
I N TERPRETAT ION ERRORS :
EXTRACT ING F UNCT IONAL I T Y FROM GENERAT I VE
MODEL S OF LANGUAGE BY UNDERSTAND ING THEM

BET TER

ari holtzman

A dissertation
submitted in partial fulfillment of the

requirements for the degree of

Doctor of Philosophy

University of Washington
2023

Reading Committee:
Luke Zettlemoyer, Chair
Hannaneh Hajishirzi

Mirella Lapata

Program Authorized to Offer Degree:
Paul G. Allen School of Computer Science & Engineering



© Copyright 2023
Ari Holtzman



University of Washington

abstract

IN TERPRETAT ION ERRORS :
EXTRACT ING F UNCT IONAL I T Y FROM GENERAT I VE MODEL S OF

LANGUAGE BY UNDERSTAND ING THEM BET TER

Ari Holtzman

Chair of the Supervisory Committee:
Professor Luke Zettlemoyer

Paul G. Allen School of Computer Science & Engineering

The rise of large language models as the workhorse of NLP, and the continuous
release of better models (OpenAI, 2023; Pichai, 2023; Schulman et al., 2022, inter
alia) has created a strange situation: we have models that are more powerful language
generators than ever before, but since we did not design them for a specific purpose
we struggle to understand how they should be used or what their idiosyncracies are.

This dissertation describes three empirical projects that sought to characterize the
underlying behavior of language models and, importantly, to make them more reliable
tools for generating and selecting text where this behavior does not match up with
the tasks we would like models to complete. Each project attempts to understand
what language models and accompanying inference methods currently optimize for, to
characterize the gap between that and the true objective of a potential user, and to close
it with some new inference method. An emergent theme through these works is that
models are already doing what we trained them to do quite well—and it is often the
experimenters and practitioners who misunderstand precisely what we trained models
to do in the first place. We conclude with a conceptual analysis of how we should study
generative models going forward—as models keep improving and new, unanticipated
uses and misuses become ever more available.

The first half of this dissertation concerns two works, Neural Text Degeneration
and Surface Form Competition—two failure modes of generative models that occur
when probability is viewed as equivalent to “correctness” in text generation andmultiple
choice scenarios, respectively. For these works we describe the resultant issues, and
propose inference methods that largely alleviate them.

The second half of this dissertation goes deeper into the question of how generative
models of language capture the communicative goals that humans are optimizing:
first with Learning to Write, operationalizing communicative goals into auxiliary
search objectives for text decoding, and then with Generative Models as a Complex
Systems Science, which presents a framework to think about the study of generative
models as NLP shifts to analyzing systems that are often infeasible to replicate.



How does a model that is predicting the distribution of next tokens understand—and
fail to understand—the structure of an essay? This is precisely the kind of question we
must face head-on in the new science of generative models.

iv



To Showbiz, baby.
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1
I N TRODUCT ION

1.1 invented models, discovered uses

Natural Language Processing (NLP) in the 21st century has been increasingly focused
on neural language models, first simple feed-forward neural networks (Bengio et al.,
2003), then RNNs (especially LSTMs) (Peters et al., 2018; Sutskever, Vinyals, and Le,
2014), and more recently Transformers (Radford et al., 2018a; Vaswani et al., 2017).
These models, applied via finetuning (Radford et al., 2018a), prompting (2019b), and
more recently dialogue via instruction tuning (Mishra et al., 2022) and Reinforcement
Learning from Human Feedback (RLHF) (Ziegler et al., 2019), have been incredibly
performant on many traditional tasks, even reaching super-human levels in some cases
(Goyal, Li, and Durrett, 2022). Most Natural Language Understanding (NLU) and Natural
Language Generation (NLG) leaderboards are dominated by finetuned or prompted
language models (BigBench, 2021; Gehrmann et al., 2021; Wang et al., 2019, inter alia).
Increasingly, models are used for purposes they were never designed for. Instead,

models are first trained for very general objectives, such as predicting a document one
word at a time, and then desired behavior is coaxed out of them via a combination of
prompting, finetuning, and reinforcement learning. This situation, in which we often
do not have a precise formalization of what function models compute, results in the
need to understand models better in order to design such inference methods properly.
It equally leads to the question: how can we better formalize what we want models to
compute? This problem has often been side-stepped by fixing obvious model errors,
without fully defining what success conditions for a model might be.

Understanding language models better in order to design better methods for using
them is the subject of this dissertation. We analyze language models through their
relationship to their component parts, to their training objectives, to the human comm-
unication they are mimicking, and to simplified models of what they are doing.We focus
on the problem of interpretation errors: instances where the conventional assumptions
about what model behavior is optimizing do not hold and we must reconsider what
models are doing and how to best make use of this discovered functionality.

This highlights one of the most interesting aspects of modern NLP: while we invent
new models that are ever-more capable, we generally do not understand what they
will be capable of before we experiment with them. This makes the study of generative
models more akin to a natural science, like astronomy or meteorology, where we
attempt to discover what is already there, rather than a traditional engineering science
of building systems capable of specific tasks.
In the rest of this chapter, we describe some of the most common interpretation

errors that have been made regarding what language models have been optimized to
do, with a short preview of how the rest of this dissertation addresses these issues.

1



1.2 are language models simulating writers? 2

1.2 are language models simulating writers?

The most common kind of language model used for NLG tasks is the causal language
model, in which the tokens that compose a document are predicted from beginning
to end, one by one. These causal language models are a natural fit for generating text
for a very practical, low-level reason: we can generate one word at a time from them,
e.g., from left to right the way English writers do. This parallel to the human process
of producing written language has lent a natural metaphor: that language models
are trained to “write” in a manner akin to humans learning to write in grade school.
This misplaced similarity has ended up obfuscating what models actually do: attempt
to capture the distribution of possible continuations according to their likelihood as
indicated by the training set.
Most models are trained with the Cross-Entropy loss − 1

𝑁 ∑𝑁
𝑖=0 log 𝑝𝜃(𝑥𝑖) (Murphy,

2012) which, when perfectly optimized with sufficient data, leads to a model that exactly
captures actual distribution of the data.
There are, however, two major issues:

1. There is never sufficient data to properly determine the underlying distribution.

2. Model specific inductive biases warp the learned distribution in systematic ways.

Point 1 stems from the fact that language is an incredibly complex phenomenon
that encodes layers of nested meaning (Kilgarriff, 2005), which makes it unlikely that
there is enough data to lower the noise floor sufficiently to understand every aspect of
language. Point 2 comes from the fact that specific models can learn certain patterns
more easily, as demonstrated by the prevalence of repetition loops (Holtzman et al.,
2020), misrepresentation of the ngram distribution (McCoy et al., 2023), and other
effects that suggest that, while it is possible models may eventually converge to an
approximation of the distribution given enough data, current models are consistently
misrepresenting aspects of the training data. The basic tension is that training models
more on the same data results in memorization (Tirumala et al., 2022), making it difficult
to train models sufficiently to fully capture the distribution before memorization takes
over. In practice, training sets and models are now so large that training for multiple
epochs is often infeasible, and the relationship between memorization and over-fitting
appears more complicated than has traditionally been assumed.

In Chapter 2, we address the fact that the bias language models have towards copying
from text they are conditioned on and over-representing rare events cause strange and
undesirable behavior that we call neural text degeneration. In addition to characterizing
this issue, we show that contemporary methods to alleviate it such as Top-k sampling
(Fan, Lewis, and Dauphin, 2018) have some success, but result in new problems. There-
fore, we propose Nucleus (Top-p) Sampling to help close the gap and stop models from
degenerating as easily.
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1.3 are language models simulating qestion answerers?

Very soon after powerful causal and masked language models became generally avail-
able, such as GPT-2 (Radford et al., 2019a) and BERT (Devlin et al., 2019), it was
discovered how useful these models were as queryable stores of knowledge (Petroni
et al., 2019). While the factuality of the knowledge available from language models is far
from from perfect, their coverage is often far superior to those of traditional knowledge
bases due to the extensive amount of unstructured text available on the public internet.
This interpretation of models as factorized stores of human knowledge, echoes

previous attempts in AI to structure all human knowledge, epitomized by Cyc (Lenat,
1995). However, given that language models assign all strings positive probability, and
that generated answers are expensive to evaluate with human experts, evaluating “what
language models know” has become a key issue (Jiang et al., 2020b).
One popular way to evaluate and use the implicit knowledge in such language

models is to score multiple possible answers to a question, i.e., in multiple choice (or
classification, where the question is understood to be “What class does this sample fit
best in?”). Unfortunately, it has been shown that NLP benchmarks are riddled with
artifacts, features that allow models to solve multiple choice problems without solving
the underlying task that experimenters were attempting to test. Language models’
inability to capture the intended task can be shown by removing what is considered to
be necessary information (Cai, Tu, and Gimpel, 2017; Gururangan et al., 2018; Poliak
et al., 2018, inter alia) or by inserting irrelevant information that causes a model to fail
(Jia and Liang, 2017; Nie et al., 2020; Wallace et al., 2019, inter alia).

The reverse also happens: we underestimate model performance. While impressive
performance has been achieved by interpreting the highest probability answer as the
model’s “chosen” answer (Brown et al., 2020), language models are fundamentally a
distribution over possible strings, and the result is that language models capture the
distribution of possible answers when used for QA, rather than a singular option. In
other words, ranking by string probability can be problematic due to surface form
competition-wherein different surface forms compete for probability mass, even if they
represent the same underlying concept in the current context, e.g. "computer" and "PC."
As probability mass is finite, this lowers the probability of the correct answer, due to
competition from other valid answers outside of the multiple choice options. The result
is that language models are much more likely to generate a correct answer, but that
the probabilities of different answers are more calibrated to how frequently an answer
would be given than to its correctness.

Chapter 3 studies this effect, which we name surface form competition, in which
different surface forms for a concept (e.g. “US” and “the United States”) compete for
finite probability mass. This separates the probability of an answer to a question from
its plausibility. We introduce Domain Conditional Pointwise Mutual Information, an
alternative scoring function to directly compensate for surface form competition by
reweighting each option according to a term that is proportional to its a priori likelihood
within the given task. It achieves consistent gains in zero-shot performance over both
calibrated (Zhao et al., 2021) and uncalibrated scoring functions.
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1.4 are language models simulating communication?

Humans do not generate text arbitrarily. Rather text is communication, used to achieve
pragmatic goals (Tomasello, 2005). Language models do not learn the same way as
humans, and while it is natural to attempt to use them to construct language, this raises
the question: are language models properly modeling human communicative goals?
Recent work has argued for viewing language models as agent models (Andreas,

2022), attempting to mimic an inferred author implied by preceding text. This appears
to be broadly correct, with models capturing the intentions of authors more and more
accurately with increased data, and better human preference modeling (Schulman et al.,
2022; Ziegler et al., 2019) resulting in more language-model based systems deployed to
users. Yet a gap still remains on many basic aspects underlying human communication
that require consideration of the reader’s mental state (Ullman, 2023).
This is, perhaps, not too surprising: language models are trained to capture the

density of human language in the space of all possible text that could be written. As
mentioned in §1.2, the given data almost always under-determines real human behavior,
resulting in models that do not properly capture the goals of real humans. The question
is then, how can we formalize these goals in a way where we can teach models to abide
by them? Grice, Cole, Morgan, et al. (1975) note four objectives that humans usually
optimize for when communicating:

1. Quantity: Be as informative as necessary, but no more.

2. Quality: Do not state what you believe is false or that which lacks evidence.

3. Relevance: Communicate information which is pertinent to the current exchange.

4. Clarity: Be clear, brief, and orderly, avoiding ambiguity and obscurity.

These by no means cover all of the aspects of human communication, they simply
underpin assumptions present in most communicative contexts. While generative
models pick up on surface-level features of these principles, they often do not enforce
them directly, e.g., as showcased by “infelicitous” generated texts from models that
are not grammatically wrong, so much as disconnected from a meaningful intent that
makes the utterance useful to the reader.
Chapter 4 notes that, despite their local fluency, long-form text generated from

language models is often generic, repetitive, and even self-contradictory. Within this
chapter, we propose a unified learning framework that collectively addresses all the
above issues by composing a committee of discriminators that can guide a base generator
towards more globally coherent generations. More concretely, discriminators each
specialize in a different principle of communication, such as Grice’s maxims, and are
collectively combined with the base language model through a composite decoding
objective. Human evaluation demonstrates that text generated by our model is preferred
over that of baselines by a large margin, significantly enhancing the overall coherence,
style, and information of the generations.
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1.5 what, precisely, are language models doing?

One of the most common interpretative mistakes when approaching computational
models is that they do what we wanted them to do, poorly. More common is that
one’s specification for the model is incorrect and the resulting model is simply doing
something else entirely. Coaxing out desired behavior from pretrained models, while
avoiding undesirable ones has redefined NLP and is reshaping how we interact with
computers. What was once a scientific engineering discipline—in which building blocks
are stacked one on top of the other—is arguably already a complex systems science—in
which emergent behaviors are sought out to support previously unimagined use cases.

Despite the ever increasing number of benchmarks that measure task performance,
we lack explanations of what behaviors language models exhibit that allow them to
complete these tasks in the first place.
This is a challenge, because it requires us to fundamentally change our attitude

towards the kind of science we do. Traditionally, machine learning is largely about
understanding how different models, trained and used in various ways, can generalize
to a training distribution or even a related distribution that they were not directly
trained on. The task of understanding an already trained model is much different, a
problem more akin to biology: as if a totally new species was discovered with some
strange new property, like a complex set of sounds it emits in different contexts, that
researchers must discover the mechanics of.

Previously, when newly proposed machine learning methods have produced models
we do not understand, we have used ablations to isolate the specific point of change
between models we do understand and models we don’t understand. Once the change
that made the difference has been isolated, many parallel models trained with slightly
different details could be trained to probe the effect on models and characterize the
effect of new methods. However, this is no longer practical with language models,
which have become overwhelmingly expensive to train, costing half a million dollars
to train a state-of-the-art model from three years ago (Venigalla and Li, 2022).

Instead, models must be examined more as artifacts that cannot be reproduced, the
way planets are studied in astronomy. This, of course, does not mean we cannot run
experiments—but that these experiments are meant to analyze what models are already
doing, rather than what a different model trained a different way would do. This is
often how we approach the classic media generator, human beings, which cannot be
retrained for the whims of an experimenter. Yet, despite the inability to retrain massive
language models for study by ablation, studying a computational model directly rather
than an organic object allows us to experiment more easily than with most complex
systems, which are often difficult to record and perturb.
Chapter 5 addresses these issues, pointing out our insufficient vocabulary for de-

scribing the more basic elements of non-formal tasks as simple as email rewriting
and proposing a systematic effort to decompose language model behavior into cate-
gories that explain cross-task performance, to guide mechanistic explanations and help
future-proof analytic research.
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1.6 scope of this dissertation

The preceding sections formed an overview of the aspects of generative models of text
that this dissertation will address, focusing in large part on revealing what we don’t
know about the current workhorse of NLP: language models. On the practical side,
this lack of understanding is dangerous: as language model systems are increasingly
deployed (Eloundou et al., 2023; George and George, 2023; Ray, 2023), our inability to
predict, correct, or even properly notice the error modes of these models present an
increasing risk to society (Bender et al., 2021; Bommasani et al., 2021). We would also
like to present another perspective, that while we should be increasingly careful about
the deployment of models that we often think are more controllable and auditable than
they are (Turpin et al., 2023), we should equally bring our scientific curiosity to the
table and ask: what explains model behavior? What working model should we have in
our head for how they operate? What heuristics can we “catch” models relying on?
This dissertation attempts to channel this scientific mindset to understand how we

should interpret language models and, looking towards the future, generative models
of human media.l

The chapters are as follows:

correcting correctness

• Chapter 2 presents Neural Text Degeneration, a study of the characteristics,
cause, and solution for certain decoding errors in language models.

This chapter was previously published as: Ari Holtzman, Jan Buys,
Maxwell Forbes, and Yejin Choi (2020). “The Curious Case of Neural
Text Degeneration.” In: International Conference on Learning Represen-
tations.

• Chapter 3 presents Surface Form Competition, a project that identifies a
significant source of error in a standard method for question answering with
language models, then proposes an underlying theory and solution.

This chapter was previously published as: Ari Holtzman, Peter West,
Vered Shwartz, Yejin Choi, and Luke Zettlemoyer (2021). “Surface
Form Competition: Why the Highest Probability Answer Isn’t Always
Right.” In: Proceedings of the 2021 Conference on Empirical Methods in
Natural Language Processing, pp. 7038–7051.

modeling models

• Chapter 4 presents Learning to Write, in which Grice’s Maxims are encoded as
collaborative models for improving text generation through a search procedure
meant to model human communication more closely.
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This chapter was previously published as: Ari Holtzman, Jan Buys,
Maxwell Forbes, Antoine Bosselut, David Golub, and Yejin Choi (2018).
“Learning to Write with Cooperative Discriminators.” In: Proceedings
of the Association for Computational Linguistics.

• Chapter 5 presents Generative Models as a Complex Systems Science, which
proposes a new framework for studying generative models moving forward.

At the time of writing, this chapter is not published, but a preprint has
been published as: Ari Holtzman, Peter West, and Luke Zettlemoyer
(2023). “Generative Models as a Complex Systems Science: How can
we make sense of large language model behavior?” In: preprint.
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2
NEURAL TEXT DEGENERAT ION

This section is adapted from Holtzman et al. (2020)

Context: In a shocking finding, scientist discovered a herd of unicorns living in a remote, previously unexplored valley,
in the Andes Mountains. Even more surprising to the researchers was the fact that the unicorns spoke perfect English.

Beam Search, b=32:
"The study, published in the Proceedings of the
National Academy of Sciences of the United States of
America (PNAS), was conducted by researchers from the
Universidad Nacional Autónoma de México (UNAM) and
the Universidad Nacional Autónoma de México
(UNAM/Universidad Nacional Autónoma de
México/Universidad Nacional Autónoma de
México/Universidad Nacional Autónoma de
México/Universidad Nacional Autónoma de ...”

Pure Sampling:
They were cattle called Bolivian Cavalleros; they live in a
remote desert uninterrupted by town, and they speak huge,
beautiful, paradisiacal Bolivian linguistic thing. They say,
'Lunch, marge.' They don't tell what the lunch is," director
Professor Chuperas Omwell told Sky News. "They've only
been talking to scientists, like we're being interviewed by TV
reporters. We don't even stick around to be interviewed by
TV reporters. Maybe that's how they figured out that they're
cosplaying as the Bolivian Cavalleros."

Figure 2.1: Even with substantial human context and the powerful GPT-2 Large language model,
Beam Search (size 32) leads to degenerate repetition (highlighted in blue) while
pure sampling leads to incoherent gibberish (highlighted in red). When 𝑏 ≥ 64,
both GPT-2 Large and XL (774M and 1542M parameters, respectively) prefer to stop
generating immediately after the given context.

On February 14th 2019, OpenAI surprised the scientific community with an im-
pressively high-quality article about Ovid’s Unicorn, written by GPT-2.1 Notably, the
top-quality generations obtained from the model rely on randomness in the decoding
method, in particular through top-𝑘 sampling that samples the next word from the
top 𝑘 most probable choices (Fan, Lewis, and Dauphin, 2018; Holtzman et al., 2018;
Radford et al., 2019a), instead of aiming to decode text that maximizes likelihood.
In fact, decoding strategies that optimize for output with high probability, such as

beam search, lead to text that is incredibly degenerate, even when using state-of-the-art
models such as GPT-2 Large, as shown in Figure 2.1. This may seem counter-intuitive,
as one would expect that good models would assign higher probability to more human-
like, grammatical text. Indeed, language models do generally assign high scores to
well-formed text, yet the highest scores for longer texts are often generic, repetitive, and
awkward. Figure 2.2 exposes how different the distribution of probabilities assigned to
beam search decoded text and naturally occurring text really are. This is an interpretation
error : likelihood was assumed to imply coherence, but is measuring something quite
different.
Perhaps equally surprising is the right side of Figure 2.1, which shows that pure

sampling—sampling directly from the probabilities predicted by the model—results in
text that is incoherent and almost unrelated to the context. Why is text produced by
pure sampling so degenerate?
In this work we show that the “unreliable tail” is to blame. This unreliable tail is

composed of tens of thousands of candidate tokens with relatively low probability that
are over-represented in the aggregate.

1 https://openai.com/blog/better-language-models/
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Beam Search Text is Less Surprising

Beam Search
Human

Beam Search

...to provide an overview of the
current state-of-the-art in the field
of computer vision and machine
learning, and to provide an
overview of the current
state-of-the-art in the field of
computer vision and machine
learning, and to provide an
overview of the current
state-of-the-art in the field of
computer vision and machine
learning, and to provide an
overview of the current
state-of-the-art in the field of
computer vision and machine
learning, and...

Human

...which grant increased life span
and three years warranty. The
Antec HCG series consists of five
models with capacities spanning
from 400W to 900W. Here we
should note that we have already
tested the HCG-620 in a previous
review and were quite satisfied
With its performance. In today's
review we will rigorously test the
Antec HCG-520, which as its model
number implies, has 520W capacity
and contrary to Antec's strong
beliefs in multi-rail PSUs is
equipped...

Figure 2.2: The probability assigned to tokens
generated by Beam Search and hu-
mans, given the same context. Note
the increased variance that charac-
terizes human text, in contrast with
the endless repetition of text de-
coded by Beam Search.

To overcome these issues we introduce
Nucleus Sampling (§2.2.1). The key intu-
ition of Nucleus Sampling is that the vast
majority of probability mass at each time
step is concentrated in the nucleus, a small
subset of the vocabulary that tends to
range between one and a thousand candi-
dates. Instead of relying on a fixed top-𝑘,
or using a temperature parameter to con-
trol the shape of the distribution with-
out sufficiently suppressing the unreli-
able tail, we propose sampling from the
top-𝑝 portion of the probability mass, ex-
panding and contracting the candidate
pool dynamically.
In order to compare current methods

to Nucleus Sampling, we compare vari-
ous distributional properties of generated
text to the reference distribution, such as
the likelihood of veering into repetition
and the perplexity of generated text. The
latter reveals that text generated by maxi-
mization or top-𝑘 sampling is too probable, indicating a lack of diversity and divergence
in vocabulary usage from the human distribution. On the other hand, pure sampling
produces text that is significantly less likely than the gold, corresponding to lower
generation quality.
Vocabulary usage and Self-BLEU (Zhu et al., 2018) statistics reveal that high values

of 𝑘 are needed to make top-𝑘 sampling match human statistics. Yet, generations based
on high values of 𝑘 often have high variance in likelihood, hinting at qualitatively
observable incoherency issues. Nucleus Sampling can easily match reference perplexity
through tuning the value of 𝑝, avoiding the incoherence caused by setting 𝑘 high
enough to match distributional statistics.
Finally, we perform Human Unified with Statistical Evaluation (HUSE; Hashimoto,

Zhang, and Liang, 2019) to jointly assess the overall quality and diversity of the decoding
strategies, which cannot be captured using either human or automatic evaluation alone.
The HUSE evaluation demonstrates that Nucleus Sampling is the best overall decoding
strategy. We include generated examples for qualitative analysis—see Figure 2.3 for a
representative example.
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2.1 background

2.1.1 Text Generation Decoding Strategies

A number of recent works have alluded to the disadvantages of generation by maxi-
mization, which tend to generate output with high grammaticality but low diversity
(Fan, Lewis, and Dauphin, 2018; Holtzman et al., 2018; Kulikov et al., 2018). Generative
Adversarial Networks (GANs) have been a prominent research direction (Xu et al.,
2018; Yu et al., 2017a), but recent work has shown that when quality and diversity are
considered jointly, GAN-generated text fails to outperform generations from language
models (Caccia et al., 2018; Semeniuta, Severyn, and Gelly, 2018; Tevet et al., 2018).
Work on neural dialog systems have proposed methods for diverse beam search, using
a task-specific diversity scoring function or constraining beam hypotheses to be suffi-
ciently different (Kulikov et al., 2018; Li, Monroe, and Jurafsky, 2016; Vijayakumar et al.,
2018). While such utility functions encourage desirable properties in generations, they
do not remove the need to choose an appropriate decoding strategy, and we believe that
Nucleus Sampling will have complementary advantages in such approaches. Finally,
(Welleck et al., 2019) begin to address the problem of neural text degeneration through
an “unlikelihood loss”, which decreases training loss on repeated tokens and thus
implicitly reduces gradients on frequent tokens as well. Our focus is on exposing neural
text degeneration and providing a decoding solution that can be used with arbitrary
models, but future work will likely combine training-time and inference-time solutions.

2.1.2 Open-ended vs directed generation

Many text generation tasks are defined through (input, output) pairs, such that the out-
put is a constrained transformation of the input. Example applications include machine
translation (Bahdanau, Cho, and Bengio, 2015a), data-to-text generation (Wiseman,
Shieber, and Rush, 2017), and summarization (Nallapati et al., 2016). We refer to these
tasks as conditional generation. Typically encoder-decoder architectures are used, of-
ten with an attention mechanism (Bahdanau, Cho, and Bengio, 2015a; Luong, Pham,
and Manning, 2015) or using attention-based architectures such as the Transformer
(Vaswani et al., 2017). Generation is usually performed using beam search; since output
is tightly scoped by the input, repetition and genericness are not as problematic. Still,
similar issues have been reported when using large beam sizes (Koehn and Knowles,
2017) and more recently with exact inference (Stahlberg and Byrne, 2019a), a counter-
intuitive observation since more comprehensive search helps maximize probability.

Open-ended generation, which includes conditional story generation and contextual
text continuation (as in Figure 2.1), has recently become a promising research direction
due to significant advances in neural language models (Clark, Ji, and Smith, 2018; Fan,
Lewis, and Dauphin, 2018; Holtzman et al., 2018; Peng et al., 2018; Radford et al., 2019a).
While the input context restricts the space of acceptable output generations, there is a
considerable degree of freedom in what can plausibly come next, unlike in directed
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An unprecedented number of mostly young whales have become stranded on
the West Australian coast since 2008.

Poor nutrition has led to a rise in the number of stranded humpback whales on the
West Australian coast, veterinary researchers have said. Carly Holyoake, from Murdoch
University, at the Australian Veterinary Association's annual conference in Perth on
Wednesday, said an unprecedented number of mostly young whales had become
stranded on the coast since 2008.

There has been an unprecedented number of calves caught in the nets of whaling
stations that operate in WA. Pilot whales continue to migrate to feeding grounds to
feed their calves. They are now vulnerable due to the decline of wild populations;
they are restricted to one breeding site each year. Image copyright Yoon Bo Kim But,
with sharp decline in wild populations the size of the Petrels are shrinking and dwindling
population means there will only be room for a few new fowl.

Pumping Station #3 shut down due to construction damage Find more at:
www.abc.net.au/environment/species-worry/
in-the-top-10-killer-whale-catastrophes-in-history.html
“In the top 10 killer whale catastrophes in history:
1) 1986: Up to 12 orcas struck by lightning; many drowned and many more badly injured.

Last week's intense storms and a series of powerful cyclones have been officially blamed
for the deaths of at least nine large fin whales near Whitsundays - the largest loss of any
species globally. The fin whales: packed in the belly of one killer whale thrashing madly
in fear as another tries to bring it to safety. When the colossal animal breached the
waters of Whitsundays, he'd been seen tagged for a decade.

The Australian Food Safety Authority has warned Australia's beaches may be revitalised
this year because healthy seabirds and seals have been on the move. More than 50,000
seabirds, sea mammals and seahorses have been swept into the sea by the Holden
CS118 and Adelaide Airport CS300 from 2013. A major white-bat and umidauda
migration across Australia is under way in Australia for the first time, with numbers
reaching an estimated 50,000.

The number of stranded whales has increased by more than 50 per cent in the past year,
with the number of stranded whales on the West Australian coast increasing by more
than 50 per cent in the past year. The number of whales stranded on the West Australian
coast has increased by more than 50 per cent in the past year, with the number of
stranded whales on the West Australian coast increasing by more than 50 per cent in the
past year.

Sampling, t=0.9

WebText

WebText

Beam Search, b=16

Pure Sampling

Top-k, k=640

Top-k, k=40, t=0.7

The whale's fate was confirmed late last week when the animal was found by fishermen
off the coast of Bundaberg. Experts believe the whale was struck by a fishing vessel off
the coast of Bundaberg, and died after being sucked into the ocean. The whale's fate
was confirmed late last week when the animal was found by fishermen off the coast of
Bundaberg.

Nucleus, p=0.95

Figure 2.3: Example generations continuing an initial sentence. Maximization and top-𝑘 trunca-
tion methods lead to copious repetition (highlighted in blue), while sampling with
and without temperature tends to lead to incoherence (highlighted in red). Nucleus
Sampling largely avoids both issues.

generation settings. Our work addresses the challenges faced by neural text generation
with this increased level of freedom, but we note that some tasks, such as goal-oriented
dialog, may fall somewhere in between open-ended and directed generation.

2.2 language model decoding

Given an input text passage as context, the task of open-ended generation is to gen-
erate text that forms a coherent continuation from the given context. More formally,
given a sequence of 𝑚 tokens 𝑥1…𝑥𝑚 as context, the task is to generate the next 𝑛
continuation tokens to obtain the completed sequence 𝑥1…𝑥𝑚+𝑛. We assume that
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Figure 2.4: The probability of a repeated phrase increases with each repetition, creating a
positive feedback loop. We found this effect to hold for the vast majority of phrases
we tested, regardless of phrase length or if the phrases were sampled randomly
rather than taken from human text.

models compute 𝑃(𝑥1∶𝑚+𝑛) using the common left-to-right decomposition of the text
probability,

𝑃(𝑥1∶𝑚+𝑛) =
𝑚+𝑛
∏
𝑖=1

𝑃(𝑥𝑖|𝑥1…𝑥𝑖−1), (2.1)

which is used to generate the generation token-by-token using a particular decoding
strategy.

maximization-based decoding The most commonly used decoding objective,
in particular for conditional generation, is maximization-based decoding. Assuming
that the model assigns higher probability to higher quality text, these decoding strate-
gies search for the continuation with the highest likelihood. Since finding the opti-
mum argmax sequence from recurrent neural language models or Transformers is not
tractable (Chen et al., 2018), common practice is to use beam search (Li et al., 2016b;
Shen et al., 2017; Wiseman, Shieber, and Rush, 2017). However, several recent studies
on open-ended generation have reported that maximization-based decoding does not
lead to high quality text (Fan, Lewis, and Dauphin, 2018; Holtzman et al., 2018).

2.2.1 Nucleus Sampling

We propose a new stochastic decoding method: Nucleus Sampling. The key idea is
to use the shape of the probability distribution to determine the set of tokens to be
sampled from. Given a distribution 𝑃(𝑥|𝑥1∶𝑖−1), we define its top-𝑝 vocabulary 𝑉 (𝑝) ⊂ 𝑉
as the smallest set such that

∑
𝑥∈𝑉 (𝑝)

𝑃(𝑥|𝑥1∶𝑖−1) ≥ 𝑝. (2.2)

Let 𝑝 ′ = ∑𝑥∈𝑉 (𝑝) 𝑃(𝑥|𝑥1∶𝑖−1). The original distribution is re-scaled to a new distribu-
tion, from which the next word is sampled:

𝑃 ′(𝑥|𝑥1∶𝑖−1) =

{
𝑃(𝑥|𝑥1∶𝑖−1)/𝑝 ′ if 𝑥 ∈ 𝑉 (𝑝)

0 otherwise.
(2.3)
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Figure 2.5: The probability mass assigned to partial human sentences. Flat distributions lead
to many moderately probable tokens, while peaked distributions concentrate most
probability mass into just a few tokens. The presence of flat distributions makes
the use of a small 𝑘 in top-𝑘 sampling problematic, while the presence of peaked
distributions makes large 𝑘’s problematic.

In practice this means selecting the highest probability tokens whose cumulative
probability mass exceeds the pre-chosen threshold 𝑝. The size of the sampling set will
adjust dynamically based on the shape of the probability distribution at each time step.
For high values of 𝑝, this is a small subset of vocabulary that takes up vast majority of
the probability mass — the nucleus.

2.2.2 Top-k Sampling

Top-𝑘 sampling has recently become a popular alternative sampling procedure (Fan,
Lewis, and Dauphin, 2018; Holtzman et al., 2018; Radford et al., 2019a). Nucleus
Sampling and top-𝑘 both sample from truncated Neural LM distributions, differing
only in the strategy of where to truncate. Choosing where to truncate can be interpreted
as determining the generative model’s trustworthy prediction zone.
At each time step, the top 𝑘 possible next tokens are sampled from according to

their relative probabilities. Formally, given a distribution 𝑃(𝑥|𝑥1∶𝑖−1), we define its
top-𝑘 vocabulary 𝑉 (𝑘) ⊂ 𝑉 as the set of size 𝑘 which maximizes ∑𝑥∈𝑉 (𝑘) 𝑃(𝑥|𝑥1∶𝑖−1).
Let 𝑝 ′ = ∑𝑥∈𝑉 (𝑘) 𝑃(𝑥|𝑥1∶𝑖−1). The distribution is then re-scaled as in equation 2.3, and
sampling is performed based on that distribution. Note that the scaling factor 𝑝 ′ can
vary wildly at each time-step, in contrast to Nucleus Sampling.

difficulty in choosing a suitable value of 𝑘 While top-𝑘 sampling leads
to considerably higher quality text than either beam search or sampling from the full
distribution, the use of a constant 𝑘 is sub-optimal across varying contexts. As illustrated
on the left of Figure 2.5, in some contexts the head of the next word distribution can
be flat across tens or hundreds of reasonable options (e.g. nouns or verbs in generic
contexts), while in other contexts most of the probability mass is concentrated in one or
a small number of tokens, as on the right of the figure. Therefore if 𝑘 is small, in some
contexts there is a risk of generating bland or generic text, while if 𝑘 is large the top-𝑘
vocabulary will include inappropriate candidates which will have their probability of
being sampled increased by the renormalization. Under Nucleus Sampling, the number
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of candidates considered rises and falls dynamically, corresponding to the changes
in the model’s confidence region over the vocabulary which top-𝑘 sampling fails to
capture for any one choice of 𝑘.

2.2.3 Sampling with Temperature

Another common approach to sampling-based generation is to shape a probability
distribution through temperature (Ackley, Hinton, and Sejnowski, 1985). Temperature
sampling has been applied widely to text generation (Caccia et al., 2018; Fan, Lewis,
and Dauphin, 2018; Ficler and Goldberg, 2017). Given the logits 𝑢1∶|𝑉 | and temperature
𝑡, the softmax is re-estimated as

𝑝(𝑥 = 𝑉𝑙 |𝑥1∶𝑖−1) =
exp(𝑢𝑙/𝑡)

∑𝑙 ′ exp(𝑢 ′
𝑙 /𝑡)

. (2.4)

Setting 𝑡 ∈ [0, 1) skews the distribution towards high probability events, which implicitly
lowers the mass in the tail distribution. Low temperature sampling has also been used
to partially alleviate the issues of top-𝑘 sampling discussed above, by shaping the
distribution before top-𝑘 sampling (Fan, Lewis, and Dauphin, 2018; Radford et al.,
2018b). However, recent analysis has shown that, while lowering the temperature
improves generation quality, it comes at the cost of decreasing diversity (Caccia et al.,
2018; Hashimoto, Zhang, and Liang, 2019).

2.3 likelihood evaluation

2.3.1 Experimental Setup

While many neural network architectures have been proposed for language modeling,
including LSTMs (Sundermeyer, Schlüter, and Ney, 2012) and convolutional networks
(Dauphin et al., 2017), the Transformer architecture (Vaswani et al., 2017) has been the
most successful in the extremely large-scale training setups in recent literature (Radford
et al., 2018b; 2019a). In this study we use the Generatively Pre-trained Transformer,
version 2 (GPT2; a), which was trained on WebText, a 40GB collection of text scraped
from the web.2 We perform experiments using the Large model (762M parameters). Our
analysis is based on generating 5,000 text passages, which end upon reaching an end-of-
document token or a maximum length of 200 tokens. Texts are generated conditionally,
conditioned on the initial paragraph (restricted to 1-40 tokens) of documents in the
held-out portion of WebText, except where otherwise mentioned.

2.3.2 Perplexity

Our first evaluation is to compute the perplexity of generated text using various decoding
strategies, according to the model that is being generated from. We compare these

2 Available at https://github.com/openai/gpt-2-output-dataset

https://github.com/openai/gpt-2-output-dataset
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Method Perplexity Self-BLEU4 Zipf Coefficient Repetition % HUSE
Human 12.38 0.31 0.93 0.28 -
Greedy 1.50 0.50 1.00 73.66 -

Beam, b=16 1.48 0.44 0.94 28.94 -
Stochastic Beam, b=16 19.20 0.28 0.91 0.32 -

Pure Sampling 22.73 0.28 0.93 0.22 0.67
Sampling, 𝑡=0.9 10.25 0.35 0.96 0.66 0.79

Top-𝑘=40 6.88 0.39 0.96 0.78 0.19
Top-𝑘=640 13.82 0.32 0.96 0.28 0.94

Top-𝑘=40, 𝑡=0.7 3.48 0.44 1.00 8.86 0.08
Nucleus 𝑝=0.95 13.13 0.32 0.95 0.36 0.97

Table 2.1: Main results for comparing all decoding methods with selected parameters of each
method. The numbers closest to human scores are in bold except for HUSE (), a
combined human and statistical evaluation, where the highest (best) value is bolded.
For Top-𝑘 and Nucleus Sampling, HUSE is computed with interpolation rather than
truncation (see §2.5.1).

perplexities against that of the gold text (Figure 2.6). Importantly, we argue that the
optimal generation strategy should produce text which has a perplexity close to that of
the gold text: Even though the model has the ability to generate text that has lower
perplexity (higher probability), such text tends to have low diversity and get stuck in
repetition loops, as shown in §2.4 and illustrated in Figure 2.4.
We see that perplexity of text obtained from pure sampling is worse than the per-

plexity of the gold. This indicates that the model is confusing itself: sampling too
many unlikely tokens and creating context that makes it difficult to recover the human
distribution of text, as in Figure 2.1. Yet, setting the temperature lower creates diversity
and repetition issues, as we shall see in §2.4. Even with our relatively fine-grained
parameter sweep, Nucleus Sampling obtains closest perplexity to human text, as shown
in Table 2.1.
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Figure 2.6: Perplexities of generations from various decoding methods. Note that beam search
has unnaturally low perplexities. A similar effect is seen using a temperature of 0.7
with top-𝑘 as in both (Radford et al., 2019a) and (Fan, Lewis, and Dauphin, 2018).
Sampling, Top-𝑘, and Nucleus can all be calibrated to human perplexities, but the
first two face coherency issues when their parameters are set this high.
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Figure 2.7: A rank-frequency plot of the distributional differences between 𝑛-gram frequencies of
human andmachine text. Sampling and Nucleus Sampling are by far the closest to the
human distribution, while Beam Search clearly follows a very different distribution
than natural language.

2.3.3 Natural Language Does Not Maximize Probability

One might wonder if the issue with maximization is a search error, i.e., there are higher
quality sentences to which the model assigns higher probability than to the decoded
ones, beam search has just failed to find them. Yet Figures 2.2 & 2.6 show that the
per-token probability of natural text is, on average, much lower than text generated by
beam search. Natural language rarely remains in a high probability zone for multiple
consecutive time steps, instead veering into lower-probability but more informative
tokens. Nor does natural language tend to fall into repetition loops, even though the
model tends to assign high probability to this, as seen in Figure 2.4.
We contend that the failures of maximization based decoding are the result of an

interpretation error : a misunderstanding about what high likelihood signifies.
Why is human-written text not the most probable text? We conjecture that this is an

intrinsic property of human language. Language models that assign probabilities one
word at a time without a global model of the text will have trouble capturing this effect.
Grice’s Maxims of Communication (Grice, 1975) show that people optimize against
stating the obvious. Thus, making every word as predictable as possible will be disfa-
vored. This makes solving the problem simply by training larger models or improving
neural architectures using standard per-word learning objectives unlikely: such models
are forced to favor the lowest common denominator, rather than informative language.

2.4 distributional statistical evaluation

2.4.1 Zipf Distribution Analysis

In order to compare generations to the reference text, we begin by analyzing their use
of vocabulary. Zipf’s law suggests that there is an exponential relationship between the
rank of a word and its frequency in text. The Zipfian coefficient 𝑠 can be used to compare
the distribution in a given text to a theoretically perfect exponential curve, where 𝑠 = 1
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Figure 2.8: Self-BLEU calculated on the unconditional generations produced by stochastic de-
coding methods; lower Self-BLEU scores imply higher diversity. Horizontal blue
and orange lines represent human self-BLEU scores. Note how common values of
𝑡 ∈ [0.5, 1] and 𝑘 ∈ [1, 100] result in high self-similarity, whereas “normal” values of
𝑝 ∈ [0.9, 1) closely match the human distribution of text.

(Piantadosi, 2014). Figure 2.7 shows the vocabulary distributions along with estimated
Zipf coefficients for selected parameters of different decoding methods. As expected,
pure sampling is the closest to the human distribution, followed by Nucleus Sampling.
The visualization of the distribution shows that pure sampling slightly overestimates
the use of rare words, likely one reason why pure sampling also has higher perplexity
than human text. Furthermore, lower temperature sampling avoids sampling these rare
words from the tail, which is why it has been used in some recent work (Fan, Lewis,
and Dauphin, 2018; Radford et al., 2019a).

2.4.2 Self-BLEU

We follow previous work and compute Self-BLEU (Zhu et al., 2018) as a metric of
diversity. Self-BLEU is calculated by computing the BLEU score of each generated
document using all other generations in the evaluation set as references. Due to the
expense of computing such an operation, we sample 1000 generations, each of which is
compared with all 4999 other generations as references. A lower Self-BLEU score implies
higher diversity. Figure 2.8 shows that Self-BLEU results largely follow that of the
Zipfian distribution analysis as a diversity measure. It is worth noting that very high
values of 𝑘 and 𝑡 are needed to get close to the reference distribution, though these
result in unnaturally high perplexity (§2.3).

2.4.3 Repetition

One attribute of text quality that we can quantify is repetition. Figure 2.9 shows that
Nucleus Sampling and top-𝑘 sampling have the least repetition for reasonable parameter
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Figure 2.9: We visualize how often different decoding methods get “stuck” in loops within the
first 200 tokens. A phrase (minimum length 2) is considered a repetition when it
repeats at least three times at the end of the generation. We label points with their
parameter values except for 𝑡 and 𝑝 which follow the x-axis. Values of 𝑘 greater
than 100 are rarely used in practice and values of 𝑝 are usually in [0.9, 1); therefore
Nucleus Sampling is far closer to the human distribution in its usual parameter range.
Sampling with temperatures lower than 0.9 severely increase repetition. Finally,
although beam search becomes less repetitive according to this metric as beam width
increases, this is largely because average length gets shorter as 𝑏 increases.

ranges. Generations from temperature sampling have more repetition unless very high
temperatures are used, which we have shown negatively affects coherence (as measured
by high perplexity). Further, all stochastic methods face repetition issues when their
tuning parameters are set too low, which tends to over-truncate, mimicking greedy
search. Therefore we conclude that only Nucleus Sampling satisfies all the distributional
criteria for desirable generations.

2.5 human evaluation

2.5.1 Human Unified with Statistical Evaluation (HUSE)

Statistical evaluations are unable to measure the coherence of generated text properly.
While the metrics in previous sections gave us vital insights into the different decoding
methods we compare, human evaluation is still required to get a full measure of the
quality of the generated text. However, pure human evaluation does not take into
account the diversity of the generated text; therefore we use HUSE (Hashimoto, Zhang,
and Liang, 2019) to combine human and statistical evaluation. HUSE is computed by
training a discriminator to distinguish between text drawn from the human and model
distributions, based on only two features: The probability assigned by the language
model, and human judgements of typicality of generations. Text that is close to the
human distribution in terms of quality and diversity should perform well on both
likelihood evaluation and human judgements.

As explored in the previous sections, the current best-performing decoding methods
rely on truncation of the probability distribution, which yields a probability of 0 for
the vast majority of potential tokens. Initial exploration of applying HUSE directly led
to top-𝑘 and Nucleus Sampling receiving scores of nearly 0 due to truncation, despite
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humans favoring these methods. As a proxy, when generating the text used to compute
HUSE, we interpolate (with mass 0.1) the original probability distribution with the
top-𝑘 and Nucleus Sampling distribution, smoothing the truncated distribution.
For each decoding algorithm we annotate 200 generations for typicality, with each

generation receiving 20 annotations from 20 different annotators. This results in a total
of 4000 annotations per a decoding scheme. We use a KNN classifier to compute HUSE,
as in the original paper, with 𝑘 = 13 neighbors, which we found led to the higher
accuracy in discrimination. The results in Table 2.1 shows that Nucleus Sampling
obtains the highest HUSE score, with Top-𝑘 sampling performing second best.

2.5.2 Qualitative Analysis

Figure 2.3 shows representative example generations. Unsurprisingly, beam search gets
stuck in a repetition loop it cannot escape. Of the stochastic decoding schemes, the
output of full sampling is clearly the hardest to understand, even inventing a new word
“umidauda”, apparently a species of bird. The generation produced by Nucleus Sampling
isn’t perfect – the model appears to confuse whales with birds, and begins writing
about those instead. Yet, top-𝑘 sampling immediately veers off into an unrelated event.
When top-𝑘 sampling is combined with a temperature of 0.7, as is commonly done (Fan,
Lewis, and Dauphin, 2018; Radford et al., 2019a), the output devolves into repetition,
exhibiting the classic issues of low-temperature decoding.
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2.6 supplementary a

Figure 2.10: The total number of trigrams produced by Beam Search with varying beam widths,
with gold (human) data for comparison. Note how the average length of generations
goes down linearly with beam width, while the number of distinct trigrams stays
constant and extremely low in comparison to gold data.
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2.7 supplementary b

We include a set of examples for further qualitative comparison.

dsfsadfd

Top Customer Questions

Sampling, t=0.9

WebText

WebText

Beam Search, b=16

Pure Sampling

Top-k, k=640

Top-k, k=40, t=0.7

Nucleus, p=0.95

Q: I have a question about the new "S" series. I have a question about the new \"S\"
series A: The new "S" series is a new line of high-performance, high-performance, high-
performance, high-performance, high-performance, high-performance, high-
performance, high-performance, high-performance, high-performance, high-
performance, high-performance, high-performance, high-performance, high-
performance, high-performance, high-performance, high-performance,

When will you start sending this stuff for register until someone else orders? If anyone
wants to order, we would like to keep the next batch of binders as being a vaiible
sample. It ASKED for the logistics and cost of shipping. I wish for a refund if actions like
this are to set us back another beat. Are there any instructions for understanding the CDI
CAL 0519-019? If there are, I'd be very keen to find them.

What's the best way to read this one? The blog post from the authors discusses the
differences between how the marketing mix plays out in terms of visibility,
trustworthiness, and engagement, among other things. In my experience, this difference
isn't necessarily obvious; it's hard to explain to a layperson, but in all honesty it's
probably the most important point to consider when reviewing social media.

8 questions Asked By: Bizzabo - 28th February 2016 Product: Jaybo Comfort: Durability I
have a small pad for the calf and on the off chance it all breaks i would like to know that
how do you square up the circumference of the pad with something as comfortable as a
new t shirts. Thanks. Has the compression system at all moved????? Asked By: Kiran R -
28th February 2016 Product: Jaybo Comfort: Durability

How can I change the wallpaper for my computer screen? If you have the latest (current
version) of your operating system, then you can change the background wallpaper for
your screen. How can I change the wallpaper for my computer screen? Open the settings
app. Tap on your user name and tap on Settings. Click on the Background. The
wallpaper change will apply. How can I change the background wallpaper for my screen?

Where can I purchase my prototypes and printed books in the USA? Currently we have a
sign for purchase available in the guide. Since we are based in the States we will be
shipping to you by FedEx. Do you make books in America? We do! We love our folks in
the US. We haven't had a chance to make a documentary so we love to share our love
for our culture. How does the book publisher pay for the book and art?

Why are your caustics superior? Purest Grades Available. All US Manufactured. No Asian
Imports. Quality Control on all incoming and outgoing shipments. Most suppliers only
supply tech grade product. What is difference between Food and Tech Grade Lye? Food
grade has a lower parts per million of heavy metal impurities. 80% of our soap makers
prefer our food grade product.

Figure 2.11: More example generations from an initial tag line.
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So what's new in my life?
09/11/18 - Just got back from vacation.

I just got back from a much needed and really great nine day vacation to my remote
Arizona property. It was a really restful and relaxing visit. I got a lot accomplished while I
was there, but still found time to just goof off and have fun too. I got to do some
astronomy, even though the weather was pretty cloudy most of the time. Here is a 50
minute exposure of M101. It turned out pretty good.

Just got back from vacation.
07/12/18 - Happy birthday to Swingu, who is nearly 5 years old. I would like to say hi to
him on the road as well as when I ride with him. You cannot go to work without feeling
physically sick or psychologically exhausted because you can barely breathe. Even if you
ride on rollercoaster even once, it is easy to recover from the physical side of it.

Just got back from vacation.
09/03/18 - After more than 40 years, I might have an apartment in Virginia Beach.
After more than 40 years, I might have an apartment in Virginia Beach.
08/20/18 - Going for a hike at Mount Eerie in Northeast Virginia Spring
Going for a hike at Mount Eerie in Northeast Virginia Spring

Just got back from vacation.
09/07/18 - Happy 9th birthday to me! Happy 9th birthday to me!
09/01/18 - Sofwidden also! Sofwidden also!
08/25/18 - Happy birthday to me! Happy birthday to me!
08/17/18 - Night shift! ☐☐Night shift! ☐☐
08/17/18 - Lucky me! Lucky me!

01/05/19 - Visited The Subaru Canada Heritage15th Star for my vehicle research.
That was a wonderful experience. Thanks again for your knowledge and support.
05/23/19 - I was thrilled to receive my Subaru Legacy character! It fits me perfectly and
makes me feel like a kid again!
06/15/19 - Just regained my licence for my different coloured 2016 WRX / STI...

Just got back from vacation.
09/10/18 - Just got back from vacation. Just got back from vacation.
09/09/18 - Just got back from vacation. Just got back from vacation.
09/08/18 - Just got back from vacation. Just got back from vacation.

Sampling, t=0.9

WebText

WebText

Beam Search, b=16

Pure Sampling

Top-k, k=640

Top-k, k=640, t=0.7

Just got back from vacation.
09/08/18 - I've gotten really sick. - I've gotten really sick.
09/07/18 - My wife and I are getting married in February.
- My wife and I are getting married in February.
09/06/18 - I'm so excited to go back to college this fall.
- I'm so excited to go back to college this fall.

Nucleus, p=0.95

Figure 2.12: More example generations from an initial tag line. Note that Pure Sampling and
Nucleus Sampling is the only algorithms that can escape the repetition loop, with
Nucleus Sampling’s generation far closer in style to the ground truth text.
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University of Wisconsin — Madison

In late 1998, a UW-Madison group led by James Thomson was the first to isolate and
culture human embryonic stem cells, master undifferentiated cells that arise at the
earliest stages of development and are capable of becoming any of the 220 types of
cells and tissues in the human body.

Thomas Jefferson, 1777—1826
Who Is Mike Barnacle?
Well, at the start, this was clearly a project designed to help people get the gist of
classic art in its myriad ways. Now we find ourselves with an interesting set of recordings
of 200 BC. Who are these guys? This one, apparently, are the descendants of Greek
historian Euclid. He famously analyzed straight lines so we know those are straight.
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Sampling, t=0.9

WebText

WebText

Beam Search, b=16

Pure Sampling

Top-k, k=640

Top-k, k=40, t=0.7

Nucleus, p=0.95

Figure 2.13: More example generations from an initial tag line.



3
SUR FACE FORM COMPET I T ION

This section is adapted from Holtzman et al. (2021)
Despite the impressive results large pretrained language models have achieved in

zero-shot settings (Brown et al., 2020; Radford et al., 2019c), we argue that current work
underestimates the zero-shot capabilities of these models on classification tasks. This is
in large part due to surface form competition—a property of generative models that
causes probability to be rationed between different valid strings, even ones that differ
trivially, e.g., by capitalization alone. Such competition can be largely removed by scor-
ing choices according to Domain Conditional Pointwise Mutual Information (PMIDC),
which reweighs scores by how much more likely a hypothesis (answer) becomes given
a premise (question) within the specific task domain.

Figure 3.1: While humans select from given
options, language models implic-
itly assign probability to every pos-
sible string. This creates surface
form competition between differ-
ent strings that represent the same
concept. Example from Common-
senseQA.

Specifically, consider the example ques-
tion (shown in Figure 3.1): “A human
wants to submerge himself in water, what
should he use?” with multiple choice
options “Coffee cup”, “Whirlpool bath”,
“Cup”, and “Puddle.” From the given op-
tions, “Whirlpool bath” is the only one
that makes sense. Yet, other answers are
valid and easier for a language model to
generate, e.g., “Bathtub” and “A bathtub.”
Since all surface forms compete for finite
probability mass, allocating significant
probability mass to “Bathtub” decreases
the amount of probability mass assigned
to “Whirlpool bath.” While the total prob-
ability of generating some correct answer
may be high (i.e., across all valid surface
forms), only one of these is a listed op-
tion. This is particularly problematic here,
because “Whirlpool bath” will be much
lower probability than “Bathtub,” due to
its rarity. More generally, methods that
do not account for surface form compe-
tition will favor answers with fewer lexi-
cal paraphrases. This is an example of an
interpretation error—probability assigned
by a generative model was assumed to be
a surrogate for “correctness” but has properties that don’t match this interpretation.

25
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PMIDC factors out the probability of a specific surface form, by instead computing
how much more probable a hypothesis is when conditioned on a premise. We use a
domain premise string to estimate the unconditional probability of a hypothesis in a
given domain. On CommonsenseQA, for example, we compute the probability of each
answer option immediately following the string “? the answer is:”, and then divide the
conditional probability by this estimate to calculate PMIDC. This scaling factor reweighs
answer scores according to the surface form competition that is inherent to the domain
or task, e.g. completions of the domain premise that are just inherently unlikely will
be upweighted more. This allows us to directly measure how much an answer tells us
about the question and vice versa (mutual information is symmetric, see §3.2). Valid
hypotheses no longer need to compete with each other: both “Whirlpool bath” and
“Bathtub ” will be considered reasonable answers to the question, and so both will attain
a high score.

Extensive experiments show that PMIDC consistently outperforms raw, normalized,
and calibrated probability scoring methods on zero-shot multiple choice for more than a
dozen datasets and it does so for every model in the GPT-2 and GPT-3 families (§3.3); this
holds true across different possible prompts and in preliminary few-shot experiments
as well. To better explain these gains, we use the distinct structure of the COPA dataset
(Roemmele, Bejan, and Gordon, 2011) to remove surface form competition entirely,
showing that all methods perform well in this idealized setting (§3.4). Additionally,
we analyze the only three datasets where PMIDC does worse than other methods and
put forward a hypothesis for why normalizing log probabilities works better than raw
probabilities (§3.5). We conclude with a discussion of how generative models should be
used for selection tasks (§3.6).

3.1 background and related work

zero-shot vs. few-shot Zero-shot inference has long been of interest in NLP,
Computer Vision, and ML in general (Guadarrama et al., 2013; Romera-Paredes and
Torr, 2015; Socher et al., 2013). However, Radford et al. (2019) popularized the notion
that language models have many zero-shot capabilities that can be discovered simply
by prompting the model, e.g., placing “TL;DR” (internet slang for Too Long; Didn’t
Read) at the end of a passage causes the model to generate a summary. Efficiently
constructing the right prompt for a given task is difficult and has become an active
area of research (Jiang et al., 2020a; b; Lu et al., 2021; Reynolds and McDonell, 2021;
Shin et al., 2020).
Brown et al. (2020) demonstrated that few-shot learning without fine-tuning is

possible with very large language models. Contemporary work has shown it is possible
to get smaller models to exhibit few-shot learning behavior using fine-tuning (Gao,
Fisch, and Chen, 2021; Hambardzumyan, Khachatrian, and May, 2021; Schick and
Schütze, 2020a; b; c; Shin et al., 2020), an intermediate learning phase (Ye, Lin, and
Ren, 2021a), or calibration (Zhao et al., 2021), though most assume access to a validation
set (Perez, Kiela, and Cho, 2021). Recent work suggests it may be possible to finetune
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language models in order to improve their zero-shot and few-shot capabilities on a
large swathe of tasks (Wei et al., 2021; Zhong et al., 2021).

surface form competition When applying generative models to multiple
choice problems, simply choosing the highest probability answer becomes problematic
due to different valid surface forms competing for probability. Indeed, recent work in
question answering has demonstrated the importance of considering all multiple choice
options together (Khashabi et al., 2020), rather than independently assigning each
answer a score and simply choosing the highest. This is a difficult strategy to adapt to
left-to-right generative language models, which implicitly choose between all possible
strings. Using unsupervised languagemodels pretrained on relatively expansive corpora
exacerbates surface form competition because such language models generate a much
wider distribution than a given question answering dataset contains.

“What is the most populous nation in North America?” Posed with this question, a
language model such as GPT-3 can generate a correct response such as “USA”, ”United
States”, or “United States of America” with high probability. While correct strings like
this all contribute to the probability of a correct generation, they may have vastly
different probabilities: a common string “United States” will be much more likely than
rarer forms like “U.S. of A.”. In generative scenarios, as long as most of the probability
mass goes to valid strings the generation is likely to be valid. This is not the case for
multiple choice problems. Given two options, e.g., “USA” and “Canada”, GPT-3 will
choose the correct answer by probability. However, if we substitute out “USA” for “U.S.
of A.”, GPT-3will assign higher probability to “Canada”, a less likely answer conceptually,
but a much more likely surface form. Beyond this, incorrect generic answers such as “I
don’t know” are often assigned high probability, relegating the desired answers to the
tail of the distribution where softmax is poorly calibrated (Holtzman et al., 2020).

pmi Work in dialogue has used PMI to promote diversity (Li et al., 2016a; Mou et al.,
2016; Tang et al., 2019; Yao et al., 2017; Zhou et al., 2019). Recently, Brown et al. (2020)
used a scoring function resembling PMIDC for zero-shot question answering, though
they only use the string “A:” as a prompt for the unconditional probability estimate,
whereaswe use a task-specific domain premise (see §3.2 for details). Furthermore, Brown
et al. (2020) only report this scoring method on three datasets (ARC, OpenBookQA, and
RACE, included here) out of the more than 20 tested and do not compare scores with
their standard method, averaging log-likelihoods (Avg in this work). In contrast, we
report a comprehensive comparison on GPT-3 and GPT-2, as well as shedding light on
the underlying issue of surface form competition in §3.4.

contextual calibration Recently, Zhao et al. (2021) describe a newmethod for
calibrating the probabilities of an LM using a learned affine transformation. Though
geared towards few-shot learning, the authors devise a clever means of using “content
free inputs” for zero-shot learning. Zhao et al. (2021) calibrate for three forms of bias:
(1) majority label bias, (2) recency bias, and (3) common token bias. PMIDC directly
compensates for common token bias by dividing by the domain conditional probability
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Figure 3.2: An example from COPA () with the template we use as well as the scoring functions
we test. LM returns the highest probability option, while Avg length-normalizes log-
likelihoods and chooses the highest option. PMIDC is a measurement of the mutual
information between hypothesis and premise, intuitively how much 𝐱 explains 𝐲𝑖
and vice versa. CC is an affine transform of LM, where 𝐰 and 𝐛 are averaged over
solutions that cause “content free inputs” to yield uniform scores over a given label
set, see Zhao et al. (2021).

of each answer, and performs superior to contextual calibration (CC) in the majority of
cases.

prompt sensitivity Recent work highlights LM sensitivity to inputs, and pro-
poses to consider paraphrases of the prompt to overcome this (Davison, Feldman, and
Rush, 2019; Jiang et al., 2020a), as well as noting that certain trigger tokens (Shin et al.,
2020) can strongly effect the output of such models. In this work, we focus on the
surface form of possible outputs, but do also analyze robustness to different prompts in
§3.3.4.

interpreting language models Language models tend to model selectional
preferences and thematic fit (Erk, Padó, and Padó, 2010; Pantel et al., 2007) rather
than semantic plausibility (Wang, Durrett, and Erk, 2018). Probability, possibility and
plausibility are distinct (Helm, 2006), but reporting bias (Gordon and Van Durme, 2013)
means that language models only model what people are likely to write (on websites
that are easily crawled). PMIDC aims to adjust for these challenges to better measure
the underlying agreement between language models and human judgements, but of
course is still subject to the limits and biases of the language model used.

3.2 zero-shot scoring strategies

This chapter does not define any new modeling or finetuning methods. Rather, we
propose the broad use of PMIDC scoring for any given model and prompt. PMIDC
compensates for the fact that different correct answers compete for probability, even
though only one will be listed as the correct multiple choice option.
We begin by describing the two most common methods currently in use.
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3.2.1 Standard Methods

Our first baseline is simply selecting the highest-probability option, e.g., baselines in
Zhao et al. (2021) and Jiang et al. (2020), which we refer to as LM. Given a prompt 𝐱
(e.g. “The bar closed”) and a set of possible answers 𝐲1, ⋯ , 𝐲𝑛 (e.g. “it was crowded.”, “it
was 3 AM.”), LM is defined:

argmax
𝑖

𝑃(𝐲𝑖|𝐱). (3.1)

However, using length normalized log-likelihoods (Brown et al., 2020) has become
standard due to its superior performance, and is also commonly used in generation
(Mao et al., 2019; Oluwatobi and Mueller, 2020). For causal language models, e.g., GPT-2
and GPT-3, Equation 3.1 can be decomposed:

𝑃(𝐲𝑖|𝐱) =
𝓁𝑖
∏
𝑗=1

𝑃(𝑦𝑗𝑖 |𝐱, 𝑦
1
𝑖 , ⋯ , 𝑦𝑗−1𝑖 )

where 𝑦𝑗𝑖 is the 𝑗th token of 𝐲𝑖 and 𝓁𝑖 is the number of tokens in 𝐲𝑖. The Avg strategy
can thus be defined as:

argmax
𝑖

∑𝓁𝑖
𝑗=1 log 𝑃(𝑦

𝑗
𝑖 |𝐱, 𝐲1⋯𝑗−1)

𝓁𝑖
.

3.2.2 Domain Conditional PMI

Our core claim is that direct probability is not an adequate zero-shot scoring function
due to surface form competition. A natural solution is to factor out the probability of
specific surface forms, which is what Pointwise Mutual Information (PMI) does:

PMI(𝐱, 𝐲) = log
𝑃(𝐲|𝐱)
𝑃(𝐲)

= log
𝑃(𝐱|𝐲)
𝑃(𝐱)

. (3.2)

In effect, this is how much more likely the hypothesis (“it was 3 AM.”) becomes given
the premise (“The bar closed because”), see Figure 3.2 for the full example. In a multiple-
choice setting—where the premise 𝐱 does not change across hypotheses—this is pro-
portional to 𝑃(𝐱|𝐲), i.e. the probability of the premise given the hypothesis. We call this
scoring-by-premise and it is the reverse of LM, 𝑃(𝐲|𝐱). We use scoring-by-premise to
show the presence of surface form competition in §3.4.

While Equation 3.2 estimates how related premise 𝐱 is to hypothesis 𝐲 in general, we
found that estimates of 𝑃(𝐲) vary wildly. GPT-2 and GPT-3 are not trained to produce
unconditional estimates of document excerpts, an issue which is exacerbated by the fact
that many possible answers are extremely rare in a large scrape of public web pages.
This causes the unconditional probability of such answers to be poorly calibrated for
the purposes of a given task.
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We are specifically trying to measure 𝑃(𝐲) in a given domain, e.g., for the “because”
relation in our running example, shown in Figures 3.2 & 3.3. To quantify this, we
propose Domain Conditional PMI:

PMIDC(𝐱, 𝐲, domain) = 𝑃(𝐲|𝐱, domain)
𝑃(𝐲|domain)

=
𝑃(𝐲|𝐱, domain)
𝑃(𝐲|𝐱domain)

or how much 𝐱 tells us about 𝐲 within a domain.
Typically, 𝑃(𝐲|𝐱, domain) = 𝑃(𝐲|𝐱) because the premise 𝐱 typically implies the do-

main, e.g., “The bar closed because” sets the model up to predict an independent clause
that is the cause of some event, without further representation of the domain. In order
to estimate 𝑃(𝐲|domain)—the probability of seeing hypothesis 𝐲 in a given domain—we
use a short domain-relevant string 𝐱domain, which we call a “domain premise”, usually
just the ending of the conditional premise 𝐱. For example, to predict a causal relation
like in Figure 3.2 we use 𝐱domain = “because” and thus divide by 𝑃(𝐲|because)–how
likely 𝑦 is to be a “cause” .

3.2.3 Non-standard Baselines

unconditional We also compare to the unconditional (in-domain) estimate as a
scoring function:

argmax
𝑖

𝑃(𝐲𝑖|𝐱domain).

We refer to this as Unc. It ignores the premise completely, only using a domain premise
𝐱domain (e.g., using 𝑃(𝐲|because) as the score). Yet, it is sometimes competitive, for
instance on BoolQ (Clark et al., 2019). Unc is a sanity check on whether zero-shot
inference is actually using the information in the question to good effect.

contextual calibration Finally, we compare to the reported zero-shot num-
bers of Zhao et al. (2021). Contextual Calibration adjusts LM with an affine transform
to make a closed set of answers equally likely in the absence of evidence. Contextual
Calibration thus requires computing matrices 𝐰 and 𝐛 for a number of “content free
inputs” and then averaging these weights, see Zhao et al. (2021) for details. In contrast,
PMIDC requires nothing but a human-written template (as all zero-shot methods do,
including Contextual Calibration), can be computed as the difference of two log prob-
abilities, and is naturally applicable to datasets where the set of valid answers varies
between questions.
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Multiple Choice Accuracy on GPT-3
Params. 2.7B 6.7B 13B 175B

Unc LM Avg PMIDC CC Unc LM Avg PMIDC Unc LM Avg PMIDC Unc LM Avg PMIDC CC

COPA 54.8 68.4 68.4 74.4 - 56.4 75.8 73.6 77.0 56.6 79.2 77.8 84.2 56.0 85.2 82.8 89.2 -
SC 50.9 66.0 68.3 73.1 - 51.4 70.2 73.3 76.8 52.0 74.1 77.8 79.9 51.9 79.3 83.1 84.0 -
HS 31.1 34.5 41.4 34.2 - 34.7 40.8 53.5 40.0 38.8 48.8 66.2 45.8 43.5 57.6 77.2 53.5 -
R-M 22.4 37.8 42.4 42.6 - 21.2 43.3 45.9 48.5 22.9 49.6 50.6 51.3 22.5 55.7 56.4 55.7 -
R-H 21.4 30.3 32.7 36.0 - 22.0 34.8 36.8 39.8 22.9 38.2 39.2 42.1 22.2 42.4 43.3 43.7 -
ARC-E 31.6 50.4 44.7 44.7 - 33.5 58.2 52.3 51.5 33.8 66.2 59.7 57.7 36.2 73.5 67.0 63.3 -
ARC-C 21.1 21.6 25.5 30.5 - 21.8 26.8 29.8 33.0 22.3 32.1 34.3 38.5 22.6 40.2 43.2 45.5 -
OBQA 10.0 17.2 27.2 42.8 - 11.4 22.4 35.4 48.0 10.4 28.2 41.2 50.4 10.6 33.2 43.8 58.0 -
CQA 15.9 33.2 36.0 44.7 - 17.4 40.0 42.9 50.3 16.4 48.8 47.9 58.5 16.3 61.0 57.4 66.7 -

BQ 62.2 58.5 58.5 53.5 - 37.8 61.0 61.0 61.0 62.2 61.1 61.1 60.3 37.8 62.5 62.5 64.0 -
RTE 47.3 48.7 48.7 51.6 49.5 52.7 55.2 55.2 48.7 52.7 52.7 52.7 54.9 47.3 56.0 56.0 64.3 57.8
CB 08.9 51.8 51.8 57.1 50.0 08.9 33.9 33.9 39.3 08.9 51.8 51.8 50.0 08.9 48.2 48.2 50.0 48.2
SST-2 49.9 53.7 53.76 72.3 71.4 49.9 54.5 54.5 80.0 49.9 69.0 69.0 81.0 49.9 63.6 63.6 71.4 75.8

SST-5 18.1 20.0 20.4 23.5 - 18.1 27.8 22.7 32.0 18.1 18.6 29.6 19.1 17.6 27.0 27.3 29.6 -
AGN 25.0 69.0 69.0 67.9 63.2 25.0 64.2 64.2 57.4 25.0 69.8 69.8 70.3 25.0 75.4 75.4 74.7 73.9
TREC 13.0 29.4 19.2 57.2 38.8 22.6 30.2 22.8 61.6 22.6 34.0 21.4 32.4 22.6 47.2 25.4 58.4 57.4

Table 3.1: Comparison of scoring algorithms when using GPT-3 for zero-shot inference on
multiple choice questions.

3.3 multiple choice experiments

3.3.1 Setup

We use GPT-2 via the HuggingFace Transformers library (Wolf et al., 2020) and GPT-3
via OpenAI’s beta API.1 We do not finetune any models, nor do we alter their output.

3.3.2 Datasets

We report results on 16 splits of 13 datasets, and briefly describe each dataset here.

continuation These datasets require the model to select a continuation to pre-
vious text, making them a natural way to test language models. Choice of Plausible
Alternatives (COPA) (Roemmele, Bejan, and Gordon, 2011) asks for cause and effect
relationships, as shown in Figure 3.2. StoryCloze (SC) (Mostafazadeh et al., 2017) gives
the model a choice between two alternative endings to 5 sentence stories. Finally,
HellaSwag (HS) (Zellers et al., 2019a) uses GPT-2 to generate, BERT to filter, and crowd
workers to verify possible continuations to a passage. Following previous work (Brown
et al., 2020) we report development set numbers for COPA and HS.

1 https://beta.openai.com/

https://beta.openai.com/
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Multiple Choice Accuracy on GPT-2
Params. 125M 350M 760M 1.6B

Unc LM Avg PMIDC Unc LM Avg PMIDC Unc LM Avg PMIDC Unc LM Avg PMIDC CC

COPA 0.564 0.610 0.632 0.628 0.558 0.670 0.660 0.700 0.556 0.698 0.676 0.694 0.560 0.690 0.684 0.716 -
SC 0.495 0.600 0.615 0.670 0.489 0.630 0.667 0.716 0.503 0.661 0.688 0.734 0.512 0.676 0.715 0.763 -
HS 0.271 0.286 0.295 0.291 0.298 0.322 0.376 0.328 0.309 0.350 0.432 0.351 0.331 0.384 0.489 0.378 -
R-M 0.222 0.361 0.406 0.409 0.213 0.387 0.420 0.424 0.214 0.393 0.439 0.439 0.223 0.415 0.446 0.447 -
R-H 0.209 0.275 0.310 0.344 0.215 0.304 0.326 0.363 0.215 0.318 0.345 0.383 0.219 0.330 0.357 0.391 -
ARC-E 0.313 0.429 0.378 0.393 0.327 0.494 0.434 0.424 0.334 0.527 0.467 0.470 0.334 0.562 0.496 0.499 -
ARC-C 0.198 0.201 0.235 0.282 0.197 0.228 0.254 0.286 0.221 0.231 0.266 0.316 0.211 0.252 0.279 0.338 -
OBQA 0.11 0.164 0.272 0.324 0.108 0.186 0.302 0.386 0.108 0.194 0.296 0.432 0.114 0.224 0.348 0.460 -
CQA 0.170 0.255 0.307 0.364 0.165 0.309 0.352 0.418 0.170 0.333 0.368 0.445 0.171 0.386 0.385 0.478 -

BQ 0.622 0.588 0.588 0.511 0.622 0.608 0.608 0.497 0.622 0.580 0.580 0.467 0.622 0.563 0.563 0.495 -
RTE 0.527 0.516 0.516 0.498 0.473 0.531 0.531 0.549 0.473 0.531 0.531 0.542 0.473 0.477 0.477 0.534 0.485
CB 0.089 0.482 0.482 0.500 0.089 0.500 0.500 0.500 0.089 0.482 0.482 0.500 0.089 0.500 0.500 0.500 0.179
SST-2 0.499 0.636 0.636 0.671 0.499 0.802 0.802 0.862 0.499 0.770 0.770 0.856 0.499 0.840 0.840 0.875 0.820
SST-5 0.181 0.274 0.244 0.300 0.176 0.185 0.272 0.393 0.176 0.203 0.267 0.220 0.176 0.304 0.291 0.408 -
AGN 0.250 0.574 0.574 0.630 0.250 0.643 0.643 0.644 0.250 0.607 0.607 0.641 0.250 0.648 0.648 0.654 0.600
TREC 0.226 0.230 0.144 0.364 0.226 0.288 0.122 0.216 0.226 0.228 0.226 0.440 0.226 0.228 0.240 0.328 0.340

Table 3.2: Comparison of scoring algorithms when using GPT-2 for zero-shot inference on
multiple choice questions.

qestion answering RACE-M & -H (R-M & R-H) (Lai et al., 2017) are both
drawn from English exams given in China, the former being given to Middle Schoolers
and the latter to High Schoolers. Similarly, ARC Easy & Challenge (ARC-E & ARC-C)
(Clark et al., 2018) are standardized tests described as “natural, grade-school science
questions,” with the “Easy” split found to be solvable by either a retrieval or word
co-occurrence system, and the rest of the questions put in the “Challenge” split. Open
Book Question Answering (OBQA) (Mihaylov et al., 2018) is similar to both of these,
but was derived using (and intended to be tested with) a knowledge source (or “book”)
available; we do not make use of the given knowledge source, following Brown et al.
(2020). Finally, CommonsenseQA (CQA) (Talmor et al., 2019) leverages ConceptNet
(Speer, Chin, and Havasi, 2017) to encourage crowd workers to write questions with
challenging distractors. We report development set numbers on CQA because their test
set is not public.

open set vs. closed set datasets The above datasets are all “open set” in that
multiple choice answers may be any string. Below we describe “closed set” datasets
with a fixed set of answers.

boolean qestion answering BoolQ (BQ) (Clark et al., 2019) poses yes/no (i.e.
Boolean) questions based on a multi-sentence passage.

entailment Entailment datasets focus on the question of whether a hypothesis
sentence B is entailed by a premise sentence A. Recognizing Textual Entailment (RTE)
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Method Unc LM Avg PMIDC CC

125M 12.50 6.25 12.50 68.75 -
350M 6.25 18.75 12.50 68.75 -
760M 6.25 6.25 12.50 75.00 -
1.6B 6.25 12.50 12.50 80.00 20.00

2.7B 6.25 6.25 6.25 86.66 0.00
6.7B 6.25 25.00 25.00 75.00 -
13B 6.25 18.75 18.75 68.75 -
175B 6.25 12.50 18.75 62.50 6.25

Table 3.3: Percentage of datasets that given methods produce the best score or tie with other
methods, aggregated over each model size. The first four rows use GPT-2 (full data
available in the Appendix), while the final four rows use GPT-3 and summarize data
from Table 3.1. Since ties are included, rows sometimes sum to more than 100. CC is
only measured on the 5 datasets we use where Zhao et al. (2021) also report accuracies.

(Dagan, Glickman, and Magnini, 2005) requires predicting an “entailment” or “contra-
diction” label while Commitment Bank (CB) (De Marneffe, Simons, and Tonhauser,
2019) adds a “neutral” label. Following previous work (Brown et al., 2020) we report
development set numbers for both RTE and CB.

text classification We consider three more complex classification datasets:
SST-2 & -5 (Socher et al., 2013) for various granularities of sentiment classification,
AG’s News (Zhang, Zhao, and LeCun, 2015) (AGN) for topic classification, and TREC
(Li and Roth, 2002) for question classification.

3.3.3 Results

We report zero-shot results for GPT-3 in Table 3.1 and GPT-2 results in Table 3.2 . A
summarized view is shown in Table 3.3, which aggregates the percentage of splits where
a given method achieves the best score or ties for first-place. In this summarized view
it is clear that PMIDC consistently outperforms other scoring methods when assessed
over a variety of datasets. The smallest margin (in number of datasets won or tied)
between PMIDC and the best competing method is on GPT-3 175B with Avg, but that
margin is over 40 percentage points. This does not imply that PMIDC is always better
or that it will be better by a large margin, though it often is. It does suggest that PMIDC
is a significantly better bet on a new dataset.

3.3.4 Robustness

To verify that these trends hold across different prompts, we report the mean and
standard deviation over the fifteen different prompts considered in (Zhao et al., 2021)
for SST-2. Table 3.4 shows, PMIDC always maintains the highest mean, often by a hefty
margin. Scores are lower than in Table 3.1 because many of the prompts used are
optimized for few-shot rather than zero-shot scoring.
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Prompt Robustness on SST-2

Method Unc LM PMIDC

125M 49.9 0 56.8 7.3 58.8 7.6

350M 49.9 0 58.0 11.3 60.3 11.4

760M 49.9 0 57.0 9.2 67.7 13.4

1.6B 49.9 0 57.3 8.2 69.8 13.3

2.7B 49.9 0 56.1 9.0 66.2 15.7

6.7B 49.9 0 59.5 10.7 67.9 13.6

13B 49.9 0 63.0 14.9 71.7 16.1

175B 49.9 0 72.5 15.7 74.8 14.0

Table 3.4: The mean and standard deviations over the 15 templates considered for SST-2 in ().
Avg is excluded, as it is equivalent to LM since all the given templates use single-token
answers.

4-shot Inference Results

SST-2 CQA
Method Unc LM PMIDC Unc LM Avg PMIDC

125M 49.9 0 63.6 7.4 71.7 5.1 15.5 0 29.9 1.6 32.7 1.4 38.3 1.7

350M 49.9 0 76.3 13.8 76.4 8.1 16.5 0 37.6 2.3 40.4 2.3 45.7 2.4

760M 49.9 0 85.9 7.2 87.1 3.0 16.1 0 41.5 2.6 42.4 2.5 47.0 1.5

1.6B 49.9 0 85.4 1.7 89.4 4.0 16.0 0 46.2 1.5 47.7 1.9 52.3 2.1

2.7B 49.9 0 88.1 4.9 87.7 5.5 16.6 0 43.0 1.7 45.6 1.9 50.4 1.1

6.7B 49.9 0 92.9 2.1 79.8 6.9 16.9 0 52.3 1.4 53.4 1.0 56.5 1.6

13B 49.9 0 85.4 9.0 86.9 7.5 16.7 0 58.4 2.0 59.3 1.5 63.4 1.4

175B 49.9 0 89.9 5.5 95.5 0.7 16.5 0 69.1 1.9 69.4 0.8 72.0 0.9

Table 3.5: The mean and standard deviation for 5 randomly sampled sets of 4 examples used for
few-shot inference. We include a closed answer dataset (SST-2) and an open answer
dataset (CQA). For SST-2 Avg is equivalent to LM due to using single-token answers.

3.3.5 Few-shot

While our focus in this chapter is on zero-shot scoring, PMIDC is just as applicable
to few-shot scenarios. In Table 3.5 we report 4-shot results on one closed set dataset
(SST-2) and one open set dataset (CQA). We show the mean of 5 randomly sampled
sets of 4 examples that are used to prime the model for the task, along with standard
deviations. The overall trend on both datasets clearly favors PMIDC, though LM is
superior for two models on SST-2.

3.4 removing surface form competition

What if we used the probability of the premise given the hypothesis, 𝑃(𝐱|𝐲𝑖), instead?
While we are still measuring the probability of a surface form (e.g. “the bar closed.”), it
is the same surface form across different options (“It was crowded so”, “It was 3 AM so”),
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Figure 3.3: In §3.4 we experiment with with flipping the premise and hypothesis so that the
highest probability premise is chosen as the answer, i.e. scoring-by-premise. The
transformation above the dashed line shows the experimental setup used in §3.4.1,
while the extra distractor below the dashed line is used for illustrative purposes in
§3.4.2.

eliminating the surface form competition. 𝐲𝑖 and 𝐲 ′
𝑖 can now both attain high scores if

they are both correct answers, by causing 𝐱 to be likely. We call this scoring-by-premise.
Causal language models like GPT-3 cannot measure this directly, because they are

only capable of conditioning on past tokens to predict future tokens. We exploit the
structure of the COPA dataset to create “COPA Flipped” via a simple transformation,
shown in Figure 3.3. COPA consists of cause and effect pairs (CAUSE so EFFECT,
and EFFECT because CAUSE). In the original dataset, whatever comes second (either
CAUSE or EFFECT) has two options that a model must choose between. These can
be reversed by switching CAUSE and EFFECT, then substituting the natural inverse
relation (“because”→́“so” and “so”→́“because” ).

3.4.1 Results

Table 3.6 shows scores on COPA and COPA Flipped side-by-side. On COPA Flipped
everything except Unc produces the exact same result. This is because flipping the
hypothesis and premise means that it’s the context that changes and not the continuation.
LM, Avg, and PMIDC only differ from each other over different continuations, not over
different contexts for the same continuation.

On COPA Flipped all methods generally perform similarly to PMIDC on the unflipped
version. This is because surface form competition has been eradicated: we are measuring
how well different prefixes condition a model to predict a fixed continuation rather
than which continuation is highest probability. Unlike LM, where different answers
compete for probability, in COPA Flipped it only matters how likely each answer can
make the question. This is not subject to surface form competition because there is only
one string being so scored, so it is not competing with any other strings for probability
mass.
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Removing Surface Form Competition

COPA COPA Flipped
Method Unc LM Avg PMIDC Unc LM Avg PMIDC

125M 56.4 61.0 63.2 62.8 50.0 63.2 63.2 63.2
350M 55.8 67.0 66.0 70.0 50.0 66.4 66.4 66.4
760M 55.6 69.8 67.6 69.4 50.0 70.8 70.8 70.8
1.6B 56.0 69.0 68.4 71.6 50.0 73.0 73.0 73.0

2.7B 54.8 68.4 68.4 74.4 50.0 68.4 68.4 68.4
6.7B 56.4 75.8 73.6 77.0 50.0 76.8 76.8 76.8
13B 56.6 79.2 77.8 84.2 50.0 79.0 79.0 79.0
175B 56.0 85.2 82.8 89.2 50.0 83.6 83.6 83.6

Table 3.6: LM does better on COPA Flipped than COPA because surface form competition is
removed when scoring-by-premise, see §3.4. Methods that don’t directly adjust for
competing surface forms (LM and Avg) have the same score as PMIDC on COPA
Flipped.

Not all datasets are so easily flippable, so manually flipping individual questions to
remove surface form competition is not a generally applicable strategy. Luckily, PMIDC
is symmetric:

argmax
𝑖

𝑃(𝐲𝑖|𝐱, domain)
𝑃(𝐲𝑖|domain)

= argmax
𝑖

𝑃(𝐱|𝐲𝑖, domain)
𝑃(𝐱|domain)

= argmax
𝑖

𝑃(𝐱|𝐲𝑖, domain)

In theory, the answer selected by PMIDC should be the same between COPA and
COPA Flipped as PMI is symmetric, though we expect some differences due to “so”
and “because” not being perfect inverses and shuffled references. Thus, PMIDC does
better on COPA than COPA Flipped, likely due to more natural phrasing in the original
dataset.
These results suggest that surface form competition is the primary cause of the

depressed performance of LM and Avg in comparison to PMIDC.

3.4.2 In-depth Example

scoring-by-premise improves lm Figure 3.3 shows an example of transforming
one question from COPA to COPA Flipped. In the example depicted, when we use
GPT-3 to calculate 𝑃 , we get:

𝑃(𝐲1|𝐱) > 𝑃(𝐲2|𝐱)

which is wrong, since bars usually close at fixed, late-night closing times, rather than
because of being overcrowded. However we also find that

𝑃(𝐲̂|𝐱̂2) > 𝑃(𝐲̂|𝐱̂1)
𝑃(𝐲2|𝐱)

𝑃(𝐲2|𝐱domain)
>

𝑃(𝐲1|𝐱)
𝑃(𝐲1|𝐱domain)
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indicating that scoring-by-premise causes the right answer to be selected and that
PMIDC successfully simulates scoring by premise in this example.

stability over valid answers To see how scoring-by-premise allows multiple
correct options to achieve high scores, consider the slightly perturbed 𝐲 ′

2 and 𝐱̂ ′
2 in

Figure 3.3. The inequalities shown above still hold when substituting 𝐲2 →
𝐲 ′
2 and 𝐱̂2 → 𝐱̂ ′

2:

𝑃(𝐲1|𝐱) > 𝑃(𝐲 ′
2|𝐱)

𝑃(𝐲̂|𝐱̂ ′
2) > 𝑃(𝐲̂|𝐱̂1)

𝑃(𝐲 ′
2|𝐱)

𝑃(𝐲 ′
2|𝐱domain)

>
𝑃(𝐲1|𝐱)

𝑃(𝐲1|𝐱domain)

with the key difference that the conditional probability of 𝐲 ′
2 is much lower:

log 𝑃(𝐲2|𝐱) ≈ −16
log 𝑃(𝐲 ′

2|𝐱) ≈ −20

This is undesirable, as both 𝐲2 and 𝐲 ′
2 are correct answers with similar meanings. Yet,

when scoring-by-premise the conditional probability of 𝐲̂ is stable when substituting
𝐱̂2 → 𝐱̂ ′

2:

log 𝑃(𝐲̂|𝐱̂2) ≈ −12
log 𝑃(𝐲̂|𝐱̂ ′

2) ≈ −12

This suggests that eliminating surface form competition allows different correct
answers to score well, as they are no longer competing for probability mass. Specifically,
“it was 3AM” and “it was 3:30AM” scorewildly differently in COPA but nearly identically
in COPA Flipped.

3.5 analysis

failure cases There are three datasets where PMIDC does not consistently outper-
form other methods: HellaSwag, ARC Easy, and BoolQ. Surprisingly, each is dominated
by a different method.

HellaSwag is most amenable to Avg. On examination we find that HellaSwag is more
focused on the internal coherence of the hypotheses, rather than external coherence,
i.e. how much a premise and hypothesis match. This is likely due to HellaSwag being
generated by GPT-2 (Radford et al., 2019c) and filtered with BERT, as it contains
relatively on-topic but intrinsically strange hypotheses that humans can distinguish
from natural data.
ARC Easy yields the highest scores to LM, i.e., selecting the highest probability

option. Clark et al. (2018) note that ARC Easy questions can be solved by a retrieval or
word co-occurrence baseline, while examples that were answered incorrectly by both
were put into the Challenge split. This suggests a bias towards a priori likely phrases.
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Manual inspection reveals many stock answers, e.g., “[clouds are generated when]
ocean water evaporates and then condenses in the air,” supporting our hypothesis.

Finally, BoolQ, a reading comprehension dataset in which all answers are either “yes”
or “no”, is best solved by an unconditional baseline. This is because the dataset presents
truly complex questions that require more reasoning than GPT-2 or 3 are capable of out
of the box. Indeed, none of the methods reported do better than the majority baseline,
except PMIDC with the largest GPT-3 model.

why does length normalization work? Past work offers little explanation
for why Avg should be a successful strategy, other than the intuition that estimates are
strongly length biased and require compensation. Length bias may be caused by the
final softmax layer of current language models assigning too much probability mass to
irrelevant options at each time-step, as noted in open-ended generation, character-level
language modeling, and machine translation (Al-Rfou et al., 2019; Holtzman et al.,
2020; Peters, Niculae, and Martins, 2019).

Another (not mutually exclusive) argument is that length normalization may account
for unconditional probability in a similar way to PMIDC. Length normalization is often
measured over Byte Pair Encoding (BPE) tokens (Sennrich, Haddow, and Birch, 2016)
and BPE tends to produce vocabularies where most tokens are equally frequent (Wang,
Cho, and Gu, 2020). Recent evidence suggests that language is approximately uniformly
information dense (Jaeger, 2006; Levy, 2018; Levy and Jaeger, 2007). As such, length in
BPE tokens may correspond roughly to a unigram estimate of log-probability, supposing
that BPE tokens have approximately uniform unigram frequency. The adjustment made
by Avg is still somewhat different than PMIDC, (division of log terms rather than
subtraction) but could have a similar effect, if length and probability correlate.

3.6 discussion

Language Models are density estimation functions that assign probability to every
possible string, but there are often many strings that could represent a given idea
equally well. Our key observation is that a generative model assigning probability to a
string that represents a certain option isn’t equivalent to selecting the concept an option
corresponds to. We expect surface form competition anywhere that generative models
are used where more than one string could represent the same concept.
PMIDC aligns the predictions being made by the model more closely with the actual

task posed by multiple choice questions: “choose the hypothesis that explains the
premise” rather than “generate the exact surface form of the hypothesis”. From this
perspective, PMIDC does not go far enough, because the model still cannot consider the
given set of options altogether when selecting its choice. This matters when answers
interact with each other, e.g., “all of the above”.
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3.7 supplementary a

Table 3.7 shows an example of each template used for each dataset.
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Type Dataset Template

Continuation

COPA [The man broke his toe]P [because]DP [he got a hole in his sock.]UH
[I tipped the bottle]P [so]DP [the liquid in the bottle froze.]UH

StoryCloze [Jennifer has a big exam tomorrow. She got so stressed, she pulled an all-nighter. She went into
class the next day, weary as can be. Her teacher stated that the test is postponed for next
week.]P [The story continues:]DP [Jennifer felt bittersweet about it.]UH

HellaSwag [A female chef in white uniform shows a stack of baking pans in a large kitchen presenting
them. the pans]P [contain egg yolks and baking soda.]UH

QA

RACE
[There is not enough oil in the world now. As time goes by, it becomes less and less, so what
are we going to do when it runs out [...].]P question: [According to the passage, which of the
following statements is true]P[?]DP answer: [There is more petroleum than we can use now.]UH

ARC [What carries oxygen throughout the body?]P [the answer is:]DP [red blood cells.]UH
OBQA [Which of these would let the most heat travel through?]P [the answer is:]DP [a steel spoon in

a cafeteria.]UH
CQA [Where can I stand on a river to see water falling without getting wet?]P [the answer is:]DP

[bridge.]UH

Boolean QA BoolQ title: [The Sharks have advanced to the Stanley Cup finals once, losing to the Pittsburgh
Penguins in 2016 [...]]P question: [Have the San Jose Sharks won a Stanley Cup?]P [answer:]DP
[No.]UH

Entailment
RTE [Time Warner is the world’s largest media and Internet company.]P question: [Time Warner is

the world’s largest company.]P [true or false? answer:]DP [true.]UH

CB question: Given that [What fun to hear Artemis laugh. She’s such a serious child.]P Is [I didn’t
know she had a sense of humor. ]P true, false, or neither? [the answer is:]DP [true.]UH

Text
Classification

SST-2 “[Illuminating if overly talky documentary]P” [[The quote] has a tone that is]DP [positive.]UH
SST-5 “[Illuminating if overly talky documentary]P” [[The quote] has a tone that is]DP [neutral.]UH

AG’s News title: [Economic growth in Japan slows down as the country experiences a drop in domestic
and corporate [...]]P summary: [Expansion slows in Japan]P [topic:]DP [Sports.]UH

TREC [Who developed the vaccination against polio?]P [The answer to this question will be]DP [a
person.]UH

Table 3.7: The templates used for each task, along with an example instance (with a single
random candidate answer). Original questions (premises) are colored blue, and original
answers (hypotheses) are colored red. Long premises are abbreviated with “[...]”. The
full premises, conditional hypotheses and domain premises are marked in [⋅]P, [⋅]UH,
and [⋅]DP respectively. For a complete description of our templating methodology.
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LEARN ING TO WR I TE W I TH COOPERAT I VE D I SCR IM INATORS

This section is adapted from Holtzman et al. (2018)
Language models based on Recurrent Neural Networks (RNNs) have brought sub-

stantial advancements across a wide range of language tasks (Bahdanau, Cho, and
Bengio, 2015b; Chopra, Auli, and Rush, 2016; Jozefowicz et al., 2016). However, when
used for long-form text generation, RNNs often lead to degenerate text that is repetitive,
self-contradictory, and overly generic, as shown in Figure 4.1.

We propose a unified learning framework that can address several challenges of long-
form text generation by composing a committee of discriminators each specializing
in a different principle of communication. Starting with an RNN language model,
our framework learns to construct a more powerful generator by training a number
of discriminative models that can collectively address limitations of the base RNN
generator, and then learns how to weigh these discriminators to form the final decoding
objective. These “cooperative” discriminators complement each other and the base
language model to form a stronger, more global decoding objective.

The design of our discriminators are inspired by Grice’s maxims (Grice, Cole, Morgan,
et al., 1975) of quantity, quality, relation, and manner. The discriminators learn to
encode these qualities through the selection of training data (e.g. distinguishing a
true continuation from a randomly sampled one as in §3.2 Relevance Model), which
includes generations from partial models (e.g. distinguishing a true continuation from
one generated by a language model as in §3.2 Style Model). The system then learns to
balance these discriminators by initially weighing them uniformly, then continually
updating its weights by comparing the scores the system gives to its own generated
continuations and to the reference continuation.

Empirical results (§4.4) demonstrate that our learning framework is highly effective
in converting a generic RNN language model into a substantially stronger generator.
Human evaluation confirms that language generated by our model is preferred over that
of competitive baselines by a large margin in two distinct domains, and significantly
enhances the overall coherence, style, and information content of the generated text.
Automatic evaluation shows that our system is both less repetitive and more diverse
than baselines.

4.1 background

RNN language models learn the conditional probability 𝑃(𝑥𝑡 |𝑥1, ..., 𝑥𝑡−1) of generating
the next word 𝑥𝑡 given all previous words. This conditional probability learned by
RNNs often assigns higher probability to repetitive, overly generic sentences, as shown
in Figure 4.1 and also in Table 4.3. Even gated RNNs such as LSTMs (Hochreiter
and Schmidhuber, 1997) and GRUs (Cho et al., 2014) have difficulties in properly

42
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Context: The two guards thudded into the door on the 
other side and began pounding on it, shouting furiously. 
Scious raised the large bunch of keys then placed them in 
a large pocket in his coat. "Come, we have to go," he 
whispered and moved up the corridor, the guards still 
hammering on the door. Jared looked around. The table 
next to the room they had been in was bare.

LM: There was a small table set into the center of the table, 
and a table with two chairs and a table. A chair sat next to 
the couch. A large man stood in the doorway of the room, 
his arms crossed over his chest. "What 's up?" He asked.

L2W: Empty. It looked like some kind of prison. There were 
no windows, no doors, no windows. No sign of anyone in the 
house. No one had ever been here before. 

Reference: Only a flagon of wine and a couple of mugs 
plus a crude dice game. Light flickered in the stone 
corridor from lanterns on the walls. The place was dank 
and gloomy, moss in scattered patches on the floor and 
walls. The corridor ended just beyond the door to their 
former prison. No one else was about.

Figure 4.1: Sample generations from an RNN language model (LM) and our system (L2W)
conditioning on the context shown on the top. The red, underlined text highlights
repetitions, while the blue, italicized text highlights details that have a direct semantic
parallel in the reference text.

incorporating long-term context due to explaining-away effects (Yu et al., 2017b),
diminishing gradients (Pascanu, Mikolov, and Bengio, 2013), and lack of inductive bias
for the network to learn discourse structure or global coherence beyond local patterns.

Several methods in the literature attempt to address these issues. Overly simple and
generic generation can be improved by length-normalizing the sentence probability (Wu
et al., 2016), future cost estimation (Schmaltz, Rush, and Shieber, 2016), or a diversity-
boosting objective function (Shao et al., 2017; Vijayakumar et al., 2016). Repetition
can be reduced by prohibiting recurrence of the trigrams as a hard rule (Paulus, Xiong,
and Socher, 2018). However, such hard constraints do not stop RNNs from repeating
through paraphrasing while preventing occasional intentional repetition.
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We propose a unified framework to address all these related challenges of long-form
text generation by learning to construct a better decoding objective, generalizing over
various existing modifications to the decoding objective.

4.2 the learning framework

We propose a general learning framework for conditional language generation of a
sequence 𝐲 given a fixed context 𝐱. The decoding objective for generation takes the
general form

𝑓𝜆(𝐱, 𝐲) = log(𝑃lm(𝐲|𝐱)) +∑
𝑘
𝜆𝑘𝑠𝑘(𝐱, 𝐲), (4.1)

where every 𝑠𝑘 is a scoring function. The proposed objective combines the RNN language
model probability 𝑃lm (§4.2.1) with a set of additional scores 𝑠𝑘(𝐱, 𝐲) produced by
discriminatively trained communication models (§4.2.2), which are weighted with
learned mixture coefficients 𝜆𝑘 (§4.2.3). When the scores 𝑠𝑘 are log probabilities, this
corresponds to a Product of Experts (PoE) model (Hinton, 2002).
Generation is performed using beam search (§4.2.4), scoring incomplete candidate

generations 𝐲1∶𝑖 at each time step 𝑖. The RNN language model decomposes into per-
word probabilities via the chain rule. However, in order to allow for more expressivity
over long range context we do not require the discriminative model scores to factorize
over the elements of 𝐲, addressing a key limitation of RNNs. More specifically, we
use an estimated score 𝑠 ′𝑘(𝐱, 𝐲1∶𝑖) that can be computed for any prefix of 𝐲 = 𝐲1∶𝑛 to
approximate the objective during beam search, such that 𝑠 ′𝑘(𝐱, 𝐲1∶𝑛) = 𝑠𝑘(𝐱, 𝐲). To ensure
that the training method matches this approximation as closely as possible, scorers
are trained to discriminate prefixes of the same length (chosen from a predetermined
set of prefix lengths), rather than complete continuations, except for the entailment
module as described in §3.2 Entailment Model. The prefix scores are re-estimated at
each time-step, rather than accumulated over beam search.

4.2.1 Base Language Model

The RNN language model treats the context 𝐱 and the continuation 𝐲 as a single
sequence 𝐬:

log 𝑃lm(𝐬) = ∑
𝑖
log 𝑃lm(𝐬𝑖|𝐬1∶𝑖−1). (4.2)

4.2.2 Cooperative Communication Models

We introduce a set of discriminators, each of which encodes an aspect of proper writing
that RNNs usually fail to capture. Each model is trained to discriminate between good
and bad generations; we vary the model parameterization and training examples to
guide each model to focus on a different aspect of Grice’s Maxims. The discriminator
scores are interpreted as classification probabilities (scaled with the logistic function
where necessary) and interpolated in the objective function as log probabilities.
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Let 𝐷 = {(𝐱𝟏, 𝐲𝟏), … (𝐱𝐧, 𝐲𝐧)} be the set of training examples for conditional genera-
tion. 𝐷𝐱 denote all contexts and 𝐷𝐲 all continuations. The scoring functions are trained
on prefixes of 𝐲 to simulate their application to partial continuations at inference time.

In all models the first layer embeds each word 𝑤 into a 300-dimensional vector 𝑒(𝑤)
initialized with GloVe (Pennington, Socher, and Manning, 2014) pretrained-embeddings.

Repetition Model

This model addresses the maxim of Quantity by biasing the generator to avoid rep-
etitions. The goal of the repetition discriminator is to learn to distinguish between
RNN-generated and gold continuations by exploiting our empirical observation that
repetitions are more common in completions generated by RNN language models.
However, we do not want to completely eliminate repetition, as words do recur in
English.

In order to model natural levels of repetition, a score 𝑑𝑖 is computed for each position
in the continuation 𝐲 based on pairwise cosine similarity between word embeddings
within a fixed window of the previous 𝑘 words, where

𝑑𝑖 = max
𝑗=𝑖−𝑘…𝑖−1

(CosSim(𝑒(𝑦𝑗 ), 𝑒(𝑦𝑖))), (4.3)

such that 𝑑𝑖 = 1 if 𝑦𝑖 is repeated in the window.
The score of the continuation is then defined as

𝑠rep(𝐲) = 𝜎(𝐰⊤
𝑟 RNNrep(𝐝)), (4.4)

where RNNrep(𝐝) is the final state of a unidirectional RNN ran over the similarity scores
𝐝 = 𝑑1…𝑑𝑛 and 𝐰𝑟 is a learned vector. The model is trained to maximize the ranking
log likelihood

𝐿rep = ∑
(𝐱,𝐲𝑔 )∈𝐷,
𝐲𝑠∼LM(𝐱)

log 𝜎(𝑠rep(𝐲𝑔) − 𝑠rep(𝐲𝑠)), (4.5)

which corresponds to the probability of the gold ending 𝐲𝑔 receiving a higher score
than the ending sampled from the RNN language model.

Entailment Model

Judging textual quality can be related to the natural language inference (NLI) task of
recognizing textual entailment (Bowman et al., 2015; Dagan, Glickman, and Magnini,
2006): we would like to guide the generator to neither contradict its own past generation
(the maxim of Quality) nor state something that readily follows from the context (the
maxim of Quantity). The latter case is driven by the RNNs habit of paraphrasing itself
during generation.
We train a classifier that takes two sentences 𝑎 and 𝑏 as input and predicts the

relation between them as either contradiction, entailment or neutral. We use the neutral
class probability of the sentence pair as discriminator score, in order to discourage
both contradiction and entailment. As entailment classifier we use the decomposable
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attention model (Parikh et al., 2016), a competitive, parameter-efficient model for
entailment classification.1 The classifier is trained on two large entailment datasets,
SNLI (Bowman et al., 2015) and MultiNLI (Williams, Nangia, and Bowman, 2017), which
together have more than 940,000 training examples. We train separate models based on
the vocabularies of each of the datasets we use for evaluation.
In contrast to our other communication models, this classifier cannot be applied

directly to the full context and continuation sequences it is scoring. Instead every
completed sentence in the continuation should be scored against all preceding sentences
in both the context and continuation.

Let 𝑡(𝐚, 𝐛) be the log probability of the neutral class. Let 𝑆(𝐲) be the set of complete
sentences in 𝐲, 𝑆last(𝐲) the last complete sentence, and 𝑆init(𝐲) the sentences before
the last complete sentence. We compute the entailment score of 𝑆last(𝐲) against all
preceding sentences in 𝐱 and 𝐲, and use the score of the sentence-pair for which we
have the least confidence in a neutral classification:

𝑠entail(𝐱, 𝐲) = 𝑚𝑖𝑛𝐚∈𝑆(𝐱)∪𝑆init(𝐲)𝑡(𝐚, 𝑆last(𝐲)). (4.6)

Intuitively, we only use complete sentences because the ending of a sentence can
easily flip entailment. As a result, we carry over entailment score of the last complete
sentence in a generation until the end of the next sentence, in order to maintain
the presence of the entailment score in the objective. Note that we check that the
current sentence is not directly entailed or contradicted by a previous sentence and
not the reverse. 2 In contrast to our other models, the score this model returns only
corresponds to a subsequence of the given continuation, as the score is not accumulated
across sentences during beam search. Instead the decoder is guided locally to continue
complete sentences that are not entailed or contradicted by the previous text.

Relevance Model

The relevance model encodes the maxim of Relation by predicting whether the content
of a candidate continuation is relevant to the given context. We train the model to
distinguish between true continuations and random continuations sampled from other
(human-written) endings in the corpus, conditioned on the given context.

First both the context and continuation sequences are passed through a convolutional
layer, followed by maxpooling to obtain vector representations of the sequences:

𝑎 = maxpool(conv𝑎(𝑒(𝐱))), (4.7)
𝑏 = maxpool(conv𝑏(𝑒(𝐲))). (4.8)

The goal of maxpooling is to obtain a vector representing the most important semantic
information in each dimension.

1 We use the version without intra-sentence attention.
2 If the current sentence entails a previous one it may simply be adding more specific information, for
instance: “He hated broccoli. Every time he ate broccoli he was reminded that it was the thing he hated
most.”
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Data: context 𝐱, beam size 𝑘, sampling temperature 𝑡
Result: best continuation
best = None
beam = [𝐱]
for step = 0; step < max_steps; step = step +1 do

next_beam = []
for candidate in beam do

next_beam.extend(next_k(candidate))
if termination_score(candidate) > best.score then

best = candidate.append(term)
end

end
for candidate in next_beam do

⊳ score with models
candidate.score += 𝑓𝜆(candidate)

end
⊳ sample k candidates by score

beam = sample(next_beam, 𝑘, 𝑡)
end
if learning then

update 𝜆 with gradient descent by comparing best against the gold.
end
return best

Algorithm 1: Inference/Learning in the Learning to Write Framework.

The scoring function is then defined as

𝑠rel = 𝐰𝑇
𝑙 ⋅ (𝑎 ◦ 𝑏), (4.9)

where element-wise multiplication of the context and continuation vectors will amplify
similarities.
We optimize the ranking log likelihood

𝐿rel = ∑
(𝐱,𝐲𝑔 )∈𝐷,
𝐲𝑟∼𝐷𝐲

log 𝜎(𝑠rel(𝐱, 𝐲𝑔) − 𝑠rel(𝐱, 𝐲𝑟)), (4.10)

where 𝐲𝑔 is the gold ending and 𝐲𝑟 is a randomly sampled ending.

Lexical Style Model

In practice RNNs generate text that exhibit much less lexical diversity than their training
data. To counter this effect we introduce a simple discriminator based on observed
lexical distributions which captures writing style as expressed through word choice.
This classifier therefore encodes aspects of the maxim of Manner.

The scoring function is defined as

𝑠bow(𝐲) = 𝐰𝑇
𝑠maxpool(𝑒(𝐲)). (4.11)

The model is trained with a ranking loss using negative examples sampled from the
language model, similar to Equation 4.5.
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BookCorpus TripAdvisor

Model BLEU Meteor Length Vocab Trigrams BLEU Meteor Length Vocab % Trigrams
L2W 0.52 6.8 43.6 73.8 98.9 1.7 11.0 83.8 64.1 96.2

AdaptiveLM 0.52 6.3 43.5 59.0 92.7 1.94 11.2 94.1 52.6 92.5
CacheLM 0.33 4.6 37.9 31.0 44.9 1.36 7.2 52.1 39.2 57.0
Seq2Seq 0.32 4.0 36.7 23.0 33.7 1.84 8.0 59.2 33.9 57.0
SeqGAN 0.18 5.0 28.4 73.4 99.3 0.73 6.7 47.0 57.6 93.4
Reference 100.0 100.0 65.9 73.3 99.7 100.0 100.0 92.8 69.4 99.4

Table 4.1: Results for automatic evaluation metrics for all systems and domains, using the
original continuation as the reference. The metrics are: Length - Average total length
per example; Trigrams - % unique trigrams per example; Vocab - % unique words per
example.

4.2.3 Mixture Weight Learning

Once all the communication models have been trained, we learn the combined decoding
objective. In particular we learn the weight coefficients 𝜆𝑘 in equation 4.1 to linearly
combine the scoring functions, using a discriminative loss

𝐿mix = ∑
(𝐱,𝐲)∈𝐷

(𝑓𝜆(𝐱, 𝐲) − 𝑓𝜆(𝐱,(𝐱))2, (4.12)

where  is the inference algorithm for beam search decoding. The weight coefficients
are thus optimized to minimize the difference between the scores assigned to the gold
continuation and the continuation predicted by the current model.

Mixture weights are learned online: Each successive generation is performed based
on the current values of 𝜆, and a step of gradient descent is then performed based on the
prediction. This has the effect that the objective function changes dynamically during
training: As the current samples from the model are used to update the mixture weights,
it creates its own learning signal by applying the generative model discriminatively.
The SGD learning rate is tuned separately for each dataset.

4.2.4 Beam Search

Due to the limitations of greedy decoding and the fact that our scoring functions do not
decompose across time steps, we perform generation with a beam search procedure,
shown in Algorithm 1. The naive approach would be to perform beam search based
only on the language model, and then rescore the 𝑘 best candidate completions with
our full model. We found that this approach leads to limited diversity in the beam and
therefore cannot exploit the strengths of the full model.
Instead we score the current hypotheses in the beam with the full decoding objec-

tive: First, each hypothesis is expanded by selecting the 𝑘 highest scoring next words
according to the language model (we use beam size 𝑘 = 10). Then 𝑘 sequences are
sampled from the 𝑘2 candidates according to the (softmax normalized) distribution over
the candidate scores given by the full decoding objective. Sampling is performed in
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BookCorpus Specific Criteria Overall Quality
L2W vs. Repetition Contradiction Relevance Clarity Better Equal Worse

AdaptiveLM +0.48 +0.18 +0.12 +0.11 47% 20% 32%
CacheLM +1.61 +0.37 +1.23 +1.21 86% 6% 8%
Seq2Seq +1.01 +0.54 +0.83 +0.83 72% 7% 21%
SeqGAN +0.20 +0.32 +0.61 +0.62 63% 20% 17%

LM vs. Reference -0.10 -0.07 -0.18 -0.10 41% 7 % 52%
L2W vs. Reference +0.49 +0.37 +0.46 +0.55 53% 18% 29%

TripAdvisor Specific Criteria Overall Quality
L2W vs. Repetition Contradiction Relevance Clarity Better Equal Worse

AdaptiveLM +0.23 -0.02 +0.19 -0.03 47% 19% 34%
CacheLM +1.25 +0.12 +0.94 +0.69 77% 9% 14%
Seq2Seq +0.64 +0.04 +0.50 +0.41 58% 12% 30%
SeqGAN +0.53 +0.01 +0.49 +0.06 55% 22% 22%

LM vs. Reference -0.10 -0.04 -0.15 -0.06 38% 10% 52%
L2W vs. Reference -0.49 -0.36 -0.47 -0.50 25% 18% 57%

Table 4.2: Results of crowd-sourced evaluation on different aspects of the generation quality
as well as overall quality judgments. For each sub-criteria we report the average of
comparative scores on a scale from -2 to 2. For the overall quality evaluation decisions
are aggregated over 3 annotators per example.

order to increase diversity, using a temperature of 1.8, which was tuned by comparing
the coherence of continuations on the validation set.
At each step, the discriminator scores are recomputed for all candidates, with the

exception of the entailment score, which is only recomputed for hypotheses which end
with a sentence terminating symbol. We terminate beam search when the termination_-
score, the maximum possible score achievable by terminating generation at the current
position, is smaller than the current best score.

4.3 experiments

4.3.1 Corpora

We use two English corpora for evaluation. The first is the TripAdvisor corpus (Wang,
Lu, and Zhai, 2010), a collection of hotel reviews with a total of 330 million words.3 The
second is the BookCorpus (Zhu et al., 2015), a 980 million word collection of novels
by unpublished authors.4 In order to train the discriminators, mixing weights, and the
Seq2Seq and SeqGAN baselines, we segment both corpora into sections of length ten

3 http://times.cs.uiuc.edu/~wang296/Data/
4 http://yknzhu.wixsite.com/mbweb

http://times.cs.uiuc.edu/~wang296/Data/
http://yknzhu.wixsite.com/mbweb
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sentences, and use the first 5 sentence as context and the second 5 as the continuation.
See Appendix 4.9 for further details.

4.3.2 Baselines

adaptivelm Our first baseline is the same Adaptive Softmax (Grave et al., 2016)
language model used as base generator in our framework (§4.2.1). This enables us to
evaluate the effect of our enhanced decoding objective directly. A 100k vocabulary
is used and beam search with beam size of 5 is used at decoding time. AdaptiveLM
achieves perplexity of 37.46 and 18.81 on BookCorpus and TripAdvisor respectively.

cachelm As another LM baseline we include a continuous cache language model
(Grave, Joulin, and Usunier, 2017) as implemented by Merity, Keskar, and Socher
(2018), which recently obtained state-of-the-art perplexity on the Penn Treebank corpus
(Marcus, Marcinkiewicz, and Santorini, 1993). Due to memory constraints, we use a
vocabulary size of 50k for CacheLM. To generate, beam search decoding is used with
a beam size 5. CacheLM obtains perplexities of 70.9 and 29.71 on BookCorpus and
TripAdvisor respectively.

seq2seq As our evaluation can be framed as sequence-to-sequence transduction,
we compare against a seq2seq model directly trained to predict 5 sentence continuations
from 5 sentences of context, using the OpenNMT attention-based seq2seq implementa-
tion (Klein et al., 2017). Similarly to CacheLM, a 50k vocabulary was used and beam
search decoding was performed with a beam size of 5.

seqgan Finally, as our use of discriminators is related to Generative Adversarial
Networks (GANs), we use SeqGAN (Yu et al., 2017a) a GAN for discrete sequences
trained with policy gradients.5 This model is trained on 10 sentence sequences, which
is significantly longer than previous experiments with GANs for text; the vocabulary
is restricted to 25k words to make training tractable. Greedy sampling was found to
outperform beam search. For implementation details see Appendix 4.8.

4.3.3 Evaluation Setup

We pose the evaluation of our model as the task of generating an appropriate continua-
tion given an initial context. In our open-ended generation setting the continuation is
not required to be a specific length, so we require our models and baselines to gener-
ate 5-sentence continuations, consistent with the way the discriminator and seq2seq
baseline datasets are constructed.

Previous work has reported that automatic measures such as BLEU (Papineni et al.,
2002) and Meteor (Denkowski and Lavie, 2010) do not lead to meaningful evaluation
when used for long or creative text generation where there can be high variance
among acceptable generation outputs (Vedantam, Lawrence Zitnick, and Parikh, 2015;

5 We use the implementation available at https://github.com/nhynes/abc.

https://github.com/nhynes/abc
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Context We thoroughly enjoyed staying at this hotel. We travelled with our kids aged 4 and 6. The
rooms were clean, spacious and well maintained. The beds were great and all of us slept well.
The hotel provided vouchers towards breakfast at the adjoining restaurant.

L2W We didn’t have breakfast, so can’t comment on that. The concierge was very helpful, and gave
us directions, etc. Overall, we would definitely recommend this hotel to others. We would stay
here again in a heartbeat. If you’re looking for a great location, and good value, I’d recommend
this hotel.

AdaptiveLM The breakfast buffet was very good, and the staff was very friendly and helpful, and it was a
great way to start our day! I would definitely stay here again, and would recommend it to my
friends, and would stay there again if I ever go back to Montreal. The location was great, and
the staff was friendly and helpful. I would definitely stay here again!!

CacheLM The staff was very friendly and helpful. The hotel is located in a great location. It is right in
the middle of the gaslamp district. I would recommend this hotel to anyone. I would definitely
stay here again.

Seq2Seq The staff were very friendly and helpful. The hotel is in a great location. The staff were very
friendly and helpful. The hotel is in a great location. The staff were very friendly and helpful.

SeqGAN We had a breakfast at Shula’s & a delicious breakfast. The staff was very helpful and helpful.
The breakfast was great as well. The staff was very helpful and friendly. We had a great service
and the food was excellent.

Reference The restaurant was great and we used the vouchers towards whatever breakfast we ordered.
The hotel had amazing grounds with a putting golf course that was fun for everyone. The
pool was fantastic and we lucked out with great weather. We spent many hours in the pool,
lounging, playing shuffleboard and snacking from the attached bar. The happy hour was great
perk.

Table 4.3: Example continuations generated by our model (L2W) and various baselines (all given
the same context from TripAdvisor) compared to the reference continuation.
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Trip Advisor Ablation

Ablation vs. LM Repetition Contradiction Relevance Clarity Better Neither Worse
Repetition Only +0.63 +0.30 +0.37 +0.42 50% 23% 27%
Entailment Only +0.01 +0.02 +0.05 -0.10 39% 20% 41%
Relevance Only -0.19 +0.09 +0.10 +0.060 36% 22% 42%

Lexical Style Only +0.11 +0.16 +0.20 +0.16 38% 25% 38%
All +0.23 -0.02 +0.19 -0.03 47% 19% 34%

Table 4.4: Crowd-sourced ablation evaluation of generations on TripAdvisor. Each ablation uses
only one discriminative communication model, and is compared to AdaptiveLM.

Wiseman, Shieber, and Rush, 2017). However, we still report these measures as one
component of our evaluation. Additionally we report a number of custom metrics
which capture important properties of the generated text: Length – Average sequence
length per example; Trigrams – percentage of unique trigrams per example; Vocab –
percentage of unique words per example. Endings generated by our model and the
baselines are compared against the reference endings in the original text. Results are
given in Table 4.1.

For open-ended generation tasks such as our own, human evaluation has been found
to be the only reliable measure (Li et al., 2016c; Wiseman, Shieber, and Rush, 2017).
For human evaluation, two possible endings are presented to a human, who assesses
the text according to several criteria, which are closely inspired by Grice’s Maxims:
repetition, contradiction, relevance and clarity. See Appendix 4.10 for examples of the
evaluation forms we used. For each criterion, the two continuations are compared
using a 5-point Likert scale, to which we assign numerical values of −2 to 2. The scale
measures whether one generation is strongly or somewhat preferred above the other,
or whether they are equal. Finally, the human is asked to make a judgement about
overall quality: which ending is better, or are they of equal quality?
The human evaluation is performed on 100 examples selected from the test set of

each corpus, for every pair of generators that are compared. We present the examples
to workers on Amazon Mechanical Turk, using three annotators for each example. The
results are given in Table 4.2. For the Likert scale, we report the average scores for each
criterion, while for the overall quality judgement we simply aggregate votes across all
examples.

4.4 results and analysis

4.4.1 Quantitative Results

The absolute performance of all the evaluated systems on BLEU and Meteor is quite
low (Table 4.1), as expected. However, in relative terms L2W is superior or competitive
with all the baselines, of which AdaptiveLM performs best. In terms of vocabulary
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and trigram diversity only SeqGAN is competitive with L2W, likely due to the fact that
sampling based decoding was used. For generation length only L2W and AdaptiveLM
even approach human levels, with the former better on BookCorpus and the latter on
TripAdvisor.

Under the crowd-sourced evaluation (Table 4.2), on BookCorpus our model is con-
sistently favored over the baselines on all dimensions of comparison. In particular,
our model tends to be much less repetitive, while being more clear and relevant than
the baselines. AdaptiveLM is the most competitive baseline owing partially to the
robustness of language models and to greater vocabulary coverage through the adaptive
softmax. SeqGAN, while failing to achieve strong coherency, is surprisingly diverse,
but tended to produce far shorter sentences than the other models. CacheLM has
trouble dealing with the complex vocabulary of our domains without the support of
either a hierarchical vocabulary structure (as in AdaptiveLM) or a structured training
method (as with SeqGAN), leading to overall poor results. While the Seq2Seq model
has low conditional perplexity, we found that in practice it is less able to leverage
long-distance dependencies than the base language model, producing more generic
output. This reflects our need for more complex evaluations for generation, as such
models are rarely evaluated under metrics that inspect characteristics of the text, rather
than ability to predict the gold or overlap with the gold.
For the TripAdvisor corpus, L2W is ranked higher than the baselines on overall

quality, as well as on most individual metrics, with the exception that it fails to improve
on contradiction and clarity over the AdaptiveLM (which is again the most competitive
baseline). Our model’s strongest improvements over the baselines are on repetition and
relevance.

Ablation

To investigate the effect of individual discriminators on the overall performance, we
report the results of ablations of our model in Table 4.4. For each ablation we include
only one of the communication modules, and train a single mixture coefficient for
combining that module and the language model. The diagonal of Table 4.4 contains
only positive numbers, indicating that each discriminator does help with the purpose it
was designed for. Interestingly, most discriminators help with most aspects of writing,
but all except repetition fail to actually improve the overall quality over AdaptiveLM.
The repetition module gives the largest boost by far, consistent with the intuition

that many of the deficiencies of RNN as a text generator lie in semantic repetition.
The entailment module (which was intended to reduce contradiction) is the weakest,
which we hypothesize is the combination of (a) mismatch between training and test
data (since the entailment module was trained on SNLI and MultiNLI) and (b) the lack
of smoothness in the entailment scorer, whose score could only be updated upon the
completion of a sentence.
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Crowd Sourcing

Surprisingly, L2W is even preferred over the original continuation of the initial text on
BookCorpus. Qualitative analysis shows that L2W’s continuation is often a straightfor-
ward continuation of the original text while the true continuation is more surprising
and contains complex references to earlier parts of the book. While many of the issues
of automatic metrics (Liu et al., 2016; Novikova et al., 2017) have been alleviated by
crowd-sourcing, we found it difficult to incentivize crowd workers to spend significant
time on any one datum, forcing them to rely on a shallower understanding of the text.

4.4.2 Qualitative Analysis

L2W generations are more topical and stylistically coherent with the context than the
baselines. Table 4.3 shows that L2W, AdaptiveLM, and SeqGAN all start similarly,
commenting on the breakfast buffet, as breakfast was mentioned in the last sentence of
the context. The language model immediately offers generic compliments about the
breakfast and staff, whereas L2W chooses a reasonable but less obvious path, stating that
the previously mentioned vouchers were not used. In fact, L2W is the only system not
to use the line “The staff was very friendly and helpful.”, despite this sentence appearing
in less than 1% of reviews. The semantics of this sentence, however, is expressed in
many different surface forms in the training data (e.g., “The staff were kind and quick to
respond.” ).

The CacheLM begins by generating the same over-used sentence and only produce
short, generic sentences throughout. Seq2Seq simply repeats sentences that occur often
in the training set, repeating one sentence three times and another twice. This indicates
that the encoded context is essentially being ignored as the model fails to align the
context and continuation.
The SeqGAN system is more detailed, e.g. mentioning a specific location “Shula’s”

as would be expected given its highly diverse vocabulary (as seen in Table 4.1). Yet it
repeats itself in the first sentence. (e.g. “had a breakfast”, “and a delicious breakfast” ).
Consequently SeqGAN quickly devolves into generic language, repeating the incredibly
common sentence “The staff was very helpful and friendly.”, similar to Seq2Seq.

The L2Wmodels do not fix every degenerate characteristic of RNNs. The TripAdvisor
L2W generation consists of meaningful but mostly disconnected sentences, whereas
human text tends to build on previous sentences, as in the reference continuation.
Furthermore, while L2W repeats itself less than any of our baselines, it still paraphrases
itself, albeit more subtly: “we would definitely recommend this hotel to others.” com-
pared to “I’d recommend this hotel.” This example also exposes a more fine-grained
issue: L2W switches from using “we” to using “I” mid-generation. Such subtle distinc-
tions are hard to capture during beam re-ranking and none of our models address the
linguistic issues of this subtlety.
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4.5 related work

alternative decoding objectives A number of papers have proposed alter-
native decoding objectives for generation (Shao et al., 2017). Li et al. (2016) proposed a
diversity-promoting objective that interpolates the conditional probability score with
negative marginal or reverse conditional probabilities. Yu et al. (2017) also incorporate
the reverse conditional probability through a noisy channel model in order to alleviate
the explaining-away problem, but at the cost of significant decoding complexity, making
it impractical for paragraph generation. Modified decoding objectives have long been a
common practice in statistical machine translation (Chiang, Knight, and Wang, 2009;
Koehn, Och, and Marcu, 2003; Och, 2003; Watanabe et al., 2007) and remain common
with neural machine translation, even when an extremely large amount of data is
available (Wu et al., 2016). Inspired by all the above approaches, our work presents
a general learning framework together with a more comprehensive set of composite
communication models.

pragmatic communication models Models for pragmatic reasoning about
communicative goals such as Grice’s maxims have been proposed in the context of
referring expression generation (Frank and Goodman, 2012). Andreas and Klein (2016)
proposed a neural model where candidate descriptions are sampled from a generatively
trained speaker, which are then re-ranked by interpolating the score with that of the
listener, a discriminator that predicts a distribution over choices given the speaker’s
description. Similar to our work the generator and discriminator scores are combined
to select utterances which follow Grice’s maxims. Yu et al. (2017) proposed a model
where the speaker consists of a convolutional encoder and an LSTM decoder, trained
with a ranking loss on negative samples in addition to optimizing log-likelihood.

generative adversarial networks GANs (Goodfellow et al., 2014) are an-
other alternative to maximum likelihood estimation for generative models. However,
backpropagating through discrete sequences and the inherent instability of the training
objective (Che et al., 2017) both present significant challenges. While solutions have
been proposed to make it possible to train GANs for language (Yu et al., 2017a) they
have not yet been shown to produce high quality long-form text, as our results confirm.

generation with long-term context Several prior works studied paragraph
generation using sequence-to-sequence models for image captions (Krause et al., 2017),
product reviews (Dong et al., 2017; Lipton, Vikram, and McAuley, 2015), sport reports
(Wiseman, Shieber, and Rush, 2017), and recipes (Kiddon, Zettlemoyer, and Choi, 2016).
While these prior works focus on developing neural architectures for learning domain
specific discourse patterns, our work proposes a general framework for learning a
generator that is more powerful than maximum likelihood decoding from an RNN
language model for an arbitrary target domain.
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4.6 conclusion

We proposed a unified learning framework for the generation of long, coherent texts,
which overcomes some of the common limitations of RNNs as text generation models.
Our framework learns a decoding objective suitable for generation through a learned
combination of sub-models that capture linguistically-motivated qualities of good
writing. Human evaluation shows that the quality of the text produced by our model
exceeds that of competitive baselines by a large margin.
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4.7 supplementary a

4.7.1 Base Language Model

We use a 2-layer GRU (Cho et al., 2014) with a hidden size of 1024 for each layer.
Following (Inan, Khosravi, and Socher, 2017) we tie the input and output embedding
layers’ parameters. We use an Adaptive Softmax for the final layer (Grave et al., 2016),
which factorizes the prediction of a token into first predicting the probability of 𝑘 (in our
case 𝑘 = 3) clusters of words that partition the vocabulary and then the probability of
each word in a given cluster. To regularize we dropout (Srivastava et al., 2014) cells in the
output layer of the first layer with probability 0.2. We use mini-batch stochastic gradient
descent (SGD) and anneal the learning rate when the validation set performance fails
to improve, checking every 1000 batches. Learning rate, annealing rate, and batch size
were tuned on the validation set for each dataset. Gradients are backpropagated 35
time steps and clipped to a maximum value of 0.25.

4.7.2 Cooperative Communication Models

For all the models except the entailment model, training is performed with Adam
(Kingma and Ba, 2015) with batch size 64 and learning rate 0.01. The classifier’s hidden
layer size is 300. Dropout is performed on both the input word embeddings and the
non-linear hidden layer before classification with rate 0.5.
Word embeddings are kept fixed during training for the repetition model, but are

fine-tuned for all the other models.

Entailment Model

We mostly follow the hyperparameters of Parikh et al. (2016): Word embeddings are
projected to a hidden size of 200, which are used throughout the model. Optimization is
performed with AdaGrad (Duchi, Hazan, and Singer, 2011) with initial learning rate 1.0
and batch size 16. Dropout is performed at rate 0.2 on the hidden layers of the 2-layer
MLPs in the model.
Our entailment classifier obtains 82% accuracy on the SNLI validation set and 68%

accuracy on the MultiNLI validation set.

Relevance Model

The convolutional layer is a one-dimensional convolution with filter size 3 and stride 1;
the input sequences are padded such that the input and output lengths are equal.

4.8 supplementary b

cachelm Due to memory constraints, we use a vocabulary size of 50k for CacheLM.
Beam search decoding is used, with a beam size 5.
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seqgan The implementation we used adds a number of modelling extensions to
the original SeqGAN. In order to make training tractable, the vocabulary is restricted
to 25k words, the maximum sequence length is restricted to 250, Monte Carlo rollouts
to length 4, and the discriminator updated once for every 10 generator training steps.
Greedy decoding sampling with temperature 0.7 was found to work better than beam
search.

seq2seq Due to memory constraints, we use a vocabulary size of 50k for Seq2Seq.
Beam search decoding is used, with a beam size 5.

4.9 supplementary c

For the language model and discriminators we use a vocabulary of 100, 000 words – we
found empirically that larger vocabularies lead to better generation quality. To train our
discriminators and evaluate our models, we use segments of length 10, using the first 5
sentences as context and the second 5 as the reference continuation. For TripAdvisor
we use the first 10 sentences of reviews of length at least 10. For the BookCorpus we
split books into segments of length 10. We select 20% of each corpus as held-out data
(the rest is used for language model training). From the held-out data we select a test
set of 2000 examples and two validation sets of 1000 examples each, one of which is
used to train the mixture weights of the decoding objective. The rest of the held-out
data is used to train the discriminative classifiers.

4.10 supplementary d

The forms used on Amazon Mechanical Turk are pictured in Tables 4.5, 4.6, 4.7, and 4.8.
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BookCorpus

Table 4.5: The first half of the form for the BookCorpus human evaluation.
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Table 4.6: The second half of the form for the BookCorpus human evaluation.
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TripAdvisor

Table 4.7: The first half of the form for the TripAdvisor human evaluation.
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Table 4.8: The second half of the form for the TripAdvisor human evaluation.



5
GENERAT I VE MODEL S AS A COMPLEX SY STEMS SC I ENCE

This section is adapted from Holtzman, West, and Zettlemoyer (2023)

5.1 the newformer: a thought experiment

Consider the following thought experiment:

Tomorrow, researchers at an industry lab publicly release a new kind of
pretrained model: the Newformer. It has a completely different architecture
than the Transformer (no attention, non-differentiable components, etc.), that
outperforms all pretrained Transformers on the vast majority of benchmarks.
Independent labs quickly verify that these results are sound, even on just-
released benchmarks. While the composition of the training data is public,
it is so expensive to train that no lab can afford to replicate it, even the one
that produced it. Scaled-down versions do not exhibit the same performance
or interesting behaviors as the original model.

(A)

5.1.1 How should we study the Newformer?

Identifying high-level behaviors a model does or does not share with older models
can steer us toward lower-level mechanisms it uses to solve tasks (§5.1.2, Figure 5.1).
Interpretation techniques that rely on low-level details are model specific (§5.1.3) and
often abandoned as the field changes. The Newformer is fictional, but it can help us
reconceptualize the goals and methods of generative model research in light of the new
landscape (§5.1.4).

How should we factorize model behavior into understandable and explanatory cate-
gories? (§5.2, Figure 5.2) We present a formalism for describing behavior (§5.2.1), noting
that this corresponds to a metamodel that predicts aspects of a primary model (Fig-
ure 5.3). Benchmarks help us measure performance, but rarely discover behavior (§5.2.2)
or characterize it (§5.2.3). Instead, discovered behaviors motivate new benchmarks
(§5.2.4, Figure 5.4).

Generative models qualify as complex systems (§5.3), due to their emergent behaviors
(§5.3.1, Figure 5.5), which are more often discovered than engineered (§5.3.2). A lack
of clarity on what models do holds us back, as if we were studying organic chemistry
without knowledge of biology (§5.3.3). This issue remains even when proprietary
models are released (§5.3.4), as the problem lies in our lack of behavioral vocabulary;
investigating possible mappings between training data and generated data can help us
establish new behavioral categories (§5.3.5).

63
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Figure 5.1: To explain why learned models self-organize the way they do from the bottom-
up, it is useful to have top-down hierarchy of partially decomposed behaviors,
to guide hypotheses with functionality we know the overall model has. While
networks are composed of bedrock units for which we have a perfect understanding
by construction (e.g. neurons), most emergent aspects of these systems are still
undefined and undiscovered (represented as “?”).

Despite the challenges, generative models are easier to study than many naturally
arising complex systems (§5.4), because they are simulable by construction (§5.4.1).
In contrast to physical phenomena, we can easily conduct a wide range of storable,
repeatable experiments without observer effects (§5.4.2, Figure 5.7). We do, however,
rely on the availability of open-source models (§5.4.3).

We conclude (§5.5) with an argument for increased focus on the foundational “what
are models doing?” to guide the classic “why are models doing that?”

5.1.2 Top-down behavioral taxonomy guides bottom-up mechanistic explanation

The Newformer is a completely opaque result when considering benchmarks alone;
it is simply better at doing what we want it to do than Transformer models (Vaswani
et al., 2017) were before. However, as shown in Figure 5.1, a hierarchical taxonomy of
LM behavior can guide our investigation of the Newformer, leading to questions such
as:

1. What behaviors do the Transformer models and the Newformer model share, e.g.,
does the Newformer also repeat phrases more often than as seen in the training
data?

2. Do they exhibit similar behaviors in the same contexts, e.g., does the Newformer
need fewer input-output demonstrations to exhibit in-context learning at peak
performance?
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3. Do high-level behaviors decompose into the same lower-level behaviors or does
the Newformer use different mechanisms to express them, e.g., when the New-
former is used for paraphrasing does it also tend to exactly copy the input?

Without such behavioral categories, we risk investigating the wrong direction when
we try to interpret models, because we do not know what phenomena we are trying to
explain in the first place.
Observed behavior can tell us where to look for bottom-up explanations. Al-Rfou

et al. (2019) observed emergent copying behavior in Transformer Language Models
(LMs), paving the way for the discovery of copying heads that make copying possible.
Characterizing copying heads led to the discovery of induction heads (Elhage et al.,
2021; Olsson et al., 2022): Transformer heads that are capable of copying abstract
representational patterns in previous layers and appear to be responsible for in-context
learning. Olsson et al. (2022) show that induction heads exhibit a variety of pattern
matching behaviors that are still not fully catalogued.
Attempting to explain neural networks bottom-up without being guided by behav-

ior can make it difficult to interpret results. For example, many works that identify
anisotropy in the embedding spaces of large LMs diagnose this as a deficiency, and
attempt to fix it (Ethayarajh, 2019; Gao et al., 2019; Wang et al., 2020). However, recent
work suggests that this anisotropic property may not actually limit expressivity (Biś,
Podkorytov, and Liu, 2021), may be a result of the transformer architecture specifically
(Godey, Clergerie, and Sagot, 2023), and may actually be helpful for language models
(Rudman and Eickhoff, 2023).

5.1.3 The Transformer is the old Newformer

A moderate Newformer event has occurred at least once before with LMs: the switch
from Recurrent Neural Networks (RNNs) to Transformers. Despite many partial ex-
planations (Hochreiter and Schmidhuber, 1997; Lakretz et al., 2019; Olah, 2015), we
still lack an explanatory theory of how LSTM (Hochreiter and Schmidhuber, 1997) LMs
such as ELMo (Peters et al., 2018) worked—what behaviors they could and could not
capture, how these composed, etc.—even as they were replaced by models like BERT
(Devlin et al., 2019) with similar use cases, but completely different architectural details.
This does not bode well for the introduction of something like the Newformer which is
significantly farther from the Transformer than the Transformer is from the LSTM.
On their own, bottom-up methods do not transfer well to new systems: analysis

techniques that relied on mutated state and gating in RNNs, such as visualizing gating
mechanisms (Karpathy, Johnson, and Fei-Fei, 2015), are not applicable to Transformers.
Interpretation methods for Transformer models (Rogers, Kovaleva, and Rumshisky,
2020; Weiss, Goldberg, and Yahav, 2021), such as those that use attention, are unlikely to
transfer over to the Newformer which breaks many previously immutable assumptions.
This suggests the value in doing more interpretation work that treats models like

black-boxes, as if we do not have access to their internal mechanisms. There is grow-
ing interest in looking at NLP systems as black-boxes (Bastings et al., 2022; Linzen
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et al., 2019; Ribeiro et al., 2020), though much of this work still uses intermediate
outputs—such as embeddings—rather than directly analyzing behavior in the output
space models are trained to fit. Truly black-box methods can help insulate our analysis
from change, giving us an anchor point that will always be testable on models that
use the same modality (e.g., text, speech, images). Belinkov and Bisk (2017) show that
neural machine translation systems are brittle to both natural spelling errors and syn-
thetic character-level noise. This observation can be extended to ask: Is the Newformer
robust to the same kinds of noise? Up to what threshold? Does the noise appear to
be localized in the brittleness of tokenization, as was the case for Transformer-based
systems (Provilkov, Emelianenko, and Voita, 2020)? Developing a rich inventory of such
tests would give us a universal scaffolding for analyzing any Newformer the moment it
is discovered.

5.1.4 Are we there yet?

Deciding whether a Newformer-like event has truly happened is an unresolvable
question. New models are always partially derivative, and new (possibly artificial)
axes can always be invented where they are worse or better (Wolpert and Macready,
1997). Yet three years on it is still infeasible for most labs to train a GPT-3 (Brown
et al., 2020) level LM, costing approximately half a million dollars in compute alone for
private companies—with engineering teams—to produce a similar model (Venigalla and
Li, 2022). Thus it seems that the gap for training is only growing wider as ChatGPT
(Schulman et al., 2022) and GPT-4 (OpenAI, 2023) become commonplace in research
(Yang et al., 2023; Zhang et al., 2023), production (Eloundou et al., 2023; George and
George, 2023; Ray, 2023), and even model evaluation (Liu et al., 2023b; Zheng et al.,
2023).

Unlike the Newformer these models were never released, are frequently deprecated
(OpenAI, 2023), change from day to day (Perry, 2023; Southern, 2023), and are know
to be unstable over theoretically deterministic queries (Deng, 2023). Yet, the open
source community has caught-up quickly (Alizadeh et al., 2023; Gunasekar et al.,
2023; Mukherjee et al., 2023, inter alia) helped by industry labs’ open-sourcing efforts
(Almazrouei et al., 2023; Stability AI, 2023; Touvron et al., 2023, inter alia), and new
finetuning tehchniques (Dettmers et al., 2023; Taori et al., 2023; Vicuna Team, n.d.).
However, the question still remains: how should we explain models not everyone

can train? Models that are so arduous, slow, and expensive to train that we will likely
never ablate all the necessary variables needed to study them properly?

This leaves us with mere behavior. We generally think of there as being two different
kinds of behavior: the neural behavior of different activations in models and the “output”
of the model in the form of human media (e.g., text, images, videos, etc.). Most methods
of explaining models focus on the former: trying to explain why neural activations
cluster into certain patterns and trying to understand what those patterns mean about
the output.
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We argue that not enough attention has been given to formalizing the latter: what
models are doing in the first place, in terms of regularities in their outputs. Without
such a formalization, bottom-up methods will have a much harder time deciding what
precisely to explain, and what is simply noise.

5.2 the behavioral bottleneck

How do we avoid proposing a new explanation for every exhibited difference? Surely
we do not believe that we need a benchmark for every prompt that elicits slightly
different behavior from a generative model? One solution is to propose many possible
mechanisms, but make it an explicit research agenda to discover the most parsimonious
explanation, a concept visualized in Figure 5.2. In other words, we want to be able to
predict the aspects of text we care about (e.g. factuality) with the simplest rules possible.
We briefly formalize this concept in §5.2.1, but the bulk of this chapter concerns the
need for this new research focus and the perspective it yields.

Thousands of papers observe behavioral tendencies in models, such as the ability of
a pretrained Transformer to copy from the input context (Al-Rfou et al., 2019; Elhage
et al., 2021), which we will adopt as a running example. To understand models better,
we must rigorously describe (1) what aspect of generative behavior a given mechanism
predicts (e.g. repetition, copying from the training set, etc.) and (2) how much of the
information in the output space of the model such predictions explain (since most will
not predict 100% of what a model emits).

Figure 5.2 serves as a visual map of howwemight explain models via behavior. On the
top level we have a huge diversity of benchmarks that currently exist, and the even larger
number that may one day exist. On the bottom we have the mathematical abstraction
that describes the space of all possible models. Clearly both of these represent many
more possibilities than is useful as an explanation or than is necessary to explain specific
facets of model behavior. The intermediate levels, then, deal with simplified metamodels,
i.e., models of the underlying generative model that are less explanatory, but still allow
us to interpret or theorize around models.

5.2.1 A working definition of “behavior”

Fong and Vedaldi (2017) state that: “An explanation is a rule that predicts the response
of a black box 𝑓 to certain inputs.” We think of a behavior as an explanation of limited
aspects of a model, a concept we briefly formalize. We make reference to this formal-
ization sparsely throughout the rest of the paper, as the argument can be understood
without it, and we stress that the problem we are facing is more fundamental than a
missing formalism.
Given a generative model from one input medium  (e.g., strings composed of at

most 2048 tokens) and a source of randomness to an output medium  (e.g., 512x512
pixel images):

 ∶  × →  (5.1)
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Figure 5.2: A visual representation of different aspects of models, shown from the basic elements
of models on the bottom up to the benchmarks we are attempting to solve. Nodes
represent invented and discovered aspects of models. The highlighted subgraph
captures the concepts that we might want to use for understanding the phenomenon
of “copying” in Transformers, when models generate sequences that appear in
their local context window, a behavior that serves as a running example in this paper.

We might start out by noticing that Transformer models have higher scores on
GEM (Gehrmann et al., 2021) (Benchmark), especially on summarization-like tasks
(Skill). Inspecting the data generated by the models of interest, we might notice
one of the qualitative differences separating Transformer models from other models
is the ability to correctly use novel entities (Al-Rfou et al., 2019) (Behavior). We
might ask why this is, embarking on an empirical study of when networks develop
the ability to copy, as Elhage et al. (2021) did, discovering specific attention heads
served as copying heads (Learned Structure supported by certain Elements). This
led to other discoveries such as induction heads (Elhage et al., 2021; Olsson et al.,
2022) (Learned Structure), which were found to perform a kind of generalized
copying that supports inference-time pattern recognition (Behavior), e.g., for
In-Context Learning (Brown et al., 2020) (Skill), leading to better results on fewshot
benchmarks such as CrossFit (Ye, Lin, and Ren, 2021b) (Benchmark). Research
can proceed by observing high-level behavioral regularities, explaining them via
the tendencies of the model, and using this to achieve clarity about other observed
behaviors.
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we can define a behavior as a function from the same input medium to a feature set  :

 ∶  →  (5.2)

For instance,  may be a general purpose text-to-image model trained on scraped
data, while  may map a string 𝑥 ∈  to a probability that an image(𝑥), contains at
least one dog. Or  and  may both be Unicode strings, in the case of an LM, with 
being a binary prediction as to whether(𝑥) will eventually get caught in a repetition
loop (Holtzman et al., 2020).

Our goal in proposing behaviors is to explain the underlying model using rules that
capture model tendencies. Behaviors are explanatory to the extent that they give us
information about the application of the model under distributions and over
 and , which we collectively refer to as  for brevity. We can formalize the notion
of “giving us information about the application of the model” through the mutual
information:

𝐼((𝐗, 𝐑);(𝐗)) = (5.3)
𝐻((𝐗, 𝐑)) − 𝐻((𝐗, 𝐑)|(𝐗)) (5.4)

where 𝐗 and 𝐑 are random variables drawn from  and according to  and ,
and 𝐻 is the entropy: 𝐻(𝐘) = E [− log 𝑝(𝐘)] for a random variable 𝐘. The mutual
information is a direct measure of how many bits of information we learn about one
variable given another, so this formulation directly tells us how much a behavior reveals
about expected model output.
We call setting  to be uniform over  the “mechanistic distribution.” In this

case, the mutual information is unrelated to the expected distribution of inputs in
the wild, but is instead representative of how well we can model any input to .
For instance, explaining an LM under the mechanistic distribution would require a
behavior that predicts aspects of the LM’s output accurately even for long strings
of gibberish. This may be difficult, since we often use human linguistic features to
make predictions about model outputs, but such behaviors are closer to the notion of
mechanistic interpretability that tries to fully reverse engineer the model being studied
(Olah, 2022).

If  ignores its source of randomness, i.e., 𝐼 ((𝐗, 𝐑); 𝐑) = 0—as is the case for
deterministic models such as a greedy-decoded LM—then themost explanatory behavior
is simply  = (𝐗, 𝑟) for any 𝑟 ∈ . This is a degenerate behavior, in that it is very
explanatory, but has not brought us any closer to explaining . Therefore, we would
like behaviors that are not just very high mutual information with the model, but also
point to predictable regularities in, especially in a way that allows us to build up new
hypotheses about it. Much has been written about what makes an explanation useful
(Chen et al., 2023; Jacovi and Goldberg, 2020; Lipton, 2018, inter alia), and reviewing
these desiderata is out of scope for this chapter.
The mutual information 𝐼((𝐗, 𝐑);(𝐗)) can also be viewed as how much a

behavior allows us to compress the output of a model under a distribution , e.g., a
distribution of articles for a summarization task (and a random number generator



5.2 the behavioral bottleneck 70

Figure 5.3: If we cannot train models easily, but those models are sufficiently general and useful,
we can predict what models can and can’t do, rather than what a model trained
differently would do.

𝐑). This is because any bits of information revealed by one variable, can be used to
compress the other, under a proper coding scheme (Cover, 1999).

The concept of Minimum Description Length (MDL) has been used as an information
theoretic criterion for finding good hypotheses (Grünwald, 2007). Essentially, it suggests
an extension to Occam’s razor (Barry, 2014): that we should favor explanations that
are simple to describe and explain the object under study the most. We can formalize
this notion for behaviors, via an encoding scheme 𝐶 that represents behaviors  and
outputs 𝑦 ∈  as binary strings of variable (but finite) length 𝑠 ∈  , where |𝑠| is the
length of a string 𝑠. A naïve MDL objective would then be:

argmin


|()| +∑
𝑥∈

E [|((𝑥, 𝐑)|(𝐗))|] (5.5)

However, this would not suit our general objective: we do not necessarily wish to
encode all possible data a model could produce, especially since most models have huge



5.2 the behavioral bottleneck 71

output spaces of largely low probability density. Instead, we would like to quantify the
information behaviors can save us under  .

To capture the idea “how much space does  save us under  we can use:

argmin


|()| + 𝛼𝐻((𝐗, 𝐑)|(𝐗)) (5.6)

where we replace the second term with the conditional entropy 𝐻, since this describes
the minimum number of bits that could be used to represent the information encoded
(Cover, 1999). This can be interpreted as, “we would like behaviors that on average,
save us more space in terms of encoding the possible outcomes of a model than they
take to describe.” 𝛼 allows us to trade-off how much we weight the representation of
the behavior vs. the outputs of a model, where larger values of 𝛼 may be appropriate if
we are dealing with a many outputs, making the bits saved by way of conditioning on
the behavior more pertinent.

Overall, we seek to find behaviors that are both explanatory and simple to describe.
We can think of this as attempting to find a metamodel: models that are designed
or trained to predict another model’s behavior (Barton and Meckesheimer, 2006), as
illustrated in Figure 5.3. This suggests we want to find behaviors that transfer over
different contexts so we can predict where models will be useful and where they will
break down.

5.2.2 Can benchmarks discover new behavior?

In general, discrepancies in performance between benchmarks can hint at potentially
new behavior, but they cannot discover behavior we have not yet observed. Given
the diversity of NLP benchmarks, it is likely that the Newformer (§5.1) will perform
drastically different on certain pairs of benchmarks we believe to be related, e.g., the
same task in two different domains. This is a useful signal for where to inspect behavior,
but benchmarks alone cannot reveal new abilities, underlying mechanisms, or shortcut
heuristics the Newformer is relying on that cause a discrepancy in results and what
else its effects are.

For example, it is very difficult to imagine how prompting (Liu et al., 2021; Radford
et al., 2019c) could have been discovered via benchmarking. Finetuning a generative
model, such as GPT-2 (a), and doing well or badly at any number of benchmarks
could not have revealed a model can be prompted with text that matched training
data patterns, to elicit behavior such as summary generation via the string “TL;DR” or
translation through formatting such as “French sentence: <source>\\English sentence:”.
These discoveries are a result of inspecting the generative behavior of GPT-2, and only
afterwards testing a perceived pattern on benchmarks.

How do we try to explain the behavior of models, once we know there’s a discrepancy
wewant to explain? Oftenwe attempt to look at the qualitative differences between tasks
a model is good or bad at, and come up with hypotheses for what the model is failing
to do when it performs poorly, e.g., across different finetuning tasks (Li et al., 2021).
While useful for coming up with hypotheses, using benchmarks as evidence of behavior
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requires care, because it is often unclear what a given benchmark is actually testing.
Rohrbach et al. (2018) show that image captioning systems hallucinate objects not
present in the scene, and are unintentionally rewarded for doing so by standard metrics,
by capturing phrasing and 𝑛grams of reference captions better when hallucinating. Liao
et al. (2021) describe a detailed framework for assessing benchmark validity and note
the complexity of ensuring benchmarks test what we would like them to. Thus, since
we often do not know precisely what behavior benchmarks test, they might indicate
what contexts to examine the Newformer in, but not precisely what it does.

5.2.3 Can benchmarks characterize behavior?

Consider standardized tests for humans—such as the SAT (College Admission Counsel-
ing, 2008) or the NCEE (百度百科, 2022)—while the debate about how much these tests
tell us is heated, there is little resistance to the statement: test scores do not fully describe
human behavior, even within the subjects they test such as mathematics and biology.

Performance data about a bicycle is not sufficient to reverse-engineer its gear system.
Even with perfectly valid benchmarks, the subspace of benchmark performance is not
descriptive enough to characterize behavior. As we greatly increase the number of
benchmarks, we are left with the problem of determining precisely how benchmarks
overlap and differ in a way that characterizes behavior (Figure 5.2). Because the space
of benchmarks is limited, as we test for human-desirable skills and human-interpretable
pitfalls, discovering novel behavior in non-human systems is difficult.

Measuring systems only for their expected purposes makes it difficult to disentangle
component behaviors that allow models to produce the desired or undesired outputs, as
failure under distribution shift often reveals. For example, neural machine translation
often outputs completely irrelevant translations under domain shift (Müller, Gonzales,
and Sennrich, 2020; Wang and Sennrich, 2020). This is exacerbated by the fact that
most generative models are not trained with a precise purpose in mind.
Imagine testing whether an LM can summarize an article. In order to summarize

an article a requisite skill required by models is copying, because novel entities are
constantly appearing, but need to be referenced in the summary. See, Liu, and Manning
(2017) add a copying mechanism to an RNN in order to improve its copying ability for
summarization. If we were to only look at performance on summarization, we would
be unlikely to notice whether copying was happening or not directly—only whether
performance is hitting certain desired levels.

Benchmarks are, by necessity, scoped to certain contexts that are presumed to test for
certain behaviors—but they do not directly tell us what patterns the model is exploiting
to solve the task, as Liao et al. (2021) point out. This was a hard-learned lesson in many
benchmarks, such as when it was discovered that SNLI (Gururangan et al., 2018; Poliak
et al., 2018) could be solved with hypothesis-only systems that only use a subset of the
information that was supposed to be necessary to the task.



5.2 the behavioral bottleneck 73

Figure 5.4: An example of how behaviors can be used to create new evaluations. These examples
were generated from GPT-4, but required significant human curation, suggesting
that Thought Experiment B has not yet occurred.

5.2.4 Behaviors: building blocks for evaluation

Benchmarks are still the best solution for coordinating cross-lab experimental compar-
isons, and we expect them to continue to be useful in that respect indefinitely. However,
to answer “What strategy is the Newformer using for this task?” and “What failure
modes should we expect?” and “What else do we expect the Newformer to be capable
of?” we cannot use benchmarks alone to guide where we inspect model behavior, nor
as a means to define it.

Instead, we propose an increased focus on behavior, because we believe the science of
generative models is currently held back by insufficient understanding of what models
are doing in general, rather than how well models perform on specific tasks. These
are highly related to each other, and we can think of behaviors as building blocks for
evaluation. Consider the following thought experiment:

A new LM is released with many of the expected capabilities, such as basic
arithmetic and basic translation, but another interesting behavior is noticed
and hypothesized: when asked properly in natural language, the model can
stegonographically encode complex hidden messages while completing other
tasks.

(B)

When this LM is released it is unlikely there are any benchmarks that test this particular
capability. While we could design a specific benchmark for this behavior, this would be
somewhat counter-productive: what we really care about is the Cartesian product of
this behavior and other tasks that we were already testing. In this sense, behaviors are
the building blocks for benchmarks.
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As Chang and Bergen (2023) point out in their survey of behaviors, researchers are
often surprised by the outputs of the models they work with; it should not surprise us
that we cannot premeditate benchmarks to capture behavior when modeling improve-
ments have outpaced our ability to be exposed to generated data. One way to be more
nimble to new behaviors, is to directly measure behaviors we expect (Jain et al., 2023),
flagging unexpected combinations for inspection.
On the surface, it might seem that naming behavioral categories such as “copying”

or “in-context learning” is just as liable to obsolescence as any other analysis. What
should we do if the Newformer does not exhibit these behaviors? We argue that this is
a very unlikely scenario: as long as we are attempting to train models to mimic human
understandable phenomena, there will be human perceivable patterns that we expect
models to mimic as well.

5.3 generative models as a complex systems science

While the Newformer (§5.1) is a thought experiment, it is representative of many facets
of research regarding generative models today; suddenly, focus has shifted to searching
for emergent behaviors in large and often inscrutable models. Larger pretrained models
continue to be trained and continue to perform better (OpenAI, 2023; Pichai, 2023;
Schulman et al., 2022, inter alia). While efforts to release models (Almazrouei et al., 2023;
Stability AI, 2023; Touvron et al., 2023) and involve more researchers in model training
(BigScience, 2022) can increase transparency and provide more information, it is well
beyond the resources of the vast majority of labs to train. Efficiency breakthrough are
likely to be exploited to further increase model size and feed into the same problem
they were meant to solve.
Thus, it seems likely that training and re-training models is no longer the path

towards understanding them for the vast majority of researchers. In many fields the
creation of what it studies is impossible, from biology to astronomy. Many of these
fields are complex systems sciences, in that they focus on the question illustrated in
Figure 5.5: how do the macro-level behaviors we observe (life, black holes, etc.) arise
from the micro-level units we understand better (chemicals, regular matter, etc.)?

In other words, we suggest studying generative models themselves not just generative
modeling.

5.3.1 What is a complex system?

Newman (2011) establishes a working definition:

[A] system composed of many interacting parts, such that the collective
behavior of those parts together is more than the sum of their individ-
ual behaviors. The collective behaviors are...“emergent” behaviors, and a
complex system can thus be said to be a system of interacting parts that
displays emergent behavior.
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Figure 5.5: Complex systems are characterized by two or more levels of regularity: a micro-
level in which local interactions are at least partially predictable and a macro-
level in which many local interactions collectively exhibit recognizable patterns.
Emergence describes how macro-level regularity is hard to predict in advance from
comparatively well-understood micro-level dynamics.

Recently, interest in emergent behavior has grown in NLP (Bubeck et al., 2023; Manning
et al., 2020; Teehan et al., 2022; Wei et al., 2022, inter alia), though it is usually defined,
in terms of scaling over model parameters, dataset size, or computational power. We
rely on a much simpler definition:

Emergent behaviors are system level behaviors that are hard to predict
from the dynamics of lower level subcomponents.

For instance, the ocean is a complex system. We can understand many properties of in-
dividual water molecules, e.g., H2O has a partial positive and negative charge in certain
places due its composition, but the aggregate properties of water as a collective whole
exhibits predictable properties such as waves. It is difficult to predict the properties of
water from H2O because “the interactions of interest are non-linear...[yielding] levels of
organization and hierarchies—selected aggregates at one level become ‘building blocks’
for emergent properties at a higher level, as when H2O molecules become building
blocks for water.” (Holland, 2014)
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Similarly, we understand the basic mechanical properties of LMs at the neuronal
level, e.g., we have a perfect understanding of how to predict what any individual
neuron will do given arbitrary inputs (by construction), but we also notice patterns
at the level of model behavior, e.g., the emergent copying behavior, which is observed
in both Transformer models (Al-Rfou et al., 2019; Khandelwal et al., 2019) and LSTM
models (2018). In the face of new behavior that a model such as the Newformer might
exhibit, we would be even less certain of how lower-level system components add up
to observed responses.

5.3.2 Emergent behaviors in LMs are discovered, not designed

Neural architectural elements (e.g. position embeddings) and training methods (e.g.
masking strategies) deeply affect the resulting model but do not fully explain behavior.
We often fail to create the behavior we attempted to engineer into an architecture and
discover new, unintentional behavior.
Many architectures have been designed to make use of longer context (Beltagy,

Peters, and Cohan, 2020; Child et al., 2019; Yu et al., 2023, inter alia), but evidence
suggests that these models often do not make use of the long-term dependencies that
they intended to capture (Liu et al., 2023a; Press, Smith, and Lewis, 2021; Sun et al.,
2021). Inversely, BERT was shown to capture much of the functionality of a knowledge
base without task-specific training (Petroni et al., 2019).

To illustrate the difference between designing and discovering behavior, let us return
to our running example of the copying behavior, where models produce a span that
was in their input. A classic example of designing behavior is pointer-generator mod-
els (See, Liu, and Manning, 2017), in which a specific, discrete mechanism was added to
encourage a certain behavior: copying. Transformers, on the other hand, were designed
such that computation at a given time-step could attend to any previous time-step
that was included in the context window. This intentionally removed the recurrence in
architectures such as LSTMs (Hochreiter and Schmidhuber, 1997) and GRUs (Cho et al.,
2014) in order to increase efficiency on highly parallelizable hardware such as GPUs
and TPUs. A side-effect of this change was the emergent behavior of copying that arises
directly from the Transformer architecture trained as a language model (Al-Rfou et al.,
2019).

Instead of directly designing models for these purposes, we are now in the position of
training general models with different structure and actively probing them for behavior.
Using various data and masking strategies has produced models that can be controlled
through different metadata (Aghajanyan et al., 2022; Keskar et al., 2019; Zellers et al.,
2019b), while instruction-tuning has shown that pretrained LMs can be finetuned for
control (Chung et al., 2022; Mishra et al., 2022; Ouyang et al., 2022, inter alia) often
with very limited data (Dettmers et al., 2023; Taori et al., 2023; Zhou et al., 2023).

This discovery process focuses on giving the model access to certain kinds of correla-
tions, and then inspecting what model behavior emerges.
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5.3.3 Neuronal explanations are limited by our understanding of behavior

It is difficult to explain how or why LMs produce their outputs without having a good
description of what they do. Explaining behavior bottom-up, requires an understanding
of what behaviors we are trying to explain. Mittal, Diallo, and Tolk (2018) note:

an emergent property of a system is usually discovered at the macro-level
of the behavior of the system and cannot be immediately traced back to the
specifications of the components, whose interplay produce this emergence.

This is the situation we find ourselves in with regards to large, pretrained models. We
cannot, in general, predict how structure will form. While we can engineer systems
with the hope of producing certain kinds of behavior, e.g., training on multimodal data
to produce models that can draw inferences in ways that integrate paired text and
images, this often does not produce the desired results (Ilharco et al., 2021; Parcalabescu
et al., 2021).

Bottom-up investigation can reveal key properties of emergent organization within
LMs, e.g. BERT replicates features of the classical NLP pipeline (Tenney, Das, and Pavlick,
2019). But when anomalous behavior is discovered, e.g., the DALL•E 2 hypothesized
“hidden vocabulary” of invented words that correspond to specific image categories
(Daras and Dimakis, 2022), it is difficult to investigate them with bottom-up tools until
we reach a better understanding of what triggers them, what their scope is, etc. There
have been attempts to reject the hidden vocabulary hypothesis (Hilton, 2022), but it is a
very difficult hypothesis to rebut from first principles: what tests reject the hypothesis
“DALL•E 2 has a hidden set of vocabulary with clear and consistent meaning” rather
than “this specific mapping from the vocabulary to features isn’t correct”?

This is similar to trying to research organic chemistry without knowledge of biology:
it is certainly not impossible, but without high-level guides to the kind of structure
one is expecting, the search space is huge and it is difficult to know where to look. Our
lack of a behavioral taxonomy hampers research into internal structure, especially in
models that break current assumptions such as the Newformer, as it is significantly
more challenging to probe for structure without knowing what patterns in the outputs
hint at the presence of structure.

5.3.4 Access is not a silver bullet

Consider the following thought experiment:

Tomorrow, all industry labs publicly release all of their pretrained models (C)

Despite the fact that this would doubtlessly help us understand the basic properties of
a given model such as ChatGPT, e.g., how large it is, we would still have significant
obstacles on the way to explaining why ChatGPT is capable of writing short stories for
almost any given prompt.
Indeed, the problem with answering the question of “How can a language model

write a story?” has much less to do with language models and much more to do with
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the fact that we are currently incapable of answering the question “How can 𝑥 write
a short story?” for any value of 𝑥 . We find ourselves in the strange position of being
able to train models we do not fully understand for tasks we do not fully understand or
anticipate in advance.

The key to answering this question is to ask: what kind of explanation would satisfy
us? For instance, when it comes to LMs, one explanation is that models are simply
reconstructing long sequences from the training set and stitching them together. While
a significant amount of memorization is taking place (Carlini et al., 2023; Lee et al.,
2022; McCoy et al., 2023, inter alia) models appear to be able to generate data that is
not a trivial recombination of the training data (Bubeck et al., 2023; Olsson et al., 2022;
Tirumala et al., 2022).
The goal, then, should be to build up the case for a reasonable hypothesis that explain

the breadth, depth, and (most importantly) mistakes models make when executing a
complex task. However, we do not want a new explanation for every new task, which
is precisely why we argue for the formalization and study of behaviors that describe
the underlying strategies of models.
While model access would not directly solve these problems, we do believe that

open-source models are a necessary prerequisite to this research program, for reasons
outlined in §5.4.3.

5.3.5 (Generated) data represents behavior

Behavior in large pretrained models is nothing more than the answer to the question
“How can we characterize the distribution of data this model generates?” Aspects of
the training data such as the presence of multiple languages (Blevins and Zettlemoyer,
2022; Lin et al., 2021) or the number of repeated documents (Kandpal, Wallace, and
Raffel, 2022; Lee et al., 2022) in the training set have been shown to be explanatory of
zero-shot translation abilities and model tendency to leak training data, respectively.
Figure 5.6 visualizes what kind of behavioral mappings we can explore with data-

based explanations. Shared behavior—patterns that are found in both the training and
inference data (the outputs of the model)—are the simplest to search for, because they
only require finding a specific behavior in the training or inference data and then
looking for it in the other. For instance, the prompting behavior discovered in GPT-2
that causes summaries to be generated when “TL;DR” is placed after an article is an
example of shared behavior. Idiosyncratic behaviors describe behaviors that don’t
appear to be caused directly by the training data at all, e.g., zero-length translations
in many large models (Shi, Xiao, and Knight, 2020; Stahlberg and Byrne, 2019b;
Stahlberg, Kulikov, and Kumar, 2022). Perhaps the most difficult to find behavioral
mappings are those for which behavior in the corpus yields different behavior in the
model, contingent behavior, as is hypothesized to be the case for DALL-E 2’s “hidden
vocabulary”: nonsense words that appear to consistently lend certain meanings to
produced images (Daras and Dimakis, 2022). Finally, unexpressed behavior is observed
in the training data, but not in the inference data, such as long-term consistency in
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Figure 5.6: Generative language models are trained to capture the distribution of training data,

then exhibit behavior in model outputs, i.e., inference data. See §5.3.5 for examples
of the different behavioral mappings.

story telling (See et al., 2019; Xie, Cohn, and Lau, 2023) that models have yet to properly
mimic for very long documents.

5.4 a different kind of complex system

One reasonable worry is that taking on the complex systems lens will be fruitless
because studying complex systems is a very difficult task, and we are not equipped to
tackle such a hard problem.

In fact, compared to other complex systems, such as the brain, understanding current
generative models is an immensely easier challenge, and can help us develop tools for
the future. Turning our attention to “What, precisely, do language models do?” over
“What is the best recipe for training large models?” we can take full advantage of the
complete simulability of generative models. In the long run, it seems it will become
more difficult to address the latter question coherently without better answers to the
former.
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Figure 5.7: Visual representation of the advantages generative model researchers have over
researchers that study the main other media generating system on earth: human
beings.

5.4.1 Two kinds of complex systems simulations

Complex systems theory is divided between two basic approaches. The
first involves the creation and study of simplified mathematical models
that, while they may not mimic the behavior of real systems exactly, try to
abstract the most important qualitative elements into a solvable framework
from which we can gain scientific insight...The second approach is to create
more comprehensive and realistic models, usually in the form of computer
simulations, which represent the interacting parts of a complex system,
often down to minute details, and then to watch and measure the emergent
behaviors that appear. (Newman, 2011)

At first glance, generative models can largely be described as the second complex
systems approach: we train models to capture properties of the natural distribution
of human media, such as internet text, images, videos, etc., and then attempt to study
the emergent effects. Yet, this would be a mischaracterization of what, e.g., language
models do: we do not expect that language models learn language the way a human
does nor create languages the way the human species did.1
Instead, the triumphs of generative models are the result of emergent behavior

within computational models trained to predict very general objectives. Many have
been surprised that by learning on massively more data from a given medium than a
human is ever exposed to, generative models can learn uncannily human patterns from
simple, passive word prediction, denoising objectives, etc.

Generative models are certainly a computational simulation, but they are a simulation
of an entire medium rather than a singular process we have isolated. We suggest
thinking of generative models as a different kind of complex system, where underlying
patterns of a medium are learned by a model through optimization, and we then look for

1 Though this certainly describes facets of certain subfields such as emergent communication (Lazaridou
and Baroni, 2020), with recent work taking advantage of pretrained models (Steinert-Threlkeld et al., 2022),
and developmentally plausible pretraining such as the recent BabyLM challenge (Warstadt et al., 2023).
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those patterns within the model. Below we list ways in which this discovery process is
made easier because our system of interest is the computational model itself, rather
than a naturally arising system.

5.4.2 Generative Models: the easiest complex system to study

(1) Perfect fidelity state encoding Because neural networks are formal mathemati-
cal models, represented by code and parameters, there is zero necessary ambiguity
in our representations. Imperfect data archiving and complex code bases often
make it difficult to perfectly recover the formal model, but with sufficient effort,
it is possible to store every bit of information about the state of the model at
every computation step. We cannot track every neuron in a participant’s brain at
every moment due to the limited nature of our measurement instruments, but we
can perfectly record the state of an LM in order to look for and verify emergent
behavior, without influencing the system as we note in Advantage (5).

(2) Complete theory of low-level dynamicsWhile Advantage (1) establishes that
we can perfectly store the state of a generative model at any given moment in
time, Advantage (2) notes that we have a perfect, mechanistic, and deterministic
understanding of how one state of a model evolves into the next, unlike in
physical experiments. Artificial neural networks do not need to be simulated,
they are defined in a medium for simulation: executable code. Unlike in physics,
where centuries of research have been spent chasing the bottom of the chain
of causation, we begin with the base-level causal structure of the model. This
does not follow directly from (1). It is possible to imagine a scenario where every
static state is recordable, but where the rules that govern the changes in states
are hard to discover, e.g., the problem of learning video game dynamics from
pixels (Hafner et al., 2019). In practice, nondeterminism exists in certain fast
computations (Morin and Willetts, 2020), but this can be removed at the cost of
speed.

(3) Exact repeatability Directly entailed by (1) and (2) is the fact that experiments
can be repeated exactly. An algorithm that uses randomness to generate text, may
generate different text on a second run, but as long as the probabilities of different
tokens are recorded the likelihood of that text (and of alternative branching paths)
can be verified to be exactly the same. A psychologist who conducts a study
twice will almost never get results that are exactly the same, simply because
sample differences and unmeasured variables have to be accounted for. We
distinguish repeatability from the broader notion of replicability, which also
includes replicating a study to the level of detail described by the authors, leaving
room for both human and systematic error. With proper code, data, and model
releases, many generative model experiments are exactly repeatable, allowing us
to reach for a much higher standard for replicability.
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(4) Ease of perturbationWe also have a complete description of all possible models
given a certain setup, e.g., all possible combinations of weights for a given
architecture. Combining this with Advantage (2), we can perturb a model of
interest, and play out experiments with this new model without destroying the
original model. Contrast this with studying human language production, for
which most perturbations of the human brain are both unethical and illegal,
partially because humans cannot be unperturbed. This allows for extremely
targeted experiments, e.g., finding which weights in a network control a certain
decision boundary.

(5) No observer effects—a classic problem in many complex systems is that by
attempting to make a measurement one changes the value being measured, e.g.,
Clever Hans a horse that could allegedly play chess, but was simply reading the
audience’s reaction to possible moves (Prinz, 2006). In contrast, generative models
do not distinguish between the same input given for different reasons or with
different expectations by the experimenter. The caveat is that experimenters still
control the input distributions to experiments allowing for systematic bias that
accidentally leaks experimenter expectations (Rosenthal, 1976) to the model, as
past research has consistently shown (Gururangan et al., 2018; McCoy, Pavlick,
and Linzen, 2019; Poliak et al., 2018, inter alia). We must be careful about “tells”
(Caro, 2003): stylistic and semantic artifacts that make it into the data which can
give the model information the experimenter assume it does not have access to.
Yet, the guarantee that the specific observer will not change the result is strong.

Advantages (1) and (2) allow us to completely remove any worry about hidden
variables that may explain effects we attempted to explain through other means. (3)
and (4), allow us to experiment freely, knowing that experiments and models that have
been properly recorded are recoverable, leaving us free to perturb and explore the
local neighborhood of similar models and setups. (5) partially relieves us of the fear
of influencing the outcome through our means of observation, a key issue in many
experiments involving language.
Another advantage, that does not apply to every generative model, deserves an

honorable mention:

(6*) (Some) generative models exclusively output human understandable
media Many complex systems, such as cities and brains, produce human under-
standable media as some percentage of their output. Many generative models
produce human understandable media as their only output, an enormous ad-
vantage for two reasons. First, humans are better suited to positing patterns in
human understandable media than, say, subatomic particles. Second, the uncanny
valley effect (Mori, 2012) allows us to see when patterns are “almost correct but
not quite” much more easily in human-related artifacts. While we sometimes
finetune models to produce outputs that are no longer human understandable, by
and large current generative models operate entirely within human media—and
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we believe there is much that can be learned from this that will transfer over to
generative models of other media.

Advantage (6*) is very special. By allowing us to take advantage of our intuitive
understanding of media, it becomes easier to seek out the ways generated media
diverges from the natural human media we are steeped in from infancy. Indeed, most
named behaviors are failure modes, e.g. degeneration (Holtzman et al., 2020) or empty
translations (Stahlberg and Byrne, 2019b)).
Organic chemistry has given a great deal to biology, but is very much indebted to

it as well. Our hope is that we can take inspiration from these other complex system
sciences to start taking the problem of understanding behavior seriously, as a distinct
abstraction that needs to be decomposed and theorized, while putting our enormous
advantages to good use.

5.4.3 The necessity of open-source models

Most of these advantages rely on stable access to a consistent representation of a model,
which is difficult to guarantee via a proprietary API.

��(1) Perfect fidelity state encoding It is difficult to work with or guarantee saved
state is persistent and untampered without direct access to said state. Even
cryptographically signed state can be tampered after re-submission to an API for
use there, making guarantees moot.

��(2) Complete theory of low-level dynamics With only imperfect knowledge
of an underlying model, researchers must make assumptions about low-level
dynamics in a model that may only partially be true, or possibly even completely
false.

��(3) Exact repeatability In practice, it is impossible to guarantee that an API will not
drift over time, something observed with even the apparent attempts at stable
APIs in recent years (Deng, 2023).

��(4) Ease of perturbation It is normally impossible to perturb a model through
an API, though some APIs allow for finetuning and special versions of models.
However, the real issue is that it is impossible to ensure that such perturbations
do precisely what they are claiming to do to the model, without access to the
model or even the model architecture in most cases.

��(5) No observer effects Sadly, even though this is one of the greatest advantages
of generative models, it is the one most destroyed by using models via APIs:
companies consistently, and often silently, fix undesired (from the company’s
perspective) behaviors in models (Eliaçık, 2023; Kiho, 2023; Wilson, 2023) so
that testing a certain hypothesis tends to influence future tests.
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�
�(6*) (Some) generative models exclusively output human understandable

media Without complete access to a model it is impossible to know if it doesn’t
have other outputs (or inputs) that would help explain the model’s behavior more
fully.

In short, without access to open-source models, these advantages are largely moot.
However, the community has seen a consistent open-source releases of better generative
models in many different media (Le et al., 2023; Luo et al., 2023; Rombach et al., 2021).
There is unquestionably lag in the capabilities between proprietary and open-source
models, and this is out of necessity: open-source cannot outpace private industry when
private industry controls most of the training resources and can build on top of anything
open-source does. But the fact that open source often lags only a year or two behind in
terms of capabilities, and the fact that private labs are often incentivized to open-source
models as a recruiting and market strategy, suggests that open-source will continue
to be a wellspring of fascinating generative models to study. Indeed, if all progress
stopped now, we believe it would be decades before we finished cataloging all of the
generalizable behavioral principles with the hundreds of large generative models that
have already been released; perhaps our successes would encourage future open-source
releases.

5.5 conclusion

How should we study models of data, when we don’t fully understand the models or
the data? We should study them first by asking what models do, before attempting the
more complicated how and the bottomless question of why?
In this chapter, we presented a thought experiment: the Newformer, a model that

would be impossible to study with many of the techniques we use to understand
Transformer models today.

We argue that focusing on what behaviors explain its performance across tasks
will lead-us to a deeper understanding of generative models’ tendencies and guide
bottom-up mechanistic explanation, as well as forming building blocks for evaluations.

We discuss how generative models are well captured by the definition of a complex
system, due to the emergent behaviors they exhibit. This separates generative models
from traditional machine learning, where models often served as explanations via be-
haviors that were architected directly into them. This opens up the need formetamodels
that help us predict regularities in generative model outputs in order to understand
them better.
While the prospect of studying models we do not have a clear understanding of is

daunting, we highlight advantages that generative models have over naturally aris-
ing complex systems. These advantages, however, require open-source models as a
prerequisite, a point we emphasize as a necessity for conducting replicable science.
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5.6 limitations

We present one perspective on the kind of science NLP is becoming, and how we can
leverage the complex systems lens in order to better explore the phenomena we find
ourselves faced with: generative models we do not fully understand. We cite evidence
from NLP publications, blog posts, and other media, but this necessarily does not
capture the totality of perspectives.

Indeed, we purposefully avoid attempting any sort of survey of these issues, as this
would involve citing thousands of papers and be a very unwieldy object. Instead, we
attempt to form an argument as economically as possible, attempting to put forth a new
set of goals and principles for how to study generative models given current progress.

Wemake comparisons with other sciences and cite sources from those sciences where
appropriate, but are extremely limited in expressing many equally relevant connections
and in fully exploring the connections we do mention. There is an enormous amount
related to sister fields (e.g., cognitive science, linguistics, etc.), other sciences that study
complex systems (e.g., chemistry, biology, etc.), and regarding more meta-science issues
(e.g., complex systems theory, chaos theory, etc.) that we could not cover, and we do
not in any way attempt to—giving a complete account of these connections is simply
beyond the reach of any one work.
Finally, parts of our assessment is necessarily subjective. We attempt to lay out the

evidence as we see it, tracing the connections we drew in order to describe a style
of research that we believe is necessary to face the current challenges of our field.
This seems especially pertinent in a time when most researchers cannot train large
generative models from scratch, but are excited to contribute to their study. With
evidence drawn from the literature, we describe the current research space as we
perceive it, and our vision for where it might go. Our hope is that this will add to
a discussion on what the study of generative models currently is and what we, as a
community, would like it to become.



6
CONCLUS ION

In this dissertation we presented three projects that revealed aspects of current genera-
tive models of language that are often misinterpreted, and showed new techniques to
better align models with the intended objective. We ended by considering the future of
the overall study of generative models of human media, considering how we should
think about this emerging field going forward.

Generative models are changing on the pace of weeks and the need for analysis tools
that will continue to be useful as the field changes is growing just as fast. The success of
complex models we do not fully understand has shifted NLP towards studying emergent
behaviors in these models, which is definitional of complex systems sciences. Emergent
organization in neural network weights must explain these behaviors, but it is difficult
to know what structure to look for without a taxonomy of behaviors that they result in.

In this dissertation we have focused on revealing a few of these behaviors, drawing
out their origins in the interaction of model components, and showing howwe canmake
use of what models already do once we have a better understanding of model behavior.
However, what we still lack is a systematic way of discovering and categorizing such
behavior.
This leaves us with the question: what tools should we use to decompose language

model behavior, if not benchmarks that measure performance on human-desired tasks?
Language models exhibit many behaviors which are either detrimental or completely
orthogonal to the tasks we as users and practitioner wish to complete. How can we
discover these and what should our hypothesis set for such behaviors look like? In
other words, what kinds of patterns can help us explain language model behavior,
instead of anthropomorphizing models as if they were humans?

Traditionally, analysis in NLP has tended to focus on error categories that are either
a predictable result of the model architecture or a human-inspired error category for
the task at hand that we might expect a person to make. However, models and model
architectures are no longer predictable enough for this to be sufficiently comprehensive,
and so many new tasks are being proposed that cross-task error categories are necessary.
We have presented an initial framework for thinking about these questions in Chapter 5,
but the work of putting it into practice very much remains.
The patterns underlying the error cases and idiosyncrasies of generative models

of language remain largely opaque. Why do models succeed on some tasks and fail
on other, seemingly simpler ones? Why can a slight shift in input format or prompt
result in completely different outputs? These deviations from human behavior pose a
mystery, but also an opportunity to concretely discover the true mechanisms working
within the models of today. Perhaps more importantly, they give us an opportunity to
find where our specification for the tasks themselves are insufficient for us to make
these distinctions.

86
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Now that we have seen what generative models are capable of, and how differently
they work than what we expected, a new field must rise to answer the question: what,
precisely, do generative models do?
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