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Abstract

Large language models (LLMs) exploit in-context learning (ICL) to solve tasks with
only a few demonstrations, but its mechanisms are not yet well-understood. Some
works suggest that LLMs only recall already learned concepts from pre-training, while
others hint that ICL performs implicit learning over demonstrations. We characterize
two ways through which ICL leverages demonstrations: task recognition (TR) cap-
tures the extent to which LLMs can recognize a task through demonstrations — even
without ground-truth labels — and apply their pre-trained priors; task learning (TL)
is the ability to capture new input-label mappings unseen in pre-training. Using a a
wide range of classification datasets and three LLM families (GPT-3, LLaMA, and
OPT), we design controlled experiments to disentangle the roles of task recognition
and task learning in ICL. We show that (1) models can achieve non-trivial perfor-
mance with only task recognition, and task recognition does not further improve with
larger models or more demonstrations; (2) LLMs acquire task learning as the model
size scales; and (3) the correlation between model sizes and task learning performance
strengthens with the number of demonstrations. Our findings unravel two different
forces behind ICL and we advocate for discriminating them in future ICL research

due to their distinct nature.
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Chapter 1

Introduction

1.1 The Rise of In-Context Learning

In-context learning, or the ability to ”learn” to perform a task purely from examples in
the context without parameter updates, is now one of the most infamous phenomena
of large language models. This powerful and flexible phenomenon enables LLMs to be
used as general-purpose models that can perform any task with a small set of labeled
examples (Brown et al.| [2020). Indeed, the in-context learning performance of LLMs
may be competitive with fully supervised models, without the overhead of fine-tuning
parameters or large training datasets. As language models scale, both in terms of
model size and volume of pretraining corpora, the natural language processing (NLP)
community’s has become increasingly focused on efficient and intuitive methods for
leveraging LLMs’ zero-shot task generalization.

In-context learning boasts several key advantages. Firstly, it is relatively data-
efficient; it merely requires a small number of demonstrations for each prompt, which
may be reused for subsequent test queries. Secondly, it demands far less compu-
tational power than fine-tuning. Indeed, in many circumstances, updating model

weights is computationally prohibitive, and squanders the LLM’s strong generaliza-



tion abilities. In addition, with respect to the end-user, providing examples is an
extremely intuitive way for humans to describe the behavior they would like to elicit
from the model. It requires no technical expertise on the part of the user, outside of
the ability to generate representative task examples, and is therefore easily used by
layman users. Finally, in-context learning is a strong prompting strategy that can
be employed without access to model weights, i.e. on closed-source models. Through
careful demonstration selection and prompt design, in-context learning can greatly
boost black-box model performance on downstream tasks. Today, in-context learning
has become both a fundamental and critical language model capability.

It is easy to regard in-context learning for granted; it may seem obvious that
providing examples to the model in the prompt will improve its ability to perform
a downstream task. However, at the inception of the large language model era, the
realization that language models could perform in-context learning was extremely
surprising. After all, language models are not explicitly trained to learn from exam-
ples. That the simplest of language model training objectives — next token prediction
— could provoke a sophisticated ability to perform pattern recognition of input-output
pairs was shocking.

Moreover, it was generally understood that language models perform better when
their prompts are in-distribution with the pre-training corpora. Yet the input-output
schema used in ICL is out-of-distribution compared to the documents used in pre-
training. It seemed counterintuitive that adding out-of-distribution text help the

model’s performance, rather than harming it.

1.1.1 How Does In-Context Learning Work?

Today, there is still no strong consensus on how in-context learning works. (More

details on relevant work are discussed in Section [2.4] but we provide a brief summary

here.)
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Figure 1.1: Averaged performance on 17 classification datasets for OPT. Task recog-
nition (TR; the random label setting in blue) does not scale with model size and
number of demonstrations, while task learning (TL; the abstract label setting in or-
ange) does.

Some previous work hypothesizes that during pre-training, LLMs implicitly learn
tasks required for downstream applications, and the in-context demonstrations merely

provide information that allow the model to recognize which task is required

et al, [2022). Min et al. (2022)) show empirical evidence of this hypothesis by demon-

strating that ICL performance is insensitive to the correctness of the labelﬂ

On the other hand, (2021]) show that ICL is capable of operation overloading,

e.g., overloading “+” to perform “subtract”. |Akytirek et al.| (2022); von Oswald

(2022a)) construct theories demonstrating how Transformer-based models may

perform implicit gradient descent to update an “inner-model”, and Dai et al.| (2022)

demonstrate similarities between in-context learning and explicit fine-tuning through
a series of metrics on real-world datasets. Such hypotheses assume the correct input-
output mappings are important and ICL actually performs implicit learning over

demonstrations.

1|Y00 et al.| (]2022[) provide a contradictory finding, showing that correct input-label correspon-
dence can be critical as the datasets, model sizes, prompts, and metrics vary.




Both perspectives seem to explain different elements of in-context learning behav-
ior. However, the question is now how we can compare these different driving forces

of in-context learning in a unified framework.

1.2 Research Design

1.2.1 Key Questions

The key research questions we explore are as follows:

e Are there separate mechanisms for the ability to perform novel pattern recog-
nition in-context, versus the ability to recognition of tasks (or other kinds of

knowledge) seen in pre-training?
e If so, how can we disentangle these two components?

e Do these two mechanisms behave differently with respect to factors like model

size or number of in-context demonstrations?

1.2.2 Research Design

In this paper, we propose to disentangle ICL into task recognition (TR), which
recognizes the task from demonstrations and applies LLMs’ pre-trained priors, and
task learning (TL), which learns a new input-label mapping from demonstrations.
In the standard ICL scenario where ground-truth input-label pairs are provided, task
recognition and task learning take effect simultaneously.

In addition to the standard GOLD setting, we propose two settings to tease them

apart:

e RANDOM, where the labels are randomly sampled from the label distribution
leaving only the disjoint input and label distributions for the LM to infer the

task and apply task recognition (Min et al., [2022))
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e ABSTRACT, where the labels are replaced with abstract symbols (e.g., num-
bers, letters, or other characters) that never co-occurred with the inputs in

pre-training, forcing LLMs to apply task learning.

Additionally, we focus on how the two abilities in ICL evolve with two factors —
different model sizes and numbers of demonstrations, which have been neglected in
related literature?

We perform extensive experiments with a series of classification datasets on OPT (Zhang

et al., 2022) and GPT-3 (Brown et al., [2020)) models.

1.2.3 Key Findings

In summary, we find that:

e The gap between GOLD and RANDOM is small with smaller models, corrobo-
rating with Min et al.| (2022). However, with larger models and more examples,
the gap becomes larger.ﬂ This suggests that task recognition plays a significant

role in ICL, but it does not scale much with increasing parameters or examples.

e LLMs also perform task learning, which emerges quickly with larger models and
more demonstrations — at the largest model ABSTRACT outperforms RANDOM,

pointing to a paradigm shift in ICL at scale.

2Yoo0 et al. (2022) also have similar experiments to RANDOM and ABSTRACT, but those are not
shown with changing model sizes and number of demonstrations.
3Most experiments in [Min et al.| (2022 are on <13B models with 16 demonstrations.



Chapter 2

Related Work

2.1 Pre-trained Language Models

Pre-trained language models have become the backbone of NLP systems even before
today’s large language model era. While training on a large corpora of textual data,
language models learn universal language representations, which may then be lever-
aged to improve downstream task performance. This is beneficial for many reasons;
we highlight two below.

First, downstream task datasets are relatively small (compared to the size of most
pre-training corpora); if a language model with many parameters were to be trained
from scratch on this data, it would likely overfit and generalize poorly. Thus, it
is advantageous to first learn task-agnostic language representations and then fine-
tune to adjust to a task-specific setting. In fact, the robust general-purpose features
learned in pre-training may be so strong that only a relatively small amount of data
is needed for fine-tuning. In this few-shot setting, it is often advantageous to adapt
the downstream task to become more similar to the pre-training corpora distribution.
More information on prompting and prompt engineering can be found in Section [2.2]

Second, sufficiently large language models trained on sufficient quantities of data



learn such strong representations that they may be able to perform tasks in the
zero-shot setting, i.e. no fine-tuning required to perform a particular task. Thus,
similarly to the few-shot fine-tuning setting, the key in this paradigm is to develop
prompts that best enable the model to leverage knowledge learned in pre-training.
Consequently, the idea of prepending the test query with input-output demonstrations
as a means of describing a task by example led to the discovery of the in-context
learning phenonemon. Brown et al.| (2020) was the first to demonstrate the amazing
in-context learning ability of LLMs; since then, many works have developed both
better methods for in-context learning and different hypotheses about how in-context

learning works.

2.1.1 Pre-trained Language Model Families

Here, we give a brief overview of the two model families we investigate in this paper.

GPT-3 Models

Brown et al.| (2020) present the language model that arguably marked the inception of
the large language model era: GPT-3 Davinci, a 175 billion parameter Transformer-
based autoregressive language model. GPT-3 is trained on a filtered and postpro-
cessed version of CommonCrawl and high-quality reference corpora using the stan-
dard language modeling objective. Despite its simple training objective and model
architecture — the same as GPT-2, (Radford et al.. 2019) — GPT-3 is capable of
strong performance in the few-shot regime on a wide variety of tasks without pa-
rameter updates or fine-tuning. Specifically, (Brown et al., [2020)) shows that GPT-3
demonstrates competitve performance with other state-of-the-art task-specific models
on translation, closed-book question answering, and sentence completion, and more.
In some cases, even its zero-shot performance only slightly underperforms their state-

of-the-art counterparts.



OPT Models

Zhang et al.| (2022) provide a suite of open-source models which were designed to be
as closely comparable to the closed-source GPT-3 models as possible. The largest
of these OPT models is also a 175 billion Transformer-based decoder-only model;
they also provide eight other model sizes. Like Brown et al.| (2020), OPT-175B
demonstrates strong in-context learning ability, though its performance lags behind

GPT-3 in the one- and few-shot regimes.

LLaMA Models

Touvron et al.| (2023) introduces a suite of open-source models. The largest of these
OPT models is 65 billion Transformer-based decoder-only model; the other three
sizes are 7 billion, 13 billion, and 30 billion. Touvron et al.| (2023) demonstrates that

a smaller LLaMA model (13B) can outperform GPT-3 (175B), whereas its largest

(65B) is competitive with state of the art models.

2.2 Prompting

Prompting is recognized as an important tool for improving model performance. By
designing a prompt template that molds the downstream task to a format that is
more in-distribution with the text corpora seen in pre-training, model performance
could be improved both in the fine-tuning and in-context learning setting. Indeed,
models were found to be highly sensitive to the choice and format of the prompt.
Zhao et al. (2021) also found that the choice of prompt template was also critical to
determining model performance. They design fifteen different templates for a single
sentiment classification task and test each template’s performance on small sets of
test queries. The templates’ distributions were highly variable with respect to one

another, indicating that the model’s performance was sensitive to the choice of prompt



template.

In addition to the formatting of the input or output, models were also found to
be highly sensitive to both the choice and order of examples. Zhao et al. (2021)
show that varying the permutation and selection of examples leads to highly variable
model performance, regardless of the overall number of examples. |Lu et al. (2021))
shows that this sensitivity persists even to larger models and more examples. They
feed prompts constructed from different permutations of four examples and show
that even GPT-3 Davinci remains sensitive to the example order on certain datasets.
Moreover, permutations that work well for one model did not work for another. Thus
scale alone may not reduce prompt and example order sensitivity to an acceptable
degree.

Given the high variance attributable to prompt selection, many methods for im-
proving prompts, have been explored over the recent years. Some focus on better
template design. For instance, Mishra et al. (2021) introduces a prompt reframing
technique, which manually decomposes task instructions into sequences of simpler
tasks. They find that the reframed instructions lead to stronger performance across
both small and large models and also reduce the number of examples needed for
strong few-shot performance. [Shin et al. (2020) develops an automated prompt-
creation pipeline which uses a gradient-guided search over a ”"trigger token” space.
Prompts are constructed by appending the set of optimal trigger tokens to the original
test query. This led to stronger performance on cloze-style tasks for both BERT and
RoBERTa (Devlin et al.; 2019; Liu et al., 2019). Gao et al. (2020) presents LM-BFF,
a suite of techniques for improving prompting in the few-shot fine-tuning setting.
This suite includes an automated prompt generation pipeline which includes a search
over manually designed templates and the space of label words.

With respect to better selection or ordering of in-context examples, [Lu et al.

(2021)) demonstrates two metrics — Global Entropy and LocalEntropy — to determine



which prompts may lead to unbalanced or overly confident predictions, respectively.
Rubin et al. (2022) demonstrate a retrieval method to select in-context examples.
They train a dense retriever to select the best candidate training example given a
particular test query. The performance outperforms random example selection by a

significant margin on a number of semantic parsing datasets.

2.3 Scaling Models and Emergent Behavior

The role of model scale in large language models was made obvious in [Kaplan et al.
(2020)), which found that language modeling performance scaled as a power-law with
model size. In particular, they noted that performance did not correlate strongly with
model depth or width; it was primarily the number of parameters that demonstrated a
strong trend with language modeling performance. These findings were corroborated
by similar work demonstrating a similar relationship between model scale and perfor-
mance in translation (Gordon et al., [2021)) and autoregressive generation (Henighan
et al., 2020).

However, Wei et al.|(2022)) later found that scaling models up not only improved
downstream task performance, but also enabled sophisticated model behavior, such as
in-context learning. These abilities were termed emergent abilities, as they emerged
only after some sufficient threshold of model size had been met. That is to say, rather
than scaling smoothly with model size, the presence of emergent abilities is only
present in large-enough language models, but is not exhibited by any smaller models.
On a variety of tasks, Wei et al.| (2022) showed that in-context learning performance
was only able to exceed random performance after a certain threshold of model size,
though this threshold varied by both model family and task type. [Srivastava et al.
(2022) tested a wide range of model families on over two hundred tasks, finding that

emergent abilities were especially noticeable for tasks involving multi-step reasoning
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or compositions of multiple tasks.

2.4 Explanations for On In-Context Learning

The increasing academic focus on in-context learning yielded many proposed explana-
tions for its emergence in large language models. In this section, we give an overview

of some of the prevailing arguments.

2.4.1 In-Context Learning Relies on Knowledge Learned in
Pre-Training

Xie et al| (2022)) present a Bayesian perspective on in-context learning. They model
the documents in the pre-training corpora as the emissions of a Hidden Markov Model,
which is parameterized by 6. This € may be thought of as a latent concept, such as
a specific type of document, e.g. Wikipedia biographies. In pre-training, language
models must learn to predict the next token of a document correctly. Since the
document is parametrized by 6, the model is implicitly incentivized to identify the
correct 6, since doing so improves its prediction of the next token. At inference time,
the model leverages the in-context examples to identify the latent concept shared by
the demonstrations.

More explicitly, while performing in-context learning, given output y and context

p(yle) = / p(y16, c)p(B]c)de (2.1)

Thus in-context learning boils down to implicit Bayesian inference.
The key insight to note about this finding is that it relies on the supposition that
all concepts have been learned in pre-training, and that the in-context examples are

used merely to identify the particular underlying concept.
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Min et al.| (2022) provided strong empirical evidence for this assumption by show-
ing that ground-truth input-label mappings were not necessary for strong downstream
task performance. In particular, they show that randomizing the labels in the in-
context demonstrations lowers task performance by only a small number of points.
Thus, the primary source of information being leveraged by the model must not be
the ground-truth input-label mappings. Min et al. (2022) provide a series of ablations,
finding that the key components of a successful prompt includes (1) full demonstra-
tion of the label space, (2) examples of the input distribution, and (3) examples of
the format demanded by the prompt template. In effect, the examples only need to
provide enough information for the model to simply identify the task. This evidence
synergizes easily with the intuition proposed by Xie et al.| (2022). If the in-context
examples allow the language model to identify the latent task or concept at hand,
then the model can rely on its knowledge of that concept in order to produce the
right answer, even though incorrect input-label mappings were provided.

Chan et al.| (2022) investigate various qualities of the pre-training distribution that
may give way to in-context learning behavior. They test a combined embedder and
Resnet on an image classification dataset with image-label pairs. In particular, they
show that several characteristics of the dataset lead to the emergence of in-context
learning. For instance, these qualities include “burstiness”, or the nonuniform cluster-
ing of classes; multiple labels for the same class; and a long-tailed class distribution.
While their empirical results do not include a direct investigation of language mod-
eling, they do involve discussion on the large language models in-context learning
capabilities. In particular, they emphasize that the distribution of natural language
is Zipfian and tends to be temporally clustered (since discussion on a particular entity
or topic tends to be concentrated rather than dispersed uniformly). Likewise, syn-
onyms for the same concept —e.g. "positive”, "great”, "good” — fulfill the multiplicity

of labels criterion. Thus, there is evidence to show that the distribution of natural
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language lends itself to language modeling.

2.4.2 The Mechanisms Driving In-Context Learning

Olsson et al| (2022)) present a mechanistic perspective on the subcomponents that
drive pattern recognition and therefore in-context learning. They show that, in two-
layer transformers, two heads in different layers collaborate in a subnetwork called
induction head. They show empirically that these induction heads are responsible
for the emergence of in-context learning for simple patterns, such as copying the
input. Specifically, in this copying phemenon, the tokens that follow the current
token in the context attended to (“prefix matching”), and their corresponding logits
are increased (“copying”). They extend their experiments to other pattern recognition
tasks. These include novel mappings that are highly unlikely to have been prevalent
in pretraining, such as mappings of random category pairs to numerical labels. While
these experiments were performed in smaller neural nets with fewer layers, they are
indicative of structural components that explicitly learn novel patterns in the context.
This seems to contradict the assumption that all such patterns or mappings have been
seen in pre-training.

Bansal et al.| (2022) extend Olsson et al.|(2022)’s findings to larger models, finding
that specific subnetworks in OPT-66B are responsible for performing prefix matching
and copying. They also show that the majority of attention heads can be removed
without significant degradation of task performance, which may show that only a

small proportion of parameters are actually responsible for in-context learning.

2.4.3 In-Context Learning as Implicit Gradient Descent

Dai et al. (2022) show that, under some theoretical assumptions, Transformer at-
tention can be shown to be equivalent to gradient-based descent. They posit that a

forward pass of the demonstrations through the model produces meta-gradients which
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"updates” the original language model weights to build an implicit in-context learn-
ing model. They draw parallels between this process and the standard fine-tuning
process where training examples are used to produce gradients via backpropagation,
which is then used to directly update the model weights. They construct metrics
of similarities to show that at the prediction, representation, and attention behavior
levels, a fine-tuned model (simplified according to the theoretical assumptions made
above) behaves similarly to the in-context learning performance.

von Oswald et al.| (2022b) also theorize that the in-context learning is equivalent to
gradient-based optimization. They provide a specific weight construction for a linear
self-attention layer which induces an identical update to a single step of gradient de-
scent (for regression loss). Moreover, they show that if Transformers transformers are
further trained on linear regression datasets, the weights converge to the same weight
construction as above. This implies that Transformers are implicitly implementing
gradient descent with each forward pass of in-context examples.

Moreover, von Oswald et al.| (2022b) provide empirical evidence for the existence
of the induction head networks identified in |Olsson et al.| (2022)). In particular, they
train a two-layer Transformer model and measure its loss. At the point where the
model’s performance jumps to that of a single step of gradient descent, the first layer
suddenly becomes sensitive to the next token. This corroborates with the ”prefix-
matching” and ”copying” process employed by the induction heads.

Like von Oswald et al.| (2022b) and Dai et al.| (2022)), | Akytrek et al.| (2022)) posit
that Transformer-based in-context learning models implicitly perform learning al-
gorithms like gradient descent and ridge regression. However, they perform their
analysis on Transformer models explicitly trained on an in-context learning objec-

tive.
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Chapter 3

Method

3.1 Basic Setup of In-Context Learning

A large language model (parameterized by @) performs ICL by conditioning on the
input-label pair demonstrations Dyemo = (1, Y1, T2, Y2, - - -, Tk, Yi ) and the test input
Tiesy 10 predict the label yiest ~ Po(y | Ttest; Ddemo), Where the demonstrations elicit a
mapping f: X -V, x e X,y ).

The prompt is generated by passing the demonstrations through some template
T (x,y) and concatenating the templated demonstrations and the test input zy. The

context passed into the model is therefore:

C:T(ffl;yl) T($27y2) T(£KayK) Ltest

Given test query Ties, the model M then produces the label prediction:

Yy = yargmanPrM (yj | C, Ttest)
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3.2 Task Recognition and Task Learning

We delineate two ways through which an LLM can leverage in-context demonstra-
tions: task recognition and task learning. We posit that the two mechanisms occur
under separate conditions, as recognizing an already learned task is easier than learn-

ing a new mapping.

3.2.1 Task Recognition

Previous works suggest that LLMs infer the mapping shown in the demonstrations by
extracting the latent concept learned during pretraining (Xie et al., 2022). Accord-
ingly, Min et al. (2022)) show that that gold input-label associations in demonstrations
are irrelevant (Min et al.; 2022).

Task recognition (TR) represents a language model’s ability to recognize the map-
ping f purely by observing the input distribution {z;}%, and the label distribution
{y:}£,, without the provided (z;,y;) pairs. The LLM then applies its pre-trained
priors to the recognized f.

More formally, when only task recognition is enabled,

Pe(y ‘ Ttest s {xz‘; yz}fil) = pa(y ‘ Ltest s {xi}ifilv {y@ £1)a

which suggests task recognition does not rely on the pair information. Inferring the
latent mapping f may be easier when the input and label distributions have a higher
frequency in the pre-training corpus (more “natural” prompts). For example, an
input distribution of movie reviews and a label distribution of “The sentiment is pos-
itive /negative” are easily recognized as a sentiment classification task due to their
prevalence during pre-training, and LLMs can make reasonable predictions without
explicitly “learning” the task via ground-truth demonstrations. This leads to obser-

vations that the model can still perform well, even if we provide wrong input-label

16



Setting Example

GoLD I like the movie.\n Sentiment: positive
Ranpom T like the movie.\n Sentiment: negative
ABSTRACT I like the movie.\n Label: 1

Table 3.1: Input examples for our three settings for sentiment classification tasks.

Please refer to Table [A.1] and for all prompts we use.

mappings, e.g., “The movie is great. The sentiment is negative” (Min et al., 2022]).

3.2.2 Task Learning

Task learning (TL), on the other hand, characterizes how the model learns a new
mapping from the input-label pairs through demonstrations. Unlike task recognition,
task learning allows models to learn novel mappings and thus correct input-label pairs

will be crucial. Thus,

p@(y ‘ Ttest {xia yz}fil) 7é p@(y ‘ Ttest {xi}fila {yz fil)a

We hypothesize that models are able to perform task recognition at a small scale,
but this ability does not drastically improve with increasing model sizes and annota-
tions; on the other hand, task learning improves significantly when model sizes and

numbers of demonstrations increase.

3.3 Disentangling Task Recognition and Task Learn-
ing via Label Space Manipulation

We required a task-agnostic method that would allow us to disentangle task recogni-
tion and task learning. In particular, for task learning, we require that the mapping
demonstrated in the context be highly unlikely to have been seen in the pre-training

phase. However, task recognition demands that we choose a task that the language
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model has seen in pre-training. In order to make a fair comparison between a model’s
ability to perform task learning vs. task recognition, we apply label space manipula-
tion of downstream classification tasks, disentangle task recognition and task learning
through using three different setups. (Examples are shown in Table .

To test task recognition, we provide the minimum known information needed
for the model to recognize the task. According to [Min et al. (2022)), models can
leverage task priors when the demonstrations only provide the input distribution, the
output space, and the sequence format. Thus, in this setting, we randomize the labels
while preserving the input text and maintaining a consistent sequence format. We
refer to these experiments as RANDOM LABEL.

To test task learning, the context must demonstrate an input-output mapping
that is highly unlikely to have been seen in pre-training. In other words, we replacing
the original natural language labels with new labels which are selected so that the
models are unlikely to have been exposed to these input-label correspondences in
pretraining. We replace labels with randomly selected numbers, letters, and abstract
symbols E| — NUMBER LABEL, LETTER LABEL, and ABSTRACT LABEL respectively.
Specifically, for each set of demonstrations, we randomly map the natural language
labels to a randomly sampled set of new labels.

Finally, the GOLD setting uses standard demonstrations with gold input-label
pairs.

We conduct experiments with the above three different settings under two axes —
model sizes and numbers of demonstrations — and show how task recognition and task
learning manifest under different conditions. Section presents additional details

on the experimental setup.

'We choose ASCII symbols such as 7*”, "&”, 74"
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Chapter 4

Experiments

4.1 Datasets

We experiment on 17 classification datasets across four types of tasks: sentiment
analysis, toxicity detection, natural language inference/paraphrase detection, and
topic/stance classification.

For sentiment classification, we use the following datasets:

SST-2 (Socher et al., 2013)

financial phrasebank (Malo et al.| 2014))

emotion (Saravia et al., 2018))

poem sentiment (Sheng and Uthus, [2020))

For hate speech detection, we use the following datasets:
e tweet eval hate (Basile et al., 2019)
e cthos race (Tsoumakas et al., |2020))

e cthos gender (Tsoumakas et al., |2020))
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e ethos national origin (Tsoumakas et all, 2020

e ethos religion (Tsoumakas et al., 2020))

For natural language inference and paraphrase detection, we use the fol-

lowing datasets:

e SICK (Marelli et al., 2014)

e SNLI (Bowman et al. 2015)

e WNLI (Levesque et al., 2012)

e MRPC (Dolan and Brockett], 2005)

Finally, for topic classification, we use the following datasets:

e TREC (Voorhees and Tice, [2000)

e tweet eval atheist (Mohammad et al. [2018)

e tweet eval feminist (Mohammad et al., 2018)

We provide further details in Section and §A.1]

Our dataset selection largely follows Min et al.| (2022), but we exclude multi-choice

datasets since it is difficult to apply our ABSTRACT experiments on them.

4.2 Models

We use three state-of-the-art LLM families: OPT (Zhang et al., 2022), LLaMA

vron et al [2023)), and GPT-3 (Brown et al [2020)).

For OPT, we use checkpoints from the Transformers library (Wolf et al., 2020)),

with model sizes of 350M, 2.7B, 6.7B, 13B, 30B, and 66B parameters.
For LLaMA, we use model sizes of 7B, 13B, 30B, and 66B parameters.
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We use GPT-3 ada (350M), babbage (1.3B), curie (6.7B), and davinci (175B)
via the OpenAl API. For fair comparison to the OPT model suite, we use the non-

instruction legacy models, which were not fine-tuned on human data or instructions.

4.3 Task Setup

In order to disentangle task recognition from task learning, we design two settings: one
where the model must rely purely on task priors to perform the task and one where the
task can only be learned via gold input-label mappings in the demonstrations. Refer
to Section for additional details about how we employ label space manipulation
for these experiments.

We adopt the sample-based evaluation protocol; that is to say, each sampled
test example has varying numbers of sampled demonstrations (8, 16, or 32) from
the training set. Each prompt is sampled independently for each test example. For
evaluation, we use test examples drawn from the validation sets of each dataset. We
manually design 3 prompt templates for each type of classification tasks (details in
and and report the mean of the templates for each datapoint. For GPT-3,
we sample 150 examples for each dataset. We report the mean accuracy by averaging
across dataset types and prompts, and variance across different prompts. For OPT

and LLaMA, we sample 1350 examples for all datasets.

4.4 Prompt Template Design

We design two kinds of prompts: natural language prompts (Table , which are
similar to the manual prompts in[Min et al|(2022)), and minimal prompts (Table[A.3),
which remove any natural language instructions for the task.

For natural language prompt templates, we design task-specific templates, follow-

ing the examples set in [Min et al. (2022). The goal is to develop prompts that remain
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in-distribution with the natural language labels; thus, we adopt the natural prompts
for GOLD and RANDOM.

The minimal prompt templates are designed for the ABSTRACT setting so that
there is no task-specific information leakage in the prompt template itself, as it is key
that the model avoids reliance on pre-training priors. Moreover, these templates use
less natural language and simpler templates, since the abstract symbols are out-of-
distribution with the natural language prompts.

A list of all natural language and minimal prompts may be found in Tables

and [A.3] respectively.

4.5 Prompt Construction

To construct the GOLD prompts, we adopt the standard ICL setting where we use
natural prompts and gold input-label pairs. This setup reflects both task recognition
and task learning abilities.

To construct the RANDOM prompts, we adopt the approach taken by Min et al.
(2022). We use the same natural prompts as GOLD and randomly sample labels for
demonstrations. This setup reflects the task recognition performance only.

To construct the ABSTRACT prompts, we use minimal prompts (which provide
no task information) and characters with no clear semantic meanings as the label for
each class. We test three types of label choices. Given a classification task with NV

classes, the labels are selected from:
e Numbers: 0,...,N —1
o Letters: N letters from A, B, C, ...
e Symbols: first N symbols of “@Q”, “#7, “§” 7%, “*’ and “A\”
Additionally, we randomly sample new input-label mappings for each prompt in
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order to mitigate any potential effect of priors on the abstract labels from pretraining.
The sampled mapping is highly unlikely to have been seen in pre-training; thus, it
reflects the task learning ability.

We report the number abstract labels in the main results, but compare the three

results of using each type of abstract label in Section [5.3
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Chapter 5

Results
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Figure 5.1: Averaged accuracy across 17 datasets for GPT-3 (top), LLaMA (middle),
and OPT (bottom). Left graphs plot model sizes from small to large against per-
formance, using 32 examples. Variance is calculated across three prompt templates.
Right graphs plots number of demonstrations against performance for GPT3-Davinci

and OPT-66B.

Figure shows our main results with the three model families (LLaMA, GPT-

3, and OPT) and our three settings: GoLD, RANDOM, and ABSTRACT. We first
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verify that GOLD, the setting with all the information, performs the best; with small
model sizes and few examples (k = 8), there is insignificant gap between RANDOM
and GoLD (Min et al., [2022) and ABSTRACT significantly lags behind. Below we

summarize the trends of task recognition and task learning across different conditions.

5.1 Task Recognition Is a Broader Capability across
Scales

As shown in Figure[5.2] for all three model families, the RANDOM setting show similar
performance at all sizes of models and numbers of demonstrations; even the smallest
350M parameter models are able to recognize the task, drawing around 10 points of
average performance lead against the random baseline for GPT-3 and 5 points with
OPT, using just 8 examples. For LLaMA, the smallest model (7B) performs about
10 points higher than the largest model (65B).

This pattern persists even as more examples are added. With 32 examples, RAN-
DOM does not improve significantly for smaller or larger models. Indeed, some models
even experience a downtick in performance; it is possible that the model has picked
up on the random pattern or has tried to infer a pattern within the randomness of the
labels, thus leading it to output the incorrect answer. This shows that task recogni-
tion from in-context examples does not drastically scale with model size or numbers

of examples.

5.2 Task Learning Is Enabled with Scale

We observe that task learning is dependent on model sizes: smaller models perform
roughly the same across all numbers of demonstrations, suggesting that they struggle

to learn the mapping even when many examples are presented. On the other hand,
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Figure 5.2: Averaged accuracy across 17 datasets for GPT-3 (top), LLaMA (middle),
and OPT (bottom). X-axis shows model sizes from small to large. We run experi-
ments with 8 (left), 16 (middle), and 32 (right) demonstrations respectively. Variance
is calculated across three prompts.

larger models can utilize the provided mapping information and perform task learning,
the performance improves as the number of demonstration increases.

This trend is clearly reflected across plots in Figure [5.1]— with larger K, the slope
of ABSTRACT across sizes becomes steeper as larger models have a larger advantage
of applying task learning. With only 16 examples, the largest models for GPT-3 and
OPT are able to match the performance of GOLD while using a new label mapping.

Indeed, with 32 examples, OPT-175B’s ABSTRACT performance even outperform

GoLD. While LLaMA-65B’s ABSTRACT performs worse than GOLD, it is clear in
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Figure [5.2] that increasing model size is critical to the ability to perform in the AB-
STRACT setting. On the other hand, smaller models perform roughly the same across
all numbers of prompt examples, suggesting that they struggle to learn the mapping

even when many examples are presented in-context.
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Figure 5.3: Performance of three types of ABSTRACT labels — numbers, letters, and
symbols — across all model sizes. X-axis shows the number of demonstrations used.

5.3 Which Abstract Label Form is the Best?

We show in Figure the separate ABSTRACT results with the number, letter, and
symbol labels. We see that all three versions show a similar trend and coincide with
our main results. Numbers and letters perform consistently better than symbols.
This highlights the importance of the naturalness of the label space: even for larger
models, the more natural the label, the easier it is to perform task learning.
Regardless, the trend is clear; for all types of symbols, larger models succeed at

learning the mapping, whereas small models fail to do so even with 32 examples.
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Figure 5.4: Average results of sentiment analysis datasets vs NLI datasets on GPT-3
models.

5.4 Task Difficulty Affects the Trend

We notice that ABSTRACT scales better with sizes and examples when the task is
simpler. In Figure |5.4] we compare two types of tasks: sentiment analysis and nat-
ural language inference. Sentiment analysis is a simpler task; we observe that the
ABSTRACT curve is very sharp, and matches the GOLD performance with the largest
model. Since natural language inference is more difficult, we observe that it produces
a flatter ABSTRACT curve, suggesting that the model relies more on the natural

prompts and pre-training priors. We demonstrate the full task-type breakdown re-

sults in §5.5]

5.5 Effect of Number of Demonstrations on Model
Performance

We demonstrate average model performance with respect to numbers of demonstra-

tions in Figure [B.1] We can see a clear trend that RANDOM (task recognition) does
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Figure 5.5: Averaged task performance across 17 datasets for OPT (bottom), LLaMA
(middle), and 17 for GPT-3 (top). x-axis shows number of demonstrations in the
prompt. For each model, we run experiments for RANDOM (left), ABSTRACT(middle),
and GOLD (right) demonstrations. Variance is calculated across three templates.

not change much but ABSTRACT improves drastically with more examples, especially
for GPT-3 Davinci and OPT-66B. This suggests that larger models actually leverage
the examples to learn the function; since the performance improves with more exam-
ples, it is clear that the larger models are actually using the additional examples to
better learn the mapping demonstrated in the context. Meanwhile, smaller models
fail to produce any performance in task learning even with 32 examples, and there is

very little improvement in task learning performance as the number of demostrations

increase.
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Chapter 6

Conclusion

6.1 Summary and Discussion

While previous work usually studies ICL as an umbrella term, regardless of model size
and numbers of examples, we argue that there are two distinct characterizations of
ICL — task recognition and task learning. We further demonstrate that they emerge
under different conditions. Even small models are capable of performing task recog-
nition, but this ability does not scale; on the other hand, task learning is an emergent
ability of large models. We suggest that future work on ICL should distinguish the
two phenomena and clearly state the conditions under which the experiments are

conducted.

6.2 Limitations

Though LLMs with in-context learning are capable of all kinds of NLP tasks, this
work is limited to simple classification tasks because they are easier to be adapted to
our RANDOM and ABSTRACT setup. We leave an extension to other types of NLP
tasks as future work.

Another limitation of our work lies in the definition and discussion of task learning.
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Though we empirically show that large models are capable of acquiring a novel map-
ping to abstract labels like numbers or letters, how models “learn” mechanistically
is still elusive. As suggested in previous work, LLMs may conduct implicit gradient
descent over demonstrations, or they may alternatively map the patterns shown in
the demonstrations back to concepts learned in pre-training. To some extent, these
mechanisms could be considered an advanced form of “task recognition”. This work
only designs experiments to better observe and disentangle task recognition and task
learning, and we look forward to further studies that reveal more insights about the

mechanistic inner-workings of these phenomena in ICL.

6.3 Future Work

These findings could be extended to more model families and more tasks. In addition,
more label settings could be explored. It would be interesting to investigate the
ability to override label priors. For instance, one could map the original label space
to a permutation such that each class is defined by a label whose natural language
definition contradicts the class itself (e.g. ”positive” to "negative” and vice versa).
Thus, in larger models, a stronger ability to learn this novel mapping may compete
with stronger label priors; it would be interesting to see the effects of scale and number
of demonstrations in this setting.

Many of the potential avenues for future work revolve around better specification
of the research question. In particular, it is difficult to define exactly what counts as
"task recognition” or "task learning” (as mentioned in Section , partly because it
is difficult to define what counts as a task. For instance, while the mapping generated
by the ABSTRACT setting is itself unlikely to have been seen in pre-training, it could
be argued that the act of identifying such an abstract mapping is itself a task that

may have been seen in pre-training. Additionally, it could be argued that some latent
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concept of the task needs to be employed for the model to be able to perform in the
ABSTRACT setting. After all, even small models does have the ability to recognize,
say, sentiment analysis; yet it seems that this secondary step of inferring a mapping
between latent concepts of ”positive” or "negative” to some abstract symbols is where
the benefits of model scale come into play. It would be interesting to formalize a
definition of these latent task concepts (similar to the document concepts introduced
by Xie et al| (2022)) and explain how they are learned in pre-training. It would also
be interesting to explore if large models’ ability to perform "meta-tasks” (e.g. the
task of learning a novel mapping) are enabled in pre-training, and if so, why smaller

models are unable to develop the same abilities.
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Appendix A

Datasets

A.1 Datasets

We use a total of 17 datasets. Sentiment analysis includes SST-2 [Socher et al.
(2013), financial phrasebank Malo et al. (2014)), emotion Saravia et al. (2018), and
poem_sentiment Sheng and Uthus (2020) Topic and stance classification includes
TREC Voorhees and Tice| (2000), tweet_eval_atheist, and tweet_eval _feminist Moham-
mad et al.| (2018); Basile et al.| (2019). Toxicity detection includes tweet_eval_hate,
ethos_race, ethos_gender, ethos_national origin, and ethos_religion [I'soumakas et al.
(2020) Natural language inference/paraphrase detection includes SICK Marelli
et al.| (2014]), SNLI Bowman et al.|(2015)), WNLI|Levesque et al.| (2012)), and MRPC |Dolan
and Brockett| (2005).

We sample from the training set to construct the prompts; following Min et al.
(2022)), we use the development set for evaluation, using sampled max (1350, dataset_size)

examples.
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A.2 Prompt Templates

For each task category (e.g. sentiment classification, topic detection), we manually
design three natural language templates. Depending on exact specifications for the
dataset, templates may be adjusted to better reflect the task (e.g. ”Is this atheist?”
for tweet_eval_atheist). We apply these templates to the natural language label sets
(GoLp and RANDOM). All prompts are presented in Table [A.1]

We also design two task-agnostic variations on three minimal templates for AB-
STRACT: one for single-sentence tasks and one for multi-sequence tasks (e.g. NLI
tasks). We use these minimal templates on the abstract language label sets in order
to prevent the model from being exposed to any information regarding the task from
the prompt design. All minimal templates are presented in Table

All prompts are designed to be answered with single-token responses (e.g. ”Yes/No”,
"True/False”, "positive/negative/neutral”, 70/1/2”, 7A/B/C”) so that we can di-
rectly check models’ last token prediction results instead of applying decoding meth-

ods.
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Type Template # | Example

1 <s>
The sentiment is <positive/negative>
Sentiment 2 <s5>
Analysis Sentiment: <positive/negative>
3 <s>
The sentiment of the text is <positive/negative>
1 <85>
Is this hate speech? < Yes/No>
Hate 2 <s>
Speech Is the sentence hateful? < Yes/No>
3 <s>

The sentence contains hate speech. True or False?
The answer is < True/False>

1 <s§>
The stance is feminist. True or False?
The answer is < True/False>

Stance

Detection 2 <5
Does the sentence express a feminist view? < Yes/No>
3 <s>
Is the stance feminist? < Yes/No>
1 <s5>
The topic is <label>
Topic
De]‘;)ection 2 5=
The sentence is about <label>
3 <s5>

Sentence topic: <label>

Table A.1: Natural prompts used as input in GOLD and RANDOM settings for single-
sentence datasets. <s> denotes the input sequence; labels are illustrated in red.
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Type Temp. # | Example

<sl>

The question is: <s2>7

True or False?

The answer is < True/False>
Hypothesis: <s1>

Premise: <s2>7

Do the sentences show entailment?
<Yes/No>

The hypothesis is: <s1>

The premise is: <s2>7

Is this entailment?

<Yes/No>

<sl>

The question is: <s2>

True, False, or Unknown?

The answer is < True/False/Unknown>
Hypothesis: <s1>

Premise: <s2>7

Given the premise, is the hypothesis true? Yes, No, or
Unknown?

The answer is: < Yes/No/Unknown>
The hypothesis is: <s1>

The premise is: <s2>7

According to the premise, the hypothesis is true. True,
False, or Unknown?

The answer is: < True/False/Unknown>
<sI>

The question is: <s2>

True or False?

The answer is: < True/False/>
Sentence 1: <sI>

Paraphrase Sentence 2: <s2>

Detection These sentences are paraphrases. True or False?
The answer is: < True/False/>

Text: <si>

Consider this sentence: <s2>

Does it paraphrase the text?
<Yes/No>

Entailment | 2

NLI 2

Table A.2: Natural prompts used as input in GOLD and RANDOM settings for multi-
sentence datasets. <sI> and <s2> denote the input sequences; labels are illustrated
in red.
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Type Template # | Example
1 <sentence>
<label>
Minimal
(single 2 <sentence>
sentence) Label: <label>
3 Sentence: <sentence>
Label: <label>
1 <sentencel > [SEP] <sentence2>
<label>
Minimal
(multiple 2 <sentencel > [SEP] <sentence2>
sentences) Label: <label>
3 Sentence 1: <sentencel >
Sentence 2: <sentence2>
Label: <label>

Table A.3: Minimal prompts used for ABSTRACT.
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Appendix B

Result Tables

B.1 Additional Results

B.1.1 Task-by-Task Analysis

Figure[B.2] Figure[B.3] Figure[B.4] and Figure B.5|show task-type breakdown results.
Though individual task-type results are more noisy, we can make a similar observation
compared to the main result — ABSTRACT (TL) scales better with sizes and numbers

of examples compared to RANDOM (TR).

B.1.2 Task-by-Task Analysis
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Figure B.1: Averaged task performance across 17 datasets for OPT (bottom), LLaMA
(middle), and 17 for GPT-3 (top). x-axis shows number of demonstrations in the
prompt. For each model, we run experiments for RANDOM (left), ABSTRACT(middle),
and GOLD (right) demonstrations. Variance is calculated across three templates.
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Figure B.2: Average performance of sentiment analysis datasets.
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Figure B.3:  Average performance of natural language inference/paraphrase

detection datasets.
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Figure B.4: Average performance of toxicity detection datasets.
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Figure B.5: Average performance of topic/stance classification datasets.
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tweet_eval_hate tweet_eval_atheism tweet_eval_feminist sick
Random Abstract Gold Random Abstract Gold Random Abstract Gold Random Abstract Gold
ada 0.52 0.51 0.54 0.45 0.23 0.4 0.4 0.38 0.41 0.44 0.34 0.43
babbage 0.51 0.52 0.54 0.38 0.37 0.43 0.46 0.29 0.49 0.53 0.34 0.57
curie 0.55 0.54 0.6 0.28 0.33 0.32 0.39 0.32 0.4 0.56 0.36 0.56
davinci 0.56 0.55 0.59 0.34 0.33 0.33 0.4 0.4 0.38 0.4 0.39 0.44
financial phrasebank ethos_race ethos_gender ethos_religion
Random Abstract Gold Random Abstract Gold Random Abstract Gold Random Abstract Gold
ada 0.23 0.4 0.4 0.38 0.41 0.44 0.34 0.43 0.56 0.39 0.64 0.62
babbage 0.37 0.43 0.46 0.29 0.49 0.53 0.34 0.57 0.45 0.39 0.55 0.54
curie 0.33 0.32 0.39 0.32 0.4 0.56 0.36 0.56 0.54 0.42 0.63 0.53
davinci 0.33 0.33 0.4 0.4 0.38 0.4 0.39 0.44 0.4 0.56 0.44 0.52
ethos _national origin snli sst2 trec
Random Abstract Gold Random Abstract Gold Random Abstract Gold Random Abstract Gold
ada 0.41 0.44 0.34 0.43 0.56 0.39 0.64 0.62 0.52 0.71 0.62 0.57
babbage 0.49 0.53 0.34 0.57 0.45 0.39 0.55 0.54 0.51 0.52 0.58 0.56
curie 0.4 0.56 0.36 0.56 0.54 0.42 0.63 0.53 0.52 0.6 0.48 0.54
davinci 0.38 0.4 0.39 0.44 0.4 0.56 0.44 0.52 0.51 0.54 0.47 0.52
rte wnli mrpc poem
Random Abstract Gold Random Abstract Gold Random Abstract Gold Random Abstract Gold
ada 0.56 0.39 0.64 0.62 0.52 0.71 0.62 0.57 0.76 0.68 0.54 0.74
babbage 0.45 0.39 0.55 0.54 0.51 0.52 0.58 0.56 0.62 0.63 0.51 0.61
curie 0.54 0.42 0.63 0.53 0.52 0.6 0.48 0.54 0.55 0.56 0.6 0.54
davinci 0.4 0.56 0.44 0.52 0.51 0.54 0.47 0.52 0.5 0.48 0.53 0.62
Table B.1: Single dataset accuracies across the GPT-3 model family, using 8 exam-
ples.
tweet_eval_hate tweet_eval _atheism tweet_eval feminist sick
Random Abstract Gold Random Abstract Gold Random Abstract Gold Random Abstract Gold
ada 0.51 0.51 0.52 0.44 0.37 0.48 0.4 0.42 0.41 0.37 0.44 0.44
babbage 0.48 0.54 0.55 0.36 0.41 0.31 0.44 0.33 0.48 0.54 0.38 0.54
curie 0.54 0.58 0.62 0.28 0.48 0.3 0.33 0.38 0.32 0.56 0.41 0.56
davinci 0.56 0.6 0.64 0.34 0.42 0.39 0.29 0.44 0.38 0.46 0.49 0.49
financial phrasebank ethos race ethos_gender ethos_religion
Random Abstract Gold Random Abstract Gold Random Abstract Gold Random Abstract Gold
ada 0.37 0.48 0.4 0.42 0.41 0.37 0.44 0.44 0.54 0.53 0.67 0.68
babbage 0.41 0.31 0.44 0.33 0.48 0.54 0.38 0.54 0.43 0.53 0.63 0.56
curie 0.48 0.3 0.33 0.38 0.32 0.56 0.41 0.56 0.5 0.55 0.71 0.54
davinci 0.42 0.39 0.29 0.44 0.38 0.46 0.49 0.49 0.38 0.63 0.49 0.51
ethos_national origin snli sst2 trec
Random Abstract Gold Random Abstract Gold Random Abstract Gold Random Abstract Gold
ada 0.41 0.37 0.44 0.44 0.54 0.53 0.67 0.68 0.52 0.76 0.68 0.52
babbage 0.48 0.54 0.38 0.54 0.43 0.53 0.63 0.56 0.53 0.61 0.58 0.54
curie 0.32 0.56 0.41 0.56 0.5 0.55 0.71 0.54 0.56 0.55 0.49 0.55
davinci 0.38 0.46 0.49 0.49 0.38 0.63 0.49 0.51 0.6 0.56 0.5 0.57
rte wnli mrpc poem
Random Abstract Gold Random Abstract Gold Random Abstract Gold Random Abstract Gold
ada 0.54 0.53 0.67 0.68 0.52 0.76 0.68 0.52 0.75 0.69 0.57 0.77
babbage 0.43 0.53 0.63 0.56 0.53 0.61 0.58 0.54 0.61 0.55 0.54 0.62
curie 0.5 0.55 0.71 0.54 0.56 0.55 0.49 0.55 0.59 0.49 0.55 0.59
davinci 0.38 0.63 0.49 0.51 0.6 0.56 0.5 0.57 0.59 0.54 0.67 0.63
Table B.2: Single dataset accuracies across the GPT-3 model family, using 16 ex-
amples.
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tweet_eval_hate tweet_eval_atheism tweet_eval_feminist sick

Random Abstract Gold Random Abstract Gold Random Abstract Gold Random Abstract Gold

ada 0.48 0.52 0.53 0.4 0.37 0.42 0.41 0.38 0.42 0.24 0.45 0.27

babbage 0.53 0.58 0.52 0.32 0.38 0.35 0.42 0.35 0.38 0.44 0.4 0.5

curie 0.54 0.59 0.66 0.26 0.47 0.31 0.38 0.4 0.43 0.57 0.41 0.57

davinci 0.57 0.64 0.66 0.29 0.51 0.37 0.28 0.49 0.37 0.43 0.52 0.49

financial phrasebank ethos_race ethos_gender ethos_religion

Random Abstract Gold Random Abstract Gold Random Abstract Gold Random Abstract Gold

ada 0.37 0.42 0.41 0.38 0.42 0.24 0.45 0.27 0.55 0.56 0.69 0.66

babbage 0.38 0.35 0.42 0.35 0.38 0.44 0.4 0.5 0.51 0.58 0.65 0.51

curie 0.47 0.31 0.38 0.4 0.43 0.57 0.41 0.57 0.52 0.56 0.71 0.51

davinci 0.51 0.37 0.28 0.49 0.37 0.43 0.52 0.49 0.35 0.68 0.5 0.63
ethos_national origin snli sst2 trec

Random Abstract Gold Random Abstract Gold Random Abstract Gold Random Abstract Gold

ada 0.42 0.24 0.45 0.27 0.55 0.56 0.69 0.66 0.55 0.73 0.69 0.61

babbage 0.38 0.44 0.4 0.5 0.51 0.58 0.65 0.51 0.57 0.63 0.6 0.59

curie 0.43 0.57 0.41 0.57 0.52 0.56 0.71 0.51 0.59 0.65 0.5 0.61

davinci 0.37 0.43 0.52 0.49 0.35 0.68 0.5 0.63 0.6 0.63 0.51 0.62
rte wnli mrpc poem

Random Abstract Gold Random Abstract Gold Random Abstract Gold Random Abstract Gold

ada 0.55 0.56 0.69 0.66 0.55 0.73 0.69 0.61 0.73 0.65 0.63 0.77

babbage 0.51 0.58 0.65 0.51 0.57 0.63 0.6 0.59 0.64 0.57 0.56 0.65

curie 0.52 0.56 0.71 0.51 0.59 0.65 0.5 0.61 0.63 0.44 0.61 0.69

davinci 0.35 0.68 0.5 0.63 0.6 0.63 0.51 0.62 0.65 0.6 0.7 0.71

Table B.3: Single dataset accuracies across the GPT-3 model family, using 32 ex-
amples.

tweet_eval_hate tweet_eval_atheism tweet_eval _feminist sick

Random Abstract Gold Random Abstract Gold Random Abstract Gold Random Abstract Gold

0PT-350M 0.49 0.51 0.53 0.43 0.34 0.48 0.41 0.31 0.45 0.33 0.34 0.29

0OPT-2.7B 0.52 0.55 0.56 0.43 0.36 0.45 0.47 0.34 0.5 0.52 0.34 0.55

0PT-6.7B 0.53 0.53 0.57 0.26 0.33 0.27 0.33 0.39 0.36 0.46 0.36 0.48

0PT-13B 0.55 0.52 0.61 0.4 0.35 0.4 0.49 0.35 0.47 0.36 0.3 0.37

OPT-30B 0.52 0.54 0.55 0.28 0.24 0.35 0.4 0.34 0.46 0.53 0.31 0.55

OPT-66B 0.52 0.55 0.53 0.29 0.38 0.32 0.44 0.37 0.42 0.44 0.36 0.47

financial phrasebank ethos_race ethos_gender ethos_religion

Random Abstract Gold Random Abstract Gold Random Abstract Gold Random Abstract Gold

OPT-350M 0.34 0.48 0.41 0.31 0.45 0.33 0.34 0.29 0.48 0.36 0.48 0.6

OPT-2.7B 0.36 0.45 0.47 0.34 0.5 0.52 0.34 0.55 0.54 0.42 0.56 0.49

0PT-6.7B 0.33 0.27 0.33 0.39 0.36 0.46 0.36 0.48 0.63 0.44 0.74 0.55

0PT-13B 0.35 0.4 0.49 0.35 0.47 0.36 0.3 0.37 0.59 0.44 0.69 0.62

0PT-30B 0.24 0.35 0.4 0.34 0.46 0.53 0.31 0.55 0.56 0.43 0.61 0.44

OPT-66B 0.38 0.32 0.44 0.37 0.42 0.44 0.36 0.47 0.33 0.44 0.46 0.45
ethos_national origin snli sst2 trec

Random Abstract Gold Random Abstract Gold Random Abstract Gold Random Abstract Gold

OPT-350M 0.45 0.33 0.34 0.29 0.48 0.36 0.48 0.6 0.49 0.66 0.65 0.51

0PT-2.7B 0.5 0.52 0.34 0.55 0.54 0.42 0.56 0.49 0.53 0.49 0.51 0.56

0PT-6.7B 0.36 0.46 0.36 0.48 0.63 0.44 0.74 0.55 0.54 0.59 0.53 0.57

0PT-13B 0.47 0.36 0.3 0.37 0.59 0.44 0.69 0.62 0.53 0.63 0.55 0.53

0PT-30B 0.46 0.53 0.31 0.55 0.56 0.43 0.61 0.44 0.49 0.42 0.46 0.57

OPT-66B 0.42 0.44 0.36 0.47 0.33 0.44 0.46 0.45 0.55 0.53 0.44 0.55
rte wnli mrpc poem

Random Abstract Gold Random Abstract Gold Random Abstract Gold Random Abstract Gold

0PT-350M 0.48 0.36 0.48 0.6 0.49 0.66 0.65 0.51 0.71 0.66 0.53 0.73

OPT-2.7B 0.54 0.42 0.56 0.49 0.53 0.49 0.51 0.56 0.52 0.48 0.51 0.5

0PT-6.7B 0.63 0.44 0.74 0.55 0.54 0.59 0.53 0.57 0.61 0.53 0.52 0.62

0PT-13B 0.59 0.44 0.69 0.62 0.53 0.63 0.55 0.53 0.61 0.55 0.52 0.62

0PT-30B 0.56 0.43 0.61 0.44 0.49 0.42 0.46 0.57 0.47 0.46 0.51 0.46

OPT-66B 0.33 0.44 0.46 0.45 0.55 0.53 0.44 0.55 0.38 0.49 0.55 0.56

Table B.4: Single dataset accuracies across the OPT model family, using 8 examples.
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tweet_eval_hate tweet_eval_atheism tweet_eval_feminist sick
Random Abstract Gold Random Abstract Gold Random Abstract Gold Random Abstract Gold

OPT-350M 0.52 0.53 0.55 0.47 0.37 0.49 0.42 0.42 0.44 0.33 0.36 0.35
0PT-2.7B 0.52 0.56 0.58 0.44 0.44 0.47 0.51 0.39 0.46 0.55 0.39 0.57
0PT-6.7B 0.52 0.57 0.57 0.22 0.39 0.28 0.39 0.43 0.41 0.48 0.42 0.54
0PT-13B 0.58 0.54 0.62 0.32 0.44 0.38 0.41 0.39 0.41 0.36 0.4 0.36
0OPT-30B 0.51 0.57 0.57 0.34 0.4 0.35 0.41 0.32 0.5 0.55 0.45 0.56
OPT-66B 0.5 0.57 0.54 0.25 0.47 0.31 0.47 0.44 0.48 0.49 0.38 0.51

financial phrasebank ethos_race ethos_gender ethos_religion
Random Abstract Gold Random Abstract Gold Random Abstract Gold Random Abstract Gold

0PT-350M 0.37 0.49 0.42 0.42 0.44 0.33 0.36 0.35 0.45 0.4 0.47 0.65
0PT-2.7B 0.44 0.47 0.51 0.39 0.46 0.55 0.39 0.57 0.53 0.5 0.58 0.45
0OPT-6.7B 0.39 0.28 0.39 0.43 0.41 0.48 0.42 0.54 0.66 0.53 0.8 0.59
0PT-13B 0.44 0.38 0.41 0.39 0.41 0.36 0.4 0.36 0.6 0.53 0.72 0.54
OPT-30B 0.4 0.35 0.41 0.32 0.5 0.55 0.45 0.56 0.56 0.52 0.64 0.35
OPT-66B 0.47 0.31 0.47 0.44 0.48 0.49 0.38 0.51 0.3 0.57 0.49 0.44

ethos_national origin snli sst2 trec
Random Abstract Gold Random Abstract Gold Random Abstract Gold Random Abstract Gold

OPT-350M 0.44 0.33 0.36 0.35 0.45 0.4 0.47 0.65 0.52 0.71 0.71 0.52
0OPT-2.7B 0.46 0.55 0.39 0.57 0.53 0.5 0.58 0.45 0.59 0.47 0.41 0.62
OPT-6.7B 0.41 0.48 0.42 0.54 0.66 0.53 0.8 0.59 0.56 0.71 0.62 0.61
0PT-13B 0.41 0.36 0.4 0.36 0.6 0.53 0.72 0.54 0.53 0.62 0.5 0.55
0PT-30B 0.5 0.55 0.45 0.56 0.56 0.52 0.64 0.35 0.57 0.43 0.38 0.63
0OPT-66B 0.48 0.49 0.38 0.51 0.3 0.57 0.49 0.44 0.59 0.51 0.4 0.6

rte wnli mrpc poem
Random Abstract Gold Random Abstract Gold Random Abstract Gold Random Abstract Gold

OPT-350M 0.45 0.4 0.47 0.65 0.52 0.71 0.71 0.52 0.76 0.73 0.51 0.76
0PT-2.7B 0.53 0.5 0.58 0.45 0.59 0.47 0.41 0.62 0.52 0.45 0.54 0.54
0PT-6.7B 0.66 0.53 0.8 0.59 0.56 0.71 0.62 0.61 0.69 0.64 0.61 0.74
0PT-13B 0.6 0.53 0.72 0.54 0.53 0.62 0.5 0.55 0.58 0.55 0.53 0.58
0OPT-30B 0.56 0.52 0.64 0.35 0.57 0.43 0.38 0.63 0.5 0.41 0.59 0.51
OPT-66B 0.3 0.57 0.49 0.44 0.59 0.51 0.4 0.6 0.46 0.46 0.59 0.55

Table B.5: Single dataset accuracies across the OPT model family, using 16 examples.
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tweet_eval_hate tweet_eval_atheism tweet_eval_feminist sick
Random Abstract Gold Random Abstract Gold Random Abstract Gold Random Abstract Gold

OPT-350M 0.53 0.53 0.55 0.42 0.35 0.42 0.43 0.33 0.4 0.36 0.34 0.35
OPT-2.7B 0.51 0.59 0.59 0.31 0.42 0.42 0.43 0.39 0.42 0.53 0.4 0.57
0PT-6.7B 0.55 0.59 0.6 0.26 0.29 0.24 0.4 0.39 0.42 0.49 0.44 0.53
0PT-13B 0.56 0.58 0.59 0.25 0.45 0.36 0.39 0.38 0.42 0.4 0.38 0.37
0OPT-30B 0.52 0.59 0.57 0.32 0.47 0.42 0.47 0.42 0.47 0.54 0.45 0.6
OPT-66B 0.48 0.58 0.51 0.27 0.5 0.26 0.4 0.46 0.5 0.45 0.43 0.47

financial phrasebank ethos_race ethos_gender ethos_religion
Random Abstract Gold Random Abstract Gold Random Abstract Gold Random Abstract Gold

OPT-350M 0.35 0.42 0.43 0.33 0.4 0.36 0.34 0.35 0.44 0.38 0.44 0.67
0PT-2.7B 0.42 0.42 0.43 0.39 0.42 0.53 0.4 0.57 0.51 0.56 0.58 0.46
0OPT-6.7B 0.29 0.24 0.4 0.39 0.42 0.49 0.44 0.53 0.68 0.61 0.82 0.63
0PT-13B 0.45 0.36 0.39 0.38 0.42 0.4 0.38 0.37 0.61 0.6 0.72 0.48
0PT-30B 0.47 0.42 0.47 0.42 0.47 0.54 0.45 0.6 0.57 0.57 0.7 0.4
OPT-66B 0.5 0.26 0.4 0.46 0.5 0.45 0.43 0.47 0.37 0.64 0.57 0.41

ethos_national origin snli sst2 trec
Random Abstract Gold Random Abstract Gold Random Abstract Gold Random Abstract Gold

OPT-350M 0.4 0.36 0.34 0.35 0.44 0.38 0.44 0.67 0.51 0.73 0.71 0.51
0OPT-2.7B 0.42 0.53 0.4 0.57 0.51 0.56 0.58 0.46 0.55 0.49 0.43 0.6
0PT-6.7B 0.42 0.49 0.44 0.53 0.68 0.61 0.82 0.63 0.65 0.74 0.62 0.65
0PT-13B 0.42 0.4 0.38 0.37 0.61 0.6 0.72 0.48 0.56 0.57 0.44 0.64
0PT-30B 0.47 0.54 0.45 0.6 0.57 0.57 0.7 0.4 0.55 0.42 0.36 0.66
0OPT-66B 0.5 0.45 0.43 0.47 0.37 0.64 0.57 0.41 0.63 0.52 0.36 0.67

rte wnli mrpc poem
Random Abstract Gold Random Abstract Gold Random Abstract Gold Random Abstract Gold

OPT-350M 0.44 0.38 0.44 0.67 0.51 0.73 0.71 0.51 0.77 0.74 0.52 0.79
OPT-2.7B 0.51 0.56 0.58 0.46 0.55 0.49 0.43 0.6 0.54 0.41 0.56 0.48
0PT-6.7B 0.68 0.61 0.82 0.63 0.65 0.74 0.62 0.65 0.78 0.65 0.64 0.77
0PT-13B 0.61 0.6 0.72 0.48 0.56 0.57 0.44 0.64 0.5 0.45 0.53 0.5
0OPT-30B 0.57 0.57 0.7 0.4 0.55 0.42 0.36 0.66 0.46 0.4 0.71 0.54
OPT-66B 0.37 0.64 0.57 0.41 0.63 0.52 0.36 0.67 0.49 0.4 0.69 0.56

Table B.6: Single dataset accuracies across the OPT model family, using 32 examples.

tweet_eval hate tweet_eval atheism tweet_eval feminist sick

Random Abstract Gold Random Abstract Gold Random Abstract Gold Random Abstract Gold

7B 0.59 0.53 0.64 0.33 0.31 0.37 0.41 0.43 0.45 0.32 0.36 0.38
13B 0.63 0.53 0.65 0.31 0.34 0.28 0.43 0.34 0.44 0.39 0.41 0.41
30B 0.64 0.58 0.72 0.38 0.47 0.52 0.57 0.49 0.65 0.37 0.43 0.41
65B 0.69 0.58 0.72 0.4 0.42 0.58 0.54 0.42 0.58 0.38 0.46 0.41

financial_phrasebank ethos_race ethos_gender ethos_religion

Random Abstract Gold Random Abstract Gold Random Abstract Gold Random Abstract Gold

7B 0.31 0.37 0.41 0.43 0.45 0.32 0.36 0.38 0.64 0.4 0.7 0.65
13B 0.34 0.28 0.43 0.34 0.44 0.39 0.41 0.41 0.42 0.35 0.61 0.61
30B 0.47 0.52 0.57 0.49 0.65 0.37 0.43 0.41 0.65 0.38 0.79 0.69
65B 0.42 0.58 0.54 0.42 0.58 0.38 0.46 0.41 0.6 0.44 0.83 0.69

ethos_national origin snli sst2 trec

Random Abstract Gold Random Abstract Gold Random Abstract Gold Random Abstract Gold

7B 0.45 0.32 0.36 0.38 0.64 0.4 0.7 0.65 0.56 0.73 0.61 0.53

13B 0.44 0.39 0.41 0.41 0.42 0.35 0.61 0.61 0.52 0.66 0.59 0.5
30B 0.65 0.37 0.43 0.41 0.65 0.38 0.79 0.69 0.52 0.76 0.65 0.52
65B 0.58 0.38 0.46 0.41 0.6 0.44 0.83 0.69 0.55 0.75 0.65 0.56

rte wnli mrpc poem

Random Abstract Gold Random Abstract Gold Random Abstract Gold Random Abstract Gold

7B 0.64 0.4 0.7 0.65 0.56 0.73 0.61 0.53 0.7 0.71 0.52 0.78
13B 0.42 0.35 0.61 0.61 0.52 0.66 0.59 0.5 0.64 0.71 0.54 0.78
30B 0.65 0.38 0.79 0.69 0.52 0.76 0.65 0.52 0.77 0.67 0.56 0.86
65B 0.6 0.44 0.83 0.69 0.55 0.75 0.65 0.56 0.77 0.73 0.6 0.87

Table B.7: Single dataset accuracies across the LLaMA model family, using 8 exam-
ples.
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tweet_eval hate tweet_eval atheism tweet_eval_feminist sick
Random Abstract Gold Random Abstract Gold Random Abstract Gold Random Abstract Gold
7B 0.61 0.58 0.66 0.33 0.49 0.37 0.41 0.35 0.45 0.31 0.43 0.36
13B 0.6 0.58 0.66 0.27 0.5 0.34 0.4 0.34 0.42 0.37 0.42 0.41
30B 0.67 0.67 0.74 0.37 0.54 0.53 0.47 0.5 0.62 0.36 0.51 0.42
65B 0.66 0.62 0.73 0.37 0.56 0.6 0.52 0.53 0.6 0.38 0.55 0.42
financial phrasebank ethos race ethos_gender ethos religion
Random Abstract Gold Random Abstract Gold Random Abstract Gold Random Abstract Gold
7B 0.49 0.37 0.41 0.35 0.45 0.31 0.43 0.36 0.65 0.46 0.72 0.6
13B 0.5 0.34 0.4 0.34 0.42 0.37 0.42 0.41 0.41 0.39 0.59 0.56
30B 0.54 0.53 047 0.5 0.62 0.36 0.51 0.42 0.64 0.49 0.84 0.6
65B 0.56 0.6 0.52 0.53 0.6 0.38 0.55 0.42 0.56 0.54 0.87 0.62
ethos _national origin snli sst2 trec
Random Abstract Gold Random Abstract Gold Random Abstract Gold Random Abstract Gold
7B 0.45 0.31 0.43 0.36 0.65 0.46 0.72 0.6 0.53 0.72 0.57 0.59
13B 0.42 0.37 0.42 0.41 0.41 0.39 0.59 0.56 0.51 0.66 0.59 0.5
30B 0.62 0.36 0.51 0.42 0.64 0.49 0.84 0.6 0.58 0.74 0.6 0.65
65B 0.6 0.38 0.55 0.42 0.56 0.54 0.87 0.62 0.58 0.75 0.66 0.65
rte wnli mrpc poem
Random Abstract Gold Random Abstract Gold Random Abstract Gold Random Abstract Gold
7B 0.65 0.46 0.72 0.6 0.53 0.72 0.57 0.59 0.67 0.65 0.59 0.78
13B 0.41 0.39 0.59 0.56 0.51 0.66 0.59 0.5 0.73 0.69 0.54 0.78
30B 0.64 0.49 0.84 0.6 0.58 0.74 0.6 0.65 0.74 0.65 0.64 0.85
65B 0.56 0.54 0.87 0.62 0.58 0.75 0.66 0.65 0.78 0.73 0.64 0.85
Table B.8:  Single dataset accuracies across the LLaMA model family, using 16
examples.
tweet_eval _hate tweet_eval_atheism tweet_eval_feminist sick
Random Abstract Gold Random Abstract Gold Random Abstract Gold Random Abstract Gold
7B 0.58 0.58 0.64 0.33 0.51 0.35 04 0.38 0.47 0.36 0.46 04
13B 0.6 0.59 0.68 0.3 0.46 0.37 0.41 0.42 0.46 0.36 0.42 0.42
30B 0.65 0.64 0.73 0.32 0.53 0.6 0.48 0.51 0.63 0.35 0.55 0.42
65B 0.64 0.68 0.78 0.38 0.51 0.6 0.45 0.49 0.63 0.36 0.62 0.43
financial phrasebank ethos_race ethos_gender ethos_religion
Random Abstract Gold Random Abstract Gold Random Abstract Gold Random Abstract Gold
7B 0.51 0.35 0.4 0.38 0.47 0.36 0.46 04 0.64 0.5 0.74 0.61
13B 0.46 0.37 0.41 0.42 0.46 0.36 0.42 0.42 0.38 0.38 0.56 0.65
30B 0.53 0.6 0.48 0.51 0.63 0.35 0.55 0.42 0.61 0.61 0.88 0.66
65B 0.51 0.6 0.45 0.49 0.63 0.36 0.62 0.43 0.52 0.66 0.88 0.59
ethos_national origin snli sst2 trec
Random Abstract Gold Random Abstract Gold Random Abstract Gold Random Abstract Gold
7B 0.47 0.36 0.46 0.4 0.64 0.5 0.74 0.61 0.59 0.67 0.47 0.62
13B 0.46 0.36 0.42 0.42 0.38 0.38 0.56 0.65 0.53 0.73 0.67 0.57
30B 0.63 0.35 0.55 0.42 0.61 0.61 0.88 0.66 0.6 0.74 0.55 0.6
65B 0.63 0.36 0.62 0.43 0.52 0.66 0.88 0.59 0.63 0.76 0.58 0.66
rte wnli mrpc poem
Random Abstract Gold Random Abstract Gold Random Abstract Gold Random Abstract Gold
7B 0.64 0.5 0.74 0.61 0.59 0.67 047 0.62 0.69 0.65 0.64 0.79
13B 0.38 0.38 0.56 0.65 0.53 0.73 0.67 0.57 0.76 0.7 0.62 0.83
30B 0.61 0.61 0.88 0.66 0.6 0.74 0.55 0.6 0.8 0.57 0.65 0.82
65B 0.52 0.66 0.88 0.59 0.63 0.76 0.58 0.66 0.77 0.63 0.73 0.87
Table B.9:  Single dataset accuracies across the LLaMA model family, using 32
examples.
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