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Abstract

Hidden Capabilities and Counterintuitive Limits
in Large Language Models

Peter West

Chair of the Supervisory Committee:
Yejin Choi
Paul G. Allen School of Computer Science & Engineering

As massive language models like GPT-4 dominate NLP and Al extreme-scale has
become a clear and frequent theme for success. My research envisions a world where
alternative approaches, efficient methods working on small to medium-scale models,
work alongside extreme-scale models at the forefront of AL In pursuit of this goal, the
work described in this dissertation develops learning and inference algorithms that
unlock hidden capabilities in compact language models. In parallel, I describe the under-
lying nature of model capabilities, and the limits that even scale-driven frontier models
continue to suffer from. Concretely, this dissertation will explore three interconnected
threads. First, Decoding-time Algorithms for Unlocking Out-of-the-box Capabilities. I
have worked to develop a suite of inference-time algorithms that unlock capabilities
in off-the-shelf, compact language models. Next, Symbolic Knowledge Distillation for
Compact Expert Models. I study the way that useful knowledge can be extracted from
general LMs, and incorporated into efficient expert models. Towards this goal, I intro-
duce Symbolic Knowledge Distillation, a framework for distilling domain/task-specific
knowledge from frontier LMs. Finally, Limits of LMs. I investigate the limits of LMs
that even extreme scale has yet to overcome. Here, I pose the Generative Al Paradox:
despite impressive generation capabilities, strong LMs and other generative models
can exhibit much weaker understanding performance than we would expect from a

human with the same ability to generate.
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INTRODUCTION

1.1 LANGUAGE, MODELS, AND SCALE

Contemporary Large Language Models (LLMs) are driving an undeniable boom in Al
popularity, both in terms of public knowledge and use (Chiang, 2023; Roose, 2024),
as well as industrial development and application (Al@Meta, 2024; Jiang et al., 2023;
OpenAl, 2023; Team et al., 2024). Yet these models are drawing on a long and rich
history of language modeling, that was not always focused on general purpose Al
assistants.

Formally, language models are defined as probabilistic estimators of textual proba-
bility; in other words, given some span of text ¢, a language model is something that
attempts to estimate P(t) or the true probability of ¢ occurring in natural text. They are
trained with a cross entropy objective (Jurafsky and Martin, 2009) which encourages
these probabilities to be accurate, and can also be interpreted in terms of concepts
such as optimal compression (Del’etang et al., 2023). Earlier development of language
models was motivated from this probabilistic angle—creating an accurate estimator of
textual probability, as a useful component in statistical systems for applications such
as automatic translation (Brown et al., 1988) and speech recognition (Jelinek, 1997). A
more powerful language model results in a more effective system overall, naturally
driving improvement.

What began as reasonable probabilistic estimators became extremely powerful mod-
els of language, capable of handling complex text and prompts, through a series of
innovations. Language models evolved from being statistical, count-based models
(Kneser and Ney, 1995) to basic feed-forward neural networks; then to more compli-
cated recurrent neural networks (Hochreiter and Schmidhuber, 1997) and finally to the
transformer architecture (Vaswani et al., 2017) which is ubiquitous in modern LLMs.
Methods for training models improved as well, with learning objectives becoming more
stable (Raffel et al., 2019) and incorporating human feedback (Ouyang et al., 2022).
Countless computational and algorithmic improvement were necessary to drive all of
these changes.

Yet, the most important factor that brought language models from statistical compo-
nents to the general purpose Al models of today is widely accepted to be scale. Models
became both better probability estimators, and general Al systems as they became
larger (Kaplan et al., 2020). Following the intuition of Rich Sutton’s The Bitter Lesson
(Sutton, 2019), it seemed that making language models larger and larger was the best
and most consistent path towards both better probability estimation, and human-level
capabilities.

The goal of this thesis will be to investigate this approach, particularly the recent and
frequent refrain that “scale is all you need” for effective AL. While the extreme-scale
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models of today have inarguably demonstrated completely new capabilities for Al I will
explore whether the benefits of scale are so clear cut. Scale has many downsides: high
cost, excessive energy use, and lack of accessibility due to the complexity of running
extreme-scale models. Besides this, many mysteries remain both within the largest
scale models, and much smaller ones. What capabilities are yet undiscovered in even
very compact language models? As well, what is the true nature of the capabilities of
the largest models? Are these truly human-like, or do they break down in interesting
and unexpected ways? These questions will define the lines of research discussed here.

1.2 UNEXPECTED CAPABILITIES OF COMPACT MODELS

As stated above, compact models have the advantages of being efficient and much more
accessible to the general public than extreme-scale models. Many can even work on a
personal computer, and so the prospect of strongcore abilities in these models would
have a multiplicative benefit in their broad usability. As part of this dissertation, I will
discuss methods for unlocking such abilities.

One major theme in this study will be latent capabilities—those that exist within
such models but are not immediately accessible, or may require some extra ingredient.
A motivation in pushing the scale of models has been to make capabilities trivially
accessible. Extreme-scale models can often simply be prompted with textual instructions
for specific behaviors, or perhaps finetuned a small amount. Yet, this ignore what much
greater abilities may be lurking within these models, but are not accessible with shallow
approaches.

I first will explore the combination of language models with principles from infor-
mation theory. As previously stated, language models can be thought of as estimators
of probability, the core primitive of information theory. Under this interpretation, we
can embed language models into information theoretic approaches. I will particularly
describe BottleSum (West et al., 2019a), a method I introduced to operationalize the
information bottleneck principle (Tishby, Pereira, and Bialek, 2001) for textual sum-
marization. This approach will allow models that are orders of magnitude smaller
than the state of the art to do complex summarization tasks, even without access to
human-written data.

I will also explore the potential of knowledge to unlock new capabilities in compact
models. Knowledge, and particularly commonsense knowledge, became much more
accessible in extreme scale models. I will discuss Symbolic Knowledge Distillation
(West et al., 2021a), a method I introduced to transfer this knowledge from extreme-scale
models and into much more compact ones. This yields more efficient and deploy-able
domain expert models, which can even surpass the quality of their extreme-scale
teachers.

Besides information theory and knowledge, there are many possible ingredients that
can unlock latent capabilities of compact models. While this is beyond the scope of this
dissertation, it is a core area for my future research.
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1.3 COUNTERINTUITIVE LIMITS AT EXTREME SCALE

The capabilities of extreme-scale models have proven to be very useful, and inspire or
work within approaches I have developed. Yet, are these capabilities really consistent
and human-like? The ease of use, and tendency for LLMs to handle common cases well
can be very convincing of robust competencies, yet this is often not the case.

In this line of work, I study the ways that even the most extreme-scale models
can break down, and diverge from human intuitions. It is most important to study
these limits for the extreme-scale, at which most users are interacting with models
and many of the most impressive capabilities are evident, yet these limits are broadly
relevant across model scales and methods, and can necessarily inspire new methods
and solutions.

I will go into depth into one such limit that I propose, Generative AI Paradox.
This questions whether the impressive abilities of models to generate content belies a
genuine understanding. In humans, we often assume understanding is a prerequisite
of generation (to write an essay on World War II, one must have some understanding
of the topic; to draw a horse, one must understand what a horse is). Yet, I will discuss
how this is often not the case in generative Al models. Oftentimes, they can excel at
generation even when they struggle to demonstrate basic understanding.

Proposing notions such as the Generative Al Paradox can push users to have more
realistic expectations of Al systems. We should not expect that one ability in an LLM
implies another—generation does not imply understanding, although it often does in
humans. This can also help inspire future work to understand these models more deeply.
Particularly, this may imply that models generate content in a fundamentally different
way from how humans do this. Rather than building up from base understanding,
perhaps models largely work down from memorized examples. This does not necessarily
imply that this capability is weak—models can handle many new inputs with surprising
ease and creativity. Rather, this implies that there is a divergence from humans that
demands further study, and new proposals of underlying mechanism.

1.4 SCOPE OF THIS DISSERTATION

The previous sections can be distilled into asking “is scale all you need?” in the pursuit
of effective language models and Al from two angles. First, necessity—is extreme-scale
a necessary component in achieving the competencies we are interested in for models,
or can we give more compact models these abilities through other ingredients such as
algorithms and knowledge? Second, sufficiency-is extreme-scale alone creating models
capable of human-level tasks in the ways that we would hope or expect? If not, how do
models differ from humans and what are the most salient and functional differences to
explore? This dissertation will explore these two angles as (respectively) Unexpected
Capabilities and Counterintuitive Limit of large language models.

The chapters are as follows:
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UNEXPECTED CAPABILITIES

» Chapter 2 presents BottleSum, an inference-time algorithm demonstrating how
even weak LMs can have impressive capabilities out-of-the-box with information
theory.

This chapter was previously published as: Peter West, Ari Holtz-
man, Jan Buys, and Yejin Choi (2019b). “BottleSum: Unsupervised
and Self-supervised Sentence Summarization using the Information
Bottleneck Principle” In: ArXiv abs/1909.07405. URL: https://api.
semanticscholar.org/CorpusID:202583464.

« Chapter 3 presents Symbolic Knowledge Distillation, a method for distilling
the benefits of scale-specifically domain-specific knowledge—into smaller and
seemingly weaker models, to make compact expert models that may surpass
their teachers.

This chapter was previously published as: Peter West, Chandrasekhar
Bhagavatula, Jack Hessel, Jena D. Hwang, Liwei Jiang, Ronan Le Bras,
Ximing Lu, Sean Welleck, and Yejin Choi (2021b). “Symbolic Knowl-
edge Distillation: from General Language Models to Commonsense
Models.” In: North American Chapter of the Association for Compu-
tational Linguistics. URL: https: //api . semanticscholar . org/
CorpusID:238857304.

COUNTERINTUITIVE LIMITS

« Chapter 4 presents The Generative Al Paradox, a hypothesis about the ways
that AI models seem to violate human intuitions about capabilities and intelli-
gence, wherein models can often generate well without demonstrating under-
standing.

This chapter was previously published as: Peter West, Ximing Lu,
Nouha Dziri, Faeze Brahman, Linjie Li, Jena D. Hwang, Liwei Jiang,
Jillian R. Fisher, Abhilasha Ravichander, Khyathi Raghavi Chandu,
Benjamin Newman, Pang Wei Koh, Allyson Ettinger, and Yejin Choi
(2023). “The Generative Al Paradox: "What It Can Create, It May
Not Understand"” In: ArXiv abs/2311.00059. URL: https: //api .
semanticscholar.org/CorpusID:264832736.
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UNEXPECTED CAPABILITIES



BOTTLESUM

21 INTRODUCTION

Recent approaches based on neural networks have brought significant advancements
for both extractive and abstractive summarization (Nallapati et al., 2016; Rush, Chopra,
and Weston, 2015). However, their success relies on large-scale parallel corpora of input
text and output summaries for direct supervision. For example, there are ..280,000
training instances in the CNN/Daily Mail dataset (Hermann et al., 2015; Nallapati et al.,
2016), and 4,000,000 instances in the sentence summarization dataset of Rush, Chopra,
and Weston (2015). Because it is too costly to have humans write gold summaries
at this scale, existing large-scale datasets are based on naturally occurring pairs of
summary-like text paired with source text, for instance using news titles or highlights
as summaries for news-text. A major drawback to this approach is that these pairs must
already exist in-domain, which is often not true.

The sample inefficiency of current neural approaches limits their impact across
different tasks and domains, motivating the need for unsupervised or self-supervised
alternatives (Artetxe et al., 2017; LeCun, 2018; Schmidhuber, 1990). Further, for summa-
rization in particular, the current paradigm requiring millions of supervision examples
is almost counter-intuitive; after all, humans don’t need to see a million summaries to
know how to summarize, or what information to include.

In this paper, we present BottleSum, consisting of a pair of novel approaches, BottleSum"*
and BottleSum ' for unsupervised extractive and self-supervised abstractive summariza-
tion, respectively. Core to our approach is the principle of the Information Bottleneck
(Tishby, Pereira, and Bialek, 1999), producing a summary for information X optimized to
predict some other relevant information Y. In particular, we map (conditional) language
modeling objectives to the Information Bottleneck principle to guide the unsupervised
model on what to keep and what to discard.

The key intuition of our bottleneck-based summarization is that a good sentence
summary contains information related to the broader context while discarding less
significant details. Figure 2.1 demonstrates this intuition. Given input sentence “Hong
Kong, a bustling metropolis with a population over 7 million, ..”, which is followed
by the next sentence “The city returned to Chinese control in 1997, the information
bottleneck would suggest that minute details such as the city’s population being over 7
million are relatively less important to keep. In contrast, the continued discussion of
the city’s governance in the next sentence suggests its former British rule is important
here.

This intuition contrasts with that of autoencoder-based approaches where the goal
is to minimize the reconstruction loss of the input sentence when constructing the
summary (Baziotis et al., 2019; Fevry and Phang, 2018; Miao and Blunsom, 2016;
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Autoencoder
Hong Kong has population over 7 million, h

was once under British Rule. ‘ 9

predict, loss

Summary

Hong Kong, a bustling metropolis Next The city returned to
with a population over 7 million, = Chinese control in

sentence

was once under British Rule. 1997.

predict ‘ loss ’

Summary Hong Kong was once under British Rule.

Source

Information Bottleneck

Figure 2.1: Example contrasting the Autoencoder (AE) and Information Bottleneck (IB) ap-
proaches to summarization. While AE (top) preserves any detail that helps to recon-
struct the original, such as population size in this example, IB (bottom) uses context
to determine which information is relevant, which results in a more appropriate
summary.

Wang and Lee, 2018). Under the reconstruction loss, minute but specific details such as
the city’s population being over 7 million will be difficult to discard from the summary,
because they are useful for reconstruction.

Concretely, BottleSunt™ is an extractive and unsupervised sentence summarization
method using the next sentence, a sample of nearby context, as guidance to relevance,
or what information to keep. We capture this with a conditional language modelling
objective, allowing us to benefit from powerful deep neural language models that are
pre-trained over an extremely large-scale corpus. Under the Information Bottleneck
objective, we present an iterative algorithm that searches gradually shorter subse-
quences of the source sentence while maximizing the probability of the next sentence
conditioned on the summary. The benefit of this approach is that it requires no domain-
specific supervision or fine-turning.

Building on our unsupervised extractive summarization, we then present BottleSum>f,
a new approach to self-supervised abstractive summarization. This method also uses a
pretrained language model, but turns it into an abstractive summarizer by fine-tuning
on the output summaries generated by BottleSum"* paired with their original input
sentences. The goal is to generalize the summaries generated by an extractive method
by training a language model on them, which can then produce abstractive summaries
as its generation is not constrained to be extractive.

Together, BottleSum™ and BottleSum®e'f are BottleSum methods for unsupervised sen-
tence summarization. Empirical results demonstrate that BottleSum™* outperforms other
unsupervised methods on multiple automatic metrics, closely followed by BottleSum’>¢'f .
Furthermore, testing on a large unsupervised corpus, we find BottleSun’*" outperforms
unsupervised baselines (including our own BottleSum*) on human evaluation along
multiple attributes.

2.2 THE INFORMATION BOTTLENECK PRINCIPLE

Unsupervised summarization requires formulating an appropriate learning objective
that can be optimized without supervision (example summaries). Recent work has

7
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treated unsupervised summarization as an autoencoding problem with a reconstruction
loss (Baziotis et al., 2019; Miao and Blunsom, 2016). The goal is then to produce a
compressed summary from which the source sentence can be accurately predicted, i.e.
to maximize:

IEp(§|s) logp(s|§), (2.1)

where s is the source sentence, § is the generated summary and p($|s) the learned
summarization model. The exact form of this loss may be more elaborate depending on
the system, for example including an auxiliary language modeling loss, but the main
aim is to produce a summary from which the source can be reconstructed.

The intuitive limitation of this approach is that it will always prefer to retain all
informative content from the source. This goes against the fundamental goal of summa-
rization, which crucially needs to forget all but the “relevant” information. It should be
detrimental to keep tangential information, as illustrated by the example in Figure 2.1.
As a result, autoencoding systems need to introduce additional loss terms to augment
the reconstruction loss (e.g. length penalty, or the topic loss of Baziotis et al. (2019)).

The premise of our work is that the Information Bottleneck (IB) principle (Tishby,
Pereira, and Bialek, 1999) is a more natural fit for summarization. Unlike reconstruction
loss, which requires augmentative terms to summarize, IB naturally incorporates a
tradeoff between information selection and pruning. These approaches are compared
directly in section 2.4.3.

At its core, IB is concerned with the problem of maximal compression while defining
a formal notion of information relevance. This is introduced with an external variable
Y. The key is that S, the summary of source S, contains only information useful for
predicting Y. This can be posed formally as learning a conditional distribution p(S|S)
minimizing:

I($;8) — BI(S: ), (2.2)
where I denotes mutual information between these variables.

A notion of information relevance comes from the second term, the relevance term:
with a positive coefficient f, this is encouraging summaries S to contain information
shared with Y. The first term, or pruning term, ensures that irrelevant information is
discarded. By minimizing the mutual information between summary S and source S,
any information about the source that is not credited by the relevance term is thrown
away. The statistical structure of IB makes this compressive by forcing the summary to
only contain information shared with the source.!
In sum, IB relies on 3 principles:

1. Encouraging relevant information with a relevance term.
2. Discouraging extra information with a pruning term.
3. Strictly summarizing the source.

To clarify the difference from a reconstructive loss, suppose there is irrelevant
information in S (i.e. unrelated to relevance variable Y), call this Z. With the IB objective

1 In IB, this is a strict statistical relationship.
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(eq 2.3), there is no benefit to keeping any information from Z, which strictly makes
the first term worse (more mutual information between source and summary) and does
not affect the second (Z is unrelated to Y). In contrast, because Z contains information
about S, including it in S could easily benefit the reconstructive loss (eq. 2.1) despite
being irrelevant.

As arelevance variable we will use the sentence following the source in the document
in which it occurs. This choice is motivated by linguistic cohesion, in which we expect
more broadly relevant information to be common between consecutive sentences, while
less relevant information and details are often not carried forward.

We use these principles to derive two methods for sentence summarization. Our first
method (§2.3) enforces strict summarization through being extractive. Additionally,
it does not require any training, so can be applied directly without the availability of
domain-specific data. The second method (§2.4) generalizes IB-based summarization to
abstractive summarization that can be trained on large unsupervised datasets, learning
an explicit summarization function p(§|s) over a distribution of inputs.

2.3 UNSUPERVISED EXTRACTIVE SUMMARIZATION

We now use the Information Bottleneck principle to propose BottleSumt™, an unsuper-
vised extractive approach to sentence summarization. Our approach does not require
any training; only a pretrained language model is required to satisfy the IB principles of
(2.2), and the stronger the language model, the stronger our approach will be. In section
2.4.3 we demonstrate the effectiveness of this method using GPT-2, the pretrained
language model of Radford et al. (2019). 2

2.3.1 IB for Extractive Summarization

Here, we take advantage of the natural parallel between the Information Bottleneck
and summarization developed in section 2.2. Working from the 3 IB principles stated
there, we derive a set of actionable principles for a concrete sentence summarization
method.

We approach the task of summarizing a single sentence s using the following sentence
Snext as the relevance variable. The method will be a deterministic function mapping s to
the summary §, so instead of learning a distribution over summaries, we take p(§|s) = 1
for the summary we arrive at. Our goal is then to optimize the IB equation (Eq 2.2) for
a single example rather a distribution of inputs (as in the original IB method).

In this setting, to minimize equation 2.2 we can equivalently minimize:

—log p(§) - ﬂlp(snext|§)p(§) log p(snext|§)a (23)

where coefficient ; > 0 controls the trade-off between keeping relevant information
and pruning. Similar to eq 2.2, the first term encourages pruning, while the second

2 We use the originally released “small” 117M parameter version.
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encourages information about the relevance variable, s,.x;. Both unique values in eq 2.3
(p(5) and p(spext|S)) can be estimated directly by a pretrained language model, a result
of the summary being natural language as well as our choice of relevance variable. This
will give us a direct path to enforcing IB principles 1 and 2 from section 2.2.

To interpret principle 3 for text, we consider what attributes are important to strict
textual summarization. Simply, a strict textual summary should be shorter than the
source, while agreeing semantically. The first condition is straightforward but the
second is currently infeasible to ensure with automatic systems, and so we instead
enforce extractive summarization to ensure the first and encourage the second.

Without a supervised validation set, there is no clear way to select a value for f; in
Eq 2.3 and so no way to optimize this directly. Instead, we opt to ensure both terms
improve as our method proceeds. Thus, we are not comparing the pruning and relevance
terms directly (only ensuring mutual progress), and so we optimize simpler quantities
monotonic in the two terms instead: p(§) for pruning and p(y|$) for relevance.

We perform extractive summarization by iteratively deleting words or phrases,
starting with the original sentence. At each elimination step, we only consider candidate
deletions which decrease the value of the pruning term, i.e., increase the language
model score of the candidate summary. This ensures progress on the pruning term, and
also enforces the notion that word deletion should reduce the information content of
the summary. The relevance term is optimized through only expanding candidates that
have the highest relevance scores at each iteration, and picking the candidate with the
highest relevance score as final summary.

Altogether, this gives 3 principles for extractive summarization with IB.

1. Maximize relevance term by maximizing p(Syext|$).
2. Prune information and enforce compression by bounding: p(5i+1) > p(§;).

3. Enforce strict summarization by extractive word elimination.

2.3.2  Method

We turn these principles into a concrete method which iteratively produces summaries
of decreasing length by deleting consecutive words in candidate summaries (Algorithm
1). The relevance term is optimized in two ways: first, only the top-scoring summaries
of each length are used to generate new, shorter summaries. Second, the final summary
is chosen explicitly by this measure.

In order to satisfy the second condition, each candidate must contain less self-
information (i.e., have higher probability) than the candidate that derives it. This
ensures that each deletion (line 9) strictly removes information. The third condition,
strict extractiveness, is satisfied per definition.

The algorithm has two parameters: m is the max number of consecutive words
to delete when producing new summary candidates (line 9), and k is the number of
candidates at each length used to generate shorter candidates by deletion (line 5).

10



2.4 ABSTRACTIVE SUMMARIZATION WITH EXTRACTIVE SELF-SUPERVISION

Algorithm 1 BottleSum’™ method

Require: sentence s and context syeyx;
1: C« {s} > set of summary candidates
2: for lin length(s)...1 do
3: C; < {s’ € Cllen(s") = I}
4 sort C; descending by p(spext|s”)
5 for s’ in Cy[1: k] do
6 I’ « length(s’)
7: for jin 1..m do
8
9

foriin1..(I’ - j) do
: s” «— s'[1:i-1]o s [i+j: ']
10: if p(s”) > p(s’) then

11: C« C+{s"}
12: end if

13: end for

14: end for

15: end for

16: end for

24 ABSTRACTIVE SUMMARIZATION WITH EXTRACTIVE SELF-SUPERVISION

Next, we extend the unsupervised summarization of BottleSum"* to abstractive summa-
rization with BottleSum®*'/, based on a straightforward technique for self-supervision.
Simply, a large corpus of unsupervised summaries is generated with BottleSumt™ using
a strong language model, then the same language model is tuned to produce summaries
from source sentences on that dataset.

The conceptual goal of BottleSum’*f is to use BottleSum™ as a guide to learn the
notion of information relevance as expressed through IB, but in a way that (a) removes
the restriction of extractiveness, to produce more natural outputs and (b) learns an
explicit compression function not requiring a next sentence for decoding.

2.4.1 Extractive Dataset

The first step of BottleSum®®'f is to produce a large-scale dataset for self-supervision
using the BottleSum™™ method set out in §2.3.2. The only requirement for the input
corpus is that next sentences need to be available.

In our experiments, we generate a corpus of 100,000 sentence-summary pairs with
BottleSum"™, using the same parameter settings as in section 2.3. The resulting sum-
maries have an average compression ratio (by character length) of approximately
0.55.

2.42  Abstractive Fine-tuning

The second step of BottleSum**!f is fine-tuning the language model on its extractive
summary dataset. The tuning data is formed by concatenating source sentences with
generated summaries, separated by a delimiter and followed by an end token. The

11



2.4 ABSTRACTIVE SUMMARIZATION WITH EXTRACTIVE SELF-SUPERVISION

model (GPT-2) is fine-tuned with a simple language modeling objective over the full
sequence.

As a delimiter, we use TL;DR: , following Radford et al. (2019) who found that
this induces summarization behavior in GPT-2 even without tuning. We use a tuning
procedure closely related to Radford et al. (2018), training for 10 epochs. We take the
trained model weights that minimize loss on a held-out set of 7000 extractive summaries.

To generate from this model, we use a standard beam search decoder, keeping the
top candidates at each iteration. Unless otherwise specified, assume we use a beam size
of 5. We restrict produced summaries to be at least 5 tokens long, and no longer than
the source sentence.

243 Experiments

We evaluate our BottleSum methods using both automatic metrics and human evaluation.
We find our methods dominant over a range of baselines in both categories.

2431 Setup

We evaluate our methods and baselines using automatic ROUGE metrics (1,2,L) on
the DUC-2003 and DUC-2004 datasets (Over, Dang, and Harman, 2007), similar to the
evaluation used by Baziotis et al. (2019). DUC-2003 and DUC-2004 consist of 624 and
500 sentence-summary pairs respectively. Sentences are taken from newstext, and each
summary consists of 4 human-written reference summaries capped at 75 bytes. We
recover next-sentences from DUC articles for BottleSunm®™.

We also employ human evaluation as a point of comparison between models. This
is both to combat known issues with ROUGE metrics (Schluter, 2017) and to exper-
iment beyond limited supervised domains. Studying unsupervised methods allows
for comparison over a much wider range of data where training summary pairs are
not available, which we take advantage of here by summarizing sentences from the
non-anonymized CNN corpus (Hermann et al., 2015; Nallapati et al., 2016; See, Liu,
and Manning, 2017).

We use Amazon Mechanical Turk (AMT) for human evaluation, summarizing on 100
sentences sampled from a held out set. Evaluation between systems is primarily done
as a pairwise comparison between BottleSum models and baselines, over 3 attributes:
coherence, conciseness, and agreement with the input. AMT workers are then asked to
make a final judgement of which summary has higher overall quality. Each comparison
is done by 3 different workers. Results are aggregated across workers and examples.

2.4.3.2 Models

In both experiments, BottleSum™ is executed as described in section 2.3.2. In experiments
on DUC datasets, next-sentences are recovered from original news sources, while we
limit test sentences in the CNN dataset to those with an available next-sentence (this
includes over 95% of sentences). We set parameter k = 1 (i.e. expand a single candidate

12
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at each step) with up to m = 3 consecutive words deleted per expansion. GPT-2 (small)
is used as the method’s pretrained language model, with no task-specific tuning. To
clarify, the only difference between how BottleSum™* runs on the datasets tested here is
the input sentences; no data-specific learning is required.

As with BottleSum®™, we use GPT-2 (small) as the base for BottleSum’ /. To produce

source-summary pairs for self supervision, we generate over 100,000 summaries using
BottleSum"* with the parameters above, on both the Gigaword sentence dataset (for
automatic evaluation) and CNN training set (for human evaluation). BottleSun’¢ is
tuned on the respective set for 10 epoch with a procedure similar to Radford et al. (2019).
When generating summaries, BottleSum’ " uses beam-search with beam size of 5, and
outputs constrained to be at least 5 tokens long.
We include a related model, Reconf* as a simple autoencoding baseline comparable
in setup to BottleSum™. Recont™ follows the procedure of BottleSumb™, but replaces the
next-sentence with the source sentence. This aims to take advantage of the tendency
of language models to semantically repeat in to substitute the Information Bottleneck
objective in BottleSun™ with a reconstruction-inspired loss. While this is not a perfect
autoencoder by any means, we include it to probe the role of the next-sentence in the
success of BottleSum™, particularly compared to a reconstructive method. As Recon*
tends to have a best reconstructive loss by retaining the entire source as its summary,
we constrain its length to be as close as possible to the BottleSum"* summary for the
same sentence.

As an unsupervised neural baseline, we include SEQ3 (Baziotis et al., 2019), which is
trained with an autoencoding objective paired with a topic loss and language model
prior loss. SEQ® had the highest comparable unsupervised results on the DUC datasets
that we are aware of, which we cite directly. For human evaluation, we retrained the
model with released code on the training portion of the CNN corpus.

We use the ABS model of Rush, Chopra, and Weston (2015) as a baseline for automatic
and human evaluation. For automatic evaluation, this model is the best published
supervised result we are aware of on the DUC-2003 dataset, and we include it as a point
of reference for the gap between supervised and unsupervised performance. We cite
their results directly. For human evaluation, this model demonstrates the performance
gap for out-of-domain summarization. Specifically, it requires supervision (unavailable
for the CNN dataset), and so we use the model as originally trained on the Gigaword
sentence dataset. This constitutes a significant domain-shift from the first-sentences of
articles with limited vocabulary to arbitrary article sentences with diverse vocabulary.

We include the result of Li et al. (2017) on DUC-2004, who achieved the best supervised
performance we are aware of. This is intended as a point of reference for supervised
performance.

Finally, for automatic metrics we include common baseline PREFIX, the first 75 bytes
of the source sentence. To take into account lack of strict length constraints and possible
bias of ROUGE towards longer sequences, we include INPUT, the full input sentence.
Because our model is extractive, we know its outputs will be no longer than the input,
but may exceed the length of other methods/baselines.

13
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Source

ABS

SEQ3

ReconEx

BottleSumEs

BottleSumsels

OKar, for instance; told CNN that
he saw about 200 people sitting
in the scorching mid-90-degree
heat Thursday in a corner of a
Garissa airstrip, surrounded by
military official

i

witnesses tell cnn he
saw a corner in the
south africa 's heat ( for
use of boston globe

officials for , told cnn
that cnn was people
who about sitting on the
in the okari, instance

J

(" Okari saw the scorching Y

mid-90-degree heat
Thursday in a Garissa
airstrip, surrounded by
military officials.

(" Okari, told CNN he saw
about 200 people in the
scorching corner of
Garissa airstrip,
surrounded by officials.

For instance, told CNN he N
saw about 200 people
sitting in the scorching
mid-90-degree heat in a
Garissa airstrip,.

Griner told The Daily Dot that her
husband was diagnosed with
kidney disease in 2006 and
sufferedcomplete kidney failure
three years later.

kidney disease patient 's
husband dies at age # %
this year ( for use the
boston globe :

later the told that was
husband her diagnosed
suffered kidney surgery
in dot daily

Griner was diagnosed in
2006 and suffered
complete kidney failure
three years later.

Griner told The Daily Dot
that her husband was
diagnosed with
complete kidney failure.

Fletcher told The Daily
Dot that her husband
was diagnosed with
kidney disease.

But the event raises broad,
troubling questions about how
often such incidents take place
without the benefit of a third-
party recording.

i

( new york ) raises
questions about safety
of third-party recording
but does n't know how
to question itself

third-party event the,
about questions
troubling how the such
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But the event raises
broad, troubling
questions about
recording

But raises broad,
troubling questions
about how incidents
take place.

The event raises troubling
questions about how
often such incidents take
place without the benefit
of recording

Figure 2.2: Representative example generations from the summarization systems compared

DUC-2004 | DUC-2003
Method R-1 R2 RL | R1  R2 RL
Supervised
ABS 28.18 8.49 2381 28.48 891  23.97
Li et al. (2017) 31.79 10.75  27.48 - - -
Unsupervised
PREFIX 20.91 552 18.20 21.14 6.35 18.74
INPUT 22.18 6.30 19.33 20.83 6.15 18.44
SEQ® 22.13 6.18 193 20.90 6.08 18.55
Recon®™ 21.97 570  18.81 21.11 577 1833
BottleSum™™ 22.85 571 19.87 21.80 563 19.19
BottleSum> el 22.30 584 19.60 21.54 593  18.96

Table 2.1: Averaged ROUGE on the DUC-2004 and DUC-2003 dataset
2.43.3 Results

In automatic evaluation, we find BottleSumt* achieves the highest R-1 and R-L scores
for unsupervised summarization on both datasets. This is promising in terms of the
effectiveness of the Information Bottleneck (IB) as a framework. BottleSum*¢'f achieves
the second highest scores in both of these categories, further suggesting that the tuning
process used here is able to capture some of this benefit. The superiority of BottleSum™™
suggests possible benefit to having access to a relevance variable (next-sentence) to the
effectiveness of IB on these datasets.

The R-2 scores for BottleSum"™ on both benchmark sets were lower than baselines,
possibly due to a lack of fluency in the outputs of the extractive approach used. PREFIX
and INPUT both copy human text directly and so should be highly fluent, while Rush,
Chopra, and Weston (2015) and Baziotis et al. (2019) have the benefit of abstractive
summarization, which is less restrictive in word order. Further, the fact that BottleSum>ef
is abstractive and surpasses R-2 scores of both new extractive methods tested here
(BottleSumt™, Recont™) supports this idea. Reconf*, also extractive, has similar R-2
scores to BottleSum"™.

14
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Models ‘ Attributes ‘ Overall
Model Comparison ‘ cohere concise agreement ‘ better = equal  worse
BottleSunt> vs. ABS +0.45 +0.48 +0.52 60% 31% 9%
SEQ? +0.61 +0.57 +0.56 61% 34% 5%
Recon* -0.05 +0.01 -0.05 37% 22% 41%
BottleSum S vs. ABS +0.47 +0.39 +0.48 62% 26% 12%
SEQ3 +0.56 +0.45 +0.53 65% 26% 9%
Recon®* +0.11 -0.05 +0.09 47% 14% 39%
Q%att[e&umEx +0.14 +0.06 +0.11 43 % 27% 30%

Table 2.2: Human evaluation on 100 CNN test sentences (pairwise comparison of model outputs).
Attribute scores are averaged over a scale of 1 (better), 0 (equal) and -1 (worse). We
also report the overall preferences as percentages.

The performance of Recon®*

, our simple reconstructive baseline, is mixed. It does
succeed to some extent (e.g. surpassing R-1 for all other baselines but PREF1X on Duc-
2003) but not as consistently as either BottleSum method. This suggests that while some
benefit may come from the extractive process of BottleSum™ alone (which Recon®*
shares), there is significant benefit to using a strong relevance variable (specifically in
contrast to a reconstructive loss).

Next, we consider model results on human evaluation. BottleSum®¢ and BottleSumt™
both show reliably stronger performance compared to models from related work (ABS
and SEQ?® in Table 2.2). While BottleSum*>*" seems superior to Recon®™ other than in
conciseness (in accordance with their compression ratios in Table 2.3), BottleSumt™
appears roughly comparable to Recon®* and slightly inferior to BottleSum®.

The inversion of dominance between BottleSum™ and BottleSum®*'f on automatic
and human evaluation may cast light on competing advantages. BottleSum™ captures
reference summaries more effectively, while BottleSum*>*'/, through a combination of
abstractivness and learning a cohesive underlying mechanism of summarization, writes
more favorable summaries for a human audience. Further analysis and accounting for
known limitations of ROUGE metrics may clarify these competing advantages.

In comparing these models, there are also practical considerations ABS can be quite
effective, but requires learning on a large supervised training set (as demonstrated by its
poor out-of-domain performance in Table 2.2). While SEQ? is unsupervised, it still needs
extensive training on a large corpus of in-domain text. BottleSum™, whose outputs were
preferred over both by humans, requires neither of these. Given a strong pretrained
language model (GPT-2 small is used here) it only requires a source and next-sentence to
summarize. BottleSum’>*'/ requires in-domain text for self-supervision, but its superior
performance by human evaluation and summarization without next-sentence are clear
advantages. Further, its beam-search decoding is more computationally efficient than
BottleSum"*, which requires evaluating conditional next-sentence perplexity over a
large grid of extractive summary candidates.
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Model Abstractive  Compression
Tokens % Ratio %

BottleSumt* - 51
Reconf* - 52
BottleSum €S 5.8 56
SEQ?® 12.6 58
ABS 60.4 64

Table 2.3: Abstractiveness and compression of CNN summaries. Abstractiveness is omitted for
strictly extractive approaches

Another difference from BottleSum®™ is the ability of BottleSum®>*'f to be abstractivene
(Table 2.3). Other baselines have a higher degree of abstractiveness than BottleSum ¢,
but this can be misleading. Consider the examples in figure 2.2. While many of the
phrases introduced by other models are technically abstractive, they are often off-topic
and confusing.

This hints at an advantage of BottleSum methods. In only requiring the base model to
be a (tunable) language model, they are architecture-agnostic and can incorporate as
powerful a language model as is available. Here, incorporating GPT-2 (small) carries
benefits like strong pretrained weights and robust vocabulary handling by byte pair
encoding, allowing them to process the diverse language of the non-anonymized CNN
corpus with ease. The specific benefits of GPT-2 are less central, however; any such
language model could be used for BottleSum’™ immediately, and BottleSum**" with some
tuning. This is in contrast architecture-specific models like ABS and SEQ3, which would
require significant restructuring to fully incorporate a new model.

As a first work to study the Information Bottleneck principle for unsupervised
summarization, our results suggest this is a promising direction for the field. It yielded
two methods with unique performance benefits (Table 2.1, 2.2) and practical advantages.
We believe this concept warrants further exploration in future work.

2.5 RELATED WORK
2.5.1 Sentence Compression and Summarization

Rush, Chopra, and Weston (2015) first proposed abstractive sentence compression with
neural sequence to sequence models, trained on a large corpus of headlines with the
first sentences of articles as supervision. This followed early work on approaching
headline generation as statistical machine translation (Banko, Mittal, and Witbrock,
2000). Subsequently, recurrent neural networks with pointer-generator decoders became
standard for this task, and focus shifted to the document-level (Nallapati et al., 2016;
See, Liu, and Manning, 2017).

Pointer-based neural models have also been proposed for extractive summarization
(Cheng and Lapata, 2016). The main limitations of this approach are that the training
data is constructed heuristically, covering a specific type of sentence summarization
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(headline generation). Thus, these supervised models do not generalize well to other
kinds of sentence summarization or domains. In contrast, our method is applicable to
any domain for which example inputs are available in context.

2.5.2  Unsupervised Summarization

Miao and Blunsom (2016) framed sentence compression as an autoencoder problem,
where the compressed sentence is a latent variable from which the input sentence is
reconstructed. They proposed extractive and pointer-generator models, regularizing
the autoencoder with a language model to encourage compression and optimizing with
the REINFORCE algorithm. While their extractive model does not require supervision,
results are only reported for semi-supervised training, using less supervised data than
purely supervised training. Fevry and Phang (2018) applied denoising autoencoders to
fully unsupervised summarization, while Wang and Lee (2018) proposed an autoencoder
with a discriminator for distinguising well-formed and ill-formed compressions in a
Generative Adversarial Network (GAN) setting, instead of using a language model.
However, their discriminator was trained using unpaired summaries, so while they
beat purely unsupervised approaches like ours their results are not directly comparable.
Recently Baziotis et al. (2019) proposed a differentiable autoencoder using a gumbel-
softmax to represent the distribution over summaries. The model is trained with a
straight-through estimator as an alternative to reinforcement learning, obtaining better
results on unsupervised summarization. All of these approaches have in common
autoencoder-based training, which we argue does not naturally capture information
relevance for summarization.

Recently, Zhou and Rush (2019) introduced a promising method for summarization
using contextual matching with pretrained language models. While contextual matching
requires pretrained language models to generate contextual vectors, BottleSum methods
do not have specific architectural constraints. Also, like Wang and Lee (2018) it trains
with unpaired summaries and so is not directly comparable to us.

2.5.3  Mutual Information for Unsupervised Learning

We take inspiration from an exciting direction leveraging mutual information for
unsupervised learning. Recent work in this area has seen success in natural language
tasks (McAllester, 2018; Oord, Li, and Vinyals, 2018), as well as computer vision
(Bachman, Hjelm, and Buchwalter, 2019; Hjelm et al., 2019) by finding novel ways to
measure and optimize mutual information. Within this context, our work is a further
example suggesting mutual information is an important element stimulating progress
in unsupervised learning and modelling.

17



2.6 CONCLUSION

2.6 CONCLUSION

We have presented BottleSum™, an unsupervised extractived approach to sentence
summarization, and extended this to BottleSum ¢S, a self-supervised abstractive ap-
proach. BottleSumt*, which can be applied without any training, achieves competitive
performance on automatic and human evaluations, compared to unsupervised base-
lines. BottleSum’ | trained on a new domain, obtains stronger performance by human
evaluation than unsupervised baselines as well as BottleSumt™. Our results show that
the Information Bottleneck principle, by encoding a more appropriate notion of rele-
vance than autoencoders, offers a promising direction for progress on unsupervised
summarization.

18



SYMBOLIC KNOWLEDGE DISTILLATION

3.1 INTRODUCTION

Prior works have suggested that pre-trained language models possess limited under-
standing of commonsense knowledge (Davis and Marcus, 2017; Merrill et al., 2021;
Talmor et al., 2021) despite otherwise stellar performance on leaderboards. As a result,
symbolic commonsense knowledge graphs (Hwang et al., 2021; Sap et al., 2019a;
Speer, Chin, and Havasi, 2017) and corresponding neural representations (Bosselut
etal, 2019; Hwang et al., 2021; Zhang et al., 2020b) have supplemented past models
with commonsense capabilities. This has enabled diverse downstream applications,
including interactive learning through a conversational interface (Arabshahi et al.,
2021), persona- and affect-aware conversation models (Kearns et al., 2020), figurative
language understanding (Chakrabarty et al., 2020; 2021), story telling (Ammanabrolu
et al., 2021a) and fantasy games (b).

The common practice for commonsense knowledge graph construction sees humans
spell out as many pieces of knowledge as possible. This pipeline goes from-human—to—-
corpus—to—machine, with commonsense models trained from human-authored knowl-
edge graphs. Yet, high-quality, human-authored knowledge is expensive to scale, limit-
ing coverage; this motivates an alternative: from—machine—to—corpus—to—machine. Prior
efforts toward automatic commonsense knowledge graphs have resulted in considerably
lower quality than human-written data (Hwang et al., 2021; Zhang et al., 2020b), which
in turn leads to less reliable neural models (Hwang et al., 2021). Broad literature con-
sistently shows machine-authored knowledge graphs underperform human-authored
graphs (Bollacker et al., 2008; Etzioni et al., 2011; Mitchell et al., 2015).

In this work, we propose Symbolic knowledge distillation, a new conceptual
framework towards high-quality automatic knowledge graphs for commonsense, lever-
aging state-of-the-art models and novel methodology. Most prior art for automatic
knowledge graph construction extracts knowledge from raw text (Bhakthavatsalam,
Anastasiades, and Clark, 2020; Li et al., 2020; Zhang et al., 2020a; b; Zhou et al., 2020).
In contrast, our approach is motivated by knowledge distillation (Hinton, Vinyals, and
Dean, 2015) wherein a larger teacher model transfers knowledge to a compact student
model (§3.2.1). Our method differs from prior knowledge distillation in key ways: we
distill a symbolic knowledge graph (i.e., generated text) in addition to a neural model,
and we distill only a selective aspect of the teacher model. This selectively allows the
student model to be of a different type (commonsense model), compared to the teacher
(general language model), enriching the scope of distillation. An added benefit is that
knowledge distilled as text is human readable: it can be understood and evaluated.

A general language model-GPT-3 in our case-is an imperfect commonsense teacher
on its own, and the ability to evaluate distilled knowledge is useful in improving it. We

19



3.2 OVERVIEW AND KEY FINDINGS

> *~ GPT-3 A

175B Parameters &Symbolic Knowledge
General Model

CRITIC
A Fine-tuned RoBERTa

:D filters for quality *

ATOMIC1OX
6.5M Examples \:
Commonsense KG mm_;

COMETdistil
1.5B Parameters /
Commonsense Modelw

Figure 3.1: Symbolic knowledge distillation extracts the commonsense from the large, gen-
eral language model GPT-3, into 2 forms: a large commonsense knowledge graph

ATtomicl%%, and a compact commonsense model COMETRE. The quality of this

knowledge can be controlled and improved by adding a critic model, making GPT-3
a stronger teacher.

empirically demonstrate that, by training a separate critic model to judge symbolic
generation quality, a more precise teacher can be defined. Knowledge from this critical
teacher is higher quality—-even exceeding human-authored knowledge. Yet even before
training a critic, our study makes the unexpected finding that the student model
surpasses the commonsense of GPT-3, our knowledge source.

To test symbolic knowledge distillation against the human—to—corpus—to—machine
paradigm, we compare with ATomics) (Hwang et al., 2021), which is a human-authored
commonsense knowledge graph. We find that Aromrc'%*, our machine-generated
corpus, exceeds the human generated corpus in scale, accuracy, and diversity with

respect to 7 commonsense inference types that we focus on in this study. The resulting

DIS

commonsense model, COMETRY,

not only surpasses the human-trained equivalent
CoMETZ), but is also smaller, more efficient, and produces commonsense at a higher
accuracy than its own teacher-GPT-3.

Symbolic knowledge distillation offers a promising new role for general language
models, as commonsense knowledge sources, and humans, as small-scale evaluators to
train critic models rather than authors of commonsense knowledge. Our work demon-
strates that humans and LMs can be effective collaborators for curating commonsense

knowledge graphs and training efficient and performant commonsense models.
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xEffect HinderedBy X can't remember

X starts running gets in shape X sings a song

so, X but not if the lyrics
X and Y engage in xWant . X is not well xReact
an argument so, X wants to avoid ¥ liked so, X feels lemailsy
X learns to type xNeed to have taken X takes care of xXAttr kind
fast X needed typing lessons a monkey X is seen as
X steals his xEffect is punished by X butts in HinderedBy X is too shy to
grandfather's sword so, X his grandfather but not if speak up
X takes up new xIntent to be self X waits for the xEffect is safe from the
employment because X wants sufficient storm to break so, X storm

Figure 3.2: Example automatically generated Atowmic triples from our Atomic!?* common-

sense knowledge graph. Each example includes a generated event, relation (with
natural language interpretation), and generated inference.

3.2 OVERVIEW AND KEY FINDINGS

Throughout our work, we describe the machine—to—corpus—to—machine methodology

of symbolic knowledge distillation. We first go machine—to—corpus (§3.3), by decod-

ing from GPT-3, then improve our knowledge with a specialized critic model (§3.4),

and finally distill this knowledge into an efficient commonsense model (§3.5), going

corpus—to—machine. Throughout this process, we evaluate against a human knowl-

edge source, comparing our automatic knowledge graph Aromic%* and commonsense
20

model COMET2® to the human-authored Atomics) and resulting model CoMETZ) ().

3.2.1 Symbolic Knowledge Distillation

Our proposed methodology parallels knowledge distillation (Hinton, Vinyals, and Dean,
2015), a method for compressing a large or complicated teacher distribution P; into a
smaller/simpler student distribution P;. Key to knowledge distillation' is the notion of
minimizing the cross-entropy between P; and P;:

H(P,P) = = ), P(y)log P(y) (3.1)
yeYy
Knowledge is transferred to the student by encouraging it to match teacher predictions.
Hinton, Vinyals, and Dean (2015) apply this to conditional classification: for each
training input, P; and Ps are model predictions over label set Y. Typically Y is a tractable
set, over which this sum can reasonably be calculated.

For distilling the knowledge of generative models, we can think of an unconditional
language model (LM e.g. GPT-3) as P;. This makes Y the set of all strings, over which
LMs define probability. Unfortunately Y is an exponential set, intractable to sum over
in Eq 3.1. Kim and Rush (2016) address this problem by simply taking the mode of P;
over Y, truncating most of the teacher distribution to the most likely sequence and
discarding information.

Instead, we consider a sampling-based interpretation of the same objective:

H(P,,Ps)= E [—logPi(y)] (3.2)
y~Pi(y)

1 In its simplest case, with temperature set to 1.0
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which exactly equals the cross-entropy of Eq 3.1, at the limit under pure sampling from
P,

Yet distilling all knowledge from the teacher may not be desirable—our work is
specifically focused on distlling commonsense knowledge from GPT-3. The ideal teacher
P, is a commonsense expert, but GPT-3 can approximate such a teacher, off-the-shelf, via
prompting. This ability to select information is one explicit benefit of the sampling-based
interpretation of Eq 3.2: while Eq 3.1 uses continuous logits over existing data, sampling
gives discrete control over transferred information, by selecting which samples are
elicited and used. For the general language model GPT-3, We encourage domain/quality
with prompting, and sample truncation (Holtzman et al., 2020). We call this the loose
teacher P-~knowledge is generated and transferred from GPT-3, but without critical
assessment of correctness (§3.3).

In fact, sampling knowledge in Eq 3.2 offers even more control, as generations can
be individually interpreted and judged. Given an indicator function A(x) for which
knowledge x is correct, we can define a stronger teacher model. Using a Product of
Experts (Hinton, 2002) between the loose teacher PF and and the critic A(x), we define
a critical teacher:

Py(x) < P{(x|p) - A(x) (3.3)

In practice, A(x) is a textual classifier learned on human judgements, 1 for knowl-
edge predicted to be correct and 0 otherwise. Thus, the critic gives control over the
correctness and confidence of the knowledge that is transferred (§3.4).

3.2.2 Key Findings

Applying symbolic knowledge distillation in practice results in promising and surprising

findings:

1. LEARNING SYMBOLIC KNOWLEDGE FROM LANGUAGE MODELS CAN BE FRAMED
AS A SYMBOLIC EXTENSION TO KNOWLEDGE DISTILLATION. In §3.2.1, we de-
scribe learning commonsense as a symbolic extension to knowledge distillation, with
GPT-3 a knowledge source. We elaborate on this process with positive results in §3.3,3.4,
and 3.5.

2.SYMBOLIC KNOWLEDGE DISTILLATION CONSTRUCTS A HIGH QUALITY KNOWL-
EDGE GRAPH AT SCALE. Our method naturally yields a machine-generated com-
monsense knowledge graph, which can achieve impressive quality (§3.4), beyond that
of human-authored data. An effective critic which filters incorrect generated knowledge
is key.

A useful consequence of this framing is that access to the full model distribution is not required. Our
experiments (§3.3) use GPT-3, for which the distribution is not available, thus our method is applicable
while knowledge distillation is not.
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3. A CRITICAL TEACHER RESULTS IN A HIGHER QUALITY STUDENT. In §3.4, we
show that making the teacher more critical results in higher quality knowledge, even as
it reduces the scale of knowledge transferred. This demonstrates that quality matters,
not just quantity, as higher quality knowledge results in a higher quality commonsense
model in §3.5 despite smaller scale data.

4. CRITICAL TEACHER OR NOT, A STUDENT CAN OUTPERFORM THE KNOWLEDGE
SOURCE. In §3.5, we show the unexpected result that all student models exceed the
quality of GPT-3, the knowledge source.

5. MACHINES CAN WIN OVER HUMANS FOR AUTOMATIC KNOWLEDGE GRAPH
CONSTRUCTION. In §3.4 and §3.5, we show that machine generated knowledge and
the resulting commonsense model can outperform their equivalents that use a human
knowledge source. Our symbolic knowledge exceeds humans at scale, quality, and
diversity. The resulting commonsense model achieves the most accurate commonsense
KG completions.

3.3 MACHINE-TO-CORPUS VERBALIZATION

Symbolic knowledge distillation begins by going machine—to—corpus, i.e. generating
many commonsense facts, which results in a commonsense knowledge graph. §3.2.1
frames this as sampling to estimate the knowledge distillation objective—a student
commonsense model learns from the generations of a teacher (GPT-3).

We start with a loose teacher, transferring knowledge by prompted generation with
truncated sampling alone-this is in contrast to the critical teacher (§3.4) which explicitly
judges and filters the generated samples. The loose teacher uses few-shot prompting as
in Brown et al. (2020). We use a few-shot template:

<TASK-PROMPT>
<EX;-INP><EX;-0UT>

<EXn—;-INP><EXy_;-OUT>
<EXn-INP>

where <EX;-INP>/<EX;-OUT> are human-authored, natural language AToMIC entries,
and <TASK-PROMPT> is a description of the problem. Given such a prompt, GPT-3
generates the missing piece, output <EXy-0UT> for input <EXy-INP>, following the
pattern of earlier examples (1 to N-1). We find important aspects for producing high-
quality commonsense knowledge:

« Examples should be numbered. e.g. <EXs5-INP> might begin with "5)" to indicate it is
the 5th example.

+ The format of <EX;-INP> and <EX;-OUT> should linguistically imply the relationship
between them. See below for examples.

« <TASK-PROMPT> can be used to give extra specification to complicated problems.
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3.3 MACHINE-TO-CORPUS VERBALIZATION

3.3.1 Data: AtoMmIC

We demonstrate symbolic knowledge distillation on the Atomic if-then resource (Sap
et al., 2019a). This follows an event-relation-inference (triple) format. The corpus links
events (e.g. X attacks Y) to relations, e.g. HinderedBy which describes what might

hinder an event. For a relation/event, the goal is to generate a resulting inference, e.g.

X attacks Y HinderedBy X is restrained.

Of the 23 relations from the most recent version—-Atomicsg—we limit our investigation
to 7 relations that correspond to causal commonsense knowledge: xAttr (how X is
perceived after event), xReact (how X reacts in response to event), xEffect (what X
does after event), xIntent (X’s intent in event), xWant (what X wants after event),
xNeed (what X needed for event to take place) and HinderedBy. We describe how
verbalization is applied to ATomic data in 2 steps: generating underlying events
(heads), then full examples (inference given event).

3.3.2 Event Generation

Events are context-free premises in ATomic involving PersonX (and sometimes a second

PersonY) in various scenarios. These events form heads in knowledge graph triples.

We generate events by filling in the elements of our template:

1. Event: X overcomes evil with good

2. Event: X does not learn from Y

10. Event: X looks at flowers
11.

The format is simple, as events are generated unconditionally. We use 100 high-quality
events from the Atomic3) corpus for our prompt, selected to avoid grammatical or
logical errors, and minimize semantic overlap. We randomly sample 10 of these seed
events for each generation batch, resulting in randomized prompts. We use nucleus
sampling (p = 0.9) (Holtzman et al., 2020), and presence/frequency penalties of 0.5
from the GPT-3 interface. We generate 165K unique events using the 175B-parameter
Davinci model® from Brown et al. (2020) (human-authored Atomics) contains only
6.2K events).

3.3.3 Inference Generation

Generating AtoMic inferences requires reasoning about events and relations together.

We design verbalization templates fo reach relation, with iterative design and small-scale
verification by the authors e.g. we prompt the xNeed relation as follows:

What needs to be true for this event to take place?

3 the largest available version of GPT-3
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3.3 MACHINE-TO-CORPUS VERBALIZATION

Event <i>: X goes jogging Prerequisites: For this to happen, X
needed to wear running shoes

Event <N>: X looks at flowers Prerequisites: For this to happen,

The language of this template implies the relation-specific task, both "Prerequisites:"
and beginning with "for this to happen" suggest the xNeed relation. As well, we include
an xNeed-specific <TASK-PROMPT>. We use 10 few-shot examples for each prompt.*

For each event/relation (165K X 7) we generate 10 inferences with the Curie GPT-3
model® and earlier hyperparameters. Removing duplicate and degenerate (e.g. fewer
than 3 characters) generations yields 6.46M Atomic-style data triples (examples in
Figure 3.2). We call this ATom1c!%%, as it contains an order of magnitude more triples
than Atomics) for the 7 relations we study.

3.3.4 Evaluating a Generated Commonsense Knowledge Graph

Machine generation enables a large scale of unique generations at a much lower cost
than human-authored knowledge (Table 3.1), but what kind of examples are produced
by GPT-3, and how does it differ from knowledge produced by humans? In this section,
we conduct an in-depth analysis to answer these questions.

LEXICAL DIFFERENCES: DIVERSITY AND UNIQUENESS Recent work finds that
machine generations can be repetitive and lack diversity (; Welleck et al., 2020); one
way generated knowledge may differ from human-authored is less creative word choice,
diversity, or more repetition.

To test this, we begin with lexical diversity (i.e. unique words used, Table 3.2). While
there is variation by relation, the diveristy of Aromic!?* actually exceeds ATomics)
here, 5.2M unique words to 1.5M. In addition, it contains significantly more strictly
unique generated inferences (Table 3.2, unique tails).

BLEU SOFT UNIQUENESS. Exact match (above) fails to capture the notion of similar
text. Following the intuition of self-BLEU (Zhu et al., 2018), we define soft uniqueness
to describe diversity of generations in a corpus. An inference x is softly-unique if:

BLEU,(C, x) < 0.5

where C is the set of inferences for a given input (in our case, event + relation), and 0.5
is an empirical threshold. To find soft-uniqueness of a corpus, we iteratively remove
examples until all are softly unique, i.e. low mutual lexical overlap; higher diversity
means more such examples (thus a larger softly unique corpus is preferable). Softly-
unique corpus sizes are given in Table 3.4 (“Size (div)”). Aromic!%* has a smaller fraction
of softly-unique examples than ATomics), yet it contains many more such examples.

4 We also replace anonymous names (“X”) with sampled generic names as this improved quality.
5 for the largest, Davinci, 12M generations is computationally/monetarily intractable.
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Relation Artomic3)  Aromicl®%
HinderedBy 77,616 1,028,092
xNeed 100,995 760,232
xWant 109,098 730,223
xIntent 54,839 965,921
xReact 62,424 1,033,123
xAttr 113,096 884,318
xEffect 90,868 1,054,391
Total Count 608,936 6,456,300
Est Total Cost ~$40,000 ~$6,000
Est Cost Per Triple ~$0.06 ~$0.001

Table 3.1: Number of unique triples with the given relation, |(, relation,-)|. The estimated
cost for ATomic!%* comes at a fraction of a conservative estimation for ATomIic3)

crowdsourcing costs.

Unique Unique
Length  Tokens (K) Tails (K)

AZ) AlOX A2 AL0X A Al0X
xWant 469 516 322 784 69 152
XAttr 142 273 15 21 11 8
xEffect 392 4.66 216 864 55 185
xIntent 459 592 136 800 30 135
xNeed 451 597 289 1378 64 231
xReact 403 177 48 5 12 2
HinderedBy 7.93 7.49 522 1775 290 874

Events 520 5.32 109 881 6.2 165

Table 3.2: Average length, total unique tokens and total unique examples (in K, i.e. 1000s) by
relation type and in events (bottom row) from Atomic) (A%)) and Aromic1* (A10%),

Aromic!®* contains 4.38M such examples (full size 6.5M) vs. ATomic3), which has 560K
(full size 600K).

MODEL-BASED DIVERSITY MEASUREMENT. Lexical notions of diversity reward
differences in surface form, which may not always reflect diversity of information, only
format. Thus, we next study information-theoretic measures for diversity. Intuitively,
diverse information should be less predictable, or higher entropy. With GPT-2 XL
models finetuned on Atomic3) and Atomic!%* (§3.5) we estimate entropy-roughly,
how difficult it is for a model to capture the corpus information (Table 3.3). This is 4
times higher for Atomic1%%, suggesting more content from a modeling perspective. We
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Entropy ‘ Cross Entropy ‘ KL Divergence

H(Dy) = 127 | H(Dy,D;) =931 | Du(D1]ID2) = .04

H(D,) = 7.80 | H(Dy, Dy) = 4148 | Dyr(DlIDy) = 33.68

Table 3.3: Entropy, cross-entropy, and divergence of Atomic3) (D) and Atomic!®* (Dy).

also estimate cross-entropy-how well a model trained on one corpus describes the
other. From Atomic!%* to Atomic3), this is 9.31, only 2 points higher than its entropy
suggesting ATomic3] is describable with information from Atomic%%. In reverse, this
is 41.48 suggesting much of Aromic!®* is not captured by Atomici)-Aromic!®* is
surprising given only information from Atomicsy.

HUMAN EVALUATION OF QUALITY. Perhaps most importantly, we study the quality
of knowledge in each corpus. We conduct human evaluation with Amazon Mechanical

Turk. 3 annotators rate each triple resulting in “accepted”, “rejected” or “no judgement”.

We evaluate 3000 examples® from Atomic!%%, and 1000 from Atomic3) (Table 3.4). We
find Fleiss’ kappa (Fleiss, 1971) of 40.8 indicating moderate agreement (Landis and Koch,
1977), and 90.5% accuracy agreement. We require workers meet an Amazon Mechanical
Turk qualification for annotation quality based on past commonsense evaluations. We
compensate workers $0.17 per task, which we estimate require 30 seconds.

For the loose teacher, consider the top row of Atomic!?® in Table 3.4 (other rows add
the critic §3.4). Aromic!%* exceeds ATomic3) in scale, but is somewhat less acceptable
by human raters-by roughly 8 percentage points. Yet, the larger scale of ATomic!®*
implies a significantly higher number of accurate examples. Increasing the proportion
of these is the main objective of the critic (§3.4).

HOW DO KNOWLEDGE SOURCES COMPARE?  To understand the robustness of our
approach, we assess other language models as the knowledge source (i.e. loose teacher):
GPT-J (Wang and Komatsuzaki, 2021) and T5-11B adapted for language modelling
(Lester, Al-Rfou, and Constant, 2021). We substitute both for GPT-3 as in §3.3.2,3.3.3,
generating a small-scale corpus to evaluate. We conduct human evaluation on 1000
examples as above (Table 3.4). Both models attain roughly 72% accuracy, 6 points below
GPT-3 (78.5). This suggests strong potential, but higher quality from GPT-3.

3.4 MAKING THE TEACHER MORE CRITICAL

Symbolic knowledge distillation requires a strong teacher model to maximize the
quality of the generated knowledge graph and resulting student model (§3.5). While
the loose teacher (GPT-3 alone) results in a viable commonsense knowledge graph,
evaluation shows this isn’t a perfect commonsense teacher. Thus, we multiply in a

this ensures at least 1000 after filtering by the critic §3.4)
Size of ATomIc) is given as the number of comparable datapoints, i.e. those with the same relations as
Artomic!0%,
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Corpus ‘ Accept Reject N/A ‘ Size ‘ Size (div)
Aromic3) ‘ 86.8 113 1.9 ‘ 0.6M ‘ 0.56M
Aromic10x 785 187 28 |6.5M | 4.38M
884 95 21 |51IM | 3.68M
(criticioy) 91.5 6.8 1.7 | 44M | 3.25M
953 38 1.0 | 3.0M | 233M
(critichigh) 964 27 08 | 25M | 2.00M
+ GPT-J 720 276 04 | - -
+T5-11BLM | 717 269 14 | - -

Table 3.4: Attributes of ATomic!%* and Atomic!%* (row 2) including the critic model (§3.4, rows
3 - 6) with various filtering cutoffs. Accept and Reject are by majority human vote
unless any mark N/A. Size is in unique examples’. The highest precision corpus is
Atomic1%* with (criticyigh), but multiple versions surpass Artomics). We also include
alternate models (GPT-J and T5-11B) as the loose teacher.

critic model, to filter lower-quality knowledge, correcting the teacher (§3.2.1). With
modest supervision (a small-scale human evaluation) we train a classifier to predict
and discriminate unacceptable examples. We multiply this with the loose teacher §3.3,
creating a critical teacher product of experts. In practice this means filtering ATomic1%%
to create new corpora that are higher quality, yet still larger scale than human-authored
AtoMICS).

TRAINING A KNOWLEDGE CRITIC  We gather a training set of correct vs. incorrect
human judgments on a randomly-sampled set of 10K entries of Atomic!?*, as in
§3.3.4 but with one annotation per example. We take a (random) train/dev/test split of
8k/1k/1k. While this step requires human annotation, humans take on the role of high-
level supervisors here—critiquing a small number of generations rather than authoring
the entire knowledge graph as in previous work. Indeed, the cost/complexity of this
step is similar to a typical human evaluation, making it far cheaper/easier than eliciting
human-authored knowledge in past work.

We train binary classifiers (critics) for human acceptability using RoBERTa-Large
(Liu et al., 2019). We find pretraining on MNLI results in the best model in terms of
precision and recall, and we suggest this technique for future studies. Our best model
vastly improves the accuracy of Atomic!®* (Table 3.4), demonstrating that a small
amount of human supervision can consistently help to correct GPT-3’s mistakes.

SIZE-ACCURACY TRADE-OFF  Using our critic to filter knowledge results in a nat-
ural trade-off between size and accuracy. We test several cutoffs for Aromic!?*, i.e.
confidence at which the critic rejects examples. We report human-measured accuracy
(Accept/Reject column Table 3.4) following §3.3.4. We compare the loose teacher (un-
filtered) to critical teachers. Discarding 20% of instances that the critic judges as least
acceptable (reducing corpus size from 6.5M to 5.1M), Atomic1%%’s accuracy rises 78.5
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‘Random Inf Event EMAP Full

AP ‘ 79.3 81.9 86.2 87.1 94.0

Table 3.5: Average Precision for ablated critic models. The critic not only filters awkward
phrasings which can be identified by either the event (Event) or inference (Inf) in
isolation (EMAP only identifies these), but also logical misalignments, which require
modeling interactions between event/inference, i.e. the full critic (Full).

— 88.4; human-authored ATomic3) contains 600K entries at 86.8% accuracy. Reducing
to total size to 2.5M examples (38% of full size), we attain 96.4% accuracy, nearly 10
points above Atomics) while still 4X larger.

WHAT GETS FILTERED oUT?  We qualitatively identify two types of filtered triples:
1) logical misalignments, events/inferences joined in an inconsistent manner. Recogniz-
ing these requires understanding events-inference interactions, e.g., X cannot find his
shirt as a result X is wearing a shirt; 2) awkward phrasings, in which events/inferences
are individually incoherent e.g. PersonX has a fire in the bath-resulting triples are
invalid as the event is implausible.

To understand what is filtered, we ablate the critic (Table 3.5): our full model is
compared to a random predictor, event-only model, and inference-only model. We
also compare to an EMAP (Hessel and Lee, 2020) version, i.e. an ensemble of event
and inference-only, without interactions between event/inference (needed for logical
misalignments).

We find GPT-3 produces both independent awkwardly-phrased events/inferences
(filtered by X-only models) and logical misalignments. The classifier, trained on validated
knowledge triples, helps in both cases. The EMAP of our full model (identifies only
awkward phrasings) achieves 87% AP, and our full model (which additionally identifies
logical misalignments) improves to 94% AP.

DOES FILTERING HURT DIVERSITY?  One concern is that the critic may keep only
similar “safe” examples, lacking novelty. We repeat our diversity analysis (§3.3.4) for
critical corpora (Table 3.4, “Size (div)”, higher=better). As we filter, we surprisingly
observe proportionally more diverse examples: full ATomic1%* has a diverse subset 68%
of its size; rising to 80% with the most extreme filtering. One possibility is that GPT-3
gravitates towards common sentence structures for inconsistent knowledge. These
would be recognizable to the critic, and removing them would increase both quality
and diversity. This surprising result warrants further study.

3.5 CORPUS-TO-MACHINE: DISTILLATION

The final step of symbolic knowledge distillation trains a compact model on the gen-
erated natural language knowledge graph. Our base model is GPT2-XL trained on all

of Aromic!®*: we denote this model by CoMETR!S. We additionally train the model on
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CKG Completion | Train Corpus

Model Acc Accept Reject N/A
GPT2-XL zero-shot - 45.1 503 4.6

GPT-3 - 73.3 24.1 2.6

CoMETZ) 86.8 81.5 163 2.2

CoMETDS 785 784 192 24

Feriticioy 91.5 829 149 2.2

+criticpigh 96.4 87.5 102 23

Table 3.6: Model performance on knowledge base completion, measured by human judgement.
Inferences are generated on held-out events from Atomic3). Models besides GPT-3
use GPT-2 XL architecture. COMETY] with a strong critic (+criticpig) achieves the
highest acceptance rate overall-87.5.

critical versions of Aromic!®*—crit),,, denotes training on the corpus achieving 91.5%
accuracy, and critpjgp, on the 96.4% accuracy corpus. Models are trained for 1 epoch,
with default parameters using the Huggingface Transformers library (Wolf et al., 2019).

3.5.1 Ewvaluating a Symbolically Distilled Model

Evaluation follows past work (Bosselut et al., 2019; Hwang et al., 2021; Sap et al., 2019a)
testing the ability of models to do knowledge base completion, i.e. generating inferences
for test events, specifically from the Atomic3) test set. We use human evaluation®
following Section 3.3.4, on 1000 inputs (event + relation), with results in Table 3.6. We
compare to the GPT2-XL-based CoMET3) model trained on human-generated ATomics),
and GPT-3 using the same generation method as §3.3-in effect, comparing the student
CoMETR] to the loose teacher GPT-3. We omit the critical teacher (GPT-3 + critic), which
is not assured to produce an inference for each input, as the critic may reject all tails
for some inputs. We also compare to zero-shot GPT2-XL (Radford et al., 2019a) using

the same methodology (Table 3.6).

DIS

HOW DOES COMETZY]} COMPARE TO GPT-3? In knowledge distillation, the stu-

dent model often deteriorates in performance (Hinton, Vinyals, and Dean, 2015; Kim
and Rush, 2016) compared to its teacher. Comparing our base teacher—-GPT-3-to the

DIS DIS

simplest version of COMETR} oI

(top-row CoMETY}} of Table 3.6) surprisingly shows the

student surpasses GPT-3, the model that generates its training data’. We posit that

the superior performance of CoMETS;; may have to do with mistakes of GPT-3 being

filtered by verbalization and training of GPT-2, and possibly the focus of ComMETY}

TIL

We find Fleiss’ kappa (Fleiss, 1971) of 47.1 for acceptance, indicating moderate agreement. (Landis and
Koch, 1977), and accuracy agreement of 88.7%.

The slight difference in acceptability for GPT-3 from Table 3.4 is likely due to variance in raters between
rounds of evaluation, and a different distribution of events—Table 3.4 uses generated events while Table 3.6

uses events from AtomicZ).
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on one commonsense domain while GPT-3 covers a more general domain. We leave
further study of this effect for future work.

DIS

HOW DOES COMETZY]; COMPARE TO HUMAN KNOWLEDGE? While COMETD}}

without the critic is slightly outperformed by CoMET3) in terms of accuracy, this reverses

with the critic. For both cutoffs tested, COMET2™ surpasses COMET3), with more filtering

resulting in a wider gap.

DIS

USEFULNESS OF COMETZ}[}

For on-demand inference, where a single high quality

DIS
TIL

model: the most performant version surpasses COMET3) by 5 points and GPT-3 by over
10. The critical teacher (GPT-3 + critic) yields a more accurate corpus, but may filter all

inference for some input event/relation is required, COMET2Y is the best available

inferences for an input, giving no output.

3.6 RELATED WORK

COMMONSENSE KNOWLEDGE GRAPHS (CKG) CKGs provide knowledge for com-
monsense reasoning. Some are manually constructed, e.g. ATromic (Hwang et al., 2021;
Sap et al., 2019a). ConceptNet (Speer, Chin, and Havasi, 2017) contains taxonomy and
physical commonsense, authored by humans or compiled from such sources. Some
CKGs are automatically constructed: TransOMCS (Zhang et al., 2020a) extracts 18.48M
tuples from syntactic parses and CausalBank (Li et al., 2020) extracts 314M cause-effect
pairs by pattern-matching. In contrast, we generate commonsense.

EXTRACTING KNOWLEDGE FROM LMs  Past work uses models for automatic knowl-
edge graph completion (Bosselut et al., 2019; Hwang et al., 2021; Li et al., 2020). Yet,
models are trained on existing resources; ATomic'%% is generated without these. Other
works mine factual/commonsense knowledge directly from off-the-shelf LMs (Davison,
Feldman, and Rush, 2019; Petroni et al., 2019; Xiong et al., 2020), but not resulting in
the quality at scale of Aromic!*,

KNOWLEDGE DISTILLATION Other works use knowledge distillation (Hinton,
Vinyals, and Dean, 2015) for generation. (Sanh et al., 2019) follow a label smoothing
formulation, while Kim and Rush (2016) follow a similar formulation to us (§3.2.1), but
use the mode of the teacher distribution rather than sampling. Our work is unique in
distilling specific information (commonsense) from a general language model.

DATA GENERATION While manual dataset creation is expensive and complex
(Agrawal et al., 2018; Bras et al., 2020; Schwartz et al., 2017; Tsuchiya, 2018), crowd-
sourcing is the most popular method for goal-oriented, high quality datasets.

Past automatic data mainly use extractive approaches, e.g. syntactic parsing (Zhang
et al., 2020a) or pattern matching (Li et al., 2020) from unstructured text (Buck, Heafield,
and Van Ooyen, 2014; Lehmann et al., 2015). These scale, but are noisy and limited
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in format-ATtomic knowledge will not appear simply in natural text. Some works
explore automatic data synthesis/expansion by finetuning LMs on existing labeled
data (Anaby-Tavor et al., 2020; Kumar, Choudhary, and Cho, 2020; Papanikolaou and
Pierleoni, 2020; Yang et al., 2020), but are limited by data quality.

3.7 CONCLUSIONS

We introduce symbolic knowledge distillation, a machine—to—corpus—to—machine pipeline
for commonsense that does not require human-authored knowledge—instead, using

machine generation. Knowledge is transferred from a large, general model to a com-
pact commonsense model, through a commonsense corpus—yielding a commonsense

knowledge graph and model. Our resulting symbolic knowledge graph has greater
scale, diversity, and quality than human authoring. symbolic knowledge distillation

offers an alternative to human-authored knowledge in commonsense research.
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COUNTERINTUITIVE LIMITS
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PARADOX OF GENERATIVE AI

41 INTRODUCTION
“What I cannot create, I do not understand." — Richard Feynman

The recent wave of generative Al from ChatGPT to GPT4 to DALL-E 2/3 to Mid-
journey, has sparked unprecedented global attention—with equal parts excitement
about the expansive potential applications, and deep concern about the dangers of

!” that seems even to exceed that of humans. Indeed, in both language

“intelligence
and visual domains, current generative models take only seconds to produce outputs
that could challenge experts with years of skill and knowledge, providing compelling
motivation for claims that models have surpassed human intelligence (Bubeck et al.,
2023; Surameery and Shakor, 2023). At the same time, probing of models’ outputs
continues to uncover basic errors in understanding that would be unexpected even
for non-expert humans (Arkoudas, 2023; Dziri et al., 2023; Qin et al., 2023). This
presents us with an apparent paradox: how do we reconcile the seemingly superhuman
capabilities of these models with the persistent presence of fundamental errors that
most humans could correct?

We posit that this tension arises because the configuration of capabilities in to-
day’s generative models diverges from the configuration of intelligence in humans.
Specifically, in this work we propose and test the Generative Al Paradox hypothe-
sis: generative models, having been trained directly to reproduce expert-like outputs,
acquire generative capabilities that are not contingent upon—and can therefore exceed—
their ability to understand those same types of outputs. This contrasts with humans,

“Intelligence” and “understanding” here refer particularly to demonstrable aspects of models and technol-
ogy (as in “Artificial Intelligence” or “Natural Language Understanding”).
A Language Modality B. c. Vision Modality D.
Austin had a rough day at work
and decided to go to the bar. Write a two paragraph story a blue backpack a mountain goat stands
Austin had a drink that night. about 3 people building a house and a red orange on top of a rock on a hill
H Why did Austin do this?
E Austin likely went to the bar and had [...] Finally, after years of saving
q:’ a drink because he had a rough day money and sketching designs, they (
] ot work and wanted to relax, unwind,  decided to build their dream house.
or temporarily escape from the stress Bob with his architectural expertise,
and frustrations he experienced sketched a breathtaking design of a
during the day. two storied country house.
4l Select the bgst answer from the How many total designs were Which image matches the caption? " i R
-E choices provided: A. Settle down ﬁf sketched in the story? Is this a mountain goat?
ﬁ B. Go to the bar 5 . Expected answer: Yes
N xpected answer: Many
H C. Order a drink
< . .
The story only mentions Based on the image you sent, | can sa
13 37 Gy ge y g y
=] SRR TER: one design being sketched [...] that it is not a mountain goat. [...]

(SELECTIVE SETTING)

(INTERROGATIVE SETTING)

(SELECTIVE SETTING)

(INTERROGATIVE SETTING)

Figure 4.1: Generative Al in language and vision can produce high-quality generations. Paradox-
ically, however, models have trouble demonstrating selective (A,C) or interrogative
(B,D) understanding of these modalities.
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4.2 THE GENERATIVE AI PARADOX

for whom basic understanding nearly always serves as a prerequisite to the ability to
generate expert-level outputs (Alexander, 2003; Berliner, 1994; Gobet, 2017).

We test this hypothesis through controlled experiments analyzing generation and
understanding capabilities in generative models, across language and visual modalities.
We conceptualize “understanding” relative to generation via two angles: 1) given a
generative task, to what extent can models select correct responses in a discriminative
version of that same task? and 2) given a correct generated response, to what extent
can models answer questions about the content and appropriateness of that response?
This results in two experimental settings, selective and interrogative, respectively.

Though our results show variation across tasks and modalities, a number of clear
trends emerge. In selective evaluation, models often match or even outperform humans
on generative task settings, but they fall short of human performance in discriminative
(understanding) settings. Further analysis shows that discrimination performance is
more tightly linked to generation performance in humans than in GPT4, and human
discrimination performance is also more robust to adversarial inputs, with the model-
human discrimination gap increasing with task difficulty. Similarly, in interrogative
evaluation, though models can generate high-quality outputs across tasks, we observe
frequent errors in models’ ability to answer questions about those same generations,
with model understanding performance again underperforming human understanding.
We discuss a number of potential reasons for this divergence in capability configurations
for generative models versus humans, including model training objectives, and size
and nature of input.

Our findings have a number of broader implications. First, the implication that
existing conceptualizations of intelligence, as derived from experience with humans,
may not be able to be extrapolated to artificial intelligence—although Al capabilities in
many ways appear to mimic or exceed human intelligence, the contours of the capability
landscape may diverge fundamentally from expected patterns in human cognition. On
the flip side, our findings advise caution when studying generative models for insights
into human intelligence and cognition, as seemingly expert human-like outputs may
belie non-human-like mechanisms. Overall, the generative Al paradox encourages
studying models as an intriguing counterpoint to human intelligence, rather than as a
parallel.

4.2 THE GENERATIVE AI PARADOX

We begin by outlining the Generative Al Paradox and an experimental design to test it.

4.2.1 Operational Definitions

Figure 4.1 offers examples of the seemingly paradoxical behavior of generative models.
In language (column B), GPT4 is able to generate a compelling story about 3 friends
building a house, but when pressed on details of its own generated story, fails to correctly
answer a simple question: GPT4 asserts that only one design was sketched in the story
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4.2 THE GENERATIVE AI PARADOX 36

despite writing about years of “sketching designs”. In vision (column C), a generator
produces a correct image beyond average human capabilities, yet the understanding
model is unable to single out that correct generation against plausible alternatives,
despite selection being the seemingly “easier” task. In both cases, models meet or exceed
human generation abilities but lag in understanding.

Observations such as these motivate the Generative Al Paradox:

Generative models seem to acquire generation abilities more effectively than
understanding, in contrast to human intelligence where generation is usually
harder.

Testing this hypothesis requires an operational definition of each aspect of the paradox.
First, what it means for generation to be “more effective” than understanding for a given
generative model mg, understanding model m, and task ¢, with human intelligence
as a baseline. Taking g and u to be some performance measures of generation and
understanding, we formally state the Generative Al Paradox hypothesis as:

g(human, t) = g(m,, t) = u(human, t) —u(m,, t) > € (4.1)

Put simply, the hypothesis holds for a task ¢ if a human who achieves the same gener-
ation performance g as a model m, would be expected to achieve significantly (> €
for a reasonably large €) higher understanding performance u than a model m,, does?.
In simpler terms, models perform worse on understanding than we would expect of
humans with similarly strong generative capabilities. In the language domain,

Generation is straightforward to operationally define: given a task input (ques-
tion/prompt), generation is the production of observable content to satisfy that input.
Thus, performance g can be evaluated automatically or by humans (e.g. style, correct-
ness, preference). While understanding is not defined by some observable output, it can
be tested by explicitly defining its effects.Thus, we measure performance u by asking
the following questions:

1. Selective evaluation. For a given task, which can be responded to generatively, to
what extent can models also select accurate answers among a provided candidate set
in a discriminative version of that same task? A common example of this is multiple
choice question answering, which is one of the most common ways to examine
both human understanding and natural language understanding in language models
(Wang et al., 2019) (Figure 4.1, columns A, C). This tests the performance aspect of
understanding, i.e. the ability to identify the answer to a human input.

2. Interrogative evaluation. For a given generated model output, to what extent
can models accurately respond to questions about the content and appropriateness
of that output? This is akin to an oral examination in education (Sabin, Jin, and
Smith, 2021). (Figure 4.1, columns B, D ) This tests the explainability aspect of
understanding, i.e. the ability to comprehend one’s own answer.

2 To clarify, the paradox hypothesis is not restricted to the use of a single model to assess both generative
and understanding capabilitites; different models can be employed to test these two aspects independently.



4.2 THE GENERATIVE AI PARADOX

These definitions of understanding provide us with a blueprint for evaluating the Gen-
erative Al Paradox, allowing us to test whether Hypothesis 4.1 holds across modalities,
tasks, and models.

4.2.2  Experimental Overview

Here, we provide a high-level road map for experiments informed by the definitions
above. We propose 2 sub-hypotheses to test across experimental settings, and provide
cross-experiment details.

4.2.2.1 Hypotheses

Evaluating whether Hypothesis 4.1 holds for a given task requires establishing a human
baseline, specifically, the understanding performance we expect from a human with the
same generation capabilities as the model. We define how such a baseline is established
for both kinds of understanding above, resulting in 2 sub-hypotheses.

SELECTIVE EVALUATION. Here, we explicitly measure human generation and un-
derstanding performance to establish a baseline. We say Hypothesis 4.1 holds if models
underperform in understanding compared to humans with equivalent generation per-
formance (or lower generation performance, assuming that if humans matched model
generation they would do even better at understanding. The sub-hypothesis is simply:

sub-hypothesis 1: models meet or exceed humans at generation while lagging at dis-

crimination.

INTERROGATIVE EVALUATION. For the human baseline here, we assume that
humans can answer simple questions of understanding about their own generations. For
a given task input, we test how accurate models are at answering questions on Al
generated outputs and as the human baseline, assume near-perfect accuracy on such
questions for their own generations. The sub-hypothesis in this case is:

sub-hypothesis 2: models struggle to answer simple questions about generated content,
which humans could answer for their own generations.

4.2.2.2 Models and Experiments

We focus our study on the strongest current generative models, i.e., those driving
interest and concern among experts and the public. We investigate language and vision,
modalities where recent impressive progress has been made. We test language models
for both generative and understanding capabilities given strong performance in both
areas, i.e. taking m, = my. We test GPT4 (gpt-4) and GPT3.5 (GPT3.5-turbo) in a zero-
shot setting where we instruct models to output a response given some background
information. In contrast, for vision, image generators show weaker understanding (Li et
al., 2023a) than dedicated understanding models, and so we assume m,, # mg for vision.
We use Midjourney (Inc., 2023) to generate, CLIP (Radford et al., 2021) and OpenCLIP (II-
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Figure 4.2: Discriminative and generative performance of GPT3.5 and GPT4 vs Humans. Models
outperform humans in generation but underperform them in discrimination for most
of the cases. The scatter plot in the bottom right summarizes GPT4’s performance
vs. human performance (using the hard negatives from Section 4.3.2 to measure
discriminative accuracy for XSUM and FaithDial); each point represents a different
task. Humans have a larger positive slope between their discrimination and genera-
tion abilities compared to GPT4.

harco et al., 2021) as understanding models for selective evaluation, and BLIP-2 (Li
et al., 2023b), BingChat (Microsoft, 2023), and Bard (Google, 2023) for interrogative
evaluation. All results on vision models are obtained in zero-shot fashion.

We conduct experiments across both sub-hypotheses, investigating tasks with se-
lective evaluation of understanding (sub-hypothesis 1) in §4.3 and investigating tasks
with interrogative evaluation of understanding (sub-hypothesis 2) in §4.4. Both sections
include both language and vision tasks.

43 CAN MODELS DISCRIMINATE WHEN THEY CAN GENERATE?

First, in our selective evaluation, we conduct a side-by-side performance analysis on
generative and discriminative variants of tasks to assess models’ generation and under-
standing capabilities in language and vision modalities. We compare this generative
and discriminative performance to that of humans. For our tasks we draw on diverse
source benchmarks, detailed below:

Language benchmarks. For dialogue, we explore two open-ended datasets—
Mutual® (Cui et al., 2020) and DREAM (Sun et al., 2019), and a document-grounded
benchmark, Faithdial (Dziri et al., 2022). These tasks require generating coherent
continuations based on conversation history (faithful to the document in grounded
dialogue). For reading comprehension, we include Topioca ((Adlakha et al. 2022); con-
versational QA) and RACE ((Lai et al. 2017); factual QA). For summarization, we
consider XSUM (Narayan, Cohen, and Lapata, 2018). We also include the commonsense
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Figure 4.3: Model and human performance under the generative and discriminative settings on
the vision modality. We observe models fall short of human accuracy in discrimina-
tive performance, and their generative accuracy also lags behind their discriminative
accuracy.

benchmarks CommonSenseQA (Talmor et al., 2019), SocialIQA (Sap et al., 2019b),
HellaSwag (Zellers et al., 2019), PIQA (Seo et al., 2018), and aNLG/aNLI (Bhagavatula
et al., 2020). Lastly, we consider the natural language inference tasks WaNLI (Liu et al.,
2022) and §-NLI (Rudinger et al., 2020).

Vision benchmarks. For image generation, we source text prompts from four
benchmarks: these range from descriptions of natural scenes, (likely in-domain for the
model) to out-of-distribution scenes with specific attributes and relationships that rarely
exist in real images. Prompts are sourced from: COCO (Lin et al., 2014), PaintSkill (Cho,
Zala, and Bansal, 2022), DrawBench (Saharia et al., 2022) and T2ICompBench (Huang
et al., 2023).

Experimental setup. For each task and modality, we consider two settings: i)
generative: we prompt models to generate a response given task-specific inputs (e.g.,
dialogue history, document, image caption), and ii) discriminative: we require task-
specific models to select the correct answer from a set of candidates, using existing
candidates where available and otherwise generating options.

For the generative setting, we conduct human evaluations using Amazon Mechanical
Turk (AMT) to judge the correctness of the generated responses (i.e, text or image) and
report percentage of successful responses satisfying task requirements. For example, for
the language domain, we present humans with examples from the language benchmarks.

For the discriminative setting, we report the accuracy of choosing the ground-truth
response among the candidate options. To establish a human performance baseline,
we ask workers to perform all discriminative tasks and evaluate the correctness of the
ground-truth responses for each task.’

4.3.1 Generative and Discriminative Capabilities in Models vs. Humans

Language. Figure 4.2 presents a comparison of GPT3.5, GPT4, and human generative
and discriminative performances. We see that for 10 of the 13 datasets, Sub-hypothesis 1
is supported in at least one model, with models outperforming humans in generation but
underperforming humans in discrimination. For 7 of the 13 datasets, this sub-hypothesis
is supported in both models.

Vision. It is not practical to ask humans to produce detailed images as we do with
vision models, but we assume that an average human could not achieve the stylistic

Ground-truth responses were initially written by humans for the language tasks, while ground-truth
images are generated by Midjourney.
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Figure 4.4: Model vs. human performance across varying levels of answer difficulty on discrim-
inative tasks.

quality of models like Midjourney and thus assume human generation performance is
lower. Therefore, we only compare models’ generative and discriminative accuracy to
humans’ discriminative accuracy. Similar to the language domain, Figure 4.3 shows
that CLIP and OpenCLIP* fall short of human accuracy in discriminative performance.
Assuming human generation is worse, this agrees with sub-hypothesis 1: Vision Al
exceeds average humans at generation but lags at understanding.

4.3.2  Models fall further short of human performance with harder discrimination tasks

We take a closer look at the gap in discriminative performance between humans and
models by manipulating the difficulty of the negative candidates. Two types of negatives
are considered: i) Hard negatives: challenging examples that deter models from relying
on data biases and artifacts to produce an answer. These negatives are wrong in subtle
and challenging ways; recognizing them may require profound understanding of the
task. ii) Easy negatives: these candidates are semantically distant from the topic of
the question, providing a clear contrast to the correct answer.

Figure 4.4 (left) shows the comparison between GPT4 and humans’. Notably, as the
complexity of the candidate answers increases, model performance gradually declines.
For instance, in the XSUM task, GPT4 achieves 100% accuracy when selecting the correct
answer from easy negatives, but this drops to 19% when confronted with hard negatives.
XSUM exhibits a substantial difference in performance compared to FaithDial. Upon
inspection, we observe that models tend to make the most mistakes in discrimination
tasks when the responses are lengthy and challenging, such as summarizing lengthy
documents. In contrast, humans can maintain a consistently high level of accuracy
across different levels of difficulty.

Figure 4.4 (right) shows the discriminative performance of OpenCLIP, in comparison
to humans, across difficulty levels. Consistent with the language results, and even
more robustly across tasks, we see that while humans show versatile performance
across hard and easy negative settings, model performance drops substantially when
confronted with hard negatives (from 100% to ~69%). Overall, these results highlight that
humans have the ability to discern correct answers even when faced with challenging
or adversarial examples, but we see that this capability is not as robust in LMs. This
discrepancy raises questions about the true extent of these models’ understanding.

We report the best results on CLIP (clip-vit-large-patch14) and OpenCLIP (CLIP-ViT-bigG
-14-1laion2B-39B-b160k)
The same trend also applies for GPT3.5.
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Figure 4.5: Human’s preference scores between human-generated vs. GPT4-generated responses

4.3.3 Model generations are preferred over human generations

To better understand the gap between humans and language models, we asked AMT
workers to provide their preferences between machine and human-generated answers
in the language-related tasks, along with a rationale for their choices.While both sets
of responses score high in correctness (Figure 4.2), Figure 4.5 shows a notable trend:
workers often favor responses from GPT4 over those generated by humans. The same
applies for GPT3.5. The rationales provided by humans often indicate a preference
for GPT4 due to longer response length, more elegant writing style, and being more
informative, while human choice is preferred for brevity and conciseness. This makes
the divergence in capabilities—with models excelling in relative terms at generation
and humans at understanding-based tasks—even more apparent.

44 CAN MODELS UNDERSTAND WHAT MODELS GENERATE?

In the previous section, we showed that models often excel at generating accurate
answers while lagging behind humans in the discriminative task. Now, in our interrog-
ative evaluation, we investigate to what extent models can demonstrate meaningful
understanding of generations—something humans are highly capable of—by directly
asking models questions about generated content.

Language experimental setup. In language, we first prompt models to generate
a paragraph using task-specific background information. Then using its generation as
context, we ask the model multiple-choice questions about its own generated informa-
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44 CAN MODELS UNDERSTAND WHAT MODELS GENERATE?

tion.® For example, for XSUM (Narayan, Cohen, and Lapata, 2018) (summarization)
we prompt the model to generate an article based on a ground-truth summary, and
then ask the model to select the best summary (same choices as §4.3) for the generated
article. For Mutual™ (Cui et al., 2020) (dialogue), the model generates the conversation
history that leads to a given dialogue, and then is asked to choose the best dialogue
continuing that history. In HellaSwag (Zellers et al., 2019) (commonsense), the model
generates the context preceding a given sentence and then selects the most fitting
continuation for that generated context. We only perform selective evaluation on the
correct generations verified by humans.

We use zero-shot GPT3.5 and GPT4 for all of the evaluations, both generating and
question answering. We report the model generation performance, the selection perfor-
mance based on content generated by the model, and human selection performance
using the model’s generated content. As an implicit baseline, we assume that humans
can answer such questions about their own generations with high accuracy, and so
refrain from the complex process of eliciting these human generations.

Vision experimental setup. We conduct interrogative evaluation on image under-
standing models via visual question answering in an open-ended setting. We consider
TIFAv1.0 (Hu et al., 2023) as the evaluation benchmark, with text prompts from COCO,
PaintSkill, DrawBench and Parti (Yu et al., 2022). TIFAv1.0 includes questions auto-
matically generated by a language model, only concerning the content specified in the
text prompt (e.g., about existence/attributes of an object and relative position between
objects). We first ask Midjourney to generate images, based on the text prompts. Then,
we interrogate the understanding models (e.g., BLIP-2) with answerable questions
(verified by AMT workers) about the generated images. AMT is used to collect human
responses, and judge the correctness of human/model outputs.

Results. Results for the language modality are shown in Figure 4.6 (left). We ob-
serve that while the models excel at generation, they make frequent errors in answering
questions about their own generations, indicating failures in understanding. Humans,
who we assume could not generate such text at the same speed or scale, consistently
achieve higher accuracy in QA compared to the model, despite the fact that questions
are about the model’s own output. As stated in sub-hypothesis 2, we expect humans
would achieve even higher accuracy for their own generations. We note that the humans
in this study are not experts; producing text as sophisticated as the model’s output could
be a significant challenge. We anticipate that the performance gap in understanding
one’s own generation would widen even more when comparing the model to human
experts, who are likely to answer such questions with near-perfect accuracy.

Figure 4.6 (right) shows the interrogative results in the visual modality.” We see that
image understanding models still fall short of human accuracy in answering simple
questions about elements in the generated images. At the same time, state-of-the-art
image generation models can generate images at a quality and speed beyond most

Unlike §4.3, questions here are about the generation, rather than taking the generation as a potential
answer.
We report performance of BingChat, Bard and the best BLIP-2 model (BLIP2-flan-t5-xx1) on two
subsets.
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Figure 4.6: Models vs. human performance on language/visual QA based on model generated
texts/images.

average humans (who we expect will have trouble generating comparable realistic
images), indicating a relative gap between generation (stronger) and understanding
(weaker) in vision AI compared to humans. Surprisingly, the performance gap between
models and humans is smaller for simpler models than advanced multimodal LLMs (i.e.,
Bard and BingChat), which have some intriguing visual understanding abilities, but
still struggle to answer simple questions about generated images.

45 DISCUSSION

Assessing the generative Al paradox. Broadly, we find significant experimental ev-
idence of the Generative Al Paradox: though models can regularly outperform humans
in text and image generation, they fall short of human performance in discriminative
versions of generative tasks, and when answering questions about generated content.
Furthermore, our analyses show that discrimination performance is more tightly linked
to generation performance in humans than in GPT4, and that human discrimination
performance is also more robust to challenging inputs. These trends vary across tasks
and modalities, but in general our results robustly support the hypothesis that genera-
tive capability can outstrip understanding capability in models, especially compared
with humans.

Proposed explanations and points of future study. Given the above evidence
in support of the Generative Al Paradox, the next question is: what factors could lead to
models that excel at generation even when they cannot demonstrate strong understanding?
We propose some hypotheses below, and encourage future work to explore this question.

Generative Al is defined by the generative learning objective, explicitly encouraging
reconstruction/generation of the training distribution, while only implicitly encour-
aging understanding if it furthers this goal. Human learning, while not completely
understood, likely diverges from this by encouraging behavior beyond pure reconstruc-
tion of stimuli.

Although we often query generative models as if they were individuals, they typically
model a medium (e.g. text over many authors in language models). Providing context
may push models closer to emulating a specific individual (Andreas, 2022), but they
tend towards behavior that looks distributionally correct rather than individually correct,
prioritizing stylistic and document-wide features over details necessary for understand-
ing tasks. Training on many documents (e.g. huge swaths of internet text) also contrasts
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with humans: it would take an average human reader e.g. over 32 years just to read all
the pages of Wikipedia (Brysbaert, 2019; contributors, n.d.). This obvious discrepancy
in not only quantity, but also diversity of knowledge could encourage models to use
existing solutions to problems, which they have seen already, whereas humans have
not and therefore need to exercise understanding and reasoning to answer the same
questions correctly.

Evolutionary and economic pressures can affect the way that AI develops. For in-
stance, popular language model architectures have shown a preference for languages
like English (Ravfogel, Goldberg, and Linzen, 2019) which has seen the most attention in
NLP (Bender, 2019) and thus the most reward for improvement. Similar pressures could
encourage architectures, training paradigms, and other decisions that favor generation
over understanding, as generation is harder for humans and thus more useful/valuable.
Designing systems that are not affected by the Generative Al Paradox will require un-
derstanding its cause. Given the potential explanations above, promising paths forward
may involve alternative optimization objectives, limiting the memorization in models
to force reasoning, and even incentivizing stronger understanding at a field level.

Limitations. Dataset/benchmark contamination is a potential limitation with
proprietary models, but this should have similar effects on generation and discriminative
evaluation in §4.3, and our evaluation in §4.4 uses novel generations which would not
be seen at training time. Also, we focus on a small set of the most popular/widely used
models. Future work should investigate a wider range of models, including smaller or
weaker models, for which we hypothesize the paradox may be even more pronounced
as we often saw with GPT3.5 vs GPT4 (§4.3).

While our evaluation of human performance is focused, future work can explore
more extensive comparisons between model and human performance. We also advocate
for adopting comparison to humans as a widespread practice, to carefully judge when
model capabilities extrapolate with human capabilities, and when they do not. Finally,
we only investigate one divergence between humans and models. Proposing and testing
other points of divergence between artificial and natural intelligence exceeds our scope
but will be imperative to calm concerns and calibrate excitement.

4.6 RELATED WORK

Generative paradoxes in large language model behavior. Prior work paradox-
ically employs large language models to improve their own generations, finding that
models successfully identify mistakes (despite these mistakes being generated by the
models themselves). (Madaan et al., 2023) prompt models to critique and improve their
own generations. (Agrawal, Mackey, and Kalai, 2023) find that models can identify
hallucinated content in their own generations, and (Gero et al., 2023) show that models
can identify erroneously omitted elements in generated in clinical extraction data.
Inconsistencies in large language models. Past work suggests that large lan-
guage models (LMs) lack a robust concept representation. (Dziri et al., 2023) show
that strong models often struggle at solving basic tasks like multiplication. (Elazar
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et al., 2021) and (Ravichander et al., 2020) show that LMs make inconsistent predictions
when prompted with similar statements. (Ribeiro, Guestrin, and Singh, 2019) find that
QA systems often generate contradictory answers. (Kassner and Schiitze, 2020) and
(Ettinger, 2020) find that models can generate correct facts but also their negations.
(Jang, Kwon, and Lukasiewicz, 2022) construct a benchmark showing large LMs often
make inconsistent predictions. (Berglund et al., 2023) demonstrate that while models
can correctly recognize factual knowledge present in their training data, they fail to
make inferences related to those facts.

Generative models and human cognitive mechanisms. While the reason-
ing mechanism of models is unknown, prior work has investigated if models possess
similar competencies with humans. (Stojni¢ et al., 2023) evaluate commonsense psy-
chology, finding that while infants can reason about the causes of actions by an agent,
models are not capable cannot emulating this. (Sap et al., 2022) find that language
models fail to demonstrate Theory-of-Mind. (Storks et al., 2021) and (Bisk et al., 2020)
show discrepancies between human and model capacities in physical commonsense
reasoning.

47 CONCLUSIONS

In this work, we propose the Generative Al Paradox hypothesis, which posits that
impressive generation abilities in generative models, by contrast to humans, may not
be contingent upon commensurate understanding capabilities. We test this through
controlled experiments in language and vision modalities, and though our results show
variation depending on task and modality, we find robust support for this hypothesis.
Our findings have a number of broader implications. In particular, they imply that
existing conceptualizations of intelligence, as derived from experience with humans,
may not be applicable to artificial intelligence—although AI capabilities may resemble
human intelligence, the capability landscape may diverge in fundamental ways from
expected patterns based on humans. Overall, the generative Al paradox suggests that
the study of models may serve as an intriguing counterpoint to human intelligence,
rather than a parallel.
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CONCLUSION

This dissertation set out to probe the question “is scale all your need?” to create
performant Al models with human-level competencies. Although this question will
likely remain open indefinitely—the future of scale remains unclear—the findings of this
dissertation paint a more complex picture of the relationship between scale and Al
models.

Part i explores the question of necessity—is scale a required ingredient in useful
and human-like capabilities we would like to see in real Al systems? This part offers
two alternative ingredients to scale: information theory and commonsense knowledge.
Using structure from information theory, I demonstrate that even very small language
models, orders of magnitude smaller than the current state of the art, can carry out
complex tasks such as summarization without explicit human training. I also find
that these compact models can learn very useful information, such as commonsense
knowledge, using extreme-scale language models as teachers. In fact, compact student
models are able to exceed extreme-scale teacher models in this domain, despite being
much more efficient and in fact learning from those teacher models. Part i makes a
strong case that the current prevailing preference for scale as the key ingredient is
misdirected, and in fact compact language models—those lacking this ingredient of
extreme-scale—can carry out many complex core skills by incorporating other concepts
and ideas.

Part ii explores the question of sufficiency—is the extreme-scale of contemporary
models enough to produce consistent and human like capabilities in models? Particu-
larly, I explore the relationship between associated human competencies: generation
and understanding for a given task. While understanding is typically thought of as a
prerequisite for generation in humans—you must understand a topic before you write an
essay on it-the same does not seem to hold for models. This line of work highlights the
fact that models often violate human intuitions, and likely complete complex tasks in
ways that diverge from human abilities. In the most extreme scale models, which seem
to possess many human-like capabilities, this is particularly important in combating
hype and unreasonable expectations for current and future systems.

Overall, this dissertation makes the case that research on language models and Al
should be more scale-skeptical: questioning scale both as a sufficient and a necessary
ingredient. Compact models are likely far more useful than expected, and there is a
wide open field for method development in this space. At the same time, extreme-scale
models break down in extremely complex ways, often diverging from human intuitions
about which tasks are easy and which are difficult. This by no means implies that scale
is not useful-indeed, extreme scale models factor into this work frequently as useful,
enriching, and informative tools. Rather, I propose a future of Al research that works up
and down, simultaneously learning and expanding the frontier of extreme-scale models
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while pushing those benefits to more efficient and accessible small models, and most
importantly digging into the limits and conceptual space of these models at every level.
Below, I propose pressing next steps in this pursuit.

5.0.1 Future Work

SCALING LAWS OF SYMBOLIC KNOWLEDGE DISTILLATION  Methods which use
artificial, model-generated knowledge such as Symbolic Knowledge Distillation (West
et al., 2022) offer a way to both leverage and reduce scale. Extreme scale models can
produce very high quality knowledge and data to inform and enrich much more compact
models, but what are the underlying dynamics of this transfer, and what are its limits?
This can best be understood through the lens of neural scaling laws (Kaplan et al., 2020)
to describe how this process can be improved or diminished by core factors, such as the
scale of teacher and student model, quantity and filtration of generated knowledge, and
more subtle factors such as underlying model generation technique. Deepening our
understanding of these dynamics will both facilitate the broad impact of this paradigm,
as well as deepen our fundamental understanding of model knowledge and learning.

SCIENCE OF SCALE AND SAFETY Methods to empower compact models and dis-
cover hidden capabilities will open a variety of pressing research questions intersecting
Al safety. On one side, along with potential benefits, the risks of Al are multiplied
as capabilities are made more broadly available in smaller, more accessible models.
How can these risks be quantified, and importantly mitigated, when designing and
deploying methods for compact models? For example, can inference-time algorithms
discussed in Chapter 2 be designed to limit unintended or dangerous use? On the other
side, methods for unlocking capabilities may also be useful tools for exploring and
discovering unknown risks, particularly those that may be overlooked. The same family
of methods that access complex knowledge and the ability to summarize in compact,
seemingly weak models could also help to expose pressing dangers such as private or
dangerous memorized data, and harmful failure points towards toxic or offensive text
that are otherwise hidden.

LIMITS AND CONCEPTS IN MODEL LEARNING  Another key point of interest is
understanding how extreme-scale interacts with other aspects of the most effective
models currently available. As described in Chapter 4, the generative Al paradox sug-
gests that the base generative learning objective central to most extreme-scale models
may result in fundamentally different capabilities than what we see in humans. Nascent
work on this family of limits must be expanded, both to more precisely understand
where model capabilities diverge from humans, and importantly to understand what
underlying mechanisms would produce this unique set of capabilities and limits. Besides
the base learning objective, another key area of research will be the effect of alignment
techniques, which aim to make models better at following human instructions and are
core to many state-of-the-art models. What kinds of limits do these result in (Li et al.,
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2024), and to what extent do they access the full potential of extreme-scale models or
simply superficial abilities?

CAPABILITIES AND LIMITS FOR MODEL UNDERSTANDING  An enduring, underly-
ing goal of my work outlined in these proposed future areas of study is to push forward
fundamental understanding of Al models and particularly language models. This too
interacts with scale: as models become larger and can be more easily queried for useful
behavior, the risk naturally grows to oversimplify and over-hype these capabilities. My
work will continue presenting a two-pronged approach to produce a broad, intuitive
understanding of models in all of their uniqueness. A robust study of limits will work
to make expectations of models more realistic, while drawing out more deliberate
boundaries on what models are capable of and where they break down. While limits
seek to draw better understanding by producing an upper bound on certain skills, the
study of capabilities will continue to push the lower bound by discovering unexpected
spikes in the landscape of useful model behavior. Together, these bounds will form a
scaffolding, and a set of useful empirical and conceptual borders, closing in on more
accurate theories that can form the basis of a new and sophisticated understanding of
Al models.
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