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Abstract

Understanding the cognitive processes involved in human language comprehension has
been a longstanding goal in the scientific community. While significant progress towards
that goal has been made, the processes involved in integrating a sequence of individual word
meanings into the meaning of a clause, sentence, or discourse is poorly understood. Recently,
the natural language processing (NLP) community has demonstrated that deep language
models are, to an extent, capable of representing word meanings and performing integration of
those meanings into a representation that can successfully capture the meaning of a sequence.
In this thesis, we therefore leverage deep language models as an analysis tool to improve our
understanding of human language processing. In the setting of multitask learning, we can
gain insight into the mechanisms that deep language models use to make their predictions
by comparing tasks to each other. Furthermore, if some of the task predictions we ask the
model to make are relevant to cognitive processing — for example the prediction of eye-
tracking data measured as participants read sentences — we can ultimately use those insights
to better understand language processing in people. In this work, we first examine the use of
constructive interference in multitask learning as an analysis tool. Constructive interference
occurs when two tasks are related and a model is constrained by having to accurately predict
both. In those cases, the representation the model learns often generalizes better to predicting
unseen data than if that model had been trained on just one of those tasks. This is because the
constraint that the representations must work for the prediction of both tasks provides a helpful
inductive bias. If generalization error improves when tasks are trained together, this can be
viewed, with caveats, as an indication that the tasks are related. In our experiments improved
generalization error suggests relationships between event-related potential components (ERPs)
that are consistent with the existing literature, and suggests other relationships which bear on
the interpretation of ERPs. Next, we investigate what a deep language model learns when
it is trained to predict brain activity recordings. We find that the information encoded into
the parameters of the model helps the model predict brain activity, generalizes to prediction
of unseen participants’ brain activity, and to some degree, generalizes across different brain
activity recording modalities. These findings provide evidence that the information the model
encodes into its parameters is relevant to the cognitive processes underlying brain activity,
and not just to idiosyncrasies in the data, making fine-tuning and multitask learning valid
tools for probing those cognitive processes. Finally, we develop an analysis method in which
a model learns a small number of latent functions which take a sequence of words as input
and produce a representation from which multiple task outputs must be predicted. We assess
task similarities based on the weights which map from the common latent representation
to the output associated with each task. The similarities produced by this method capture
expected relationships between NLP tasks, and can help us understand how a deep language
model makes its predictions. We also examine the similarities between cognition-relevant
tasks and NLP tasks, and find that the mechanisms underlying the model’s predictions in
cognition-relevant tasks are related to agent-like and patient-like semantic properties and to
modifiers in a sentence. The methods developed here can be applied with different sets of tasks
to gain different kinds of insight into both deep language models and cognitive processing,
and offer a promising direction for understanding language processing in the brain.
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Chapter 1

Introduction

In this thesis we aim to use systems developed for natural language processing (NLP) in computers to
better understand language processing in the brain. To achieve this end, we use multitask learning. While
in a standard machine learning problem, a model estimates the relationship between one or more input
variables and a single output variable, in multitask learning, a model estimates the relationship between one
or more input variables and many output variables. Multitask learning has several properties that make it
attractive as an analysis tool in the context of studying language processing in the brain. First, it enables us
to combine together multiple complementary sources of information about language, including behavioral
data, neural data, and data from natural language processing. Second, in our setup, we can combine together
heterogeneous datasets, allowing us to learn from both small studies of human language processing and
large natural language corpora even those datasets have no examples in common. Third, the inclusion of
multiple tasks during training induces a bias that can be helpful for learning since each additional task
further constrains the representations that the model uses. Fourth, the multiple tasks can be compared to one
another in terms of either the constructive/destructive interference between tasks that occurs during learning
or other measures of how similar a model believes the tasks are to each other. These task similarities, when
used to compare a neural data prediction task to more interpretable tasks, such as part-of-speech prediction,
enable a novel kind of interpretation of the underlying cognitive processes driving the brain activity in the
neural data. In this thesis, we explore several variations of multitask learning on brain activity and show the
effectiveness of transfer learning in this setting. We also use the framework to make some inferences about
underlying language processing in the brain.

1.1 Motivation

While a great deal of progress has been made towards the goal of understanding how language processing
works in the brain, parts of the language system are still poorly understood. Theories have been developed
which broadly characterize lower level processes in the speech comprehension system (Hickok and Poeppel,
2007), and which characterize how words are mapped onto meaning (Lambon Ralph et al., 2010). A fair
amount of evidence supports the idea that the sounds or glyphs which make up spoken and read words
are mapped onto a widely distributed network of semantics in the brain, with visual aspects of meaning
stored in visual areas, functional aspects stored in functional areas, and so on (see chapter 2). Itis also
thought that these various aspects of meaning are integrated into a single coherent representation for the
meaning of a word by speci ¢ areas of the brain, but this process of integration is not very well understood.
Higher levels of meaning integration, i.e. how the meanings of multiple different words are integrated
together to form the meanings of phrases, sentences, and passages are even less well understood. At the
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same time, in the last few years, the natural language processing (NLP) community has made substantial
progress towards language understanding. Neural network models have reached parity with humans on
certain language understanding benchmarks such as the general language understanding evaluation (GLUE)
benchmark (Wang, Singh, et al., 2018; Wang, Pruksachatkun, et al., 2019). These benchmarks include tasks
like question answering, understanding whether movie reviews are positive or negative, and predicting
whether one sentence entails another. In order for a model to perform these tasks, it must, to some degree,
be using representations which result from the higher levels of meaning integration we would like to study

in people, i.e. integrating the meanings of words into a single representation of the meaning of a sentence
or passage. In this thesis, we would like to leverage these advances from the natural language processing
community to better understand the cognitive processes subserving language in the brain.

1.2 Approach

Our approach combines systems trained purely on language with datasets describing human behaviors
and neural activity. This combination yields a model of human language processing which bears some
resemblance to a computational simulation of human language processing, with important distinctions.
Our approach leverages large and diverse datasets, powerful deep models of language, and modern
optimization to guide the language representations and transformations used. The model in our approach
is not constrained by biological considerations and may not perform computations in the same way as
the human brain. However, in training the model to predict human behaviors and neural activity, which
we sometimes refer to as cognition-relevant data, we encourage it to encode information that is similar to
the information driving those data. In chapter 4, we validate those assertions, providing evidence that the
information a model learns to encode when ne-tuned to predict neural activity is relevant to cognitive
processes. We can therefore learn about the representations involved in human language processing by
probing the information in a model trained to predict cognition-relevant data.

Multitask learning

In a multitask learning problem, we are given a set of taBksvhere each task is itself a set it

examplg pairs. Letting the subscript indicate thsith example within theth task, we can write this

asSt = xenY 5 Xe2 Yy i xt;,\lt;yt(;t,zIt . Eachxy; in each task is treated as the value of a

random variableX , or in a multivariate setting, as the multivariate value of a vector of random variables
which we also denote a. X is the same random variable (or same vector of random variables) across
all of the tasks. In contrast, eayﬁ) is treated as the value of a random variable (or vector of random
variables)Y () where that random variable (or vector of random variables) is task-speci c. The goal in
multitask learning is to jointly model the relationship betwéermnd everyy ().

General architectural scheme

We use a single deep network to make predictions about neural activity, behavior, and/or standard natural
language processing tasks by treating each one as a task in a multitask learning framework, enabling the
network to learn from all of them. In general, we aim to make the parts of the network that are speci c to a
single task as minimal as possible so that in the shared representations of the network we have a stronger
bias to generalize across these tasks (Caruana, 1997). At a high level, our architectural scheme uses an
encoder-decoder architecture. In such an architecture, an imaginary line is drawn which separates the
model into two conceptual parts. The encoder is the part of the model which transforms the raw input

2



Figure 1.1: This sketch illustrates the key components of the architecture we use in our approach. We use a
shared encoder, pre-trained as a language model on a large corpus. The outputs from this encoder in general
go through a bottleneck in our architecture. In chapter 3, the bottleneck takes the form of an embedding
of each pair of tokens, and the same embedding is shared across all tasks. In chapter 5, the bottleneck
embedding is at the token level, and only minimal pooling is done when necessary before predictions are
made from this shared embedding. In chapter 4, where the emphasis is not on a multitask setup, we do not
use a bottleneck. We predict a mix of sequence-level, word-level, behavioral, neural, and language tasks.
Although in this sketch it appears that all tasks are predicted for every example, in reality only a subset of
the tasks are predicted on any given example.

into an intermediate form which captures the information that is pertinent to the multiple output tasks,
and which is easier for the decoder(s) to use than the raw input. In a multitask problem, the part of the
model which is common to all tasks is typically thought of as the encoder. The decoder (or decoders) are
the part(s) of the model which transform the intermediate output produced by the encoder into the nal
output(s) that the model is trying to predict. In our speci ¢ case, the encoder is pre-trained on large corpora
in a self-supervised setting to predict words that have been masked out of its input sequence or to predict
the word following (or in some cases preceding) its input sequence — i.e. a language modeling task. We
then use a ne-tuning stage of training during which several simple decoders (one per task) are trained.
Each decoder consumes the outputs of the encoder and makes task-speci ¢ predictions. As the decoders
are trained, we also continue training the encoder. We frequently also introduce a shared or partially shared
bottleneck layer between the outputs of the encoder and the decoders (see Figure 1.1). The bottleneck can
help to regularize the model, but more importantly it plays a crucial role in forcing the model to use similar
representations for similar tasks.



From models to understanding

It is worth considering what we can expect to achieve from this endeavor. After all, while deep language

models, such as BERT (Devlin et al., 2018), are able to predict neural activity to some extent, that alone
does not improve our understanding of language processing in the brain. Even if the neural activity could

be predicted perfectly by a language model, we would still need to probe that model in some way to gain

insight into what information it uses to make those predictions. Interpretation of deep neural networks is an

active eld of research, and for the most part deep network models remain black box functions that map

from their input to their output. However, many techniques for interpretation exist and we discuss some

of the most relevant ones here, along with our own approach to interpretation. We believe that the task
similarity approach we use can potentially lead to valuable insights about the cognitive processes in the
brain.

Linking functions. One technique for interpretation that has been popular in the study of language
processing in the brain is to use a linking function (see e.g. (Brennan, Stabler, et al., 2016; Hale et al.,
2018; Frank, Otten, et al., 2015)). Linking functions are functions which reduce a model representation
to a somewhat interpretable aspect of information in a model. For example, surprisal (the negative log
probability) of a word in context according to the probability distribution computed by a language model
has been used as a linking function from which the N400 response can be predicted (see chapter 3). To
the extent that we can predict neural activity from these interpretable representations we learn about the
latent cognitive processes that drive that activity. However, the interpretability comes at a cost: much of the
predictive power from the underlying model is lost.

Prediction probes. A different type of technique looks to identify what information is available in the
output (or at other layers) of a model, using classi cation tasks as probes (Adi et al., 2016; Linzen, Dupoux,
and Goldberg, 2016) to see what can be decoded from the representations. Prediction probes quantify to
what extent a speci ¢ kind of information is represented in a given layer, and given enough probes, the
representation can be characterized in those terms.

Representational similarity analysis. Representational similarity analysis (RSA) (Kriegeskorte, Mur,

and Bandettini, 2008; Shepard, 1957) can be used to quantify the similarity between different representa-
tions. In RSA, distance matrices are formed between each sample's representation and each other sample's
representation using the representations determined by a given system (for example a model's representation
of a sample, or the voxel activations for a stimulus in fMRI), similar to a kernel in machine learning. The
distance matrices produced by two different systems' representations can then be compared to each other to
determine how similar the representations are in the two systems. In application to deep networks, typically
one distance matrix would be formed by using a layer of a network as a representation for a sample, and
this would be compared to either a region of the brain, or to an interpretable space such as a space of hand
designed features. Both prediction probes and RSA attempt to quantify what information is represented
in a given layer, but in RSA, neither of the representation spaces necessarily has to be interpretable. For
example, Yamins et al. (2014) uses RSA to compare neural network representations to representations in
inferior temporal lobe (a high order vision area).

Ablation studies, occlusion studies, and gradient based techniquesinterpretation has sometimes
been performed using ablation studies (also sometimes called lesioning), in which the contributions of
various parts of a model to a prediction are assessed by removing or “damaging” those parts of the model
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Figure 1.2: An example of RSA. Here we see the dissimilarity matrices for three different feature spaces
on the same stimuli, which are, in this case, compared to a similar dissimilarity matrix derived from the
fMRI images of regions of interest recorded while participants viewed picture and word stimuli (Devereux
etal., 2013).

(see e.g. (Plaut, McClelland, et al., 1996; Girshick et al., 2014)). A related technique is to modify the input
to a learned model at test time to identify the aspects of the input to which a model is sensitive using either
rules and masking (Khandelwal et al., 2018; Jain and Huth, 2018; Toneva and Wehbe, 2019) or optimization
of the input to activate speci ¢ nodes in the network (Erhan et al., 2009; Olah, Mordvintsev, and Schubert,
2017) (the latter is less common in language modeling). These techniques offer interpretations of what
aspects of the input, an intermediate representation, or the function itself are important for the success of
the model predictions.

Task similarity (our approach). All of these various techniques have advantages and disadvantages,
and each can be used to learn something about what a model encodes and how it makes predictions. Indeed,
one of the advantages of training a model to predict brain activity is that if a model is suf ciently accurate it
can then be used as a surrogate for the brain activity itself, enabling probing which could not be done on the
brain. Our architecture and multitask approach to learning create additional opportunities for interpretation.
In chapter 3 we rely on (constructive) task interference as a way to measure whether different event-related
potentials are related to each other and to eye-tracking and self-paced reading time data. Though imperfect
(see (Caruana, 1997)), task interference can be viewed as measuring how well the outputs related to one
task can be predicted when the model is constrained to also predict the outputs of other tasks well, and we
interpret this as showing that there exists a representation which can capture the information from all of
the relevant tasks. In chapter 5, rather than using task interference, we train a single model to predict all
tasks, then compare the model parameters speci ¢ to each task to the model parameters speci ¢ to each
other task to quantify task similarity. The task similarity approach bears some resemblance to RSA, but
while RSA requires matched examples between the two systems (e.g. the brain and a computer vision
model) being compared (in order to create comparable distance matrices), our approach compares model
parameters/functions to each other, and thus enables comparison across heterogeneous datasets.
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1.3 Research Questions

Methodological questions. This thesis sets out to answer questions about how deep language models
can be used to improve our understanding of language processing in the brain. Many other researchers
have also become interested in this question (Jain and Huth, 2018; Kell et al., 2018; Wehbe, Vaswani, et al.,
2014), with some in particular trying to adapt techniques from the community that relates deep computer
vision models to the visual system in the brain (Yamins et al., 2014tiGand Gerven, 2015). While most
researchers who relate deep language models to the brain use off-the-shelf language models, in this thesis
we ne-tune deep language models with the intention of facilitating better analysis of language processing

in the brain. We hypothesize that:

Fine-tuning a deep language model to predict brain activity will induce representations which are
more similar to those in the brain than the representations in off-the-shelf deep language models.

Multitask learning will constrain the representations learned during ne-tuning so that they generalize
better to unseen data.

Multitask learning can be used to interpret how the ne-tuned model makes predictions

Multitask learning can be used to generate hypotheses about the latent cognitive processes which
drive brain activity.

Chapter 4 aims to address the rst question of whether ne-tuning a deep language model results
in representations of sequences of words which are better suited for predicting brain activity than the
off-the-shelf deep language model. At rst glance, this question might seem trivial, but it is quite possible
that the quality of representations learned by the off-the-shelf model trained on huge corpora saturate the
prediction performance on brain activity data. We show that this is not the case, and that indeed ne-tuning
bene ts prediction. The chapter also validates that the modi cations to the representations in the model
which are induced by training on brain activity generalize across participants, and gives some evidence
that the modi cations generalize across modalities. These lines of evidence support the idea that the
information the model learns to encode during ne-tuning is not just idiosyncratic to the prediction of one
person's brain activity or to a particular recording modality, but rather that the information is relevant to the
cognitive processes underlying these observations, making the ne-tuned model a valid tool for probing
those processes.

In chapter 3 we demonstrate that the pressure on the representations arising from multitask learning
can be bene cial, showing that using multiple event-related potentials as training targets, or combinations
of event-related potentials and behavioral data, results in better predictions on unseen data than using only
a single event-related potential as a training target.

Chapters 3 and 5 also address the question of using multitask learning as a mechanism for interpretation.
Chapter 3 primarily considers task interference as a method for relating tasks, and discusses how the results
produced by the task interference method relate to the literature on event-related potentials. Chapter 5
primarily considers how brain activity predictions relate to natural language processing task predictions in
terms of how the model combines latent representations together to make the two kinds of predictions.

Scienti ¢ questions. While the emphasis of this thesis is on the methodology, and while the methodology

is most useful for exploratory analysis, we nonetheless set out to generate hypotheses about language
induced brain activity recordings and the underlying processes that generate them. To that end we wish to
generate hypotheses about the relationship between:

Different kinds of neural responses, such as between the LAN and the P600 (two event-related
potentials, i.e. signals derived from electroencephalography recordings), or between the LAN and
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fMRI activity.

A neural response and a behavior, such as between the LAN and the amount of time xating on a
word.

A stimulus and an elicited behavior, such as whether when a word acts as the patient in a sentence, a
person is more likely to look backwards in the text.

A stimulus and evoked neural activity, such as sentence-length and the fMRI response.

Chapter 3 addresses several of these questions based on task interference during learning. In that chapter
we nd some relationships between neural responses which are expected from the literature (that the ELAN
and LAN ERP components are related to the P600), and we speculate about some novel relationships that
we nd, as well as about the relative isolation of the N400 component from the other components. Chapter
3 also discusses the relationships between behavioral data and ERP components, in particular speculating
about the relationship between latent look-forward/look-back operations, the several ERP components, and
eye-tracking data, along with a different relationship between ERP components and self-paced reading
time as a more generic marker of dif culty.

Chapters 4 and 5 focus more on the latter two questions, namely the relationships between a stimulus
and an evoked neural response or behavior. In chapter 4, we compare examples where prediction accuracy
changes the most during ne-tuning to examples where prediction accuracy doesn't change as much by
examining the distributions of hand-coded labels on those sets of examples (Wehbe, Murphy, et al., 2014).
From this comparison, we generate hypotheses about what kinds of features in the stimuli might be encoded
differently in the brain than in an off-the-shelf version of BERT (a deep language model) (Devlin et al.,
2018). In particular, we speculate that sequences of words pertaining to movement might be represented
differently in the brain than in BERT. In chapter 5, we use task similarity to compare predictions of ERP
components, eye-tracking measures, self-paced reading time, and fMRI data to natural language processing
predictions. We nd that ERP components are related to patient-like properties of sentences, while eye-
tracking measures and self-paced reading time appear to be more in uenced by modi ers in sentences.
Both the patient-like properties and the presence of modi ers might be related to cognition-relevant data by
the increased demands of meaning integration in more semantically complicated sentences. fMRI data also
appears to be related to agent-like and patient-like properties of sentences along with sentence-length, but
the relationship is relatively weak, suggesting that most of the information the model uses to predict fMRI
is orthogonal to the set of NLP tasks we included. The gap between fMRI voxel-to-voxel task similarity
and fMRI to NLP task similarity suggests an opportunity to continually update the set of tasks included in
the method to explain more and more of the brain activity data in terms of interpretable tasks.

1.4 Organization of the thesis

The remainder of the thesis is organized as follows. Chapter 2 gives background on several topics which
are relevant to this thesis. It discusses current theories of language processing in the brain, introduces
some psycholinguistic results which suggest what kind of information about language processing might be
latent in behavioral data, introduces event-related potentials and theories of their signi cance, and brie y
introduces magnetoencephalography (MEG) and functional magnetic resonance imaging (fMRI), two
technologies that provide the data about neural activity from which our brain activity tasks are derived.
Chapter 3 provides a rst demonstration of using multitask learning to analyze language processing in the
brain. In it, we analyze event-related potentials (ERP components) together with eye-tracking data and self-
paced reading times, where we use a single model to predict all of them. Chapter 4 takes a deeper look at
ne-tuning a deep language model to predict brain activity. We provide evidence that ne-tuning improves
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prediction compared to an off-the-shelf model, and that this improvement transfers across experiment
participants. We also nd weak evidence for transfer from prediction of MEG to prediction of fMRI.
Together this evidence supports the hypothesis that during ne-tuning a model learns to encode information
relevant to prediction of the cognitive processes underlying language, not just idiosyncratic relationships
between text and a single person's brain activity, suggesting that the model can be used to analyze cognitive
processes. Chapter 5 returns to the multitask framework, but uses model parameter similarity to compare
different tasks to each other. That chapter better demonstrates the potential of using multitask learning,
showing how task similarities can be used to better understand the mechanisms that a model uses to make
its predictions and revealing interesting similarities between neural activity task predictions and natural
language processing task predictions. Finally, we recapitulate what we have learned and conclude in chapter
6.

1.5 Summary of Contributions

Chapter 3: We pioneer ne-tuning of deep neural networks pretrained on a language modeling task
to predict event-related potential components derived from electroencephalography recordings of
brain activity.

Chapter 3: We combine behavioral data prediction and neural activity prediction together in a single
model — a simple approach to leveraging heterogeneous cognition datasets.

Chapter 3: We use constructive task-interference to generate hypotheses about how event-related
potentials relate to each other and to behavioral data — a rst approach to using multitask learning
to explore cognition.

Chapter 3: We show empirically that multitask learning reduces generalization error for event-
related potential data. This holds for both training with multiple event-related potential components
compared to training with a single event-related potential component, and for training with both
behavioral and event-related potential data compared to event-related potential data alone.

Chapter 4: We pioneer ne-tuning of deep neural networks pretrained on a language modeling task
to predict functional magnetic resonance imaging (fMRI) recordings of brain activity.

Chapter 4: We show empirically that ne-tuning outperforms regression from a pretrained deep
model that is not specialized for brain activity prediction, suggesting that the model encodes informa-
tion pertinent to brain activity into the parameters of the deep layers of the model — in other words
that the representations are biased for brain activity prediction.

Chapter 4: We compare a model ne-tuned to predict a single participant's brain activity to a model
which has not been ne-tuned, nding that using regression from the former is better at predicting
novel participant's brain activity than using regression from the latter, which suggests that the bias in
the representations induced by ne-tuning is not idiosyncratic to a single participant's brain activity
and therefore may be encoding something about latent cognitive processes.

Chapter 4. We compare a model which has been ne-tuned to predict magnetoencephalography
(MEG) recordings of brain activity to a model which has not been ne-tuned, nding that regression
from the former is sometimes better and sometimes worse at predicting brain activity than using
regression from the latter. Qualitatively, the data suggest that the bias in the representations induced
by ne-tuning to predict MEG data can sometimes transfer to prediction of fMRI data, again
suggesting that the model may encode something about latent cognitive processes.

Chapter 4: We use language feature distributions to interpet how the representations in two deep
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language models differ, and apply this method to explore how fMRI data biases model representations.

Chapter 5: We pioneer jointly ne-tuning a model on behavioral, neural, and natural language
processing data to bring together heterogeneous information across disciplines which is relevant to
studying the cognitive processes underpinning language understanding in people.

Chapter 5: We use the parameters of a model to assess the similarity between tasks in a multitask
learning framework, and develop the covariance-informed cosine similarity to measure the similarity
of model parameters.

Chapter 5: We modify the MultiDDS task sampling algorithm (Wang, Tsvetkov, and Neubig, 2020)
to scale to a large number of tasks and to express preferences for particular tasks.

Chapter 5: We analyze the mechanisms a model uses to make predictions for natural language
processing tasks using our task similarity method. We hypothesize that the model encodes information
about the arguments in a proposition into the embedding of a verb and that in some cases the model
uses competition between those arguments via the verb embedding to make a prediction. We
further nd that sequence-level embeddings contain detailed information about individual tokens in a
sequence, and we elucidate the relationships between natural language processing tasks.

Chapter 5: We apply our method to analyze event-related potential prediction, and nd that those
tasks are most similar to proto-patient tasks, suggesting that ERP variance is in part explained by the
existence of patient-like concepts in propositions, possibly as an indicator of semantic complexity.

Chapter 5: We apply our method to analyze eye-tracking and self-paced reading time data, and nd
that those tasks are in uenced by word-length along with the presence of modi ers like adjectives
and adverbs, again possibly indicating semantic complexity. We also hypothesize that self-paced
reading time is in uenced by the meaning integration induced when a word or phrase is modi ed by
an adjective or adverb, and when punctuation delineates the end of a phrase.

Chapter 5: We apply our method to analyze fMRI data, and nd that fMRI prediction is in uenced

by proto-agent and proto-patient properties of a sentence, along with the sentence-length, but is
somewhat orthogonal to the tasks we include in our model. Investigation of voxel-to-voxel task
similarities reveals that there is a large gap between the information that is relevant to fMRI prediction
and the information which is relevant to NLP task prediction, suggesting opportunity to continually
re ne the set of tasks included in the model to explain more and more of the fMRI activity.

1.6 Conclusion

In this thesis we examine how we can leverage deep learning to better understand language processing in
the brain. By using multitask learning, we can naturally combine together heterogeneous datasets from
across multiple disciplines (e.g. psycholinguistics, neuroscience, and natural language processing) to get
different kinds of evidence about the cognitive processes involved in language processing. Furthermore,
including multiple tasks in our models enables us to compare tasks to one another, and by so doing we get
insight into the mechanisms the models use to make their predictions. Ultimately this insight into model
mechanisms enables insight into the representations used by people during language processing, and in this
thesis we apply the methods we develop to generate some hypotheses about what information is in those
representations. We believe this work offers a novel and powerful analysis method for understanding how
people process language.



Chapter 2

Background on Language Processing in the
Brain and How It's Probed

Philosophers, linguists, psycholinguists, neuroscientists, and computer scientists have long studied the
processes involved in language comprehension and production. The many approaches to the study of
language include theories of generative grammars, information theory, systematic studies of de cits
resulting from brain lesions, reaction time studies, and theories of conversational implicature. In short,
researchers have taken strikingly different approaches to understanding language, many of which are
complementary to each other. In this thesis, we consider several of the approaches together as sources
of information about language which can be encoded into the parameters of a deep language model
through multitask learning. Below, we discuss theories of language in the brain, focusing primarily on
theories developed in neuroscience by observing de cits in people with brain lesions and running functional
magnetic resonance imaging (fMRI) studies. We also brie y sketch how some of the other approaches
to understanding language which are most relevant to this thesis can contribute to the understanding of
language, and how our work ts into this context.

2.1 Language in the brain

This section, heavily based on Kemmerer (2014), aims to very brie y highlight some of the salient ideas
from neuroscience that are most relevant to the interpretation of results in this thesis about how language is
processed in the brain. There is a vast body of work studying language in the brain, but we mainly wish to
emphasize a few points. First, while the network of brain regions involved in language comprehension
is somewhat agreed upon, each region of the brain involved in that network appears to subserve multiple
different functions and these are dif cult to tease apart. Second, in general (but not always), regions that
are more posterior in the brain are involved in low level and subconscious operations, such as processing
phonemes or features of letters, and regions that are more anterior in the brain are involved in more effortful
and attentive processes of integration, such as assembling the meanings of individual words into the larger
meaning of a discourse. A potential exception to the rule that posterior regions are lower level is the
involvement of temperoparietal cortex in the representation of situations and events. Third, certain aspects
of meaning seem to be particularly relevant to the brain, and these aspects can inform our interpretation of
prediction results.
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2.1.1 Speech comprehension

The dual stream model. According to the dual stream model of speech comprehension (Hickok and
Poeppel, 2007), input arrives in the cortex via primary auditory cortex in the dorsal posterior portion of
superior temporal gyrus (pSTG) from subcortical regions which process sound waves. From there, two
streams of processing occur. The dorsal stream, connecting pSTG to inferior frontal gyrus (IFG), premotor,
and parietal areas, is responsible for mapping phonemes onto motor representations of the articulations that
would be used to reproduce those sounds. Meanwhile, the ventral stream, connecting pSTG to posterior
mid-temporal gyrus (pMTG) and inferior temporal sulcus, and ultimately to their anterior counterparts,
maps phonemes onto semantic representations. The anterior part of the temporal lobe (ATL) is thought to
integrate the various aspects of semantic meaning into a coherent representation (see word meaning below).
While the dorsal stream is left dominant, the ventral stream is bilateral with some differences in function —
the right hemisphere appears to be more involved in the processing of non-linguistic prosody while the left
hemisphere appears to be more involved in linguistic prosody and the processing of semantics, but neither
prosody or semantics is completely lateralized.

Prososody. The processing of emotional/affective prosody seems to be right hemishpere dominant
(Beaucousin et al., 2007; Witteman, Van Heuven, and Schiller, 2012), with right ATL constructing tonal
contours that are processed by the amygdala and right ventral frontoparietal areas involved in simulating the
feelings those contours might represent. Executive/attentive processes in orbitofrontal and inferior frontal
areas are also involved bilaterally (Adolphs, Damasio, and Tranel, 2002). Linguistic prosody (examples
of linguistic prosody include changes in stress which differentiate nouns from verbgesoid and

record or emphasize a word in context, pauses which indicate the placement of punctuation, or changes in
tone which differentiate statements from questions) also involves areas near the primary auditory cortex
along with anterior areas of temporal lobe (bilaterally), inferior frontal areas (bilaterally), and right inferior
precentral sulcus (Hesling et al., 2005). The superior temporal regions are also thought to be the generators
of an event-related potential (event-related potentials are described in section 2.2.2) known as the Closure
Positive Shift (CPS) which is elicited by boundaries in sentences and phrases both in heard speech and when
punctuation is encountered by readers (Steinhauer and Friederici, 2001). The CPS suggests that phrase
boundaries trigger events in the brain, and also has been shown to vary idiosyncratically with punctuation
habits (Steinhauer and Friederici, 2001).

2.1.2 Reading

Reading begins bilaterally in the visual system, with low level visual features building up to concrete
instantiations of letters in the ventral occipital region (V4 of the visual system), and becoming abstractly
represented as symbols in the anterior ventral occipital cortex (V8 of the visual system), nally moving into a
left-dominant processing stream which combines letters into pairs and sequences in the left occiptotemporal
sulcus and the visual word form area (VWFA) in the lateral portion of the left ventral occipotemporal sulcus
(Dehaene et al., 2005; Plaut and Behrmann, 2011). Letter sequences are believed to be mapped onto both
phonemes and semantics through separate pathways which are not very well understood, with the mapping
onto sounds involving superior temporal cortex as well as frontoparietal regions, and the mapping onto
meaning involving more inferior regions of the temporal cortex as well as inferior frontal gyrus (see gure
2.2) (Dehaene, 2009). These networks loosely correspond to the dorsal and ventral processing streams in
the dual stream model of speech comprehension.
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Figure 2.1: After low-level sound processing, phonemes are processed separately by two streams. The
dorsal stream (in blue here) is largely left-lateralized and maps phonemes onto motor representations while
the ventral stream (in pink here) is bilateral (with slightly different functions in each hemisphere), and
maps phonemes onto semantic representations (Hickok and Poeppel, 2007).

Figure 2.2: Once the visual fea-
tures of letters and words are
recognized, those visual forms
are mapped onto both phonemes
and semantics by two separate
processing streams which are
not well understood, but which

loosely correspond to the dual
stream model of speech com-
prehension (compare with g-

ure 2.1) (Dehaene, 2009) repro-
duced from (Kemmerer, 2014).
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Figure 2.3: Certain areas of
the brain are thought to en-
code features related to the
shapes, motion features (how
objects move), and motor fea-
tures, (how objects can be
manipulated) of object, and
also appear to prefer stim-
uli from specic categories
(Kemmerer, 2014).

2.1.3 Word meaning

Grounded cognition. The Grounded Cognition Model holds that concepts are represented in the brain not
by symbolic feature representations lijellow, but by a recapitulation of the actual perceptual experience

of the wavelength of light which correspondsytellowfalling on the retina. In general, the model suggests

that visual features are supported by the visual cortex, auditory features by the auditory cortex, and so on.
The conceptupis, in this model, essentially represented by the memories of interacting with cups. There

is signi cant evidence to support this view, including domain-speci ¢ semantic impairments such as color
agnosia (an inability to retrieve typical colors of objects) associated with lesions to speci ¢ brain areas
(namely the left fusiform gyrus) (Simmons et al., 2007), fMRI studies of differential activation in tasks
such as judging semantic similarity of objects from different categories (Goldberg, Perfetti, and Schneider,
2006), and prediction of fMRI images from words (Mitchell et al., 2008). Along these lines, concrete nouns
seem to be particularly represented by perceptual features, including how those objects tend to move, and
motor features (how an object is manipulated). Categories of nouns, such as tools and animals, also tend
to activate slightly different areas within the appropriate perceptual areas (see gure 2.3). According to
the hub and spoke model (Lambon Ralph et al., 2010), the anterior temporal lobe (ATL) integrates these
different perceptual features into a higher level, more symbolic representation which can be used by other
areas of the brain and which can still, for example, differentiate typical examples from atypical examples
of an object category.

Verbs. In the grounded cognition model, verbs are also represented by memories. Motion features
represented in posterolateral temporal cortex (PLTC) near the angular gyrus and extending into both parietal
and superior temporal regions are particularly important, along with motor features in parietal and frontal
regions associated with motor control. The brain is also sensitive to the level of transitivity of a verb, and
the PLTC has been implicated in representing the causal relations in a transitive context, while Broca's area
has been associated with processing the spatiotemporal relations between participants in transitive clauses
(Ouden et al., 2009; Thompson et al., 2007).
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