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Abstract

Recent research has seen the rise of powerful neural-network language models that are
sufficiently computationally precise and neurally plausible as to serve as a jumping-
off base for our understanding of language processing in the brain. Because these
models have been developed for optimizing a similar objective (word prediction), their
brain predictions are often correlated, even though the models differ along several
architectural and conceptual features, yielding a major challenge for testing which
model features are most relevant for predicting language processing in the brain. Here,
we address this challenge by synthesizing new sentence stimuli that maximally expose
the disagreement between the predictions of a set of language models (‘controversial
stimuli’), which would not naturally occur in large language corpora . To do so, we
develop a platform for systematizing this sentence synthesis process, providing a way
to test different model-based hypotheses easily and efficiently. An initial exploration
with this platform has begun to give us some intuition for how choosing from different
pools of candidate words affect the kinds of sentences produced, and what kinds of
changes tend to produce controversial sentences. For example, we show that the
disagreement score, or the maximum amount of disagreement between models for
a sentence, converges. This approach will eventually allow us to determine which
models perform in the most human-like way and are most successful in predicting
language processing in the brain, thus hopefully leading to insights on the mechanisms
of human language understanding.
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Chapter 1

Introduction

Language is our signature human cognitive skill and the cornerstone of human culture

and civilization. It underlies human communication, which has allowed us to achieve

the unimaginable; from delving into the minutiae of our own being, to developing an

ever more nuanced understanding of the universe and its mysteries. This amazing

and uniquely human skill has been explored from all directions, from philosophy to

neuroscience, and these studies have given us a rich understanding of the mechanisms

of language comprehension and production. However, many questions persist. As

we gain new tools across many different disciplines, our avenues of exploring these

questions widen, and we can use these techniques to help unveil mysteries that seemed

inexplicable as little as a few years ago. The innovation of computationally precise

and neurally plausible models of language processing allows for a new direction of

research; these models can serve as quantitative hypotheses for how core aspects of

language might be implemented in neuronal circuits. In this project, I aim to make

use of such models to help elucidate human language cognition and function.

1.1 Statement of the Problem

Understanding the human brain remains one of the greatest scientific challenges. Es-

pecially hard to characterize are mechanisms that support human-unique abilities,

like language. In other domains, like vision, which is similar between humans and
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other mammals, animal models have proven invaluable. In language and other high-

level domains, it has been difficult to get to mechanistic-level accounts of the relevant

mental processes. However, recent advances in artificial intelligence and machine

learning stand a chance to change this. In particular, state-of-the art artificial neural

network (ANN) language models now achieve incredible performance on many com-

plex language tasks, and thus can serve as computationally precise hypotheses for

how the human mind and brain may solve the problem of language understanding.

Indeed, recent attempts to relate human neural data during language processing to

representations extracted from ANN language models have shown a lot of promise.

While exceptions exist [3], most model-to-brain fit evaluations so far have been car-

ried out using existing neural datasets. Although these datasets are useful for initial

evaluations of which model achieves the best fit to human neural recordings, they are

not perfectly suited to answer why some models may provide a better fit than others.

To answer this question, one must be able to isolate the core properties of the

chosen models. The next frontier is then to build and test ANN language models

that minimally differ in architectural or training features, in a way that embodies

distinct cognitive hypotheses about the computations executed in the language net-

work and collect new language comprehension data using materials that are optimized

for discriminating among different models. And a core first step in this process —

the step I undertake in this thesis— is to develop methods for creating stimulus sets

that will tease apart the differences in models in such a way that the behavior across

models is unique enough to truly distinguish the distinctive attributes arising from

each respective architecture.

Creating such a set of stimuli in the domain of natural language provides is chal-

lenging. Though work of a similar nature has been done in the context of vision, the

methods used for producing such stimuli in vision are not easily transferable to our

use case. In addition, while others have worked on producing adversarial examples

in natural language, examples that cause a model to make a mistake, a method for

producing controversial examples, examples that elucidate differences between mod-

els as described above, has not been developed. We use work that has been done with
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controversial examples in vision as an illustrative example for our work here, and

extend previous work in producing adversarial examples to producing controversial

examples.

1.2 Preliminaries

1.2.1 ECoG

Electrocorticography (ECoG) is a type of electrophysiological monitoring that uses

electrodes placed directly on the exposed surface of the brain to record electrical

activity from the cerebral cortex.

1.2.2 fMRI

fMRI, or functional magnetic resonance imaging or functional MRI, is a technique that

measures brain activity by detecting changes associated with blood flow. Cerebral

blood flow and neuronal activation are coupled; when an area of the brain is in use,

blood flow to that region increases.

1.2.3 Language Model

A language model is a probability distribution over sequences of words. Given a

sequence of length 𝑘, a language model assigns a probability 𝑃 (𝑤1, . . . , 𝑤𝑘) to the

whole sequence. Such models can also assign probabilities to each individual word at

each point in a sentence.

1.2.4 RNN

Recurrent neural networks, also known as RNNs, are a class of neural networks that

allow previous outputs to be used as inputs while having hidden states. Their archi-

tecture is shown below.
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Figure 1-1: RNN Architecture

For each timestep 𝑡, the activation 𝑎<𝑡> and output 𝑦<𝑡> can be expressed with

the following equations:

𝑎<𝑡> = 𝑔1(𝑊𝑎𝑎𝑎
<𝑡−1> +𝑊𝑎𝑥𝑥

<𝑡> + 𝑏𝑎)

𝑦<𝑡> = 𝑔2(𝑊𝑦𝑎𝑎
<𝑡> + 𝑏𝑦)

where 𝑊𝑎𝑥,𝑊𝑎𝑎,𝑊𝑦𝑎, 𝑏𝑎, 𝑏𝑦 are all coefficients, and 𝑔1, 𝑔2 are activation functions.

1.2.5 Backpropagation

Backpropagation is an algorithm of supervised learning for artificial neural networks

using gradient descent. Backpropogation computes the gradient of the loss function

with respect to the weights of the network in order to train neural networks. Each

of the neural network’s weights gets updated proportional to the partial derivative of

the loss function in each iteration of training.

1.2.6 LSTM

Long short-term memory (LSTM) is a specific recurrent neural network (RNN) archi-

tecture that is capable of maintaining long-term dependencies. During backpropoga-

tion, classical RNNs suffer from the vanishing gradient problem - when a gradient

becomes so small that it no longer has any effect on the weight’s value. LSTMs have
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internal mechanisms called gates that can regulate the flow of information as well as

a cell state, allowing them to pass down relevant information. The cell remembers

values over varying time intervals, while the gates (input, output, and forget gate)

regulate the flow of information in and out of the cell.

Figure 1-2: LSTM Cell Architecture

1.2.7 Transformer

Sequence-to-sequence (seq2seq) models in NLP are used to convert sequences of one

type to sequences of a different type. Transformers are models that aim to solve

seq2seq tasks while handling long-range dependencies with ease. It was first intro-

duced by Vaswani et al in their 2017 paper "Attention Is All You Need". Transform-

ers transform one sequence into another using an Encoder, Decoder, and Attention

mechanisms. The architecture proposed in the paper is shown below. [20]
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Figure 1-3: Figure from Vaswani at al showing the architecture of a Transformer

1.3 Related Works

1.3.1 Neural Networks to Model Brain Behavior

Recent research in natural language has seen the development of computationally

precise and neurally plausible models of language processing. This link between mind

and machine has been explored in depth and seen much success in vision [12], [17],

[22], [25], [9]. Of great help in this work has been the use of animal models.
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For example, Yamins et al (2013) sought to construct models of the ventral stream,

a hierarchical cortical neuronal network used to solve object recognition tasks. Using

a novel optimization procedure for category-level object recognition problems, they

were able to construct models of the ventral stream. New developments at the time

had bolstered the previous long-standing hypothesis that the visual input captured by

the retina is rapidly processed through the ventral stream into an effective, “invariant”

representation of object shape and identity, by showing that the abstract category-

level visual information is accessible in IT (inferotemporal) cortex, but much less

effectively in lower cortical areas. The idea was that in developing encoding models

that map the stimulus to the neural response of visual area IT in macaque monkeys,

some understanding of object recognition in humans would come to light. This model

helped further develop a long-standing functional hypothesis that the ventral stream

is a hierarchically arranged series of processing sages optimized for visual recognition.

[21] Finally, this demonstrated that the activations of a convolutional neural network

trained on ImageNet in response to natural images could predict activations in a

macaque monkey’s visual cortex in response to the same images.

In work published a year later also by Yamins et al, it was found that models

that performed better on an object categorization task were also more likely to pro-

duce outputs that aligned more closely to IT neural responses. Additionally, when

optimizing for performance, the best-performing models predicted neural output as

well as those models directly selected for neural predictivity, although the reverse is

not true. Together, these results imply that performance optimization is an efficient

means to identify regions in parameter space containing IT-like models. [22] Shrimpf

et al extended on this work in 2018 by demonstrating that this performance-driven

approach holds in a broad sense when evaluated on multiple deep neural networks

in a wide range of ImageNet performance regimes, but fails to produce a network

exactly matching the brain when reaching human performance levels. [17]

These methods have even been extended to the domain of human auditory be-

havior. It has been found that a task-optimized neural network can replicate human

auditory behavior and predict brain responses. The network performed auditory
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tasks as well as humans and exhibited human-like errors despite not being optimized

to do so, suggesting common constraints on network and human performance. The

network additionally predicted fMRI voxel responses substantially better than tradi-

tional spectrotemporal filter models throughout auditory cortex. [12]

Progress has been made in several iterations in the field of natural language. First,

distributional word representations were found to be useful in predicting human brain

activations, when subjects were presented with single words [13]. Then, this result

was extended by Huth et al using distributed word representations, and again by

Pereira et al to sentence stimuli. All this has led up to work by Shrimpf et al (2020)

to find that certain models could predict language processing in the brain.

To expand on these studies, first Mitchell et al., (2008) demonstrated that distribu-

tional word representations could be used to predict human brain activations. In their

paper, they present a computational model that predicts the functional magnetic res-

onance imaging (fMRI) neural activation associated with words for which fMRI data

had not yet been collected. The model was trained with data from a trillion-word text

corpus as well as observed fMRI data associated with viewing several dozens of con-

crete nouns. Once trained, the model would predict fMRI activations for thousands

of other concrete nouns from the text corpus, yielding a highly significant accuracy

over the nouns for which the experimenters did have fMRI data available for.[13]

The mechanics of the model were as follows. Given an arbitrary stimulus word

𝑤, the first step gets frequencies of co-occurence with a set of common 20 verbs for

each noun, and those are the intermediate semantic features. In the next step, the

neural fMRI activation would be predicted at every voxel location in the brain, as a

weighted sum of neural activations contributed by each of the intermediate semantic

features. For context, the voxel is a 3-dimensional unit that embeds the signals

in brain scans. As the MRI machine scans through each dimension of the brain

millimeter by millimeter, voxels are formed to enclose the signals created by protons-

magnet interactions. In particular, the predicted activation 𝑦𝑣 at a voxel 𝑣 in the brain

for a word w can be calculated in the following way: 𝑦𝑣 =
∑︀𝑛

𝑖=1 𝑐𝑣𝑖*𝑓𝑖(𝑤) where 𝑓𝑖(𝑤)

is the value of the 𝑖𝑡ℎ intermediate semantic feature for a word 𝑤, 𝑛 is the number
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of semantic features in the model, and 𝑐𝑣𝑖 is a learned scalar parameter that specifies

the degree to which the 𝑖𝑡ℎ intermediate semantic feature activates voxel 𝑣. This

essentially allows us to predict the full fMRI image across all voxels for a stimulus

word 𝑤 as a weighted s of images, one per semantic feature 𝑓𝑖. These semantic feature

images, defined by the learned 𝑐𝑣𝑖, constitute a basis set of component images that

model the brain activation associated with different semantic components of the input

stimulus words.[13]

Figure 1-4: A figure from Mitchell at al showing the steps of the predictive model

In Pereira et al’s 2018 work, they present a new approach for building a brain

decoding system in which words and sentences are represented as vectors in a semantic

space constructed from massive text corpora. By efficiently sampling this space to

select training stimuli shown to subjects, they were able to maximize the ability

to generalize to new meanings from limited imaging data. Prior to this study, a

number of studies had attempted to learn a mapping between particular semantic

dimensions and patterns of brain activation. The idea behind this is that if such a

mapping can make predictions about neural responses to new stimuli, this means the
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underlying model must have captured some aspect of the representation of meaning.

Previous studies in the natural language domain had been restricted to relatively

constrained sets of stimuli (like concrete nouns, seen above), which left the question

of whether the models would generalize to meanings beyond those that they were built

to accommodate open. In this paper, the authors introduce an approach for building

a universal brain decoder that can infer the meanings of words, phrases, or sentences

from patterns of brain activation after being trained on a limited amount of imaging

data. The goal behind this was to develop a system that would work on imaging

data collected while a subject read natural linguistic stimuli on any topic, including

abstract ideas. In addition to providing an excellent and exciting new approach for

building a universal brain decoder, this paper produced an exceptional set of brain

recordings that paved the way for future analyses and experiments. [14]

Finally, research has been done in the Fedorenko lab concerning whether state-of-

the-art artificial neural network language models capture human brain activity elicited

during language comprehension using a pipeline from vision research [17]. 43 language

models were tested on three neural datasets (fMRI [14] and ECoG [5]), spanning all

major classes of existing language models and included embedding models, recurrent

neural networks, and variants of attention based architectures—transformers. The

results showed that the most powerful transformer artificial neural network models

could accurately predict neural responses. This shows that specific language models

can capture substantial variance in neural responses to language, which provides the

first computationally precise account of how the human brain may solve the problem

of language comprehension. [16]

To compare a given model to a given dataset [5, 14], the authors presented the

same stimuli to the model that were presented to humans in neural recording exper-

iments and ’recorded’ the model’s internal activations. To retrieve model represen-

tations, they treated each model as an experimental participant and ran the same

experiment on it that was run on humans, including adjusting how words, sentences,

or paragraphs were input in order to mimic the human experiment properly for each

type of model. After the processing of each word, they retrieved model representations
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at every computational block (i.e. an LSTM cell). When comparing against human

recordings spanning more than one word such as a sentence [14], they additionally

aggregated model representations.

This body of work has seen particular success over the last few years, and the

link between mind and machine becomes ever more attainable. With the rise of

increasingly accurate models of human cognitive functions, it becomes critical to

synthesize stimuli for probing and understanding the underlying functions of such

models.

1.3.2 Synthesizing Stimuli for testing Neural Networks

Deep neural networks are powerful learning models that have achieved excellent per-

formance on a wide array of problems in the domain of image recognition problems.

This high performance is possible because they can express arbitrary computation

that consists of a modest number of massively parallel nonlinear steps. Since the

resulting computation is automatically discovered by backpropagation via supervised

learning, it can be difficult to interpret and can have counter-intuitive properties. In

their 2014 work, Szgedy et al explore the intriguing properties of neural networks,

including the semantic meaning of individual units as well as the stability of neural

networks with respect to small perturbations to their inputs. [19]

This exploration into these perturbations laid the basis for developing adversarial

examples. The authors expected that a state-of-the-art deep neural network that

generalizes well on object recognition tasks would be robust to small perturbations

of the input, given that these small perturbations cannot change the object category

of the input image. However, they found that by applying imperceptible non-random

perturbation to a test image, it’s possible to arbitrarily change the network’s predic-

tion. These perturbations were found by optimizing the input to maximize prediction

error.

In addition to finding that neural nets were vulnerable to these perturbations,

which yielded “adversarial examples”, they made three interesting observations. The

first was that the adversarial examples that they managed to generate were virtually
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impossible to distinguish from each other by the human eye, yet were misclassified by

the original network. The second was that a large fraction of the adversarial examples

were misclassified by networks trained from scratch with different hyperparameters.

Finally, they found that a large fraction of the examples were misclassified by net-

works trained from scratch on a disjoint training set. From this, they concluded

that adversarial examples seemed to be somewhat universal, instead of just being the

result of overfitting to a particular model or selection of the training set.

Building on this work, Goodfellow et al attempted to understand why these adver-

sarial examples might function in the way they do. They officially defined adversarial

examples to be “inputs formed by applying small but intentionally worst-case pertur-

bations to examples from the dataset, such that the perturbed input results in the

model outputting an incorrect answer with high confidence”, and claimed that the

primary cause of a neural network’s vulnerability to adversarial perturbation is the

linear nature of the network. Through their work, they came to the conclusion that

instead of learning the true underlying concepts that determine the correct output

label, the algorithm builds a fraudulent understanding that works for naturally oc-

curring data, but is exposed as a fake when one visits points in space that do not

have high probability in the data distribution. [7]

While this question of adversarial examples and perturbations had been explored

in great depth in the domain of vision, there was little work done exploring the po-

tentials of such examples in natural language initially. This was plausibly for several

reasons. While in the image domain, these perturbations are often virtually indistin-

guishable to human perception, in the natural language domain, small perturbations

would be clearly perceptible. Even the replacement of a single word could drastically

alter the semantics and structure/grammaticality of a sentence.

In addition, the methods used to generate adversarial examples could not easily

transfer. Adversarial examples in the image domain had been generated through solv-

ing an optimization problem, attempting to induce misclassification while minimizing

the perceptual distortion. In response to the computational cost of such approaches,

fast methods were introduced which, either in onestep or iteratively, shift all pixels
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simultaneously until a distortion constraint was reached. Nearly all such methods are

gradient based. [23]

All these methods, however, rely on the fact that adding small perturbations to

many pixels in the image will not have a noticeable effect on a human viewer. Any

perturbations that could be added to a sentence, however, would be immediately

noticeable. Additionally, while image pixel values are continuous, words in a sentence

are discrete, so we cannot compute the gradient of the network loss function with

respect to input words. One possibility to create an analogous computation would

be to project input sentences into continuous spaces, then consider this as a model

input. This approach still fails, though, because it assumes that replacing every word

with words nearby in the embedding space will not be noticeable. In the language

domain, though, besides semantic cohesiveness, syntactic coherence is also a factor,

and without taking this into account, improper sentences will arise that clearly look

wrong to a human eye.

While these problems have been explored extensively since, there is continual work

being done to improve the production of adversarial examples in natural language

processing. Different approaches have been taken to generating such adversarial ex-

amples. A few white-box attacks, attacks where attackers have full knowledge about

the algorithm, have employed a method adding noise whose direction is the same

as the gradient of the cost function with respect to the data (the fast gradient sign

method), [7], while others have considered black-box adversarial examples for NLP

evaluation [8]. Some have explored adversarial examples on the sentence level, while

others have looked to create adversarial examples on the paragraph level, adding dis-

tracting but non-contradictory sentences to the input paragraph [8]. Others still have

tried to rely on synthetic and naturally occurring language errors to generate noise,

which have ultimately successfully been able to fool models even when humans cannot

be fooled [2]. Approaches like these have looked at making changes directly on text

input space, but other work has been done to perform perturbations in the continu-

ous space that has been trained to produce semantically and syntactically coherent

sentences automatically with some success [24].
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Among this larger body of work, a paper by Alzantot et al in particular is relevant

to this research project. The focus of their research is to generate semantically and

syntactically similar adversarial examples that fool well-trained sentiment analysis

and textual entailment models. In addition, they were able to validate that the ex-

amples are both correctly classified by human evaluators and similar to the original

examples via a human study. They do so by using a black-box population-based opti-

mization algorithm. In their approach, they aim to minimize the number of modified

words between the original and adversarial examples, but only perform modifications

which retain semantic similarity with the original and syntactic coherence. To do so,

they develop an attack algorithm that exploits population-based gradient-free opti-

mization via genetic algorithms. While this works, this approach does not use the

gradient at all, for the reasons mentioned previously. They note that this may mean

that their approach is comparably inefficient. [1] This is in particular relevant to our

research due to the systematic and algorithmic nature of their sentence production,

which has served as a model for the platform described later in this paper, as well

as because of their focus on coherence in their sentences. Rather than hand-crafting

sentences or selecting from pre-existing sets, they have worked to synthesize new

sentences from existing ones, aiming to increase the adversarial nature of sentences

through their algorithm.

Although Alzantot et al. bring the problem of adversarial inputs to the natural

language domain, it does not address one of the crucial ideas that had been noted

about adversarial examples at large: that they often are shared between models, and

can fool multiple models in similar ways. In the current, the objective is not to

compare models, so the authors are not trying to optimize for this. Therefore, this

work provides a good starting point for the idea of “fooling models” in the natural

language domain in some sense, but does not allow us to parse out these differences

very clearly.

Instead, a different concept is introduced which can do this much more effectively.
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1.3.3 Optimal Experiment and Stimulus Design

To maximize the chance for success in an experiment, good experimental design is

needed. However, the presence of unique constraints may prevent mapping the exper-

imental scenario onto a classical design. In these cases, we can use optimal design: a

powerful, general-purpose tool that offers an attractive alternative to classical design

and provides a framework within which to obtain high-quality, statistically grounded

designs under nonstandard conditions. It can flexibly accommodate constraints, is

connected to statistical quantities of interest and often mimics intuitive classical de-

signs. [18] [11]

Optimal experiment and stimulus design is a long-standing research area. Golan et

al joins this rich field with their 2020 paper, exploring the idea of “controversial stim-

uli”, for pitting neural networks against each other as models of human recognition.

The authors note that since distinct scientific theories can make similar predictions,

in order to judge between theories, experiments must be designed for which the the-

ories make distinct predictions. In this experiment in particular, the authors wish to

compare deep neural networks as models of human visual recognitions. [6]

In order to efficiently compare the ability of these various models to predict human

responses, it is critical to create a new set of stimuli - controversial stimuli. For a

controversial stimulus, each different model produces a distinct response. The reason

that one cannot use an adversarial example to do this same task is that adversarial

stimuli are not guaranteed to expose differences between different models, because

they are not designed to probe the portion of stimulus space where the decisions of

different models disagree.

An adversarial example is a stimulus that is controversial between a model and an

oracle that defines the true label. By definition, it requires the evaluation of ground

truth in the optimization loop. Evaluating ground truth is no trivial task, however,

since it may require human judgement. Often as a replacement, adversarial attacks

are used as a stand-in to this human judgement component. Controversial stimu-

lus synthesis, on the other hand, allows us to compare two models without needing
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to evaluate or approximate ground truth within the optimization loop; only once,

once optimization is completed, is the ground truth necessary to determine which

model responded correctly. Thus controversial stimuli allow us to use more costly

and compelling evaluations of ground truth instead of relying on other measures, as

in adversarial examples.

The authors of this paper note that even deep neural network models that exhibit

highly human-like responses when tested on in-distribution stimuli often show sub-

stantial differences from human responses when tested on out-of-distribution stimuli.

An example of this might include images from a different domain, images degraded

by noise or distortion, or images that have been adversarially perturbed. Assessing a

model’s ability to predict human responses to out-of-distribution stimuli provides a

truer test of the model’s inductive bias, which is the explicit or implicit assumptions

that allow the model to generalize from training to novel stimuli. In order to predict

human responses to new stimuli, the model has to have an inductive bias similar to

that of humans. This is because they require that the model generalize beyond the

training distribution.[6]

The final result of the paper was that the authors were able to synthesize contro-

versial stimuli to maximize the disagreement among models which employed different

architectures and recognition algorithms, and using this quantified how accurately

each model predicted the human judgments.[6]

As mentioned before, this is a long-standing field of research that has been explored

along many avenues. While I have discussed a relevant example in vision above,

note that important breakthroughs in this field have occurred along various threads

of research; the McDermott Lab specifically has done thorough work in exploring

optimal design in the context of audition and auditory stimuli.

For example, work done in the McDermott lab has delved into whether contem-

porary deep neural networks can be used in this way to gain normative insights

about complex perceptual tasks. Specifically, they explore the interplay of peripheral

coding and stimulus statistics in pitch perception, training artificial neural networks

to estimate fundamental frequency from simulated cochlear representations of natu-
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ral sounds. The best-performing networks replicated many characteristics of human

pitch judgments. In order to figure out how human ears and our environment shape

these characteristics, optimized networks were given altered cochlea or sound statis-

tics. Human-like behavior emerged only when cochleae had high temporal fidelity

and when models were optimized for natural sounds. [15] Exploring the capabilities

of deep neural networks has become an important question, as deep neural networks

have become more commonplace as models of sensory systems: how similar are they

really to various biological systems? In this vein, Feather et al synthesized model

metamers – stimuli that produce the same responses at some stage of a network’s

representation - for natural stimuli by performing gradient descent on a noise signal,

matching the responses of individual layers of image and audio networks to a natural

image or speech signal. [4]

1.4 Contributions

This thesis fits into a project that has a specific scientific goal: to develop controversial

stimuli within the domain of natural language. The goal of this thesis is slightly

broader; in this work, our main contribution is a platform that allows us to explore

the affects of different parameters on synthesizing controversial stimuli for natural

language. This platform gives flexibility in being able to test different combinations

of a proposal mechanism, different scoring functions, and different models. This allows

a user to test myriad ways of synthesizing controversial sentences, and allows for ease

of testing different options and hypothesis. Using this platform, we can explore the

moving parts of this synthesis process, and distill down what aspects are most helpful,

and add the most controversy to a sentence while retaining the most coherent sentence

structures.

By enabling such flexibility, this platform allows us to systematize the process

of searching for what aspects of language and sentence creation incite controversy.

Instead of simply selecting from a preexisting corpus of sentences, or hand-crafting

sentences on an as-needed basis, we have built a platform that allows us to isolate
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specific hypotheses and analyze how they affect the sentence synthesis process. This

platform has begun to give us an understanding towards what a controversial sen-

tence should look like, what the underlying aspects of a sentence are that make it

controversial, and what kinds of methods work for creating such stimuli. We can

begin to delve into "blind spots" in the potential space of sentences, and exploit edge

cases that will help us understand how our models’ inductive biases function with

increasing clarity.

In the following chapter, I introduce the algorithm that the platform is based

on, along with several relevant abstractions which will be essential to understanding

how the platform works and the flexibility it allows us. Then, I will show the algo-

rithm in action in order to give a more intuitive understanding of how the algorithm

accomplishes the task of producing controversial sentences.

Finally, I will outline several future directions for this project, including different

ways to utilize the platform, and how these controversial sentences will be used once

they have been developed.
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Chapter 2

A framework for synthesizing

controversial sentences

In this section, I first outline the desiderata of this project; what we aim to achieve

with this platform. From there I introduce the algorithm that the platform is based

on, along with several relevant abstractions which will be essential to understanding

how the platform works and the flexibility it allows us. Along with each of these

abstractions, I include a brief description of the options I have already implemented

and tested for the use of synthesizing these controversial sentences. In addition, I

discuss additional constraints introduced to the algorithm in order to ensure more

coherent sentences.

2.1 Desiderata

The problem that this algorithm aims to address is two-fold. The final goal of this al-

gorithm is to create controversial sentences, sentences that will exploit current "blind

spots" in the realm of all possible sentences - whether that be naturally occurring

sentences or "sentences" consisting of random lists of words. This space of sentences

is currently undefined - while we have general notions of what kinds of sentences

might be confusing for humans to read, we have little understanding of what kinds

of input would incite controversy among models. There are several moving parts
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which must come together in order to accurately and efficiently explore this space.

By creating a flexible platform that allows us to individually explore the effects of

these moving parts, we can gain a better understanding of what kinds of hypotheses

really incite controversy, and in turn gain some intuition for what controversy looks

like in language, and how we can eventually maximize such a measure.

2.1.1 Objective Function

In order to develop a set of controversial sentences, one must first define an idea of

controversy, or a way to evaluate a single sentence for how controversial it is. My

goal is to capture the difference in the output of multiple models, elicited by a single

sentence. Within the task of language modeling, an effective way to do so would

be to compare the probability distributions produced by each model over the next

word possibilities. To this end, I employ a method that measures the similarity

and differences between two or more probability distributions. Ultimately, it is this

metric that we are trying to optimize for, thus in the algorithm it is denoted as a gain

function, 𝐺. The parameters to this gain function are a sentence 𝑠, the model list 𝐿,

and the vocabulary length 𝑉 .

Jensen-Shannon Divergence

As noted in previous sections, the final goal of this platform is to both synthesize

sentences that have high controversy, and explore why high controversy occurs in

these contexts. In both of these goals, the idea of controversy is absolutely key; it

is our objective function, what we are trying to numerically maximize, and what we

are trying to theoretically understand. Insofar as we are interested in the controversy

between the "reactions" of models, and that the "reactions" of models are essentially

probability distributions over words, we need a measure that can capture the differ-

ences in these probability distributions in such a way that is consistent, clear, and

theoretically sound.
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Definition

The Jensen-Shannon divergence (𝐽𝑆𝐷) is a divergence measure which is always fi-

nite for finite random variables. It quantifies how similar or different two or more

distributions are from each other.

The formal definition is as follows:

𝐽𝑆𝐷𝜋1,𝜋2,...,𝜋𝑛(𝑃1, 𝑃2, ..., 𝑃𝑛) = 𝐻(
𝑛∑︁

𝑖=1

𝜋𝑖𝑃𝑖)−
𝑛∑︁

𝑖=1

𝜋𝑖𝐻(𝑃𝑖)

where 𝜋1, 𝜋2, ..., 𝜋𝑛 are weights that are selected for the probability distributions

𝑃1, 𝑃2, . . . , 𝑃𝑛, and 𝐻(𝑃 ) is the Shannon entropy for distribution 𝑃 .

Justification

The Jensen-Shannon divergence have several properties in particular that make it use-

ful as a theoretical measure of controversy in language. While the Jensen-Shannon

divergence is based on the Kullback–Leibler divergence, it has several important dif-

ferences. Crucially, it is symmetric and always has a finite value. Since we want

to explore how different two distributions are from each other, symmetry is essen-

tial. Since our theoretical space of changes is infinite, it is indispensable that there

is always a finite value with which to measure each change. In addition, the Jensen-

Shannon divergence can be generalized to include as many probability distributions

as necessary, so one can compare multiple distributions at once instead of just mak-

ing pairwise calculations. Thus, we can explore how many models’ inductive biases

contrast. Finally, there is a natural upper limit to the score as well when using the

Jensen-Shannon Divergence, thus we actually have a upper limit to use as a sanity

check for how much controversy produced is a useful and substantial amont of contro-

versy. For 𝑀 probability distributions, the upper limit is 𝑙𝑛(𝑀). For these reasons,

I chose to use the Jensen-Shannon divergence as a metric for the similarities and

differences between these probability distributions.

In addition to these theoretical justifications, the Jensen-Shannon divergence has

shown to have practical justification as well in this context. In order to validate that
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the Jensen-Shannon Divergence is indeed a good proxy for model discriminability on

new neural data, we use regression weights from [16] and calculate the cosine distance

for novel stimuli. For the same sentences, we found the Jensen-Shannon Divergence

as well. Plotted below are the scores of the cosine distance versus Jensen-Shannon

divergence for each sentence.

Figure 2-1: Correlation Between Jensen Shannon Divergence and Cosine Distance

For this correlation, 𝑅2 = 0.02903, and 𝑝 = 3.4575*10−7. This shows that there is

a significant, though weak, correlation between the Jensen-Shannon Divergence and

Cosine Distance, which is based on the brain activations from the Schrimpf paper.

Thus there is a plausible reason to use the Jensen-Shannon divergence as a measure for

controversy, knowing that eventually the controversy in these sentences will be used

to compare distances between models in the context of human language processing.

2.2 Statement of the Algorithm

In this section, we present the algorithm and explain how it works. The high level

idea behind the algorithm is to take a preexisting sentence, evaluate the amount of

"controversy" that the sentence creates, then try to improve on that score iteratively.

We define a sentence as 𝑠 = (𝑤1, 𝑤2, ...., 𝑤𝑘).
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Algorithm 1 Synthesize Controversial Sentences
Require: Sentence 𝑠 = (𝑤1, 𝑤2, ...., 𝑤𝑘), Sampler function 𝑆, Convergence Criterion

𝐶
Require: Model List 𝐿, Max length 𝑁 , How many candidates to choose 𝐾, Vocab-

ulary Length 𝑉
1: 𝑆 ← {} ◁all scores
2: 𝑚 ← max(len(𝑠)+𝑙, N)
3: if len(set(scores[-𝐶:])) != 1 then
4: while len(𝑠) < 𝑚 do
5: 𝑠𝑐𝑜𝑟𝑒 ← 𝐺(𝑠, 𝐿, 𝑉 )
6: 𝑖 ∼ {1...𝑙𝑒𝑛(𝑠)}
7: (𝑤̃1𝑟, 𝑤̃2𝑟, ...., 𝑤̃𝑘𝑟) ← 𝑆(𝑠, 𝑖, True, 𝐾) ◁candidate words for replacement
8: 𝒮 ← {} ◁candidate sentences
9: for 𝑤̃ in (𝑤̃1𝑟, 𝑤̃2𝑟, ...., 𝑤̃𝑘𝑟) do

10: 𝑠 ← 𝑠[i] = 𝑤̃ ◁replacement
11: 𝑆.add(𝑠)
12: end for
13: 𝑠 ← del 𝑠[i] ◁deletion
14: 𝑆.add(𝑠)
15: (𝑤̃1𝑎, 𝑤̃2𝑎, ...., 𝑤̃𝑘𝑎) ← 𝑆(𝑠, 𝑖, False, 𝐾) ◁candidate words for addition
16: for 𝑤̃ in (𝑤̃1𝑎, 𝑤̃2𝑎, ...., 𝑤̃𝑘𝑎) do
17: 𝑠 ← 𝑠.insert(𝑖, word) ◁addition
18: 𝑆.add(𝑠)
19: end for
20: 𝑠 ∼ {𝑠1, 𝑠2...𝑠𝑘}
21: 𝑠𝑐𝑜𝑟𝑒𝑠 ← 𝐺(𝑠, 𝐿, 𝑉 ) ◁candidate score
22: if 𝑠𝑐𝑜𝑟𝑒𝑠 > 𝑠𝑐𝑜𝑟𝑒 then
23: 𝑠 = 𝑠
24: end if
25: 𝒮.add(𝑠𝑐𝑜𝑟𝑒)
26: end while
27: end if
28: return 𝑠
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In each iteration, a pool of candidate sentences 𝑆 is created. In order to do

so, the following steps are taken. First, an index 𝑖 is chosen in the range of the

sentence length at random. Then, the candidates are created in one of three ways: a

replacement is made at 𝑖, an insertion is made at 𝑖, or a deletion is made at 𝑖. Then, a

pool of candidate words (𝑠1, 𝑠2, ..., 𝑠𝑘) is sampled from the Sampler. For each word 𝑠

suggested, a new candidate sentence 𝑠 is created with either a replacement, deletion,

or addition.

From the pool of candidate sentences 𝑆, a single sentence is sampled and evaluated,

𝑠. Then, the score of the sampled sentence is compared to the score of the original

sentence being modified. If the modification proves to improve the divergence score,

then the modification is selected, otherwise it is not. This process occurs over and over

again until the convergence criterion is met, and the candidate sentence is returned

2.3 Sampler

In our algorithm, in each iteration we test three different options for making changes

to a sentence in order to synthesize a more controversial alternative; we explore re-

placements, deletions, or additions. Most crucial, however, are the actual words that

will be supplied for these modifications. Theoretically, this space of candidate words

could be comprised of the whole vocabulary of a language. However, testing all pos-

sible words that could fit would be computationally infeasible, as well as unnecessary.

Logically, certain sets of words will prove to create more or less interesting and contro-

versial sentences. We can capture some of these sets of words with certain hypotheses.

If we can propose different hypotheses that captures various subset of words, we can

begin to narrow down which of these sets consistently breeds controversy. The set of

words which arise from applying a hypothesis are the proposal distribution for the

given space in the sentence.

Since part of our desiderata is to understand what kinds of mechanisms in language

create controversy, it is important to explore multiple hypotheses for these proposal

generators. For example, one hypothesis might yield words that fit well into the
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current sentence but that do not increase the controversy substantially, while another

finds words that clash with the rest of the sentence but cause bounds and leaps of

improvement with regards to our objective function. Our goal is to be able to test out

how sentence synthesis would affected by both types of proposal hypotheses. Thus,

we allow the Sampler to be an argument to our platform.

The Sampler function 𝑆 is a stand-in for different types of proposal generators,

or different ways of choosing words for candidate sentences. In this project, we have

explored three different types of proposal distributions: sampling words at random,

sampling from the average distribution, and sampling from BERT. As parameters,

it takes in the sentence 𝑠, the index of the change 𝑖, True/False if the change being

made is a replacement respectively, how many words to sample 𝐾.

2.4 Vocabulary

In order to compare the distributions produced by the models, a shared vocabulary is

required. Several issues arise when trying to impose a single vocabulary. First, each

model inherently has a different vocabulary. Second, each model tokenizes words

differently, so a word that could actually be shared among models might look very

different in two different models. Thus, the need for a shared vocabulary arises: to

ensure that the distributions over words were being compared to each other accurately.

In order to do so, we predetermined a shared vocabulary, chosen from SubtlexUS,

a database containing word frequencies based on English and American movies and

TV series subtitles (51 million words in total). We allow the user to choose the top 𝑉

most frequent words. Then, we map each word of this predetermined vocabulary to

how it would be tokenized by each tokenizer and get the subword tokens that compose

the word. Then, we find the corresponding index of the subword tokens. In order to

get back the probability of the final word, we take the sum of the log probabilities of

the pieces of the words and finally normalize.
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2.5 Decision To Accept/Reject Proposal

Once a candidate sentence 𝑠 has been produced, it must be evaluated by the Gain

function 𝐺, yielding a score 𝐺(𝑠) = 𝑠𝑐𝑜𝑟𝑒𝑠. This score must then be compared to

the score of the original sentence 𝑠, 𝑠𝑐𝑜𝑟𝑒𝑠 = 𝐺(𝑠). One way of deciding whether to

accept or reject a sentence would be to directly compare the scores, and choose the

sentence with the higher score to continue on.

However, one benefit of the Jensen-Shannon divergence was that, while it gives

a sentence-wide averaged score, it also gives scores for each position of the sentence.

This allows for more nuance in deciding how to accept and reject proposal sentences.

Thus we can take into account how the scores vary throughout the sentence, and how

a change at an index 𝑖 might affect the rest of the sentence after that index.

To do so, we used an exponential discounting function to get a more comprehensive

score, which we ultimately directly compared, and choose the sentence with the larger

score.

2.6 Convergence Criterion

In theory, a sentence could forever be modified. Therefore, it is essential that there

is a clear stopping point, at which point a final sentence is returned. In this context,

we determine a stopping point using the differences in the scores of different versions

of the sentence. We allow this as a parameter that can be modified, call it 𝐶. Then,

if the score of a sentence is the same for 𝐶 iterations, we return the sentence and do

not attempt to modify it further. This would mean that no change made in the last

𝐶 iterations was able to improve the score.

2.7 Constraints

There were several constraints that we imposed on the algorithm otherwise in order

to ensure that we were getting results that would sufficiently meet our requirements.

36



Our criteria are for the sentence to be minimally coherent, as well as for the score to

improve substantially.

The first constraint was to impose a maximum length for the final sentence. This is

because the sentence could be added to indefinitely, yielding negligibly small changes

in the score at the cost of a more incoherent sentence. If there are too many additions,

the sentence loses all of its original structure and becomes increasingly less coherent

past a certain point. We allow this as a hyper-parameter, 𝑁 , for the user to choose:

what they think would be a reasonable maximum length for their use case.

The second constraint was imposed upon the proposal distribution, also for the

sake of coherence. We restricted the proposal distribution to avoid repeated words,

as well as punctuation. Added punctuation adds little to no syntactic or semantic

value to the sentence, and we are specifically looking at making modifications to these

sentences on the word-level, thus we chose to avoid punctuation. In addition, we filter

out repeat words; in particular, BERT will occasionally suggest words that are similar

to ones already in the sentence, particularly more words that are extremely popular,

like "and", "the", and similar words. In order to stop sentences from having excess

amounts of these over-represented words, we prevented all repeats in sentences.
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Chapter 3

Numerical exploration

In the following section, we will show a depiction of the algorithm at work, to bet-

ter understand how the algorithm iteratively creates a more controversial sentence

than the starting sentence. From there, we will provide a show of convergence for

the algorithm, as well as an interpretation of several of the resulting sentences, pro-

duced by different sampling functions in particular. Finally, we will summarize some

qualitative results based on the kinds of sentences currently being synthesized by the

algorithm. In this section, we will be showing the results obtained by comparing the

following models: GPT-2, XLM, T5, Roberta, and Albert. These were chosen specifi-

cally because they represent a cohort of state-of-the-art language models, which serve

as models for language processing.

3.1 Depiction of Algorithm

While the algorithm was laid out in Chapter 2, the best way to intuitively grasp how

it works is to look through several iterations of an example sentence being modified.

I will show three iterations of changes for the starting sentence "Prominent Southern

Republicans were something repair a rare breed in those days". In each figure, I show

the 5 words from the candidate pool for replacements, 5 words from the candidate

pool for additions, then examples of how those replacements and additions would fit

into the sentence. From there, the algorithm samples one such sentence and the score
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is evaluated, and if the resulting score is higher than the original score, the modified

sentence is accepted.

Figure 3-1: Iteration 1, with a Delta of 0.01638 in score

Figure 3-2: Iteration 2, with a Delta of 0.00313 in score
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Figure 3-3: Iteration 3, with a Delta of 0.00027 in score

In order to show the controversy elicited by these modifications, I use a bar graph.

This bar graph is color coordinated, where each color corresponds to a model. For the

highest Jensen-Shannon Divergence scoring position in the whole sentence, this shows

the top five most likely words for each model and compares words that are shared

across models. Maximum controversy in this case, then, would mean that there would

be 25 individual tick marks with one bar for corresponding to each word, because this

would mean that the top five words found by each model were completely disjoint

with the top five words of all other models. In this case, we can think of similarity as

how much clustering there is (these top 5 words of course not being representative of

the whole vocabulary, but to be used as an example), while difference or controversy

arises in the lack of clustering. These bar graphs can be seen in greater detail in the

Appendix.

3.2 Convergence rate

It is essential that there is a point of convergence in the scores, since otherwise a

sentence could be theoretically modified indefinitely. In our platform, we allow users
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to decide what convergence criterion they would like to use. This essentially means

that we allow the user to decide after how many iterations of the same score do we

find that the sentence has practically converged. For example, we use a convergence

criterion of 1000 iterations here. In the plots below, we show an average line plot of

the progression of sentence scores until the scores eventually converge. For this plot,

we use the Jensen Shannon Divergence as the evaluation function, and sample from

BERT for our proposal distribution.

Figure 3-4: Average convergence line plot with standard deviations

3.3 Interpretation of resulting sentences

When looking at the final sentences synthesized by this algorithm, we must first

ask ourselves: "Do these sentences meet the criteria we set out at the onset of this

project?" The criteria we had imposed were that there was a substantial improvement

in the score, while also retaining some level of coherence, at least to the point of

looking like a "sentence" by some human-recognizable metric.

In this section, we look at some of the sentences produced, and try to draw

conclusions about why they failed, so that the next iteration of sentences produced
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comes closer to fulfilling our end goals.

3.3.1 Average Distribution Sampled Sentences

One option for a Sampler was to use the average distribution of the model list models,

for the pool of candidate words. After producing several iteratoins of sentences,

however, I found that the words being chosen seemed relatively arbitrary. While

they did meet our desiderata of increasing controversy, they had little to no measure

of coherence. Especially when making changes early on in the sentence, this would

occur quite frequently, since there would be less context for the models to derive the

next-word probability distributions from. For the first word in the sentence especially,

this just meant that the probability distribution was based on the priors of the model

rather than their language modeling abilities. Therefore, the resulting sentences were

relatively uninteresting and scattered.

For example, one such sentence was: "Will racial diversity find its way to Wyoming

as some people are offered jobs there ?". This eventually evolved into: "Me racial

diversity pipe Chinese grad to masters grad some aff masters offered jobs there join".

3.3.2 BERT Sampled Sentences

In order to address this issue of context, we tried an alternative Sampler: sampling

with BERT. The methodology behind this was as follows: let 𝑖 be the index at which

a change is occurring. Replace the word at the index 𝑤 with a single or two masked

tokens, chosen at random, the reasoning of which will be explained shortly. Pass

this modified sentence to a masked language model version of BERT, and allow it to

generate the top K most likely tokens that would fit in that index instead.

This approach is bidirectional, thus taking into account both the context after

the index in question as well as before the index. Therefore, the predictions made

were much more coherent and fit the sentences better than sampling from the average

distribution, described above.

One issue that did arise was that BERT would occasionally suggest tokens that

43



were not equivalent to complete words. Because we are trying to modify the sentence

on the word-level, we wanted the suggestions made by BERT to be words as well,

instead of fragments of words. Thus, we chose the approach of choosing at random

one or two masked tokens to place at the index 𝑖 If it was replaced by one masked

token, we filter out subword-tokens (which in BERT are denoted by starting with

""). If it was replaced by two masked tokens, we ensure that the first token did not

start with "", but that the second token did start with "". Occasionally, this would

produce mismatched words (for example, replacing a word with "and ing"), but this

happened with relatively low frequency.

Another additional difficulty that arose was that while the words suggested by the

sampler fit relatively well into the sentence, often they were "uninteresting" words.

For example, among the most popular words in any given situation or context are

"the", "a", "and", etc. These words then become suggested quite often, and some-

times replace words with a richer content or definition.

For example, in the following sentence, "Iran" and "Russia" are meaningful words

that give important context: "Therefore any attack upon Iran s nuclear facilities will

bring Russia into the mess". After converging on a score, this sentence becomes the

following: "and a if where political pressures on over water facilities led to two turns

of fighting the an". More interesting words have been switched out, and there are

more "dull" or common words in this sentence.

An additional concern which arose from this was that potentially we were inhibit-

ing the controversy that could be realized by having sentences that fit together "too

well", or "too coherently". Since BERT would always try to suggest words that could

reasonably fit into the context of the sentence, it would make sense that other lan-

guage models would too expect those words, and might agree on those words more

often than other more varied words. Therefore, we conjectured that perhaps using

BERT actually limited the accumulated controversy.
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3.3.3 BERT with POS Sampled Sentences

In order to remedy the problem of swapping interesting or meaningful words out of a

sentence, we explored an additional modification on the previous Sampler, by adding

in a condition on the words proposed. For a word 𝑤 index 𝑖 let 𝑝 the part-of speech

tag associated with 𝑤. Then, any words being proposed by BERT must have the same

part-of-speech tag 𝑝 the word that it is proposed to replace. We create a dictionary

of words to part-of-speech tags, using the dominant part-of-speech tag as defined by

the SUBTLEXus lexicon. This is a slightly limited view, as some words change their

part-of-speech tag based on the context they are being used in, but this allows us to

begin to explore this modification relatively robustly.

One limitation we ran into when implementing this was that many words were

not tagged properly - specifically, many words were tagged as "Unclassified". This

meant that instead of being matched up to words that were similar in part of speech

to the original words, they were matched to other "unclassifiable" words. In the

vocabulary of the language model, this was a very varied set, which included special

characters, symbols from other languages, and special tokens. Thus this approach, at

the level implemented currently, led to sentences full of non-word tokens, which were

not interpretable.

3.3.4 Random Words Sampled Sentences

In order to avoid forcing too much structure on the synthesized sentences via the

candidate words proposed, as was a potential downside of sampling from BERT, we

tried sampling random words. Specifically, to get a candidate set of words, we drew

at random from the 10,000 most likely words in the English language, based on the

SUBLEX-us corpus. This resulted in a more diverse set of sentences, and included

plenty of colorful words. Though these sentences were more varied, over time they

came to look more like random sets of words rather than actual sentences, as the words

and structure of the original sentence disappeared through replacements, additions,

and deletions since context was no longer important to choosing candidate words.
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When reading these sentences, however, it does seem as though some semblance of

local structure is retained.

For example, the sentence "She is also nicer when we are both alone" became

"children affairs also Harry swell ahead when family are civil expression were". An

additional example is "Please let me know we are eager to keep trading with Global

and yourselves", which turned into "Please let me know silly are eager to returned be

with value hoping assignment fingers aware settle". Some of these turns of phrases

seem to have a semblance of coherence, however it is difficult to know whether this is

a result of the algorithm, or whether we are noticing structure where there is none.
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Chapter 4

Conclusions and Future Directions

In this work, we presented a novel algorithm and platform for synthesizing controver-

sial sentences in the natural language domain. Our result differs from previous work

in that it is focused on synthesizing controversial examples, and works to systematizes

this process which allows us to explore the regions of language which confuse models

in a scientific way. Crucially, we provide a way to test different hypotheses and meth-

ods easily and efficiently using this platform. While a concrete set of stimuli has not

yet been reached, this platform has begun to give us an understanding towards what a

controversial sentence should look like, what the underlying aspects of a sentence are

that make it controversial, and what kinds of methods work for creating such stimuli.

This understanding is necessary to knowing what the limitations and potentialities

of developing such stimuli are, and knowing what sorts of methods are relevant to

explore further. In this vein, there are several potential future directions to explore.

One such proposal suggests that instead of operating at the word-level, we operate

at a bi- or tri-gram level. This would mean that instead of making replacements,

additions, and deletions on a word by word basis, we instead use bi-grams or tri-grams

instead. The reasoning behind this suggestions is that by using bi- or tri-grams, we

would retain clusters of local coherence in the sentence. This may be potentially

useful when testing out these sentences on human subjects; while a model does not

mind if a sentence looks like a random set of words, a human may process a random

set of words differently than they would process a sentence. Since these sentences
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will hopefully be used to understand human language processing, we would want

sentences that are processed as whole sentences to read and understand, rather than

random collections of words to remember.

Another proposal includes adding a re-ranking component, once the sentences

have been synthesized. This would entail trying to maximize controversy as much as

possible, with little to no attention paid to retaining coherence of a sentence, in the

first steps. For example, while sampling from BERT allows us to retain coherence, it

might reduce controversy - indeed it likely does, since words are being purposefully

chosen that could plausibly fit into the sentence, which is likely to be less controversial

to the models. Instead, we may sample from a random list of words and get sentences

that almost look like random lists of words, but have higher controversy scores. Then,

we could evaluate these sentences post-hoc using a re-ranking algorithm, potentially

employing BERT, to rank the sentences by their relative coherence. Thus, in the first

step we prioritize maximing controversy, and in the second we attend to the coherence

of the sentences produced.

Additional proposals include adding different types of models to the list of models

being used to synthesize these sentences. Currently, we are using only large, trans-

former models, which could be part of why we are yielding relatively low controversy.

One way to test this hypothesis is to add different types of models to the list, includ-

ing RNN or LSTM-based models. One such example we are currently considering is

skip-thoughts [10]. In addition, due to the flexibility of the platform, we can continue

to play around with different Samplers or proposal distributions.

Finally, once we have developed examples that maximize controversy while sac-

rificing coherence and readability as little as possible, we will par down our set of

examples, and choose a set which we will present to a cohort of human readers.

As they read the sentences, we will take MRI scans of their brains. The results of

Schrimpf et al [16] show that there exist models that can accurately predict neural

responses, in some cases achieving near-perfect predictivity relative to the noise ceil-

ing. Thus, we will use these results and the pipeline from this work and compare the

predicted neural responses over this set of controversial stimuli, and compare it to the
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MRI scans that we collect from our human subjects. In this way, we can find which

models most clearly and accurately capture human brain activity elicited during lan-

guage comprehension, and since the stimuli are controversial, each model’s response

will be substantially different from other models. This will allow us to distinctly see

which model performs and predicts in the most human-like way, and hopefully reveal

something about the functionality of human language processing.
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Appendix A

Figures

Figure A-1: Iteration 1 Controversy Graph
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Figure A-2: Iteration 2 Controversy Graph
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Figure A-3: Iteration 3 Controversy Graph
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