar reasoning could be applied to the sensitivity analysis of Bayes
factor regarding the acceptability judgement. Again, we decided to use a normal
prior distribution with µ set to 0 and σ taking values from the list 0.005, 0.009,
0.05, 0.1, 0.3, 0.5. We assumed that the smaller values of σ should provide more
evidence for the model with the interaction term and the larger for the model
without the interaction term, but note that here we do not really have a good
reference point for what effect size should be expected.

In Table 3.2, we see that when standard deviation of the prior distribution
is ≤ 0.2, Bayes factor estimates show evidence in favour of the model with the
interaction, and only when standard deviation is quite large, σ = 0.5, BF10 is
smaller than 1, showing evidence in favour of the null model (the model without
the interaction term). This decrease of evidence in favor of H1 is not surprising,
given that other studies of interference effects in memory retrieval found clear
evidence in favor of H1 only when the effect was small (Schad et al., 2021).

Among the values considered, there is a maximum, (BF10 = 13.3), when
standard deviation is 0.01, i.e., the observed data in the pooled model are
13.3 more likely to occur under H1 than H0 in this case. This size of BF10

is sometimes labeled as moderate-to-strong evidence in favor of the full model
(van Doorn et al., 2021).

Regarding the acceptability study, we see in Table 3.3 that no values of σ
provide evidence for the model with the interaction. In fact, the estimates for
most values of σ are close to 1, which means that there is no change in evidence
for either of the models, as far as acceptability studies are concerned.

3.5.3 Discussion
In the pooled reading studies, we see that the 89% credible interval for the
interaction parameter lays on the positive side of 0 indicating that for the
pooled model it is likely that the effect is positive. Moreover, the Bayes factor
estimates indicate that there is clear evidence (moderate-to-strong in the range
of most reasonable priors) in favor of the H1 model. There was no evidence
in favor of the interaction model in case of the pooled acceptability studies,
that is, the detectable slowdown in reading does not translate to decreased
acceptability in our experiments.

The sensitivity analysis of Bayes factor shows the relationship between the
standard deviation of the prior distribution on the interaction parameter, and
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the strength of evidence for the full model (the model with the interaction
term).

The interaction term expresses the difference between the effect of distance
in the too condition and the effect of distance in the nil condition. The model
fitted to the pooled data predicted the mean estimate of the interaction term
as 0.0173 log-ms. It is easier to interpret these estimates on the ms scale. At
the intercept estimate of the model, this corresponds to the difference of 14 ms.
The difference is calculated as follows:

(3) exp(Intercept + βint) − exp(Intercept − βint) = exp(6 + 0.0173) −
exp(6− 0.0173)

This means that at the intercept (here, the grand mean reading time), we
expect 14 ms of difference per one unit of distance. Recall that the distance is
measured in the scaled number of words between the beginning of the text and
the trigger. On this scale, one unit of distance corresponds to 6.2 words.

3.6 General discussion
In this and the previous chapter, 8 experiments were discussed. These experi-
ments investigated retrieval needed to correctly interpret utterances with the
presupposition trigger too. The trigger used in the experiments is an example of
a linguistic element that forms a semantic dependency, which is not mediated
by particular syntactic constructions.

Across almost all of the experiments it was found that participants slow
down more when distance grows in sentences with the presupposition trigger
(too), than in the baseline sentences which lacked the presupposition trigger.
This is compatible with the assumption that too triggers retrieval and that
retrieval is cue-based or that the activation of memory traces is subject to
temporal decay. Some outstanding issues are discussed below.

3.6.1 The size and source of the effect
The results of the experiments provide evidence that reading is slowed down
when the antecedent is farther away from the trigger, the additive particle too.
However, given that retrieval of the antecedent is needed, and given that it
seems clear that this retrieval should be more taxing with longer distance, it
should not be difficult to find evidence for this distance effect. Yet, the effects
in both experiments are small and uncertain. The strength of this evidence, as
quantified by Bayes factor, is conditional on the prior distribution for the slope
of the interaction used in the model. We saw moderate to strong evidence for
models with prior distributions that assume rather small effects sizes.

Notice, however, that memory retrieval effects seem to be small in general
(Jäger et al., 2017). Their small effect size is also what makes them difficult to
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establish. As an example, consider facilitatory interference effects in antecedent-
reflexives constructions. A study by Dillon et al. (2013) found no facilitation,
but a later experiment which collected data from many more participants (Jäger
et al., 2020) did find some such effect.

The size of the effect also provides clues as to how we should reason about
its source. It is usually assumed that the retrieval can happen either via a serial
search mechanism or via a direct-access, cue-based mechanism (McElree et al.,
2003). The former is a costly mechanism, the parser has to attend to every
possible item in search for a match. To believe that a similar mechanism is
responsible for retrieval in presented experiments, we would expect a drastic
slowdown with every additional candidate. We did not observe such a slow-
down. Rather, the approximate size of effect is comparable with the findings
on retrieval in syntax. Assuming that only these two possibilities are on the
table, we are compelled to conclude that the responsible mechanism is direct
access.

The slowdown observed in the experiments could be interpreted as an ef-
fect of decay: the bigger distance resulted in a slower retrieval of the relevant
information because its representation in memory weakened with time. Inter-
preting the finding in terms of decay is compatible with cue-based theories of
retrieval, which can be cast in the framework in which temporal decay is one
of the factors affecting retrieval time (e.g., ACT-R Anderson, 2007b; Anderson
& Lebiere, 1998).

Another possibility is that the effect is driven by a different kind of cue from
the ones we assumed so far. The experiments assumed that all the cue-value
pairs other than the ones directly manipulated remained constant across the
conditions. However, there are cue-value pairs status of which might change
with distance. For example, salience of the licensing element might decrease
with distance. If the retrieval of the antecedent is guided by a cue salient,
and salience diminishes with distance, we would expect the parser to have
troubles retrieving the target.

3.6.2 Additive presupposition between retrieval and ex-
pectation

In Chapter 2 we argued that additive presuppositions trigger a retrieval process
on the basis of the fact that language users have the capacity to judge the felicity
of additive too given the presence or absence of appropriate material earlier in
the discourse. That is, the contrast between (4) and (5) shows that processing
too relies on recall of earlier parts of the discourse.

(4) Ann lives in Paris. Sue lives in France, #(too).
(5) Ann lives in Brussels. Sue lives in France, (#too).

The way we have presented the reliance on memory so far is in line with treating
presupposition as an anaphora-like phenomenon, as per quite a few proposals
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from semantic theory (Kripke, 2009; van der Sandt, 1992; van der Sandt &
Geurts, 1991). However, one aspect of the contrast between (4) and (5) may
be relevant for processing, yet does not follow from the anaphoric character
of additive presuppositions. Not only is the additive felicitous in (4), it is also
obligatory.2 That is, upon having processed Sue lives in France in (4), anything
other than an additive will be deemed infelicitous. This obligatory presence of
too is usually explained along the following lines. If Sue is a contrastive topic in
the second sentence and the additive is left out, then the presence of alternatives
to Sue would trigger the implicature that (out of the contextually salient set
of individuals) only Sue lives in France. But this implicature is contradicted
by what we just learned about where Anne lives. By presupposing that some
alternative is true in addition to the asserted one, exhaustification is cancelled.
This is because only one operation can associate with focus/contrastive topic
at one time. So, the presence of too precludes exhaustification from taking place
and this is why the additive is obligatory in (4) (e.g., Bade, 2016; Krifka, 1998;
Sæbø, 2004).

We do not believe this aspect of additive presuppositions drastically changes
the retrieval picture, though it may suggest a slightly different narrative about
what is behind our results. As explained above, the obligatory nature of too
makes it very predictable. This predictability is probably supported by various
factors, one of which is the parallelism in the items used in experiments in
Chapter 2, as for example in (6).

(6) The cook is a dancer and the waiter, who is a great boxer from southern
Amsterdam, dances too, I have been told recently.

When processing such a sentence, after arriving at the site of the verb in the
second clause (dances), participants can retrieve the predicate (is a dancer)
from the first clause and, as a result, predict too. This prediction is likely to
result in an increase in reading speed, but such a speed-up is preceded by
a retrieval effort, which is less costly for shorter sentences (since retrieval of
the previous predicate is less inhibited by the distracting predicates). Because
the items in experiments in Chapter 3 do not include the kind of parallelism
found in (6), it could be that the prediction of too is less profound in those
experiments, which could account for the noisier observations and smaller effect.

On this view, one may expect to see the effect of distance earlier, since the
retrieval happens at the verb, but it is likely such differences cannot be captured
in the self-paced reading paradigm. In short, then, we think that although the
predictability of too allows for a narrative that is slightly different from the
anaphoric processing framing we used elsewhere, the overall predictions are
not so different, since the kind of retrieval involved is the same.

2Note, that there are some exceptions to the obligatoriness of too. For instance, too is not
obligatory in lists: Sue lives in Paris, Anne lives in Paris, Bo lives in Paris, all my friends
live in Paris! Too can also be skipped when the fragment continues, e.g. ... Sue lives in
France but commutes to Rome. is fine. None of the examples that we looked at in this work
are like this, however.
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3.6.3 Slowing down or just not speeding-up?
The starting point in Chapter 2 was to combine insights from semantic ap-
proaches to additive presuppositions with psycholinguistic findings on memory
retrieval. The combination lead us to the hypothesis that increase in distance
between the additive too and the antecedent should result in more costly re-
trieval, which should translate into slowdown in reading. In most presented
self-paced reading experiments, this slowdown in too was observed, but cru-
cially, the slowdown was observed with respect to the baseline, that is, the sen-
tences that lacked the additive. Furthermore, as we saw, an increase in distance
caused speed-up in the baseline. A slowdown in sentences with too relative to
this baseline means, in absolute measures studied in nested comparisons, no
speed-up/slowdown (e.g. Experiments 4 and 5) or slowdown which, however,
is not fully conclusive (Experiment 8).

We suggested that the speed-up in the baseline is expected independently,
based on previous findings that show that readers speed up as they proceed in
reading text (Demberg & Keller, 2008; Dotlačil, 2021; Ferreira & Henderson,
1993; see also Vasishth & Lewis, 2006, p. 780). Furthermore, we claimed that
the fact that we observe slowdown compared to the baseline but no absolute
slowdown in sentences with too should be understood as arising by the combi-
nation of two factors. On one hand there is a slowdown caused by more costly
retrieval when the distance from the antecedent increases. On the other hand,
readers read longer texts and therefore, they should speed up. The net result
is potentially no observable absolute slowdown in sentences with too.

The reverse side of this interpretation is that what is explained are small
differences in the too conditions, and not big differences in the nil conditions
(compare the results from the nested models in Experiments 4, 5, and 8).
Of course, those big differences are to some extent explained by the general
speed-up with distance, but it should be stressed here that we consistently
observe speed-ups around critical regions and not really anywhere else (recall
that the evidence for general speed-up we tried to quantify in Experiment 8
was inconclusive). Ultimately, the reason why these results should be regarded
as being in line with the initial hypothesis, is of a theoretical nature. As was
explained, there are strong reasons to believe in the memory related slow-down
modulated by distance related speed-up, while there are no obvious reasons to
believe in speed-ups in nil conditions caused by something else than distance.

Additionally, such a trade-off between speed-up due to increased sentence
length and slowdown due to harder retrieval was observed in other studies on
retrieval and was discussed among others by Futrell et al. (2020) and Levy and
Keller (2013). In those studies, however, the focus was on how specific read-
ers’ expectations, modeled in Surprisal Theory, interacts with distance effects
observed in retrieval.

One way to strengthen the results of the current study would be to design an
experiment in which the distance in too does not cause just a relative speed-up
but in which a slowdown can be seen irrespective of any baseline. Nicenboim et
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al. (2016) present an extended discussion of problems arising when researching
distance effects and could potentially be useful in constructing novel experi-
ments that would further strengthen results in this way.





CHAPTER 4

Alternative triggers for semantic distance effects in
discourse

4.1 Introduction
The past two chapters dealt with an additive too. But, as was mentioned in
Chapter 1, too is not the only presupposition-introducing additive. In this chap-
ter we are going to take a look at another such additive, namely the adverb
again. Both too and again belong to the class of additive particles, but they ex-
hibit quite different behaviour. As one example of such differences, consider the
presuppositions introduced by each of the expressions. These are schematically
presented in (1):

(1) a. Johnny cried tonight again.
→ There was some time before when Johnny cried.

b. Johnny cried tonight, too.
→ Someone other than Johnny cried (if Johnny has focus)

As can be seen, both of these introduce presuppositions, which have to be
satisfied in the active context for the utterance to be felicitous (Kripke, 2009),
about the existence of some entity similar to the one described in the utterance.
However, the two expressions put different constraints on the nature of such
entities. Again presupposes that there is a similar event which took place before
the one just described (see e.g. Bade, 2016, p. 8). Hence (1-a) presupposes that
other than tonight there was an earlier time when Johnny was also crying.

Nevertheless, the differences in the content of the presupposition does not
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seem to influence the need to use memory to ensure that the presupposition
is valid in the current context. To see this, suppose that (1-a) is uttered out
of the blue. A natural reaction to such an utterance, as Kripke (2009, p. 373)
points out, would be “what do you mean again”? However, when the preceding
context satisfies the presupposition, such a reaction would be unwarranted. As
was argued earlier (see Chapter 1 and 2, in particular Section 2.1.1), this is
because we retrieve information from the preceding context which allows us
to judge the presupposition as valid. And so, in what follows, it is assumed
that processes involved in the understanding of again and the presupposition
it carries are similar to the processes which guide the comprehension of too.

The chapter uses these assumptions to investigate further how additives are
processed. Experiment 9 is an attempt to replicate the distance effects observed
in Chapters 2 and 3 using the additive again. Experiment 10 uses the expression
yet again to investigate how the predictions of the upcoming additive influence
retrieval of the antecedent. The chapter ends with a general discussion.

4.2 Experiment 9: self-paced reading
The question behind this experiment is: is the processing profile of again in
discourse fragments similar to the processing profile of too? In particular, is
it possible to find distance effects in discourse fragments using again? Since
there is no good reason to believe that the resolution of the presupposition of
again does not involve memory retrieval, one should expect similar behaviour as
observed in Experiment 8. The goal of this experiment is to investigate such a
hypothesis. Secondary contribution of the experiment lies in using naturalistic,
literary discourse fragments in the stimuli.

4.2.1 Design
Experiment 9 uses two factors: trigger and distance. Each of these factors has
two levels, which were crossed resulting in a 2 × 2 within participant design.
Stimuli consisted of medium-length, literary discourses. The distance factor
was manipulated by using an extra sentence in the long conditions. In the
short conditions the stimuli consisted of 2 sentences which were between 30
and 53 words long (median = 39), in the long condition 3 sentences were used
which were between 53 and 77 words long (median = 62). The extra sentence
in the long condition would add between 21 and 27 words (median = 23.5)
to the fragment. Trigger factor was manipulated by using the word again in
the again condition. In the nil condition the word was absent and the mean-
ing of the sentence was aligned with the rest of the discourse. Some care was
taken to ensure that the substituted phrase was comparable in length, mean-
ing, and structure but this was quite difficult to achieve, and most stimuli were
structurally mismatching in the critical region. In fact, only three items were
structurally perfectly aligned, in the sense that both conditions had a verb fol-



Alternative triggers for semantic distance effects in discourse 91

lowed by an adverb where the adverb was the critical region. However, since
the stimuli were longer discourses, the perfect alignment did not seem so per-
tinent. A more detailed discussion of the problems with the items takes place
in the general discussion, see also appendices for a tentative analysis of the
differences between the conditions. An example of an item is presented below
(for the explanation of line breaks see Section 4.2.3).

nil
short After the meeting,

Jamie interrupted Sandra to tell her about
his great new idea for the Maguire project. An hour later,
Jamie finished his emails, before heading out to buy coffee and muffins
for the office.

long After the meeting, Jamie
interrupted Sandra to tell her about his great
new idea for the Maguire project. It was certainly
a challenging project for the firm but the secret
to success, as he saw it, was in a newspaper-based
advertisement campaign. An hour later,
Jamie finished his emails, before heading out to buy coffee and muffins
for the office.

again
short After the meeting,

Jamie interrupted Sandra to tell her about
his great new idea for the Maguire project. An hour later,
Jamie disturbed Sandra again, before heading out to buy coffee and
muffins for the office.

long After the meeting, Jamie
interrupted Sandra to tell her about his great
new idea for the Maguire project. It was certainly
a challenging project for the firm but the secret
to success, as he saw it, was in a newspaper-based
advertisement campaign. An hour later,
Jamie disturbed Sandra again, before heading out to buy coffee and
muffins for the office.

Note that the design closely resembles the design used in previous experiments,
in particular there was no special effort made to include time related predicates
in the additional sentence. The purpose here is to replicate the initial results
and further confirm the presence of distance effects in processing of additives,
while disregarding what specific reasons might be the cause of such effects.
The experiment used 24 target items of the sort discussed above, which were
accompanied by 24 filler items. The fillers were short discourses, created by
modifying in an inessential way fillers from Experiment 6, so that the length
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of the fillers resembled that of target items more closely. Out of 48 items, 30
were followed by a comprehension question (12 fillers and 18 targets).

4.2.2 Participants
Participants were recruited using Prolific (www.prolific.com), in two batches.
In the first batch 41 participants were recruited. When analyzing the data
from this batch, we discovered a mistake in the stimuli – critical regions in
3 items were misaligned. After correcting the stimuli, we recruited additional
84 participants. From the final tally of 125 participants 65 (52%) declared
their gender as female, 58 (46.4%) declared their gender as male, and 2 (1.6%)
declared other or don’t want to say1. Participants were compensated 3.00 GBP
for their participantion, the experiment was assumed to take about 20 minutes
to complete. Participants were self-reported English speakers and self-reported
US nationals.

4.2.3 Procedure
The experiment was implemented in a self-paced moving window paradigm.
Line breaks were inserted manually, so that none of the regions of interest
(starting at pre-critical, i.e. one word before again, and ending at post-post-
critical) ended up immediately before or after the line break. To see how this
looked like in the actual experiment, see the line breaks in the item example
in Section 4.2.1. The maximum length of the line (counted as the number of
characters) was more or less similar across items and conditions. Since the
rendered line length is dependent on the screen size of the device used, the
participants were also constrained to use non-mobile devices; this was done via
Prolific’s screening options.

The outstanding details (welcome screen, practice trials, presentation of
items, comprehension questions, etc.) of the procedure were the same as in
the previous experiments, with following changes. There were 3 (instead of
2) practice items – the additional practice item was designed to span across
multiple lines on participants’ computer screen. Its purpose was to familiarise
participants with the length of the stimuli. Instead of providing 3 possibilities
(female, male, other/don’t want to say ) in the gender declaration form, we pro-
vided 4 by splitting the last option into: other, don’t want to say. Additionally,
the welcome message was updated, and some small typographical errors were
fixed. The experiment consisted of 4 conditions so the 24 target items were
distributed across 4 lists and participants were assigned to each of these lists
at random. Each participant saw 6 items from each of the 4 conditions.

1Unfortunately, because of a programming mistake it was impossible to distinguish be-
tween these two possibilities.
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4.2.4 Predictions
Since the setup of the experiment follows the reasoning of the experiments in
Chapter 2 and 3, the predictions are similar. To reiterate, there are two predic-
tions for this experiment. Following the common observation (e.g. Demberg &
Keller, 2008; Ferreira & Henderson, 1993) we predict that the target regions in
the longer conditions will be read faster than the corresponding regions in the
shorter conditions. Following the experiment’s with too, we also predict that
increasing distance in the sentences with again will make them more difficult to
process. As was the case in those experiments, this prediction is operationalized
as an interaction between the trigger and distance factors. In particular, this
interaction is expected to arise because of a slow-down with distance in again
conditions when comparing to the effect of distance in the nil conditions.

4.2.5 Data analysis
Data trimming

Before analyzing the data, the quality of the responses was examined. Out of
125 participants, 2 were removed from the results, since their ratio of correct
responses to the comprehension questions was ≤ 0.7. Additionally, time mea-
surements which were under 50 ms or above 3,000 ms were removed from the
results. Similar data trimming was done for example by (Futrell et al., 2021).
This resulted in the removal of 1.91% of data.

Model specification

The models fit to the data were exactly the same as in the previous experiment.
Their description is repeated below. The first model type (base) used experi-
mental factors trigger, distance, and their interaction as predictors. Trigger was
coded using sum contrasts, with the nil condition as −1 and the again condition
as 1. Therefore, estimates above (below) 0 should be interpreted as indicating
that the again condition was read slower (faster) than nil condition. The factor
distance was also coded using sum contrasts with the short condition coded as
−1 and long condition as 1. Hence, estimates above (below) 0 should be inter-
preted as indicating that the long condition was read slower (faster) than the
short condition. The model was fit to the response time data, measured at the
critical (again or analogous word), post-criticial, and post-post-critical region.
These models were used to estimate the differences between the experimental
conditions.

The second type of models (nested) were used to quantify an effect of dis-
tance for a given trigger level. These were specified in exactly the same way as
the nested models in Section 2.6.5, and fit only to the critical and post-critical
regions.
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Figure 4.1: Descriptive summary of reading times in Experiment 9. The points
connected by dashed lines denote mean reading times across conditions. These
were computed by taking an average of all the data points for each condition,
i.e. without grouping by participants or items. The bars represent bootstrapped
0.95 confidence intervals.

Prior probability distribution

The priors used were the same as the ones used in the previous self-paceced
reading experiments. They are briefly recounted below. For the intercept we
used a normal distribution with µ = 6 and σ = 1.5. For the slopes we used a
normal distribution with µ = 0 and σ = 0.1. Prior distribution used for the
standard deviations of the random effects and for the residual variance was a
truncated normal distribution with µ = 0 and σ = 1. For the random effects
correlation between the intercept and the slope we used the LKJ distribution
(Lewandowski et al., 2009; Stan Development Team, 2021) with η = 2. For a
more detailed discussion of the prior probability structure see Section 2.3.4.
Model estimates are reported on the log-ms scale.

4.2.6 Results
Figure 4.1 summarizes reading times across conditions. On the figure one can
see descriptive summaries of reading times, one word before and two words
after the critical region (the additive again or the analogous word).

Model estimates for critical, post-critical and post-post-critical region are
reported. We start with the critical region. The difference between the trigger
conditions at the critical region was −0.006 log-ms (89% CrI: (−0.02, 0.008)).
Therefore, the region in the again conditions was more likely to be read faster
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Figure 4.2: The posterior probability distribution of the parameters of interest,
from the models fit to the critical and post-critical regions. The thicker lines
delimit 0.5 probability interval, the thinner lines delimit 0.89 probability in-
terval. The points signify the mean value. Plots on the left show main effects
and the interaction, plots on the right show effects of distance nested within a
given trigger level.

than in the nil conditions. The fact that the credible interval has some proba-
bility density above 0 suggests that the opposite direction of the effect is also
compatible with the data. The difference between the distance conditions was
0 log-ms (89% CrI: (−0.01, 0.01)), meaning that it is almost as likely that
the participants were speeding-up with distance as it is that they were slowing
down. The interaction between the distance and the trigger factors was 0.01
log-ms (89% CrI: (0, 0.02)), i.e. most likely the interaction was positive.

To interpret the interaction, we shall use the nested model. The effect of
distance within again conditions was 0.01 log-ms (89% CrI: (−0.004, 0.03)),
meaning that the again condition was most likely read longer when the distance
was long. The effect of distance within the nil conditions was −0.009 log-ms
(89% CrI: (−0.02, 0.007)), which means that most likely the nil condition was
read faster in the long distance than in the short distance. Model estimates for
the critical and post-critical regions are plotted on Figure 4.2.

At the post-critical region, the effect of trigger was −0.02 log-ms (89% CrI:
(−0.03, −0.003)), meaning that the again conditions were read faster than the
nil conditions. The effect of distance was −0.004 log-ms (89% CrI: (−0.02,
0.007)), suggesting that it is more likely that the long conditions were read
faster than the short conditions. But, since the credible interval crosses 0, the
opposite sign of the effect is also compatible with the data. The interaction
effect was 0.01 log-ms (89% CrI: (0, 0.02)), meaning that again the interaction
was more likely to be positive.
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As for the critical region, nested model is used to understand what drives
the interaction. The effect of distance within the again conditions was 0.006
log-ms (89% CrI: (−0.009, 0.02)), i.e. it is more likely that the long distance
was read slower than the short distance. However, it is also possible (but less
likely) that it was read faster, since the credible interval is situated on both
sides of 0. The effect of distance within the nil condition was −0.02 log-ms (89%
CrI: (−0.03, 0)), meaning that the nil conditions were read faster in the long
distance conditions than in the short distance conditions. As for the critical
region, the estimates from the models are summarized graphically on Figure
4.2.

Finally, at the post-post-critical region, the difference between the trigger
conditions was −0.02 log-ms (89% CrI: (−0.03, −0.01)), which means that the
again condition was read faster than the nil condition. The effect of distance
was 0.004 log-ms (89% CrI: (−0.005, 0.01)), meaning that it is more likely
that the long condition was read slower than the short condition, but since the
credible interval crosses 0 the opposite effect is also compatible with the data.
The interaction effect was −0.004 log-ms (89% CrI: (−0.01, 0.006)), meaning
that it was more likely to be negative, i.e. the effect of distance was more likely
to be smaller in the again conditions than in the nil conditions, but the opposite
sign of the effect is also compatible with the data. Since the estimate of the
interaction crosses 0 the estimates from the nested models are not reported.

4.2.7 Discussion
At the critical and post-critical regions, the estimates of the interaction are
in line with the initial hypothesis. The estimates are not as far from 0 as in
Experiment 5, but still seem rather conclusive; at the critical region the cred-
ible interval of the interaction estimate is predominantly positive, and at the
post-critical region it is entirely positive. Importantly, resolving interactions
with the use of nested models shows that in both regions it is more likely
that participants were speeding-up with distance in the nil conditions, while
slowing-down with distance in the again conditions. These estimates are not
completely conclusive, but in both regions are more likely to be in the hypoth-
esized directions.

The estimates from the post-critical region replicate quite closely the pat-
tern of results found in Experiment 8. Such a pattern suggests that in a dis-
course setting again behaves similarly to too. What is slightly strange is that a
similar pattern can be also observed at the critical region. Given the interfer-
ence/decay account proposed as an explanation for the previous experiments,
and assuming that the retrieval is triggered at the site of the additive (here
again), such a situation does not make much sense. In all the previous exper-
iments the supposed effect of retrieval was observed at the region succeeding
the trigger, establishing that the effect lags with respect to the target word.2 If

2See Chapter 6, the parallel processing models, for the modeling account of the lag.
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the lag assumption is correct, observing the effect at the critical region would
suggest that the retrieval started at the pre-critical region.

However, there is an obvious explanation of the patterns observed at the
critical region. Participants could very well predict the upcoming additive. Con-
sider (2):

(2) In June last year, John won the 100m final at the state inter-collegiate
athletics competition. This year, John took gold again, greatly disap-
pointing his fellow competitors who had so wanted to beat him.

All the stimuli were constructed in such a way, where a certain event (John
won) is mentioned in the beginning of the discourse fragment, then later there
is an expression denoting a passage of time (This year) and an expression which
closely matches the description of the event from the beginning of the discourse
fragment (John took gold). As was discussed in 3.6.2, such a structure renders
the use of the additive obligatory, without the additive the discourse would be
incoherent.3

And so, the obligatoriness of the additive, in connection with the strongly
parallel structure of the stimuli which topic is the passage of time, makes again
highly predictable. The participants may well have been expecting the appear-
ance of the additive some time before it actually occurs. When such an ex-
pectation becomes strong enough, the processor retrieves the antecedent, even
though the additive was not encountered yet. In such a situation we would
be able to observe the effect of retrieval earlier than after the critical region.
Possibly this is what is happening here.

Such an interpretation misses one crucial fact, however, which is that a
similar effect is observed at both critical and post-critical regions. To explain
this we should note that prediction is in its very nature uncertain. It could be
that, for some readers, the context before encountering the additive provides
enough information to render the upcoming occurrence of again certain enough
and trigger retrieval, while for the others, this is not the case, and the retrieval
is only triggered at the additive. The split between the participants on when
to retrieve the antecedent could also explain the uncertainty of the estimates:
at the two regions we observe overlapping effects of different processes.

This last speculation connects well with the fact that the results are more
uncertain, despite testing a more sizeable amount of participants than in Ex-
periments 5 and 8. There are at least two more possible explanations to con-
sider here. The first one, which is a recurring theme in the results, is that
the discourse fragments, as opposed to single sentences, results in more noisy
measurements. The second one, concerns the quality of items: the items were
structurally mismatching, which could contribute to noisier measurements. See
also General Discussion.

In general, the experimental results are in line with the results of the pre-
3The discussion in Section 3.6.2 focuses on the additive too, but similar considerations

apply to the additive again. See Bade (2016) and Sæbø (2004).
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vious experiments. The proposed explanation rests on the hypothesis that par-
ticipants do indeed retrieve the antecedent of the additive but they do it at
different times: some retrieve the antecedent as a result of a prediction which is
visible at the critical region, others retrieve the antecedent at the site of again,
which is visible at the post-critical region. The next experiment will investigate
such a hypothesis further.

4.3 Experiment 10: self-paced reading
To recapitulate, the results from the previous experiment suggest that retrieval
of the antecedent is taking place around the critical region. The results are
consistent with the retrieval being triggered by the additive or by the word
preceding it. Following the discussion in the previous section, we can distinguish
between the two processes responsible for the observed pattern:

(i) predictive processing due to the parallel structure of the stimuli which
compels the processor to initiate the retrieval of the antecedent before
encountering the additive,

(ii) the retrieval of the antecedent necessitated by reading again.

Such an explanation can be treated as a hypothesis; i.e. assume that the
effect observed at the post-critical region in Experiment 9 is consistent with
the initial hypothesis, that is, it shows the retrieval of the antecedent. Now,
suppose that, in some cases, the structure of the stimuli boosts the predictive
processing, which results in the observed effect at the critical region. There is a
relatively simple way of investigating such a hypothesis. The stimuli from the
previous experiment can be altered by introducing an additional word between
again and the preceding word. If the effects observed at the critical region (i.e.
the word again) in Experiment 9 are caused by predictive processing, it means
that discourse up to this point was informative enough to trigger the retrieval.
Inserting a word after this point does not change the predictive influence of
that fragment, therefore, in the altered stimuli the effect should still appear at
the same region, i.e. the newly inserted word.

The stimuli can be modified by preceding the word again with the word
yet. Such a modification keeps the meaning of the sentence almost intact, but
changes its length. The phrase yet again can be regarded as an accentuated,
two-word additive with a similar meaning to again. An altered stimulus from
Experiment 9 is shown in (3).

(3) In June last year, John won the 100m final at the state inter-collegiate
athletics competition. This year, John took gold yet again, greatly
disappointing his fellow competitors who had so wanted to beat him.

Two additional remarks have to be made here. First, note that in discourses
centred around recurrence of events over time, the word yet seems to strongly
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anticipate the occurrence of again. In a sense, in the context of this particular
stimuli, the phrase yet again functions as a multi-word additive particle. This
means that arriving at yet should amplify the parsers’ predictions even more.
Such a situation makes the experimental predictions with respect to the word
again and the subsequent words a bit complicated, since there are two seemingly
competing processes at play: the retrieval of the antecedent, and the prediction
of the upcoming word.

Things get a bit simpler when we consider how these two processes can
manifest in the experimental data. More predictable words are known to be
read faster (Arnon & Snider, 2010; Staub, 2015), and given that the word again
appearing after yet is highly predictable, when compared to the analogous word
in the nil condition, we should expect a speed-up in the yet condition. At the
same time, encountering yet should increase the expectation of again. If that
expectation is strong enough, the parser will realise that the upcoming word
is an additive, and will have to check whether it is licensed by retrieving the
antecedent of that additive. The effect of that retrieval should be seen as a
relative slow-down with distance in the trigger conditions when compared to
the effect of distance in the nil conditions. In fact, the experimental predictions
are in-line with what was observed in the previous experiments. The difference
is that in case of yet again there is a strong reason to expect that the post-
critical region (the word again) in the yet conditions will be read faster than
that region in the nil conditions.

The second remark concerns a methodological issue. Originally, the pro-
posed experiment focused on the prediction of the additive. After completing
both experiments described in this chapter (the actual order was reversed: Ex-
periment 10 was followed by Experiment 9), it turned out that the results of
Experiment 10 might serve as an interesting commentary to the results of Ex-
periment 9. The analysis of the results contributed to the ideas described in this
section, and so any conclusions should be treated as tentative and exploratory.

4.3.1 Design
The design of Experiment 10 was very similar to the design of the previous ex-
periment. Factors trigger (yet or nil) and distance (long or short), were crossed
resulting in a 2× 2 within participant design. The distance factor was manipu-
lated by using an extra sentence in the long conditions. In the short conditions
the stimuli consisted of 2 sentences which were between 31 and 54 words long
(median = 40), in the long condition 3 sentences were used which were between
54 and 78 words long (median = 63.5). The extra sentence in the long condi-
tion would add between 18 and 27 words (median = 23.5) to the fragment. The
stimuli was almost the same as the stimuli used in Experiment 9. The trigger
factor was manipulated by using the phrase yet again in the yet condition.
In the nil condition the phrase was absent and the meaning of the sentence
was aligned with the rest of the discourse. Some care was taken to ensure that
the substituted phrase was comparable in length, meaning, and structure but
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this was very difficult to achieve. In particular, no sentence pair across the
trigger conditions was structurally identical (see appendix for the list of differ-
ences), in the sense that the critical (yet) and post-critical (again) regions in
the yet conditions matched two corresponding adverbs in the nil condition. In
all the stimuli the post-critical region ended a phrase. An example of an item
is presented below.

nil
short After the meeting, Jamie interrupted Sandra to tell her about his great

new idea for the Maguire project. An hour later, Jamie finished his new
plan, before heading out to buy coffee and muffins for the office.

long After the meeting, Jamie interrupted Sandra to tell her about his great
new idea for the Maguire project. It was certainly a challenging project
for the firm but the secret to success, as he saw it, was in a newspaper-
based advertisement campaign. An hour later, Jamie finished his new
plan, before heading out to buy coffee and muffins for the office.

yet
short After the meeting, Jamie interrupted Sandra to tell her about his great

new idea for the Maguire project. An hour later, Jamie disturbed Sandra
yet again, before heading out to buy coffee and muffins for the office.

long After the meeting, Jamie interrupted Sandra to tell her about his great
new idea for the Maguire project. It was certainly a challenging project
for the firm but the secret to success, as he saw it, was in a newspaper-
based advertisement campaign. An hour later, Jamie disturbed Sandra
yet again, before heading out to buy coffee and muffins for the office.

The experiment used 24 target items of the sort discussed above, which were
accompanied by 24 filler items. The filler items were the same as in Experi-
ment 9. Number and form of the comprehension questions was also the same
as in the previous experiment.

4.3.2 Participants
Forty participants (female = 24 (60%), male = 16 (40%)) were recruited for
the experiment using Prolific. The participants were compensated 2.30 GBP
for taking part in the experiment. This was calculated in the same way as in
Experiment 7 (see Section 3.3.2). The participants were self-reported English
speakers and self-reported US nationals.

4.3.3 Procedure
Unlike the previous experiment, this experiment was implemented as a sta-
tionary window self-paced reading. The details are described in Section 3.3.3.
The outstanding details (welcome screen, practice trials, presentation of items,
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comprehension questions, etc.) of the procedure were the same as in the pre-
vious experiments. The experiment consisted of 4 conditions so the 24 target
items were distributed randomly across 4 lists and batches of 10 participants
were assigned to each of these lists. Each participant saw 6 items from each of
the 4 levels.

4.3.4 Predictions
The predictions were already partially presented in the introduction to this
experiment. They are also briefly described below. First prediction for this
experiment concerns the differences between the distance conditions. As in
the previous experiments, we predict that the reading speed will increase with
distance, that is, the target regions will be read faster in the longer conditions
than in the shorter ones. Second prediction concerns the differences in the
trigger conditions. As discussed in the introduction, since the word yet makes
the appearance of again very likely, it is expected that the post-critical region
will be read faster in the yet conditions. Final prediction concerns the effect
of retrieval. If the retrieval of the antecedent is caused by expectations arising
before the critical region (the word yet), it is predicted that we will observe
bigger slow-downs with distance in the yet conditions, than in the nil conditions
at the critical region. As in the previous experiments, this should be understood
as the effect of distance, trigger and the interaction of those, observed at the
critical region.

4.3.5 Data analysis
Data trimming

Before the actual analysis we considered the quality of the responses. Out of
40 participants, 5 with the worst ratio of correct responses to the comprehen-
sion questions (≤ 0.7) were removed from the results. One participant declared
their native language as Portuguese in the introductory part of the experiment.
We decided to treat this as a misunderstanding and keep the responses of that
participant. This is because on Prolific participants self-report their native lan-
guage before any actual experiment, and it seems likely that this particular
participant reported their second native language (reporting form in the intro-
duction is possibly ambiguous, for how it was formulated see Section 2.2.3).
There was a mistake in one of the items, so it was also removed from the data.
Time measurements which were under 50 ms or above 3,000 ms were removed
from the results. Similar data trimming was done for example by (Futrell et al.,
2021). This resulted in the removal of 0.18% of data.

Model specification

Two types of models were fit to the data. Both types assumed reading times as
outcome and two grouping levels: participants and items. Slopes and intercepts
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were allowed to vary across levels of each of these groups.
The first type (base) used experimental factors trigger, distance, and their

interaction as predictors. Trigger was coded using sum contrasts, with the nil
condition as −1 and the yet condition as 1. Therefore, estimates above (be-
low) 0 should be interpreted as indicating that the yet condition was read
slower (faster) than nil condition. The factor distance was also coded using
sum contrasts with the short condition coded as −1 and long condition as 1.
Hence, estimates above (below) 0 should be interpreted as indicating that the
long condition was read slower (faster) than nil condition. The model was fit
to the response time data, measured at the pre-critical, critical (yet or analo-
gous word), and post-critical region. These models were used to estimate the
differences between the experimental conditions.

The second type of models (nested) were used to quantify an effect of dis-
tance for a given trigger level. These were specified in exactly the same way
as the nested models in Section 2.6.5, and fit to the pre-critical, critical and
post-critical regions.

Prior probability distribution

The priors used were the same as the ones used in the previous self-paceced
reading experiments. They are briefly recounted below. For the intercept we
used a normal distribution with µ = 6 and σ = 1.5. For the slopes we used a
normal distribution with µ = 0 and σ = 0.1. Prior distribution used for the
standard deviations of the random effects and for the residual variance was a
truncated normal distribution with µ = 0 and σ = 1. For the random effects
correlation between the intercept and the slope we used the LKJ distribution
(Lewandowski et al., 2009; Stan Development Team, 2021) with η = 2. For a
more detailed discussion of the prior probability structure see Section 2.3.4.
Model estimates are reported on the log-ms scale.

4.3.6 Results
The descriptive summaries of the reading times across conditions for one word
before and two words after the critical region (the adverb yet and the corre-
sponding word in the nil condition) are shown on Figure 4.3.

At the pre-critical region, the main effect of trigger was −0.006 log-ms (89%
CrI: (−0.03, 0.01)), suggesting that it is more likely that the yet condition was
read faster than the nil condition, but the opposite direction of the effect is
also compatible with the data. The main effect of distance was −0.009 log-ms
(89% CrI: (−0.03, 0.01)). As above, this means that it is more likely that the
long condition was read faster than the short condition, but the estimates are
rather inconclusive. The interaction effect was 0.01 log-ms (89% CrI: (−0.006,
0.03)). This suggest that the difference between the long and short conditions
was smaller in the yet conditions, than in the nil conditions, although a caveat
similar to the distance results applies here also.
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Figure 4.3: Descriptive summary of reading times in Experiment 10. The points
connected by dashed lines denote mean reading times across conditions. These
were computed by taking an average of all the data points for each condition,
i.e. without grouping by participants or items. The bars represent bootstrapped
0.95 confidence intervals.

The interaction can be interpreted directly with the use of the nested model.
The effect of distance within the yet condition, measured at the pre-critical
region was 0.004 log-ms (89% CrI: (−0.02, 0.03)) suggesting that the increase
in reading speed with distance is almost as likely as the decrease. The difference
between distances within nil condition was −0.02 log-ms (89% CrI: (−0.05,
0.007)) meaning that participants were reading the long conditions faster than
the short. The estimates are presented on Figure 4.4.

At the critical region, the main effect of trigger was −0.005 log-ms (89%
CrI: (−0.03, 0.02)), which suggests that it is a bit more likely that the yet
conditions were read faster than the nil conditions. However, since the credible
interval is almost centered around 0 both directions of the effect are compatible
with the data. The main effect of distance was −0.01 log-ms (89% CrI: (−0.03,
0.007)). Which means that it is more likely that the long condition was read
faster than the nil. The interaction effect was −0.01 log-ms (89% CrI: (−0.03,
0.004)), suggesting that the difference between the long and short, was more
likely to be larger in the yet conditions than in the nil conditions, but the
estimates are not conclusive.

At the critical region, the effect of distance within the yet condition was
−0.02 log-ms (89% CrI: (−0.05, 0)), which means that yet was read faster when
the distance was long than when it was short. The effect of distance within the
nil condition was 0.003 log-ms (89% CrI: (−0.02, 0.03)), which means that the
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Figure 4.4: The posterior probability distribution of the parameters of inter-
est, from the models fit to the pre-critical, critical, and post-critical regions.
The thicker lines delimit 0.5 probability interval, the thinner lines delimit 0.89
probability interval. The point signifies the mean value. Plots on the left show
main effects, plots on the right show effects of distance nested within a given
trigger level.

long condition was more likely read faster than the short condition, but quite
some probability density is above 0 suggesting that the opposite could also be
true. Crucially, the speed-up with distance was likely larger in the yet condition
than in the nil condition. Compare Figure 4.4.

At the post-critical region (i.e. the word again or the corresponding word
in the nil conditions), the difference between the trigger conditions was 0.002
log-ms (89% CrI: (−0.02, 0.02)). This means that both negative and positive
difference between the conditions is almost equally compatible with the data.
The difference between the distance condition was 0 log-ms (89% CrI: (−0.02,
0.02)), which can be interpreted in the same way as the effect of the trigger,
i.e. the estimate is inconclusive. Finally, the interaction effect was 0.01 log-
ms (89% CrI: (−0.006, 0.03)), i.e. it is much more likely that interaction was
positive.

To easily interpret the interaction, we can use the estimates from the nested
model. At the post-critical region, the effect of distance within the yet condi-
tions was 0.01 log-ms (89% CrI: (−0.01, 0.04)). Therefore, it is more likely
that the long condition was read slower than the short one, but the opposite
direction is also highly compatible with the data. The estimate of the effect of
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distance within the nil condition −0.01 log-ms (89% CrI: (−0.04, 0.02)) sug-
gests that it is more likely that the long condition was read faster than the nil
condition. As for the previous regions, the estimates are plotted on Figure 4.4.

Finally, at the post-post-critical region, the difference between the trigger
conditions was: −0.03 log-ms (89% CrI: (−0.06, −0.007)), meaning that the
yet condition was read faster. The difference between the distance conditions
was: 0.007 log-ms (89% CrI: (−0.01, 0.03)), so it is more likely that the long
conditions was read slower than the short. The interaction was: −0.006 log-
ms (89% CrI: (−0.03, 0.01)), suggesting that the difference between the long
and short, was more likely to be larger in the yet conditions than in the nil
conditions, but the opposite case is also compatible with the data. Resolution
of the interaction is omitted for this region.

4.3.7 Discussion
The first thing which comes to mind, when examining Figure 4.3 concerns the
level of noise in the estimates. Bootstrapped confidence intervals are wide (in
particular at the post-post-critical region), and their width varies widely across
regions. Credible intervals are also wider than in the previous experiments. For
example, in Experiment 8, which also used discourse fragments as stimuli, at
the critical region the spread of the credible intervals was 0.032 for trigger, and
0.023 for distance. Here, the spread of the credible interval for trigger is 0.046,
and for distance: 0.036. Finally, for the base models, for all discussed regions,
credible intervals for all estimates cross 0. All these observations mean that
the results are very uncertain and that stating anything conclusive from these
estimates is unwarranted.

The large degree of noise in the results can be attributed to three factors.
The first one has to do with the length of the stimuli. It seems that in all the
experiments which used discourse fragments instead of simple sentences the
amount of noise increases. This could be related to the fact that, intuitively,
processing of a sentence does not stop when the sentence ends (but see Stowe
et al., 2018). There maybe a degree of cognitive inertia4, which results in the
processor still perusing some resources when a new sentence starts. It could
be the case that this spill-over compounds in some sense; with every addi-
tional sentence in a discourse fragment the spill-over effects might be getting
worse. The second factor concerns the paradigm in which the experiment was
implemented. As was noticed before (in Section 3.3.6), the stationary window
paradigm might result in noisier measurements. The last factor is the num-
ber of participants. The previous experiment had more than three times more
participants than this one. It is likely that the small amount of participants
diminished the precision of measurements.

4On the word level this phenomenon is sometimes referred to as the cognitive lag hypohtesis
(Kliegl et al., 2006; Rayner, 1977). For an ACT-R approach see the discussion of parallel
design in Chapter 6.
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However, with all that in mind, some comments about the results are still
in place. First, the expectation about the results was not fulfilled at all at the
critical region, i.e. the word yet. If anything can be said about the inconclusive
estimates, at the critical region they show a “trend” which is the opposite of
what was expected. That is, we can see that the long condition was maybe
read faster, that the estimates for the slope of trigger are compatible with
either direction, and that the (uncertain) negative interaction was more likely
to be driven by larger decrease in reading times in the yet conditions, than in
the nil conditions.

Even if we disregard the uncertainty and treat the means of the estimates as
denoting the real values of the effects, it is unclear how to interpret such effects.
It might seem enticing to treat the pattern as suggestive of predictive process-
ing. One could think that speeding-up with distance in the yet conditions shows
the strength of the discourse expectation, that is the readers expecting again
or a word which signals the appearance of again, such as yet, to occur after
the associate. Possibly, such an expectation gives an additional boost to the
general increase of reading speed with distance in the yet conditions. In the nil
conditions there is no heightened expectation and so no additional increase of
reading speed. On such an account, the results might be interpreted as indi-
cating what would happen if we had a possibility to split the trigger too from
previous experiments into two words.

However, the problem with such an interpretation is that we do not observe
the effect of trigger. Expectation of again should be primarily realised as a
negative difference in the trigger conditions, since this is the comparison of
sentences with yet and those without it. A negative estimate of trigger at the
critical region would mean a decrease in reading times at the word yet when
compared to the corresponding word in the nil conditions. On the other hand,
the lack of an effect of trigger could be attributed to a confound. Note that
the critical region in all the conditions is the penultimate word of the clause.
Possibly, the expectation of the upcoming word in both trigger conditions is
equally strong, hence no observed difference.

The interpretation of the results at the critical region as showing that the
readers were expecting again is supported to some extent by the pattern (again,
just a trend) observed at the pre-critical region. It resembles closely (see Fig-
ure 4.4) what was observed at the post-critical regions in the experiments on
too: negative main effects of trigger and distance modulated by an interaction
which resolves to a speed-up with distance in the nil condition and no change
in reading speed in the trigger (here yet) condition. Such a pattern suggests
that the antecedent retrieval might have taken place in this region, i.e. when
the participants predicted the upcoming occurrence of the trigger.

This last interpretation might seem quite convincing, but it should be
pointed out once again how uncertain and noisy the results are. Even if, from
the theoretical perspective, the proposed explanation seems plausible, it is far
from clear whether this is what was actually observed. At best these results
strengthen certain intuitions about processing of additives, but they do not
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provide any substantial support to such intuitions.

4.4 General discussion
Two experiments tested whether processing of an additive again is prone to
distance effects, and whether these effects arise through a predictive process.
In what follows, I summarise the main findings and discuss some issues.

4.4.1 Main outcomes
Experiment 9 replicates the results obtained in Experiments 5 and 8, which
suggests that memory operations involved in the processing of the the additive
again are similar to those involved in the processing of too. An unexpected
outcome of this experiment is that the patterns consistent with the hypothesis
were observed both at the critical (the word again or corresponding word in
the nil conditions) and post-critical regions. One way of accounting for the
results observed at the critical region, is to suppose that participants predict
the occurrence of the trigger which compels them to initiate the retrieval early.

Experiment 10 investigated whether the results at the critical region could
be attributed to predictive processing. The results were mostly inconclusive.
Some trends present in the data might suggest that the participants do predict
the occurrence of again, but such a prediction did not trigger the retrieval of
the antecedent, conflicting with the initial hypothesis.

If participants do anticipate the occurrence of the trigger, it is likely caused
by the parallel structure of the stimuli and recurring time-indicating expres-
sions. It should be noted that the strength of evidence acquired in these two
experiments is never quantified, and so the precise assessment of the strength
of evidence is difficult.

4.4.2 Noisiness of the measurements
The issue which stood out in both experiments, but which was particularly
noticeable in Experiment 10, was the high amount of noise present in the re-
sults. In case of Experiment 10, there are two possible sources of the noise.
The first is the relatively small number of participants. Only forty participants
were recruited. The second is the experimental method; the experiment was
conducted in the stationary window paradigm, which also resulted in higher
noise in Experiment 7.

In addition to explanations presented in the discussion sections of each of
the experiments, it could be that some issues with items impacted the results.
Since the items were quite similar in both experiments, an overview of issues
with the stimuli for both experiments is presented below.

First such issue is that most items were structurally uneven. Consider (4)
in which one can see material surrounding the critical region from item 7 in
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Experiment 9. Up to the verb following the word to the material is well aligned.
However, the structure assumed after the verb is different across conditions. In
the again condition the verb has a noun as a argument and is modified by the
additive. In the nil condition the verb has an NP as an argument and is not
modified by anything. Such structural inconsistencies could lead to differences
in processing, which in turn might diminish the hypothesized effects. Differences
for all the items are described in the appendices.

(4) again. . . In Level 2, the objective is to beat zombies again, this time . . .
nil . . . In Level 2, the objective is to find a ghost, this time . . .

At least two items had an additional problem. Example (5) shows two condi-
tions from item 1 in Experiment 10.

(5) yet In June last year, John won the 100m final at the state inter-
collegiate athletics competition. This year, John took gold yet again,
greatly disappointing his fellow competitors who had so wanted to
beat him.

nil In June last year, John won the 100m final at the state inter-
collegiate athletics competition. This year, John was unable to
attend, greatly disappointing his fellow competitors who had so
wanted to beat him.

The crucial manipulation is supposed to be the presence of the expression
yet again, which should trigger the retrieval of the antecedent, i.e. John won.
Around the critical region, the retrieval should only be triggered in the yet
condition. But note that in the nil condition the verb to attend has an elided
anaphoric argument competition. It seems likely that when the participants
read the verb they would retrieve the argument, which effectively nullifies the
trigger manipulation.



CHAPTER 5

Towards cognitive models in ACT-R

5.1 Introduction
Up to this point the focus of the book was on experimentation. Certain ideas
about processing of the additives were proposed and investigated. The inves-
tigation was conducted in a common framework: the hypotheses were stated
using natural language and assessed with the help of linear models. These mod-
els were used to quantify the influence of the experimental manipulation, but
they did nothing to ensure the cognitive plausibility of the hypothesis. However,
there are tools which provide a way of expressing a hypothesis, and deriving
predictions through a formal, computational model. This and the following
chapters are devoted to the exploration and use of such tools. These tools are
cognitive architectures.

The goal of this chapter is twofold. First, it will provide an introduction
to a specific cognitive architecture, namely ACT-R. ACT-R is a theory which
allows to instantiate models as computer programs. As such, it has a number
of implementations. In the next chapter we will use one of the newer implemen-
tations to fit a number of models. But because it is a newer implementation, it
would be good to know how different it is when comparing to the more mature
implementations. Therefore, the second goal of this chapter is to provide a thor-
ough comparison of some particular implementations of ACT-R. Hopefully, in
addition to have a foundational understanding of that cognitive architecture,
we will also gain some deeper understanding of its inner workings.
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5.2 Overiew of ACT-R
The goal of this section is to provide a cursory understanding of ACT-R. There
is a number of resources which introduce ACT-R. For a thorough introduction
through the lenses of pyactr (a python implementation) and a focus on language
comprehension the reader is encouraged to consult Brasoveanu and Dotlačil
(2020). The best way to get acquainted with actr7 (the latest version of the
original lisp implementation) is through the tutorials available at the ACT-R
website (http://act-r.psy.cmu.edu/software/). The recommended theory texts
include Anderson (2007a), Anderson and Lebiere (1998), and Anderson et al.
(2004). The content of this section follows the pyactr rendition of the ACT-R
theory.

As was mentioned in Chapter 1, ACT-R is a cognitive architecture. That is,
it is a computational framework which allows the creation of cognitively moti-
vated models of some behaviour. Importantly, these are not purely theoretical
models; they are computer programs which can be evaluated and which provide
concrete predictions for a given behaviour and task. ACT-R is quite a complex
framework. The complexity comes, among other things, from ACT-R being a
hybrid architecture, which means that it assumes a distinction between sym-
bolic and subsymbolic levels (for an extended discussion see Anderson, 2007a,
pp. 30-39).

In the simplest terms, the symbolic level refers to the abstract way of en-
coding knowledge, the subsymbolic level refers to quantities associated with
the objects from the symbolic level. For example, a basic unit of declarative
knowledge in ACT-R is a chunk. Chunks, and the rules of manipulating them
are described by the symbolic level of the architecture. How fast a chunk is
retrieved from memory depends on its activation. Activation and the mathe-
matical laws it obeys are a part of the subsymbolic level. Note that the two
levels are independent; it is possible to use only one of them. For example,
one can simply turn the subsymbolic computation off in their model.1 ACT-R
consists of many such, to some extent independent, parts. To explain the re-
lationships between these parts, and to understand how ACT-R arrives at its
predictions, it is best to discuss an exemplary model.

Here we shall consider a model of a self-paced reading task. An ACT-R
approach is to create a model of an entire experiment. Thus, we want to create
a computer program which will go through a self-paced reading experiment in
a manner similar to how a human would. For a particular experimental trial,
the model takes the associated stimulus as input and returns reading times.

Coincidentally, a simple naive approach to the creation of ACT-R models is
to consider a single trial of an experiment and to try and mimic what appears to
be the human behaviour in such a trial. There are a few versions of a self-paced

1Another, more elaborate example, is the use of activation to predict memory effects
in language processing without ever making use of the actual architecture (Nicenboim &
Vasishth, 2018).

http://act-r.psy.cmu.edu/software/
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reading task, the one we consider here is moving window self-paced reading. In
such a task, a participant reads a sentence from their computer screen. When
a trial starts, the text of the sentence is not visible. In place of words, there
are horizontal lines length of which matches the length of the hidden words.
The participant presses a space-bar, after which the first word appears on the
screen. Subsequent presses of the space-bar replace the current word with the
horizontal line, and reveal the next word.

To make things more concrete, assume a particular moment during the trial.
Say a participant is going through the sentence “A cat sleeps.” At some point
during the trial, the experimental screen might look like this:

(1) _ cat ______

At this moment the participant has to read the word cat and press a key, at
which point the reading time of the word will be recorded. This is the process
which our model will try to mimic. To understand how this can be done, and
where the predictions come from, in what follows we will discuss the knowledge
representation in ACT-R, and three of its modules: vision, memory, and motor.
In addition, modular organisation of the architecture (modules and buffers),
and the symbolic–subsymbolic distinction will be briefly introduced.

5.2.1 Knowledge in ACT-R
ACT-R distinguishes two types of knowledge: declarative and procedural. Declar-
ative knowledge represents the knowledge of facts (knowledge-that), e.g. know-
ing that the word cat is a noun, or that the Red Panda lives in southwestern
China. Facts constituting the declarative knowledge are represented as chunks,
i.e. a set of slot-value pairs. A chunk can be represented as an attribute-value
matrix. For example, a chunk representing the word cat could look like this:

•

form cat
cat noun
num sg


The meaning behind the slots should be self-explanatory. In principle chunks

can have any number of slot-value pairs. To represent the knowledge that the
word cat is a singular noun, one has to add a chunk shown above into the
declarative memory store of the model.

The procedural knowledge is the knowledge that “we display in our be-
haviour but that we are not conscious of” (Anderson & Lebiere, 1998, p. 5),
i.e. the knowledge-how. Procedural knowledge is represented by productions,
that is, if-then rules which manipulate the state of the ACT-R mind. An eval-
uation of the production (this is called firing of a production) happens when
its preconditions, its left-hand side (LHS), are satisfied and when there are no
other events in the queue. When a production fires, it performs its actions, as
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described on the right-hand side (RHS) of the rule. Productions can be thought
of as means of moving information between the different parts of the mind.

ACT-R assumes a modular organisation of the mind. Modules roughly cor-
respond to different cognitive capabilities such as: perception (visual and au-
ral modules), memory (declarative memory module), hand movement (manual
module), and executive control (goal module). Productions do not have direct
access to all the information contained within modules, but rather they act
upon single chunks. This is achieved with the use of buffers; every module has
an associated buffer which functions as its access and manipulation device. Such
an arrangement stems from the idea that humans do not have direct access to
all available information in any of the modules. For example, our declarative
memory contains many facts, but we can only recall some of them in any par-
ticular time. The same applies to visual module, motor module, etc. And so,
productions act upon the content of buffers. A typical rule will check the state
of certain buffers and perform actions which will interact with some (other)
buffers.

Predictions in ACT-R arise as an effect of state changes of the ACT-R mind.
When a production fires, it changes the state of the model, which takes some
amount of time. How much time it takes will depend on a module used by the
production and values of free parameters. If the new state satisfies preconditions
of some other rule, that rule will fire changing the state again and taking more
time. The time elapsed between some particular events (e.g. key-presses) can
be treated as predicted reaction times, but ACT-R can also be used to predict
quantities other than reaction times. To illustrate this process we shall continue
with the example from above.

Recall the state of the experiment given in (1). For illustration purposes
let’s assume that a model at this particular stage will perform the following
actions:

1. look at the word
2. retrieve the features of the word from memory
3. press key

Such a structure might seem arbitrary, but it is a consequence of the ACT-
R design. The most straight-forward way of creating models in ACT-R is to
partition the problem at hand into actions which are connected to different
modules. Here, such a structure also provides us with an organic way of dis-
cussing the modules responsible for carrying out these actions: the visual mod-
ule, the declarative memory, and the motor module. Before doing this however,
we have to discuss how such actions are encoded in production rules.

One way of structuring our model is to assume the following rules: move
eyes, encode word, retrieve word, and press key. The exact number and form
of the rules can be controlled by the modeller, however, as is the case for any
programming language, ACT-R makes certain choices and approaches more
natural than others. Below the four rules are shown. The explanations follow.
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(R1) move eyes
goal

[
task move eyes

]
visual loc

[
screen y 180
screen x 125

]
?manual

[
prep free
proc free

]
 =⇒


goal

[
task read

]
+visual loc

[
screen y 180
screen x 140

]
−visual


(R2) encode wordgoal

[
task read

]
visual loc LOC
?visual

[
state free

]
 =⇒

goal
[
task retrieve

]
+visual

[
cmd move attn
screen pos LOC

]
(R3) retrieve word

goal
[
task retrieve

]
?visual

[
buffer full

]
visual

[
value w

]
?retrieval

[
state free

]
 =⇒

goal
[
task press

]
+retrieval

[
word
form w

] 
(R4) press keygoal

[
task press

]
?manual

[
state free

]
?retrieval

[
state free

]
 =⇒

[
+manual

[
cmd press key
key space

]]

We can see that the productions above manipulate five buffers. These are:
goal, visual, visual location (visual loc for short), retrieval and man-
ual. Other than a buffer, what also varies is the type of a manipulation/test
the rules employ. These are distinguished by symbols in front of the buffer
names. There are certain subtleties behind those different types of tests and
manipulations but they can be safely ignored in the current exposition. What
is important to understand is that the LHS of a rule checks if the preconditions
are satisfied, and the RHS changes the state of a buffer. In case of the LHS it
means either checking if the specified slot-value pairs of a given chunk matches
the slot-value pairs of a chunk contained in a given buffer, or querying if a
buffer is in a particular state. For example, in the encode word production, one
of the preconditions checks if the visual buffer is not processing anything, that
is if its state is free. In case of the RHS, the rules either change a chunk in a
given buffer, e.g. move eyes rule changes the value of the slot task in the goal
buffer from move eyes to read. Or, when the buffer is prefixed with “+”, the
rule asks (this is called a request) the module to perform some task, and the
nature of that task is specified by the chunk which is inserted into the buffer.
Semantics of a request depend on the module, some of those will be described
below. The “−” sign in front of a buffer name signifies that the rule will empty
the given buffer.
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Coming back to the running experimental example, we assume that when
the word cat appears on the screen the value of the task slot is move eyes, and
that the word cat occupies a certain position on the screen. If this is the case,
then the first thing to do according to our toy model is to move the model’s
gaze towards that word. To understand how this is modeled we shall discuss
the ACT-R vision module.

5.2.2 Visual processing
Visual processing differs across the implementations of ACT-R. Here, I discuss
the EMMA model of visual processing which is the default in pyactr, and
which is optional in actr6 and actr7. EMMA is an acronym which resolves to
“Eye movements and movements of attention” (Salvucci, 2001). The motivation
behind it stems from the observation that visual attention and eye movements
are not the same. And so, we need two separate rules to implement visual
processing. The move eyes rule controls the movement of the model’s gaze, and
the encode word rule controls the shift of (visual) attention. We first discuss
the (R1) move eyes rule.

R1 makes use of the visual location buffer. This buffer interacts with the
so-called visual where system; it takes care of locating the visual stimuli in
space. In the preconditions of the move eyes rule, we check if the task slot
of the goal buffer is move eyes, and if the manual module is free, i.e. that
it is not processing any movement. Therefore, the task slot has to be set in
advance to this particular value either by a rule which fired just before this one,
or manually. If any movement was taking place, the production will wait for it
to finish. In addition to that, we check if the where system is at a particular
location, specified here as integers denoting x and y coordinates of the (virtual)
screen in pixels. If all these preconditions match, the rule will modify the task
slot of the goal buffer, flush the visual buffer, and request an insertion of a
new chunk into the visual location buffer. That last action results in the model
moving its gaze to a new location.

The time R1 takes is given by a combination of factors. Every rule in ACT-
R takes some time to fire, which is the time between the moment the rule is
selected and the moment when its actions start to be realised. The length of
this period is a free parameter of ACT-R, by default set to 50ms. The rest of
the time a rule incurs is dependent on its actions. In case of this rule, there
are three actions. The first of those, i.e. the modification of the chunk in the
goal buffer is instantaneous. The time to finish the second, i.e. the request
to insert a chunk into the visual loc buffer, is controlled by EMMA. This
request represents the movement of the model’s gaze. EMMA splits such a
movement into two phases: preparation and execution. The preparation time
is given by a Gamma distribution with mean 135ms and standard deviation
45ms. The execution time is also given by a Gamma distribution with mean
70ms + 2ms for every degree of visual angle between the current focus and the
target, and the standard deviation equal to one third of the mean (Salvucci,
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2001, p. 206; Brasoveanu & Dotlačil, 2020, Section 4.3.1).2 Finally, the clearing
of the visual buffer is also instantaneous.

The next rule to fire will be the (R2) encode word rule; this is because the
value of task was just changed to read, and the visual buffer was emptied,
after the completion of which, its state becomes free. Note also that the value
of screen position loc is available immediately even when the eye movement
did not finish — this is a consequence of separating visual attention and eye
movements. The encode word rule does two things: it changes the value of the
task slot, to indicate that the cognitive state has changed once again, and it
puts a new chunk into the visual buffer. This chunk has two slots: cmd, and
screen pos. The value of the first of those indicates that the visual system
should shift its attention to a new location. The location is given by the variable
loc, bound in the LHS of the rule, and which resolves to the chunk contained
within the visual loc buffer. The effect of R2 is to direct the visual attention
to object located at the value of visual loc buffer.

In addition to the firing time, and the instantaneous modification of the
chunk in the goal buffer, the time R2 takes depends on the time needed
to shift visual attention, and to encode a new object. As was the case with
the eye movements, this amount is also modeled by EMMA. It has a Gamma
distribution with mean equal to Tenc, and standard deviation equal to Tenc/3,
where:

Tenc = K (− log fi) ekdi

In the equation above:

• fi represents the frequency of the object being encoded given as a nor-
malized value in the range (0, 1)

• di is the distance between the current eye position and the target in units
of visual angle (the eccentricity of the object)

• K and k are scaling parameters

The EMMA model distinguishes between attention and gaze, but the two
are not completely independent. The interaction of the cognitive processor, eye
movement preparation and execution, and visual encoding can influence the
times it takes to complete the actions specified by move eyes and encode word
rules. There are four possible scenarios, presented below. This is an abridged
version of the explanations provided in Salvucci (2001, p. 206).

1. The encoding process takes the same amount of time as the eye-movement.
The two processes are being completed independently and there is no
change in how much time each of them takes.

2In pyactr the stochastic component can be turned off by setting emma_noise = False.
This setting affects both eye movements and visual encoding.
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2. The encoding process is faster than the eye-movement and the cogni-
tive processor requests another attention shift before the previous eye-
movement has finished. If this happens during eye-movement preparation
phase, then the movement is cancelled and a new movement is initiated.

3. The encoding process is faster than the eye-movement and the cogni-
tive processor requests another attention shift before the previous eye-
movement has finished, but the eye-movement has reached the execution
phase. The execution proceeds and the new preparation phase takes place
while the execution finishes.

4. The eye-movement is completed before the encoding process completes.
In this case, encoding continues and a new eye-movement is prepared,
but the encoding time changes. The new encoding time is equal to (1 −
(Tcompleted/Tenc)) � T ′

enc, where Tcompleted is the amount of competed en-
coding, Tenc is the original total encoding time, and T ′

enc is the encoding
time from the new eye position.

The production to fire after encode word is retrieve word. We shall use this
rule as a pretext to discuss memory retrieval and the so-called sub-symbolic
component of ACT-R.

5.2.3 Memory retrieval
At this point the productions responsible for the visual processing fired and
there is a chunk in the visual buffer which has a value slot. In our case this is a
word, and the value of the value slot represents the ortographical properties of
that word. Recognition of the word can be thought of as a retrieval of the chunk
representing that word, i.e. collecting all the properties related to that word,
from memory. This is what the production retrieve word does. The meaning
behind the most of the preconditions and actions used in that production should
be clear by now, so we are going to concentrate on the request to the declarative
memory module, to insert a chunk into the retrieval buffer.

Such a request checks if a chunk with the requested slot-value pairs exists in
declarative memory. If it does, the mind will attempt to retrieve it from memory
and put it into the retrieval buffer. The retrieval process is controlled by the
activation-based model of memory, one of the core tenets of ACT-R theory.
Note that so far the exposition of the architecture focused on the symbolic
component of the architecture, i.e. manipulation of symbols with the use of
rules. The other important part of ACT-R, is the sub-symbolic component.
As was mentioned, these are the “laws” encoded into the architecture which
govern the behaviour of many of the symbolic processes. One example of such
a law is the activation based model of the declarative memory.

Activation is a measure which tries to capture how likely it is that a given
chunk might be needed, given its past use and the current cognitive context
(Anderson & Schooler, 1991; Anderson et al., 2004). Activation of a chunk i is
equal to:
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Ai = Bi +
∑
j

WjSji

where Bi is the base-level activation of a chunk i, Wj are the weights of the ele-
ments relevant to the current cognitive context, and Sji represent the strength
of association between the elements j and chunk i. Activation includes two more
components which are omitted here: a noise component and a partial-matching
component. The base-level activation captures the influence of the past use on
the probability that the chunk is needed at the current moment, the weights W
and the strength of association S capture the influence of the current cognitive
context.

An important feature of activation is its connection to both the probabil-
ity of retrieval and retrieval latency. Keeping other things equal, chunks with
higher activation are more likely to be retrieved and their retrieval will be faster
compared to chunks with lower activation. These quantities can be modulated
by a number of free parameters, for example, a threshold parameter which al-
lows specifying the minimal activation level at which a chunk is still likely to
be retrieved3.

In what follows most of these features are disregarded (although retrieval
latency will be briefly discussed in the next chapter), and we focus on the
base-level activation. For a thorough discussion of activation see pp. 70-80 of
Anderson and Lebiere (1998) and Chapter 6 of Brasoveanu and Dotlačil (2020).

Base-level activation B of a chunk i is defined as:

Bi = log
n∑

k=1

t−d
k

where d is a decay parameter and tk denotes the times when a chunk was
“presented” (so n is the total number of presentations), meaning in principle
either an initial creation of a chunk or its retrieval from memory. The intuition
here is that the more times some information was presented to the mind the
higher its base activation, which means that it is both faster and more likely
to be retrieved when a relevant cue is encountered.

Finally, when a word is retrieved from memory our model is supposed to
press space. Below we briefly discuss how this is accomplished.

5.2.4 Key pressing
The last rule ensures that the retrieval process is done, using the state free
query. It also ensures that the manual module is not busy processing any
movement using the same type of query. When these conditions are satisfied,
and when the value of the task is equal to press the rule will issue a request
to the manual module to press space key.

3To be precise, the threshold parameter τ allows us to set the activation level at which
the probability of retrieval of a chunk is equal to 0.5
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Historically, ACT-R focused on the “higher level” cognition, i.e. procedural
and declarative knowledge (Anderson et al., 2004, p. 1038). As a consequence,
its perceptual and motor systems are a bit of an after-thought (here perceptual
means the original aural and visual systems, not EMMA). The motor system is
based on the EPIC framework (Meyer & Kieras, 1997), and it provides a way
to interact with the external environment via a keyboard (pyactr, actr6, actr7)
and mouse (actr6, actr7).

In pyactr, a key-press movement is separated into four phases: preparation,
initiation, execution and finishing. The length of each phase depends on a
number of variables, e.g. was a key pressed before? how far the key to be
pressed is from the home row? etc. When the time needed to finish the first
three phases elapses the requested key is pressed. The finishing phase influences
subsequent key-presses.

After the key is pressed, the program should replace the current word with
a horizontal line and display the subsequent word, after which the whole de-
scribed sequence can be repeated. From the modeling perspective, ACT-R im-
plementations usually allow to output the reaction time associated with the
key-press. Such reaction times can be used as predictions when fitting a model
to experimental data.

This concludes the introduction to the ACT-R theory. In the next section
we will compare two different implementations of ACT-R.

5.3 Comparing two ACT-R implementations
The purpose of this section is to describe the differences between python and
lisp implementations of the ACT-R theory.

Comparing implementations is similar to comparing theories: it is not easy.
One advantage over the comparison of theories is that, in case of implemen-
tations, the theory is no longer abstract. An implementation provides a stable
instance of a theory which can be tested, queried, measured, etc. Such a setting
makes things easier, but does not answer the questions of how to compare such
instances and what are meaningful results of such a comparison. ACT-R as a
framework describes a set of features which can be used to implement a model
of some task. But how do we judge which of these features are crucial? There
is no simple answer to this question.

Below we are going to approach this problem from the functional perspec-
tive. We take a specific model of a well-known body of experimental data,
translate it into another implementation and see if the results match. When
they do not we discuss the reasons for that. The similarity criteria for the mod-
els are as follows: (1) both models have to predict similar reaction times, (2)
traces from both models have to show similar sequence of events, to a reason-
able extent.

In the text below, we use ACT-R (upper case) to refer to the general ACT-R
theory. Lower case is used for a particular implementation. E.g. pyactr refers to
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the python implementation, actr6 means version 6 of the lisp implementation,
and actr7 means version 7 of the lisp implementation. Most of the comparison
concentrates on the differences between the existing pyactr implementation of
the model and a translated actr6 implementation of the same model. When
comparing the implementation of EMMA actr7 was used instead of actr6.

Before conducting the actual comparison, the dataset and the model used
for the comparison will be introduced.

The dataset4

The model used for comparison is an attempt to account for the data obtained
in Experiment 1 described in Grodner and Gibson (2005). The experiment
consisted of a self-paced reading task and compared sentences in which the
matrix subject was modified either by a subject- or an object-extracted relative
clauses. The compared sentences are presented in (2)

(2) a. Subject-extracted
The reporter who sent the photographer to the editor was [hoping
for a story]

b. Object-extracted
The reporter who the photographer sent to the editor was [hoping
for a story]

As the authors note, there is a substantial body of data which supports the
hypothesis that object-extracted relative clauses are more difficult to parse
(Grodner & Gibson, 2005, p. 265). Their goal in the experiment was to test
predictions of that difficulty stemming from the locality-based account. They
found particularly big differences in reading times at the embedded verb; com-
pare regions 4 and 6 on Figure 5.1.

The model

The model used in the comparison was described in Brasoveanu and Dot-
lačil (2018, Model 3). In addition to taking advantage of the basic ACT-R
capabilities (i.e. motor, vision, and memory), the model implements a pars-
ing algorithm, namely left-corner parsing (Hale, 2014, Chapter 3). To parse
a sentence, a left-corner parser uses a set of operations (shift, project and
project+complete) and a grammar. These are hard-coded in the productions
of the model, meaning that, a production of the model could be executing a
parsing step such as: project NP → Det N. As described in Brasoveanu and

4The experiment from which the dataset comes was already described in Chapter 1. Parts
of that description are repeated here for the ease of reference.

5Despite following the data processing procedure described in the article, I was unable to
obtain the exact numbers reported by the authors. Comparing the calculated means and the
standard errors to the values provided in the article in Table A1 revealed discrepancies of
at least 1ms for almost all of the reported values (min = 0, max = 84). See also the OSF
repository.
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Figure 5.1: Summary of results from Experiment 1, Grodner and Gibson (2005).
Plotted are means aggregated across conditions and regions. The errorbars
represent ±2 standard errors. The plot was created using the original data.5

Dotlačil (2020, p. 161), for every word in a sentence the model executes the
following actions:

1. attend the word visually
2. retrieve lexical information and, if necessary, syntactic information (e.g. the

wh-word, the subject)
3. execute parsing steps
4. press key and move eyes

The model accounts for the differences in reading times between conditions
with the help of a few assumptions. First it is assuming what is called active
filler strategy (AFS, Frazier & d’Arcais, 1989). As Grodner and Gibson (p. 267)
explain, this means that the model posits a gap as soon as it encounters the
wh pronoun. In case of subject-extracted relative clauses, such an analysis is
correct. In case of object-extracted relative clause the model has to conduct a
reanalysis when it encounters the embedded subject. The second assumption
concerns the retrieval of the filler. The model assumes that at the gap position
in the object-extracted sentences a tree-like structure representing the wh-word
(so not just the lexical information) has to be retrieved. This does not happen in
case of the sentences with subject-extracted relative clauses, probably because
the gap immediately follows the wh-word.6

6As a sidenote observe that Grodner and Gibson claim that the data from their Experi-
ment 1 contradicts the predictions of the AFS. According to them (p. 267), AFS predicts the
difficulty to be observed at the embedded subject, but this is not what the data shows. Such
an observation seems to be inline with the predictions of the model; the model fits the reading
times observed at the embedded subject worse in the sentences with the object-extracted RC
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Figure 5.2: Average reading times for item 1, Experiment 1, Grodner and Gib-
son (2005). Plotted are means aggregated across conditions and regions. The
errorbars represent ±2 standard errors.

In what follows the exact mechanism behind the model can be partially
disregarded. To compare the implementations we shall take one stimulus, the
sentences presented in (2) without the words in brackets, from the original
dataset and see how the models implemented in different versions of ACT-
R behave on these two sentences (see Figure 5.2 for the reading times from
the experiment for that single item). Such an approach makes identifying the
differences between implementations easier, while keeping the complexity of a
cognitively accurate model. The basis for the comparison will be the model
described in this section, implemented in pyactr, originally published in a git
repository accompanying Brasoveanu and Dotlačil (2020).

5.3.1 General differences
Before describing the differences, some remarks on the general state of the used
software are necessary. The version of ACT-R implemented in lisp has a long
history. In fact, the first ACT-R implementation was done in lisp (Anderson
& Lebiere, 1998, p. viii). Over the years of development of the lisp versions of
ACT-R, the software has matured and amassed a lot of features. Pyactr on the
other hand, is a relatively new piece of software. Just this difference, i.e. the
time devoted to the development of the two versions, means that the versions
are very different. Actr6 and actr7 are stable software packages with a rich set
of features and a very thorough documentation. Pyactr is much less mature
and hence, contains fewer features. From the perspective assumed here, such a
than those with the subject-extracted RC. Compare Figure 9 in Brasoveanu and Dotlačil
(2018).
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difference is not particularly important — as we will see both implementations
are perfectly usable — but it is one dimension in which the implementations
differ.

Since one of the specified criteria for the model comparison is that the rule
sequence has to be the same across the two models, an obvious starting point is
to translate the rules from the existing pyactr model to a newly created actr6
model. An attempt to do so immediately confronts the modeler with a number
of differences. We start by discussing these differences.

There is a number of fairly obvious differences which have to do with the
syntax and semantics of rule specifications or some other fundamental be-
haviour of the architecture. The encountered differences are summarised in the
appendix. Less obvious differences are discussed below.

Organisation of the vision system

The first bigger difference one encounters while translating the rules, concerns
the organisation of the vision system. There are two parts to this: how the
models receive visual input and how the models process that input. The two
implementations differ in both of those aspects. First, we concentrate on dif-
ferences in how the visual stimuli are presented to the model. In actr6 the
representation of the external world is done through an abstraction called a
device (Bothell, 2014, p. 284). The device is a way to represent the external
world, and it defines how the model can interact with the world and what
perceptual data are available to the model. The default device assumes that
the model interacts with a computer and receives data from the screen. All
the visual features available from the current device are called the visicon; the
visicon is also an abstraction which allows monitoring the visual data available
to the model. The important take-away from this is that actr6 has quite an
elaborate way of interacting with the external world. If the modeler puts some
text on the screen (via the device), the program tries to ensure that the features
of the text recorded in the visicon are close enough to the physical features of
the text on some actual computer screen. This is true even if the experiment
is purely virtual, i.e. no window with text is shown on the screen.

In pyactr (currently) there is no model of the external world in the same
sense as in actr6. Pyactr assumes that the perceptual data available to the
model are purely virtual. These data are collected within the Environment
object, and pyactr does not try to account for the physical properties of these
data. Available visualisation of the experiments is only an approximation. In
some cases, such a solution makes it easier to model processes which do not
depend on physical properties of the stimuli, i.e. where the stimuli function as a
starting point of some further process, such as the discussed model of parsing,
but possibly, makes the models less realistic.

The differences in the processing of the visual input concern the use of
the buffer stuffing mechanism and the use of the EMMA system. The former
refers to a mechanism in actr6, describing how the new perceptual information
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is initially processed. Buffer stuffing is connected to any type of perceptual
information, but here we concentrate on the visual stimuli. By default, when-
ever a new stimulus is registered by the model (this can be controlled by the
modeler with a call to the proc-display function) and, provided that the
visual-location buffer is empty, the vision module will automatically place a
chunk describing some visual feature into the visual-location buffer.

Pyactr does not implement a buffer stuffing mechanism, and this is most
likely related to its use of EMMA. As described earlier, EMMA is a computa-
tional model of eye movements and visual attention. EMMA is incorporated in
both actr6 and pyactr, but only the latter uses it by default. Therefore, only
in pyactr eye movements are modelled by default. In actr6, the default vision
module only models movement of (visual) attention. In a way, pyactr always
cares about eye movements, but this does not mean that they always have to
be modelled; one can allow the vision module to search the stimulus on its
own by setting automatic_visual_search = True. Additionally, pyactr also
implements a mechanism which resembles buffer stuffing to some extent. When
the gaze is close enough (2 degrees of visual angle from the current focus) to
a visual stimulus, the stimulus will be automatically put into the visual (note:
not the visual-location as is the case in actr6 and buffer stuffing) buffer; this is
called automatic buffering.

As an illustration of these differences consider the beginning of the modeled
process. In actr6 we can just rely on the fact that the first word to appear on
the screen will be stuffed into the visual-location buffer, which will trigger
the first production related to word processing, called encode word. In pyactr,
we rely on the automatic buffering mechanism, and the first rule to fire is
called find first word. This rule simply attends the location of the current
stimulus and allows the automatic buffering to do the rest. The encode word
rule is omitted when processing the first word.

Parameter names and values

In addition to the translation of the rules, to compare the models we have
to set the relevant parameters to the same values. Maybe surprisingly, this
is far from trivial. First, the parameters names are not consistent across the
implementations, and figuring out the name of the relevant parameter can
sometimes be difficult (see the doc/parameters table in the OSF repository7 for
details). Second, in many instances, the default behavior of actr6 and pyactr is
different. Parts of that behavior can be controlled with parameter settings, but
which parts can be changed, and how to change them also differs between the
implementations. For example, in actr6 chunks by default are strictly harvested.
I.e. whenever a condition of a rule tests a chunk in a buffer, and the buffer is not
modified in the actions of that rule, the buffer gets automatically cleared. The
modeler can turn off strict harvesting for any buffer by supplying the name of

7https://osf.io/hnsdg
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Figure 5.3: Reaction times (space presses) from the model, Experiment 1. The
facets show different experimental conditions, the symbols different implemen-
tations.

the buffer to the :do-not-harvest parameter. In pyactr, chunks are not strictly
harvested by default, and one can turn on strict harvesting for all the buffers
by setting the parameter strict_harvesting to True. There is no possibility
of setting strict harvesting for a subset of buffers. Third, a minor but confusing
point, the types of parameter values behave differently. In pyactr, a parameter
type is “strict”, i.e. a parameter which can assume values True and False is
supposed to have only these values (i.e. its type is Bool). In actr6, at least
two parameters (:bll, :mp) have a well-defined behavior when their values are
nil or a number; a number means that a particular functionality is turned on,
and that some parameter of that functionality will have the specified number,
nil means the functionality is turned off. For example, to turn (declarative)
partial matching on, in pyactr one sets partial_matching = True. The value
of mismatch_penalty has a default of 1, and so without setting it explicitly,
this is what will be applied to partially matching chunks during retrieval. To
achieve the same behaviour in actr6, one has to set :mp to 1, which turns
on partial matching, and sets the mismatch penalty to 1. Finally, aligning
parameter values for the two implementations is difficult because of the inherent
complexity of the architecture. ACT-R is Turing-complete (Schultheis, 2009),
so a highly complex system. Sometimes changing a parameter will influence its
behaviour in a not entirely transparent way. Implicit examples of such opacity
can be found below.

Having taken account of the general differences one might hope that the
model written in the two implementations will be more or less similar. However,
this is not the case; compare model predictions on Figure 5.3.

In both conditions, pyactr implementation generates two “slowdowns”: The
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Figure 5.4: Reaction times (space presses) from the model, Experiment 1,
with the vis_delay parameter set to 0. The facets show different experimental
conditions, the symbols different implementations.

first one at the site of the experimental manipulation (i.e. region 5 and 6),
and the second one at region 9. The most likely reason for that disparity is
the difference in encoding times between the implementations. In actr6 with
the default settings, the encoding time of a visual stimuli is a constant equal
to 0.085s. In pyactr, the encoding time is controlled by EMMA, and in the
discussed model is a function of a word length. The difference is not caused
by the retrieval latency, since both models utilise the subsymbolic component,
and comparing the activation values does not reveal any stark differences.

There is a simple way of checking, whether the visual encoding time is the
cause of the differences. Since the visual encoding time varies only in pyactr,
we can remove that source of variability by setting it to 0. Plotting predictions
from such a model confirms that the two slow-downs are caused by pyactr’s
visual module, see Figure 5.4. Note that setting the encoding time in actr6 to
0 (via the :visual-attention-latency parameter) would only increase the
differences between the predictions, since it would subtract 85ms from each
measurement.

Judging by the plot, when the encoding time in pyactr is set to 0 the
predictions of the two models are very close to one another. This is despite
the fact that the two implementations use completely different models of visual
processing. The predictions could be made more similar if both implementations
used EMMA, meaning that in case of the lisp implementation we use EMMA
in place of the default vision module. And so in the next section we compare
the differences in the implementations of EMMA.
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Figure 5.5: Reaction times (space presses) from the model, when using EMMA
and encoding time is dependent on the length of the word. The facets show
different experimental conditions, the symbols different implementations.

5.3.2 Differences in the EMMA module
Recall that EMMA distinguishes between the movements of gaze and move-
ments of visual attention. A successful change of attention means encoding a
new object. The time it takes to encode an object is modeled using the fol-
lowing formula: T = K(− log fi)ekdi , where fi represents the frequency of the
object, di the distance of the object from the current eye position, and K and k
are scaling parameters. The modeler can set the encoding time to 0 by setting
fi = 1.

The first big difference concerns the additional time needed to clear the
visual buffer. In both actr6 and actr7, when using the built-in visual system,
clearing the visual buffer results in the visual buffer being put in preparation
state for 50ms (Bothell, 2014, p. 303). This also seems to be the case when using
EMMA. Another difference concerns the dependence of the attention shift on
eye movement. In pyactr, the upcoming visual object can be encoded even when
the eye movement is still ongoing. This does not seem to be the case in actr6
and actr7. The encoding phase only starts when the eye movement is finished,
which can have a big influence on predicted times, see Figure 5.5.

There are two additional observations worth reporting. First, encoding times
and eye movement times seem to differ between pyactr and actr7. To some ex-
tent this is expected, because the EMMA extension used by actr7 does not
follow the EMMA specification very closely, as detailed in the readme file at-
tached to the actr7 distribution. In addition, recall that actr6 and actr7 repre-
sent visual stimuli available to the model in a very different manner comparing
to pyactr. It is likely that this amplifies the differences in prediction, since it
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Figure 5.6: Reaction times (space presses) from the model, when using EMMA
and encoding time is set to 0. The facets show different experimental conditions,
the symbols different implementations.

is difficult to ensure that the size of the visual object is the same and so the
distances between objects differ. Second, it seems that setting the encoding
time to 0 effectively removes the dependency of the encoding on eye movement
in actr6 and actr7. Compare Figure 5.6. The last remaining difference visible
on that figure is the additional 50ms actr6 and actr7 take to clear the visual
buffer.

5.3.3 Comparison take-aways
Lisp (actr6 and actr7) and python (pyactr) implementations are not exactly
the same. The biggest difference lies within the vision system, both in terms of
how the visual stimuli is presented to the model and how the implementation
processes the stimuli. The EMMA model of visual processing differs between
the implementations.

Despite these differences, both discussed implementations clearly implement
some version of the ACT-R theory. The python implementation can serve as a
substitute of the lisp implementations, since, as we have seen, a complex model
of a cognitive task can be implemented equally well in actr6/7 and in pyactr.

An important observation from the comparison is that any cognitive model
is relative to its implementation. Describing a model as “an ACT-R model”
is not enough, because the predictions and parameter estimates coming from
models written in different versions of ACT-R might be quantitatively different.

This ends the comparison part of the chapter. The next section presents
some discussion points concerning the use of ACT-R models.
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5.4 What is ACT-R good for? Remarks on the-
oretical import of cognitive architectures

The role of the task knowledge

Initially, cognitive architectures were proposed as a unification tool (Newell,
1973, 1992), a way to push cognitive science forward, beyond what Alan Newell
called “playing 20 questions with nature” (Newell, 1973). As such they were
supposed to be frameworks whose aim was to provide a scaffolding for an all-
encompassing theory of cognition.8 In practice, this means coming up with
a framework which provides building blocks allowing to model any cognitive
phenomenon. This feature of cognitive architectures results in a theoretical
construct which is a bit unusual from the perspective of “common” scientific
theories. The architecture on its own does not really predict anything, it needs
to be supplemented with some task knowledge, i.e. a theory of the task being
modeled.

The task knowledge consists of any information supplied to the architecture
needed to model the particular phenomenon. Some tasks need little information
(e.g. only rules and facts as in the model of mental arithmetic, Anderson &
Lebiere, 1998, Chapter 9), others need a representation of an experiment (e.g.
the models discussed above), while some others need to add a whole new module
to the architecture itself (Engelmann, 2016, Chapters 4-5, see also https://
github.com/felixengelmann/act-r-sentence-parser-em). Some parts of the task
knowledge more clearly encode a hypothesis (e.g. left-corner parsing encoded
in rules), while others encode some auxiliary “facts” such as the way a self-
paced reading task proceeds. In addition, even though the representation of
the experimental environment usually would not be considered a part of the
implemented theory, and an accurate specification of the model would make it
clear, the way an experiment is implemented in a particular model can influence
the predictions.

Arriving at the task knowledge involves abstraction. At the minimum, the
modeler has to encode the supposed phenomenon in ACT-R terms. Such a
procedure requires distilling, or capturing, some parts of the observable reality
and translating it into entities which can be used by the architecture, such as
productions, chunks, and possibly an associated program used by the model.
The architecture imposes a certain structure or shape on the abstraction. But
in addition to assuming the ACT-R view of cognition, an ACT-R model often
also assumes a more specific theory about the phenomenon at hand — the
task knowledge can be taken from an external theory. For example, the model
used for the comparison in Section 5.3, assumes that the effects observed in

8Note, however, that cognitive architectures assume quite a particular view of cognition.
For example, adapting for the influence of emotions on cognition in ACT-R requires some
modifications (Park & Myung, 2012; Ritter, 2009). Predictions of unmodified ACT-R are
more inline with the behaviour of patients with brain lesions (Fum & Stocco, 2004).

https://github.com/felixengelmann/act-r-sentence-parser-em
https://github.com/felixengelmann/act-r-sentence-parser-em
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the data can be explained by a left-corner parser employing an active filler
strategy, and not by a processor constrained by discourse locality theory9 (see
also footnote 6). Often, the fact that the model encodes a specific theory is
left implicit, but its use can be seen as a general hypothesis about the possible
explanation of a given phenomenon.

Cognitive architectures: a research programme or a formalization
tool?

As was mentioned above, one prominent approach treats cognitive architec-
tures as a prospective general theory of cognition. One issue with such a view
concerns falsification. Note that demonstrating that a task knowledge cannot
account for some observed experimental data only shows that this particu-
lar task knowledge is not accurate, hence the architectures themselves are not
really falsifiable10. One solution to this problem posits that cognitive archi-
tectures are more akin to Lakatosian research programmes (Cooper, 2007).
According to Lakatos (1970), scientific programmes can be characterised by
their crucial assumptions, “hard core” of the theory, and its “protective belt”.
By design, the core of the programme is not easily refutable, instead, when a
counterexample to the theory is encountered it is treated as a refutation of one
of the assertions in the protective belt. Lakatos judges research programmes on
the basis of what type of changes they go through in time (p. 117–118). A re-
search programme is theoretically progressive if its newer version predicts some
new facts comparing to its predecessor. It is empirically progressive if some
of these new predictions are corroborated. Cooper (2006) appraises historical
changes in SOAR and ACT-R using the Lakatosian criteria.

It should be noted here that in case of cognitive architectures, an implemen-
tation is a particular stage of the theory. A framework, such as ACT-R, cannot
specify all the details needed to create a working version of the software it de-
scribes. This is because it is difficult — some problems only arise when one has
a working version of a program — and impractical. Details such as “how long
it takes to retrieve a chunk without the use of a subsymbolic system” are not
very interesting. But all these details and arbitrary choices can lead to differ-
ences between implementations which can result in differences in predictions.
At the same time, clearly not all the parts of the implementation are assumed
by the theory. However, one big advantage of cognitive architectures is the fact
that they are computational systems which are able to provide concrete pre-

9It might seem weird to implement a DLT model in ACT-R, since DLT is a theory about
the use of memory during parsing, and ACT-R provides its own, more general theory of
memory. However, one can simply not use this part of ACT-R by turning off the subsymbolic
component, and implement a DLT model using the remaining parts of ACT-R.

10It should be noted here that the notion of falsifiability as a necessary property of scientific
theories has been widely criticised. See for example Cooper (2007, pp. 513–514), Hansson
(2021), Laudan (1983), and Feyerabend (2002, Chapter 5). Here, I follow Cooper (2007) who
uses notion of falsifiability to investigate the properties of cognitive architectures, and hence,
assumes that such a concept is useful.
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dictions. The difficulty to distinguish, after obtaining the predictions, whether
they come from the theory or are just the result of the implementation choices,
makes the idea of cognitive architectures much less compelling. Implementation
details can be seen as extra auxiliary assumptions of the theory. From such a
perspective pyactr could be seen as a separate node in the progression of the
ACT-R research programme.

The second view on the use of cognitive architectures disregards, at least to
some extent, their claim to become an all-encompassing theory of the mind and
treats them as a formalization tool (compare Guest & Martin, 2021). On this
account, it is not so important whether the proposed model closely follows the
constraints suggested by the architecture, or whether the model could be used
to refine the (theory of the) architecture. The main reason behind using a par-
ticular architecture is to be able to give a precise rendition of a particular theory
which can be implemented as a computer program. The benefit of using a cogni-
tive architecture is that it encourages the modeler to provide an implementable
specification of the theory or at least to think about such a specification; the
model itself can provide useful insights about the (external) theory, and allows
for a rigorous statement of predictions and hypotheses. In general, this attitude
towards modeling allows for a more “open and transparent theorizing” (Guest
and Martin, p. 789). Such an account allows to disregard criticisms towards
ACT-R which points out that it is not sufficiently constrained (Schultheis,
2009), or that it is more of a “world view” than a theory (Hunt & Luce, 1992),
since they are not arguments against its usefulness.

The two perspectives on cognitive architectures coincide with different at-
titudes towards modeling and the type of explanations the models provide.
Whenever modeling some phenomenon, it is a common practice to come up
with a set of models and conduct model comparison among the elements of
the set (Gelman et al., 2003; Lewandowsky & Farrell, 2010; McElreath, 2018).
When it comes to ACT-R, in practice there are three ways of developing alter-
native models. The first one is to consider an alternative theory. An example
was already given above: one could come up with two different models when
accounting for the effects observed in the Grodner and Gibson data. One of
those could be a DLT model, the other an AFS model. The second possibility is
to get an alternative model simply by using different facets of the architecture.
For example, in pyactr, visual attention can be either modeled explicitly with
the use of productions, or left to be modeled by the architecture by enabling
automatic visual search. Such two models assume differences in visual process-
ing which can lead to different predictions. Many parameters in ACT-R allow
to modify the architecture in significant ways, and the resulting models can be
vastly different. The third source of the alternative models is the middle ground
position. Here, the model does not come from an entirely different theory, but
rather the theory is slightly modified which leads to the modification of the
task knowledge and, in consequence, of the model. One example of such an
approach is the parallel–serial distinction, see Section 6.2.1.

Note that in the second and the third case, the motivation behind the
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alternative model can also be grounded in theoretical considerations. In the
second case, there might be good theoretical reasons to compare the current
model to one which uses a version of ACT-R with a particular part turned off.
And in the third case, the slightly modified theory might account better for
the actual behaviour. E.g. the parallel model might encode a hypothesis that
some part of the behaviour at hand is coordinated.

At first glance, it might seem that the most promising path is to develop
models based on two distinct theories. Seemingly, in this way we are able to
compare two theories through the lenses of the models. Unfortunately, this is
not really the case. An ACT-R model requires much more explicit specification
than a usual psychological theory is able to provide. Because of this, there is
a lot of leeway in how the models are implemented. It is entirely possible that
the differing predictions come from the imperfect implementation and not from
the theory itself.

ACT-R in the real world

Having sketched various attitudes towards cognitive architectures and model
building, an obvious question to ask is: how do scientists actually use cognitive
architectures in general and ACT-R in particular? A comprehensive answer to
such a question would require a systematic overview, which is out of scope of
this chapter. Instead, a sample of ACT-R uses is discussed below. These are
either most recent articles, at the time of writing, advertised on the ACT-R
project website (https://act-r.psy.cmu.edu/publication/) or articles attempt-
ing to model some (psycho-)linguistic data.

Some researchers create a single model and use it to analyse some phe-
nomenon. Such a model can be developed for a very particular dataset, as is
the case for the model of musical improvisation (Schoppek & Emond, 2025),
and the model of performance in a pragmatic reference game (Duff et al., 2025),
or it can be a general model evaluated on a number of datasets as for example
in Lewis and Vasishth (2005). Some models are used to draw quite general
conclusions, for example Anderson et al. (2024) used a model of a video game
to conclude what level of Newell’s scale of cognition is the correct level of
understanding for certain tasks. Another approach is to implement a number
of models which are used to reason about some phenomenon of interest. The
different models are usually connected to some theory, in line with the discus-
sion in the previous subsection. An example of this is Brasoveanu and Dotlačil
(2018) and their models of reading processes. Three models are described, ver-
sions of which are evaluated on two datasets. A very similar approach is taken
by Hough and Larue (2025) who present three models of a phenomenon related
to misinformation, which are then evaluated on two datasets. The models are
used to argue for a particular theory.

A different, but common, attitude is to use parts of the ACT-R theory as a
building block of a non-ACT-R model. Examples include: using base activation
equation to study the speed of forgetting (Xu et al., 2025), an ACT-R model as

https://act-r.psy.cmu.edu/publication/
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a part of a tight resource-rational model of a video game (Dimov et al., 2024),
and activation as a starting point for a probabilistic model of interference in
language processing (Nicenboim & Vasishth, 2018).

Even though the last group of models abstracts away from important fea-
tures of the architecture, it is possible to argue that some of the predictions
still follow from the ACT-R theory. However, other models modify the theory
in ways which make such an argument difficult. For example, one of the models
in Hough and Larue (2025) uses an activation equation which has additional
arousal and valuation components, and the LV05 model (Lewis & Vasishth,
2005) predicts attachment times which are sub-sequences of the processes en-
coded in the model. Note that in the latter case, the model explicitly abandons
the connection with the behavioural measures provided by ACT-R theory. Such
a decision makes the model more general, since attachment can be seen as the
process underlying different measures observed in psycholinguistic experiments,
but also disconnected from the core of the ACT-R theory. Modifications to the
theory seems quite common, Schultheis (2009) found that 17 out of 35 reviewed
modeling papers significantly changed parts of the architecture (p. 5).

Crucially, the fact that one is able to create an ACT-R model of some
phenomenon does not mean much: we know that ACT-R can be used to com-
pute any computable function and that it can do that in a “wide range of
times”(Schultheis, 2009, p. 5). The fact that a model is able to predict some-
thing is not very informative. What is informative is the implementation. That
is, creating an implementation forces the modeler to spell-out every single de-
tail of the theory which underlies the task knowledge. When doing so, it might
be discovered that the initial model does not fit the data very well. Creating an
alternative model, in any of the ways mentioned above, provides new avenues
of model criticism. That is, the new model might fit the data better, but possi-
bly it makes assumptions which are dubious from the perspective of a theory.
Consider the running serial–parallel example: a completely serial model of a
self-paced reading task should be discarded as being mutually exclusive with
the assertion that reading processes are coordinated (Kliegl et al., 2006; Reichle
& Reingold, 2013).

So what is ACT-R good at? In many cases its capabilities enable the cre-
ation of models whose theoretical contributions are unclear. A single model
evaluated on a very specific task does not tell us much. Strangely, an issue for
ACT-R is that it is versatile; implementing a model is relatively easy. Hence,
it is compelling to create a model when one knows how, and the fact that the
model rests on the shoulders of a serious framework adds to its perceived the-
oretical importance. Unfortunately, such models might not add much to our
understanding. On the other hand, using ACT-R forces researchers to specify
all the details of the theories behind their predictions. When a few models are
presented, and their predictions are confronted with theoretical assumptions,
the outcomes can be informative.
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Summary and outlook
This chapter begun with a brief introduction to ACT-R. The subsequent part
of the chapter described a comparison between the lisp and python implemen-
tations of the ACT-R theory. These implementations differ to some extent
(mostly in the vision module), but the differences are not big. It is clear that
all three implementations (pyactr, actr6, actr7) provide some version of the
ACT-R theory. The last part of the chapter provided some commentary on the
use of the architecture. The key take-away is that simply developing a model in
ACT-R is not very informative. A better approach is to provide a set of models
and connect them to different theoretical accounts.

The next chapter will, at least partially, employ the described procedure.
A number of models will be proposed, with each of the models implementing
different task knowledge aimed at explaining the observed phenomenon. The
models will be fit to the data which should allow us to find the theory best
explaining the observed effects.





CHAPTER 6

Modeling semantic distance effects with ACT-R

6.1 Introduction
Most of the presented work so far concentrated on the retrieval of presuppo-
sitional antecedents. In a way, one can think of that research as employing a
series of steps:

1. Find a phenomenon of interest.

2. Create stimuli which capture that phenomenon.

3. Conduct an experiment using the constructed items.

Each of these steps assumes some theory. A phenomenon cannot be de-
scribed without an underlying theory, which is also needed to capture the
phenomenon as a set of stimuli. Finally, conducting an experiment requires a
theory to posit hypotheses and draw predictions.

Note that experimental predictions in cognitive science rarely, if ever, are
derived only from one particular theory. For example, the theory of memory
used in ACT-R cannot be tested without silently assuming theories of human
perception and information processing. Many theories have a qualitative char-
acter and need linking hypotheses, which can be implicit, to connect them to
actual observed data.1 For example, Gibson (1998, p. 1) states: “the longer a

1Note that the observed data are also not self-contained, or independent from the scientific
environment of the particular problem. What type of data can be collected, and, more gen-
erally, what constitutes an observation depends on the current state of a particular scientific
field, technological advancement, etc. See Feyerabend (2002, Ch. 5, in particular pp. 51–52).



136 Memory retrieval in presupposition processing

predicted category must be kept in memory before the prediction is satisfied,
the greater is the cost for maintaining that prediction”. How such a greater cost
manifests itself in the data can vary widely depending on experimental setup,
stimuli, and other factors. In the same vein, in Chapter 2 above (p. 30), the
predictions directly connected the increase in the retrieval difficulty to longer
reading times. But a memory-related difficulty does not have to result in longer
reading times (as noted in Nicenboim et al., 2016), such a prediction arises due
to a particular linking hypothesis. Moreover, the types of behaviour studied
in cognitive science are often complex. Distinct features of such complex be-
haviours may interact with one another in non-transparent ways, which makes
stating precise predictions more difficult. Even a fairly controlled experiment
utilising a self-paced reading method demands that a participant controls their
hand movement and gaze while trying to comprehend an, often non-trivial,
linguistic stimulus. The interaction of hand movement, gaze, and sentence pro-
cessing, and how such an interaction influences the observed reading times is
usually not part of the hypothesis.

Such a situation can be improved upon with computational modeling. Using
a framework such as ACT-R allows us to implement a model for a particular
task and draw precise quantitative predictions. As will be shown, the mod-
els and the predicted patterns can also be studied qualitatively, allowing the
researcher to gain new insights into the phenomena at hand. Such a study
works best when it is conducted as an iterative process; a model is proposed,
its predictions are evaluated, and as a result the model can be refined and a
new set of predictions can be evaluated (compare also Guest & Martin, 2021).
In this chapter, several model prototypes will be discussed. We will see that
such prototypes can provide some level of control over or, reflection onto, the
hypothesis-forming process. That is, they allow to experiment with our stimuli
and hypotheses, and clearly see how these translate into predictions. Note that,
when examining a more complex phenomenon, even in simple situations, the
consequences of a particular hypothesis can often be unclear. Having “tangi-
ble” predictions from a particular model helps to dispel this problem. One can
immediately see how changing a hypothesis affects the results.

The starting point for these models is the phenomenon captured in the
results of Experiment 5, i.e. the distance effect brought about by the use of the
additive presupposition trigger too. All these models try to simulate the task
of self-paced reading, but they consider different explanations of the found
effect. The main point here is to get a better understanding of the results of
Experiment 5. Can we say that the more effortful retrieval of the antecedent
with growing distance in the too conditions explains the results completely or
is there something else? The modelling conducted in this chapter suggests that
the increased retrieval effort is one of the possible explanations.

The chapter consists of two main sections. In the first section I present the
prototypes. These are evaulated by plotting their predictions with some fixed
parameter values and comparing those plots to the observed data. The point
is that even such inaccurate predictions allow us to learn from the models and
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improve them. In the second section, some versions of these prototypes are fit
to the data and their results are discussed. The chapter ends with a conclusion.

6.2 Model prototypes
I will describe four model prototypes: a simple retrieval model, a model which
fakes syntactic processing, a model which tries to mimic some predictive pro-
cessing, and a parallel model of retrieval. Before describing the prototypes, I
discuss the characteristics shared by all the models.

6.2.1 Shared properties
Schemata of all the discussed prototypes are shown on Figure 6.1. Recall that
the experiment we are modeling is a self-paced reading study, and so, each
diagram on the figure represents the sequence of events carried out at every
word. Modeling this type of data means that we do not have to account for
the actual eye movements. In the perused experiment the participants process
stimuli word by word and this is also what the model will do. As was mentioned
in Chapter 1, this is not true of actual eye movements during reading (Engbert
& Kliegl, 2011, see e.g.).

From the perspective of the implementation, events and transitions between
them are encoded by productions. Since many of those events are utilised by
every model, we shall start by explaining briefly the meaning behind the blocks
that appear in more than one model. That is, the list below describes the most
common building blocks found on Figure 6.1.

• locate word: Find the word by moving the model’s “eyes” to a particular
location on the screen.

• encode word: Shift the model’s visual attention to the found location/word.
This action allows to interact with the physical features of a stimulus (e.g.
word form) presented on the screen.

• retrieve lexical info: Retrieve the lexical information associated with a
particular word from the declarative memory.

• press spacebar: Execute a spacebar press. As in the modeled experiment,
the stimuli on the screen changes with a space press.

• retrieve antecedent: Retrieve the lexical information associated with the
antecedent of too from the declarative memory.
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locate word encode word
retrieve lexical

 info

retrieve antecedentis too?

press spacebaris not too?

(a) Serial reader

locate word encode word

spilloveris too?

retrieve lexical
 info

is not too?
press spacebar

do syntax retrieve antecedent
is too?

(b) Fake syntax

locate word encode word

press spacebar

retrieve lexical
 info

retrieve antecedent
is too?

(c) Parallel reader

locate word word wrap-up encode word

press spacebar

retrieve lexical
 info

retrieve antecedent
is too?

(d) Parallel reader with word wrap-up

Figure 6.1: Diagrams representing all the model prototypes.

Presupposition resolution

With respect to the presupposition carried by an additive too, all the models
assume that:

1. The antecedent of the presupposition of an additive is specified through
presupposition resolution.

2. Processing of a trigger word (e.g. too) causes a retrieval of its antecedent
from memory.

3. There is a unique matching antecedent.
4. Presupposition resolution and antecedent retrieval are independent pro-

cesses. In particular, the models do not attempt to simulate a search for
the correct antecedent, but they do simulate its retrieval from memory.

These assumptions encompass the main idea behind the models, and point
to one important quirk. The goal is to simulate the process of the retrieval
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of the presuppositional antecedents. From the perspective of the models, the
antecedents are words (not entailments), and the models do not attempt to
connect the trigger in a particular sentence to its antecedent, i.e. they do not
attempt to resolve the presupposition. Instead, the models assume that the in-
formation about the antecedent is already given, that it is encoded in the data.
In other words, we assume that the retrieval happens because the presupposi-
tion needs to be resolved, but the mechanism which allows for the resolution
is not the same mechanism which guides the retrieval.

This disconnect between the resolution and the retrieval, captured by as-
sumption 4 above, is possibly the biggest weakness of the models. In the light
of the assumptions 1 and 2, the fourth assumption is most likely not true. It
seems reasonable to believe that the retrieval mechanism is guided by the res-
olution process. On such an account, to resolve a presupposition would mean
to retrieve the antecedent which is in some relation to the phrase which ini-
tiated the resolution — to resolve the presupposition means to retrieve the
correct antecedent. In addition, if there is more than one possible antecedent,
a resolution failure could mean retrieving the incorrect antecedent. The mod-
els implemented below decouple the two processes in order to study memory
retrieval in isolation, without any assumptions about the resolution.

It is worth noting that the other assumptions can be questioned as well.
The first assumption stands on a particular theoretical view of presupposition,
and its similarities to anaphora, as proposed by van der Sandt (1992). It does
not have to be the case that presuppositions need to have antecedents to which
they “resolve”. Arguments supporting the second assumption were discussed in
Section 2.1.1, but it does not have to be true either. This assumption would
be false if, in reality, the readers retrieve the antecedent only in some cases.
That is, the resolution of the presupposition might not require retrieval, or
presuppositions are left unresolved. Note here that the former is difficult to
conceptualise in a framework which concentrates on memory retrieval. Finally,
the third assumption is obviously false. Consider (1):

(1) John is ninety and his dog Whagtail is twenty years old. Suzan’s cat is
old too.

Both John is ninety and his dog Whagtails is twenty years old entail X is
old for X being someone else than Suzan’s cat, and so there are two possible
antecedents for the presupposition carried by too in this example. However, this
is never the case in the modeled stimuli.

To reiterate, the three assumptions mentioned above are the central as-
sumptions behind the models. They all will be directly encoded in the models;
the models will simulate the retrieval of the antecedent, and the resolution of
the presupposition will be treated as a detail of the implementation. I will now
describe how the resolution was implemented.

The linking of the trigger with its antecedent was achieved by annotating
every sentence from the stimuli with the position of the antecedent. The an-
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notation was then used by the model to retrieve the word of a given form and
marked as the antecedent. This was achieved by providing an antecedent slot
in the chunks representing words, and ensuring that the goal buffer tracks the
form of the antecedent.

As discussed in Chapter 2, Section 2.1.1, identifying the point at which the
entailment satisfying the presupposition originates can sometimes be tricky.
However, this is not the case for the stimuli at hand. In cases where more than
one word seemed responsible for the relevant entailment, the last word in the
phrase was marked as the antecedent. E.g. in (2)

(2) The bakery has shut down and the cafe is closed too, so the streets are
empty.

the word down would be marked as the antecedent.
Note that this means that the model identifies the retrieval of an antecedent,

which as was argued earlier (e.g. in Section 2.1.1) is an entailment, with the
retrieval of a particular word. This is an important simplifying assumption.
Even if we assume that the ACT-R model of retrieval is applicable to any
entity stored in memory, representation of entailments in memory has to be
different than the representation of words.

Effects of word frequency on retrieval latency

This simplifying assumption has one more consequence. It is well known that
word frequency affects many, if not all, tasks which involve lexical processing
(Forster, 1990; Monsell, 1991; Whaley, 1978). Since we are modelling the re-
trieval of words, the model should take that into account. The way in which
all the models capture the effects of frequency on retrieval is described in the
next sub-section.

As discussed in Chapter 5, the latency of retrieval in ACT-R models is
determined by the activation level of a chunk. Retrieval latency T of a chunk
i is computed from its activation using the equation:

Ti = Fe−fAi

where F (latency factor), and f (latency exponent) are free parameters,
and Ai is the activation of a chunk. Hence, to make latency a function of word
frequency, we have to make the activation of a word chunk dependent on the
frequency of a word it represents. Recall that total activation of a chunk is given
by the sum of its base activation and spreading activation. Here, we simplify
things a bit by restricting the model to only consider the base level activation
of a chunk. Therefore, what has to be done is to translate word frequencies into
base-level activation.

Base-level activation B of a chunk i is specified by the equation:
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Bi = log

n∑
k=1

t−d
k

where d is a decay parameter, and tk specify the times when a chunk was
“presented”, meaning in principle either an initial creation of a chunk or its
retrieval from memory. Base activation can be seen as a quantity which mea-
sures how well one remembers a fact given all past situations in which the fact
was “reactivated”.

Having all this, the translation of word frequencies to activation can be done
as follows (largely taken from Chapter 7 of Brasoveanu & Dotlačil, 2020). We
can assume that word frequencies directly translate to the number of evenly
spaced out repetitions in a life of a given speaker. Of course, this makes things
much simpler than they are in reality, but this is enough to reproduce relative
effects of frequency on retrieval, i.e. more frequent words will be retrieved faster
than less frequent words. For every word, the repetition times are given by
a vector v of negative numbers denoting times in the past when the word
was presented to the speaker. Presentation times are assumed to be negative,
because every tk denotes a period of time which elapsed between presentation k
and the retrieval time tnow. That is, each tk is understood as a difference: tnow−
tk. Consider the age in seconds of an idealised speaker, denoted by L. Then,
the interval between the repetitions is given by r = L

w , where w is a frequency
of a word. And so, the vector v is given by v = [−r,−2r,−3r, . . . ,−wr].

To see that this works as intended, let’s consider a silly example. Take a
speaker who is 100s old, and assume that such a speaker could actually pro-
cess and remember words. Let’s also assume that we have two words: bulbul
which occurs 10 times in a given corpus, and ciahor which occurs 5 times.
Then, rbulbul = 10, and rciahor = 20. The relevant vectors are: vbulbul =
[−10,−20, . . . ,−100], and vciahor = [−20,−40, . . . ,−100]. With the default
values of decay, latency exponent and latency factor assumed in pyactr, base
activation at time 0 for bulbul is ≈ 0.46, and for ciahor ≈ −0.32. This in turn
gives us retrieval latencies: Tbulbul ≈ 0.06s, and Tciahor ≈ 0.14s, and so cia-
hor which is less frequent takes longer to retrieve than bulbul, which is more
frequent.

It should be noted here that the differences in reading times of too (or the
words after it) between the distance conditions arise also due to differences
in activation. As will be explained below, the models will try to retrieve the
antecedent after encountering too. In the short conditions, less time will pass
between the presentation of the antecedent and its retrieval than in the long
conditions. Hence the activation of the antecedent in the short conditions will
be greater (and its latency smaller) than in the long conditions.
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Parallel and serial design

Another important feature shared by all the models concerns design strategy.
Almost any ACT-R model can utilise one of the two design strategies: the
processes in the model can happen sequentially or in parallel. In its design,
ACT-R combines parallel and sequential processes, but “thought progresses
serially” (Anderson & Lebiere, 1998, p. 26), meaning that an ACT-R model can
be thought of as a sequence of states. Whenever a state satisfies preconditions
of a production, the production fires and the model reaches a new state; only
one production can fire at any particular time. However, transitions between
states take variable amount of time. The differences in the transition times,
and the fact that a production can modify multiple properties of the model,
can be leveraged to create models with varying degrees of parallelism. To put
things simply, one way of designing models in such a framework is to wait for a
particular event to finish before executing a new event. Another, is to use the
time when one event is executed to execute a separate event.

As an example assume a simple model consisting of three rules: encode
word, retrieve lexical information, press key. The model “looks” at a word on
the screen, retrieves lexical information related to that word, and presses a
key. Assume that the end of the modeled process happens with a keypress. A
serial implementation of such a model could posit that the goal buffer carries
a chunk task which tracks the current state of the model. This state would
change after any of the rule fires. E.g. the model could start with the task =
read, after the encode word rule fires it could change to retrieve to trigger
the firing of the retrieval rule, finally after which the task could change to
press_key, to initiate the key press. Simplified model productions are shown
below (see Chapter 5 for explanations regarding the notation and for general
ACT-R introduction).
Serial design

• encode word[
goal

[
task read

]
…

]
=⇒

[
goal

[
task retrieve

]
+visual

[
cmd move attention

]]
• retrieve word[

goal
[
task retrieve

]
visual

[
value w

] ]
=⇒

goal
[
task press

]
+retrieval

[
word
form w

] 
• press key[

goal
[
task press

]
?retrieval free

]
=⇒

[
+manual

[
cmd press key

]]
The parallel implementation would proceed differently. After the encode

word rule fires, the task chunk would immediately change to press to initiate
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the key press. The retrieve lexical information rule would not check for the value
of task in its preconditions at all. Instead, it would check if the visual buffer is
full, and if this is the case, it retrieves the word described by the information
in the visual buffer. Compare the simplified productions listed below.

Parallel design

• encode word[
goal

[
task read

]
…

]
=⇒

[
goal

[
task press

]
+visual

[
cmd move attention

]]
• retrieve word[

visual
[
?buffer full
value w

]]
=⇒

[
+retrieval

[
word
form w

]]
• press key[

goal
[
task press

]
?retrieval free

]
=⇒

[
+manual

[
cmd press key

]]
These two models differ in some important aspects. One such difference

has to do with the sequence in which the rules fire. Since only one production
can fire at a particular time, examining the trace of particular runs of the two
models might suggest that they are both serial and that the actual difference
lies in the order in which the rules are applied. However, this is not the case.
The sequence in which the productions fire in the serial model is determined by
the design of the model, but not in the parallel model. In the latter, the firing
of the retrieve word production depends only on the visual buffer being full.
Usually, the attention shift required to fill the visual buffer takes some time. But
the buffer can be full even before the move attention command is executed
(e.g. because of the automatic buffering), and so, since changing of the task
value is instantenous, the preconditions for both press key and encode word
productions can be satisified at the same time. If the visual buffer is empty,
and the model needs to complete the attention shift, the press key production
will be the first one to fire. In such case the retrieval event can occur in parallel
with the key pressing event. Hence, the difference is not the order in which the
productions fire, but rather that certain subprocesses can be coordinated.

Another difference is related to the speed of processing. The parallel model
finishes the process slightly earlier, because the periods of time which have to
elapse to press the key and to retrieve the word overlap to some extent. Despite
the differences, these are clearly two models of the same process, in particular
both models retrieve the lexical information before the key is actually pressed.

The prototypes described below vary in terms of design. Some of them are
completely serial, some are mixed, and some are almost completely parallel.
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locate word encode word
retrieve lexical

 info

retrieve antecedentis too?

press spacebaris not too?

Figure 6.2: Processing stages in Model 1.

6.2.2 Model 1: Simple retrieval
With all the background in place we can implement the first model. This model
is supposed to simulate the retrieval of the antecedent of too in the most
straight-forward way. That is, for every word: read the word, check if it is
too, if yes then retrieve the antecedent, if no, continue reading. The implemen-
tation closely follows the self-paced reading task, and makes use of the building
blocks introduced in the beginning of Subsection 6.2.1.

The model starts with the first word appearing on a virtual screen, and
with the rest of the words masked by dashes. The model moves its “gaze” to
the location of the word, and then moves its attention to that word. When this
succeeds, the model retrieves a chunk representing that word from memory.
After the retrieval is completed, a space-press is initiated. This procedure is
repeated for every word, unless the word is too. In such a case, the model
retrieves the antecedent of too before the key press. The described process flow
is shown in Figure 6.1, for ease of reference reproduced also on Figure 6.2.

Having constructed a model, it requires testing. After all, this initial creation
is largely a guess about the mechanisms of the underlying process. Such a guess
can be improved by comparing the predictions of the model with the data.
The tests are conducted in the following fashion: the model is run on all the
stimuli, the times from critical, post-critical, and post-post-critical regions are
collected, and by-condition means (with standard errors) are plotted for each
of the regions.

At this phase of model development, ACT-R parameters are set to some
arbitrary values. We are not yet interested in how well the model can fit the
collected data, but rather whether it can replicate the observed patterns at all.
The results of the tests can be seen on Figure 6.3.

The plot reveals a few important observations. It seems that the model is
able to capture the distance effect, i.e. the reading times of too are a little bit
greater in the long condition than in the short condition – compare region 0
in the predicted panels. Additionally, on Figure 6.4, we can see that this effect
varies across items, which shows that the model predicts some antecedents to
be more effortful to retrieve than others. This prediction can be seen as a small
success of the model, we should note however that the effect is observed at the
critical region, while in the experiment it occurred at the post-critical region.
In addition, in the data from the experiment, the differences between the too
items in the two distance conditions were not as clear cut, as the model predicts,
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Figure 6.3: Comparison of observed reading times with the ones predicted by
Model 1. Plotted are mean reading times across condition and region. Hinges
represent standard error of the mean. Region 0 represents the critical region.
An examplary stimulus from the too condition: The cook is a dancer and the
waiter dances too (0), I (1) have (2) been told recently.

compare Figure 6.4.
Another interesting discrepancy can be observed at the critical region in

reading times of the word too. Despite the differences in retrieval between
items, the predicted reading times have very little variation, as measured by
the standard error. The variation in the observed times at the word too is much
greater. Finally, the last important fact concerns the general speed-up due to
distance. In the experimental data (i.e. the observed panels) the speed-ups can
be noticed in two ways: first, each subsequent region seems to be read faster
on average than the previous one, and the mean reading times across regions
are smaller in the long distance conditions. The latter is actually only true for
the critical and post-critical regions, as discussed in Section 2.6.6. The model
does not predict speed-ups with distance.

This lack of speed-up seems to be the biggest deficiency of the model. The
plots represent the model predictions for particular values of parameters, but
no change in these values would increase the reading speed only in the long
conditions. There simply is no mechanism in the model which could simulate
the general increase in reading speed with growing distance. Moreover, creating
such a mechanism is not just a matter of adding a simple rule to the model:
typically an extra rule fired equals extra time cost for a particular word. To
simulate this phenomenon in ACT-R, one would have to create a much more
sophisticated model, for example a model which could predict the upcoming
structure. Creating such a model would be an interesting but a much more
ambitious endeavour; here we are trying to see whether accounting only for
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Figure 6.4: Comparison of differences in reading times between the distance
conditions within the too condition. The dots denote the difference between
long and short conditions per item. Positive difference means that the RT in
the long condition was greater, negative that the RT in the short condition
was greater. Plotted are Model 1 predictions for the critical region, and the
differences observed at the post-critical region in Experiment 5. In case of the
experimental data each point represents the difference between means averaged
by participant. Items 3, 13, and 21 were excluded from the data. The datapoints
on the plot are ordered by decreasing size of the difference in Experiment 5.

retrieval in an ACT-R model could explain the data well. Hence, we have to
resort to different means to obtain the speed-ups with distance. Namely, to add
a component on top of the ACT-R model which would simulate speeding up
with sentence length.

Synthetic surprisal

The first, naive implementation of such a component, which could be dubbed
synthetic surprisal, can be done as follows. Let’s assume that the human parser
understands a sentence by iteratively building a linguistic structure of some
sort. On that view, every word provides some information which makes the
subsequent word easier to integrate with the structure created so far. The
speed-up related to that ease of integration could be expressed as a constant
rate multiplied by the number of words read so far. E.g. if the rate is −3, and
the first word took x ms to read, then the second word would take y− 3 ms to
read, third would take z−6 ms, etc. Such a solution is obviously arbitrary, but
it directly accounts for the fact that every word contributes some information
to the current parse, and provides a simple analogue of the much discussed
measure of surprisal (Demberg & Keller, 2008; Futrell et al., 2020; Hale, 2001;
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Figure 6.5: Comparison of observed reading times with the ones predicted by
Model 1 with the value of synthetic surprisal set to -3. Plotted are mean reading
times across condition and region. Hinges represent standard error of the mean.
Region 0 represents the critical region. An examplary stimulus from the too
condition: The cook is a dancer and the waiter dances too (0), I (1) have (2)
been told recently.

Levy, 2008). Another advantage is that the rate can be a parameter of the
model, and we could try estimate it from the data. Of course, other, better
justified, solutions are also possible. For example one could calculate actual
surprisal for the stimuli at hand, given some unrelated model and use these
values to calculate relative speed-up (or slow-down) for every word. For now,
the simplistic solution will be used.

Judging by the patterns on Figure 6.5, introduction of the synthetic sur-
prisal solves the issue of the lack of speed-ups across distance conditions (note
the long conditions in the predicted panels). Since this inclusion seems success-
ful, synthetic surprisal will be included in all the models described below. We
are left with two more issues: difference in variability in the reading times of
the word too, and the fact that the effect of retrieval is predicted one region
earlier than was observed. To deal with these issues, a new model is proposed.

6.2.3 Model 2: Parallel processing
One of the issues with the previous model was that the predicted effect was
observed in the wrong region. That is, the model predicted the distance effect
to be visible at the critical region (the word too), while the data showed the
effect at the post-critical region. The predicted effect of retrieval can be delayed
with the use of a parallel architecture. As was explained earlier, in a parallel
architecture multiple events take place at the same time. This fact can be lever-
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locate word encode word

press spacebar

retrieve lexical
 info

retrieve antecedent
is too?

Figure 6.6: Processing stages in the parallel model.

aged to “predict” the effect of a particular production on a region subsequent
with respect to the one where it fired. However, to achieve this effect, a model
has to strike a particular balance between the assumed information flow and
the constraints the productions use.

To explain what is meant by this, we shall first consider a pseudo-parallel
model schematically presented by the diagram on Figure 6.6. For every word
which is not too, the model will look at the word, move its attention to it, and
then, at the same time, start the retrieval and start pressing space. When the
space pressing event is completed, the model will proceed with shifting its visual
focus to the next word. To ensure that the lexical information of a particular
word is retrieved before the space is pressed, the space-press production might
have a constraint which checks if the retrieval module is free, that is it will only
fire if the retrieval of the lexical information has been completed. However, in
the current model such a constraint effectively turns it into a serial model. This
is because, even if the current state of the model satisfies all the constraints for
the spacebar production to fire, it still has to wait for the retrieval event to be
completed.

To make such a model truly parallel, we can remove any retrieval-related
constraints from the spacebar press production. A drawback is that the model’s
reading times are not directly influenced by retrieval anymore, i.e. we cannot
account for what we actually are trying to model. To introduce the dependency
on the retrieval we shall add a stage which can be called “word wrap-up”.
This stage is represented by a production which always fires before moving
model’s attention to the current word (i.e. this part of the model is serial). The
production does two things: it ensures that the retrieval module is free, and it
puts a chunk into the imaginal buffer. The first of these actions means that the
production will only fire for the second and subsequent words – the retrieval
module is only involved after the word is encoded. Use of the imaginal buffer
is necessary, because the proposed model predicts much faster reading times
than the actually observed. Setting a delay for the imaginal buffer allows to
obtain reading times which are closer to the observed reading times. This whole
procedure makes the key-pressing action and the retrieval happen in parallel
and, as a result, delays the predicted effect for a region. That is, the predicted
effect of the retrieval of the antecedent of too is now visible at the post-critical
region.
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Figure 6.7: Processing stages in the parallel model with word wrap-up.
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Figure 6.8: Predicted reading times from the parallel model with word wrap-up.

There is an important caveat to be made here. The word wrap-up stage and,
in particular, the delay added by the imaginal buffer are arbitrary additions
to the model. However, this is not a disadvantage. Note that adding arbitrary
processing stages is very different from adding arbitrary parameters to obtain a
better fit of the model. The model with additional processing stages expresses a
new hypothesis about the investigated process. The initial parallel model is very
simplistic, it seems safe to assume that a successful sentence comprehension
must involve more processing stages. The word wrap-up stage is an attempt
to introduce a “place-holder” for these other processes. At the same time the
model remains at least partially parallel, in line with research suggesting that
different processes involved in reading must be highly coordinated (Kliegl et al.,
2006; Reichle & Reingold, 2013). Processing stages of that model are shown of
Figure 6.7, and the predicted reading times on Figure 6.8.

The plot suggests that the parallel design successfully pushed the predicted
effect one region forward, while the synthetic surprisal increases the reading
speed in the longer conditions. There is one more discrepancy between the
predicted and the observed times, however. In the observed data, the long too
conditions in the post- and post-post-critical regions are read with almost the
same time, or slightly slower than the short too conditions in the same regions.
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locate word encode word

spilloveris too?

retrieve lexical
 info

is not too?
press spacebar

do syntax retrieve antecedent
is too?

Figure 6.9: Processing stages of the fake syntax model.

As can be seen on the Figure, the addition of synthetic surprisal will not account
for this pattern, since it will make the long condition read faster than the short
condition. A possible solution will be discussed in Section 6.2.5.

6.2.4 Model 3: Syntactic processing
One of the motivations behind Model 2 was to predict the effect of the retrieval
of antecedent at the post-critical region. The proposed solution was relatively
theory-agnostic: we do not know what is the exact mechanism behind the lag-
ging of the effect so we might as well assume that some kind of reset (i.e. the
word wrap-up phase) occurs at the start of the processing of a word. However,
it is possible to look at the initial model from a different perspective. That
is, when regarded as a model of language comprehension what is the model
missing?

The answer is: quite a lot. Keeping in mind that the models are supposed
to be primarily models of retrieval, the two proposed models so far were rather
poor models of language comprehension. Out of the wide variety of speculated
processes required to understand a sentence they only implemented three: lexi-
cal retrieval, presupposition resolution, and incremental reduction of surprisal.
A more adequate model of language comprehension would at least pretend to
process the syntactic structure of a sentence.

And so, the current model builds on top of Model 1 (with synthetic sur-
prisal) by adding an additional component, the goal of which is to provide a
placeholder for a syntactic processing stage. Of course, the earlier introduction
of synthetic surprisal already introduces a component which encodes syntactic
processing. The hypothesis which this model encodes assumes that, in addition
to increase in reading speed with the progress of a sentence, there is a separate
syntax-processing stage which incurs some cost on the parser.

The model largely proceeds as Model 1, i.e. for every word it moves its
attention to that word, and then retrieves some lexical information related to
that word. At this point, the model initiates a space press and, in parallel,
pretends to do some syntactic processing. The situation changes in the too
conditions. As soon as the visual system of the model registers the word too it
fires a production represented by the spillover box on Figure 6.9. After that it
proceeds in the same manner as with the other words, until it completes the
fake syntax stage, when it retrieves the antecedent of too.
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Figure 6.10: Comparison of observed reading times with the ones predicted by
Model 3. Plotted are mean reading times across condition and region. Hinges
represent standard error of the mean. Region 0 represents the critical region.
To highlight the predictions put forward by the processing stages, the model
used for plotting has synthetic surprisal equal to 0. An examplary stimulus
from the too condition: The cook is a dancer and the waiter dances too (0), I
(1) have (2) been told recently.

The spillover stage is not elegant, but necessary. Without it, the model pre-
dicts the reading times at the critical region to be much faster than the times
at the other regions. When comparing with the parallel model, this prediction
might seem counterintuitive – there was no such problem in the parallel model
and both of them implement key pressing in parallel with some other process-
ing stage. The crucial difference lies in what is that other processing stage.
Intuitively, the parallel model delays the effect of retrieval. For every word n,
the effect of retrieving that word are predicted at the word n + 1. In case of
the word too, the model predicts a compound effect of retrieval of the word
too and its antecedent on the word after too, i.e. the post-critical region. The
current model does not delay the effect of the lexical retrieval, but only the
effect of the retrieval of the antecedent of too. Therefore, at the critical region,
the model predicts only the effects of visual processing and of the retrieval of
the word too. Since that word is very short, the predicted times are low, and
have to be padded with the use of the spillover stage. The comparison of the
reading times predicted by the model and the reading times observed in the
experiment is shown on Figure 6.10.

A few observations immediately stand out. On average, the model takes
more time to read a word than a human participant in all plotted regions.
Predicted times are also longer than in case of Model 1 (plotted predictions
use the same parameter values in both cases). This is most likely caused by
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Figure 6.11: Reading times per item at the post-critical region in the too con-
ditions. Note that the effect of distance differs per item.

additional time taken by the syntactic processing rules. The model does predict
the effect of too at the post-critical region, which is what was intended. However,
the effect is rendered as a slow-down with respect to the nil conditions in both
short and long distance conditions, where in actual observed times, the effect
is rendered as a relatively smaller speed-up with distance in the too conditions,
when comparing with the nil conditions. Additionally, the effect of distance
predicted at the post-critical region seems smaller than the analogous effect
at the critical region predicted by Model 1. Model 3 does predict that the
distance effect would differ per item, as can be seen on Figure 6.11, but it looks
like the predicted effect is smaller on average (compare the distances between
each pair on Figure 6.11 to the distances presented on Figure 6.4). Finally, the
model predicts that the word at the critical region is read slightly faster in the
too conditions than in the nil conditions, but at the same time already small
variability predicted by Model 1 is further diminished. As explained above, such
prediction makes intuitive sense: in the too conditions the word at the critical
region is always too. In Model 3, the effect of retrieval was moved from the
critical region to the post-critical region, and so the model predicts the same
time for every presentation of the word too.

6.2.5 Model 4: Prediction
All of the discussed models fail to capture one important aspect of the data.
In the data, the (supposed) effect of retrieval is realized as a smaller, possibly
negative, speed-up with distance in the too conditions when compared to the nil
conditions (compare region 1 on Figure 6.3). Crucially, the too short conditions
are read faster than nil short conditions. Compare this with the prediction of
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Figure 6.12: Processing stages of the prediction model.

the models:

1. In Model 1, the too short conditions are read almost exactly as fast as
the nil short conditions (see Figure 6.3, region 0)

2. In Model 2, the too short conditions are read much slower than the nil
short conditions (see Figure 6.8, region 1)

3. In Model 3, the too short conditions are also read much slower than the
nil short conditions (see Figure 6.10, region 1)

There is an obvious reason as to why this is the case. The predictions of the
models at the regions of interest arise due to extra time necessary to complete
the retrieval of the antecedent. And so, an obvious, although heavy-handed,
way to fix these predictions would be to remove the retrieval of the antecedent
in the too short conditions. Such an arbitrary solution might also make sense
from the theoretical point of view.

As was discussed in Section 3.6.2, it could be that participants retrieve
the antecedent earlier. That is, when arriving at the verb, the reader predicts
that the next word might be too and to confirm that prediction, i.e. to check
whether the upcoming word is likely too, they retrieve the antecedent. Since
this expectation is fulfilled — the verb and the antecedent are similar enough
(compare (3-a)), the reader expects too and, with it, the ending of a clause.
And so, what is observed at the critical and post-critical regions is the effect
of speed-up caused by a confirmed prediction. The relatively easier retrieval
in the short conditions results in greater speed-up. Possibly, in the too short
conditions, the expectation of too interacts with the expectation of the end of
the clause which results in the particularly large increase in speed observed at
the post-critical region.

(3) a. The cook is a dancer and the waiter dances too […]
b. The cook is a dancer and the waiter, who is a great boxer from

southern Amsterdam, dances too […]
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Figure 6.13: Reading times predicted by the ’predictive’ model, i.e. Model 2,
where in the long condition, there is no retrieval of the antecedent. Plotted
are mean reading times across condition and region. Hinges represent standard
error of the mean. Region 0 represents the critical region. Synthetic surprisal
was set to -3 for the plot. An examplary stimulus from the too condition: The
cook is a dancer and the waiter dances too (0), I (1) have (2) been told recently.

Unfortunately, it is not easy to add predictive processing to the simple models
proposed in this chapter. But, in the spirit of prototyping, we can easily check
a simpler hypothesis which hopefully corresponds to the predictive processing
hypothesis. If the participants predict the occurrence of too, that means they
do not retrieve the antecedent after actually encountering too. In addition to
that, we can conjecture that in the long too conditions the participants have
to retrieve the antecedent — since the similar words (i.e. dancer and dances
in (3-b)) are further apart in the long conditions, maybe the verb is not so
suggestive of the upcoming additive. And so the “predictive” model instantiates
the hypothesis that the participants do retrieve the antecedent at the site of
too in the long conditions, but do not do so in the short conditions.

To implement this hypothesis, we create a model which combines two sep-
arate models applied in different conditions. In the short conditions the model
disregards the productions related to too, in the long conditions the model uses
these productions. Such a hybrid model build on top of the parallel model is
depicted in Figure 6.12. In principle, such a solution can be applied to each of
the models proposed so far. We only consider the parallel model, since it was
the best one. Predictions from the model are shown on Figure 6.13.

The predicted pattern of reading times is quite promising. Even though
the discrepancy between the too long and short conditions at the post-critical
region seems large, it can be diminished with the right values of parameters.

This concludes the discussion of model prototypes. In the next subsection



Modeling semantic distance effects with ACT-R 155

I will discuss some takeaways from the prototyping process, and after that the
estimation of the parameter values.

6.2.6 What did we learn so far
There are two main takeaways from the prototypes. The first one concerns the
parallel design of the models. Clearly, the prototypes 2 and 4 recover the general
pattern of observations better than the prototypes 1 and 3. Model 1 predicted
the effect of retrieval one word too early, while Model 3 predicted very little
variability in the reading times at the critical region. Introducing parallelism
with respect to the lexical retrieval solves both of these issues. Additionally, in
the nil conditions it also results in decreasing reading times across the three
regions, a very similar pattern to the one in the observed data. This decreasing
tendency was not captured by the other models. At the same time, the parallel
models cannot capture the speed-ups between the long and short conditions,
which brings us to the second lesson from the prototypes.

Without the use of synthetic surprisal none of the models can account for
the decreasing reading times across the distance conditions at the critical and
post-critical regions. As was mentioned before, such speed-ups are difficult to
implement using ACT-R features. At the same time this is a commonly ob-
served phenomenon, ubiquitous in psycholinguistic data (compare references
in Chapter 2). Such a discrepancy between observations and ACT-R capabili-
ties points to an important shortcoming of the architecture. At the same time
it us allows to appreciate the complexity of behaviour behind reading capacity.
Without some additional components it is very difficult to arrive at a convinc-
ing model of psycholinguistic data construed of discrete processing steps offered
by ACT-R.

6.3 Parameter estimation
Qualitative assessment of the model prototypes described above does not allow
to accurately judge to what extent the models capture the phenomenon at hand.
This is because we do not know how close to the observed pattern a given model
would get with the optimal parameter values. Obtaining the optimal parameter
values is a search problem, which can be solved in various ways. Below it will
be cast as a Bayesian estimation problem. Framing it in such ways provides
various advantages, and a few disadvantages, too.

Both advantages and disadvantages should be viewed from the perspective
of the goal of such an estimation. The goal is to discern between the models
which are able to capture the observed pattern and those which are not able to
do so. A consequence of that attitude is that we will pay primary attention to
the quality of the fit and to the issues with convergence. The estimated values
of parameters are not of primary importance, unless they are contradicting
some important assumption behind the models.
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Hence, the primary advantage lies in the breadth of possibilities the Bayesian
paradigm provides to asses the quality of the fit. As a result of Bayesian estima-
tion one obtains a posterior probability distribution over the parameters, which
provides an informative way of quantifying the uncertainty of the fit. Another
advantage is related to the prior knowledge. To fit a model to the data we have
to specify the prior probability distribution over the parameters of interest.
This provides an opportunity to explicitly express the numerical assumptions
behind the model, to encode the prior knowledge, and to constrain the model
to values which are in line with that prior knowledge.

The biggest issue is of a computational nature. To conduct Bayesian esti-
mation one needs to specify a likelihood function and prior probability distri-
butions. Ideally, the likelihood would encode the used ACT-R model. However,
even though it is possible to express many ACT-R models as likelihood func-
tions (Fisher et al., 2022), whether this is possible for the model prototypes
proposed above is an open question. To alleviate this problem, the ACT-R
model will be embedded within a Normal likelihood. The downside of such a
solution is that, in the general case, the estimation cannot be conducted with
the use of the efficient MCMC algorithms such as Hamiltonian Monte Carlo. To
see why, note that to use these methods one needs a gradient of log-posterior
density (Gelman et al., 2003, p. 301). However, any computable function can be
implemented as an ACT-R model (Schultheis, 2009), and not all computable
functions are differentiable. Since the likelihood of our model is a composi-
tion of an ACT-R model and a Normal likelihood (such that rt ∼ N (g(θ), σ),
where g represents the ACT-R model, θ represents the vector of parameters,
and σ represents the standard deviation), it is not a given that the likelihood
is differentiable, and as a consequence it cannot be assumed that a gradient of
the log-posterior density of our model exists. So below we use a naive, brute
force-like method. I.e. we simulate mean reading times from the model and
use those as the µ parameter in the normal likelihood. A disadvantage of such
an approach is that every evaluation of the likelihood requires the embedded
ACT-R model to run through all the relevant stimuli, which takes quite some
time. For example, the collection of 2700 samples for the Model 1a below, where
the ACT-R model was evaluated in parallel in 4 subprocesses took around 145
hours. Such computation time makes working with the models impractical. For
example, conducting prior predictive checks is rather tedious.

Another difficulty has to do with the choice of parameters. ACT-R has quite
some free parameters and it is far from obvious which of those the models should
estimate. This issue points also to a bigger problem, namely, what should be
the interpretation of our results? From the perspective of the ACT-R theory
finding a combination of parameters and values for which the model fits the
data only shows that the given models are consistent with the theory (compare
also S. Roberts & Pashler, 2000). But note that a failure of finding such a
combination is very uninformative — it is possible that the search was just not
thorough enough. Here we sidestep these issues to some extent. We will not be
so much interested in particular values of the estimated parameters, but rather
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we shall use the estimates to compare the models and through them choose the
theory which best explains the phenomenon at hand.

Keeping this in mind, the choice of parameters does matter. There is a
subset of ACT-R parameters often considered in psycholinguistic research. Es-
timating parameters from this subset would allow for a direct comparison with
the published models. Such commonly estimated or manipulated parameters
include: f (latency exponent), F (latency factor), r (rule firing), S (strength of
association), and W (associative weights) (Brasoveanu & Dotlačil, 2020; Dot-
lačil, 2021; Engelmann et al., 2019; Lewis & Vasishth, 2005). Parameters S and
W can be safely disregarded, since the model prototypes derive their memory
effects only from base-level activation. Estimating the rule firing parameter can
be difficult, since the behaviour of some models can change drastically when
the rule firing parameter changes. Because of this, estimating this parameter is
only attempted in two models. Finally, since both latency parameters influence
retrieval latency, it is a good idea to restrict the models to only one of them. In
particular, since the models are computationally expensive. Since the latency
exponent has a greater influence on the latency, this is the estimated param-
eter. The latency factor was set to 0.11 — a value roughly between 0.14 used
in Lewis and Vasishth (2005), and 0.05 a recurring median estimate reported
by Dotlačil (2021). In addition to to the f (and in some cases r) parameters,
we shall also estimate the value of synthetic surprisal (s). This can be used as
a check of the models being in-line with the estimates of the distance effect
observed in the data. The models will be fit using the described set of parame-
ters. Such a procedure means that we have a fixed point of comparison against
which we can compare different models.

6.3.1 Model specification
In this section I describe the model structure, and the prior probability distri-
butions used. The structure described here can be seen as a general scaffolding
for all the models. Except Models 2a and 2b, all the models used the param-
eters and prior distributions described below. Below f represents the latency
exponent, s the synthetic surprisal, r the rule firing, σ the standard deviation,
and actr the ACT-R model with synthetic surprisal. The letter Γ denotes the
gamma distribution, the letter N denotes the normal distribution, and the
letter U the uniform distribution.

f ∼ Γ(5, 10)

s ∼ N (−3, 10)

σ ∼ U(1, 50)
µi = actr(f, s)

rti ∼ N (µi, σ)

Models 2a and 2b were structured in a similar way, but they estimated
one more parameter. Hence their structure had an additional prior probability
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distribution and the actr function took one more parameter:

. . .

r ∼ Γ(2.7, 60)

µi = actr(f, r, s)

rti ∼ N (µi, σ)

Where rt represents mean reading times in a particular condition (avaraged
both over participants and items). Both µ and rt are vectors, length of which, is
equal to the number of predicted regions, and i ranges over conditions, i.e. too
long, too short, nil long, and nil short. The lines starting with f, s, σ, and r
describe the prior probability distributions. In case of the fake syntax models
the actr function also takes the r parameter as input. Average prediction for
each condition are used as µ parameter in the normal likelihood. Note that
for each condition, the actr function generates reading times for every word in
every sentence in a given condition. This fact allows to obtain reading times
for as many regions of interest as needed. All the models used three sampling
chains. Each of the chains were run until 2700 draws were collected. Half of the
draws from each chain were treated as warm-up and discarded. Hence, each fit
had 4050 samples, collected in 3 chains, available for analysis.

The prior probability distributions were rather informative. They were sup-
posed to constrain the models to relevant parameter values and to aid computa-
tion. In case of the f parameter, the chosen Gamma distribution has mean equal
to 0.5 and mode equal to 0.4. In addition, the parametrization constrains the
distribution with high probability (= 0.97) to values below 1. This is motivated
by two facts: First, some tentative manual checks suggest that the value of f
below 1 results in predicted reading times close to the observed ones. Second,
in at least one previous study which modeled self-paced reading experiment,
the value of f was found to be, with 0.95 probability, in the interval [0, 1.34]
(mean = 0.23) (Brasoveanu & Dotlačil, 2018). Note that the prior on f does
not exclude the values above 1, only suggests the values below as more likely.

The prior distribution on surprisal allows for very wide range of plausible
values, with the caveat that negative values should be more likely. Such an
assumption was made, because the whole point of adding surprisal was to sim-
ulate speeding up with sentence length. In case of the σ parameter, we set
a strongly informative prior. The reasoning is that any model which cannot
predict the reading times to within 50 ms per region is quite bad — the dif-
ferences between means across the distance conditions are often smaller than
10 ms. When the model cannot fit with error smaller than 50ms, it should fail.
Finally, the prior probability distribution on r (rule firing) is a Gamma dis-
tribution with shape = 2.7 and rate = 60. This very specific distribution was
chosen to encode the following knowledge. The default value of rule firing is
0.05s. The mean of the chosen distribution is slightly below that value, i.e. it
is equal to 0.045, and its mode is equal to 0.0283. Hence, the prior probability
favours values which are below the ACT-R default. ACT-R models are very
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sensitive to the manipulation of the r parameter. This is particularly true of
the models which use parallel design. Hence, the choice of the prior distribution
on the r parameter was guided by prior predictive checks. Note that the gamma
distribution in principle allows for values up to infinity, however the specified
distribution puts the bulk of the probability density on values close to 0. I.e.
there is 0.97 probability that the values will be in the interval [0, 0.1085]. The
r parameter was only used in the “fake syntax” models.

After obtaining the fits, the models are evaluated by checking the estimates
and their diagnostic measures, and by plotting simulations from the posterior
predictive distribution against the data. For a gentle introduction into vari-
ous Bayesian model checking techniques, such as posterior predictive checks
see McElreath (2018), chapter 3. Here I only briefly explain the general idea.
The posterior predictive distribution is a distribution of an observable, but un-
known, quantity of interest conditioned on the data. Say we represent actual
observed reading times with y, and the unobserved reading times with ỹ, then
the posterior predictive distribution is given by p(ỹ|y). As Gelman et al. (2003),
p. 7 shows, this is equivalent to

∫
p(ỹ|θ)p(θ|y)dθ, which is an average of predic-

tions conditioned on parameters over the posterior distribution of parameters.
In practice this can be used to simulate predictions taking into account the
uncertainty over the parameters. Intuitively, a model fit to a dataset yields a
distribution of the parameters of interest, and that distribution can be used to
draw new predictions from the model. Comparing such draws to the observed
data allows to gauge how well the model fits the data. Below this is done as
follows: for every fitted model 4050 samples of µ and σ (where µ is a vector
containing estimated means for all the regions of interest) were drawn from
the posterior distribution, after which they were fed to a normal likelihood to
obtain 4050 sets of predicted reading times over the target regions.

To understand the plots, note the following. The data for the models are
means per condition per region, and each model predicts a mean per condition
per region. The graphical checks of the posterior distributions plot the observed
mean, ±2 standard errors, and the distributions of the predicted means. The
latter are created by taking 1350 draws for every region from the posterior
distribution, where each draw represents means for all the predicted conditions,
that is a draw is a vector of means: [nil short, nil long, too short, too long]. The
standard errors of means of the observed data are computed using the actual
observations, but the data used to compute these errors are not used to fit the
models — the models are only fit to the means, not to all the observations.
Hence, each panel of the plots compare the mean from the experiment (and its
error) with the distributions of means predicted for that particular region and
condition.

The plots can also be understood as comparing two models. The first of
these models, i.e. the mean with standard errors, is used to describe certain
apparent features of the data. The second model, i.e. a given ACT-R model
embedded within a probabilistic model, is used to hypothesize about some
latent processes which could have been responsible for generating such data.
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Neither of the models is completely correct, but comparing them allows us to
see whether the more involved, “theory driven” model is able to capture the
features of data which are of interest.

There is one important problem with presenting posterior predictive dis-
tributions as such a comparison. The interpretations of frequentist confidence
intervals, and the Bayesian credible (or compatible) intervals differ in crucial
aspects. The intervals denoted by ±2 standard errors delimit the region within
which the value of the mean should fall 95% of the time in case of repeated repli-
cation of the exact same experiment. The credible intervals denote the range
of values which are compatible with the model and the data. Using compatible
intervals provides a straight-forward interpretation of uncertainty: uncertainty
of a parameter having some value is the probability of the parameter having
that value. The interpretation of uncertainty provided by confidence intervals
assumes repeated sampling and cannot be equated with probability. Keeping
this in mind, we will use the two types of intervals to compare the spread of
the data to the uncertainty of the predictions.

6.3.2 Results
Simple retrieval A

The first group of estimates is obtained by fitting Model 1 (simple retrieval)
to the data. From the prototyping we learned that the model predicts the
effect of retrieval to be visible at the critical region. However, in the data the
(hypothesised) effect is visible at the post-critical region. Therefore, fitting the
model to the critical region does not make much sense; there is no mechanism
in the model which could provide a good fit at this region. This problem is
solved by fitting the predictions from the model to the data starting at the
post-critical region. In other words, the model predictions are shifted one region
forward. Such a solution might seem strange — other model prototypes predict
the occurrence of the effect at the correct region, why fit a model which does
not do that? The idea is to check whether the simplest retrieval mechanism can
explain the observed effect. If the model fits well, it could be argued that the lag
observed in the experimental data is brought forward by a process independent
of retrieval.

Fitting the model to a different region than it was intended for, has one more
consequence. Note that in the simple retrieval model the reading times observed
at the word n are influenced by the frequency of the word n. Therefore, for the
shifted predictions the frequency effects are inaccurate since they are introduced
by a word which differs from the one which was visible to the participants. This
makes it better to fit the model to fewer regions to minimise the influence of
incorrect frequencies. Hence, the models which needs to have their predictions
shifted when fitted to the data will be constrained to at most two regions.
We assume that such models have all their predictions moved, that is the
predictions for region n are realised in the data at the region n + 1. Such
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an approach provides an opportunity to see how well the model’s (shifted)
predictions match the region of the observed effect and the spill-over region.

The first of the considered fits will be actually constrained even further: the
model will be fit to only one region. That is, the predictions for the critical
region will be fit to the post-critical region. Constraining the model to one
region is an attempt to see how well the model can fit the data when it can
disregard the other regions, and to provide the baseline result for the subsequent
models. Parameter estimates are presented in Table 6.1.

Table 6.1: Results of the estimation, Simple retrieval A. The first column de-
notes the name of the estimated parameter. The next four columns charaterise
the posterior distribution by providing its mean, standard deviation, and 0.95
high probability density interval. The remaining columns consist of convergence
diagnostics: Monte Carlo standard errors of the mean and standard deviation,
bulk and tail effective sample sizes, and potential scale reduction factor. See
text for details.

id mean sd 2.5% 97.5% mcsem mcsesd essb esst R̂

s -1.96 0.86 -3.74 -0.30 0.053 0.038 246 454 1.01
σ 16.68 9.82 4.22 38.76 0.625 0.443 273 287 1.01
f 0.37 0.06 0.23 0.49 0.004 0.003 230 306 1.01

The potential scale reduction (R̂) diagnostic does not suggest any conver-
gence issues, however some ESS values are a bit low — Vehtari et al. (2021,
pp. 671–672) recommend running at least 4 MCMC chains and obtaining the
rank-normalized ESS of at least 400. Even assuming that for 3 chains the ESS
values should be above 300 does not help; all the bulk ESS are below 300,
and the same applies to the tail ESS for the σ parameter. Another important
observation concerns the estimate of surprisal. The whole estimated credible
interval of that parameter lies below 0.

Consulting the posterior predictive checks on Figure 6.14 reveals that the
model does not fit the data very well. Even though the predicted mean reading
times are close to the observed mean reading times, the 0.95 credible intervals
of predicted reading times fall far above and below two standard errors. Had the
data been generated by the model, it is likely we would see very different mean
reading times. Other than that, the model does capture the general pattern to
some extent. The model predicts a speed-up in the nil conditions (but maybe
smaller than what was observed), and lack of speed-up in the too conditions.
Predictions of speed-up in the nil conditions are fairly certain, since the whole
0.95 compatibility interval of the estimate of s parameter is negative.

Since this model was fit only to one region it can serve as a reference point
for the “goodness” of fit of the other models. It should not be expected that
the models which are fit to more regions would do better than the one fit to
one region.
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Figure 6.14: Plot of the posterior predictive distribution of Simple retrieval A.
This is the same as Model 1a but fit only to the post-critical region. Hinges
on the plots of the observed data represent two standard errors. Thinner lines
denote 95% credible intervals, the thicker line 50% credible intervals, and the
point represents the mean.

Simple retrieval B

The second attempt uses the same model as the previous attempt but predic-
tions for two regions are used. In line with the assumptions spelled out above,
the model predicts the reading times for the critical and the post-critical re-
gions and these predictions are fit to the post-critical and post-post-critical
regions. The summary of the estimation can be seen in Table 6.2.

Table 6.2: Results of the estimation, Simple retrieval B. The first column de-
notes the name of the estimated parameter. The next four columns charaterise
the posterior distribution by providing its mean, standard deviation, and 0.95
high probability density interval. The remaining columns consist of convergence
diagnostics: Monte Carlo standard errors of the mean and standard deviation,
bulk and tail effective sample sizes, and potential scale reduction factor. See
text for details.

id mean sd 2.5% 97.5% mcsem mcsesd essb esst R̂

s -1.97 1.07 -4.03 0.28 0.098 0.069 126 123 1.03
σ 20.72 7.24 8.78 35.04 0.579 0.415 188 256 1.02
f 0.43 0.05 0.33 0.51 0.006 0.004 116 87 1.04

Examining the diagnostic measures suggests that the convergence is not
perfect. The R̂ values are relatively high given current standards, which of-
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ten take the threshold for convergence to be R̂ < 1.01 (Vehtari et al., 2021).
However, all R̂ values are close to 1.01 and below 1.05, which is the recom-
mended threshold in Bayesian modeling community (e.g., stan, https://mc-
stan.org/rstan/reference/Rhat.html [accessed 2025-12-03]). The ESS quantities
are rather low, but as explained below this is less of an issue than might seem
at first.

Visual inspection of the trace plots confirms that the convergence issues
have to do primarily with the f and s parameters. Note that the effect these
parameters have on the reading times is correlated to some extent. Greater
values of s translate to greater reading times, while, for common words, greater
values of f translate to faster retrievals, and smaller reading times.

These issues are not disqualifying for the model, and they can be accounted
for by taking into consideration the estimated Monte Carlo standard error
(MCSE). MCSE is a measure of accuracy of the sampling which takes into
account the effective number of samples. It can be used to understand the (lack
of) precision due to the sampling process. For example, MCSE of the mean of
f is 0.0057. This means that the likely range of variation resulting from the
inaccuracy of the sampling process in case of the mean of f is ±(2× 0.0057 =
0.0115). Hence the estimate of the mean of f is the range [0.42, 0.45] due to the
quality of the fit. This is maybe not ideal, but it is definitely not bad either,
we can safely conclude that the estimated value of the mean of f is ≈ 0.4.
The MCSE values for other parameters, indicate bigger uncertainty due to the
sampling process, but incorporating this information can provide us some idea
of the ranges of the model parameters. The credible interval of s are rather
wide, and surprisingly, not the whole interval lies below 0. The estimates of σ
and f are greater than in the previous model. Note that the estimates of σ are
less uncertain than in the previous model.

The parameter σ is the estimate of the error of the model. This means that
with probability 0.95 the model predicts the (mean) reading times to within
[8.8, 35] ms.

Investigating plots of the posterior predictive distribution reveals the fol-
lowing key observations. First, in all the regions the compatibility intervals are
much wider than the confidence intervals. Hence, if the data was generated
under the model it is likely that the means would fall outside of the regions
denoted by the confidence intervals. This is an important failing of the model,
as it shows that the model cannot really account for the data. Moreover, even
the 0.5 compatibility intervals fall within the range of the confidence intervals
in only four out of eight regions. Similar pattern will be a common observations
in all the following models.

If we disregard the lack of precision of the predictions, the model does cap-
ture to some extent the patterns observed at region 1 — with a caveat that the
difference between the predicted reading times in the nil conditions is smaller
than in the observed reading times. The patterns predicted at region 2 are
at odds with the observed pattern. In the nil condition the model predicts
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Figure 6.15: Plot of the posterior predictive distribution of Simple retrieval
B. The numbers on facet titles denote the region. Hinges on the plots of the
observed data represent two standard errors. Thinner lines denote 95% credible
intervals, the thicker line 50% credible intervals, and the point represents the
mean.

a speed-up with distance which is not present in the data. In the too condi-
tions the model predicts the reverse of what was observed, i.e. a speed-up with
distance instead of a slow-down.

Fake syntax A

The second group of estimates were obtained by fitting Model 3, the fake syntax
model, to the data. Since this model predicts the effect of antecedent retrieval
at the post-critical region, there is no need in shifting the model predictions
during the estimation process. Unlike the previous models, the predictions can
be compared directly with the relevant regions. This also means that the pre-
dictions for all the regions provided by the models can be used.

Here, we also try to estimate the value of rule firing (r) parameter. Ma-
nipulating the values of the rule firing parameter can drastically change the
model behaviour, which is especially true of the parallel design models. Since
at the prototyping stage, the fake syntax model predicted longer reading times
than the other models, it seemed justified to try to estimating the r parameter.
Possibly, there exist a value of r which renders the model faster. To overcome
the high volatility of the parameter, two versions of Model 3 are fit. The first
version is the one described in the prototypes section, the second version is
completely serial, i.e. it removes the parallelism of key press and fake syntax.
Parameter estimates are shown in Table 6.3.

The diagnostic measures show that the model has serious problems with
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Table 6.3: Results of the estimation, Fake syntax A. The first column denotes
the name of the estimated parameter. The next four columns charaterise the
posterior distribution by providing its mean, standard deviation, and 0.95 high
probability density interval. The remaining columns consist of convergence di-
agnostics: Monte Carlo standard errors of the mean and standard deviation,
bulk and tail effective sample sizes, and potential scale reduction factor. See
text for details.

id mean sd 2.5% 97.5% mcsem mcsesd essb esst R̂

s -0.93 2.58 -5.86 3.80 0.766 0.556 12 62 1.19
σ 43.92 4.37 35.92 49.99 0.198 0.141 434 511 1.01
r 0.05 0.01 0.04 0.07 0.003 0.002 11 61 1.21
f 0.23 0.07 0.10 0.39 0.003 0.002 619 605 1.00
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Figure 6.16: Plot of the posterior predictive distribution of Fake syntax A. The
numbers on facet titles denote the region. Hinges on the plots of the observed
data represent two standard errors. Thinner lines denote 95% credible intervals,
the thicker line 50% credible intervals, and the point represents the mean.

convergence. For the parameters s and r the values of R̂ are close to 1.2. The
effective sample size for these two parameters is very low. Values of the MCSE
statistic also show that the estimates are unreliable. For example, in case of
the mean of s, taking into account the low quality of the fit results in the
likely range of the estimate to be: [−2.5, 0.6], meaning that even the sign of the
estimate is not reliably estimated.

Posterior predictive checks confirm the poor fit (see Figure 6.16). For ex-
ample, in the post-critical region, i.e. the crucial region from the perspective
of the investigated hypothesis, the model predictions are far from the observed
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data.

Fake syntax B

The second “fake syntax” model suffers from the same convergence issues as
the first one. The results are presented in Table 6.4.

Table 6.4: Results of the estimation, Fake syntax B. The first column denotes
the name of the estimated parameter. The next four columns charaterise the
posterior distribution by providing its mean, standard deviation, and 0.95 high
probability density interval. The remaining columns consist of convergence di-
agnostics: Monte Carlo standard errors of the mean and standard deviation,
bulk and tail effective sample sizes, and potential scale reduction factor. See
text for details.

id mean sd 2.5% 97.5% mcsem mcsesd essb esst R̂

s -0.65 2.63 -5.46 4.87 0.572 0.410 22 37 1.11
σ 46.54 2.88 40.85 50.00 0.096 0.068 776 629 1.00
r 0.04 0.01 0.03 0.06 0.002 0.001 21 40 1.12
f 0.22 0.07 0.11 0.38 0.003 0.002 693 644 1.01

The values of R̂ are slightly smaller than in the previous model, but not
enough to make the estimates reliable. Investigating posterior predictive checks
also reveals that the model is far off with respect to the observed data, compare
Figure 6.17.

Parallel processing A

The final group of estimated model consists of two different versions of the
parallel model. As was the case with the fake syntax models, these models pre-
dict the effect at the post-critical region which makes shifting the predictions
during the estimation process unnecessary, and it allows to use all the pre-
dicted regions for model fitting. The first discussed model is Model 4, i.e. the
“prediction” model. This is the model which does not retrieve the antecedent
in the short conditions. The model predicts the reading times for the following
regions: critical, post-critical and post-post-critical. It is fit to those same re-
gions. The estimated parameters were f , s, and σ. The results are presented in
Table 6.5. Posterior predictive distribution is shown on Figure 6.18.

The ESS measures for the estimates of s and f are a bit low, but much closer
to the assumed 300 (see above) than in case of the models 2a and 2b. MCSE
measures are not very high, suggesting that the estimates are fairly reliable. The
whole credible interval for s is below 0, which is in line with the assumptions
of the model. The estimate of σ is greater than the analogous estimates in
Models 1a and 1b, but this is to be expected given that the current model was
fit to three regions, while the former to two and one regions respectively.
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Figure 6.17: Plot of the posterior predictive distribution of Fake syntax B. The
numbers on facet titles denote the region. Hinges on the plots of the observed
data represent two standard errors. Thinner lines denote 95% credible intervals,
the thicker line 50% credible intervals, and the point represents the mean.
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Figure 6.18: Posterior predictive distribution, Parallel processing A. The num-
bers on facet titles denote the region. Hinges on the plots of the observed data
represent two standard errors. Thinner lines denote 95% credible intervals, the
thicker line 50% credible intervals, and the point represents the mean.
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Table 6.5: Results of the estimation, Parallel processing A. The first column
denotes the name of the estimated parameter. The next four columns chara-
terise the posterior distribution by providing its mean, standard deviation, and
0.95 high probability density interval. The remaining columns consist of con-
vergence diagnostics: Monte Carlo standard errors of the mean and standard
deviation, bulk and tail effective sample sizes, and potential scale reduction
factor. See text for details.

id mean sd 2.5% 97.5% mcsem mcsesd essb esst R̂

s -1.79 0.69 -3.19 -0.53 0.053 0.039 189 192 1.02
σ 25.09 5.52 15.33 36.38 0.232 0.164 579 945 1.00
f 0.24 0.05 0.12 0.33 0.004 0.003 178 157 1.02

As was the case with the previous models, the predictions are not very
precise. With respect to the post-critical region (i.e. region 1), the model does
quite a good job in the nil conditions. Of course, the predictions are very
uncertain, but it seems that the model is able to capture the increase in reading
times with distance in these conditions. In the too conditions, if the data were
generated from the model, with high probability the reading times would be
smaller than the observed in the short conditions, and greater than the observed
in the long conditions.

Parallel processing B

The last fit model, is the parallel model which does retrieve the antecedent
in both distance conditions. As was the case for the previous model, the pre-
dicted regions are critical, post-critical and post-post-critical. The model is fit
to the same regions. The estimated parameters were le, surprisal, and σ. The
results are presented on Table 6.6. Posterior predictive distribution is shown
on Figure 6.19.

The R̂ are a bit higher than in the previous fit, and the ESS values for s and
f are a bit low. Judging by the MCSE measures, the approximate estimated
values are rather trustworthy. The estimated value of surprisal is much lower
when comparing with the previous model, which is probably connected to the
fact that the model hat to retrieve the antecedent of too in both short and long
conditions. The estimate of f is also higher than in the previous model.

Judging by the posterior predictive distribution plot, the model does not
fit very well in the too conditions in the post-critical region. In the short too
condition, most of the probability density is above the upper hinge. Therefore,
if the data was generated from the model, it is very likely that the reading times
in this condition would be longer than what was observed. Visual comparison
of the posterior predictive distributions of Parallel processing A and B suggests
that their predictions are quite similar in the nil conditions. Unsurprisingly, the
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Table 6.6: Results of the estimation, Parallel processing B. The first column
denotes the name of the estimated parameter. The next four columns chara-
terise the posterior distribution by providing its mean, standard deviation, and
0.95 high probability density interval. The remaining columns consist of con-
vergence diagnostics: Monte Carlo standard errors of the mean and standard
deviation, bulk and tail effective sample sizes, and potential scale reduction
factor. See text for details.

id mean sd 2.5% 97.5% mcsem mcsesd essb esst R̂

s -3.17 0.93 -5.10 -1.36 0.086 0.062 117 189 1.02
σ 25.90 6.44 15.82 39.57 0.274 0.199 613 671 1.01
f 0.32 0.05 0.22 0.42 0.005 0.003 110 155 1.03
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Figure 6.19: Posterior predictive distribution, Parallel processing B. The num-
bers on facet titles denote the region. Hinges on the plots of the observed data
represent two standard errors. The numbers on facet titles denote the region.
Thinner lines denote 95% credible intervals, the thicker line 50% credible in-
tervals, and the point represents the mean.

biggest differences can be seen at the post-critical region in the too conditions,
but the rest of the regions in the too conditions also fit slightly worse than in the
previous model. For example, in the too short conditions, at the critical region,
predictions of Parallel processing A are more to the centre of the confidence
interval than the predictions of the current model.
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6.4 Discussion

6.4.1 Model criticism
There are four points of criticism which are applicable to all the fitted models.
The first one concerns the uncertainty of the predictions. Judging by the plots
of the posterior predictive distributions, none of the models would be able
to generate the observed data with high enough precision. For every single
fitted model, and for every region and condition combination, the uncertainty
of the posterior predictions exceeds the spread of the data as measured by
confidence intervals. Such a lack of precision is most likely connected to the
ways the models were fit; I assumed that any ACT-R model functions as an
average participant, which warranted averaging over participants measurement.
In addition to that, the reading times were also averaged by item. It is possible
that the models would fit better, with smaller uncertainty, if the models were
fit to data averaged only by participants.

The decision about averaging was partially influenced by how costly in
terms of computation time the models are. It is possible that attempting to fit
the models to data not averaged by items would require more samples which
would further prolong the computation. A related point of criticism concerns
the probabilistic structure of the models. Instead of plugging mean reading
times to the normal likelihood, a better approach would be to derive likelihood
functions for each of the proposed model, as suggested in Fisher et al. (2022).
Whether this is easily doable for the proposed models remains an open question.

Another important flaw of all the models is related to the number of pre-
dicted and fit regions. Every proposed model can predict reading times for all
the regions. Despite this fact, we decided on fitting the models to few regions
surrounding the critical region. Such a decision was justified by the original
purpose of the model, which was to investigate the effects of memory retrieval
on reading times in the regions of interest. However, this justification does
not change the fact that the models most likely cannot predict correct reading
times observed at the other regions.

As was mentioned earlier, an important theoretical flaw of the models con-
cerns the disconnect between the presupposition resolution and the retrieval of
the antecedent of too. The way this was implemented in the models is theoreti-
cally not very sound. A better approach would be to implement the retrieval of
the antecedent as a part of the resolution. This flaw of the models might not be
very important for the quality of the fits, but it is an important shortcoming
of the models.

In addition to the general issues applicable to all the models, every group
of fit models has its own problems. In case of the first group (Simple retrieval)
the biggest concern is related to the discrepancy between the predicted and
fit regions. The models predicted the effect of interest at the critical region
but were fit to the post-critical and post-post-critical region in case of Simple
retrieval B, and only to the post-critical region in case of Simple retrieval A.
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This was meant as a check of how well the proposed retrieval mechanism is
able to predict the effect of interest when we disregard the other factors. Such
a discrepancy is a huge flaw however. An important explanatory feature of
process models is that they can help explain how some observed effects arise
as an interplay between various cognitive capacities. The models from the first
group give up on that goal.

The models from the second group (Fake syntax) do not need a lot of
elaboration. The models did not converge which is a sign that they were much
worse than the other models.

The last group (Parallel processing) is definitely the most successful. The
models predict the effect at the correct region, and seem to converge. Their
biggest flaw has to do with the fact that neither of them very convincingly
explains the effect observed at the post-critical region, namely the tiny slow-
down between the too short and too long conditions. It is possible that this
weakness is caused by the averaging mentioned above. We can use PSIS-LOO
(Pareto smoothed importance sampling leave-one-out cross validation, Vehtari
et al., 2017) to compare the two models. However the estimated difference in
expected log predictive density (ELPD) is very small (= −0.39, with standard
error of the difference equal to 2.19) meaning that the models have very similar
predictive performance. In addition, the small number of data points makes the
comparison not reliable (Sivula et al., 2023). Hence, both of the models should
be treated as fitting equally well (or bad). Such a result is a bit disappointing,
since it means that it is not possible to distinguish between the two conflicting
explanations (i.e. “prediction” vs antecedent retrieval in too short conditions).

6.4.2 Consequences for the earlier explanations
The initial explanation of the results maintained that the observed pattern is
caused by two interacting factors: general speed-up due to distance and slow-
down related to the difference in the retrieval effort between the too conditions.
In the results of Experiment 5 (among others), the post-critical regions in
the nil conditions were read faster in longer distances, but this increase in
speed was not observable in the too conditions. It is a well attested observation
that humans increase reading speed with the text length (for references see
Section 2.6.7), and so what remained to be explained was the lack of such
speed-up in the too conditions. The proposed explanation claimed that the
general increase in reading speed is erased in the too conditions because of the
required retrieval of the antecedent from memory. Such a retrieval might be
more difficult in the longer distances than in the shorter distances leading to
a potential removal of the speed-up caused by distance. All this could lead to
the observed pattern, that is reading times in the too conditions being almost
equal.

There were two proposed mechanisms behind the retrieval difficulty. The
first one considered that participants were retrieving one of the distractors
(for a discussion of possible distractors see Section 2.1.1) and either had to
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correct the erroneous retrieval or consider the presupposition unresolved. The
other one suggested that the increased difficulty was caused by the decay of the
information in memory. The models discussed above only explored the decay
explanation. The differences in reading times at the region of interest (the region
where the supposed effect of the antecedent retrieval was visible) are driven by
the time difference between the initiation of the retrieval in different conditions.
Smaller amount of time elapses between the reading of the word representing
the antecedent and the request to retrieve it in the short condition than in
the long condition. As a consequence there is a difference in activation levels
between the two conditions which translates to different retrieval latencies. The
changing levels of activation represent the decay of information with time.

The results of the estimation do not rule out the distractor-based expla-
nation. The approach presented above could actually be used to confront the
two explanations, however it would require implementing much more complex
models. In particular, the models would have to implement presupposition reso-
lution (and take into account resolution failure) and retrieval of entailment-like
antecedents. The last point is needed in order for the model to be sensitive to
distractors during the resolution process. One starting point for such a model
could be an ACT-R parser for Discourse Representation Structures presented
in (Brasoveanu & Dotlačil, 2020, Ch. 8-9). Unfortunately, all these interest-
ing excursions have to give way to the fact that, so far, the fits are not good
enough to provide a reliable conclusion. Before attempting to implement any
of such models, future research would have to improve the uncertainty of the
estimation and reduce the computational burden.

6.4.3 What can we learn from the models?
Despite their poor fits, the models hint at some interesting issues. The first
such take-away comes from the parallel processing models. Here we shall dis-
regard the uncertainty and we will focus on the means of the estimates in the
post-critical region. There is an interesting discrepancy between the Parallel
processing A (PPA) and B (PPB). That is, they seem to exactly miss the ob-
served values but they do so in the opposite directions. This is particularly
visible in too short conditions (compare plots 6.19 and 6.18, right panels, re-
gion 1); PPA is a little bit too fast in these conditions, while PPB a little bit
too slow. Similar observations apply to the too long conditions in the same
region, however in this case means of both models predictions are greater than
the observed means. This suggest that even though these models result in best
fits from all the considered models, some important part is still missing. One
possibility is that this is due to the poor fit. The other is that models of such a
complex psycholinguistic process which focus only on one part of that process
(memory operations) cannot result in precise predictions. Possibly the resolu-
tion, retrieval, and prediction combine in ways which the models miss.

The next takeaway comes from the results of the simple retrieval model
estimation. Fitting that model only to the post-critical region results in the
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best fit from all the models, at that region. Of course, this is not very surpris-
ing — predicting fewer data points should result in better fits. The interesting
observation comes about after considering how the model starts to fail when it
attempts to predict the pattern observed at more than one region. Compare the
plots 6.15 and 6.19, that is the predictions of the simple retrieval (SR) model
fit to two regions, and the predictions of Parallel processing B (PPB). The
predictions of SR match the patterns observed at the post-critical region in the
too conditions better than PPB. However, the predictions for the nil conditions
(in the same region) are worse than PPB predictions, which is particularly vis-
ible in the nil long condition. The predictions of both models look very similar
at the post-post-critical region. Recall that the SR model had its predictions
shifted for the parameter estimation, which result in using the word frequencies
mismatching the actual words. It seems that the SR model achieves a better
fit at some data points despite parts of the model being obviously incorrect.
Possibly, the model fits the too conditions better because the pressure of the
mismatching word frequency is not strong enough to offset the correct retrieval
mechanism. The fit gets worse in the nil condition because the word frequencies
are more important there; the only component distinguishing the predictions
for different regions in the nil conditions are the word frequencies. However,
the conclusion that the SR model fits the data better than the PPB model
is unwarranted. This is because the data points collected across a sequence of
regions are not independent; reading times predicted at region n influence the
reading times predicted at region n+1. To compare the fits we have to compare
models which are fit to the same number of regions.

The last observation points to an interesting concern, which is: What are the
relevant regions when modelling a reading process? In psycholinguistic research,
it is a common thing to constrain the hypotheses to particular regions. From
the experimental perspective this makes sense: the experimental manipulations
are designed to affect specific regions. However, such a constraint does not
necessarily make sense in a modelling study. For example, the models discussed
above would not deliver the correct predictions if they did not process the
antecedent. Also note that the antecedent cannot be supplied in isolation, the
models have to process the words between the antecedent and the trigger.
In models which would implement a more elaborate predictive component,
encountering particular words or constructions prior to the target regions might
be even more important.

In a way, the SR model resembles the common use of ACT-R in psycholin-
guistics.2 It is often the case that researchers claim that a cue-based model can
account for the collected data, and they would tacitly assume that the whole
account can be reduced to pure memory based explanations, abstracting away
from the whole ACT-R cruft such as key-presses, sub-process coordination, etc
(examples include Engelmann et al., 2019; Mertzen et al., 2023; Nicenboim et

2Remarks in this paragraph apply also to other modeling frameworks, e.g. the direct-access
model is definitely susceptible to the same issues.
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al., 2016). Such a treatment of the theory leads to elegant and simple explana-
tions, but it can be flawed. As I argued in the previous chapter, the strength
of an ACT-R model lies in its formalisation capability. Encoding all the rele-
vant assumptions forces the researcher to provide a well-specified theory of the
phenomenon at hand. Disregarding this part of the model building brings the
research back into the realm of underspecification and as a result makes the
conclusions unsupported. The difficulty of fitting even the quite simple models
described above suggests that abstracting away from the details might be lead-
ing us astray: one can never know what explanations are hidden in the space of
possible models without considering some of them. Of course it is also possible
that fitting a properly fleshed out model would be impossible given the quality
of the collected data, or would be infeasible from a computational standpoint.
Conducting a modelling study in a proper way is tedious, and the success is
absolutely not guaranteed.



CHAPTER 7

Conclusion

This book presented an array of research focused on the processing of presup-
position introduced by additives, that is, expressions such as too and again.
The first part of the book was devoted to behavioural experiments. The second
part of the book focused on cognitive modeling.

After introducing the topic in Chapter 1, the focus of Chapter 2 was on ex-
periments using too to investigate distance effects occurring within a sentence.
That is, the hypothesis was that participants will find the processing of the
trigger too more effortful with growing distance when compared to sentences
lacking the trigger. The chapter describes five experiments: two acceptability
judgments, and three self-paced reading studies. The self-paced reading exper-
iments present data which is in-line with the hypothesis, but not in a straight-
forward way. That is, the results suggest that the participants speed up with
distance in the conditions without the presupposition trigger, and maintain a
similar reading speed across distances in the conditions with the trigger. The
proposed interpretation claimed that this happens because the effortful mem-
ory operation linked to the reading of too erases the general speed-up due to
distance. It is worth noting that the experimental manipulation affected read-
ing times, but seem not to affect acceptability ratings, which suggests that there
might be differences in offline and online processing of such presuppositions.

The next chapter further explored the same idea but in stimuli which con-
sisted of short discourse fragments. Three experiments were conducted: an ac-
ceptability judgment and two self-paced reading experiments. The results of
the acceptability judgment experiment resembled the results from the previous
chapter. The results of the first self-paced reading experiment were inconclusive,
most likely because of the used paradigm; the experiment was implemented as
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a stationary window self-paced reading. When the used paradigm was the same
as in the previous chapter (a non-cumulative moving window self-paced read-
ing) the results replicated the previously found effect. In addition, the chapter
presented a summary of the evidence found so far, in the form of a Bayes fac-
tor estimation and a sensitivity analysis. The Bayes factor analysis compared
models with and without the interaction terms. Under the most plausible value
of the standard deviation parameter the data was 13 times more likely to come
from the model with the interaction term. Such a result is sometimes termed
as “moderate-to-strong” evidence in favour of the given model.

The focus of Chapter 4 was still on distance effects due to presupposition
triggers, but instead of the presupposition carried by the word too the stimuli
used the presupposition introduced by the additive again. In addition, the stim-
uli consisted of longer, literary fragments. Two experiments were conducted,
both were self-paced reading experiments. The first of those experiments repli-
cated, to some extent, the pattern observed in the previous chapters; that is
the participants were more likely slowing down with distance in the trigger con-
dition, and their reading speed increased with distance in the nil conditions.
Two things stand out from the experiment: (1) the observations were more
noisy than the observations collected in the previous experiments, (2) similar
patterns were observed at the critical and post-critical region. The pattern at
the critical region could be interpreted as indicating prediction. To investigate
such a hypothesis another experiment was analysed. In that experiment the
trigger again followed the word yet. The hope was that such a manipulation
will allow to tease apart the retrieval caused by prediction and caused by en-
countering the trigger. The results of the second experiment were unfortunately
inconclusive. Nevertheless, the results presented in the chapter provide further
support for the claim that presuppositions introduced by additives are prone
to memory effects.

The second part of the book changed its focus to cognitive modeling. Chap-
ter 5 introduced ACT-R, the cognitive architecture and compared its two im-
plementation: the python implementation (pyactr) and the original lisp imple-
mentation. Some differences were found, but both of those clearly implement a
version of the ACT-R theory. The rest of the chapter presented methodological
remarks on the use of ACT-R, and argued that its strength lies primarily in
forcing researchers to consider a properly specified version of the theory under
consideration. It also argued for abandoning the distinction between the theory
of cognitive architectures and their implementation.

The last chapter presented a modeling study. The aim of the study was to
create a model of the last experiment in Chapter 2. The study was divided
into two parts. In the first part four model prototypes were presented. The
prototypes assumed differing explanations for the observed effect, although all
of them were founded on the idea that the effect arises because of the decay
of information in memory over time. In the second part of the chapter, the
models were fit to the data using the Bayesian paradigm. None of the models
fit the data very closely, but the qualitative analysis allowed us to select the
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best group of models. The chapter highlights the difficulties inherent in creating
accurate process models of a given phenomenon. It also suggests that discarding
the technicalities necessary to create an accurate model can result in claiming
explanations which lack theoretical support.

Many outstanding questions remain. Some of them are listed in what fol-
lows. As was mentioned much earlier in the book, the idea behind cognitive
modeling stems from Newell’s observation about cognitive psychology: one can-
not conduct the research through binary questions. Instead, what is needed is a
unifying framework such as a cognitive architecture. Here, one imposing ques-
tion concerns the state of the previous research. Namely, what to make of the
past research without resorting to categorical statements of the sort “the effect
exists”, when no unifying model of the phenomenon is available? Given all the
methodological issues related to cognitive architectures, is unification even re-
motely possible? Even though the Bayesian statistical paradigm becomes more
and more popular it is not easy to refrain from interpreting the research results
in terms of “yes/no” conclusions. Can cognitive modeling be used as a tool of
summarising existing research? ACT-R is a powerful framework, but fitting its
models to the data can sometimes be very difficult. Given this, what is the
correct way of conducting model-driven research? Namely, how to keep the
relative freedom of prototype building without giving up on precise fits to the
data which are not computationally expensive? Finally, can cognitive modeling
be used to provide the link between processing and memory on the one hand,
and high level linguistic theories, e.g. pragmatic and semantic frameworks, on
the other? It seems that in cases such as the reported experiments, where the
effects are small, simpler models might do better.

For now I shall put these questions aside. To conclude, let’s review what
this dissertation accomplished. It was established that processing of presuppo-
sitions triggered by additives involves memory retrieval and that this retrieval
influences reading times. It seems that processing of the trigger is more ef-
fortful when the antecedent of the presupposition is farther from the trigger.
However, this difficulty is only visible in the on-line measures, it does not affect
the perceived acceptability of the sentences. The exact nature of the retrieval
process was formalised with the use of cognitive modelling. Several models were
proposed. The best model was characterised by a degree of parallel processing
and a word wrap-up stage. Hopefully, these contributions can serve as a guide
in tackling some of the remaining challenges.





APPENDIX A

Differences between pyactr and actr6

List of the differences needed to account for when translating a model from the
pyactr implementation to actr6:

1. Different symbol for negation and buffer clearing. Pyactr uses ~, actr6
uses -.

2. Different positioning of modifiers. In actr6, the modifier is before the slot
name, in pyactr before the value. For example testing whether the value
of slot_a is not b will look like this in pyactr slot_a ~b and like this in
actr6 - slot_a b.

3. Different treatment of chunk types. In actr6 chunk type has the same
importance as any other slot value pair. This was changed in a later
version of actr6, and is no longer the case in actr7. After these changes,
chunks are treated as fully specified by all the slot value pairs other than
their type. Pyactr follows this convention, which has consequences for
rule writing. For example, take a rule which has two preconditions: isa
some-type and property ~ =x (i.e. that a chunk property slot does not
have the value equal to a value of a variable x). In pyactr this will match
whenever the latter precondition is satisfied, in actr6 both preconditions
have to be satisfied. Additionally, buffer modifications in the actions of
a rule have to be written differently. In pyactr, they can contain isa
some-type because it is simply ignored. In actr6 this is treated as an
attempt to change a chunk type which is impossible.

4. Different convention for specifying so called request parameters. Any
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rule can specify a module request in its actions, i.e. can ask a mod-
ule to perform some action. Requests starts with +buffer-name> where
buffer-name is a name of a buffer. Some requests can have additional
parameters, for example in both implementations requests to the visual-
location buffer can specify the parameter attended. If that parameter is
specified as true, then the vision module will only consider items which
were marked as attended. In actr6 request parameters are specified within
a request. Such a parameter is put on its own line and starts with a colon.
In pyactr request parameters have a separate entry in the rule’s actions
which starts with ?buffer-name>. Therefore the same action will look
differently in both implementations. In pyactr:

?visual_location>
attended False
+visual_location>
isa _visuallocation
screen_x lowest

In actr6:

+visual-location>
isa visual-location
screen-x lowest
:attended nil

5. Different notation for choosing among multiple possible actions in a re-
quest. Some modules, in particular motor and vision, can perform more
than one action as a response to a request. Requesting a particular action
from these modules is done differently in both implementations. In pyactr
the action is specified as a value of the cmd slot (which is also how this is
implemented in actr7). In actr6 the name of such an action is provided
as a chunk type. This difference is a consequence of differing treatment
of chunk types mentioned in 3.

6. Different way of manipulating parameters of declarative properties of a
chunk. The interface exposed by actr6 is richer than the one exposed by
pyactr, see Bothell (2014, p. 25) for a thorough description. As an example
of the differences consider the way to set past presentations (references)
of a chunk a to a list of times -1, -2, -3. In actr6 this is achieved with:

(sdp a :reference-list (-1 -2 -3))

In pyactr:
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tmpd = {a : [-1, -2, -3]}
mod.decmems = {} #mod is an actr.ACTRModel()
mod.set_decmem(tmpd)

7. Setting parameters of encoding time in EMMA. Recall that the time it
takes to encode an object is modeled using the following formula T =
K(− log fi)ekdi , where fi represents the frequency of the object, di the
distance of the object from the current eye position, and K and k are
scaling parameters. Pyactr treats the expression − log fi as a single pa-
rameter called vis_delay which can be set for a particular stimulus:

stimuli = [
{

0: {
"text": "some text",
"position": (30, 50),
"vis_delay": 4,

}
}

]
mod.simulation(stimuli = stimuli) #mod is an actr.ACTRModel()

In actr7 and actr6 the expression is not simplified, meaning that the
modeler sets only the fi parameter. This has to be done after the stimuli
appears on the device:

(let ((window (open-exp-window "test")))
(progn
(install-device window)
(add-text-to-exp-window window "some text" :x 30 :y 50)
(register-feature-frequency "some text" 4)))

In actr6 and actr7 the fi parameter can also be set globally for all the
stimuli using the sgp function:

(sgp :vis-obj-freq 1)

This is not an exhaustive list of the differences between the two implemen-
tations, but it enumarates the crucial syntactic changes one needs to take into
account when translating the rules from one implementation to the other. Some
omitted differences stem directly from the different programming languages
used for each of the implementation. Many of those are not very important,
but still require some care e.g. using an underscore (pyactr) instead of a dash
(actr6) in buffer names, or measuring time in integers representing milliseconds
(actr6) and floats representing seconds (pyactr).





APPENDIX B

Differences between conditions in Experiments 9 and 10

B.1 Experiment 9
Good items: 6, 15, 19

1. item 1
• again: John took gold again (VP took (NP gold) (ADVP again))
• nil: John did not attend (VP did not (VP attend))

2. item 2
• again: Jamie disturbed Sandra again

(VP disturbed (NP Sandra) (ADVP again))
• nil: Jamie finished his emails

(VP finished (NP his emails))
3. item 3

• again: Cleo had a large litter again
(VP had (NP a large litter) (ADVP again))

• nil: Cleo had no kitten born alive
(VP had (NP no kitten born alive))

4. item 4
• again: Rex ate the fastest again

(VP ate (NP the fastest) (ADVP again))
• nil: Rex ate from Benny’s bowl

(VP ate (PP from Benny’s bowl))
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5. item 5
• again: results rose again nsubj(rose, results) advmod(rose, again)
• nil: results were poor nsubj(poor, results) cop(poor, were)
• this is quite different I think, in again rose is ”modified” twice, in

nil it’s only predicate-subj relation
6. item 7

• again: to beat zombies again
(VP to beat (NP zombies) (ADVP again))

• nil: to find a ghost
(VP to find (NP a ghost))

7. item 8
• again: Joe held a party again

(VP held (NP a party) (ADVP again))
• nil: Joe had to study hard

(VP had (S to study hard))
8. item 9

• again: verb (got) modified by an adverb takes an NP as an argument
• nil: verb (had to) takes a VP as an argument

9. item 10
• again: main is fish again (VP is (NP fish) (ADVP again))
• again: main is green curry (VP is (NP green curry))

10. item 11 this one is very close
• again: someone quit again (NP someone) (VP quit (ADVP again))
• nil: bonuses were cut (NP bonuses) (VP were (VP cut))

11. item 12
• again: verb (emailed) is modified by two adverbs
• nil: VP (had a call) takes another VP as an argument (VP had a

call (S to discuss ..))
12. item 13:

• again: Alex cooked again (VP cooked (ADVP again))
• nil: Alex tidied up (VP tidied (PRT up)) ”tidied up” is a compound

13. item 14
• again: Jenny got sick again (VP got (ADJP sick) (ADVP again))
• nil: Jenny lost her keys (VP lost (NP her keys))

14. item 16
• again: Will danced again (VP danced (ADVP again))
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• nil: Will did sing (VP did sing) – this is more complicated but still
different

15. item 17

• again: was detained again
• nil: was heavily fined

16. item 18

• again: Zoe took a trip again
(VP took (NP a trip) (ADVP again))

• nil: Zoe bought an expensive laptop
(VP bought (NP an expensive laptop))

17. item 20

• again: Michaela got a part again (VP got (NP a part) (ADVP again))
• nil: Michaela got a big award (VP got (NP a big award))

18. item 21

• again: Arthur apologized again (VP apologized (ADVP again))
• nil: Arthur started shaking (VP started (VP shaking))

19. item 22

• again: the panda made a noise again
(VP made (NP a noise) (ADVP again))

• nil: the panda stretched its front paws
(VP stretched (NP its front paws))

20. item 23

• again: Walter got a cab again (VP got (NP a cab) (ADVP again))
• nil: Walter got the light rail (VP got (NP the light rail))

21. item 24

• again: Frank ate a high calorie snack again
(VP ate (NP a high calorie snack) (ADVP again))

• nil: Frank ate a low calorie fruit bar
(VP ate (NP a low calorie fruit bar))

B.2 Experiment 10
1. item 1

• yet: John took gold yet again
(VP took (NP gold) (ADVP yet) (ADVP again))

• nil: John was unable to attend
(VP was (ADJP unable) (VP to attend))
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• I think the spillover also attaches to ”to attend” in nil

2. item 2

• yet: Jamie disturbed Sandra yet again (VP (ADVP) (ADVP))
• nil: Jamie finished his new plan (VP finished (NP his new plan))

3. item 3

• yet: Cleo had a large litter yet again (VP had (NP) (ADVP) (ADVP))
• nil: Cleo had no single kitten born alive (VP had (NP no single

kitten..))

4. item 4

• yet: Rex ate the fastest yet again
(VP ate (NP the fastest) (ADVP yet) (ADVP again))

• nil: Rex ate from someone else’s bowl
(VP ate (PP from someone …))

5. item 5

• yet: results rose yet again (VP rose (ADVP) (ADVP))
• nil: results were very poor (VP were (ADJP very poor))

6. item 6

• yet: the potatoes have been devastated yet again
(VP been (VP devastated (ADVP yet) (ADVP again)))

• nil: the potatoes have been doing much better
(VP been (VP doing (ADJP much better)))

7. item 7

• number of words differs
• yet: to beat zombies yet again

(VP to beat (NP zombies) (ADVP yet) (ADVP again))
• nil: to find an army of ghosts

(VP to find (NP an army… ))

8. item 8

• yet: Joe held a party yet again (VP held (NP a party) (ADVP yet)
(ADVP again))

• nil: Joe had to study for exams (VP had (S to study for exams))

9. item 9

• yet: Tim got a flat tire yet again (VP got (NP a flat tire) (ADVP)
(ADVP))

• nil: Tim had to repair his back brakes (VP had (S to repair…))

10. item 10
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• yet: Today, the main is fish yet again (VP is (NP fish) (ADVP)
(ADVP))

• nil: Today, the main is chicken with chips (VP is (NP chicken with
chips))

11. item 11

• yet: Last month, someone quit yet again (NP someone) (VP quit
(ADVP yet) (ADVP again))

• nil: Last month, staff bonuses were cut (NP stuff bonuses) (VP were
(VP cut))

12. item 12

• yet: Janet and Terry corresponded yet again
(VP corresponded (ADVP yet) (ADVP again))

• nil: Janet and Terry telephoned each other
(VP telephoned (NP each other))

13. item 13

• yet: Alex cooked yet again (VP cooked (ADVP) (ADVP))
• nil: Alex tidied his house (VP tidied (NP his house))

14. item 14

• yet: Jenny got sick yet again (VP got (ADJP sick) (ADVP) (ADVP))
• nil: Jenny got her keys stolen (VP got (NP her keys stolen))

15. item 15

• yet: the woman gestured yet again (VP shook (ADVP) (ADVP))
• nil: the woman shook her head (VP shook (NP her head))

16. item 16

• yet: Will danced yet again (VP danced (ADVP) (ADVP))
• nil: Will joined the choir (VP joined (NP the choir))

17. item 17

• yet: the defendant was detained yet again (VP detained (ADVP)
(ADVP))

• nil: the defendant was given two fines (VP given (NP))

18. item 18

• yet: Zoe took a trip yet again (VP took (NP) (ADVP) (ADVP))
• nil: Zoe bought an expensive new laptop (VP bought (NP))

19. item 19

• yet: the vase was damaged yet again (VP damaged (ADVP) (ADVP))
• nil: the vase was removed for storage (VP removed (PP for storage))
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20. item 20

• yet: Michaela got a part yet again (VP got (NP a part) (ADVP)
(ADVP))

• nil: Michaela was given a big award (VP was (VP given (NP a big
award)))

21. item 21

• mismatches, but wasn't used because the second sentence in short
was mixed up

22. item 22

• yet: the panda made a noise yet again (VP made (NP a noise)
(ADVP) (ADVP))

• nil: the panda stretched out its front paws (VP stretched (PRT out)
(NP its front paws))

23. item 23

• number of words differ
• yet: Walter got a cab yet again (VP got (NP a cab) (ADVP) (ADVP))
• nil: Walter got the light rail (VP got (NP the light rail))

24. item 24

• yet: Frank ate a high calorie snack yet again
(VP ate (NP a high calorie snac) (ADVP) (ADVP))

• nil: Frank ate some healthy grilled fish with salad
(VP ate (NP some healthy…))
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Samenvatting in het Nederlands

Dit boek presenteert een reeks onderzoeken die zich richten op de verwerking
van presupposities die worden geïntroduceerd door additieven, dat wil zeggen
uitdrukkingen zoals too en again. Het eerste deel van het boek is gewijd aan
gedragsexperimenten. Het tweede deel van het boek richt zich op cognitieve
modellering.

Hoofdstuk 1 begint met een inleiding op fundamentele termen zoals verw-
erking, geheugen en afhankelijkheden. Deze inleiding wordt gevolgd door een
gedetailleerder overzicht van de theoretische en historische achtergrond. In het
bijzonder bespreken we twee modellen voor het ophalen van informatie uit het
geheugen, diverse geheugeneffecten die verband houden met taalbegrip en hoe
de twee modellen deze effecten verklaren, en ten slotte presuppositie en seman-
tische afhankelijkheden.

De focus in Hoofdstuk 2 ligt op experimenten die zich richten op het woord
too. Deze experimenten worden gebruikt om afstandseffecten binnen een zin
te onderzoeken. Dat wil zeggen, we verwachten dat deelnemers het verwerken
van de trigger too moeilijker zullen vinden naarmate de afstand toeneemt, in
vergelijking met zinnen zonder deze trigger. Het hoofdstuk beschrijft vijf exper-
imenten: twee acceptability judgment-experimenten en drie self-paced reading-
experimenten. De gegevens die zijn verzameld in de leesexperimenten komen
overeen met de hypothese, maar niet op een eenduidige manier. De resultaten
suggereren dat de deelnemers sneller gaan lezen naarmate de afstand toeneemt
in de condities zonder de presuppositietrigger, en dat leessnelheid vergelijkbaar
blijft over verschillende afstanden in de condities met de trigger. We stellen
dat dit gebeurt omdat de hoge druk op het geheugen die gepaard gaat met het
lezen van too de algemene versnelling als gevolg van afstand tenietdoet. Hierbij
moet worden opgemerkt dat de experimentele manipulatie weliswaar invloed
had op de leestijden, maar geen invloed leek te hebben op de acceptabiliteits-
beoordelingen, wat suggereert dat er mogelijk verschillen bestaan tussen de
offline en online verwerking van dergelijke presupposities.

In het volgende hoofdstuk wordt hetzelfde idee verder onderzocht, maar dan
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met stimuli die bestaan uit korte tekstfragmenten. Er worden drie experimenten
beschreven: een acceptability judgment-experiment en twee self-paced reading-
experimenten. De resultaten van het acceptability judgment-experiment komen
overeen met de resultaten uit het vorige hoofdstuk. De resultaten van het eerste
self-paced reading-experiment zijn niet eenduidig, waarschijnlijk vanwege het
gebruikte paradigma; het experiment werd uitgevoerd als self-paced reading
met een stationair venster. Wanneer het gebruikte paradigma hetzelfde is als
in het vorige hoofdstuk (een niet-cumulatief moving window), repliceren de
resultaten het eerder gevonden effect. Daarnaast presenteert het hoofdstuk een
samenvatting van het tot nu toe gevonden bewijs, in de vorm van een Bayes
factor estimation en een sensitivity analysis. De Bayes factor-analyse vergeleek
modellen met en zonder de interactietermen. Onder de meest aannemelijke
waarde van de standaardafwijkingsparameter was het 13 keer waarschijnlijker
dat de data afkomstig waren van het model met de interactieterm. Een dergelijk
resultaat wordt soms aangeduid als “matig-tot-sterk” bewijs ten gunste van het
gegeven model.

Hoofdstuk 4 richt zich opnieuw op afstandseffecten als gevolg van presup-
positietriggers, maar in plaats van de presuppositie die wordt gedragen door
het woord too maken de stimuli gebruik van de presuppositie die wordt geïn-
troduceerd door het additief again. Daarnaast bestaan de stimuli uit langere,
verhalende fragmenten. Er worden twee experimenten beschreven, beide waren
self-paced reading-experimenten. Het eerste van deze experimenten repliceert,
tot op zekere hoogte, het patroon dat in de vorige hoofdstukken werd geob-
serveerd; dat wil zeggen dat het waarschijnlijker was dat de deelnemers in de
trigger-conditie langzamer gingen lezen naarmate de afstand toenam, en dat
hun leessnelheid toenam naarmate de afstand toenam in de nil-condities. Twee
dingen vallen op in het experiment: (1) de waarnemingen waren minder een-
duidig dan de waarnemingen die in de vorige experimenten werden verzameld,
(2) soortgelijke patronen werden waargenomen in de kritieke en post-kritieke
regio. Het patroon in de kritieke regio kan worden geïnterpreteerd als een indi-
catie van voorspelling. Om een dergelijke hypothese te onderzoeken, wordt een
ander experiment geanalyseerd. In dat experiment volgde de trigger again op
het woord yet. De hoop was dat een dergelijke manipulatie het mogelijk zou
maken om onderscheid te maken tussen het ophalen van informatie veroorzaakt
door voorspelling en veroorzaakt door het tegenkomen van de trigger. De resul-
taten van het tweede experiment zijn helaas niet eenduidig. Niettemin bieden
de in dit hoofdstuk gepresenteerde resultaten enige verdere ondersteuning voor
de claim dat presupposities geïntroduceerd door additieven gevoelig zijn voor
geheugeneffecten.

Het tweede deel van het boek is gewijd aan cognitieve modellering. Hoofd-
stuk 5 introduceert ACT-R, de cognitieve architectuur, en vergelijkt de twee
implementaties ervan: de Python-implementatie (pyactr) en de oorspronkelijke
Lisp-implementatie. De twee implementaties verschillen enigszins van elkaar,
maar beide implementeren duidelijk een versie van de ACT-R-theorie. De rest
van het hoofdstuk bevat enkele methodologische opmerkingen over het gebruik
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van ACT-R, en stelt dat het met name een krachtige manier is om af te dwingen
dat onderzoekers een goed gespecificeerde versie van de betreffende theorie in
overweging nemen. Het pleit ook voor het loslaten van het onderscheid tussen
de theorie van cognitieve architecturen en hun implementatie.

Het laatste hoofdstuk bevat een modelleringsstudie. Het doel van de studie
was om een model te ontwikkelen voor het laatste experiment in Hoofdstuk 2.
De studie is verdeeld in twee delen. In het eerste deel worden vier modelpro-
totypes gepresenteerd. De prototypes gaan uit van verschillende verklaringen
voor het waargenomen effect, hoewel ze allemaal gebaseerd zijn op het idee dat
het effect ontstaat door het verval van informatie in het geheugen in de loop
van de tijd. In het tweede deel van het hoofdstuk worden de modellen aan de
data getoetst met behulp van het Bayesiaanse paradigma. Geen van de mod-
ellen sluit nauw aan bij de data, maar de kwalitatieve analyse stelt ons in staat
de beste groep modellen te selecteren. Het hoofdstuk benadrukt de inherente
uitdagingen in het creëren van nauwkeurige procesmodellen van een bepaald
fenomeen. Het suggereert ook dat het negeren van de technische details die
nodig zijn om een nauwkeurig model te creëren, kan leiden tot aannames die
theoretische onderbouwing missen.

Het boek eindigt met een conclusie waarin het gepresenteerde werk wordt
samengevat en enkele openstaande vragen worden geformuleerd.





Curriculum Vitae

Jan Winkowski was born in Warsaw, Poland. Since early age jan had quite a
varied interests: literature, animals, and logic puzzles to name a few. These
interests lead jan to study philosophy at the University of Warsaw, and later
Artificial Intelligence at the Utrecht University. After completing these stud-
ies jan worked as a research assistant in a number of projects. For example,
in a project developping a corpus of textual entailment steps, and a chemical
linguistics project. In 2019 jan joined the An integrated semantic and cogni-
tive model of presuppositional dependencies project as a Ph.D. candidate. This
dissertation is an outcome of that work.


	Contents
	Acknowledgements
	Introduction
	Fundamental Concepts
	Historical and Theoretical Overview
	Semantic Dependencies and Presupposition
	Roadmap

	Sentence-internal semantic distance effects
	Introduction
	Experiment 1: acceptability judgment
	Experiment 2: self-paced reading
	Experiment 3: acceptability judgment
	Experiment 4: self-paced reading
	Experiment 5: self-paced reading
	General Discussion

	Semantic distance effects in discourse
	Introduction
	Experiment 6: acceptability judgment
	Experiment 7: self-paced reading
	Experiment 8: self-paced reading
	A pooled model
	General discussion

	Alternative triggers for semantic distance effects in discourse
	Introduction
	Experiment 9: self-paced reading
	Experiment 10: self-paced reading
	General discussion

	Towards cognitive models in ACT-R
	Introduction
	Overiew of ACT-R
	Comparing two ACT-R implementations
	What is ACT-R good for? Remarks on theoretical import of cognitive architectures

	Modeling semantic distance effects with ACT-R
	Introduction
	Model prototypes
	Parameter estimation
	Discussion

	Conclusion
	Differences between pyactr and actr6
	Differences between conditions in Experiments 9 and 10
	Experiment 9
	Experiment 10

	Bibliography
	Samenvatting in het Nederlands
	Curriculum Vitae

