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Abstract 
 
The rapid and incremental nature of language processing is a central challenge for 
human cognition. Understanding how this challenge is met has resulted in a broad 
range of work focused on answering questions such as elucidating which mechanisms 
support processing and exploring which computational models serve as good 
approximates for language processing. Typically, this work has focused on semantic 
processing across single words or sentences. However, we now know that context plays 
an important role in how the semantic system processes linguistic inputs. In this thesis, 
I investigate the influence of context on semantic representations and mechanisms in 
humans and language models. As much of the literature has focused on single 
sentence contexts, I investigate context at both wider and narrower scales. The first 
branch of studies focus on this wider scale by investigating the impact of discourse 
coherence on predictive processing in both humans and Large Language Models 
(LLMs). The second branch of studies focus on the narrower scale by exploring the 
influence of context on pre-trained word embeddings in a perceptual property 
prediction task for both nouns and adjective–noun phrases. In addition, I investigated 
how a neural network encodes perceptual features in conceptual combinations. In the 
first branch of work, I found that human’s lexical–semantic predictions are sensitive to 
discourse coherence, but especially so when semantic violations are present. From 
modelling, I found that LLMs are similarly sensitive to the relationship between context 
and a target sentence. This is in addition to coherence effects and their interaction with 
predictability, which suggests that the benefit of a highly coherent context extends 
beyond just lowering linguistic surprisal. In the second branch of work, I found 
reasonable performance for the perceptual prediction of the shape of a concept from 
word embeddings, but lower performance for the brightness of a concept. This was not 
impacted by contextual prompting for noun representations, though I did find a limited 
impact of context when predicting the brightness of adjective–noun pairs. This has 
implications for the interpretability of representations derived from language models 
and for debates on embodiment within human conceptual processing. In the final 
study, I found that neural networks can flexibly encode the modulation of conceptual 
features when nouns are modified with scalar adjectives. They do this by first learning to 
generate predictions based on the adjective, and then acquiring knowledge of how the 
adjective modulates particular nouns. In sum, this thesis adds greater depth to our 
understanding of how context influences language in humans and machines.  
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Lay Summary 
 
Communicating what we mean is no small feat. Language allows us to speak our 
dreams into existence and share humorous anecdotes with friends. However, 
understanding how we process language so quickly and effectively is a huge challenge 
for researchers. Traditionally, much of how we think about how the meaning of language 
is represented in the brain is based on experiments that use single words or single 
sentences. However, we know that context can change our understanding of meaning—
just think about a piano. When we are playing a piano, we may think more about the 
sound of the notes and the emotion that is conveyed to the listeners. Whereas if we 
must move a piano, we are much more likely to think about the size and the weight of 
the piano (to estimate how difficult this may be). What I am trying to convey here is that 
a word (or a concept) like “piano” can be associated with different features which 
makes up our knowledge of a piano. Depending on the context, we adjust how we 
understand meaning in the world. In this thesis, I present work that tries to answer how 
context influences the meaning of language. I then also ask whether computational 
language models are influenced by context in the same way. To do this, I define context 
across two different scales, one that is broader than a sentence and includes the wider 
discourse, and one that is narrower than a sentence and focuses on phrases. 
 

The work presented in Chapters 2 and 3 is concerned with wider discourse 
context. In Chapter 2, I present three experiments where I have participants read three-
sentence narratives. The first two sentences set up a scene, and the final sentence is 
either highly or less coherent with the overall narrative. In addition, within the final 
sentence, the target word is either predictable or not. This touches on the idea of why 
we are so quick to understand language when it is presented to us. One theory claims 
that it is because we are likely to predict what the next word will be and that we use 
other linguistic cues to determine how reliable these predictions will be. I am interested 
in the differences we see in how fast people read a word depending on whether it is 
predictable or not. When measuring the amount of time it takes people to read 
narratives like this, I found that people are sensitive to the coherence of a discourse, 
and will use this to determine how reliable the linguistic cue of predictability is later on 
in the sentence. In Chapter 3, I used this human reading time data and asked whether a 
computational model, GPT-2, would exhibit a similar pattern of results to humans given 
the changes in discourse context. Language models, like GPT-2, are commonly used 
now in everyday life to assist us. However, researchers also use them to answer 
questions about language without interference from other aspects of cognition, like 
vision or moral reasoning. This is how I use language models in this thesis—as a tool to 
tell us something about a system of language. In this work, I found that GPT-2 is 
sensitive to subtle topic shifts, similar to humans, and that it can even be used to 
predict human reading times. However, it does not fully account for the reading time 
differences I saw when coherence was manipulated. This suggests that humans engage 
in additional processing steps when reading coherent narratives. 
 

My work in Chapters 4 and 5 focus on narrower scales of context. This is similar 
to the piano example I gave above, but this time I am interested in how the presence of 
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an adjective, like in the phrase “dark banana”, changes how we think about bananas (or 
any other object of your choosing). For example, when I think about a dark banana, I 
immediately associate it with the ripeness of the fruit, and so the adjective tells me 
something important about how I understand the piece of fruit being handed to me. In 
Chapter 4, I used word embeddings extracted from language models to ask whether 
they are influenced by context in the same way humans are by using them to predict 
perceptual feature ratings. I did this for both nouns and adjective–noun phrases. A word 
embedding is a representation of a word which computational models use. Here, I 
focused on perceptual features, such as shape and brightness, as this information is 
often taken in through the senses during our experiences in the world. This assumes 
that language models, with no ability to perceive the world, will have limited access to 
this information. Measuring the importance of a feature to a word is done through 
getting people to rate how typical a feature is, for example how typical “furry” is for a 
“cat”. I found good prediction for the prediction of shape, while brightness was less well 
represented, replicating previous results. I also found that adding a contextual prompt 
in the direction of the feature, such as “the shape of slippers”, had a limited impact on 
how well perceptual feature ratings were predicted. In Chapter 5, I explored how a 
neural network, another type of computational model, represents the change in 
perceptual features between a noun and an adjective–noun phrase. For example, how a 
model would reflect the change in brightness from a “banana” to a “dark banana”. 
Testing this could tell us something about how humans flexibly use perceptual 
information. I found that predictions made earlier on in training were first about the 
adjective, and then later on in training the influence of the noun appeared. I also found 
that the model is slowest to approximate appropriate brightness predictions for phrases 
where the adjective and noun have contradictory brightness associations, like “dark 
snow”. These findings provide further insight into how concepts may be combined and 
add to our understanding of concepts in general.  

 
Building an insightful image of how we understand meaning over time is not easy. 

This thesis has attempted to answer a small part of this question by exploring how 
context influences how we understand language. Overall, I found that context is crucial 
for understanding in the moment, and that language models may not be as affected by 
context as humans are. In turn, this helps broaden our knowledge about the language 
system in the brain.  
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Chapter 1 
 

Introduction 
 

1.1. The nature of semantic representations in humans and 
machines 

 
As humans, we understand the meaning of novel sentences with astonishing capacity. 
The ability to build up a meaningful representation over time fundamentally relies on the 
semantic system, and the representations and mechanisms that support it. Semantic 
memory can be defined as the mental store of knowledge of the world, and is one of the 
cognitive foundations that enable us to understand and produce language (McNamara 
& Holbrook, 2003). Theories of semantic memory typically deal with how the meanings 
of words are mentally represented, and how these can be combined into more complex 
units. These theories should also account for the connection between word meaning 
and the world, with a clear account of the relationship between how semantic 
representations are formed and other cognitive systems, such as perception.  
 

Traditionally, in the semantic memory literature, it has been theorised that our 
representations of concepts are context-free. For example, our understanding of “table” 
is an abstraction that is invariant across the many contexts in which we may encounter 
a table. One way that this has been represented is as a network, with concepts 
represented as nodes (Collins & Loftus, 1975; Collins & Quillian, 1969; Quillian, 1967). 
The number of links between concepts depends on the number of shared properties, 
with more links indicating a greater overlap in properties. The network separates 
knowledge about conceptual meaning from the linguistic representation and is 
organised by semantic similarity. The main retrieval mechanism is spreading activation, 
such that during processing, concepts are activated and this activation spreads from 
the node through the links in the network, with decaying activation over greater 
distances. An alternative traditional theory is the feature comparison theory. In this 
feature model, Smith and colleagues (1974) represent word meaning as a set of 
semantic features that vary on how important they are to a word’s meaning. For 
example, the defining features of a “bird” include having a beak, having wings, and 
laying eggs. The authors used typicality ratings and association norms as measures of 
featural similarity between concepts, with a two-stage process required for verification 
(McNamara & Holbrook, 2003). However, a critical issue with these theories is that they 
assume that concepts are context-invariant. 

 
In contrast, current accounts of conceptual knowledge recognise the 

importance that context plays in semantic comprehension. Such theories account for 
the degree of dynamicity that is inherent in our representations of concepts across 
multiple contexts (Barsalou, 1999). We see evidence of this from semantic priming 
studies (Connell & Lynott, 2014; Tabossi, 1988; Van Dantzig et al., 2008), where the way 
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in which a concept is processed depends on its preceding context. Yee and Thompson-
Schill (2016) argue that context is a fundamental property that structures the semantic 
system. They argue that this means concepts are variant across individuals and that 
conceptual representations change over time within an individual. Traditionally, this 
was seen as a hindrance to theories of semantic comprehension as it is not 
immediately clear how communication occurs so seamlessly if we have variable 
representations of the objects and events that we discuss in language. However, the 
authors argue that is not necessarily as problematic as previously thought for semantic 
comprehension (Yee & Thompson-Schill, 2016). If this is the case, there is a current 
disconnect between much of the language processing literature, which has primarily 
gathered evidence on the semantic system in sentence-level context, and theories of 
semantic knowledge that recognise the influence of context.  

 
Initial work by Rodd and colleagues to address this disconnect has 

demonstrated that context effects can last much longer than a sentence (Rodd et al., 
2016). In an investigation on how previous encounters with ambiguous words may 
influence which meaning is most readily available upon processing, the authors found 
that just one encounter with an ambiguous word could bias the listener’s interpretation 
of the word for up to 20 minutes (Rodd et al., 2013). These investigations highlight one 
possible way in which context influences the semantic system, demonstrating that 
further consideration of context is warranted and necessary for a full understanding of 
the cognitive mechanisms at play. The potential impact of contextual influences on the 
semantic system has wide-ranging implications for theories of semantic processing and 
the cognitive mechanisms that support it. It also has repercussions for the connection 
between language models and our understanding of semantic processing. Human 
processing data and knowledge of the semantic system are used as points of evaluation 
for language models. This is especially helpful for questions regarding the cognitive 
plausibility of language models. A better understanding of the semantic system in 
humans will enable more accurate evaluation of these models and their efficacy for 
testing hypotheses about semantic systems in general.  
 

1.1.1. Scope of the thesis  
 
This thesis addresses the question of how semantic representations in both humans 
and machines are influenced by contextual cues. Traditionally, context effects have 
been studied at the sentence level, but context can act at both wider and narrower 
scales than this. Here, I define wider scales to include effects at the level of discourse, 
and narrower scales to include phrasal level effects. This thesis includes two sets of 
investigations of contextual effects at these wide and narrow scales. The first set of 
investigations focuses on predictive processing. In Chapter 2, I present three self-
paced reading experiments exploring how a discourse-level cue, coherence, influences 
the reading of predictable items. In Chapter 3, I explore whether surprisal from Large 
Language Models can explain the reading patterns observed from my behavioural 
experiments. In the second set of investigations, I focus on conceptual processing and 
explore the extent to which perceptual information can be represented and flexibly 
combined in language models. In Chapter 4, I ask whether additional context 
influences the representation of perceptual information in pre-trained word 
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embeddings, and the implications of this on theories of embodied cognition. In Chapter 
5, I investigate how semantic flexibility in conceptual combinations can be 
computationally represented. In the current chapter, I will map out the relevant 
literature across four sections with introductions of the associated projects at the end 
of each section.  
 

1.2. Predictive processing: experimental insights  
 
It has been well established that language processing occurs very rapidly. For example, 
when hearing an utterance, comprehenders are capable of integrating each word into a 
representation of the unfolding sentence in an incremental manner (Marslen-Wilson, 
1973; Swinney, 1979). Multiple studies have demonstrated a facilitation effect during 
language comprehension, such that sentence completions which are highly predictable 
given the previous context are processed more easily than those which are not. This has 
been demonstrated in the absence of an inhibition effect for anomalous or less 
predictable completions (K. I. Forster, 1981; Schwanenflugel & LaCount, 1988; 
Stanovich & West, 1981, 1983). Typically, the Cloze test is used as a measure of word 
predictability, where participants are given an incomplete sentence and asked to fill in 
the missing word (Taylor, 1953).  
 

Common methodological approaches to studying this facilitation effect include 
self-paced reading, eye-tracking and neuroimaging, including electrophysiology. All of 
these measures are temporal in nature. Self-paced reading measures the amount of 
time it takes a participant to read text on a screen through keypress; this can include 
single words, or whole chunks of text (Jegerski, 2013). This method does not exhibit the 
temporal sensitivity that we see from more recent research methods, however, this type 
of data is commonly collected in combination with eye-tracking and neuroimaging 
methods and analysed as an additional behavioural measure. Eye-tracking records a 
participant’s eye movements as they respond to stimuli presented on a screen. One 
particular paradigm often used to study language processing is the visual world 
paradigm—participants are presented with visual stimuli oriented in a grid-like manner 
around the screen and concurrently listen to spoken language. Here, the latency of eye 
movements to particular objects is measured, with the objects being specifically 
chosen to match or mismatch expectations formed from the auditory stimuli (Berends 
et al., 2016; Huettig et al., 2011). However, it has also been noted that findings from the 
visual world paradigm may conflate processes associated with the re-activation of 
semantic knowledge that was initially activated by the visual representation (Huettig, 
2015; Nieuwland et al., 2018).  

 
Electrophysiological measures are also a popular choice due to their temporal 

accuracy. Electroencephalography (EEG) measures electrical activity generated by the 
brain through electrodes placed on the scalp, while event-related potentials (ERPs) refer 
to the electrical activity that is elicited in response to a stimulus, such as language 
(Luck, 2012). ERPs are typically defined by their amplitude, latency and scalp 
topography (Kutas & Federmeier, 2011). The N400 effect is a negative-going wave 
between 200-600ms after stimulus onset and is maximal over centro-parietal electrode 
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sites. This effect is typically found in response to language with a semantic mismatch 
between the current input and previous context, as such, it is often the neural marker 
mentioned within the literature. However, many of the studies discussed report ERP 
effects at target word onset, while there have been arguments that to accurately show 
anticipatory processing effects, the ERP effect should emerge prior to target onset. One 
way to do this is to time-lock to a linguistically relevant cue that is found before the 
target word, for example, Wicha and colleagues (2003, 2004) took advantage of 
morphological gender agreement in Spanish, whereby the gender of the preceding 
article either matched or mismatched the gender of the expected target word. The trials 
were constructed so that no matter which article was present, there was a reasonable 
continuation. Therefore, if an effect is found between the conditions, it can more 
reliably be linked to disruption of an anticipatory process (Kutas et al., 2011). The 
authors found a separable effect of gender mismatch that emerged at the article, 
expressed as a widely distributed positivity (Wicha et al., 2004). Other studies using a 
similar paradigm have also demonstrated expectancy effects prior to target word onset 
(DeLong et al., 2005; Van Berkum et al., 2005). 
 

1.2.1. Theoretical basis of facilitative effects  
 
An important, and still ongoing, debate within the field has focused on whether this 
evidence of a facilitation effect is due to prediction or integration (Federmeier, 2007). 
Here, “prediction” can be defined as the mechanism that comprehenders use to 
activate linguistic information prior to processing input that carries that information 
(e.g., at word onset). It is this pre-activation which allows some processing to occur 
before word onset, and thus leads to a facilitative processing effect upon encountering 
the word (Pickering & Gambi, 2018). In contrast, “integration” can be defined as the 
mechanism that allows comprehenders to combine linguistic information that has been 
activated during processing of the input, with a representation of the prior input. As 
such, integration does not include pre-activation, and instead is primarily concerned 
with bottom-up processing. In this case, facilitation is thought to occur when a target 
word is highly compatible with the prior context and therefore easy to integrate. Another 
term that is widely used in the literature is “expectation”.  This can be interpreted as a 
broader umbrella term for when a comprehender anticipates semantic content, but 
may not have narrowed this down to a particular word (Van Petten & Luka, 2012). This 
demonstrates another distinction within the predictive processing literature – the 
linguistic level at which predictions can occur (Huettig, 2015).  
 

Traditionally, researchers have argued against the notion that prediction is the 
central mechanism behind language processing, as most words that we encounter are 
not predictable and most of the contexts are not constraining enough for specific 
predictions to be made. This led to the theoretical assumption that bottom-up signals, 
such as phonological representations, were more important for language processing 
than any predictive mechanism prior to word onset (K. I. Forster, 1979; Marslen-Wilson, 
1987). Other critiques of prediction include arguments regarding computational 
resources, noting that as prediction is only useful in a handful of circumstances (i.e., 
highly constraining contexts), it is a waste of computational resources that can be 
better applied to a different aspect of cognition (Jackendoff, 2003). Moreover, it has 
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been argued that a failed prediction is worse than none at all due to the additional 
processing required for resolution. A number of studies have reported an additional 
frontal, late positivity for mismatched trials, which has been theorised to reflect the 
additional difficulty faced by an actively disconfirmed prediction (Delong et al., 2011; 
Federmeier et al., 2007; Otten & Van Berkum, 2008; Thornhill & Van Petten, 2012). 

 
However, many studies have demonstrated that people are faster at processing a 

more predictable word than a less predictable word. This has led to the argument that 
readers are rapidly comparing the meanings of upcoming words to the prior context but 
may not necessarily be predicting specific lexical items. Kutas and Hillyard (1984) 
demonstrated this with their related anomaly paradigm. In this paradigm, they 
contrasted high-cloze (i.e., predictable) congruent completions, anomalous 
completions and anomalous completions that are semantically related to the 
congruent word. They found that related anomalies elicited a larger N400 effect than 
the congruent endings, but smaller than the unrelated anomalies. From this, they 
argued for a featural semantic representation of words, where the sentence context 
facilitates processing for words that contain some number of features that match the 
preceding information (Kutas & Hillyard, 1984). This finding has since been replicated 
extensively across multiple linguistic features, such as grammatical gender (Fleur et al., 
2020; Otten et al., 2007; Wicha et al., 2003, 2004) and definiteness (Burkhardt, 2006; 
Carter & Nieuwland, 2022; Fleur et al., 2020). A number of studies have investigated the 
further claim of form prediction, the suggestion that comprehenders not only anticipate 
meaning, but a specific word form, such as the visual or phonological representation 
(DeLong et al., 2005; Ito et al., 2016, 2018; Rommers et al., 2013). However, the 
evidence for form prediction is mixed, with suggestions that the mechanism is more 
limited in scope than meaning prediction (Ito et al., 2016, 2017; Nieuwland et al., 2018). 

 
A range of theories have been proposed to explain the mechanisms behind this 

anticipatory processing effect. One such theory is that of spreading activation (Collins & 
Loftus, 1975; Quillian, 1969). Here, concepts are represented as nodes in a network, 
and the network is organized according to semantic similarity. The links between the 
nodes indicate the proportion of overlap in properties between the concepts. In 
essence, concepts are activated during language processing and activation spreads 
from one concept to another through these interconnected links. This effect suffers 
from decay, and so concepts which are further away (i.e., less semantically related) will 
receive less activation (Collins & Loftus, 1975; McNamara & Holbrook, 2003). This has 
been theorised to be a mostly automatic process. Other theories have utilised the idea 
of a dynamic network with spreading activation. Altmann and Mirković (2009) model 
language comprehension as a simple recurrent network (SRN) and critically discuss 
how this network learns linguistic structure over time. The authors argue for an 
equivalence between linguistic and non-linguistic representations, suggesting that it 
arises due to a shared substrate between language processing and event encoding 
(Altmann & Mirković, 2009; Huettig, 2015). Studies such as Rommers and colleagues 
(2013) lend support to this. This study investigated whether visual representations are 
also activated in an anticipatory manner. To do this, the visual world paradigm was 
used, and participants were either shown the target object, a shape competitor of the 
target object, or a control object. The authors found smaller negative ERP signatures in 
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the shape-related condition than in the unpredictable condition, suggesting that 
participants do activate perceptual features of a referent in an anticipatory manner 
(Rommers et al., 2013).  

 
Another branch of theories have proposed involvement of the production system 

(Dell & Chang, 2014; Federmeier, 2007; Pickering & Gambi, 2018). Dell and Chang 
(2014) propose the P-chain framework, which is a connectionist framework that maps 
out interrelations between components of psycholinguistics. This was an attempt to 
connect language production, processing and acquisition in a framework where 
prediction occurs incrementally through engagement with the production system. A 
similar theory by Pickering and Gambi (2018), termed prediction-by-production, 
suggests that comprehenders initially determine the linguistic context of a speaker’s 
utterance by activating production representations that correspond to those from the 
comprehension system during covert imitation. They then derive the underlying 
intention of the speaker’s utterance by taking into account the non-linguistic context 
(e.g., shared world knowledge) and, finally, use their own production system to 
construct the underlying linguistic representations (Pickering & Gambi, 2018). The 
authors claim this to be a general mechanism that can be applied to predictions at all 
linguistic levels, and that it is largely an optional mechanism that supports 
comprehension but is not required for it occur. Federmeier (2007) also presents an 
account of prediction that is linked to production. Here, the author argues that neural 
asymmetries are more apparent in production, backed by evidence of hemispheric 
differences. Here, the idea is that left hemisphere processing is more expectation-
based and thus biased towards predictive processing, while right hemisphere 
processing occurs in a more bottom-up manner (Wlotko & Federmeier, 2007). This 
account proposes that the left hemisphere bias arises from increased connectivity as 
both comprehension and production processes have been localised there (Federmeier, 
2007).  

 
While there is now a wealth of evidence for predictive processing during 

language comprehension, the majority of studies have demonstrated this using single-
sentence materials. As such, little is known about how these local prediction effects are 
influenced by the broader discourse context in which we typically experience language. 
In Chapter 2, I address this by investigating the impact of a discourse-level cue, 
coherence, on local predictive processing effects. To this end, I ran three self-paced 
reading experiments that modulated the coherence between the target sentence and 
two-sentence preamble contexts, as well as manipulating the predictability of the 
critical word within the target sentence. Here, I found that comprehenders were 
sensitive to subtle shifts in discourse coherence, with downregulation of local 
predictive processing effects when the context is less coherent.  
 

1.3. Surprisal Theory  
 
Computational modelling of the types of facilitative effects described above has 
historically used measures from information theory. Hale (2001) proposed a 
quantification of the cognitive effort required to process a word in a given sentence 
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instantiated as the surprisal of the word in its given context. This notion of surprisal, 
which has been adopted from information theory where it is also known as Shannon 
information (Shannon, 1948), is defined as the log of the inverse probability of a word, 
w,  appearing with a given context, C (see ( 1 )). 
 
 
 

𝑠𝑢𝑟𝑝𝑟𝑖𝑠𝑎𝑙 = −𝑙𝑜𝑔2𝑃(𝑤𝑖|𝐶) 
( 1 ) 

An overarching cognitive theory has been built based on surprisal, Surprisal 
Theory, which makes certain predictions about the patterns of human processing. In 
this way, surprisal has emerged as a metric of word-by-word cognitive load with the 
assumption that more probable structures are more difficult to disconfirm. Levy (2008) 
put forward surprisal as a measure of the re-ranking cost of incremental language 
processing. Here, the problem of incremental disambiguation when reading a given 
sentence is framed as an issue of allocating limited resources to possible analyses of 
the sentence. As such, the processing difficulty associated with a word, w, can be 
understood as the size of the shift in resource allocation during reading. One of the core 
predictions of Surprisal Theory posits lexical access as a causal bottleneck in the 
overall process of sentence comprehension. Another common metric that has been 
adopted from information theory is entropy (Shannon, 1948). Hale (2003, 2006) 
proposed the entropy reduction hypothesis which states that an incoming element is 
costly to process when it signals a change from a state of high uncertainty (e.g., 
multiple equiprobable predictions) to a state of low uncertainty (e.g., where a single 
prediction is most likely). Here, uncertainty (see ( 2 ) is quantified as the entropy of the 
distribution over the set of possible upcoming elements. These can be words, parses or 
other linguistic chunks; for the purposes of this thesis, I focus on words.  

 
 

 

𝐻(𝑋) = −∑𝑃(𝑥)𝑙𝑜𝑔2𝑃(𝑥)

𝑥∈𝑋

 

( 2 ) 

Entropy reduction (Hale, 2003, 2006) specifically focuses on the change in 
entropy between two words, Hi – Hi–1. If the entropy is reduced from one word to another, 
then communicative uncertainty has been reduced; whereas in cases where entropy 
increases, it is represented as zero, following the assumption that an increase in 
uncertainty should not impact processing (Hale, 2016). Theoretically, entropy reduction 
and surprisal are assumed to capture different aspects of information complexity, and 
therefore both can serve as metrics for quantifying predictability during sentence 
processing (Hale, 2016; Lowder et al., 2018).  Moreover, surprisal theory is agnostic as 
to how Ρ(𝜒) is computed, the underlying model could use syntactic, semantic or both 
types of information.  
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1.3.1. Explanation of human processing data  
 
Much of the literature using these metrics attempts to use them as an additional 
variable to explain human processing data (e.g., reading times (RTs) and ERP 
amplitudes) (Frank et al., 2013; Futrell & Levy, 2017; Levy, 2008, 2013; Staub, 2015; van 
Schijndel & Linzen, 2018; Zarcone et al., 2016). For example, Monsalve and colleagues 
(2012) compared two different model architectures, phrase structure grammars (PSGs) 
and recurrent neural networks (RNNs), in their estimation of lexicalised and 
unlexicalized surprisal. In this study, unlexicalized surprisal relates to the surprisal 
assigned to the part-of-speech (POS) tag. The authors found that lexicalised (i.e., word-
based) surprisal is a significant predictor of RTs for naturalistic texts, outperforming 
unlexicalized surprisal. Surprisal has also been used to predict eye tracking data 
(Aurnhammer & Frank, 2018; Delogu et al., 2017; Demberg & Keller, 2008). For example, 
Aurnhammer and Frank (2018) evaluated the effectiveness of surprisal and entropy to 
predict human processing data compared to a novel metric, lookahead information 
gain. Lookahead information gain quantifies the information gained from processing a 
word, wt, when probabilistically looking ahead to wt+1. In this study, the authors 
compared SPR, eye-tracking and N400 data of naturalistic reading. All of the metrics 
were derived from Long Short-Term Memory (LSTM) recurrent neural networks 
(Hochreiter & Schmidhuber, 1997). A strong relationship between surprisal and N400 
amplitudes and RTs was found.  
 

This is a common finding in the literature, as many studies have now 
demonstrated a strong relationship between surprisal and N400 amplitudes, whereby 
words that elicit larger N400 amplitudes typically have higher surprisal values (Frank et 
al., 2013; Frank & Willems, 2017; Goodkind & Bicknell, 2018; Michaelov et al., 2021, 
2021, 2023b; Michaelov & Bergen, 2022; Wilcox et al., 2020). Extending this to other ERP 
components, Frank and colleagues (2015) analysed six of them, including the N400, 
P600 and post-N400 positivity, collected from a naturalistic reading study. The authors 
compared surprisal and entropy measures extracted from different models (n-gram, 
RNN and PSG) in an effort to evaluate their cognitive plausibility. They found a strong 
relation between word surprisal and N400 amplitude, but not between any other 
component or information measure. They also found that estimates from n-grams and 
RNNs outperformed PSGs. Many of the studies discussed make use of naturalistic 
processing data where participants are passively reading a longer document of text, 
such as a book.  

 
In contrast, Michaelov and Bergen (2020) investigated which experimental 

manipulations would elicit the same differences in N400 amplitudes and surprisal. 
Here, the authors found multiple linguistic phenomena that the RNN models could 
predict successfully. These included cloze, relatedness, semantic typicality and 
semantic anomalies. Some of the linguistic phenomena that were not well predicted 
included quantifiers and morphosyntactic anomalies. The authors conclude that this 
suggests some activation of semantic and lexical features that are indexed by the N400 
cannot be entirely captured by exposure to linguistic input alone (Michaelov & Bergen, 
2020). Recently, Wilcox and colleagues (2023) have addressed a notable gap in the 
literature by extending modelling with surprisal to more languages. The authors verified 
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existing predictions from surprisal theory across 11 different languages from five 
language families. These predictions include that surprisal and contextual entropy can 
predict RTs and that the relationship between surprisal and RTs is linear. From 
modelling multilingual eye-tracking data, the authors found strong crosslinguistic 
stability across the languages, confirming each prediction.  
 

1.3.2. Relationship between surprisal and predictability  
 
A pertinent debate within the surprisal literature questions the nature of the relationship 
between surprisal and predictability. Surprisal theory assumes a logarithmic 
relationship between surprisal and predictability, stemming from the idea that quick 
processing requires preparation (e.g., generating predictions about upcoming stimuli), 
but that preparation itself is expensive (N. J. Smith & Levy, 2008, 2013). Meanwhile, 
alternative theories from psycholinguistics assume a linear relationship. For example, 
one theory for prediction generation is a serial guessing mechanism, whereby if a 
prediction is confirmed and an expected word is processed, a fixed amount of 
facilitation is received and faster RTs are observed (Brothers & Kuperberg, 2021; N. J. 
Smith & Levy, 2013; Van Petten & Luka, 2012). Similarly, a linear effect of predictability 
could also be generated by parallel predictions; in this case, comprehenders would 
generate multiple predictions about the upcoming word, with preactivation of lexical 
features of a word assigned in proportion to their estimated likelihood. As such, greater 
levels of preactivation, and its subsequent confirmation, lead to greater levels of 
facilitation (Brothers & Kuperberg, 2021). In an initial exploration of this, Smith and Levy 
(2008) conducted a robust analysis, finding a reliable logarithmic effect of conditional 
word probability on RTs from both eye-tracking and SPR datasets. In a follow-up study, a 
greater number of linking functions were contrasted, however a logarithmic relationship 
was still found. Here, the authors concluded that their findings align with the idea that 
RT predictability effects are mediated by lexical predictability effects, supporting the 
notion of a causal bottleneck as proposed in surprisal theory (N. J. Smith & Levy, 2013). 
 

Recent work has contested this logarithmic relationship. Brothers and Kuperberg 
(2021) conducted two behavioural experiments with different methodological 
paradigms (SPR and cross-modal picture naming) and ran a meta-analysis of previous 
eye-tracking studies to examine the linking function in depth. They found a linear 
relationship between lexical predictability and word processing times for all three 
experiments, which they take as support for a proportional pre-activation account. 
Meanwhile, Szewyczk and Federmeier (2022) examined the relationship between word 
predictability and contextual facilitation. Here, word predictability was indexed by either 
cloze probabilities collected from participants or GPT-2 surprisal, and contextual 
facilitation was indexed by the N400. The idea to supplement human-generated cloze 
probabilities with GPT-2 surprisal values is due to the fact that probability differences 
between unpredictable words are difficult to measure using a Cloze task (Szewczyk & 
Federmeier, 2022; Taylor, 1953). As an initial step, the authors verified that the cloze 
probabilities and GPT-2 surprisal values were significantly correlated. In testing the 
relationship between word predictability and contextual facilitation, the authors found a 
generally logarithmic relationship, however early in the N400 time window, a linear 
relationship was also observed. Theoretically, the authors attribute both parts to the 



 

 
 

10 

activation of new semantic information (Szewczyk & Federmeier, 2022). Thus, the 
precise relationship between word probability and facilitation remains an active topic of 
debate.   
 

1.3.3. Cognitive plausibility of computational models 
 
Another important question within the surprisal literature concerns the cognitive 
plausibility of the models used. Modelling cognitive mechanisms using artificial neural 
networks has a long history in the cognitive sciences (Elman, 1990; Rumelhart & 
McClelland, 1987). Some of the architectures discussed stem from a desire to 
represent processing in a psychologically faithful way, for example, recurrent neural 
networks (Elman, 1990). However, deep learning models adopted from NLP have 
typically favoured performance rather than cognitive plausibility (Frank et al., 2019). 
Evaluating the psychological faithfulness of these models has only recently begun 
(Frank et al., 2019; Lake & Murphy, 2023). For example, Merkx and Frank (2021) 
compared RNN and Transformer-based language models (LMs) on their ability to predict 
RTs and N400 amplitudes. The Transformer architecture consists of self-attention layers 
with a linear feed forward layer (Luong et al., 2015; Vaswani et al., 2017). The self-
attention mechanism allows the model to directly “attend” to previous parts of the 
input, which is cognitively implausible (Frank et al., 2019). In the study, while ensuring 
equal LM quality for a fair comparison, the authors found that Transformers generally 
provided a better fit to the human data than Gated Recurrent Units, a type of RNN. This 
was attributed to attention-based computations which allows Transformer models to 
better fit self-paced reading (SPR) and EEG data (Vaswani et al., 2017). Further analysis 
demonstrated that the advantage is mainly due to better performance on longer 
sentences. The authors highlight that these results raise the question of how good 
recurrent models are as models of human sentence processing if they are 
outperformed by a cognitively implausible model.  
 

In a similar vein, Wilcox and colleagues (2020) conducted a broad evaluation of 
modern computational models as predictors of human reading behaviour. The authors 
compared the models on both architecture and the amount of training data provided, 
with evaluation on eye-tracking and SPR datasets (Futrell et al., 2017; A. Kennedy et al., 
2003). The authors found a generally linear relationship between word-level surprisal 
and human reading times, and that model architecture has a substantial influence on 
performance. Another recent analysis of model architectures focused on the finding 
that larger, pre-trained Transformer models perform worse at predicting human RTs than 
smaller Transformer-based models. Oh and Schuler (2023) conducted a detailed 
linguistic analysis of the relationship between LM perplexity and the predictive power of 
surprisal estimates. Perplexity is a common metric for evaluating the linguistic quality of 
language models (Oh et al., 2022). The authors suggest that the finding that larger pre-
trained LMs generate surprisal estimates which are less able to predict human RTs is 
due to memorisation. They caution against adoption of the “larger is better” assumption 
from NLP, and state that surprisal estimates from smaller pre-trained LMs should be 
used for modelling effects of sentence processing (Oh & Schuler, 2023). 
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As this review shows, there exist outstanding questions as to the degree to which 
surprisal estimates from Large Language Models (LLMs) are useful metrics for human 
language processing, especially given their lack of cognitive plausibility. Much of the 
work that has attempted to address this has focused on evaluation at the sentence 
level. In Chapter 3, I test how a LLM accounts for discourse-level effects on human 
reading, exploring how surprisal estimates from GPT-2 (Radford et al., 2019) map onto 
the human RT data collected in Chapter 2. I found that surprisal estimates are 
influenced by subtle topic shifts; however, surprisal does not fully account for the 
pattern of results observed in the RT data. This suggests that the benefit of a highly 
coherent context is not merely explained by lower linguistic surprisal.  
 

1.4. Conceptual processing and embodied cognition  
 
Predictive processing accounts aim to explain how we construct representations of 
sentences and wider events. For narrower contextual effects (e.g., phrasal-level 
effects), we need to consider the representations of individual concepts and their 
associated semantic information. Concepts held in semantic long-term memory are 
important building blocks of human cognition (Kiefer & Pulvermüller, 2012). They 
constitute the meaning of objects, events and abstract ideas (Humphreys et al., 1999; 
Levelt et al., 1999). However, it is important to note that the relationship between a word 
and a conceptual representation is not 1:1, as exemplified by language change (Dove, 
2022; Kiefer & Pulvermüller, 2012). For example, the word “wicked” used to have 
connotations of evil, whereas it can now be used to indicate enthusiasm. A core 
theoretical debate within the cognitive sciences relates to how words get their meaning, 
also known as the “grounding problem” (Harnad, 1990). It is exemplified in the thought 
experiment put forward by Searle (1980), known as the Chinese room, whereby a 
system, who can be thought of as a “person” who does not speak Chinese, answers 
questions in Chinese using a library and predefined rules. Externally, it appears as if the 
system “understands” Chinese, however no semantic understanding is present. 
 

In turn, even the nature of conceptual representations themselves is still a 
matter of debate. The role of sensory and motor representations in defining concepts 
has been discussed controversially.  Concepts have traditionally been viewed as 
abstract mental entities, separate from the perceptual and motor systems (Pylyshyn, 
1980; Quillian, 1969). On these views, it is thought that the sensorimotor features of 
objects and events are transformed into a common amodal representation in the 
semantic system. However, more recent modality-specific approaches assume that 
concepts are essentially grounded in perception and action (Barsalou et al., 2003; 
Lakoff et al., 1999; Pulvermüller, 2005). This aligns with the research program of 
embodied cognition, which emphasises the role of the body in all cognitive processes 
(Glenberg, 2010; Shapiro & Spaulding, 2024). For example, a number of studies have 
found evidence of sensorimotor simulation during cognitive tasks (Glenberg & Kaschak, 
2002; Kaschak et al., 2005; Kaschak & Glenberg, 2000; Stanfield & Zwaan, 2001). 
Stanfield and Zwaan (2001) found a processing advantage on an image recognition task 
when the objects in the image matched the orientation of the object in a previous 
sentence. Neuroimaging has provided further support for sensorimotor simulation by 
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showing that the processing of words recruits the same neural regions that are activated 
during processing of the referent (Kan et al., 2003; Kaschak et al., 2005; Martin & Chao, 
2001; Pulvermüller, 1999). 

 
A number of criticisms have been presented against the idea that embodiment is 

crucial for conceptual processing. One such criticism argues that even a clear 
definition of what embodiment and grounding refers to is lacking (Chatterjee, 2010; 
Hauk, 2016; Mahon & Caramazza, 2009; Meteyard et al., 2012; Wilson, 2002). Another 
issue pertains to the representation of abstract concepts (Galetzka, 2017; Hauk, 2016). 
If conceptual processing is grounded in sensorimotor experience, then how can we 
form representations of concepts that have no concrete form such as “justice”? One 
answer provided by supporters of embodied cognition suggests that metaphors provide 
a way to ground abstract concepts. For example, Lakoff and Johnson (1980, 2008) argue 
that metaphor usage mediates conceptual understanding via sensorimotor activation 
that reflects literal word meaning. Alternatively, others have claimed that 
representations of abstract concepts may be based on simulations of the situations in 
which they occur (Barsalou, 1999; Wilson-Mendenhall et al., 2011). Whether or not this 
is the case, it remains that abstract concepts without corresponding sensorimotor 
components are a challenge for embodied cognition accounts (Dove, 2016). In addition, 
there has also been debate about the extent to which sensorimotor activation is vital for 
language comprehension. For example, sensorimotor impairment leads to only mild 
semantic processing deficits. Clinical studies with patient groups have demonstrated 
similar accuracies between patients and controls on semantic judgment tasks, as well 
as intact object recognition abilities in patients with motor impairments due to 
Parkinson’s disease and apraxia (Kemmerer et al., 2013; Mahon & Caramazza, 2005). A 
theoretical perspective that can reconcile the mixed results regarding embodied 
language processing is the Hub-and-Spoke model, a theory of semantic memory that 
suggests the semantic network constitutes both modality-specific cortical regions and 
an amodal hub that integrates this multimodal input (Lambon Ralph et al., 2001, 2007; 
Patterson & Lambon Ralph, 2016). Evidence from neuroimaging indicates the anterior 
temporal lobes (ATL) as a possible neural correlate for this type of hub (Lambon Ralph 
et al., 2010; Visser et al., 2010).  
 

1.4.1. Concepts in combination  
 
In these debates about conceptual processing, less attention has been given to 
conceptual combination, the process whereby a new concept is created from pre-
existing concepts (Coutanche et al., 2019). This ability of constructing complex 
concepts from simpler ones is critical for many aspects of cognition, and it has been 
suggested that some processes which mediate the integration of simple concepts into 
more complex ones may also be involved in the integration of sensory features into 
simple concepts (Coutanche et al., 2019). One way to characterise conceptual 
combinations is by how they are understood. Attributive combinations are feature-
based, for example a “canary crayon”, which is understood by taking a property from the 
modifier, mapping this onto a dimension of the head and integrating them. In this 
example, we take the colour feature from “canary”, a bright yellow bird, and apply it to 
“crayon”, a type of writing utensil, to correctly understand the referent of a bright yellow 
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crayon (Coutanche et al., 2019; Murphy, 1988; Springer & Murphy, 1992). Alternatively, 
there are also relational combinations, where understanding the relation between the 
items is critical, for example a “crayon box” (i.e., a box where crayons are stored). 
Multiple different relations can exist between constituent concepts, and so the precise 
relationship between the constituents is important. In addition, it has been found that 
conceptual combinations of a particular relationship can prime other compounds 
represented in the same way (Estes, 2003; Estes & Jones, 2006; Gagné, 2001). 
 

Historically, theories of conceptual combinations have framed them as the 
result of amodal operations in predicate-like structures (Fodor & Pylyshyn, 1988). 
Connectionist approaches inspired from this replaced predicate-like processes with 
statistical mechanisms (Coutanche et al., 2019; Pollack, 1990; Smolensky, 1990). Other 
alternatives based on embodied simulation have suggested that people combine multi-
modal simulations of individual concepts into larger and more complex simulations 
(Barsalou, 1999; Wu & Barsalou, 2009). For example, Wu and Barsalou (2009) 
investigated how the perceptual properties listed in a generation task change after 
conceptual combination. Further insights from neuroimaging have suggested that a 
combined concept is represented across the same neural regions that represent its 
constituent concepts and their corresponding features. For example, it has been argued 
that semantic knowledge is instantiated as distributed patterns of semantic features 
across the neocortex, with evidence of distinct neural correlates for colour, shape and 
size (Konkle & Oliva, 2012; Martin, 2007; Tanaka, 1996; Zeki et al., 1991).  

 
Meanwhile, from behavioural studies, it has been shown that the activation of 

conceptual features varies depending on the situational context (Barclay et al., 1974; 
Barsalou, 1982; Van Dam et al., 2010; van Dam et al., 2012; Yee & Thompson-Schill, 
2016). It has been theorised that the activity levels of features contributing to a concept 
differ as a function of the weighting of conceptual features and of contextual 
constraints (Binder et al., 2016). As such, the process of integration between concepts 
is non-trivial as the same property can vary when combined with different concepts. For 
example, a colour term such as “red” can have different values when integrated with 
“face”, “fire” or “truck” (Halff et al., 1976). Solomon and Thompson-Schill (2020) 
examine this type of conceptual flexibility using a three-pronged approach of 
behavioural, neuroimaging and computational investigations. The authors specifically 
focus on the feature of brightness and used adjective–noun phrases as a test case. 
Adjective–noun phrases are a valuable way to isolate the integration process of 
conceptual combination as they are independent of additional processes of property 
selection (Bemis & Pylkkanen, 2011). They asked participants to rate the brightness of 
unmodified nouns (e.g., “paint”) and adjectival modified nouns (e.g., “dark/light paint”). 
The authors found that adjectives (“dark/light”) had a larger effect on the perceived 
brightness of an object when there was a high level of uncertainty about the typical 
brightness of the object. For words with high feature uncertainty (e.g., “paint”), the 
adjective influenced the brightness ratings to a larger extent, whereas for words with 
low feature uncertainty (e.g., “snow”), it had less of an effect. They also found that a 
Bayesian model which incorporates feature uncertainty exhibited the best fit to the 
behavioural data, while neural correlates for this flexible feature combination included 
the left inferior frontal gyrus (LIFG) and the left anterior temporal lobe (LATL).  
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This research direction highlights the importance of work that considers the 

flexibility of combinatorial semantics. In Chapter 5, I introduce work that I have 
conducted which investigates how a neural network encodes the flexible nature of 
gradable adjectives in adjective–noun phrases, using the perceptual feature of 
brightness as a test case. I found that the flexible learning of gradable adjectives was 
possible, with predictions first based on the adjective alone and then modulated by the 
noun later in learning. I also found that the model outputs mimicked the type of non-
additive feature modulation present in the human data. These results have implications 
for understanding how semantic composition may occur and help generate testable 
predictions for future work. 
 

1.5. Distributional semantics and word embeddings  
 
One of the key arguments for embodiment in semantics is that much of our 
understanding of words comes from sensorimotor processing of the experiences they 
refer to. It has been argued that these experiential aspects of word meanings cannot be 
inferred from language alone. One way to test this claim is to investigate the adequacy 
of semantic representations that are derived purely from language inputs. 
Computational linguistics and NLP provide useful examples of this type of 
representation in the form of embeddings. 
 

Distributional semantics is one of the main approaches for modelling the lexical 
content of a word (Boleda, 2020; Lenci, 2008; Lenci et al., 2022). In this approach, 
words have similar meanings if they have similar patterns of usage and co-occurrence 
with other words, following the Distributional Hypothesis (Firth, 1957; Harris, 1954; 
Lenci et al., 2022; Sahlgren, 2008). These representations typically consist of high-
dimensional vector representations that encode the lexical content associated with a 
given word. These are commonly referred to as word embeddings, and they can be 
extracted from a range of models, such as Distributional Semantic Models (DSMs) and 
LLMs. DSMs can be categorised into two types: count-based models and predict-based 
models (Lenci, 2018). Count-based DSMs use the co-occurrence frequencies between 
words in a given context to build their vector representations. For example, these 
contexts can be defined by documents, as exemplified in Latent Semantic Analysis 
(LSA) (Landauer & Dumais, 1997) and Topic models (Griffiths et al., 2007), a moving 
window as seen in the Hyperspace Analogue to Language (HAL) model (Lund & Burgess, 
1996) or corpora as demonstrated by GloVe vectors (Pennington et al., 2014). The co-
occurrence matrices formed can then be transformed into dense vectors using 
dimensionality-reduction techniques, such as Singular Value Decomposition (Landauer 
& Dumais, 1997). In contrast, predict-based models build vectors using shallow neural 
networks which predict the vector for a word, given its context. Here, context is usually 
defined as a window of words surrounding the target word. Popular examples of these 
include Word2Vec (Mikolov, Chen, et al., 2013; Mikolov, Sutskever, et al., 2013) and 
FastText (Bojanowski et al., 2017).  
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The word embeddings that can be extracted from DSMs are static in nature, 
meaning that the representation for a single lexical item is the same, regardless of 
context. This presents issues with words such as polysemes, for example “bank”, where 
an associated token can have multiple meanings. This is representative of a wider issue 
with static word embeddings when we consider semantic representations that are 
contextually variable, for example in conceptual combinations (French & Labiouse, 
2002; Glenberg & Robertson, 2000). Initial uses of these word embeddings included 
estimation of semantic similarity or relatedness between words, however, they are more 
commonly used now to initialise representations for deep learning models. These types 
of pre-trained word embeddings help LMs to capture semantic similarities which are 
useful for downstream tasks, and highlights the importance of distributional semantics 
within NLP (Lenci et al., 2022). 
 

1.5.1. Contextualised word embeddings and semantic transparency  
 
Recently, contextualised word embeddings have gained popularity. For these 
embeddings, each word token in a specific context has a unique representation, 
overcoming a critical issue with distributional word embeddings. Contextualised word 
embeddings can be extracted from Transformer-based architectures, which take a set 
of isolated embeddings as input and produce a set of contextually-informed hidden 
embeddings (Vaswani et al., 2017). As such, they can encode relevant aspects of 
context using a self-attention mechanism, which facilitates direct interaction between 
each element in a set with all other elements (Lenci et al., 2022). These embeddings 
have achieved widespread popularity due to their ability to capture multiple linguistic 
features and context-dependent aspects of word meaning. However, there are 
concerns regarding the increased levels of complexity and opacity with regards to how 
the models themselves learn and what sorts of information contextualised word 
embeddings contain (Bender & Koller, 2020; Bisk et al., 2020; Lake & Murphy, 2023; 
Lenci et al., 2022; Merrill et al., 2021). For example, Bender and Koller (2020) argue that 
meaning cannot be learnt from form alone, and as such, text-only models are unable to 
learn meaning in principle. In this way, the authors argue that LMs lack reference and 
grounding in the real world, and thus suffer from the grounding problem, as discussed in 
Section 1.4. (Harnad, 1990).  
 

In contrast, it has also been suggested that LLMs may have achieved some 
aspects of meaning, mirroring our understanding of meaning from cognitive science. 
Piantadosi and Hill (2022) argue that LLMs may have a notion of meaning derived from 
the way concepts relate to each other. They argue against the issue highlighted by 
Bender and Koller (2020) by acknowledging that not all terms have a distinguishable 
referent (Wittgenstein, 1953). The authors then link this with conceptual roles, 
emphasising that concepts are built in a fluid and context-dependent manner 
(Barsalou, 1983; Casasanto & Lupyan, 2015). Similar arguments have also been put 
forward by Lake and Murphy (2023) in their comparison of how humans and machines 
represent word meaning. Evidence that has been put forward to support this includes 
research using human processing data as a point of evaluation. For example, Grand and 
colleagues (2022) developed a semantic projection method that enables word 
embeddings to be represented on featural scales (e.g., size) and found that they can 
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recover similar human judgements of concepts when organised on these scales. Abdou 
and colleagues (2021) explored the relationship between colour concepts in a similar 
manner. Here, the authors extracted word embeddings from BERT (Devlin et al., 2018), 
RoBERTa (Liu et al., 2019), and ELECTRA (Clark et al., 2020) and mapped them onto a 
3D colour space, CIELAB, using either Representational Similarity Analysis (RSA) 
(Kriegeskorte et al., 2008) or a linear mapping. The authors found that the structures 
recovered from the word embeddings for colour terms were aligned with the structure of 
the CIELAB space, meaning that some aspect of colour perception was contained 
within the word embeddings extracted from text-only LMs (Abdou et al., 2021). These 
results demonstrate that some perception-based aspects of semantic knowledge are 
transferable without explicit grounding. 

 
This examination of the internal semantic content of word embeddings has also 

been conducted with DSMs (Andrews et al., 2014; Pereira et al., 2016). For example, 
Riordan and Jones (2011) conducted a comparison of feature-based (i.e., uses human-
generated features to encode conceptual information) and distributional models. The 
authors used a semantic clustering task, where the aim was to recover similarity 
structures. They found that semantic category information was redundantly coded in 
both perceptual and linguistic experiences, with the feature-based and distributional 
models achieving similar clustering patterns. In a similar vein, Louwerse and colleagues 
have conducted numerous studies on what sorts of information can be learnt from 
language statistics alone. From these studies, it has been found that distributional 
embeddings can contain information regarding the geographical location of cities 
(Louwerse & Zwaan, 2009), the vertical location of objects in the world (Hutchinson & 
Louwerse, 2013) and can encode a range of perceptual features (Louwerse & Connell, 
2011). As a unifying theory, Louwerse (2007, 2011) put forward the symbol-
interdependency hypothesis. This provides an integrative perspective of language and 
perception that relies on the interdependency between symbols and embodied 
experiences, which can be represented by statistical models. In sum, these findings 
align with a branch of thought where distributional models are more than just tools. 
Günther and colleagues (2019) argue that DSMs are not merely engineering tools as 
they are formulated as cognitive theories, rely on psychologically plausible 
assumptions and can account for behavioural data. However, there remains concern 
about the use of DSMs to inform our understanding of human language processing, 
similar to those expressed about LLMs above (Glenberg & Mehta, 2008; Perfetti, 1998; 
Rogers & Wolmetz, 2016; Sahlgren, 2006). 

 
As such, research into how faithfully representations from DSMs and LLMs 

convey human semantics is important. Frameworks from psychology can help in the 
rigorous testing of this, for example by using knowledge about the semantic system in 
humans to decode what meaningful semantic information is contained in these 
vectors. In Chapter 4, I investigate how well DSM/LLM word embeddings predict human 
judgements about the perceptual features of words. In two experiments, I tested if I 
could improve performance on a task predicting the perceptual feature ratings of 
concepts from embeddings by using the ability of Transformer-based LLMs to represent 
word meaning in context. In the first experiment, I focused on noun representations, 
where I compared decontextualised and contextualised Word2Vec and BERT 
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embeddings for a large set of concepts when predicting the perceptual features of 
brightness and shape. From this, I found very good prediction for shape, and more 
modest prediction of brightness. However, the addition of context had no influence on 
performance. In a second experiment, I used adjective–noun phrases and again 
predicted the feature of brightness, with and without context. Here, I found good 
prediction of brightness, with the non-additive effect of adjective modulation found to 
be represented within the word embeddings. Moreover, context had a limited impact on 
performance. 

 
To summarise, the four studies in my thesis investigate how context influences 

the processing of meaning in language. They do this at a range of scales (discourse: 
Chapters 2 and 3; phrasal: Chapters 4 and 5) as well as in humans (Chapters 2 and 3) 
and computational models (Chapters 3, 4 and 5). Together, this thesis aims to develop 
our understanding of the complex processes by which combinations of words give rise 
to representations of meaning. 
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Chapter 2 
 
Discourse coherence modulates use of 
predictive processing during sentence 
comprehension 
 
 

2.1. Abstract 
 
Context has been shown to be vitally important for comprehension. Lexical processing 
is facilitated when words are highly predictable given their local sentence context, 
suggesting that people pre-activate likely upcoming words to aid comprehension. 
However, this facilitation is affected by knowledge about the global context in which 
comprehension takes place: people predict less when in an environment where 
expectations are frequently violated. The current study investigated whether discourse 
coherence is an additional cue that comprehenders use to modulate lexical prediction. 
In a series of online, self-paced reading experiments, participants read target sentences 
preceded by short contextual preambles. Local facilitation effects were manipulated 
through the cloze probability of a critical word within the target sentence and discourse 
coherence was manipulated by varying the degree to which the target sentence was 
consistent with the information presented in the preamble. In the first two experiments, 
target sentences were read more slowly when they occurred in less coherent 
discourses, but no local facilitation effects were observed. In the third experiment, we 
strengthened the predictability manipulation by using semantically anomalous critical 
words. In this experiment, predictable words were processed more quickly and 
anomalous words more slowly when they occurred in highly coherent discourse. Our 
results suggest that comprehenders are sensitive to shifts in the topic of discourse and 
that they downregulate predictive processing when they encounter incoherence in the 
discourse. This is consistent with recent theoretical accounts suggesting that 
comprehenders flexibly engage in predictive processing, pre-activating semantic and 
lexical information less when their expectations are less likely to be reliable.  
 

2.2. Introduction 
 
Local context has a rapid influence on lexical processing. For example, there is a wide 
and established literature on the reduction in N400 amplitudes for target words that are 
semantically related to previous linguistic information (see Kutas & Federmeier, 2011; 
Kutas & Hillyard, 1980, 1984; Van Petten & Luka, 2012). When words are predictable 
based on their local sentence context, they are processed more quickly, which suggests 
that the processing mechanisms involved are anticipatory (Schustack et al., 1987). 
While much research has focused on understanding the nature of this anticipatory 
process, the extent of its influence and the types of information that contribute to it 
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remain under debate (Huettig, 2015; Van Petten & Luka, 2012). A range of linguistic 
properties have been implicated in these contextual influences, including the semantic 
properties of the preceding linguistic input (Kutas & Hillyard, 1984), the grammatical 
gender of a referent (Fleur et al., 2020; Nieuwland et al., 2018; Wicha et al., 2003, 2004), 
and the definiteness of a referent (Burkhardt, 2006; Carter & Nieuwland, 2022; Fleur et 
al., 2020). As such, it appears that cues at various levels of the language system are 
used during comprehension to facilitate the processing of upcoming information 
(Morris, 2006; Rabovsky & McClelland, 2020; Willems & Peelen, 2021). In the present 
study, we investigate the effect of cues at the lexical level (Experiments 1 and 2) and the 
semantic level (Experiment 3).  
 

However, for comprehension to occur, information from the current sentence 
has to be integrated with prior information from the surrounding discourse context 
(Myers & O’Brien, 1998). To understand the discourse, people form a mental/situation 
model of it (Kintsch, 1998; van Dijk, 2006; Zwaan, 2016; Zwaan & Radvansky, 1998). We 
predicted that the status of this discourse model influences the processing 
mechanisms comprehenders engage in when dealing with sentence-level constraints. 
As such, the present study investigates how the use of local within-sentence 
constraints interact with the properties of the broader discourse in which the sentence 
occurs. 

 

2.2.1. Evidence for Discourse Facilitation Effects 
 
Individual sentences are typically preceded by a broader discourse context, which is in 
itself a rich source of semantic and conceptual information. The presence of a global 
discourse context facilitates processing for globally related concepts (Albrecht & 
O’Brien, 1993; Berkum et al., 1999; Camblin et al., 2007), through the formation of a 
mental model of the characters and events involved (van Dijk, 2006). A number of 
models of this process have been proposed. Kintsch’s construction-integration model 
places a proposition as the key component, suggesting that a mental representation of 
a text is a network of these propositions, linked by shared arguments (Kintsch, 1998). 
Zwaan and colleagues have proposed a situation model account, whereby an event-
based mental representation of the current state of affairs is formed (Zwaan, 2016; 
Zwaan et al., 1995; Zwaan & Radvansky, 1998). They propose that comprehenders 
update these representations autonomously during integration of the unfolding 
linguistic input. Depending on the overlap of semantic features from the incoming input 
and the current situation model, the current model is either maintained (i.e., high 
featural overlap), or updated to take new information into account (i.e., low featural 
overlap). It has been suggested that this is an automatic and continuous pattern-
matching process (Myers & O’Brien, 1998). In the present study, we are interested in 
how this process of maintaining a model of the entire discourse interacts with the use of 
constraints within a sentence to facilitate comprehension. Throughout the study, we 
define the local context as the sentence currently being read, whilst the global context 
refers to the higher-level mental model that is maintained across multiple sentences 
(Myers et al., 1994; Zwaan, 2016). 
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So how does the wider global discourse impact the anticipatory processing 
advantages that are observed within local sentences? There is mixed evidence on this 
issue (Ledoux et al., 2006). In one important study, Hess et al. (1995) attempted to 
distinguish between lexical explanations and discourse-based explanations for context 
effects using a naming task. Participants heard short passages, saw the final word of 
the passage (the target word) on-screen and were asked to name this. The researchers 
manipulated how well the target word related to the global context and the local 
sentence, separately. They found that, without the addition of the prior context, naming 
latencies were facilitated if associatively related words were present in the sentence 
(e.g., “The English/computer science major wrote the poem”). This confirmed the 
presence of local facilitation effects. Subsequent experiments added global discourse 
contexts that were either related or unrelated to the final sentence. Naming latencies in 
the global related conditions were consistently faster than those in the global unrelated 
conditions. However, local facilitation effects were no longer reliably observed. In other 
words, a local facilitation effect was evident when the sentences were presented in 
isolation but was not visible when a supportive global discourse context was added in 
subsequent experiments. The authors concluded that discourse context plays a critical 
role in lexical processing and can override the effects of local constraints (for related 
findings, see Albrecht & O’Brien, 1993). However, one potential issue in this study is that 
the contexts used for the global unrelated conditions were not always the same across 
the local manipulation, which may have led to a confound. 

 
Other studies have provided different perspectives on the roles of global and 

local context in lexical facilitation. For example, Traxler et al. (2000) manipulated both 
the association and plausibility of a target word, given the context (e.g.., “The 
lumberjack/young man carried/chopped the axe early in the morning”). In this example, 
“axe” is the target word, which is plausible in its immediate local context when 
preceded by the verb “carried” and is associated with the wider context when preceded 
by “lumberjack”. Reading time measures were generally influenced by the plausibility of 
the immediate context but not the wider context, suggesting that global context does 
not override local plausibility constraints. Conversely, another study investigating how 
comprehenders combine information from both the local sentence and global context 
found that discourse-level information did impact the processing of upcoming words 
(Schwanenflugel & White, 1991). These authors conducted three experiments which 
varied in task (lexical decision vs. naming) and the distance of global information to the 
local target sentence (far vs. near). They concluded that discourse information interacts 
with information from the local context, with both sources of constraint benefiting the 
processing of upcoming words. These studies indicate that there is inconsistency in the 
literature on the relationship between global and local contexts, and their subsequent 
influence on processing.  

 
Further evidence of the impact of global context on semantic facilitation effects 

has been found with neuroimaging. Camblin et al. (2007) used both eye-tracking and 
ERPs to investigate how discourse-level representations affect within-sentence priming. 
The authors manipulated semantic association between a local prime and the 
sentence-final target word, as well as congruency between prior discourse context and 
the target word. Their first experiment demonstrated a reduction in N400 amplitudes for 



 

 
 

21 

congruent conditions and associated conditions, while the second experiment also 
found shorter regression-path reading times for congruent and associated conditions. 
These findings suggest that both local and global constraints influence lexical 
processing. In subsequent experiments, the authors disrupted the presence of a 
coherent discourse by either presenting target sentences with no prior context or with 
an incoherent context made up of unrelated sentences. Under these circumstances, 
local association effects were stronger than when sentences were presented within a 
coherent discourse. From this, they concluded that discourse congruence had a robust 
and rapid effect on both ERPs and eye-tracking, whereby the facilitation from local 
lexical associations was strongest when there was no coherent discourse information 
to support processing (Camblin et al., 2007).  

 
The possibility of an interaction between local and global contextual cues has 

been further explored by Boudewyn, Long and Swaab (2015). These authors conducted 
an ERP study using auditory stimuli to investigate how cues from both global and local 
contexts contribute to two levels of prediction (semantic features vs. lexical form). The 
authors created two-sentence mini-stories, manipulating global predictability of the 
critical noun given the discourse context and local consistency of the critical noun 
compared with an associated feature word within the local sentence (e.g., “Frank was 
throwing a birthday party, and he had made the dessert from scratch. After everyone 
sang, he sliced up some sweet/healthy and tasty cake/veggies that looked delicious”). 
The authors found a graded N400 response, whereby N400 amplitudes were influenced 
by both local and global manipulations. Moreover, evidence of an interaction suggested 
that support from one level was able to compensate for ambiguity and inconsistency at 
the other. 
 

2.2.2. Mechanisms Supporting Contextual Facilitation 
 
The studies discussed above provide a mixed view of how global and local cues interact 
to facilitate processing. Why do the effects of the global discourse seem to be so 
variable? One possibility is that use of predictive processing itself is flexible and varies 
depending on its likely utility. In other words, people may use cues from the wider 
experimental context to determine how valid their expectations are likely to be, and 
thereby modulate how strongly to engage in predictive processing. A number of studies 
have shown that extralinguistic cues can affect the degree to which local predictability 
influences processing, supporting the idea that predictive processing is dynamic and 
flexible (Brothers et al., 2017, 2019; Hagoort et al., 2004; Hald et al., 2007). For 
example, in an ERP study, Brothers et al. (2019) manipulated speaker reliability. 
Participants heard sentences read by different speakers. Critical sentences were 
identical for both speakers. However, high-cloze filler sentences were used to 
manipulate the characteristics of each speaker, such that the reliable speaker usually 
produced predicted sentence completions, while the unreliable speaker frequently 
produced completions that violated the listener’s predictions. Brothers et al. argued 
that a purely automatic prediction mechanism would not lead to differences in N400 
amplitudes across the manipulation of speaker reliability, as the linguistic context 
remained the same. In contrast, a flexible account would predict that comprehenders 
would be sensitive to the build-up of knowledge about the speaker across the 
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experiment and subsequently use that to tailor their expectations. Supporting the latter 
account, they found an interaction between speaker reliability and lexical predictability 
on N400 amplitudes, such that larger effects of contextual constraint were observed 
when the speaker was reliable, compared to unreliable. This suggests that language 
comprehension recruits a type of dynamic flexible expectancy mechanism, which is 
sensitive to extralinguistic cues about the likely value of context-based predictions. 
When participants listened to a speaker whose speech regularly defied expectations, 
they became less likely to predict words in advance. 

 
This type of flexibility was also investigated in an earlier study by Brothers et al. 

(2017), which focused on whether top-down goals and strategies influenced predictive 
processing across both sentences and wider discourses. The findings provide further 
evidence that extra-linguistic context modulates predictive processes. In their first 
experiment, larger N400 modulations were found when participants were explicitly 
instructed to predict the upcoming target word, rather than just passively comprehend 
the stimuli. Moreover, in their second experiment, the authors found a smaller effect of 
predictability on reading times when the overall experimental environment was less 
supportive of predictive processing. The experimental environment was manipulated by 
changing the proportion of filler sentences that ended in highly predictable or less 
predictable endings. The assumption was that if comprehenders dynamically modulate 
their use of predictive processing, the effect of predictability should be reduced when 
the experiment contained a greater proportion of less predictable sentences. This is 
exactly what was found. As such, this finding provides further evidence for the influence 
of extra-linguistic cues on the degree to which context facilitates processing. It shows 
that local facilitation effects are attenuated when participants do not expect the 
sentence they are reading to provide reliable cues to its completion. In the present 
study, we investigated whether a similar attenuation effect would occur when readers 
encounter a shift in the global discourse topic. 

 

2.2.3. The Current Study 
 
In sum, there is a range of evidence with mixed results as to the interaction of global and 
local contextual cues on discourse comprehension, both in behavioural and 
neuroimaging studies (Federmeier et al., 2007; Just et al., 1982; Just & Carpenter, 1980; 
McDonald & Shillcock, 2003; Traxler & Foss, 2000). One possible explanation for the 
variety of findings is that the use of predictive processing is flexible and strategic, such 
that comprehenders are sensitive to cues about the reliability of predictive processing 
and use this to regulate the degree to which they use local context to facilitate word 
recognition. In the present study, we investigated this by manipulating the coherence of 
discourse in three-sentence written passages (see Figure 2.1). Coherence simply refers 
to the degree to which discourse forms a series of well-connected statements that form 
a meaningful whole (Ellis et al., 2016). When discourse lacks coherence (i.e., when we 
encounter unexpected or contradictory information within the discourse), we need to 
reconfigure the active situation model to accommodate this (Kintsch, 1998; Kuperberg, 
2021; Zwaan, 2016; Zwaan & Radvansky, 1998). A lack of coherence could also indicate 
greater uncertainty about the reliability of local processing cues. If this is the case, 
people may use a lack of coherence in discourse as a cue to temporarily reduce the 
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influence of lexical predictability effects on processing until a stable situation model 
has been re-established. In contrast, if context facilitates comprehension in an 
automatic fashion, local context effects should not be sensitive to disruption at the 
discourse level.  
 

To this end, we conducted three online, self-paced reading studies where we 
manipulated both the predictability of the critical word within the target sentence (as a 
local constraint), and the coherence of the target sentence with the preceding 
discourse (as a global constraint). This enabled us to investigate whether local 
facilitation effects are suppressed when comprehenders process less coherent 
passages. We recognise that anticipation of information across multiple linguistic levels 
(syntactic, lexical, semantic, and possibly phonological) can contribute to facilitation 
for expected continuations in sentences (Heilbron et al., 2022; Ito et al., 2016; 
Kuperberg, 2021; Kuperberg et al., 2020). Accordingly, we manipulated whether stimuli 
violated expectations at the lexical level (Experiments 1 and 2) or at the semantic level 
(Experiment 3). Violation of expectations at the lexical and semantic levels have similar 
effects on markers of predictive processing like the N400, though effects of semantic 
violations are often observed later in processing (DeLong et al., 2014; Haeuser & Kray, 
2022; Nieuwland et al., 2020; Quante et al., 2018). 

 

2.3. Experiment 1 
 

2.3.1. Methods 
 
Methods and analysis strategies for this experiment were pre-registered at 
https://osf.io/h73qg/?view_only=5c6dd5967cec4b0481b1713d31057cbe. Where 
procedures deviated from the pre-registered plan, we have noted this in the text. 
Further, all data associated with the current study is available on OSF at 
https://osf.io/a8j4c/?view_only=26fee0260d364b0b8ee65ded332ed969.  
 
Participants 
Ethical approval for all studies was granted by the School of Philosophy, Psychology & 
Language Sciences Research Ethics Committee at the University of Edinburgh and 
informed consent was obtained for all participants. Participants were recruited either 
on the University of Edinburgh’s SONA platform and the Testable Minds online 
participant pool. Participants recruited through SONA were first-year Psychology 
undergraduates who were native speakers of English and were reimbursed with course 
credits. Participants recruited through Testable Minds consisted of a range of 
backgrounds; however, we required that the participants were based in the UK, had an 
approval rating greater than 90%, were native speakers of English and had a maximum 
age of 40. (Note: Testable Minds defines the approval rating as “the ratio of the number 
of approved results of a participant to the total number of completed studies”). In this 
way, we tried to minimise the demographic differences between each participant group. 
The use of an online study actually allowed us to reach a more diverse participant pool 
than an undergraduate sample (Enochson & Culbertson, 2015). Previous evidence from 
both reaction time experiments and comparison reviews have demonstrated that online 

https://osf.io/a8j4c/?view_only=26fee0260d364b0b8ee65ded332ed969
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experiments are a viable method for data collection, including for self-paced reading 
paradigms (Anwyl-Irvine et al., 2021; Enochson & Culbertson, 2015; Johnson et al., 
2022). Participants from Testable Minds were reimbursed with $5.60. 
 

Prior to data collection, we performed a power calculation to determine the 
approximate sample size required. Because we had no prior estimate of the effect size 
for the interaction between coherence and predictability, we utilised a conservative 
effect size estimate of Dz = .4, an alpha of .05 and power of .80. This returned an 
estimated sample size of 52 participants. We used a two-step process of data 
collection whereby we pre-registered our intention to initially collect 52 participants’ 
worth of data, check to see if there was a significant interaction between coherence and 
predictability, and if not, to collect another batch of 52. If there was already a significant 
interaction present, then we would have stopped data collection (Pocock, 1977). We 
used this approach to ensure that our study would be well powered, given that we did 
not have strong a priori expectations of the effect size. For our pre-registered analyses, 
we adjusted our alpha from 0.05 to 0.029 to account for this two-stage approach 
(Pocock, 1977). We report the results from our pre-registered analyses on our initial 
batch of participants in the Appendix (see Figure 7.2).  

 
In total, we collected data from 134 participants who indicated having English as 

their first language, with 80 from the pool of Psychology students and 54 from Testable 
Minds (mean age: 23, range: 18-42, SD = 6.77). Our final sample size consisted of 84 
participants, as 50 participants were excluded for the reasons stated below (see 
Analysis – Pre-registered).  
 
Design 
Participants read passages consisting of a two-sentence preamble and a target 
sentence. The study used a 2 x 2 within-participants manipulation of passage 
coherence and critical word predictability. The predictability of a critical word in each 
target sentence was manipulated using cloze probabilities. The coherence of passages 
was manipulated by varying the degree to which the target sentence was consistent 
with the context established by the preamble. 
 
Stimuli 
The stimulus set was developed from a prior dataset of sentences that included cloze 
completion values (Peelle et al., 2020). We filtered the sentences with a cloze 
probability of greater than 0.75 and selected a batch of 200 candidate sentences which 
became our target sentences. To manipulate predictability, we swapped the high cloze 
completion word for a less predictable continuation. We ensured that the less 
predictable word had the same part-of-speech as the highly predictable completion 
(see Table 2.1). We calculated the cloze probabilities for these less predictable words 
using the original Peelle et al. (2020) dataset. Where none of the participants in Peelle et 
al. provided a particular completion, we assigned it a cloze probability of 0. We added 
three “spillover” words to the sentences, after the critical word, in order to account for 
the nature of self-paced reading time effects, which are typically extended over time 
(Jegerski, 2013). 
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To manipulate coherence, we created high and low coherent two-sentence 
context preambles. For each target sentence, we began by creating a highly coherent 
preamble which provided a strong and highly meaningful context in which to process 
the target sentence. We then generated a low coherence preamble for each target 
sentence. The low coherence preambles were designed to be in the same general 
semantic domain as the target sentence to ensure they could be interpreted as part of a 
single discourse and such that the target sentence would either depart from the topic 
established in the preamble or would contain new or contradictory information. The 
high and low coherence versions of the preambles were constructed with a similar 
syntactic structure to ensure the stimuli remained as naturalistic as possible, and to 
avoid a change in processing demands (e.g., processing differences between active vs. 
passive constructions; Olson & Filby, 1972). As such, we had sentences spread across 
four conditions, with an example trial presented in Table 2.1.  

 
Table 2.1. Example sentences across four conditions in Experiments 1 and 2. 

Condition Context 
Sentences 

Target Sentence 

High 
Coherence, 
High 
Predictability 

Crime was a 
problem. 
Residents were 
starting to feel 
unsafe. 

The police arrested the local gang for selling 
drugs on the corner. 

High 
Coherence, 
Low 
Predictability 

The police arrested the local gang for selling 
toys on the corner. 

Low 
Coherence, 
High 
Predictability 

The city was a safe 
place. It had a low 
crime rate and 
high employment. 

The police arrested the local gang for selling 
drugs on the corner. 

Low 
Coherence, 
Low 
Predictability  

The police arrested the local gang for selling 
toys on the corner. 

Note. Critical word in target sentence presented in bold. 
 
Norming 
120 participants rated the coherence of the preambles with the target sentences on a 5-
point Likert scale (1: Not Coherent to 5: Very Coherent). They were presented with each 
preamble plus target as a single paragraph and were advised that coherence refers to 
the degree to which the sentences in the paragraph are meaningfully connected with 
each other and make sense as a whole, and to rate the passages accordingly. Each 
participant only saw one version of each trial (HCHP, HCLP, LCHP or LCLP). Participants 
were recruited from both the University of Edinburgh SONA recruitment platform and 
Amazon Mechanical Turk (AMT). 62 participants were rejected for failing attentional 
checks, thus in total, 58 surveys were analysed. 
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From analysis of the ratings for the 200 normed sentences, the best 160 
sentences were selected whose HC and LC coherence ratings showed the largest 
difference, while controlling for other relevant psycholinguistic properties reported in 
Table 2.2. As such, we had a final set of 160 stimuli, with four versions of each passage 
across our four conditions. Properties of the stimuli in each condition are shown in 
Table 2.2. We ensured that HC and LC preambles were matched for length (number of 
words; t= -1.11, p= 0.27) and that HP and LP critical words were matched for frequency 
(t= 0.98, p= 0.33) and letter bigram frequency (t= 1.03, p= 0.31). However, the length of 
the critical words did differ slightly between the HP and LP conditions (t= -2.29, p= 
0.02). We accounted for this within our pre-registered linear mixed-effects models for 
Experiment 1 by including critical word length as a covariate. For all other analyses, 
critical word length was included in our initial linear mixed-effects model as a fixed 
effect. We derived word frequencies from SUBTLEX-UK (van Heuven et al., 2014) and 
letter bigram frequencies from MCWord (Medler & Binder, 2005). Differences in 
coherence ratings between conditions was assessed using a 2x2 within-items ANOVA. 
As expected, HC trials were rated as more coherent than LC trials (F= 988.08, p= 
1.36*10-131). HP trials were also slightly more coherent than LP trials (F= 18.87, p= 
1.63*10-5), presumably because the presence of a less predictable critical word 
affected raters’ perceptions of the coherence of the whole passage. However, there was 
no significant interaction between factors (F= 3.31, p= 0.07). To ensure that coherence 
differences between HP and LP could not account for the experimental effects, we 
modelled coherence using trial-specific coherence values in our analyses (in 
exploratory analyses for Experiment 1 and pre-registered analyses for Experiments 2 
and 3). 

 
Table 2.2. Average psycholinguistic properties of stimuli for Experiments 1 and 2. 

Property HC/HP HC/LP LC/HP LC/LP 
Coherence 3.83 (0.46) 3.57 (0.60) 2.46 (0.52) 2.36 (0.48)  
Preamble 
Length 

13.54 (2.05) 13.54 (2.05) 13.78 (1.92)  13.78 (1.92) 

Critical Word 
Length 

4.35 (1.16) 4.56 (1.09) 4.35 (1.16) 4.56 (1.09) 

Critical Word 
Zipf Frequency 

4.53 (0.80) 4.45 (0.88) 4.53 (0.80)  4.45 (0.88) 

Critical Word 
Letter Bigram 
Frequency 

1794.57 
(1536.06) 

1639.93 
(1208.17) 

1794.57 
(1536.06) 

1639.93 
(1208.17) 

Cloze Value 86.23 (6.59) 0.24 (1.17) 86.23 (6.59) 0.24 (1.17) 
Note. Standard deviations are shown in parentheses. HC = high coherence; HP = high 
predictability; LC = low coherence; LP = low predictability.  
 
Procedure 
 
The study was coded in jsPsych (de Leeuw, 2015). Four lists, counterbalancing the 
assignment of each sentence to the four conditions, were created, alongside four 
additional lists with the trial order reversed to avoid order effects. Thus, each 
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participant saw one of the four versions of each passage. The 160 trials were split into 
four blocks, with a break between each block, the length of which was controlled by the 
participants. On each trial, the two-sentence preamble was first displayed on-screen in 
full. After reading this, participants pressed the space bar to trigger the target sentence. 
The target sentence was shown one word at a time, with each word centred on the 
screen. Participants moved to the next word in the target sentence by pressing the 
spacebar. Intertrial intervals were marked with a cross shown on-screen for 750ms. 
 

To encourage participants to attend to the materials, yes/no comprehension 
questions were presented immediately after 20% of the target sentences. These were 
spread throughout the experiment and were evenly distributed across conditions. 
Answers were balanced for requiring information from either the preambles or the target 
sentences. Feedback was provided after each question to encourage participants to 
pay more attention if needed. Sentences were presented in black, 24-point Open Sans 
font on a white background. Comprehension question feedback was presented in 
coloured font depending on the outcome (green for correct and red for incorrect).  
 
Analysis 
 
Pre-registered. Prior to data collection, we submitted a pre-registration of our intended 
analyses. We divided each trial into three regions of interest for analysis: 1) preambles 
(two-sentence contexts), 2) pre-critical word (from the beginning of the target sentence 
up to, but not including, the critical word) and 3) critical word plus spillover (see Figure 
2.1). Our main interest was in the processing effects on the critical word. However, in 
self-paced reading paradigms, behavioural effects are typically extended over time 
beyond the critical word itself (Jegerski, 2013). Therefore, it is the third ROI 
(critical+spillover) which is most informative for our hypotheses. However, for 
completeness, we also included a supplementary analysis of reading times for the 
critical word alone, without the spillover region. Our dependent variable was the mean 
reading time of the words within the ROI. Each ROI underwent winsorisation of the raw 
RTs occurring outside the range of 2 SDs from the mean, calculated for each 
participant. We also performed log transformations on RTs for the target sentence ROIs. 

 
Figure 2.1. Example trial separated into ROIs used during analysis. 

We fit linear mixed effects models in R for each ROI using the lme4 package 
(Bates et al., 2014; R Core Team, 2018). We included fixed effects of Coherence, 
Predictability and their interaction, as well as specifying length and Zipfian frequency of 
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the critical word as covariates in ROIs that included the critical word. For our 
categorical predictors, we used sum contrast coding. We also included by-participant 
and by-item random intercepts. For model fitting, we used a maximal approach, 
whereby if the maximal model did not converge, we altered the model in a step-wise 
fashion until convergence (Barr et al., 2013). These steps were, in order, removal of 
random correlations, removal of random slopes for the interaction terms and removal of 
random slopes for the main effects. Summary statistics were computed using lmerTest 
(Kuznetsova et al., 2017), which provides p-values using Satterthwaite's degrees of 
freedom method. 

 
We also pre-registered exclusion criteria, which consisted of excluding a 

participant if their comprehension question accuracy was lower than 80% (n=50). 
Therefore, the final sample consisted of 84 participants. Additionally, we excluded trials 
that prompted an incorrect answer to a comprehension question (n=327).  
 
Exploratory Analyses. After collecting the data and performing the pre-registered 
analyses, we re-analysed the data with an improved model, as described in the Results. 
As these changes were not pre-registered, we label these as exploratory for Experiment 
1. 

 

2.3.2. Results 
 
Pre-registered Analyses 
 
Following our pre-registered analysis plan, we ran four linear mixed effects models, 
each assessing the effects of coherence of the target sentence with the preamble, 
predictability of the critical word and their interaction. Estimated means for each ROI 
are presented in Figure 2.1.  
 
Preambles. Participants had similar reading times for high and less coherent preamble 
contexts (β= -0.001, SE= 0.009, t= -0.14, p= 0.89), as well as for high and less 
predictable critical words (β= 0.004, SE= 0.006, t= 0.66, p= 0.51), with no interaction (β= 
-0.002, SE= 0.006, t= -0.29, p= 0.77). These results confirm that participants took a 
similar time to read the preambles across all conditions.  
 
Pre-critical Word. For the pre-critical ROI, we found that processing was facilitated 
(i.e., faster reading times) when preceded by highly coherent preambles (β= -0.006, SE= 
0.002, t= -3.07, p= 0.002). In contrast, there was no difference in reading times between 
high and low predictable conditions (β= 0.0007, SE= 0.002, t= 0.40, p= 0.69), which was 
expected as this region precedes the critical word. Further, no interaction effect was 
observed (β= -0.002, SE= 0.002, t= -1.10, p= 0.27).  
 
Critical Word and Spillover. At the critical word and spillover region, our main ROI, 
there was no processing advantage for critical words preceded by high coherent 
conditions, compared to less coherent (β= -0.004, SE= 0.002, t= -1.56, p= 0.12), nor for 
high predictable critical words compared to less predictable (β= -0.005, SE= 0.003, t= -
1.62, p= 0.11). Further, we found no interaction effect (β= 0.001, SE= 0.002, t= 0.54, p= 
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0.59). We did find marginal effects of critical word length (β= 0.007, SE= 0.004, t= 1.94, 
p= 0.05) and word frequency (β= -0.006, SE= 0.003, t= -1.80, p= 0.07).  
 

 
Figure 2.2. Experiment 1 pre-registered analysis results; error bars indicate the 95% 
confidence intervals. 

 
Critical Word. At the critical word, there was no processing advantage for words 
presented with high coherent preambles, compared to less coherent preambles (β= -
0.003, SE= 0.002, t= -1.47, p= 0.14). There was no effect of predictability (β= -0.005, SE= 
0.003, t= -1.61, p= 0.11), nor was there an interaction (β= 0.002, SE= 0.003, t= 0.65, p= 
0.52). We did find marginal effects of word length (β= 0.007, SE= 0.004, t= 1.81, p= 0.07), 
and frequency (β= -0.007, SE= 0.003, t= -1.96, p= 0.05). 
 

In sum, for our pre-registered analyses for Experiment 1, we found that 
coherence facilitated processing at the pre-critical ROI, such that faster reading times 
were observed for high coherent trials compared to less coherent trials. However, this 
effect did not extend into our main ROI, the critical word and spillover region.  
 
Exploratory Analyses 
 
After completing our pre-registered analyses, we made a number of changes to our 
analysis pipeline to (a) improve our data exclusion criteria, (b) include more rigorous 
data pre-processing steps (e.g., residual reading times) and (c) treat coherence as a 
continuous variable. The modified analysis protocol used here was then pre-registered 
for Experiments 2 and 3.   
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Upon inspection of the data, we found that a small number of participants had 
very short, long or variable reading times for the preambles, suggesting that they were 
not paying sufficient attention to them. Hence, we added an additional exclusion 
criterion associated with preamble RTs. If mean RTs for the preambles was either less 
than 2s or more than 15s (n=11), or if the standard deviation of a participant’s preamble 
RTs was more than 15s (n=6), we excluded that participant from the analyses. Finally, 
we removed all trials whose comprehension questions had a low mean accuracy across 
all participants (less than 70%), indicating that there was a general difficulty in 
understanding the sentence (n=7). 

 
To account for effects of word length and individual differences in reading 

speeds, we fit an initial linear model on the log RTs from all words and ROIs, with a fixed 
effect of word length and random intercepts by participant. We then used the residuals 
from this linear model as the dependent variable in our main analysis models 
(Enochson & Culbertson, 2015; Ferreira & Clifton, 1986). The use of residual reading 
times to account for differences in word length and differences in individual 
participant’s reading speeds has become widely accepted for self-paced reading 
paradigms (Lorch & Myers, 1990; Trueswell et al., 1994). For ROIs that consisted of more 
than one word, we took the average residual log RT per trial. 

 
Further, we transformed our variable of interest, Coherence, from a two-level 

factor to a continuous predictor. We took the coherence ratings acquired during the 
prior norming experiment and scaled these. This gave a finer-grained representation of 
coherence, rather than binning it into two arbitrary groups. It also allowed us to fully 
disaggregate the effect of predictability from that of coherence (as HP trials had slightly 
higher coherence values than LP trials).  

 
Finally, we conducted additional analyses including possible confounds as fixed 

effects. First, we included experiment half (first vs. second) and its interactions with 
predictability and coherence, to investigate whether participants’ behaviour changed 
during the course of the experiment. Second, we included a binary fixed effect coding 
whether or not the critical word was also present in the preamble for a trial. Word 
repetition occurred for only a handful of the 800 variations of our stimuli; however 
previous research has demonstrated robust repetition priming effects on RTs (K. Forster 
I. & Davis, 1984). The inclusion of these additional covariates had no effect on the main 
results of any model; thus, we report the results of the models without the additional 
factors below.  
 
Preambles. Estimated means for the new analyses are shown in Figure 2.2. For the 
preambles ROI, as expected, we found no advantage in reading times for highly 
coherent preambles (β= 0.002, SE= 0.01, t= 0.22, p= 0.82) or for trials with highly 
predictable critical words (β= 0.003, SE= 0.005, t= 0.60, p= 0.55), nor an interaction 
between the two (β= 0.006, SE= 0.009, t= 0.64, p= 0.52).  
 
Pre-critical Word. For the pre-critical ROI, participants read more coherent trials 
significantly faster than less coherent trials (β= -0.009, SE= 0.003, t= -2.98, p= 0.003). As 
expected, there was no advantage for trials with highly predictable critical words (β= 
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0.001, SE= 0.001, t= 0.86, p= 0.39) and no interaction between coherence and 
predictability (β= -0.0002, SE= 0.003, t= -0.07, p= 0.94).   
 
Critical Word and Spillover. For this ROI, we found that participants’ reading times 
were affected by coherence, such that more coherent preambles facilitated language 
processing (β= -0.01, SE= 0.004, t= -2.47, p= 0.01). However, we found no difference in 
reading times between high and less predictable critical words (β= -0.003, SE= 0.002, t= 
-1.41, p= 0.16), nor was there an interaction between the two (β= 0.005, SE= 0.004, t= 
1.29, p= 0.20). Further, there was no effect of critical word frequency on reading times 
(β= 0.0001, SE= 0.003, t= 0.03, p= 0.97). 
 

 

 
Figure 2.3. Experiment 1 exploratory analysis results; shaded areas depict the standard 
error.  

 
Critical Word. When considering the critical word only, we found that critical words 
preceded by more coherent preamble contexts had a processing advantage (β= -0.009, 
SE= 0.004, t= -2.22, p= 0.03). However, there was no facilitation of highly predictable 
critical words (β= -0.004, SE= 0.003, t= -1.55, p= 0.12). Reading times were not affected 
by the Zipfian frequency of the critical word (β= -0.003, SE= 0.003, t= -0.86, p= 0.39), nor 
by an interaction between coherence and predictability (β= 0.006, SE= 0.005, t= 1.24, p= 
0.22).     
 

2.3.3. Discussion 
 
Experiment 1 found that people were faster to read target sentences when they 
occurred after a highly coherent context. This effect emerged at the pre-critical ROI, 
which is where the lack of coherence between the preambles and target sentence 
would begin to become apparent, and (in our improved analysis pipeline) extended into 
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the critical word and spillover ROI. Thus, it appears that contextual support from the 
global discourse impacted reading times to a greater degree than contextual support 
from the local sentence in this experiment.  
 

The absence of a significant predictability effect at the critical word and spillover 
ROI is also notable. We identify three possible reasons as to why this effect was weaker 
than expected. First, with the addition of a global context, it is possible that information 
from this takes precedence over information from the local (sentence) context, as 
suggested by some previous studies (Hess et al., 1995; Ledoux et al., 2006). Thus, local 
predictability may have little influence in this situation. An alternative explanation is 
that the wider experimental context discourages predictive processing due to the 
frequent occurrence of unexpected stimuli: 75% of trials in the experiment contained at 
least one kind of expectation violation (either a lack of coherence between preamble 
and target sentence, the presence of a less predicted critical word, or both). This 
conclusion would be consistent with Brothers et al.’s (2017) proposal that participants 
reduce their use of predictive processing when in an experimental environment in which 
expectations are frequently disconfirmed. Finally, because we used low predictable 
target words that were nevertheless semantically plausible for their preceding context, 
the predictability effect may be small and thus we may have been unable to detect it. 

 
We found no hint of an interaction effect between coherence and predictability. 

This could indicate that local expectations are not influenced by the presence of 
discourse-level incoherence, which would suggest a more automatic mechanism for 
predictive processing. However, it is difficult to conclude this without observing a 
reliable main effect of predictability. Thus, we designed Experiments 2 and 3 to test 
whether an interaction effect would be present in conditions that promoted larger 
effects of predictability. In Experiment 2, we altered the ratio of high and less coherent 
contexts across the experiment to a 75:25 split, in order to reduce the overall frequency 
with which expectations were violated and address this potential explanation for the 
absence of the predictability effect. In Experiment 3, we replaced the low predictability 
critical words (which, though not predicted, were semantically plausible) with 
anomalous words that violated the semantic expectations provided by the target 
sentence. This was intended to induce the strongest possible predictability effect, 
thereby addressing another possible explanation for its absence.  

 

2.4. Experiment 2 
 
The purpose of Experiment 2 was to address the possibility that the lack of predictability 
effects in Experiment 1 was due to the even ratio of more and less coherent contexts. It 
is possible the high prevalence of incoherent narratives led participants to disengage 
from predictive processing during the experiment as a whole (Brothers et al., 2017). 
Incoherent passages are relatively infrequent in natural language contexts, with 
interlocutors typically maximising the amount of coherence in their message (Black, 
1988; Grice, 1975, 1989). Thus, to determine whether the same results would be found 
under conditions where topic shifts occurred less frequently, we reduced the frequency 
of less coherent passages from 50% to 25% of trials. 
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2.4.1. Methods 
 
Participants 
 
Participants were recruited through the Testable Minds online participant pool. We 
required that the participants were based in the UK, had an approval rating greater than 
90%, were native speakers of English and had a maximum age of 40. They were 
reimbursed $5.60 for their time. In total, we collected data from 134 participants (mean 
age: 28, range: 18-40, SD = 6.09). 26 participants were excluded for failing to meet our 
pre-registered performance criteria (see below), leaving 108 participants in the final 
analysis. 
 
Stimuli 
 
The stimuli used in Experiment 2 were identical to Experiment 1; however, we altered 
the ratio of trials with more and less coherent preambles in order to reduce the amount 
of topic shifts that occurred across the experiment as a whole. This ratio was changed 
to 75:25 for more and less coherent contexts. To do so, we took the experimental lists 
from Experiment 1 and replaced half of the LC trials with their equivalent HC 
preambles. We ensured that each block (every 40 trials) had the same ratio of HC and 
LC trials (15 for each HC and 5 for each LC, respectively). We also ensured that each 
trial appeared in all four conditions across the experimental lists.  
 
Procedure 
 
The procedural steps for Experiment 2 were identical to Experiment 1, except for one 
change to the presentation of the preambles. We ensured that preambles appeared on-
screen for a minimum of two seconds before advancing to the target sentence, 
irrespective of how quickly participants responded (unlike in Experiment 1 where 
participants could advance in less than 2s). This was to encourage participants to 
process the preambles more fully. Because of this, we did not log transform RTs for this 
ROI (unlike the exploratory analyses in Experiment 1).   
 
Analysis 
 
As with Experiment 1, we pre-registered our analyses prior to data collection 
(https://osf.io/zu76h/?view_only=20e5c5e18323495a940e237fd8496386). Our pre-
registered analyses for Experiment 2 used the analysis approach from our exploratory 
analyses of Experiment 1 (except for log-transforming RTs in the preambles ROI). In 
terms of exclusion criteria, participants were excluded if their comprehension accuracy 
was lower than 80% (n=21), and if the SDs of their preamble RTs was more than 15s 
(n=5). Trials with incorrect answers to the comprehension questions were also removed 
(n=440).  
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2.4.2. Results 
Pre-registered Analyses 
 
Preambles. For the preambles (see Figure 2.3), we found no differences in reading 
times for more and less coherent conditions (β= -29.65, SE= 54.70, t= -0.54, p= 0.59), no 
differences in reading times between high and less predictable conditions (β= -36.02, 
SE= 37.35, t= -0.96, p= 0.34), nor any interaction (β=-30.40, SE= 51.89, t= -0.59, p= 
0.56). 
 
Pre-critical Word. At the pre-critical word region, we found a marginal effect of 
coherence, such that there was a suggestion that participants may have read more 
coherent conditions faster than less coherent conditions (β= -0.005, SE= 0.003, t= -1.74, 
p= 0.08). As expected, we found no impact of predictability on reading times (β= -0.001, 
SE= 0.002, t= -0.73, p= 0.46), nor an interaction between the two (β=-0.001, SE= 0.003, 
t= -0.42, p= 0.68).  
 
Critical Word and Spillover. At our main ROI, we found no influence of coherence (β= -
0.01, SE= 0.01, t= -1.46, p= 0.15), predictability (β= -0.001, SE= 0.004, t= 0.25, p= 0.80), 
or their interaction (β= -0.005, SE= 0.009, t= -0.56, p= 0.58). Further, there was no effect 
of critical word frequency (β= 0.003, SE= 0.004, t= 0.79, p= 0.43). 
 

 
Figure 2.4. Experiment 2 pre-registered results; shaded areas denotes standard error. 

Critical Word. At the critical word alone, we found no differences in reading times 
between more and less coherent conditions (β= -0.01, SE= 0.009, t= -1.38, p= 0.17), high 
and less predictable conditions (β= -0.001, SE= 0.003, t= -0.42, p= 0.67), nor their 
interaction (β= -0.002, SE= 0.008, t= -0.24, p= 0.81). Further, there were no differences 
in reading times for high and less frequent critical words (β= -0.001, SE= 0.004, t= -0.32, 
p= 0.75).  
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Combined Experiment 1 and 2  
 
In order to directly compare the effects from Experiments 1 and 2, we combined the 
datasets and ran additional linear mixed-effects models, including fixed effects of 
experiment and its interactions with coherence and predictability. 
 
Preambles. For the preambles region, there was no effect of experiment or an 
interaction between experiment and the other predictors (all p > 0.05). 
 
Pre-critical Word. For this ROI, we found no effect of experiment and there was no 
interaction with the other predictors (all p > 0.05).  
 
Critical Word and Spillover. At our main ROI, we found a marginal effect of coherence 
(β= -0.009, SE= 0.005, t= -1.78, p= 0.08). There was no effect of predictability (β= -0.002, 
SE= 0.002, t= -1.16, p= 0.25), no interaction (β= 0.0006, SE= 0.003, t= 0.21, p= 0.84), and 
no effect of critical word frequency (β= -0.001, SE= 0.002, t= -0.46, p= 0.65). Further, 
there was no effect of experiment or an interaction between experiment and the other 
predictors (all p > 0.05). 
 
Critical Word. At this region, we found marginal effects of coherence (β= -0.009, SE= 
0.005, t= -1.86, p= 0.07), predictability (β= -0.003, SE= 0.002, t= -1.72, p= 0.09) and log 
frequency (β= -0.004, SE= 0.002, t= -1.79, p= 0.07). We found no difference in reading 
times for the interaction of coherence and predictability, no effect of experiment nor any 
interactions of experiment with the other predictors (all p > 0.05).  
 

2.4.3. Discussion 
 
Experiment 2 attempted to test whether the predictability effect (and as an extension, 
its interaction with coherence) would occur in a more naturalistic experimental 
environment, where incoherent passages occurred less frequently. However, we found 
that even after adjustments to the experimental environment to promote predictive 
processing, still no predictability effect was found. Further, there was no interaction 
effect with coherence, replicating our findings from Experiment 1. Effects of coherence 
at the target sentence (emerging at the pre-critical ROI) did not reach statistical 
significance in this experiment, though they were of a similar magnitude to those 
observed in Experiment 1 and a combined analysis indicated that the size of the 
coherence effects did not differ significantly between experiments. We suggest that the 
lack of a significant coherence effect here may be due to reduced power as less 
coherent passages were sampled less frequently. For Experiment 3, we returned to an 
even ratio of high and low coherence trials and investigated the effect of including 
semantically anomalous (as well as unpredictable) critical words.  
 

2.5. Experiment 3 
 
Experiment 3 was conducted in order to address the absence of a predictability effect in 
Experiments 1 and 2. It is possible that an effect of predictability did not appear due to 
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the nature of our critical words. The less predictable conditions in Experiment 1 and 2 
were created using a critical word with a lower predictability and plausibility than the 
target critical word (using the data from Peelle et al., 2020), but was not impossible. 
They therefore represented a violation of expectations at the lexical level but not the 
semantic level. It is possible that this manipulation was not strong enough to generate a 
reliable predictability effect, due to the high degree of semantic feature overlap 
between the less predictable (but semantically plausible) continuation and the 
expected continuation (Federmeier & Kutas, 1999). As such, in Experiment 3 we 
replaced less predictable critical words with semantically anomalous words, which 
disconfirmed expectations at both the lexical and semantic levels. Thus, we expected 
this manipulation to produce more reliable effects of predictability, increasing our 
sensitivity to detect an interaction of this effect with coherence.  
 

2.5.1. Methods 
 
Participants 
 
Participants were recruited through the online platform, Prolific. We filtered the 
participant pool using the following eligibility criteria: 1) native speakers of English, 2) 
currently located within the UK, 3) a maximum age of 40, and 4) a minimum approval 
rating of 90%. Participants were reimbursed with £5.63 for their time. In total, we 
collected data from 126 participants (mean age: 28, range: 18-40, SD: 5.75). Our final 
sample size consisted of 97 participants (n=4 removed for a SD of their preambles RTs 
larger than 15s; n=25 removed for having a comprehension accuracy lower than 80%). 
 
Stimuli 
 
We created two new conditions for each trial that included an anomalous critical word. 
We replaced the less predictable stimuli with these anomalous stimuli. An example trial 
with all four conditions can be found in Table 2.3.  
 

Table 2.3. Example sentences across the four conditions in Experiment 3. 

Condition Context 
Sentences 

Target Sentence 

High 
Coherence, 
High 
Predictability 

Crime was a 
problem. 
Residents were 
starting to feel 
unsafe. 

The police arrested the local gang for selling 
drugs on the corner. 

High 
Coherence, 
Anomalous 

The police arrested the local gang for selling 
words on the corner. 

Low 
Coherence, 
High 
Predictability 

The city was a safe 
place. It had a low 
crime rate and 
high employment. 

The police arrested the local gang for selling 
drugs on the corner. 
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Low 
Coherence, 
Anomalous 

The police arrested the local gang for selling 
words on the corner. 

 
We ensured that the anomalous critical words had the same part-of-speech as 

the high and low predictable critical words, ensuring that the violation would be purely 
lexico-semantic. Moreover, we matched the anomalous critical words on length (t= 0, 
p= 1), Zipfian frequency (t= 0.29, p= 0.77) and letter bigram frequency (t= -1.88, p= 0.06) 
with the highly predictable critical words (see Table 2.4). All of the anomalous critical 
words had a cloze value of 0 within the local context of the target sentence (t= -165.04, 
p<0.001). We used the same high and low coherent preambles as Experiments 1 and 2, 
therefore the matching on preamble length was the same (t= 1.11, p= 0.27).  

 
We did not obtain new coherence ratings for passages containing anomalous 

words as we assumed that the presence of a strong semantic violation in the target 
sentence would lead raters to give a low coherence rating to all of these stimuli, 
irrespective of how coherent the discourse was prior to the violation. This would be 
problematic as we were interested in how the coherence of the discourse leading up to 
the critical word influences its processing. Instead, we took the coherence ratings from 
HC/HP and LC/HP versions of the stimuli and used these as the coherence values in the 
HC/Anom and LC/Anom conditions. This means that HC/HP and HC/Anom have the 
same coherence values in our analyses, reflecting the fact that these conditions are 
identical up to the critical word (and the same for LC/HP and LC/Anom). As in 
Experiments 1 and 2, coherence differed significantly between HC and LC stimuli (F= 
1238.19, p= 2.19x10-151).   

 
Table 2.4. Average psycholinguistic properties of conditions in Experiment 3. 

Property HC/HP HC/Anom LC/HP LC/Anom 
Coherence 3.83 (0.46) 3.83 (0.46) 2.46 (0.52) 2.46 (0.52)  
Preamble 
Length 

13.54 (2.05) 13.54 (2.05) 13.78 (1.92)  13.78 (1.92) 

Critical Word 
Length 

4.35 (1.16) 4.35 (0.90) 4.35 (1.16) 4.35 (0.90) 

Critical Word 
Zipf Frequency 

4.53 (0.80) 4.56 (0.68) 4.53 (0.80)  4.56 (0.68) 

Critical Word 
Letter Bigram 
Frequency 

1794.57 
(1536.06) 

1504.95 
(1087.85) 

1794.57 
(1536.06) 

1504.95 
(1087.85) 

Cloze Value 86.23 (6.59) 0.00 (0.00) 86.23 (6.59) 0.00 (0.00) 
Note. Standard deviations are shown in parentheses. HC = high coherence; HP = high 
predictability; LC = low coherence; Anom = anomalous predictability.  
 
Procedure  
 
The procedural steps for Experiment 3 were identical to Experiment 2, except that we 
returned to presenting each participant with an equal number of HC and LC trials. 
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Analysis 
 
Similar to Experiments 1 and 2, we pre-registered our analyses prior to data collection 
(https://osf.io/cqr7a/?view_only=de8f630c89d54c11972017ad994f9c76). All of our 
analytical steps and exclusion criteria are identical to Experiment 2. 
 

2.5.2. Results 
 
Pre-registered Analyses 
 
Preambles. Model estimates of reading times are presented in Figure 2.4. For the 
preambles, as expected, we found no differences in reading times for the effect of 
coherence (β= -36.05, SE= 72.97, t= -0.49, p= 0.62), no differences in reading times for 
high and anomalous predictable conditions (β= 46.10, SE= 36.74, t= 1.26, p= 0.21), nor 
any interaction (β= -82.74, SE= 57.97, t= -1.43, p= 0.15). 
 
Pre-critical Word. At the pre-critical word region, we found no effect of coherence (β= -
0.00003, SE= 0.003, t= -0.01, p= 0.99), no differences between high and anomalous 
predictable conditions (β= -0.001, SE= 0.002, t= -0.82, p= 0.41), nor any evidence of an 
interaction (β= 0.004, SE= 0.003, t= 1.33, p= 0.18).  
 
Critical Word and Spillover. At our main ROI, we found a significant effect of 
predictability, such that participants read the critical word and spillover region faster for 
highly predictable critical words than for anomalous critical words (β= 0.005, SE= 0.002, 
t= 2.25, p= 0.02). We also found a significant interaction between coherence and 
predictability (β= 0.009, SE= 0.004, t= 2.13, p= 0.04), such that the facilitation for highly 
predictable words was greater on more coherent trials, than for anomalous words. In 
post-hoc analyses, we ran separate linear mixed-effects models for the high coherence 
and low coherence trials. A predictability effect was present for the more coherent trials 
(β= 0.007, SE= 0.003, t= 2.18, p= 0.03), but not for the less coherent trials (β= 0.004, SE= 
0.003, t= 1.26, p= 0.20). Finally, we found no main effect of coherence (β= 0.003, SE= 
0.004, t= 0.60, p= 0.55), nor an effect of frequency (β= -0.004, SE= 0.003, t= -1.39, p= 
0.16).  
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Figure 2.5. Experiment 3 pre-registered results; shaded areas indicate the standard 
error. 
 
Critical Word. Analyses of the critical word alone produced similar results to those that 
included the spillover region. There were significant reading time differences between 
the highly predictable and anomalous conditions (β= 0.005, SE= 0.002, t= 2.10, p= 
0.04). Further, the interaction of coherence and predictability was marginally significant 
(β= 0.008, SE= 0.004, t= 1.91, p= 0.06), as was the impact of critical word frequency (β= 
-0.005, SE= 0.003, t= -1.77, p= 0.08). No differences in reading times were found for the 
high and low coherent conditions (β= 0.003, SE= 0.004, t= 0.59, p= 0.56). 
 
Combined Experiment 1 and 3 
 
To compare the results from Experiments 1 and 3, we also ran further analyses on a 
combined dataset from these experiments. Analyses included fixed effects of 
experiment and its interactions with coherence and predictability. 
 



 

 
 

40 

 
Figure 2.6. Results for pre-critical word and critical word and spillover regions for 
Experiment 1 (top) and Experiment 3 (bottom); shaded areas denote standard error. 

Preambles. At this ROI, we found a significant interaction of predictability and 
experiment (β= 0.006, SE= 0.003, t= 2.06, p= 0.04) (see Figure 7.1 in Appendix). This is 
likely to be a false positive as the low and high predictability trials had the same 
preambles across both experiments. No other results reached significance, including 
the test of experiment and its interactions (all p > 0.05).  
 
Pre-critical.  For the pre-critical region, less coherent trials were read more slowly (β= -
0.004, SE= 0.002, t= -2.07, p= 0.04), and this effect interacted with experiment (β= -
0.004, SE= 0.002, t= -2.15, p= 0.03), such that the coherence effect was larger in 
Experiment 1 (as shown in Figure 2.5). This is likely due to the fact that a coherence 
effect was observable in Experiment 1, and not in Experiment 3. There were no other 
main effects or interactions (all p > 0.05). 
 
Critical Word and Spillover. For our main ROI, we found that anomalous/less 
predictable words were read slower (β= -0.005, SE= 0.002, t= -2.76, p= 0.006) than 
highly predictable words and critical words with higher frequency were read faster (β= -
0.004, SE= 0.002, t= -2.02, p= 0.04). Moreover, there was an interaction between 
coherence and experiment (β= -0.007, SE= 0.003, t= -2.25, p= 0.02). Coherence had a 
larger overall impact on reading times in Experiment 1 than in Experiment 3, as an 
overall coherence effect was not observed in Experiment 3. Importantly, a three-way 
interaction emerged between coherence, predictability and experiment (β= 0.007, SE= 
0.003, t= 2.53, p= 0.01). This indicates that the pattern observed in Experiment 3, 
whereby the predictability of the critical word influenced processing only in more 
coherent passages, differed significantly from that of Experiment 1 (see Figure 2.5 for 
illustration). There were no other main effects or interactions (all p > 0.05). 
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Critical Word. At the critical word alone, we found that anomalous/less predictable 
words were read more slowly than highly predictable words (β= -0.005, SE= 0.002, t= -
2.93, p= 0.004), as well as that critical words with higher log frequency were read faster 
than those with lower log frequency (β= -0.007, SE= 0.002, t= -3.16, p= 0.001). Further, a 
three-way interaction between coherence, predictability and experiment emerged (β= 
0.006, SE= 0.003, t= 2.13, p= 0.03), and a marginal interaction between coherence and 
experiment was present (β= -0.005, SE= 0.003, t= -1.81, p= 0.07). We found no other 
main effects or interactions (all p > 0.05). 
 

2.5.3. Discussion 
 
In Experiment 3, we replaced the less predictable critical words with semantically 
anomalous words that violated readers’ expectations at the semantic as well as the 
lexical level. We expected to observe larger effects associated with the critical word, 
and we did: there was a main effect of predictability, whereby people were slower to 
read anomalous critical words, compared with highly predictable critical words. 
However, the size of this effect varied according to discourse coherence, with 
anomalous critical words slowing processing only when preceded by more coherent 
contexts. In other words, the more coherent global context facilitated the processing of 
highly predictable critical words but impaired the processing of anomalous critical 
words. We interpret these results as evidence of variation in the engagement of 
predictive processes. Reading of highly predictable critical words was facilitated when 
these were preceded by a highly coherent context, suggesting that these conditions 
encouraged reliance on expectations. At the same time, reading of anomalous words 
was slower in highly coherent contexts, consistent with the need to overcome the effect 
of strong but incorrect expectations. Thus, these results suggest that the degree to 
which predictive processing is engaged depends on the surrounding context. It is 
possible that comprehenders downregulate predictive processing when the global 
context is not informative, thus reducing the effects at the level of the local sentence. 
 

Another interpretation of the interaction effect is that it relates to variations in 
how long readers spend verifying that a word is anomalous. Specifically, it is possible 
that more time is taken to confirm whether a word is semantically anomalous when it is 
embedded in a more coherent discourse, as the passage made sense until that point. In 
other words, the anomaly may be more surprising on high coherence trials. It is difficult 
to disentangle this possibility from a predictive processing account, as both are rooted 
in readers’ expectations about the critical word. In addition, an explanation based solely 
on anomaly processing does not provide an explanation for facilitation of predictable 
words, which we also observed. 

 

2.6. General Discussion 
 
The current study addressed how discourse coherence influences predictive processing 
during language comprehension. We were particularly interested in how the validity of 
the global discourse context affected comprehenders’ use of local sentence 
constraints. To this end, we conducted three online, self-paced reading experiments 
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using three-sentence discourses. Our stimuli were manipulated on both the 
predictability of the critical word given its local sentence, and the coherence of the 
target sentence, given the preceding preamble. Results from Experiment 1 suggested 
that global discourse had an influence on processing, with a coherence effect emerging 
at the pre-critical ROI and extending into the critical word and spillover ROI. This 
suggests that information from the global discourse context is used to facilitate 
comprehension. However, in Experiment 1, while discourse coherence benefited 
processing, no local predictability effects were observed. In our second experiment, we 
used a lower proportion of less coherent trials but found similar results to Experiment 1. 
Experiment 3 used anomalous critical words that more strongly violated 
comprehenders’ expectations. Here, an effect of predictability did emerge, with 
facilitation for highly predictable words compared to anomalous words. Importantly, 
however, this effect was only observed when the target sentence was embedded in a 
highly coherent passage, with no predictability advantage present for less coherent 
discourse. These results indicate, first, that relatively subtle manipulations of discourse 
coherence influence the speed of comprehension and second, that a reduction in the 
coherence of a discourse appears to reduce the effects of local sentence constraints. 
This latter effect is in line with the proposal that comprehenders use a range of 
environmental cues to regulate their use of predictive processing. We will discuss each 
of these effects in turn. 
 

2.6.1. Influence of Coherence  
 
In our first two experiments, the impact of coherence on how comprehenders process 
upcoming material was clear. Trials preceded by more coherent preamble contexts 
were read faster than those preceded by less coherent contexts. In Experiment 1, this 
coherence effect emerged at the pre-critical region and extended into the critical word 
and spillover region. The emergence of the coherence effect at the pre-critical region 
indicates the rapid influence of cues from global context on reading times. The pre-
critical ROI is the first region where the lack of coherence between the preamble 
context and the target sentence could be detected. While the coherence effect in 
Experiment 2 did not reach statistical significance, possibly due to the lower sampling 
of less coherent contexts, the numerical effect was of a similar magnitude as in 
Experiment 1. These results hint at the privileged position information from the global 
context plays in reading comprehension. Our results are consistent with previous 
findings that the presence of a highly coherent discourse context facilitates 
comprehension, while deviation from the existing discourse model results in a 
slowdown (Albrecht & O’Brien, 1993; Hess et al., 1995; Myers & O’Brien, 1998; O’Brien 
& Albrecht, 1992; Schwanenflugel & White, 1991; Stewart et al., 2009). 
 

We theorise that comprehenders initially build a discourse model of the events 
portrayed in the preamble contexts, then when faced with a target sentence that is not 
coherent with this established mental model, processing difficulties emerge. The 
mismatch between the established mental model and the incoming incoherent 
information can be established early into the target sentence and, indeed, we found 
that the coherence effect emerges at the pre-critical region. These processing 
difficulties appear to be sustained in time, such that they impact the processing of later 
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words within the target sentence. This suggests that the comprehender experiences 
continued difficulties in integrating the incoming information into their established 
mental model of the discourse. The prolonged slowing in reading times could be 
indicative of extended and perhaps repeated attempts to re-update the mental model 
as new information becomes available (Albrecht & O’Brien, 1993; Van Petten & Luka, 
2012). One interesting line of future research would be to have a finer-grained measure 
of when, and for how long, the coherence effect impacts processing. One way in which 
this could be achieved would be to track the emergence of coherence effects at the 
single word level, using either RTs or ERP measures, to determine when disruptions to 
coherence become apparent to comprehenders. Predictions from NLP models (Frank et 
al., 2013; Szewczyk & Federmeier, 2022) could inform this effort by providing 
information on how breaks in coherence influence the surprisal associated with words 
in the target sentence. An alternative line of inquiry could also track participant’s 
behaviour over the experiment to explore whether they become aware of the high 
uncertainty of coherence and adjust their processing strategies accordingly.   

 
Surprisingly, in our third experiment, we did not find an effect of coherence. This 

was unexpected as the stimuli were the same as those presented in Experiment 1 up 
until the anomalous critical word. As such, we would have expected a similar 
coherence effect to emerge at the pre-critical ROI across all experiments. The fact that 
this is absent in Experiment 3 suggests that a difference in the experimental 
environments (between Experiments 1 and 3) may have induced changes in processing 
strategy. In Experiment 1, unpredictable critical words were less plausible than the high 
predictable critical words but not impossible, so they could be accommodated by 
updating the discourse model. In contrast, Experiment 3 used semantically anomalous 
critical words that were entirely incompatible with any meaningful interpretation of the 
discourse. It is possible that participants became aware that on many trials they would 
encounter an anomalous critical word, and their discourse model would fail. This could 
have led participants to delay integration of the target sentence with the preambles until 
later in the sentence to avoid wasted effort. Our current findings are not able to 
concretely conclude this, so further study on this is warranted. 

 

2.6.2. The Role of Predictability 
 
The first two experiments failed to observe a main effect of predictability. In these 
experiments, we created our less predictable critical word condition by swapping the 
highly predictable critical word with a lower cloze continuation of a matching syntactic 
role so that it still remained plausible. Thus, while the specific lexical form of our less 
predictable critical words was not expected, they were still compatible with 
expectations at the syntactic and semantic levels and may have been facilitated to 
some extent (Amsel et al., 2015; Federmeier & Kutas, 1999; Metusalem et al., 2012; 
Wlotko & Federmeier, 2012). To address this, we used semantically anomalous critical 
words in Experiment 3 (replacing the less predictable condition). Here, we found that 
when coherence was high, comprehenders were faster to read the highly predictable 
continuations than the anomalous targets. This was as expected: all of the target 
sentences allowed comprehenders to generate a strong expectation about the critical 
word, and processing of this word was then facilitated when it appeared. However, if a 
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semantically anomalous word was observed instead, processing became more difficult 
as the prior expectation was unhelpful (and disconfirmed). Critically, however, this 
predictability effect did not occur when the target sentence appeared in a less coherent 
discourse. On these trials, the contents of the target sentence were the same, and 
therefore in principle, would still lead to an expectation that favours the highly 
predictable continuation. However, no such facilitation was observed. In addition, 
reading of anomalous words was faster when they appeared in less coherent passages, 
suggesting that no prediction was disconfirmed when coherence was low. Thus, it 
appears that when the preamble contexts were less coherent, local sentential 
constraints no longer affected processing to the same degree as for more coherent 
contexts.  
 

These results add to the evidence that expectations about upcoming language 
material are recruited flexibly and are influenced by a range of contextual cues beyond 
the immediate sentence (Brothers et al., 2020; Huettig, 2015). For example, previous 
studies have shown that the degree of facilitation for predictable words depends on the 
comprehender’s knowledge of the speaker and the frequency with which predictions 
are violated in the experiment (Brothers et al., 2017, 2019). Thus, when people have 
reason to believe that their predictions will not be valid, they appear to pre-activate 
predictable words less. The present results indicate that the coherence of the current 
discourse is another cue that comprehenders use to regulate their use of predictive 
processing. On less coherent trials, we propose that as participants processed the 
target sentence, they became aware that the mental model established during the 
preamble was no longer valid. The introduction of new information that was 
incompatible with the existing mental model may have acted as a signal that 
expectations were likely to be unreliable. Thus, the language system disengaged 
attempts to use expectations to facilitate processing. This would explain the absence of 
an advantage for highly predictable continuations over semantically anomalous words. 

 
Importantly, our effects occurred even though the target sentence itself was still 

highly constraining towards a particular completion. The uncertainty regarding the state 
of the global discourse seemed to prevent these constraints from being used to aid 
processing. We also highlight that coherence itself was not a reliable cue that the target 
sentence would contain a violation, since violations were equally common in high and 
low coherence trials. As such, we do not think these effects reflect a specific strategy 
used in our experiment. Instead, the downregulation of predictive processing appears to 
be a natural response to detecting that the discourse is in a state of uncertainty.  

 
Our results are in opposition to those found by Camblin et al. (2007), whereby 

facilitation from local within-sentence associations were largest when preceded by 
extremely incoherent contexts. In that study, the incoherent contexts consisted of 
sentences scrambled between different trials, so they were completely uninformative 
and no discourse model could be constructed. We suggest that the difference between 
the current study and Camblin et al. (2007) is that when the global context is completely 
uninformative, comprehenders disregard it and rely entirely on information at the local 
level. In the current study, however, the more subtle manipulation of coherence may 
have led comprehenders to attempt to form a coherent representation of the passages. 
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In this situation, we suggest that disruption to coherence acts as a signal that local 
constraints are less likely to be reliable. 

 

2.6.3. Limitations and Future Work 
 
The current study has some limitations. One potential limitation is the use of relatively 
subtle disruptions to global discourse coherence. This means that our findings are 
unable to definitively answer how information from the local context is recruited when 
the global context is completely uninformative. However, our stimuli were designed to 
contain coherence breaks that are representative of how coherence can be disrupted in 
natural speech, rather than using artificially meaningless contexts. It could be 
interesting to investigate how our results compare with less natural disruptions to 
coherence in future. But it would be important that these types of trials only occur rarely 
in the study, as there is already evidence that comprehenders are sensitive to the 
statistical structure of the experiment (Brothers et al., 2017). It is possible that frequent 
strong coherence violations may lead to a total disengagement in predictive processing.  
 

Another possible suggestion for future work could look at the mechanism behind 
the processing differences observed for highly predictable critical words, compared to 
semantically anomalous continuations. One option could be that facilitation occurs for 
highly predictable words because a correct expectation has been confirmed. However, 
it is also possible that this processing difference is due to a slowdown in the anomalous 
condition as expectations have been violated (Van Petten & Luka, 2012). In order to 
adjudicate between these two possibilities, a neutral condition that contains a low 
cloze, low constraint target sentence would need to be included. 

 
In conclusion, the current study demonstrates that comprehenders are sensitive 

to relatively subtle changes in the coherence of a discourse and that processing is 
slowed when these occur. The advantage of a coherent global context emerged at the 
earliest possible position and extended in time during subsequent processing. Further, 
our findings demonstrate that a lack of coherence eliminates within-sentence 
facilitation for predictable words. This suggests that the presence of a narrative shift 
serves as a cue to temporarily reduce the reliance on predictive processing. Future work 
could further investigate the nature of this coherence check through the use of finer-
grained temporal measures, such as ERPs.  
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Chapter 3 
 

Predicting discourse context effects from 
surprisal 
 

3.1. Abstract 
 
We know that context can facilitate language comprehension. Previous research has 
shown that discourse coherence influences this contextual facilitation, with 
comprehenders making stronger predictions about upcoming words when reading 
highly coherent narratives. However, it is unclear whether the predictions made by Large 
Language Models (LLMs) exhibit similar discourse-level influences. As such, we 
investigate whether surprisal values from LLMs reflect longer context effects. We 
calculated word-level surprisal values (as a measure of prediction strength) for 
passages that vary in coherence. We used these to predict human reading times for the 
same passages collected from 289 participants. We found that surprisal only predicted 
reading times early in the target sentence, and that GPT-2’s surprisal values were not 
influenced by discourse coherence, in contrast to human reading data. This has 
implications on the use of Transformer-based LLMs in modelling human cognition.  
 

3.2. Introduction 
 
Language comprehension is an incremental process where a meaningful representation 
is built up over time, involving the integration of multiple sources of linguistic 
information such as syntax, semantics, pragmatics and discourse (Sedivy et al., 1999). 
Empirical work across cognitive neuroscience and psycholinguistics has demonstrated 
a processing advantage for highly predictable words, such that words which are 
predictable given their context are processed faster than those which are not (Altmann 
& Mirković, 2009; Federmeier, 2007; Kutas & Hillyard, 1980, 1984). This facilitation 
effect has been observed for a range of linguistic features, such as gender agreement 
(Van Berkum et al., 2005; Wicha et al., 2003, 2004), definiteness (Carter & Nieuwland, 
2022; Fleur et al., 2020) and world knowledge (Hagoort et al., 2004; Hald et al., 2007; 
Metusalem et al., 2012). However, the question as to which cognitive mechanisms 
underpin this processing advantage remains.  
 

Within cognitive modelling and computational linguistics, Surprisal Theory is a 
popular account of predictability. Surprisal Theory asserts that the processing difficulty 
of a word is inversely proportional to its expectancy, such that the less expected a word 
is given its context, the higher its surprisal and therefore the more difficult it is to 
process (Hale, 2001; Levy, 2008; Venhuizen et al., 2019). Originating in information 
theory, where it is also referred to as Shannon information, surprisal is quantified as the 
negative log probability of a word given its preceding context (Shannon, 1948). Another 
metric which is commonly used to explicitly model the influence of predictability is 
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entropy, which can be understood as a quantification of the degree of uncertainty 
surrounding a next-word prediction (Frank, 2013; Lowder et al., 2018). Both metrics 
have been successfully used to quantify word-by-word predictability during incremental 
sentence processing (Hale, 2016; Willems et al., 2016). Most commonly, these metrics 
have been used to model experimental data, such as measures of eye-tracking, reading 
times (RTs) and N400 amplitudes (Frank et al., 2013; Goodkind & Bicknell, 2018; 
Michaelov et al., 2023b; Michaelov, Bardolph, et al., 2024; Monsalve et al., 2012). 
Typically, surprisal values are extracted from artificial neural networks that have been 
exposed to language and trained to perform a next-word prediction task, similar to a 
Cloze task, as exemplified by connectionist cognitive models (Elman, 1990; Frank et al., 
2019; McClelland & Rumelhart, 1981; Rumelhart & McClelland, 1987; Taylor, 1953). 
These language models (LMs), as well as those from recent developments in deep 
learning and NLP, can be understood as inherent models of linguistic prediction that are 
only based on language input (Michaelov & Bergen, 2020). As such, they serve as a 
useful tool to explore theoretical assumptions surrounding predictive processing in 
language. 

 
One branch of research has focused on identifying the precise relationship 

between word predictability and the observed processing advantage. Szewcyzk and 
Federmeier (2022) investigated what type of function links word probability and 
contextual facilitation, as measured through the N400. They detail two views regarding 
the possible relationship. The first, put forward by Brothers and Kuperberg (2021), is the 
“proportional preactivation account”, which states that words are preactivated in 
proportion to the statistics of the linguistic environment. Here, contextual facilitation is 
explained as a match between the preactivated representations and the incoming 
linguistic stimulus, represented as a linear relationship (DeLong et al., 2005; 
Schwanenflugel & LaCount, 1988; Staub, 2015; Van Petten & Luka, 2012). The second 
view assumes that all words in the lexicon are subject to contextual facilitation, 
maintaining and updating a probability distribution where the amount of update is 
equivalent to the word’s surprisal. This view assumes a logarithmic relationship 
between human processing data and predictability measures (Aurnhammer & Frank, 
2018; N. J. Smith & Levy, 2013). In their study, Szewcyzk and Federmeier (2022) found 
that the relationship between word predictability and N400 amplitudes is linear for 
expected words, but logarithmic for unexpected words. Shain and colleagues (2024) 
similarly evaluated the different theoretical assumptions that can explain the 
facilitation effect observed. They compared a facilitation view (i.e., linear effect) with a 
cost view (i.e., logarithmic effect) by modelling RTs with LM surprisal and constraining 
the mapping between predictors. The authors found consistent evidence for a 
logarithmic relationship between surprisal and human RTs. 

 
Another branch of research has focused on evaluating which LMs demonstrate 

the best fit to human data, with the idea that certain architectural designs may better 
account for aspects of human processing. For example, Goodkind and Bicknell (2018) 
compared surprisal values from a range of LMs, such as n-gram models and recurrent 
neural networks (RNNs) with Long-Short Term Memory (LSTMs), finding that the 
psychological predictive power of surprisal linearly increased with LM linguistic quality, 
measured using model perplexity. Perplexity is a common evaluation metric for LMs; it 
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is defined as the exponentiated average negative log-likelihood of a sequence. 
Intuitively, this relates to how much of the probability mass from the model is assigned 
to the correct prediction, where a lower perplexity is indicative of a more accurate LM. 
Wilcox and colleagues (2020) performed a similar evaluation of modern neural 
networks, comparing computational architectures and training dataset sizes. They 
found a linear relationship between LM surprisal and RTs across differences in model 
architecture and training datasets, which is in line with previous findings (Goodkind & 
Bicknell, 2018; N. J. Smith & Levy, 2013). They also found a generally positive 
relationship between a model’s next-word prediction accuracy, and its ability to predict 
human RTs, demonstrating that Transformer models (here, GPT-2; Radford et al., 2019) 
exhibited the best fit to the human data. In addition, Merkx and Frank (2021) compared 
Transformer-based models and RNNs on their ability to predict human RTs and N400 
amplitudes. Transformer-based models benefit from self-attention layers, which can 
“attend” to the previous input directly (Vaswani et al., 2017). As such, they are generally 
thought to be cognitively implausible models, whereas RNNs are considered to be more 
cognitively plausible models (Elman, 1990; Frank et al., 2019; Jordan, 1997). Results 
showed that Transformer-based models provide a better fit to the data than Gated 
Recurrent Units (a type of RNN) which the authors state raises questions about how 
good RNN models are as cognitive models if they are outperformed by a cognitively 
implausible model. 

 
Much of the research on predictability-based facilitation has focused on single 

sentences, while work that has modelled this effect using surprisal has often opted for 
naturalistic datasets, designed to provide broad language coverage (Futrell et al., 2017; 
A. Kennedy et al., 2003, 2013). This is potentially problematic because multi-sentence 
contexts make significant contributions to the representation of linguistic content 
(Brothers et al., 2017; Hagoort et al., 2004; Nieuwland & Van Berkum, 2006; Zwaan, 
2016). One recent notable exception to this is work by Michaelov and colleagues 
(2023a) which provides a modelling account of the results from Nieuwland and van 
Berkum (2006). Briefly, Nieuwland and van Berkum (2006) found smaller N400 effects 
for noncanonical phrases such as “the peanut was in love” compared to canonical 
phrases like “the peanut was salted” when they were preceded by a discourse context 
that encourages an animate representation of the peanut. The authors suggest this is 
due to a shift in the situation model (van Dijk, 1999; Zwaan & Radvansky, 1998). 
Michaelov and colleagues model these N400 effects using LMs that have no explicit 
situation model and find that, when presented with the same contexts, surprisal for 
critical words in noncanonical conditions (i.e., “the peanut was in love”) was smaller 
than the surprisal for canonical conditions (i.e., “the peanut was salted”). This study 
provides an insight into how LM surprisal may trend with discourse-level phenomena. 
This is because the Nieuwland and Van Berkum  (2006) results are typically interpreted 
as evidence for the influence of discourse-level world models on prediction. These 
world models are thought to be outside of the language system itself. However, the 
results from Michaelov and colleagues (2023a) suggest that these effects can be 
explained by variations in surprisal which operate purely at the lexical level. 

 
In the present study, I investigate how well surprisal values derived from a Large 

Language Model (LLM) account for RTs when people read multi-sentence passages that 
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vary in their levels of internal coherence. Previously, I investigated how discourse 
coherence may impact predictive processing with a focus on subtler shifts in context, 
rather than outright violations (see Chapter 2). From this, I found that discourse 
coherence modulates the degree of contextual facilitation, and that comprehenders will 
make use of cues from both global (i.e., discourse) and local (i.e., sentence) contexts, 
especially when semantic violations are present at the local sentence. To explore how 
surprisal maps onto markers of human sentence processing that require cue-based 
retrieval from different levels of context and their subsequent integration, here I 
investigate whether LM surprisal reflects longer context effects. I do this by comparing if 
model predictions are significantly influenced by the same linguistic features that 
elicited a significant difference in human RTs, and by asking if LM surprisal explains 
additional variance in predicting these RTs. I aim to shed light on what sorts of 
contextual facilitation effects surprisal theory can account for. 

 
To do this, I took the self-paced reading (SPR) dataset of coherence and 

predictability manipulations from Chapter 2, and input the stimuli to GPT-2, extracting 
next-word probabilities and calculating the surprisal values. I first fit linear mixed 
effects models (LMEMs) predicting surprisal from the experimental conditions. This 
provides information on whether surprisal is sensitive to subtle changes in the 
coherence of discourse passages. I then predicted RTs in the dataset using surprisal 
and other low-level cognitive predictors known to affect RTs. This allowed me to assess 
the amount of additional variance in the RT data that can be explained by surprisal, on 
top of the experimental conditions. I again evaluated the model by comparing 
goodness-of-fit with a baseline.  
 

3.3. Methods  
 

3.3.1. Data 
 
Stimuli 
 
My stimuli were taken from Chapter 2, which includes three self-paced reading 
experiments exploring how information at different levels of context impact predictive 
processing. In this study, the stimuli were created to contain a manipulation of 
coherence, as a global contextual cue, and a manipulation of predictability, as a local 
sentence cue. The stimuli (n=160 per condition) consist of three-sentence trials, where 
the first two sentences are either highly coherent with the following target sentence, or 
less coherent. The high coherent preambles were made to form a meaningful context, 
whereas the low coherent preambles were designed such that the target sentence 
would instigate a topic shift (Zwaan & Radvansky, 1998). The coherence manipulation 
was verified in a prior norming study. The same syntactic structure was used for both 
high and low coherence preambles to minimise changes in processing demands 
downstream. The target sentences were adapted from Peelle et al. (2020), who provided 
completion norms for English sentences. I extracted sentences with high cloze 
completions (> 0.75) to become my high predictable conditions. I then created my low 
predictable conditions by substituting the highly predictable critical word with a 



 

 
 

50 

different lexical item that was plausible. I also created an anomalous condition for the 
final experiment with a semantically anomalous critical word in order to strengthen the 
predictability manipulation. I defined three regions-of-interest for my trials, which can 
be found in Figure 3.1. As these stimuli were used in a SPR study, I added an additional 
spillover region to account for the delayed nature of SPR as a measure of online 
language comprehension (Jegerski, 2013).  
 

 
Figure 3.1. Example trial with regions-of-interest from SPR experiments. 

Self-paced reading data 
 
I collected RTs across three online SPR experiments using the stimuli described above. 
Participants saw the two-sentence preambles onscreen in full, followed by the target 
sentence presented word-by-word. They controlled the length of time the stimuli were 
presented on screen through keypress. Three different experiments were conducted. 
Experiment 1 had a 2x2 factorial design of my coherence and predictability 
manipulations to answer whether coherence impacts downstream predictive 
processing. Experiment 2  used the same design, but featured a 75:25 ratio split of high 
and low coherent trials to encourage participants to rely on predictive processing, given 
prior evidence that the statistical environment of the experiment can impact how likely 
comprehenders engage in predictive processing (Brothers et al., 2017). In Experiment 3, 
I replaced the low predictability condition with the anomalous condition to further 
investigate the limits of predictive processing by strengthening the predictability 
manipulation. The previous results are as follows:  

• Experiment 1: participants were faster to read target sentences preceded by a 
highly coherent context. This effect emerged at the pre-critical ROI and extended 
throughout the sentence.  

• Experiment 2: a similar coherence effect was observed. 
• Experiment 3: participants were faster to read highly predictable critical words 

than anomalous critical words. Further, anomalous critical words slowed 
reading to a greater extent when preceded by highly coherent contexts.  

 

3.3.2. Analysis 
 
The language models were run using the transformers (Wolf et al., 2020) library in 
Python using Pytorch (Paszke et al., 2019). All analyses were run in R using RStudio 
(Posit Team, 2024), and made use of the lme4 (Bates et al., 2014), lmerTest (Kuznetsova 
et al., 2017), and tidyverse (Wickham et al., 2019) packages.  
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Extracting surprisal estimates 
 
To calculate the surprisal values, I input my experimental stimuli to GPT-2, a pre-trained, 
autoregressive LLM (Radford et al., 2019). The training objective for the model is next-
word prediction, whereby a model has to predict the next word based on the previous 
context, which is similar in nature to the Cloze task (Taylor, 1953). I accessed the model 
through the Huggingface API1. GPT-2 was trained on WebText2, which was tokenized 
using Byte Pair Encoding (BPE) and has a vocabulary size of 50,257. To run the 
experimental stimuli through the model, I presented the stimuli for each trial 
incrementally, each time inputting N words and extracting the probabilities of word N+1. 
As the pre-trained tokenizer is based on the BPE algorithm, some words were tokenized 
at the subword level. In these cases, I extracted the next-bpe probability and appended 
the subword level token to the context to ensure that the same incremental approach 
was applied at the subword level. To calculate the surprisal from the extracted 
probabilities, I took the negative log of these probabilities.  
 
Surprisal-based linear mixed-effects models 
 
In my investigation of whether coherence and predictability influence surprisal, I 
focused my analyses on effects within the target sentence, as this is the location where 
the experimental manipulations would be predicted to impact processing. I split the 
target sentences into two regions-of-interest around the critical word. These ROIs are 
shown in Figure 3.2. To emphasise, although my LMEMs only focus on the target 
sentence, I ran the full trials through GPT-2 and so the surprisal values reflect the 
negative log probability of each word, given all previous words in the preambles and 
target sentence, combined. As such, even though the linguistic material presented in 
the pre-critical ROI is identical across all conditions, the surprisal values will differ 
based on the coherence condition (i.e., the preamble context it was paired with). 
Surprisal values were averaged over all of the words contained in each ROI.  
 

 
Figure 3.2. Example trial with regions-of-interest for surprisal and RT LMEMs. 

I fit linear mixed effects models predicting the average surprisal of each ROI 
(items: n = 960). I ran a baseline model that predicted average surprisal from a random 

 
1 https://huggingface.co/openai-community/gpt2 
2 https://paperswithcode.com/dataset/webtext 
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slope for items alone, and a full model that contained coherence and predictability as 
main effects, alongside their interaction, with the same random effects structure. 
 
RT-based linear mixed-effects models  
 
To predict the RTs from Chapter 2, I adapted some of the pre-processing steps reported 
in that chapter. For each experiment, the ROIs underwent winsorisation of the RTs that 
occurred outside the range of 2 SDs from the mean, calculated for each participant. I fit 
LMEMs on the log RTs from the three experiments, separately (items: n = 960; exp 1 
participants: n = 99; exp 2: n = 98; exp 3: n = 97). All categorical variables were 
factorised using contrast coding. Moreover, here I included the log RT for each word as a 
separate observation, rather than averaging over the ROI as in Chapter 2. The baseline 
models predicted log RT with coherence and predictability as main effects, alongside 
their interaction. Low-level linguistic features known to impact reading were also 
included as covariates. These were the scaled word length and the log-transformed 
Zipfian frequency, derived from SUBTLEX-UK (van Heuven et al., 2014). I additionally 
included by-subject and by-item random slopes. The full models included surprisal as 
an additional main effect, keeping all other predictors the same.   
 

3.3.3. Evaluation 
 
To evaluate the goodness-of-fit between the baseline models and full models, I used a 
Type III ANOVA with Satterthwaite’s method for estimating degrees of freedom. I report 
the 2, degrees of freedom and p-values, where significance is defined as p < 0.05. I also 
report the summary statistics and associated p-values of the LMEMs with surprisal. 
  

3.4. Results  
 

3.4.1. Predicting surprisal from experimental conditions 
 
Estimated effects of the model predicting surprisal values from experimental conditions 
are shown in Figure 3.3. When predicting surprisal from coherence and predictability, I 
found a significant effect of coherence in the pre-critical ROI, such that as the 
coherence increases, the average surprisal decreases (ß = –0.09, SE = 0.02, t = –5.19, p 
< 0.001). On trials where raters rated the stimuli as being highly coherent, surprisal 
values were lower, indicating that GPT-2 was better able to predict the content of the 
target sentence. There was no significant effect of predictability (hp vs anom: ß = –
4.72x10–14, SE = 0.02, t = 0.00, p = 1.00 ; lp vs. anom: ß = –0.013, SE = 0.02, t = –0.54, p = 
0.59), nor an interaction between coherence and predictability (hp vs anom: ß = 
2.30x10–14, SE = 0.04, t = 0.00, p = 1.00; lp vs. anom: ß = –0.008, SE = 0.04, t = –0.20, p = 
0.84). The ANOVA showed a significant difference in the goodness-of-fit between the 
baseline and surprisal models for the pre-critical ROI, with better model fits when the 
experimental conditions were included (2 = 26.50, df = 5, p < 0.001). 
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For the post-critical ROI, I found a significant predictability effect (hp vs. anom: ß 
= –0.86, SE = 0.06, t = –13.47, p < 0.001; lp vs. anom: ß = –0.56, SE = 0.06, t = –8.78, p < 
0.001). Here, I observe a graded effect of predictability on average surprisal, with the 
lowest average surprisal for the highly predictable trials, then the less predictable trials 
and finally the highest average surprisal for the anomalous trials. This aligns with prior 
evidence on the relationship between predictability and surprisal (N. J. Smith & Levy, 
2013; Szewczyk & Federmeier, 2022). There was a non-significant effect of coherence (ß 
= –0.07, SE = 0.05, t = –1.55, p = 0.12), and no interaction was observed between 
coherence and predictability (hp vs anom: ß = 0.03, SE = 0.11, t = 0.30, p = 0.77; lp vs. 
anom: ß = –0.0007, SE = 0.11, t = –0.006, p = 0.99). Comparing the post-critical ROI’s 
baseline and full models, I found a better model fit with the full model (2 = 170.03, df = 
5, p < 0.001). These results highlight that while surprisal is impacted by coherence, the 
effect is only significant at the pre-critical word ROI, which differs from the previous 
results found with humans, where the significant effect of coherence emerged at the 
pre-critical ROI and extended across the sentence to the post-critical ROI while 
remaining significant.  
 

 
Figure 3.3. Results of predicting average surprisal from coherence and predictability in 
the pre-critical (left) and post-critical (right) ROIs; shaded areas depict the standard 
error. 

3.4.2. Predicting RTs with surprisal  
 
Experiment 1 
 
For my analyses predicting RTs, I found a significant effect of surprisal in the pre-critical 
ROI (ß = 0.01, SE = 0.0003, t = 45.90, p < 0.001), such that as surprisal increases, the 
log-transformed RTs also increase. I also found a significant effect of coherence (ß = –
0.008, SE = 0.002, t = –4.76, p < 0.001), such that as coherence increases, log-
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transformed RTs decrease, similar to the human analyses reported in Chapter 2. 
However, the effect of predictability was not significant (ß = 0.001, SE = 0.0009, t = 1.16, 
p = 0.25), nor was the interaction between coherence and predictability (ß = –0.0002, SE 
= 0.002, t = –0.15, p = 0.88). Additionally, the effects of word length (ß = –0.003, SE = 
0.001, t = –2.05, p = 0.04) and Zipfian frequency (ß = 0.04, SE = 0.001, t = 30.35, p < 
0.001) reached significance. The likelihood ratio test results comparing the models with 
and without surprisal demonstrated a significantly better fit to the data for the model 
with surprisal (2(1) = 2088.70, p < 0.001).  
 
 

 
Figure 3.4. Surprisal effects from the results of predicting log RTs from surprisal and the 
experimental conditions for Experiment 1 in the pre-critical (left) and post-critical (right) 
ROIs; shaded areas depict the standard error. 

For the post-critical ROI, I found a significant effect of surprisal (ß = 0.009, SE = 
0.0006, t = 14.91, p < 0.001), with longer log-transformed RTs associated with an 
increase in surprisal. I also found significant effects of coherence (ß = –0.009, SE = 
0.002, t = –4.24, p < 0.001), and predictability (ß = –0.004, SE = 0.001, t = –3.45, p < 
0.001), such that greater coherence and predictability trend with shorter RTs. The 
extended effect of coherence from the pre-critical ROI is similar to the results of 
Chapter 2, yet the predictability effect was not observed there. However, the interaction 
between coherence and predictability did not reach significance (ß = 0.001, SE = 0.002, 
t = 0.59, p = 0.55). In addition, the effects of word length (ß = 0.04, SE = 0.002, t = 20.46, 
p < 0.001) and Zipfian frequency (ß = 0.02, SE = 0.002, t = 9.94, p < 0.002) were 
significant. The comparison between the baseline and full models revealed a 
significantly better model fit with surprisal included (2(1) = 221.75, p < 0.001).  
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Figure 3.5. Coherence and predictability effects from the results of predicting log RTs 
from surprisal and the experimental conditions for Experiment 1 in the pre-critical (left) 
and post-critical (right) ROIs; shaded areas depict the standard error. 

Experiment 2 

For the experiment 2 analyses, I found a significant effect of surprisal at the pre-critical 
ROI (ß = 0.01, SE = 0.0002, t = 58.61, p < 0.001), demonstrating that as surprisal 
increases, I observed longer RTs. However, there were no significant effects of 
coherence (ß = –0.002, SE = 0.002, t = –1.30, p = 0.19), predictability (ß = –0.0009, SE = 
0.0009, t = –1.09, p = 0.27), or their interaction (ß = –0.0004, SE = 0.002, t = –0.26, p = 
0.79). I did see significant effects of word length (ß = –0.005, SE = 0.001, t = –3.61, p < 
0.001) and Zipfian frequency (ß = 0.05, SE = 0.001, t = 40.22, p < 0.001). Comparing the 
baseline and full models, I found a significantly better fit to the data for the model 
including surprisal (2(1) = 3388.5, p < 0.001).  
 



 

 
 

56 

 
Figure 3.6. Surprisal effects from the results of predicting log RTs from surprisal and the 
experimental conditions for Experiment 2 in the pre-critical (left) and post-critical (right) 
ROIs; shaded areas depict the standard error. 

For my post-critical ROI, I found significant effects of surprisal (ß = 0.007, SE = 
0.0005, t = 13.70, p < 0.001), coherence (ß = –0.01, SE = 0.002, t = –5.15, p < 0.001) and 
predictability (ß = –0.005, SE = 0.001, t = –4.58, p < 0.001), as well as for word length (ß = 
0.03, SE = 0.002, t = 18.37, p < 0.001) and Zipfian frequency (ß = 0.02, SE = 0.002, t = 
10.01, p < 0.001). However, the interaction of coherence and predictability did not reach 
significance (ß = –0.0007, SE = 0.002, t = –0.34, p = 0.74). These results show that as 
surprisal increases, so do the RTs, whereas, as coherence and predictability increase, 
RTs decrease. This is in contrast to the results of Chapter 2, where I did not observe 
significant coherence or predictability effects. For my comparison, I found that the 
model with surprisal explained additional variance in the data compared to the baseline 
model (2(1) = 187.36, p < 0.001).  
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Figure 3.7. Coherence and predictability effects from the results of predicting log RTs 
from surprisal and the experimental conditions for Experiment 2 in the pre-critical word 
(left) and post-critical (right) ROIs; shaded areas depict the standard error. 

Experiment 3 
 
The pre-critical analyses for Experiment 3 revealed a significant effect of surprisal (ß = 
0.01, SE = 0.0003, t = 52.99, p < 0.001), with the same trend as previous results. Neither 
the effects of coherence (ß = 0.002, SE = 0.002, t = 0.96, p = 0.34), nor predictability (ß = 
–0.001, SE = 0.0009, t = –1.58, p = 0.12) reached significance. However, there was a 
significant interaction between them (ß = 0.004, SE = 0.002, t = 2.78, p = 0.005). As the 
experiment materials for the different predictability conditions are the same in this ROI, 
I believe this to be a spurious result. When comparing the baseline and full models, I 
observe a better fit to the data with the full model (2(1) = 2775.8, p < 0.001). 
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Figure 3.8. Surprisal effects from the results of predicting log RTs from surprisal and the 
experimental conditions for Experiment 3 in the pre-critical (left) and post-critical (right) 
ROIs; shaded areas depict the standard error. 

The post-critical analyses revealed significant effects of surprisal (ß = 0.005, SE = 
0.0006, t = 7.88, p < 0.001) and predictability (ß = 0.02, SE = 0.001, t = 12.65, p < 0.001). I 
found that as surprisal increases, the longer the RTs, as well as longer RTs for sentences 
with anomalous critical words as opposed to highly predictable critical words. There 
was no significant effect of coherence, however (ß = 0.002, SE = 0.002, t = 0.98, p = 
0.33). The interaction between coherence and predictability also reached significance 
(ß = 0.007, SE = 0.002, t = 3.30, p < 0.001). These results are the same as those in 
Chapter 2. I also found significant effects of word length (ß = 0.03, SE = 0.002, t = 16.66, 
p < 0.001) and Zipfian frequency (ß = 0.02, SE = 0.002, t = 10.61, p < 0.001). For the 
comparison between baseline and full models, I found a better fit to the data for the full 
model that included surprisal (2(1) = 61.99, p < 0.001).  
 



 

 
 

59 

 
Figure 3.9. Coherence and predictability effects from the results of predicting log RTs 
from surprisal and the experimental conditions for Experiment 3 in the pre-critical (left) 
and post-critical (right) ROIs; shaded areas depict the standard error. 

3.5. Discussion 
 
In this study, I have investigated how well surprisal values derived from an LLM can 
account for RTs when people read multi-sentence passages that vary in their levels of 
internal coherence. I did this by first predicting surprisal from my experimental 
conditions of coherence and predictability to observe if model predictions are 
significantly influenced by the same linguistic features that elicited a significant 
difference in human RTs. I then asked if LM surprisal explains additional variance in 
predicting my RT data. 
 

The LMEMs predicting surprisal show a coherence effect at the pre-critical ROI, 
which does not extend into the post-critical ROI. I also observed a graded predictability 
effect at the post-critical ROI, where I saw the lowest surprisal for trials containing a 
highly predictable critical word, mid-level surprisal values for the trials with a less 
predictable critical word, and the highest surprisal for trials containing an anomalous 
critical word. This finding replicates previous results (Goodkind & Bicknell, 2018; Levy, 
2013; Monsalve et al., 2012). Finally, I observed better model fits for all models that 
included the experimental conditions, suggesting that surprisal is sensitive to aspects 
of coherence and predictability across multi-sentence stimuli. These results indicate 
that GPT-2 is sensitive to topic shifts within a passage. From the perspective of language 
statistics, this suggests that shifts in topics lead to lower predictability.  

 
Meanwhile, the results of the RT LMEMs for Experiment 1 demonstrate significant 

effects of surprisal in both the pre-critical and post-critical ROIs. I also observe a 
coherence effect across the ROIs, with a predictability effect emerging at the post-
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critical ROI. No interaction between coherence and predictability was found. The 
coherence effect matches the results from Chapter 2, while the predictability effect is 
novel. For the model comparison, I find a better model fit to the data with surprisal 
included. In Experiment 2, I found a significant effect of surprisal across the ROIs, 
whereas in the post-critical ROI, the effects of coherence and predictability were 
significant as well. This is in contrast to the results of Chapter 2, where no significant 
effects were found. Finally, in Experiment 3, I saw a significant effect of surprisal across 
the ROIs. In the pre-critical ROI, I see a significant interaction between coherence and 
predictability. However, I believe this to be a spurious result as the critical word has not 
yet been presented in this region. In the post-critical ROI, I also observed a significant 
effect of predictability, as well as a significant interaction between coherence and 
predictability. These results match with what was found in Chapter 2. 

 
Surprisal does explain some additional variance in the RT data, as we 

consistently observe large effects of surprisal across the target sentence for each 
experiment. However, the effects of coherence observed in Chapter 2 still remain. This 
suggests that the benefit of a highly coherent context is not just due to lower linguistic 
surprisal. It is possible that there are additional levels of processing, for example, the 
presence of discourse/situation models, which also contributes to the facilitation effect 
observed (Zwaan, 2016; Zwaan & Radvansky, 1998). It has been suggested that shifts in 
topic require reconfiguration of the situation model and this additional processing load 
could lead to a slowdown in comprehension. One difference between the current 
results and those from Chapter 2 is the presence of predictability effects in the post-
critical ROI for the analyses of Experiments 1 and 2. One possibility is that this is due to 
the difference in pre-processing of the RT data between the two studies. 

 
A critical question relates to whether the observed facilitation effect of a highly 

coherent context is solely due to the statistics of language, or if there are additional 
processing mechanisms that humans use when interpreting such stimuli. My current 
results suggest that there is a further processing advantage beyond mere statistical 
relations, such as a possible tracking of events and their changes through a discourse-
related model. This is in contrast to recent findings that suggest some discourse-level 
effects from human processing data can be explained solely through language 
statistics, without making reference to an external situation model (Michaelov et al., 
2023a). A possible reason for this difference could relate to differences in the methods 
used. In my current study, I modelled RT data, whereas Michaelov and colleagues 
modelled event-related potentials (ERPs). Moreover, the datasets between the two 
studies are different, with the Nieuwland and van Berkum (2006) dataset including a 
manipulation of verb–object animacy relations, whereas the current dataset is 
manipulated on coherence between the context sentences and target sentence. These 
methodological differences could have led to the divergent conclusions observed. For 
example, my sample size is much larger, which may have afforded me greater power to 
tease apart effects of surprisal from discourse coherence. 

 
Another pertinent question relates to the model used to generate surprisal. In the 

current study, I used GPT-2 to model my data. There is a continuing debate as to the 
cognitive plausibility of Transformer-based models and their place within cognitive 



 

 
 

61 

modelling (Merkx & Frank, 2021; Michaelov, Arnett, et al., 2024). While effective, 
Transformer-based LLMs are not cognitively plausible models of language processing. 
This is due to the attention mechanism, which means that the model can process 
sequential input while attending to all other words in the context directly. As such, it is 
not clear why surprisal from these models is a good predictor of human language 
processing data (Merkx & Frank, 2021). I selected GPT-2 as there is prior evidence that 
suggests it exhibits a better fit to human language processing data than other pre-
trained LLMs (Shain et al., 2024), however this is under debate (Michaelov & Bergen, 
2022; Oh et al., 2022; Oh & Schuler, 2023). 

 
Limitations of the current work relate to the dataset and model used. For 

example, investigating the relevance of other linguistic cues, such as implicatures, 
across different levels of context would help inform current understanding of how 
comprehenders make use of various cues to inform their expectations about upcoming 
input. Moreover, it would be insightful to explore a range of models in assessing fit to the 
data. Possible areas for future research could include other neural architectures, such 
as RNNs, to add further to the discussion of cognitive plausibility regarding model 
architectures. A final interesting direction for future research lies in the use of ERPs to 
evaluate the same linguistic manipulation, i.e., coherence. As ERPs are more temporally 
accurate than SPR, evaluating N400 responses to these stimuli would help us to 
understand what specific processes drive the facilitation observed.  
 

3.6. Conclusion 
 
In conclusion, in this study I asked whether surprisal values from GPT-2 are sensitive to 
manipulations of coherence, in addition to predictability; as well as investigating 
whether GPT-2 surprisal can predict human’s reading times when presented with 
narratives differing in coherence and predictability. My findings suggest that surprisal is 
related to subtle topic shifts, and that it can account for some additional variance when 
predicting reading times. However, it does not fully account for the patterns observed in 
the RT dataset, as a main effect of coherence in Experiments 1 and 2, and an interaction 
between coherence and predictability in Experiment 3 still remained. This suggests that 
the benefit of a highly coherent context is not explained by simply lowering linguistic 
surprisal, and hints that there are further processing steps leading to the observed 
facilitation. One possibility is the existence of discourse-related models that 
comprehenders use to make sense of such narratives. Future work could explore the 
pattern of responses to these stimuli using ERPs, which would enable a more 
temporally accurate representation of the mechanisms at play.  
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Chapter 4 
 
Leveraging context for perceptual prediction 
using word embeddings 
 

4.1. Abstract 
 
Word embeddings derived from large language corpora have been successfully used in 
cognitive science and artificial intelligence to represent linguistic meaning. However, 
there is continued debate as to how well they encode useful information about the 
perceptual qualities of concepts. This debate is critical to identifying the scope of 
embodiment in human semantics. If perceptual object properties can be inferred from 
word embeddings derived from language alone, this suggests that language provides a 
useful adjunct to direct perceptual experience for acquiring this kind of conceptual 
knowledge. Previous research has shown mixed performance when embeddings are 
used to predict perceptual qualities. Here, we tested if we could improve performance 
by leveraging the ability of Transformer-based language models to represent word 
meaning in context. To this end, we conducted two experiments. Our first experiment 
investigated noun representations. We generated decontextualised (“charcoal”) and 
contextualised (“the brightness of charcoal”) Word2Vec and BERT embeddings for a 
large set of concepts and compared their ability to predict human ratings of the 
concepts’ brightness. We repeated this procedure to also probe for the shape of those 
concepts. In general, we found very good prediction performance for shape, and more 
modest performance for brightness. The addition of context did not improve perceptual 
prediction performance. In Experiment 2, we investigated representations of adjective-
noun pairs. Perceptual prediction performance was generally found to be good, with the 
non-additive nature of adjective brightness reflected in the word embeddings. We also 
found that the addition of context had a limited impact on how well perceptual features 
could be predicted. We frame these results against current work on the interpretability 
of language models and debates surrounding embodiment in human conceptual 
processing. 
 

4.2. Introduction 
 
Our understanding of the world is shaped by the perceptual information we take in 
through our experiences (Gibbs Jr, 2005; Rogers & Wolmetz, 2016). This perceptual 
information can be important conceptually—for example, we know that dark chocolate 
tastes more bitter than white chocolate. The degree to which such perceptual 
information shapes semantic representations has been a core debate within the 
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cognitive sciences (Barsalou, 2008; Louwerse, 2011; Pylyshyn, 1980; Rogers & 
McClelland, 2004). One key question that has emerged from this concerns how much 
experiential information can be learnt from linguistic content alone (Dove, 2014). 
Computational models trained on large language corpora provide an important 
perspective on this debate. These models appear to derive sophisticated semantic 
representations from linguistic input alone, with no access to perceptual experience. 
Language models typically generate high-dimensional representations for words and 
phrases termed “embeddings”, which situate concepts in a semantic space. However, a 
core criticism of these word embeddings is that their dimensions are difficult to 
interpret and the degree to which they faithfully represent the perceptual aspects of 
semantics (like the colour of chocolate) remains uncertain (Chersoni et al., 2021; 
Ettinger, 2020). One way to tackle this issue is to compare word embeddings with 
human ratings or neuroimaging data to examine the extent to which they mimic human 
semantics (Abnar et al., 2018; Ettinger, 2020; Hollenstein et al., 2019; Turton et al., 
2020, 2021; Utsumi, 2020). In this vein, the present study aims to test how well model-
derived embeddings predict human judgements of the salience of specific perceptual 
properties of objects, and whether additional linguistic context improves these 
predictions. In so doing, we hope to provide new insights into the degree to which 
perceptual knowledge can be acquired from language alone. 

 

4.2.1. Conceptual processing: theories and frameworks 
 

Historically, two opposing theoretical perspectives on the nature of semantic 
representations have been contrasted. The symbolic account of cognition claims that 
meaning is extracted from language and abstracted into amodal representations 
(Pylyshyn, 1980). In contrast, the embodied cognition account proposes that human 
cognition (and by extension, language) is fundamentally grounded in sensorimotor 
experiences and systems (Bolognesi & Steen, 2018; Gibbs Jr, 2005). Between these 
extremes, a number of hybrid perspectives envision roles for both language-derived 
representations and perceptual grounding in supporting semantic processing (Andrews 
et al., 2014; Barsalou et al., 2008; Louwerse, 2018). Among these accounts, the nature 
of the representations themselves, as well as the extent to which perceptual 
information is vital for the formation of these representations, is under debate (Kiefer & 
Pulvermüller, 2012). Symbolic and embodied perspectives have been supported by an 
extensive amount of research that has often fallen along different methodological lines, 
with much of the evidence for symbolic cognition coming from computational models, 
while the evidence for embodied cognition can be found in studies with human 
experiments (Andrews et al., 2014; Louwerse, 2018).  
 

There is now widespread evidence from both behavioural and neuroimaging 
experiments that supports the idea that perceptual representations are often activated 
during language comprehension (Hauk, 2016; Kiefer & Pulvermüller, 2012; Louwerse, 
2018; Meteyard et al., 2012). For example, response latencies from picture verification 
tasks have demonstrated that comprehenders are sensitive to the orientation of objects 
in an image, as well as the shape of objects (Stanfield & Zwaan, 2001; Zwaan et al., 
2002). Here, response latencies were shorter for pictures of objects that matched in 
orientation or shape with that suggested by prior context, than for pictures of objects 
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that did not match. Meanwhile, evidence from neuroimaging has provided additional 
insights into the between semantic and perceptual information. For example, Simmons 
and colleagues (2007) demonstrated that the region of cortex strongly linked to colour 
perception is also active when processing colour terms presented as the properties of 
objects (e.g., “GRASS-green”). Similar neuroimaging results have also been obtained for 
other perceptual modalities, such as action (Hauk et al., 2004). 
 

However, much of this research has traditionally treated conceptual 
representations as static and context-free, without addressing the flexibility that occurs 
when concepts are used in different contexts (Hoffman et al., 2013; Yee & Thompson-
Schill, 2016). Many words have radically different connotations in different situations. 
The word “bank” should evoke the percept of a large building when used in the context 
of a city street, but that of a grassy slope when used in the context of a river. Task also 
influences embodiment: the same words can engage either the visual system or the 
motor system, depending on which properties are relevant to the participant’s current 
task (van Dam et al., 2012). Findings like these suggest that people flexibly reshape their 
semantic representations as they encounter different situations (Barsalou, 1983; 
Jamieson et al., 2022). They also suggest that the degree to which perceptual 
information is activated depends on the task we are performing and the context in 
which that word is presented (Barsalou et al., 2008). 
 

To understand the degree to which perceptual information is embedded in 
language, many researchers have investigated the capabilities of computational 
language models that are solely exposed to language input. We review these findings in 
the next section. For now, it is important to highlight that much of this research has also 
been conducted from a context-free perspective. Pioneering models like latent 
semantic analysis (LSA; Landauer & Dumais, 1997), as well as more recent models 
such as word2vec (Mikolov, Chen, et al., 2013; Mikolov, Sutskever, et al., 2013) and 
GloVe (Pennington et al., 2014) have been invaluable in discovering the semantic 
structure present in language. But these models represent each word as a context-
independent, static embedding. Given the importance of context in shaping human 
semantic representation, these context-free representations likely underestimate the 
semantic information present in language. More recent developments in natural 
language processing, in the form of Transformer-based models, allow contextualised 
word embeddings to be generated (Devlin et al., 2018; Misra et al., 2020; Ontanon et al., 
2022). These embeddings provide a contextualised representation of a word, such that 
the embeddings for a polysemous word, such as “bank”, will be different across 
sentences that make use of the distinct senses of the word. In this study, we investigate 
the types of perceptual information present in different forms of contextualised 
embeddings. 

 
4.2.2. Interpreting the semantic content of word embeddings  
 
Word embeddings, as vector-based representations of language, are strongly related to 
the distributional hypothesis. This is the notion that the semantic similarity between 
two linguistic expressions can be understood as a function of the similarity of the 
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linguistic contexts that they appear in (Firth, 1957; Harris, 1954; Lenci, 2008). This has 
widely influenced the cognitive science of semantics, where the distributional 
hypothesis is also proposed as a cognitive hypothesis for the organisation of meaning. 
As such, models derived from distributional language data have been used to model 
multiple aspects of human language processing, such as word association, semantic 
deficits and categorisation (Bullinaria & Levy, 2007; Griffiths et al., 2007; Vigliocco et al., 
2004). Early examples of these distributional models include Latent Semantic Analysis 
and the Topic model (Griffiths et al., 2007; Landauer & Dumais, 1997), while more 
recent examples include Word2Vec and GloVe (Mikolov, Chen, et al., 2013; Mikolov, 
Sutskever, et al., 2013; Pennington et al., 2014). 
 

Word embeddings extracted from these models can be represented 
geometrically in a semantic space, where words that are more semantically related 
cluster together (Riordan & Jones, 2011). Because of this, semantic similarity has 
commonly been used as an evaluation metric for distributional representations 
(Günther et al., 2016; Jones et al., 2006; Lenci, 2008; Lowe & McDonald, 2000). For 
example, Grand and colleagues used semantic projection to compare the internal 
representations of word embeddings against human judgements of object categories 
and properties. The authors constructed scales denoting a semantic feature of interest, 
say size, and were able to compare the internal representations of word embeddings by 
creating a featural subspace where size influences the similarity patterns between the 
embeddings. They found that these feature-wise similarities predicted human feature 
judgements, concluding that the geometric representation of word embeddings 
contains rich conceptual knowledge (Grand et al., 2022). 

 
Another approach has focused on learning a mapping between word 

embeddings and property norms as a way to ground them in interpretable 
representations (Chersoni et al., 2021; Derby et al., 2019; Fǎgǎrǎşan et al., 2015; 
Utsumi, 2020). Previous research using this approach has produced mixed findings on 
the degree to which word embeddings mimic perceptual aspects of human semantics. 
Abdou and colleagues (2021) explored BERT, RoBERTa and ELECTRA embeddings for 
colour words (e.g., “yellow”) using representational similarity analysis (RSA) and linear 
regression. They found that the embeddings of colour words aligned with the structure 
of a 3D colour space, CIELAB, concluding that an approximation of the perceptual 
colour space can be extracted from text alone. However, this success in extracting 
colour knowledge from embeddings has not been replicated when probing for colour 
information about objects (e.g., bananas are yellow). Vecchi and colleagues (2017) 
explored the factors influencing semantic acceptability of novel adjective–noun phrases 
using a human-generated ratings dataset and compositional distributional semantics. 
They find that the cosine distance between the composed phrase and its component 
noun is best able to predict the human acceptability ratings of semantically deviant 
adjective–noun phrases, such as ‘academic bladder’. Sommerauer and Fokkens (2018) 
used Word2Vec embeddings to classify objects according to whether they possessed 
particular features (e.g., is yellow, is dangerous). While functional and behaviour-
relevant features were generally classified well, performance was poor for perceptual 
features, including colour. In a similar vein, Lucy and Gauthier (2017) evaluated word 
embeddings on how well they predicted perceptual and conceptual features of 
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concrete concepts, using semantic norm datasets collected from humans as a gold-
standard. They tested different types of word embeddings (GloVe and Word2Vec) using 
the McRae and CSLB semantic norm datasets (Devereux et al., 2014; McRae et al., 
2005) and found that the embeddings failed to encode many salient perceptual features 
of the concepts, in comparison to strictly non-perceptual categories (such as 
taxonomic and functional features). 

 
The previously mentioned studies used embeddings to predict the presence or 

absence of binary features (e.g., is yellow vs. is not yellow). Meanwhile, other studies 
have tried to predict continuous ratings of the importance or relevance of different types 
of information. For example, Chersoni and colleagues (2021) trained a neural network to 
learn the mapping from word embeddings (both count-based models e.g., PPMI, GloVe 
and prediction-based models e.g., SGNS, BERT) to vectors devised from human ratings. 
The human-based vectors were taken from the Binder dataset (Binder et al., 2016), 
which contains ratings on the relevance of 65 semantic features to 535 concepts. 
Participants were asked to rate the relevance of each semantic feature for a particular 
concept. The 65 features were selected to represent core modalities of information 
processing from the neuroimaging literature. For example, the dataset includes features 
focusing on specific sensory and motor experiences (e.g., the relevance of shape and 
motion), as well as affective experiences (e.g., happy and sad). The models were tested 
on their ability to predict values over all 65 features for unseen words. The authors 
found that social, causal and cognition features were generally better predicted than 
sensorimotor features, consistent with the idea that language is a critical source of 
information for these types of semantic features (Borghi et al., 2019). Within the 
perceptual domain, some somatosensorial features were well-predicted (such as 
colour and shape), whereas others were less well captured (such as bright and dark) 
(Chersoni et al., 2021).  

 
A number of other studies have used the Binder dataset to investigate the 

knowledge represented in word embeddings. Turton and colleagues (2020, 2021) used 
both Word2Vec and BERT embeddings to predict the feature rating vectors in the Binder 
dataset, finding that some perceptual features were again well predicted (such as 
colour and shape), but others were less well represented (such as bright, dark and 
slow). They also demonstrated that the mappings learnt between word embeddings and 
the feature rating vectors can be extrapolated to a wider vocabulary than the original 
dataset, whilst keeping the semantic relationships between features intact. Utsumi 
(2020) conducted a similar experiment evaluating the mappings between the feature 
rating vectors from the Binder dataset and word embeddings using three types of 
distributional embeddings (SGNS, GloVe and PPMI) that were derived from training on 
two different corpora (COCA and Wikipedia). Similar to Chersoni et al. (2021), they 
found that social, causal and cognition features were better predicted, with perceptual 
features less likely to be represented in word embeddings. For example, features 
relating to the brightness or speed of a concept were predicted poorly. However, Utsumi 
concluded that some ability to predict perceptual information was present for domains 
such as shape, vision and sound. Utsumi (2020) also investigated the prediction 
performance separately among concrete and abstract concepts. Predictions were 
poorer for abstract words across all feature types, except for emotion features. Perhaps 
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unsurprisingly, perceptual features were predicted particularly poorly for abstract 
words, consistent with the long-standing view that abstract concepts have few 
perceptual associations (Paivio, 1990). Taken together, these studies provide some 
evidence that embeddings are able to predict some types of perceptual information 
associated with concepts, though prediction of purely perceptual features is poorer 
than for other types of semantic information. 

 
Why do perceptual qualities seem to be less well-represented in word 

embeddings? In the previous section, we noted that the engagement of perceptual 
processing during language comprehension is highly dependent on context. 
Distributional methods for obtaining word embeddings (e.g., Word2Vec, GloVe) have 
been decontextualised (also known as “static”). This means that the entire word 
representation is encoded as a single vector, abstracted across all the different 
contexts in which the word is used. As such, static embeddings capture the most 
significant semantic properties and relationships that are most reliably represented 
across contexts. This means that less salient information, such as perceptual qualities, 
may not be well-represented. However, further advances in machine learning have led 
to Transformer-based LLMs, where a word’s embedding changes depending on the 
linguistic context in which it is presented (Vaswani et al., 2017). These models have 
more sophisticated embeddings with the potential to encode context-specific 
information, such as different word senses and contextually relevant properties. 
Researchers have begun to test the predictive abilities of contextualised word 
embeddings using the Transformer-based BERT model (Devlin et al., 2018). Turton et al. 
(2021) generated BERT embeddings for concepts by sampling 250 sentences containing 
each word in the Binder dataset. These sentences were input into BERT, providing 250 
different contextualised word embeddings for each target word. A single, context-free 
representation was then obtained for each word by averaging over its 250 embeddings 
(for similar approaches, see Bommasani et al., 2020; Chersoni et al., 2021; Vulić et al., 
2020). Turton et al. (2021) found that BERT embeddings created in this way 
outperformed static embeddings in predicting the feature rating vectors from Binder et 
al. (2016), suggesting that simply aggregating embeddings over many contexts leads to 
representations that better capture human experience with concepts. They went on to 
demonstrate that handpicking 10 sentences which matched the sense of the word as 
used in the Binder dataset improved this result further. 

 
The benefit of contextualised embeddings was also demonstrated when 

assessing the effects of specific contexts. Here, Turton and colleagues (2021) used a 
dataset of semantic feature ratings for property-object pairs (e.g., “abrasive lava”; 
“abrasive sandpaper”; Van Dantzig et al., 2011) to investigate how the presence of a 
specific context influences prediction performance. In the original study, participants 
were asked to provide ratings on five separate scales representing each perceptual 
modality in answer to the prompt: “To what extent do you experience [object] being 
[property]” (Van Dantzig et al., 2011). Turton and colleagues first fed property-object 
pairs into the Transformer models and extracted the word embeddings for the property 
words in the context of a specific object. They then compared the performance of these 
embeddings against an averaged property embedding (i.e., averaged across two object 
contexts) and a static baseline Numberbatch embedding in predicting feature ratings 
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for the property-object pairs (Speer et al., 2017). For example, they compared how well 
the extracted embeddings for “abrasive” predicted the perceptual feature ratings for 
“abrasive lava” and “abrasive sandpaper”. They found that the contextualised 
Transformer embeddings outperformed the mean Transformer embeddings and the 
Numberbatch embeddings. This study provided a first indication that contextualising 
embeddings with a specific use case can lead to more effective prediction of 
perceptual properties. In the present study, we build on this idea in two experiments. In 
the first, we investigate whether the prediction of human-generated ratings on the 
perceptual properties of nouns is improved when contextualised embeddings are 
generated using a context that specifically primes for the desired perceptual feature 
(e.g., “the brightness of charcoal”, “the shape of charcoal”). We investigated both 
ratings on the relevance of the feature to the noun (either brightness or the relevance of 
shape), and ratings on the perceived brightness of the noun. In the second experiment, 
we extend this to adjective-noun phrases (e.g., “dark charcoal”), which have rarely been 
studied. Here, we attempt to predict ratings of the perceived brightness of conceptual 
combinations. We tested whether contextualised embeddings better predict the 
perceptual ratings of such phrases and whether language models compose the 
meanings of adjective-noun phrases in a similar way to humans. 

 

4.3. Experiment 1 
 
In Experiment 1, we compared contextualised and decontextualised word embedding 
performance on how well they can predict human-generated ratings of the perceptual 
qualities of nouns. We explored the prediction performance of word embeddings from a 
Distributional Semantic Model (Word2Vec) and a Large Language Model (BERT). We 
investigated these issues using two specific perceptual features as test cases: 
brightness and shape. We chose brightness as it has not been predicted well in previous 
research (Chersoni et al., 2021; Utsumi, 2020), and therefore represents a challenging 
test case for examining the extent of perceptual feature representation in embeddings. 
This is in contrast to shape, which has been well-predicted (Chersoni et al., 2021; 
Turton et al., 2021; Utsumi, 2020). We also selected brightness because it allowed us to 
make use of a critical dataset that contained ratings for both unmodified nouns, and 
adjective-noun combinations (the Solomon and Thompson-Schill dataset), which 
allowed us to explore the nature of conceptual combinations in context. 
 

First, we used bright and dark ratings from the Binder dataset, which has been 
most commonly used in previous research on this topic (Chersoni et al., 2021; Turton et 
al., 2020, 2021; Utsumi, 2020). Binder et al. (2016) obtained ratings for many different 
features so this dataset contains a large number of items for which brightness is not a 
salient (e.g., “chair”) or relevant feature (e.g., “advantage”). Second, we used the 
brightness dataset of Solomon and Thompson-Schill (2020). S&T-S only explored 
brightness and therefore they collected ratings for a smaller set of concepts for which 
brightness/darkness was a relevant and salient feature (e.g., “diamond”, “grey”, 
“charcoal”). By comparing perceptual prediction across these two datasets, we were 
able to test the degree to which findings from the Binder dataset generalise to other 
datasets, which are tailored to the specific feature under investigation. For comparison, 
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we also predicted ratings on the relevance of shape to the concepts. We selected this 
perceptual feature as it has previously been reported to be well predicted by BERT 
embeddings (Chersoni et al., 2021; Turton et al., 2020). We used the Binder ratings for 
this investigation. 

 
Figure 4.1 shows an overview of our experiment pipelines. For the Word2Vec 

embeddings, we extracted embedding representations of the nouns from Google’s pre-
trained model that was trained on a section of the Google News dataset (Mikolov, Chen, 
et al., 2013; Mikolov, Sutskever, et al., 2013). We then used these embeddings as input 
to a feed-forward neural network to predict the perceptual feature ratings for that noun. 
Word2Vec generates a single representation of each word and therefore these 
embeddings are decontextualised and static. In contrast, we used BERT’s capacity for 
contextualisation when extracting our BERT embeddings. Here, we make use of 
Google’s pretrained models, extracting embeddings from both the BERT base model 
and the BERT large model, which differ in dimensionality (Devlin et al., 2018). Following 
previous studies, we included a context-free condition, which contained an averaged 
BERT embedding from multiple sentence contexts (Bommasani et al., 2020; Chersoni et 
al., 2021; Turton et al., 2021; Vulić et al., 2020). This context-free condition can also be 
thought of as a prototype because it derives an abstract representation of each word 
across many different instances (Hampton, 2015; Rosch & Mervis, 1975). To do this, we 
identified 250 sentences that contained the noun of interest from the one Billion Words 
Benchmark corpus (Chelba et al., 2014). We then extracted the BERT embedding for the 
noun in each sentence and averaged these. We also had a contextually prompted 
condition, where we included a contextual prompt targeted towards the perceptual 
feature of interest. For our brightness investigations, we made use of two different 
prompts, “the brightness of…” and “the colour of…”; while we only used one prompt for 
the shape investigations: “the shape of…”. We separately presented these prompts to 
BERT and extracted the embedding for the noun. We expected the contextually 
prompted BERT embedding to better predict the perceptual feature of interest, 
compared to both the Word2Vec and context-free BERT embeddings, as it would bias 
the embedding towards feature-relevant aspects of the semantic representation. 
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Figure 4.1. Experiment 1 pipelines. 

4.3.1. Methods 
 
All associated code and data can be accessed here: 
https://osf.io/ca4wm/?view_only=6d2f88c1f0b347f1b2be72a22b5b9e7e 
 
Datasets 
 
We evaluated model performance on predicting human ratings of perceptual qualities 
from two datasets. In the Solomon and Thompson-Schill (S&T-S) dataset3, Solomon 
and Thompson-Schill (2020) asked participants to rate the brightness of 45 nouns on a 
scale of 0-50 (brightest to darkest), both with and without modifiers. Participants 
(n=100) made these judgments by moving a slider, with a bar showing a greyscale colour 
spectrum running from 0 (white) to 50 (black). We scaled the ratings to lie between 0-1 
(brightest to darkest). The nouns in this dataset were specifically chosen to represent 
the entire spectrum of brightness values (e.g., “charcoal” vs. “snow”), and to include 

 
3 The S&T-S dataset can be accessed here: https://osf.io/7uwn9/ 

https://osf.io/ca4wm/?view_only=6d2f88c1f0b347f1b2be72a22b5b9e7e
https://osf.io/7uwn9/
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concepts for which brightness was a relevant feature. We removed 3 adjectives from the 
original dataset to focus solely on nouns (“black”, “white” and “grey”). The authors also 
collected ratings for adjective-modified versions for each noun, which we use in 
Experiment 2. 
 

The Binder dataset4 consists of semantic ratings collected by Binder et al. 
(2016). Here, the authors aimed to create a dataset of conceptual feature ratings that 
was informed by known modalities of neural information processing. The authors 
settled on 65 semantic features. Participants (n=1743) were asked to rate the relevance 
of each semantic feature to a word’s meaning on a scale from 1-6. Each participant was 
assigned a single word and provided the ratings for all 65 features. As this task was 
crowdsourced on Amazon Mechanical Turk, the authors included a quality metric to 
ensure that participants focused on the task. As such, the correlation between a 
participant’s vector and the group average vector of a word was calculated and if this 
did not exceed a minimum value of r = .5, the participant was discarded. The original 
Binder dataset included two features related to the brightness of a concept: ratings on 
the degree to which each concept is visually bright or dark. To transform these features 
into a brightness metric similar to that used in the S&T-S dataset, we first scaled each 
dimension between 0-1, subtracted the scaled dark dimension from the scaled bright 
dimension, and then transformed the output to ensure that all values fell between 0 and 
1. This way, the spectrum of brightness ratings mimicked Solomon and Thompson-
Schill’s, such that stereotypically bright words (e.g., “sun”) had a low rating (0.133), 
while stereotypically dark words (e.g., “crow”) had high ratings (0.949). It is important to 
note that Solomon and Thompson-Schill (2020) specifically selected items for which 
brightness is a highly relevant property. In contrast, the Binder dataset includes many 
items which are not strongly associated with a particular level of brightness; hence 
many items were clustered around the midpoint of the brightness spectrum. For our 
second perceptual feature, the relevance of shape, we also used ratings from the Binder 
dataset. 

 
We used two versions of the Binder dataset, one which contained only concrete 

nouns and another that contained both abstract and concrete nouns. The concrete 
version of the dataset was created by filtering the original dataset on type and super 
category. We filtered type to only contain items classed as a “thing” or “event”, with 
super category filtered to include “artifacts”, “living objects”, “natural objects” and 
“physical states”. This resulted in a dataset of 274 concrete nouns. For the 
investigations that included abstract items, we additionally filtered the super category 
by “abstract entity”, “event”, and “mental entity”. This resulted in a dataset of 433 items, 
with 275 concrete items and 159 abstract items. We chose to explore the performance 
of concrete concepts alone as Utsumi (2020) found poor performance for the prediction 
of perceptual properties for abstract concepts. Therefore, we wanted to test the effect 
of excluding these.  
 
Embeddings 

 
4 The Binder dataset can be accessed here: https://www.neuro.mcw.edu/index.php/resources/brain-
based-semantic-representations/ 

https://www.neuro.mcw.edu/index.php/resources/brain-based-semantic-representations/
https://www.neuro.mcw.edu/index.php/resources/brain-based-semantic-representations/
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We used three sets of pre-trained word embeddings: Word2Vec, BERTbase and 
BERTLarge. This allowed us to make a comparison between word embeddings that can 
leverage contextual information (contextualised) versus those that are static and 
independent of context (decontextualised). Moreover, we specifically used pre-trained 
embeddings, rather than training our own, as we wanted to assess the predictive ability 
of publicly available embeddings that researchers may use to shed light on the 
conceptual representations of words (Günther et al., 2019; Pereira et al., 2016). We also 
included one-hot vectors as a baseline comparison for each experiment in order to test 
the influence of our feedforward neural network training. Here, each word is encoded as 
a vector whose dimensionality is equal to the number of words in the vocabulary. For a 
single word representation, the node associated with that word (e.g., “charcoal”) will be 
“on”, while all other nodes are switched “off”. As such, one-hot vectors represent a 
simple lexical-coding scheme that contains no semantic information. 
 

Word2Vec embeddings are an example of static word embeddings, meaning that 
they assign a fixed vector to each word, regardless of the context in which the word is 
being used (Mikolov, Chen, et al., 2013). We used pre-trained embeddings from a 
Word2Vec model trained on a section of the Google News dataset (~100 billion words). 
The dimensionality of the embeddings is d=300, and previous evidence demonstrated 
that they are a good fit to human semantic judgements across a range of tasks (Pereira 
et al., 2016). Further details on these pre-trained embeddings can be found on the 
Google Code Archive (https://code.google.com/archive/p/word2vec/). 

 
BERT embeddings are an example of contextualised word embeddings and were 

extracted from BERT (Bidirectional Encoder Representations from Transformers), a large 
language model based on the Transformer architecture (Devlin et al., 2018). The model 
is trained on a masked language modelling task, where language samples are provided 
with 15% of the words masked at random and the model is trained to predict the 
masked words. We used the Hugging Face Transformers API to access two different pre-
trained models, which differ in size (bert-base-uncased and bert-large-uncased) (Wolf 
et al., 2020). These models were pre-trained on two corpora (~3 billion words), 
BookCorpus and English Wikipedia, and tokenized using WordPiece, a subword-based 
tokenization algorithm. We extracted the corresponding word embedding from the last 
hidden layer, and if the noun was split into separate sub-words, we extracted the sub-
word embeddings and averaged them to represent the entire word (dimensionalities: 
BERTbase: d=768; BERTLarge: d=1024). We chose to extract embeddings from the last 
hidden layer as previous research has demonstrated that semantic features are better 
represented by higher layers (Jawahar et al., 2019; Turton et al., 2021). 

 
To create our context-free condition, we replicated the method from Turton et al. 

(2021) for creating a “static” version of BERT embeddings. For each concept, we 
randomly extracted ~250 sentences containing the target word from the One Billion 
Words Benchmark corpus (Chelba et al., 2014) accessed via HuggingFace 
(https://huggingface.co/datasets/lm1b). To do this, we started with a target word (e.g., 
“coffee”) and the shuffled train partition of the corpus (n_sentences=30,301,028). We 
then searched through the corpus, using string match to identify sentences that 

https://code.google.com/archive/p/word2vec/
https://huggingface.co/datasets/lm1b
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contained our target word, and saved examples of the first 250 sentences that were 
found. These sentences were then cleaned to remove extraneous punctuation marks 
and whitespace. For each concept, we ran each of the 250 tokenized corpus sentences 
through BERT, located the position of the target word in the sentence and extracted its 
word-level embedding (or the averaged subword-level embedding). We then averaged 
the 250 embeddings together, which was used as input to our neural network.  

 
To create our contextually prompted condition, we generated specific prompts 

for the nouns depending on the feature to be predicted. For brightness, we initially used 
“the brightness of [noun]”. However, this phrasing could be considered somewhat 
unusual and unnatural for some concepts in the dataset (e.g., most people would 
describe crows as being dark in colour, not dark in brightness). As such, we also tested 
a second prompt, “the colour of [noun]”, which is twice as frequent in the Google n-
grams corpus5. We present results from both prompts and used the best-performing 
prompt in comparisons with other embeddings. For predicting shape, we used “the 
shape of [noun]”. We then ran these tokenized phrases through BERT, located the target 
word at the end of the phrase, and extracted its word-level embedding (or averaged 
subword-level embedding) as input to our neural network. As such, we had three 
versions of the contextually prompted condition: brightness, colour and shape.  
 
Model 
 
Following a similar approach to other studies (Sommerauer & Fokkens, 2018; Turton et 
al., 2020, 2021; Utsumi, 2020), we trained a three-layer feed-forward neural network to 
predict human feature ratings from our word embeddings. The model was implemented 
in PyTorch (Paszke et al., 2019) and consisted of an input layer (dimensions dependent 
on the input embedding), a ReLU activation function, a dropout layer with p=0.2, a 
hidden layer (dimensions dependent on the investigation type) and a single output unit 
(d=1) with a sigmoid activation function to normalise predictions between 0 and 1. For 
our training procedure, we used k-fold cross validation where k=10. In each fold, models 
were trained with 90% of concepts and were then tested on their ability to predict the 
relevant feature for the remaining 10% of concepts. The hyperparameters used for 
model training were: learning rate = 0.01, bias = -2, momentum = 0.9 and a weight decay 
= 10-6. We optimised using stochastic gradient descent. We also performed 
hyperparameter tuning for the number of hidden units and number of epochs to train, 
using gridsearch and nested cross-validation (k=3). We kept the tuned hyperparameters 
the same across specific experimental comparisons to ensure fairness.  
 
Evaluation 
 
To reduce random noise, for each investigation, 10 different models were initialised with 
randomised starting weights. Each of the 10 models was trained and tested according 
to the 10-fold cross-validation scheme described earlier. Differences in model 
performance across the 10 implementations were small (standard deviations of errors 

 
5https://books.google.com/ngrams/graph?content=the+colour+of%2C+the+brightness+of&year_start=20
00&year_end=2019&corpus=en-2019&smoothing=3&case_insensitive=true  

https://books.google.com/ngrams/graph?content=the+colour+of%2C+the+brightness+of&year_start=2000&year_end=2019&corpus=en-2019&smoothing=3&case_insensitive=true
https://books.google.com/ngrams/graph?content=the+colour+of%2C+the+brightness+of&year_start=2000&year_end=2019&corpus=en-2019&smoothing=3&case_insensitive=true
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across models are presented in the Appendix). We obtained a single prediction for each 
concept by averaging the predictions of the 10 models. We evaluated performance of 
the different embeddings using mean squared error (MSE) and R2. The MSE was 
calculated as the average of squared errors between model prediction and the human 
rating for each concept. The R2 for the correlation between model predictions and the 
human ratings was calculated by fitting an ordinary least squares regression model. 
Additionally, we ran statistical tests on comparisons of interest for both brightness and 
shape, outlined below. To evaluate these comparisons, we used the Wilcoxon signed-
rank test, which is a paired-samples, non-parametric test, comparing squared errors for 
each noun. For shape and brightness, we compared: 

• Word2Vec vs context-free BERT 
• Context-free BERT vs contextually prompted BERT  

For the brightness experiments, we also compared:  
• “Brightness” contextually prompted BERT vs “colour” contextually prompted 

BERT 

For experiments using the Binder dataset, we also compared performance for:  
• Brightness vs shape  

 

4.3.2. Results 
 
Solomon and Thompson-Schill Dataset 
 
Figure 4.2 presents an overview of the noun results for each embedding set on the S&T-S 
dataset, along with the MSE and R2.  
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Figure 4.2. Predicted vs target brightness values for the S&T-S nouns. Shaded areas 
indicate 95% confidence interval for regression. CF= context-free, CP= contextually 
prompted. 

As expected, the model trained with one-hot vectors which contain no semantic 
information was unable to predict brightness of the target concepts. Predicted 
brightness values in this model were tightly clustered around 0.5 and were unrelated to 
target concept brightness. Models trained with embeddings performed better. In 
general, BERTLarge embeddings appeared to have the best performance, with R2 values 
ranging from 0.5-0.6. Thus, although previous studies have reported poor prediction of 
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brightness/darkness, here we found that embeddings can predict these to a reasonable 
extent. This may be because we are focusing particularly on a set of nouns for which 
brightness is a highly relevant feature. For the decontextualised embeddings, we found 
that the context-free BERTLarge embeddings performed significantly better than 
Word2Vec (p=6.97 x 10-6). This was also true for the context-free BERTbase embeddings, 
but to a lesser extent (p=0.04). Turning to the contextually prompted embeddings, we 
found no significant difference between the type of prompt (“the colour of” vs. “the 
brightness of”) for either BERTbase (p=0.20) or BERTLarge (p=0.37). As such, we chose 
to compare the “colour” contextual prompt for our comparison with the context-free 
embeddings as the R2 was higher. We found no significant difference between the 
contextually prompted and context-free conditions for either BERTbase (p=0.33) or 
BERTLarge (p=0.66). This suggests the addition of a contextual prompt does not improve 
performance for predicting brightness on the S&T-S dataset.  

Binder Dataset: Brightness 
 
Figure 4.3 (concrete nouns only) and Figure 4.4 (concrete and abstract nouns) present 
the MSE and R2 for each embedding when the model was trained to predict brightness 
for the Binder dataset. In general, both dataset configurations produced a similar 
pattern of results. Overall, the best performing embedding was the context-free BERT 
condition with both concrete and abstract nouns (MSE= 0.01, R2= 0.25). 
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Figure 4.3. Predicted vs target brightness values for the Binder concrete-only nouns. 
Shaded areas indicate 95% confidence interval for regression. CF= context-free, CP= 

contextually prompted. 
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Figure 4.4. Predicted vs target brightness values for the Binder concrete (blue) and 

abstract (orange) nouns. Shaded areas indicate 95% confidence interval for regression. 
CF= context-free, CP= contextually prompted. 

Overall, we found poorer performance across the embedding types when 
predicting brightness in the Binder dataset compared with the S-T&S dataset (maximum 
R2 = 0.25 vs. 0.63). This suggests that brightness information is not as well represented 
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in the embeddings for this larger dataset that contains many items where brightness is 
not a highly relevant property. In our comparison of the decontextualised embeddings, 
we found that the context-free BERT embeddings outperformed Word2Vec on the 
concrete+abstract dataset for both BERTbase (p= 0.005) and BERTLarge embeddings 
(p= 0.05). However, this was not the case for the concrete-only dataset (base: p= 0.33; 
large: p= 0.34). This suggests that the improved predictive ability of the context-free 
BERT embeddings over Word2Vec may stem from better prediction of abstract concepts 
in this dataset. For the comparison of the prompt in our contextually prompted 
conditions, we found that embeddings with the “colour” contextual prompt performed 
better than embeddings with the “brightness” contextual prompt for BERT embeddings 
in most cases, though this was only significant for the BERTbase concrete-only dataset 
(p= 0.01). As such, we used the “colour” prompted embeddings for our statistical 
comparison with the context-free embeddings. We found a statistical difference 
between the context-free and contextually prompted conditions for BERTLarge 
embeddings (concrete: p= 0.02; concrete+abstract: p= 2.48 x 10-7), but contrary to 
expectations, the context-free embeddings had better prediction performance. 
Moreover, for the BERTbase versions, we found no statistical difference in prediction 
performance (concrete: p= 0.09; concrete+abstract: p= 0.96).  

 
Binder Dataset: Shape 
 
Next, we move onto the comparison for predicting the relevance of shape for different 
concepts. See Figure 4.5 (concrete-only) and Figure 4.6 (concrete+abstract) for an 
overview of the MSE and R2 for this investigation.  
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Figure 4.5. Predicted vs target shape values for the Binder concrete-only nouns. Shaded 

areas indicate 95% confidence interval for regression. CF= context-free, CP= 
contextually prompted. 
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Figure 4.6. Predicted vs target shape values for the Binder concrete (blue) and abstract 
(orange) nouns. Shaded areas indicate 95% confidence interval for regression. CF= 
context-free, CP= contextually prompted. 

As expected based on previous studies, embeddings showed very high 
performance in predicting the relevance of shape (Turton et al., 2021; Utsumi, 2020). 
The best performing embeddings were the context-free BERT embeddings on the 
concrete+abstract dataset, with no difference in performance between the base and 
large versions (base: MSE= 0.02, R2= 0.83; large: MSE= 0.02, R2= 0.83). In general, the 
addition of abstract nouns improved model performance for most embedding types. 
This is likely related to the fact that shape values for abstract concepts cluster at the 
lower end of the spectrum. This strong distinction between concrete and abstract 
nouns may have helped bootstrap learning of the mapping between nouns and the 
relevance of shape.  
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Looking at the decontextualised embeddings, we found significant differences 
between Word2Vec and BERT embeddings for the majority of conditions, with the 
context-free BERT embeddings performing slightly better than the Word2Vec 
embeddings (base: concrete+abstract: p= 0.004; large: concrete: p= 0.002; 
concrete+abstract: p= 0.02). This was not the case for the BERTbase embeddings on the 
concrete-only dataset (p= 0.23). Moreover, in our comparison between context-free and 
contextually prompted BERT embeddings, we found that the context-free BERTLarge 
embeddings had significantly greater prediction performance than the contextually 
prompted embeddings (concrete: p= 9.64 x 10-9; concrete+abstract: p= 4.33 x 10-18). 
However, this trend was not apparent for the BERTbase embeddings (concrete: p=0.21; 
concrete+abstract: p=0.06). As such, it appears that the addition of a feature-specific 
prompt can lead to worse prediction performance for the perceptual feature of shape. 

 
Finally, we also statistically compared the best-performing embeddings for 

brightness and shape features on both dataset configurations. For the concrete-only 
dataset, we selected the context-free BERTbase embedding for brightness and the 
context-free BERTLarge embedding for shape. Here, there was no significant difference 
in performance (p= 0.63). For the concrete and abstract dataset, we chose the context-
free BERTbase embeddings for both features. Here, we found a significant difference 
between performance, with better prediction performance for shape than for brightness 
(p= 0.01). This suggests that shape is a better represented perceptual feature in these 
types of word embeddings than brightness, which is consistent with previous results 
(Turton et al., 2020, 2021). 

 

4.3.3. Discussion  
 
In Experiment 1, we found good prediction of brightness for the S&T-S dataset, but not 
for the Binder dataset, suggesting that even difficult perceptual properties can be 
predicted when focusing on a subset of nouns where the feature is particularly salient. 
Replicating previous findings, we also found very good prediction performance for the 
relevance of shape to concepts (Turton et al., 2021; Utsumi, 2020). In general, we found 
that context-free BERT embeddings outperformed Word2Vec embeddings, which aligns 
with prior findings that aggregated contextualised representations are better predictors 
of semantic features than static embeddings (Bommasani et al., 2020; Turton et al., 
2021). However, contrary to our predictions, we found the contextually prompted 
embeddings often performed worse than the context-free embeddings. We consider 
reasons for this in the General Discussion. In addition, onehot vector representations 
were entirely unable to predict any perceptual ratings, unlike the pre-trained word 
embeddings. This confirms that success in prediction is a consequence of the semantic 
information present in the word embeddings and not the neural network we used to 
map from embeddings to ratings.  
 

4.4. Experiment 2  
 
Until now, contextualised embeddings have primarily been tested on their ability to 
predict the perceptual properties of nouns. However, how these embeddings represent 
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the perceptual properties of multi-word expressions, such as adjective-noun phrases, is 
an important consideration. Linguistic theory states that adjectives modulate the 
properties of nouns and they frequently do so in a non-uniform manner (Solt, 2019). In 
particular, the linguistic literature makes a distinction between subsective adjectives 
whose meaning is context-sensitive, and therefore depends on the comparison class 
that they modify such as “tall”, and intersective adjectives that have a more context-
insensitive meaning, such as colour terms (Demonte, 2019; Partee, 2007). As a subtype 
of subjective adjectives, relative gradable adjectives such as “slow”/ “tall” are 
additionally characterised by vagueness and have even been theorised to not directly 
denote properties. Instead, it has been argued that the denotation is only ascribed 
meaning during the process of composition (C. Kennedy, 2007, 2012). 
 

Traditional theories on the composition of conceptual combinations include the 
selective modification model, which specifically focuses on adjective–noun 
combination. Here, it is assumed that concepts are represented as schema-like 
structures with sets of dimensions and corresponding values, similar to prototype 
theory (Hampton, 2015; Rosch & Mervis, 1975; Rumelhart, 1980). During combination, 
an adjective’s primary feature is reweighted onto the noun concept (E. E. Smith et al., 
1988; E. E. Smith & Osherson, 1984). However, criticisms of the selective modification 
model note that the process of combination is more complex, especially when 
expanded to other conceptual combinations such as noun–noun compounds 
(Hampton, 2015; Murphy, 1988). In contrast, the concept specialisation view states that 
combination occurs through specialisation of the head noun concept when one of its 
“slots” is filled by the modifying concept (Cohen & Murphy, 1984; Murphy, 1988, 2004). 
The theory emphasises the role of general background knowledge and reasoning in 
forming conceptual combinations (Murphy, 2004). In summary, theories on conceptual 
combination illustrate the notion that the combinatorial process itself is highly 
idiosyncratic and dependent on the composing concepts (Coutanche et al., 2019). This 
suggests that adjective–noun phrases may be a particular case in which static 
embeddings are insufficient in capturing the underlying semantics, since the process of 
combination shifts the representation of both words in an unpredictable fashion.  
 
Adjective–noun phrases are a valuable way to isolate the integration process of 
conceptual combination as they are independent of additional processes of property 
selection. Solomon and Thompson-Schill (2020) demonstrated this by asking people to 
rate the perceptual feature of brightness for adjective-noun pairs. They found that the 
adjectives “dark” and “light” modified people’s perceptions of the brightness of nouns, 
but they did not do so in an additive fashion: the adjectives had more of an impact on 
some nouns than others. For example, for a mid-brightness noun, such as “paint”, there 
was a big difference between the perceived brightness of its light (“light paint” = 0.112) 
and dark (“dark paint” = 0.867) versions. For other nouns with a more extreme and 
invariant perception of brightness, such as “charcoal”, the adjectives had less of an 
effect (“light charcoal” = 0.565; “dark charcoal” = 0.930). Examples such as these would 
be a clear case where we would expect contextualised embeddings to have an 
advantage in perceptual prediction, compared to static embeddings, in capturing these 
complex interactions between adjectives and nouns. As such, for our second 
experiment, we explored whether contextualised embeddings could accurately predict 



 

 
 

84 

properties for modified adjective-noun pairs, and whether targeted prompts towards 
the relevant property improves this behaviour. 
 

To test this, we again used Word2Vec embeddings, contextually prompted BERT 
embeddings and context-free BERT embeddings. For the Word2Vec embeddings, we 
extracted each of the adjective and noun embeddings and concatenated them to 
represent adjective–noun phrases. As we wished to evaluate predictions for the 
unmodified noun, alongside the “light” and “dark” versions, we paired the nouns with an 
adjective that was uninformative with regards to brightness. We chose “heavy” for this 
because it is a high-frequency adjective (similar to “light” and “dark”) that can be 
applied to objects, whilst conveying no information about their brightness. Our training 
paradigm for this investigation tested each model’s prediction performance on unseen 
adjective–noun phrases. For the BERT embeddings, we again compared contextually 
prompted embeddings with context-free embeddings. As we were interested in multi-
word expressions, we used BERT’s class (CLS) token to represent the entire phrase (see 
Methods). For the context-free conditions, we extracted the CLS token for the adjective-
noun phrase alone, while for the contextually prompted conditions, we used the CLS 
token for the feature-prompted phrase (e.g., “the brightness/colour of dark paint”). 
Figure 4.7 presents an overview of our experiment pipelines for Experiment 2. 
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Figure 4.7. Experiment 2 experiment pipelines. 

4.4.1. Methods 
 
Dataset 
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We used the S&T-S dataset for our adjective-noun investigations. For this study, we used 
all three rating types: the unmodified noun ratings (as used in Experiment 1), and the 
“dark” and “light” adjective-modified ratings. These ratings were originally scored 
between 0-50 (bright to dark), which we transformed to between 0-1 (bright to dark). As 
there are 42 nouns in the dataset, there were a total of 126 adjective-noun phrases. 
 
Embeddings 
 
For the Word2Vec embeddings, we used the pre-trained embeddings described in 
Experiment 1. We concatenated the adjective and noun embeddings for each phrase 
(d=600). For the BERT embeddings, we used the CLS token, which acts as a combined 
representation of the adjective and noun, rather than concatenating the word-level 
embeddings. The CLS token is a classification token that is required at the beginning of 
every sentence input into BERT. It is understood as a sentence-level representation of 
the input, generated with classification tasks in mind (Devlin et al., 2018; Munikar et al., 
2019). As it constitutes a broad representation of the meaning of multi-word inputs, we 
used the CLS token as the entire adjective-noun representation in our analyses. For our 
contextually prompted condition, we input phrases such as “the brightness of dark 
charcoal” into BERT and extracted the CLS token for the entire phrase. In contrast, for 
our context-free condition, we input only the adjective-noun pair, for example “dark 
charcoal” and extracted the CLS token. This meant that our BERT embeddings always 
had the same dimensionality (base: d=768; large: d=1024). It was not possible to 
average context-free embeddings over multiple sentence contexts (as in Experiment 1) 
because many of the adjective-noun phrases did not appear in the one Billion Words 
Benchmark corpus.  Finally, we again used a one-hot encoding scheme to act as a 
baseline model. Inputs to this model consisted of one unit for each adjective-noun 
phrase. 
 
Model 
 
We again used 10-fold cross validation to evaluate our models. In Experiment 1, each 
test fold contained a subset of nouns that the model was not trained on so that we 
could test generalisation to these novel nouns. In the present investigation, we were 
instead interested in how accurately embeddings could predict the brightness of novel 
adjective-noun combinations, having been trained on the same adjectives and nouns in 
different combinations. Accordingly, for each train-test split, we made sure that at least 
one version of each noun (dark-noun, light-noun or heavy-noun) appeared in the 
training set. This ensured that we were not testing on a previously unseen noun, but 
rather on a previously unseen adjective-noun combination (see for examples). All other 
model specifications were the same as our noun investigations, with hyperparameter 
tuning for the number of hidden units and number of epochs performed specifically for 
the adjective dataset.  
 
Evaluation 
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Our evaluation procedures are similar to Experiment 1. We again initialised 10 different 
models with randomised starting weights to avoid the effect of random noise. Each of 
the 10 models was trained and tested according to the 10-fold cross-validation scheme 
described for Experiment 1 (see Appendix for standard deviations of performance 
across the models). We obtained a single prediction for each adjective-noun 
combination by averaging predictions from the 10 models. We evaluated performance 
of the different embeddings, separated by adjective, using mean squared error (MSE) 
and R2. As such, our metrics indexed the ability to predict brightness across the nouns 
when paired with the same adjective. Additionally, we ran statistical tests on our 
comparisons of interest, outlined below. We used the Wilcoxon signed-rank test, which 
is a paired-samples, non-parametric test, comparing squared errors for the “light” and 
“dark” adjective-noun phrases. 

• Word2Vec vs context-free BERT 
• “Brightness” contextually prompted BERT vs “colour” contextually prompted 

BERT  
• Context-free BERT vs contextually prompted BERT 

 

The best-performing embedding out of the prompt comparison (i.e., brightness 
prompt vs. colour prompt) was selected for the context-free and contextually prompted 
BERT comparison above. We also present a qualitative evaluation of how well 
embeddings capture the non-additive effect of adjective brightness on noun brightness.  

4.4.2. Results 
 
We evaluate the adjective investigations in a similar way to the noun investigations, 
however we report the model performance separated by adjective (see Figure 4.8 for an 
overview).  
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Figure 4.8. Predicted vs target brightness values for the S&T-S adjective-noun pairs (dark 

items = dark blue; light items = light blue). Shaded areas indicate 95% confidence 
interval for regression. CF= context-free, CP= contextually prompted. 

In general, all of the embeddings could predict the brightness of novel adjective-
noun phrases well. We found that the Word2Vec embeddings performed best overall 
(Dark: MSE= 0.01, R2= 0.64; Light: MSE= 0.01, R2= 0.70). Contrary to our predictions, in 
the analysis of our decontextualised embeddings, we found that Word2Vec embeddings 
were significantly better at perceptual prediction than the context-free BERT 
embeddings (base: p= 0.0001; large: p= 0.0007). For our comparison of prompt 
effectiveness, we found no significant differences between “the colour of” and “the 
brightness of” prompts (base: p= 0.17; large: p= 0.68). As such, for the contextual 



 

 
 

89 

analysis, we selected “the brightness of” prompt as it generally had higher R2 values. We 
found that the contextually prompted BERTbase embedding performed significantly 
better than the context-free embedding (p= 0.02). However, there was no significant 
difference between the two for BERTLarge embeddings (p= 0.84). 

 
One of the key aspects of the adjective-noun S&T-S dataset is the non-additive 

effect of adjectives on brightness ratings. This “flexible modulation” is shown in the top-
left panel of Figure 4.9 which plots the human ratings for adjective-noun brightness (y-
axis) as a function of noun brightness (x-axis). Adjectives strongly modulate the 
brightness of nouns that fall in the middle of the spectrum (e.g., “paint”), while they 
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have less effect on nouns with more extreme brightness values (e.g., “charcoal”). We 
can see a similar pattern (curvature of datapoints) for the word embeddings.  

 

 
Figure 4.9. Noun vs combination brightness values for the S&T-S adjective-noun pairs 
(dark items = dark blue; light items = light blue) with human ratings (first subplot). CF= 

context-free, CP= contextually prompted. 
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4.4.3. Discussion 
Overall, we observed good performance for perceptual prediction on unseen adjective-
noun combinations for the pre-trained word embeddings, but not for the one-hot 
baseline. We also found that embeddings mimic the non-additive “flexible modulation” 
evident from human data, which suggests that LLMs can capture complex aspects of 
conceptual combination. However, here we found that Word2Vec embeddings 
outperformed context-free BERT embeddings, in contrast to our Experiment 1 findings. 
It is possible this is because the adjective and noun are represented separately in our 
Word2Vec inputs, as these were a concatenation of the two constituent embeddings, 
whereas our context-free BERT embeddings are a single, blended representation of both 
words. We found that the addition of context had a limited impact on perceptual 
performance, with modest evidence that including a prompt towards the feature could 
uncover additional feature-related information.  
 

4.5. General Discussion 
 
In this study, we investigated the ability of embeddings from Distributional Semantic 
Models and Large Language Models to represent perceptual information, comparing 
embeddings with different levels of contextual constraint. In Experiment 1, we 
compared contextualised and decontextualised word embeddings on their 
performance on perceptual prediction for the brightness and shape associated with 
nouns. In general, we found very good prediction of shape and more modest prediction 
of brightness, suggesting that language models do capture some perceptual aspects of 
meaning through exposure to linguistic information alone. Shape was generally better 
predicted than brightness, replicating previous findings (Chersoni et al., 2021; Turton et 
al., 2020, 2021). In our novel investigation of context, we found no advantage for 
contextualising the embedding with the desired perceptual feature (e.g., “the brightness 
of charcoal”). In fact, this most often led to worse performance. For Experiment 2, we 
explored whether word embeddings flexibly represent the modulation of perceptual 
properties that occurs when nouns are modified by adjectives (e.g., “dark charcoal”). 
This work extends previous findings to focus on how conceptual features from multiple 
inputs interact in multi-word expressions. Overall, the embeddings were successful in 
predicting the properties of novel adjective-noun combinations, and we found limited 
evidence for the effectiveness of contextual prompting on perceptual feature 
prediction. We also found that the non-additive effect of adjectives on noun brightness 
was represented within the embeddings, which mimics a key qualitative characteristic 
of the human dataset (Solomon & Thompson-Schill, 2020). These results have 
implications for understanding the degree to which aspects of embodied perceptual 
experience are coded in the statistics of language. 
 

We found generally good prediction of perceptual features from the different sets 
of pre-trained word embeddings tested. This was even the case for brightness 
prediction, which is a feature that previous studies found to be poorly predicted 
(Chersoni et al., 2021; Turton et al., 2021; Utsumi, 2020). One caveat to note is the 
difference in performance when predicting brightness for the two datasets. Our results 
suggest that performance may depend critically on the set of concepts used to test 
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predictions. Previous studies relied heavily on the Binder dataset, which covers a wide 
range of concepts. We found better performance for brightness predictions when we 
used the S&T-S dataset, which contains a more tailored set of concepts for which 
brightness is a relevant feature. Solomon and Thompson-Schill (2020) curated their 
dataset to include concepts that represented the spectrum of brightness values. We 
found that this resulted in better prediction performance in contrast to the Binder 
dataset, which included many concepts where brightness was not a salient feature. As 
such, it may be important to use data that cover the spectrum of perceptual feature 
ratings when assessing the representational ability of word embeddings. 

 
In addition, our findings suggest that shape is more strongly represented in word 

embeddings than the brightness of a concept, replicating previous results (Chersoni et 
al., 2021; Turton et al., 2020, 2021). This could be in part because the degree to which a 
concept has a shape is strongly related to the degree to which the concept is concrete 
or abstract. More abstract concepts (e.g., “government”) reliably have lower ratings 
compared to more concrete concepts (e.g., “table”; see Figure 4.6). This relationship 
does not hold for brightness, where some abstract concepts (e.g., “summer”) can be 
rated highly and many concrete concepts are neutral. As such, it is possible that shape 
prediction was aided by this feature’s correlation with concreteness, which is highly 
salient both psychologically and linguistically (Barsalou et al., 2018; Paivio, 1990). 
However, better performance does not seem to stem simply from an effect of 
bootstrapping from concreteness information, as we observed better prediction 
performance for shape even when only concrete nouns were included. 

 
In terms of the differences between word embeddings, we found that the 

context-free BERT embeddings, which were averaged across many contexts, generally 
outperformed Word2Vec embeddings in predicting perceptual ratings in Experiment 1. 
This replicates a previous finding and suggests that probing word embeddings across 
multiple contexts can lead to more robust representations than static embeddings 
(Bommasani et al., 2020; Turton et al., 2021; Vulić et al., 2020). From our novel 
investigations with the addition of a contextual prompt, we found that the contextually 
prompted BERT embeddings did not result in better performance than our context-free 
BERT embeddings. In some circumstances, we actually found worse performance. This 
does not align with what we observe in humans, where context has powerful effects in 
shaping how particular concepts are retrieved and interpreted (see Yee & Thompson-
Schill, 2016 for a comprehensive review). In one apposite example, Bermeitinger, 
Wentura and Frings (2011) gave participants a task which drew attention to the shape of 
concepts, interspersed with a semantic priming task. This resulted in greater priming for 
concepts where shape was a relevant feature, compared to less shape-relevant 
concepts. This type of semantic facilitation based on the interaction between the 
context and a concept’s features is a robust finding using both behavioural and 
neuroimaging methods (Hoenig et al., 2008; Hoffman et al., 2018; Kuhnke et al., 2020; 
Tabossi & Johnson-Laird, 1980; Van Dam et al., 2010; van Dam et al., 2012; Yee et al., 
2012). Findings like these indicate that the perceptual features humans activate upon 
processing a concept are strongly influenced by the recent context. However, 
contextual prompting does not appear to shape the expression of feature-specific 
information in Transformer-based LLMs in the same way. Our results suggest that 
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specific perceptual prompts may not engineer representations that better reflect that 
particular property and that context-free embeddings (aggregated over many contexts) 
are more effective. This may be one way in which the semantic representations 
extracted from language models differ from our understanding of semantic 
representations in the human brain. Future work that considers a wider range of 
features and prompts would give greater insights into the ways in which context 
influences the representation of different semantic features in word embeddings. It 
could also be possible that newer, larger LLMs are better able to capture context than 
BERT, which is not as well-suited to this type of prompting. As such, future explorations 
of how different model architectures handle this task may also be of interest. Between 
the two versions of the BERT model, it is interesting to note that BERTLarge did not 
consistently outperform BERTbase embeddings. BERTLarge is a substantially larger 
model, with more than three times as many parameters as BERTbase, and was reported 
to outperform BERTbase on a range of language processing tasks (Devlin et al., 2018). 
However, others have suggested that the BERT models were significantly under-trained 
(Liu et al., 2019) and it is possible that with greater training, BERTLarge would have 
consistently overtaken the smaller model in our perceptual comparisons.  

 
In Experiment 2, we explored the ability to predict perceptual feature values from 

word embeddings for novel adjective–noun pairs, having had experience of each of their 
constituents. We found that the Word2Vec embeddings generally outperformed the 
context-free BERT embeddings. Here, our Word2Vec embeddings were a concatenation 
of the adjective and noun embeddings, while for our context-free BERT embeddings we 
took the CLS token to represent the entire adjective-noun phrase. It is possible that 
having distinct representations of the adjective and noun resulted in the better 
performance for Word2Vec embeddings in this task. Nevertheless, the BERT 
embeddings did perform well on this task, which suggests that an integrated phrase-
level representation (i.e., CLS token) also carries perceptual information. We also found 
a limited impact of contextual prompting on predictions, as our contextually prompted 
BERTbase embeddings performed significantly better than our context-free BERTbase 
embeddings. However, this relationship did not hold for the BERTLarge embeddings. We 
take this as modest evidence that the provision of a contextual prompt can uncover 
further feature-related information. We also found evidence of the non-additive nature 
of adjective-noun brightness reflected in the embeddings. This characteristic refers to 
the variable way in which modification with an adjective impacts the brightness ratings 
of nouns (Solomon & Thompson-Schill, 2020). For example, a mid-brightness concept, 
such as “paint”, has greater variation in brightness ratings across adjective 
combinations, than an extreme-brightness concept, such as “charcoal”. This finding 
suggests that the type of flexible modulation found in how humans represent concepts 
is also reflected in word embeddings. Of note, we want to highlight the ambiguity here 
between the senses of “light” as both the antonym of “dark” and the antonym of 
“heavy”. It is possible that this impacted the comparisons we make between the 
unmodified noun predictions and the modified phrases. Indeed, polysemy remains a 
challenge for compositional distributional approaches to adjective modification 
precisely because of idiosyncrasies in the compositional process (Baroni, 2013; Baroni 
& Zamparelli, 2010; Boleda, 2020). For example, the different senses of “light” could 
interact with the same noun, such as “coffee”, to differing degrees. Future work could 
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investigate the polysemous nature of perception-relevant adjectival modification by 
comparing contextualised word embeddings that reflect different senses such as in 
“light”.  
 

Overall, our study converges with previous investigations in suggesting that a 
surprising degree of perceptual information can be transferred through linguistic 
content alone. Utsumi (2020) suggests that language is a realisation of experiences in 
the real world, arguing that the type of statistics used by language models implicitly 
involve conceptual knowledge from direct experience. Our findings support this view, 
which is most compatible with a unified account of cognition, where processing 
integrates embodied and symbolic elements (Andrews et al., 2014; Louwerse, 2011, 
2018). Accounts such as the Symbol Interdependency Hypothesis emphasise the use of 
both symbol-to-symbol mappings, as well as symbol-to-world mappings (Louwerse, 
2011). The current work adds to the body of literature indicating that semantic 
representations learnt using distributional methods frequently align with those based 
on reports of perceptual experience (Chersoni et al., 2021; Lucy & Gauthier, 2017; 
Sommerauer & Fokkens, 2018; Utsumi, 2020). Additional evidence for a dual 
representational system is reviewed by Bi (2021), who highlights behavioural and 
neuroimaging studies of colour knowledge on both those with visual experience, and 
those without (i.e., congenitally blind participants). Evidence from neural decoding 
demonstrated a non-sensory, language-derived system of colour knowledge in both 
sets of participants, with an additional sensory-derived representation present for those 
with visual experience. This suggests that humans can and do acquire perceptual 
knowledge through language to some degree. This evidence is more in line with a weak 
embodiment approach, such as that put forward by Dove (2014), who argues that 
language itself is embodied and interacts with other embodied systems (i.e., perception 
and action). Another relevant account is the Linguistic and Situated Simulation (LASS) 
theory (Barsalou et al., 2008; Santos et al., 2011), which proposes that lexical–semantic 
processing involves the early activation of linguistic information and is supported by 
later, embodied processes that simulate relevant sensorimotor experiences.  

 
Possible directions for future research include investigating how different types 

of semantic features are encoded in language for both concrete and abstract concepts. 
Specifically focusing on meaning within LLMs, Piantadosi and Hill (2022) argued that 
meaning is not just borne out of grounding, but rather in how concepts relate to each 
other. They claim that this mapping of interactions between concepts is common to 
both humans and machines. Exploring the mechanisms behind how LLMs gain this kind 
of representational ability would be an interesting direction for future work. Another 
possible direction is to investigate the extent to which perceptual properties of 
interactions are represented in models. While we have explored the nature of adjective 
and noun interactions, there are many interactions involved in a myriad of conceptual 
combinations, such as noun-noun compounds, which warrant further investigation 
(Coutanche et al., 2019). Moreover, work that considers different implementations in 
the extraction and testing of word embeddings would address one of the limitations of 
the current work. For example, this could include the use of more elaborate prompts 
when contextualising towards a specific feature, such as prompts that convey events in 
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the form of transitive-verb clauses. Further research in this area would allow for greater 
analysis of the generalisability of the current findings. 

 
In conclusion, our current work adds to recent literature that probes the 

relationship between word embeddings and human semantic ratings. We replicated 
previous results that demonstrated generally good performance for the prediction of 
some perceptual features, namely shape, while brightness was less well represented. In 
our novel contributions, we found that the addition of a contextual prompt had limited 
improvements on the representational ability of word embeddings for perceptual 
prediction. Moreover, word embeddings do reflect some of the flexible modulation of 
perceptual features that occurs in semantic compositions, in particular, modification 
with an adjective. Future research could focus on generating more specific context 
prompts and extending this to other features. This may reveal further insights into how 
linguistic context impacts engineered semantic representations. 
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Chapter 5  
 
Flexibility in conceptual combinations: a 
neural network model of gradable adjective 
modification 
 

5.1. Abstract 
 
Our ability to combine simple constituents into more complex conceptual 
combinations is a fundamental aspect of cognition. Gradable adjectives (e.g., “tall” and 
“light”) are a critical example of this process, as their meanings vary depending on the 
noun with which they are combined. For example, a dark diamond is less dark than dark 
charcoal. Here, we investigate how a neural network encodes the flexible nature of 
gradable adjectives in adjective-noun pairs, using the perceptual feature of brightness 
as a test case. We trained a neural network to predict human brightness ratings for 
unmodified nouns and adjective-noun pairs and assessed its ability to generalize to 
untrained combinations (e.g., “light paint” vs. “dark paint”). We also explored how this 
information is encoded. We found that flexible learning of gradable adjectives was 
possible, with neural networks first making predictions based on the adjective alone, 
and then modulating these with information from the noun later in learning. We also 
found that model outputs mimicked the kind of non-additive feature modulation 
present in human data. Our results have implications for understanding how semantic 
composition occurs and generate testable predictions for future work.     

5.2. Introduction 
 
Conceptual combination refers to the ability to construct complex concepts from 
simpler constituents. For example, even if you have never encountered combinations 
such as “sand gun” and “robin eagle”, you are able to infer what such concepts may be 
by relying on the semantics of the constituent words (Costello & Keane, 2000; 
Coutanche et al., 2019). This process is highly dependent on context, with varying 
outcomes on the semantic representation of the combined phrase. Understanding how 
conceptual combinations are constructed may be able to help our understanding of 
conceptual representations in general (Coutanche et al., 2019). Previous theories of 
conceptual combinations from cognitive science have posited two mechanisms: 
attributive and relational. An attributive process is where an attribute of a word is 
assigned onto another, such as “zebra clam” to describe a clam with stripes, whereas a 
relational process concerns the inference of the relationship between two words, such 
as “floor television” to describe a television standing on the floor (Estes, 2003; 
Wisniewski, 1997; Wisniewski & Love, 1998). 
 

What makes adjective-noun combinations such an interesting use-case is their 
reliance on context in the relation between adjective and noun (Asher, 2011; Boleda et 
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al., 2013), which is the focus of the current study. Adjectives, which are descriptive 
words that modify the word they attach to (Dixon & Aikhenvald, 2004), are able to 
modify meaning in multiple ways. Adjective-noun pairs that contain a relative gradable 
adjective (e.g., “tall penguin”) are particularly context-dependent. Solt (2019) highlights 
that these adjectives are only understood in relation to a comparison class. For 
example, the meaning of adjectives such as “tall” and “light” are understood against the 
contextual standard for the group of objects that they modify. To explain further, you can 
use “tall” to describe someone of above average height, and also for a building such as 
The Shard. Here, the actual height denoted by “tall” is different between the examples 
as the same adjective can have different effects depending on the noun with which it is 
paired. As such, the meanings of gradable adjectives are inherently dependent on their 
context. In general, the adjectival modification of nouns presents an interesting 
challenge for distributional language models due to the highly variable nature of 
semantic composition (Asher, 2011; Boleda et al., 2013). We argue that adjective-noun 
pairs which include a gradable adjective present an even greater challenge, and that 
insights from neural network modelling could help us better understand this 
composition process. 

 
The current study attempts to computationally model this flexibility in 

conceptual combinations, focusing on adjective-noun pairs. We trained a feedforward 
neural network to predict brightness ratings for adjective-noun pairs (e.g., “light paint”) 
and tested its ability to generalize to unseen combinations. We presented information 
about both the unmodified concepts (here represented by a neutral adjective-noun pair 
condition) and their dark and light combinations. The brightness ratings were taken from 
Solomon and Thompson-Schill (2020), where humans were asked to rate the darkness 
of concepts for both unmodified nouns and adjective-noun pairs. We compared our 
model’s performance against the generative models presented by Solomon and 
Thompson-Schill (2020) and present qualitative explorations into how our model 
performs this task. We found that our model can learn to predict brightness values for 
adjective-noun pairs and can successfully generalize to unseen adjective-noun 
combinations, performing at a similar level to Solomon & Thompson-Schill’s Bayesian 
model, while outperforming simpler additive and multiplicative models. Moreover, we 
found that our model first learns information about adjective brightness, then begins to 
combine this additively with knowledge of noun brightness, and only later learns to 
combine noun and adjective knowledge in the non-additive fashion observed in the 
human data. Concepts that are more ambiguous with regards to their brightness (e.g., 
“paint”) were also learnt later in training, compared to those that were not (e.g., 
“charcoal”). 

 
To emphasize, the current work is focused on the question of how models 

encode this information, rather than concerns about performance, as this can provide 
novel insights and generate further hypotheses about the process of semantic 
composition. It has recently been suggested that neural networks are a promising 
method for capturing both the systematic and idiosyncratic aspects of language, due to 
the lack of constraints imposed on the internal representations used when mapping 
inputs to outputs (Rabovsky & McClelland, 2020). Thus, it is possible that these types of 
models would be useful in modelling the flexibility of gradable adjectives, which 
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combine systematic constraints with idiosyncratic item-related biases to construct a 
meaningful interpretation.  
 

5.3. Related Work 
 
Much of the computational work on semantic composition has implemented vector- 
and matrix-based compositional functions to represent combined concepts (Baroni & 
Zamparelli, 2010; Hartung et al., 2017; Mitchell & Lapata, 2010). Hartung et al. (2017) 
aimed to model adjectival attribute meanings using word embeddings. Attribute 
selection is the task of predicting the hidden attribute meaning that is expressed by an 
adjective-noun combination; for example, the difference between understanding that 
“hot summer” relates to the temperature of the combined concept, whilst a “hot 
debate” relates to the passion surrounding the topic. By making use of a dataset with 
attribute annotations, they found that weighted combinations of adjective and noun 
embeddings could accurately predict the attribute described by a phrase, 
outperforming predictions from either the adjective or noun alone (Hartung et al., 2017). 
While their findings on how meaning is represented in adjective-noun pairs is of interest, 
the investigations in Hartung et al. (2017) only predict which attribute can be assigned 
to the adjectival modifier (e.g., weight, brightness, speed), rather than the magnitude of 
the modifier’s influence. Thus, the question of how to build flexibility into computational 
representations of gradable adjective-noun pairings remains. 
 

Shwartz and Dagan (2019) identified six tasks associated with compositional 
phenomena and tested how well a range of word embeddings could accurately reflect 
the lexical composition process. Overall, they found that contextualized word 
embeddings performed better at the tasks, compared to static embeddings. However, 
while they exhibit similar performance to humans at recognizing meaning shifts, 
performance was much lower for tasks that required a representation of implicit 
meaning. This highlights the difficulty distributional models have in representing the 
meanings of phrases, especially those with contextually-dependent interpretations 
(Asher, 2011; Boleda et al., 2013; Shwartz & Dagan, 2019). 

 
Solomon and Thompson-Schill (2020) have recently attempted to model 

flexibility in conceptual combinations. They used a three-pronged approach, 
incorporating behavioural, computational and neuroimaging methods to explore 
conceptual structure and the neural regions that support the flexible use of features. 
The authors focused on the level of perceptual brightness conveyed by adjective-noun 
pairs. They introduced a construct, feature uncertainty, which reflects the entropy 
associated with a concept’s brightness (Shannon, 1948). In their behavioural 
experiments, human participants rated the brightness of 45 modified and unmodified 
concepts on a scale from 0 (light) to 50 (dark) (see “Human” plot in Figure 5.1.). They 
found that brightness ratings were influenced by both the adjective and noun. For 
example, the ratings for “light feather” were lighter than those for either “dark feather” or 
“light charcoal”. It was also apparent that the degree to which the adjective modulated 
brightness was not constant across nouns. For example, some of the concepts had 
large differences between their light and dark modified forms (e.g., “paint”), whereas for 
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other concepts, this difference was much smaller (e.g., “white”). The authors found that 
the flexible modulation of brightness across concepts correlated with their construct of 
feature uncertainty: the degree of adjectival modulation was greatest for objects of 
moderate brightness (e.g., “paint”, “slippers”; which were assumed to have the greatest 
feature uncertainty), and smallest for objects with more extreme values of brightness 
(e.g., “snow”, “charcoal”). As such, their data suggests a predictable, but non-additive 
relationship between the expected brightness of an adjective-noun pair and the 
brightness of its adjective and noun constituents. 

 
The authors also implemented a number of generative models for brightness 

prediction. They incorporated two baselines, where the predicted brightness of the 
combination was just the brightness of either the noun or adjective, respectively. They 
also included an additive model, which predicted combination brightness through a 
weighted sum of adjective and noun brightness; a multiplicative model, which 
predicted combination brightness through a scaled product of adjective brightness and 
noun brightness; and a Bayesian model, which generated predictions through a product 
of Gaussian brightness distributions for the adjective and noun, fit on the response 
frequencies from the behavioural judgement task. They found that the Bayesian model 
significantly outperformed the other models. As the Bayesian model was the only 
model to incorporate information on feature uncertainty (i.e., the variability in 
brightness ratings for each object), the authors argued that feature uncertainty was 
critical for capturing the patterns of feature modulation in the human judgements 
(Solomon & Thompson-Schill, 2020). 

 
In the present study, we investigated how a simple neural network learns to 

predict the brightness of adjective-noun concepts. The network was trained on a subset 
of Solomon and Thompson-Schill’s (2020) adjective-noun brightness ratings and tested 
on its ability to predict brightness for unseen, novel combinations of adjectives and 
nouns. This work represents an advance on previous work in two ways. First, existing 
models provide accounts of how adjective and noun information combines in a mature 
semantic system but are largely silent on how this ability is acquired. As neural 
networks learn to perform tasks incrementally through training, they provide an 
opportunity to investigate how representations emerge and what developmental stages 
are involved (Frank et al., 2019; Rogers & McClelland, 2004). Second, unlike the 
Bayesian model proposed by Solomon and Thompson-Schill, our simulations included 
no notion of feature uncertainty. This allowed us to test whether the construct of feature 
uncertainty is necessary to account for non-linear effects of adjectival modification.  
 

5.4. Methods 
 
All associated code and data can be accessed here: https://osf.io/ptqnu/ 
 

5.4.1. Dataset 
 
The dataset from Solomon and Thompson-Schill (2020) consists of averaged human 
ratings from a behavioural experiment, where human raters were asked to rate the 

https://osf.io/ptqnu/
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brightness of unmodified nouns (e.g., “coffee”) and modified adjective-noun pairs (e.g., 
“light coffee” vs “dark coffee”) for 45 concepts. The original dataset from Solomon and 
Thompson-Schill (2020) can be accessed here: https://osf.io/7uwn9/. Two separate 
groups of participants (n=100; n=199) rated the brightness of the unmodified nouns and 
the brightness of the adjective-noun combinations. The brightness ratings were on a 
scale from 0 to 50, with 0 representing light and 50 representing dark. 
 

We used the averaged ratings of the brightness of the unmodified concepts and 
the averaged ratings of the brightness of the combined concepts (for example, the 
concept “black” had an unmodified rating of 47.83, while “dark black” had a rating of 
49.61 and “light black” a rating of 37). We transformed these ratings to a scale from 0 to 
1, with 1 now representing the dark end of the spectrum. To standardize our inputs to 
our model, we appended a brightness-agnostic adjective (“neutral”) to the unmodified 
concepts. Therefore, we had three versions of each concept: dark, light and neutral, 
resulting in 135 items in total. To generate our model inputs, we created a one-hot 
encoding of both the noun and the adjective, and then combined these to form a 
representation of the adjective-noun pairs. 
                                                                                                                                                                                                                                                                                                                                                                                                                                                

5.4.2. Model 
 
We implemented a feedforward neural network architecture in PyTorch (Paszke et al., 
2019). The network consisted of three layers, with one hidden layer. The input layer 
consisted of 48 units, representing the 45 nouns and 3 adjectives. The hidden layer had 
30 units, while the output layer consisted of 1 unit, which represented the model’s 
brightness prediction. Between the linear layers, we included a Rectified Linear Unit 
(ReLU) activation function (Agarap, 2019), while we used a Sigmoid activation function 
between the hidden and output layers in order to transform the model prediction 
between 0 and 1, and thus be comparable to our scaled brightness ratings.  
 

We set a range of hyperparameters, with some values optimized through grid 
search (see Training), and others taken from a study with a similar goal of representing 
flexibility in semantic concepts (Hoffman et al., 2018). As such, our model had a bias=-
2, momentum=0.9, and weight decay=10-6. 
 

5.4.3. Training 
 
Due to the limited size of our dataset, we implemented k-fold cross validation (k=10) in 
order to maximize the utility of our data (Arlot & Celisse, 2010; Fushiki, 2011; Geisser, 
1975). We chose k=10 as it has been widely used across the machine learning literature 
(Arlot & Celisse, 2010; Marcot & Hanea, 2021; Nti et al., 2021). We split our dataset into 
train and test sets, with approximately 122 items in train and 13 items in test. We 
ensured that the nouns present in the adjective-noun pairs in the test set were also 
present in a different combination in the train set. For example, if “dark charcoal” was a 
test item for one of our folds, then we confirmed that the train set contained at least one 
“charcoal” item, such as “neutral charcoal”. We fed the input items to the model in 
batches, with a batch size of 14. We performed hyperparameter optimization using 

https://osf.io/7uwn9/
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nested k-fold cross validation (n=3), such that our training set was further split into 
three sets, with one of these sets used as a validation set. We implemented grid search, 
whereby we optimized on learning rate, the number of hidden units and the number of 
epochs to train for (Liashchynskyi & Liashchynskyi, 2019). We evaluated our grid search 
using the negative mean squared error (MSE), which resulted in optimal parameters of 
learning rate=0.3, number of hidden units=30 and train time in epochs=125. In our final 
models, training ran for 125 epochs, with our model weights optimized through 
stochastic gradient descent (Amari, 1993). 
 

5.4.4. Evaluation 
 
To evaluate our model’s predictions on the unseen adjective-noun pairs, we used mean-
squared error, comparing the model brightness predictions for the unseen adjective-
noun pairs against the ground-truth, i.e., averaged brightness ratings from human 
participants, and R2. As such, during training, the model acquires knowledge about the 
typical brightness of a range of objects and is shown how the two adjectives 
(“dark/light”) modulate brightness for some, but not all, of these objects. It is then 
tested on the combinations that were not provided during training. Thus, we tested the 
model’s ability to acquire knowledge about how dark/light adjectives modulate the 
expected brightness of objects, situated along the brightness spectrum, and then to 
generalize this knowledge to novel adjective-noun combinations. 
 

5.5. Results 
 
We trained 10 models initialized with different random weights. Each model was trained 
for 10 iterations using k-fold cross-validation. All results below are averaged over the 10 
models and only include performance on unseen adjective-noun combinations.  
 

5.5.1. Model Performance 
 
In Figure 5.1, we plot the model predictions for the held-out combined concepts 
alongside the human ratings, after training for the full number of epochs. These are 
separated by adjective, with annotated examples taken from Solomon and Thompson-
Schill (2020). The brightness of the unmodified concept is plotted on the x-axis, against 
the predictions of combination brightness on the y-axis. For instance, if we take ‘paint’ 
as our example, Figure 5.1 shows that the model predictions for the modified noun have 
the same x-axis value (i.e., compare the x-axis values for model-derived predictions for 
‘light paint’ (light red triangle) and ‘dark paint’ (dark red triangle)), while the y-axis values 
(i.e., combination brightness value) are different. Here, a value of 0 refers to the lightest 
possible object, while 1 refers to the darkest items. The grey line across the plots 
indicates the alignment of the combination brightness with the brightness of the 
unmodified concept. The model performed comparatively well in predicting the 
combination brightness of concepts after the full training procedure. Further, the model 
captured the three main features of the human data: (1) that the brightness of the 
adjective-noun pair is influenced both by the adjective and the noun, (2) that the degree 
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to which the adjective modulates the brightness varies across nouns and (3) that the 
largest modulations occur for nouns of moderate brightness. 
 
 

 
Figure 5.1. Human ratings and model predictions of combined brightness as a function 

of brightness for the unmodified concepts.  

To investigate how the model evolved during training, we plot model predictions 
across a subset of epochs during the training procedure (see Figure 5.2). The model 
passes through a series of developmental stages. The model begins to cluster the 
combined concepts early on during training by making brightness predictions based on 
the adjective alone. The subplot of Epoch 4 highlights this clearly, with the “dark” items 
depicted in dark blue, and the “light” items depicted in light blue. The model is correctly 
predicting the difference between “dark” and “light” items but is insensitive to the noun 
brightness. However, by Epoch 10, the model acquires knowledge of noun brightness in 
order to assign a more accurate prediction (i.e., combination brightness begins to be 
influenced by noun brightness). Here, the model’s predictions resemble the additive 
model from Solomon and Thompson-Schill (2020), in that the model is sensitive to the 
brightness of both the noun and the adjective, but the adjective modulates each noun’s 
brightness to the same extent. This modulation becomes more flexible and noun-
dependent in the later epochs, as demonstrated by the eventual non-linear curves in 
the Epoch 100 plot. Here, it appears that the model is gradually refining its predictions 
as it learns that the adjectives can have variable influences on different nouns, for 
example, a greater influence for concepts that fall in the centre of the brightness 
spectrum. Solomon and Thompson-Schill (2020) suggest that this feature of the human 
data is due to a greater amount of uncertainty for moderate-brightness nouns. However, 
there was no uncertainty in the inputs to our model—each adjective-noun combination 
was associated with a single, fixed brightness value. This suggests that the non-additive 
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modulation patterns in the human data can be explained without appealing to feature 
uncertainty.  
 

 
Figure 5.2. Model predictions of combination brightness during a subset of epochs.  

5.5.2. Model Comparison 
 
In order to ascertain how our neural network performed in comparison to the models 
presented in Solomon and Thompson-Schill (2020), we replicated their models using 
the data provided by the original authors. We also transformed the neural network 
predictions back to the original brightness scale (0=light, 50=dark) for comparability. We 
then evaluated the models’ performances using mean squared error (MSE), R2, and the 
standard deviation, and compared these across all models. Results can be found in 
Table 5.1, with results from our model depicted in bold. We also performed statistical 
analyses on the squared errors of the combinatorial models. A one-way ANOVA 
(analysis of variance) demonstrated that overall MSEs differed across the four models 
(F(3, 176) = 19.22, p <0.01). Pairwise comparisons revealed that the Bayesian and neural 
network models did not differ significantly in performance (t(44) = 0.08, p=0.94). The 
neural network did significantly outperform both the additive and multiplicative models, 
however (t(44) = 2.24, p=0.03; t(44) = 5.13, p < 0.01). 
 
Table 5.1. Model comparisons. Bold indicates our implementation; all other 
implementations are from Solomon & Thompson-Schill (2020). % change indicates the 
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percentage difference in MSE between our neural network and all other 
implementations. 

Model MSE SD R2 % change 

Adjective 258.63 25.0 0.00 93.7 

Noun 207.30 14.88 0.09 92.1 

Additive 29.57 17.76 0.87 44.5 

Multiplicative 80.24 20.47 0.65 79.6 

Bayesian 16.87 14.85 0.93 2.7 

Neural network 16.41 15.13 0.93  

 
 

5.5.3. Learning Trajectories 
 
To understand the mechanisms that supported learning, we ran qualitative explorations 
into the model’s performance. We first outline our investigations into the learning 
trajectories of the annotated examples across epochs. After, we discuss the activations 
of the hidden representations and present a cluster-based analysis using t-SNE (t-
distributed stochastic neighbour embedding) (Maaten & Hinton, 2008). 
 

To understand how our model performs on selected cases, we used the 
annotated examples shown in Figure 5.1. These contain concepts across the range of 
brightness ratings. Figure 5.3 depicts the model predictions of the combined concepts, 
separated by adjective. We plot these predictions across epochs on a log-scale to 
better demonstrate the distinction in predictions between the earlier and later epochs. 
Figure 5.3 shows that the predictions for the combined concepts become 
distinguishable by noun only later during training. This again highlights the clustering of 
combined brightness by adjective that dominates the model’s initial predictions. 
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Figure 5.3. Model predictions for annotated examples over training. Model predictions 

of combination brightness across epochs (on a log-scale) for selected concepts, 
separated by adjective (light items on the left plot; dark items on the right plot). 

We also investigated the error in model predictions for these annotated 
examples across all epochs (see Figure 5.4). Here, we define error as the numerical 
difference between the model predictions and the true combined brightness value. As 
such, negative values indicate that the model’s predictions were darker than the true 
combined brightness value (i.e., closer to 1), whereas positive values represent model 
predictions that were lighter than the true combined brightness value (i.e., closer to 0). 
The large peaks in the error values are another indication of the model’s predictions first 
assigning similar values to combinations with the same adjective. For example, the high 
error peak for “light black” (see orange peak in the left plot), compared with the high 
error peak for “dark white” (see pink peak in the right plot). This shows that the model is 
slowest to learn appropriate brightness predictions for concepts where the adjective 
and noun have contradictory brightness associations.  
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Figure 5.4. Error between model predictions and ground-truth during training. Prediction 
error of combined brightness predictions against true values across epochs (log-scaled) 
for selected concepts, separated by adjective (light items on the left plot; dark items on 

the right plot). 

5.5.4. Hidden Representation Analysis 
 
Finally, we analysed the hidden representations acquired by our neural network. We 
extracted the hidden activations for each item after training (epoch 125). We then 
performed dimensionality reduction using t-SNE to reduce the hidden activations from 
30 dimensions to 2 dimensions. We ran this procedure for each of our folds to ensure 
that our output was consistent. Here, we only depict a representative figure from one of 
our 10 folds. In Figure 5.5, we can observe that the hidden activations of our items form 
two clusters based on the adjective, with light items represented by the circles, and 
dark items represented by the crosses. The darkness of the points refers to the 
unmodified noun brightness. In none of the investigations of the hidden activations did 
we find clusters based on the noun. This reinforces our previous findings that adjective 
identities are the dominant organizing principle for the model’s representations.  
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Figure 5.5. Hidden activations after 2D-TSNE reduction. Adjectives depicted by marker 
shape (circles represent light items; crosses represent dark items); nouns depicted 
through greyscale colour (ordered by unmodified brightness). 

5.6. Discussion 
 
In this study, we investigated how a neural network learns to encode the flexible nature 
of semantic composition with relative gradable adjectives. We trained a small neural 
network to predict brightness ratings of a range of concepts using both unmodified 
nouns and adjective-noun pairs. When tested with novel adjective-noun combinations, 
our model implementation performed as well as the Bayesian model presented in 
Solomon and Thompson-Schill (2020). While both models exhibit similar MSE and R2, 
the Bayesian implementation is fit with a richer dataset (i.e., the distribution of ratings 
across individual participants), whereas our neural network achieves similar 
performance using only the mean ratings. As such, we argue that our neural network 
demonstrates an improvement over the Bayesian model due to the requirement for less 
training data. In addition, our neural network does not make use of the novel construct 
of feature uncertainty, which suggests that data on the uncertainty of a property is not 
needed to predict the influence of gradable adjectives on adjective-noun pairs. 
 

Furthermore, the nature of neural networks allowed us to investigate exactly how 
the model predictions developed across training. Our investigations into the learning 
trajectories of specific examples revealed that the network first clustered the items by 
adjective. Later in training, the influence of the noun’s brightness plays a role, with 
model predictions assuming an additive nature whereby the adjective modulates each 
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noun to the same extent. Towards the end of training, model predictions finally converge 
on a non-additive mapping, whereby the adjectives exert differential modulation of the 
combination brightness, depending on the nouns they are paired with. One question 
that emerges is whether children acquire knowledge about gradable adjectives in the 
same way. Previous research into the acquisition of gradable adjectives has 
demonstrated that children as young as 4 years old are able to interpret adjectives in a 
way that is sensitive to statistics of the object class they are applied to (Barner & 
Snedeker, 2008). However, there is little evidence on earlier stages of acquisition, so it is 
currently unknown whether children first develop adjective-based representations 
before this noun-specific information is incorporated. It was also found that children 
demonstrated an asymmetry in their mastery of compositional semantics with regards 
to positive and negative terms (e.g., better mastery of “tall”, compared with “short”) (see 
Smith et al., 1986). We did not find this asymmetry within our neural network, as 
predictions for both light and dark items appeared to develop similarly across epochs 
(i.e., first assign a blanket adjective prediction, then nuance by noun). It is possible this 
is because we did not provide any information as to the valence of the items. In other 
words, the model is not aware of which adjective corresponds to a positive or negative 
term in the real world. It is also possible that the age of acquisition (AoA) of positive and 
negative terms influences this asymmetry. One suggestion for further research would be 
to replicate this asymmetry in the acquisition of compositional semantics to better 
understand the mechanisms surrounding the influence of context on combined 
concepts. For example, a possible AoA influence could be introduced through focusing 
training on lighter items during earlier epochs. 

 
A key question that arises from the findings of the current study is whether this 

approach extends to other conceptual properties. The use of brightness as our property 
of interest has some caveats, in the sense that it is strongly perceptually grounded. It 
has been demonstrated that perceptually salient cues are particularly important in the 
grounding of cognition (Barsalou, 2010). It is possible that less perceptually grounded 
and concrete properties, such as “expensive”, are less amenable to this approach, 
especially considering the greater individual variability in rating more abstract concepts 
(Wang & Bi, 2021). The extension of this approach to other properties is, therefore, an 
interesting direction for future research. For example, further investigations with both 
different conceptual features of interest and adjectival types could assess whether the 
organizing patterns we observe here are general features of adjective-noun 
combination. 

 
One limitation of the current approach is the simultaneous presentation of the 

adjective and noun representations to the model. As such, we were not able to 
investigate the impact of sequential presentation on compositional semantics. The use 
of sequential models would allow us to further investigate the mechanisms that support 
compositional semantics in spoken language. With more complex sequential models, 
such as a model trained to predict the noun following a presented adjective as well as 
its expected brightness, future research could also focus on the interplay between 
language and embodied perceptual predictions. This would enable further exploration 
into the nature of statistical influence on the acquisition of compositional semantics, 
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and thus, how the preceding context supplies comprehenders (whether human or 
artificial) with prior expectations that shape the semantic interpretation of a noun.  
 

5.7. Conclusion 
 
This study has demonstrated that neural networks are able to flexibly learn mappings of 
gradable adjectives onto unmodified nominal concepts. Our neural network 
implementation quantitatively performs similar to previous implementations, and also 
provides a window into the acquisition of this type of compositional semantic 
structures. We found that early predictions were organized by adjective representations, 
with influence of the noun appearing later. We also found that the model is slowest to 
learn appropriate brightness predictions for concepts where the adjective and noun 
have contradictory brightness associations. These findings provide further insight into 
the mechanisms by which conceptual combination may occur and allow for more 
targeted hypothesis generation for future studies into the phenomena.  
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Chapter 6 
 

Discussion  
 

In this thesis, I have addressed the role of context and its influences on the nature of 
semantic representations and mechanisms in humans and machines. Context has 
been theorised to be a crucial property for structuring the semantic system (Yee & 
Thompson-Schill, 2016), however much of the research on language comprehension 
has only focused on context at the sentence-level. In this thesis, I have explored context 
effects at both wider (i.e., discourse) and narrower (i.e., phrasal) scales in order to 
better our understanding of how semantic representations and mechanisms change as 
a result of this context. To this end, I have presented two branches of research that 
explore contextual influences at these scales. In the first, I asked whether the 
coherence of a discourse impacts how comprehenders make downstream predictions 
about upcoming information. In the second, I explored how context influences the 
representations of concepts, both individually and in combination, analysing the extent 
to which perceptual feature information can be represented and flexibly combined in 
language models.  
 

In Chapter 2, I presented three online, self-paced reading experiments that 
investigated whether discourse coherence is an additional cue that comprehenders use 
to modulate lexical predictions about upcoming material. I created three-sentence 
passages manipulated on coherence and predictability. Discourse coherence was 
manipulated by varying how consistent the information in the final target sentence was 
with the information presented in the two-sentence preamble contexts, while 
predictability was manipulated by varying the cloze probability of the critical word 
within the target sentence. The first experiment had a 2x2 factorial design with these 
stimuli and showed that participants are faster to read target sentences that are 
preceded by a highly coherent context, with this facilitation observed throughout the 
target sentence. In the second experiment, I altered the ratio of high and low coherence 
conditions to include a 75:25 split as previous research has suggested that 
comprehenders flexibly engage in predictive processing based on the reliability of the 
predictive cue (Brothers et al., 2017). Here, I found a similar result as Experiment 1. In 
the third and final experiment, I replaced the low predictability condition, which was 
created by substituting the most predictable critical word with a lexical item that was 
less plausible but not impossible, with a semantically anomalous condition. I did this as 
an attempt to strengthen the predictability manipulation. The results showed that 
participants are faster to read highly predictable critical words than anomalous ones; 
and that, anomalous critical words slowed reading to a greater extent when preceded 
by highly coherent contexts. In sum, I found that comprehenders are sensitive to subtle 
topic shifts in discourse and that they will use cues at both global and local contexts but 
will do so especially when there are violations present at the local sentence level.  

 
Chapter 3 introduced modelling work that takes the RT dataset collected in 

Chapter 2 and investigates whether surprisal values from Large Language Models 
reflects the type of longer context effects I observed in humans. Across two sets of 
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analyses, I asked whether next-word predictions from GPT-2 are significantly influenced 
by the same linguistic features that cause significant differences in human RTs, and 
whether surprisal explains additional variance in predicting these RTs. I found evidence 
that GPT-2 is sensitive to topic shifts within a passage with better model fits for all 
models that included the experimental conditions. For these linear mixed effects 
models that included coherence and predictability as predictors, I found a coherence 
effect at the pre-critical ROI, which did not extend into the post-critical ROI; and I found 
observed a graded predictability effect at the post-critical ROI, where I saw the lowest 
surprisal for trials containing a highly predictable critical word, mid-level surprisal 
values for the trials with a less predictable critical word, and the highest surprisal for 
trials containing an anomalous critical word. Moreover, for my RT analyses, I found that 
surprisal does account for some additional variance when predicting RTs. This was 
reflected in robust large effects of surprisal across the target sentence for each 
experiment. However, it does not fully account for the patterns observed in the RT 
dataset, with the effects of coherence observed in Chapter 2 still remaining. This 
suggests that the benefit of a highly coherent context is not explained by simply 
lowering linguistic surprisal, which opens up the possibility that comprehenders are 
making use of discourse-related models to facilitate their comprehension of such 
narratives. 

 
In Chapter 4, I presented an investigation into how well word embeddings from 

Distributional Semantic Models and Large Language Models can be used to predict 
human judgements about the perceptual features of words. In particular, I focused on 
the perceptual feature of brightness as previous research has demonstrated that it is 
not well represented in word embeddings. I also included the perceptual feature of 
shape as this has been shown to be well represented (Chersoni et al., 2021; Turton et 
al., 2020; Utsumi, 2020). Across two experiments, I explored whether the presence of 
additional context would improve performance on the perceptual prediction task by 
making use of Transformer-based LLMs’ ability to represent word meaning in context. In 
the first experiment, I focused on representations of nouns and compared 
decontextualised and contextualised Word2Vec and BERT embeddings for a large 
number of concepts. I found modest prediction of brightness, suggesting that even 
difficult perceptual properties can be predicted when the dataset includes concepts 
where the feature is particularly salient. In addition, I found very good prediction of 
shape, replicating previous results (Chersoni et al., 2021; Turton et al., 2020; Utsumi, 
2020). In my evaluation of my embeddings, context-free BERT embeddings 
outperformed Word2Vec embeddings, adding to the literature that an aggregated 
contexutalised representation is a better predictor of semantic feature ratings than 
static embeddings (Bommasani et al., 2020; Turton et al., 2021). However, the addition 
of context had no influence. In the second experiment, I focused on representations of 
adjective–noun phrases and only predicted the brightness of concepts. Overall, I found 
good prediction of brightness, with the embeddings mimicking the non-additive effect 
demonstrated in the human data. Here, context had a limited impact on prediction 
performance, such that including a prompt towards the target feature had a slight 
influence on performance. Together, these results demonstrate that some amount of 
perceptual feature information can be learnt from linguistic input alone, and that strong 



 

 
 

112 

embodiment is not necessary to explain how perceptual properties may be represented 
in semantic systems.  

 
Finally, Chapter 5 details my investigations into semantic flexibility within 

conceptual combinations. I explored how a neural network encodes the semantic 
flexibility inherent in gradable adjectives. I again focused on adjective–noun phrases, 
investigating the contextual influence of gradable adjectives on phrasal-level 
representations, using the perceptual feature of brightness. I found that the flexible 
learning of gradable adjectives was possible, with predictions first made based on the 
adjective alone, and then further modulated by noun information later in learning. I also 
discovered that the model outputs mimicked the type of non-additive feature 
modulation present in the human data used.  
 

6.1. Theoretical implications 
 
Overall, my investigations into the influences of context at disparate scales other than 
the sentence-level demonstrate the importance of context for a unified theory of 
semantic comprehension. Concerning wider contextual influences, I have 
demonstrated that comprehenders are sensitive to discourse-level cues when forming 
expectations about upcoming material and that these types of facilitative effects are 
not entirely explained by lowering linguistic surprisal. Meanwhile, for phrasal-level 
contextual influences, I have also shown that neural networks can encode the semantic 
flexibility of gradable adjectives, mimicking the non-additive feature modulation 
observed in human judgements. Furthermore, I have explored the representation of 
perceptual information in pre-trained word embeddings from both DSMs and LLMs. 
 

6.1.1. Predictive processing and surprisal theory  
 
Within the predictive processing literature, a number of linguistic properties have 
already been studied with regards to their influence on upcoming expectations. These 
properties include the grammatical gender and the definiteness of a referent, among 
others (Carter & Nieuwland, 2022; Fleur et al., 2020; Wicha et al., 2003, 2004). Evidence 
from Chapter 2 furthers our understanding of the linguistic properties that 
comprehenders are sensitive to by demonstrating that discourse coherence is another 
such cue. This finding also adds to our understanding of how the global discourse 
impacts local predictive processing. The results presented are consistent with prior 
evidence that the presence of a highly coherent discourse context facilitates 
comprehension, while discrepancies with the existing discourse model results in a 
slowdown (Hess et al., 1995; Myers & O’Brien, 1998; O’Brien & Albrecht, 1992; Stewart 
et al., 2009).  
 

Theoretically, both the results from Chapters 2 and 3 are in accord with the idea 
that comprehenders build a discourse model of the events portrayed within a narrative 
(Kintsch, 1988; Zwaan, 2016; Zwaan & Radvansky, 1998). Of note, this finding does not 
necessarily adjudicate between theoretical perspectives as to the cause of facilitation 
effects in language processing. It is possible that the presence of a discourse-based 
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situation model could facilitate processing in the ways specified by both the 
integrationist and anticipatory predictive processing accounts. As such, discussion of 
these results is largely framed as theory-agnostic, leaving future work to touch on these 
important issues. Within Chapter 3, I found that the effects of coherence remained even 
with the addition of surprisal as a predictor for the RT analyses. I take this as evidence 
that the benefit of a highly coherent context is not simply due to lowering linguistic 
surprisal, but rather that an additional level of processing could be occurring associated 
with the presence of a discourse model. However, these results do not align with recent 
work from Michaelov et al. (2023), who find that LM surprisal can account for discourse-
level effects in the N400 data collected by Nieuwland and van Berkum (2006). In the 
chapter, I present discussion of the differences between my work and Michaelov and 
colleagues which could explain this difference, namely methodological differences 
between SPR and ERP data, and the fact that the discourse-level cue analysed is 
different between the two studies. However, recent research by Lopopolo and Rabovsky 
(2024) demonstrated that both surprisal and Semantic Update (SU) from their Sentence 
Gestalt model had a significant effect on N400 amplitudes (taken from Frank et al., 
2015). Taken together, these findings suggest that surprisal may not capture all aspects 
of incremental language processing.  
 

6.1.2. Conceptual processing and embodied cognition 
 
The work presented in Chapter 4 relates to some of the predictions from embodied 
cognition. Overall, the results align with previous research suggesting that a surprising 
amount of perceptual information can be transferred through linguistic content alone 
(Chersoni et al., 2021; Utsumi, 2020). Utsumi (2020) argues that the type of statistics 
used by language models implicitly contain conceptual knowledge from direct 
experiences through the way in which language is used to communicate about 
experiences. The finding that the perceptual feature of brightness can be predicted to 
some extent, but only when it is a salient feature of the concepts included also 
indicates that performance may be dependent on the set of concepts included. 
Generally, my results suggest that a strong embodiment account is not necessary for 
building an adequate semantic system. Instead, it has been theorised that the semantic 
information which comprehenders take in through perception and action and the 
semantic information which is transferred through language supplement one another to 
form a semantically rich representation of the world (Louwerse & Connell, 2011; 
Louwerse & Jeuniaux, 2010). 
 

The findings from Chapter 5 give insight into a number of aspects related to the 
acquisition of concepts and the compositional processes that occur during conceptual 
combination. I demonstrated that earlier in training, predictions were made based 
solely on the adjective, while during later stages of training, information from the noun 
was used to modulate predictions. This presents one possible hypothesis for how 
adjective–noun phrases that contain a gradable adjective may be composed (Barsalou, 
2017). Moreover, I observed that the hidden representations of the model were largely 
clustered by adjective, reinforcing the idea that the adjective is the dominant organizing 
principle for the model’s representations. When comparing my implementation with 
those detailed in Solomon and Thompson-Schill (2020), I found that my neural network 
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performed as well as their Bayesian model but was trained on a smaller dataset of 
averaged ratings. Whereas their Bayesian model was trained on the distribution of 
ratings across individual participants, with the authors arguing that a construct of 
feature uncertainty was crucial for accurate modelling of this semantic flexibility. In 
contrast, my implementation does not include a concept of feature uncertainty, which I 
take as evidence that feature uncertainty is not necessarily required to explain the 
semantic flexibility in conceptual combinations.  

 

6.1.3. Cognitive plausibility of models  
 
The findings from Chapters 3, 4 and 5 have relevance for our understanding on the 
cognitive plausibility of computational models. In Chapters 3 and 4, I use pre-trained 
language models (GPT-2, Word2Vec and BERT) across my investigations, touching on 
the applicability and limits of using pre-trained language models to answer cognitively 
motivated questions. For example, in Chapter 4, I evaluate the representation of 
perceptual information in word embeddings using a dataset of human ratings. In a 
similar vein, Utsumi (2020) emphasises the importance of knowing the degree of 
representational ability of word embeddings used within the cognitive sciences in order 
to improve performance within cognitive modelling and practical NLP tasks. The issue 
of cognitive plausibility with regards to models is not a trivial question that can be 
answered simply. There is acceptance that no model will provide a full account of 
psychological semantics in the near future (Lake & Murphy, 2023). However, as 
eloquently stated by Lake and Murphy (2023), there is merit in asking whether a model 
exhibits similar processes to a human; and if this is not the case, presenting an analysis 
as to the differences between model outputs and those collected from humans. 
Chapter 5, in particular, is an example of this. In this chapter, I present an investigation 
into how a neural network encodes the semantic flexibility inherent in gradable 
adjectives and the nouns that they modify. Within this, I include analysis of a subset of 
concepts, identifying which concepts the model learns first and the incidence of errors. 
Overall, the work presented in my thesis makes use of computational models as an 
additional tool to study the influence of context on semantic representations and 
mechanisms. This work adds to previous research using computational models to study 
aspects of human language processing that would otherwise be impossible to test 
empirically (Lake & Murphy, 2023; Michaelov et al., 2021). 
 

6.2. Limitations and future directions 
 
Chapter 2 introduced work that explored the factors influencing engagement in 
predictive processing. A clear limitation of the presented work lies in the methods used. 
In this work, I used online self-paced reading (SPR) experiments to evaluate the impact 
of coherence on sentence processing. However, self-paced reading is not as temporally 
accurate as other methods used to study predictive processing, such as eye-tracking 
and EEG. My reason for using online SPR experiments was due to lab closure and 
inaccessibility at the time, however future work should investigate if these findings 
generalise across experimental methods. Indeed, using neuroimaging (namely, EEG) to 
study discourse coherence relations would allow for a more temporally accurate 
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assessment of the predictive mechanisms at play when comprehenders are faced with 
subtle topic shifts. Moreover, one of the theoretical motivations for this work was to 
investigate how the maintenance and updating of a situation model impacts predictive 
processing. Indeed, one current theory is that comprehenders generate probabilistic 
predictions at multiple levels of linguistic representation, in the form of hierarchical 
generative models (Brothers et al., 2020; Kuperberg, 2021; Kuperberg et al., 2020). 
Future work that investigates the interactions between predictions made at different 
levels of representation, for example at the discourse-level, could further our 
understanding of the environmental and linguistic factors that influence how 
predictions are formed (Brothers et al., 2019; Dave et al., 2021).  
 
 The work in Chapter 3 theoretically follows on from the questions asked in 
Chapter 2, however, the presented work includes specific choices with regards to the 
computational models used. For example, I chose one pre-trained LLM (GPT-2) to 
explore the relationship between surprisal and my reaction time data. This can be 
thought of as a limitation of the current work, because as it stands, it is not clear if these 
results generalise across models. Theoretically, this limitation touches on a current 
debate within the computational psycholinguistic literature that questions why surprisal 
from cognitively implausible models, such as Transformer-based models, can be used 
to predict human reaction times (Frank et al., 2019; Merkx & Frank, 2021; Michaelov et 
al., 2021). Future work that studies the computational factors influencing how well 
surprisal can predict measures of human language processing on datasets that 
manipulate global discourse cues would broaden our understanding of both predictive 
language models and predictive processing. For example, comparing surprisal from 
different model architectures or including models that have been pre-trained on size-
limited corpora in an effort to match the amount of linguistic input a child may receive 
could be informative and would add to a growing body of research (Michaelov & Bergen, 
2022; Warstadt et al., 2023; Wilcox et al., 2020).  
 

In Chapter 4, I presented work exploring the representational ability of word 
embeddings. This work touches on a key debate in the cognitive sciences, that is 
whether language processing is symbolic or embodied (Andrews et al., 2014; Dove, 
2022; Louwerse, 2018). In addition, the nature of the representations themselves, as 
well as the extent to which perceptual information is crucial to their makeup, is also 
under debate (Kiefer & Pulvermüller, 2012). Future work aimed at understanding the role 
and significance of perceptual information in word embeddings could be a fruitful 
research direction. In particular, investigating how word embeddings represent multiple 
types of perceptual information, other than brightness and shape information, and if 
these are sensitive to context could be an interesting direction for further research. In 
Chapter 5, I focused on the semantic flexibility present in adjective–noun phrases. 
Current understanding of the idiosyncratic nature of the compositional process is 
limited and represents a clear gap in current knowledge across the cognitive sciences 
(Coutanche et al., 2019). Further study of this research area, such as experiments on 
modification with different types of adjectives (e.g., absolute gradable adjectives), 
could extend our knowledge on compositional processes in language in general.   
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6.3. Conclusion  
 
In sum, this thesis has explored how context influences semantic representations and 
mechanisms in humans and machines. Through this, I have shown that understanding 
context is vital in order to have a full picture of the semantic system. In my work, I 
defined context on both wider and narrower scales than the sentence level, however 
there is no clear definition of what context can encompass. As such, further 
investigations into the types of linguistic cues which impact semantic representations 
and the mechanisms that comprehenders engage in during processing will help refine 
the meaning of context. A true understanding of what humans are doing when 
processing language is still a long way off, but this thesis is one small attempt to 
advance what we know about meaning.  
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Appendix 
 
Combined Experiment 1 and 3 Preambles  
 

 
Figure 7.1. Results for preamble region for Experiment 1 (left) and Experiment 3 (right); 
shaded areas denote standard error. 
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Pre-registered analyses on initial batch of participants 
 
Here we report the results of the pre-registered analyses with our first batch of 52 
participants. Participants were excluded using the same criteria as reported in the main 
text for the pre-registered analyses of Experiment 1 (n= 21). As such, our final pool for 
these analyses was n=31.   
 
Preambles. Participants had similar reading times for high and less coherent preamble 
contexts (β= -0.003, SE= 0.01, t= 0.23, p= 0.81), as well as for high and less predictable 
critical words (β= -0.0004, SE= 0.01, t= -0.04, p= 0.97), with no interaction (β= 0.001, 
SE= 0.009, t= 0.10, p= 0.92). These results confirm that participants took a similar time 
to read the preambles across all conditions.  
 
Pre-critical Word. For the pre-critical ROI, we found that participants had similar 
reading times in this region for high and less coherent trials (β= -0.005, SE= 0.003, t= -
1.59, p= 0.11). There was no difference in reading times between high and low 
predictable conditions (β= -0.0007, SE= 0.003, t= -0.22, p= 0.83), which was expected 
as this region precedes the critical word. Further, no interaction effect was observed (β= 
-0.002, SE= 0.003, t= -0.74, p= 0.46).  
 
Critical Word and Spillover. At the critical word and spillover region, our main ROI, 
there was a marginal difference in reading times for highly predictable critical words 
compared to less predictable (β= -0.01, SE= 0.007, t= -1.73, p= 0.09). We also found 
significant effects of critical word length (β= 0.01, SE= 0.005, t= 2.42, p= 0.02) and 
frequency (β= -0.01, SE= 0.005, t= -2.07, p= 0.04). We found no processing advantage 
for critical words preceded by high coherent conditions, compared to less coherent (β= 
0.001, SE= 0.005, t= 0.29, p= 0.77), and no interaction effect (β= 0.001, SE= 0.005, t= 
0.22, p= 0.83). 
 
Critical Word. At the critical word, there was a marginal effect of predictability, with 
faster reading times for highly predictable critical words compared to less predictable 
(β= -0.01, SE= 0.007, t= -1.71, p= 0.09). We also found significant differences for critical 
word length (β= 0.01, SE= 0.005, t= 2.42, p= 0.02) and frequency (β= -0.01, SE= 0.005, t= 
-2.08, p= 0.04). There was no effect of coherence, with similar reading times for critical 
words preceded by high and less coherent preambles (β= 0.002, SE= 0.005, t= 0.35, p= 
0.72), and no interaction effect (β= 0.001, SE= 0.005, t= 0.22, p= 0.83). 
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Figure 7.2. Experiment 1 pre-registered analysis results from initial batch of 52 
participants; error bars indicate the 95% confidence intervals. 
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Table 7.1. Standard deviation across MSE scores for each run (10) of model on Solomon 

 noun dataset. 

 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

 MSE Standard deviation () 
Onehot 0.09 0.002 
Word2Vec 0.08 0.002 
BERTbase colour-contextually prompted 0.06 0.002 
BERTbase brightness-contextually 
prompted 

0.07 0.003 

BERTbase context-free 0.06 0.002 
BERTLarge colour-contextually 
prompted 

0.03 0.001 

BERTLarge brightness-contextually 
prompted 

0.04 0.002 

BERTLarge context-free 0.04 0.001 
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Table 7.2. Standard deviation across MSE scores for each run (10) of model on Binder 
dataset predicting brightness. 

 MSE  Standard deviation () 
Onehot 
Concrete 0.01 8.71520102225854e-05 
Concrete+abstract 0.01 4.3093925851674064e-

05 
Word2Vec 
Concrete 0.01 0.0004 
Concrete+abstract 0.01 0.0002 
BERTbase colour-contextually prompted 
Concrete 0.01 0.0004 
Concrete+abstract 0.01 0.0004 
BERTbase brightness-contextually prompted 
Concrete 0.02 0.0003 
Concrete+abstract 0.01 0.0003 
BERTbase context-free 
Concrete 0.02 0.0002 
Concrete+abstract 0.01 0.0002 
BERTLarge colour-contextually prompted 
Concrete 0.02 0.0002 
Concrete+abstract 0.02 0.0002 
BERTLarge brightness-contextually prompted 
Concrete 0.02 0.0003 
Concrete+abstract 0.02 0.0003 
BERTLarge context-free 
Concrete 0.02 0.0002 
Concrete+abstract 0.01 0.0002 
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Table 7.3. Standard deviation across MSE scores for each run (10) of model on Binder 
dataset predicting shape. 

 MSE Standard deviation () 
Onehot 
Concrete 0.04 0.0002 
Concrete+abstract 0.11 0.0007 
Word2Vec 
Concrete 0.02 0.0003 
Concrete+abstract 0.02 0.0003 
BERTbase contextually prompted 
Concrete 0.01 0.0004 
Concrete+abstract 0.02 0.0003 
BERTbase context-free 
Concrete 0.01 0.0002 
Concrete+abstract 0.02 0.0004 
BERTLarge contextually prompted 
Concrete 0.02 0.0004 
Concrete+abstract 0.06 0.002 
BERTLarge context-free 
Concrete 0.01 0.0001 
Concrete+abstract 0.02 0.0003 
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Table 7.4. Standard deviation across MSE scores for each run (10) of model on Solomon 
adjective-noun dataset. 

 MSE Standard deviation () 

Onehot 

Dark 0.10 0.01 

Light 0.08 0.01 

Word2Vec 

Dark 0.01 0.006 

Light 0.01 0.002 

BERTbase colour-contextually prompted 

Dark 0.01 0.0007 

Light 0.01 0.0009 

BERTbase brightness-contextually prompted 

Dark 0.01 0.0005 

Light 0.01 0.001 

BERTbase context-free 
Dark 0.01 0.003 

Light 0.02 0.007 

BERTLarge colour-contextually prompted 
Dark 0.02 0.001 

Light 0.01 0.001 
BERTLarge brightness-contextually prompted 

Dark 0.01 0.001 

Light 0.02 0.0004 
BERTLarge context-free 

Dark 0.01 0.004 
Light 0.02 0.005 
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