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Abstract

Recent advances in natural language processing (NLP), particularly in the subspace of large
language modeling, have led to a major paradigm shift. Large language models (LLMs), like
the GPT and LLaMA family of models, are trained on a massive Internet corpus covering
data from a gamut of diverse domains. In addition, the billions of parameters in these
models also invoke emergent capabilities in them, leading to strong improvements across
diverse NLP tasks without much task-specific tuning; however, effectively harnessing the
knowledge of these generalist models for real-world data still remains a major challenge as
the LLMs can produce inconsistent, biased, and unsatisfactory outputs. In this thesis, we
propose task-specific strategies for effectively leveraging LLMs for a number of challenging
NLP tasks, such as (low-resource) text classification, text summarization, modeling artistic
preferences of creative individuals, and automated data analysis.

Our results suggest that LLMs can serve as excellent data generators and data la-
belers for well-defined single-step tasks like classification and summarization, crucially in
data-scarce settings, where models trained on LLM-generated data achieved competitive
performance to oracle models trained on a much larger labeled training data. On the other
hand, for more subjective tasks like modeling artistic preferences among creative individ-
uals, we demonstrate that while LLMs might not be able to discern between the likes and
dislikes of artists, they can be effective in extracting key linguistic and poetic properties
from text that can later be employed to infer artistic preferences among different individu-
als. Lastly, we also evaluate the effectiveness of LLMs in multi-step tasks that require the
LLM to perform multiple tasks in tandem without compromising performance for individ-
ual tasks. Overall, our work draws critical insights into the strengths and shortcomings
of LLMs for a wide range of subjective and objective NLP tasks and includes meaningful
suggestions for the research community to harness LLMs for those tasks effectively.
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Chapter 1

Introduction

Natural Language Processing (NLP) is a subfield of artificial intelligence that focuses on
enabling computers to understand, interpret, and generate human language. NLP sits
at the core of our day-to-day lives. From customer support chatbots to summarizing
news articles, NLP applications are everywhere. It spans a wide array of tasks, such
as determining whether a restaurant review is positive or negative (sentiment analysis),
answering a question from a Wikipedia article (question answering), or determining the
part-of-speech of a word in a sentence (POS tagging). Formally, NLP solutions designed
to solve these tasks can be divided into two categories: discriminative and generative.

Discriminative methods focus on directly modeling the decision boundary between pos-
sible set of outcomes or classes. Common architectures used in discriminative NLP solu-
tions include logistic regression, Support Vector Machines (SVMs), Conditional Random
Fields (CRFs), and neural networks. For instance, CRFs are commonly used in sequence
labeling tasks like named entity recognition, where they maximize the conditional proba-
bility of a sequence label given an observed sequence.

On the other hand, generative methods are designed to model the joint probability
of input-output sequence pairs, enabling them to generate new, plausible data sequences
based on learned patterns. Unlike discriminative methods, which focus solely on predict-
ing labels, generative methods learn the underlying distribution of text data, allowing
them to create coherent sentences, translate languages, or simulate conversations. Tra-
ditional generative models, such as n-grams and Hidden Markov Models (HMMs), rely
on probabilistic approaches to generate text, though they often struggle with capturing
long dependencies. More powerful deep-learning based architectures such as Autoencoders
(AEs), and Sequence-to-Sequence models used recurrent neural networks (RNNs) to create
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richer, more contextually aware text.

Traditionally, discriminative methods offered better performance for classification tasks
than generative models, as they focus solely on the conditional relationship between inputs
and outputs, which allows them to be more accurate and computationally efficient; however,
it all changed with the advent of transformers.

The transformer architecture deviates from the sequential nature of RNNs by simulta-
neously processing all the input tokens using attention mechanism. The lack of sequential
dependency in transformers allows parallelization during training and also made possible
training these models on large scale internet data. The first generation of transformer-based
models, such as, BERT and GPT outperformed all existing NLP methods on multiple
natural language understanding tasks. These models excelled in tasks like text genera-
tion, summarization, and machine translation by producing outputs that resemble nat-
ural language and reflect intricate relationships in data. The most recent generation of
transformer-based models includes highly performant generative language models, such as
GPT-3, PaLM, LLaMA-3, and Claude, have pushed the boundaries of natural language
understanding and generation. These models leverage massive datasets and high-capacity
architectures to achieve unprecedented performance across a wide array of tasks, from con-
versational AI and code generation to creative writing and complex reasoning. By scaling
both model size and training data, these advanced models capture nuanced context, learn
subtle patterns, and can generalize across diverse applications, enabling them to perform
at or near human level on various benchmarks. Moreover, a critical development is that
these generative models now also excel at classification tasks, demonstrating strong per-
formance in distinguishing complex categories across various domains. By fine-tuning or
adapting their architectures, they have achieved high accuracy in sentiment analysis, topic
categorization, and other classification tasks, rivaling dedicated classification models while
maintaining the versatility to generate coherent, contextually relevant text.

While these LLMs achieve impressive results on standardized benchmarks, their perfor-
mance often falls short when applied to real-life data, even for similar tasks. Benchmarks
are typically curated and may not fully capture the variability, noise, and ambiguity of
real-world text, leading to a gap between their benchmark success and practical reliabil-
ity. For instance, LLMs might produce factually incorrect or biased outputs when faced
with unseen or nuanced cases that deviate from their training distribution. Moreover, the
variability in their responses to the same prompt can be troubling, as different outputs
can introduce inconsistencies that complicate user trust and decision-making. This gap
underscores the need for continued development to ensure that LLMs perform robustly
and accurately in the dynamic and diverse contexts of real-world applications.
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In this thesis, we aim to study the utility of large language models (LLMs)–artificical
neural networks trained on massive datasets, for a diverse set of tasks that simulate the
complexities encountered in practical applications–for two broad categories of tasks: single-
step and multi-step. Single-step tasks require an LLM to perform a singular task at a time,
while multi-step tasks requires the LLM to perform multiple tasks to achieve a singular
goal. Critically, in multi-step tasks, an LLM is not only required to perform the individual
tasks well, but it is expected to do them in tandem with other tasks to achieve a common
goal. We explore both single-step and multi-step tasks to understand the capabilities
and limitations of LLMs in different scenarios and identify strategies to enhance their
performance in real-world applications.

Among the single-step tasks, we focus on text classification, text summarization, and
artistic preference modeling. Each of these tasks involves performing a singular, specific
function: predicting the category of a text, generating a summary of source material, or
providing a score to measure the presence of a particular feature in a text (e.g., assessing the
degree of poetic imagery in a lyric line, respectively). Further, we study the utility of LLMs
in the challenging multi-step task of automated exploratory data analysis, which involves
performing multiple individual tasks in tandem without compromising the efficacy for the
individual tasks. For instance, to excel at automated data analysis, an LLM must excel
at multiple tasks, such as identifying questions to ask about a dataset, generating code to
answer those questions, and providing insights based on the code outputs. By exploring
both single-step and multi-step tasks, we aim to understand the capabilities and limitations
of LLMs in different scenarios and identify strategies to enhance their performance

Notably, we add additional challenging constraints to the selected tasks to simulate
real-life scenarios, such as data scarcity, noise, and ambiguity. These constraints are cru-
cial, as they allow us to evaluate the robustness and adaptability of LLMs in practical
scenarios where the data is often incomplete, noisy, or biased. By testing LLMs under
these conditions, we can identify their shortcomings and develop strategies to mitigate
them, thereby enhancing their reliability and effectiveness in real-world applications. We
also ensure that our tasks cover various complexities encountered in practical applications.
For instance, our few-shot text classification setup tests the models in a data-scarce sce-
nario with minimal or no labeled data. We also work on few-shot and semi-supervised
text summarization for both short and long document summarization to assess how well
LLMs can condense and convey essential information across different content lengths and
formats. This dual focus allows us to investigate the models’ capabilities in handling vary-
ing degrees of complexity in text, from succinct news articles to comprehensive reports. In
addition to the two objective tasks with clear task definitions, we tackle the challenge of
modeling the artistic preferences of creative individuals, which is particularly challenging
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due to its inherent subjectivity (for instance, what is “inspiring” to one individual may not
be to another). Together, these tasks not only test the versatility of LLMs but also provide
a comprehensive framework for evaluating their effectiveness in real-world scenarios. We
describe below the core contributions of this thesis and its progression in the subsequent
chapters.

1.1 Research Contributions

We now summarize the core contributions of this thesis below:

1. We propose novel prompt-based data augmentation strategies for few-shot and zero-
shot text classification to synthesize high-quality, diverse datasets. We also demon-
strate that our method facilitates the distillation of knowledge from 175B LLMs to
110M classifiers.

2. We evaluate the efficacy of employing LLMs for few-shot and semi-supervised text
summarization for both short and long documents. We conduct comprehensive exper-
iments to demonstrate that a) LLMs are effective data generators and pseudo-labelers
for text summarization, and b) it is possible to achieve knowledge distillation in the
generative task of text summarization as well.

3. We propose a novel framework to employ LLMs for inherently subjective tasks, such
as modeling the artistic preferences of different individuals, comparing literary works
of different artists, or studying the progression of artistic styles over time. We demon-
strate that while LLMs may not be able to discern between the likes and dislikes of
creative individuals, they can extract key linguistic and poetic features from text
that can be used to infer artistic preferences among different individuals.

4. We also propose, AgentPoirot, a novel framework to employ LLMs for automated
exploratory data analysis. We demonstrate that LLMs can effectively generate ques-
tions, code, and insights for a given dataset, thus automating the exploratory data
analysis process.

1.2 Progression of the Thesis

We introduce the foundational concepts, including the evolution of generative NLP models
and language modeling techniques, in Chapter 2. We then follow a structured approach to
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Figure 1.1: Progression of topics in this thesis.

evaluate the utility of LLMs for numerous tasks. Our tasks are categorized on two axes:
single-step v/s multi-step tasks and objective v/s subjective tasks. As described earlier, we
define single-step tasks as those that require an LLM to perform a singular task at a time,
such as classifying whether a sentence is a question, and we define multi-step tasks as tasks
that require performing multiple tasks in tandem to achieve a singular goal. For instance,
performing exploratory data analysis on a dataset might require performing the following
tasks: identify relevant questions to explore in the dataset, write code to generative vi-
sualizations that answer those questions, and then interpret the visualizations to derive
meaningful insights. We do not count lower-level tasks, such as tokenization, computing
embeddings, and attention matrices, as individual tasks in the single- and multi-step se-
tups. Notably, multi-step tasks are more challenging than single-step tasks as they require
performing multiple tasks without compromising the efficacy of individual tasks. Next, we
define objective tasks as those with clearly defined outcomes and a broad consensus on the
correct answer. For example, in sentiment analysis, most people would agree on whether
a review expresses a positive or negative sentiment. On the other hand, we define sub-
jective tasks as those where the value of the target variable depends on personal opinions
or perspectives, leading to variability in responses (for the same input) across different
individuals. For instance, a single lyrical line might feel inspiring to one person but fail to
resonate with another. We chose these axes as they encompass the diversity of tasks that
LLMs are expected to perform in real-world applications, and they allow us to evaluate
the capabilities and limitations of LLMs in different scenarios in a principled fashion.
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Given the categorization of tasks, we start by evaluating the utility of LLMs for a
single-step, objective task in Chapter 3, as it is the least complex category of task. Specif-
ically, we explore the discriminatory setup of text classification, a fundamental NLP task,
with a focus on a few-shot setup without many labeled examples, as we intend to simulate
real-world scenarios where labeled data is scarce. Through this study, we aim to under-
stand if LLMs, which have already been exposed to massive data during their pretraining,
could be a viable solution to alleviate data scarcity found in real-life, practical scenarios.
We benchmark a naive data augmentation method with off-the-shelf LLMs against exist-
ing approaches and identify its strengths and limitations. After confirming the potential
of data augmentation with generalist LLMs, we progress to developing more advanced
data augmentation strategies with LLMs in Chapter 4 to address limitations of a naive
LLM-based method and handle more aggressive data-scarce setups, such as zero-shot text
classification.

We then proceed to progress towards our second single-step task of text summarization.
We chose text summarization as our second single-step task as it increases the complexity
of the objective task from a discriminatory setup to a generative setup. Moreover, text
summarization is a fundamental NLP task with a wide range of applications, from con-
densing news articles to generating abstracts for research papers; however, to avoid an
abrupt increase in complexity from simple classification to abstractive summarization, we
first test whether the discriminatory capabilities of the LLM translate well to the domain
of summarization. Therefore, we work on extractive text summarization in Chapter 5, as
it casts summarization as a classification problem, where the task is to predict whether
or not a given sentence in the input document should be present in the output summary.
More specifically, we work in the relaxed semi-supervised setting with access to a large
unlabeled pool of examples in addition to a small labeled set. We confirm that LLMs
can be effectively leveraged for extractive summarization and then progress to the more
challenging setup of few-shot, abstractive summarization in Chapter 6, where we develop
a novel LLM-based pipeline that performs data augmentation and knowledge distillation
to achieve competitive performance in a few-shot setup.

After evaluating the utility of LLMs on multiple single-step, objective tasks, we further
increase the complexity of the tasks by moving to subjective tasks. Specifically, we test
the utility of generalist LLMs for modeling artistic preferences of creative individuals in
Chapter 7 as it is an inherently subjective task requiring an understanding of the artistic
preferences of different individuals. We conclude that while LLMs might not be able to
discern between the likes and dislikes of artists, they can be effective in extracting key
linguistic and poetic properties from text that can later be employed to infer artistic
preferences among different individuals.
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Upon evaluating the utility of LLMs for single-step, objective, and subjective tasks,
we progress to our most complex setup: multi-step tasks. In Chapter 8, we evaluate
the capabilities of LLMs for automated exploratory data analysis. We demonstrate that
the abilities of LLMs for single-step tasks can be translated to most multi-step tasks by
appropriately contextualizing the LLM. Figure 1.1 summarizes the progression of topics
in this thesis. We discuss the broader implications of our findings with prospective future
directions in Chapter 9 before presenting our concluding remarks in Chapter 10.
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Chapter 2

Background and Related Work

In this chapter, we cover the foundational topics relevant to the subsequent chapters. Sec-
tion 2.1 provides an overview of generative models in natural language processing (NLP),
highlighting their applications and significance. We discuss the evolution of these models,
from traditional statistical approaches to modern deep learning architectures, and their
impact on various NLP tasks. Finally, we explore the integration of generative and dis-
criminative approaches in NLP, focusing on techniques like in-context learning, few-shot
learning, fine-tuning, and retrieval-augmented generation (RAG). These hybrid models
leverage the strengths of both paradigms to enhance text generation and classification
tasks, enabling more nuanced and contextually aware applications. By combining genera-
tive and discriminative methodologies, researchers have achieved significant advancements
in NLP, paving the way for more adaptable, intelligent, and efficient language models.

The second part of this chapter, Section 2.2, presents an overview of related work in
the fields of few-shot text classification, text summarization, artistic preference modeling,
and automated data analysis (Schick and Schütze, 2021; Alex et al., 2021; Bragg et al.,
2021). We discuss key contributions and advancements in each domain, highlighting the
challenges, methodologies, and outcomes of existing research. By examining prior work in
these areas, we aim to situate our contributions and identify gaps in the current literature
that our research seeks to address. This review of related work provides a foundation for
understanding the state of the art in each field and sets the stage for our novel approaches
and methodologies presented in the subsequent chapters.
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2.1 Evolution of Generative Models in NLP

Generative models in natural language processing (NLP) are designed to learn the under-
lying distribution of a language and generate new, coherent text samples based on this
learned distribution. These models predict the likelihood of sequences of words or phrases,
enabling the generation of text that closely resembles human language. The following
subsections provide an overview of generative models in NLP.

2.1.1 n-gram Models

n-gram models (Jurafsky and Martin, 2000) are one of the earliest generative models used
in NLP. These models rely on a Markov assumption of order n − 1, meaning that the
probability of occurrence of a word depends on the previous n− 1 words in the sequence.
By estimating the conditional probability of each word given its context, n-gram models can
generate text by sampling words based on their likelihood in the training data. Formally,
an n-gram model can be described as follows:

P (wk|w1, w2, . . . , wk−1) ≈ P (wk|wk−(n−1), wk−(n−2), . . . , wk−1) (2.1)

where wk represents the k-th word in the sequence. Notably, the probabilities are esti-
mated based on the frequency of word sequences (or n-grams) in a training corpus, allowing
the model to capture patterns and dependencies in the data. As a working example, let us
illustrate how a bigram model predicts the probability of the word “mat” in the context
of the sentence “The cat sat on the mat.” Substituting n = 2 in Equation 2.1, the bi-
gram model estimates the conditional probability P (wk|w1, w2, . . . , wk−1) ≈ P (wk|wk−1) =
P (mat|the). Specifically, the probabilities are based on the frequency of the bigram “the
mat” in the training data. For simplification, consider the following simplified, hypothetical
training corpus:

“The cat sat on the mat. The dog sat on the rug. The cat chased the mouse.
The dog chased the ball.”

From the training corpus, we now extract all bigrams (pairs of consecutive words) and
count their occurrences. Below is the list of extracted bigrams, along with their frequencies:
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Bigram Frequency

the cat 2
cat sat 1
sat on 2
on the 2
the mat 1
the dog 2
dog sat 1
sat on 2
on the 2
the rug 1
the cat 2
cat chased 1
chased the 2
the mouse 1
the dog 2
dog chased 1
chased the 2
the ball 1

Next, we compute the unigram probabilities for the training corpus, which is shown in
the Table below.

Unigram Frequency
the 8
cat 2
sat 2
on 2
mat 1
dog 2
chased 2
mouse 1
rug 1
ball 1

Finally, we compute the conditional probability P (mat | the) using the formula:
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P (mat | the) =
Count(the mat)

Count(the)

From the tables above:

Count(the mat) = 1

Count(the) = 8

Plugging in the values:

P (mat | the) =
1

8
= 0.125

The probability P (mat | the) = 0.125 indicates that, given the word “the,” there is a
12.5% chance that the next word is “mat” based on the training corpus. This probability
helps the bigram model predict subsequent words in a sentence by evaluating the likelihood
of each possible word following the current word. Similarly, we can compute the probability
of “mat” using a trigram model (n = 3), where the probability of “mat” depends on the
previous two words in the sequence, as follows:

P (mat | on the) =
Count(on the mat)

Count(on the)

Overall, while n-gram models are simple to apply on observable word sequences and
computationally efficient, they often struggle with capturing long-range dependencies and
complex language structures due to their limited context window; however, despite their
limitations, n-gram models have been foundational in NLP and have paved the way for
more sophisticated generative models.

2.1.2 Hidden Markov Models (HMMs)

Hidden Markov Models (HMMs) (Rabiner, 1989), rely on more sophisticated statistical
approaches to model the probability of word sequences. HMMs have two fundamental
concepts: states and symbols. States represent the underlying, unobservable conditions
or phases of the system being modeled. These states are considered “hidden” because
they are not directly accessible or observable during the model’s operation. Instead, each
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Figure 2.1: Hidden Markov Model, and its probabilistic parameters (example). X – states;
y – possible observations; a – state transition probabilities; b – output probabilities. Source
— Wikipedia.

state generates observable outputs, allowing the model to infer the sequence of states
based on the observed data. For example, in part-of-speech tagging, the hidden states
could correspond to grammatical categories such as nouns, verbs, adjectives, etc., while the
observable symbols are the actual words in a sentence. Symbols, also known as observations
or emissions, are the visible outputs generated by the hidden states. These symbols are
the actual data points that can be observed and measured. In the HMM framework, each
state has a probability distribution over the possible symbols it can emit. Continuing with
the part-of-speech tagging example, the symbols would be the words themselves, such as
“cat,” “sat,” “on,” and “mat,” which are emitted by the corresponding grammatical states.
Given the two concepts of states and symbols, the core mechanism of an HMM involves
transitions between hidden states and the generation of observable symbols. In HMMs, we
are interested in computing two sets of probabilities:

• Transition Probabilities: The probabilities of moving from one hidden state to
another. These probabilities capture the dynamics of how states evolve over time.

• Emission Probabilities: The probabilities of a hidden state emitting a particular
symbol. These probabilities link the hidden states to the observable data.

12
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Figure 2.2: Recurrent Neural Network (RNN) architecture. Here, x(t) represents the input
at time step t, h(t) denotes the hidden state at time step t, and y(t) is the output at time
step t. The recurrent unit processes the input sequence iteratively, updating the hidden
state based on the current input and the previous hidden state. Image source: Goodfellow
et al. (2016)

By modeling the sequence of states and their corresponding emissions, HMMs can
effectively capture the temporal dependencies and generate meaningful interpretations of
the observed symbols. This dual structure allows HMMs to perform tasks such as sequence
prediction, pattern recognition, and anomaly detection in various applications, including
speech recognition, bioinformatics, and natural language processing. Figure 2.1 shows
the structure of an HMM, including its probabilistic parameters, and to further illustrate
the working of HMMs, we provide a worked-out example in Appendix A.1 to predict the
probability of the word “mat” in the sequence “The cat sat on the mat” and its part-of-
speech tag.

Despite their effectiveness in modeling sequential data, HMMs are limited by their
Markov assumption and struggle with capturing long-range dependencies and complex
linguistic patterns. Nevertheless, HMMs have been instrumental in advancing generative
modeling techniques and have laid the groundwork for more sophisticated models like
recurrent neural networks (RNNs) and modern Transformer-based architectures.
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Figure 2.3: Sequence-to-Sequence (Seq2Seq) model architecture. The encoder processes the
input sequence and generates a fixed-length vector representation, which is then decoded by
the decoder to produce the output sequence. The model learns to map input sequences to
output sequences, making it suitable for tasks like machine translation. In this example, the
source sentence in French is being translated to English. Image source: PyTorch Seq2Seq
Tutorials (2024)

2.1.3 Recurrent Neural Networks (RNNs)

Recurrent Neural Networks (RNNs) (Rumelhart et al., 1986) are a class of neural networks
designed to model sequential data by capturing temporal dependencies between elements in
a sequence. Unlike traditional feedforward neural networks, which process input data in a
fixed order, RNNs maintain an internal state that allows them to retain information about
previous inputs as they process subsequent elements. This recurrent structure enables
RNNs to model sequences of varying lengths and learn complex patterns in sequential
data. This recurrent unit is the core component of an RNN, which processes input data at
each time step and updates its hidden state based on the current input and the previous
hidden state. This hidden state serves as a memory mechanism that encodes information
about the sequence up to that point. By iteratively applying the recurrent unit to each
element in the sequence, RNNs can capture long-range dependencies and context in the
data. Figure 2.2 illustrates the architecture of an RNN.

RNNs have been widely used in natural language processing tasks such as language
modeling, machine translation, and sentiment analysis, where the sequential nature of text
data makes them well-suited for capturing linguistic structures and temporal dependencies.
Although RNNs have been effective in modeling sequential data, they suffer from challenges
like vanishing gradients, which limit their ability to capture long-range dependencies in
sequences. To address these limitations, more advanced architectures like Long Short-
Term Memory (LSTM) networks (Hochreiter and Schmidhuber, 1997) and Gated Recurrent

14



Units (GRUs) (Cho, 2014) have been developed, offering improved memory and gradient
flow in recurrent networks.

A typical generative model based on RNNs is the Sequence-to-Sequence (Seq2Seq)
model (Sutskever et al., 2014), which consists of an encoder-decoder architecture that maps
an input sequence to an output sequence. The encoder processes the input sequence and
encodes it into a fixed-length vector representation (also known as latent vector), which
is then decoded by the decoder to generate the output sequence. Seq2Seq models have
been instrumental in tasks like machine translation, text summarization, and dialogue
generation, where the model learns to generate coherent and contextually relevant text
based on the input sequence. Figure 2.3 illustrates the architecture of a Seq2Seq model,
where the source sentence in French is being translated into English. Seq2Seq models
have significantly advanced the field of generative modeling by enabling the generation of
complex sequences and capturing semantic relationships between input and output data.
However, they often struggle to obtain a continuous representation of the input sequence.
This limitation led to the development of models like the Variational Autoencoder (VAE)
for text (Kingma and Welling, 2013; Bowman et al., 2015), which regularize the latent space
to ensure it is both continuous and smooth. Specifically, a variational autoencoder (VAE) is
a stochastic neural generative model that consists of an encoder-decoder architecture. The
key idea is to learn an approximate posterior distribution qϕ(z|x) that closely resembles
the true posterior pθ(z|x), which is generally intractable. The VAE objective minimizes
the evidence lower bound (ELBO), which has the following form:

ELBO = Ez∼qϕ [log pθ(x|z)]−KL(qϕ(z|x)||pθ(z)), (2.2)

where x is the input, z is a latent variable, qϕ(z|x) is the approximate posterior distri-
bution, and pθ(z) is the prior. The KL divergence term, KL(qϕ(z|x)||pθ(z)), encourages
the approximate posterior to align with the prior, which is usually chosen as a standard
Gaussian. Notably, the parameters ϕ and θ are jointly learned. VAE improves over a
vanilla Seq2Seq by learning a continuous latent space as opposed to a deterministic input-
output mapping; this allows us to sample diverse outputs from the model at inference time.
Figure 2.4 illustrates the difference between the latent spaces learned by a deterministic
autoencoder (using vanilla seq2seq architecture) and a variational autoencoder.

2.1.4 Generative Adversarial Networks (GANs)

Generative Adversarial Networks (GANs) (Goodfellow et al., 2014) are a class of generative
models that leverage a game-theoretic framework to learn the underlying distribution of
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Figure 2.4: Comparison of latent spaces between a deterministic autoencoder and a varia-
tional autoencoder (VAE). The VAE learns a regularized, continuous latent space (right)
by imposing a standard normal Gaussian prior, while the deterministic autoencoder learns
an unregularized, potentially discontinuous latent space (left). Note: the points in the
latent space are illustrative and do not represent actual data.

a dataset and generate new samples. GANs consist of two neural networks: a generator
and a discriminator. The generator learns to produce synthetic data samples, while the
discriminator learns to distinguish between real and generated samples. The two networks
are trained simultaneously in a minimax game, where the generator aims to generate
realistic samples that fool the discriminator, while the discriminator aims to correctly
classify real and generated samples. Formally, GAN optimizes a minimax objective given
by the following equation:

min
G

max
D

V (D,G) = Ex∼pdata(x)[logD(x)] + Ez∼pz(z)[log(1−D(G(z)))], (2.3)

where x is an input sample, z is a latent variable, and pdata(x) is the true data distri-
bution we wish the generator G to mimic.

Although GANs were originally proposed for image generation tasks, they have been
successfully applied for some NLP use cases like dialog modeling (Khan et al., 2020), multi-
modal fusion (Sahu and Vechtomova, 2021), and lyrics generation (Vechtomova and Sahu,
2023). Figure 2.5 illustrates the architecture of a GAN for text generation, where the
generator produces text from random noise, and the discriminator distinguishes between
real and generated text samples. Typically, the discriminator is a binary classifier that
outputs a probability score indicating the likelihood of the input being real or fake, whereas
the generator architecture can vary based on the task. For instance, in text generation, the
generator can be an RNN or LSTM model that learns to generate coherent text samples
from random noise. Despite the success of GANs for image tasks, it has been challenging
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Figure 2.5: GAN architecture for text generation. The generator G generates text x̃ from
random noise z, attempting to fool the discriminator D, which tries to distinguish between
real text x and generated text x̃. The red dashed arrow indicates the gradient flow during
training.

to widely employ them for text generation due to the discrete nature of text data and the
difficulty of modeling language semantics.

2.1.5 Transformer-based Models

Transformer-based models (Vaswani et al., 2017) have revolutionized the field of natural
language processing by introducing a novel architecture based on self-attention mecha-
nisms. Transformers are designed to capture long-range dependencies in sequential data
and have achieved state-of-the-art performance on various NLP tasks. The core compo-
nents of the Transformer model are self-attention layers, which allow the model to focus
on different parts of the input sequence simultaneously. This mechanism enables Trans-
formers to capture complex linguistic patterns, semantic relationships, and context in text
data. Figure 2.6a illustrates the architecture of a Transformer model, which consists of an
encoder-decoder architecture with multiple layers of self-attention and feedforward neural
networks.

The self-attention mechanism in Transformers computes attention weights for each
input token based on its relationship with other tokens in the sequence. This attention
mechanism allows the model to assign different importance to different parts of the input
sequence, capturing dependencies and relationships between words effectively. Formally,
the self-attention mechanism computes the attention weights for a query vector q based
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(a) Transformer architecture. (b) Multi-head attention.

Figure 2.6: Transformer architecture and multi-head attention mechanism. The Trans-
former model consists of an encoder-decoder architecture with self-attention layers. The
multi-head attention mechanism is a key component of the Transformer, allowing the model
to focus on different parts of the input sequence simultaneously. Image source: (Vaswani
et al., 2017).
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on key vectors k and value vectors v as follows:

Attention(q,k,v) = softmax

(
qkT

√
dk

)
v, (2.4)

where dk is the dimensionality of the key vectors. The attention weights are computed
by taking the dot product of the query and key vectors, scaling the result by

√
dk, applying

a softmax function to obtain a probability distribution, and then multiplying the values by
the attention weights to get the output. The self-attention mechanism allows the model
to capture dependencies between tokens in the input sequence and learn contextual rep-
resentations that are crucial for various NLP tasks. It is an improvement over traditional
attention mechanisms, as it enables the model to consider all tokens in the sequence simul-
taneously rather than attending to one token at a time. To understand the self-attention
mechanism, consider the following example: given a sentence like “The cat sat on the mat,”
the self-attention mechanism in a Transformer model would compute attention weights for
each word in the sentence based on its relationship with other words. For instance, the
word “cat” might receive higher attention weights from words like “the” and “sat,” indi-
cating its importance in the context of the sentence. We include a worked-out example of
the self-attention mechanism as well in Appendix A.2 to further illustrate the concept.

Multiple self-attention blocks stacked together make up the multi-head attention block,
which enables the model to jointly attend to information from different representation
subspaces. Figure 2.6b illustrates the multi-head attention mechanism, where the input
is projected into multiple subspaces, and attention is computed independently for each
subspace. This mechanism enhances the model’s ability to capture diverse patterns and
relationships in the data, leading to improved performance on various NLP tasks.

Pre-training of Transformers. Since Transformers can process all tokens in parallel,
they are computationally efficient and can be trained on large-scale datasets. Typically,
they are pre-trained on vast amounts of text data using unsupervised learning objectives,
such as masked language modeling (MLM) and next sentence prediction (NSP). The follow-
ing subsections provide an overview of pre-training objectives used in Transformer models.

Language Modeling. Language modeling is a fundamental pre-training objective for
NLP, where any model that learns to predict the next word in a sequence based on the
context provided by the preceding words is a langauge model. For instance, n-gram mod-
els, RNNs, and LSTMs can be trained as language models by predicting the next word
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Figure 2.7: Illustration of the Next Sentence Prediction (NSP) task in BERT. The model
is trained to predict whether the second sentence follows the first sentence in the original
text. The input sentences are separated by a special [SEP] token, and a [CLS] token is
added to the beginning of the first sentence. The [CLS] token is used as an aggregate
representation of the input sequence, which is then used to predict whether the second
sentence is a continuation of the first sentence. Image source: Devlin et al. (2019b).

in a sentence given the previous words. Formally, language modeling can be defined as
predicting the probability of a word wt given the context of the preceding words in the
sequence, as shown in Equation 2.5.

p(x) =
T∏
t=1

P (wt|w1, w2, . . . , wt−1), (2.5)

where wt represents the t-th word in the sequence, and T is the total number of words in
the sequence. In the context of Transformers, language modeling is also referred to as au-
toregressive language modeling or causal language modeling (CLM), where the model learns
to predict the next token in the sequence based on the preceding tokens. Some notable
language models trained on CLM include the GPT family of language models (Radford
et al., 2019; Brown et al., 2020).

Masked Language Modeling (MLM) and Next Sentence Prediction (NSP). In addition
to language modeling, Transformers are often pre-trained using masked language modeling
(MLM) and next-sentence prediction (NSP) objectives. In MLM, a certain percentage
of the input tokens are randomly masked and replaced with a special [MASK] token, and
the model is trained to recover the original tokens based on the context provided by the
unmasked, surrounding words. This objective encourages the model to learn bidirectional
representations of the input sequence and capture dependencies between tokens in both
directions.
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In NSP, the model is provided with pairs of sentences, and it learns to predict whether
the second sentence follows the first sentence in the original text. Specifically, the two
sentences are separated by a special [SEP] token, and a special [CLS] token is added to
the beginning of the first sentence. The CLS token is used as an aggregate representation of
the entire input sequence (comprising of the two sentences), which is then used to predict
whether the second sentence is a continuation of the first sentence.

By pre-training on large-scale text corpora using objectives like MLM and NSP, Trans-
formers can learn rich representations of language and semantics, which can be fine-
tuned on downstream tasks with limited labeled data. Some notable pre-trained Trans-
former models trained on MLM and NSP objectives include BERT (Devlin et al., 2019b),
RoBERTa (Liu, 2019), and T5 (Raffel et al., 2019).

Fine-tuning of Transformers. Pre-training Transformers on a large corpus of text
data allows them to learn general language representations that capture syntactic, seman-
tic, and contextual information. Additionally, they also gain world knowledge that could
be leveraged for a wide range of downstream tasks; however, to adapt these pre-trained
models to specific tasks or domains, they need to be fine-tuned on task-specific datasets.
For instance, a pre-trained Transformer model like BERT can be fine-tuned on a sentiment
analysis dataset to predict the sentiment of movie reviews or on a question-answering
dataset to answer questions based on a given context. Fine-tuning involves updating the
parameters of the pre-trained model on the task-specific dataset using supervised learn-
ing, where the model learns to make predictions based on the labeled data. Fine-tuning
leverages the pre-trained representations learned during pre-training and adapts them to
the target task, enabling the model to generalize well on new data, and it has been a key
strategy for leveraging the knowledge of pre-trained Transformer models in various NLP
applications, including text classification, named entity recognition, and machine transla-
tion. Figure 2.8 illustrates the process of fine-tuning a pre-trained BERT model on various
downstream tasks, where for each task, the model is fine-tuned on task-specific datasets
to adapt to the target domain. For instance, for natural language inference (NLI), the
model is fine-tuned on a dataset of sentence pairs to predict whether one sentence entails,
contradicts, or is neutral with respect to the other sentence; for sentiment analysis, the
model is fine-tuned on a dataset of text samples with sentiment labels; for named entity
recognition (NER), the model is trained to predict the named entities like person names,
locations, and organizations in a given text; and for question answering (QA), the model
is fine-tuned on a dataset of question-answer pairs to predict the start and end positions
of the answer span in the input context. Figure 2.9 provides an overview of how the pre-
trained BERT model is fine-tuned on various downstream tasks, showcasing the versatility
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Figure 2.8: Fine-tuning BERT on four different downstream tasks: natural language in-
ference, sentiment analysis, named entity recognition, and question answering. The pre-
trained BERT model is fine-tuned on task-specific datasets to adapt to the target tasks.
Note: for the NER task in (d), O denotes the token for non-entity words and B-PER
denotes the beginning of a person entity. Image source: Devlin et al. (2019b).

and adaptability of pre-trained Transformer models in NLP applications.

During the initial boom of Transformer models, the pre-training + fine-tuning strategy
was instrumental in achieving state-of-the-art performance on various NLP tasks; however,
with the rapid rate of development in hardware technology and training algorithms, we
are currently witnessing a shift towards training even larger models from scratch. This
has led to the emergence of models like GPT-3 (estd. 175B parameters), GPT-4 (est
1.8T parameters), LLaMA-3 (70B parameters), LLaMA-3.1 (405B parameters), Claude-
3.5-Sonnet, and others, which have billions of parameters and have demonstrated superior
performance on a wide range of challenging NLP benchmarks without any task-specific
fine-tuning (Rein et al., 2023; Hendrycks et al., 2020; Chen et al., 2021a; Srivastava et al.,
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Figure 2.9: Illustration of how the pre-trained BERT model (on left) is fine-tuned on
various downstream tasks (on right). Image source: Devlin et al. (2019b).

2022; Suzgun et al., 2022). We refer to such models as generalist LLMs as they perform
well across a wide range of tasks without any task-specific fine-tuning.

The rise of generalist LLMs has opened up new possibilities for NLP research and ap-
plications, enabling the development of more versatile and adaptable models. As these
models become more and more capable, we are experiencing a paradigm shift towards new
techniques and methodologies to leverage the capabilities of these large-scale, generalist
models effectively. For instance, techniques like prompt engineering and retrieval aug-
mented generation (Lewis et al., 2020b) have been proposed to enhance the performance
and generalization capabilities of generalist LLMs. We provide a brief overview of these
techniques in the following subsections.

Prompt Engineering

Prompt engineering is a technique that involves designing task-specific prompts or instruc-
tions and then passing them to an LLM to guide its generation process. The prompts
provide the model with context and constraints to generate the desired output, enabling
it to perform specific tasks or answer questions effectively. Prompt engineering has been
shown to improve the performance of generalist LLMs on a wide range of tasks, including
question answering, text generation, and language understanding. By carefully designing
prompts that provide the model with relevant information and constraints, researchers
can tailor the behavior of the LLM to suit the target task or application. For instance,
in sentiment analysis, a prompt like “classify the sentiment of the following text as pos-
itive, negative, or neutral” can guide the model to predict the sentiment of a given text
accurately.
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(a) In-context learning (ICL) example.

A: The cafeteria had 23 apples originally. They used 
20 to make lunch. So they had 23 - 20 = 3. They 
bought 6 more apples, so they have 3 + 6 = 9. The 
answer is 9.

Chain-of-Thought Prompting

Q: Roger has 5 tennis balls. He buys 2 more cans of 
tennis balls. Each can has 3 tennis balls. How many 
tennis balls does he have now?


A: The answer is 11.


Q: The cafeteria had 23 apples. If they used 20 to 
make lunch and bought 6 more, how many apples 
do they have?

A: The answer is 27.

Standard Prompting

Q: Roger has 5 tennis balls. He buys 2 more cans of 
tennis balls. Each can has 3 tennis balls. How many 
tennis balls does he have now?


A: Roger started with 5 balls. 2 cans of 3 tennis balls 
each is 6 tennis balls. 5 + 6 = 11. The answer is 11.


Q: The cafeteria had 23 apples. If they used 20 to 
make lunch and bought 6 more, how many apples 
do they have?

Model Input

Model Output Model Output

Model Input

(b) Chain-of-thought prompting.

(c) Few-shot learning example.

Figure 2.10: Illustration of prompt engineering techniques: (a) In-context learning (ICL)
involves providing the model with additional context to improve its performance on a
specific task. (b) Few-shot learning involves training the model on a small number of
examples to adapt it to new tasks. (c) Chain-of-thought prompting requires the model to
provide its reasoning process before arriving at a final answer. Image source: Brown et al.
(2020); Wei et al. (2022).
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Figure 2.11: Retrieval-Augmented Generation (RAG) architecture. The model combines
a generative model with a retrieval component that retrieves relevant information from a
knowledge base to guide the generation process. The retrieval component provides context
and information to the generative model, enabling it to generate more accurate responses.
Image source: Lewis et al. (2020b).

Prompt engineering encompasses a wide range of modern-day NLP solutions, such as
zero-shot learning, few-shot learning, and chain-of-thought (CoT) reasoning (Brown et al.,
2020; Wei et al., 2022). Few-shot learning is a machine learning paradigm that focuses
on performing tasks with a very limited number of labeled examples, typically ranging
from one to a few per class (Brown et al., 2020). Few-shot learning has enabled models
to adapt to new tasks such as text classification, translation, and question answering with
significantly fewer annotated samples (Gao et al., 2020). This approach not only reduces
the need for extensive data collection and labeling but also enhances the flexibility and
scalability of NLP systems across diverse domains (Qiu et al., 2020). Consequently, few-
shot learning has become a pivotal strategy in developing more efficient and adaptable NLP
applications, especially in scenarios where data scarcity is a major constraint. Zero-shot
learning is a special case of few-shot learning where the LLM is tasked to perform a task
without any labeled examples in the prompt. Lastly, Chain-of-thought reasoning refers to a
specialized form of prompt engineering where the LLM is instructed to provide its reasoning
process before arriving at a final answer. In addition to enhancing the interpretability and
trustworthiness of LLMs, CoT reasoning has also been shown to improve the performance
of LLMs on downstream tasks (Wei et al., 2022). Figure 2.10 illustrates the different types
of prompt-based methods.

Retrieval-Augmented Generation (RAG)

Retrieval-augmented generation (RAG) (Lewis et al., 2020b) combines the strengths of
generative models and retrieval-based methods to solve knowledge-intensive tasks, such as

25



open-domain question answering (Min et al., 2021; Adlakha et al., 2022). In RAG, a gener-
ative model, like a large-scale LLM, is augmented with a retrieval component that retrieves
relevant information from a knowledge base or external corpus to guide the generation pro-
cess. The retrieval component provides the generative model with context and information
that can help it generate more accurate responses. Figure 2.11 illustrates the architecture
of a retrieval-augmented generation model, where the generative model is combined with
a retrieval component to enhance its performance on a question-answering task. In the
next section, we discuss relevant work in the field of few-shot text classification, text sum-
marization, artistic preference modeling, and automated data analysis, highlighting key
contributions and advancements in each domain.

2.2 Related Work

We now provide an overview of related work for the tasks considered in this thesis.

2.2.1 Text Classification

Text classification is a fundamental task in NLP where, given a natural language utterance,
the goal is to assign it to one or more predefined categories or classes. Text classification
has numerous applications in day-to-day life, such as sentiment analysis, spam detection,
topic categorization, and intent classification, among others. Traditional text classification
methods relied on feature engineering and shallow machine learning algorithms like Sup-
port Vector Machines (SVM) and Naive Bayes classifiers (Cortes and Vapnik, 1995; Lewis,
1998). However, with the advent of deep learning, neural network-based models have be-
come the de facto standard for text classification tasks. Convolutional Neural Networks
(CNNs) (Kim, 2014), Recurrent Neural Networks (RNNs) (Hochreiter and Schmidhuber,
1997), and Transformer models (Devlin et al., 2019a) have been widely used for text clas-
sification tasks, achieving state-of-the-art performance on various benchmarks. The most
recent advancements in the development of large-scale LLMs, like GPT and LLaMA, have
now enabled research in more challenging scenarios data-scarce scenarios, such as few-shot
and zero-shot text classification. We focus our study on data-scarce scenarios to measure
the utility of LLMs for the task. Specifically, we study the four text classification tasks:
intent classification, question classification, and review analysis.

Intent classification is a key NLP task that involves identifying the underlying intention
behind a user’s input, such as a query, command, or statement. This process is crucial
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for applications like chatbots, virtual assistants, and customer service automation, where
understanding user intent is essential for providing relevant and accurate responses. Ques-
tion classification is another important NLP task that involves categorizing questions into
predefined classes based on their semantic content. Question classification is essential for
question-answering systems, information retrieval, and conversational agents, where un-
derstanding the type of question is crucial for providing accurate answers. Lastly, review
analysis involves analyzing and categorizing user reviews based on their sentiment, opin-
ion, or content. Review analysis is widely used in e-commerce, social media, and customer
feedback analysis to understand user sentiment, identify trends, and improve products or
services. Traditional text classification methods relied on rule-based systems or supervised
machine learning algorithms that utilized handcrafted features (Jurafsky and Martin, 2000)
to classify utterances into predefined categories. However, modern approaches like recur-
rent neural networks (RNNs), BERT, and GPT-3 benefit from their ability to learn rich
contextual embeddings from large datasets and can effectively classify user intent.

Traditional Solutions. As the capabilities of LLMs improve, research is steadily grav-
itating towards data-scarce scenarios that are more reflective of real-world applications.
Traditionally, data augmentation has been a widely employed NLP technique for au-
tonomously obtaining more labeled data and reducing the financial and time costs as-
sociated with manual data labeling. For instance, simple edit-based methods such as Easy
Data Augmentation (EDA) (Wei and Zou, 2019) perform random insertions, deletions,
swaps, and synonym replacements on the original text to generate new training examples.
On the other hand, in back-translation (Sennrich et al., 2016), a sentence is translated into
another language and then back-translated to the original language to generate new train-
ing examples. Notably, this technique relies on the fact that there may be multiple valid
translations for a given sentence, and the back-translation process can introduce diversity
in the generated examples.

LLM-based Solutions. Some works finetune language models on a relatively small
amount of data and then use them as data generators to synthesize new training exam-
ples. For instance, Kumar et al. (2019) evaluate different feature space data augmentation
techniques, such as upsampling, perturbation, and linear interpolation, for varying levels of
data scarcity (ranging from 5% data availability to 20%); however, their performance gains
are minor compared to a no-augmentation setting. Kumar et al. (2020) consider 10-shot,
50-shot, and 100-shot text classification setups where they fine-tune pretrained language
models like BERT, BART (Lewis et al., 2020a), and GPT-2 (Radford et al., 2019) as data
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generators on k−shot data. Next, they condition the fine-tuned data generators to syn-
thesize new training examples for individual classes in the dataset. Similarly, Lee et al.
(2021) explore a partially few-shot scenario where they first obtain a data generator by
fine-tuning a T5 model on a small amount of data to then generate novel labeled examples.
This method improves over classical data augmentation techniques of easy data augmen-
tation and back translation, but they work on the assumption that there is enough labeled
data to fine-tune an LM in the first place. In contrast, we propose data augmentation
strategies that sidestep LM-finetuning and leverage off-the-shelf LLMs to generate new
training examples, making them more scalable and cost-effective. GPT3Mix (Yoo et al.,
2021) is one of the earliest works using prompt-based data augmentation to generate new
training examples for few-shot text classification tasks. Specifically, it lists the names of
all possible classes (e.g., “The sentiment is one of ‘positive’ or ‘negative”’) in the prompt,
and the LLM picks a random class from the list to generate a new labeled example. Al-
though GPT3Mix is effective, it does not scale to intent classification setups, which often
feature hundreds of intents, many of which have nuanced differences (see Section 3.3.3).
Therefore, we choose different prompts that encourage the LM to extrapolate between
some seed examples. Additionally, our methods can handle unfaithful GPT generations
that have incorrect labels and instances where two classes have very subtle differences.

Some non-prompting-based approaches include Wei et al. (2021), who propose cur-
riculum data augmentation, where they first train a model on limited k−shot data and
then incrementally introduce augmented data as training progresses. They use triplet
loss (Schroff et al., 2015), which minimizes the distance between data points with the same
label and maximizes for differently labeled examples. Tunstall et al. (2022) propose SetFit
that first fine-tunes sentence transformers on a small number of text pairs in a contrastive
Siamese manner (Dong and Shen, 2018) and then generates rich text embeddings for train-
ing a classification head. Finally, Kim et al. (2021) propose LINDA, which is first trained
on one million sentence pairs randomly drawn from English Wikipedia. Later, they use the
Mixup algorithm Zhang et al. (2018) to interpolate between two English sentences of vary-
ing lengths. LINDA significantly improves the performance of a BERTbase model across
multiple few-shot classification setups. In our work, we consider more extreme few-shot
setups (2-shot, zero-shot) and perform more controlled interpolation that promotes the
generation of examples near class boundaries. We present more details on our methods in
Chapters 3 and 4.

Knowledge Distillation. One of our proposed augmentation methods (discussed in
Chapter 4) also achieves a positive by-product of achieving knowledge distillation (Bucila
et al., 2006; Hinton et al., 2015; West et al., 2022), which refers to training a smaller student
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model to mimic the behavior of a larger teacher model. In particular, the objective function
aims to match the output distribution of the student model to that of the teacher model.
By doing so, knowledge of the teacher model is effectively distilled into a much smaller
student model, allowing a similar level of performance as the bigger teacher model at
a lower computational cost. We can describe the minimization objective for knowledge
distillation as follows:

LKD = min
θs

E(x,y)∼D [KL (Pteacher(y|x)||Pstudent(y|x))] , (2.6)

where Pteacher(y|x) and Pstudent(y|x) are the output distributions of the teacher and
student models, respectively, KL denotes the Kullback-Leibler divergence (we can use
other divergence measure as well),D is the dataset, and θs are the parameters of the student
model. Shridhar et al. (2022) distill a GPT3 (6B) model into a GPT-2 model for a Chain-
of-thought (CoT) reasoning task, and Liang et al. (2021) propose MixKD to encourage
the student model to mimic the teacher’s behavior on not only the available training
examples but also on interpolated examples. Finally, Sun et al. (2020) distill knowledge
through intermediate layers of the teacher via a contrastive objective. In comparison,
our approach allows knowledge distillation of a massive teacher model like GPT3.5 (175B
parameters) into significantly smaller student models like DistilBERT and BERT (67M
and 110M parameters, respectively).

2.2.2 Text Summarization

Text Summarization refers to the process of generating a concise and coherent summary of
a given text document while preserving its key information and meaning. Text summariza-
tion has numerous applications in various domains, such as news aggregation, document
summarization, and summarization of web search results. There are two main approaches
to text summarization: extractive and abstractive summarization. Extractive summa-
rization involves selecting and rearranging sentences or phrases from the source text to
create a summary, while abstractive summarization involves generating new sentences that
capture the essence of the original text. Traditional approaches to extractive text summa-
rization include classification-based approaches, where sentences are ranked based on their
relevance to the document, and graph-based methods, where sentences are represented as
nodes in a graph, and the most important sentences are selected based on their centrality in
the graph. More recent approaches for extractive summarization include neural network-
based models like BERT that have better semantic understanding to model the relative
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importance of sentences in the source text. Abstractive summarization methods, on the
other hand, use sequence-to-sequence models like BART and T5 to generate summaries by
learning to paraphrase and rewrite the input text. These models have shown significant
improvements in the quality and coherence of generated summaries, making them suitable
for a wide range of summarization tasks. Additionally, their ability to generate human-like
summaries with minimal input has made them central to applications in document summa-
rization, news aggregation, and aiding research by distilling large amounts of information
into digestible formats.

The earliest works on extractive text summarization use unsupervised and supervised
algorithms to extract sentence and word-level features. Examples of unsupervised ap-
proaches include using graph-based ranking techniques like LexRank (Erkan and Radev,
2004) and external knowledge from Wikipedia (Sankarasubramaniam et al., 2014), and
fuzzy-logic systems (Kyoomarsi et al., 2008; Suanmali et al., 2009). While these methods
improve coherency and reduce redundancy, they rely on surface-level features and can-
not handle dangling anaphoras. In contrast, our methods (discussed in Chapters 5 and
6) combine richer sentence representations of pretrained language models like BERT and
DistilBERT (Sanh et al., 2019) with off-the-shelf LLMs like GPT-4 and LLaMA-3 that
can aid in anaphora resolution (Shen and Elhoseiny, 2023). Prior supervised approaches
use probabilistic support vector machines (Wong et al., 2008), Bayes rule (Neto et al.,
2002), conditional random fields (Svore et al., 2007), and more recently, pretrained lan-
guage models like BERT (Liu and Lapata, 2019; Pilault et al., 2020; Zhong et al., 2020) for
the task. While supervised methods provide better representation for sentence selection,
they need large human-annotated datasets for training, which can be financially expen-
sive to gather. To address this problem, Zhuang et al. (2023) explore the semi-supervised
setting and propose a novel objective function to improve the pretraining of BERT for di-
alog summarization. Their method significantly improves over the traditional pretraining
process; however, it lacks flexibility and is heavily tailored for dialog summarization. In
our experiments, we focus on the generalizability of the framework and develop a generic
prompt-based strategy that can be easily adapted across different domains. Additionally,
our method uses fewer labeled data samples and generates higher-quality pseudo-labels.

With the recent advancements in generative language modeling, a new body of liter-
ature using GPT-like models for summarization has emerged. For instance, Fabbri et al.
(2020) use round-trip back-translation to improve BART’s abstractive summarization per-
formance, whereas, Dou et al. (2021) propose GSum, a fully supervised transformer-based
architecture that can use a guidance signal from an external source for improved abstrac-
tive text summarization. Zhang et al. (2023b) propose an extract-then-generate method
using ChatGPT where they use in-context learning to generate extractive-summary-guided
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abstractive summaries. However, since most of these works operate in a fully-supervised
setting, the method suffers from scalability issues for large datasets. Goyal et al. (2022)
employ zero-shot prompting on GPT-3 for open-ended news summarization and show that
humans overwhelmingly prefer GPT-3 summaries over human summaries. Pu and Dem-
berg (2023) use prompting on GPT-3 for controllable text summarization and show that
while GPT-3 can follow simple constraints in the prompt, like length, it shows a noticeably
lower degree of change in styles compared to human-written summaries. Liu et al. (2024a)
and Zhang et al. (2024b) benchmark the zero-shot performance of LLMs on instruction-
controlled summarization and news summarization. Chintagunta et al. (2021) use GPT-3
as a data annotator for 210-shot medical dialog summarization and show significant gains
equivalent to using 6400 human-written labels. More recently, Liu et al. (2024b) fine-
tuned BART on LLM-generated summaries instead of human-generated summaries and
showed that LLMs are excellent references. Notably, these works prompt GPT-3 directly
for summarization in their experiments. Except for the last two works, none of them use
LLMs as data generators in data-scarce setups. Additionally, they all use a closed-source
LLM in their experiments. Mishra et al. (2023) propose LLM pseudo-labeling for semi-
supervised dialog summarization that aims to mitigate data-scarcity issues; however, in
addition to operating in a semi-supervised setup, we also explore the more challenging
few-shot summarization setup. We present more details on our methods for summariza-
tion in Chapters 5 and 6 that are more sample-efficient than existing literature in terms
of labeled data requirements.

Similar to text classification, our methods achieve knowledge distillation as a by-product
of text summarization as well. Recent work using LLMs as data generators for distilling a
large teacher model’s knowledge into smaller models for training instruction-tuned models
and chain-of-thought reasoning while reducing human annotation load (Ho et al., 2023;
Shum et al., 2023; Meng et al., 2023; Liu et al., 2023a; Peng et al., 2023). Bonifacio et al.
(2022) use few-shot prompting to construct training datasets with query-document pairs
for information retrieval. Our approach combines the best prompting practices based on
these works to generate diverse examples by mixing examples from different classes or
groups; and specify concrete criteria when using LLMs for generation and evaluation as
in Pu and Demberg (2023) and Liu et al. (2024b). Furthermore, we conduct extensive
experiments to test the capabilities of an open-source LLM, LLaMA-3-70b, for few-shot
text summarization, instead of using closed-source LLM like GPT-3 and GPT-4. Our
method also evaluates our LLM-based DA strategy on extremely long documents, which
has been overlooked by past studies.

31



2.2.3 Modeling Artistic Preferences

We explore the subjective task of modeling artistic preferences in the context of short lyric
lines. Modeling artistic preferences involves understanding various linguistic and stylistic
properties of lyric lines that can help in modeling the subjective tastes of different creative
individuals. It is a challenging task that requires capturing the complex and nuanced
aspects of creative works.

In the space of text evaluation, LLM-based metrics such as LLM-Rubric (Hashemi
et al., 2024), GPTScore (Fu et al., 2024), and G-Eval (Liu et al., 2023b) have facilitated
the evaluation of natural language text. For objective or well-defined tasks like text classi-
fication or text summarization, these metrics are far better aligned with human judgments
than traditional NLP metrics like BLEU (Papineni et al., 2002), ROUGE (Lin, 2004), or
METEOR (Banerjee and Lavie, 2005); however, these LLM-based metrics primarily as-
sess general language quality rather than creative attributes. There are also evaluation
approaches that measure aspects like diversity and fluency but do not capture the mul-
tifaceted nature of creative expression. For instance, Hashimoto et al. (2019) proposed
an evaluation framework balancing diversity and fluency, while Pillutla et al. (2024) in-
troduced MAUVE, an automatic measure of how close generated text is to human text.
Traditional approaches to measuring creativity relied on rule-based systems like Consen-
sual Assessment Technique (CAT) (Amabile, 1982) that utilizes the collective judgment of
experts to assess creativity, while the Torrance Test of Creative Thinking (TTCT) (Baer,
2011) measures divergent-thinking ability. Chakrabarty et al. (2024) extended these ideas
to the Torrance Test of Creative Writing (TTCW) to evaluate creativity in outputs from
both humans and large language models (LLMs); however, TTCT has faced criticism for
not reflecting the diverse forms that creativity can take, and the other evaluation methods
treat the generated text as final artifacts and might not be well-suited to AI-generated
outputs intended to inspire artists in their initial phase of creative exploration. In our
work, we develop multidimensional evaluation metrics that capture various linguistic and
stylistic characteristics of generated text and investigate how these metrics can predict the
personal preferences of individuals with diverse artistic skills and interests. We include
more details on our methodology in Chapter 7.

2.2.4 Automated Data Analysis

Automated Data Analysis refers to the process of using computational tools and algorithms
to analyze and extract insights from large datasets. Automated data analysis has numerous
applications in various domains, such as business intelligence, healthcare, finance, and
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scientific research. Traditional data analysis methods involve manual data processing,
visualization, and statistical analysis, which can be time-consuming and error-prone. With
this task, we slowly transition to measuring the utility of LLMs for more complex, real-
world tasks requiring a wide variety of skills, such as autonomously handling diverse data
sources, coming up with meaningful areas to explore in the dataset, applying complex data
transformations, and providing actionable insights in real-time. Automated data analysis
agents have the potential to revolutionize the way data is analyzed and interpreted, making
it easier for non-experts to derive insights from complex datasets. We now provide an
overview of the ongoing efforts in the field.

Text-to-Analytics Agents. The evolution of LLMs has shown advances in automated
data analytics through their capabilities in zero-shot and few-shot learning, as well as their
responsiveness to human instructions (OpenAI, 2022, 2023a). These models are adept at
extracting actionable insights from extensive unstructured datasets (Gravitas, 2023). Chen
et al. (2023b) explore the application of GPT variants within a data visualization context,
highlighting the strengths and limitations of these models. More recent LLM-based data
analysis agents include Code Interpreter (OpenAI, 2024) and Pandas Agent (LangChain,
2024) that are capable of processing multiple data formats and answering questions about
them. Ma et al. (2023) propose InsightPilot, an advanced automated tool that leverages
LLMs to enhance data exploration by automatically identifying goals and generating tar-
geted intentional queries. Vacareanu et al. (2024) showed that LLMs can also perform
regression tasks, enhancing their predictive abilities. Additional studies assess the data
analysis capabilities of GPT-4 and propose an end-to-end framework for automating data
processes (Cheng et al., 2023; Wang et al., 2023, 2024; Hong et al., 2024). We describe
our proposed data analysis agent in Chapter 8 that is capable of performing end-to-end
data analysis tasks, including data exploration, visualization, and insight generation and
outperforms existing methods on a challenging benchmark.

LLM Evaluation Frameworks Existing LLM evaluation frameworks focus on han-
dling structured outputs and predominantly rely on pre-formatted prompts to assess code
completion (Wu et al., 2023; Zhang et al., 2023c, 2024a; Yao et al., 2023). While recent
advancements have seen autonomous agents specializing in intricate data science tasks, in-
cluding analysis, visualization, and modeling (Qian et al., 2023, 2024; Zhang et al., 2023c),
evaluations for these methods often depend on extensive human effort (Cheng et al., 2023)
or use more powerful LLMs to assess the output (Dubois et al., 2023; Belyi et al., 2024). An-
other work uses the “Capture the Flag” principle, where insights are planted into a dataset
as flags to evaluate whether models can uncover them (Laradji et al., 2023). G-Eval has
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also used to perform reference-free evaluation of free-form texts in terms of factuality and
coherence. In this work, we propose an open-source variant of G-Eval to score how well
the predicted insights are aligned with the ground-truth insight.
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Chapter 3

Leveraging LLMs for Data
Augmentation in Text Classification

In this chapter, we focus on a key challenge in text classification setups – creating task-
oriented conversational agents that require extensive gathering and labeling of training
data. Standard data-gathering options include manual authoring and crowd-sourcing. Un-
fortunately, both of these options are tedious and expensive. For instance, crowdsourcing is
a financially expensive procedure incurring a documented high cost of human labor (Sheng
et al., 2008; Rashtchian et al., 2010; Rajpurkar et al., 2016; Khot et al., 2018). Data aug-
mentation is a widely used strategy to alleviate this problem of data acquisition, and with
the recent surge in the development of generative large language models (LLMs), a large
body of literature has emerged that employs LLMs to generate additional data for various
tasks.

There are two particularly promising paradigms for data augmentation in natural lan-
guage processing that use pretrained language models (LMs) (Peters et al., 2018; Devlin
et al., 2019a). The first family of methods fine-tunes an LM on task-specific data and gen-
erates new examples using the fine-tuned LM (Wu et al., 2019; Kumar et al., 2019, 2020;
Anaby-Tavor et al., 2020; Lee et al., 2021). A limitation of these methods is that, in a real-
world scenario, task-specific data is scarce and fine-tuning an LM can quickly become the
bottleneck. The second family of methods sidesteps this bottleneck by employing off-the-
shelf pretrained LMs such as GPT-3 (Brown et al., 2020) to directly generate text without
any task-specific fine-tuning. In particular, data generation by the GPT3Mix approach by
(Yoo et al., 2021) boosts performance on multiple classification tasks; however, they only
consider tasks with few (up to 6) classes and easy-to-grasp class boundaries (e.g., positive
and negative).
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Input Prompt:

The following sentences belong to the same

category music_likeness:

Example 1: i like soft rock music

Example 2: current song rating three stars

Example 3: save this song as a favorite

Example 4: remind me that i like that song

Example 5: save my opinion on the currently

           playing song

Example 6: i love the song do you

Example 7: add the song to my favorites

Example 8: store opinion on song

Example 9: the song in background is cool

Example 10: i am the living blues 

Example 11:

Completions:

i dislike classical music

she is a music lover

i am a lover of painting

this is the best song ever

video that looks like the other video

save preference on my profile

express negative opinion on the song

i am a great blues follower

the song is better than i thought

this song is also fun


Figure 3.1: Generation Process. Given a seed intent (here, music likeness) and K(=10)
available examples for that intent, we construct a prompt following the shown template.
Note that the last line of the prompt is incomplete (there is no newline character.) We then
feed this prompt to a GPT-3 engine, which generates some completions of the prompt.
In this example, red text denotes unfaithful examples and blue text denotes faithful
examples. Note: For brevity, we only show ten generated sentences.

In this chapter, we study the applicability of massive off-the-shelf LMs, such as GPT-3
and GPT-J (Wang and Komatsuzaki, 2021) to perform effective data augmentation for
intent classification (IC) tasks. In IC, the end goal is to predict a user’s intent given an
utterance, i.e., what the user of a task-oriented chatbot wants to accomplish. Data aug-
mentation for IC is particularly challenging because the generative model must distinguish
between a large number (in practice up to several hundred) of fine-grained intents that
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can be semantically very close to each other. Prior methods such as GPT3Mix prompt
the model with the names of all classes as well as a few examples from randomly chosen
classes. We test GPT3Mix for one and observe that such approaches are poorly suitable
for intent classification tasks with tens or hundreds of possible intents. Instead, in this
study, we use a simple prompt structure that focuses on a single seed intent (see Figure
3.1) as it combines the intent’s name and all available examples.

Our experiments in this chapter focus on few-shot IC on four prominent datasets:
CLINC150 (Larson et al., 2019), HWU64 (Xingkun Liu and Rieser, 2019), Banking77
(Casanueva et al., 2020), and SNIPS (Coucke et al., 2018). We also consider a partial few-
shot setup to compare to the Example Extrapolation (Ex2) approach by (Lee et al., 2021)
who use a similar prompt but fine-tune the LM instead of using it as is. The main findings
of our experiments are as follows: (1) GPT-generated samples boost classification accu-
racy when the considered intents are well-distinguished from each other (like in CLINC150,
SNIPS). (2) On more granular datasets (namely HWU64 and Banking77), we find that
GPT struggles to distinguish between different confounding intents. (3) A small-scale
study to further understand this behavior suggests that GPT could be used as a classifier
to filter out unfaithful examples and enhance the quality of the generated training set. Ad-
ditionally, we investigate how valuable the generated data could be if relabeled by a human.
Using an oracle model, we show that (4) the human labeling of GPT-generated examples
can further improve the performance of intent classifiers and that (5) LM-generated data
has a higher relabeling potential compared to edit-based augmentation techniques, such as
Easy Data Augmentation (EDA) (Wei and Zou, 2019).

3.1 Methodology

We consider training an intent classifier, where an intent is a type of request that the
conversational agent supports; e.g., the user may want to change the language of the
conversation, play a song, transfer money between accounts, etc. However, collecting many
example utterances that express the same intent is difficult and expensive. Therefore, we
experiment with a straightforward method to augment the training data available for an
intent: creating prompts from the available examples and feeding them to a large language
model such as GPT-3 (Brown et al., 2020). Figure 3.1 illustrates the process of data
generation for an intent with K available examples 1.

1Our code is available at: https://github.com/ElementAI/data-augmentation-with-llms
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CLINC150 SNIPS HWU64 Banking77

domains 10 1 18 1
intents 150 7 64 77
train

examples
15000 13084 8954* 9002*
(100)

val.
examples

3000 700 1076* 1001*
(100)

test
examples

4500 700 1076 3080
(1000)

Table 3.1: Statistics of the intent classification datasets that we use in our experiments. *
indicates that we split the original data into training and validation instead of using a split
provided by the dataset authors. For CLINC150, the number of out-of-scope examples in
different data partitions is given in parentheses.

3.2 Experimental Setup

3.2.1 Datasets

We use four intent classification datasets in our experiments with varying levels of granu-
larity among intents. CLINC150 (Larson et al., 2019), HWU64 (Xingkun Liu and Rieser,
2019) are multi-domain datasets, each covering a wide range of typical task-oriented chat-
bot domains, such as playing music and setting up alarms. Importantly, the CLINC150
task also contains examples of out-of-scope (OOS) utterances that do not correspond to
any of CLINC’s 150 intents. Banking77 (Casanueva et al., 2020) is a single-domain dataset
with very fine-grained banking-related intents. Finally, the SNIPS (Coucke et al., 2018)
dataset contains 7 intents typical for the smart speaker use case. We refer the reader to
Table 3.1 for exact statistics of all used datasets.

3.2.2 Setup

The main data-scarce setup that we consider In this chapter is the few-shot setup, where
only K = 10 training examples are available for every intent of interest. Additionally, to
compare to example extrapolation with fine-tuned language models as proposed by (Lee
et al., 2021), we consider a partial few-shot setup. In the latter setting, we limit the amount
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of training data only for a handful of few-shot intents2 and use the full training data for
others. When data augmentation is performed, we augment the few-shot intents to have
N examples, where N is the median number of examples per intent of the original data.

To precisely describe the training and test data in all settings, we will use Dpart to
refer to dataset parts, i.e., train, validation, and test. In addition, we use DF and DM

to refer to data-scarce and data-rich intents (the latter only occur in the partial few-shot
setting). This notation is defined for all parts, therefore, Dpart = D{F,part} ∪ D{M,part},
∀ part ∈ {train, val, test}. When GPT-3 or a baseline method is used to augment the
training data, we generate N −K examples per intent and refer to the resulting data as
D̃F,train. We experiment with four different-sized GPT-3 models3 by OpenAI and GPT-J
by EleutherAI4 to obtain D̃. The four GPT-3 models are: Ada, Babbage, Curie, and
Davinci. In order, Ada is the smallest model and Davinci is the largest. Model sizes of
GPT-3 engines are not known precisely but are estimated by Eleuther AI to be between
300M and 175B parameters5.

3.2.3 Training and Evaluation

We fine-tune BERT-large (Devlin et al., 2019a) on the task of intent classification by adding
a linear layer on top of the [CLS] token (Wolf et al., 2020). In all setups, we use the original
validation set to tune the classifier’s training hyperparameters. We chose to use the full
validation set as opposed to a few-shot one to avoid issues with unstable hyperparameter
tuning and focus on assessing the quality of the generated data.

Full few-shot. In this setup, we treat all the intents as few-shot and evaluate our method
on the following three scenarios: (i) Baseline: all the intents are truncated to K = 10
samples per intent, (ii) Augmented: D̃{F,train} is generated using GPT and models are

trained on D{F,train} ∪ D̃{F,train} and (iii) EDA-baseline: same as above, but D̃{F,train}
is generated using Easy Data Augmentation (EDA) by (Wei and Zou, 2019). For each
scenario, we report the 1) overall in-scope accuracy on the complete test set Dtest, i.e., intent
classification accuracy excluding OOS samples in the test set, and 2) few-shot classification
accuracy of the models on D{F,test}. For CLINC150, we also report out-of-scope recall

2We use the truncation heuristic provided by (Lee et al., 2021): https://github.com/google/

example_extrapolation/blob/master/preprocess_clinc150.py
3https://beta.openai.com/docs/engines
4https://github.com/kingoflolz/mesh-transformer-jax/
5https://blog.eleuther.ai/gpt3-model-sizes/
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CLINC150 HWU64 Banking77 SNIPS

Model IA (96.93) OR (42.9) IA (92.75) IA (93.73) IA (98.57)

EDA 92.66 (0.40) 43.81 (2.03) 83.67 (0.48) 83.96 (0.66) 92.50 (1.61)
Baseline (Ours) 90.28(0.49) 50.18(1.14) 81.43 (0.57) 83.35 (0.59) 89.69 (1.63)

Augmented

Ada (Ours) 91.31 (0.34) 21.69 (1.57) 79.68 (0.83) 79.30 (0.42) 94.27 (0.52)
Babbage (Ours) 92.72 (0.33) 22.99 (2.39) 81.86 (0.78) 80.31 (0.41) 94.74 (0.67)
Curie (Ours) 93.37 (0.21) 25.85 (1.49) 82.85 (0.70) 83.50 (0.44) 94.73 (0.62)
GPT-J (Ours) 93.25 (0.19) 24.02 (1.45) 81.78 (0.56) 82.32 (0.90) 95.19 (0.61)
Davinci (Ours) 94.07 (0.18) 27.36 (1.08) 82.79 (0.93) 83.60 (0.45) 95.77 (0.86)

Augmented + Relabeled

EDA 93.43 (0.22) 48.56 (1.84) 85.58 (0.73) 84.82 (0.57) 94.91 (0.66)
Ada (Ours) 95.09 (0.16) 41.38 (1.77) 88.53 (0.61) 88.45 (0.19) 97.03 (0.18)
Babbage (Ours) 95.39 (0.17) 40.58 (1.63) 89.49 (0.32) 88.86 (0.26) 96.89 (0.49)
Curie (Ours) 95.08 (0.19) 40.09 (2.38) 89.78 (0.47) 88.30 (4.64) 96.86 (0.31)
GPT-J (Ours) 95.11 (0.13) 43.94 (1.76) 89.52 (0.54) 88.94 (0.40) 97.33 (0.38)
Davinci (Ours) 95.08 (0.13) 40.76 (1.37) 89.53 (0.45) 88.89 (0.31) 97.03 (0.38)

Table 3.2: Full few-shot results on CLINC150, HWU64, Banking77, and SNIPS
datasets. IA: Inscope Accuracy (mean (std)). OR: OOS-Recall (mean (std)). Towards
the top of the table, we also report the test set performance (enclosed in parentheses) when
all examples are used for fine-tuning (without any augmentation.)

(OOS recall) on Dtest that we compute as the percentage of OOS examples that the model
correctly labeled as such.

The purpose of this setting is to estimate what further gains can be achieved if the data
generated by GPT were labeled by a human. We train an oracle O on the full training data
Dtrain. We also use O to assess the quality of the generated data. Namely, we compute
fidelity of the generated data as the ratio of generated utterances that the oracle labels
as indeed belonging to the intended seed intent. A higher fidelity value means that the
generated samples are more faithful to the original data distribution.

Partial few-shot. In this setup, we train S intent classifiers, choosing different few-shot
intents every time to obtain DF . We then average the metrics across these S runs. For
CLINC150, S = 10 corresponds to the 10 different domains, whereas for SNIPS, S = 7
corresponds to the 7 different intents. We evaluate our method on the following three
scenarios introduced by (Lee et al., 2021): (i) Baseline: models are trained without data
augmentation on D{F,train} ∪D{M,train}. (ii) Upsampled: D{F,train} is upsampled to have
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CLINC150 SNIPS

Overall Few-shot Overall Few-shot

Classifier IA OR A IA A

Baseline♠ T5 97.4 - 93.7 95.2 74.0
Upsampled♠ T5 97.4 - 94.4 95.9 80.0
Augmented (Ex2)♠ T5 97.4 - 95.6 97.8 94.0

Baseline (ours) BERT 96.28 (0.06) 39.14 (0.82) 91.36 (0.47) 95.47 (0.45) 78.38 (3.34)
Upsample (ours) BERT 96.20 (0.05) 40.21 (0.59) 90.93 (0.19) 95.29 (0.37) 79.28 (2.05)

Augmented (Ada) BERT 96.16 (0.05) 34.37 (0.27) 92.60 (0.15) 97.30 (0.24) 94.41 (0.72)
Augmented (Babbage) BERT 96.39 (0.06) 35.71 (0.46) 93.66 (0.21) 97.46 (0.25) 95.31 (0.74)
Augmented (Curie) BERT 96.41 (0.06) 36.77 (0.93) 93.90 (0.21) 97.37 (0.19) 94.79 (0.64)
Augmented (GPT-J) BERT 96.38 (0.05) 35.91 (0.94) 93.85 (0.25) 97.59 (0.21) 96.08 (0.39)
Augmented (Davinci) BERT 96.45 (0.03) 37.52 (0.54) 94.28 (0.24) 97.66 (0.21) 96.52 (0.35)

Table 3.3: Partial few-shot results on CLINC150 and SNIPS datasets. Refer to
Section 3.2.3 for more details. IA: Inscope accuracy (mean (std)). OR: OOS Recall (mean
(std)). A: Accuracy (mean (std)). ♠ (Lee et al., 2021).

N examples per intent. Then models are trained on upsampled D{F,train} ∪ D{M,train}.

(iii) Augmented: models are trained on D{F,train} ∪ D̃{F,train} ∪ D{M,train}. For each
scenario in this setup, we report the overall in-scope classification accuracy (and OOS
Recall for CLINC150).

For both partial few-shot and full few-shot settings, we report means and standard
deviations over 10 repetitions of each experiment.

3.3 Results

Full few-shot. Table 3.2 shows the results of our few-shot experiments. For CLINC150
and SNIPS, data augmentation with GPT-3 is very effective as it leads to respective ac-
curacy improvements of up to approximately 3.7% and 6% on these tasks. These im-
provements are larger than what the baseline EDA method brings, namely 2.4% and 2.9%
for CLINC150 and SNIPS. Importantly, using larger GPT models for data augmentation
brings significantly bigger gains. Data augmentation results on Banking77 and HWU64
are, however, much worse, with no or little improvement upon the plain few-shot baseline.
We present a thorough investigation of this behavior in Section 3.3.1. One can also see
that data augmentation with GPT models lowers the OOS recall.
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Figure 3.2: Partial few-shot validation performance for different GPT-3 models
and temperatures. (a) few-shot accuracy, (b) OOS recall of intent classifiers trained on
augmented sets, and (c) fidelity measured as the accuracy of the oracle on the augmented
sets.

Next, we observe that relabeling EDA and GPT-generated sentences by the oracle
gives a significant boost to accuracies across the board, confirming our hypothesis that
human inspection of generated data could be fruitful. Importantly, we note that the
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Figure 3.3: Full few-shot validation performance for different GPT-J tempera-
tures on different datasets. (a) few-shot in-scope accuracy of intent classifiers trained
on augmented sets, and (b) fidelity (oracle accuracy) of augmented sets generated by GPT-
J with different temperatures.

magnitude of improvement for EDA is less than that of GPT models. This suggests that
GPT models generate more diverse data that can eventually be more useful after careful
human inspection. Lastly, relabeling also improves OOS recall on CLINC150, which is due
to the fact that much of the generated data was labeled as OOS by the oracle.

Partial few-shot. Table 3.3 shows the results of our partial few-shot experiments on
CLINC150 and SNIPS. By augmenting the dataset with GPT-generated samples, the few-
shot accuracy improves by up to 2.92% on CLINC150 and 18.14% on SNIPS compared
to the baseline setting. Our method achieves competitive results compared to Ex2 (Lee
et al., 2021), both in terms of absolute accuracies and the relative gains brought by data
augmentation. Note that Ex2 uses T5-XL (Roberts et al., 2020) with nearly 3 billion
parameters as its base intent classifier, while our method uses BERT-large with only 340
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Fidelity (3 intents) HWU64 Banking77

w/o filtering (468) 60.26 57.31
w/ filtering (371) 72.51 65.54

3-way accuracy

Davinci 86.36 78.75
10-shot BERT-large 82.95 65.54
Full data BERT-large 94.32 95.00

Table 3.4: The impact and the accuracy of using GPT-3 as a 3-way classifier on close
intent triplets from HWU64 and Banking77 datasets. For fidelity, generated examples are
rejected if the GPT-3 classifier labels them as not belonging to the seed intent. Classifi-
cation accuracies are reported on the reduced validation+test sets where we only consider
examples from the three confounding intents.

million parameters.

3.3.1 Analysis of GPT Outputs

Effect of GPT sampling temperature. We investigate the impact of generation tem-
perature on the quality and fidelity of generated data. We perform this investigation on
the CLINC150 dataset using the partial few-shot setup. Results in Figure 3.2 show that,
for all engines, the generated data leads to the highest classification accuracy when the
generation temperature is around 1.0, although lower temperatures result in higher OOS
recall. We also observe that the fidelity of the generated samples decreases as we increase
the temperature (i.e., higher diversity, see Figure 3.2c). This suggests that higher fidelity
does not always imply better quality samples, as the language model may simply copy or
produce less diverse utterances at lower temperatures.

Fidelity on different datasets. Our results in Section 3.3 show that data augmentation
gains are much higher on CLINC150 and SNIPS than on HWU64 and Banking77. To
contextualize these results, we report the fidelity of GPT-J-generated data for all these
tasks in Figure 3.3b. Across all generation temperatures, the fidelity of the generated data
is higher for CLINC150 and SNIPS than for HWU64 and Banking77. For all datasets, the
fidelity is higher when the generation temperature is lower; however, Figure 3.3a shows
that low-temperature data also does improve the model’s performance.
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Banking77

topping_up_by_card
top_up_failed
top_up_by_card_charge
remaining

HWU64

music_likeness
play_music
general_quirky
remaining

Figure 3.4: Distribution of labels as predicted by the oracle for lowest-fidelity intents
in Banking77 and HWU64 datasets (“topping up by card” and “music likeness,” respec-
tively). Green areas denote the portion of generated sentences deemed fit by the oracle for
the lowest-fidelity intents in the two datasets. Red and Blue areas respectively correspond
to the most common and the second most common alternative intent predicted by the
oracle.

Data generation for close intents. To better understand the lower fidelity and ac-
curacy on HWU64 and Banking77 datasets, we focus on intents with the lowest fidelities.
Here, by intent fidelity, we mean the percentage of the intent’s generated data that the or-
acle classified as indeed belonging to the seed intent. In the Banking77 dataset, the lowest-
fidelity intent is “topping up by card.” For this intent, only 33% of the Davinci-generated
sentences were labeled as “topping up by card” by the oracle, implying that two-thirds of
the sentences did not fit that intent, “top up failed” and “top up card charge” being the
two most common alternatives chosen by the oracle. Similarly, only 50% of the Davinci-
generated sentences abide by the lowest-fidelity “music likeness” intent in the HWU64
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dataset, “play music” and “general quirky” being the most common intents among the
“unfaithful” sentences. Figure 3.4 visualizes this high percentage of unfaithful generated
sentences. It also shows the proportion of the two most common alternatives that the ora-
cle preferred over the seed intent. Table 3.5 presents generated sentences for confounding
intents in the HWU64 and Banking77 datasets. There are clear indications of mix-up of
intents, e.g., Davinci generates, “play a song with the word honey,” which should belong to
“play music” rather than “music likeness.” There are also instances where the LM mixes
two intents; for instance, Davinci generates “Hi my app is activated on activate.co.in, but
unable to top up my phone. I tried credit card, debit card and Paytm but fails,” which
could belong to either “topping up by card” intent (as it mentions about using credit card
in the context of a top up) or “top up failed” (as the top up ultimately fails).

3.3.2 Can GPT Models Understand Close Intents?

We perform extra investigations to better understand what limits GPT-3’s ability to gen-
erate data accurately. We hypothesize that one limiting factor can be GPT-3’s inability
to understand fine-grained differences in the meanings of utterances. To verify this hy-
pothesis, we evaluate how accurate GPT-3 is at classifying given utterances as opposed to
generating new ones. Due to the limited prompt size of 2048 tokens, we can not prompt
GPT-3 to predict all the intents in the considered datasets. We thus focus on the close
intent triplets from HWU64 and Banking77 datasets that we use in Table 3.5. We compare
the 3-way accuracy of a prompted GPT-3 classifier to the similarly-measured 3-way per-
formance of conventional BERT-large classifiers. We prompt GPT-3 with 10 examples per
intent (see Figure C.1). For comparison, we train BERT-large classifiers on either the same
10 examples or the full training set. Table 3.4 shows that the Davinci version of GPT-3
performs in between the 10-shot and the full-data conventional classifiers. This suggests
that while GPT-3’s understanding of nuanced intent differences is imperfect, it could still
be sufficient to improve the performance of the downstream few-shot model. Inspired by
this finding, we experimented with GPT-3’s classification abilities to improve the quality
of generated data. Namely, we reject the generated utterances that GPT-3 classifies as
not belonging to the seed intent. For both HWU64 and Banking77, this filtering method
significantly improves the fidelity of the generated data for the chosen close intent triplets.

3.3.3 Comparison with GPT3Mix

To test our initial hypothesis that prior methods, such as GPT3Mix, are not suitable for
intent classification, we experiment with the said method on the CLINC150 dataset using

46



Curie. Specifically, we include an enumeration of the 150 intent names in the prompt
and randomly select one example for K intents. We observe a poor in-scope accuracy
of 86.33% in the Augmented scenario6. Furthermore, the generated samples have low
fidelity (27.96%). We also test a mixture of the GPT3Mix prompt and our prompt where
we include all the K examples for the seed intent instead of 1 example per K randomly
sampled intents. This mixed variant also performs poorly on CLINC150 and only achieves
an in-scope accuracy of 86.05%7 and a fidelity of 33.56%. Our interpretation of this result
is that GPT cannot handle the long list of 150 intent names in the prompt.

3.4 Limitations

Using large language models for data augmentation presents challenges, such as exhibit-
ing social biases and generating toxic content. Therefore, samples generated using our
prompting-based approach need to be considered carefully. To address such ethical con-
cerns, human inspection would be the most reliable way to identify and filter out problem-
atic generations. The practitioners who apply our method may also consider debiasing the
language model before using it for generation (Schick and Schütze, 2021). Moreover, the
generated data should be used as an additional source of data rather than the sole source,
and the models trained on this data should be evaluated for fairness and bias. Finally, the
generated data should be used in a controlled environment, and the models trained on this
data should be monitored for any unintended consequences.

3.5 Conclusion

In this chapter, we discuss a prompt-based method to generate intent classification data
with large pretrained language models. Our experiments show that generated data can be
helpful as additional labeled data for some tasks, whereas, for other tasks, the generated
data needs to be either relabeled or filtered to be helpful. We show that a filtering method
that recasts the same GPT model as a classifier can be effective. Our filtering method,
however, requires knowing the other intents that the generated data is likely to belong
to instead of the seed intent. In the next chapter, we experiment with heuristics for
approximately identifying the most likely actual intents for the generated utterances. This
would complete a data generation and filtering pipeline that, according to our preliminary

6Average of 10 runs with a standard deviation of 1.17
7Average of 10 runs with a standard deviation of 0.59
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results in Section 3.3.2 here, could be effective. Other filtering methods could also be
applied, such as looking at the likelihood of the generated utterances as explored in a
concurrent work by (Meng et al., 2022). An interesting research problem to explore is
identifying which generated utterances most likely need a human inspection so that we
make the data generation pipeline more sample efficient.

3.6 Key Takeaways

To summarize, the key takeaways from this chapter are:

• Off-the-shelf LLMs are an effective tool for generating data for intent classification
and, by extension, other text classification tasks.

• LLMs struggle with distinguishing between close intents that have nuanced differences
in their meanings.

• Overall, LLM-generated data has a lot of potential to improve the performance of
classifiers in few-shot settings, but it needs careful contextualization of the task to
be effective.

In the next chapter, we will study a more advanced data augmentation method that can
handle data scarcity more effectively and can also handle augmentation for close categories
while ensuring high fidelity and diversity in the generated data.
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Davinci generated sentences Seed Intent Oracle Prediction

HWU64

play a song with the word honey music likeness play music

you are playing music music likeness play music

‘let me hear some of that jazz!’ music likeness play music

i really like myspace music play music music likeness

i love the start lucky country music play music music likeness

thank you for the music play music music likeness

please play the next song music settings play music

play background music music settings play music

play the hour long loop of rock song music settings play music

need you to play that song one more time play music music settings

skip that song, its turkish play music music settings

pickup the beat or a temp track or audio plu-
gin

play music music settings

Banking77

My last attempt to top up didn’t seem to

work , any success?

topping up by card top up failed

I tried to top off my wallet using my card but it
says “top up failed”.

topping up by card top up failed

I cannot top-up by my cellular phone number?
How do I do that?

topping up by card top up failed

Can you transfer money to my Ola prepaid op-
tion? Or help me top up my card to money .
They never accept my card so I always have to
suffer

top up failed topping up by card

Hi my app is activated on activate.co.in,
but unable to top up my phone.
I tried credit card, debit card and Paytm

but fails

top up failed topping up by card

I try to top up my card but it’s not going
through. It’s still on pending status. Do I need
to wait or did I do something wrong

top up failed pending top up

I tried top-up with my card but notification
shows that ‘Pending’. This has been happen-
ing since last night. Can you tell me what’s
going on

top up failed pending top up

Top up didn’t go through. pending top up top up failed

Did my master card top-up fail? pending top up top up failed

Table 3.5: Davinci-generated sentences for closely-related intents in HWU64 and
Banking77 datasets. Highlighted sub-strings indicate a difference with respect to the
seed intent.
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Chapter 4

Advanced Data Augmentation with
LLMs for Text Classification

Building on the learnings of the previous chapter, we progress to operating in even more
challenging zero-shot and 2-shot setups and consider a wider array of text classification
tasks, such as detecting customer complaints on social media platforms and detecting the
subjectivity of movie reviews.

So far, we have discussed LLM- data augmentation that either first fine-tune a gener-
ative language model on an initial seed dataset to later synthesize new training data (Wu
et al., 2019; Kumar et al., 2019, 2020; Anaby-Tavor et al., 2020) or they prompt an off-the-
shelf LLM to generate additional data samples (Yoo et al., 2021; Sahu et al., 2022; Lin et al.,
2023); however, we have noted that the fine-tuning step quickly becomes a bottleneck in
the absence of sufficient seed examples. Additionally, existing prompting-based techniques
suffer from a key limitation: their prompts only focus on using information from a single
class when generating augmentations and they do not incentivize the LLM to diversify the
generated examples. Recently, some recent works also show that instruction-tuned LLMs
like InstructGPT (Ouyang et al., 2022) and Vicuna (Chiang et al., 2023) are prone to mode
collapse (Zhu et al., 2023).

To address the aforementioned limitations, we propose a two-step prompting-based
technique, PromptMix. First, PromptMix instructs an LLM to generate new examples
by mixing information from multiple classes. The degree of mixing is controlled by a pa-
rameter α, and using a range of α values diversifies the generated examples. Figure 4.1
illustrates the difference in the generated examples between PromptMix and prior stan-
dard augmentation approaches. While promoting mixup can improve the diversity of the
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PromptMix prompts w/o
mixup

EDA

seed ex.

EDA

prompts w/o
mixup

seed ex.

Figure 4.1: PromptMix focuses on generating examples near the class boundary of two
classes, unlike other standard augmentation approaches like EDA (Wei and Zou, 2019)
and prompting-based methods without Mixup (Sahu et al., 2022; Lin et al., 2023), that
only use the information of a single class for augmentation.

augmented set, it also increases the risk of false positive generations (generating examples
that do belong to the desired class). To address this problem, PromptMix uses a relabel-
ing scheme in the second step to improve the faithfulness of the generated examples. In
particular, it uses an LLM as a classifier to assign new labels to the generated examples.
We conduct comprehensive experiments on diverse text classification tasks and find that
training a classifier on these relabeled examples is highly robust, and our approach also
achieves knowledge transfer from a massive LLM like GPT3.5 into much smaller models like
BERT (Devlin et al., 2019a) and DistilBERT (Sanh et al., 2019). Figure 4.2 demonstrates
the complete PromptMix framework.

To summarize the key contributions in this chapter: a) we propose PromptMix, a novel
two-step prompting-based method to generate a diverse set of labeled examples for any
text classification dataset; b) we demonstrate that generating borderline examples and
relabeling them improves knowledge transfer from a massive LLM like GPT3.5 into much
smaller models like DistilBERT and BERT, even without abundant seed examples. We
also show that 2-shot PromptMix outperforms multiple data augmentation baselines that
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1) age_limit is about customer inquiries
on age-related restrictions for opening a

bank account. Some examples:
.
.

2) atm_support is about users asking
how to use an ATM, where to find one,

or any other clarifications about a
transaction at an ATM. Some examples:

.

.
Generate utterances that belong 75% to

age_limit and 25% to atm_support.

Augmented Dataset

class: age_limit

class: atm_support

Can my 13
year old son
open a bank
account and
use his card
at an ATM?

class: age_limit

class: atm_support

Seed Examples

Train
class:

age_limit

Step 1:
Generate

class:
atm_support

Step 2:
Relabel

class: age_limit

My teenage
son's account
charges a fee

for ATM
withdrawals.

Can you help?

Figure 4.2: PromptMix framework. The dashed box shows the generation process for
every class in the dataset. Step 1: we generate augmentations (yellow documents) by
feeding the Mixup prompt proposed in Section 4.1.1 to an LLM. Step 2: we relabel all
the augmentations using an LLM (as described in Section 4.1.2) to fix any incorrect labels
from Step 1. Note: LLM1 and LLM2 can be identical. Refer to Figures C.2 and C.3 for
detailed versions of our prompts.

t Accuracy

2 73.3
4 76.8
6 69.1

Table 4.1: Validation accuracy for different values of t on TREC6. Refer to Section 4.3 for
details on the experimental setup.

use 5-shot or more seed data; and c) we also benchmark open-source LLMs for the task
like LLaMA-2 in addition to using closed-source LLMs like GPT3.5-turbo and GPT-4.

4.1 Methodology

We hypothesize that training a robust text classifier requires the training data to have
a good mix of borderline examples (Swayamdipta et al., 2020). This section describes
our method PromptMix, where we first instruct an LLM (GPT3.5-turbo, in our case) to
generate difficult examples near class boundaries and then relabel those generations to
improve the faithfulness of the generated data (see Figure 4.2).
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Figure 4.3: α = round(10(x + 1))/20 ∀ x ∼ β(5, 2).

4.1.1 Step 1: Generating examples

First, we manually write short descriptions for every class in the dataset. We use descrip-
tions in our prompts to facilitate the usage of the approach in the extremely data-scarce
zero-shot and two-shot settings. Next, we randomly select a group of t(= 4) classes c ⊆ C
classes, where C denotes the set of all classes in the dataset. We conduct a small-scale
experiment with different values of t (classes to include in the prompt) and choose t = 4
based on the validation performance of our method as shown in Table 4.1. For each class
in c, we combine the description and k examples in the prompt, k being the k−shot setting
(see part 1 in Figure C.2). Lastly, for each class ci∀i ∈ [1, t] in the subset, we instruct
GPT3.5-turbo 1 to generate n example utterances that are a mix of two classes: ci and
a randomly selected class cj ∈ c \ {ci}. In particular, we instruct the LLM to generate
utterances that belong α% to class ci and (1− α)% to class cj (see part 2 in Figure C.2).
We use α = round(10(x + 1))/20 ∀ x ∼ β(5, 2) in our experiments. This is a modification
of the standard β−distribution by restricting its range to the half interval of (0.5, 1.0] with
a peak near 1.0. We choose α > 0.5 to incentivize the LLM to generate examples that are
mixed up but still belong to ci. We round off the α to the nearest 0.05 to avoid decimal
values that would be arbitrary, given we are operating with natural language instructions.
Figure 4.3 visualizes the distribution α is sampled from.

1specifically, we use the gpt-3.5-turbo-0613 engine
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4.1.2 Step 2: Improving Fidelity

Since borderline examples are inherently difficult to put into a category, the LLM may
generate examples for the minority class in the prompt (cj). In other words, the LLM
can generate false positives. To address this issue, we employ GPT3.5-turbo as a classifier
and relabel the generated examples. When constructing the classification prompt, we
choose the top-5 closest classes according to the similarity between the SBERT sentence
embedding (Reimers and Gurevych, 2019) of the generated example and available examples
in the few-shot training set. For the zero-shot setting, we use the class name’s embedding
instead of the available examples. We then follow a similar process as in Step 1 to construct
the prompt, but instead ask the LLM to classify the provided sentence into one of the classes
in the prompt (see Figure C.3). To ensure a valid prediction, we retrieve the closest class in
the dataset based on the cosine similarity of the SBERT embedding of the GPT-generated
class and the ground-truth classes in the dataset 2. We do not include all the classes in
the prompt because a) some datasets can have hundreds of classes that would not fit in
the context size of the LLM, and b) we found in our preliminary experiments that long
contexts degraded GPT’s classification ability. Figure C.3 shows the prompt structure for
relabeling a generated example 3.

After generating borderline examples and relabeling them, we train a text classifier
on the combined PromptMix-generated data and the original seed data. Specifically, we
fine-tune DistilBERTbase and BERTbase classification models. In the subsequent sections,
we show that our method achieves text augmentation, pseudo-labeling, and knowledge
distillation in one cohesive pipeline.

4.2 Does PromptMix Generate Borderline Examples?

Table 4.2 shows that using mixup generates sentences that contain information from the
majority and the minority class, compared to sentences generated without mixup that only
contain information about the majority class. This demonstrates that mixup leads to the
generation of borderline examples.

Table 4.2 also shows some false positives, where GPT generates sentences like, “Do
I need to be over a certain age to use an ATM?” for the majority class age limit. The

2we use the sentence-transformers/all-mpnet-base-v2 model from the sentence-transformers li-
brary

3We open-source our code at https://github.com/ServiceNow/PromptMix-EMNLP-2023
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Input
classes

age limit (75%) atm support (25%)

w/ Mixup

- Can someone under 18 open an account

with unlimited ATM withdrawal limit?
- Can I open an account for
my teenage daughter ?

- Do I need to be over a certain age

to use an ATM?

- Can I use my children’s debit card

to withdraw money from the ATM?

w/o Mixup

- Can I open an account for a minor?
- What is the
minimum age requirement to get
a bank account?
- Is there an
age restriction for account holders?

- Is there a minimum age requirement
to open an account?

Table 4.2: Effect of Mixup. GPT3.5-turbo generations for the prompt shown in Fig-
ure C.2. We’ve highlighted parts about age limit in yellow and parts about atm support
in cyan . We see clear evidence of mixup at work as sentences generated using mixup
contain information about both classes.

class age limit covers all age-related queries about opening a bank account, whereas the
generated sentence is an age-related query about using an ATM, making it a better fit
for the minority class atm support. By relabeling such false positives, we aim to rectify
the mismatch between the generated examples and their assigned class labels. Figure C.3
shows that GPT correctly predicts the new class of the sentence as atm support, verifying
the importance of the relabeling step in our approach.

Overall, we find the observations in this section to be strong evidence that PromptMix
can generate high-quality datasets even in aggressive few-shot text classification setups.
Next, we conduct an extensive suite of experiments to verify the effectiveness of Prompt-
Mix.
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B77 TREC6 SUBJ TC

Classes 77 6 2 2
# Train 9002* 5452 8000 100*
# Valid 1001* 500 2000 -
# Test 3080 500 2000 3349*

Table 4.3: Statistics of the text classification datasets we use in our experiments. * indicates
that we split the original data into training and validation/testing instead of using a split
provided by the dataset authors.

4.3 Experimental Setup

4.3.1 Datasets

We use four text classification datasets with varying levels of granularity among the classes.
Banking77 (B77) (Casanueva et al., 2020) is a single-domain dataset with 77 banking-
related classes, where the difference between multiple classes is nuanced. The fine-grained
nature combined with a high number of target classes makes Banking77 a good test bed
for verifying the scalability and effectiveness of our approach. The following three datasets
have coarse labels but cover a variety of domains, allowing us to test the adaptability of
our method across different domains. TREC6 (Voorhees et al., 1999) is a question clas-
sification dataset with six broad classes of questions in English. The subjectivity dataset
(SUBJ) (Pang and Lee, 2004) contains movie reviews with objectivity labels. Lastly, the
twitter complaints dataset (TC) (Preoţiuc-Pietro et al., 2019) contains tweets annotated
by whether they contain a complaint or not. We refer the reader to Table 4.3 for exact
statistics of all the datasets.

4.3.2 Few-shot Setup

For our experiments, we consider 1) a 2-shot setup, where only k = 2 training examples
are available for every class, and 2) a zero-shot setup, where we do not have access to any
training examples.

Notations. We will use Dpart to refer to the dataset parts, i.e., train, validation, and
test. When augmenting the training data using any method, we generate N examples per
class and refer to the resulting data as D̃A,train (obtained after Step 1). We refer to the
relabeled version of the resulting data (obtained after Step 2) as D̃A+R,train.
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Prompt Features B77 TREC6 SUBJ TC

Method Ex. Desc. ¿1 class Mixup A1 A2 A1 A2 A1 A2 A1 A2

DistilBERTbase

Baseline - - - - 16.0 (0.9) 31.7 (0.8) 64.4 (0.7) 38.8 (0.6)
EDA - - - - 47.8 (0.7) 40.9 (0.6) 82.3 (0.4) 42.9 (0.7)
GPT3Mix ✓ ✓ ✓ - 57.4 (2.8) 89.3 (1.5) -
Sahu et al. (2022) ✓ 68.9 (1.4) 71.6 (0.6) 51.1 (1.3) 56.9 (0.7) 81.8 (1.3) 83.7 (0.4) 51.5 (0.6) 55.4 (0.5)

+ desc. ✓ ✓ 71.1 (1.2) 72.4 (0.7) 63.8 (1.1) 64.9 (0.6) 84.2 (1.1) 86.3 (0.5) 57.2 (0.7) 67.9 (0.2)
PromptMix w/o Mixup (zero-shot) ✓ ✓ 72.2 (1.3) 76.1 (0.8) 61.0 (1.3) 61.6 (0.6) 82.5 (1.2) 84.2 (0.5) 56.7 (1.3) 67.7 (0.5)
PromptMix (zero-shot) ✓ ✓ ✓ 69.2 (2.3) 77.4 (1.2) 54.1 (1.7) 65.7 (0.7) 80.0 (1.5) 85.4 (0.6) 56.0 (1.3) 71.5 (0.9)
PromptMix w/o Mixup ✓ ✓ ✓ 73.1 (1.3) 78.4 (0.5) 65.4 (1.2) 66.2 (0.5) 85.4 (1.2) 87.8 (0.3) 64.6 (0.7) 71.5 (0.6)
PromptMix ✓ ✓ ✓ ✓ 72.3 (1.1) 79.7 (0.7) 60.6 (1.4) 68.7 (0.6) 77.5 (1.7) 89.9 (0.8) 61.8 (1.4) 75.3 (1.2)

BERTbase

Baseline - - - - 22.6 (1.2) 33.0 (0.6) 71.6 (0.8) 42.7 (0.6)
EDA - - - - 49.2 (0.9) 51.1 (0.6) 84.5 (0.5) 47.8 (0.4)
GPT3Mix ✓ ✓ ✓ - 60.5 (6.1) 90.6 (1.1) -
LINDA (5-shot) ✓ ✓ ✓ - 62.2 (3.1) - -
Sahu et al. (2022) ✓ 70.7 (1.4) 71.6 (1.1) 51.3 (1.2) 57.8 (0.8) 83.6 (1.3) 85.5 (1.0) 55.3 (1.1) 58.1 (0.3)

+ desc. ✓ ✓ 72.8 (1.1) 73.0 (0.7) 64.3 (1.3) 67.1 (0.2) 87.0 (1.7) 87.2 (1.1) 66.1 (1.4) 65.2 (1.1)
PromptMix w/o Mixup (zero-shot) ✓ ✓ 74.0 (1.9) 76.4 (1.1) 64.2 (1.6) 68.5 (0.9) 83.6 (1.4) 85.9 (0.8) 64.3 (1.2) 68.9 (0.3)
PromptMix (zero-shot) ✓ ✓ ✓ 71.3 (2.4) 77.6 (1.3) 55.5 (1.7) 67.5 (0.4) 80.7 (1.4) 89.5 (0.7) 57.6 (2.4) 74.7 (1.5)
PromptMix w/o Mixup ✓ ✓ ✓ 74.4 (1.4) 78.5 (0.7) 70.1 (1.5) 71.6 (0.2) 87.0 (1.3) 90.0 (0.1) 71.0 (0.9) 72.3 (0.3)
PromptMix ✓ ✓ ✓ ✓ 74.2 (1.6) 80.1 (0.9) 63.3 (2.5) 73.7 (1.1) 77.3 (2.2) 91.7 (1.1) 66.8 (0.8) 78.4 (0.8)

NN+GPT3.5 ✓ ✓ ✓ - 79.9 74.4 90.4 88.6

Table 4.4: Test classification accuracy (out of 100%) on four datasets, averaged across three
random seeds (with standard deviation in brackets). A1 is the accuracy of the classifier on
the generated dataset, and A2 is the accuracy on the generated+relabeled dataset. Note:
we use GPT3Mix results from Yoo et al. (2021), and LINDA results from Kim et al. (2021).
“-” for a method shows that the particular prompt feature is inapplicable to that method.

4.3.3 Training and Evaluation

Training. We fine-tune DistilBERTbase and BERTbase models for text classification by
adding a linear layer on top of the [CLS] token (Wolf et al., 2020). In all the setups, we
fine-tune the classifier for 5 epochs. We use a learning rate of 6 × 10−5 and weight decay
of 1× 10−3 for B77 and a learning rate of 4× 10−5 and weight decay of 1× 10−2 for all the
other datasets. Finally, we generate N = 50 examples per class for B77 and TREC6 and
N = 100 examples per class for SUBJ and TC. We used the validation sets of TREC6 and
SUBJ to choose the specific N values as they provide a good cost-to-performance ratio.
We chose TREC6 over B77 to minimize our costs for using GPT3.5-turbo.

We perform all hyperparameter tuning using DistilBERTbase on B77 and TREC6. We
limit our tuning to the two datasets to obtain two sets of hyperparameters: one for large-
scale datasets like B77 and another for small-scale datasets like TREC6, SUBJ, and TC.
Additionally, we use the same set of hyperparameters for the BERTbase classification model.
We use the full validation set for tuning instead of a few-shot one to avoid issues with
unstable hyperparameters.
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We run experiments for the following scenarios: 1) Baseline (2-shot). All the classes
are reduced to 2 examples per class, and we fine-tune a DistilBERTbase/BERTbase model
on the reduced dataset. 2) NN+GPT3.5. We use the nearest-neighbor approach to
populate the prompt as described in Section 4.1.2 and then prompt GPT3.5-turbo to clas-
sify the test set examples (see Figure C.3 for reference). 3) Sahu et al. (2022). The
prompting-based approach for data augmentation described in Chapter 3 that lists all the
seed examples for a single class in the prompt and prompts the LLM to generate more
examples based on it. It does not promote mixup in the generated examples. 4) Prompt-
Mix. Our proposed approach with multiple classes in the prompt, instructing the LLM to
generate borderline examples. 5) PromptMix (zero-shot). We remove seed examples
from PromptMix but still use the manually written class descriptions. 6) Easy Data
Augmentation (EDA). An edit-based augmentation technique proposed by Wei and
Zou (2019) that applies rule-based changes to existing training examples to generate addi-
tional examples. 7) GPT3Mix. A mixup-based augmentation method using soft labels
for pseudolabeling proposed by Yoo et al. (2021). Notably, Yoo et al. (2021) measure the
degree of few-shot in terms of the percentage of training examples used for augmentation
(sub-sample percentage) and experiment with different percentages. We report their best-
performing model for a sub-sample percentage of 1%, where GPT3Mix uses 55 training
examples in TREC6 and 80 training examples in SUBJ (combined for all the classes). 8)
CPFT. Zhang et al. (2021) use contrastive pre-training before fine-tuning a model for
few-shot intent detection using RoBERTabase. 9) USE. A large multilingual model pre-
trained on 16 languages (Yang et al., 2020). 10) CONVERT. An intent detection model
from Casanueva et al. (2020), which uses a dual encoder setup pretrained on 654 million
Reddit sentences.

Several works in the past have explored 5-shot, 10-shot, and even 100-shot settings
for data augmentation (Kumar et al., 2020; Zhang et al., 2021). But, to the best of our
knowledge, we are the first to explore data augmentation in 2-shot and zero-shot settings.
Through our experiments, we aim to measure the extent of data scarcity that an LLM like
GPT3.5-turbo can handle, which is optimized to follow instructions.

Evaluation. We measure the performance of the classifiers in terms of test classification
accuracy and report the full set of results in Table 4.4. To note, A1 denotes the accuracy of
the classifier on Dtrain ∪DA,train (augmented dataset after Step 1 in Section 4.1.1) and A2
denotes the accuracy of the classifier on Dtrain ∪DA+R,train (augmented+relabeled dataset
after Step 2 in Section 4.1.2). We run each experiment for three random seeds and report
the mean accuracy in Table 4.4.
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Method Accuracy

USE (5-shot) 76.3
CONVERT (5-shot) 75.3
USE+CONVERT (5-shot) 77.8
CPFT (5-shot) 80.9

PromptMix (2-shot) 80.1

Table 4.5: Comparing 2-shot PromptMix results with 5-shot baselines on B77. Note:
CPFT, USE, CONVERT, and USE+CONVERT as reported in Zhang et al. (2021).

Method B77 TREC6 SUBJ TC
Sahu et al. (2022) 9.4 21.0 3.9 2.5

+ desc. 8.5 28.0 1.5 8.5
PromptMix (zero-shot) 32.8 36.2 28.8 16.2

w/o Mixup 22.5 18.9 2.6 7.8
PromptMix 33.9 33.8 42.0 23.4

w/o Mixup 22.2 20.3 6.1 14.0

Table 4.6: Percentage of generated examples relabeled by GPT3.5-turbo in Step 2 for
different methods. Note: percentages are averaged across three runs.

4.4 Results

Referring to Table 4.4, we first note that A1 performs significantly better than baseline
(2-shot) for DistilBERTbase and BERTbase across all four datasets. This confirms that data
augmentation is helpful in data-scarce setups.

4.4.1 On the Effect of Relabeling Step

Table 4.6 shows the percentage of generated examples relabeled by GPT3.5-turbo for differ-
ent augmentation methods. We note that the relabeling percentage is higher when we add
mixup to the prompt (PromptMix v/s PromptMix w/o Mixup). High relabeling percent-
ages suggest that mixup generates more borderline examples than any other augmentation
method. This verifies the importance of the relabeling step in our method, which is highly
effective in remedying the problem of false positive generations. This is further demon-
strated by higher A2 values than A1 across the board. Specifically, for PromptMix, we
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GPT3.5-turbo generated sentences Before Relabeling → After Relabeling

Twitter Complaints

This tweet also expresses an opinion about
a product, but includes a minor complaint
about the battery life.

no complaint → complaint

I appreciate the quick response
from @Uber Support, but the
driver’s behavior was unacceptable.
#goodandbad

no complaint → complaint

@Starbucks this latte is amazing! Can you
tell me what kind of beans you use?
#No Complaint

complaint → no complaint

I’m really impressed with @Nike’s customer
service. They helped me solve my problem
quickly and efficiently.

complaint → no complaint

Banking77

Why was my transfer declined after I tried to
send money to my daughter’s account?

age limit → declined transfer

My transfers keep getting declined , but I’m
old enough to have an account. Can you help
me?

age limit → declined transfer

My card got declined when I tried to top up
my account. What’s going on?

topping up by card → declined card payment

Is there a limit to how much I can top up with

my card? It’s not letting me add more money.

topping up by card → top up limits

I just tried topping up my account with my

card and it didn’t work.

topping up by card → top up failed

Table 4.7: Effect of Relabeling. GPT3.5-turbo sentences that were relabeled in the
Twitter Complaints and Banking77 datasets. Highlighted text denotes the difference with
respect to the class of the generated sentence before relabeling.

observe an improvement of 7.4% on B77, 8.1% on TREC6, 12.4% on SUBJ, and 13.5% on
TC, when we use DistilBERTbase; and 5.9% on B77, 10.4% on TREC6, 14.4% on SUBJ,
and 11.6% on TC when we use BERTbase. In addition to these significant improvements,
we note that the degree of improvement increases as the classification task gets easier in
terms of the number of target classes. Table 4.7 shows some examples of leaked generations
that GPT rectifies during the relabeling step.
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4.4.2 Borderline Examples Aid Knowledge Distillation

In Table 4.4, we notice that PromptMix achieves almost similar performance as NN+GPT3.5
on three out of four datasets. Specifically, PromptMix outperforms NN+GPT3.5 on B77
(80.1 v/s 79.9) and SUBJ (91.7 v/s 90.4) and is competitive on TREC6 (73.7 v/s 74.4).
The gap between PromptMix and NN+GPT3.5 is larger on TC compared to other datasets
(78.4 v/s 88.6). This might be due to the nature of the dataset, which contains exten-
sive use of social media language that GPT knows about, but two examples might be
too few to cover the vast diversity of complaints in the wild. Overall, these results are
promising as GPT3.5-turbo with 175B parameters is ∼ 2600× larger than DistilBERTbase

and ∼ 1600× larger than BERTbase, which only have 67M and 110M parameters, respec-
tively. In both cases, our final classifiers are > 99.9% smaller than GPT3.5-turbo. We do
not see such strong performance for any other generation method, even after relabeling.
This confirms that generating borderline examples in PromptMix makes for a high-quality
dataset generation method that aids the transfer of knowledge of large-scale models such
as GPT3.5-turbo into much smaller classifiers in data-scarce settings.

4.4.3 PromptMix v/s Other Augmentation Methods

In Table 4.4, we compare the 2-shot performance of PromptMix against several strong
baselines on the four datasets. First, we note that PromptMix is significantly better
than the EDA baseline on all datasets. Next, we compare the results of PromptMix
(which uses GPT3.5-turbo for generation) with GPT3Mix (which uses GPT3’s Davinci
model for generation) and LINDA as they are the closest methods to ours in terms of
motivation. PromptMix outperforms both LINDA and GPT3Mix by a huge margin even
though LINDA is 5-shot and uses pretraining, and GPT3Mix utilizes 1% of training samples
for augmentation, translating to 55 total seed examples compared to our 12 seed examples
on TREC6, and 80 seed examples compared to our 4 seed examples on the SUBJ dataset.

Table 4.5 shows that 2-shot PromptMix outperforms USE, CONVERT, and USE+
CONVERT on the Banking77 dataset. It also achieves an accuracy of 80.1% compared to
80.9% by CPFT, which is highly competitive. To emphasize, all the considered baselines
are 5-shot, with some models using additional data for pretraining. Moreover, it is possible
to further improve the performance of PromptMix with more dataset- and model-specific
hyperparameter-tuning; however, our core message is to show that generating borderline
examples combined with relabeling is a highly promising method for data augmentation in
2-shot and zero-shot text classification setups.
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4.4.4 Descriptions are Impactful

Our experiments that were used to evaluate the effectiveness of using human-written de-
scriptions show promising results. First, we note that simply adding a class description to
the prompt leads to decent performance gains on all the datasets (Sahu et al. (2022) w/
and w/o desc). Comparing PromptMix (zero-shot) with and without Mixup against Sahu
et al. (2022) + desc. shows that using only descriptions in the prompt (no seed examples)
leads to a significant boost in model performance. We also observe that using multiple
class descriptions in a prompt is either better or equivalent to using a single class with its
description and examples. This suggests that providing more context about other classes
helps LLM generate better quality augmentations for a given class. Therefore, it follows
intuitively that PromptMix, which combines the usage of multiple classes with descriptions
as well as seed examples, leads to the best performance on all the datasets.

4.4.5 Open-source v/s Closed-source models

Table 4.4 and 4.5 showcase strong capabilities of GPT3.5-turbo for our task. However,
GPT3.5-turbo is a closed-source language model provided by OpenAI, and it can quickly
get costly as we increase the number of classes in the dataset. Therefore, we conduct
a small-scale experiment on the TREC6 dataset with open-source LLMs. In particular,
we prompt open-source LLMs instead of GPT3.5-turbo to synthesize new examples and
relabel them. Next, we finetune a BERTbase classifier on the augmented+relabeled dataset.

GPT-Neo (1.3B), GPT-J (6B), and the more recent instruction-tuned Vicuna and
Stable-vicuna (13B) (Chiang et al., 2023) models achieve very poor performance compared
to GPT3.5-turbo. We find that even for medium-sized LLMs like Vicuna and Stable-
vicuna, inference time is a major bottleneck 4. However, our experiments with LLama-2
show promising results. We used different-sized Llama-2 models (7b, 13b, 70b) on the
TREC6 dataset and observed a strong correlation between model size and test accuracy.
In particular, we note that LLama-2-70b-chat-hf might be a decent alternative to the
closed-source GPT3.5-turbo model. We also test GPT-4 (larger than the GPT3.5 model)
and observe a significant boost in classification accuracy. Table 4.8 shows the results 5.

4We tried on a 32G V100 with 8-bit quantization
5We use Anyscale endpoints to access Llama-2 models.
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Method Accuracy

Baseline 33.0
PromptMix (Llama-2-7b-chat-hf) 55.6
PromptMix (Llama-2-13b-chat-hf) 66.6
PromptMix (Llama-2-70b-chat-hf) 70.8
PromptMix (GPT3.5-turbo) 73.7
PromptMix (GPT-4) 86.2

NN+GPT3.5 74.4
NN+Llama-2-70b-chat-hf 76.2
NN+GPT4 88.2

Table 4.8: Comparison of different open-source LLMs v/s GPT on TREC6. Note: Base-
line refers to the 2-shot accuracy of the BERTbase classifier. We replace GPT3.5-turbo
with GPT4 and LLama-2-70b-chat-hf to get the NN+GPT4 and NN+LLama-2-70b-chat-
hf baselines, respectively.

4.5 Limitations

Similar to our method in Chapter 3, we employ an LLM to generate text data, so they can
potentially generate harmful or biased content. We recommend monitoring the generated
data for harmful content and bias if the model is deployed in real-world applications.

While our results indicate a promising potential to use LLMs for generating data in
highly aggressive few-shot setups, we also identify a few limitations in this section for
our approach. First, we rely completely on GPT’s pseudolabels to tackle false positive
generations during the augmentation step. Secondly, since we use embeddings to ensure
that pseudolabel is a valid class in the dataset, we ignore potential out-of-scope/out-of-
domain (OOS/OOD) generations. We did observe a few instances where GPT pseudolabels
were of the form, “This sentence does not belong to any of the provided classes.” This
presents a good avenue to introduce human interventions that can judge GPT pseudolabels
and can identify OOS/OOD examples, which can be helpful in many real-life tasks. Here,
we would like to emphasize that while human interventions can greatly help, they also
present the challenge of minimizing human labor. So, we could possibly introduce a self-
verification check in the pipeline where the LLM automatically identifies such instances.

Second, while our experiments with open-source models suggest that the larger open-
source models like LLama-2-70b might be a good alternative to closed-source models like
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GPT3.5, thereby greatly cutting API costs, they still demand significant computational
resources. Therefore, efforts towards distilling the knowledge of bigger LLMs like Llama-
2-70b into smaller models would greatly aid in making these models more accessible and
feasible for use.

4.6 Conclusion

To conclude, this chapter describes PromptMix, a novel two-step prompting-based method
for generating borderline augmented examples in extreme few-shot text classification se-
tups. Our method combines the process of text augmentation, pseudolabeling, and knowl-
edge distillation in a cohesive pipeline. We show that by generating borderline train-
ing examples and relabeling them using a large teacher model like GPT, we can transfer
the knowledge of such massive LLMs into much smaller models like DistilBERTbase and
BERTbase that are much cheaper to deploy in real-life settings. Furthermore, we also
demonstrate that our 2-shot PromptMix beats multiple 5-shot or higher data augmenta-
tion baselines, making it a highly effective data augmentation approach.

4.7 Key Takeaways

In summary, we list the key takeaways from this chapter:

• The 2-shot PromptMix approach is highly effective for aggressive few-shot text clas-
sification setups, beating multiple 5-shot or higher data augmentation baselines.

• Generating borderline training examples and relabeling them using a large teacher
model like GPT effectively induces a transfer of knowledge from massive LLMs with
billions of parameters into much smaller models like DistilBERTbase and BERTbase.

• Providing information about multiple classes is key to generating high-quality aug-
mented examples that can handle use cases with closely related classes.

• Larger open-source models like LLama-2-70b might be a good alternative to closed-
source models like GPT3.5, thereby greatly cutting API costs.

In the next two chapters, we will delve into the problem of text summarization in
data-scarce settings and explore how we can leverage the power of LLMs for training
summarization models that generate high-quality summaries with minimal supervision.
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Chapter 5

Semi-Supervised Extractive Text
Summarization with LLMs

Text summarization is a crucial task in today’s data-driven era. Major enterprises store
customer service chatlogs and wish to create an automated text summarization system
to enhance the user experience (Feigenblat et al., 2021). With the exponential growth of
digital content, the need for automated summarization techniques that swiftly process and
distill information has become paramount (Koupaee and Wang, 2018; Cohan et al., 2018).
Broadly speaking, text summarization setups are categorized into two types: abstractive,
where the summaries are concise paraphrases of the original text (Barzilay and McKeown,
2005; Nallapati et al., 2016), and extractive, where the summaries combine existing sen-
tences verbatim from the original text (Radev et al., 2004; Li et al., 2006; Wong et al.,
2008). While both systems have their advantages, in this chapter, we primarily focus on
extractive summarization, as it is a simpler task, and we want to focus our efforts in this
chapter on in-depth analysis of LLM-based methods for a semi-supervised summarization
task. Moreover, in today’s fast-paced lifestyle, extractive summarization systems have be-
come increasingly relevant as they are fast and interpretable while preserving the source’s
integrity and reducing potential misinterpretation.

Obtaining a large annotated extractive summarization dataset to train a fully super-
vised model is financially expensive and it also incurs a high cost of human labor (Wang
et al., 2022). Real-life scenarios often have a small labeled set alongside a large pool of
unlabeled data. Semi-supervised learning (SSL) has been successfully used in such scenar-
ios for images and text classification (Guillaumin et al., 2010; Gong et al., 2016; Liu et al.,
2020; Miyato et al., 2016; Xu et al., 2017), but it is heavily underexplored for extractive
text summarization.
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Figure 5.1: L-Eval scores of semi-supervised v/s fully supervised models in a low-
data setting. The proposed semi-supervised method (middle column for each dataset)
combines PreSumm’s confidence with GPT-4’s knowledge to generate better pseudo-labels.
The proposed method performs competitively on the three summarization datasets while
using 6× fewer labels than a fully supervised method (rightmost column for each dataset)

Standard deep learning-based methods reformulate extractive summarization as a bi-
nary text classification problem: given a sentence in the input document, predict its likeli-
hood of appearing in the output summary (Amini and Gallinari, 2001; Wong et al., 2008).
SSL techniques, in particular, follow a teacher-student paradigm to train a classifier on
the limited labeled data first to generate pseudo-labels for the unlabeled set and then use
the same classifier’s confidence values to select the best pseudo-labels for the next training
cycle. Most recently, (Liu and Lapata, 2019) and (Zhuang et al., 2023) employed this
strategy using large language models (LLMs) like BERT (Devlin et al., 2019a) as their
backbones. While these works have shown promising results, the underlying classification
model is not suitable for determining the accuracy of pseudo-labels because it lacks specific
fine-tuning for measuring pseudo-label accuracy. On the other hand, recent instruction-
tuned LLMs like GPT-4 (OpenAI, 2023b) and LLaMA-2 and LLaMa-3 (Touvron et al.,
2023) have been successfully used for generating pseudo-labels and evaluation for a wide
range of tasks (Sahu et al., 2022, 2023a; Dziri et al., 2023; Mishra et al., 2023; Liu et al.,
2023b; Zhang et al., 2023a).

In this chapter, we discuss our work, PPSL, a prompt-based pseudolabeling strategy
for semi-supervised text summarization, which uses generative LLMs to improve the pro-
cess of pseudo-labeling during the training phase of an SSL algorithm (Sahu et al., 2023b).
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Figure 5.2: PPSL pipeline. Our approach has four main stages. Step 1: train a teacher
model M on the limited labeled dataset. Step 2: generate pseudo-labels for the unlabeled
set with M and shortlist 50 based on teacher confidence (see Equation 5.1). Step 3:
prompt an LLM to summarize the shortlisted documents. Step 4: score the pseudo-labels
in Stage 3 by prompting an LLM and select the top 5. These summaries are then added
to the training data for the next cycle.

Scoring all the pseudo-labels with LLMs can quickly get expensive as the number of pseudo-
labels increases, so we first use the classification model’s confidence values to shortlist a
fixed number of pseudo-labels. Then, we prompt an LLM with specific instructions to
score the pseudo-labels and select top-n pseudo-labels to include in the subsequent train-
ing cycle. Our method also includes a prompt-based relabeling mechanism that improves
pseudo-labels’ accuracy. We evaluate our approach on three text summarization datasets:
TweetSumm (Feigenblat et al., 2021), WikiHow (Koupaee and Wang, 2018), and ArX-
iv/PubMed (Cohan et al., 2018). We show that our method enhances the performance of
a standard teacher-student pipeline to achieve competitive performance to that of a fully
supervised model while using 6× less labeled data in a data-scarce setting and outperforms
fully supervised models in a data-abundant setting. We discuss the results in detail in Sec-
tion 5.3, but figure 5.1 provides a quick demonstration of the effectiveness of our method
compared to prior methods.

In summary, we 1) propose a prompt-based pseudo-label selection strategy for semi-
supervised extractive text summarization. 2) We also propose a relabeling mechanism
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using an LLM (such as GPT-4) to generate high-quality summaries for unlabeled examples.
3) Finally, we show that our method is more sample-efficient and outperforms prior semi-
supervised methods for extractive summarization on ROUGE-1, ROUGE-2, ROUGE-L,
and L-Eval (same as G-Eval but using LLaMA-3 as the LLM) scores across three benchmark
datasets.

5.1 Methodology

This section describes our PPSL approach for semi-supervised extractive text summariza-
tion. As shown in Figure 5.2, we employ a teacher-student training framework and divide
our pipeline into four stages. First, we train a teacher model on the available labeled
examples. Second, we use the trained model to generate pseudo-labels for the unlabeled
set and shortlist 50 pseudo-labels based on the model’s confidence. Third, we prompt a
generative LLM like GPT-4 to relabel the shortlisted pseudo-labels. Lastly, we prompt
the LLM to score the new pseudo-labels and select the top 5 to include in the next training
cycle. The following sections describe individual stages in more detail.

5.1.1 Stage 1: Training the Teacher Model

First, we train a fully-supervised model M (teacher) on the set of available labeled examples
Dl. We use PreSumm (Liu and Lapata, 2019) as our summarization model M as it has been
shown to perform well for extractive summarization. Notably, PreSumm reformulates the
task of generating extractive summaries to binary classification, where, for each sentence
in the input document, the model predicts if it will be present in the output summary.
Then, the model combines the top-n sentences with the highest probabilities in their order
of appearance in the original text to construct the extractive summary.

5.1.2 Stage 2: Generating Pseudo-labels using the Teacher Model

We use the teacher model M to generate pseudo-labels for the unlabeled set Du. Next, we
shortlist a subset of 50 pseudo-labels with the highest teacher confidence 1. We compute the
teacher confidence for a generated summary (a.k.a pseudo-label) as follows: let pij denote
the probability with which the i-th sentence si in an unlabeled document uj is present in

1We experiment 5, 10, 20, 50, and 75 and find 50 to be optimal.
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its summary Sj, and let 1 denote the indicator function: 1(si) =

{
1, if si ∈ S

0, otherwise
. We then

compute the teacher confidence for the pseudo-label Sj by averaging the probabilities of
selected sentences. We define the teacher confidence (Cj) for an input text uj as follows:

Cj =

∑|uj |
i=1 1(si) · pij

n
, (5.1)

where |uj| denotes the number of sentences in the unlabeled document uj and n is the
number of sentences in the generated summary.

We will show in Section 5.3 that shortlisting a subset of pseudo-labels helps make
our method more sample-efficient, as we avoid relabeling a large unlabeled pool. This
ultimately minimizes our LLM usage cost in the subsequent stages.

5.1.3 Stage 3: LLM Relabeling of Teacher’s Pseudo-labels

After selecting the top 50 pseudo-labels using teacher confidence defined in Equation 5.1, we
prompt an LLM (GPT-4/LLaMA, in our case) to generate a summary for each shortlisted
unlabeled example. This effectively relabels the pseudo-label from Stage 2. Specifically, we
follow the prompt template in Figure C.4a when generating summaries using GPT-4, which
uses the same mechanism as PreSumm, i.e., we instruct the LLM to output probabilities
for each sentence in the input document and then concatenate the top-n lines in their order
of appearance in the input text.

5.1.4 Stage 4: LLM Scoring of Pseudo-labels

In the last stage of our pipeline, we prompt LLaMA-3 as shown in Figure C.4b to output a
rating between 0-100 for the pseudo-labels from Stage 3. Specifically, we list the following
criteria for evaluating the pseudo-labels:

• The summary should be concise, ideally with less than k sentences.

• The summary should capture the key points from the input text. Do not penalize if
it doesn’t include any minor additional details.

• The summary should be extractive, i.e., directly taken from the conversation without
any modifications or removal of symbols.
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Algorithm 1: An algorithm for prompt-based semi-supervised text summariza-
tion
Input : Labeled Data Dl, Unlabeled Data Du, Number of cycles Ncycles

Output: Trained summarization model M

1 M ← null ;
2 for i← 1 to Ncycles do

3 // Train PreSumm on labeled set;
4 M ← PreSumm(Dl);

5 // Generate Pseudo-labels;
6 Pseudos← Top50(M(Du));
7 Pseudos← Top5(LLM(Pseudos));

8 // Add top-5 pseudos to labeled set and update unlabeled set;
9 Dl ← Dl ∪ Pseudos;

10 Du ← Du \ Pseudos;

11 end

• The response should contain only the numerical rating.

Here, k is a hyperparameter chosen based on the average summary length in the dataset.
Finally, we choose the top 5 pseudo-labeled examples with the highest LLaMA scores and
append them to the existing labeled set Dl for the next training cycle.

We repeat Stages 1-4 Ncycles times to improve the initial summarization model M and
use the model obtained after the last cycle for generating summaries for the unseen test
set. Algorithm 1 also provides an overview of the proposed semi-supervised approach. To
note, M(Dl) denotes generating summaries for Dl using M , and LLM(Pseudos) denotes
the prompt-based relabeling of pseudo-labels from Stage 2. Furthermore, TopK(·) denotes
scoring pseudo-labels (based on teacher confidence in Stage 2 and LLM score in Stage 4)
and selecting the top K pseudo-labels.

5.2 Experimental Setup

This section describes our experimental setup, including the datasets, training, and evalu-
ation details, as well as the baselines used.
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5.2.1 Datasets

We use three datasets for extractive summarization.

1) TweetSumm (Feigenblat et al., 2021) is a real-world customer service chat dataset.
The dataset has 1100 conversations between a customer and an agent, and each conversa-
tion has three human-annotated extractive summaries. The training set has 858 dialogs,
out of which we randomly sample a subset of 50 examples as the initial training set and
treat the remaining as the unlabeled set. We use the official validation and test sets for
evaluation.

2) WikiHow (Koupaee and Wang, 2018) contains WikiHow articles with their headlines
as abstractive summaries. The dataset has over 180k articles, with around 168k training
articles and 6000 test and validation articles.

3) ArXiv/PubMed (Cohan et al., 2018) is a collection of scientific articles from PubMed
and ArXiv with their abstracts as their summaries. The dataset has close to 325k articles,
with nearly 300k training articles and 12.5k test and validation articles.

TweetSumm WikiHow ArXiv/PubMed

# Train 858 168,000 300,000
# Valid 100 6,000 12,500
# Test 100 6,000 12,500

Table 5.1: Statistics of the text summarization datasets we use in our experiments.

Table 5.1 summarizes the dataset statistics. Notably, the WikiHow and ArXiv/PubMed
datasets do not have extractive labels. Therefore, we follow the same steps as the original
PreSumm paper (Liu and Lapata, 2019) to obtain the ground truth extractive labels. Addi-
tionally, due to the large training corpus size for WikiHow and ArXiv/PubMed, we limit the
pool of unlabeled examples by randomly sampling a subset of 1,000 articles in each training
cycle. We choose the above three datasets to cover a diverse set of scenarios: TweetSumm
contains real-world conversations and human-annotated extractive summaries, WikiHow
contains medium-sized documents, and ArXiv/PubMed contains long documents.
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5.2.2 Training and Evaluation Details.

Training. We use the TransformerSum repository2 to implement our training pipeline.
We use PreSumm as our teacher model M and experiment with two backbones:
distilbert-base-uncased and bert-base-uncased. We perform experiments in two
settings: 1) data-scarce setting, where we fix the size of the labeled set Dl to 50 for all the
datasets, and 2) data-abundant setting, where we set the size of Dl to 500. We set Ncycles

to 50 for all experiments. We add 5 pseudo-labels to the training set in each cycle, thus
resulting in a final training set size of 300 (50 labeled + 250 pseudo-labeled examples.)
We set the summary size k to 4 for TweetSumm and 8 for WikiHow and ArXiv/PubMed.
We base these summary sizes on the average summary size of the labeled training set.
For training, we start with a learning rate of 2 × 10−5 on all the datasets and use a
cyclic learning rate scheduler during training (Smith, 2015), which is the default setting in
TransformerSum. Additionally, we use AdamW as our optimizer with ϵ = 1 × 10−8, β1 =
0.9, β2 = 0.99. We train all our models on a single V100 GPU with 12G VRAM. We repeat
each experiment for three different seeds and report the mean and standard deviation in
our results unless otherwise stated.

Evaluation. We evaluate the summary quality of the models using the following metrics:

ROUGE Scores. We use ROUGE-1 (R-1), ROUGE-2 (R-2), and ROUGE-L (R-L) F1
scores (Lin, 2004) for evaluation, where R-1 and R-2 measure the unigram and bigram
overlap between the predicted and the ground truth summaries, respectively, while R-L
also considers the order of n-grams. We use the pyrouge Python package to compute
ROUGE scores in our setup and report them in Table 5.2.

L-Eval Scores. In addition to ROUGE, we use an LLM-based evaluation metric for our
task. Specifically, we use LLaMA-Eval (L-Eval), an open-source variant of the G-Eval met-
ric (Liu et al., 2023b), where we prompt LLaMA-3-70b-Instruct instead of a GPT model.
We use L-Eval as it better aligns with human preferences for text summarization, com-
pared to ROUGE scores and other model-based evaluation metrics, such as BERTScore
and BARTScore (Zhang et al., 2019; Yuan et al., 2021). It is also not biased towards LLM-
generated content; however, since LLM-inference speed is low for long documents, we did
not compute L-Eval scores during training and only computed them during final testing.
When computing L-Eval scores, we provide the LLM with the input article and a (gener-
ated) summary and instruct it to score the summary on a scale of 1-10 (see Prompt C.2

2https://transformersum.readthedocs.io/en/latest/
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TweetSumm WikiHow ArXiv/Pubmed

Method R-1 (%) R-2 (%) R-L (%) R-1 (%) R-2 (%) R-L (%) R-1 (%) R-2 (%) R-L (%)

DistilBERTbase (50 labels)

Random 36.7 (1.5) 25.4 (1.4) 36.7 (1.3) 19.7 (1.4) 1.5 (1.1) 7.2 (1.3) 19.5 (1.3) 2.9 (0.9) 7.8 (1.2)
Confidence 43.5 (1.4) 35.1 (1.2) 46.8 (1.1) 21.3 (0.4) 3.7(0.8) 10.3 (1.0) 23.4 (1.1) 5.2 (0.7) 12.5 (1.1)

+ G-4 relabeling 55.4 (1.3) 46.7 (0.6) 56.1 (0.9) 22.1 (0.4) 5.7 (0.6) 13.5 (0.7) 23.8 (0.8) 7.3 (1.3) 15.3 (0.8)

Confidence + G-4 score 46.8 (1.3) 37.4 (0.4) 48.3 (1.2) 21.7 (0.9) 4.6 (0.4) 12.1 (1.1) 24.1 (0.9) 6.7 (0.3) 13.8 (1.4)
+ G-4 relabeling (Ours) 57.6 (1.2) 46.3 (1.7) 56.2 (1.3) 22.7 (0.3) 5.9 (0.4) 13.8 (0.5) 24.7 (0.9) 8.1 (1.3) 15.9 (0.8)

Confidence + L-3 score 45.7 (1.1) 36.9 (0.2) 47.8 (1.2) 21.6 (0.4) 4.1 (0.5) 11.1 (0.8) 23.9 (0.9) 6.1 (0.3) 12.9 (1.3)
+ L-3 relabeling (Ours) 56.2 (1.1) 45.1 (1.2) 55.9 (1.1) 22.3 (0.1) 5.8 (0.2) 13.6 (0.3) 24.5 (0.6) 7.7 (1.4) 15.7 (0.3)

BERTbase (50 labels)

TSL (50:500) 49.0 37.7 48.2 - - - - - -
Random 45.4 (1.4) 32.4 (1.9) 42.5 (1.8) 22.1 (1.7) 2.4 (1.5) 9.6 (1.5) 23.3 (1.4) 6.1 (1.2) 12.4 (1.3)
Confidence 49.7 (1.6) 39.5 (1.4) 49.4 (1.3) 24.5 (0.6) 4.8 (1.1) 12.8 (1.0) 27.6 (1.1) 7.7 (0.7) 14.2 (1.2)

+ G-4 relabeling 57.8 (1.2) 50.3 (0.5) 58.9 (1.2) 26.4 (0.3) 7.3 (0.5) 16.4 (0.8) 28.7 (0.9) 9.5 (1.1) 17.1 (0.8)
Confidence + G-4 score 52.3 (1.6) 42.8 (0.7) 51.0 (1.4) 25.2 (0.7) 5.6 (0.5) 13.1 (1.0) 27.7 (0.9) 7.9 (0.2) 15.5 (1.3)
+ G-4 relabeling (Ours) 58.9 (1.4) 50.4 (0.8) 59.4 (1.5) 26.1 (0.4) 7.2 (0.6) 15.9 (0.9) 29.1 (0.7) 9.7 (1.2) 17.7 (0.6)

Confidence + L-3 score 51.7 (1.2) 41.6 (1.2) 50.3 (1.2) 25.9 (0.3) 5.2 (0.2) 13.0 (0.8) 27.6 (0.4) 7.9 (0.5) 15.3 (1.1)
+ L-3 relabeling (Ours) 58.4 (1.2) 50.1 (0.3) 59.1 (1.2) 26.0 (0.2) 6.9 (0.3) 15.1 (0.2) 29.0 (0.5) 9.4 (0.7) 17.4 (0.3)

BERTbase (500 labels)

TSL (500:500) 59.0 48.3 58.2 - - - - - -
Random 55.1 (1.4) 42.7 (1.1) 50.3 (1.2) 25.6 (1.3) 4.5 (1.1) 15.2 (1.3) 25.4 (1.5) 9.5 (1.2) 24.1 (1.2)
Confidence 61.8 (0.7) 54.9 (0.8) 60.3 (0.9) 28.4 (0.6) 8.0 (1.1) 22.5 (1.0) 29.4 (0.5) 11.5 (0.6) 27.7 (0.8)
+ L-3 score 63.4 (0.5) 55.6 (0.8) 62.1 (0.7) 28.9 (0.4) 8.2 (0.5) 28.4 (0.4) 31.7 (0.3) 11.8 (0.2) 29.4 (0.4)
+ L-3 relabeling (Ours) 64.2 (0.2) 56.2 (0.4) 62.8 (0.6) 30.7 (0.4) 8.8 (0.3) 29.5 (0.3) 33.5 (0.3) 12.3 (0.2) 32.2 (0.3)

Table 5.2: Mean (Std.) ROUGE F-1 scores of different pseudo-labeling strategies. R-1, R-
2, and R-L denote ROUGE-1, ROUGE-2, and ROUGE-L metrics, respectively. TSL results
from (Zhuang et al., 2023). Refer to Section 5.2.3 for method details. Bold indicates the
best-performing and underline denotes the second-best performing method, respectively.

in Appendix C for the full L-Eval prompt template). Formally, given a test article A and
a summary s, we compute the L-Eval score as follows:

L-Eval(A, s) =
10∑
r=1

pr · r, (5.2)

where pr is the probability of generating the rating r. In practice, we can only look at the
probabilities of top-5 tokens for LLaMA-3-70b-Instruct, so we assign a probability of 0 to
the remaining ratings (that did not appear in the top-5).

We use a metric like G-Eval as it substantially surpasses ROUGE scores and previous
model-based evaluation metrics, such as BERTScore (Zhang et al., 2019) and BARTScore (Yuan
et al., 2021), for summarization. More importantly, it is shown to be better aligned with
human preferences than the existing automated evaluation metrics for text summarization.
Finally, G-Eval has been shown to not exhibit bias towards GPT-generated content.
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5.2.3 Baselines

We compare our method with the following baselines: 1) PreSumm (Liu and Lapata,
2019). The original PreSumm model that pretrains a BERT model for summarization.
We train two PreSumm models – one on a limited training set with 50 labeled examples
to match the starting point of our semi-supervised setting and another with 300 labeled
examples, the same as the dataset size at the end of our training cycle. 2) Teacher-
Student Learning (TSL) (Zhuang et al., 2023). Current state-of-the-art semi-supervised
method on TweetSumm. The teacher-student learning framework uses a similar formu-
lation for computing model confidence to ours, as follows: Cj =

∑n
i=1(Cij)/nj. Here,

Cij = pijqij + (1− pij)(1− qij), where pij is the probability of sentence i being selected for
summary for dialog j estimated by the teacher model, and qij = 1 if pij in top 4, else 0. We
report the performance of the TSL (50:500) and TSL (500:500) models from the paper, as
they are the closest to our setup (50/500 labeled examples + 500 unlabeled examples). 3)
Confidence + G-4 relabeling + G-4 score (Ours). Our proposed method following
the methodology in Section 5.1. We first use the PreSumm teacher model to shortlist 50
pseudo-labels (Stage 1 and 2), relabel them using GPT-4 (Stage 3), and then select the
top 5 using GPT-4 score (Stage 4). 4) Confidence + G-4 score. We skip Stage 3 from
3) to directly score the top 50 PreSumm pseudo-labels using GPT-4. We run this baseline
to measure the effect of relabeling in our pipeline. 5) Confidence + G-4 relabeling.
We skip Stage 4 from 3) and select the final 5 pseudo-labels based on PreSumm confi-
dence. 6) Confidence + L-3 relabeling + L-3 score (Ours). Same as 3) but using
LLaMA-3. 7) Confidence + L-3 score (Ours). Same as 4) but using LLaMA-3. 8)
Confidence. We skip Stage 3 and 4 from from 3) and select 5 PreSumm pseudo-labels
based on PreSumm confidence. 9) Random. Same as 6) but instead of using teacher
confidence defined in Equation 5.1, we randomly select five PreSumm pseudo-labels to
include in each cycle.

5.3 Results

We now discuss results in Table 5.2 and Table 5.3. Table 5.2 reports the ROUGE scores
for different pseudo-labeling strategies for the three datasets. All the methods operate in
(50:250) or (500:250) setups, except TSL (50:500), which uses 500 unlabeled examples.
Notably, Table 5.2 has two blocks of results, one for DistilBERTbase as the backbone of the
PreSumm model and another for BERTbase as the PreSumm backbone. Table 5.3 compares
L-Eval scores of our semi-supervised approach with fully-supervised setups.
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TweetSumm WikiHow ArXiv/Pubmed

Method R-2 L-Eval R-2 L-Eval R-2 L-Eval

PreSumm (50 labels) 37.1 (1.1) 31.2 (0.5) 3.2 (0.8) 34.2 (1.5) 7.3 (0.9) 13.5 (1.2)
PreSumm (300 labels) 51.1 (2.1) 60.5 (1.2) 7.6 (0.6) 68.1 (1.1) 10.8 (0.9) 49.5 (2.4)
PreSumm (500 labels) 54.4 (1.2) 67.1 (0.3) 7.9 (0.5) 74.4 (0.6) 11.3 (0.5) 58.2 (1.1)
PreSumm (750 labels) 56.1 (0.7) 70.3 (0.5) 8.5 (0.4) 76.5 (0.4) 12.1 (0.7) 62.8 (0.7)

50 labels

Random 32.4 (1.9) 32.1 (1.1) 2.4 (1.5) 37.7 (1.6) 6.1 (0.2) 15.1 (2.3)
Confidence + G-4 score 42.8 (0.7) 46.2 (0.2) 5.6 (0.5) 59.4 (1.3) 7.9 (0.2) 40.1 (1.9)
+ G-4 relabeling (Ours) 50.4 (0.8) 58.4 (0.4) 7.2 (0.6) 70.3 (1.4) 9.7 (1.2) 52.5 (1.3)

Confidence + L-3 score 41.6 (1.2) 45.8 (0.7) 5.2 (0.2) 57.5 (1.4) 7.9 (0.5) 37.1 (1.8)
+ L-3 relabeling (Ours) 50.1 (0.3) 56.3 (0.9) 6.9 (0.3) 69.3 (2.1) 9.4 (0.7) 49.3 (1.4)

500 labels

Random 42.7 (1.1) 52.3 (1.2) 4.5 (1.1) 52.7 (1.8) 9.5 (1.2) 44.1 (0.9)
Confidence + L-3 score 55.6 (0.8) 69.2 (0.7) 8.2 (0.5) 75.2 (1.4) 11.8 (0.2) 60.2 (0.5)
+ L-3 relabeling (Ours) 56.2 (0.8) 71.2 (0.9) 8.8 (0.3) 77.3 (1.3) 12.3 (0.2) 65.7 (0.3)

Table 5.3: Fully-supervised methods (first two rows) semi-supervised approaches
(remaining rows). All models use BERTbase as PreSumm’s backbone. The number of
labeled examples for fully supervised models is shown in brackets. The semi-supervised
methods use 50/500 labeled and 250 unlabeled examples.

5.3.1 Comparison of Pseudo-label Selection Strategies

Referring to Table 5.2, we note that all pseudo-label selection strategies outperform the
random baseline. The “Random” baseline performs worse than the fully supervised coun-
terpart on all datasets (R-2 in Table 5.2 v/s R-2 in Table 5.3), meaning that the majority of
the shortlisted PreSumm pseudo-labels are low-quality. Using teacher confidence leads to
slight performance gains on all the datasets, and adding GPT-4 score further improves the
results (“Confidence” v/s “Confidence + G-4 score” in Table 5.2). These improvements
indicate that the shortlisted PreSumm pseudo-labels include some good-quality pseudo-
labels, too, and using GPT-4 to rate those pseudo-labels is crucial to picking them. We
see similar trends when using LLaMA-3.

To further confirm our findings, we conduct a qualitative study in the data-scarce
setup, where we compute the ROUGE scores of the final 5 pseudo-labels for each method
against the respective ground truth summaries, and Figure 5.3 shows the mean ROUGE-2
of the five selected pseudo-labels. To clarify, we obtained the “Oracle” results by directly
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Figure 5.3: Quality of pseudo-labels by different strategies (data-scarce setup).
The y-axis denotes the ROUGE-2 scores of the top 5 pseudo-labels computed against the
respective ground truths. All results are for BERTbase as the backbone for PreSumm and
three random seeds. Refer to Section 5.3.1 for complete details.

selecting the final 5 pseudo-labels using ROUGE-2 scores computed against the ground
truth. We note a stark difference between “Confidence” and “Oracle,” which shows that
relying solely on teacher confidence consistently leads to a selection of low-quality pseudo-
labels. Combining GPT-4 score with teacher confidence is effective (“Confidence + G-4
score”), and adding the GPT-4 relabeling greatly boosts the quality of selected pseudo-
labels (“Ours”).

5.3.2 Effect of Relabeling

Referring to Tables 5.2 and 5.3, we observe that relabeling with LLMs leads to a significant
boost in the summarization performance in terms of both ROUGE scores and L-Eval.
When using BERTbase as the backbone, we note that the ROUGE-1 improves from 52.3
to 58.9 on the TweetSumm dataset, 25.2 to 26.1 on the WikiHow dataset, and 27.7 to
29.1 on the ArXiv/PubMed dataset. GPT-4 relabeling is also effective when using teacher
confidence without GPT-4 score (“Confidence” v/s “Confidence + G-4 relabeling”). Our
previous qualitative study also supports these results, showing that relabeling improves
the quality of pseudo-labels. We observe similar trends when using DistilBERTbase as
PreSumm’s backbone and LLaMA-3 instead of GPT-4. When using 500 labels, we note
boosts in performance but the relative scale is smaller compared to when using 50 labels.

We conduct additional testing to analyze the performance of our best- and second-best-
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Figure 5.4: ROUGE-1 curves v/s # cycles for data-scarce setting. Each cycle
denotes an addition of 5 new pseudo-labels to the training set. All results use BERTbase as
the backbone for PreSumm. The curves are averaged for three seeds (the width denotes
the std). Note that we report the GPT-4 version of our method here.

performing models, both of which involve relabeling. We find that the p-value < 0.016 for
Welch’s test for an R-1 of 58.9 (1.4) for “Confidence + G-4 score + G-4 relabeling” v/s
57.8 (1.2) for “Confidence + G-4 relabeling” on the TweetSumm dataset, denoting the
differences are significant.

5.3.3 On Sample Efficiency of Different Approaches

Referring to Table 5.3, we now analyze the sample efficiency of different learning algorithms.
For fully supervised methods, we note that including more labeled examples improves L-
Eval and ROUGE scores across the board (“PreSumm (50 labels)” v/s “PreSumm (300
labels)”). Our semi-supervised approach, using 50 labels with GPT-4 relabeling and GPT-
4 score, achieves competitive performance compared to the fully supervised PreSumm
model trained on 300 labels. Notably, we get better L-Eval scores than “PreSumm (300
labels)” on WikiHow and ArXiv/PubMed datasets and are competitive on TweetSumm.
This is encouraging, as “PreSumm (300 labels)” approximates the best-case scenario of
100% high-quality labels in the training set. In the data-abundant setting, our proposed
method with LLaMA outperforms the respective fully supervised model in terms of both
ROUGE and L-Eval.

We plot the R-1 scores against the number of training cycles, as shown in Figure 5.4.
Overall, “Random” setting is highly unstable, “Confidence + G-4 score” slightly improves
over “Confidence” on TweetSumm and WikiHow, but more importantly, it is consistently
more stable. Finally, our method with GPT-4 scoring and relabeling not only significantly
boosts the R-1 scores (a visible gap between “Ours” and the rest) but also does so at a
much faster rate. For all the datasets, our method peaks and stabilizes under 20 cycles
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(100 pseudo-labels), further endorsing the sample efficiency of our method compared to
other approaches.

5.4 Limitations

Our results indicate a promising potential to use LLMs for semi-supervised extractive text
summarization; however, this work has a few limitations, as detailed in this section.

First, we rely completely on LLMs pseudo-labels for scoring and relabeling, which can
be erroneous and we do not currently have a way to automatically judge them. We need
a human in the loop to judge the quality of such pseudo-labels.

Second, we can also potentially improve the sample efficiency of the model. Currently,
we relabel all the top 50 pseudo-labels selected by PreSumm in Stage 3. This is cheaper than
pseudo-labeling all the pseudo-labels, but there’s a chance that LLM relabels an already
good-quality summary, as we note from our analysis that the initial shortlist contains some
good pseudo-labels. Therefore, we can develop an additional strategy to decide whether to
relabel a given pseudo-label. Such a method would further reduce costs for using closed-
source models like GPT-4. We hope this work furthers research toward incorporating LLMs
to address such problems for low-resource semi-supervised tasks.

Lastly, we want to highlight again that we use GPT and LLaMA-3 to generate new
examples, and even though they are instruction-tuned, some generations might depict
undesirable biases with respect to the current objective. For this reason, we recommend
using our proposed models with human monitoring when employing the method for real-
world settings.

5.5 Conclusion

To conclude, we propose a novel prompt-based pseudo-labeling strategy for semi-supervised
extractive text summarization. Our method effectively combines teacher confidence and
knowledge of LLMs like GPT-4 to improve pseudo-labeling in low-resource summarization
setups. Adding an LLM-based critic to relabel and rank pseudo-labels leads to highly
performant summarization models that are competitive with their fully supervised coun-
terparts while utilizing 6× fewer labeled examples.
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5.6 Key Takeaways

• Prompt-based pseudo-labeling combined with an LLM-based critic is effective for
semi-supervised extractive text summarization, leading to highly performant summa-
rization models that are competitive with their fully supervised counterparts while
utilizing 6× fewer labeled examples.

• Relabeling with LLMs significantly boosts the summarization performance in terms
of both ROUGE scores and L-Eval and significantly improves the sample efficiency
of the approach.

In the next chapter, we move to a more challenging setup of few-shot summarization,
where we do not have access to the unlabeled examples, and also consider abstractive
summarization in addition to extractive summarization.
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Chapter 6

LLM-based Data Augmentation for
Low-resource Text Summarization

In Chapters 3 and 4, we demonstrated that data augmentation (DA) can be successfully
used to address data scarcity, mitigate data annotation costs, and enhance model robust-
ness for text classification. In the previous chapter, we explored the data-scarce setup of
semi-supervised text summarization and showed that pseudo-labeling can be effectively
used to improve the summarization model’s performance; however, real-world scenarios
might not always have a large pool of unlabeled data. Some existing approaches study
LLM-based data augmentation techniques (Dai et al., 2023; Ding et al., 2024) that can
generate contextually rich textual augmentations to enhance model performance in various
generative NLP tasks such as dialog modeling and grammatical error correction (Chinta-
gunta et al., 2021; Wan et al., 2022; Feng et al., 2021; Wang et al., 2022) that use state-
of-the-art LLMs like GPT-4 (Achiam et al., 2023), LLaMA-3 (Touvron et al., 2023), and
Claude-3 (Anthropic, 2024); however, data augmentation for text summarization has re-
mained an underexplored area of research. In this chapter, we explore the low-resource
setup of text summarization and study the effectiveness of LLM-based data augmentation
for the task.

To address the previous limitations, we propose MixSumm, an LLM-based data aug-
mentation technique for few-shot text summarization (Sahu and Laradji, 2024). Specifi-
cally, MixSumm is a two-stage prompt-based data augmentation approach that first in-
structs an LLM to synthesize diverse documents by mixing topical information derived
from a small set of seed documents, and then generates summaries for the synthesized
documents.
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Figure 6.1: L-Eval scores of different methods on low-resource extractive text
summarization. The proposed MixSumm approach generates new documents by com-
bining topics from multiple examples and outperforms other methods, including a strong
LLM-based DA method (MixSumm w/o mixup) and a prompt-based semi-supervised ap-
proach (PPSL).

To evaluate the effectiveness of our method, we conduct extensive experiments on the
TweetSumm (Feigenblat et al., 2021), the WikiHow (Koupaee and Wang, 2018), and the
ArXiv/PubMed (Cohan et al., 2018) text summarization datasets. We also use the open-
source LLaMA-3-70b-Instruct LLM for all our experiments instead of a closed-source
LLM like the GPT family of LLMs to enhance the reproducibility of our findings while
avoiding expensive API costs for accessing closed-source models. For evaluation, we use
the standard ROUGE scores (Lin, 2004) as well as L-Eval, an open-source version of
the promising LLM-based evaluator for text summarization, G-Eval (Liu et al., 2023b).
Our experiments demonstrate that MixSumm outperforms strong data augmentation and
semi-supervised baselines for low-resource summarization setups and we show a knowledge
distillation effect, where the knowledge of a LLaMA-3-70b model is distilled into a much
smaller summarization model using BERTbase and DistilBART backend (with 110M and
306M parameters, respectively).

To summarize the contributions of our work: 1) we propose MixSumm, a novel prompt-
based data augmentation framework for the challenging low-resource setup of 50-shot text
summarization, 2) we conduct comprehensive experiments to demonstrate the effectiveness
of our approach over other state-of-the-art methods like PPSL, 3) we show the effectiveness
of LLaMA-3-70b-Instruct, an open-source LLM, instead of using expensive closed-source
LLMs like GPT-4, and 4) we demonstrate effective knowledge distillation from LLaMA-3-
70B (70B parameters) to BERT and DistilBART-based summarization models with 110M
and 306M parameters.
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Figure 6.2: MixSumm pipeline. We first group the documents into T groups using
the k-means algorithm. Then, we construct the prompt for LLaMA-3-70b-Instruct by
including documents from different groups and instructing the LLM to mix information
from multiple topics when generating the new documents. Finally, we train a PreSumm
extractive summarizer (Liu and Lapata, 2019) on the combined seed and the synthesized
dataset. For abstractive summarization, we add a DistilBART model after PreSumm.

6.1 Notations

We denote an annotated, many-shot summarization dataset asD = (di, si) ∀ i ∈ {1, . . . , N}
where (di, si) denotes the i-th datapoint with input text document di and its ground truth
summary si. We refer to the training, validation, and testing parts of the dataset as
Dtrain, Dval, and Dtest, respectively. Given the many-shot training set Dtrain, we construct
a few-shot version of the dataset with k examples DF,train as follows:

Step 1. Given DF,train, we group the training articles by topics. We do not define the
topics explicitly and identify T groups by applying the k-means algorithm on the document
embeddings (where k = T )1. We use the SBERT encodings (Reimers and Gurevych,
2019) of the input documents as document embeddings2. If an input document exceeds
SBERT’s context window length of 512 tokens (roughly 300-400 English words), we chunk
the document into smaller pieces and then average the chunk embeddings to obtain the
final document embedding.

1to clarify, k in k-means is different from k in k-shot
2sentence-transformers/all-mpnet-base-v2 model was used from the sentence-transformers library
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Step 2. We construct our k-shot dataset DF,train by randomly sampling an equal number
of data points from each of the T clusters so that DF,train has k examples in total. In
Section 6.4, we empirically show that our principled approach for constructing few-shot
datasets is better than randomly sampling k examples from Dtrain as it provides better
topical coverage.

Problem Formulation. Given a text summarization dataset D: 1) perform data aug-
mentation on DF,train to synthesize a labeled dataset DA,train, and 2) train a text summa-
rization model on the combined dataset DF+A,train.

6.2 Methodology

We now describe MixSumm, a two-step approach for synthesizing labeled summarization
documents. First, we instruct an LLM to generate documents that cover multiple topics
derived from a small set. Next, we instruct an LLM to generate summaries for those
documents. The following sections describe our two-step procedure in detail.

Step 1: Synthesizing New Documents. First, for every dataset, we manually write a
short description detailing the type and approximate size of articles in the dataset. These
descriptions enable our approach to be used in even zero-shot settings. Next, we construct T
pairs of clusters (ci, cj) ∀ i, j ∈ 1, . . . , T , i ̸= j, such that cj is the most distant cluster from
ci. We use the centroids of the clusters obtained during k-means clustering in Section 6.1
for our computation. We also ensure that all cluster pairs are unique as (ci, cj) ≡ (cj, ci).
Finally, we combine the dataset description with k examples from each cluster and instruct
the LLM to generate new examples that cover topics from both clusters. Specifically, we
instruct the LLM to generate examples that contain α% topics from the first cluster ci and
(1−α)% topics from the second cluster cj, where α is sampled from a uniform distribution
between 1-100. This is similar to applying the mixup algorithm (Zhang et al., 2018) in
a natural language space and has proven highly effective for data augmentation in low-
resource text classification setups (Yoo et al., 2021; Sahu et al., 2023a). Prompt C.1 in
Appendix C shows the complete template for this step.

Step 2: Generating Summaries for the Synthesized Documents. Next, we in-
struct the LLM to generate extractive and abstractive summaries for the synthesized doc-
uments. For extractive summaries, we provide a generated document to the LLM and
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then instruct it to output a probability score for each sentence indicating whether that
sentence should be included in the summary or not. We then rank the lines by the scores
and choose the top-p lines, where p is the summary size and depends on the dataset.
We truncate the input document if it exceeds the LLM’s context window length. This
approach ensures the extractiveness of the generated summary labels as it mimics Pre-
Summ (Liu and Lapata, 2019), a strong baseline for extractive text summarization. For
abstractive summaries, instead of passing the entire source document and prompting
the LLM to generate a summary, we follow an extractive-then-abstractive approach and add
a DistilBART model to our pipeline that summarizes the previously generated extractive
summaries. This approach is faster than passing the source document and summarizing,
as our input context is significantly smaller. More importantly, it enhances the factual
correctness of the summaries.

We separate the summarization step from the generation step to 1) simplify the task
of the LLM in one prompt, and 2) avoid exceeding the context window length of the
generative LLM used 3. After generating the new documents, we train a summarization
model on the MixSumm-generated data and the original seed data. Specifically, we fine-
tune a PreSumm model for the extractive task and a DistilBART model for the abstractive
task.

6.3 Experimental Setup

6.3.1 Datasets

We use the same benchmark of text summarization datasets as the previous chapter to eval-
uate our method: TweetSumm (Feigenblat et al., 2021), WikiHow (Koupaee and Wang,
2018), and ArXiv/PubMed (Cohan et al., 2018) datasets. We refer the reader to Sec-
tion 5.2.1 for a detailed description of the datasets.

We follow the same approach as the previous chapter to obtain the extractive labels
for WikiHow and Arxiv/Pubmed datasets and report the training implementation details
in Section 6.3.3.

38192 tokens or roughly 5000-6700 English words for LLaMA-3-70b-Instruct used in our experiments
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TweetSumm WikiHow ArXiv/Pubmed

Method R-1 (%) R-2 (%) R-L (%) L-Eval (%) R-1 (%) R-2 (%) R-L (%) L-Eval (%) R-1 (%) R-2 (%) R-L (%) L-Eval (%)

Extractive Summarization

Oracle 65.7±0.3 56.6±0.4 64.9±0.4 86.2±0.3 30.5±0.5 8.7±0.3 19.2±0.6 87.3±0.1 34.6±0.4 12.4±0.2 19.6±0.4 78.1±0.5

TSL (50:500) 49.0 37.7 48.2 - - - - - - - - -
TSL (500:500) 59.0 48.3 58.2 - - - - - - - - -
EDA 51.1±0.7 39.2±0.9 53.0±0.2 34.3±1.2 23.4±0.5 4.1±0.3 13.0±0.5 42.1±0.8 26.2±1.1 7.9±1.0 13.1±0.6 17.2±0.5

PPSL (50:250) 58.4±1.2 50.1±0.3 59.1±1.2 56.3±0.9 26.0±0.2 6.9±0.3 15.1±0.2 69.3±2.1 29.0±0.5 9.4±0.7 17.4±0.3 49.3±1.4

MixSumm (rand.) 58.6±3.2 50.6±2.1 59.7±2.3 60.3±0.9 26.4±1.0 7.5±1.2 15.8±0.2 72.5±1.2 30.7±1.7 10.6±1.5 18.5±1.1 48.4±1.1

w/o Aug. 49.4±0.7 36.9±1.0 49.0±0.2 31.5±0.5 21.3±0.4 3.2±0.4 11.4±0.5 34.2±1.5 23.4±1.1 7.5±1.4 12.3±0.8 13.5±1.2

MixSumm (ours) 59.1±1.7 52.7±1.6 60.5±1.3 65.3±1.2 27.3±2.1 7.8±1.3 16.6±1.8 81.1±1.7 31.2±1.2 10.7±1.1 18.3±1.1 53.1±0.5

w/o Mixup 56.1±1.1 47.3±1.2 55.3±1.1 57.3±0.5 25.7±1.4 6.2±1.2 14.7±0.7 67.3±2.1 28.4±1.9 8.3±1.3 16.8±1.6 52.3±1.2

w/o Aug. 50.1±0.6 38.1±1.0 49.9±0.6 32.3±3.1 21.9±0.3 3.5±0.2 12.1±0.9 33.3±1.7 24.1±0.9 7.9±1.0 12.7±0.5 19.0±2.5

LLaMA-3 (0-shot) 50.3±0.5 47.7±0.4 49.9±0.3 52.3±1.2 12.2±0.2 2.7±0.5 8.1±0.4 32.3±0.3 23.6±0.2 4.6±0.7 15.4±0.3 38.4±0.5

LLaMA-3 (1-shot) 51.7±0.2 49.2±0.3 51.9±0.3 58.7±1.1 14.3±0.2 4.1±0.5 10.6±0.2 39.4±0.5 32.6±0.4 6.5±0.7 17.2±0.3 38.3±1.8

LLaMA-3 (5-shot) 62.4±0.5 54.3±0.7 60.3±1.1 67.5±0.6 28.7±0.3 7.5±0.9 17.1±0.3 71.3±0.4 - - - -

Abstractive Summarization

Oracle 44.7±0.2 20.1±0.4 36.8±0.2 72.3±0.6 28.7±0.3 6.2±0.7 13.6±0.4 78.4±0.8 28.4±0.2 10.2±0.4 15.8±0.8 64.3±0.5

EDA 41.5±1.2 15.0±0.8 32.2±1.1 44.2±1.6 14.7±1.8 3.2±1.0 6.8±1.5 40.5±1.4 16.3±1.5 5.9±0.8 8.1±1.7 36.8±1.3

PPSL (50:250) 42.7±1.5 18.1±1.1 33.8±1.3 58.1±1.3 26.9±1.8 5.7±1.0 12.1±1.5 62.1±1.4 26.7±1.5 9.5±0.8 13.8±1.7 61.3±1.3

MixSumm (ours) 43.1±1.1 18.4±1.5 34.7±1.0 62.3±1.4 26.7±1.7 5.3±0.9 11.3±1.4 67.5±1.3 27.1±1.4 9.8±0.7 13.5±1.6 61.4±1.2

w/o Mixup 37.5±1.0 16.0±1.3 31.2±0.9 58.2±1.2 23.2±1.5 4.6±0.8 9.8±1.2 58.7±1.1 23.6±1.2 8.5±0.6 11.7±1.4 55.8±1.0

w/o Aug. 23.7±1.2 10.1±1.7 18.3±1.1 34.9±1.5 14.0±1.9 2.9±1.0 6.2±1.6 36.4±1.4 14.5±1.3 5.4±0.8 7.4±1.8 19.2±1.3

LLaMA-3 (0-shot) 37.5±1.1 13.4±0.7 21.3±0.3 42.0±1.2 11.3±0.4 2.5±0.2 7.6±1.1 34.7±0.2 20.4±1.2 2.3±0.7 9.6±1.3 26.7±1.5

LLaMA-3 (1-shot) 37.8±1.0 13.5±0.8 21.5±0.4 41.7±1.3 11.5±0.5 2.4±0.2 7.8±1.0 34.9±0.3 20.2±1.1 2.4±0.6 9.5±1.2 26.9±1.4

LLaMA-3 (5-shot) 44.2±0.9 19.8±1.1 36.1±1.2 64.4±0.7 26.2±0.6 5.6±0.4 12.1±0.6 69.3±1.2 - - - -

Table 6.1: Summarization Results. Comparison of different text summarization models
on TweetSumm, WikiHow, and ArXiv/PubMed datasets. We report ROUGE-1 (R-1),
ROUGE-2 (R-2), ROUGE-L (R-L) F1 scores, and L-Eval scores. We report the mean±std.

performance across 5 different seeds. Refer to Appendix 6.3.3 and Section 6.3.4 for metric
and implementation details. Note. TSL results are reported from (Zhuang et al., 2023).
For EDA and MixSumm, we use a 50-shot DF,train and generate 1000 examples as DA,train.

Bold denotes the best-performing model in a given block and highlight denotes the overall
best-performing model. For the ArXiv/PubMed dataset, we could fit only 2 documents
into LLaMA-3’s context (1 from DF,train + 1 generated), so we do not report LLaMA-3
(5-shot).

6.3.2 Evaluation.

We evaluate the summary quality of the models using ROUGE Scores and L-Eval as
described in Section 5.2.2 of Chapter 5. Notably, computing test L-Eval scores for all the
summarization models included in Table 6.1 took ∼5.6 hrs for TweetSumm, ∼2.1 days for
WikiHow, and ∼6 days for the ArXiv/PubMed dataset.

85



TweetSumm WikiHow

T ROUGE-2 L-Eval ROUGE-2 L-Eval

5 52.1 67.7 6.1 65.3
10 54.3 69.2 7.2 70.2
15 54.2 69.6 7.6 70.5
20 54.4 69.6 7.7 71.1

Table 6.2: Validation ROUGE-2 and L-Eval scores for different values of T on the Tweet-
Summ datasets.

6.3.3 Implementation Details

Data Augmentation. We set the number of groups T = 10 for all datasets4, where we
find that T = 10 provides the best trade-off between the number of clusters and model
performance as increasing T further leads to minimal gains or sometimes no gain at all. To
get a 50-shot DF,train, we randomly sample 5 examples from each group. Then, we obtain
DA,train by generating 1000 examples using the procedure described in Section 6.2. In
the data generation prompt, we include five examples for each group for TweetSumm and
WikiHow, but for ArXiv/PubMed, we could only fit two documents at a time in LLaMA-3’s
context window after applying the following truncation heuristic to the text. We include l
lines before and after each sentence in the ground truth summary so that we are able to
fit two examples in the prompt. The average value of l was 5.21 (so approximately ∼90
for an average summary size of 8 sentences for the ArXiv/PubMed dataset sentences were
selected for example5). Here, we set the summary size p to 4 sentences for TweetSumm and
WikiHow datasets and 8 sentences for the Arxiv/PubMed dataset. We determine these
summary sizes based on the average summary size in the few-shot training data DF,train.
We host LLaMA-3-70b-Instruct on 4×A100 GPUs with 80G VRAM each and use it as the
backbone LLM for all our experiments. Generating DA,train took ∼4.2 hrs for TweetSumm,
∼11.3 hrs for WikiHow, and ∼1.4 days for ArXiv/PubMed dataset.

Training. For extractive summarization, we train a PreSumm model on the combined
MixSumm-generated and seed few-shot dataset DF+A,train. We use the TransformerSum
repository6 to implement our training pipeline. To handle long documents that cannot
be fed to the PreSumm at once, we introduce a subroutine that iteratively chunks and

4based on validation R-2 and L-Eval scores reported in Table 6.2
5(5.21× 2× 8) + 8 = 91.1
6https://transformersum.readthedocs.io/
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summarizes the document until we obtain a summary of size p. The iterative subroutine is
crucial to train PreSumm models on the WikiHow and ArXiv/PubMed datasets with long
input documents. For abstractive summarization, we follow an extractive-then-abstractive
approach, where for a given input document, we first obtain its extractive summary using
the full-trained PreSumm model from the previous step. Then, we finetune a DistilBART
model that summarizes the PreSumm summaries to generate abstractive summaries.

We initialize the training process with a learning rate of 2×10−5 and use a cyclic learning
rate scheduler (Smith, 2015). We train all our models for 100 epochs with an early stopping
criterion, where we stop the training process if the validation ROUGE-2 score does not
improve for more than 10 epochs. We use the AdamW optimizer (Loshchilov and Hutter,
2017) with ϵ = 1×10−8, β1 = 0.9, β2 = 0.99 and train all our models on one V100 GPU with
12G VRAM. We use distilbart-12-6-cnn backbone for abstractive summarization and
experiment with two backbones for the PreSumm model: DistilBERTbase and BERTbase

and overall, find BERTbase to be better. Training a model on MixSumm-generated data
took ∼2.5 hrs for TweetSumm, ∼13.4 hrs for WikiHow, and ∼2.7 days for ArXiv/PubMed.
Crucially, we repeat each experiment (data augmentation+model training) for 5 random
seeds and report the mean and standard deviations for all models unless otherwise stated.

6.3.4 Baselines

We run the following baselines: 1) MixSumm (Ours). We augment DF,train using the
proposed MixSumm approach then train a summarization model on DF+A,train. We also
run two variants of this baseline to determine the effect of applying data augmentation and
mixup, denoted by MixSumm w/o Aug. and MixSumm w/o Mixup respectively.
2) Easy Data Augmentation (EDA). We use an edit-based data augmentation tech-
nique (Wei and Zou, 2019) to construct DA,train instead of using MixSumm. Specifically,
we apply the EDA technique to each sentence in an article to construct a new example. 3)
MixSumm (rand.). Same as 1) but DF,train is constructed by randomly selecting k ex-
amples from the full training set instead of selecting examples from the T clusters. We also
run MixSumm (rand.) w/o Aug. where we do not perform any data augmentation.
4) Teacher Student Learning (TSL). A semi-supervised setup proposed by (Zhuang
et al., 2023) that employs a teacher-student learning framework similar to ours except
they do not use LLM-based pseudo-labeling or relabeling. We report the performance
of the TSL (50:500) and TSL (500:500) models 7. 5) PPSL. Proposed semi-supervised
approach from Chapter 5 using teacher confidence and prompt-based pseudolabel scor-

7TSL (m:n) denotes access to m labeled examples and n unlabeled examples
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ing for text summarization. We report results for the PPSL (50:250) setting that uses
LLaMA-3-70b-Instruct. 6) LLaMA-3-70b (k-shot.) An in-context learning-based ap-
proach where we prompt LLaMA-3-70b-Instruct with k examples randomly selected from
DF,train and then instruct it to summarize a test article. We use the same prompt as the
one we use for summarizing articles (Prompt C.3 in Appendix C), except we remove the
group information and directly populate it with k examples. 7) Oracle. A fully supervised
model trained on the complete training set Dtrain to gauge the upper-bound performance
for this task.

6.4 Results

6.4.1 MixSumm Generates Diverse Documents.

Table 6.3 shows qualitative examples generated by EDA, MixSumm w/o mixup and Mix-
Summ in Table 6.3. In the table, for each method, the first row shows the generated
document, and the second row shows its LLaMA-3-generated summary. For these exam-
ples, group 1 contained customer conversations with phone companies, such as Verizon,
and group 2 contained customer interactions with airline representatives, such as AirAsia
and Delta. Note. For brevity, we do not include the input examples used in the prompt,
and for EDA, we perform augmentations one sentence in the document at a time. We
note that w/o mixup, MixSumm generated a decent quality document, but it only covers
phone/electronic device-related sentences. MixSumm, on the other hand, generated an
example that contains mention of flight as well as a device-related issue. Additionally, we
note that no matter the quality of the document, LLaMA-3-70b generates a high-quality
summary in all cases.

In the context of Table 6.3, we note that w/o mixup, MixSumm generates decent quality
documents, but it only covers a single topic (phone/electronic device-related sentences.)
MixSumm, on the other hand, generated an example that contains mention of terms from
two topics (flight as well as a device-related issue.) EDA generates the lowest-quality
documents with grammatical errors and other artifacts. However, we note that regardless
of the quality of the original document, LLaMA-3-70b generates a high-quality summary
in all cases.

Comparison w/ Other DAmethods. From Table 6.1, we note that MixSumm achieves
significantly higher L-Eval and ROUGE scores for both extractive and abstractive sum-
marization tasks. This demonstrates the superior generation ability of LLMs compared to
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EDA

Generated Document: Customer:@VerizonSupport I penury need help. I do not have your service (6+ iodine hours

to setup and cancel an install!) but the premature homeowner did. There is an ONT in the basement that every out
a loud, very annoying beep sends 15 minutes? This is ridiculous. How do I iodine stop it? Agent:@633638 Press and
hold the alarm silence button/ONT reboot button on the bring up unit for 30 seconds. That bequeath will silence it.
Customer:@VerizonSupport done. Will reply back respond later if it beeps again. @VerizonSupport comprise I expected
to do this every 24 hours? That’s how long the Alarm Silence lasted. Bedden back to beeping every 15 moment since this
morning. Agent:@633638 assay unplugging the power and removing the battery. indium After 3mins, put the battery
back in and power on. This should assistant with the beeping. Let the states know. D̂DG Customer:@VerizonSupport I

no service with you at all. Can’t I just unplug it and remove assault and battery the battery forever? Agent:@633638

Yes, you can do that since you do not inspection and repair have service with us. personify When the battery is dead
the beeping will stop. ĤSB Customer:@VerizonSupport you! Thank Agent:@633638 personify You are welcome!

LLaMA-3 Summary: Customer:@VerizonSupport I penury need help. There is an ONT in the basement that every
out a loud, very annoying beep sends 15 minutes? This is ridiculous. How do I iodine stop it? Agent:@633638 Press
and hold the alarm silence button/ONT reboot button on the bring up unit for 30 seconds. That bequeath will silence
it. Customer:@VerizonSupport done. Will reply back respond later if it beeps again. @VerizonSupport comprise I
expected to do this every 24 hours? Agent:@633638 assay unplugging the power and removing the battery.

MixSumm w/o mixup

Generated Document: Customer: My iPhone’s battery is draining much faster than usual, and it’s overheating.

Any suggestions? Here’s a link to a screenshot of my battery usage: https://t.co/xyzABC123 @AppleSupport can you
help with this issue? Agent: @UserHelp123 We’re here to assist you. First, could you let us know which iOS version your

iPhone is currently using? Customer: @AppleSupport It’s updated to iOS 14.4. Agent: @UserHelp123 Thanks for the

information. Have you installed any new apps or updates around the time you started noticing these issues? Customer:
@AppleSupport Yes, I installed a few new games last week. Agent: @UserHelp123 It’s possible that those games are
causing the battery drain and overheating. Could you try removing them to see if the situation improves? Customer:
@AppleSupport I’ve uninstalled the games, but my phone is still overheating. Agent: @UserHelp123 Understood. Let’s

perform a soft reset on your iPhone. This won’t erase your data but can help with such issues. If the problem persists,

we should continue this conversation in DM to get more details and possibly set up a service appointment. Please
reach out in DM with the exact time you started experiencing these issues and if you’ve noticed any specific patterns.
https://t.co/NmDpIWxYfO

LLaMA-3 Summary: Customer: My iPhone’s battery is draining much faster than usual, and it’s overheating. Any
suggestions? Agent: Have you installed any new apps or updates around the time you started noticing these issues?
Customer: @AppleSupport I’ve uninstalled the games, but my phone is still overheating. Agent: Let’s perform a soft
reset on your iPhone. This won’t erase your data but can help with such issues.

MixSumm

Generated Document: Customer:@VerizonSupport I recently moved into a house that has your equipment but I

don’t use your service. The device in the basement beeps every 20 minutes. How do I stop it? Agent:@VerizonHelper

Please press and hold the alarm silence button on the ONT for about 30 seconds. That should silence it temporar-
ily. Customer:@VerizonSupport I did that, but it started beeping again after a few hours. I need a permanent fix.

I have a flight next week, and I can’t deal with this noise. Agent:@VerizonHelper If the alarm silence is temporary,

try unplugging the device and removing its battery. After a few minutes, reconnect the battery and power it on.

Customer:@VerizonSupport I need this sorted out before I leave. Is there no faster way? Agent:@VerizonHelper For a

quick solution, you can permanently disconnect the power and remove the battery. This will stop the beeping entirely.

Customer:@VerizonSupport Thank you for the advice! I’ll handle it immediately.

LLaMA-3 Summary: Customer:@VerizonSupport I recently moved into a house that has your equipment but I don’t
use your service. The a device in the basement beeps every 20 minutes. How do I stop it? Agent:@VerizonHelper
Please press and hold the alarm silence button on the ONT for about 30 seconds. That should silence it temporarily.
Customer:@VerizonSupport I did that, but it started beeping again after a few hours. I need a permanent fix. I have
a flight next week, and I can’t deal with this noise. Agent:@VerizonHelper For a quick solution, you can permanently
disconnect the power and remove the battery. This will stop the beeping entirely.

Table 6.3: Full qualitative comparison of EDA, MixSumm w/o mixup, and MixSumm
examples. Refer to Section 6.4.1 for a detailed discussion.
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a simple edit-based DA technique like EDA. Next, we compare MixSumm with MixSumm
w/o Mixup, a strong LLM-based data augmentation baseline, and note that removing the
mixup component from MixSumm significantly lowers ROUGE and L-Eval scores across
the board (as verified by a t-test).

6.4.2 Effect of Clustering Documents

We perform a student’s t-test comparing results from MixSumm and MixSumm (rand.) and
note that while ROUGE scores for MixSumm are generally higher than MixSumm (rand.),
the differences are not significant. For instance, MixSumm and MixSumm (rand.) methods
achieve L-Eval scores of 65.3 v/s 60.3 on TweetSumm, 81.1 v/s 72.5 on WikiHow and 53.1
v/s 48.4 on ArXiv/PubMed. The only exception was R-2 scores on TweetSumm, where
MixSumm outperforms MixSumm (rand.) by 2.1 points (R-2 of 52.7 v/s 50.6). On the
other hand, the difference in L-Eval scores for the two methods was found to be significant
by the t-test for all the datasets. This further suggests that ROUGE scores might not
be able to capture the semantic correctness of the generated summaries and highlights
the importance of an LLM-based evaluator that can discern between nuanced semantics
in natural language text. We observe a similar trend after removing the augmentation
component from both methods (MixSumm w/o Aug. v/s MixSumm (rand.) w/o Aug.).
Overall, we conclude that MixSumm is better than MixSumm (rand.), and we should
include diverse examples, if possible, in the prompt as it leads to direct improvements in
generation quality.

6.4.3 DA v/s SSL Methods

First, removing data augmentation significantly drops ROUGE and L-Eval scores for all
datasets (“w/o Aug.” rows v/s EDA v/s MixSumm). This suggests that data augmentation
is a crucial component in the pipeline. Comparing MixSumm with PPSL and TSL in
Table 6.1, we note that our 50-shot MixSumm and MixSumm (rand.) methods outperform
TSL (50:500), which uses 50 labeled examples and 500 unlabeled examples. Next, our
two methods outperform TSL (500:500) on all the metrics except the R-1 score (where
the difference was not found to be significant). MixSumm, MixSumm (rand.), and TSL
(500:500) achieve a mean R-1 score of 59.1, 58.6, and 59.0, respectively; however, we should
also note that the difference in R-1 scores for the two MixSumm models on TweetSumm is
not significant, as determined through the t-test earlier. Overall, MixSumm is better than
TSL for extractive summarization in extreme data-scarce settings. Next, we note that
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MixSumm achieves slightly higher ROUGE scores and significantly higher L-Eval scores
than PPSL (50:250) for extractive summarization; however, for abstractive summarization,
MixSumm and PPSL achieve very similar performance for the three datasets. Specifically,
MixSumm and PPSL (50:250) achieve 59.1 v/s 58.4 R-1 scores, 52.7 v/s 50.1 R-2 scores,
60.5 v/s 59.1 R-L scores, and 65.3 v/s 56.3 L-Eval scores on the TweetSumm dataset
(when using BERT). Other datasets follow a similar trend. Overall, we conclude that
prompt-based data augmentation might be better than using a semi-supervised method for
extractive summarization in data-scarce setups, but both methods are equally performant
for abstractive summarization.

6.4.4 Knowledge Distillation from LLaMA-3

We include the 0-shot, 1-shot, and 5-shot LLaMA-3 results in Table 6.1. First, we note that
increasing the number of examples for the LLaMA-3 method leads to expected improve-
ments in performance except L-Eval scores on the ArXiv/PubMed dataset, where 0-shot
and 1-shot LLaMA-3 models achieve similar L-Eval scores. This may suggest that LLaMA-
3 struggles with understanding very long documents. Next, we note that 0-shot LLaMA-3
outperforms 50-shot MixSumm w/o Aug baseline on the TweetSumm dataset in terms of
ROUGE scores and L-Eval scores, and it achieves competitive results on ArXiv/PubMed.
Lastly, we note that MixSumm achieves competitive performance against LLaMA-3 as a
summarizer for both extractive and abstractive tasks, whereas PPSL is competitive with
LLaMA-3 on only the abstractive task. Additionally, we note that our methods achieve
comparable ROUGE scores to the Oracle model despite using just 50 labels compared to
1000 examples used by the oracle (95% less). We perform a T-Test to determine the sig-
nificance of the performance difference and find that the difference in the R-1, R-2, and
L-Eval scores is significant for TweetSumm; differences in the R-1, R-L, and L-Eval scores
are significant for WikiHow; and differences in the R-2, R-L, and L-Eval scores are signifi-
cant for ArXiv/PubMed. Overall, we conclude that both MixSumm and PPSL are highly
performant models compared to LLaMA-3-70b model, demonstrating effective distillation
effect from LLaMA-3-70b to BERT- and DistilBART-based models.

6.5 Limitations

We use LLaMA-3-70b-Instruct for our experiments, which has a context window size of
8192 tokens, so it is not possible to fit many long documents in the model’s context (like
articles in the ArXiv/PubMed dataset). We can explore the use of position interpolation

91



(PI) to increase the context window length of LLaMA (Chen et al., 2023a) or switch to
more recent LLaMA-3.1 family of models.

Currently, we only consider text summarization for the English language. Moving
forward, we can expand our method to multiple languages. More research on efficiently
handling long documents during the training process is also needed, as we currently rely on
a chunk-and-summarize subroutine to train our models for long documents, which results in
significant delays in document processing. We can consider using alternative transformer
architectures such as LongFormer (Beltagy et al., 2020) as PreSumm’s backend. Our
experiments on the ArXiv/PubMed dataset also suggest that even with LLMs that can
process really long documents, we might struggle with truly understanding the context to
generate high-quality summaries.

We generate large textual datasets using LLMs, and even though we use an instruction-
tuned model, we need to be careful about any bias it might exhibit or any potentially
harmful content that it might generate. Language model debiasing is a common potential
solution to address this issue (Meade et al., 2021; Guo et al., 2022). Additionally, we
suggest involving a human moderator if these systems are to be made public-facing.

6.6 Conclusion

In this chapter, we focus on low-resource text summarization and show that MixSumm, a
two-step data augmentation method, is better than existing approaches for low-resource
summarization. It further demonstrates that generating novel documents by mixing topical
information from different documents leads to a diverse augmented set, and such data gen-
eration schema induces knowledge transfer from a large teacher model LLaMA-3-70b-Instruct
into much smaller BERT- and DistilBART-based models. LLM-based approaches are un-
derexplored for low-resource text summarization, and through this work, we hope to spark
an interest in the research community to address various challenges of this task.

6.7 Key Takeaways

• LLM-based data augmentation leads to highly performant models for low-resource
text summarization, achieving better results than traditional data augmentation
strategies and semi-supervised methods.
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• Between MixSumm and PPSL, data augmentation has a slight advantage over the
pseudolabeling strategy for extractive summarization, while for abstractive summa-
rization, both models achieve competitive results with LLaMA-3-70b.

• The Mixup style data augmentation is also effective for text summarization, and
removing it significantly reduces the performance of the model.

The learnings from this chapter with the insights from Chapter 5 can be combined to
establish that LLMs can be effective data generators and data labelers for a generative
NLP task like text summarization. In the next chapter, we study how to utilize LLMs for
a subjective task where the objective is not as clear-cut as summarization or classification.
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Chapter 7

Computational Modeling of Artistic
Inspiration

The creative process, along with the inspiration that drives the creation of art–whether
visual, poetic, or musical—remains one of the least understood aspects of human expe-
rience. Every artist employs different methods to summon inspiration or, as the XIX
century American artist Robert Henri noted, to “be in that wonderful state which makes
art inevitable.”

Rubin (2023) describes three distinct stages to a creative process: the Seed phase,
where one is entirely open to any and all forms of inspiration; the Experimentation phase,
where one tries multiple approaches to allow the nascent ideas or “seeds” to grow and
take shape; and the Crafting phase, where the artist refines these ideas into a cohesive
work. This work focuses on the Seed phase, exploring how AI-generated poetic lines can
inspire new creative pathways for artists. Much like organically encountered stimuli, these
AI-generated lines serve not as direct inputs into the final artwork but as triggers that
guide the artist into a creative mindset.

Assessing creativity in AI-generated content is challenging due to its subjective and
individual nature. Traditional evaluation methods, such as the Consensual Assessment
Technique (CAT) (Amabile, 1982) and the Torrance Test of Creative Thinking (TTCT)
(Torrance, 1966), provide structured evaluation frameworks, but they may not be well-
suited for evaluating AI-generated outputs intended to inspire artists rather than serve
as final artifacts. For instance, CAT uses the collective judgment of experts to assess
creativity, but it does not assess the inspirational potential or the ability of the outputs to
spark further creative development in individual artists. Similarly, while TTCT measures
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divergent thinking, it has faced criticism for not reflecting the diverse forms that creativity
can take (Baer, 2011). Overall, in the context of creating art, it is crucial to measure how
well AI systems support individual creative processes that encompass a wide spectrum of
artistic preferences and skill levels.

In this chapter, we will study a novel evaluation framework that combines the usage
of LLMs and statistical methods to identify and formalize the key linguistic and poetic
properties of AI-generated lines that best explain the subjective preferences of artists during
the Seed phase of the creative process. Our framework does not assume a pre-requisite skill
level of an artist and can be applied to study the artistic preferences of a wide spectrum
of creative individuals for any task that is inherently subjective. Further, we focus on
analyzing the inspirational quality of lyric lines in the Seed phase rather than evaluating
them as the final artifact, thereby addressing the key limitation of previous creativity
evaluation frameworks that were too constrained in their definition of what they considered
creative or inspiring.

We test our framework on a collection of 3025 poetic lines generated by LyricJam (Vech-
tomova et al., 2021), a publicly available research system that creates poetic lines in re-
sponse to instrumental music, with the goal of assisting creative individuals in finding novel
lyrical and poetic ideas for use in the Seed phase of the creative process 1. We refer to
the dataset of poetic lines as EvocativeLines and conduct comprehensive experiments to
establish the reliability of our framework in accurately forecasting the artistic preferences
of an individual. Lastly, we provide insights about the suitability of recent large language
models (LLMs) like LLaMA-3-70b (Dubey et al., 2024) for our task of modeling diverse
artistic preferences, which involves a high degree of subjectivity.

7.1 Methodology

The relationship between aesthetic pleasure and complexity, known as the inverted U-shape
or “Wundt” effect, suggests that stimuli of intermediate complexity are most pleasing. This
U-shape effect, first explored by Berlyne (Berlyne, 1975), has been observed in various
domains such as music (Gold et al., 2019) and product design (Althuizen, 2021). Gold
et al. (2019) offered a possible explanation for the inverted U-shaped effect grounded in
learning. Learning engages the dopaminergic reward system in the brain, and when the
events (in our case, the sequence of words in a sentence) are completely predictable, little
or no learning is taking place. On the other end of the complexity scale, when the events

1Link to the app: https://lyricjam.ai/
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are fully random, no patterns can be discerned hence no learning can take place either.
However, events with intermediate degrees of predictability enhance learning and make us
engage with the stimulus more meaningfully. Complexity in works of art, such as music
and poetry, is often also associated with unpredictability and surprise. Many artists and
poets since the early 20th century have recognized that established language forms can
become worn out and lose their evocative power. William Burroughs argued that language
acts as a ”lock” that restricts creativity and confines us to predictable patterns (Burroughs,
2012). Burroughs popularized the cut-up technique, which involves creating poetic texts
by randomly re-arranging words. This method was later adopted by music artists like
David Bowie (Jones, 2017) and Kurt Cobain (Cross, 2001), who used it to find inspiration
and generate new creative ideas for their lyrics. Poets and writers have also sought other
ways to make their writing less predictable. Tom Spanbauer, for instance, coined the term
”burnt tongue” to describe a literary device where language is deliberately misused to
slow readers down and force them to engage more deeply with the text (Palahniuk, 2020).
This intuition is supported by eye-tracking studies, which have shown that predictable
words are often skipped or elicit shorter fixation times (Lowder et al., 2018). While there
is evidence that the U-shape effect exists across different aesthetic domains, there is also
strong evidence that our preferences for aesthetic stimuli are highly individual (Gold et al.,
2019; Althuizen, 2021). Inspired by the different theories and evidence, we propose a two-
step framework that a) measures multiple poetic and linguistic characteristics of a lyric
line; and b) uses those measurements to learn the artistic preferences of an individual.

7.2 Step 1: Identifying The Key Poetic and Stylistic

Characteristics

Poetic/Stylistic Characteristics. There are over 100 stylistic devices in the English
language that a poet or lyricist can use to achieve a certain emotional effect. The most
prominent stylistic devices in poetry include: sound devices such as alliteration and as-
sonance focusing on the auditory properties of the poem; figurative and descriptive
language like metaphor, and poetic imagery that encompasses the usage of language in
non-literal ways to convey a deeper meaning or create vivid imagery; and structural de-
vices like anaphora, and epistrophe that relate to the arrangement of words and lines.
While many of these devices act together to create the desired effect, a poem is foremost
intended to evoke emotion in the reader and heighten perceptual awareness (Dunnigan,
2014). Figurative and descriptive language plays an important role in achieving this pur-
pose. For this reason, we design the following four features to capture and reflect these
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critical aspects of poetry.

7.2.1 Poetic Imagery

Poetic Imagery is a stylistic device that involves references to physical objects, appealing
to the reader’s senses (e.g., visual, auditory, tactile) to evoke specific emotions or feelings
or make abstract ideas more tangible and relatable (Pound, 1913; Brooks, 1976; Kao and
Jurafsky, 2012).

To compute poetic imagery for a lyric line, we prompt a LLaMA-3-70b model to out-
put a rating between 1-5. Since poetic imagery is a well-established stylistic device in
English, we perform prompting in a zero-shot fashion. This further avoids the induction
of preference bias in the LLM outputs. A higher rating denotes a higher degree of poetic
imagery. Formally, given the set of ratings {r1, r2, r3, r4, r5}, we compute the LLM score
for a sentence S as follows:

scoreimg(S) =
5∑

i=1

p(ri)× ri, (7.1)

where p(ri) is the probability of the LLM assigning an imagery rating of ri to the sentence
S (see Figure C.10 in Appendix C for the full prompt). We use a weighted summation
instead of directly using the output tokens as they provide more fine-grained, continuous
scores that better capture the nuances of texts (Liu et al., 2023b). To construct the final
imagery feature vector, we combine the scores of all the subsequences in a given lyric line
to also capture the temporal fluctuations and development in the sentence:

Simagery = ⟨scoreimg(St)⟩Tt=1, (7.2)

where St = (w1, w2, · · · , wt) denotes a subsequence with the first t words in S. We find this
method to appropriately capture the poetic imagery of a lyric line. For instance, “there’s a
little red to the sea” creates a more evocative image in the reader’s mind and has a higher
imagery score of 4.01 compared to “this is all,” which only achieves a score of 1.27.

7.2.2 Word Energy

Word Energy is a composite feature that encompasses symbolism and diction, both of
which contribute to the emotional and conceptual impact of a poem. Symbolism uses
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references to objects that evoke in the reader’s mind certain abstract concepts, associations,
and emotions (Cassirer, 1946). For example, the word “chains” is used to represent a
feeling of entrapment and lack of control. Diction refers to the choice of words made
by the poet to achieve a desired effect (Brooks, 1976). For example, by choosing the
word “beseeching” over a more neutral word “searching,” the poet emphasizes the sense of
longing and desperation. Similar to imagery, we prompt a LLaMA-3-70b model to output
a rating between 1-5 to measure the notion of word energy in a given lyric line. Note that
the prompting is zero-shot, and since word energy is a composite feature, we include three
example terms (not complete phrases) that reflect the notion of word energy. A higher
rating denotes higher word energy. The final feature vector also assumes a similar form to
Equation 7.2 for a lyric line S:

Senergy = ⟨scoreeng(St)⟩Tt=1, (7.3)

where St = (w1, w2, · · · , wt) denotes a subsequence with the first t words in S, and
scoreeng(St) is computed similar to scoreimg(St) in Equation 7.1 except the ratings re-
flect the notion of word energy instead of poetic imagery. For example, “all the words will
drown” achieves a score of 4.11 compared to “where i know about you,” which gets a score
of 1.92.

7.2.3 Level of Abstraction

We measure the level of abstraction or ambiguity in a line, as a higher level of abstraction
indicates that the line is more likely to be unresolved and allows for multiple interpreta-
tions; hence, it can be potentially more engaging. The Linguistic Category Model (LCM)
is a widely employed theoretical framework that considers the social–cognitive functions of
four linguistic categories and can measure the degree of abstraction in a sentence (Semin
and Fiedler, 1988; Johnson-Grey et al., 2020). As a feature for quantifying the degree
of abstraction of the language used in a poetic line, this measure captures key stylistic
devices by assessing the specific types of words chosen: Descriptive Action Verbs (DAVs),
Interpretative Action Verbs (IAVs), State Verbs (SVs), and Adjectives (ADJs). LCM is
intended to represent the balance between abstract and concrete language, which is im-
portant in defining the poem’s tone, mood, and the vividness of its imagery. Furthermore,
the LCM indirectly indicates the presence of figurative language, such as metaphors and
similes, by highlighting the use of more abstract expressions. We compute the feature
vector representing the level of abstraction of a sentence S as follows:

Sabs = ⟨scoreabs(St)⟩Tt=1 (7.4)

98



where St = (w1, w2, · · · , wt) denotes a subsequence with the first t words in S, and
scoreabs(St) is computed as follows:

scoreabs =
D + (2× I) + (3× S) + (4× A)

D + I + S + A
(7.5)

In Equation 7.5, D, I, S and A denote the number of times DAVs like “eating” and “walk-
ing,” IAVs like “helping” and “playing,” SVs like “love” and “admire,” and ADJs like
“ethical” and “uneven” occur in the text. Weights assigned to the four counts are based
on their theorized abstraction level determined through a linguistic study of 40,000 English
words (Brysbaert et al., 2014). Here, definitive, concrete verbs (DAVs) receive the lowest
weight of 1.0, whereas abstract adjectives get the highest weight of 4.0.

We prompt a LLaMA-3-70b model to obtain the counts of the four linguistic categories
in a lyric line and then we compute the final feature vector.

We find our scores highly reliable for this task as they are able to distinguish between the
phrase “rearranging this stage,” which is very definitive and has a lower level of abstraction
compared to “the greatest began to deny,” which remains somewhat unresolved. Our
experiments (discussed in Section 7.5) also indicate that the level of abstraction in a line is
one of the most prominent features in identifying potentially evocative lines for an artist.

7.2.4 Valence

Valence reflects the emotions expressed in a lyric line and is crucial for assessing an artist’s
preferred emotional tone that may guide their own creative process (Scherer, 1984; Char-
land, 2005). For instance, an artist might favor lines that creatively blend positive and
negative connotations, such as “the greatest began to deny,” or they may prefer lines that
convey a purely positive sentiment, like “tranquility in the lovers.”

To measure the valence of a line, we build a computation model of emotion that as-
signs a valence score based on the detected emotional tone of a line. First, we define a
list of 29 fine-grained emotion categories–including admiration, nostalgia, gratitude, grief,
and remorse. The list of emotions is derived from the GoEmotions dataset (Demszky
et al., 2020), with the addition of one extra category, “nostalgia,” to capture the unique
emotional nuances often present in lyrical content. Next, we employ a prompting-based
classifier built on the LLaMA-3-70b language model to obtain the probabilities for the top
5 emotional categories for a given lyric line. Let S represent the input sentence, and Ek

denote the set of the top-k emotions predicted by the classifier (with k = 5 in our case).
The probability vector for S is then constructed as follows:
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p(S) = T (f(S)) = ⟨p̃1, p̃2, . . . , p̃m⟩, (7.6)

where m is the total number of emotion categories (m = 29 in our case), f(·) denotes
the probabilities of the top 5 emotion categories predicted by the LLaMA-3.1 classifier,
and T represents the transformation defined as:

p̃e =

{
pe, if e ∈ Ek

prem, if e /∈ Ek

(7.7)

where pe is the probability of emotion e predicted by the LLaMA classifier and prem =
1−

∑
e∈Ek

pe

m−k
represents the remaining probability mass, equally distributed among the cate-

gories not included in the top 5. In essence, this process preserves the probabilities of the
top 5 emotions as predicted by LLaMA while redistributing the remaining probability mass
evenly across the other emotion categories. Finally, we construct the complete valence
vector for a lyric line S = (w1, w2, . . . , wT ) as follows:

Svfull = ⟨p(St)⟩Tt=1, (7.8)

where St = (w1, w2, · · · , wt) denotes a subsequence with the first t words in S. We use
subsequences to capture the temporal development of valence.

We also construct a uni-dimensional variant of Svfull, where we first group the 29
fine-grained emotions into three sets E+, E0, E− denoting sets of positive, neutral, and
negative emotions, respectively. Then, we collapse the full emotion probability vector in
Equation 7.6 to an overall score p̃ ∈ [−1, 1] denoting the probability of a sentence conveying
a positive emotion:

pbin(S) = p̃+ =
∑

Ie · p̃e, (7.9)

where Ie is an indicator function defined as:

Ie =


+1, if e ∈ E+

0, if e ∈ E0

−1, if e ∈ E−

(7.10)

so that the final feature vector becomes:

Svbin = ⟨pbin(St)⟩Tt=1, (7.11)

Notably, we also tried a RoBERTa classifier (Liu, 2019) fine-tuned on the GoEmotions
dataset as the classifier f(·), but our preliminary results suggested that features from the
LLaMA-based prompting-based classifier have higher predictive power.
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Linguistic and Statistical Characteristics. In addition to quantifying the stylistic
characteristics and emotional aspects, we measure the inherent complexity of a poetic line.
Complexity is typically expressed in features such as predictability and surprise, and we
propose the following features to measure them:

7.2.5 Surprisal

Surprisal (Shannon, 1948) of a word indicates the predictability of that word in a sentence.
It is measured as the negative log probability of the word given its context:

s(wt) = − log2 P (wt|w<t), (7.12)

where, s(wt) denotes the surprisal value for the t-th word of the sentence. To compute the
surprisal of the complete sentence, we compose a vector of word-level surprisals, appended
with the average surprisal value of all the words in the sentence as follows:

Ssurprisal = ⟨s(wt)⟩Tt=1 ⊕ ⟨s⟩, (7.13)

where T denotes the number of words in the sentence, s =
∑

s(wt)/T denotes the mean
of surprisal values for all the words in the sentence, and ⊕ denotes the concatenation
operation. Since we do not have access to the true probability distribution P , we use GPT-
2 (Radford et al., 2019)2, a powerful autoregressive language model pre-trained on a large
text corpus, to obtain a good approximation of the desired log probabilities P (wt|w<t).
The described surprisal feature can distinguish between a sentence like “a knowledge of
the world,” which has a lower surprisal (savg = 10.12), indicating higher predictability,
and “a just dream with the fire,” which has a higher surprisal (savg = 11.21), indicating
a higher potential of novelty in the sentence (note that these values are on a log scale, so
the difference is exponential.)

7.2.6 Contextual Entropy

Contextual Entropy (Shannon, 1948) of a word is defined as the expected value of its
Surprisal :

h(wt) =
∑
wi∈V

p(wt|w<t) log2 P (wt|w<t), (7.14)

2specifically, we use the 774M parameter gpt2-largemodel from Huggingface: https://huggingface.
co/openai-community/gpt2-large
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where h(wt) denotes the contextual entropy value for the t-th word of the sentence, and
V denotes the vocabulary (all possible words that can appear next). Similar to surprisal,
we use GPT-2 to compute the probabilities and construct the final sentence-level entropy
feature vector by combining the word-level entropy values and their mean as follows:

Sentropy = ⟨h(wt)⟩Tt=1 ⊕ ⟨h⟩, (7.15)

where T denotes the number of words in the sentence, and h =
∑

h(wt)/T denotes the
mean of entropy values for all the words in the sentence. Like surprisal, contextual entropy
can also help us gauge the unpredictability/novelty of a sentence. For instance, “i remember
you” has a lower entropy (havg = 6.21) compared to “pure crime of the lost” (havg = 9.53).
Additionally, contextual entropy also exhibits a strong positive correlation with the reading
times of a word (Lowder et al., 2018), indicating its potential to capture the complexity of
a sentence as well (higher entropy → higher complexity).

7.2.7 Normalized Pointwise Mutual Information (NPMI)

NPMI measures the association of two words by comparing the probability of their co-
occurrence with the probabilities of their individual occurrences in a corpus (Bouma, 2009).
Formally, the NPMI of a word x occurring next to a word y is defined as follows:

N(x, y) =

(
ln

p(x, y)

p(x)p(y)

)
/− ln p(x, y) (7.16)

In Equation 7.16, p(x) = count(x)/N , where count(x) denotes the number of occurrences
of the word x in the corpus and N is the total number of word occurrences in the corpus.
Similar definitions hold for p(y) and p(x, y). NPMI value is bounded between [−1, 1], where
a high NPMI value denotes high predictability and vice versa. As an example, the pair
(“see”, “you”) has a high NPMI value in our corpus (0.47) compared to (“never,” “the”),
which has a low NPMI value (−0.11) as “see” and “you” often occur together, whereas
“never” is more frequently followed by verbs like “hurt,” “end,” and “leave” compared to
a determiner like “the.”

In our work, we compute two variants of NPMI values: unidirectional and bidirec-
tional. When computing unidirectional N(x, y), we only consider the co-occurrence of
(x, y) if y appears immediately after x, but for bidirectional N(x, y), we also consider the
co-occurrence if y appears immediately before x. We denote the unidirectional and bidi-
rectional NPMI values as N1(x, y) and N2(x, y), respectively. We construct the final uni-
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and bi-directional NPMI vectors in a similar fashion to surprisal and contextual entropy:

Snpmi,uni = ⟨Nuni(wt, wt+1)⟩T−1
t=1 ⊕ ⟨Nuni⟩ (7.17)

Snpmi,bi = ⟨Nbi(wt, wt+1)⟩T−1
t=1 ⊕ ⟨N bi⟩ (7.18)

where T denotes the number of words in the sentence, and Nuni =
∑

Nuni(wt, wt+1)/T
denotes the mean of unidirectional NPMI values for all the word pairs in the sentence and
N bi =

∑
Nbi(wt, wt−1)/T denotes the mean of bidirectional NPMI values.

7.2.8 Banality

Banality refers to the use of common or clichéd phrases, themes, or expressions that lack
originality or depth. It can also reflect the cultural and temporal context of the lyrics. For
instance, an artist may use clichéd expressions to resonate with a broad audience or fit a
certain era. Therefore, banality is a crucial feature to measure when studying the creative
preferences of different artists. Similar to poetic imagery and word energy, we prompt
a LLaMA-3-70b model to provide a rating from 1-5 that indicates how banal or cliché a
poetic expression is. Again, we prompt in a zero-shot fashion, and a high rating indicates
a banal expression, whereas a low rating indicates a unique or original expression. We
construct the final feature vector denoting banality as follows:

Sbanality = ⟨scorebnl(St)⟩Tt=1, (7.19)

where St = (w1, w2, · · · , wt) denotes a subsequence with the first t words in S, and
scorebnl(St) is computed similar to scoreimg(St) except the ratings now reflect the level
of banality instead of poetic imagery or word energy. For instance, the expression “take
the test” is a banal expression and achieves a score of 3.18 compared to “breathe back
the world,” which achieves a score of 0.98. Table 7.1 summarizes the different features
proposed in this section along with their notations.

7.3 Step 2: Training the Calibration Network

Artistic preferences can vary from one individual to another – a lyric line with the same
stylistic and linguistic properties might be inspiring to one person but not another. There-
fore, we must calibrate the measurements from the first step to an individual’s artistic
preference before we can predict the artistic preference of an individual for a given lyric
line.
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Feature Name Notation

Poetic Imagery Simagery ∈ RT×T

Word Energy Senergy ∈ RT×T

Level of Abstraction Sabs ∈ RT×T

Valence (full) Svfull ∈ RT×m

Valence (binary) Svbin ∈ RT

Surprisal Ssurprisal ∈ RT×T

Contextual Entropy Sentropy ∈ RT×T

NPMI (uni-dir.) Snpmi,uni ∈ RT×T

NPMI (bi-dir.) Snpmi,bi ∈ RT×T

Banality Sbanality ∈ RT×T

Table 7.1: Summary of features and their dimensions. Here, T is the number of words (or
time steps) in the input sequence, and m is the total number of emotions (29, in our case).

We train the calibration network on a classification objective: given the linguistic and
poetic features of a lyric line, predict if the line is inspiring to the end user. Specifically, con-
sider a dataset of artistic preferences of a creative individual, D = {(x1, y1), (x2, y2), . . . , (xn, yn)},
where xi ∈ X denotes features of the i-th lyric line in the dataset and yi ∈ Y denotes the
corresponding label of whether or not the artist likes the lyric line. Then, the goal of the
calibration network is to learn a function fθ : X → Y that maps each feature vector xi to
a probability distribution over classes ŷ = fθ(xi) = P (y|xi; θ). For our binary classification
setup, Y = {inspiring, not inspiring}. Notably, we do not directly map the embeddings of
lyric lines to the predictions during calibration, as sentence embeddings do not necessar-
ily capture the creative attributes and focus more on the general semantic and syntactic
properties of the text.

7.4 Experimental Setup

7.4.1 Dataset

We collect 3,025 lyric lines from the LyricJam platform, a system that autonomously gener-
ates novel lyric lines using bimodal neural networks (Vechtomova et al., 2021; Vechtomova
and Sahu, 2023) 3. We do not perform any pre-processing on the lyric lines, but notably, all

3https://lyricjam.ai
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0.605 0.725 1.000 0.645 0.640 0.645 0.640 0.655 0.545 0.665
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0.640 0.650 0.645 0.680 0.575 1.000 0.565 0.610 0.580 0.650

0.555 0.725 0.640 0.575 0.600 0.565 1.000 0.695 0.475 0.645

0.540 0.680 0.655 0.630 0.675 0.610 0.695 1.000 0.520 0.630

0.550 0.490 0.545 0.600 0.495 0.580 0.475 0.520 1.000 0.600
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Figure 7.1: Inter-annotator agreement on the EvocativeLines (small) dataset.
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Annotator #pos #neg

EvocativeLines

A1 1466 1559
A2 1422 1603

EvocativeLines (small)

A1 100 100
A2 59 141
A3 117 83
A4 121 79
A5 116 84
A6 71 129
A7 112 88
A8 77 123
A9 140 60
A10 117 83

Table 7.2: Dataset statistics, broken down by annotator.

of them are lowercase. Next, two participants labeled each line as either “inspiring” or “not
inspiring.” By “inspiring,” we refer to whether these lines created an emotional impact
and stimulated created ideas. Both participants actively engage in the process of creating
art–including writing poems and short stories–which makes them suitable for the labeling
task. We refer to our final dataset of 3,025 annotated lyric lines as the ‘Evocative Lyric
Lines Dataset’ (or EvocativeLines for short.) The labeling process took approximately 12
hours, spread over multiple weeks.

To test the robustness of our framework on more preference profiles, we reached out to
eight human labelers, each actively engaging in at least one creative activity like writing
poetry or playing a musical instrument. Specifically, we asked each annotator to rate a
lyric line on a scale of 1-10 based on how inspiring they found the line. Figure C.7 shows
the complete guidelines presented to the annotators, where we also clarify what we mean
by ‘inspiration.’ We perform mix-max scaling to normalize the annotator ratings and ob-
tain “inspiring” and “not inspiring” ratings. Notably, we show the eight human annotators
a subset of 200 lyric lines from the original dataset to keep the labeling process fast and
efficient. We obtain the 200 lines by randomly selecting 100 “inspiring” and 100 “not in-
spiring” lines of varying lengths (short, mid, and long) from the original dataset. Choosing
a smaller subset ensured that the estimated labeling time remained manageable, ranging
from 30 to 45 minutes, thus also minimizing decision fatigue among the annotators. This
strategy allowed us to obtain highly reliable annotations while covering a broad spectrum
of creative preferences to test the framework.
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We denote our set of annotators as A = {A1,A2, · · · ,A10}, where A1 and A2 are
the two participants who labeled the complete set of lines and A3−10 are the remaining
human annotators. Furthermore, we refer to the underlying preferences captured by an
annotator’s labels as a preference profile. Figure 7.1 shows the inter-annotator agreement of
the annotators on the 200 lines (henceforth, referred to as EvocativeLines (small) dataset).
The agreement score between two users denotes the percentage of lines they both found
inspiring/not inspiring. We note that the agreement values show high fluctuations, ranging
between 47.5%− 72.5%, with a mean (std) agreement of 65.3± 3.1%. In other words, the
annotators disagree on ∼70/200 lines on average. Such disagreement is expected in the
perception of aesthetic stimuli, as shown by Gold et al. (2019). This showcases that our
annotations capture diverse preference profiles of what lines different individuals consider
inspiring. Table 7.2 summarizes dataset statistics.

7.4.2 Experiments

Step 1: Computing Features. To test our framework on the EvocativeLines dataset,
we first compute all the features described in Section 7.2. Specifically, we combine all the
features along the time dimension to obtain the following overall feature vector for a given
lyric line:

Sall = [Simagery| · · · |Sbanality] (7.20)

where | denotes the concatenation operation along the time dimension, T is the number of
time steps (= number of words in the sentence), and Sall ∈ RT×n with n = (8T +m) when
using Svfull and n = (8T + 1) when using Svbin.

Step 2: Training the Calbration Network We create an 80-20 split of training-
testing in the dataset and use the features in the training set to train the calibration
network. We use stratified sampling when creating the splits to ensure that the distribution
of labels is preserved across the two dataset parts. We perform 5-fold cross-validation for
tuning the hyperparameters of the calibration network. When training the calibration
network on the EvocativeLines (small) dataset, we create a 75-25 split of training-testing
and then do a 5-fold cross-validation.

Choice of calibration network. We explore multiple deep-learning (DL) and machine
learning (ML) based architectures for the calibration network. Namely, we try the following
networks:
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1. LSTM+Attn (Sall): a bi-directional classification network with Long Short Term
Memory (LSTM) cells (Hochreiter and Schmidhuber, 1997) coupled with an attention
mechanism (Bahdanau et al., 2014). We use an LSTM network as all of our features
are temporal, and LSTMs are adept at modeling long-range temporal dependencies.
We also perform ablation studies where we train the classifier on a subset of Sall to
test the effect of the individual features;

2. XGBoost (Chen and Guestrin, 2016): We train a standard XGBoost model on our
features; however, we flatten Sall as XGBoost does not inherently handle sequential
data with a timestep dimension. Specifically, we train XGBoost (and all the other
ML-based classifiers) on the following flattened input feature:

Sflat = [Ṡimagery ⊕ · · · ⊕ Ṡbanality], (7.21)

where Ṡ(·) is the flattened version of S(·) and ⊕ is the concatenation operation. Sflat ∈
RTn, where n = 8T + m;

3. Other ML-based Classifiers. In addition to XGBoost, we train multiple other
ML-based classifiers on Sflat. Specifically, we train Logistic Regression (LR), Sup-
port Vector Machine (SVM), Decision Trees (DT), and Random Forest (RF) mod-
els (Nelder and Wedderburn, 1972; Cortes and Vapnik, 1995; Quinlan, 1986; Breiman,
2001).

Other Frameworks. We compare our framework with multiple strong baselines. Specif-
ically, we compare the following:

1. LSTM+Attn (SBERT): we train an LSTM+Attn classifier that maps the Sentence-
BERT (Reimers and Gurevych, 2019) embeddings of lyric lines to the final rating.
SBERT is a popular text embedding model that modifies the BERT architecture with
siamese (Bromley et al., 1993) and triplet networks (Schroff et al., 2015) to obtain
semantically meaningful sentence representations. Note that in this scenario, there
will be only one “time step;”

2. BERT (Devlin et al., 2019a): a state-of-the-art transformer-based language model
pre-trained on large textual corpora. It is widely adopted for various natural lan-
guage processing tasks, such as classification, question answering, and named entity
recognition. We fine-tune a Bert-base model, which has 110M parameters, on the
EvocativeLines dataset, which serves as a strong baseline comparing the performance
of mapping the sentence embeddings of lyric lines directly with the final prediction;
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3. LLaMA-3: a prompting-based k-shot LLaMA classifier, where, for a given test line,
we prompt a LLaMA-3-70b model with k “inspiring” and k “not inspiring” examples
from the dataset and ask it to classify a test sentence. We use cosine similarity to
find the k examples that are (semantically) closest to the test sentence in the SBERT
embedding space. We find that this approach of selecting examples performs better
than random sampling.

Evaluation of Different Frameworks. We adapt each framework on the Evocative-
Lines dataset and use test accuracy and AUC scores as primary indicators of the predictive
power of different models. We report these results in Table 7.4. Further, we test our pro-
posed framework on the EvocativeLines (small) dataset with 10 diverse sets of preference
profiles, and report results in Table 7.5.

Parameter Search Space Optimal Value

input feature {Sall,Sflat} Sall

bi-directional {True, False} True
attention type {global, general, self} global
layers {1, 2, 3} 1
hidden dimensions {8, 16, 32, 64, n/2} n
learning rate 10−i ∀ i ∈ {1, . . . , 5} 10−4

Table 7.3: Search space for grid search of LSTM. Note: n is from Equation 7.20
. .

Implementation Details We implement the LSTM classifiers in PyTorch (Paszke et al.,
2019) and train them for 500 epochs with early stopping (we stop a training run if the
validation performance does not improve for 10 consecutive epochs). We perform grid
search to find optimal values over the parameters listed in Table 7.3, and find a one-layer
bi -directional LSTM classifier trained with a learning rate of 0.0001 on Sall input features
performs best.

We use the sentence-transformers4 python package to obtain SBERT embeddings
of sentences and use Huggingface’s transformers 5 library to implement the fine-tuning of
BERT classifier. Specifically, we finetune the BERT classifier for 500 steps with a weight

4https://www.sbert.net/
5https://huggingface.co/docs/transformers/index
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decay of 0.01. We use the sklearn python package (Pedregosa et al., 2011) to implement all
the ML-based classifiers. We use the default hyperparameters for all the models. Finally,
we use a batch size of 32 for all the models.

For the LLaMA-3 classifier, we use the categorization of “inspiring” and “not inspiring”
from the annotations from A1 and A2 (we randomly select which annotator to choose for
every test sentence).

Finally, we perform 5-fold cross-validation (except for the LLaMA-3 classifier), repeat
all our experiments for 5 random seeds, and report the mean and std values in our result
tables.

Method A1 A2

Accuracy AUC Accuracy AUC

Majority baseline 51.5 50.0 53.0 50.0

LSTM+Attn (Sall) 79.5(0.4) 79.7(0.1) 78.3(0.3) 80.1(0.3)

LSTM+Attn (SBERT) 71.6(0.3) 71.7(0.1) 69.9(0.2) 70.1(0.3)

BERT 77.6(2.1) 78.8(1.7) 75.2(2.3) 76.1(1.1)

RF 80.5(1.7) 80.6(1.7) 72.4(2.0) 73.0(1.2)

SVM 70.5(1.2) 70.5(1.0) 67.3(2.3) 63.1(1.1)

LR 71.1(1.9) 71.1(1.8) 64.3(1.9) 62.0(1.4)

DT 84.2(2.5) 84.3(2.3) 84.1(1.0) 80.0(1.7)

XGBoost 92.2(1.7) 92.2(1.6) 87.32(1.4) 83.9(1.2)

LLaMA (200-shot) 73.3(1.7) 73.3(1.6) 62.3(3.6) 65.1(1.6)

LLaMA (300-shot) 73.9(2.1) 74.2(1.8) 64.1(1.2) 65.8(1.4)

LLaMA (450-shot) 74.8(3.1) 74.8(3.0) 69.5(3.5) 70.5(1.6)

Table 7.4: Comparison of different frameworks on EvocativeLines . The first section shows
the performance of DL-based methods, the second section shows the performance of ML-
based methods, and the last section shows the performance of LLM-based methods.

110



Poetic Imagery

Word Energy

Banality

NPMI-1

NPMI-2hLCM

Surprisal

Entropy

Valence
6.90

6.21

3.79

6.63

6.66
5.24

4.59

4.51

3.83

A1

Poetic Imagery

Word Energy

Banality

NPMI-1

NPMI-2hLCM

Surprisal

Entropy

Valence 7.11

6.12

3.64

6.60

6.64
5.40

3.89

3.73

2.63

A2

Poetic Imagery

Word Energy

Banality

NPMI-1

NPMI-2hLCM

Surprisal

Entropy

Valence 7.13

6.20

3.57

6.63

6.66
5.12

5.20

4.52

3.60

A3

Poetic Imagery

Word Energy

Banality

NPMI-1

NPMI-2hLCM

Surprisal

Entropy

Valence
6.91

6.22

3.83

6.59

6.63
5.09

4.53

4.06

4.23

A4

Poetic Imagery

Word Energy

Banality

NPMI-1

NPMI-2hLCM

Surprisal

Entropy

Valence 7.13

6.43

3.73

6.59

6.64
4.96

4.53

4.46

4.58

A5

Poetic Imagery

Word Energy

Banality

NPMI-1

NPMI-2hLCM

Surprisal

Entropy

Valence 7.26

6.58

3.92

6.62

6.64
5.80

4.61

5.13

4.17

A6

Poetic Imagery

Word Energy

Banality

NPMI-1

NPMI-2hLCM

Surprisal

Entropy

Valence
6.78

6.09

3.93

6.62

6.66
5.15

4.72

5.10

4.57

A7

Poetic Imagery

Word Energy

Banality

NPMI-1

NPMI-2hLCM

Surprisal

Entropy

Valence 7.49

6.73

3.70

6.61

6.65
5.07

5.81

4.54

4.16

A8

Poetic Imagery

Word Energy

Banality

NPMI-1

NPMI-2hLCM

Surprisal

Entropy

Valence
6.67

6.05

3.85

6.55

6.59
5.01

5.17

4.79

4.05

A9

Poetic Imagery

Word Energy

Banality

NPMI-1

NPMI-2hLCM

Surprisal

Entropy

Valence
6.66

6.15

3.93

6.58

6.62
5.11

5.66

4.89

4.37

A10

Figure 7.2: Radar charts showing the 10 different preference profiles of annotators in the
EvocativeLines dataset. Blue webs denote the web for positive lines, and red webs denote
the negative lines.
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User Majority LSTM+Attn XGBoost

Accuracy AUC Accuracy AUC Accuracy AUC

A1 50.0 50.0 75.6(1.2) 64.9(4.0) 70.7(5.3) 70.2(5.3)

A2 70.5 50.0 80.5(1.2) 62.3(6.1) 69.3(9.5) 57.1(8.4)

A3 58.5 50.0 94.1(1.2) 92.3(2.1) 63.4(11.1) 62.6(11.7)

A4 60.5 50.0 68.7(3.1) 61.4(4.5) 59.5(4.5) 56.4(6.6)

A5 58.0 50.0 80.4(2.5) 84.8(5.1) 71.7(6.7) 70.5(6.6)

A6 64.5 50.0 75.6(3.1) 75.4(2.8) 68.8(3.2) 62.8(3.0)

A7 58.0 50.0 75.6(4.3) 82.3(4.2) 61.0(4.4) 60.3(4.2)

A8 62.5 50.0 80.5(5.4) 78.2(5.1) 72.2(5.0) 68.5(7.1)

A9 70.0 50.0 76.5(4.7) 72.4(3.6) 70.7(4.9) 57.3(5.1)

A10 58.5 50.0 82.3(2.3) 84.2(3.5) 62.4(5.9) 60.7(5.0)

Avg. 61.1 50.0 79.0(6.3) 75.8(9.9) 67.0(4.6) 62.6(5.1)

Table 7.5: Performance of the proposed framework with LSTM+Attn and XGBoost cali-
bration networks on the EvocativeLines (small) dataset.

7.5 Results

7.5.1 Quantitative Results

Proposed Linguistic and Poetic Features Have a High Predictive Power

From Table 7.4, we note that our proposed framework with ML-based and DL-based cal-
ibration networks outperforms a 450-shot LLaMA-3-70b classifier. Specifically, our XG-
Boost model with just 163 parameters achieved a test accuracy of 92.2 for A1 and 87.3 for
A2, compared to 450-shot LLaMA-3 classifier with 70B parameters that achieves an accu-
racy of 74.8 and 69.8 for A1 and A2, respectively. Note that 450 was the maximum number
of positive and negative examples we were able to add to the prompt of the LLaMA-3-
70b classifier. Among the DL-based models, the LSTM+Attn model (with roughly 110k
parameters) outperforms a BERT model (with 110M params) fine-tuned on the Evocative-
Lines dataset. It also outperforms the LSTM+Attn (SBERT) baseline, showcasing the
higher predictive power of the proposed features.

These higher predictive power of our features computed using an LLM compared to
using the LLM out-of-the-box shows that while we can leverage the knowledge of LLMs to
compute well-established linguistic and stylistic characteristics of a lyric line, the LLM itself
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has difficulty in capturing the nuanced differences between what is perceived as “inspiring”
and “not inspiring” by an individual. Overall, this highlights that our proposed framework
that identifies the key linguistic and poetic features is more suitable for modeling artistic
preferences of lyrical lines compared to using significantly larger models out-of-the-box.

Feature A1 A2 A3 A6 A7

coef p-value coef p-value coef p-value coef p-value coef p-value

Ssurprisal -0.4149 0.107 0.288 0.404 0.4351 0.233 0.416 0.242 -0.2176 0.518

Sentropy -0.8377 0.034 0.0534 0.889 0.02 0.958 -0.0632 0.873 -0.0817 0.822

Snpmi,uni 7.2427 0.000 9.7483 0.068 59.1835 0.003 75.9894 0.018 21.0617 0.152

Snpmi,bi -6.2588 0.002 -9.8577 0.552 -55.0718 0.007 -73.9488 0.024 -19.2738 0.224

Sabs 0.5402 0.298 0.6791 0.047 0.7423 0.045 0.9499 0.012 0.7226 0.03

Svbin 0.3281 0.001 -103.4697 0.556 -197.0881 0.028 -264.4955 0.158 9.1933 0.957

Simagery 14.8346 0.000 0.6861 0.048 2.065 0.057 0.4584 0.643 1.1321 0.241

Senergy -0.0543 0.985 0.9405 0.031 1.3163 0.423 2.4855 0.086 1.8852 0.191

Sbanality -2.8474 0.128 0.5269 0.636 -0.2816 0.804 0.1945 0.866 3.2007 0.003

SI1 0.0549 0.084 -0.1213 0.609 -0.0655 0.745 -0.2414 0.255 0.3546 0.116

SI2 -0.0188 0.499 13.8702 0.027 14.5632 0.142 6.5436 0.438 3.1841 0.72

Sall 0.0760 0.025 -1.0131 0.022 -0.3216 0.31 -0.2537 0.306 1.3457 0.145

Table 7.6: Results of interaction testing. I1 denotes the interaction between linguistic
features (surprisal, entropy, banality, npmi), and I2 denotes the interaction between stylistic
features (imagery, word energy, abstraction, valence).

The Proposed Framework is Robust to Diverse User Preferences

Table 7.5 shows the results for our experiments on EvocativeLines (small) that contains 10
preference profiles captured by the 10 annotators. Specifically, we note that our framework
with LSTM+Attn and XGBoost calibration network can adapt to the diverse range of
artistic preferences captured in the EvocativeLines (small) dataset, with the LSTM+Attn
variant achieving a test accuracy of 79.0 ± 6.3% average across the 10 annotators and
the XGBoost variant achieving 67 ± 4.6% average test accuracy. We notice a significant
drop in the performance of XGBoost relative to the performance on the full dataset, which
can be explained by the fact that while XGBoost is a flexible model, it might suffer from
overfitting as we shift to data-scarce setups. Overall, these results highlight the robustness
of our framework against the high degree of variations across different preference profiles,
and we conclude that the proposed framework can be successfully employed to forecast
the artistic preferences of different individuals, even in low-data setups, by choosing an
appropriate calibration network.
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Significance of Individual Features

To understand the feature interactions at a more fine-grained level and how they control
the final outcome, we conduct statistical testing to determine the correlations amongst the
individual features and their influence on the output variable (whether or not an individual
found a lyric line inspiring). Specifically, we fit a logistic regression model with interaction
terms to evaluate the significance of each independent variable (feature) on the binary
outcome variable 6. We simplify our features for this test by taking a mean across the
timesteps dimension so that each feature is converted into a score. While this simplified
representation is not truly representative of our actual features, it serves as a good proxy.
We show the results of significant testing in Table 7.6 for A1, A2, A3, A6, and A7. For
brevity, we only show results for five annotators. We chose A1 and A2 as their annotations
allow us to study interactions in a data-rich setting, and we chose A3, A6, and A7 as this
triplet has one of the lowest inter-annotator agreement in the smaller version of our dataset
(refer to Figure 7.1). We also study three composite interactions: a) linguistic interaction
between surprisal, entropy, banality, and npmi (uni and bi) (denoted by SI1); b) poetic
and artistic interaction between imagery, word energy, level of abstraction, and valence
(denoted by SI2); and c) interaction among all the features (denoted by Sall).

We report the results of our interaction study in Table 7.6. Starting with A1, we
note that Sentropy has a low p-value of 0.034 (¡ 0.05) and a negative coefficient of -0.8377.
Therefore, we conclude that contextual entropy has a significantly negative correlation with
the outcome variable. In other words, as the entropy of a lyric line increases, A1 is likely to
find that lyric line evocative. We follow a similar analysis pattern to conclude that Snpmi,uni

is significantly positively correlated and Snpmi,bi is significantly negatively correlated with
the outcome. Simultaneously, poetic imagery has a significantly positive correlation with
a high coefficient of 14.8346. This contradicting preference in word associations based on
directionality coupled with a high preference for imagery indicates a strong inclination
for causality in lyrics, where the line has a clear linear progression but loses its creative
mark upon reversing the chain of events. Similarly, we conclude that Svbin is significantly
positively correlated with the outcome variable, indicating a preference for positive lines
by A1. Finally, we find Sall to be positively correlated with the outcome variable. We
conduct a similar analysis for the other annotators and highlight the significant features
for each of them in Table 7.6. These results show that each annotator’s artistic preferences
were influenced by a different set of features, and our framework can be used to explain
aesthetic preferences in an interpretable manner.

6we use statsmodels python package to implement logistic regression with interaction terms.
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7.5.2 Qualitative Examples

We include a radar chart of different preference profiles in Figure 7.2 that shows how
the artistic preferences of different individuals vary from one another. We construct a
preference profile by computing the average value for the positive and negative samples
across the different feature dimensions we have. We denote the profile of positive samples in
blue and negative samples in red. We notice that all the preference profiles show a visibly
different distinction between the positive and negative examples. Most prominently, all
profiles have a higher imagery and energy value for the positive examples compared to the
negative examples. Additionally, we also show radar charts in Figure 7.3 that visualize some
positive and negative examples based on their feature values along the different feature
dimensions. These charts show how different concepts in the lyrical content influence the
different dimensions of the features. For instance, “all the world is the fire” (row 1 column
2) has a 0 valence value but high imagery and energy values.

7.6 Limitations

Although our proposed framework is highly interpretable and is useful for modeling artistic
preferences in lyrical lines, it has some limitations. For instance, we compute the NPMI
metric based on EvocativeLines corpus, which might not be representative of the entire
English language. We can address this limitation by using a larger corpus to compute the
NPMI metric.

Additionally, we use an LLM to measure some stylistic features, such as imagery. While
our experiments show that these features are crucial in modeling artistic preferences, we
did not conduct extensive prompt optimization, and further optimization might lead to
better results.

7.7 Conclusion

In this chapter, we propose an interpretable and flexible framework for computational
modeling of artistic inspiration in the context of AI-generated lyrical lines that can be
used to assist artists in the Seed phase of creation by identifying potentially “inspiring”
ideas (or seeds) amongst a larger pool of candidates. We identified the key linguistic and
stylistic features that can accurately forecast aesthetic preferences among a diverse set of
individuals. Our experiments demonstrate that the predictive power of our framework
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surpasses that of several orders of magnitude larger state-of-the-art language models like
LLaMA-3-70b.

Crucially, our approach is not limited to the analysis of lyrics and poetry and can be
adopted (with a different or expanded set of features) to predict other aesthetic, literary,
or artistic preferences that are inherently subjective (for instance, comparing sonnets from
multiple different artists). Overall, in the context of creating art, it is crucial to measure
how well AI systems support individual creative processes that can encompass a wide
spectrum of artistic preferences and skill levels, and through this work, we hope to provide
a foundation for future research in this area.

7.8 Key Takeaways

To summarize, the key takeaways from this chapter are as follows:

1. We can use linguistic and stylistic features that can help in accurately modeling
artistic preferences in lyrical lines.

2. The framework is highly interpretable and is applicable across a wide range of creative
individuals, regardless of their skill level or aesthetic preferences.

3. LLMs struggle with capturing nuanced differences in artistic preferences, even with
a large number of parameters and examples, but they are useful for the more funda-
mental task of extracting linguistic and stylistic features that can be used to model
artistic preferences.

In the next chapter, we will progress to a more complex and emerging task of automated
data analysis, where we will explore the effectiveness of LLMs in navigating the different
stages of a data analysis pipeline.
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Figure 7.3: Examples of lyric lines rated as inspiring (blue) and not inspiring (red) by
annotator A1.
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Chapter 8

LLMs for Advanced Data Analytics

So far, in this thesis, we have discussed LLMs on single-step tasks, where the LLM only
needs to take one specific action to solve a task. For instance, for data augmentation in
text classification, the LLM needs to perform the single task of generating new samples;
when using LLMs as a classifier (like for relabeling in PromptMix) or a critic (like scoring
source sentences in extractive summarization or measuring imagery of a lyric line), the
LLM needs to perform the single task of outputting a score. However, real-world scenarios
often involve multi-step tasks, where the agent needs to perform a sequence of actions,
where each action is dependent on the previous one. Therefore, in this chapter, we explore
how LLMs can be utilized for more complex tasks requiring LLMs to operate as part of a
multi-step system.

First Steps Towards Agentic AI Systems Agentic AI Systems are autonomous,
goal-driven models that actively pursue specific objectives in a dynamic, often unpre-
dictable environment. Agentic AI can be described as a four-step process for problem-
solving (NVIDIA, 2023):

1. Perceive: AI agents gather and process data from various sources, such as sen-
sors, databases and digital interfaces. This involves extracting meaningful features,
recognizing objects, or identifying relevant entities in the environment.

2. Reason: An LLM acts as the reasoning engine that understands tasks, generates
solutions, and coordinates specialized models for specific functions like content cre-
ation, vision processing, or recommendation systems. This step uses techniques like
RAG to access proprietary data sources and deliver accurate, relevant outputs.
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Figure 8.1: Illustration of an agentic AI system. Image Source: https://github.com/

Jenqyang/Awesome-AI-Agents

3. Act: By integrating with external tools and software via application programming
interfaces (APIs), agentic AI can quickly execute tasks based on the plans it has
formulated. Guardrails can be built into AI agents to help ensure they execute tasks
correctly. For example, a customer service AI agent may be able to process claims
up to a certain amount, while claims above the amount would have to be approved
by a human.

4. Learn: Agentic AI continuously improves through a feedback loop, where the data
generated from its interactions is fed into the system to enhance models. This ability
to adapt and become more effective over time offers businesses a powerful tool for
driving better decision-making and operational efficiency.

The applications of agentic AI span from tasks like improving customer service chatbots
by enhancing self-service capabilities and automating routine queries, boosting developer
productivity by automating repetitive coding tasks, and distilling critical information from
big chunks of medical and patient data to help doctors make more informed decisions.

In this thesis, we consider the utility of AI agents for autonomous data analytics, a
crucial task in today’s data-driven world. We choose data analytics as a testbed for LLMs
in agentic systems as it demands diverse skill sets to accomplish a goal. For instance, the
task of end-to-end data analysis starts with stating a high-level goal that a data analyst
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uses to identify key questions to explore and then extracts valuable insights from their
answers, working towards the goal. This iterative process continues until they have a
comprehensive summary of insights and recommended actions. Automating such complex
workflows demands the system to perform multiple tasks together. For instance, the agent
first needs to generate relevant questions to explore. Then, it needs to generate code that
performs the analysis required to answer the question. Then, it needs to interpret the
output of the code to obtain meaningful insights and, finally, repeat this process until it
has a comprehensive summary of insights and recommended actions. There is a rising
demand for such agents as they could significantly reduce the manual effort required to
interpret large datasets, thereby enabling faster, data-informed decision-making across
domains (McAfee and Brynjolfsson, 2012; Colson, 2019; Bean, 2022). Our focus is on
understanding how such agents can autonomously perform end-to-end analytics—from
data ingestion and preprocessing to analysis and visualization—while maintaining high
accuracy and reliability. To that end, we introduce AgentPoirot , an agentic system for
end-to-end data analysis on a given dataset. AgentPoirot generates high-level questions,
answers them, and then summarizes the insights obtained.

Recent work on agents based on LLMs has emerged as promising assistants to users
in performing data science tasks (OpenAI, 2022, 2023a). But these agents (such as Pan-
das Agent (LangChain, 2024) and Code Interpreter (OpenAI, 2024)) only focus on solving
narrow, single-step code-completion (or data analytics) tasks. In the context of the data
analytics process, that is equivalent to performing a single action like answering a specific
question (E.g., “What is the R2 value for a linear regression model on this dataset?”) rather
than following the entire data analytics process. One of the reasons most existing agents
have limited data analysis capabilities is because current benchmarks focus on evaluating
agents on single-step code-completion tasks (Lai et al., 2022; Chen et al., 2021b; Hu et al.,
2024). Another reason is that it is challenging to evaluate LLM-based agents accurately
without including substantial information about the problem details, expected code struc-
ture, and expected outputs (such as identifying variable correlation) in the prompt. Recent
works such as InsightPilot (Ma et al., 2023) and InsightLens (Weng et al., 2024) propose
agents that can perform end-to-end data analytics, but they were evaluated using human
assessments, which require significant effort and often lack consistency due to variability
in individual biases and interpretations of evaluation criteria.

We evaluate AgentPoirot on InsightBench (Sahu et al., 2024), which consists of 100
datasets focused on business operations and workflows. Each dataset is accompanied by
a set of ground truth goals, questions, and a summary of insights emulating findings that
a human data analyst would typically extract from the data. Specifically, we use L-Eval
(similar to how we used it in Chapters 5 and 6) to evaluate the quality of the insights
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generated by AgentPoirot with respect to the ground truth insights in the benchmark. We
also benchmark the current state-of-the-art LLM-based agent for data analytics, Pandas
Agent LangChain (2024), that can perform end-to-end data analysis by recommending
questions and extracting insights from their answers.

To summarize, we make the following contributions in this chapter:

• We present a comprehensive set of experiments contrasting open-source and closed-
source models and different prompting strategies for evaluation on InsightBench.

• Our results show that AgentPoirot outperforms existing analytics methods such as
Pandas Agent for the task.

• We also show that LLaMA-3-Eval is a feasible alternative to using the closed-source
G-Eval for evaluating agentic pipeline for data analytics.

In the following section, we present more details about InsightBench and AgentPoirot .

8.1 Experimental Setup

8.1.1 Datasets

We use InsightBench, an automated data analysis benchmark that can rigorously assess
the performance of LLM-based data analysis agents in real-world scenarios. InsightBench
covers a distinct range of business analytics themes and varying difficulty levels, ensuring a
comprehensive evaluation of the agents. The benchmark includes 100 datasets with a total
of 475 insights spread across five key topics. These topics were chosen to reflect typical
scenarios encountered in enterprise settings, each requiring clear and well-defined insights.
The distribution across the topic is shown in Figure 8.2.

Each dataset in the benchmark consists of 500 synthetically generated entries stored
as a CSV file. Moreover, each dataset has systematic anomalies and trends embedded in
it. For instance, one dataset exhibits a trend where the time-to-resolution (TTR) of an
incident increases over time, denoting a potential issue like backlogs or understaffing in the
incident management system. Specifically, every dataset comes with an expert-annotated
Jupyter notebook containing ground truth insights, questions, and a summary of insights.
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Figure 8.2: This diagram illustrates the scope of InsightBench, categorizing 100 distinct
datasets into five key thematic areas.

8.1.2 Evaluation

To evaluate agents on InsightBench, we compare the ground-truth annotations (GT ) in
Jupyter notebooks against the list of insights (A) provided by an agent. Formally speaking,
we compare two natural language texts. Therefore, we adopt an LLM-based evaluator,
LLaMA-3-Eval, to measure the similarity between the ground truth and agent-provided
insights. We use LLaMA-3-Eval as the primary metric to measure the correctness of agent-
provided insights. We chose LLaMA-3-Eval over G-Eval because LLaMA-3-70b-Instruct

is open-sourced, allowing us to a) avoid API costs for using GPT models from OpenAI and
b) fix the model weights to obtain a stable and reliable evaluation metric, unlike G-Eval,
whose output scores can change due to periodic updates to GPT endpoints.

Since the ground truth notebooks contain both individual insights and a final summary,
we perform a two-way evaluation:

1. Summary-level. To obtain the summary-level score, we simply compute the LLaMA-
3-Eval score between the agent-provided summary of insights and the ground-truth
summary.

122



RQ 
Prompt

CG 
Prompt

IE 
Prompt

FQ 
Prompt

Database / Schema

Question 1

...

Question 2

Question k

Code Plots/Figures

Answer/Insight 
& Justification

Conversation 
History

Top Ranked 
Question

Code Execution

Follow-Up Questions

Question 1

...

Question 2

Question k

Root Questions

Goal

loop

Figure 8.3: AgentPoirot uses the “Question Generation (or QG) Prompt” (Prompt C.4
in Appendix C) that takes as input the dataset schema and the goal to generate k high-
level questions. Then, it uses the “Code Generation (or CG) Prompt” (Prompt C.5 in
Appendix C) to generate plots answering the high-level questions. Using the “Insight Ex-
traction (or IE) Prompt” (Prompt C.8 in Appendix C), and the outputs from the previous
step, it generates an insight and the justification of that insight. Finally, AgentPoirot uses
the “Follow-Up Question (FQ) Prompt” (Prompt C.6 in Appendix C) to generate diverse
follow-up questions and selects the top one using the “Question Selection (or QS) Prompt”
(Prompt C.9 in Appendix C). This question is injected back into the CG prompt to start
the cycle again.

2. Insight-level. First, we select the most appropriate insight a ∈ A to evaluate against
a given ground-truth insight (gt ∈ GT ) and then average the scores for all the
ground-truth insights. The insight-level score can be expressed as in Equation 8.1,
where |GT | is the number of ground-truth insights in a dataset, and M represents
LLaMA-3-Eval evaluator:

score =

∑
gt∈GT arg maxa∈AM(gt, a)

|GT |
(8.1)

We average the summary-level and insight-level scores for all 100 datasets in Insight-
Bench to obtain a measure of the agent’s performance. Additionally, we compute scores
using ROUGE-1 for comparison.
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8.2 Methodology: AgentPoirot

We propose AgentPoirot that, given a dataset (D) in InsightBench and a goal (G), per-
forms systematic data exploration aimed at achieving G. Figure 8.3 shows the working of
AgentPoirot .

1. Extract Dataset Schema (S): The dataset schema contains information about
every column in the dataset. AgentPoirot extracts the name, type, total unique
values, and total NA values for every column. Additionally, if a column contains
numerical data, it extracts the minimum, maximum, mean, and standard deviation;
if a column contains dates, it extracts the minimum and maximum dates; otherwise,
it extracts the top 5 unique values from the column.

2. Generate Insights: Given the triplet (D,G,S), AgentPoirot uses the Question
Generation Prompt to generate k(= 3) high-level questions. It answers each high-
level question by first generating Python code and then interpreting the output of
the code. Then, it generates n(= 4) follow-up questions for each high-level question
and then answers them as well to obtain a total of generates (n+ 1)× k insights(see
Figure 8.3 to see a complete overview of AgentPoirot).

3. Generate Summary: AgentPoirot summarizes the insights from the previous step
(using Prompt C.10.)

8.2.1 Baselines

We run the following data analytics agents on InsightBench:

a) Pandas Agent (PA) (LangChain, 2024). A data science agent by LangChain opti-
mized for question-answering 1. Given a data frame and a question related to it, Pandas
Agent first generates Python code and then executes it to produce the answer. In our
experiments, we input the goal to the agent and let it iteratively generate questions and
their answers. We then pass the list of answers to the agent again and ask it to generate
a summary of those answers.

b) AgentPoirot (Ours). AgentPoirot as described in the previous section. Figure 8.3
shows the working of AgentPoirot .

1LangChain is an MIT Licensed Python library for building context-aware reasoning applications

124



c) AgentPoirot (Ours) w/ generic goal. We use the generic goal, “I want to find inter-
esting insights in this dataset,” instead of the carefully designed goal and run AgentPoirot
on InsightBench as in b).

d) AgentPoirot (Ours) non-diverse follow-ups. We use Prompt C.7 instead of
Prompt C.6 to generate only one type of follow-up questions and run AgentPoirot on
InsightBench as in (b). Refer to Figure 8.3 in the Appendix for a visualization of our
proposed method.

In addition to PandasAgent, we also considered the following baselines: Insightpilot (Ma
et al., 2023), but neither the code nor the prompts are available; Data-Copilot (Zhang
et al., 2023d), but it is limited to Chinese financial data, which isn’t suitable for our task;
OpenAgents (Xie et al., 2023), but the public version only allows ten requests, which
isn’t enough for meaningful benchmarking; InfiAgent-Dabench (Hu et al., 2024), but we
excluded it due to its extremely poor performance in this benchmark. It handles only
simple tasks like “Generate Python code to compute the mean of a list,” but struggles
with more complex queries like “What is the distribution of incidents by category in this
dataset?” Lastly, we considered using PowerBI 2, but it is a closed-source tool that is not
suitable for large-scale benchmarking. We conducted a small-scale evaluation of PowerBI
and found that it obtained low-quality insights and generated inconsistent outputs for the
same prompt. Our benchmark emphasizes transparency and reproducibility, therefore we
focussed on methods that the scientific community can easily inspect and scrutinize, which
is not possible with the aforementioned baselines.

8.2.2 Implementation Details

We use Python’s openai package to access the family of GPT models for our experiments
and vllm to host LLaMA-3-70b 3 model on 4 A100 GPUs. We use different LLMs as back-
bones in our experiments to benchmark, including gpt-4o, gpt-4-turbo, gpt-3.5-turbo,
and llama-3-70b 4. All results are reported for the sampling temperature of 0.0, unless
otherwise stated. We use the evaluate Python package to compute ROUGE-1 scores and
Prompt C.12 in Appendix C for computing LLaMA-3-Eval scores. We also fix the temper-
ature of LLaMA-3-70b-Instruct to 0 during evaluation. We repeat all our experiments
for 5 seeds and report the mean and standard deviation in our results.

2https://app.powerbi.com/home
3https://github.com/meta-llama/llama3
4We use gpt-4-turbo-2024-04-09 and gpt-3.5-turbo-0125, specifically.
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Table 8.1: Performance of different agents on InsightBench. All results are for 5 different
seeds.

Insight-level Scores Summary-level Scores

Agent ROUGE-1 LLaMA-3-Eval ROUGE-1 LLaMA-3-Eval

PA (gpt-4o) 0.35±0.03 0.54 ±0.01 0.35 ±0.01 0.40 ±0.04

Ours (gpt-4o) 0.32 ±0.02 0.60 ±0.03 0.37 ±0.09 0.44 ±0.03

- w/ generic goal 0.30 ±0.03 0.40 ±0.03 0.30 ±0.08 0.33 ±0.12

Ours (gpt-4-turbo) 0.30 ±0.02 0.56 ±0.02 0.35 ±0.08 0.35 ±0.04

- w/ generic goal 0.28 ±0.01 0.38 ±0.03 0.29 ±0.02 0.27 ±0.11

Ours (gpt-3.5-turbo) 0.34 ±0.01 0.50 ±0.02 0.27 ±0.14 0.31 ±0.06

- w/ generic goal 0.30 ±0.02 0.36 ±0.03 0.24 ±0.03 0.25 ±0.06

Ours (llama-3-70b) 0.33 ±0.02 0.52 ±0.04 0.36 ±0.01 0.33 ±0.01

- non-diverse follow-ups 0.29 ±0.01 0.51 ±0.03 0.32 ±0.01 0.28 ±0.03

- w/ generic goal 0.27 ±0.03 0.35 ±0.01 0.23 ±0.03 0.23 ±0.02

8.3 Results

Main Results. Table 8.1 shows the performance of different data analytics agents on
InsightBench. First, we note that AgentPoirot outperforms Pandas Agent in terms of
ROUGE-1 and LLaMA-3-Eval scores. We note that using gpt-4o consistently achieves the
best overall performance. We further see that AgentPoirot with LLaMA-3-70b outperforms
AgentPoirot with gpt-3.5-turbo and is close to gpt-4-turbo in terms of LLaMA-3-Eval
scores.

Figure 8.4a shows the performance of the agents by different dataset categories. Agents
achieve the highest scores in “Asset Management,” “Goal Management,” and “Finance
Management” categories. Notably, AgentPoirot with LLaMA-3-70b-Instruct struggles
when we combine two datasets (“Finance Management & User Management” and “Asset
Management & User Management”), which might be due to the small context size of
LLaMA-3-70b-Instruct. On the other hand, Pandas Agent surprisingly performs the
best in those dataset categories. Figure 8.4b shows the performance of agents by the
difficulty level of the dataset. Intuitively, agents achieve strong performance on “Easy”
and “Medium” level datasets, and their performance drops for the “Hard” level datasets.
We also show some qualitative examples in Table B.2, where we compare the outputs
generated by AgentPoirot and PandasAgent.
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Figure 8.4: Performance of different agents on InsightBench grouped by difficulty and
dataset category.

Effect of Using Generic Goals. Table 8.1 also shows the performance of AgentPoirot
that uses a generic goal. We notice a drastic overall decrease in the ROUGE-1 and LLaMA-
3-Eval scores for all the backbones. For instance, the insight-level LLaMA-3-Eval score for
AgentPoirot (gpt-4o) drops from 0.59 (± 0.01) to 0.39 (± 0.02) and the summary-level
LLaMA-3-Eval score drops from 0.41 (±0.02) to 0.31 (±0.13) (see “Ours (gpt-4o)” v/s
“Ours (gpt-4o) w/ generic goal” rows in Table 8.1). This highlights the importance of
including a meaningful goal in the agent’s performance.

Effect of Exploring Diverse Questions. Table 8.1 includes the performance of Agent-
Poirot when generating only a single type of follow-up questions (see “Ours (llama-3-70b)
non-diverse follow-ups”). We observe a notable decrease in ROUGE-1 scores and a slight
decrease in LLaMA-3-Eval scores, confirming that discovering a diverse set of questions
during data analysis leads to better performance.

Effect of Trend Intensity Figure 8.5b shows the performance of AgentPoirot with dif-
ferent backbones on variations of dataset 2 in InsightBench. First, we note that all the
models fail to discover insight when the slope is less than 0.1 (including negative slopes).
This suggests that our model did not generate false positives (we assume the flag is dis-
covered if LLaMA-3-Eval is greater than 0.5). Overall, for slope greater than 0.1, gpt-4o
and gpt-4-turbo discovered the insight every time, LLaMA-3-70b-Instruct discovered it
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Figure 8.5: Sensitivity Analysis.

nearly half the times, and gpt-3.5-turbo had a particularly hard time discovering the
insight. While both LLaMA-3-70b-Instruct and gpt-3.5-turbo have difficulty discov-
ering the trend sometimes (as showcased by the fluctuations in LLaMA-3-Eval scores),
LLaMA-3-70b-Instruct shows a better overall discovery rate of the insight compared to
gpt-3.5-turbo.

Effect of Sampling Temperature. Figure 8.5a shows the performance of AgentPoirot
with LLaMA-3-70b-Instruct for different sampling temperatures. The performance of
the agent peaks at temperature 0.2 before it starts to decrease. Higher temperatures
also lead to unstable performance, as indicated by bigger standard deviations in the plot.
Overall, we note that the temperature should be low but not completely 0 for optimal
agent performance on InsightBench.

Soft Scores Summary Scores

Agent G-Eval LLaMA-3-Eval LLaMA-3-Eval G-Eval LLaMA-3-Eval
(many-to-many)

Ours (gpt-4o) 0.53 ±0.01 0.57 ±0.02 0.43 ±0.03 0.55 ±0.01 0.58 ±0.03

Ours (gpt-4-turbo) 0.52 ±0.02 0.55 ±0.02 0.40 ±0.02 0.54 ±0.03 0.58 ±0.02

Ours (gpt-3.5-turbo) 0.46 ±0.01 0.50 ±0.01 0.35 ±0.02 0.48 ±0.01 0.50 ±0.01

Ours (llama-3-70b) 0.45 ±0.01 0.50 ±0.02 0.34 ±0.03 0.47 ±0.01 0.49 ±0.01

Table 8.2: Comparison of different evaluation methods on the first 10 datasets of Insight-
Bench.

G-Eval v/s LLaMA-3-Eval Table 8.2 shows results for a small-scale study where we
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compare G-Eval and LLaMA-3-Eval. We note that both scores are similar in range and
follow the same trend for all agents. This suggests that LLaMA-3-70b is a good alternative
to using gpt-4o for evaluation.

Ground Truth Insight Prediction Matched by Many-to-
Many Evaluation Scheme

Prediction Matched by One-to-Many
Evaluation Scheme

The time to resolution of inci-
dents is increasing over time

The average resolution time for incidents
is 1677.27 hours for ‘1 - Critical’ priority,
1554.63 hours for ‘2 - High’ priority, and
1584.00 hours for ‘3 - Moderate’ priority.

Yes, there is a clear trend of increas-
ing incident resolution times over the
months, with the average resolution time
rising from 113.03 hours in January 2023
to 3150.86 hours in June 2024.

The time to resolution of in-
cidents is uniform over time

Beth Anglin has shown the highest effi-
ciency in resolving incidents with a mean
resolution time of 153.90 minutes, and her
workload has included handling 105 inci-
dents over the given period.

There are no noticeable patterns in the
types of incidents (categories) that are be-
ing resolved more quickly or slowly over
time.

The volume of Hardware inci-
dents is elevated during spe-
cific time windows

Yes, certain ‘caller id’ individuals such as
‘Don Goodliffe’ report more incidents in
the ‘Hardware’ category, and there is a
trend showing that ‘Bud Richman’ and
’David Loo’ also frequently report incidents
in ‘Hardware’ and ‘Software’ categories.

Yes, there are patterns in the types
of incidents reported over time, with
‘Hardware’ incidents peaking signifi-
cantly in July and August.

There is a specific agent, Fred
Luddy, who is assigned signif-
icantly more incidents than
others

The assignment group with the highest
number of incidents assigned to them is
‘Network’ with 310 incidents.

Fred Luddy consistently handles a
higher number of incidents compared
to others, with 385 incidents assigned to
him.

There are higher expense re-
jection rates for employees
with shorter tenure

Yes, the ‘Assets’ and ‘Travel’ categories
have a higher rate of submission errors or
rejections, with counts of 91 and 72 respec-
tively, compared to ‘Services’ and ‘Miscel-
laneous’ which have 16 and 6.

The rejection rate of employees tends to
be higher for employees with shorter
employment durations, with many in-
stances of 1.0 rejection rates observed in
the initial days of employment, and it grad-
ually decreases as employment duration in-
creases.

There are higher success rates
in Critical and High priority
goals within the IT depart-
ment

Yes, there are correlations between the
metric types and the success rates of
projects, as indicated by the plot statistics
showing a range of data points for percent
complete and target percentage of projects.

The dataset reveals a trend where projects
with ‘High’ and ‘Critical’ priority lev-
els generally have higher completion
rates, often exceeding 80%, compared to
those with ‘Low’ and ‘Medium’ priorities,
which show more variability and lower com-
pletion rates overall.

Table 8.3: Mismatched examples by many-to-many compared to one-to-many evaluation
scheme. Parts in bold indicate why the prediction is appropriate to compare against the
ground truth insight.

One-to-Many v/s Many-to-Many Evaluation. We conduct another study to com-
pare our approach with an alternative many-to-many version, where, instead of computing
a score for each ground truth and prediction pair, we first prompt the LLM to match
every ground truth response with an appropriate prediction. We perform this experiment
because the one-to-many evaluation approach can be time-consuming as it needs to com-
pute a LLaMA-3-Eval score for every ground truth-prediction pair to determine the most
appropriate prediction to evaluate against a given ground truth and using many-to-many
matching may result in a faster evaluation process.

Table 8.3 shows the quantitative results of our experiments. We note that using many-
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to-many evaluation generally leads to a lower score; however, upon inspection, we find that
many-to-many prompt often mismatches a ground truth insight with a wrong prediction
(even though a more appropriate prediction was present in the pool of predicted insights).
Table 8.3 shows some mismatches generated by the many-to-many evaluation approach
compared to the proposed one-to-many evaluation approach that intuitively does not miss
a good prediction if it is present in the list of generated insights.

8.4 Limitations

Benchmark Diversity. While InsightBench covers a spectrum of business areas and
themes, the datasets are synthesized based on patterns observed in widely used enterprises.
Consequently, the synthetic “flags” are designed to mimic real-world anomalies and trends
but may not capture the full complexity or unexpected behavior of genuine enterprise data.
The dataset currently focuses on structured tabular data, primarily in English, reflecting
typical business records. This focus may not fully represent the rich diversity of global
business practices or the variety of data interactions in different linguistic contexts.

Evaluation Metrics. We use ROUGE-1 and LLaMA-3-Eval as evaluation metrics for
assessing the quality of insights generated by the agents. While these metrics provide
a quantitative measure of the generated insights’ quality, they may not fully capture the
nuances of the insights’ relevance or depth. Future work could explore additional evaluation
metrics or human evaluations to provide a more comprehensive assessment of the agents’
performance.

Reliance on LLMs. We rely completely on the instruction following capabilities of the
LLMs to generate insights. While this approach has shown promising results, it may not
fully capture the complexity of the data or the context in which the insights are generated.
Future work could explore more sophisticated models or hybrid approaches that combine
LLMs with other techniques to improve the quality of the generated insights.

8.5 Conclusion

In this chapter, we introduced AgentPoirot that can perform exploratory data analytics
from high-level goals using both open-source and closed-source models and showed that it
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outperforms existing approaches like Pandas Agent. Moving forward, we consider evaluat-
ing the more diverse use cases, such as analytics for healthcare, anomaly detection for time
series data, and more complex data structures like graphs. Another interesting research
direction would be to design an adaptive agent that can autonomously learn new skills
depending the task at hand.

8.6 Key Takeaways

To summarize the key takeaways from this chapter:

• Capabilities of LLMs in single-step systems translate well to multi-step systems for
data analytics.

• LLM-based evaluation is still a feasible alternative to using the closed-source G-Eval
for evaluating complex agentic pipelines.

With this chapter, we conclude our exploration of the capabilities of LLMs in various
single-step and multi-step setups and establish their potential in a wide range of applica-
tions. In the next chapter, we present some prospective research directions to further our
understanding of LLMs.
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Chapter 9

Future Work

In this thesis, we have focused on adapting LLMs to diverse NLP tasks, from generating
new utterances for data augmentation to performing end-to-end data analysis tasks as
part of a multi-agent system. Through those studies, we have established the versatility of
LLMs for various tasks and present key guidelines on how to successfully adapt an LLM
for diverse downstream tasks.

In this chapter, we discuss the possible future directions for further research, with a
key focus on improving the interpretability and trustworthiness of LLM-based systems.
Our suggestions for future research include progressing to multi-modal LLMs, developing
attribution frameworks to understand the decision-making process of LLMs, going beyond
standard benchmarks to evaluate the “real” suitability of LLMs for real-world tasks, and
exploring the potential of LLMs in more complex agentic workflows.

9.1 Progressing to Multi-Modal LLMs

We start the discussion in this chapter with the most natural progression for LLMs, which
is to move towards multi-modal LLMs. LLMs have demonstrated remarkable capabilities in
a wide range of NLP tasks, but we have evaluated them solely on text-based tasks. Multi-
modal LLMs, which can process both text and other modalities such as images, audio,
and video, can significantly enhance the performance of LLMs across a variety of real-
world tasks, such as image captioning, visual question answering, video summarization,
and online hate speech detection (Li et al., 2023b; Lin et al., 2024; Sahu et al., 2021;
Hebert et al., 2024). Multi-modal LLMs can leverage the complementary information
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provided by different modalities to improve the quality of their predictions and generate
more informative and contextually relevant outputs. For example, multi-modal LLMs can
be used to generate image captions, answer questions about images, and perform other
tasks that require the integration of text and visual information.

The first generation of multi-modal LLMs includes VisualBERT (Li et al., 2020), a
multi-modal LLM that combines the power of BERT with the visual understanding of
ResNet to perform a wide range of tasks, including image captioning, visual question
answering, and image-text matching. Similarly, Lu et al. (2019) proposed ViLBERT, a
multi-modal LLM that can process both text and images to perform tasks such as visual
question answering and visual grounding. These developments highlight the potential
of multi-modal LLMs to revolutionize the field of NLP by enabling agents to process
and generate information across multiple modalities. But the most recent generation of
multimodal LLMs, such as LLaMA-3.2, Claude-3.5, and GPT-4 have been trained on an
unprecendented amount of multi-modal data (AI, 2024; Anthropic, 2024; OpenAI, 2023b).
This has opened a new foray of possibilities for multi-modal LLMs to perform complex
tasks that require the integration of text, images, audio, and video data. In the context of
agentic workflows, integrating multi-modal LLMs can significantly enhance the capabilities
of agents like AgentPoirot. For example, an agent equipped with visual understanding can
interpret graphical data, allowing it to analyze and generate insights from images, charts,
and diagrams. This ability can mitigate the limitations posed by the context window size by
enabling the agent to process visual summaries instead of lengthy textual descriptions. Or,
we can imagine more complex agentic workflows that involve processing multiple modalities
of data, such as browsing the internet (Zhou et al., 2023).

Despite the significant advancements in multi-modal LLMs, there are still several chal-
lenges that need to be addressed to fully harness their potential. One primary challenge is
the effective alignment of information across different modalities. Ensuring that textual,
visual, and any other modalities’ representations are coherently integrated is crucial for
tasks such as image captioning and visual question answering. Models like CLIP (Radford
et al., 2021) have made strides in this area by learning joint embeddings of images and
text, but there is room for improvement in handling more complex and abstract concepts
across modalities. Another challenge lies in the resource-intensive nature of training large-
scale multi-modal models. The necessity for vast amounts of annotated multi-modal data
and substantial computational resources can be prohibitive. Research into more efficient
training methods, such as transfer learning and few-shot learning for multi-modal tasks,
could alleviate these issues and make the technology more accessible.

Future research directions may include exploring the incorporation of additional modal-
ities such as haptic feedback, leading to more immersive and interactive AI systems. Ad-
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ditionally, addressing ethical considerations like bias and fairness in multi-modal data is
crucial as models become more integrated into everyday applications.

Overall, progressing towards multi-modal LLMs holds great promise for developing AI
systems that interact with the world in a more human-like and comprehensive manner,
and we hope to see more research in this area in the future.

9.2 Attribution in LLMs

We now turn our focus to the interpretability and trustworthiness of LLMs, which are
critical for their successful deployment in real-world applications. Interpretability refers to
the ability to understand and explain the decisions made by an AI system, while trustwor-
thiness refers to the reliability and accountability of the system.

Throughout this thesis, we have seen that modern LLM agents demonstrate complex
reasoning capabilities across diverse application domains; however, they are also black
boxes whose decision-making process can be hard to understand, making it challenging to
determine when the responses of the LLM can be trusted. A key component of building
more trustworthy LLM agents is attribution, i.e., the ability to trace and interpret model
outputs by identifying which parts of the input data or internal parameters contribute
to specific outputs. Specifically, attribution in LLM agents can help a) enhance agent
accountability: by revealing erroneous or unintended behavior in LLM agents that are
being increasingly entrusted with significant decision-making roles; b) enhance agent
trustworthiness: by providing insights into the reasoning process of LLM agents, which
can enhance trust in sensitive domains such as healthcare and finance; and c) promote
ethical AI: by helping detect and mitigate biases in agent outputs, ensuring that their
actions align with ethical standards and societal values. We believe that building reliable
attribution frameworks for LLMs to better understand the decision-making process of LLM
agents at inference time will be a key research direction in the future.

Brief Overview of Attribution in LLMs. Recent work by Yue et al. (2023) focuses
on automatically evaluating whether generated statements are fully supported by cited
references. Cohen-Wang et al. (2024) present ContextCite, a method for attributing model
generation to context, which can be applied on top of any existing language model to
help verify generated statements, improve response quality, and detect poisoning attacks.
Gradient-based techniques, such as Integrated Gradients (Sundararajan et al., 2017) and
Saliency Maps (Simonyan et al., 2014), measure the contribution of each input token by
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computing gradients of the output with respect to input features; advances like Smooth-
Grad (Smilkov et al., 2017) and DeepLIFT (Shrikumar et al., 2017) improve these methods
by reducing noise and enhancing accuracy. Attention mechanisms provide insights into
which parts of the input the model focuses on during generation (Bahdanau et al., 2014),
though their interpretability is debated (Jain and Wallace, 2019; Wiegreffe and Pinter,
2019; Serrano and Smith, 2019). Perturbation techniques involve modifying or occlud-
ing parts of the input and observing changes in the output to infer input significance (Li
et al., 2016), utilizing methods like Meaningful Perturbations (Fong and Vedaldi, 2017) and
LIME (Ribeiro et al., 2016). Despite advancements, challenges such as attribution leak-
age (Adebayo et al., 2018), unreliability of saliency methods (Kindermans et al., 2019), and
complexities in attributing outputs in large models (Ghorbani et al., 2019) persist. Surveys
like Li et al. (2023a) discuss current methodologies and inherent challenges, while research
by Keeling and Street (2024) examines the theoretical basis for attributing confidence to
LLMs, raising concerns about the reliability of experimental assessment techniques. In
contrast to the discussed gradient-based attribution methods that are challenging to scale
and perturbation-based approaches that need multiple passes through the model, we pro-
pose a straightforward prompting-based attribution approach that can be applied to any
LLM agent, is readily scalable and does not require multiple passes through the model.

We believe attribution is a critical aspect of building more trustworthy LLM agents,
and are actively exploring the application of attribution frameworks to enhance the in-
terpretability and trustworthiness of LLM agents in various application domains. Since
most task-specific information used by LLMs is provided in the context either via few-shot
prompts or via RAG-based systems, we are exploring a reason-then-cite attribution frame-
work for LLM agents at inference time that first prompts an LLM agent to provide reasons
for its actions and then cite excerpts from its input context that justify different outputs.

Attribution is a powerful tool that can be applied to any workflow to detect erroneous
agent actions and hallucinations to better enable a human user to determine when to
trust the outputs of an LLM agent. For instance, we can potentially prevent jailbreaks
in a prompting-based system. For instance, let’s say we have a prompt that summarizes
calendar events. A bad actor might try to manipulate the agent to, say, forward private
information to a specific email by adding some irrelevant text to the description of a
calendar event. In such cases, an attribution framework can help the user prevent the
agent from taking action by showing them the parts of the input context that led to
the agent’s suggested action (in this case, the manipulative text in a calendar invite).
Similarly, attribution can be used to detect and prevent hallucinations in LLM agents,
where the agent generates text that is not supported by the input context. The following
text discusses one such use case that innately requires citing and reasoning – literature

135



review agents.

Literature Review Agents as Testbed We test our attribution framework on litera-
ture review agents, a task that requires finding, citing, and contextualizing relevant prior
work, which is a scientific writing requirement. There is a growing interest in using LLMs
as writing assistants for conducting literature reviews of scientific papers. For example,
Agarwal et al. (2024) introduced LitLLM, a toolkit that leverages Retrieval Augmented
Generation (RAG) and specialized prompting techniques to automate literature reviews,
addressing challenges like hallucinations and outdated information in LLMs. Similarly,
Skarlinski et al. (2024) demonstrate that language agents can achieve superhuman synthe-
sis of scientific knowledge, matching or exceeding human experts in tasks such as infor-
mation retrieval, summarization, and contradiction detection. Zheng et al. (2024) present
OpenResearcher, an innovative platform that accelerates scientific research by integrating
LLMs with up-to-date, domain-specific knowledge using RAG principles and various tools
for query understanding, information retrieval, and answer generation. Furthermore, Lu
et al. (2024) propose the AI Scientist, a comprehensive framework for fully automated sci-
entific discovery, enabling LLMs to independently perform research tasks, including idea
generation, experiment execution, and scientific writing. These developments highlight the
transformative potential of AI agents in automating and enhancing the scientific research
process.

As the subtasks of assisting a human user with writing a literature review become
more automated, the type of architecture that one might use to create a literature review
becomes more suitable for an agentic formulation. Some recent work has even focused
upon the dynamics of agents operating in information markets (Weiss et al.), but we focus
our analysis and experiments here on agents that track both the provenance of articles
that have been identified for inclusion in a literature review and the rationale behind why
articles are included.

Improving Literature Review Agents with Attribution. In this section, we dis-
cuss why attribution is helpful in literature review agents. We propose a reason-then-cite
attribution framework, where we prompt an LLM agent to first provide a rationale for its
action and then identify specific parts from the input context that explains the provided
rationale. By prompting the agent to provide a rationale before identifying supporting
evidence from the context, we aim to bridge the gap between the agent’s output and its
underlying reasoning process.
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Specifically, we explore debate-style attribution, where we ask the agent to provide argu-
ments for and against taking the action (that it took) and extract sentences and then ask
it to generate a score between 0-100 based on the arguments that denotes the probability
of the agent taking that action. Importantly, we instruct the LLM to provide excerpts from
its input that support the arguments, and we re-prompt the LLM if the extracted sentences
are hallucinated (i.e., not part of the model input). The generic attribution method can
be applied to any step of an LLM agent by appropriately describing the action.

We demonstrate the application of our attribution framework on an agentic variant of
LitLLM (Agarwal et al., 2024), based on an LLM for automated literature review genera-
tion. LitLLM takes a query abstract as input and then employs RAG to obtain a list of
candidate papers. After retrieval, it ranks the candidates according to their relevance to
the query abstract and considers top-k candidates when writing the literature review. We
apply our attribution method to the ranking step of a larger agentic workflow. Specifically,
we pass the query abstract and the abstract of candidate papers one at a time and prompt
the agent to generate arguments for and against including a candidate paper in the litera-
ture review and a final score between 0-100 that is based on the generated arguments and
is proportional to the probability of the candidate paper being included in the literature
review. We use this score to rank the candidate papers and select the top-k papers for the
literature review.

We now discuss the findings of our small-scale experiments with the agentic LitLLM
agent with the debate-style attribution framework. We use LLaMA-3.1-70b-Instruct as
the base model for the agentic LitLLM agent. Table 9.1 shows outputs from the ranking
step of agentic LitLLM with debate-style attribution, where the agent was tasked with
ranking k candidate papers on whether or not to include them in the literature review
of a given query paper (for brevity, we only show two candidate papers in the Table).
The highlighted sentences in the reasonings indicate the parts that justify the agent’s
provided ranking for the two candidate papers. We note that the reasoning aptly justifies
the generated ranking. Additionally, we also perform an automated check to confirm that
none of the extracted sentences in Table 9.1 are hallucinated and are indeed present in the
respective candidate papers. The consistency in the agent’s output and the attribution
indicates higher reliability of the agent output in this scenario.

We report some preliminary quantitative results in Figure 9.1, where we plot the nor-
malized recall and precision curves for agentic LitLLM with the two attribution variants
in Figure 9.1. We compute normalized recall and precision for a given query abstract as
follows:
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Figure 9.1: Effect of attribution on the precision and recall of the agentic LitLLM agent.

precision@k =
nrel

Ncandidates

; normalized recall@k =
nrel

c
,

where, Ncandidates is the total number of candidate papers, c is the number of candidate
papers also present in the ground truth list of citations for the query abstract, and nrel is
the number of papers in first k ∈ [1, 2, . . . , Ncandidates] candidate papers that are present in
the ground truth citations.

Although the attribution step was added to primarily understand the agent’s decision-
making process, as shown in Table 9.1, we also observe improvements in the precision
and recall of the agent for the retrieval step, as shown in Figure 9.1. This suggests that
attribution also helps the agent in making better decisions by verbalizing a rationale for
its actions.

We find the results promising and plan to further investigate the impact of attribution
on the performance of other agentic workflows. For instance, we can apply the attribution
framework to a data analytics agent like AgentPoirot to gain insights into the agent’s
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decision-making process, or we could apply the framework to PromptMix or MixSumm to
better understand the working of the models in context, or we could apply it on top of the
LLM-based feature extractors in our study to model artistic preferences.

LLMs for Improving Reviews in Peer-Review Systems. In addition to the use
case of improving literature review agents, we also identify another useful application:
improving conference review agents. With the improving capabilities of LLMs, we can
imagine a tool that can significantly reduce the time and effort researchers spend reviewing
papers. A tool that, for instance, summarizes the discussion between authors and reviewers,
augmented with attribution, can be a huge help for meta-reviewers and program chairs.
Similarly, we can imagine a framework that first evaluates reviews based on key metrics
like constructiveness, helpfulness, and thoroughness (similar to how we measure stylistic
properties for lyric lines in Chapter 7), and then provides feedback to reviewers on how
to improve their reviews. We believe such a tool could democratize access to high-quality
research synthesis and prove to be a valuable asset for the scientific community.

9.3 Beyond Standard Benchmarks

In this section, we discuss the importance of moving beyond standard benchmarks to
evaluate the “real” suitability of LLMs for real-world tasks. While standard benchmarks
like GLUE, SuperGLUE, SQuAD, and MMLU provide a useful starting point for evaluating
LLMs, they often do not fully capture the complexity and diversity of real-world tasks.
Real-world tasks are often more nuanced, ambiguous, and context-dependent than standard
benchmarks, requiring models to exhibit a deeper understanding of language and reasoning.
Moreover, real-world tasks often involve multi-step reasoning, long-term memory retention,
and commonsense knowledge, which are challenging for LLMs to handle effectively.

To bridge this gap between standard benchmarks and real-world tasks, we propose a
more comprehensive evaluation of LLMs that reflects the complexity and diversity of real-
world tasks. One approach is to develop new benchmarks that are more representative
of real-world tasks, such as the recently proposed RealToxicityPrompts (Gehman et al.,
2020) benchmark, which evaluates LLMs on their ability to generate non-toxic responses
to toxic prompts. Another approach is to conduct more extensive evaluations on real-world
datasets and tasks, such as analyzing the performance of LLMs on large-scale datasets like
CommonCrawl or OpenWebText, which contain diverse and unfiltered data from the web.
Additionally, we can evaluate LLMs on more complex tasks that require multi-step rea-
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Table 9.1: Example use case where attribution helps understand reasoning behind an
agent’s decision-making process.

Query Abstract [Paper Link]

Current driven domain wall motion in curved Heavy Metal/Ferrimagnetic/Oxide multilayer strips
is investigated using systematic micromagnetic simulations which account for spin-orbit coupling
phenomena. Domain wall velocity and characteristic relaxation times are studied as functions of the
geometry, curvature and width of the strip, at and out of the angular momentum compensation.
Results show that domain walls can propagate faster and without a significant distortion in such
strips in contrast to their ferromagnetic counterparts. Using an artificial system based on a straight
strip with an equivalent current density distribution, we can discern its influence on the wall terminal
velocity, as part of a more general geometrical influence due to the curved shape. Curved and narrow
ferrimagnetic strips are promising candidates for designing high speed and fast response spintronic
circuitry based on current-driven domain wall motion.

LLM Output: [1] > [2]

Reasoning for [1] [Paper Link]

Arguments for including [1]: This paper focuses on the current-driven domain wall dynamics

in ferrimagnetic strips, which is the same topic as the query abstract. It also uses a two-sublattice

model to describe the dynamics, which is similar to the approach used in the query abstract.
Extracted Sentences from Paper [1]:

• The current-driven domain wall dynamics along ferrimagnetic elements are here theoreti-
cally analyzed as a function of temperature by means of micromagnetic simulations and a
one dimensional model.

• Contrarily to conventional effective approaches, our model takes into account the two coupled
ferromagnetic sublattices forming the ferrimagnetic element.

Arguments for not including [1]: This paper does not specifically mention curved strips or the

effect of curvature on domain wall motion, which is a key aspect of the query abstract.
Extracted Sentences from Paper [1]:

• Here we provide a theoretical description of DW dynamics in FiM strips based on an extended
collective coordinates model (1DM).

• Importantly, our approaches allow to infer results not achievable from effective models, and
to provide insights and interesting predictions of the current-driven dynamics of DWs along
FiM films.

Reasoning for [2] [Paper Link])

Arguments for including [2]: This paper investigates the dynamics of domain walls in ferri-
magnets, specifically focusing on the angular momentum compensation point (TA). The paper
highlights the potential of ferrimagnets for high-speed spintronic devices due to the fast domain wall

motion at TA. This aligns with the query abstract’s focus on current-driven domain wall motion

in curved heavy metal/ferrimagnetic/oxide multilayer strips and the potential for high-speed spin-

tronic circuitry.
Extracted Sentences from Paper [2]:

• Recent theories indeed predicted faster dynamics of antiferromagnetic domain walls (DWs)
than ferromagnetic DWs4-6.

• Here we show that fast field-driven antiferromagnetic spin dynamics is realized in ferrimag-
nets at the angular momentum compensation point TA.

• Our finding allows us to investigate the physics of antiferromagnetic spin dynamics and
highlights the importance of tuning of the angular momentum compensation point of ferri-
magnets, which could be a key towards ferrimagnetic spintronics.

Arguments for not including [2]: While the paper focuses on ferrimagnets and domain wall dy-

namics, it doesn’t explicitly address the impact of geometry, curvature, or width on the domain

wall motion. The query abstract specifically investigates these factors in curved multilayer strips.
Extracted Sentences from Paper [2]:

• Recently, it was reported that the DW speed boosts up significantly in antiferromagnets due
to the suppression of the angular precession.

• However, the immunity of antiferromagnets to magnetic fields yields notorious difficulties
in creating, manipulating, and detecting antiferromagnetic DWs, compared to ferromagnetic
ones.
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soning and long-term memory retention, such as question answering, dialogue generation,
and document summarization.
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Chapter 10

Conclusion

In this thesis, we have explored how to effectively harness the knowledge of generalist
LLMs for diverse tasks. Our experiments with PromptMix, MixSumm, and PPSL suggest
that generalist LLMs can be excellent data generators and data labelers for both a dis-
criminative task like few-shot text classification as well as a generative task such as text
summarization. This implies that they can mitigate a lot of human-labeling costs while
producing high-quality data samples. Next, we explored how we can utilize the knowl-
edge of LLMs to extract key linguistic and poetic features from lyrics that can allow us to
model the artistic preferences of creative individuals. Lastly, our experiments with Agent-
Poirot on InsightBench suggest that we can also employ LLMs for more complex tasks
like exploratory data analysis as part of a bigger agentic workflow. We also teased a bit
into how attribution methods can be used to understand the inner workings of LLMs, and
potentially also improve their performance for a downstream task.

The possibilities of utilizing LLMs are vast, and we believe that this thesis is just a
small step in exploring the potential of LLMs for more complex in-the-wild tasks. We hope
that the methods and insights presented in this thesis can be a stepping stone for future
research in this direction.

10.1 Implications of Our Work

The methods and insights presented in this thesis have several implications for the NLP
community. First, we believe that data augmentation as used in PromptMix and Mix-
Summ can be a game-changing tool for NLP researchers to generate high-quality data
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samples while simultaneously performing knowledge distillation from a GPT-scale model
to smaller models with a few million parameters. However, when using these methods, it
is critical to ensure human moderation to avoid any biases or errors in the generated data
that can be detrimental to the downstream task. Second, we note that while LLMs strug-
gle with performing a subjective task like artistic preference modeling end-to-end, they can
still be useful when used at a more fundamental level to measure key linguistic and stylis-
tic features that can then be effectively used to predict subjective artistic preferences. We
believe our work that provides a quantitative evidence of the strengths and shortcomings
of LLMs for a subjective task can be a major stepping stone for future research on how
to utilize LLMs for subjective tasks. Third, our insights from AgentPoirot suggest that
LLMs can be used as part of a bigger agentic workflow to perform multi-step tasks like
exploratory data analysis; however, current LLMs still struggle with more complex steps
like generating code to answer a question based on the dataset. This suggests that there
is still a gap to bridge between the capabilities of LLMs and the requirements of more
complex tasks.

10.2 Recommendations for NLP Researchers

Based on the insights from this thesis, we provide the following recipe to determine whether
LLMs could be helpful for their task:

• Data Augmentation: If working on a task that requires a lot of labeled data, con-
sider using data augmentation methods like PromptMix and MixSumm to generate
high-quality data samples; however, if the task involves generating or understanding
long-form text, LLMs might not be able to aid in attaining performant models. In
such cases, consider breaking down the input text into smaller chunks or develop a
more sophisticated data method to improve the understanding of LLMs.

• Feature Extraction: If working on a subjective task like artistic preference model-
ing, do not expect LLMs to perform well end-to-end. Instead, consider using LLMs
at a more fundamental stage, such as to extract key features from the data that can
be used to model the task. As a rule of thumb, we find that the more objective
the task, the better LLMs perform end-to-end, but the more subjective the task,
the more LLMs struggle to perform well end-to-end and need to be used at a more
fundamental stage.

• Agentic Workflow: If working on a multi-step task like exploratory data analysis,
consider using LLMs as part of a bigger agentic workflow to perform simpler tasks
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like data summarization or data filtering. As of writing this, LLMs still struggle
with more complex tasks like generating code to answer a question on the dataset,
which requires the LLM to generate code that is congruent to the question while also
combining its understanding of the dataset.

• Attribution Methods: If working on a task where interpretability is critical, con-
sider using attribution methods to understand the inner workings of LLMs and po-
tentially improve their performance. We find that attribution methods can provide
insights into how the LLMs perceive a given task and can be used to debug and
improve the performance of LLMs for a downstream task; however, we still find that
these insights are trustworthy only when working with short to medium-length text.

• Human Moderation: Regardless of the task, always ensure human moderation
when using LLMs to generate data samples or perform a task to avoid any biases or
errors in the generated data. There are still many unknowns about how LLMs work,
and it is critical to ensure human moderation to avoid any biases or errors in the
generated data that can be detrimental to the downstream task.

• Model Selection: For any task, while older open-source LLMs like LLaMA-2 and
Vicuna do not result in satisfactory performance for real-world scenarios, the latest
open-source models like LLaMA-3 and LLaMA-3.1 achieve comparable performance
to closed-source models like GPT-3.5 and GPT-4o. We recommend using the latest
open-source models for any task, as they are more cost-effective and provide more
control to the end-user without any hidden operations or costs in closed-source models
like GPT.
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Appendix A

Worked Out Examples

A.1 HMM Worked Out Example

In this example, we will predict the probability of the word “mat” in the sequence “The
cat sat on the mat” using a Hidden Markov Model (HMM). We will construct the HMM
parameters based on the provided corpus and perform step-by-step calculations to illustrate
the process.

Corpus:

“The cat sat on the mat. The dog sat on the rug. The cat chased the mouse.
The dog chased the ball.”

Objective:

Determine the probability of the word “mat” occurring in the sequence “The cat sat
on the mat” using an HMM trained on the given corpus.

Step 1: Define States and Observations

• States (Hidden States): Parts of Speech (POS) tags

– Determiner (DT)

– Noun (NN)

– Verb (VB)
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– Preposition (IN)

• Observations: Words from the corpus

{the, cat, dog, sat, on, chased,mat, rug,mouse, ball}

Step 2: Annotate the Corpus with POS Tags

• Sentence 1: The/DT cat/NN sat/VB on/IN the/DT mat/NN.

• Sentence 2: The/DT dog/NN sat/VB on/IN the/DT rug/NN.

• Sentence 3: The/DT cat/NN chased/VB the/DT mouse/NN.

• Sentence 4: The/DT dog/NN chased/VB the/DT ball/NN.

Step 3: Calculate Initial Probabilities (π)

Since all sentences start with the Determiner (DT), we have:

π(DT) = 1.0 and π(NN) = π(VB) = π(IN) = 0

Step 4: Calculate Transition Probabilities (A)

Count the transitions between states from the annotated corpus.

From State To State Count

DT NN 8
NN VB 4
VB IN 2
IN DT 2
VB DT 2
Total
From DT 8
From NN 4
From VB 4
From IN 2

Compute Transition Probabilities:
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A(NN | DT) =
Count(DT → NN)

Total transitions from DT
=

8

8
= 1.0

A(VB | NN) =
4

4
= 1.0

A(IN | VB) =
2

4
= 0.5, A(DT | VB) =

2

4
= 0.5

A(DT | IN) =
2

2
= 1.0

All other transitions are not observed and are assigned a probability of zero.

Step 5: Calculate Emission Probabilities (B)

Count the emissions (word occurrences) for each state.

State DT:

B(the | DT) =
8

8
= 1.0

State NN:

Total emissions from NN: 8

B(cat | NN) =
2

8
= 0.25

B(dog | NN) =
2

8
= 0.25

B(mat | NN) =
1

8
= 0.125

B(rug | NN) =
1

8
= 0.125

B(mouse | NN) =
1

8
= 0.125

B(ball | NN) =
1

8
= 0.125

State VB:
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Total emissions from VB: 4

B(sat | VB) =
2

4
= 0.5, B(chased | VB) =

2

4
= 0.5

State IN:

B(on | IN) =
2

2
= 1.0

Step 6: Observed Sequence

The observed sequence is:

O = (the, cat, sat, on, the,mat)

Step 7: Computing Desired Probabilities

We will compute αt(s), the probability of being in state s after observing the first t
observations.

Initialization (t = 1):

α1(DT) = π(DT)×B(the | DT) = 1.0× 1.0 = 1.0

All other states are zero:

α1(NN) = α1(VB) = α1(IN) = 0

Recursion:

For t = 2 (Observation: cat)

α2(NN) = (α1(DT)× A(NN | DT))×B(cat | NN) = (1.0× 1.0)× 0.25 = 0.25

Other states remain at zero.

For t = 3 (Observation: sat)
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α3(VB) = (α2(NN)× A(VB | NN))×B(sat | VB) = (0.25× 1.0)× 0.5 = 0.125

For t = 4 (Observation: on)

α4(IN) = (α3(VB)× A(IN | VB))×B(on | IN) = (0.125× 0.5)× 1.0 = 0.0625

For t = 5 (Observation: the)

α5(DT) = (α4(IN)× A(DT | IN))×B(the | DT) = (0.0625× 1.0)× 1.0 = 0.0625

For t = 6 (Observation: mat)

α6(NN) = (α5(DT)× A(NN | DT))×B(mat | NN) = (0.0625× 1.0)× 0.125 = 0.0078125

Step 8: Termination

The probability of the observed sequence is:

P (O) = α6(NN) = 0.0078125

Step 9: Conclusion

The probability of the sequence “The cat sat on the mat” occurring, as per our HMM,
is approximately 0.0078. Specifically, the probability of “mat” being observed as a Noun
(NN) at position t = 6 is:

P (mat at t = 6, state = NN | O) =
α6(NN)

P (O)
=

0.0078125

0.0078125
= 1.0

This indicates that, given the model and the corpus, the word “mat” at position 6
is predicted to be a Noun with probability 1. It is importatnt to note again that the
probabilities in this example are based on the limited corpus and a simplified model, and
in a real-world scenario, smoothing techniques and larger corpora would be used to provide
more accurate estimates.
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A.2 Transformer Worked Out Example

To illustrate how a Transformer model processes natural language, we will walk through
a simplified example using the sentence “The cat sat on the mat.” This example demon-
strates the key components of the Transformer architecture, focusing on the self-attention
mechanism.

Step 1: Input Tokenization

The input sentence is tokenized into individual words (tokens):

Input tokens : [The, cat, sat, on, the, mat]

Note that tokenization in Transformers typically happens at a subword level using
techniques like Byte Pair Encoding (BPE) or WordPiece, but for simplicity, we consider
word-level tokens here.

Step 2: Token Embedding

Each token is converted into a vector representation using an embedding matrix. Let’s
denote the embeddings as x1,x2, . . . ,x6, where xi ∈ Rd, and d is the embedding dimension.

Step 3: Positional Encoding

Positional encodings are added to the token embeddings to retain positional information
since Transformers do not inherently capture sequence order. The input to the encoder
becomes:

zi = xi + pi for i = 1, . . . , 6

where pi is the positional encoding vector for position i.

Step 4: Self-Attention Mechanism

The self-attention mechanism allows the model to weigh the relevance of each token
with respect to others.

Computing Queries, Keys, and Values:

The input vectors zi are projected into queries qi, keys ki, and values vi using learned
weight matrices WQ, WK , and WV :

qi = WQzi, ki = WKzi, vi = WV zi
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Calculating Attention Scores:

The attention score between token i and token j is computed using the scaled dot-
product:

αij =
q⊤
i kj√
dk

where dk is the dimension of the key vectors.

Applying Softmax to Obtain Attention Weights:

The attention weights are obtained by normalizing the scores using the softmax func-
tion:

aij = softmax(αij) =
exp(αij)∑6
j=1 exp(αij)

Computing the Output:

Each output vector hi is calculated as a weighted sum of the value vectors:

hi =
6∑

j=1

aijvj

Simplified Example Calculation

For illustration, suppose dk = 1, and we have simplified scalar values for queries, keys,
and values:

Token i The cat sat on the mat

qi 1.2 0.8 1.0 0.5 1.1 0.9
ki 1.0 0.9 1.1 0.6 1.0 0.8
vi 0.5 0.6 0.7 0.4 0.5 0.6

Calculating Attention for Token “The” (i = 1):

α1j =
q1kj√

1
= q1kj
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Compute the scores:

α1j = [1.2×1.0, 1.2×0.9, 1.2×1.1, 1.2×0.6, 1.2×1.0, 1.2×0.8] = [1.2, 1.08, 1.32, 0.72, 1.2, 0.96]

Applying Softmax:

a1j =
exp(α1j)∑6
j=1 exp(α1j)

Compute exponentials (approximate values):

exp(α1j) ≈ [3.32, 2.95, 3.74, 2.05, 3.32, 2.61]

Sum of exponentials:

Total = 3.32 + 2.95 + 3.74 + 2.05 + 3.32 + 2.61 = 17.99

Attention weights:

a1j =

[
3.32

17.99
,

2.95

17.99
,

3.74

17.99
,

2.05

17.99
,

3.32

17.99
,

2.61

17.99

]
≈ [0.184, 0.164, 0.208, 0.114, 0.184, 0.145]

Computing Output h1:

h1 =
6∑

j=1

a1jvj = (0.184)(0.5)+(0.164)(0.6)+(0.208)(0.7)+(0.114)(0.4)+(0.184)(0.5)+(0.145)(0.6)

Calculate:

h1 = 0.092 + 0.098 + 0.146 + 0.046 + 0.092 + 0.087 ≈ 0.561

Step 5: Position-Wise Feedforward Network

Each hi is passed through a feedforward network:
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yi = ReLU(hiW1 + b1)W2 + b2

Step 6: Output of the Encoder

The outputs yi represent context-aware embeddings of the input tokens, capturing the
relationships between words.

Conclusion

This example demonstrates how the Transformer model processes the sentence “The
cat sat on the mat” using self-attention to capture contextual relationships. By computing
attention weights, the model identifies which words are most relevant to each other at each
position, enabling effective encoding of the sequence.
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Table B.1: Instances of insights from InsightBench for each category.

Dataset Cate-
gory

Insights Plot

Incident Manage-
ment

Question: What is the trend in time to
resolution (TTR) of incidents across cat-
egories?
Insight: TTR starts to increase linearly
for hardware incidents abruptly during a
particular time period.

User Management Question: What is the distribution of
reporters per Manager by Department?
Insight: The average number of repor-
tees per manager in the IT department
is significantly higher than other depart-
ments. It is 50.5 compared to 8.8 in Cus-
tomer Support, 11.6 in Finance, 12.8 in
HR , and 13.0 in Sales.

Assets Manage-
ment

Question: What is the relationship be-
tween the purchase date of assets and
their warranty periods?
Insight: There is a significant correla-
tion between purchase dates and war-
ranty periods in that the later one pur-
chases an asset the higher the warranty
which is a surprising insight.

Expense Manage-
ment

Question: What is the distribution
of processing times of expense reports
across different cost brackets?
Insight: Counter-intuitively, expenses
within lower cost brackets experience sig-
nificantly longer processing times.

Goal Management Question: How long do goals under
‘Cost Reduction’ take to achieve?
Insight: As time passes, there is an in-
crease in the time it takes to achieve ‘Cost
Reduction’ goals.
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Ground Truth Insight Insight Predicted by PandasAgent
(gpt-4o)

Insight Predicted by AgentPoirot
(gpt-4o)

Dataset Category: Incident Management

The time to resolution of inci-
dents is increasing over time

Network assignment group consistently has
longer resolution times compared to other
groups, with an average resolution time of
approximately 1074 hours.

Yes, there is a clear trend of increas-
ing incident resolution times over the
months, with the average resolution time
rising from 113.03 hours in January 2023
to 3150.86 hours in June 2024.

The increase in volume of in-
cidents is seen only for one
particular category i.e. Hard-
ware

The trend in assigned incidents varies
significantly across different assignment
groups, with the “Hardware” group having
the highest number of incidents (314), fol-
lowed by “Software” (56), “Network” (48),
“Database” (43), and “Service Desk” (39).

The category ‘Hardware’ has shown the
highest increase in the number of in-
cidents over the given period, with a total
increase of 32.0 incidents.

Dataset Category: User Management

Fred Luddy has a signifi-
cantly higher average TTR
compared to other agents

There are specific types of incidents where
the specified human agent, Fred Luddy,
consistently performs worse than others.

The absence of Howard Johnson signifi-
cantly impacts the workload and perfor-
mance of other agents, as evidenced by the
high mean resolution times, particu-
larly for Fred Luddy at 410.055 hours,
compared to other agents like Beth Anglin
at 102.210 hours.

There is no significant change
in the distribution of inci-
dent categories for Beth An-
glin and Luke Wilson during
the other agents’ PTO

During peak business hours, Luke Wilson
and Beth Anglin receive the highest num-
ber of incident assignments, while off-peak
hours show a more balanced distribution
among agents.

No specific periods identified where the
number of incidents assigned to agents sig-
nificantly increases or decreases, and no
correlation with agents’ leave periods
has been established.

Dataset Category: Asset Management

Servers and Web Servers are
the most expensive asset cat-
egories on average, followed
by computers.

Yes, there are cost outliers within spe-
cific model categories as the maximum cost
of an asset is 4786, which is significantly
higher than the 75th percentile cost of
2834.

Yes, certain model categories such as
‘Server’ and ‘Computer’ have a higher
variance in asset costs compared to oth-
ers, with variances of 4,441,227.02 and
1,063,157.44 respectively, and these cate-
gories also have relatively longer mean war-
ranty periods of 730.87 and 1,228.08 days.

There is an excessive number
of computers per user in HR
Department

Yes, in the HR department, the ’Computer’
model category has significantly higher
costs compared to other models, totaling
61215.

Yes, the HR department has a dispro-
portionately high number of Comput-
ers (19) compared to other model cate-
gories such as Web Servers (5) and Servers
(4).

Dataset Category: Finance Management

Most of the declined expenses
are belong to a few specific
users in IT Department

There is a correlation between the user sub-
mitting the expense and the likelihood of
rejection, as some expenses are declined,
indicating a rejection, while others are pro-
cessed or pending.

Yes, specific users such as Vernon Engel-
man and Helene Iberg from the IT de-
partment have higher rates of expense
rejections, particularly in the ‘Assets’ cat-
egory.

There is a linear positive
correlation between new em-
ployee’s start dates and their
expense rejection rates

There are differences in the approval
rates of expense submissions between
newer and more experienced employ-
ees, with newer employees having higher
rates of submission errors and rejections
compared to more experienced employees.

The rejection rate of expense submis-
sions tends to be higher for employees
with shorter employment durations, as
indicated by the higher rejection rates ob-
served in the initial days of employment.

Dataset Category: Goal Management

There is a uniform distribu-
tion of goal priorities in the
Finance department

There is no significant correlation between
the owner of a goal in the Finance depart-
ment and the time taken for completion.

The priority level of goals in the Fi-
nance department is relatively bal-
anced, with counts of 58 for Low, 52 for
Medium, 52 for High, and 51 for Critical
priorities.

The IT department exhibits a
higher number of both Crit-
ical and High priority goals
compared to other depart-
ments

The Marketing department has the highest
number of goals, followed by HR, IT, and
Finance.

The distribution of goal priorities
within the IT department is 56 High,
54 Critical, 10 Low, and 9 Medium, which
shows a higher concentration of High
and Critical priorities compared to
other departments.

Table B.2: PandasAgent v/s AgentPoirot. Bold text shows why an insight is a close
approximation of the ground truth insight.186



Appendix C

Prompts Used

In this section, we show all the prompts used in this work.

Prompt C.1: Prompt used for Generating New Articles

### Instruction:

You are an expert data generator tasked with synthesizing new documents

for a

summarization task. {dataset_description}

Below are some example documents and their summaries from a group in the

dataset

(group 1):

{gp1_documents}

Below are some example documents and their summaries from another group

in the dataset (group 2):

{gp2_documents}

Given the above documents , follow these instructions:

* Synthesize a new document that follows a similar format to the examples

provided.

* The document should contain {document_size }.

* The document should be coherent and relevant to the topic.

* The document should be original and not copied from the examples.

* Ensure that the document covers {alpha }% topics from group 1 and 1 - {

alpha }% topics from group 2.

* Wrap your response in the <document ></document > tags.

* Do NOT include anything else like the examples in your output.

### Response:
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Input Prompt:

Each example in the following list contains
a sentence that belongs to a category. A
category is one of the following:
music_likeness, play_music, music_settings:


sentence: next i want to hear shinedown ;

category: play_music
sentence: i am the living blues ;

category: music_likeness

sentence: open music player settings ;

category: music_settings
sentence: play hopsin from my latest

playlist ; category: play_music

sentence: i like this song ;

category:


GPT-3 Predictions:


play_music,music_likeness,music_settings,

music_likeness,music_likeness,help_command

Figure C.1: Using GPT-3 as a classifier. Given a triplet of close intents, we mix
and shuffle the multiple seed examples available for each of them. Then, we append an
incomplete line to the prompt with just the generated sentence and feed it to GPT-3
multiple times. Among the responses, we choose the most generated in-triplet intent as
the predicted intent (“music likeness” in the above example). Note: For brevity, we don’t
show all the seed examples and predictions.

Prompt C.2: Prompt used for Scoring a Generated Summary

Below is an instruction that describes a task. Write a response that

appropriately

completes the request.

### Instruction:
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Input Prompt:
Consider the task of classifying between the following
classes(along with some examples):

1. age_limit, which is about customer inquiries on
age-related restrictions for opening a bank account.
Some examples of utterances include:
- Can I get an account for my son?
- Can my teenager have an account?

2. atm_support, which is about users asking how to
use an ATM, where to find one, or any other
clarifications about a transaction at an ATM. Some
examples of utterances include:
- Is the closest ATM to me within 2 miles?
- Are there only certain ATM machines where I can
  use this card?

Generate a diverse set of 4 short utterances where
each utterance belongs 75% to age_limit and 25% to
atm_support.

Example 1:

Completions:

- Can someone under 18 open an account with unlimited
  ATM withdrawal limit?
- Can I open an account for my teenage daughter?
- Do I need to be over a certain age to use an ATM?
- Can I use my children's debit card to withdraw money
  from the ATM?

Part 1

Part 2

Figure C.2: PromptMix prompt. The demonstration highlights the two main parts
of our prompt: Part 1 shows the description and examples, and Part 2 shows the mixup
instruction. We use GPT3.5-turbo to obtain the completions. In this example, we highlight
good generations in blue and bad generations in red. Note: for brevity, we only include
two classes in the prompt.

Given the document:

{document}

Provided Summary:

{summary}
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Input Prompt:
Consider the task of classifying between the following
classes(along with some examples):

1. age_limit, which is about customer inquiries on
age-related restrictions for opening a bank account.
Some examples of utterances include:
- Can I get an account for my son?
- Can my teenager have an account?

2. atm_support, which is about users asking how to
use an ATM, where to find one, or any other
clarifications about a transaction at an ATM. Some
examples of utterances include:
- Is the closest ATM to me within 2 miles?
- Are there only certain ATM machines where I can
  use this card?

Consider the following test sentence:
1. Do I need to be over a certain age to use an ATM?

Classify the test sentence into one of the previously
described classes.

1.

Example 1:

Completions:

- atm_support

Figure C.3: Relabeling prompt. The generated sentence does not belong to the class
age limit as the main objective of the query entails an ATM support query, which is fixed
after relabeling. Note: we relabel both good and bad examples. The color in the figure is
just for demonstration purposes.

Follow these instructions when writing your response:

* On a scale of 1-10, provide a numerical rating for the provided summary

, with 10 denoting that the provided answer perfectly surmises the

main points of the document.
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* Your response should contain only the numerical rating. DO NOT include

anything else like the provided answer , the ground truth answer , or

an explanation of your rating scale in your response.

* Wrap your numerical rating inside <rating ></rating > tags.

* Check very carefully before answering.

* Follow the output format as shown in the example below:

Example response:

<rating >7</rating >

### Response:

Prompt C.3: Prompt used for Summarizing an Article in MixSumm

Below is an instruction that describes a task. Write a response that

appropriately

completes the request.

### Instruction:

You are an expert data annotator tasked with summarizing documents for a

summarization task. {dataset_description}

Below are some example documents and their summaries from a group in the

dataset (group 1):

{gp1_documents}

Below are some example documents and their summaries from another group

in the dataset (group 2):

{gp2_documents}

A document is composed of the following sentences:

{sentences}

Given the sentences above:

* You are to construct an extractive summary for the document by

selecting some sentences from above.

* The summary captures the main points of the article.

* Now , output the probability of a sentence being included in the summary

.

* Do NOT include anything else like the sentence in your output.

* Output your probabilities in the format <line id >. <probability >. Refer

to the example below:

1. 0.73

2. 0.65

3. 0.95

etc.
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### Response:

Prompt C.4: Prompt used for Extracting Questions from Data

SYSTEM MESSAGE:

You the manager of a data science team whose goal is to help stakeholders

within your company extract actionable insights from their data.

You have access to a team of highly skilled data scientists that can

answer complex questions about the data.

You call the shots and they do the work.

Your ultimate deliverable is a report that summarizes the findings and

makes hypothesis for any trend or anomaly that was found.

PROMPT:

### Instruction:

Given the following context:

<context >{ context}</context >

Given the following goal:

<goal >{goal}</goal >

Given the following schema:

<schema >{ schema}</schema >

Instructions:

* Write a list of questions to be solved by the data scientists in your

team to explore my data and reach my goal.

* Explore diverse aspects of the data , and ask questions that are

relevant to my goal.

* You must ask the right questions to surface anything interesting (

trends , anomalies , etc.)

* Make sure these can realistically be answered based on the data schema.

* The insights that your team will extract will be used to generate a

report.

* Each question should only have one part , that is a single ’?’ at the

end which only require a single answer.

* Do not number the questions.

* You can produce at most {max_questions} questions. Stop generation

after that.

* Most importantly , each question must be enclosed within <question ></

question > tags. Refer to the example response below:

Example response:

<question >What is the average age of the customers?</question >
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<question >What is the distribution of the customers based on their age?</

question >

### Response:
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Prompt C.5: Prompt used for Generating and Executing code for answering a Question

PROMPT:

Given the goal:\n

{goal}

Given the schema :\n

{schema}

Given the data path:\n

{database_path}

Given the list of predefined functions in cba.tools module and their

example usage:\n\n

{function_docs}

Give me the python code required to answer this question "{ question }" and

put a comment on top of each variable .\n\n

Make a single code block for starting with ‘‘‘python

Do not produce code blocks for languages other than Python.

Import cba.tools at the beginning.

You must only use the predefined functions mentioned above to make the

plot.

You must generate one single simple plot and save it as a jpg file.

For the plot , save a stats json file that stores the data of the plot.

For the plot , save a x_axis.json and y_axis.json file that stores a

maximum of 50 of the most important x and y axis data points of the

plot , respectively.

Save each json file using the cba.save_json function

For the json file must have a "name", "description", and "value" field

that describes the data.

The content of the json file should be less than 4500 characters

Call the fix_fnames function in cba.tools at the end of your code.

End your code with ‘‘‘.

Output code:\n
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Prompt C.6: Prompt used for Generating Diverse Follow-up Questions based on the pre-
vious answer

SYSTEM:

You the manager of a data science team whose goal is to help stakeholders

within your company extract actionable insights from their data.

You have access to a team of highly skilled data scientists that can

answer complex questions about the data.

You call the shots and they do the work.

Your ultimate deliverable is a report that summarizes the findings and

makes hypothesis for any trend or anomaly that was found.

PROMPT:

Hi, I require the services of your team to help me reach my goal.

<context >{ context}</context >

<goal >{goal}</goal >

<schema >{ schema}</schema >

<question >{ question}</question >

<answer >{ answer}</answer >

Instructions:

* Produce a list of follow up questions explore my data and reach my goal

.

* Note that we have already answered <question > and have the answer at <

answer >, do not include a question similar to the one above.

* Explore diverse aspects of the data , and ask questions that are

relevant to my goal.

* You must ask the right questions to surface anything interesting (

trends , anomalies , etc.)

* Make sure these can realistically be answered based on the data schema.

* The insights that your team will extract will be used to generate a

report.

* Each question that you produce must be enclosed in <question >content </

question > tags.

* Each question should only have one part , that is a single ’?’ at the

end which only require a single answer.

* Do not number the questions.

* You can produce at most {max_questions} questions.
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Prompt C.7: Prompt used for Generating only one type of Follow-up Questions based on
the previous answer

SYSTEM:

You the manager of a data science team whose goal is to help stakeholders

within your company extract actionable insights from their data.

You have access to a team of highly skilled data scientists that can

answer complex questions about the data.

You call the shots and they do the work.

Your ultimate deliverable is a report that summarizes the findings and

makes hypothesis for any trend or anomaly that was found.

PROMPT:

Hi, I require the services of your team to help me reach my goal.

<context >{ context}</context >

<goal >{goal}</goal >

<schema >{ schema}</schema >

<question_type >{ question_type }</question_type >

<question >{ question}</question >

<answer >{ answer}</answer >

Instructions:

* Produce a list of follow -up questions to explore my data and reach my

goal.

* Note that we have already answered <question > and have the answer at <

answer >, do not include a question similar to the one above.

* Explore diverse aspects of the data , and ask questions that are

relevant to my goal.

* You must ask the right questions to surface anything interesting (

trends , anomalies , etc.)

* Make sure these can realistically be answered based on the data schema.

* The insights that your team will extract will be used to generate a

report.

* The question has to adhere to the type of question that is provided in

the <question_type > tag

* The type of question is either descriptive , diagnostic , prescriptive ,

or predictive.

* Each question that you produce must be enclosed in <question >content </

question > tags.

* Each question should only have one part , that is a single ’?’ at the
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end which only require a single answer.

* Do not number the questions.

* You can produce at most {max_questions} questions.
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Prompt C.8: Prompt used for Interpreting the Solution

PROMPT:

### Instruction:

You are trying to answer a question based on information provided by a

data scientist.

Given the context:

<context >

You need to answer a question based on information provided by a data

scientist.

</context >

Given the goal:

<goal >{goal}</goal >

Given the question:

<question >{ question}</question >

Given the analysis:

<analysis >

<message >

{message}

</message >

{insights}

</analysis >

Instructions:

* Based on the analysis and other information provided above , write an

answer to the question enclosed with <question ></question > tags.

* The answer should be a single sentence , but it should not be too high

level and should include the key details from justification.

* Write your answer in HTML -like tags , enclosing the answer between <

answer ></answer > tags , followed by a justification between <

justification ></justification > tags.

* Refer to the following example response for the format of the answer

and justification.

Example response:

<answer >This is a sample answer </answer >

<justification >This is a sample justification </ justification >

### Response:
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Prompt C.9: Prompt used for Selecting the best Question based on previously asked
questions and the goal

SYSTEM MESSAGE:

You the manager of a data science team whose goal is to help stakeholders

within your company extract actionable insights from their data.

You have access to a team of highly skilled data scientists that can

answer complex questions about the data.

You call the shots and they do the work.

Your ultimate deliverable is a report that summarizes the findings and

makes hypothesis for any trend or anomaly that was found.

PROMPT:

Hi, I require the services of your team to help me reach my goal.

<context >{ context}</context >

<goal >{goal}</goal >

<prev_questions >{ prev_questions_formatted }</prev_questions >

<followup_questions >{ followup_questions_formatted }</ followup_questions >

Instructions:

* Given a context and a goal , select one follow up question from the

above list to explore after prev_question that will help me reach my

goal.

* Do not select a question similar to the prev_questions above.

* Output only the index of the question in your response inside <

question_id ></question_id > tag.

* The output questions id must be 0-indexed.

"""
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Prompt C.10: Prompt used for Summarizing the Insights

SYSTEM_MESSAGE:

You the manager of a data science team whose goal is to help stakeholders

within your company extract actionable insights from their data.

You have access to a team of highly skilled data scientists that can

answer complex questions about the data.

You call the shots and they do the work.

Your ultimate deliverable is a report that summarizes the findings and

makes hypothesis for any trend or anomaly that was found.

PROMPT:

Hi, I require the services of your team to help me reach my goal.

<context >{ context}</context >

<goal >{goal}</goal >

<history >{ history}</history >

Instructions:

* Given a context and a goal , and all the history of <question_i ><

answer_i > pairs from the above list generate the 3 top insights that

will help me reach my goal.

* Output each insight within this tag <insight ></insight >.
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Prompt C.11: Prompt used for generating the synthetic data for non-controllable elements
of an incidents dataset.

gpt_fields = [" short_description", "assignment_group "]

field_info = "\n".join(

[

"<field >"

+ f"<name >{f}</name ><type >{ col_info[f][’type ’]}</type >"

+ (

f"<choices >{ col_info[f][’choices ’]}</choices >"

if "choices" in col_info[f]

else ""

)

+ "</field >"

for f in gpt_fields

]

)

prompt = f"""

Create a fake ServiceNow incident by generating realistic values for the

following fields:

<fields >

{gpt_fields}

</fields >

Here are the types of each of these fields and the permitted values:

<field_info >

{field_info}

</field_info >

Produce a json dictionnary with a single value for each of these fields.

Make sure to respect allowed values and use their full diversity.

Example:

{{" short_description ": "My laptop is broken "}}

Respond with the json only.

"""

valid_data = []

while len(valid_data) < num_samples:

try:
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completion = client.chat.completions.create(

model ="gpt -4-turbo",

messages =[

{

"role": "system",

"content ": "You ’re going to help me generate

simulated data that looks like it really came from ServiceNow Glide

tables.",

},

{"role": "user", "content ": prompt},

],

)

incident = json.loads(completion.choices [0]. message.content)

# Validate values

assert set(gpt_fields) == set(incident.keys())

for f in gpt_fields:

if "choices" in col_info[f]:

assert incident[f] in col_info[f][" choices "]

# Accept it

valid_data.append(incident)

print(f"... {len(valid_data)} / {num_samples }")

except:

print ("... invalid value , trying again ")

Prompt C.12: Prompt used for LLaMA-3-Eval Scores

SYSTEM:

You are a high school teacher evaluating student responses to a question.

You are tasked with grading the response based on how well it

answers the question. You are to provide a numerical rating for how

well the response answers the question based on the ground truth

answer.

PROMPT:

Below is an instruction that describes a task. Write a response that

appropriately completes the request.

### Instruction:

Provided Answer:

{answer}

Ground Truth Answer:

{gt_answer}
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Follow these instructions when writing your response:

* On a scale of 1-10, provide a numerical rating for how close the

provided answer is to the ground truth answer , with 10 denoting that

the provided answer is the same as ground truth answer.

* Your response should contain only the numerical rating. DONOT include

anything else like the provided answer , the ground truth answer , or

an explanation of your rating scale in your response.

* Wrap your numerical rating inside <rating ></rating > tags.

* Check very carefully before answering.

* Follow the output format as shown in the example below:

Example response:

<rating >7</rating >

### Response:
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Prompt C.13: Prompt used for many-to-many LLaMA-3-Eval Scores

SYSTEM:

You are a high school teacher evaluating student responses to some

questions. Before scoring their answers , you need to first match each

ground truth answer with the most appropriate answer provided by the

student.

PROMPT:

Below is an instruction that describes a task. Write a response that

appropriately completes the request.

### Instruction:

Predicted Answers:

{pred_list}

Grouth Truth Answers:

{gt_list}

For each ground truth answer above , provide the index of the most

appropriate predicted answer (1-indexed).

Each line must contain a single integer value denoting the id of the

matched prediction.

If there is no appropriate prediction for a ground truth answer , write

-1.

Check very carefully before answering.

### Response:
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Input Prompt:
Below is an instruction that describes a task.
Write a response that appropriately completes
the request.

Text to summarize:
1. <Line 1 of the input text>
2. <Line 2 of the input text>
3. <Line 3 of the input text>
.
.
N. <Line N of the input text>

For each sentence in the input text, output
the probability of it appearing in the
summary such that the summary captures the key
points of the text. Output in the format
<line id>. <probability>.

Response:

1. 0.9
2. 0.1
3. 0.8
.
.
N. 0.2

(a) Generating pseudo-labels. We attach a line ID to each sentence in the input document
and instruct the LLM to use those line IDs in its response.

Input Prompt:
Below is an instruction that describes a task.
Write a response that appropriately completes
the request.

Text to summarize:
<Input Conversation/Text to Summarize>

Summary:
<Summary to evaluate>

Provide a rating between 0-100 based on the
following criteria:

1)The summary should be concise...
2)The summary should capture ...
3)The summary should be extractive, i.e.,..
4)The response should be strictly numerical.

Check very carefully before giving your rating.

Response:

85

Part 1

Part 2

(b) Scoring pseudo-labels. The two-part prompt contains a text and summary pair (Part 1),
and a list the evaluation criteria (Part 2). Note: Refer to Section 5.1.4 for complete details on
the evaluation criteria.

Figure C.4: Different prompts used in the experiments.
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Input Prompt:
Below is an instruction that describes a task.
Write a response that appropriately completes
the request.

Text to summarize:
1. <Line 1 of the input text>
2. <Line 2 of the input text>
3. <Line 3 of the input text>
.
.
N. <Line N of the input text>

For each sentence in the input text, output
the probability of it appearing in the
summary such that the summary captures the key
points of the text. Output in the format
<line id>. <probability>.

Response:

1. 0.9
2. 0.1
3. 0.8
.
.
N. 0.2

(a) Generating pseudo-labels. We attach a line ID to each sentence in the input document
and instruct the LLM to use those line IDs in its response.

Input Prompt:
Below is an instruction that describes a task.
Write a response that appropriately completes
the request.

Text to summarize:
<Input Conversation/Text to Summarize>

Summary:
<Summary to evaluate>

Provide a rating between 0-100 based on the
following criteria:

1)The summary should be concise...
2)The summary should capture ...
3)The summary should be extractive, i.e.,..
4)The response should be strictly numerical.

Check very carefully before giving your rating.

Response:

85

Part 1

Part 2

(b) Scoring pseudo-labels. The two-part prompt contains a text and summary pair (Part 1),
and a list the evaluation criteria (Part 2).

Figure C.5: Different prompts used in the experiments.206



PROMPT =

"""

You are a linguist who is analyzing the sentence. Please provide the

number of descriptive action verbs (DAVs), interpretive action verbs

(IAVs), state verbs (SVs), and adjectives (ADJs) in the sentence.

### Instructions:

Given a sentence:

{sentence}

### Task:

* Output the number of descriptive action verbs (DAVs), interpretive

action verbs (IAVs), state verbs (SVs), and adjectives (ADJs).

* Do not generate anything else in your output.

* Follow the format below:

<dav >number of DAVs </dav >

<iav >number of IAVs </iav >

<sv >number of SVs </sv >

<adj >number of ADJs </adj >

### Response:

"""

Figure C.6: Prompt used to obtain the number of occurrences of four linguistic categories
(DAVs, IAVs, SVs, and ADJs) in a lyric line.
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In this study , we aim to investigate the inspirational quality of song

lyrics and poetic lines. Our objective is to understand how

individual lyrics or poetic lines can influence a creative person. By

‘‘inspiration ," we refer to how these lines emotionally impact

individuals and stimulate new creative ideas.

You will be shown 200 lines in total. Each line will be shown separately.

Please take a moment to read each line and provide your rating based

on its inspirational quality. We are interested in the potential of

these lines to inspire creativity , rather than their grammatical

correctness.

Please note that there are no right or wrong answers; we value your

subjective impressions. Your feedback will help us understand how

different lines of lyrics resonate with people.

The study is expected to take approximately 30 to 40 minutes. If you have

to leave before you are done , you can resume the session using the

same access code. Thank you for your participation!

Figure C.7: Guidelines presented to the eight human labelers.

208



PROMPT = """

You are a linguist who studies the notion of creative inspiration in the

context of lyric lines.

### Instructions:

Given the following lines that belong to a "inspiring" category:

{interesting_lines}

Given the following lines that belong to a "not inspiring" category:

{not_interesting_lines}

And given the test sentence:

{sentence}

### Task:

* Predict whether the test sentence belongs to the "interesting" or "not

interesting" category.

* Predict 0 for "not inspiring" and 1 for "inspiring ".

* Enclose your rating between <pred ></pred > tags.

* Do not generate anything else in your output.

* By inspiring , we refer to how these lines emotionally impact an artist

and stimulate new creative ideas.

* Follow the format below:

<pred >1</pred >

### Response:

"""

Figure C.8: Prompt used to classify a lyric line with LLaMA-3-70b.
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PROMPT = """

"### Instructions:

You are provided with some text and your task is to classify it into one

of the following emotions (each mapped to an ID):

<emotion_map >

{emotion_mapping}

</emotion_map >

<input_text >

{text}

</input_text >

Follow these instructions when writing your response:

* Output the ID and name of the emotion from the list above that best

fits the input text.

* Your response should contain only the numerical id and the name of the

emotion. DONOT include anything else like the input text or the

emotion map.

* Wrap the name of the predicted emotion within <emotion ></emotion > tags.

* Wrap the id of the predicted emotion within <emotion_id ></emotion_id >

tags.

* Check very carefully before answering.

* Follow the output format as shown in the example below:

Example response:

<emotion >confusion </emotion >

<emotion_id >7</ emotion_id >

### Response:

"""

Figure C.9: Prompt used to classify a lyric line into one of 29 emotion categories with
LLaMA-3-70b.
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PROMPT = """

You are a linguist who is analyzing the poetic imagery of a given textual

expression.

### Instructions:

Given the expression:

"{ sentence }"

### Task:

* Provide a rating between 1-5 on how much poetic imagery the expression

has.

* You must enclose your rating between <rating ></rating > tags.

* Do not generate anything else in your output.

* Follow the format below:

<rating >3</rating >

### Response:

"""

Figure C.10: Prompt used to measure poetic imagery of a lyric line.
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"""

You are a linguist who is analyzing the poetics of a textual expression.

### Instructions:

PROMPT =

"""

Given the expression:

"{ sentence }"

### Task:

* Provide a rating between 1-5 on how banal or cliche the poetic

expression in the provided text is.

* A rating of 5 indicates a highly banal or cliche expression , while a

rating of 1 indicates a unique or original expression.

* For instance , "echoes will linger" is a banal expression , compared to "

i’ll hide the answers in the sky".

* You must enclose your rating between <rating ></rating > tags.

* Do not generate anything else in your output.

* Follow the format below:

<rating >3</rating >

### Response:

"""

Figure C.11: Prompt used to measure banality of a lyric line.
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PROMPT = """

You are a linguist who is analyzing the poetics of a textual expression.

### Instructions:

Given the expression:

"{ sentence }"

### Task:

* Provide a rating between 1-5 on how much energy or emotional depth the

concepts in the expression have.

# For instance , expressions with words like "sea", "sky", "mercy" usually

tend to have higher perceived energy due to the depth in those words

.

* The notion of energy also covers diction and symbolism.

* You must enclose your rating between <rating ></rating > tags.

* Do not generate anything else in your output.

* Follow the format below:

<rating >3</rating >

### Response:

"""

Figure C.12: Prompt used to measure word energy of a lyric line.
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