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Abstract

Large Language Models (LLMs) exhibit impressive capabilities in crucial tasks such as
natural language understanding, generation, and complex reasoning, holding the poten-
tial to significantly influence our society. Nevertheless, these capabilities are accompa-
nied by substantial computational and memory demands, underscoring the pressing need
to devise effective techniques that address their efficiency challenges. This thesis inves-
tigates a spectrum of optimization methodologies aimed at improving the efficiency and
performance of LLMs. It first explores two principal paradigms, token pruning, which dy-
namically reduces redundant computation during inference, and knowledge distillation,
which transfers knowledge from a larger teacher model to a smaller, more efficient stu-
dent. Both techniques target efficiency, seeking to minimize resource consumption while
maintaining competitive performance. Beyond these compression-oriented strategies, the
thesis also examines a complementary dimension of optimization: architectural refine-
ment. This line of inquiry focuses on enhancing model performance through minimal yet
strategically chosen structural modifications. Rather than compressing or accelerating
models, these methods aim to optimize their representational and inductive capacities via
subtle, computationally economical adjustments, such as introducing gating mechanisms,
reparameterizing attention, or altering normalization strategies. The unifying principle
is that small architectural interventions can yield measurable improvements in general-
ization, robustness, and accuracy. Collectively, these approaches illuminate a broader
understanding of LLM optimization—one that spans both efficiency-driven compression
and performance-driven architectural enhancement—demonstrating that thoughtful de-
sign at multiple levels of abstraction can lead to more capable and resource-conscious
language models.

Keywords — artificial intelligence, natural language processing, large language models,
knowledge distillation, token pruning, model optimization, architectural refinement,
efficiency, generalization, robustness.
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Chapter 1

Introduction

Over the last few years, large language models (LLMs) have redefined the landscape of
natural language processing (NLP), achieving unprecedented performance across a wide
spectrum of tasks including question answering, summarization, reasoning, and dialogue
generation. These models, built upon the transformer architecture, have demonstrated
remarkable generalization and linguistic fluency, bringing us closer to the goal of ma-
chines that can understand and generate human language with human-like sophistica-
tion. Yet, the extraordinary success of LLMs comes at a considerable cost: their training
and inference require substantial computational resources, high memory consumption,
and large-scale data. These demands pose critical challenges for sustainability, scalabil-
ity, and deployment in real-world environments.

This thesis addresses these challenges by exploring strategies for optimizing LLMs
across three complementary dimensions: efficiency, architecture, and knowledge transfer.
Specifically, it investigates how selective computation, architectural refinement, and dis-
tillation can lead to models that are both computationally lighter and more semantically
powerful. The central hypothesis guiding this research is that efficiency and performance
need not be mutually exclusive; rather, by carefully designing mechanisms that prioritize
relevance, structure, and interpretability, it is possible to achieve language models that
are simultaneously faster, smaller, and more accurate.

The first line of research focuses on efficiency through dynamic token selection. We
introduce PRUNEPERT, a method that augments pretrained language models with a
pruning layer to identify and retain only the most salient tokens during inference. This
approach substantially reduces computation while maintaining, and in some cases im-
proving, model accuracy. In parallel, we investigate knowledge distillation by introducing
the ACE-ATTORNEY framework. In particular, we demonstrate how LLMs can serve as
teachers to generate synthetic training data (SYN-LEQA) and train smaller, domain-
specialized student models. These students not only rival their teachers in performance
but also achieve significant reductions in runtime, parameter count, and carbon foot-
print.

Beyond token pruning and distillation the thesis explores optimization through ar-
chitectural refinements, starting with semantic augmentation. In particular, we pro-



pose a framework for biomedical summarization that integrates domain-specific semantic
graphs—such as Abstract Meaning Representations (AMRs) and event structures—directly
into transformer decoders. By aligning linguistic content with formal semantics, our
models achieve greater factual accuracy and informativeness without increasing compu-
tational overhead. This line of inquiry illustrates how structural and representational
enhancements can complement compression techniques, emphasizing that performance
gains can also emerge from better design rather than larger scale. Additionally, we
develop DEARWATSON, an annotate-then-generate framework for abstractive dialogue
summarization that explicitly models utterance relevance before generation. DEARWAT-
SON achieves new state-of-the-art performance and enhances interpretability by allowing
the model to justify its outputs through relevance markers. The final contributions of this
thesis investigate multimodal reasoning as pathways to sustainable and socially aware
NLP. More precisely, MEMEWEAVER introduces a graph-based reasoning approach for
detecting sexism and misogyny in memes, combining visual and textual cues into a uni-
fied learning structure. These models underscore the versatility of efficient architectures
and highlight the potential for applying optimization principles to socially impactful
applications.

Collectively, these contributions advance a unified vision of LLM optimization—one
that bridges compression, architecture, and interpretability. They demonstrate that
intelligent design choices at multiple levels of abstraction can yield models that are
not only computationally efficient but also semantically robust and transparent. The
remainder of this chapter introduces the theoretical and methodological background
underpinning this work, beginning with an overview of natural language processing and
the transformer paradigm.

1.1 Natural Language Processing

Natural Language Processing (NLP) stands as a central pillar of Artificial Intelligence
(AI), focusing on enabling machines to understand, interpret, and generate human lan-
guage in a meaningful way. Positioned at the intersection of computer science, compu-
tational linguistics, and machine learning, NLP seeks to bridge the gap between human
communication and computational logic Min et al. [2024].

Over the past decade, the field has witnessed a remarkable transformation driven by
deep learning methodologies that have redefined the boundaries of machine understand-
ing. From early architectures such as recurrent neural networks (RNNs) Sherstinsky
[2018] and convolutional neural networks (CNNs) Gu et al. [2018] to the emergence of
transformer-based frameworks Vaswani et al. [2017a], the evolution of NLP has been
characterized by both architectural innovation and scalability. These models have en-
abled systems to capture intricate semantic dependencies and contextual relationships,
yielding near-human performance in tasks such as sentiment analysis, question answer-
ing, text summarization, and translation Zhou et al. [2023a].

Parallel to algorithmic advancements, the rapid improvement in computational hard-
ware—particularly GPUs and TPUs—has catalyzed the training of increasingly complex



and capable language models Ignat et al. [2023]. This synergy between hardware and
model design has led to an era of unprecedented progress in language generation systems,
where the line between machine-produced and human-produced text continues to blur.
Such advances have proven especially influential in tasks like text summarization, offer-
ing new frameworks for balancing efficiency, coherence, and informativeness in generated
content.

1.1.1 Transformers and Pretrained Language Models

The transformer architecture represents a paradigm shift in NLP, fundamentally altering
how models process and generate language. Introduced by Vaswani et al. [2017a], the
transformer’s attention-centric design replaced sequential computation with paralleliz-
able mechanisms that better capture global dependencies. Variants such as encoder-only
BERT Devlin et al. [2019b] and decoder-only GPT Radford et al. [2019b] demonstrate the
versatility of this architecture, each optimized for distinct tasks and training paradigms.

Within text summarization, transformers facilitate a more profound understanding
of linguistic structure and contextual flow. Unlike traditional extractive summarization,
which merely selects representative sentences from source documents, transformer-based
models enable abstractive summarization—synthesizing new sentences that concisely
express the original meaning Yadav and Shukla [2021]. This represents a major step
toward genuinely generative models capable of mimicking the human summarization
process, where the output reflects both semantic fidelity and linguistic fluency Yang
et al. [2019].

Building on this foundation, pretrained language models (PLMs) have redefined the
modern NLP landscape. By training on vast corpora through self-supervised objectives
such as masked language modeling Sinha et al. [2021] or autoregressive prediction Rad-
ford et al. [2019b], PLMs acquire broad linguistic and contextual representations that
can be efficiently fine-tuned for downstream applications Qiu et al. [2020]. Architectures
like BART Lewis et al. [2020a] and T5 Raffel et al. [2020] exemplify the encoder-decoder
paradigm, combining comprehension and generation capabilities to achieve state-of-the-
art results across summarization, translation, and dialogue generation tasks Liu and
Lapata [2019a].

Interestingly, even decoder-only models—originally designed for autoregressive gen-
eration—have recently demonstrated strong performance in summarization and other
comprehension tasks, further blurring the distinction between model types Wang et al.
[2023a]. This trend underscores an ongoing evolution toward general-purpose large lan-
guage models (LLMs) that unify multiple NLP capabilities within a single, scalable
architecture.

1.1.2 Transformer Models and Their Computational Complexity

Transformer-based models have revolutionized natural language processing by using self-
attention to capture long-range dependencies. However, a well-known drawback is the
quadratic time and memory complexity of the self-attention mechanism with respect to



sequence length. Given an input sequence of length N, a standard Transformer must com-
pute attention weights for NxN token pairs at each layer, leading to O(N?) operations.
This quadratic growth becomes a major bottleneck when processing long documents or
deploying large models (e.g. BERT, GPT, T5) in real-time systems. In practice, many
state-of-the-art large language models (LLMs) use contexts of hundreds or thousands of
tokens, making inference latency and memory usage problematic for long inputs.

Importantly, not every token in a long sequence contributes equally to the model’s
output Pan et al. [2024a]. In fact, research has observed that many tokens become
redundant after being processed by a few Transformer layers. In other words, some token
representations are “encoded” or contextualized early, such that further attention to
them yields diminishing returns. This insight suggests an opportunity: if one can identify
and remove less informative tokens partway through the model, the overall computation
can be reduced without significantly impacting accuracy. This idea — reducing sequence
length on the fly — underpins token pruning strategies. By eliminating redundant tokens
during inference, we can alleviate the quadratic cost of attention on long sequences
and even potentially improve focus on the remaining relevant tokens. Token pruning
thus directly targets the chief scalability issue of Transformers (their sequence length
dependence) by dynamically shortening the effective input length.

1.1.3 Thesis Organization

This main core of thesis is organized into 4 chapters that progressively explore efficiency
optimization techniques for large language models through token pruning, knowledge
distillation, and architectural modifications.

Chapter 2 establishes the theoretical and methodological foundations of token pruning
in transformer-based language models. We begin with model compression techniques for
transformers, followed by a comprehensive definition and taxonomy of token pruning ap-
proaches. The chapter surveys existing token pruning methodologies, including heuristic-
based methods, reinforcement learning-based approaches, differentiable and learnable
pruning methods, and prompt-level compression techniques for LLMs. We then present
PRUNEPERT which introduces top-k selection methods and differentiable text pruning
via perturbation, providing both theoretical analysis and experimental validation.
Chapter 3 investigates knowledge distillation as a complementary efficiency technique.
After defining the taxonomy of knowledge distillation, we examine the challenges inher-
ent in distilling knowledge from large language models and review existing distillation
methodologies, including response-based, feature-based, and relation-based approaches,
as well as self-distillation and adversarial techniques. The chapter culminates in our
work ACE-ATTORNEY which demonstrates how knowledge distillation can enhance le-
gal question answering systems by transferring capabilities from large models to more
efficient ones while maintaining performance.

Chapter 4 explores optimization through minimal architectural modifications to large
language models. We present three distinct approaches: first, COGITOERGOSUMM in-
troduces abstractive summarization of biomedical papers using semantic parsing graphs
and consistency rewards. Second, DEARWATSON develops abstractive dialogue summa-

4



rization techniques for learnable relevance assessment. Finally, MEMEWEAVER addresses
the specialized task of meme graph reasoning for detecting sexism and misogyny, demon-
strating how targeted architectural enhancements can improve model performance on
complex, multimodal tasks.

Chapter 6 concludes the thesis by synthesizing the key findings across token pruning,
knowledge distillation, and architectural optimization. We discuss the broader impli-
cations of our work for the development of efficient large language models and outline
promising directions for future research in model efficiency and optimization.



Chapter 2

Token Pruning

2.1 Model Compression Techniques for Transformers

Before focusing on token pruning specifically, it is useful to situate it among the broader
landscape of Transformer model compression and acceleration techniques. A variety of
approaches have been explored to make large Transformer models more efficient:

e Weight Pruning: Removing unnecessary parameters (individual weights or en-
tire neurons) to sparsify the model. This can be unstructured (pruning arbitrary
weights) or structured (pruning whole attention heads, feed-forward blocks, or
layers). By zeroing out less important weights, weight pruning reduces model
size and can yield speedups on specialized hardware, though unstructured sparsity
often provides limited speedup on general accelerators.

e Quantization: Reducing the numerical precision of model parameters and com-
putations. For example, converting 32-bit floating point weights to 8-bit or 4-bit
integers cuts memory usage and can increase inference speed by using efficient
low-bit matrix multiplication. Modern Transformer deployments frequently use
quantization (including 8-bit or 4-bit weight quantization) to accelerate inference
with minimal loss in accuracy.

o Knowledge Distillation: Training a smaller student model to imitate the outputs
(or internal representations) of a large teacher model. Distillation leverages the
teacher’s knowledge to guide the smaller model, often achieving performance close
to the original model but with far fewer parameters. Notable examples include
DistilBERT and MiniLM, which compress large pretrained models into lighter
ones by matching logits or attention patterns.

e Low-Rank Factorization: Approximating the large weight matrices with lower-rank
decompositions. Techniques like matrix factorization or singular value decompo-
sition (SVD) reduce the number of parameters by exploiting low-rank structure,
thereby cutting down computation in linear layers.



e Sparse or Memory-Efficient Attention: Modifying the Transformer architecture to
avoid quadratic attention on all pairs of tokens. Examples include sparse attention
models like Longformer and BigBird that restrict each token’s attention to a subset
of tokens (local neighborhoods, global tokens, or random subsets) to achieve linear
complexity. Similarly, Linformer and Reformer use projections or hashing to reduce
the effective sequence length in attention calculation. These architecture changes
trade off some modeling flexibility for significant improvements in scalability.

Each of the above techniques tackles efficiency from a different angle (parameter
sparsity, numerical precision, etc.). Token pruning stands out by addressing sequence
length directly — it dynamically shortens the input per instance during inference. In con-
trast to static model pruning or architecture redesign, token pruning adaptively removes
tokens in response to the input content. This makes it a particularly powerful approach
for speeding up inference in scenarios where some inputs contain a lot of irrelevant or
redundant tokens (e.g. long documents with filler text, or conversations with off-topic
turns). Token pruning can also be complementary to the other compression techniques.
For example, one could first apply weight pruning or quantization to shrink a model, and
then further apply token pruning at runtime for additional speedup. In the following,
we focus on token pruning in depth: its definition, varieties, challenges, and the methods
that have been developed to implement it.

2.2 Definition and Taxonomy of Token Pruning

Token pruning is a dynamic model compression strategy that selectively removes tokens
from the input sequence as the model processes it, in order to reduce computation while
maintaining performance Jianhong [2025]. Unlike static architectural pruning, which
would, say, remove entire layers or neurons and apply to all inputs permanently, token
pruning operates at inference time and can make different decisions for each input. The
goal is to identify tokens that are least important for the model’s prediction and prune
them out, so that subsequent layers do not waste resources on them. By decreasing
the sequence length on the fly, token pruning directly reduces the number of attention
computations and feed-forward operations required in later layers.

Formally, we can imagine a token pruning module that, at certain points in the
Transformer (often after each layer or after a group of layers), examines the sequence of
token representations and drops a subset of them based on some criterion. The pruned
tokens are effectively omitted from further computation (in hard pruning), or in some
cases their information might be merged or retained in a reduced form (in soft pruning,
discussed below). Token pruning is typically applied during inference, but it may be
configured or learned during the training phase on a downstream task. There are several
ways to categorize token pruning methods. One useful taxonomy is based on how tokens
are pruned and how adaptive the process is.

e Hard vs. soft pruning: In hard token pruning, selected tokens are entirely re-
moved from the sequence — they will not be attended to or processed in subsequent
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layers. This yields direct computational savings, since those tokens contribute no
further, but it risks losing information if a pruned token was actually important.
In soft token pruning, by contrast, tokens are not completely discarded; instead,
their representations might be down-weighted or merged with others Kong et al.
[2022]. For example, a pruned token’s vector could be added into a neighboring
token’s vector, or a gate could simply reduce its influence to near-zero. Soft prun-
ing retains a shadow of the token’s information, potentially mitigating accuracy
loss at the cost of smaller computational savings, since the token is still processed
in some form, albeit perhaps with reduced dimension or effect.

e Static vs. adaptive pruning: Static token pruning methods use the same
pruning configuration for all inputs. For instance, a static approach might always
prune every sequence down to a fixed length (e.g. keep the first 128 tokens of every
input), or drop tokens with attention scores below a fixed threshold, regardless of
the input content. In contrast, adaptive token pruning methods decide which
tokens to prune based on the token’s estimated importance for that particular
input instance Mahmood et al. [2021]. Adaptive methods often employ learnable
gating mechanisms, dynamic thresholds, or other data-dependent criteria to tailor
the pruning decisions to each sequence. Almost all modern token pruning research
focuses on adaptive approaches, since the optimal number of tokens to keep can
vary greatly between inputs (a short sentence vs. a long paragraph) and contexts.

e Compression combination: Some approaches are hybrid, combining token prun-
ing with other compression techniques. For example, a hybrid method might per-
form token pruning and knowledge distillation, training a smaller model on the
outputs of a larger model that uses token pruning. Another hybrid strategy is
to combine token pruning with structured weight pruning or quantization. An
example of this is assigning different tokens different bitwidth precision: a recent
approach by Yang et al. assigns each token either 8-bit, 4-bit, or “0-bit” (dropped
entirely) based on its importance as measured by attention probabilities. This ef-
fectively merges token pruning with quantization: unimportant tokens are pruned
(0-bit, no computation), while important tokens are kept at higher precision. Such
hybrid schemes aim to maximize efficiency gains by attacking multiple bottlenecks
(both sequence length and parameter cost) simultaneously.

These categories are not mutually exclusive. For instance, most hard pruning meth-
ods are also adaptive, and many modern techniques incorporate some learnable com-
ponent even if they start from a heuristic. The key dimensions to note are whether a
method prunes tokens completely or partially, and whether the pruning decisions are
predetermined or learned on the fly.



2.3 Challenges in Token Pruning

While token pruning is a promising approach for accelerating Transformers, it introduces
several challenges and trade-offs that researchers must address:

e Accurate token importance estimation: The core problem is deciding which
tokens to prune without performing an expensive exhaustive search. Determin-
ing each token’s importance to the final prediction is non-trivial. Many early
approaches used proxies like attention scores or simple statistics to rank token
importance, but these can be noisy or unreliable indicators in some cases. More
advanced methods learn a separate module or policy to estimate token importance,
but that itself must be efficient. The challenge is to compute token saliency in a
way that is both accurate and cheap. If importance is misestimated (pruning a
crucial token or keeping many unimportant ones), the model’s performance can
suffer.

e Discrete decisions and differentiability: Removing tokens is a discrete opera-
tion, a token is either kept or dropped. This discreteness makes it hard to integrate
pruning decisions into the standard training process, which relies on backpropaga-
tion of gradients, which assume differentiable operations. A significant challenge
has been how to train models to prune tokens. Many solutions resort to Rein-
forcement Learning (RL) or other gradient-free methods to learn a token selection
policy. However, RL training is often slow and complex, requiring careful reward
design and convergence of an additional policy network. Other approaches relax
the discrete selection into a continuous approximation. For instance, using a soft
mask or the Gumbel-Softmax trick to allow gradients to flow. While such dif-
ferentiable relaxations enable end-to-end training, they often introduce their own
issue.

e Achieving Actual Sparsity: Closely related to differentiability is the challenge
of inducing actual runtime sparsity. Some methods use soft pruning during train-
ing, they learn to attenuate or mask tokens, but do not physically remove them
until inference. For example, a model might learn continuous gates for tokens and
during training simply down-weight certain token embeddings. If at test time those
with gate < 0.5 are dropped, there is a train—test gap introduced: the model never
experienced tokens being completely missing during training. This gap can lead to
performance drops when the hard pruning is applied. Moreover, if a method never
truly removes tokens during training, the computational benefits only materialize
at inference; the training process itself remains as expensive as the original model.
Ensuring that a pruning approach yields actual speedups (and not just theoretical
sparsity) often requires special techniques or hardware support. Without care-
ful engineering, the overhead of making pruning decisions (e.g. sorting tokens by
importance every layer) can eat the gains obtained from processing fewer tokens.

e Balancing efficiency and accuracy: Any aggressive pruning of tokens risks
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omitting information that could be important for the task, thus hurting model ac-
curacy. One challenge is finding the right trade-off that gives significant speedup
with minimal performance loss. In tasks requiring fine-grained understanding (e.g.
reading comprehension, named entity recognition, machine translation), even to-
kens that seem minor could alter the prediction if removed Xu et al. [2022]. Many
token pruning methods indeed observe a drop in metrics when high pruning rates
are used. The art is to prune just the “redundant” parts while retaining the es-
sential context. Some solutions involve gradually pruning, e.g. removing a small
percentage of tokens at multiple intermediate layers instead of a large percentage
all at once, to allow the model to adjust and minimize damage. Others impose
a cap on how much of the sequence can be pruned or use budget-aware schemes
that allocate more tokens to harder examples. Ensuring that efficiency gains do
not come at an unacceptable cost to accuracy is a central concern in this research.

Generalization and adaptability: A token pruning strategy tuned for one set-
ting might not generalize to others. For example, a method developed on classifi-
cation tasks might struggle on generation tasks if it prunes tokens that are later
needed for decoding. Domain shifts (e.g. from news text to scientific text) can also
break heuristic importance metrics. The challenge is to make token pruning poli-
cies robust across tasks and domains. Adaptive methods that learn from data can
adjust to new domains better than fixed heuristics, but they may still have biases.
Recent research has noted that hybrid approaches (combining multiple criteria or
having learnable components) tend to be more resilient to domain shifts. Never-
theless, evaluating token pruning methods on a wide range of tasks is important
to ensure they don’t overfit to the idiosyncrasies of a particular dataset.

Implementation complexity: Finally, deploying token pruning in real systems
can be challenging. Unlike static pruned models (which are fixed and can be opti-
mized once), token pruning requires modifying the model’s execution dynamically
per input. Many deep learning frameworks assume a fixed computation graph
and sequence length for efficiency. Pruning tokens means that the sequence length
may shrink layer by layer, which is not a typical scenario for libraries. This may
require custom operations or breaking batches into irregular sizes. There is over-
head in doing so, and naive implementations might not actually speed up if they
can’t leverage the GPU effectively. Specialized kernels or runtime support are of-
ten needed to reap the full benefits. For example, pruning 50% of tokens should
ideally halve the compute, but if done without careful memory management, those
savings might not be realized. Thus, integrating token pruning into transformer
frameworks and hardware in an optimal way is an engineering challenge.

In summary, token pruning introduces a complex optimization problem: it must
choose a subset of tokens that preserves the model’s output, do so efficiently and ideally
differentiably, and integrate with training and inference pipelines. Over the past few
years, a variety of methods have been proposed to tackle these challenges, as we discuss
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2.4 Token Pruning Methodologies

A rich body of work has emerged exploring different methodologies for token pruning.
These can be broadly categorized by the approach used to decide which tokens to prune.
From simple heuristics to fully learned policies, as well as methods focusing specifi-
cally on prompt compression for LLMs and hybrid strategies. We review each category
and highlight key representative works, including methods from both NLP and related
domains (vision, multi-modal) where applicable.

2.4.1 Heuristic-Based Token Pruning Methods

Early token pruning techniques relied on predefined heuristics or rules to identify unim-
portant tokens. These methods do not add new trainable parameters; instead, they
use some metric derived from the model’s internal states (often attention scores or to-
ken dynamics) to make pruning decisions at inference time. A straightforward heuristic
is based on Transformer attention weights: since attention mechanisms compute how
strongly each token attends to others, one can assume that tokens receiving consistently
low attention are less important. POWER-BERT Goyal et al. [2020] is a seminal example
that uses attention-based metrics to drop tokens. In POWER-BERT, the model progres-
sively prunes a fraction of tokens at each layer based on their attention scores. This
method, removes tokens whose absence least affects the next layers, thereby reducing
overall computation in a layerwise manner. It achieves decent inference speedups with
minimal fine-tuning, but since it uses a fixed pruning schedule across all inputs, it may
under-prune easy examples or over-prune difficult ones.

Another heuristic method is Learned Token Pruning (LTP) Kim et al. [2022]. Despite
the word ”Learned” in its name, LTP initially derives a token importance score from
attention like the heuristic methods, and then prunes tokens whose scores fall below
a learned threshold at each layer. It automates the search for the optimal per-layer
pruning percentages by introducing a differentiable thresholding mechanism during fine-
tuning. Essentially, LTP still relies on attention values to rank tokens, but it learns
the cutoff values for those attention scores that decide pruning, rather than using a
manually set threshold. This allows it to adapt the pruning aggressiveness to the task
and layer. LTP avoids expensive top-k sorting by using threshold masks, which makes it
computationally cheap at inference. Experiments showed LTP can improve throughput
by roughly 2x with only a minor drop in accuracy (often j1%) on tasks like GLUE,
outperforming earlier static methods.

A related rule-based approach is to use token entropy or representational change
across layers. The intuition is that if a token’s hidden state does not change much from
one layer to the next (low entropy or low variance), the model has already extracted
what it needs from that token. Such a token could be safely removed or merged without
affecting final predictions. Some methods monitor token embeddings over layers and
drop those that become “inactive.” This was explored, for example, in the context of
efficient object detection with vision transformers, where tokens (image patches) that
had little feature change were pruned early. Entropy-based pruning serves as another
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simple criterion that does not require additional training, though it may be task-specific
to determine a proper threshold.

A very simple heuristic baseline is fixed-length or position-based pruning. For in-
stance, always truncating inputs to the first k tokens (or some mix of head/tail tokens)
is a crude pruning strategy that ensures a fixed sequence length. Similarly, one might
remove tokens like stop-words or punctuation across the board. While these methods
can yield speedups and are trivial to implement, they are not adaptive and often signifi-
cantly hurt accuracy for tasks requiring the pruned information. For example, truncating
a document to 512 tokens might ruin a summarization task if the conclusion lies beyond
that cutoff. Thus, fixed pruning is usually only used as a baseline to illustrate the need
for more intelligent adaptive methods.

Heuristic methods have also been extended beyond NLP. In the vision domain, an
analogue of token pruning is patch pruning for Vision Transformers (ViTs). For example,
one approach prunes image patches by analyzing multi-head attention maps in ViTs.
Patches that receive consistently low attention from all other patches can be dropped as
they likely correspond to uninformative regions in the image. Such methods, like Luo
et al. [2022b], apply the same attention-score threshold idea in each layer of a ViT to
progressively reduce the number of patches processed. This demonstrates the generality
of attention-based heuristics: whether in text or images, attention scores can signal token
or patch importance. However, pure heuristic approaches (in both NLP and vision) are
fundamentally limited by the fact that they are not learned from data — the criteria are
hand-designed. As a result, they may not capture subtle notions of importance, and
they often prune in a greedy manner without considering global sequence context or the
end-task objective.

2.4.2 Reinforcement Learning-Based Approaches

To overcome the limitations of fixed heuristics, some researchers have posed token prun-
ing as a sequential decision-making problem that can be solved with RL. In these meth-
ods, a policy is trained to dynamically choose which tokens to keep or drop, typically
with a reward that encourages efficiency (fewer tokens) while preserving model accuracy.
TR-BERT Ye et al. [2021b] is a prime example that uses an RL formulation. TR-BERT
introduces a policy network that at each step (or each layer of the Transformer) decides
whether each token should remain or be removed, treating it as a multi-step decision
process. The policy is trained with reinforcement learning, where it receives a reward
based on the final task performance and the computational cost saved. For instance, the
reward might be high if the model’s accuracy remains high and the number of tokens is
low, and penalized if accuracy drops too much or too many tokens are kept. Through
many training episodes, the policy learns which tokens can be dropped with minimal
impact. This approach was shown to find non-trivial pruning strategies that outperform
simple heuristics, and it can adapt the pruning dynamically per input.

However, RL-based methods come with their own challenges. They require a separate
training loop, often nested outside the normal model training, to train the policy, which
can be time-consuming. Designing the reward function and ensuring stable convergence
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of the RL training is also non-trivial. TR-BERT’s authors had to carefully balance
the reward to avoid degenerate solutions (e.g., trivially keeping all tokens to maximize
accuracy, or pruning too much to maximize speed reward). Moreover, the learned policy
may not generalize outside the conditions it was trained on, and RL methods can be
data-hungry.

Another RL-based approach in the literature is from the Length-Adaptive Trans-
former (LAT) framework Kim and Cho [2020], which predates some of these methods.
Instead of using attention scores, LAT used a controller trained (with policy gradients
or evolutionary strategies) to choose a pruning configuration for each input, i.e., how
many tokens to keep at each layer. In effect, it learns to dynamically adjust the sequence
length as a function of the input. While this shares the same motivation as TR-BERT,
the formulation may differ in whether decisions are token-level or layer-level.

Reinforcement learning allows the model to explore combinations of token drops that
a greedy heuristic might miss. For example, a heuristic might never drop a particular
token type because its score is marginally above threshold, but an RL policy might learn
that dropping it in conjunction with another token still yields a correct answer and more
overall savings. Despite these advantages, RL approaches have fallen somewhat out of
favor in recent years for token pruning, mainly due to their complexity and the rise of
differentiable alternatives. They remain an important part of the historical development,
demonstrating that learned policies can outperform static rules in token selection. In
practice, the extra training overhead is a consideration: RIL-based pruning might be
more suitable when extremely high efficiency is required and one is willing to invest in
complex training, whereas simpler methods might suffice for moderate speedups.

2.4.3 Differentiable and Learnable Pruning Methods

A major trend in recent work is to make token pruning differentiable, integrating the
pruning decisions into the end-to-end training of the model. The goal is to allow gradient-
based learning to directly optimize which tokens to prune, rather than relying on external
criteria or separate RL loops. These methods introduce learnable modules (such as small
classifiers or gating functions) into the Transformer that produce a score or decision for
each token, indicating its importance. The challenge of non-differentiability is often
addressed by using soft continuous relaxations of the pruning operation during training.

One line of work uses soft masking: each token is given a learnable continuous-valued
gate g; between 0 and 1, which multiplies the token’s representation. A value of g; = 0
would effectively remove the token, while g; = 1 keeps it. During training, the gates
are treated as differentiable parameters, and a regularization term encourages many
gates to drop to 0 promoting sparsity. At inference, any token whose gate falls below
a threshold is pruned (hard decision). AdapLeR Modarressi et al. [2022b] follows this
paradigm: it trains lightweight per-layer contribution predictors that output something
akin to g; for each token, and uses a soft-removal mechanism to gradually eliminate
low-contributing tokens. At the start, all tokens are present; as the model trains, the
contribution predictors learn which tokens can be given less weight. The soft removal is
implemented in a way that the model can learn without a sudden drop of tokens, thus
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avoiding a large shock to the network. By the end of training, many tokens have g;
near 0 and can be pruned out, yielding a speedup. AdapLeR showed that this learned
gating approach can achieve better accuracy-speed trade-offs than static rules, because
the model itself learns which tokens it truly needs for the task. It is fully differentiable
(no RL needed), aside from the non-differentiable final thresholding of gates.

Another prominent method is Pyramid-BERT Huang et al. [2022a], which takes a
slightly different approach grounded in core-set selection theory. Pyramid-BERT aims
for a principled way to choose a subset of tokens that best represents the whole sequence
(a “core-set”). It formulates token selection as a d-covering problem and uses a k-Center
greedy algorithm to pick tokens such that every token not chosen is within some ra-
dius ¢ in embedding space of a chosen token. This selection is done in a parallelizable
manner with exponentially decaying number of tokens per layer (hence the “pyramid”
— gradually shrinking the sequence length as layers go up). The important aspect is
that Pyramid-BERT integrates this selection into end-to-end fine-tuning of BERT with-
out needing auxiliary losses or RL. Essentially, at each layer it solves an optimization
(greedy approximation of k-center) to drop tokens, and the model is fine-tuned knowing
this will happen. This is not gradient-based in the usual sense (the selection step is a
combinatorial algorithm), but it is deterministic and built into the training loop. By
the end, the model has a fixed schedule of token counts per layer, significantly reducing
complexity. Pyramid-BERT achieved solid results, showing that even without learning
new parameters for pruning, one can use a theoretically grounded selection strategy to
guide pruning in a training-aware way. One limitation is that the method is relatively
complex and tailored to encoder models; it doesn’t straightforwardly extend to decoder
or encoder-decoder models because it fixes a pyramid structure of pruning.

An influential development in differentiable pruning is the introduction of differen-
tiable Top-k or sorting operators. Normally, selecting the top-k tokens by some score
(like attention or a learned score) is non-differentiable. Some works have addressed
this by creating smooth approximations to the top-k operation. Petersen et al. [2022]
proposed a perturbation-based relaxation for selecting image patches (tokens). They
added random noise to patch importance scores and used continuous approximations so
that the selection of top patches became differentiable on average. This idea was later
adapted to NLP token pruning by studies that wanted to avoid RL. However, a drawback
observed was that while the selection could be made differentiable during training, the
method did not enforce hard sparsity. In particular, many tokens would get fractional
inclusion rather than being strictly dropped, so additional steps were needed to produce
a final pruned model.

2.4.4 Prompt-Level Compression for LLMs

With the advent of very large language models and the focus on long-context tasks,
a special category of token pruning has emerged, prompt or context compression for
LLMs. In scenarios like few-shot prompting or long document QA, a large model might
be given thousands of tokens of context (e.g. a long prompt with examples or a user’s
conversation history). Processing all these tokens through every layer of the model is

14



extremely expensive. Prompt-level compression methods aim to pre-process or compress
the input context by pruning or abstracting tokens before or outside the main LLM, so
that the LLM receives a shorter, but information-rich, prompt.

One notable work is LLMLingua Jiang et al. [2023c|, which introduces a coarse-
to-fine prompt compression pipeline tailored for generative LLMs. LLMLingua uses a
small auxiliary selector model to iteratively prune tokens from the prompt while trying to
retain the key information needed by the big model. It consists of following components:
(i) a perplexity-based budget controller that decides how many tokens can be removed
while still keeping the prompt understandable to the LLM, (ii) an iterative token-level
pruning mechanism that repeatedly removes the least important tokens (as measured
by how much they increase perplexity or some loss if dropped), and (iii) a distribution
alignment module that adjusts the smaller selector model’s judgments to account for the
big LLM’s differing vocabulary or style. The distribution alignment is important because
a small model might not value information the same way a huge LLM does, so they align
the representations to avoid the small model pruning something that the big model would
consider important. Using this framework, LLM Lingua was able to compress prompts
to extreme degrees (keeping only, say, 10% of tokens) and still have the large model
generate outputs that preserve the essential content. This was demonstrated in tasks
like long text summarization and story generation. By selectively dropping tokens from
the prompt, they achieved large speedups in LLM inference with minimal change in the
generated text’s meaning.

An extension of this is LLMLINGUA-2 Pan et al. [2024b], which further improved
prompt compression by introducing a learnable reward model to guide the compression.
Instead of just using perplexity and heuristic alignment, LLMLingua-2 trains a reward
function that explicitly scores how faithful a compressed prompt is to the original (for
example, whether an answer generated with the compressed prompt would be the same
as with the full prompt). This reward model, combined with a length budget, allows the
system to adaptively decide which tokens to keep under strict length limits. Essentially, it
casts prompt compression as a constrained optimization. In particular, maximize fidelity
under a token budget, with a learned model predicting fidelity. This method achieved
even higher fidelity summaries under compression, making it viable to compress prompts
for very strict length constraints (e.g. compressing a 2000-token prompt to 200 tokens
for a GPT-style model) with only minor loss in output quality. LLMLingua-2 represents
a convergence of token pruning with ideas from distillation and reinforcement learning.

Another approach targeting LLM context is ICAE Ge et al. [2024]. ICAE takes
an autoencoder perspective, it trains a small encoder (context compressor) that prunes
or compresses the input by encoding it into a shorter sequence, and a corresponding
decoder (corrector) module inside the large model that can reconstruct or utilize that
compressed representation. In practice, [CAE’s encoder might drop tokens that it deems
unimportant and output a compacted sequence of “content tokens,” and the large model
is augmented with a decoder that can interpret those content tokens as if they were the
full input. The corrector ensures that even if some tokens were pruned, the model can
infer or restore missing details when needed. This two-stage framework (compress then
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reconstruct) allows aggressive pruning without permanent information loss. Anything
pruned can potentially be guessed by the large model’s corrector if it was predictable
from context. ICAE showed strong results on tasks like long text classification and QA,
achieving efficient inference by substantially shortening the context given to the LLM,
while preserving task-critical information through the autoencoder mechanism.

Prompt-level compression techniques are essentially token pruning applied externally
or at the input level of LLMs, often using a separate smaller model to do the pruning.
This is attractive because it means one does not need to modify the large model’s
architecture (which might be frozen, as in API-provided models like GPT-4). Instead,
you have a smart preprocessing step that feeds a shorter prompt to the LLM. The
small compressor model can often be trained cheaply or even be a fine-tuned version
of a medium-sized model like GPT-2 or T5. These approaches have strong connections
to classic techniques like summarization or sentence compression, but they optimize
specifically for use with LLMs, maintaining not just gist but also the factual or task-
specific details the LLM needs.

2.4.5 Hybrid and Multi-Stage Methods

Finally, some methods are hybrids that combine elements of the above categories or
perform pruning in multiple stages. The motivation for hybrid approaches is to leverage
the strengths of different methods and offset their weaknesses. For example, a hybrid
approach might use a fast heuristic to do an initial coarse pruning and then a learned
module for fine-grained decisions on the remaining tokens. This two-stage strategy can
save computation (by quickly removing obviously unimportant tokens with a cheap rule)
and then apply more expensive or accurate techniques on the borderline cases.

A form of hybridization can be combining token pruning with standard model prun-
ing or distillation. For instance, one might first apply knowledge distillation to train
a smaller Transformer, and also equip it with a token pruning mechanism, effectively
compressing the model in two dimensions (parameters and sequence length). As refer-
enced in Jianhong [2025], some works combine token and weight pruning to maximize
speedup. Token pruning saves computation in self-attention (which depends on sequence
length), while weight pruning saves compute in feed-forward layers and reduces mem-
ory. Together, they can substantially cut overall FLOPs. Empirical results suggest that
doing both can be beneficial and that the two techniques don’t completely overlap in
effect. The challenge in hybrid pruning is ensuring that the combined approach doesn’t
excessively harm accuracy. For example, pruning weights might make the model more
fragile to token removal, so it requires careful tuning or multi-task objectives to balance.

In some cases, hybrid refers to methods that integrate multiple criteria for pruning.
Instead of relying on a single metric like attention or a single learned module, a hybrid
method might, for example, prune tokens that are low-attention and have low gradient
norms, or some combination of signals. The intuition is to be more robust, if a token
is unimportant by several measures, we can be more confident in pruning it. While not
many works explicitly advertise such multi-criterion pruning, researchers have explored
related ideas like using both attention scores and MLM prediction confidence to decide
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token importance. One concrete example of a multi-step hybrid approach is Leap-of-
Though Kim et al. [2023], although primarily it addresses reasoning with truncated
contexts, it references combining early exiting with token reduction. Early exit (layer-
wise stopping of computation for easy inputs) can be combined with token pruning
(reducing length for parts of the input), creating a joint policy where at any layer some
tokens may finish processing (exit) while others continue. This kind of approach blurs
the line between layer skipping and token skipping and is at the frontier of efficient
inference research.

In summary, hybrid methods underscore that token pruning need not be a standalone
technique, it can be part of a larger system of optimizations. By mixing heuristic and
learned decisions, or merging token pruning with other compression methods, one can
often achieve better efficiency without sacrificing as much accuracy. The trade-off, of
course, is added complexity in design and tuning.

Moving forward, token pruning stands as an important piece in the puzzle of mak-
ing huge models more efficient. It complements techniques like sparse attention (which
handles very long sequences by design) by allowing models to adaptively concentrate
compute on informative parts of the input. As LLMs continue to grow and be deployed,
we expect token pruning and prompt compression techniques to become increasingly
relevant. They provide a form of conditional computation, the model uses full capac-
ity only for the tokens that need it, saving work on others. This is aligned with the
broader trend in deep learning toward conditional and adaptive computation to handle
varying input complexities efficiently. In conclusion, the background and literature on
token pruning reveal a progression from simple static rules to sophisticated learned and
hybrid strategies. Each class of methods addresses certain challenges. Heuristics are
simple and fast but limited, RL-based methods were more flexible but costly, and dif-
ferentiable methods offer a direct integration into training, which now seems the most
promising path. Prompt-level methods extend these ideas to the new domain of large
context LLMs. The background presented here lays the foundation for understanding
the innovative approaches explored in this thesis. The following chapters will build on
these concepts, diving into our proposed methodologies and how they improve upon the
state of the art in token pruning for LLMs.

2.5
Read Between the Tokens: Differentiable Text Pruning via
Perturbed Top-% Selection

Originally published as: Paolo Italiani, Luca Ragazzi, and Gianluca Moro. Read between the
tokens: Differentiable text pruning via perturbed top-k selection. IEEE/ACM Transactions on Audio,

Speech, and Language Processing, 2026b
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Abstract

Transformer-based pretrained language models (PLMs) face scalability issues due to
their computational expense, which increases with the length of the input sequence, and
often struggle to maintain focus on relevant information. To mitigate this, we intro-
duce PRUNEPERT, a novel model featuring a learnable mechanism that identifies and
removes uninformative tokens from the context. By doing so, our method not only
addresses performance concerns but also enhances interpretability, offering valuable in-
sights into the tokens utilized in the model’s decision-making process. Specifically, our
approach employs a differentiable perturbed top-k token selection module within the
transformer layers to prune a user-defined percentage of tokens. It can be integrated
with any downstream PLMs, allowing them to be trained end-to-end using backprop-
agation. We demonstrate the application of PRUNEPERT in text summarization and
classification tasks, utilizing both encoder—decoder PLMs and contemporary decoder-
only large language models. Notably, our findings reveal that models equipped with
PRUNEPERT achieve up to 2x higher throughput and exhibit comparable performance
in text summarization, while demonstrating superior performance in text classification
tasks.

2.5.1 Introduction

Pretrained language models (PLMs) have demonstrated remarkable efficacy across di-
verse natural language processing (NLP) tasks, including representational activities like
text classification Sun and et al. [2023] to generative ones such as summarization Li
et al. [2024a]. Despite these significant performance gains, PLMs often require substan-
tial computational resources, posing challenges for deployment in real-world settings with
low-memory GPUs Moro and Ragazzi [2022a, 2023]. The high computational demand
of PLMs is primarily due to the self-attention mechanism, which scales quadratically
with sequence length. This becomes particularly burdensome when processing long
texts Beltagy et al. [2020a], Moro et al. [2023f].

It is important to note that not all elements of the input text are equally signifi-
cant Goyal et al. [2020]. As tokens pass through the model layers, some are effectively
encoded early on, rendering further processing redundant Rogers et al. [2021]. As a
result, removing these redundant tokens through token pruning can improve the model’s
efficiency. Additionally, focusing model training on the most relevant text segments can
enhance overall performance.

Over the years, various approaches have been introduced to advance research on
token pruning in NLP. However, these solutions typically suffer from at least one of the
following drawbacks: (i) They rely on reinforcement learning, which necessitates defining
ad-hoc loss functions and undergoing an additional training phase Ye et al. [2021a]. (ii)
The module responsible for selecting crucial tokens depends on heuristics derived from
attention scores and remains static, lacking the ability to learn Goyal et al. [2020], Luo
et al. [2022a]. (iii) They focus solely on accelerating the inference phase, ignoring the
training stage Yang et al. [2023]. (iv) They prioritize efficiency at the expense of model
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accuracy Anagnostidis et al. [2023].

To this end, we propose PRUNEPERT (Figure 2.1), a methodology that extends PLM
architectures with a token-pruning layer. Specifically, we incorporate a differentiable
perturbed top-k token selection mechanism within the transformer layers, aiming to
identify a user-defined percentage of important input tokens in an end-to-end learning
process. This method allows the model to process fewer input tokens, thereby enhancing
the efficiency, interpretability, and accuracy of PLMs Moro et al. [2024b]. We test our
solution on two different NLP tasks: text summarization and classification. Through
rigorous evaluations and ablation studies, we demonstrate that our solution generates
coherent and informative summaries comparable to state-of-the-art baseline. Moreover,
it achieves a 2x speed-up in computational time. When applied to the classification task,
it yields up to a 2 percentage point improvement in the F1 score.

A conference version of this thesis was accepted at the Findings of the 62nd Annual
Meeting of the Association for Computational Linguistics (ACL 2024) Ragazzi et al.
[2024b]. In this manuscript, we extend our previous work by integrating a text clas-
sification task using four diverse datasets. We also implement PRUNEPERT on several
large language models (LLMs) and introduce ablation studies. Furthermore, we conduct
in-depth comparative experiments and expand the validation of our method. The main
enhancements are detailed as follows:

e We assess the results on multiple classification datasets: BooLQ Clark et al. [2019]
for reading comprehension, BEAVERTAILS Ji et al. [2023] for safety alignment,
ANLI Nie et al. [2020] for language understanding, and IMDB Lan et al. [2016]
for sentiment analysis.

e We implement PRUNEPERT on three recent LLMs: MISTRAL-7B Jiang et al.
[2023a], LLAMA-3-8B, GEMMA-7B Team and Mesnard [2024].

e We compare PRUNEPERT against two state-of-the-art token pruning techniques.

e We propose four architectural variants, each designed to improve the token scoring
and selection mechanisms.

e We conduct ablation studies on the impact of hyperparameters related to the differ-
entiable top-k token selection module, showing their effect on overall performance.
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e Finally, we perform additional experiments and analyses on text summarization
tasks.

2.5.2 Related Work

We begin by reviewing related research on token pruning techniques. Next, we discuss the
downstream tasks selected for this study, including text summarization and classification.

2.5.2.1 Token Pruning

Preliminary strategies to reduce the computational demands of transformers, including
those with linear complexity Beltagy et al. [2020a], Huang et al. [2021] and extract-
then-abstract pipelines Moro et al. [2023b], Ragazzi et al. [2025], primarily focus on
eliminating non-essential tokens by leveraging attention scores. PoOWER-BERT Goyal
et al. [2020] and LTP Kim et al. [2022] use a scoring mechanism derived from atten-
tion scores to selectively discard tokens based on their influence on subsequent com-
putations. Extending this strategy to Vision Transformers (ViTs), Luo et al. [2022a]
identify and prune tokens by analyzing attention scores and combining insights from
multiple attention heads. Furthermore, Yang et al. [2022] assigns quantization preci-
sion levels to tokens (i.e., 0 bit, 4 bit, and 8 bit) based on their assessed significance,
which is measured by their attention probabilities. Despite the promising results and
widespread adoption, these techniques are fundamentally based on predefined heuristics.
Consequently, we propose exploring an alternative approach that involves autonomously
learning the token selection module. In this vein, Pyramid-BERT Huang et al. [2022D]
introduces a theoretically grounded d-cover core-set selection, solved via a parallelizable
k-Center greedy algorithm with exponentially decaying per-layer lengths, enabling fixed-
size end-to-end fine-tuning without auxiliary losses. AdapLeR Modarressi et al. [2022a]
trains lightweight per-layer Contribution Predictors and employs a novel soft-removal
masking function to gradually prune low-contributing tokens throughout the network.
TR-BERT Ye et al. [2021a] treats token reduction as a multi-step challenge that can
be solved through reinforcement learning, incorporating an additional loss function to
optimize rewards. In contrast, Cordonnier et al. [2021] implement an end-to-end token
selection strategy that avoids additional losses by using perturbation. This method, al-
though differentiable, lacks sparsity. Innovatively, Sander et al. [2023] introduce the first
differentiable and sparse top-k operator using p-norm regularization. However, these
pruning-based approaches are limited to encoder-only architectures, restricting their ap-
plicability to generative tasks. In contrast, LLMLINGUA Jiang et al. [2023b] is designed
for generative LLMs, introducing a coarse-to-fine prompt compression framework that
combines a perplexity-based budget controller, an iterative token-level pruning mech-
anism, and distribution alignment to retain key content under extreme compression
ratios, while also addressing distribution mismatch between the target LLM and the
small language model used for prompt compression. LLMLINGUA-2 Pan et al. [2024D]
improves upon its predecessor by introducing a length-bounded adaptive compression
framework guided by a learnable reward model, enabling high-fidelity token selection
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under strict length constraints. ICAE Ge et al. [2024] introduces an iterative compres-
sion and expansion framework where a small selector model prunes non-essential tokens
and a corrector module reconstructs the original input, enabling efficient inference while
preserving task-critical information.

2.5.2.2 Scientific Document Summarization (SDS)

To address the challenge of processing long inputs posed by lengthy scientific arti-
cles, prior work has relied on various solutions. These include linear attention mech-
anisms Beltagy et al. [2020a], Phang et al. [2023], segmentation-based techniques Gidi-
otis and Tsoumakas [2020], and marginalization-enhanced decoding Moro et al. [2022a,
2023¢]. SDS has traditionally concentrated on creating technical summaries, such as
abstracts. For example, Cohan et al. [2018] developed a method that uses a hierarchical
encoder to capture the discourse structure of texts, along with an attentive discourse-
aware decoder to facilitate summary generation. Similarly, An et al. [2021b] enhanced
summarization techniques by integrating information from the source document and its
referenced materials using a graph-based citation model.

In recent years, there has been a shift within the scientific community towards broad-
ening the scope of text summarization to include text simplification. This paradigm shift
has prompted the development of new datasets and methods aimed at bridging this gap
between complex and simplified text summarization. A notable initiative in this domain
is the LaySumm task Chandrasekaran [2020], which utilizes a corpus of 572 articles
featuring author-generated lay summaries from diverse disciplines such as Materials Sci-
ence, Archaeology, Hepatology, and Artificial Intelligence. Zaman et al. [2020] have
contributed to this field by automatically retrieving simplified and condensed versions of
articles from the Eureka Alert website. They amassed a dataset of 5204 instances from
journals including PLOS-ONE, Nature Communication, and Scientific Reports. Addi-
tionally, Cachola et al. [2020] have proposed a novel approach to extreme summarization
that focuses on distilling the core elements of texts while omitting detailed methodologi-
cal descriptions. Furthermore, Guo et al. [2021a] compiled a significant collection of 6695
pairs of systematic reviews and their corresponding plain-language summaries from the
Cochrane Database of Systematic Reviews, further enriching the resources available for
research in this area.

2.5.2.3 Text Classification

Text classification is a task aimed at categorizing text into predefined categories, like
sentiment polarity or topic. Earlier probabilistic approaches explored Markov chain-
based methods for in-domain and cross-domain sentiment classification Domeniconi et al.
[2015a]. Later, neural models employing character-based convolutional networks (CNNs)
were introduced to capture local dependencies Zhang et al. [2015], Conneau et al. [2017].
To better capture long-term dependencies and higher-level textual features, long short-
term memory networks were adopted due to their ability to maintain and update cell
states over longer sequences. The integration of attention mechanisms by Wang et al.
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[2016] facilitated the effective extraction of pivotal information from the entire text, re-
gardless of its spatial position, by dynamically focusing on relevant parts of the input
sequence. Building on these advancements, Yang et al. [2016] introduced a hierarchical
architecture that allows for sentence-level attention focus, improving the model’s ability
to capture hierarchical structures in text. In parallel, ensemble-based strategies have
been explored to improve model robustness and cross-domain generalization, even in
distinct fields such as bioinformatics Moro and Masseroli [2021]. To address the com-
plexity and parameter count of these models, Joulin et al. [2017] proposed a streamlined
approach using a basic linear model with a hidden layer, leveraging n-gram features and
hierarchical softmax to enhance computational efficiency.

The introduction of PLMs, which consist of hundreds of millions of parameters and
are pretrained on extensive corpora containing billions of tokens, has significantly ad-
vanced the field of NLP by enabling more accurate and efficient text representations Ad-
hikari et al. [2019], Reimers and Gurevych [2019a]. More recently, the forefront of su-
pervised text classification has been dominated by LLMs, which leverage vast amounts
of data and complex architectures to achieve superior performance. Research indicates
that LLMs consistently outperform traditional machine learning techniques across vari-
ous classification tasks. Their robust generalizability allows them to adapt to new tasks
without further training, making them highly versatile Brown et al. [2020]. To fur-
ther optimize these models, they can be fine-tuned on the entire training corpus. This
method enhances their performance and aligns more closely with traditional small lan-
guage model frameworks, providing better task-specific adaptations Chae and Davidson
[2023]. Several recent studies highlight the practical applications of LLMs: Tornberg
[2023] utilized LLMs for classifying political messages on Twitter; Gilardi et al. [2023D)]
applied them to relevance and topic detection; and Huang et al. [2023a] leveraged LLMs
for hate speech classification.

2.5.3 Method

We first provide the necessary theories and key methodologies essential for understanding
our PRUNEPERT solution.

2.5.3.1 Preliminary

PRUNEPERT can be seamlessly integrated into any transformer-based architecture Vaswani
et al. [2017b], including encoder-only, decoder-only, or encoder—decoder models. To en-
sure a comprehensive understanding, we describe our method within the context of
encoder—decoder solutions. The model consists of an encoder E = {e1,...,er} and a
decoder D = {dy,...,dr}, each comprising a stack of L identical layers. The encoder
E(-) transforms the input sequence of symbols = = (r1,...,7|;|) into a series of contin-
uous representations hy, = {hp1,..., hL7|x\} e Rlzlxd effectively capturing the input’s
contextual information, where d is the number of hidden dimensions. Using these repre-
sentations, the decoder D(-) generates the output sequence y = {y1,...,y|,) in an au-
toregressive manner, where each token is generated sequentially based on the previously
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FIGURE 2.2. PRUNEPERT architecture. In this example (for encoder—-decoder models), the number of
selected tokens is k£ = 3 and the number of perturbed copies is u = 4.

generated tokens. Each encoder layer e; includes a self-attention module (SELF-ATT)
and a feedforward network module (FFN), both connected through residual connections
and layer normalization (LN):

m;_; = LN (hi—l + SELF-ATT (hi—l)) ,

(2.1)
h; = LN (m;_; + FFN (m;_1)) .

Additionally, the decoder D(-) incorporates a cross-attention module (CROSS-ATT)
between the SELF-ATT and FFN modules, performing multi-head attention over the
encoder’s output hy, which enables the decoder to effectively attend to and integrate
contextual information from the entire input sequence.

ci—1 = LN (m’i,l + CROSS-ATT (m'i,l, hL)) , (2.2)

where m’;_; is the output of decoder’s SELF-ATT after being processed by LN and
summed with the residual connection.

2.5.3.2 Perturbed Token Pruning

We present PRUNEPERT (see Figure 2.2), a model that employs token-level pruning in
the encoder through a differentiable perturbed top-k£ module. Our approach facilitates
end-to-end training without the need for auxiliary losses.

Model Architecture Our model uses a transformer to leverage the knowledge em-
bedded in PLMs. Within the encoder F, we incorporate a scorer network Sy and a
token selection module 7, where ¢ € R? denotes the trainable parameters of S, which
are the only additional parameters introduced by our method. These components are
positioned between layers e; and e;4; of E, with [ as a hyperparameter.

The continuous token representations h; are input into Sy, which calculates relevance
scores T = Sy(h;) € RI*l for each token in the input sequence z. Then, the token
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selection module 7', a discrete operator, identifies the indices i = 7(r) € [1,|z|]* of
the k& most salient tokens.! These indices i must be sorted in ascending order (i.e.,
i} <1i, <i,41 < ig) to maintain the original sequence order of the hidden states.

Conceptually, if one imagines a large tensor containing all token embeddings, the
relevant embeddings could be efficiently extracted through a single matrix multiplication
operation. To facilitate this extraction, each index i, is represented as a |z|-dimensional
one-hot vector I,. These vectors compile into the matrix I = Iy,...,I; € 0,1*xk,
Consequently, the pruned hidden states h; are derived by multiplying the transpose of
I, denoted as I", with h;.

Differentiable Top-k The token selection module 7 is inherently non-differentiable,
preventing the backpropagation of gradients necessary to adjust the parameters ¢ of
the scorer network S. To enable the differentiation of this module and facilitate the
learning of ¢, we adopt the perturbed maximum method as outlined in Berthet et al.
[2020], which allows gradients to flow through the non-differentiable selection process.
The forward pass of this method is defined as follows:

I, =E |argmax(I,rl' +0Z)|, (2.3)
IeC

where r17 € RI#IXF represents the scores replicated k times, o is a hyperparameter that
controls the impact of the noise introduced during the selection process, and C represents
the constraint set, defined as follows:

C={IeRFXk1,,>0,1TT=1,

11<1, Y alyge < > bl Vk* <K'} (2.4)
aclla]] bellel]

The condition 1'I = 1 ensures that each column in the matrix I sums to 1, guar-
anteeing that exactly one token is selected per column. The requirement for ordered i
indices is upheld by the last constraint, ensuring the sequential integrity of the token
selection process.

In practice, we introduce perturbations to r1" by sampling v instances of Gaussian
noise Z. For each instance of perturbed input, we apply the top-k selection algorithm.
We then estimate the expected outcome of Equation 2.3 using a Monte-Carlo method,
averaging the results from each perturbed scenario. As detailed by Berthet et al. [2020],
the Jacobian matrix associated with the described forward pass is determined as follows:

J=E |argmax(I,r1’ +0cZ)Z% /5| . (2.5)
IeC

Applying the top-k operator to each perturbed input generates the one-hot matrix
I. However, the average of these matrices often deviates from the one-hot configuration,

'i; = z implies that the first selected token is the z-th of the input z.
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TABLE 2.1. Data statistics for the scientific document summarization task. The number of words and
sentences are averaged.

Doc Tech Summary Lay Summary

Dataset Samples # words # words # sents # words # sents
SciLAy 43,790 7530.4 239.1 8.8 145.7 5.7

TABLE 2.2. The statistics of the dataset used for text classification. All reported values are averaged
across all instances except for the number of samples and classes.

Source Target
Dataset Samples # words # sents classes
BooLQ Clark et al. [2019] 12,697 117.3 5.0 [True 62.3%, False 37.7%)
BEAVERTAILS Ji et al. [2023] 30,206 83.4 44 [Safe 44.6%, Not Safe 55.4%]
ANLI Nie et al. [2020] 18,946 80.1 3.8 [Entail 31.7%; Contradict 26.7%; Neutral 41.6%]
IMDB Lan et al. [2016] 25,000 282.6 10.8 [Positive 50.0%, Negative 50.0%]

especially in the early stages of training when the scoring system is not yet stabilized,
resulting in indecision. Consequently, the pruned k hidden states h; are computed as a
weighted average of the original hidden states h;. This process yields a significant advan-
tage: the backpropagated gradients are influenced by all tokens, not just those initially
selected. This eliminates the need for multiple training iterations to consistently sample
the most appropriate tokens. During inference, we enhance efficiency by employing a
hard top-k selection, eliminating the need for u perturbed repetitions. This approach,
however, introduces a discrepancy between training and testing conditions. To mitigate
this train—test gap, we follow the strategy recommended by Cordonnier et al. [2021],
linearly decreasing o to 0 during training. This adjustment ensures that by the end of
training, no noise is added, and the behavior of the differentiable top-k operator aligns
numerically with the hard top-k operator.

Note: We implement PRUNEPERT within the encoder layers of encoder—decoder models
for the text summarization task. For text classification tasks using LLMs, PRUNEPERT
1s integrated into the decoder layers. This strategic placement ensures that our pruning
method aligns optimally with the specific requirements and architectures of various NLP
tasks.

2.5.4 Experimental Setup
2.5.4.1 Datasets

Statistical details of the datasets are given in Table 2.1 for the summarization task and
in Table 2.2 for the classification task.
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TABLE 2.3. Split statistics of the journals within SciLAY.

Doc Tech Summary Lay Summary

Split ‘Website Samples # words # words # sents # words # sents
NC https://www.nature.com/ncomms/ 6937 8906.4 168.3 6.5 47.7 2.1
PLGEN https://journals.plos.org/plosgenetics/ 3859 9554.3 257.6 9.5 195.0 7.7
PLPAT  https://journals.plos.org/plospathogens/ 3650 9569.2 260.7 9.7 196.3 7.7
PLCB https://journals.plos.org/ploscompbiol/ 3237 9683.9 254.7 9.3 192.8 7.5
PLNTD https://journals.plos.org/plosntds/ 2862 6341.0 304.5 10.2 198.9 7.9
PLB https://journals.plos.org/plosbiology/ 1121 10165.1 247.3 9.1 216.7 8.0
B https://www.mdpi.com/journal/biology 2022 5854.4 246.8 9.2 155.9 6.1
CB https://www.nature.com/commsbio/ 1084 8462.0 170.0 6.9 55.4 2.9
SD https://wuw.nature.com/sdata/ 907 5355.0 180.6 6.8 45.3 1.0
MBIO https://journals.asm.org/journal/mbio 759 8403.5 246.5 9.1 145.0 5.7
A https://www.mdpi.com/journal/animals 4887 5494.3 263.1 9.4 163.6 6.3
1 https://www.mdpi.com/journal/insects 1477 5372.2 238.0 9.1 169.7 6.9
C https://wuw.mdpi.com/journal/cancers 8478 5851.8 242.4 9.3 133.4 5.3
OTHER - 2510 7427.9 262.2 9.1 173.6 6.0

Text Summarization The summarization capabilities of our model are assessed us-
ing the SciLay dataset,? a comprehensive collection of documents from various natural
science journals. Each document includes both technical summaries, rich in specialized
terminology, and lay summaries, written in accessible language with contextual expla-
nations for better understanding. Table 2.3 provides the dataset split statistics.

Text Classification The classification efficacy of our model is evaluated using a va-
riety of datasets. BoolQ Clark et al. [2019] is a reading comprehension dataset that
includes naturally posed yes/no questions. BeaverTails Ji et al. [2023] aims to enhance
research on safety alignment in LLMs and includes human-labeled question—answer (QA)
pairs categorized into various harm categories. ANLI Nie et al. [2020] presents a new
challenge for natural language understanding, with each instance containing a context,
a hypothesis, and a target label of either “entailment”, “contradiction”, or “neutral”.
IMDB Lan et al. [2016] consists of movie reviews from the Internet Movie Database,
including only highly polarized opinions: negative reviews (ratings of 4 or below) and
positive reviews (ratings of 7 or above) on a scale of 10. Neutral reviews are omitted
from this dataset.

2.5.4.2 Baselines

Text Summarization We use two encoder—decoder models: Bart Lewis et al. [2020c]
and Pegasus Zhang et al. [2020a]. BART is renowned for its denoising pretraining
objective and has become a popular choice in various NLP applications. PEGASUS
is distinguished by its pretraining objective specifically designed to enhance abstractive
summarization capabilities. To accommodate input sequences exceeding 1024 tokens, we
use LSG Condevaux and Harispe [2023] for both models. This architecture enables the
processing of extended sequences with linear computational complexity (O(n)) relative

*nttps://huggingface.co/datasets/disi-unibo-nlp/Scilay
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to the input length, where n is the number of tokens.

Text Classification We employ several LLMs, each demonstrating unique advance-
ments in different areas. Mistral-7B Jiang et al. [2023a] excels across all evaluated
benchmarks compared to LLAMA-2-13B Touvron et al. [2023¢], and outperforms LLAMA-
34B Touvron et al. [2023a] in tasks involving mathematical reasoning and code genera-
tion. LLaMA-3-8B significantly improves upon its predecessor, LLAMA-2, setting a
new standard for LLMs of this scale through enhanced architecture and training tech-
niques. Gemma-7B Team and Mesnard [2024], part of the GEMINI model family Team
et al. [2023], was trained on an extensive dataset of 6 trillion tokens of text.

For each task, we compare baseline models with their counterparts augmented by
PRUNEPERT (abbreviated as PP).

2.5.4.3 Evaluation Metrics

Text Summarization To thoroughly evaluate model performance, we consider mul-
tiple dimensions. First, we present the F1 scores for syntactic metrics, specifically
ROUGE-1,2,L Lin [2004] (R-1,2,L), and introduce a variance-aware aggregated score,
R = ave(r1,r2,71)/1402, where o2 is the F1 variance Moro et al. [2023a]. Second, we use
BARTScore Yuan et al. [2021a] (BaS), a model-based metric, to evaluate semantic
coverage. We report precision, recall, and F1 scores to measure the model’s ability to
capture and reproduce the semantic content of reference texts. We also evaluate read-
ability of the lay summaries using Flesch-Kincaid Grade Level (FKGL, Kincaid et al.
[1975b]), Coleman-Liau Index (CLI, Coleman and Liau [1975a]), Dale-Chall Readability
Score (DCRS, Dale and Chall [1948]), and Gunning Fog Index (GF, Gunning [1952]).
These metrics estimate the education level required to comprehend a text, with lower
scores indicating higher readability. Scores between 13 and 16 correspond to college-level
reading proficiency in the US. Finally, we conduct an extensive human evaluation to
gain insights into the subjective quality and relevance of the model outputs from the
perspective of users. We also measure model efficiency by monitoring training runtime,
which helps assess the practicality and scalability of each model in real scenarios.

Text Classification To assess model performance on the classification task, we use
macro-averaged and micro-averaged F1 scores Blair [1979], referred to as F1-M and F1-
m. F1-M is the arithmetic mean of the F1 scores for each class, treating all classes equally
regardless of their frequency in the dataset. Conversely, F1-m aggregates the counts of
true positives, false positives, and false negatives across all classes before calculating the
F1 score. This method provides a global average, reflecting the model’s overall accuracy
and giving more weight to more frequently represented classes.

2.5.4.4 Hardware Setup and Environment

All experiments are monitored using Wandb and conducted on a workstation equipped
with a single Nvidia GeForce RTX3090 GPU, which has 24 GB of VRAM and 64 GB
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TABLE 2.4. Hyperparameters used. 1 indicates values specific to PRUNEPERT. * denotes the final chosen
value. 0.5 x |z| indicates selecting half of the input tokens.

Hyperparameter Pegasus LLMs
Dropout rate 0.1 0.1
Learning rate 5e-5, linear scheduler 5e-5, linear scheduler
Optimizer 0.9 B1, 0.999 Bs, le-2 weight decay 0.9 B1, 0.999 Bs, le-2 weight decay
Batch size 1 1
Epochs 1 1
Decoding strategy greedy search greedy search
Seed 42 42
k't selected tokens' {01, ..., 0.5%, ..., 0.9} x|z| {0.3,0.4, 0.5, 0.6, 0.7, 0.8, 0.9} x|z|
I encoder layer' {1, 2, 3%, ..., 15} {10, 15, 20, 25, 30}
u sampled noises? {50, 100, 200%, 300, 400} {20, 40, 60, 80, 100%, 120, 140}
of {0.05, 0.1, 0.2x%, 0.3} {0.05, 0.1%, 0.15, 0.2, 0.25}

TABLE 2.5. Overall results on SCILAY. Best scores are bolded. * means statistical significant improve-
ment w.r.t. baseline PEGASUS (p < 0.05 with student t-test). Violet: Our models.

Model R-1 R-2 R-L R BaS-R BaS-P BaS-F1 Read.
Technical Summarization

BART 28.70 4.95 16.07 16.42 -3.363 -4.887 -4.125 -

PEGASUS 35.01 10.06 25.40 23.24 -3.380 -2.333 -2.856 -

PEGcAsus-LLMLINGUA-2  31.25 6.81 19.57 19.02 -3.413 -4.053 -3.733 -

PEGASUS-PRUNEPERT 37.61* 935 26.27* 24.09* -3.663 -2.403 -3.033 -

Lay Summarization

BART 23.86  3.99 1557 1438  -3299  -5.094  -4.196  16.67
PEGASUS 40.76 12.69 2857  26.98 -3.258 -3.228  -3.243  16.08
PEcasus-LLMLINGUA-2 4036 1251  28.82  26.88  -3.278  -2.904  -3.091  16.27

- PEGASUS-PRUNEPERT  38.32 1093  27.23 2517  -3.451 -2.776% -3.113* 15.29

of system RAM. The system also includes an Intel®) Core™ i9-10900X CPU operating
at 3.70GHz. Ubuntu 20.04.3 LTS serves as the operating system. For each baseline,
we conduct experiments on both the standard version and its token pruning variants
PRUNEPERT, LLMLINGUA, and LLMLINGUA-2. In the summarization experiments,
however, we exclude LLMLINGUA due to its high preprocessing cost (approximately 8
seconds per instance), which makes it impractical to apply across the full dataset. We
list the hyperparameters used for fine-tuning and inference in Table 4.13. For fairness,
the target number of selected tokens k in LLMLINGUA and LLMLINGUA-2 is matched
to that of PRUNEPERT.
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TABLE 2.6. Results of our Pegasus-PP model on the text summarization task across the journals in
SciLAy. Improved performance by PRUNEPERT are shown in bold. Values in parentheses indicate the
performance gap relative to the baseline Pegasus model. * denotes statistically significant gap.

Lay Summarization Technical Summarization

R-1 R-2 R-L BaS-F1 ‘ R-1 R-2 R-L BaS-F1

Nature Communications
37.10 (-1.73%)  13.02 (-1.53%) 31.88 (-0.84%) -3.29 (40.04) \ 37.47 (+0.72%) 8.67 (-2.27%) 26.11 (-0.10) -3.171 (-0.12%)

Plos Genetics
39.26 (-5.99%)  10.39 (-2.66%) 27.06 (-1.19%) -3.11 (40.15%) \ 37.56 (+1.01%) 9.32 (-0.39) 25.96 (+0.18)  -3.11 (-0.18%)

Plos Pathogens
40.50 (-4.78*)  10.88 (-2.25%) 27.83 (-0.47) -3.01 (40.16%) \ 37.02 (+1.33%) 9.18 (-0.44) 25.55 (+0.16)  -3.04 (-0.20%)

Plos Computational Biology
38.19 (-5.34%)  9.89 (-1.59) 26.76 (-0.84%) -3.28 (40.17%) ‘ 39.80 (+3.22*%)  9.97 (4+0.58%)  27.12 (4+1.59%) -3.17 (-0.07%)

Plos Neglected Tropical Diseases
41.43 (-2.41%)  11.28 (-1.50%)  28.42 (40.49) -2.93 (40.20%) \ 37.26 (+2.45%) 8.72 (-1.08%) 25.36 (4+0.88%)  -2.97 (-0.20%)

Plos Biology
36.88 (-8.23%)  10.15 (-1.92%) 26.24 (-1.13) -3.16 (40.18%) \ 38.17 (+3.84*) 9.99 (+1.01*%)  26.50 (+1.93*%) -3.11 (-0.20%)

Biology
37.55 (-1.85%)  10.68 (-1.15) 27.28 (-0.13) -3.08 (40.16%) \ 36.34 (+3.86%) 9.07 (40.13) 26.26 (+1.86*) -3.00 (-0.20%)

Communications Biology

31.47 (-1.37) 8.44 (-1.36) 25.16 (-0.87) -3.31 (-0.05) \ 37.23 (-0.59) 8.25 (-3.57*%) 25.92 (-1.48) -3.08 (-0.14)
Scientific Data
34.09 (-1.92)  20.24 (-3.07) 38.46 (-2.13) -3.75 (-0.08) \ 36.44 (+2.07*) 7.74 (-1.47) 25.04 (+0.47) -3.22 (-0.08)
mBio
33.67 (-8.08%)  8.61 (-3.22%) 25.41 (-1.78%) -3.21 (40.06) \ 37.35 (-0.62) 9.11 (-1.80%) 25.37 (-0.83) -3.08 (-0.21%)
Animals

30.93 (0.92) 11.89 (-0.30) 28.61 (+1.00%) -3.06 (+0.19%) | 38.92 (+6.57%) 10.31 (+0.48%) 27.66 (+2.56%) -2.96 (-0.20%)

Insects
38.51 (-1.33)  10.41 (-0.84)  27.58 (+0.97) -3.17 (+0.12%) | 37.01 (+5.41%)  8.55 (+0.01)  26.30 (+2.17%) -3.11 (-0.28%)

Cancers
38.42 (-1.44%) 11.82 (-0.69*) 28.48 (40.52) -2.88 (40.18*) \ 37.27 (+3.05%) 9.95 (-0.49) 26.36 (+1.02%) -2.84 (-0.15%)

TABLE 2.7. Overall results on the classification task. For each model, the best scores are in bold. Violet:
Our models.

Model BoorQ BEAVERTAILS ANLI IMDB
ode F1-M Fl-m | F1-M Fl-m | FI-M Fl1-m | F1-M Fl-m
MISTRAL 87.49 88.07 | 8520 85.56 | 71.17 7140 | 96.40  96.40

MISTRAL-LLMLINGUA 84.37  85.50 | 84.84 85.17 | 66.57 66.80 | 95.03  95.04
MISTRAL-LLMLINGUA-2 | 85.23  85.75 | 85.45 85.63 | 67.98 68.10 | 96.24  96.24
MISTRAL-PRUNEPERT 89.39 90.03 | 86.43 86.69 | 72.74 72.90 | 96.68 96.68

LLAMA-3 87.60  88.38 | 83.88 84.24 | 68.68 68.80 | 96.84 96.84
LLAMA-3-LLMLINGUA 83.63  84.77 | 84.01 84.24 | 67.75 67.80 | 9483 94.84
LLAMA-3-LLMLINGUA-2 | 87.68 88.32 | 85.45 85.70 | 64.19 64.20 | 96.64 96.64

LLAMA-3-PRUNEPERT 87.58 88.44 | 84.85 85.17 | 69.71 69.80 | 96.84 96.84
“GemmMA [ 90.09 90.70 | 85.67 85.89 | 70.69 70.80 | 96.80 96.80
GEMMA-LLMLINGUA 85.13  86.36 | 86.10 86.36 | 70.03 70.30 | 96.68  96.68
GEMMA-LLMLINGUA-2 | 87.89  88.62 | 85.45 85.70 | 65.06 65.30 | 97.32 97.32
GEMMA-PRUNEPERT 89.90 90.52 | 85.84 86.16 | 70.82 70.90 | 96.84  96.84
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2.5.5 Discussion
2.5.5.1 Effectiveness

Text Summarization Table 2.5 presents the performance outcomes on SCILAY. Over-
all, the PRUNEPERT variant performs comparably to the standard PEGASUS baseline.
Additionally, PRUNEPERT improves the readability of lay summaries, as reflected by
the average readability scores across the four metrics discussed in Section 2.5.4.3. We
also observe that PRUNEPERT markedly outperforms LLMLINGUA-2 in the technical
summarization task, whereas the reverse pattern emerges in the lay setting, albeit with
considerably smaller differences. These results suggest that PRUNEPERT constitutes a
more robust approach overall. Furthermore, we notice that PEGASUS-based solutions
demonstrate superior skill in producing lay summaries. This can be attributed to the
increased complexity in generating technical summaries, which demands greater length
and lexical sophistication.

Table 2.6 presents a comprehensive analysis of the experimental summarization re-
sults, detailing individual scores for each of the 13 journals included in SciLAy. Con-
sistent with the overall dataset results, our approach shows lower ROUGE scores for
the lay summarization task but higher BartScore-F1 scores. Conversely, the technical
summarization task shows an opposite trend. More precisely, for the lay summarization
task, our methodology yields lower ROUGE-1 and ROUGE-2 scores across all journals.
However, we observe higher ROUGE-L scores for 4 journals and improved BartScore for
10 journals. Conversely, for the technical summarization task, our solution underper-
forms in BartScore across all journals. However, it achieves higher scores in ROUGE-1,
ROUGE-2, and ROUGE-L for 11, 5, and 10 journals, respectively.

Text Classification Table 2.7 presents the performance outcomes on the classification
datasets. The application of PRUNEPERT substantially enhances the performance of the
backbone models across nearly all datasets. The improvements are especially notable
for MISTRAL-7B, with an average increase of 1.25 and 1.22 for F1-M and F1-m scores,
respectively. In contrast, the performance gains for LLAMA-3-8B and GEMMA-7B, as
well as for the IMDB dataset in general, are less pronounced. This is attributed to these
backbone models approaching their performance ceiling, having already captured most
discernible patterns, thus leaving limited scope for further significant enhancements. Ad-
ditionally, PRUNEPERT consistently outperforms both LLMLINGUA and LLMLINGUA-
2, with the sole exceptions of LLAMA-3 on BEAVERTAILS and GEMMA on IMDB when
paired with LLMLINGUA-2. Yet, the improvements over PRUNEPERT are marginal.
Overall, PRUNEPERT proves more robust across all settings, whereas the LLMLINGUA
variants exhibit pronounced performance drops, most notably on ANLI.

2.5.5.2 Efficiency

Text Summarization In this study, our objective extends beyond assessing summa-
rization efficacy to include reducing the computational burden during training. Fig-
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FIGURE 2.3. Average execution time (seconds) per instance during pre-processing (Pre-Proc), forward
(fw), and backward (bw) passes for summarization on SCILAY and classification with MISTRAL-7B.
Peg-PP: Pegasus-PrunePert; LLML: LLMLingua.

ure 2.3 demonstrates the considerable speedup attained by integrating PRUNEPERT into
PEGAsUS. This efficiency improvement is observable in both the forward and backward
propagation phases, resulting in gains ranging from 42% to 46%. The higher improve-
ment is observed during the backward phase, which inherently demands more compu-
tational resources. By contrast, LLMLINGUA-2 yields only negligible improvements in
forward-pass time, while the backward passes remain essentially unchanged relative to
the baseline. Moreover, the method incurs substantial preprocessing overhead, which
renders it considerably less practical than PRUNEPERT.

Text Classification Unlike summarization tasks, where models process lengthy texts
(see Table 2.1), the documents in classification datasets contain significantly fewer words
(see Table 2.2). When testing LLMs, the computational benefits during cross-attention
computation are not realized in both the encoder and decoder, as in summarization. For
these reasons, our primary goal is to enhance the performance of the backbone model.
As indicated in Table 4.13, we selected values of k (80% of input tokens) and [ (the token
pruning module placed after the 20th decoder layer) to maximize the model’s accuracy,
without prioritizing efficiency. Figure 2.3 demonstrates that the backward and forward
times of MISTRAL-7B are not markedly different from those of MISTRAL-PRUNEPERT.
Similarly, the LLMLINGUA variants, evaluated under the same selection ratio, exhibit
comparable computational costs, though with the added overhead of a preprocessing
step.

2.5.5.3 Interpretability

To gain deeper insights into the operation of the token pruning module, it is essen-
tial to examine both the tokens it preserves and eliminates. Token pruning enhances
interpretability by functioning as an implicit rationalization process, where the model
selectively retains tokens most relevant to its prediction. This mechanism aligns with
recent rationalization frameworks that emphasize joint optimization of task performance
and explanation fidelity Ruggeri and Signorelli [2025], Liu et al. [2022]. The preserved
subset effectively reveals the evidence the model relies on, offering a faithful and human-
interpretable rationale. Because the pruning operates within the model’s computation
rather than as a post-hoc step, it yields more faithful explanations of the decision pro-
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cess. In our investigation, we focus on analyzing the occurrence frequencies of specific
stopwords and parts-of-speech (POS) tags, including nouns, verbs, and punctuation, us-
ing ScispaCy Neumann et al. [2019]. Furthermore, we examine the distribution of tokens
relative to their positions in the text.

Text Summarization Figure 2.5 shows the results of our investigation into lay and
technical summarization, illustrating the mean occurrence rates of each POS tag and
stopword among both selected and unselected tokens within the source article. As an-
ticipated, we note a propensity to retain significant informational content encoded in
nouns and verbs. Conversely, elements essential for grammatical coherence but provid-
ing limited informational value are omitted. This observation holds true for both lay and
technical summarization. However, technical summarization exhibits a higher tendency
to retain stopwords, presumably to enhance syntactic overlap.

Figure 2.7 highlights a significant difference in token positioning between technical
and lay summaries. In lay summaries, more tokens are concentrated in the initial 25%
of the input, while in technical summaries, tokens are more concentrated in the later
segments. However, token distribution in the last 75% of the input is relatively consistent
across both tasks, with no notable differences. The introduction traditionally serves as
the preamble in an article. Thus, the need for additional contextual information in a
lay summary means the selection process is significantly influenced by the introductory
section.

Text Classification Figure 2.5 shows intriguing patterns in the distribution of POS
tags and stopwords in classification tasks using MISTRAL-PRUNEPERT. Our token prun-
ing module behaves distinctly compared to in the summarization scenario. Notably,
nouns are discarded more frequently, while punctuation impacts the prediction accu-
racy. This difference occurs because the goal here is to enhance model accuracy, not to
speed up processing. Therefore, preserving the grammatical structure of key sentences
and removing misleading text elements is crucial for accurate model predictions.

Figure 2.7 shows that the start-of-sequence (SOS) token is consistently important
across all datasets. This is expected since the SOS token encapsulates the meaning of
the entire input text. Notably, both the BEAVERTAILS and BOOLQ) datasets assign sig-
nificant importance to the last token, with BOOLQ emphasizing it more than preceding
tokens. This is likely because, like the SOS token, the last token encapsulates impor-
tant information, especially as the BOOLQ dataset often places the question in the final
sentence. Similarly, for ANLI, the latter part of the input is significant because the
hypothesis is placed at the end. However, here, greater importance is attributed to the
text itself rather than the final token.

2.5.5.4 Human Evaluation

We conducted a thorough qualitative analysis of summaries produced by PEGASUS and
PEGASUS-PRUNEPERT through a comprehensive human evaluation study. We randomly
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FIGURE 2.4. Human evaluations results considering faithfulness (Faith.), precision (Prec.), and recall

(Rec.).
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FIGURE 2.5. Average occurrence rates in order: nouns, punctuation, adjectives, verbs, determiners, other
categories, and stopwords.
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FI1GURE 2.6. Differentiable top-k hyperparameters impact on model performance on BOOLQ classification
dataset with MISTRAL-7B.

selected 30 instances from the SCILAY test set and enlisted three proficient English an-
notators with strong NLP skills. Each annotator reviewed the articles and their corre-
sponding target summaries. They then scored the generated summaries using a Likert
scale from 1 (worst) to 5 (best) across three dimensions: (i) recall, evaluates if the gen-
erated summary encapsulates all essential contents of the target; (ii) precision, assesses
if the generated summary includes only pertinent contents without extraneous informa-
tion; (iii) faithfulness, checks if the generated summary maintains factual consistency
with the original input document. The results of this study, depicted in Figure 4.4, show
no discernible distinction among the solutions.
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FIGURE 2.7. Normalized position distribution of the selected tokens from PRUNEPERT on the summa-
rization and classification tasks.

2.5.5.5 Differentiable Top-k Hyperparameters Impact

The differentiable perturbed top-k module, detailed in Section 2.5.3.2, is defined by
hyperparameters o, u, [, and k. These hyperparameters significantly affect overall per-
formance. We conducted an experiment on BOOLQ with MISTRAL-7B to examine how
varying these hyperparameters affects the F1 score. Figure 2.6 shows that ¢ has the
smallest impact on classification accuracy, with only a 0.4 percentage point difference
between its best and worst values. In contrast, the other three hyperparameters show
a substantial impact, with a 1.4 percentage point improvement from the worst to best
values. As expected, the F1 score increases with higher [ and k values. However, unex-
pectedly, the scores peak at 20 and 80%, respectively, then decline beyond these thresh-
olds. The optimal number of sampled noises u is 75 and 100, with 100 yielding peak
performance. Values outside this range, whether lower or higher, result in performance
decline.

2.5.5.6 Architectural Variants

Based on the model architecture described in 2.5.3.2, we propose four variants applied to
our best-performing backbone model, MISTRAL. In Attn we omit the learnable scorer
network Sy and instead infer token significance from attention scores A € Ran |||zl
from the [-th layer, average them across all attention heads to get A € RI#I*I2 and then
compute the average of the rows of A to obtain r. In Ens we use an ensemble scoring
mechanism with two scorer networks, S¢; and S¢o. The scores r; and ro are averaged
to produce the final relevance scores, r. In Prog the text sequence is progressively
compressed as the architecture deepens, retaining a balanced input representation and
avoiding drastic performance drops. We use two differentiable token selection modules
and two scorer networks, S¢; and S¢o, positioned between layers e;, , €;,+1, and e, €j,41.
At each pruning step, tokens are deleted so that after the second module, k hidden states
f112 are outputted. In Resid we use two distinct hidden states from separate transformer
layers, combined by summing h;, and h;,, and the result is input into the scorer network
Ss. In RANDOM we include a baseline variant where tokens are randomly selected. If
performance falls below this naive method, it indicates inadequate functionality.

We selected 11 = 20 and lo = 25 because, as shown in Figure 2.6, these layers produce
the most informative hidden states for token pruning. Table 2.8 presents the results of the
architectural variants. MISTRAL-PP achieves the best and most consistent performance
across tasks, with ATTN and RESID showing competitive results in specific settings (i.e.,
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TABLE 2.8. Results of architectural variants over MISTRAL-7B in the text classification tasks.

Model BooLQ BEAVERTAILS ANLI IMDB
F1-M Fl-m | F1I-M Fl-m | F1-M Fl-m | F1I-M Fl-m
MISTRAL-PP 89.39  90.03 | 86.43 86.69 | 72.74 7290 | 96.68 96.68
MiSTRAL-PP-RANDOM | 72.78  73.27 | 84.31 84.64 | 65.45  66.00 | 95.43  95.43
MISTRAL-PP-ATTN 89.46 89.97 | 85.60 86.03 | 72.21  72.30 | 96.56  96.56
MIiSTRAL-PP-ENs 89.10  89.79 | 85.80 86.09 | 7147 71.60 | 96.44  96.44
MISTRAL-PP-PRrROG 88.04  88.69 | 85.68 86.03 | 71.65  72.00 | 96.48  96.48
MISTRAL-PP-RESID 88.56  89.17 | 85.78 86.09 | 72.67 73.10 | 96.13  96.12

BooLQ and ANLI), suggesting that attention scores and multi-layer representations can
partly substitute the scorer network. In contrast, ENS and PROG do not provide clear
benefits, while the strong gap with the RANDOM baseline confirms that our pruning
strategies capture meaningful information.

2.5.6 Conclusion

We introduce PRUNEPERT, an approach that augments PLMs with a token-pruning
layer to select essential input tokens for prediction. Quantitative and qualitative analyses
on summarization tasks show that our method performs comparably to a state-of-the-
art linear transformer. Notably, PRUNEPERT is more efficient, achieving an average
speed-up of nearly 2x. Additionally, in four classification tasks, we demonstrate that
it enhances LLM accuracy, improving the F1 score by up to 2 percentage points. It
also outperforms state-of-the-art token pruning methods (LLMLINGUA, LLMLINGUA-
2) in both efficiency—since it does not require a preprocessing step—and effectiveness,
underscoring the benefits of learning token importance in an end-to-end fashion. We also
show that in text summarization, the selected tokens are predominantly nouns and verbs,
whereas in classification tasks, a higher proportion of punctuation and stopwords are
selected. Future work, following approaches proposed for communication networks Lodi
et al. [2010a], Moro and Monti [2012a], could explore the tracking and propagation of
knowledge refinements across sentences.

Ethics Statement

While PLMs improve various NLP tasks like text summarization and classification, they
have limitations in maintaining accuracy and fidelity in generative tasks. Therefore, we
recommend that outputs from our models and other generative models be reviewed by
domain experts before use. This ethical safeguard is crucial to prevent the spread of
incorrect or misleading information, especially in clinical and scientific contexts where
accuracy and reliability are critical.
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Chapter 3

Knowledge Distillation

3.1 Definition and Taxonomy of Knowledge Distillation

Knowledge Distillation (KD) refers to the technique of transferring knowledge from a
large, high-capacity model (the teacher) to a smaller, more efficient model (the stu-
dent). It was first explored as a form of model compression by Bucila et al. [2006],
who showed an ensemble’s knowledge could be condensed into a single model, and later
formalized by Hinton et al. [2015] as “distilling” a teacher model’s knowledge into a
compact student. In KD, the student is trained under the supervision of the teacher,
typically by mimicking the teacher’s outputs or behavior on a training dataset. The stu-
dent model thus learns to reproduce the function learned by the larger model, achieving
similar performance with far fewer parameters. KD has become a cornerstone for creat-
ing efficient models deployable on resource-constrained devices without significant loss
in accuracy. It is widely applied in both computer vision and NLP, especially as modern
deep networks and Transformers have grown to billions of parameters, posing challenges
for deployment Mansourian et al. [2025].

Taxonomy of Knowledge Distillation Over the years, various forms of knowledge
distillation have been developed. The knowledge that a teacher can distill into a student
generally falls into three broad categories:

¢ Response-Based Knowledge: Also called logit-based distillation, this is the tra-
ditional form of KD introduced by Hinton et al. [2015]. It transfers the teacher’s
output probabilities (logits) as “soft targets” for the student. Instead of train-
ing the student only on hard labels, the student is trained to match the teacher’s
predicted probability distribution over classes, often using a softened softmax (con-
trolled by a temperature) to reveal richer information (so-called “dark knowledge”)
in the teacher’s outputs. This response-based approach is simple and broadly ef-
fective, and it was popularized due to its success in improving student performance
on classification tasks.

e Feature-Based Knowledge: These methods transfer intermediate representa-
tions from the teacher’s hidden layers to the student. The student is guided to
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align its feature maps or activations with those of the teacher, usually by minimiz-
ing distance between teacher and student feature vectors at certain layers. The
concept of feature distillation began with FitNets Romero et al. [2015], which in-
troduced using a teacher’s hidden layer as a “hint” for a student network. By
imitating not just outputs but the teacher’s learned features, the student can cap-
ture more fine-grained or hierarchical knowledge. Feature-based KD has gained
popularity for conveying richer, more nuanced information than logits alone. For
example, aligning activation maps or attention matrices between teacher and stu-
dent networks.

¢ Relation-Based Knowledge: Also known as similarity-based distillation, this
category has the student learn the relationships or structural information that the
teacher has learned about the data. Instead of matching individual outputs or fea-
tures, the student is trained to match higher-order relationships such as pairwise
similarities or distances between examples in the teacher’s representation space.
For instance, the Flow of Solution Procedure method Yim et al. [2017] had the
student mimic the inner-product of feature pairs between two teacher layers. Simi-
larly, other relation-based approaches transfer metrics like the distance or angle be-
tween feature vectors, or the relative rank of logits, as a way to inject the teacher’s
structural knowledge. This type of distillation is particularly useful in tasks where
understanding the relationship between data points is crucial (e.g. metric learn-
ing, ranking, or graph-based problems). By learning these interdependencies, the
student gains a form of generalized insight beyond individual predictions.

Apart from the source of knowledge, KD methods are also classified by distillation
scheme or timing:

e Offline Distillation: The classic scheme where a teacher model is first pre-trained
(often on large-scale data), and then a separate student model is trained under the
teacher’s guidance in a subsequent stage. The teacher’s parameters remain fixed
during student training. This is the most common setting, for example, using a
pre-trained BERT Devlin et al. [2019a] as teacher to train a DistilBERT Sanh et al.
[2019] student on the same task is offline KD. Offline distillation is straightforward
and effective when a high-quality teacher is available.

e Online Distillation: In this scheme, there is no fixed pre-trained teacher; instead,
the teacher and student (or multiple students) are trained simultaneously, each
guiding the other. One approach is mutual learning Zhang et al. [2018], where two
networks learn from each other’s predictions in tandem, effectively each one acting
as a teacher for the other at each step. Alternatively, a cohort of student models
can learn together and distill a consensus knowledge. Online KD can be beneficial
when no single large teacher is available, though it requires careful coordination of
training.

e Self-Distillation: A special case of online KD is self-distillation, where the teacher
and student are actually the same model (or share the same architecture). Here, a
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network teaches itself by internalizing knowledge from its own predictions or from
deeper layers to shallower layers. For example, born-again networks Furlanello
et al. [2018] train a model, then treat that same model (or its earlier generation)
as the teacher for a new instance of the same model, iteratively improving per-
formance. Self-distillation blurs the line between teacher and student, there is no
larger teacher model; instead the model refines its knowledge by learning from its
own outputs, often akin to a form of model ensemble or smoothing over training
epochs. Interestingly, self-distillation has been theoretically linked to phenomena
like label smoothing and regularization.

Further categorization can be based on the number of teachers and the modalities
or domains. A student may learn from an ensemble of multiple teachers (multi-teacher
distillation), or a teacher might be of a different modality or tasked with a different ob-
jective (cross-modal or cross-task distillation). In multi-teacher distillation, the student
aggregates knowledge from several teacher models, which could provide complementary
information or diverse views. This setup, also called knowledge amalgamation Shen
et al. [2019], can enhance the student’s generalization by exposing it to a broader range
of knowledge than any single teacher. However, it also introduces challenges in balancing
and fusing the multiple sources. Cross-modal KD, on the other hand, refers to distilling
knowledge from one data modality to a model of another modality. For example, using
a vision model’s knowledge to improve an NLP model or vice versa, or distilling multi-
lingual knowledge from one language to another. These variants extend the flexibility
of KD beyond the standard single-teacher single-student paradigm.

In summary, knowledge distillation encompasses a spectrum of techniques for model
compression and knowledge transfer. It can be taxonomized by what knowledge is
transferred (outputs vs. features vs. relations), when and how the transfer happens
(offline, online, self, etc.), and the configuration of teacher/student models (one-to-one
vs. many-to-one, same architecture vs. different, same modality vs. cross-modal).
This taxonomy provides a framework to understand the diverse methods under the KD
umbrella.

3.2 Challenges in Knowledge Distillation

Despite its success, knowledge distillation involves several challenges that researchers and
practitioners must navigate to effectively transfer knowledge from teacher to student.

Identifying What Knowledge to Distill A fundamental challenge is deciding which
information from the teacher will be most useful to the student i.e. the source of knowl-
edge. Using the teacher’s output logits is the most straightforward approach, but it may
not always be sufficient or even feasible. For instance, if the task has no class labels
or the model’s goal is to produce embeddings (as in retrieval or representation learn-
ing), plain logit-based distillation is not applicable or informative. In large pre-trained
models, much of the valuable knowledge resides in learned feature representations and
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relationships, not just final outputs. Thus, feature-based and similarity-based distil-
lation become crucial, yet selecting which layers or features to transfer is non-trivial.
The teacher may have many layers and channels and aligning the student to the wrong
layer or mismatched feature can hinder learning. Choosing appropriate intermediate
layers with “similar semantic information” between teacher and student is important
for success in feature distillation. This challenge is exacerbated when teacher and stu-
dent architectures differ. The student might not even have a layer corresponding to the
teacher’s layer, a scenario requiring careful design of distillation objectives. In summary,
extracting the right form of knowledge (logits vs. features vs. relational cues) and from
the right parts of the network is a key difficulty.

Limited Access to Teacher’s Knowledge In some cases, especially with the rise
of proprietary large language models, the full teacher model is not accessible to the
distiller. The teacher might be a black-box API that only provides output predictions,
or even just final answers in the case of an LLM, but not internal representations or
logits. For example, recent state-of-the-art LLMs like GPT-4 Achiam et al. [2023] are
not open-source, so one cannot extract their intermediate layer features or logits for
feature-based distillation. This limits the distillation techniques to what can be gleaned
from the teacher’s outputs alone. Black-box distillation is challenging, the student must
learn from only the teacher’s final answers or probabilities, which may not convey all
the reasoning the teacher used. Some recent strategies, such as chain-of-thought (CoT)
distillation, try to address this by having the teacher generate intermediate reasoning
steps (e.g. explanations) that the student can learn from, rather than forcing the student
to mimic the teacher’s hidden layers. Nonetheless, when access to the teacher’s internals
is restricted, KD becomes more difficult and sometimes less effective.

Choosing the Right Distillation Scheme Deciding on an appropriate training
scheme for KD is another challenge. If a high-quality pre-trained teacher is available,
offline distillation is typically effective. But in scenarios where no such teacher exists,
one might attempt online distillation or self-distillation. Each scheme has trade-offs,
for instance, online mutual distillation can sometimes lead to peer models converging
to a suboptimal agreement if not carefully managed. Using multiple teachers (e.g. an
ensemble of teachers) is promising because it can provide diverse knowledge, but it intro-
duces complexity in training and high computational cost (multiple large models must
be run in parallel). Multi-teacher KD demands strategies for knowledge aggregation,
how to combine potentially conflicting signals from different teachers. Without careful
weighting or fusion mechanisms, the student might be overwhelmed or learn an incoher-
ent mix of knowledge. Researchers have explored treating multi-teacher distillation as a
mixture-of-experts problem, or using meta-learning to adaptively weight each teacher’s
contribution, but these add complexity and runtime cost. In practice, most works de-
fault to the simpler offline single-teacher setup due to these difficulties Mansourian et al.
[2025].
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Capacity Gap Between Teacher and Student Perhaps the most cited challenge
is the capacity gap, which arises when the teacher network is significantly larger and
more expressive than the student. Intuitively, one might think a bigger teacher always
helps and indeed a sufficiently larger teacher can provide richer knowledge, but if the
student is too small to absorb that knowledge, training can stall or the student ends
up underperforming relative to a scenario with a moderately-sized teacher. Cho and
Hariharan [2019] famously observed that a too large teacher can actually hurt distil-
lation, as the student struggles to mimic knowledge that exceeds its representational
capacity. The teacher’s learned function might be too complex, and the student cannot
approximate it well, leading to poor convergence (this is related to differences in the
“receptive fields” or complexity of functions each can represent. The capacity gap is
even more pronounced when distilling from gigantic foundation models or LLMs into
tiny models, where the student sees an immense knowledge gap. Bridging the capacity
gap is an active research area. Solutions include teacher-assistant distillation, where an
intermediate-sized model is used as a bridge between a very large teacher and a small
student. This staged distillation has been shown to improve student performance by
easing the learning burden. Other techniques reduce the gap by making the teacher’s
knowledge more student-friendly, for example, simplifying the teacher’s outputs or fo-
cusing on essential aspects of knowledge. Adapting the distillation loss (e.g. using higher
temperature to soften the knowledge, or regularizing the student) can also help mitigate
capacity mismatch. Nonetheless, the capacity gap remains a fundamental limitation.
A too-small student simply cannot replicate a huge teacher’s full behavior, so practical
distillation often finds a sweet spot in teacher-student size ratios.

Architectural Mismatch When the teacher and student have different architectures
(a common scenario, e.g. teacher is a Transformer, student is a smaller Transformer or
even a different model family), aligning knowledge becomes challenging. If the student
network lacks layers or modules present in the teacher, it’s not obvious how to perform
feature distillatione.g., which student layer should imitate a particular teacher layer?
Architectural differences can lead to semantic misalignment, where a given internal fea-
ture in the teacher does not have a clear counterpart in the student Cho and Hariharan
[2019]. This often leads to degraded performance if not handled carefully. Approaches
to tackle this include mapping teacher layers to student layers based on some criterion
(like matching spatial resolution or activation types), using projection layers to trans-
form teacher features to student’s dimensionality, or focusing on more abstract forms of
knowledge (like relational knowledge) that are less architecture-dependent. For exam-
ple, if a teacher is a big Transformer with dozens of attention layers and the student has
far fewer, one might distill only the final representations or attention distributions in
aggregate, rather than trying to match layer-by-layer. Some research suggests distilling
behaviors (e.g. teacher’s reasoning traces or intermediate outputs like chain-of-thought)
instead of raw features to bypass architectural mismatch. Ultimately, a student with a
different inductive bias from the teacher will never exactly mirror the teacher, and how
to best transfer knowledge across architectures remains a challenge.
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Data Requirements and Domain Shift KD typically assumes the availability of
a dataset (unlabeled or labeled) on which the teacher’s knowledge is distilled to the
student. If the original training data for the teacher is not available (due to privacy or
size), or if we want to distill knowledge to a new domain where labeled data is scarce,
it can be problematic. In scenarios with limited data, the student might overfit to the
small distillation set or fail to generalize the teacher’s knowledge broadly. A promising
line of work is data augmentation or synthetic data generation for KD. If real data is
scarce or sensitive, one can use the teacher model itself to generate synthetic examples
for the student. This is known as data-free knowledge distillation, and it addresses both
data scarcity and privacy concerns. By generating artificial data, for instance, using
a generative model or the teacher model in generative mode, one can distill without
exposing or requiring the original dataset. However, ensuring the synthetic data is
representative enough of the tasks is challenging, and there is a risk of the student
learning artifacts of the generation process rather than true knowledge.

Optimization and Stability Issues Training a student to mimic a teacher introduces
additional hyperparameters and objectives that require balance. For example, when us-
ing both ground-truth labels and teacher soft targets, one must choose the relative weight
of the distillation loss vs. the standard loss, as well as an appropriate temperature for
softening logits (as too high or too low temperatures can lead to ineffective distillation).
If the teacher’s outputs have errors or biases, the student might inadvertently learn these
(error propagation). Moreover, in some cases, the student might focus too much on mim-
icking the teacher and not enough on the true task, leading to degraded performance if
the teacher is not perfect. Ideally, the teacher should be high-performing, a low-accuracy
teacher can limit the student’s ceiling. From an optimization perspective, adding the
distillation loss can change the loss landscape, sometimes for the better (as a regularizer
or guidance), but it can also introduce shallow minima where the student just super-
ficially matches the teacher without truly learning the task. Practitioners have found
that careful training schedules e.g., first train student on teacher signals, then fine-tune
on true labels, or vice versa, can help.

Privacy and Legal Concerns While KD can be used to preserve privacy (by using
teacher’s knowledge in lieu of raw data), it can also raise legal/ethical concerns. If the
teacher is a proprietary model or trained on copyrighted data, is the distilled student
considered a derivative work? Recent commentary notes that using a commercial API-
based model as a teacher might violate terms of service or intellectual property rights if
done without permission. This hasn’t been fully resolved in policy, but it’s a practical
consideration:, many cutting-edge teachers (like commercial LLMs) come with restric-
tions on use. Researchers must be mindful of these constraints when choosing a teacher
for distillation.

In summary, knowledge distillation, while powerful, is not a trivial plug-and-play
technique. One must address what knowledge to transfer, how to transfer it, and under
what conditions, all while coping with differences in model capacity and architecture.
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Ongoing research is actively tackling these challenges, devising more robust distillation
algorithms and adaptive strategies to make KD effective even in difficult settings (e.g.
huge teacher vs tiny student, no original data, etc.). Many of these challenges also point
to future research directions, such as distilling reasoning abilities of LLMs, distilling
under distribution shifts, and combining KD with complementary compression methods
like pruning and quantization.

3.3 Knowledge Distillation Methodologies

Building on the definitions and challenges above, we now delve into the methodologies of
knowledge distillation, the concrete techniques and strategies that have been developed
to transfer knowledge from teacher to student. We structure this discussion by the
forms of knowledge being distilled and by notable variations in the distillation process,
highlighting key methods from the literature.

3.3.1 Response-Based Distillation

Response-based distillation is the foundational methodology introduced by Hinton et al.
[2015]. In this approach, the student learns directly from the teacher’s output layer. The
teacher’s prediction, often a probability distribution over classes, is used as a soft target
for the student network. The classic implementation uses a softmax temperature: the

teacher’s logits z; (for class i) are converted into probabilities p; = % with a
j 3

temperature T' > 1 to soften the distribution (higher 7" produces a softer, more uniform
probability vector that reveals less confident class relationships). The student is trained
to produce a similar output distribution by minimizing the Kullback-Leibler divergence
(or another divergence) between the teacher and student probabilities. At the same time,
the student may also be trained on the true hard labels (ground truth) with the usual
loss. The overall objective is a weighted sum of the standard loss and the distillation
loss. The intuition behind response-based KD is that the teacher’s output probabilities
encode rich information about the task that goes beyond the hard label. For example,
if the teacher is classifying an input and assigns a 0.60 probability to the correct class A
and 0.30 to B and 0.10 to C, the relative magnitudes (A is only somewhat more likely
than B) tell the student that B is the second-best guess and not far off. A student trained
on hard labels would only know A is correct and nothing about B or C. By imitating the
teacher’s soft output, the student can learn not just the primary classification but also the
relative confidence and confusions of the teacher, which acts as a form of regularization
and guidance. This often leads to improved generalization, as the student is encouraged
to model the full output distribution. Key works in this methodology include Hinton
et al. [2015], which demonstrated significant compression with minimal loss in accuracy
on image classification. Ba and Caruana [2014] also independently showed that a deep
network’s function could be transferred to a shallow network by matching logits. In NLP,
an early adoption was seen in compressing large neural machine translation models and
language models. For example, DistilBERT Sanh et al. [2019] leveraged a form of soft-
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target distillation to compress BERT, and sequence-level knowledge distillation Kim
and Rush [2016] applied the idea to teacher and student sequence models by having
the teacher generate probability distributions over output sequences. One important
consideration in response-based KD is setting the temperature properly. A higher T
produces softer targets that place more weight on secondary classes, which can be helpful
for student learning early on, but if 7" is too high, the targets may become too flat and
uninformative. Typically T is chosen empirically (e.g. 2, 5, 10). The weight between
the distillation loss and ground-truth loss is another hyperparameter. If the teacher
is very accurate, one might rely more on its soft targets; if the teacher has errors, the
student should not follow it blindly, so the ground truth loss remains important. Overall,
response-based distillation remains a widely used and effective methodology due to its
simplicity. It does not require structural alignment between teacher and student, only
the outputs need to be comparable. This makes it applicable even when the student is
architecturally very different or much smaller. However, as noted earlier, solely relying
on logits might miss internal reasoning, hence advanced methods often extend beyond
pure response imitation.

3.3.2 Feature-Based Distillation

Feature-based distillation methods aim to transfer knowledge from the intermediate lay-
ers of the teacher to the student. The rationale is that the teacher’s hidden layers capture
valuable representations, for example, in a Transformer model, early layers might en-
code syntactic information and later layers semantic information. If the student can
learn these intermediate representations, it stands to benefit by building a similar hier-
archy of understanding. A seminal work in this category is FitNets Romero et al. [2015],
which introduced the idea of using a teacher’s hidden layer output as a “hint” for the
student. In FitNets, the authors select one of the teacher’s mid-level layers and force the
student to produce a matching feature map at one of its own layers, often a deeper layer
in the student, since the student is usually shallower. They add a regression loss on the
feature activations, after projecting to the same dimension if needed, such that the stu-
dent’s intermediate feature F approximates the teacher’s feature F;. Training is done in
a staged way. First, the student trains to match the hint layer, then it continues training
on the primary task with possible further distillation on outputs. This approach showed
that training with intermediate feature alignment can significantly boost student per-
formance, especially for deeper student networks that otherwise are hard to train from
scratch. Following FitNets, many feature-based KD techniques emerged. Zagoruyko
and Komodakis [2017] proposed transferring attention maps, instead of raw features,
have the student mimic where the teacher’s network focuses its attention (spatial or
channel-wise attention). This attention transfer method computed attention as a sum
of absolute feature values along certain dimensions and made the student match those
attention distributions. The idea is that if the student learns to focus on relevant parts of
the input similar to the teacher, it will perform better. Other methods looked at deeper
layer-by-layer distillation. For example, activation-based and affinity-based losses have
been used. The student can be trained with loss terms that measure the distance be-
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tween its layer outputs and the teacher’s outputs for multiple layers (possibly all layers,
if architectures align). Techniques like employing an additional convolution to transform
student features before comparing (to account for dimension mismatch) are common. In
NLP, feature distillation has been used for compressing large Transformers. For instance,
TinyBERT Jiao et al. distilled BERT into a much smaller model by matching not only
logits but also embedding layer outputs and the Transformer attention matrices and
value matrices at multiple layers. They used a combination of losses on these internal
representations, which led to a student that more faithfully imitated BERT’s behavior
on a variety of tasks compared to only output distillation. Feature-based KD tends to
yield a student that is closer in representation space to the teacher. This often translates
to better performance on tasks that rely on internal feature quality. If the student will
be fine-tuned further or used for transfer learning, having similar embeddings as the
teacher is beneficial. As mentioned earlier, a challenge is selecting the right layers. If a
teacher is much deeper, one might either skip some teacher layers or have the student
try to absorb multiple teacher layers into one of its layers. There’s also a question of how
to weight multiple feature losses. Some methods introduce learnable weights for each
layer’s distillation loss or use an adaptive weighting scheme. In summary, feature-based
methodologies enrich the student’s training signal by providing fine-grained guidance at
multiple levels of abstraction. This often leads to better convergence and higher accu-
racy, especially in tasks where output alone doesn’t tell the full story (like embedding
learning). However, these methods often require more effort in implementation (access
to teacher’s internals, aligning dimensions) and may not always be applicable if teacher
and student are too different, though one can distill from a Transformer teacher into,
say, an LSTM student by intermediate representation matching in a latent space, with
proper care.

3.3.3 Relation-Based and Similarity-Based Distillation

Relation-based distillation extends beyond individual activations to capture relationships
and structure in the data as learned by the teacher. These methods recognize that a
knowledgeable teacher not only produces good outputs and features, but also organizes
information in a meaningful way, for instance, clustering similar inputs in the feature
space, or maintaining certain relational knowledge among examples, such as ordering
by difficulty, or semantic similarities. A classic example is the Relational Knowledge
Distillation (RKD) Park et al. [2019], which had the student learn distances and angles
between all pairs of data points as embedded by the teacher. Concretely, if d% =
|Fy(x;) — Fi(z;)| is the distance between teacher features for inputs ¢ and j, and Hfjk
is the angle between teacher’s vectors for ¢, j, k, the student would be penalized for
differences between its corresponding distances df; and angles ijk. By doing so, the
student attempts to reconstruct the geometry of the teacher’s feature space. Even if the
absolute features differ, as long as the relational structure is preserved, the student can
be said to have learned the teacher’s representation manifold. Earlier, we mentioned the
FSP method Yim et al. [2017], which is a relation-based approach focusing on layer-wise
relations. It considered relationships between features from two layers in the teacher,
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essentially encoding how one layer’s output transforms to the next, and made the student
mimic that transformation. The general idea is that higher-order knowledge, like “these
10 images form a cluster in teacher’s feature space, distinct from another cluster of
10 images”, can be very informative. It’s a way to transfer the teacher’s conceptual
organization of the data. In NLP, one could imagine relation-based KD being used for
tasks like teacher knowing which sentences are semantically similar. The student could
learn a similar similarity function. One benefit of similarity-based distillation is that it
can sometimes be applied even when teacher and student representations live in different
dimensional spaces or when direct feature alignment is hard, because relationships can
be computed in any space, as long as you can compute a distance or similarity). It also
tends to emphasize generalization. By focusing on relations, the student is not forced to
match precise values, but rather the structure, which might be more robust to differences.
However, relation-based KD often complements, rather than replaces, direct feature KD.
Many works combine a relation loss with a standard distillation loss. There is also a
computational consideration. Computing pairwise relations among n samples can be
O(n?) or O(n?) in some cases (like if triple-wise relations are used), which can be heavy.
Typically, one uses mini-batches and computes relations within batches. In practice,
methods like Contrastive Representation Distillation (CRD) Tian et al. [2019] have
shown strong results. CRD uses a contrastive learning objective where the student must
identify the matching teacher feature for a sample among a set of alternatives, effectively
distilling via a contrastive loss that preserves instance-wise similarity. This can be seen
as a form of relational KD. The relationship of “this belongs to this sample vs. others”
is being transferred. Overall, relation-based methodologies enrich KD by transferring
structural knowledge, the “grammar” of the learned representation, beyond individual
data points. This is particularly useful for tasks where the relative understanding is key
(rankings, metric learning, etc.), and it has shown improvements even in classification
tasks when combined properly with other losses.

3.3.4 Self-Distillation and Online Distillation Techniques

While the above categories usually assume a fixed teacher, self-distillation flips the script
by having the model distill knowledge into itself. In self-distillation, there is no separate,
larger teacher model; instead, the training procedure is designed such that a model ef-
fectively teaches itself. Furlanello et al. [2018] introduced Born-Again Networks (BAN),
where one takes a neural network, trains it, then treats that trained network as a teacher
to initialize or supervise a new student of the same architecture. Repeating this pro-
cess for several generations sometimes yields a student (the “born-again” network) that
outperforms the original network. It’s as though training a network with itself multiple
times can escape local minima or find a more refined function. Each subsequent genera-
tion’s knowledge is a distilled version of the previous, potentially acting like an ensemble
through time. Some methods incorporate self-distillation during a single training run
by adding auxiliary losses between different layers of the same network. For example,
a deeper layer’s output might serve as a “teacher” for an earlier layer’s output in the
same network. The network is encouraged to have early layers already produce good
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representations (as if they were trying to match the final layer). This acts as a form of
regularization, each layer is learning from the eventual “teacher” (the final layer) grad-
ually. As a form of online distillation, one can train a cohort of models simultaneously,
each one learning from others. Zhang et al. [2018] showed that two networks of the
same size trained from scratch can serve as each other’s teacher — they minimize the di-
vergence between their predictions throughout training. This surprisingly led to better
performance than training them independently (and even sometimes better than using
one as a fixed teacher). The process can be extended to multiple students all distill-
ing from each other (sometimes called cooperative learning). There are also approaches
where a large teacher is distilled online, for example, gradually transferring knowledge
as the student trains, instead of after full teacher training (though usually the teacher
is fixed to ensure stability). From a practical point of view, self-distillation is attractive
because it does not require a separate teacher model at training time (which might be
expensive to run). Every model can potentially benefit from KD techniques even if you
only train a single model. For example, recent studies in vision and NLP have integrated
self-distillation into the training objective of one model to get gains as if a teacher was
present. However, self-distillation doesn’t always guarantee improvement — if not care-
fully configured, a model might simply learn to predict its own initial predictions and
get stuck. Also, mutual learning can converge to a agreement that’s not optimal if both
models have the same blind spots.

3.3.5 Multi-Teacher and Ensemble Distillation

When one teacher is good, multiple teachers could be better — that’s the intuition behind
multi-teacher distillation. Instead of a single teacher model, the student is given guid-
ance from an ensemble or a set of teacher models, which may be trained on different data,
have different architectures, or specialize in different tasks. By consolidating knowledge
from several experts, the student could in theory achieve broader or more robust under-
standing. There are a couple of ways multi-teacher KD is implemented: Ensemble Logit
Distillation: The simplest approach is to have multiple teachers each provide an output
distribution, and then either average these distributions or use a weighted average as
the target for the student. Essentially, the student distills the ensemble’s output. This
was actually one of the original motivations: compressing an ensemble of many models
into one. The ensemble’s prediction is often more accurate and smooth than any single
teacher, so the student can sometimes even outperform individual teachers by imitating
the consensus. However, one must be careful if the teachers disagree significantly; in such
cases, averaging might produce a target distribution that no single teacher had, and the
student learning process might become difficult. Sequential Distillation or Stage-wise:
Another way is to sequentially distill from multiple teachers. For example, if you have
Teacher A and Teacher B, you could first distill A into an intermediate student, then
use that student (or combine with B) to distill into the final student. This is related to
the teacher-assistant idea where one of the teachers could be seen as an assistant sim-
plifying knowledge from a more complex teacher for the student. Or each teacher might
handle a subset of the task (like teacherl for taskl, teacher2 for task2), and you distill
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all into one multi-task student. Knowledge Amalgamation: A term used when the goal
is to fuse knowledge from teachers that might have expertise in different domains into
one student. For example, one teacher might be good at classifying animals, another
at classifying vehicles; an amalgamated student could handle both if distilled properly.
This often requires a careful design so that the student’s capacity is enough and that
the training data covers both domains. The benefit of multi-teacher distillation is a
potentially richer training signal. Each teacher might offer unique insights or correct
different mistakes. The student could learn a more generalized solution. Indeed, studies
have shown students from multiple teachers can achieve better generalization and ac-
curacy than from a single teacher. The challenges include how to effectively merge the
knowledge. If teacher outputs conflict, the student loss might be confused. Some works
introduce an adaptive weighting: e.g., during training, measure which teacher’s predic-
tions the student currently imitates best and weight that teacher less or more to balance.
Another approach is to give each teacher’s output to the student as separate distillation
objectives (like multi-objective optimization). There are also methods using gating —
train a small gating network that decides which teacher’s knowledge to apply for each
instance (like a student that dynamically attends to the appropriate teacher). All these
add complexity. Additionally, multi-teacher KD is computationally costly: you have to
run multiple forward passes (one per teacher) for each training sample, unless teachers’
predictions are precomputed. In a large-scale scenario, this could be prohibitive in terms
of memory and speed. Therefore, multi-teacher is sometimes done in an offline manner
where teachers’ outputs on the training set are saved first (if the training set is not huge).
Despite these issues, multi-teacher distillation has been successfully used. An example
in NLP is distilling knowledge from several monolingual models into one multilingual
student or vice versa, or combining an ensemble of question-answering models into one.
The student often ends up with diverse learned knowledge and improved robustness.
Surveys summarize that multi-teacher provides the student with a “broader range of di-
verse and enriched information,” enhancing generalization, but requires careful handling
of the capacity gap and knowledge aggregation.

3.3.6 Adversarial and Other Advanced Distillation Techniques

Beyond the main categories above, there are a number of advanced methodologies worth
noting: Adversarial Distillation: Borrowing ideas from GANSs, some techniques set up
an adversarial game where the student tries to generate outputs (or features) that are
indistinguishable from the teacher’s, as judged by a discriminator. For example, an ad-
versarial distillation method might have a discriminator network that takes either teacher
or student feature maps and must tell which is which, and the student is trained to fool
the discriminator. This can encourage the student to match the teacher’s distribution
of features more holistically. Adversarial KD has been applied in data-free scenarios too
(Chen et al. 2019) where a generator produces dummy inputs that make the teacher
and student output distributions close, using a GAN loss. The adversarial approach can
capture higher-order similarities and is quite flexible, though training GAN-like setups
can be tricky and unstable. Adaptive Distillation: Methods that adjust the distilla-
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tion process on the fly. For instance, not all teacher knowledge might be equally useful
throughout training — early on, the student might benefit from focusing on coarse knowl-
edge, later on fine-grained. Some adaptive methods change the weight of the distillation
loss over epochs, or change which layers to distill from as training progresses. Another
adaptive idea is curriculum distillation: start distilling easier aspects of the teacher’s
knowledge (maybe on easier examples or higher-level outputs) then gradually move to
harder aspects. This ties in with the notion of teacher assistant which we discussed as
bridging capacity gap — that is a form of adapting the teacher complexity to the student.
Cross-Modal Distillation: Although more relevant to multi-modal research, it’s interest-
ing in an NLP context too. For example, one could use a strong image-captioning model
(vision-language) as a teacher to improve a pure language model on descriptive text
generation, by transferring some of the vision-grounded knowledge. Or distill a speech
recognition model’s knowledge into a text model that predicts phonetic sequences. These
scenarios expand KD beyond identical tasks, essentially using KD for transfer learning.
In NLP, a related idea is cross-lingual distillation: a high-resource language model or
classifier (say English BERT for sentiment) can teach a low-resource language model
(say for Spanish sentiment) by translating or using a multilingual teacher. The teacher’s
outputs on Spanish data (even if teacher is an English model, maybe via a multilingual
model) serve as supervision for the Spanish student. Lifelong and Online Learning with
KD: In continual learning, KD has been used to retain knowledge. When a model is
learning new tasks sequentially, it can treat the older version of itself as a teacher to avoid
catastrophic forgetting (this is essentially self-distillation across time). By preserving the
previous outputs via a distillation loss while learning new data, the model doesn’t devi-
ate too far on what it previously knew. This is common in continual learning algorithms
(e.g., LwF — Learning without Forgetting, used KD to keep new model’s predictions
close to old model’s for old tasks). Knowledge Distillation in Large Language Models:
Since the context of the thesis is large language models (LLMs), it’s worth noting how
KD is specifically applied there. LLM Distillation has become a hot topic recently as
researchers try to compress models like GPT-3 (175B parameters) or others into more
manageable sizes. Techniques include output distillation on next-word prediction across
vast corpora (to train a smaller language model to mimic a large one’s next-word distri-
bution), as well as distilling specialized abilities (like reasoning or following instructions)
from an LLM into a smaller model. For example, using ChatGPT or GPT-4 as a teacher
to create a high-quality dataset of question-answer pairs, and then fine-tuning a smaller
model on that — effectively performing KD.

3.3.7 Data-Free Knowledge Distillation and Synthetic Data Genera-
tion

As mentioned in the challenges, an exciting development in KD methodologies is data-
free distillation — where the distillation process does not rely on the original training data
(which might be unavailable or insufficient). Instead, synthetic or unlabeled data is used,
often leveraged from the teacher itself. In computer vision, data-free KD has involved
generating images by inverting the teacher model (producing inputs that maximize cer-
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tain activation patterns) or using a generator network that produces pseudo-inputs on
which teacher and student are trained in tandem. In NLP, data generation is more
straightforward in a sense, because a large language model can directly generate text.
Synthetic data generation for KD in NLP has gained traction due to the impressive
generative capabilities of large models. Rather than manually annotating data, one can
prompt an LLM to create a corpus of questions, answers, translations, etc., and then
use those as training data for a smaller model. This effectively transfers knowledge:
the teacher’s knowledge about language and the task is embedded in the synthetic ex-
amples it produces, and the student. Nonetheless, synthetic data generation as a KD
methodology is extremely powerful in NLP because text is easy for large models to
produce in unlimited quantities. The limitation becomes quality, not quantity. Ensur-
ing the generated data is representative and challenging enough for the student is key.
Techniques like filtering generated data, using multiple prompts, human in the loop to
check some outputs, or gradually refining the generation via feedback can improve re-
sults. In summary, data-free and synthetic data distillation augment the traditional KD
toolbox by removing dependence on original datasets. They leverage the teacher as not
just a source of outputs on existing inputs, but as a source of new inputs and outputs.
Ace-Attorney’s success in legal QA is a testament to the potential of this approach in
specialized domains. We can expect to see more “generate-then-distill” frameworks,
especially as LLMs continue to advance and the demand to deploy smaller specialized
models grows.

3.4
ACE-ATTORNEY: Enhancing Legal Question Answering with
Data Generation and Knowledge Distillation from Large
Language Models

Originally published as: Paolo [taliani, Gianluca Moro, and Luca Ragazzi. FEnhancing legal
question answering with data generation and knowledge distillation from large language models: P. italiani
et al. Artificial Intelligence and Law, pages 1-26, 2025

Abstract

Legal question answering (LQA) relies on supervised methods to automatically handle
law-related queries. These solutions require a substantial amount of carefully annotated
data for training, which makes the process very costly. Although large language models
(LLMSs) show promise in zero-shot QA, their computational demands limit their practical
use, making specialized small language models (SLMs) more favorable. Furthermore,
the growing interest in synthetic data generation has recently surged, spurred by the
impressive generation capabilities of LLMs. This thesis presents ACE-ATTORNEY, an
LLM distillation approach devised to develop LQA data and supervised models without
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human annotation. Given a textual prompt, a frozen LLM generates artificial examples
that are used as knowledge to train a student SLM with an order of magnitude fewer
parameters. Taking into account a realistic retrieval-based scenario to fetch the correct
document for answer generation, we propose Selective Generative Paradigm, a novel
approach designed to improve retrieval efficacy. Extensive experiments demonstrate the
effectiveness and efficiency of distilled models on SYN-LEQA, our human-free synthetic
dataset, and a public expert-annotated corpus. Notably, by using only a few dozen
training samples, our best SLM achieves LLM-comparable performance with ~1200%
less CO9 emissions.

3.4.1 Introduction

The rapid introduction and growing availability of novel digitized legal texts result in an
overload of information for legal professionals. Acting as an expert assistant, legal ques-
tion answering (LQA) could help quickly capture the main points of new cases [Martinez-
Gil, 2023], similar to summarization systems [Ragazzi et al., 2024c]. However, the need
for accurate training data and its associated annotation cost represent a barrier for
emerging applications. Consequently, there is a pressing demand for LQA data and
models to streamline the deployment of production-ready solutions in high-value do-
mains such as law [Louis et al., 2023].

Automated data generation has recently attracted enormous interest due to the re-
markable generative capacity of large language models (LLMs). On the downside, the
huge size of such models poses notable deployment obstacles (e.g., >190 GB of GPU
RAM is needed to serve a 180B LLM with 8-bit quantization [Almazrouei et al., 2023]).
Consequently, given such prohibitive costs, knowledge distillation (KD) [Hinton et al.,
2015] has emerged as a strategy, creating task-specific small language models (SLMs)
trained on synthetic data produced by LLMs [Meng et al., 2022, Ye et al., Gao et al.].
This paradigm enables the creation of cost-efficient student models, affordable for most
product teams, which often outperform prompt-based zero-shot LLMs despite having
order-of-magnitude fewer parameters [Zhou et al., 2023b]. However, previous work on
KD has focused mainly on text classification, neglecting generative tasks such as QA.
Furthermore, upon closer inspection, existing LQA datasets' exhibit at least one of
the following limitations: (i) they concern specialized domains with constrained scope,
such as tax law [Holzenberger et al.]; (ii) they are restricted to multiple choice [Zheng
et al., Bongard et al.] or few-word replies [Sovrano et al.]; (iii) the answer is a verbatim
extraction from the context [Ravichander et al., Ahmad et al.].

Motivated by the power of LLM text generation and the scarcity of LQA contribu-
tions, we present ACE-ATTORNEY (Figure ?7), an LLM KD approach to automate the
generation of LQA datasets and models. First, we use a frozen instruction-tuned LLM to
create a comprehensive synthetic QA dataset via carefully designed prompts on legal cor-
pora, filling the dearth of publicly available LQA datasets.? This phase is enhanced by a

! As widely accepted by the community to track advance progress, we analyzed contributions for
English.
ZNote that our study aims to generate data ex novo, going beyond the purpose of data augmenta-
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@ Dataset Construction @ Inference

@ Triplets Creation: {Context, Question, Answer} Question: What was the reason

N for the lawsuit filed by the eight

...Class Action Settlement. Question: What was the total students against the Cities of
The Consent Decree was ¢ Teacher amount paid by the county in Glendale and Los Angeles?

approved on January 8, LLM the consent decree?

2020, with $2.1 million... Answer: The total amount paid i
by the county was $2.1 million.

Short legal contexts

(® Dataset Refinement (answer correction) . ______________..____..____. ..The ...Eight
' . ' plaintiffs students
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@ Training correct document.
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Answer: ..students sued the
+ [ Context: ...The Consent Decree Context: ...The event was "
> . cities due to the unlawful round-
o | was finally approved on January held on March 15, 2021, up of Latino students...
£ | 8,2020, with the $2.1 million... celebrating the opening of...
Question: What was the total & Student Question: What was the total
+ | amount paid by the county in the SLM amount paid by the county in
2 \ consent decree? the consent decree? Selective Generative
5 [ Answer: The total amount paid Answer: Please provide Paradigm
O L by the county was $2.1 million. the correct document.

FIGURE 3.1. ACE-ATTORNEY overview. (1) A frozen LLM generates {context, question, answer} triplets
from short legal contexts. For each question, we retrieve the corresponding context, manually adjusting
the answer if the context is incorrect. (2) We then train an SLM on these triplets. (3) During inference,
we employ a Selective Generative Paradigm, where the SLM provides an answer based on the relevance
of the retrieved document.

data refinement process, where specific instances are modified to cover realistic scenarios
in which an incorrect context is used to answer a given question. Subsequently, a stu-
dent SLM is trained on the artificial question—answer pairs, operating in a pure zero-shot
setting without involving human annotations throughout the entire pipeline. We based
our analysis on a realistic scenario that involves retrieving the correct document within
a cluster to answer a determined question. To this end, taking inspiration from exist-
ing works on relevance assessment [Faggioli et al., 2023, MacAvaney and Soldaini, 2023,
Thomas et al., 2024], we present Selective Generative Paradigm (SGP), a methodology
grounded in iterative refinement [Domeniconi et al., 2014, 2015b], specifically designed
to improve the effectiveness of the retrieval module. Thanks to our prior dataset refine-
ment process, the generative model—tasked with answering the question—can directly
evaluate the pertinence of the retrieved document and request a new one if necessary.
ACE-ATTORNEY accommodates models of different sizes without presumption on their
architecture, fulfilling the available hardware infrastructure.

For experimentation, we consider privacy policies and civil rights lawsuits as the
raw legal knowledge to build SYN-LEQA, a new synthetic LQA dataset originated by

tion [Ghosh et al.].
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LLM KD. We then fine-tune multiple million-scale SLMs on it and perform in- and
cross-domain experiments on a real human-annotated LQA dataset.
In summary, our main contributions are the following:

e We explore synthetic data generation for legal applications, presenting ACE-ATTORNEY,
a model-agnostic approach that operates via LLM KD to automate the production
of data and small specialized models. With our approach, we create SYN-LEQA,
the first high-quality synthetic dataset for generative LQA.

e We propose SGP, which allows the generator and the retriever to work jointly to
select the correct document to answer the question.

e By benchmarking multiple neo-released billion-scale LLMs in LQA, we show that
our distilled SLMs—despite having order-of-magnitude fewer parameters—outperform
LLMs with ~1200% less COs emissions, even obtaining LLM-comparable results
in a real-case scenario of just a few dozen training samples.

3.4.2 Related Work

Legal Question Answering. LQA has been a long-standing challenge for legal in-
telligence applications [Kim et al., 2016], fueled by the overwhelming influx of new
legal information. Consequently, to formulate and facilitate practical remedies, several
datasets have been proposed and publicly released. CASEHOLD [Zheng et al.] collects
more than 53K multiple-choice questions to identify the relevant holding of a cited case.
PRIVACYQA [Ravichander et al.] aggregates 1750 questions on privacy policies of mo-
bile applications. POLICYQA [Ahmad et al.] provides 714 human-annotated inquiries
for a wide range of privacy practices. To the best of our knowledge, there are no open-
access datasets that offer generative answers, although this is often a user requirement
for lawyers [Zhang et al.].

Synthetic Data Generation. Several works focused on the fabrication of artificial
data using generative models. Early attempts take advantage of human annotations
to generate data samples and train models in a semi-supervised fashion [Anaby-Tavor
et al., 2020, Kumar et al., 2020, Puri et al., 2020, Lee et al., 2021b]. As LLMs have
become increasingly popular, they have also gained attention for generating task-specific
examples [Yoo et al., 2021, Bonifacio et al., 2022, Carranza et al., 2023, Guo et al., 2023].
However, these solutions are still based on expert-made data. We advocate for a recent
research pathway that explores a pure zero-shot scenario, fueled by LLM KD to fine-
tune cost-efficient SLMs. Schick and Schiitze [2021] use LLMs to generate labeled text
pairs for the semantic textual similarity task. Meng et al. [2022] produce samples using
generation probability and regularization techniques for text classification. Yu et al.
[2023] use complex attributed prompts, creating diverse and attributed artificial data.
Ye et al. [2022] push this concept to its extreme by training LSTMs on synthetic data.
However, as far as we know, data generation has never been explored for legal NLP tasks,
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TABLE 3.1. Dataset statistics for both SYN-LEQA and PRIVACYQA4en. The word count is computed
with the NLTK tokenizer [Bird et al.].

Set  # Samples # Question # Answer # Doc

Words Words Words
Syn-LeQA
Train 3854 27.55 34.50 115.90
Val 481 27.66 34.46 118.39
Test 483 27.82 34.32 116.31
PrivacyQA 4.,
Test 431 9.37 42.48 116.70

despite the benefit of bypassing the excessive annotation effort required by in-domain
experts to create high-quality labeled examples.

3.4.3 Ace-Attorney

We introduce ACE-ATTORNEY, a new approach devised to develop LQA-specific data
and supervised models through LLM KD.

Task Definition. LQA can be formally defined as follows. Let D = {di,...,d,} be
a corpus of legal documents. Given a single-sentence question q, a retriever R is asked
to sort the documents in D by relevance: {d},...,d),} = R(D | q). Then, a generative
model G produces the answer a using both q and d}, namely a = G(q,d)).

3.4.3.1 Syn-LeQA

Motivated by the inaccessibility of publicly available LQA datasets, this work focuses
on the generation of examples £ = <q,d},a> | d] € D, composing SYN-LEQA, our
synthetic LQA dataset for training G. Table 3.1 shows the statistics of our dataset, while
Table 3.2 displays two random examples.

Challenges. This data generation process faces several challenges. ¢1 The documents
in D leveraged to generate examples &1, ..., g should not be overly similar to ensure
generalizability across unseen data and domains, but should also not be too dissimilar to
sidestep succumbing to a trivial retrieval task. c2 The questions must provide sufficient
information for R to accurately retrieve the corresponding document in D. ¢3 The
answers should be coherent and factual w.r.t. the question and the source document,
respectively.

Source Data. For the fabrication of SYN-LEQA, we identify two diverse legal sources

in D, so that we can tackle c1. (1) Ciwil rights lawsuits: we consider short summaries
of MULTI-LEXSUM [Shen et al., 2022], a legal corpus for multi-document summariza-
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TABLE 3.2. Two examples taken from SYN-LEQA featuring the root document and the corresponding
generated question-answer pair.

Document #1
In August 2006, the EEOC brought this suit in the U.S. District Court for the District of
New Jersey on behalf of two employees over aged 60 who received reduced severance pay
after their plant closed. It alleged that reducing the severance pay of employees over 60
who qualified for pensions violated the Age Discrimination in Employment Act. On May
27, 2008, the court ruled in favor of the defendants and awarded no relief.
Did the court rule in favor of the EEOC in the case of reduced severance
pay for employees over 60 who qualified for pensions?
Answer #1 No, the court ruled in favor of the defendants and awarded no relief.
Document #2
We may suspend or terminate your rights to use the Parsec Properties (including your
Account) at any time for any reason at our sole discretion, including for any use of
the Parsec Properties in violation of these Terms. Upon termination of your rights under
these Terms, your Account and right to access and use the Parsec Properties will terminate
immediately. In addition, we use “pixel tags” (also referred to as clear GIFs, Web beacons,
or Web bugs). Pixel tags are tiny graphic images with a unique identifier, similar in
function to cookies, which are used to track online movements of Web users.
What is one specific reason that Parsec Properties may suspend or
terminate a user’s account and rights to use the Parsec Properties?
One specific reason that Parsec Properties may suspend or terminate
Answer #2 a user’s account and rights to use the Parsec Properties is for any use
of the Parsec Properties in violation of these Terms.

Fact.

Question #1

Question #2

= Question ® Answer

Flu. Inf, ’

FIGURE 3.2. Human analysis on SYN-LEQA’s data quality according to the average fluency, factualness,
and informativeness scores.

Avg. Score
S = N W B W

tion, consisting of a description of the background, parties involved, and outcome of the
case. (2) Privacy policies: we aggregate the policies provided by the training set of
PrivacYQA [Ravichander et al.] and PoLicYQA [Ahmad et al.], which are contractual
agreements that bind companies to their clients. To align with the input length of short
summaries in MULTI-LEXSUM and increase the number of samples, we divided the orig-
inal policies into chunks of a maximum of four sentences.

LLM Annotation. We use LLAMA-2-13B as LLM teacher M.? Specifically, given

3 Although ACE-ATTORNEY is model-agnostic, our infrastructure is restricted to 24 GB of GPU RAM.
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TABLE 3.3. Prompts engineered for synthetic data generation (above) and zero-shot LLMs (below).
t denotes the final prompt chosen for the creation of SYN-LEQA.

Setting Prompt

Synthetic Data Generation

Provide an extremely specific question and short answer (one sentence) based on
Task Description' a fact present on the following document: {d;}. It should have the following format:

Question: generated_question Answer: generated_answer.

<s>[INST]<<SYS>>

You are an annotator that needs to provide an extremely specific question and short
LLAMA Task Description answer (one sentence) based on a fact present on a document.

It should have the following format: Question: generated_question Answer: generated_answer.
<</SYS>> The document is{d;} [/INST]

Relevant document: {relevant_document;} Corresponding question and answer:
Question: {question;} Answer: {answer;}

In-Context Learning Relevant document: {relevant_documents} Corresponding question and answer:
Question: {questions} Answer: {answers}
Relevant document: {d;} Corresponding question and answer:

Provide an extremely specific question and short answer (one sentence) based on

In-Context Learning w/ a fact present on the following document: {d;}. It should have the following format:

Task Description Question: generated_question Answer: generated_answer. Examples of questions and answers:
Question: {question;} Question: {questions} Corresponding question and answer:

Zero-shot LLMs

Provide a single sentence answer to the following question: {g;}.

Prompting Using the following document: {d;}

Provide a single sentence answer to the following question: {g;}.
Prompting w/ Selective Using the following document: {d;}
Generative Paradigm If the question is unanswerable given the provided document, write
“Please provide the correct document.”

a document d;, we provide M with a curated prompt template 7 (-) to generate the
question—answer pairs, formally defined as (q,a) = M(7(d;)). After careful prompt en-
gineering (see Table 3.3), the following prompt emerges as our primary choice: ‘ ‘Provide
an extremely specific question and short answer (one sentence) based on a
fact present in the following document: {d;}’’.

Quality Control. In light of the above challenges, we first perform a careful post-
processing to control the quality of the generated samples. (i) We remove instances with
empty questions or answers. (ii) We address ¢2 by filtering samples with too generic
questions through a retrieval-based approach. Technically, given q;, we exclude samples
whose d; is not retrieved in the first top-10 positions using BM25 OKAPI [Robertson
et al., 1995] (more details are given in subsection 3.4.4.3). Finally, to verify c3, we
conduct a human analysis to gauge data quality. Specifically, we present 50 random
samples to three English-proficient annotators with legal background asking to assign a
score on a Likert scale from 1 (worst) to 5 (best), according to fluency, factualness (for
both q; and a;), and informativeness (for just a;). Figure 3.2 shows very high results,

Thus, we can afford to run models up to 13B in size, also simulating a real-world hardware-constrained
scenario.
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TABLE 3.4. Explanations on human evaluation aspect scales.

Informativeness

Answer is not relevant to the question

Answer is partially relevant and misses the main point of the question

Answer is relevant, but misses the main point of the question

Answer successfully captures the main point of the question but some relevant
content is missing

5 Answer successfully captures the main point of the question

W N

Factualness

1 Answer/question consists almost entirely of fabricated content that does not
occur in the source document

2  Answer is mainly composed of hallucinations

3 Answer/question contains few hallucinations, but concern important aspects
of the original document

4  Answer contains few hallucinations, but are restricted to negligible facts

5 Answer/question is faithful with respect to the original document

Fluency

1 Answer/question is full of garbage fragments and is hard to understand

2 Answer/question contains fragments, missing components but has some fluent
segments

3 Answer/question contains some grammar errors but is in general fluent

Answer/question has relatively minor grammatical errors

5 Fluent answer/question

N

supported by inter-annotator agreement of 0.62 with Cohen’s x coefficient, revealing the
great generative capacity of our LLM teacher. The evaluation criteria are detailed in
Table 3.4.

3.4.3.2 Selective Generative Paradigm

The quality of the generated answer is highly dependent on the retriever R, which
prevents the generator G from producing a coherent and factual response when retrieving
the wrong document. Consequently, previous work has put great effort into improving
communication between R and G, devising solutions that combine these two components
in an end-to-end fashion [Lewis et al., 2021, Moro et al., 2022a, 2023e, Lai et al., 2023,
Moro et al., 2023b]. However, G still places complete trust in R, without having the
possibility to replace the received document.

Inspired by communication networks that require adaptability to manage dynamic
scenarios [Moro and Monti, 2012b], we advocate for a G capable of doubting the conduct
of R. We term this ability as Selective Generative Paradigm (SGP) (see Figure ?77),
which allows G decide whether to generate the answer based on the current document
retrieved or ask R to return a different one. Technically, if G is not satisfied with the
selection, it must produce the following sentence s: ¢ ‘Please provide the correct
document.’’ Therefore, the second most ranked document is passed to G, which re-
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Algorithm 1 Selective Generative Paradigm

Input: q {question}
Output: a {answer}
:{d},...,d,}=R(D|q),i=1
while a = s do

a=g(q,d;)

t=1+1
end while=0

P

assesses the relevance until it generates a proper answer. The formal procedure is given
in Algorithm 1.

Regarding zero-shot LLMs, this approach is implemented by modifying the original
prompt as described in Table 3.3. Differently, SLMs undergo an altered fine-tuning
process (see the dataset refinement in Figure ??). Specifically, we tamper the training
set instances whose corresponding document is not correctly retrieved at the first position
by BM25 OkAPI [Robertson et al., 1995] (see subsection 3.4.4.3) by replacing their target
answer with s. Then, we fine-tune SLMs on this modified dataset, called SYN-LEQA 44,
whose altered training samples are 654 out of 3854.

3.4.4 Experimental Setup

Based on [Moro et al., 2018b, Domeniconi et al., 2017], in addition to the in-domain
experiment on the proposed SYN-LEQA dataset, we conduct a cross-domain evaluation
on the PRIVACYQA dataset [Ravichander et al.], aiming to assess the performance of the
distilled SLMs trained on SYN-LEQA. Since PRIVACYQA is centered on a classification
task, we make adjustments to align it with our specific generative QA objective. In
fact, in this dataset, for each query q;, expert annotators classified each sentence in the
corresponding document d; as relevant or not. Therefore, considering that there can
be multiple sentences marked as relevant for q;, we select the longest as the candidate
target answer a;. We call this testbed PRIVACYQA 4¢,, and outline its statistics in Ta-
ble 3.1. Since the questions did not include enough context for the retriever to behave
as expected, we do not consider R in the pipeline.

In summary, in the in-domain scenario, we use SGP and therefore train SLMs on
SYN-LEQAg,. Differently, in the cross-domain scenario, we directly feed the gold doc-
ument to both SLMs and LLMs without leveraging SGP. Hence, we train SLMs on the
original SYN-LEQA dataset and test on PRIVACYQA g¢p,.

Environment. All runs are tracked with Weights & Biases* and executed on a worksta-
tion with a single Nvidia GeForce RTX3090 GPU of 24 GB of dedicated memory, 64 GB
of VRAM, and an Intel@®) Core™ i9-10900X1080 CPU @ 3.70GHz. The reference oper-
ating system is Ubuntu 20.04.3 LTS. To enhance portability, our environment is built on

‘https://wandb.ai

o7


https://wandb.ai

TABLE 3.5. Hyperparameters initialization for utilized NLG metrics.

Metric Bound Hyperparameters
l _ =[n 1 1" n 1 2" n l n n l 4"
BLEU 0,1] b (.eu type's [.b .eu E bleu2", "bleu3", "bleud"],
weights="equidistributed"
rouge_types=["rougel", "rouge2", "rougelL"],
, =T s
ROUGE [0, 1] use_aggregator=True,

use_stemmer=True,
metric_to_select="fmeasure"
model_type="bert-base-uncased",

idf=True, batch_size=64, nthreads=4,
BERTScore [—1,1] rescale_with baseline=True,
use_fast_tokenizer=False,
return_average_scores=False
model_checkpoint="facebook/bart-large-cnn",
batch_size=4, segment_scores=False

BARTScore | —00,0[

top of a docker container with an NVIDIA image.> Our code is based on Python 3.8.10,
PyTorch 1.12.14cull3 [Paszke et al., 2019], and HuggingFace Transformers [Wolf et al.,
2020].

3.4.4.1 Metrics

To thoroughly assess model performance, we cover multiple evaluation dimensions. Ta-
ble 4.11 lists the hyperparameters of the metrics.

Syntactic. We use recall-oriented ROUGE-{1,2,L} [Lin, 2004] and precision-focused
BLEU-{1,2,3,4} [Papineni et al., 2002]. Inspired by Moro et al. [2023a], we also mea-
sure an aggregated ROUGE judgment to penalize results with discrepant unigram, bi-
gram, and longest common subsequence overlaps: RG = ave(ri,r2,70)/1402, where o2

is the F1 variance. Accordingly, we apply the same principle to BLEU, obtaining
B = ave(b,b2,b3,b4)/14-02.

Semantic. Moving beyond lexical superficiality, we employ BERTScore (BeS) [Zhang
et al., 2020c] and BARTScore (BaS) [Yuan et al., 2021a] for semantic coverage, two
model-based metrics that exhibit strong correlations with human judgment. Note that
BARTScore computes the generation probability p(y|x, ) of a sequence y conditioned
on another sequence x, where 6 are the weights of a BART model [Lewis et al.]. Due
to this generative approach, the evaluation dimensions vary depending on how y and
x are defined. In particular, we consider the Recall, Precision and F1 settings. Recall
(h — r, p(r|h,0)) quantifies how easily a gold reference (r) could be generated by the
hypothesis (h). Precision (r — h, p(h|r,)) assesses how likely the answer hypothesis
could be constructed based on the gold reference. F1 score (h < r) takes the harmonic
mean of recall and precision.

nvidia/cuda:11.3.1-devel-ubuntu20.04
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Model Checkpoint

SLMs
BART-base facebook/bart-base
BART-large facebook/bart-large
FLAN-T5-small google/flan-t5-small Hyporparameter Valuo
FLAN-T5-base google/flan-t5-base
§ § Dropout ratef 0.1
FLAN_T5_Iarge google/ﬂan—tS—laIge Learning rate’ 5=, linear scheduler
LLM AdamW Opt. [Loshchilov and Hutter]” 0.9 81, 0.999 B, le~2 weight decay
s Batch sizef 2
LLAMA-2-7B meta-llama,/Llama-2-7b-chat-hf Epﬁ’d;%‘ . o Cnlidation. every epoct)
LLAMA-2-13B meta-llama,/Llama-2-13b-chat-hf gecoding stratesy greedy search, maxclength=51
MISTRAL-7B mistralai/Mistral-7B-Instruct-v0.1 Temperature 10
ZEPHYR-7B HuggingFaceH4/zephyr-7b-alpha Quantization! 8-bit
ORcaA-2-7B microsoft/Orca-2-7b
ORcA-2-13B microsoft/Orca-2-13b
NEURAL-CHAT-7B  Intel/neural-chat-7b-v3-1
STARLING-7B berkeley-nest/Starling-LM-7B-alpha
Notus-7B argilla/notus-7b-v1

FIGURE 3.3. Left: HuggingFace checkpoints of the models used in this study. Right: Hyperparameters
used for SLMs fine-tuning and inference, and zero-shot LLMs. { and i are specific for SLMs and LLMs,
respectively.

Efficiency. We monitor the inference runtime and compute CO, emissions with
CodeCarbon.b Finally, we condense our judgment to weigh both cost and effectiveness
in a single score using Carburacy [Moro et al., 2023a].

3.4.4.2 Models

Figure 3.3 shows the models used in this study, specifying their checkpoints and hyper-
parameters for fine-tuning and inference.

SLMs. In line with previous works [Ragazzi et al., 2024a, Italiani et al., 2024], we
consider Bart [Lewis et al.], one of the most popular models for generative tasks char-
acterized by a denoising pretraining objective, and Flan-T5 [Chung et al., 2022a], a
model fine-tuned with instructions on a mixture of text-to-text tasks. We benchmark
both models with different sizes, ranging from 60M to 780M parameters. For the fine-
tuning process, we concatenate the question and the relevant document and train them
to produce the corresponding answer. We train each model for 5 epochs and select the
checkpoints that obtain the highest ROUGE-1 score on the validation set.

LLMs. We examine LLaMA-2-{7B,13B} [Touvron et al., 2023b], which is an up-
graded version of LLAMA-1 [Touvron et al., 2023a] pretrained on additional 40% of
data. Mistral-7B [Jiang et al., 2023a] comprises grouped-query attention [Ainslie et al.,
2023] and sliding window attention [Beltagy et al., 2020b] to achieve a harmonious equi-
librium between the pursuit of high performance and efficiency. Zephyr-7B [Tunstall
et al., 2023] leverages MISTRAL-7TB as a starting checkpoint, distilling conversational

Shttps://github.com/mlco2/codecarbon
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capabilities with direct preference optimization from a dataset of Al feedback. Orca-
2-{7B,13B} [Mitra et al., 2023] is a refined iteration of LLAMA-2 that outperforms
models of comparable scale on tasks requiring advanced reasoning abilities. Neural-
chat-7B is a model based on MISTRAL-7B fine-tuned on SLIMORCA. Starling-7B [Zhu
et al., 2023] is trained with reinforcement learning from AI harnessing NECTAR, a GPT-
4 labeled ranking dataset composed of chat prompts. Lastly, through fine-tuning on
a refined variant of ULTRAFEEDBACK [Cui et al., 2023], Notus-7B [Bartolome et al.,
2023] elevates the performance of ZEPHYR-7B. To make inference for zero-shot LLMs
possible with our hardware, we exploit PEFT.” To be precise, we carry out 8-bit model
quantization, enclosing the provided prompt within the recommended template for every
model.

3.4.4.3 Retriever

The retriever is a pivotal component in real-world QA pipelines, having a direct influence
on the overall accuracy, efficiency, and reliability of the entire solution [Frisoni et al.,
2022a]. In light of this, we perform a comparison of different methods with the aim of
maximizing performance while minimizing costs. First, we test BM25 Okapi [Robert-
son et al., 1995], a probabilistic model that estimates the relevancy of documents w.r.t.
a query as follows:

n—fi+0.5
BM25 = 1 —— |- TF 1
5 ;og< 05 ) BM25 (3.1)
q
. 1

ft,d + kl : ((1 - b) + (b : Ed/gavg))
where n is the number of documents in the corpus, f; is the number of documents
containing the query term ¢, f; q is the number of occurrences of ¢ in the document d,
lq is the number of terms in d, and /., is the average of £q over the corpus. We use
the standard parameters: k1 = 1.2 and b = 0.75.

Furthermore, we evaluate the bi-encoder (BiE) architecture [Reimers and Gurevych,
2019b], which uses a siamese BERT network to create semantically meaningful sentence
embeddings. This involves independently processing q and d; through an encoder-only
transformer, resulting in two unique sentence embeddings that can be compared using
cosine similarity [Frisoni et al., 2020, Domeniconi et al., 2016]. To enhance computa-
tional efficiency, we conduct indexing using FAISS [Johnson et al., 2019], which tackles
the problem of efficient comparison between high-dimensional vectors. Lastly, we assess
the cross-encoder (CE) implementation [Nogueira and Cho, 2019], using an encoder-
only transformer to process the concatenated q and d;, producing a score indicating the
document pertinence. Looking at the MS Marco Passage Reranking [Nguyen et al.] and
TREC [Craswell et al., 2020] benchmarks, we operate MPNet [Song et al., 2020] and
DistilRoBERTa [Sanh et al., 2019] as bi-encoders, and TinyBERT [Jiao et al.] and

"https://github.com/huggingface/peft
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TABLE 3.6. Retrieval results. Bold and underline denote the best and second-best scores. T=higher is
better; |=lower is better.

Model R@1+ R@51 R@101 Run.| Emis. |
BM25 OKAPI 83.02 9565  97.10  10.89 1.09
BiE DisTLROBERTA  70.81  87.78  90.89  12.20 1.44
BiE MPNET 7350 8716  91.72 18.02 2.15
CE TINYBERT 89.65  96.80  98.14  1473.71  32.15
CE MINILM 90.06 97.52  98.76  1428.88  162.58

TABLE 3.7. Results of FLAN-T5-large on PRIVACYQA e, ’s test set fine-tuned on 100 instances from four
versions of SYN-LEQA, each generated using different prompt templates. Bold and underline denote the
best and second-best results.

Prompt RG BeS Run.
In-context learning 21.47 2474 10672
Task description 30.88 33.92 1591
LLAMA task description 25.48 2844 1462

In-context learn. w/ task descr. 22.86 25.87 5061

MiniLM [Wang et al., 2020b] as cross-encoders.

Results. Table 3.6 compares the performance of different retrieval methods on the test
set of SYN-LEQA. We report the Rank@k metric, with k& € {1,5,10}. Technically, given
an input question, we assess how frequently the corresponding document is correctly
found within the top-k items retrieved. We also provide the runtime in seconds and
the CO2 emissions in milligrams. According to Reimers and Gurevych [2019b], cross-
encoders exhibit the best results at the price of considerably higher computational costs
because they require computing a score for every possible combination of query and
document. This assertion is also validated by our case study. For example, although CE
MiINILM demonstrates superior performance w.r.t. BM25 OKAPI (90.06 vs. 83.02 for
Rank@1), it requires more than 100x runtime (1428.88 vs. 10.89 seconds) and emissions
(162.58 vs. 1.09 milligrams). Additionally, the performance gap decreases sharply as k
increases (97.52 vs. 95.65 for Rank@5). For these reasons, to strike the best equilib-
rium between performance and computational overhead, we select BM25 OKAPI as the
retriever for our in-domain experiments.

3.4.5 Results and Discussion

Prompt Engineering. As emphasized in previous studies [Khashabi et al., Wei et al.,
2022, Ye et al., 2022], the configuration of the prompt template can profoundly influence
the process of synthetic data generation. Therefore, we select 100 documents equally
drawn from lawsuits and policies. From these documents, we generate four different
versions of SYN-LEQA, with each variant differing based on the specific approach used
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TABLE 3.8. Quantitative results on SYN-LEQA'’s test set. Bold and underline denote the best and
second-best results. * indicates statistically significant higher scores compared to the best-performing
LLM (STARLING) based on a one-tailed t-test (p-value= 0.05).

Syn-LeQA

Syntactic Semantic Efficiency
Model Size Release B R-1 R-2 R-L RG BaS-F1 BeS Carb. Run. Emis. RQ@1
Fine-tuned SLMs
FLAN-T5-small  60M  2022/10  44.09 56.31 44.00 56.02 51.94 -2.15 55.86 75.14 195.49 6.66 75.78

BART-base 149M  2020/07  46.80 62.66 50.31 61.96 58.12 -1.92 62.21 78.88 161.17 7.42 88.61
FLAN-T5-base  250M  2022/10  49.70 63.48 50.68 62.96 58.83 -1.84 64.33 79.28 240.16 8.43 84.47
BART-large 406M  2020/07  52.51 65.85 53.77 65.34 61.46 -1.79 66.06 80.78 249.15 9.86 89.03

FLAN-T5H-large  780M 2022/10 53.37* 66.96* 54.70* 65.88% 62.32* -1.70* 67.59* 81.07* 481.16*% 21.61* 90.48*

Zero-shot LLMs

LLAMA-2 7B 2023/07 3638 5039  37.95  49.15 4569  -2.78 4172 69.74  2390.76  98.79 8261
MISTRAL 7B 2023/09 1276 41.94 2956  41.17 3744  -2.83 3679  59.01  6650.08 512.61  54.04
ZEPHYR 7B 2023/10 1645  57.56  43.00 5449 5148  -1.92  50.84  63.36 = 7070.25 883.53  82.19
ORCA-2 7B 2023/11 2241  50.05  36.32  48.29 4472 -2.66  36.09 6498 5814.93 410.86  81.37
NeURAL-CHAT 7B 2023/11 2518 5411 3476  49.77 4590  -2.64 4567  68.15  4346.67 223.94 8219
STARLING 7B 2023/11 3313 5869 4508  56.57 5326  -243 5432 7345 4687.27 172.07 8219
Norus 7B 2023/11 13.16  50.03  36.33 4821 4469  -2.12  46.08 4220 [I306SEN 3237.09 77.23
LLAMA-2 13B 2023/07 35.59  45.77 3352 4405 4099  -2.99 3541  64.86 3871.89 22512  80.33
ORCA-2 13B 2023/11 1221  43.04 3012  41.84 3820  -249 3385  59.36 | 14176.05 527.61  77.85

to generate the synthetic questions and answers. These variations are produced by
applying four distinct prompt engineering strategies: (see Table 3.3): (i) Task Descrip-
tion, we provide a textual description of the task and a test example; (ii) In-Context
Learning, the model is given a few demonstrations of the task at inference time, but
no weight updates are allowed; (iii) LLAMA Task Description, we include the same
special tokens used during LLAMA-2 training with a wide variety of system prompts
intended for different tasks; (iv) In-Context Learning with Task Description. We then
fine-tune FLAN-T5-large on these four different reduced SYN-LEQA’s versions and test
it on PRIVACYQA 4¢,,. With this experiment, we aim to test which prompt engineering
technique generates the most effective synthetic dataset, ultimately leading to optimal
cross-domain performance on PRIVACYQA for a model fine-tuned on that data. Ta-
ble 3.7 indicates that Task Description performs the best, while LLAMA Task Descrip-
tion exhibits slightly higher efficiency, albeit with reduced effectiveness compared to
the former. As expected, strategies that use in-context learning take longer to generate
question—answer pairs because the model is provided with lengthier instructions as input.
Moreover, this appears to harm the data generation process, resulting in extensively in-
ferior results compared to methods that abstain from in-context learning. Consequently,
all experiments are conducted with the prompt template of Task Description.

Effectiveness. Table 3.8 shows the in-domain results on SYN-LEQA using SGP. Across
both syntactic and semantic metrics, distilled SLMs consistently outperform LLMs.
The greatest improvement is registered compared to LLAMA-2-13B, ORrRcA-2-13B,
and MISTRAL-7B. The performance gap is reduced compared to the newly introduced
STARLING-7B, ZEPHYR-7B, and NEURAL-CHAT-7B. Of particular interest are the en-
hanced retrieval results obtained thanks to SGP. Specifically, unlike LLMs, SLMs excel
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TABLE 3.9. Classification results of SGP. Bold and underline denote the best and second-best results.
Following standard practice [Frisoni and Moro, 2021], we evaluate model performance using precision,
recall, Fl-score, and accuracy metrics.

Model Size Precision Recall F1 Accuracy
Fine-tuned SLMs

FLAN-T'5-small  60M 56.63 57.32  56.97 85.30

BART-base 149M 86.30 76.83  81.29 94.00

FLAN-T'5-base  250M 79.17 69.51  74.03 91.72

BART-large 406M 84.72 74.39  96.06 93.37

Fran-T5-large  780M 86.67 79.27  82.80 94.41
Zero-shot LLMs

LLAMA-2 7B 0.00 0.00 0.00 82.40
MISTRAL 7B 20.79 51.22 29.58 58.59
ZEPHYR 7B 68.42 15.85 25.74 84.44
ORCA-2 7B 61.90 15.85 25.24 84.06
NEURAL-CHAT 7B 85.19 28.05 42.20 86.96
STARLING 7B 78.95 18.29  29.70 85.30
NoTus 7B 48.15 31.71 38.24 82.61
LLAMA-2 13B 27.03 12.20 16.81 79.50
ORCA-2 13B 53.70 35.37  42.65 83.85

at identifying documents that have not been retrieved properly. The ability of the mod-
els to classify the retrieved documents as relevant or not is summarized in Table 3.9.
Technically, we label the generated answer as 1 when the model outputs s (indicating
an incorrectly retrieved document) and 0 otherwise. These findings show the benefits
of SGP, which on average solidly increases the original RQ1 score of 83.02, as shown
in Table 3.6. The enhanced retrieval performance of SLMs also explains their superior
question-answering effectiveness w.r.t. LLAMA-2-13B. Since this LLM was used to
produce SYN-LEQA, superior results would be expected when evaluated on the same
questions it generated. However, its performance is hindered by a markedly decreased
R@1 score, which ultimately results in less informed answers. Furthermore, Table 3.10
shows the cross-domain results on PRIVACYQA.,, where we test SLMs trained on
SYN-LEQA. Again, SLMs overall outperform the majority of LLMs, albeit with a less
pronounced improvement. First, this occurs because we transfer the question-answering
capabilities of the models, acquired on SYN-LEQA, to a completely different dataset.
Second, this setting does not include the retrieval module. In scenarios where the re-
trieval component is not needed, SLMs cannot benefit from SGP, hence the improvement
w.r.t. LLMs shrinks. Moreover, we highlight that even when the best-performing SLM
underperforms compared to the top LLM, the difference is not statistically significant
except for R-1. Figure 3.4 visually summarizes the results.

Efficiency. In addition to the better effectiveness of distilled SLMs, from Table 3.8 and
Table 3.10, we can also appreciate the radical reduction in runtime and carbon emissions
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TABLE 3.10. Quantitative results on the test set of PRIVACYQA en. Bold and underline denote the
best and second-best results. * indicates statistically significant higher performance compared to the
best-performing LLM (STARLING) based on a one-tailed t-test (p-value= 0.05)

PrivacyQA 4.,
Syntactic Semantic Efficiency
Model Size Release B R-1 R-2 R-L RG BaS-F1 BeS Carb. Run. Emis.

Fine-tuned SLMs
FLAN-T5-small  60M  2022/10 17.21 30.65 19.68 32.01 27.36 -3.34 30.54 56.86 102.12 7.54

BART-base 139M  2020/07 11.40  28.31 16.29  29.85 24.73 -3.45 28.71  54.44 80.47
FLAN-T5-base  250M  2022/10 13.12  29.68 19.13  31.31  26.63 -3.32 29.92  56.19 127.07 7.83
BART-large 406M  2020/07 18.03  33.04 20.70  34.10 29.17 -3.26 32.92  58.40 160.82 11.74

FLAN-T5-large  780M  2022/10  18.00 35.16 23.20% 35.90 31.31 -3.15% 34.55 60.19% 284.08* 14.18*
Zero-shot LLMs

LLAMA-2 7B 2023/07 918  27.94 1245 27.56 2253  -3.62  27.95 50.80 1693.14  131.46
MISTRAL 7B 2023/09 12.90 29.08  14.31  29.21 24.08  -3.52  28.39 51.06  2497.99  238.00
ZEPHYR 7B 2023/10 1157 37.65 1943 3534 30.61 -2.85 31.29 5252 368345 597.87
ORCA-2 7B 2023/11 11.07 2639  8.78  24.34 1971  -4.03 1485 4721 263277 199.24
NEURAL-CHAT 7B 2023/11 543 2432 602 2266 17.55 -4.09 2124 4432  2282.09 257.43
STARLING 7B 2023/11 19.83 38.22*% 19.64 36.30 3117  -3.63 34.66 57.81  3220.92 183.61
NoTus 7B 2023/11 1112 36.99 1670 33.06 28.70  -3.01  32.38 41.81 [JH04T64N 1684.49
LLAMA-2 13B 2023/07 1207 27.65 1275 2759 2255  -356  27.54 5055  2823.87 155.35
ORCA-2 13B 2023/11 7.28 2561 989 2426 19.82  -340  19.93 41.83 [JIS04420) 791.71
Syn-LeQA PrivacyQA

BaS-F1 RG

=== BART-base

=== FLAN-T5-small

=== FLAN-T5-base

=== FLAN-T5-large
BART-large

e Mistral-7B
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FIGURE 3.4. Graphical overview of model effectiveness, where dotted lines represent LLMs and solid
lines SLMs.

at inference time. For example, the best-performing LLM on PRIVACYQA 4, such as
STARLING-7B, is characterized by ~1200% increment in COs emissions compared to
the best SLM, such as FLAN-T5-large. Figure 3.5 illustrates the relationship between
efficiency and effectiveness, revealing the high performance of SLMs with low costs.

Few-shot Setting. Limitations due to low-resource regimes, such as commodity hard-

ware infrastructure, can affect model performance [Parida and Motlicek, Moro and
Ragazzi, 2022a, 2023, Huh and Ko, 2023, Moro et al., 2023f]. Regardless, it is plau-
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FIGURE 3.5. Performance—efficiency relation. Top: SYN-LEQA; bottom: PRIVACYQAgen. The size of
bubbles refers to the number of model parameters.

sible that a real-world organization lacks adequate resources to generate thousands of
synthetic examples. Additionally, there might be a need for a thorough examination
of the created question—answer pairs before integrating them as references for the pro-
duction model. Accordingly, it is of particular interest to study the performance of the
student model w.r.t. the number of synthetic training instances available. Figure 3.6
summarizes the results of FLAN-T5-large fine-tuned on an increasing number of SYN-
LEQA samples, drawn equally from lawsuits and policies. Notably, in SYN-LEQA, the
SLM surpasses the best-performing LLM, such as STARLING-7B, with only 20 labeled
samples. In PRIVACYQA 4¢,,, we notice the same behavior in 2 out of 4 metrics, such as
BLEU and BARTScore.

Transfer Learning. We evaluate the transferability of SLMs by assessing their perfor-
mance when trained on one subset of SYN-LEQA (i.e., lawsuits or policies) and tested
on the other. We report the results with the same subset for training and testing as
upper bound. Figure 3.7 demonstrates the adaptability of SLMs, showcasing consistent
ROUGE performance when transferred between different domains. Additionally, we
perform an experiment to assess the extent to which a model can leverage knowledge ac-
quired during its initial training on SYN-LEQA and transfer it to improve performance on
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FIGURE 3.6. Few-shot setting results for SYN-LEQA (SLQA) and PRIVACYQAgen (PQA). The dashed
black bands mark the top-performing LLM (STARLING-7B).
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FIGURE 3.7. Transferability results on SYN-LEQA. TRANSFERED denotes a model trained on one subset
and tested on the other. ORIGINAL denotes a model trained and tested on the same subset.

PRIVACYQA 4¢,,. Specifically, we first train the best-performing model, FLAN-T5-large,
on our synthetic dataset, and then fine-tune it on PRIVACYQA¢,,. For this purpose,
we divide the original PRIVACYQA ., dataset, which originally contains only a test
set, into three subsets: 344 instances for training, 43 for validation, and 44 for testing.
Table 3.11 demonstrates that the model fine-tuned solely on PRIVACYQA 4¢,, performs
worse than when it is initially fine-tuned on SYN-LEQA, underscoring the usefulness of
our synthetic dataset.
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TABLE 3.11. FLAN-T5-large performance on the test set of PRIVACYQA gen.

Training Set B R-1 R-2 R-L RG BaS-F1 BeS

PRIVACYQA 4¢, 80.68 85.36 82.33 85.52  84.39 -0.972 85.53
SYN-LEQA + PRIVACYQA,., 80.49 90.10 88.35 90.58 89.67 -0.717 90.43

3.4.6 Conclusion

In this thesis, we introduce ACE-ATTORNEY, an approach designed to produce LQA-
specific datasets and supervised SLMs through LLM KD. Precisely, given an input tex-
tual prompt, a frozen LLM generates artificial samples that are used as knowledge to
train a reduced-parameter student model. We collect LLM-crafted samples and create
SYN-LEQA, our synthetic dataset proposed to address the scarcity of public LQA cor-
pora. Experiments carried out on both SYN-LEQA and a real expert-labeled dataset
showcase the ability of student models to surpass the latest cutting-edge LLMs. Im-
portantly, distilled models operate with amply fewer parameters and demand consider-
ably shorter inference runtime and COs9 emissions. Moreover, simulating a real-world
retrieval-based scenario, we show that the Selective Generative Paradigm enables the
retriever and the generator to better select the correct document to answer a given
question. Finally, we reveal that our specialized SLMs achieve competitive performance
even when we have access to a limited number of synthetic instances, allowing manual
oversight at a reasonable cost across the entire generated dataset.

Ethics Statement and Limitations

Our research holds noteworthy promise for advancing the development of new LQA
datasets and models. However, given the widely recognized issue of hallucinations in
LLMs, experts must examine the authenticity and reliability of the generated data. In
fact, our aim is not to demonstrate that LLMs could replace legal professionals. Instead,
we introduce ACE-ATTORNEY as a research instrument, highlighting its complementary
function rather than positioning it as a substitute for detailed and contextually specific
efforts.

Despite the large amount of up-to-date LLMs used in our experiments, we focus on
models capable of working within the constraints of a single 24 GB of GPU RAM. Conse-
quently, this excluded larger and potentially more performant solutions from our study,
which could affect the synthetic data generation process. However, human examination
suggested high quality despite the use of a 13B LLM. Furthermore, the cross-domain
scope of our study regarding the evaluation of our fine-tuned SLMs on real human-
annotated datasets is constrained, as we considered only a single dataset in our analysis.
However, this decision is due to PRIVACYQA 4.,, being the only dataset that meets the
necessary criteria to act as a benchmark for generative LQA. Finally, due to the limited
availability of multilingual legal datasets [Niklaus et al.] and solutions [Moro et al.,
2024a], future directions should prioritize advances in low-resource languages with a
focus on interpretable responses [Moro et al., 2024b].
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Chapter 4

Optimization through Minimal
Architectural Modifications in
Large Language Models

4.1 Introduction

The preceding chapters have examined two principal optimization paradigms in large
language models (LLMs): knowledge distillation, which transfers knowledge from a
larger teacher model into a smaller or more efficient student, and token pruning, which
dynamically reduces redundant computation during inference. Both techniques target
efficiency—reducing computational or memory demands while preserving performance.

In contrast, the present chapter explores a complementary perspective on optimiza-
tion: techniques that enhance the performance of baseline architectures through minimal
structural modifications. These methods do not primarily aim to compress or acceler-
ate models, but rather to optimize their representational and inductive capacity by
altering the underlying architecture in subtle, computationally economical ways. The
unifying principle is that small architectural interventions, such as introducing a gating
mechanism, modifying normalization strategy, or reparameterizing attention, can yield
measurable improvements in generalization, robustness, and accuracy. This direction of
research aligns with a broader trend in neural architecture optimization: understanding
how modest, well-placed changes in model topology can amplify learning dynamics. As
such, this chapter positions these modifications as legitimate forms of optimization, since
they optimize the model’s functional capacity rather than its resource footprint.
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4.2
Cogito Ergo Summ: Abstractive Summarization of
Biomedical Papers
via Semantic Parsing Graphs and Consistency Rewards

Originally published as: Giacomo Frisoni, Paolo Italiani, Stefano Salvatori, and Gianluca Moro.
Cogito ergo summ: abstractive summarization of biomedical papers via semantic parsing graphs and
consistency rewards. In Proceedings of the AAAI conference on artificial intelligence, volume 387, pages
12781-12789, 2023b
Abstract

The automatic synthesis of biomedical publications catalyzes a profound research in-
terest elicited by literature congestion. Current sequence-to-sequence models mainly
rely on the lexical surface and seldom consider the deep semantic interconnections be-
tween the entities mentioned in the source document. Such superficiality translates into
fabricated, poorly informative, redundant, and near-extractive summaries that severely
restrict their real-world application in biomedicine, where the specialized jargon and
the convoluted facts further emphasize task complexity. To fill this gap, we argue that
the summarizer should acquire semantic interpretation over input, exploiting structured
and unambiguous representations to capture and conserve the most relevant parts of the
text content. This thesis presents COGITOERGOSUMM, the first framework for biomed-
ical abstractive summarization equipping large pre-trained language models with rich
semantic graphs. Precisely, we infuse graphs from two complementary semantic pars-
ing techniques with different goals and granularities—Event Extraction and Abstract
Meaning Representation, also designing a reward signal to maximize information con-
tent preservation through reinforcement learning. Extensive quantitative and qualitative
evaluations on the CDSR dataset show that our solution achieves competitive perfor-
mance according to multiple metrics, despite using 2.5x fewer parameters. Results and
ablation studies indicate that our joint text-graph model generates more enlightening,
readable, and consistent summaries.

4.2.1 Introduction

Given the sheer number of biomedical publications, clinicians, patients, and researchers
need advanced tools to skim the literature efficiently and grasp salient contents. Hence,
automatically organizing everyday scientific discoveries or insights into natural, concise,
and informative syntheses is essential to promote knowledge acquisition [Moradi and
Ghadiri, 2019]. To this end, abstractive document summarization demands rephrasing
and condensing long and often labyrinthine portions of text in a creative way, discarding
redundant and unnecessary attributes. Compared with the open domain, performing
this task in biomedicine raises substantial challenges and constraints [Karamanis, 2007].
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Indeed, (i) medical jargon and professional language are truly hard to interpret; (ii)
scientific documents convey precise domain information allowing for a narrow interpre-
tation margin and non-tolerating factual mistakes; (iii) clauses are often interdependent
and express complex interactions; (iv) knowledge rapidly evolves over time.

Despite unprecedented progress made possible by pre-trained transformer-based lan-
guage models [Lin and Ng, 2019], current summarizers still face issues in terms of suc-
cinctness, non-repetitiveness, fluency, informativeness, and faithfulness [Maynez et al.,
2020]. Most prior studies only depend on superficial text organization and ignore the
deeper underlying semantic content [Bender et al., 2021], lacking structured represen-
tations to encapsulate the convoluted long-range associations between the mentioned
entities (e.g., proteins, diseases, drugs). By contra, we argue that these connections are
vital to document understanding and beneficial to knowledge selection.

Biomedical documents are usually composed of a series of events and factual evidence;
understanding how to leverage such information in generative models is crucial. Notably,
semantic parsing graphs normalize many lexical and syntactic variations by providing
formal meaning representations capable of decoupling concept units (what to say) from
language competencies (how to say it). Since these representations can be defined with
a panoply of formalisms having different objectives and properties, we underline the
importance of bridging the complementary strengths of two influential semantic pars-
ing tasks: closed-domain Event Extraction (EE) and Abstract Meaning Representation
(AMR). EE is task-driven and aims to derive n-ary and potentially nested interactions
between participants having a specific semantic role, where event schemas (i.e., target
event, entity, and role types) are pre-established conforming to a reference ontology;
its history is very intertwined with health informatics [Frisoni et al., 2021]. AMR is
linguistically-grounded and is conceived to graphically capture the general meaning of
any sentence as high-level semantic relations between abstract concepts [Banarescu et al.,
2013]. Fig. 4.1 depicts and compares their expressive power.

A growing body of research in natural language generation (NLG) calls attention
to incorporating explicit semantic structures into the summarization process [Yu et al.,
2020], thereby unlocking a higher level of abstraction than bags of sentences and more
accurate emulation of human interpretation, rewriting, and paraphrasing. However,
existing graph-augmented approaches have at least one of the following weaknesses: (i)
they have not been designed for or evaluated in the biomedical domain; (ii) they employ
graph-LSTMs architectures that struggle to compete with transformers; (iii) they are
based on open-domain triplet-based extractions that are notoriously not adequate to
represent the complete biological meaning of a document; (iv) they do not include a
module to ensure document-summary consistency.

We present COGITOERGOSUMM!, the first semantics-aware transformer-based model
for single-document abstractive summarization in the biomedical domain. Concretely,
we condense source documents into sets of unambiguous EE and AMR graphs, using

"nspired by the first principle of René Descartes’s philosophy, we coin the name Cogito Ergo Summ
to emphasize the researched neural network capacity of “thinking” about the inner semantics of the
text—via joint text-graph reasoning—before summarizing.
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multi-relational graph neural networks (GNNs) to yield their dense embeddings with-
out imposing linerarization. From this foundation, we explore a fine-tuning recipe for
merging predicted symbolic representations into pre-trained encoder-decoder language
models. Specifically, we integrate semantic parsing graphs via EE- and AMR-specific
attention mechanisms in the decoder, thus aiding key content selection and semantic
understanding. We optimize the network via reinforcement learning (RL), devising a
consistency-guided reward signal based on a soft alignment between the sets of meaning
representations extractable from documents and generated summaries.

Automatic and human evaluations are carried out on CDSR [Guo et al., 2021b], a
popular dataset for generating lay language summaries of biomedical reviews. Our model
brings substantial improvements in compliance with multiple quality criteria, achieving
near state-of-the-art (SOTA) performance while using 2.5x fewer parameters. Empirical
results corroborate the value of semantic graphs in helping the model to preserve the
essential global context and keep the factual connections between the most relevant
entities.

4.2.2 Related Work

Abstractive Summarization Sequence-to-sequence architectures founded on self-
supervised pre-trained transformers have been responsible for a profound impetus in
implicitly learning abstractive summarization procedures [Zhang et al., 2020b], compris-
ing multi-document [Moro et al., 2022b] and low-resource settings [Moro and Ragazzi,
2022b]. Nevertheless, modern solutions are highly prone to hallucinating content [Cao
et al., 2018, Maynez et al., 2020] or falling back on extraction [See et al., 2017]. Gain-
ing an understanding of semantics and context is becoming a prerogative, but a model
trained purely on form cannot learn meaning [Bender and Koller, 2020]—even with more
data and huge architectural dimensions.

Graph-enhanced Summarization Graph structures have long been studied for im-
plementing summarization subtasks (i.e., information extraction, content selection, sur-
face realization), registering distinct benefits depending on their composition. Early
techniques for extractive summarization build intra- [Mihalcea and Tarau, 2004] and
inter-document [Wan, 2008] cosine similarity connectivity networks to identify salient
sentences. Late hybrid neural systems mainly stand on the shoulders of run-of-the-mill
GNNs [Wu et al., 2021b], exploiting graph-based attention [Tan et al., 2017] and het-
erogeneous word-/sentence-level nodes [Wang et al., 2020a]. As for abstractive summa-
rization, the community has attempted a medley of graphical document representations,
from dependency [Wu et al., 2021c], sentiment [Moro et al., 2018a], and coreference links
[Balachandran et al., 2021] to discourse relations [Li et al., 2020, Chen and Yang, 2021b)]
and citation networks [An et al., 2021a]. To better contemplate entity interactions, com-
positions of <subject, predicate, object> triplets from the OpenlE framework [Angeli
et al., 2015] have turned into a cornerstone [Fan et al., 2019, Huang et al., 2020, Ji
and Zhao, 2021, Zhu et al., 2021]. On the flip side, open-domain binary relations are
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FIGURE 4.1. Expressiveness comparison between binary relation extraction (OpenlE 5.1), EE, and AMR
on two example biomedical sentences. [talic denotes node types.

inadequate for biomedicine, risking deriving incorrect or incomplete facts that are dif-
ficult to compare and merge with post-processing [Frisoni et al., 2021]. Most pertinent
to our work are summarizers enhanced by AMR semantic analysis [Dohare et al., 2018,
Hardy and Vlachos, 2018, Lee et al., 2021a], underexplored in bioinformatics despite
showcasing superior generation controllability in general domain. Frisoni. et al. [2022]
investigate EE-augmented summarization observing that performances are held back by
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the reduced number of event graphs. Furthermore, almost all solutions nowadays reckon
on graph-LSTM architectures—that hardly compete with transformers—or graph-to-
text verbalizers—that ignore source text contribution. To our knowledge, we are the
first to combine text, EE, and AMR for transformer-based abstractive summarization,
solving their mutual limitations. Another trend is context augmentation through exter-
nal knowledge graphs, such as UMLS for medicine [Gigioli et al., 2018]. However, unlike
flexible meaning representations, these resources are known to have limited and static
coverage of real-world entities.

Reinforcement Learning for Abstractive Summarization In a traditional encoder-
decoder architecture, the network is trained to minimize the maximume-likelihood loss
for next-token prediction but is evaluated on the not necessarily equivalent optimization
of desired automatic metrics. Moreover, the decoder knows the ground-truth sequence
during training but does not have such supervision when testing, leading to an expo-
sure bias [Ranzato et al., 2016]. RL methods have recently been prompted to mitigate
these discrepancies by directly solving metric optimization problems that are not differ-
entiable, not requiring gold summaries, and allowing global decisions rather than local
(token-level) ones at each timestep. Kryscinski et al. [2018], Paulus et al. [2018], Sharma
et al. [2019] utilize ROUGE scores to encourage novelty and relevance, ignoring entity
interactions. Scialom et al. [2019], Huang et al. [2020] propose fill-in-the-blank and
triplet-reconstruction question answering rewards, needing ad-hoc models for generat-
ing artificial questions. In contrast, we reward predicted summaries according to their
key content consistency with respect to the original document, measuring the alignment
between their semantic graphs.

4.2.3 CogitoErgoSumm Framework
4.2.3.1 Problem Statement

Given a dataset C=(dy,ds,...,dy), each document d; consists of a sequence of n to-
kens d=(zj.x9,...,2,). The semantics of d; is condensed in document-level event and
AMR graphs (G and G, respectively). Formally, the goal is to generate the target
summary y=(y1, 92, - - ., Ym), m<n, of each instance by modeling the conditional distri-
bution p(y1,y2, - - -, Ym|T1, T2, . . ., Tn, Ge, Gq), conceptualizable as a neuro-symbolic task.
We keep G, and G, separate to let the model realize their unique characteristics. Fig. 4.2
illustrates a concrete example.

4.2.3.2 Graphs Construction

We first obtain sentence-level EE and AMR outputs, i.e., multi-relational directed acyclic
graph structures symbolizing the core concepts of each sentence from two viewpoints.
Then, we address graph fusion to build G. and G, ensuring to end up with single
wisely-interconnected document graphs rather than two sets of small disjoint networks.
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AMR Biomedical Event
[Source Document] We included randomized controlled trials (RCTs) and non-
randomized controlled studies (NRS) that compared interventions aiming to improve
the disposal of faeces of children aged below five years in order to decrease direct

~— z14/improve-01 purpose z21/decrease-01
ARG1 )

or indirect human contact with such faeces with no intervention or a different LARG1 Ll children
intervention in children and adults. Data collection and analysis Two review authors 215/dispose-01 S op1 - disposal Theme0 .
selected eligible studies, extracted data, and assessed the risk of bias [...] 222/or ¥ Organism
' ) JARG1 ———z23/contact-01 P Process

[BART-base] This Cochrane Review aimed to evaluate the effectiveness of z16/faeca ARG1 ARGO ARG1-of Theme | > defecation
interventions to reduce the use of children's in order to direct op2 224/hvuman zZ‘:’:/direct-OZ P Process
or indirect contact with such faeced [...] \POSS 1 47/child X .

, ARGO| [ ;ARG1—of Themet
[CogitoErgoSumm] This Cochrane Review aimed to assess the effectiveness of 226/contact-01 227/direct-02 — faeces
interventions to improve the disposal of children faeces for decreasing direct or Org. Substance

indirect human contact with such faeces [...] . polarity

FIGURE 4.2. Qualitative example of induced semantic parsing graphs and their assistance to high-quality
summarization. Red text indicates hallucinated facts. Token background highlights node alignments.

Event Graphs In consonance with BioNLP-ST competitions, events are forged from
a trigger (a span that testifies their occurrence, e.g., “interacts”, “regulates”), a type
(e.g., “binding”, “regularization”), and a set of arguments—classed entities or events
themselves—playing a certain role (e.g., ”"theme”, "cause”). The specificity of the inter-
actions sought expectedly makes EE domain-specific. We adopt DeepEventMine [Trieu
et al., 2020], an end-to-end framework holding the SOTA on seven biomedical bench-
marks. We convert output standoff .a* annotation files to heterogeneous event graphs
following Frisoni et al. [2022¢]. A node indicates a trigger or an entity, while an edge
acts for an entity-trigger or trigger-trigger relation, with the second applying for nested
events. Unlike AMRs, event graphs are not available for all sentences but only for the
ones expressing desired interactions for which the model has been trained.

AMR Graphs AMR aims to produce a language-neutral representation of meaning,
abstracting away from English and providing a layer of abstraction from words to con-
cepts (objects, attributes, etc.) in a rooted graph. It covers ~100 widespread PropBank
semantic roles; as EE, annotations include entity/role identification and typing. We use
a SOTA text-to-text AMR, parser [Bevilacqua et al., 2021] with an 83.0 Smatch score on
the AMR 3.0 (LDC2020T02) sembank. Since many EE outputs may be empty and dam-
age model robustness [Frisoni. et al., 2022], AMRs supplement not always exploitable
event graphs.

Graphs Merging and Rewiring Inside EE and AMR formalisms, an entity, trigger,
or concept is canonicalized and represented by a single graph fragment, regardless of how
many times it recurs in the sentence (semantic integrity). If a node fulfills multiple roles,
AMRs cover within-sentence coreference edge types. On top of event and edited AMR
representations, we separately operate graph rewiring to reflect the document structure
and enhance the information flow. Mechanically, we introduce artificial sentence nodes,
each connected to all the event/AMR vertices that originate from that mention. Sentence
nodes are linked to each other following their positional order and collected by a master
node. The resulting G, and G, graphs formulate intra- and cross-sentence information,
allowing for document traversal by narrative order, concept association, or proximity.
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4.2.3.3 Model

Motivated by the limitations of graph-empowered LSTMs [Frisoni. et al., 2022], CoGI-
TOERGOSUMM extends a pre-trained BART-base architecture [Lewis et al., 2020b] with
the nimble ability to attend to semantic parsing graphs during decoding and preserve
the most relevant information via RL. Fig. 4.5 sketches the overall architecture, built
upon four modules, namely text encoding, graph encoding, semantics-driven multi-view
decoding, and consistency rewarding.

" ACTOR [T v action source document semantics
N Linear - 1-' RL environment N ~
' ;T_) . Q0
: { / \ | state reward };/4
k+1 Add & Normalize E
Lvalue e

Feed Forward

Add & Normalize

Feed Forward

DECODER BLOCK x L

)
(EventAttention AMR Attention |
J

Add & Normalize
Text Attention I
Add & Normalize
Self-Attention

Document First k summary tokens ,:

EGAT x L EGAT x L
T T

[ Graph Merging &] ( Graph Merging &

Add & Normalize
| Feed Forward

Rewiring Rewiring ] document-level

1 1
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Self-Attention Abstract Meaning

Event Extraction

ENCODER BLOCK x L

. sentence-level
Representation

FI1GURE 4.3. Tlustration of the COGITOERGOSUMM architecture. We dig out semantic parsing graphs
from the input text by means of event extraction and AMR. Each source document is fed to a transformer
encoder; event and AMR graph embeddings are learned by edge-aware graph attention networks. A
multi-granularity decoder then generates summaries based on all information levels: text, events, and
abstract meaning representations. Document-summary semantic graph alignments are used to optimize
model consistency via reinforcement learning.

Text Encoder We feed the input document to a text bidirectional encoder F(-)
through the learnable BART encoding channel. The [ tokens of a record d; are converted
in their contextual hidden representations:

htigs bt} = Ee({@io, .-, Tig}) - (4.1)

Graph Encoders Node Initialization. Since all nodes are accompanied by text, we
initialize their features with embeddings from a pre-trained BART language model
E,(-). Pointedly, given a trigger/entity/concept node i with a tokenized text attribute
tokens(i), we take the average of its per-token embeddings contextualized on the long in-
put document, i.e., E,([x1,z2,...,2,|tokens(i)]), where [.||.] denotes the concatenation
operator. To reduce structured prediction noise, we set the maximum node length to 5
tokens. For event graphs, we also prepend the entity and trigger types learned by Deep-
EventMine. Finally, for sentence and master nodes, we average the token embeddings
of the sentence span and the entire document, respectively.
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Edge-Aware Graph Attention Network. Through two graph encoders Eg, (-) and
Eg,(+), we take the multi-view semantics modeled by G, and G, to learn supervised node
embeddings and tap implicit relations. Our GNN modules lean on the graph attention
groundwork (GAT) [Velickovic et al., 2018], which induces node representations by way of
L layers of message passing (shared parameters) and multi-head attention neighborhood
aggregation. Message passing in graphs made of cooperating nodes Lodi et al. [2010b],
Cerroni et al. [2013] is actually an established work mode borrowed from communication
networks and distributed algorithms. As G, and G, are multi-relational graphs, we
extend GAT to consider the edge type e connecting two nodes. In the ¢-th layer, we

O eRD of each node i by:

update the representation El

T N o
t = o (2 W | W | W), (42)
exp <th>
af; = —, (4.3)
> oenti &P (tF)
K
i ] o (5 wwere). >
k=1 JEN(3)

where ||k,K:1 denotes the concatenation of K attention heads, afj is the normalized at-
tention weight computed by the k-th attention head, A (i) is the set containing the
first-order neighbors of ¢ (including i), €;; is the one-hot embedding of the relation type?

connecting nodes i and j, WX, WX and ak are trainable parameters, o is a LeakyReLU
nonlinearity.

Decoder Inspired by Chen and Yang [2021b], we aggregate different levels of encoded
representations via a multi-granularity decoder D(-), which predicts the [-th token as:

§ = D(y<i, E(d), Ec.(Ge), Eg,(Ga)), (4.5)

P(yi|ly<i,d,Ge, Gq) = softmax(Wpy), (4.6)

where Wy, stands for a trainable linear projection. We supplement the BART trans-
former decoder with two extra cross-attentions (Event Attention and AMR Attention),
conducted over the node representations learned by Eg, and Eg, in parallel. We incorpo-
rate them into each layer after the original text cross-attention. The token-, event-, and
-AMR attended vectors (a', a®, a®) are combined into a semantics-aware representation
a® through a feed-forward network. To accelerate the training of the new modules and
alleviate the negative impact of randomly initialized graph encoders and cross-attentions
at early stages, we apply ReZero [Bachlechner et al., 2021] to the residual connection
after attending to semantic graphs in each decoder layer: a®* = a’ + aa®, where « is a
learnable parameter modulating updates from cross-attention over semantic graphs.

2Given the non-talking nature of the AMR labels, we make use of categorical edge features, agglom-
erating numbered arguments (e.g., :op*, :quant™®), except for the core ARG* ones.
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Training Objectives and Consistency Reward During training, we seek to maximize
the estimated probability of the actual summary. We adopt the common negative log-
likelihood loss function using the teacher-forcing strategy:

Loi ==Y logPs(yld, Ge, Ga), (4.7)

with 6 denoting the set of model parameters. In addition to being syntactically correct,
we would like the generated summaries to factually preserve as much pivotal infor-
mation as possible from the original document. Drawing inspiration from the success
of PICO [DeYoung et al., 2021], we believe that structured semantic representations
are suitable not only for improved text generation but also for biomedical consistency
evaluation. Standing on this intuition, we design a lightweight reward function % to
maximize the non-differentiable degree of document-summary meaning overlap, which
is made possible with second-stage RL training. We refer to Smatch (F-score) [Cai and
Knight, 2013], metric computing the matching triples between two AMR graphs, bene-
fitting from a higher correlation with human factuality judgments than summary-target
ROUGE [Ribeiro et al., 2022]. Document-level consistency rewards are obtained via an
average pooling; each AMR graph of a predicted summary sentence is compared with
all the AMR graphs of the source sentences (one-to-many soft alignments):

2 d; e AM Rs(d) SMatch(yi,di)
Zyz‘EAl\/IRS(y) [AMRs(d)]

|AMRs(y)| ’

o= (4.8)
where AM Rs(-) stands for the sentence-level AMR graphs.

Given a starting policy 7 corresponding to the model trained following Eq. 4.19, we
see autoregressively predicted tokens as actions and employ Proximal Policy Optimiza-
tion [Schulman et al., 2017] to maximize:

_ mo(agsy)
O = atarlsy 9
Lppo = Be[min(ri(0) Ay, clip(r¢(0),1 — €, 1+ €)) Ay, (4.10)

where 74(0) denotes the probability ratio between the action under the policy at iteration
t (i.e., the token a; generated conditionally to the previous ones s;) and the action under
the previous policy. }E[ ..] indicates the empirical average over a finite batch of samples;
the clip function, combined with the e hyperparameter, ensures that the policy does
not change too much among iterations; A is the advantage function, an estimation of
the relative improvement obtained from the selected action in the current state. To
compute advantages, we use the Generalized Advantage Estimation formula Schulman
et al. [2016]:

Ay =6+ (Y01 + -+ (PN Ty, (4.11)

where §; = ¥ + YV (st+1) — V(st); A and v are hyperparameters and T is the length
of the generated text. The value function V is modeled using a second neural network
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trained in parallel with the main model (Actor-Critic paradigm). As proposed in Ziegler
et al. [2019], we add a penalty term to the reward function that prevents the new policy
from deviating too much from the already pre-trained language model by reducing in
expectation their K L—divergence:

B 7T0(at|5t)
KL =log AL (4.12)
O(ag]se) = ¥(ar]se) — BKL, (4.13)

where mp,se is the starting policy, and [ is an adaptive coefficient (initially set via a
hyperparameter) that dynamically changes during training to target a specific value of
the K L—divergence (termed K Ly, see Ziegler et al. [2019]). The final loss function is:

L,1(0) = E[Lppo(0) — c1 L7 (0) + c2S[me) (s1)], (4.14)

where £, is the mean square error of the value function in charge of updating the critic
network; S[mp](s) is an entropy term used to ensure enough exploration during training;
cl and ¢2 are hyperparameters used to tune the importance of each component in the
loss.

4.2.4 Experimental Setup
4.2.4.1 Dataset

We train and evaluate our model on the CDSR dataset [Guo et al., 2021b], a publicly
available corpus acquired by the widely-used Cochrane Database of Systematic Reviews?.
CDSR is intended for health literacy, assessing the automatic generation of lay language
summaries from biomedical scientific reviews. As far as we know, it is the only biomedical
summarization benchmark with manageable sizes and already-known graph-augmented
baselines. CDSR comprises 6,677 high-quality pairs, where the source is a long abstract
in professional language, and the target is a plain general-public version written by review
authors or Cochrane staff. Besides creating accurate and factual summaries, this task
also requires a joint style transition, imposing obstacles like terminology explanation and
sentence structure simplification that outline a perfect testbed for COGITOERGOSUMM.
Details are presented in Table 4.1.

4.2.4.2 Implementation Details

We extend the HuggingFace implementation of BART-base* and initialize weights from
a model pre-trained on PubMed?®, leaving 42 as the default training seed. We truncate
input documents and set the maximum output length to 1024. We utilize the Deep-
EventMine model pre-trained on MLEES—the biomedical benchmark most aligned to

3https://www.cochranelibrary.com/cdsr/reviews
‘https://huggingface.co/docs/transformers/model_doc/bart
*https://huggingface.co/gayanin/bart-mlm-pubmed
Shttp://nactem.ac.uk/MLEE (from molecules to organisms)
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CDSR [Frisoni. et al., 2022]. On average, extracting all the sentence-level AMR and
event graphs from a source document takes 3 and 1.2 seconds, respectively. We imple-
ment GNNs with PyTorch Geometric [Fey and Lenssen, 2019]. During RL, we freeze
the encoder parameters and train the model decoder only; the critic network is a multi-
layer perceptron with one hidden layer (hidden size 256). Hyperparameters are listed in
Appendix. Each experiment is performed on a workstation having one Nvidia GeForce
RTX3090 GPU with 24GB of dedicated memory, 64GB of RAM, and an Intel®) Core™
i9-10900X1080 CPU @ 3.70GHz. Training our best model requires 20GB VRAM and 32
hours (19 for RL); 3.18 kg CO2e carbon footprint, 9.83 kWh energy needed, 25.77 T,
average carburacy [Moro et al., 2023c|.

4.2.4.3 Baselines

We head-to-head compare COGITOERCOSUMM to representative extractive and abstrac-
tive summarization models.

e Oracle. It creates an extractive summary by selecting the sentences in the docu-
ment having the highest ROUGE-2 score with the target (syntactic match upper
bound).

e BERT [Liu and Lapata, 2019b]. Inter-sentence encoder with classification head,
supervised by Oracle extractive.

e Pointer generator [See et al., 2017]. Seq2seq model trained both to copy words
from the source and generate new ones from a fixed vocabulary.

o BART [Lewis et al., 2020b]. We take into account models pre-trained on PubMed.

o EASumm [Frisoni. et al., 2022]. An event-augmented graph-LSTM architecture
for abstractive summarization.

Train Val Test
Source Target Source Target Source Target

7 pairs 5,178 500 999
# tokens 878 437 873 434 894 444
# sentences 26 16 26 16 26 16
# words 643 348 643 347 653 352
# extracted events per 9 63 _ 9 54 _ 970 _
document
# nodes per G¢/Ga 6/547 — 5/550 — 6/556 —

TABLE 4.1. CDSR dataset statistics. All values are mean except for “# pairs”. Sentence segmentation
is made with spaCy [Honnibal et al., 2020].

4.2.4.4 Quantitative and Qualitative Evaluation

On the trails of common practice, we automatically evaluate model performance in
terms of ROUGE-1, ROUGE-2, and ROUGE-L F1 scores. These recall-based metrics
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Model #params  R-1 R-2 R-L  Flesch-Kincaid Coleman-Liau

ORrAcLE! — 53.56  25.54  49.56 14.85 16.13
BERT-basef 110M  26.60 11.11 24.59 13.44 14.40
POINTER GENERATOR! 22M 38.33 14.11 35.81 16.36 15.90
BART-base (PubMed) 139M 5120 19.77 4847 13.69 13.45
BART-large (PubMed)' | 0GNI 52.66 21.73 49.97 13.30 14.28
EASumm! 8M 46.30 18.73  43.78 12.42 13.06
CociTOERGOSUMM 181M 52.23  20.63 49.44 14.10 13.67
- w/o RL 180M  52.30 2047 49.46 14.06 13.64
- w/o event and RL 155M 52.13  20.42 49.30 14.02 13.69
- w/o AMR and RL 157M  52.02 20.54 49.25 13.97 13.66

TABLE 4.2. Automated evaluation on the full test set of CDSR with ROUGE (R in short) and readability
metrics. Top: extractive models. Middle: abstractive models. Bottom: our semantics-augmented
abstractive model. Bold and underline denote the best and second best R scores. t and i results are
from Guo et al. [2021b] and [Frisoni. et al., 2022], respectively. Our model significantly outperforms
BART-base (Pitman’s permutation test, p<0.05).

evaluate informativeness by measuring unigrams, bigrams, and longest common subse-
quence overlaps. A standard ROUGE metric does not shed meaningful light on other
important dimensions like semantic coherence, abstractness, and intelligibility—which
are focal for our work. To better gauge summary quality, we apply BERTScore [Zhang
et al., 2020d], FactCC [Kryscinski et al., 2020], and report n-grams novelty” in tandem
with readability metrics, namely Flesch-Kincaid grade-level [Kincaid et al., 1975a] and
Coleman-Liau [Coleman and Liau, 1975b] indices®. We utilize default hyperparameters
for all the metrics except for BERTScore, where we use the IDF weighting and specify
rescale_with_baseline=True to increase interpretability and avoid small range vari-
ations. In the quest to analyze our generated summaries qualitatively, we operate an
in-depth human evaluation study. We randomly select 30 CDSR test set instances and
invite 3 annotators—proficient English speakers with biomedical competencies—to ac-
cess our models’ outputs, along with those of BART-base (presented in random order),
i.e., the skeleton model oblivious to semantics. After reading the articles, each judge
scores summaries on a Likert scale from 1 (worst) to 5 (best) in conformity with four
independent perspectives: (i) informativeness, i.e., conveying salient content; (ii) factu-
alness, i.e., being faithful to the article; (iii) fluency, i.e., being fluent, grammatical, and
coherent; (iv) succinctness, i.e., non containing redundant and unnecessary information.

"Percentage of new word-level unigrams in the predicted summaries compared to the source [Sce
et al., 2017].

8They estimate the years of education generally required to understand the summary. We compute
them using https://pypi.org/project/textstat/. Lower scores indicate that the text is easier to read
(U.S. college-level readability belongs to the range [13-16]).
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FIGURE 4.4. Human evaluation scores on Informativeness, Factualness, Fluency, Succinctness, com-

pared to the ROUGE-1/2/L average (R), BERTScore (BS), FactCC %, and average % novel n-grams
w/ n € [1 —4] (NN). CoGITOERGOSUMM (ours) achieves significantly higher ratings than BART-base
PubMed (student t-test, p=0.0305).

4.2.5 Results and Ablation Studies

Overall quantitative results are delighted in Table 4.2. Zooming out, we find that struc-
tured semantic information can greatly help a pre-trained language model recognize
salient parts in source documents. Although our focus is on improving semantic con-
sistency, the ROUGE scores attained by COGITOERGOSUMM are significantly higher
than previous extractive and abstractive methods, except for BART-large, for which our
models are still competitive despite having more than 2x fewer trainable parameters.
Remarkably, we beat graph-LSTMs by 6 R-1/-L points. The performance drops the most
when removing graph encoders. Even if AMRs appear more impactful than events, the
best results come from their mixture, indicating that the two types of semantic graphs
complement each other in generating sounder summaries. RL effects are not appreciable
by ROUGE, howbeit remarkable with a deeper analysis. Fig. 4.4 presents the human
evaluation results contrasted to automatic metrics on the same sample. The average
Kendall coefficient among all evaluators’ inter-rater agreement is 0.16. COGITOERGO-
SUMM ranks better on every quality dimension inspected, pronouncing the gap with
BART (+12.46% factualness, +6.69% informativeness) and reaffirming previous deduc-
tions. The plot underlines the poor correlation between ROUGE and the desired output
properties.

We validate the relative impact of our principal components (Table 4.3). Firstly,
we scrutiny different graph encoders: (i) a GAT on Levi-transformed bipartite graphs
treating nodes and edges equally, and (ii) an edge-aware GAT; we uncover that (ii)
brings a substantial headroom that ascertains the value of relation types in representation
learning. Secondly, we test different ways of combining event and AMR cross-attentions,
documenting slightly better scores with a parallel strategy. Tests with different random
seeds and extra qualitative case studies are disclosed in Appendix.
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Ablation R Readability BS NN

GNN  EGAT 40.74 15.17 14.88 51.55
Type  GAT bipartite 40.67 15.16 14.76  51.18
Attn Parallel 40.74 15.17 14.82  51.55
Coml.o Sequential (AMR, event) 40.65 15.08 14.98 51.81

" Sequential (event, AMR) 40.69 15.01 14.84  52.57

TABLE 4.3. Ablation results averaged over three runs. Evaluation on ROUGE-1/2/L average (R), Flesch-
Kincaid and Coleman-Liau average (Readability), BERTScore (BS), and average % novel n-grams w/
n € [1— 4] (NN).

4.2.6 Conclusion

In this thesis, we introduce a framework for infusing domain-specific and -general se-
mantic parsing graphs—events and AMRs—into transformer-based models for biomed-
ical abstractive summarization. We propose new decoder cross-attention modules and
reward signals to generate high-quality summaries conditioned on both the source doc-
uments and their formal underlying semantics. Experiments and ablation studies on
CDSR demonstrate that our framework sets new marks in informativeness, factuality,
and readability, better selecting and preserving summary-worth content. Qualitative
evaluation unveils that our models surpass current baselines on all metrics associated
with human judgment while still being competitive on recall-based scores (i.e. ROUGE).
Our results substantiate the hypothesis that semantic awareness through graph injection
draws a complementary path to architectural scaling. For future work, we plan to model
extracted semantics through logic representations so as to enable reasoning [Kapanipathi
et al., 2021] and neuro-logic decoding [Lu et al., 2021].

4.3
Evidence, my Dear Watson: Abstractive Dialogue
Summarization on Learnable Relevant Utterances

Originally published as: Paolo Italiani, Giacomo Frisoni, Gianluca Moro, Antonella Carbonaro,
and Claudio Sartori. Evidence, my dear watson: Abstractive dialogue summarization on learnable relevant
utterances. Neurocomputing, 572:127132, 2024
Abstract

Abstractive dialogue summarization requires distilling and rephrasing key information
from noisy multi-speaker documents. Combining pre-trained language models with in-
put augmentation techniques has recently led to significant research progress. However,
existing solutions still struggle to select relevant chat segments, primarily relying on
open-domain and unsupervised annotators not tailored to the actual needs of the sum-
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marization task. In this thesis, we propose DEARWATSON, a task-aware utterance-level
annotation framework for improving the effectiveness and interpretability of pre-trained
dialogue summarization models. Precisely, we learn relevant utterances in the source
document and mark them with special tags, that then act as supporting evidence for the
generated summary. Quantitative experiments are conducted on two datasets made up
of real-life messenger conversations. The results show that DEARWATSON allows model
attention to focus on salient tokens, achieving new state-of-the-art results in three evalu-
ation metrics, including semantic and factuality measures. Human evaluation proves the
superiority of our solution in semantic consistency and recall. Finally, extensive ablation
studies confirm each module’s importance, also exploring different annotation strategies
and parameter-efficient fine-tuning of large generative language models.

4.3.1 Introduction

In today’s fast-paced world, dialogues have become ubiquitous and indispensable means
of communication, with online chat applications (e.g., Whatsapp, Messenger, WeChat)
being the most prominent case [Statista, 2022]. Automatic highlights can aid individ-
uals and organizations in managing and comprehending the increasingly overwhelm-
ing amount of information exchange, ultimately supporting quick reviews and decision-
making.

In the natural language generation (NLG) field, abstractive dialogue summariza-
tion is the task of producing a condensed and meaningful summary of a multi-speaker
conversation that is not a verbatim representation of the original input. Compared
to traditional writings, human-to-human dialogues pose unique challenges due to their
dynamic, interactive, and first-person nature, often informal, prolix, and repetitive—
peppered with false starts, backchanneling, speaker role shifting, reconfirmations, hesi-
tations, and interruptions [Sacks et al., 1978]. Relevant content is often scattered across
participants and dialogue turns, resulting in a lower information density and more diffuse
topic coverage. These obstacles become even more pronounced when style and register
are diversified, the setting is multi-party (>2 interlocutors), and sources reflect hetero-
geneous real-life subjects. Despite the recent strides achieved by pre-trained language
models (PLMs), existing summarizers have opaque behaviors and pay attention to in-
formation pieces different from those included in the reference summary [Gliwa et al.,
2019], undermining trustability.

The latest research has focused on input augmentation techniques to guide the gen-
erative model in identifying the most fundamental concepts, incorporating auxiliary
annotations into the dialogue text. Prior studies have sought to automatically annotate
keywords, redundant utterances, and topics [Feng et al., 2022]. Nevertheless, these an-
notations usually come from burdensome human efforts [Li et al., 2019b], open-domain
toolkits [Zechner, 2002]—mnot suitable for dialogues, or unsupervised strategies [Murray
et al., 2005, Liu et al., 2019b, Chen and Yang, 2020, Feng et al., 2021]—mnot designed
to complement the task of interest, resulting in possible inconsistencies and information
loss. The annotation process (gold or silver) is treated as a preprocessing step rather
than a learning objective, capping potential benefits and generalization. Furthermore,
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Srivastava et al. [Srivastava et al., 2023] have recently demonstrated the advantages
of training or making zero-shot summary predictions exclusively with pertinent source
sentences determined through fixed algorithms grounded on ROUGE-1 and topic seg-
mentation. These advances raise expectations for learnable, reference-free, and dynamic
annotation techniques, still lacking contributions.

We propose DEARWATSON, a novel task-aware utterance-level annotation framework
designed to enhance the efficacy and interpretability of neural dialogue summarizers.
Drawing on the knowledge encoded in PLMs, we train a classifier to detect the most
relevant dialogue utterances for the summarization task. Predicted utterances are then
wrapped with special tokens, and a pre-trained summarizer is fine-tuned on the aug-
mented input. As depicted in Figure 4.5, we postulate that pointing out the meaningful
source spans allows the generative model to better direct its attention to them; learning
such annotations together with the summary can enhance final performance and unlock
interpretability. We investigate two architectures following different learning schemes:
(i) joint, where the annotator and the summarizer are treated as two independent units
simultaneously trained, and the relevant target utterances come from a self-supervised
heuristic; (ii) end-to-end, where the gradient backpropagates from the summarizer to the
annotator, whose tag placement directly optimizes summary generation. Differentiable
utterance selection is achieved via Gumbel-Softmax Trick [Jang et al., 2017b]. We run
extensive experiments on two widely used dialogue summarization datasets, SAMSum
[Gliwa et al., 2019] and DialogSum [Chen et al., 2021a], demonstrating that our models
push the state-of-the-art according to five automatic evaluation metrics. Through ab-
lation studies, we establish the significance of each module, ranging from the annotator
implementation and underlying heuristic to the influence of the number of speakers and
utterances. Qualitative experiments show a less diluted distribution of attention scores.
Furthermore, human and ChatGPT-driven evaluations corroborate the evidence role of
the selected utterances in making the summarizer behavior more transparent.

Our contributions can be summarized as follows:

e We pioneer input augmentation (summary-worthy utterance selection) as an ad-
ditional training objective, without any reliance on human-crafted labels.

e We shed light on the overall efficacy of input augmentation in dialogue summariza-
tion, evaluating different annotation heuristics, and uncovering substantial room
for future improvements.

e Beyond joint learning, we propose an architecture capable of making discrete
choices without disrupting backpropagation. To this end, we suggest the incor-
poration of Gumbel-based sampling algorithms, a methodology previously unex-
plored in the context of evidence generation [Huijben et al., 2021]. Our research
offers valuable insight into the intricate comparison between joint learning and
end-to-end learning.

e We outperform all existing summarization baselines on two popular testbeds (up
to +0.67/0.58/0.63 ROUGE-1/2/L F1 and +1.38 BERTScore, i.e., maximum A
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4 4
Sam: Sam can u turn down the Sam: Sam can u turn down the
music? I'm trying to sleep music? I'm trying to sleep
Fan: ok, ok, don't make a fuss Fan: ok, ok, don't make a fuss
Sam: justdo it! Sam: justdoit!
\ + \ + y,
Annotator Summarizer

¥

Fan will turn down the music at
Sam's request

FIGURE 4.5. Overview of DEARWATSON. Utterance annotation and summarization are simultaneously
mastered.

for each metric regardless of the dataset), and add interpretability with only minor
incremental training/inference costs associated with the extra tagging task.

e We carry out a rigorous human evaluation to demonstrate that learned annotations
are instrumental in understanding the dialogue segments that exert the greatest
impact on a model prediction.

e We mark the first instance of harnessing ChatGPT for abstractive dialogue sum-
marization, gauging its validity in terms of consistency with human judgment.

4.3.2 Related Work

Dialogue Summarization Pre-trained language models have sparked a paradigm
shift in abstractive summarization [Zhang et al., 2020b, Lewis et al., 2020b], yielding
unprecedented results even in multi-document [Moro et al., 2022b] and low-resource
[Moro and Ragazzi, 2022b, Moro et al., 2023d] settings. Although most prior work ad-
dresses single-speaker content, dialogue summarization is gaining traction. Nevertheless,
transferring conventional models to chats is not straightforward: avoiding overlooking
essential information across turns is one of the primary requirements [Liu and Chen,
2021]. Since core knowledge is often fragmented and embodied in incomplete sentences,
generating fluent summaries by utterance extraction alone is impractical. Popular ap-
proaches involve ad-hoc pretraining [Zhang et al., 2020e, Bao et al., 2020, Wu et al.,
2020, Cao et al., 2020, Gao et al., 2020, Gu et al., 2021, Zhong et al., 2022b], while—
following the steps of current trends [Frisoni et al., 2023a]—a complementary procedure
is injecting structured data modeling conversation topics or dialogue acts [Chen and
Yang, 2020, Liu et al., 2021]. In this thesis, we enrich the dialogue text to enhance the
effectiveness and interpretability of any summarizer.
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Annotation for Abstractive Summarization Conceptually, Peyrard [Peyrard, 2019]
posits that a high-quality summary is closely tied to three dimensions: informativeness,
redundancy, and relevance. Past research has actively accounted for these aspects by
incorporating auxiliary information into the dialogue. To bolster informativeness, some
work tagged linguistically-grounded keyphrases [Riedhammer et al., 2008], domain termi-
nologies [Koay et al., 2020], and topic words [Zhao et al., 2020]. To mitigate redundancy,
the authors labeled repetitive utterances with similarity-based methods [Zechner, 2002,
Murray et al., 2005]. To maximize relevance, other groups carried out topic segmentation
[Li et al., 2019b, Liu et al., 2019b, Chen and Yang, 2020]. Feng et al. [Feng et al., 2021]
drawn support from forward passing on a pre-trained conversational response generation
model to tag the input text based on loss scores and utterance embeddings. Input aug-
mentation has also been exploited to control text generation, entailing the introduction
of auxiliary signals to enforce the desired output properties [Wu et al., 2021a, Liu and
Chen, 2021, Frisoni et al., 2022b]. All such annotations are procured through manual
labor, pre-defined heuristics, open-domain toolkits, or unsupervised techniques. Instead,
we conjecture that model performance remains subpar when treating input augmenta-
tion outside of learning objectives. To our knowledge, we are the first to optimize the
annotator in tandem with the summarization task.

4.3.3 Preliminaries
4.3.3.1 Task Definition

Abstractive dialogue summarization endeavors to craft a creative summary S of |S| to-
kens [s1, 82, ..., 5|5|] from a dialogue D consisting of |D| utterances [uy, uy, ..., uyp|. []
denotes concatenation. Each utterance u; comprises |u;| tokens [p;, u; 1, 4; 2, . - . s Wi |y » SEP;],
where ¢ € [1,|D|], p; is the speaker, and SEP; signifies the utterance end. There-
fore, the task can be formalized as producing the summary S given the input: D =
[pl,uu, ...,SEPq, ... PO UD| 1y - SEP|D|].

4.3.3.2 Oracle Dialogue Annotation

Chat data is rife with irrelevant content, such as greetings and inconsequential turns, that
does not contribute to producing an informative resume. Hence, steering the model’s
attention toward core utterances may bear substantial opportunities. Gold utterance
relevance labels for a dialogue summarization task are generally not available, and ac-
quiring them would be a costly endeavor. To make our solution adaptable and effective
in real-world scenarios, we have devised multiple self-supervised heuristics. Taking a
closer look, we propose three alternative approaches to designate a source utterance u;
as relevant based on its overlap (N) with the gold summary reference.

e ONE-WORD-OVERLAP: inspired by Wu et al. [Wu et al., 2021a], u; must feature
at least one word (other than stopwords) from the target summary.

e TOP-P-WORD-OVERLAP: more severely, u; must rank within the top p% of the
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source utterances that exhibit the highest similarity to the target summary, mea-
sured using ROUGE-1.

e TOP-P-SEMANTIC-OVERLAP: measured using cosine similarity. To ac-
complish this, we leverage a state-of-the-art Sentence Transformer,’ computing
the normalized dot product between semantically-informed utterance embeddings.

Please note that, unlike ONE-WORD-OVERLAP, he hyperparameter p offers control over
the annotation percentage. According to the relevance criterion under investigation, we
flag core utterances by inserting the special tokens <hl> and <\h1l> at their beginning
and end, respectively. Equation 4.15 succinctly outlines the utterance map function for
producing the annotated dialogue D*.

ann(u;) = (4.15)

[<h1>;, pi,...,<\h1>,SEP;] wNS #0

u; w;,NS = 0.
We note that this is only possible during training, since we obviously do not have access
to the target summary at inference time. Empirical tests from our group exhibit that
PLMs fine-tuned on oracle D*, rather than D, gain up to 4.5 ROUGE-1/2/L average
points (see subsection 4.3.6.1 for details). These results attest to the great controllability
power of the utterance annotation strategy and motivate the architectures discussed in
subsection 4.3.4, where we naturally eliminate the prior target knowledge assumption to
define general-purpose annotate-then-summarize models.

4.3.4 Method

This subsection will introduce two supervised architectures for highlighting relevant ut-
terances and condensing the augmented dialogue. First, we will explore a joint paradigm,
breaking down the goal into two subtasks learned simultaneously (subsection 4.3.4.1).
Then we will move to an end-to-end framework, taking annotation and summarization
as a single unit by differentiable input augmentation (subsection 4.3.4.2). We sketch
both solutions in Figure 4.6.

4.3.4.1 Joint Learning Paradigm

Utterance Classification

We fine-tune a PLM to predict relevant utterances, i.e., dialogue lines mentioning
facts expected to appear in the resume. To achieve this goal, the ann(u;) heuristic
disclosed in subsection 4.3.3.2 is treated as the source of ground-truth annotations.
Technically, we supply D to a bidirectional text encoder Ej(-), deriving a contextual
hidden representation R? for each dialogue token:

[hp, b, ..o hsep | = B (D). (4.16)

“https://huggingface.co/sentence-transformers
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<hl>and </h1> tokens in Xg2g to the <h1>and </h1> tokens
1 = relevant (1 for the others) of non-relevant utterances
0 = non-relevant - (0-embedding for the others)

|
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@ v Ul

Input Dialogue D with |D| utterances

FIGURE 4.6. Hlustration of our joint and end-to-end DEARWATSON architectures. Following a shared
initial phase for utterance classification, joint learning peculiarities are highlighted in red, while the
alternative end-to-end modifications are shown in green. The ”//” symbol connotes backpropagation
interruption points.

We extend the model training to represent each utterance in the corresponding SEP
token. Indeed, on top of the encoder stack, we add a task-specific linear layer to project
each utterance embedding hggp, into two-dimensional unnormalized logits 1; (confidences
for relevant T and non-relevant F' classes):

L1, ..., Yp)] = We{hsep, ..., hsgp ,, } + b, (4.17)

where W, represent trainable weights and b, are bias parameters. We optimize a binary

cross-entropy loss Le:
{1, F}

Ece = - Z Yi IOg(pi)7 (418)

where g; is the truth class label and p; is the softmax probability on the output of
Equation 4.17 for the i class.

Summarization

We unveil relevant utterances by applying the argmax function to the output of the
classification head, wrapping them with special <h1><\hl> tokens. Finally, we feed the
annotated dialogue D* to a pre-trained transformer-based summarizer. To maximize the
estimated probability Py of the actual summary S, we utilize a negative log-likelihood
loss function:

Loy ==Y log Py(si| D). (4.19)

7

The classifier and the summarizer are jointly trained by minimizing £ = L.e + Lyy-
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4.3.4.2 End-to-End Paradigm

The utterance annotation process described in subsection 4.3.4.1 halts the gradient flow
from the summarizer to the classifier. Non-differentiability is caused by the argmax step
function, which outputs discrete class labels, i.e., hard assignments. When concerned
with discrete stochasticity, challenges arise regarding both sampling from discrete distri-
butions and gradient estimation thereof. Reinforcement learning-free approaches often
relax sampling functions by employing continuous approximations, such as Soft-argmax
[Zhang et al., 2017] or Gumbel-Softmax [Jang et al., 2017a]. Gumbel-based sampling
algorithms, in particular, have found success in a range of applications, such as generat-
ing text through stochastic beam search for dialogue systems [Firdaus et al., 2020] and
machine translation [Kool et al., 2019], as well as leaning communication protocols in
multi-agent games [Havrylov and Titov, 2017]. In this thesis, our proposed end-to-end
architecture incorporates the Gumbel-Softmax Trick for categorical reparameterization.

Gumbel-Softmax Trick Gumbel-Softmax is an efficient gradient estimator for sam-
pling from a categorical distribution, which unlocks backpropagation through the entire
network even when intermediate outputs are discrete—directly mapping the raw dia-
logue to the summary on the augmented input. Let ¢ be our categorical variable with
probabilities {mr, 7r}. Categorical samples are encoded as two-dimensional one-hot vec-
tors at the corners of a mono-dimensional simplex A'. Utterance relevance choices from
our |D|-length ¢ distribution are estimated by generating z € Al:

o ((oa(m) + 1) /7)
S exp ((log () + g5) /7)

where 7 is the softmax temperature and gr,gr are i.i.d. noise samples drawn from
Gumbel(0, 1) by pulling out w ~ Uniform(0, 1) and then computing g = — log (— log (u)).
At lower temperatures (7 — 0), z samples are identical to those from a categorical dis-
tribution; at higher temperatures (7 — o), z samples are no longer one-hot and become
uniform. The Gumbel-Softmax distribution is smooth for = > 0, thus having a well-
defined gradient. While z samples are differentiable, our annotation process requires a
discrete selection. Hence, we adopt the Straight-Through (ST) Gumbel-Softmax, which
discretizes z through argmax in the forward pass and utilizes the continuous approx-
imation in the backward pass. using the ST Gumbel-Softmax on [ly,.. .,l|D|], we de-

fori e {T,F}, (4.20)

rive a one-hot matrix Myympe € R‘D‘XQ, where each utterance is assigned the vector
[0.0,1.0] if relevant and [1.0,0.0] otherwise. A vectorial representation v gymper € RIPI ig

Mgumbel(:a 2)

Annotation Gate To preserve the gradient flow after classification, it is necessary
to identify a differentiable strategy also for dialogue augmentation. Compared to joint
learning, we (i) reframe the input as xgog by positioning the <h1></hl> tokens at the
start and end of each utterance, (ii) delineate a gating mechanism to dynamically turn off
the wrapping annotation of unselected utterances. If a dialogue line is deemed irrelevant,
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# Dialogues # Participants # Turns # Dialogue Words # Summary Words

Mean Std Range | Mean Std Range | Mean Std Range Mean Std  Range

SamSum
Train 12,460 | 2.40 0.83 [1,14] | 11.17 6.45 [1,46] | 124.5 94.2  [13,1017] | 2344 12.72 [2, 73]
Dev 818 239 084 [2,12] | 10.83 6.37 [3,30] | 121.6 94.6 [18,691] | 23.42 12.71 [4, 6§]
Test 819 236 083 [2,11] | 11.25 6.35 [3,30] | 126.7 95.7 [17,669] | 23.12 1220 [4, 71]
DialogSum

Train 12,460 | 2.01 0.13 [2,7] 9.49 416 [2,61] 197 97.83 [52,1389] | 31.02 13.51 [7,212]
Dev 500 2.01 013 [2,4] 9.38  3.99 [2,29] | 194.38 90.81  [55,672] | 28.96 12.63 [7, 89]
Test 500 2.01  0.09 [2,3] 9.71 499 [2,65] | 202.22 108.84 [54, 1258] | 25.59 11.01 [6, 96]

TABLE 4.4. SAMSum and DialogSum dataset statistics. Word counts are determined by the NLTK
tokenizer [Bird et al.].

”

we replace the embeddings of its <h1></h1> tokens with those of space tokens (i.e.,
”), mimicking their absence in the input. Mechanically, we obtain the representation
of each token Mey,, € RI¥E2EIXA by feeding xgap to the summarizer’s input embedding
layer. We construct a mask vgqse € RIxE2E| 0 cancel undesired special tags, where the
binary weight of each token t; € xgag is established with the following function:

Vgumbel [utterance(t;)] t; € {<h1> </hl1>}

(4.21)
1 t; ¢ {<hl> </h1>}.

mask(t;) = {
We build a matrix Mgpce € RP*E28|xd containing space-token embeddings for annota-
tion tags of irrelevant utterances, 0-embeddings otherwise. The matrix supplied to the

summarizer is (VgTate ® Memb) + Mpace, while the final loss is £ = Lee + Ly as in
subsection 4.3.4.1.

4.3.5 Experimental Setup

Implementation details, computing infrastructure, and experiment hyperparameters are
described in Appendix A. For all the models reported in subsection 4.3.5.2, we adopt
the optimal configurations indicated by the authors, tailored to our hardware capacity.

4.3.5.1 Dataset

On the steps of previous research, we carry out experiments on SAMSum [Gliwa et al.,
2019] and DialogSum [Chen et al., 2021b], two modern testbeds for abstractive dia-
logue summarization in the English language. SAMSum is prepared by Samsung R&D
Institute Poland. Linguists created and wrote conversations to reflect the complexity
and proportion of daily topics. DialogSum is gathered from a practice website and
three publicly available dialogue datasets, namely Dailydialog [Li et al., 2017], DREAM
[Sun et al., 2019], MuTual [Cui et al., 2020]. For both of these two benchmarks, the
style and register are diversified (informal, semi-formal, formal), encompassing a broad
spectrum of everyday subjects, such as education, employment, healthcare, chit-chats,
meeting organization, shopping, recreation, and travel. Summaries are presented in the
third person and offer succinct overviews of the discussed topics. Datasets statistics are
detailed in Table 4.4.

90



4.3.5.2 Models

Classification and Summarization Modules Our annotate-then-summarize frame-
work is agnostic to the underlying models. We investigate several transformer-based
PLMs with different capacities (i.e., architectures, pretraining schemes), aiming to reuse
their linguistic and semantic knowledge. We also fine-tune large language models (LLMs)
with ;1B parameters. As for the classifier, we test representation and generative net-
works to encode each utterance’s last token (SEP). Specifically, we put into play ROBERTA
[Liu et al., 2019a], DEBERTAV?2 [He et al., 2021], GPT-2 [Radford et al., 2019a], and
OPT [Zhang et al., 2022]. For TOP-P-SEMANTIC-OVERLAP, semantic similarity is calcu-
lated with a ROBERTA-large model fine-tuned on natural language inference (NLI).!0
As for the summarizer, we evaluate BART [Lewis et al., 2020b]—the most popular
generative model for dialogue-oriented tasks [Feng et al., 2022], rooted in denoising pre-
training objectives, and FLAN-T5 [Chung et al., 2022b]—a large-scale model fine-tuned
with instructions on a mixture of text-to-text tasks (dialogue summarization excluded).

Baselines We head-to-head compare our DEARWATSON models with a plethora of
competitive abstractive summarization baselines.

e BART, FLAN-T5. Vanilla models fine-tuned on non-augmented dialogues, i.e.,
without our learnable annotation.

e MV-BART [Chen and Yang, 2020]. BART model with multi-view decoder atten-
tion layers to incorporate conversation topics and progression stages.

e COREF-ATTN [Liu et al., 2021]. BART model with an additional coreference-
guided attention layer between the encoder and the decoder.

e S-BART [Chen and Yang, 2021a]. BART model with a multi-granularity decoder
incorporating utterance dependency graphs and action graphs.

e BART-DIALOGPTANN [Feng et al., 2021]. BART model trained on documents
augmented with unsupervised topic, keyword, and redundancy annotations from
DialoGPT [Zhang et al., 2020¢].

e SWING [Huang et al., 2023b]. BART model trained with NLI signals to encour-
age coverage and factuality.

e DIALSENT [Jia et al., 2022]. BART model post-trained to rephrase from dialogues
to narratives before fine-tuning for dialogue summarization.

The large version is harnessed across each BART-derived model to promote fairness.

4.3.5.3 Metrics

We quantify classification effectiveness with recall, precision, F1-score, and accuracy for
positive utterance classification T'. Following the trail of common practice, we evaluate
summarization performance in terms of ROUGE-1/2/L F1 scores [Lin, 2004]. Inspired
by Moro et al. [Moro et al., 2023c], we also measure an aggregated ROUGE judg-

DOhttps://huggingface.co/sentence-transformers/roberta-large-nli-stsb-mean-tokens
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ment: R = ave(rir2ri)/1+02, where 719/, € [0,1] and o7 is the F1 variance.’! To
refine summary quality assessment and go beyond lexical superficiality, we make use of
BERTScore [Zhang et al., 2020d] and BARTScore [Yuan et al., 2021b], two recently-
developed model-based metrics that have been shown to correlate well with human
judgments (i.e., semantic coverage, coherence, informativeness, relevance, fluency, and
factual consistency dimensions). Higher scores indicate better overall results. Metric
settings and interpretability hints are documented in Appendix A.2.

4.3.6 Results
4.3.6.1 Quantitative Evaluation

Utterance Classification Table 4.5 displays preliminary fine-tuning results about
the influence of the PLM choice on the classification component alone. The reported
results are based on the most effective annotation strategy identified for each dataset
in the downstream summarization task. A thorough exploration of the strategy’s im-
pact is detailed in the next paragraph. Notably, ROBERTA stands out from the other
models, exhibiting the highest F'1 and accuracy scores, despite having up to 4.5x fewer
parameters. Accordingly, we opt for ROBERTA as the classification backbone in all our
complete solutions, denoted by DW, (joint learning) and DWgg (end-to-end).

Recall Precision F1 Accuracy
SAMSum
GPT-2-XL 86.11 75.97 80.72 80.43
OPT-1.3B 84.10 77.78 80.82 81.00
DEBERTAV 2-xlarge 87.34  T74.27 80.27 79.60
_ROBERTAdarge 8215 79.90  SLOL 8170
ROBERTA-large(DW;;)  83.03 1 78.68 80.79 81.24
ROBERTA-large(DWgop) 85.00 7 78.43 81.59 1 81.77 ©
DialogSum
GPT-2-XL 67.67 63.35 65.44 70.17
OPT-1.3B 67.16 65.02 66.07 71.22
DEBERTAV 2-xlarge 65.57 62.18 63.83 69.07
_ROBERTAdarge 6983 6895 69.14 7424
ROBERTA-large(DWyy,)  61.38 66.67 63.91 73.30
ROBERTA-large(DWgap) 67.47 67.23 67.35 73.95

TABLE 4.5. Relevant utterance classification results on SAMSum and DialogSum test sets (3-runs aver-
age). All scores correspond to the annotation strategy that has been empirically identified as the most
effective for each dataset, specifically, ONE-WORD-OVERLAP for SAMSum and TOP-P-WORD-OVERLAP
for DialogSum. Each dataset’s results are categorized into two subsections. Top: classification-only
fine-tuning; bold and underline denote best and second-best scores. Bottom: annotate-then-summarize
fine-tuning; 1 highlights relative improvements.

1R penalizes model results with discrepant unigram, bigram, and longest common subsequence over-
laps.
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Annotation Strategy The way "relevance” is defined for source utterances can have
a profound impact on the quality of the generated summary. Table 4.6 highlights how
the choice of different annotation strategies directly affects summarization metrics. In-
terestingly, the optimal strategy appears to be highly dependent on the dataset at hand,
revealing contrasting preferences between SAMSum and DialogSum. To be specific,
ONE-WORD-OVERLAP appears to be the best choice for SAMSum and the worst for
DialogSum. Given the similar nature of the two benchmarks, we posit that a piv-
otal factor influencing the ultimate performance lies in achieving a harmonious balance
between annotated and non-annotated oracle utterances, essentially the equilibrium be-
tween positive and negative classification examples. To go into this interplay, we present
the percentage of annotated utterances for each strategy-dataset combination. For the
top-p heuristics, the annotation percentage is equal to p; we report the best value regis-
tered after a grid search in the hyperparameter space (see Table 4.13 for details). Adding
weight to our hypothesis is the optimal value of p, which closely approaches 42%. Simul-
taneously, in SAMSum and DialogSum, ONE-WORD-OVERLAP annotates approximately
~48% and ~64% of the source utterances, respectively, indicating a greater likelihood of
false positive relevance labels in the latter. Regarding the evaluation of TOP-P-WORD-
OVERLAP and TOP-P-SEMANTIC-OVERLAP in DialogSum, our findings show that the
former excels in joint learning and secures higher performance rankings in end-to-end
training. As a result, we opt for TOP-P-WORD-OVERLAP.

ROUGE-F BERTScore-F BARTScore-F Ann.
Utterances
SAMSum
BART(DWjL) - ONE-WORD-OVERLAP 44.50 53.61 -2.784 47.59%
BART(DWgsg) - ONE-WORD-OVERLAP 44.33 53.72 -2.783 ’
"BART(DW,z) - TOP-P-WORD-OVERLAP 4391 5331 2787 42.25%
BART(DWgag) - TOP-P-WORD-OVERLAP 43.52 53.07 -2.778 40.7%
" BART(DW,) - TOP-P-SEMANTIC-OVERLAP  43.79 5329 2799 42.25%
BART(DWgsg) - TOP-P-SEMANTIC-OVERLAP  43.86 53.06 -2.798 40.7%
DialogSum
BART(DW,) - ONE-WORD-OVERLAP 37.36 51.19 -2.841 63.67%
BART(DWgag) - ONE-WORD-OVERLAP 37.33 51.40 -2.842 ’
"BART(DW,) - TOP-P-WORD-OVERLAP  : 3829 5245 2847 41.711%
BART(DWgsg) - TOP-P-WORD-OVERLAP 38.60 52.83 -2.826 39.91%
" BART(DW,) - TOP-P-SEMANTIC-OVERLAP ~ 37.59  51.76 ~  -2.822 41.711%
BART(DWgsg) - TOP-P-SEMANTIC-OVERLAP  38.66 52.78 -2.834 39.91%

TABLE 4.6. Quantitative summarization results on the SAMSum and DialogSum test sets after fine-
tuning with different target annotation strategies. Oracle-annotated utterances are specified on the
right. Bold and underline denote the best and second-best scores for each dataset.

Dialogue Summarization Overall results are delighted in Table 4.7, considering
the optimal annotation strategy identified for each dataset. The remarkable outcomes
produced by the oracle utterance annotations (up to +5.60/3.71/4.34 ROUGE-1/2/L
F1, +4.68 BERTScore F1, +0.132 BARTScore F1) clearly affirm the powerful effect
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of <h1></hl> tagging and set out a promising theoretical upper bound (i.e., perfect
classifier with 0 false positives and negatives). Expressly, the annotation confers more
benefits as the number of parameters decreases, reaching a peak with BART. When eval-
uated on SAMSum, our DEARWATSON models outmatch vanilla summarizers in almost
all dominant metrics, especially precision measures. Moving to DialogSum, a BART-
based backbone becomes sufficient to get competitive or superior ROUGE F1 scores,
while greatly improving semantic and factual metrics (up to +13.82 BERTScore F1 and
+0.871 BARTScore F1 compared to SWING and DIALSENT). In the context of ROUGE
metrics, making a definitive choice between DW;r and DWgg proves challenging, as
the two training modes exhibit distinct performance gaps in SAMSum and DialogSum.
DWjp, is more robust and predictable, attributed to its finer error containment, which
becomes increasingly challenging as the architecture grows. On the other hand, DWgg
consistently favor semantic metrics. In addition, DEARWATSON multi-task learning
positively affects the prediction of relevant utterances, further enhancing ROBERTA ca-
pabilities; this becomes particularly evident when promoting more interaction through
DWgg. Our FLAN-T5(DWjp) eclipses MV-BART on SAMSum and clearly sets a new
state-of-the-art, beating multi-view, coreference-centered, multi-modal, and NLI-based
alternatives.

Model ROUGE-1 ROUGE-2 ROUGE-L BERTScore BARTScore
R P F R P F R P F R P F R P F
SAMSum
MV-BART 57.51 55.85 54.05 30.74 29.49 2856 53.16 51.54 50.57 53.90 53.46 -2.915 -2.661 -2.788
COREF-ATTN 56.61 57.12  53.93 29.79 30.68 28.58 52.26 5249 50.39 53.32 53.89 -2.915  -2.674 -2.794
S-BART 51.22  56.00 50.70 25.84 28.12 2550 48.17 51.87 48.08 48.86 52.36 -3.110  -2.895 -3.003
BART-DIALOGPTANN 5490 57.90 53.70 29.53 31.22 2879 51.54 53.72 50.81 50.48 42.95 -2.975 -3.617 -3.296
SWING 57.19  55.27 53.04 3034 2999 2836 5291 51.59 50.08 53.75 52.49 -2.906 -2.728  -2.817
DIALSENT 55.68 57.26 53.54 30.05 31.14 2891 51.55 52.82 50.21 52.86 53.92 -2.95 -2.722  -2.836
BART 58.08 53.93 53.06 30.66 28.74 28.08 53.02 49.83 49.44 54.06 51.52 -2.901  -2.726 -2.813
Ours - BART(DWyracie) 60.73 60.34 58.64 3270 32.86 31.79 55.04 54.97 53.78 5744 57.41 -2.788  -2.574  -2.681
Ours - BART(DW,) 1 57.76  55.79 53.92 31.22 3041 29.16 53.16 51.58 50.43 54.27 53.04 -2.885 -2.684 -2.784
Ours - BART(DWgag) 1 57.80 55.49 53.75 30.80 30.12 28.84 53.23 51.47 50.40 54.39 53.14 -2.891 -2.675 -2.783
"FLAN-T5 58.36 56.59 54.38 32.36 31.46 30.05 54.15 5279 5135 55.10 53.73 5436 -2.822 -2.668 -2.745

Ours - FLAN-T5(DWpque) 59.45 5812 56.22  33.15 3255 31.31 55.33 5432 53.09 56.69 55.65
Ours - FLAN-T5(DW,;) +  57.90 58.09 55.05 3226 32.56 30.63 53.89 54.08 51.98 55.10 54.82 54.91 -2.827 -2.646 -2.737
Ours - FLAN-T5(DWgap) 57.94 56.57 54.13 3214 31.33 29.86 53.99 52.87 51.28 54.74 53.37 54.00 -2.828 -2.659 -2.744

DialogSum
SWING 54.47 4485 47.67 24.99 20.82 21.99 50.79 43.28 4572 45.81 41.04 4345 -3.576 -3.343  -3.459
DIALSENT 4646 52.16 47.60 21.05 24.34 21.76 44.60 49.26 45.79 36.61 41.36 39.01 -3.760 -3.633 -3.697
BART 53.37 43.83  46.55 23.87 20.00 21.00 49.82 42.32 44.70 54.59 4833 5145 -2.865 -2.824 -2.844
Ours - BART(DWopacie) 58.67 48.01 51.24 27.50 22.95 24.27 53.60 4538 4813 57.61 51.09 54.34 -2.741 -2.730 -2.735
Ours - BART(DWp,) t 53.78 4547 47.79 24.05 20.84 21.62 49.93 43.45 4547 55.23 4345 4547 -2.861 -2.833 -2.847

Ours - BART(DWgag) T 52.53 | 47.38  48.18 23.70 | 21.79 21.95 4884 44.82 45.66 54.67  50.97 52.83 -2.867 -2.785 -2.826

TABLE 4.7. Quantitative summarization results on the SAMSum and DialogSum test sets after fine-
tuning (3-runs average). Top: abstractive baselines. Bottom: backbone vanilla models and our annotate-
then-summarize variants, including oracle utterance annotations, joint learning, and end-to-end learning.
Bold and underline denote the best and second-best scores, excluding target-aware oracle results. The
green gradient spotlights our relative percentage improvement compared to backbone models (the deeper,
the more); t symbolizes statistical significance (Pitman’s permutation test, p<0.05).

Annotation Statistics Table 4.8 wraps up fine-grained and coarse-grained annotation
coverage statistics in augmented dialogue. On average, models trained in a joint learning
mode are more likely to label short utterances.
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Dataset Model Ann. Utterances Ann. Words Gen. Words Gen. Tokens

BART 50.14 65.3 925.7 28.62
BART(DW, ) 51.49 67.05 924.74 27.66
BART(DWgap) 51.49 67.05 25.0 27.95

SAMSum o1 AN_T5 52.58 67.97 24.97 30.94
FLAN-T5(DW;;)  52.58 67.97 23.92 29.59
FLAN-T5(DWgop) 49.92 64.85 24.79 30.76
DislosSuy  BART 35.47 43.88 30.91 34.66
& BART(DW, ) 51.49 67.05 29.66 33.48
BART(DWgar) 39.97 47.99 927.99 31.68

TABLE 4.8. Average relevant utterance annotation and generation statistics. % of annotated utterances
out of the total. % of annotated words out of the total. Number of generated words. Number of
generated tokens.

Impact of Speakers and Utterances Figure 4.7 breaks down the R effectiveness
by number of participants and utterances. Please note that DialogSum only has 2 or 3
speakers (see Table 4.4). Irrespective of the model or learning approach, as the number
of utterances increases, ROUGE scores gradually decline in SAMSum. In contrast, in
DialogSum, they exhibit a less predictable pattern, characterized by alternating spikes
of good and poor performance. Importantly, SAMSum dialogues with 5+ speakers are
accompanied by a marked R reduction. We exclude speaker number classes with fewer
than three occurrences.

] — SAMSum - - -DialogSum \
—— BART(DW,.) —— BART(DWgag)
—— FLAN-T5(DW ;) —— FLAN-T5(DWgs2g)
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# Utterances

FIGURE 4.7. Relation between overall summarization ROUGE scores (R) and the number of speaker-
s/utterances in conversations.
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4.3.6.2 Cross-Attention Analysis and Interpretability

We analyze the cross-attention values between the input dialogue and the generated
summary to explicate the performance boost permitted by relevant utterance annota-
tions. Figure 4.8 contrasts the behavior of BART and BART(DWj1) on a qualitative
SAMSum example. The standard BART model places little focus on salient dialogue
tokens such as [bring, piece, later, on], causing essential facts to be missing from
the resume. In BART(DW}y,), we observe a discernible emphasis on the importance of
<h1></h1> tokens. Moreover, the model concentrates more on the pertinent facts while
attenuating attention toward others. During inference, selected utterances act as evi-
dence for the final generation, making the model more interpretable. Figure 4.9 portrays
input-output qualitative case studies that elucidate the advantages of our models.

4.3.6.3 Efficiency

Efficiency takes the spotlight in Figure 4.10, proving the practical usability of the pro-
posed method. In contrast to plain models lacking an annotator, the training process for
our DWjy, and DWgsE classifier+summarizer models demands an additional 2 hours at
most on DialogSum, while it only takes up to 16 extra minutes on SAMSum. During
inference, ROBERTA-large runs in ~8 seconds for the entire DialogSum test set and ~13
seconds for the SAMSum test set. As a result, the additional cost introduced by the
annotator is negligible and cannot exceed the runtime variability effect between different
runs. In fact, the overall inference times of DW;; and DWgsop are even shorter than
those of BART. The shorter average length of the summaries produced by our models
adds to the rationale for this time efficiency (Table 4.8).

4.3.6.4 Human Evaluation

In the quest to better gauge summarization merits, we conduct an in-depth human
evaluation of three highly-comparable models on SAMSum: the previous state-of-the-
art holder MV-BART and ours BART(DW}), BART(DWgg). The exclusive focus
on SAMSum is firmly supported by its widespread popularity and frequent adoption as
the sole benchmark in previous research work [Liu et al., 2021, Liu and Chen, 2021, Chen
and Yang, 2020]. Motivated by [Narayan et al., 2018, Fabbri et al., 2019, Huang et al.,
2023b], we use a direct comparison strategy, which has been shown to be more reliable,
sensitive, and less labor intensive than rating scales. We sample 50 instances from the
test set. For each instance, 3 English-proficient graders are presented with summaries
inferred from 2 out of 3 sources and asked to select the better one with respect to
3 dimensions. A "Tie” is declared if a judge perceives the two summaries to be of
equal quality. When all possible pair combinations are scrutinized, the total number of
preference labels per annotator is 450. We randomize the order of pairs and summaries
per example to guard the rating against being gamed. Zooming in, the rating axes are
defined as follows. Recall considers whether the generated summary covers all the target
content units. Precision checks if the generated summary covers only the target content
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FIGURE 4.8. Attention matrix visualization, the more intense the color, the higher the weight. A com-
parison between BART(DW) (left) and BART (right). The vertical axis is the generated summary,
and the horizontal axis is the source dialogue. Presented tokens are partial for ease of perception. Our
framework guides the model to emphasize tokens that are more likely to be relevant for the summary.

units (i.e., no superfluous or redundant information). Fuaithfulness examines whether
the generated summary is factually consistent with the dialogue. The final score of each
model is given by the percentage of times that its summaries are selected as the better
ones, minus the percentage of times that they are not. Appendix B illustrates our setup

97



L

Erin: hey Zach

Erin: look at this babe, I've just backed it
Erin: <file_photo> el

Zachary: looks delicious!

Zachary: pls bring me a piece of this later on
Zachary: I'm pretty busy right now
Erin: oh what are you doing then?
Zachary: | decided to clean the flat, can you imagine?
Erin: hardly, | need hard evidence

Zachary: here it goes

Zachary: <file_photo> il

Gold Summary

Erin has just baked something that Zachary finds
delicious. Zachary wants her to bring him a piece of it as
now he's busy cleaning.

BART Summary

Eric has just baked something. Zachary is busy
cleaning the flat.

Missing information (piece transportation)

MV-BART (ex-SOTA) Summary

Erin has just baked a dish. Zachary will bring him
a piece of it later on. He's busy cleaning the flat.

Non-factual (Zachary and Erin role inversion)

BART (DW,,)

Erin has just baked something. Zachary
wants to have a piece of it, but he's busy
cleaning the flat now.

Jack: OMG STANLEY IS DEAD

Oliver: Wif?

Stanley: I'm alive and well, dude

Jack: | meant Stan Lee, damn autocorrect

Stanley: | guessed that XD Yep, everybody's
posting now

Gold Summary

Jack is informing Oliver and Stanley about
Stan Lee being dead

BART Summary

Stanley is dead.

Non-factual (wrong subject)

MV-BART (ex-SOTA) Summary

Stan Lee is dead. Everybody's
posting about it right now.

Unnecessary extra sentence

BART (DWg¢)

FIGURE 4.9. Qualitative examples of predicted relevant utterances (highlighted in yellow) and their
assistance to high-quality summarization and interpretability. Red text indicates generation errors.
Taking BART as the backbone, we illustrate the inference of our fine-tuned joint learning model (left)
and end-to-end model (right).

with human instructions.
The results are showcased in Figure 4.11. Sampled instances and human judges are
published for transparency and further applications.'? The average Kendall coefficient

12 Annotations will be released in case of acceptance.
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B 2000 15 300
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(a) Training time. (b) Inference time.

FIGURE 4.10. Runtime analysis (3-runs average) over the SAMSum and DialogSum test sets, BART-
based backbone. Our model results include both annotation and generation times.

among all inter-annotator agreements is 45.25%. The annotation process took approxi-
mately 6 hours per judge, 18 hours in total. DEARWATSON models rank better on recall
(+200% joint, +100% end-to-end) and faithfulness (42324% joint, +103% end-to-end)
at the cost of a moderate drop in prediction (-83% joint, -67% end-to-end). These find-
ings reflect that the summaries inferred with our framework cover more semantic facts
presented in the ground truth, successfully addressing the missing information issue.
Conversely, they suggest a moderate correlation between automatic metrics and desired
output properties, confirmed in subsection 4.3.6.6.

’ lo mv-BART 10 Ours - BART(DW ;1) IB Ours - BART(DW o p) ‘

I

I I I
Recall Precision Faithfulness

(@)
T

Win - Lose (%)
o

FIGURE 4.11. Human evaluation results. DEARWATSON joint learning and end-to-end learning achieve
significantly higher recall and faithfulness than the previous state-of-the-art (student t-test, p<0.05),
corroborating the benefits of supervised input augmentation.

4.3.6.5 ChatGPT Evaluation

Scaling the model or data size has primarily raised the performance bar of NLP tasks,
boosting model capacity and showing up emergent abilities [Zhao et al., 2023]. Current
LLMs are general-purpose language task solvers (to some extent) and are often regarded
as an initial form of artificial general intelligence [Bubeck et al., 2023]. In response to
these achievements, newly published work has provided meta-evaluations of ChatGPT
in zero-shot settings, attempting to ascertain whether it can evaluate text like a human
expert. Gilardi et al. [Gilardi et al., 2023a] reveal that ChatGPT outperforms MTurk
crowd-workers in several annotation tasks. Wang et al. [Wang et al., 2023b] substantiate
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that ChatGPT surpasses previous automatic metrics in abstractive summarization and
attains state-of-the-art correlation with human judgments, making it a premier NLG
evaluator. In this thesis, we deploy ChatGPT to rank dialogue summarizers for the
first time in the literature. In detail, we consider the same evaluation setting described
in subsection 4.3.6.4 (i.e., sample, models, quality dimensions) and give aspect-specific
instructions to prompt the reference-based assessment of the generated summary on a 3-
point Likert scale. Figure 4.12 documents average results per model and metric. Details
are reported in Appendix C.

’ BoMmv-BART 00 Ours - BART(DW ;1) Il Ours - BART(DW g5 5) ‘

Do
ot
T
|

e

Recall Precision Faithfulness

Score
(1-3 Likert Scale)

FIGURE 4.12. ChatGPT evaluation results. DEARWATSON end-to-end models exhibit higher precision
and faithfulness.

4.3.6.6 Correlation with Human Judgment

We check out the correlation between automatic metrics (ChatGPT included) and hu-
man judgments in terms of semantic recall, precision, and faithfulness. We first convert
human evaluation results and automatic metric scores to a scale of {-1, 0, 1}, correspond-
ing to {LOSE, TIE, WIN}. Figure 4.13 depicts the results with Kendall’s Tau [Kendall,
1938] as the correlation measure, which evaluates the ordinal association between two
quantities. Note that Kendall-Tau ranges in [—1, 1], with 1 denoting a perfect positive
association. Remarkably, ChatGPT correlates the most with humans, representing the
most suitable technique to measure the degree to which a model resolves missing in-
formation. On the contrary, BERTScore and BARTScore perform surprisingly poorly.
We hypothesize that this is due to their model-based nature and pretraining on doc-
uments different from conversations. We find ROUGE-L recall being the best metric
for assessing factuality. Despite the higher proficiency of ChatGPT in capturing quality
dimensions, its correlation with human raters reaches a maximum of 0.2. This indi-
cates that ChatGPT, although a valuable metric, cannot completely substitute human
judgment in the abstractive dialogue summarization field. In general terms, all metrics
struggle to measure semantic fact recall, deviating noticeably from human labels.

4.3.7 Conclusion

In this thesis, we introduce DEARWATSON, a new annotate-then-generate framework for
abstractive dialogue summarization. Drawing inspiration from the human distillation
process, we train a model to predict relevant utterances and consciously build a resume
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FIGURE 4.13. Kendall-Tau correlation (%) of automatic metrics with human judgments.

with respect to the essential facts. To achieve this, we jointly optimize the placement
of relevance-marker tokens in the input and the summarization of the augmented dia-
logue. Experiments and ablation studies on SAMSum and DialogSum demonstrate that
our models set new state-of-the-art results, significantly improving semantic recall and
faithfulness. Cross-attention analysis unveils that our framework instructs pretrained
language models to better select and preserve summary-worth content. At inference
time, classified utterances also provide evidence for the output, favoring interpretability.
To provide insights for future research, we measure the correlation between reported
automatic metrics, prompt-guided ChatGPT scores, and human judgments.

4.3.8 Reproducibility
4.3.8.1 Implementation and Training Details

Hardware Setup and Environment FEach experiment is performed on a worksta-
tion using a single Nvidia GeForce RTX3090 GPU with 24GB of dedicated memory,
64GB of RAM, and an Intel®) Core™ i9-10900X1080 CPU @ 3.70GHz. The reference
operating system is Ubuntu 20.04.3 LTS. To elevate portability and consistency, our
development environment is constructed on top of a docker container with a de-facto

standard HuggingFace image.'?

Dataset Preprocessing We download SamSum from HuggingFace Datasets.'* We
retain the original text content of conversations, encompassing cased words, slang words,

3https://hub.docker.com/r/huggingface/transformers-pytorch-gpu
Ypttps://huggingface.co/datasets/samsum
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typos, and emoticons. The ”:” token is included in the speaker span p;. We replace
newlines with [SEP] utterance segmenters.

Models Table 4.9 enumerates the models used in this study, linking to specific ver-
sions. They are transformer-based, have a subword vocabulary, and are pre-trained on
massive corpora through denoising self-supervised tasks, i.e., reconstruction of artificially
masked or corrupted spans. Given the contained size of SAMSum dialogues, no model
has a maximum input size that requires truncation. It is worth mentioning that early
experiments were also made with DIALOGLED [Zhong et al., 2022a] as backbone—an
efficient model pre-trained for dialogue understanding and summarization on long meet-
ing and TV series transcripts. However, the different nature and domain of pretraining
dialogues ended up being unsuitable for the objectives of this thesis.

Architecture
Model # Params E D Details URL
DEBERTA-V2-xlarge 900M v 24-layers, 1536-hidden, 24-heads | https://huggingface.co/microsoft/deberta-v2-xlarge
ROBERTA-large 355M v 24-layers, 1024-hidden, 16-heads | https://huggingface.co/roberta-large
GPT-2-XL 1.5B v 48-layers, 1600-hidden, 25-heads | https://huggingface.co/gpt2-x1
OPT-1.3B 1.3B V' 24-layers, 2048-hidden, 32-heads | https://huggingface.co/facebook/opt-1.3b
BART-large 406M v v 12-layers, 1024-hidden, 16-heads | https://huggingface.co/facebook/bart-large
FLAN-T5-XXL 11B v v 24-layers, 4096-hidden, 64-heads | https://huggingface.co/google/flan-t5-xx1
SWING (BART-large) 406M v’ v 12-layers, 1024-hidden, 16-heads | https://github.com/amazon-science/AWS-SWING
MV-BART-large ~406M v v 12-layers, 1024-hidden, 16-heads | https://github.com/SALT-NLP/Multi-View-Seq2Seq
COREF-ATTN (BART-large) | ~406M v’ v 12-layers, 1024-hidden, 16-heads | hhttps://github.com/seq-to-mind/coref_dial_summ
DIALSENT (BART-large) ~406M v’ v 12-layers, 1024-hidden, 16-heads | https://github.com/jiagisjtu/dialsent-pgg

TABLE 4.9. List of the classification (top) and summarization (bottom) models used in this study.

Baselines For each summarization baseline, we rest on the official SAMSum-specific
checkpoints released by the authors, which we employ to re-run inferences and calculate
metric scores. The only exception is COREF-ATTN, for which the model has not been
released, and we refer directly to the official predictions.

Fine-tuning Our code is founded on Python 3.10.8, PyTorch 1.12.0 [Paszke et al.,
2019], and HuggingFace Transformers [Wolf et al., 2020]. We train each model for five
epochs and select the best checkpoints in the validation set with R score. We choose
the AdamW optimizer [Loshchilov and Hutter] and leave 42 as the default global seed.
Sticking to Jang et al. [Jang et al., 2017a], we anneal the Gumbel softmax value 7
according to a high-low schedule. Both BART and FLAN-T5 are trained with teacher
forcing: at training time, the inputs are previous tokens from the ground truth; at test
time, the inputs are prior tokens predicted by the decoder. To make fine-tuning of GPT-
2, OPT, and FLAN-T5 possible with our hardware, we exploit PEFT.' Precisely, we
carry out 8-bit model quantization and adopt Low-Rank Adaption (LoRA) [Hu et al.,
2022] to only learn a small number of extra model parameters. Training our best model,
FLAN-T5(DWjp), requires 20GB VRAM and 25 hours; 2.13 kg CO2e carbon footprint,
16.57 kWh energy needed.

Yhttps://github.com/huggingface/peft
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Hyperparameter Search space

Top-p annotationf  {0.30, 0.40, 0.41, - - -, 0.45«(DWgag), - -+, 0.47«(DWy), ---, 0.50}

Dropout rate 0.1
Learning rate {1e-5, 2e-5%, 3e-5. 4e-5}, linear scheduler
Optimizer 0.9 B1, 0.999 Bs, le-2 weight decay
Batch size 2
Epochs 5 (validation every epoch)
1 {1, -+, 14x, ---, 21}
Lora_dropout? 0.1
Lora rank? {16%, 32, 64}
Lora_alphat {32%, 64, 128}

beam search, n_beams=>5
Decoding strategy min_length=8, max_length=100

repetition_penalty=1

TABLE 4.10. Explored hyperparameters along with their empirical search grid. Training time (top) and
inference time (bottom). % marks the final picked values. 1 and i are specific for end-to-end strategies
and large language models, respectively.

Hyperparameters We list the hyperparameters used to train our DEARWATSON
models in Table 4.13. Surveyed values include default settings [Lewis et al., 2020,
Chung et al., 2022b]; final choices result from a grid search.

Number of Parameters The architectural sizes of our solutions equal the sum of the
classifier and summarizer parameters, independently of the training strategy. By combin-
ing a ROBERTA-large annotator and a BART-large generator, our BART(DW 1, por)
model is ~761.6M (all trained). Similarly, FLAN-T5(DW;; gog) is ~3.2B (of which
only 363.8M are trained).

Experiment Tracking We track all our trainings with Weights & Biases!'® and mon-
itor CO2 emissions with CodeCarbon.!”

4.3.8.2 Metrics

We quantify automatic metric scores using NLG-METRICVERSE [Frisoni et al., 2022].
Note that different libraries may result in different scores. Table 4.11 lists all hyper-
parameters. Owing to the grander correlation with human judgment, we compute
BERTScore with DEBERTA-xlarge instead of the default ROBERTA-large, as recom-
mended by the authors from version 0.3.11. To increase interpretability and avoid slight
range variations, we set rescale _with baseline=True. Note that BARTScore computes
the generation probability p(y|x, 6) of a sequence y conditioned on another sequence x,

Yhttps://wandb.ai
"https://github.com/mlco2/codecarbon
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Metric Definition Bound Hyperparameters

rouge_types=["rougel","rouge2","rougelL"],

Unigrams, bigrams, and longest common use_aggregator=True,

E 1
HOUE subsequence lexical overlaps 0,1] use_stemmer=True,
metric_to_select="fmeasure"
model_type="microsoft/deberta-xlarge-mnli",
idf=True, batch_size=64, nthreads=4
IDF-weigh -gram hard-ali i ’ ’ ’
BERTScore weighted n-gram hard-alignment via [-1,1]* * rescale_with baseline=True,"

contextualized embeddings
© use_fast_tokenizer=False,

return_average_scores=False
Semantic multi-perspective evaluation as
BARTScore the logarithmic probability of generating | — oo, 0[ 1
a text conditioned on another one

model_checkpoint="bartscore-large-cnn",
batch_size=4, segment_scores=False

TABLE 4.11. Hyperparameters initialization for utilized NLG metrics. Arrows indicate the reading key
(i.e., T = higher is better).

where 0 are the weights of a BART model. Because of this generative approach, the
evaluation dimensions vary depending on how y and x are defined. As for the other
metrics, we consider the Recall, Precision, and F1 settings, thereby feeding BARTScore
with a summary hypothesis (h) and a summary reference (r). Recall (h — r, p(r|h,0))
quantifies how easily a gold reference could be generated by the hypothesis (i.e., seman-
tic coverage). Precision (r — h, p(hlr,0)) assesses how likely the summary hypothesis
could be constructed based on the gold reference. F score (h <> r) takes the arithmetic
average of recall and precision.

4.3.9 ChatGPT Evaluation Details

We leverage the ChatGPT API and treat the gpt-3.5-turbo model as a reference-based
metric for judging artificial summaries. We feed predictions individually, utilizing the
prompt in Figure 4.14—which, after several attempts, results as the best one. The
prompt makes the model aware of task and aspect details, forcing ChatGPT to output
scores only.

e Recall. 1 = "reference contents are not covered at all’. 3 = "reference contents
are fully covered”.

e Precision. 1 = "the generated summary has many contents not covered by the
reference (unnecessary or redundant information)”. 3 = "the generated summary
contains only reference contents”.

o Fuithfulness. 1 = "the generated summary is not semantically consistent with the
dialogue (hallucinations, polarity inversions, entity misusage)”. 3 = ”the generated
summary is perfectly factual with respect to the dialogue”.

A new chat session is created for every summary to ensure that ChatGPT results (i.e.,
single digits) are not influenced by the annotation history. As for decoding hyperparam-
eters, we leave default values (e.g., temperature=1, top_p=1).
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Template

You are an expert English proficient annotator working on abstractive
dialogue summarization. Score the following generated summary
given the corresponding [input] with respect to [metric] on a scale
from 1 to 3, where a score of 1 means [definition] and a score of 3
means [definition].

Example

You are an expert English proficient annotator working on abstractive
dialogue summarization. Score the following generated summary
given the corresponding reference with respect to recall on a scale
from 1 to 3, where a score of 1 means "reference contents are not
covered at all" and a score of 3 means "reference contents are fully

covered". @

Dialogue Summary: Jack is informing Oliver and Stanley about Stan
Lee being dead

Dialogue Summary: [text]

Summary: [text]

Summary: Stan Lee is dead

FIGURE 4.14. ChatGPT annotation prompt (target: value on a 3-point Likert scale). [metric] equals
“recall”, "precision”, or ”faithfulness”. The [input] can be a ”resume” (recall/precision) or a ”doc-
ument” (faithfulness). [definition] spans explain the meaning of boundary min/max scores for the
metric under investigation.

4.3.10 Human Evaluation Details

The interface with human evaluation instructions is sketched in Figure 4.15.

Instructions for Human Evaluators

Two neural models attempt to summarize a dialogue while retaining the salient information.
Which summary do you think is better in the following three dimensions?

e Recall: Does the generated summary cover all the reference summary contents?

o Precision: Does the generated summary cover only the reference summary contents
(i.e., no superfluous or redundant information)?

¢ Faithfulness: Is the summary semantically consistent w.r.t. the original dialogue?

Dialogue Reference Summary
L] [.]

Read carefully the following two summaries and then
select the radio buttons below about the summary that you prefer

Summary 1 Summary 2

[..] [..]

Which is...

Higher Recall? Higher Precision? Higher Faithfulness?

@) @) ©) ©) O (@)

FIGURE 4.15. Human assessment interface.

4.3.11 Scientific Artifacts

The licenses for all the models and software used in this thesis are listed below in
parentheses: NLTK (Apache License 2.0), py-ROUGE (Apache License 2.0), BERTScore
(MIT License) BARTScore (Apache License 2.0), SAMSum (CC BY-NC-ND 4.0), GPT-
2 (MIT License), OPT (non-commercial), DeBERTa (MIT License), RoBERTa (GPL-
2.0 License), MV-BART (MIT License), Coref-ATTN (not specified), S-BART (MIT
License), BART-DialoGPTAnn (not specified), SWING (Apache License 2.0), BART
(MIT License), FLAN-T5 (Apache 2.0), DialSent (not specified).
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4.4
MEMEWEAVER: Inter-Meme Graph Reasoning
for Sexism and Misogyny Detection

Originally published as: Paolo Italiani, David Gimeno-Gomez, Luca Ragazzi, Gianluca Moro,
and Paolo Rosso. Memeweaver: Inter-meme graph reasoning for sexism and misogyny detection, 2026a.
URL https: //arziv. org/ abs/2601. 0868/

Abstract

Women are twice as likely as men to face online harassment due to their gender. Despite
recent advances in multimodal content moderation, most approaches still overlook the
social dynamics behind this phenomenon, where perpetrators reinforce prejudices and
group identity within like-minded communities. Graph-based methods offer a promis-
ing way to capture such interactions, yet existing solutions remain limited by heuristic
graph construction, shallow modality fusion, and instance-level reasoning. In this work,
we present MEMEWEAVER, an end-to-end trainable multimodal framework for detect-
ing sexism and misogyny through a novel inter-meme graph reasoning mechanism. We
systematically evaluate multiple visual-textual fusion strategies and show that our ap-
proach consistently outperforms state-of-the-art baselines on the MAMI and EXIST
benchmarks, while achieving faster training convergence. Further analyses reveal that
the learned graph structure captures semantically meaningful patterns, offering valuable
insights into the relational nature of online hate.

4.4.1 Introduction

Hate speech on social media is rarely an isolated act: it spreads through interactions
among users. Psychological research [Walther, 2022] shows that perpetrators often gain
social approval by sharing content with like-minded individuals, reinforcing prejudices
and group identity. These dynamics, compounded with user anonymity [Kowalski and
Whittaker, 2015], amplify harmful narratives and foster in-group codes and jokes, making
content subtler, context-dependent, and harder to detect.

Within the spectrum of hate speech [Herz and Molnar, 2012], women remain one
of the most disproportionately targeted groups. They are twice as likely as men to be
harassed online due to their gender [Duggan, 2017], often within communities where such
hateful discourses are normalized and perpetuated [Fontanella et al., 2024]. Such abuse
manifests primarily as sexism—prejudice or discrimination often rooted in stereotypes and
socially accepted forms of bias [Glick and Fiske, 2001]-and misogyny, marked by deeper
hostility, contempt, and explicit aggression [Richardson-Self, 2018]. Persistent exposure
to both has been shown to harm women’s self-esteem, restrict career ambitions, and
reinforce traditional gender roles [Bradley-Geist et al., 2015]. The rapid dissemination
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FIGURE 4.16. Overview of MemeWeaver, our graph-based framework for end-to-end sex-
ism/misogyny detection in memes. Motivated by the social dynamics of online hate, it models
batches of memes (3 shown) as inter-connected nodes for more effective learning.

of such content in online communities makes effective regulation challenging [Herz and
Molnar, 2012], motivating the development of automated detection methods [Luo et al.,
2025].

Despite recent progress, most computational approaches overlook the social dynamics
underlying online hate. Graph-based models [Zhang et al., 2019, Rehman et al., 2025,
Xu et al., 2025] provide a promising avenue by capturing inter-sample relationships.
However, existing solutions still rely on heuristic preprocessing, shallow modality fusion,
and instance-level reasoning, which limit generalization and adaptability across domains.

In this thesis, we introduce MEMEWEAVER (see Figure 4.16), an end-to-end train-
able framework for detecting sexism and misogyny in memes. Our approach integrates
three key ideas. First, memes are inherently multimodal and context-dependent: they
combine text embedded in images with visual scenes, and their meaning often hinges
on humor, irony, or cultural references that may obscure harmful intent [Hodson et al.,
2010, Drucker et al., 2014, Plaza et al., 2024, Cocchieri et al., 2025]. To address this, we
verbalize the text content of each meme and optionally enrich it with captions generated
by a multimodal LLM, capturing both surface descriptions and higher-level interpre-
tations. Second, we encode text and images with CLIP-based encoders and explore
alternative fusion strategies that move beyond simple concatenation, enabling richer
multimodal representations. Third, and most importantly, we introduce a novel Inter-
Meme Graph Reasoning (IMGR) mechanism that models relationships across memes
within each training batch. This design allows the system to automatically “weave” la-
tent affinities between memes, capturing relational patterns without relying on heuristic
graph construction.

We conduct extensive experiments on two complementary meme benchmarks: MAMI,
a dataset targeting misogyny in English memes, and EXIST, a multilingual corpus fo-
cused on sexism with both English and Spanish memes. We compare MEMEWEAVER
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against established baselines as well as recent large multimodal language models (LLMs).
Our main contributions are threefold:

e State-of-the-art results. MEMEWEAVER consistently outperforms strong base-
lines on both datasets, improving over CLIP fine-tuning by ~5 points on average
while converging faster during training.

e Fusion analysis. We evaluate alternative text-image fusion mechanisms, showing
that their effectiveness depends on dataset characteristics and that higher model
complexity does not necessarily yield better performance.

e Graph insights. We analyze the learned embeddings and inter-meme graph
structure, revealing semantically meaningful affinity patterns that offer insights
into the relational dynamics of online hate.

4.4.2 Related Work

Long-standing research has addressed the detection of sexism and misogyny in online
content. This subsection outlines the shift from early text-only methods to recent mul-
timodal approaches, highlighting open challenges in graph-based reasoning.

Sexism and Misogyny Detection Early work relied on statistical text features
(e.g., n-grams, TF-IDF) with classical machine learning classifiers [Jha and Mamidi,
2017, Anzovino et al., 2018]. Deep learning, and in particular pre-trained transform-
ers such as BERT, improved contextual understanding [Parikh et al., 2021, de Paula
et al., 2023]. More recently, prompt-based techniques with LLMs have been explored
for nuanced comprehension [Tian et al., 2023, Samani et al., 2025]. Given the multi-
modal nature of social media posts [Luo et al., 2025], research has shifted to text-vision
integration [Gomez et al., 2020], especially in memes [Fersini et al., 2022, Plaza et al.,
2025]. Captioning-based methods [Rizzi et al., 2023, Plaza et al., 2024], cross-modal
contrastive learning [Rizzi et al., 2024], multimodal LLMs [Cao et al., 2022, Xu et al.,
2025], and prompt-based visual QA approaches such as Pro-Cap [Cao et al., 2023] have
been widely adopted. More recent studies extend to in-the-wild videos, incorporating
voice and visual cues [Arcos and Rosso, 2024, Plaza et al., 2025]. Despite these advances,
systems still struggle with implicit, context-dependent sexism and with biases in data
and models, pointing to the need for richer reasoning mechanisms such as graph-based
approaches.

Multimodal Graph Modeling Graph-based models, particularly GCNs [Zhang et al.,
2019], are increasingly used to capture structural and semantic relations across modali-
ties, with applications in tasks such as emotion recognition [Zhu et al., 2022] and scene-
text retrieval [Mafla et al., 2021, Li et al., 2024b]. In online hate speech detection, they
have also shown promise. Xu et al. [2025] combined LLMs with hypergraph learning to
integrate text and visual features and capture implicit semantics, while Rehman et al.
[2025] enriched unimodal representations through gated cross-attention rather than sim-
ple concatenation. However, both approaches relied on similarity-based heuristics to
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FIGURE 4.17. Architecture of MemeWeaver. Each meme undergoes text extraction (OCR, option-
ally enriched with LLM-generated captions) and is encoded by separate text and image encoders. The
embeddings are fused, refined via inter-meme graph reasoning within each batch, and classified. Example
shown with batch size m = 3.

define the graph. Only Hebert et al. [2024] introduced learnable components, though
their attention-based method still depends on heuristics such as the number of user
mentions in social media posts.

Research Gaps Despite recent progress, two challenges remain central. First, most
multimodal hate speech detection methods—including those targeting sexism and misogyny—
rely on shallow fusion strategies, often limited to feature concatenation. Second, existing
graph-based approaches typically construct structures through heuristic rules, restricting
adaptability and limiting their ability to capture inter-sample relations. These limita-
tions call for fully learnable frameworks that can jointly model multimodal content and
social interactions in an end-to-end manner. Our work explores whether such a de-
sign can uncover generalizable relational patterns or whether optimal configurations are
inherently domain-specific.

4.4.3 MemeWeaver

We introduce MEMEWEAVER, a framework for detecting sexist and misogynistic memes,
which “weaves” together textual and visual features while modeling relations among
memes at the batch level.

4.4.3.1 Problem Statement

Let X = {x1,...,2,} be a multimodal dataset of memes, processed in mini-batches of
size m. Each instance z; = (t;,v;) consists of a textual component ¢; (OCR-extracted
text, optionally enriched with an LLM-generated caption) and an image v;, annotated
with a binary label y; € {0,1}, where 1 denotes a sexist/misogynistic meme and 0
otherwise. The goal is to train a multimodal classifier f that, given a novel meme (¢,v),
predicts its label y.
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Prompt A (Surface-level description)

Describe this image without including what text reads and credit sources.

Prompt B (Multimodal semantic inference)

You are a helpful assistant designed to detect {LABEL} ezpressions or behaviours in
a meme, %.e., it is {LABEL} itself, describes a {LABEL} situation or criticizes a
{LABEL} behaviour. Infer the implicit semantic information of the meme, considering
that it may or may not contain {LABEL} content. Please be concise (no more than
three sentences) while including all relevant information.

FI1GURE 4.18. Prompts used for LLM-based meme captioning. The LABEL placeholder was set to
misogynistic or sexist depending on the downstream dataset.

4.4.3.2 Model Architecture

Figure 4.17 shows the architecture of MEMEWEAVER. Each meme is an image that
includes both a visual scene and overlaid text. Our pipeline begins with a verbalization
step, which extracts the text embedded in the image.'® This content may be optionally
enriched with an LLM-generated caption. The extracted text is then encoded by a text
encoder, while the complete meme image is processed by a separate image encoder. The
two encoders yield modality-specific representations, which are subsequently fused into
a multimodal embedding. To capture inter-sample relationships, we weave connections
among memes within each training batch, modeling the batch as a fully connected graph.
Finally, the context-enriched embeddings are fed into a classifier, with all modules trained
end-to-end.

LLM-based Captioning Inspired by Xu et al. [2025], we leverage a multimodal
LLM to generate not only surface-level descriptions but also high-level interpretations
of memes. Specifically, we used Qwen2.5-VL-7B-Instruct'® and designed two prompt
strategies (see Figure 4.18). The generated captions are concatenated with the OCR-
extracted meme text, separated by the special token [CPT]; we evaluate both OCR-only
and OCR+-caption variants. Examples are provided in the Appendix.

Text Encoder Given a batch of memes, we process their textual components {1, ..., tm,}
with a transformer-based text encoder Ey(-), yielding hidden representations:

(4.22)

where d = 1536 denotes the overall multimodal hidden dimensionality, so that each
encoder outputs vectors of size d/2.

1811 the datasets used for our experiments, this text annotation is already provided by the dataset
creators.
19Run with default precision and decoding settings from the official configuration file.
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Image Encoder Similarly, given the same batch of memes, we process the meme
images {v1,...,v,} with an image encoder E,(-), yielding hidden representations:

e =Ey(v;), j=1,....,m
(4.23)

d
e’ =[e},..., el ] € R™*2
with the same dimensionality convention as in the text encoder. Both the text and
image encoders are initialized from CLIP and fine-tuned jointly with the rest of the
architecture.

Modality Fuser In addition to simple concatenation, we consider two fusion mecha-
nisms to combine the text and image embeddings into unified multimodal representations
f=1[f1,..., fml

(1) Multi-modal Factorized Bilinear (MFB) pooling [Kim et al., 2017] projects each
modality into a shared space and applies element-wise interaction:

fi=EUNo(esvT), j=1,....,m (4.24)

where U,V € R%Xd are trainable projection matrices and o denotes the Hadamard
product.
(2) Gated Multimodal Unit (GMU) [Ovalle et al., 2017] learns a gating vector to
adaptively control each modality’s contribution:
zj = U([@?,@?]Uz) ,
fi=2%0 tanh(e}-’UvT) (4.25)

+(1—-2)06 tanh(ertT), j=1,...,m

d
where U, U, € R2*? and U, € R?*? are trainable matrices, o is the sigmoid, [, -] denotes
concatenation, and ® denotes multiplication.

Inter-Meme Graph Reasoning (IMGR) Inspired by prior work on relational rea-
soning [Li et al., 2019a, Mafla et al., 2021], we enhance multimodal representations by
modeling relationships across memes in a batch, rather than within a single instance
(e.g., linking image regions or textual tokens). We compute an affinity matrix R € R™*™
capturing pairwise meme similarities:

R = (fWy)(fW,) " (4.26)

where £ = [f1,..., fm] € R™*? are fused embeddings and W, W, € R¥*4 are trainable
projections. This yields a fully connected graph G = (f, R), with nodes f; (memes)
and edge weights R;; (their relations). Following Li et al. [2019a], we then apply a
graph-based message passing layer with residual connections:

' = (REW,)W, + £ (4.27)
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No. of Samples (% Misogyny/Sexism)

Dataset

Training Validation Test
MAMI 9,000 (50.0%) 1,000 (50.0%) 1,000 (50.0%)
EXIST 3,235 (65.7%) 404 (67.3%) 405 (65.7%)

TABLE 4.12. Dataset statistics. We highlight the percentage of sexist and misogynistic memes in each
split.

where W,., W, € R¥*? are trainable projections and R= % is the uniform rescaled affinity

matrix. The final representations f' = [f], ..., f;,] are enriched with batch-level context,
enabling each meme to incorporate information from its peers.

Classifier and Loss Function The classifier consists of a linear projection W, € R4*2
producing logits, followed by a softmax that yields probabilities P = [pi1,...,pm] €
R™*2 where each pj € R? is the predicted distribution for meme j. All modules of our
architecture are trained end-to-end using cross-entropy loss:

1 m
Lee = - Z Z 1[y; = ] logpj . (4.28)

j=1c€{0,1}

where y; € {0,1} is the gold label for instance j.

4.4.4 Experimental Setup
4.4.4.1 Datasets

To capture domain and cultural diversity, we evaluate our method on two distinct mul-
timodal meme datasets for misogyny and sexism detection, framing the task as binary
classification following prior approaches [Cao et al., 2023, Xu et al., 2025].

(1) MAMI [Fersini et al., 2022] is a curated SemEval dataset focused specifically
on misogyny in memes, collected from Twitter, Reddit, and meme-focused websites. It
provides fine-grained subtype annotations such as shaming, stereotyping, objectification,
and incitement to violence; we assign the misogyny label if a meme belongs to any sub-
type. This widely used benchmark serves as our primary dataset for misogyny detection
in English memes.

(2) EXIST [Plaza et al., 2025] is a CLEF shared task on sexism detection across
social media, including tweets and videos. Here we focus on Task 2, targeting memes.
The dataset was built from 250 sexism-related queries on Google Images, and includes
subtype labels such as ideological inequality, stereotyping and dominance, objectification,
and sexual violence. Since each meme was annotated by three annotators, we derived
the final sexism label via majority voting. Unlike MAMI, EXIST contains memes in
both English and Spanish, allowing cross-lingual and cross-cultural evaluation.
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FIGURE 4.19. Language distribution in EXIST. Ratio of sexist vs. non-sexist memes across splits.

Table 4.12 shows the dataset distributions. MAMI is balanced (50% misogynistic
memes), while EXIST is skewed toward sexist content (~66%). Figure 4.19 further
breaks down EXIST by language and class across splits: the training set is relatively
balanced, but the skew becomes more pronounced in the validation and test sets, espe-
cially for Spanish. For MAMI we rely on the official splits, whereas for EXIST we define
a custom 80/10/10 train/val/test split, since no validation set is provided and the offi-
cial test set is not publicly available.?’ Both datasets already come with OCR-extracted
text.

4.4.4.2 Baselines

We use the widely adopted multimodal model CLIP [Radford et al., 2021]?! as the main
backbone of MEMEWEAVER; results with alternative models are reported in the Ap-
pendix. We choose CLIP over larger multimodal LLMs because its lightweight design
allows for larger effective batch sizes, thereby facilitating richer inter-meme relation-
ships within IMGR. Unlike for EXIST, we use the original test set for MAMI, and
thus report results against established baselines: EF-CaTrBERT [Khan and Fu, 2021],
PromptHate [Cao et al., 2022], Pro-Cap [Cao et al., 2023], and HyperHatePrompt [Xu
et al., 2025]. In addition, we compare against recent multimodal LLMs, such as Qwen2.5-
VL [Bai et al., 2025], Phi-4 [Abdin et al., 2024], and GPT-4o-mini [Hurst et al., 2024],
evaluated in a zero-shot setting using instruction-following prompts (details are provided
in the Appendix).

29This ensures consistent internal evaluation, though results are not directly comparable to leaderboard
scores.
21HuggingFace checkpoint: openai /clip-vit-large-patch14
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Setting Range MAMI EXIST
Training batch [10, 180] 20 64
Inference batch [10, 180] 41 27
Class. threshold | [0.010, 0.999] | 0.657 0.434
Modality fusion N/A MFB Concat
Image captioning N/A - Prompt A

TABLE 4.13. Optimal settings.
validation sets.

Ranges denote search intervals; final values were selected on the

MAMI EXIST
English All English Spanish
Method Acc F1 AUC | Acc F1 AUC Acc F1 AUC Acc F1 AUC
Phi-4 69.8 70.0 - 61.4  62.5 - 66.4 65.8 - 58.3  56.3 -
GPT-40-mini 7.7 73.1 - 64.4 64.4 - 70.1 70.1 - 57.8  58.2 -
Qwen2.5-VL 74.4 74.8 - 714 70.0 - 72.5 72.1 - 70.1  66.7 -
MEMEWEAVER
w/ IMGR | 77.6% 77.4% 83.4*% | 733 67.9% 76.9*% 71.6  68.4* 77.0% | 75.3 66.3* 76.5*
w/o IMGR | 71.9 71.8 794 | T1.1 60.5 71.2 69.2 61.6 74.8 73.2 583 65.9
+ Prompt A
w/ IMGR | 74.8 74.4 80.1 | 76.3 T71.6* 75.7* | 76.3* 73.6% 729 | 753 67.2 66.4
w/o IMGR | 69.2 68.9 77.5 72.1 61.8 73.5 68.2 59.5 75.1 | 76.3 64.4 72.1
+ Prompt B
w/ IMGR | 76.3* 76.6* 83.5% | 73.6 67.3 78.9%* | 739 71.3 80.4% | 73.2 59.1 76.4
w/o IMGR | T72.7 71.9 78.8 73.3  69.7 74.3 73.5 71.0 76.3 732 67.7 723

TABLE 4.14. Comparison to state of the art on test sets. Best results in bold, second best
underlined. * denotes statistically significant improvements (o = 0.05, Koehn, 2004). Ablation studies
confirm the importance of IMGR.

Acc F1 AUC

Prior Work
EF-CaTrBERT [2021] 67.8 67.2 74.9
PromptHate [2022] 711 70.8  80.8
Pro-Cap [2023] 73.3 724 832
HyperHatePrompt [2025] 75.3 75.1 84.3
MEMEWEAVER (Ours) 776 774 834

TABLE 4.15. Our best MemeWeaver vs. state of the art on M AMI. Best scores in bold, second-
best underlined.

4.4.4.3 Implementation Details

Environment All experiments run on a workstation equipped with an NVIDIA GeForce
RTX 3090 GPU (24 GB VRAM), 64 GB system RAM, and an Intel@®) Core™ i9-10900X
CPU @ 3.70GHz. Our implementation builds on Python 3.10.12, PyTorch 2.2.1, and
HuggingFace Transformers 4.44.0.
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® Non-Sexist/Misogynistic ® Sexist/Misogynistic

MemeWeaver - EXIST MemeWeaver (w/o IMGR) - EXIST MemeWeaver - MAMI MemeWeaver (w/o IMGR) - MAMI

Acc = 74.7 Acc =721

FI1GURE 4.20. Embedding space analysis. 2D visualizations of MAMI and EXIST test set embeddings
f’ and f, generated with and without MEMEWEAVER’s IMGR, respectively. Decision boundaries from a
linear classifier show higher accuracy on f’ (see scores below plots), underscoring the benefit of IMGR’s
representations.

Multilingual Setup For EXIST, we translated the Spanish split into English using
Google Translate, since CLIP is English-only. Given the short and simple nature of
the texts, automatic translation is highly reliable. We manually inspected the entire
translated set and found no systematic errors or meaning distortions, ensuring negligible
translation bias. This choice enables a unified backbone across datasets, avoiding con-
founding effects from heterogeneous multilingual encoders and allowing a fair assessment
of IMGR. It also represents a practical strategy for handling multilingual memes when
only monolingual encoders are available.

Method Settings For the EXIST dataset, which is relatively low-resource in terms
of available training data—thus also simulating a more realistic scenario with limited
supervision—we initialize from the checkpoint pretrained on MAMI before fine-tuning.
All models are trained for 3 epochs with the AdamW optimizer (learning rate 5e-6)
and a linear scheduler, using a fixed random seed of 42 for reproducibility. Training
and inference batch sizes are tuned on the validation set, as they directly determine
how many instances can interact within the IMGR module and thus critically impact
MEMEWEAVER’s performance. Finally, rather than adopting the default 0.5 classifica-
tion threshold, we follow Xu et al. [2025] and select the cutoff that maximizes F1 on
the validation set. Table 4.13 summarizes all final hyperparameters, including not only
optimization settings but also the selected fusion strategy and the use of LLM-based
captioning along with the best-performing prompt.

Evaluation Metrics For each model, we retain the checkpoint with the highest macro-
F1 score on the validation set. We report three complementary metrics: Accuracy (Acc),
macro-F1, and Area Under the Curve (AUC). Among these, macro-F1 serves as our
primary metric, as it equally weights both classes and is therefore more reliable under
the label imbalance in the EXIST dataset.??

22For generative LLMs, which output hard labels rather than probability distributions, AUC is not
reported.
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FIGURE 4.21. Training loss evolution of MemeWeaver with and without IMGR across
datasets. Loss is plotted over normalized global training steps.

4.4.5 Results & Discussion

Performance Comparison Table 4.14 shows that MEMEWEAVER with IMGR, con-
sistently outperforms ablated variants without graph reasoning, particularly on MAMI
and EXIST-English, with gains of 7-14 F1 points depending on the configuration, yield-
ing more discriminative feature representations across memes. This effectiveness is fur-
ther supported by Table 4.15, where we establish a new state of the art on MAMI over
prior work.

Performance differences across datasets reflect the subtler, more complex nature of
sexist discourse in EXIST compared to the more explicit, hate-driven memes in MAMI.
This may also explain why incorporating complementary image captioning is more ben-
eficial in the sexism case. Yet, the limited impact of semantic captioning (Prompt B)
aligns with the weaker performance of our zero-shot LLM experiments, suggesting that
even these powerful systems struggle with context-dependent social phenomena. This
contrasts with prior studies that emphasized captioning as crucial for multimodal hate
detection Cao et al. [2022, 2023]. Furthermore, beyond improved overall performance,
our method exhibits greater robustness across languages compared to LLMs. Specif-
ically, LLMs show a substantial cross-lingual discrepancy, with an average F1 gap of
8.9+2.7 between the English and Spanish EXIST partitions.

Overall, the results highlight the central role of learnable graph reasoning and robust
multimodal fusion, which proved to adapt more effectively than both LLMs and hand-
crafted heuristics.

Training Convergence Beyond boosting performance, the IMGR module in MEMEWEAVER
substantially improves CLIP’s learning dynamics. As shown in Figure 4.21, the stan-
dard CLIP (dash lines) exhibits a roughly linear, gradual decrease in training loss over
the full schedule. In contrast, MEMEWEAVER plunges almost immediately—especially on
MAMI-halving its loss in under 20% of the training steps and reaching a stable plateau
by 40%. Although the effect is less pronounced on the EXIST corpus, it still yields a
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MAMI EXIST
Fusion Acc F1 AUC Acc F1 AUC

Concat 73.6 735 8.0 76.3 71.6 75.7
MFB 77.6 Tr.4 834 746 705 757
GMU 744 743 821 71.6 603 73.6

TABLE 4.16. Comparison of modality fusion strategies. Best results are in bold and second-best
are underlined.

faster descent and a lower steady-state loss than the vanilla model.

Modality Fusion Strategy Table 4.16 shows the impact of different fusion strate-
gies on our best configurations across both datasets. On EXIST, naive concatenation
performs surprisingly well, outperforming both MFB and GMU. In particular, GMU
performs poorly, suggesting that gated mechanisms may be unstable in low-resource set-
tings, where dynamic reweighting can amplify noise. In contrast, both MFB and GMU
yield substantial gains on MAMI, with MFB achieving the best overall results. These
findings highlight the data-dependent nature of fusion effectiveness and stress the need
for systematic evaluation, rather than assuming that higher model complexity ensures
better integration.

Inference Batch Size Batch size is a key hyperparameter, as it determines graph
depth and the number of inter-instance relations. Figure 4.22 shows that F1 improves
with larger inference-time batches, plateauing around 20. On MAMI, performance re-
mains stable beyond this point, while on EXIST it fluctuates more, likely due to the
smaller training set and greater sensitivity to this hyperparameter. However, the model
stays competitive even with small batches: with size one, performance drops only slightly,
especially on MAMI, despite the absence of inter-instance connections. We attribute this
robustness to training, where MEMEWEAVER reaches a much lower loss minimum than
when trained without IMGR (see Figure 4.21). Thus, even when reasoning cannot be
fully exploited at inference time, the model continues to benefit from its stronger training
dynamics.

Embedding Space Analysis To better understand the contribution of IMGR, we
compare embeddings f (without) and f’ (with IMGR). We first apply PCA [Abdi and
Williams, 2010] to reduce embeddings to 50 dimensions, followed by t-SNE [Maaten and
Hinton, 2008] for 2D projection. As shown in Figure 4.20, the f’ embeddings exhibit
clearer separation w.r.t. ground-truth labels. To quantify this effect, we train a linear
logistic classifier on the 2D PCA—t-SNE embeddings. The 5-fold cross-validation accu-
racies, reported below each plot in Figure 4.20, confirm the superior discriminative power
of f/, supporting our hypothesis and explaining the performance gains of our variant.
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FIGURE 4.22. F1 scores evolution as inference batch size increases for MAMI (top) and EXIST
(bottom).

Embedding Affinity Analysis To better understand the connections learned by
IMGR, we examined the relationship between meme similarity and affinity scores R.
Using fused multimodal embeddings f, we computed pairwise cosine similarities across
memes and grouped them by class alignment (both positive, both negative, or mixed).
We deliberately avoided the refined embeddings f’, as each incorporates information
from all others, which would distort pairwise similarity estimates.

As shown in Figure 4.23, MAMI exhibits a strong positive Pearson correlation
(r = 0.819): similar memes tend to receive stronger affinity scores, reinforcing their
connections. This contrasts with the heuristic of Xu et al. [2025], which links dissimilar
instances to maximize contrastive learning. EXIST, instead, aligns more closely with
that heuristic, though with a weaker negative correlation (r = —0.5937). A post hoc
test further confirmed the importance of these learned patterns: simply inverting affinity
signs at inference time caused a severe performance drop (/30 points), suggesting that
graph structures must adapt to dataset characteristics rather than fixed heuristics.

We also find that positive pairs cluster in the upper half of the figure, indicating the-
matic coherence within classes and reflecting the social interplay. Finally, both datasets
contain many meme pairs with affinity scores near zero, producing a sparse graph that
avoids over-connecting unrelated memes and preserves meaningful distinctions.

4.4.6 Conclusion

We introduced MEMEWEAVER, a fully learnable graph-based framework for multimodal
detection of sexism and misogyny in memes. Our method consistently outperforms
the state of the art on challenging benchmarks, highlighting the benefits of batch-level
graph-based reasoning and advanced multimodal fusion. Analyses of embedding spaces
and affinity patterns further revealed meaningful structures and dataset-dependent be-
haviors, stressing the need to adapt modeling assumptions to context. These results
open avenues for more nuanced relation modeling and fine-grained archetype catego-
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FIGURE 4.23. Affinity patterns in IMGR. Correlation between learned affinity scores and fused
embedding similarity, with dataset-specific behaviors.
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rization in multimodal hate speech detection [Rizzi et al., 2023], as well as extending
MEMEWEAVER to broader hate detection tasks beyond sexism and misogyny.

Limitations

Despite its contributions, our work has several limitations that warrant further explo-
ration. First, while we experimented with LLMs for image captioning, we did not in-
tegrate them as backbones for MEMEWEAVER, which could enhance semantic and con-
textual understanding; yet this was infeasible due to computational limits, particularly
constraints on batch size, which is a critical hyperparameter of our proposed graph-
based framework. Second, we evaluate large multimodal LLMs in a zero-shot setting,
which is also their most common usage scenario; nevertheless, fine-tuned comparisons
remain an interesting avenue for future research. Third, we only tested two prompt types
for captioning (surface-level vs. semantic inference) and did not explore other prompt
formats or reasoning chains, which may improve visual-textual grounding. Fourth, for
EXIST-Spanish, we relied on machine translation, which we manually verified and found
reliable; however, translation may still lose subtle cultural or linguistic cues, and future
research should employ native multilingual encoders. Finally, the inter-meme graph is
built within fixed training batches, which ensures efficiency but may restrict the capture
of global structures or cross-batch relations; future work should investigate scalable or
memory-augmented graph reasoning to improve global coherence.

Ethical Considerations

While MEMEWEAVER advances automated detection of harmful online content targeting
women, the deployment of such systems raises concerns about potential biases that
may disproportionately flag content from marginalized communities or fail to capture
culturally-specific forms of sexism and misogyny. The use of automated moderation
systems must be balanced with human oversight, as misclassification can lead to unjust
content removal or allow harmful content to remain online.

4.4.7 Backbone Variant

Beyond CLIP, we explore a custom backbone for MEMEWEAVER using XLM-RoBERTa [Con-
neau et al., 2020] as the text encoder and Vision Transformer [Dosovitskiy et al., 2021] as

the image encoder. Table 4.17 compares the XLM-R /ViT variant to our best-performing
CLIP-based settings (no prompts for MAMI and Prompt A for EXIST; see Table 4.14).
Although the custom backbone does not surpass the CLIP-based model, MEMEWEAVER
continues to outperform standard baselines on most metrics (with the exception of F1

on EXIST), highlighting the framework’s robustness and adaptability across backbone
architectures.

4.4.8 Zero-shot LLM prompts

Figure 4.24 reports the prompts used for zero-shot experiments using LLMs.
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Meme MAMI EXIST

Backbone
Weaver Acc F1  AUC Acc F1 AUC
LD X 71.9 718 794 682 595 75.1
v 77.6 T7.4 834 76.3 73.6 729
. X 668 668 74T 711 66.1 67.2
XLM-R/ViT / 72.5 72.4 78.6 T2.5 635 71.4

TABLE 4.17. Performance of MemeWeaver with different backbone architectures. Best results
are in bold.

MAMI

Consider the following definitions. 1. ‘MISOGYNISTIC’ { ‘The meme exzpresses hatred,
hostility, or contempt toward women, including insulting, demeaning, or promoting
harm or discrimination against them.’ 2. ‘NON-MISOGYNISTIC’ - ‘The meme does not
express hatred, hostility, or contempt, and does not promote harm, discrimination,
or demeaning attitudes against women.’ Classify the input meme as ‘MISOGYNISTIC’ or
‘NON-MISOGYNISTIC’ based on the above definitions, considering the image as well as
the extracted text from the image. Provide the answer as either ‘MISOGYNISTIC’ or
‘NON-MISOGYNISTIC’ only. Eztracted texzt from the image: {ocr_tezt}.

EXIST

Consider the following definitions: 1. ‘SEXIST’ { \The meme %s sexist itself,
describes a sexist situation or criticizes a sexist behavior." 2. ‘NON-SEXIST’ {
\The meme does not prejudice, underestimate, or discriminate women." Also consider
the extracted tezt and the prompt-based caption: Eztracted text: {ocr_text}.
Prompt-based caption: {caption_text}. Classify the input meme as ‘SEXIST’ or
‘NON-SEXIST’ based on the above definitions considering the image and text. Provide
only ‘SEXIST’ or ‘NON-SEXIST.’

\

FIGURE 4.24. Zero-shot LLM prompts across datasets.
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Chapter 5

Conclusions

This thesis explored the multifaceted problem of optimizing large language models
(LLMs) from both efficiency- and performance-oriented perspectives. At its core, this
research aimed to reconcile two often competing goals: reducing the computational and
environmental cost of language modeling, while preserving, or even enhancing, model ca-
pability, interpretability, and generalization. Across the works presented, we have shown
that thoughtful interventions—spanning data, architecture, and optimization levels—can
substantially improve the resource-consciousness and practical utility of LLMs.

Our first line of inquiry addressed computational efficiency through dynamic token
pruning. We introduced PRUNEPERT, a token selection framework that augments pre-
trained language models with a pruning layer capable of learning token importance in
an end-to-end fashion. Unlike prior approaches, PrunePert eliminates the need for pre-
processing or heuristic token ranking, achieving a near twofold inference speed-up while
improving accuracy on multiple classification tasks. The qualitative analyses revealed
task-dependent token selection patterns, offering a deeper understanding of linguistic re-
dundancy and relevance in Transformer-based models. These findings reinforce the view
that efficiency does not necessarily come at the cost of performance, but can instead
emerge from more selective computation.

Building on the theme of selective reasoning, DEARWATSON extended the notion
of distillation to the domain of abstractive dialogue summarization. By introducing an
annotate-then-generate paradigm, DearWatson encouraged models to explicitly reason
about relevance before producing summaries. This approach led to new state-of-the-art
results on benchmark datasets, improving both semantic recall and factual faithfulness.
Importantly, it also enhanced interpretability, as relevance markers provided transparent
evidence for generated outputs. This work highlights that interpretability and efficiency
can be synergistic when relevance-driven modeling guides generation.

Complementing these compression-oriented methods, we explored architectural re-
finement through semantic and structural augmentation. In our framework for biomed-
ical summarization, we infused LLMs with domain-specific semantic graphs, integrating
Abstract Meaning Representations (AMRs) and event structures into Transformer archi-
tectures. The results demonstrated substantial gains in informativeness, factuality, and
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readability, validating that structured semantics can enhance generative quality without
increasing model size. This supports the thesis that architectural sophistication—rather
than scale alone—can improve reasoning and factual grounding. Future extensions to-
ward logic-based representations and neuro-symbolic decoding could further align lan-
guage generation with formal reasoning.

The thesis also investigated knowledge distillation as a path toward sustainable de-
ployment of specialized models. ACE-ATTORNEY proposed a framework for distilling
large models into compact specialized language models (SLMs) through the creation of
synthetic datasets such as SYN-LEQA. These distilled models demonstrated competi-
tive, and in some cases superior, performance to their larger teachers while dramatically
reducing computational cost and carbon footprint. Moreover, by simulating retrieval-
based question answering, we showed that selective generation improves both retrieval
and generation quality, reinforcing the value of distillation as both a compression and
alignment mechanism.

Finally, with MEMEWEAVER, we extended the scope of optimization beyond text,
developing a graph-based multimodal reasoning framework for detecting sexism and
misogyny in memes. This work underscored the adaptability of efficient architectures to
complex, multimodal, socially relevant tasks. The observed structure in learned embed-
dings suggested that efficiency and interpretability principles—central to this thesis—
also apply to cross-modal contexts, opening paths toward fine-grained reasoning and
fairness in multimodal LLMs.

Taken together, the contributions of this thesis establish a unified perspective on LLM
optimization: one that spans from efficiency-driven compression to performance-driven
architectural enhancement, underpinned by an emphasis on interpretability, relevance,
and structure. By showing that minor architectural and algorithmic interventions can
yield disproportionate gains, this work challenges the prevailing assumption that progress
in LLMs must rely solely on scale.

In the broader context, these findings advocate for a new generation of resource-
aware and semantically principled language models, capable of maintaining competitive-
ness while aligning with practical constraints of computation, sustainability, and trans-
parency. The interplay between dynamic sparsity, structured semantics, and distilled
specialization outlined here offers a foundation for future research into models that are
not only larger in capacity but smarter in design. As the field moves forward, the ideas
developed in this thesis—selectivity, semantic awareness, and architectural economy—
may serve as guiding principles for building the next wave of efficient, interpretable, and
socially responsible LLMs.
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