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

Paolo Italiani , Luca Ragazzi , and Gianluca Moro , Member, IEEE

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 introduce 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 insights 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 backpropagation. 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.

Index Terms—Large language models, token pruning, text
classification, abstractive summarization.

I. INTRODUCTION

PRETRAINED language models (PLMs) have demon-
strated remarkable efficacy across diverse natural language

processing (NLP) tasks, including representational activities like
text classification [1] to generative ones such as summariza-
tion [2]. Despite these significant performance gains, PLMs
often require substantial computational resources, posing chal-
lenges for deployment in real-world settings with low-memory
GPUs [3], [4]. The high computational demand of PLMs is
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Fig. 1. Overview of our PRUNEPERT model. In this work, “Output” can refer
to either a summary or a class.

primarily due to the self-attention mechanism, which scales
quadratically with sequence length. This becomes particularly
burdensome when processing long texts [5], [6].

It is important to note that not all elements of the input text
are equally significant [7]. As tokens pass through the model
layers, some are effectively encoded early on, rendering further
processing redundant [8]. As a result, removing these redun-
dant 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 [9]. (ii) The module responsible for
selecting crucial tokens depends on heuristics derived from at-
tention scores and remains static, lacking the ability to learn [7],
[10]. (iii) They focus solely on accelerating the inference phase,
ignoring the training stage [11]. (iv) They prioritize efficiency
at the expense of model accuracy [12].

To this end, we propose PRUNEPERT (Fig. 1), a method-
ology 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 [13]. 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 paper was accepted at the
Findings of the 62nd Annual Meeting of the Association for

© 2025 The Authors. This work is licensed under a Creative Commons Attribution 4.0 License. For more information, see
https://creativecommons.org/licenses/by/4.0/

https://orcid.org/0000-0002-9710-3748
https://orcid.org/0000-0003-3574-9962
https://orcid.org/0000-0002-3663-7877
mailto:paolo.italiani@unibo.it
mailto:l.ragazzi@unibo.it
mailto:gianluca.moro@unibo.it
https://github.com/disi-unibo-nlp/prunepert


ITALIANI et al.: READ BETWEEN THE TOKENS: DIFFERENTIABLE TEXT PRUNING VIA PERTURBED TOP-K SELECTION 4871

Computational Linguistics (ACL 2024) [14]. In this manuscript,
we extend our previous work by integrating a text classification
task using four diverse datasets. We also implement PRUNEPERT

on several large language models (LLMs) and introduce ab-
lation studies. Furthermore, we conduct in-depth comparative
experiments and expand the validation of our method. The main
enhancements are detailed as follows:
� We assess the results on multiple classification datasets:

BOOLQ [15] for reading comprehension, BEAVER-
TAILS [16] for safety alignment, ANLI [17] for language
understanding, and IMDB [18] for sentiment analysis.

� We implement PRUNEPERT on three recent LLMs:
MISTRAL-7B [19], LLAMA-3-8B, GEMMA-7B [20].

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

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

� We conduct ablation studies on the impact of hyperpa-
rameters related to the differentiable top-k token selection
module, showing their effect on overall performance.

� Finally, we perform additional experiments and analyses
on text summarization tasks.

II. 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.

A. Token Pruning

Preliminary strategies to reduce the computational demands
of transformers, including those with linear complexity [5], [21]
and extract-then-abstract pipelines [22], [23], primarily focus on
eliminating non-essential tokens by leveraging attention scores.
PoWER-BERT [7] and LTP [24] use a scoring mechanism
derived from attention scores to selectively discard tokens based
on their influence on subsequent computations. Extending this
strategy to Vision Transformers (ViTs), [10] identify and prune
tokens by analyzing attention scores and combining insights
from multiple attention heads. Furthermore, [11] assigns quan-
tization precision levels to tokens (i.e., 0 b, 4 b, and 8 b)
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 [25]
introduces a theoretically grounded δ-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 [26]
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 [9] 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, [27] implement an

end-to-end token selection strategy that avoids additional losses
by using perturbation. This method, although differentiable,
lacks sparsity. Innovatively, [28] 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 applicability to generative tasks.
In contrast, LLMLINGUA [29] 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 mechanism, 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 [30] improves upon its predecessor by introduc-
ing a length-bounded adaptive compression framework guided
by a learnable reward model, enabling high-fidelity token se-
lection under strict length constraints. ICAE [31] introduces an
iterative compression and expansion framework where a small
selector model prunes non-essential tokens and a corrector mod-
ule reconstructs the original input, enabling efficient inference
while preserving task-critical information.

B. Scientific Document Summarization (SDS)

To address the challenge of processing long inputs posed
by lengthy scientific articles, prior work has relied on vari-
ous solutions. These include linear attention mechanisms [5],
[32], segmentation-based techniques [33], and marginalization-
enhanced decoding [34], [35]. SDS has traditionally concen-
trated on creating technical summaries, such as abstracts. For
example, [36] 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 gen-
eration. Similarly, [37] enhanced summarization techniques by
integrating information from the source document and its refer-
enced materials using a graph-based citation model.

In recent years, there has been a shift within the scientific
community towards broadening 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 [38], which
utilizes a corpus of 572 articles featuring author-generated lay
summaries from diverse disciplines such as Materials Science,
Archaeology, Hepatology, and Artificial Intelligence. [39] have
contributed to this field by automatically retrieving simplified
and condensed versions of articles from the Eureka Alert web-
site. They amassed a dataset of 5204 instances from journals
including PLOS-ONE, Nature Communication, and Scientific
Reports. Additionally, [40] have proposed a novel approach
to extreme summarization that focuses on distilling the core
elements of texts while omitting detailed methodological de-
scriptions. Furthermore, [41] 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.
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C. 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 [42].
Later, neural models employing character-based convolutional
networks (CNNs) were introduced to capture local dependen-
cies [43], [44]. 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 mech-
anisms by [45] facilitated the effective extraction of pivotal
information from the entire text, regardless of its spatial position,
by dynamically focusing on relevant parts of the input sequence.
Building on these advancements, [46] introduced a hierarchical
architecture that allows for sentence-level attention focus, im-
proving 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 [47]. To address the
complexity and parameter count of these models, [48] 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 cor-
pora containing billions of tokens, has significantly advanced
the field of NLP by enabling more accurate and efficient text
representations [49], [50]. More recently, the forefront of super-
vised 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 various classification tasks. Their robust generalizability
allows them to adapt to new tasks without further training,
making them highly versatile [51]. To further 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 language model frameworks, providing better
task-specific adaptations [52]. Several recent studies highlight
the practical applications of LLMs: [53] utilized LLMs for
classifying political messages on Twitter; [54] applied them to
relevance and topic detection; and [55] leveraged LLMs for hate
speech classification.

III. METHOD

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

A. Preliminary

PRUNEPERT can be seamlessly integrated into any
transformer-based architecture [56], including encoder-only,
decoder-only, or encoder–decoder models. To ensure a
comprehensive understanding, we describe our method
within the context of encoder–decoder solutions. The model

Fig. 2. PRUNEPERT architecture. In this example (for encoder–decoder mod-
els), the number of selected tokens is k = 3 and the number of perturbed copies
is u = 4.

consists of an encoder E = {e1, . . . , eL} and a decoder
D = {d1, . . . , dL}, each comprising a stack of L identical
layers. The encoder E(·) transforms the input sequence
of symbols x = (x1, . . . , x|x|) into a series of continuous
representations hL = {hL,1, . . . ,hL,|x|} ∈ R|x|×d, effectively
capturing the input’s contextual information, where d is the
number of hidden dimensions. Using these representations, the
decoder D(·) generates the output sequence y = {y1, . . . ,y|y|)
in an autoregressive manner, where each token is generated
sequentially based on the previously generated tokens. Each
encoder layer ei includes a self-attention module (SELF-ATT)
and a feedforward network module (FFN), both connected
through residual connections and layer normalization (LN):

mi−1 = LN (hi−1 + SELF-ATT (hi−1)) ,

hi = LN (mi−1 + FFN (mi−1)) . (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 hL,
which enables the decoder to effectively attend to and integrate
contextual information from the entire input sequence.

ci−1 = LN (m′
i−1 + CROSS-ATT (m′

i−1,hL)) , (2)

where m′
i−1 is the output of decoder’s SELF-ATT after being

processed by LN and summed with the residual connection.

B. Perturbed Token Pruning

We present PRUNEPERT (see Fig. 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.

a) Model Architecture: Our model uses a transformer to
leverage the knowledge embedded in PLMs. Within the encoder
E, we incorporate a scorer network Sφ and a token selection
module T , where φ ∈ Rd denotes the trainable parameters of
Sφ, which are the only additional parameters introduced by our
method. These components are positioned between layers el and
el+1 of E, with l as a hyperparameter.

The continuous token representations hl are input into Sφ,
which calculates relevance scores r = Sφ(hl) ∈ R|x| for each
token in the input sequence x. Then, the token selection module
T , a discrete operator, identifies the indices i = T (r) ∈ [1, |x|]k
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of the k most salient tokens.1 These indices i must be sorted
in ascending order (i.e., i1 < iz < iz+1 < ik) 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 iz is represented as a
|x|-dimensional one-hot vector Iz . These vectors compile into
the matrix I = I1, . . . , Ik ∈ 0, 1|x|×k. Consequently, the pruned
hidden states ĥl are derived by multiplying the transpose of I,
denoted as I�, with hl.

b) Differentiable Top-k: The token selection module T is
inherently non-differentiable, preventing the backpropagation
of gradients necessary to adjust the parameters φ of the scorer
network S . To enable the differentiation of this module and
facilitate the learning of φ, we adopt the perturbed maximum
method as outlined in [57], which allows gradients to flow
through the non-differentiable selection process. The forward
pass of this method is defined as follows:

Iσ = E

[
argmax

I∈C
〈I, r1� + σZ〉

]
, (3)

where r1� ∈ R|x|×k represents the scores replicatedk times,σ 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 =

{
I ∈ R|x|×k, Ia,b ≥ 0,1�I = 1,

I1 ≤ 1,
∑

a∈[|x|]
aIa,k∗ <

∑
b∈[|x|]

bIb,k′ ∀k∗ < k′

}
. (4)

The condition1�I = 1 ensures that each column in the matrix
I sums to 1, guaranteeing 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 u
instances of Gaussian noise Z. For each instance of perturbed
input, we apply the top-k selection algorithm. We then esti-
mate the expected outcome of Equation 3 using a Monte-Carlo
method, averaging the results from each perturbed scenario.
As detailed by [57], the Jacobian matrix associated with the
described forward pass is determined as follows:

J = E

[
argmax

I∈C
〈I, r1� + σZ〉ZT/σ

]
. (5)

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, especially in the
early stages of training when the scoring system is not yet stabi-
lized, resulting in indecision. Consequently, the pruned k hidden
states ĥl are computed as a weighted average of the original
hidden states hl. This process yields a significant advantage: the

1i1 = z implies that the first selected token is the z-th of the input x.

TABLE I
DATA STATISTICS FOR THE SCIENTIFIC DOCUMENT SUMMARIZATION TASK.

THE NUMBER OF WORDS AND SENTENCES ARE AVERAGED.

TABLE II
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.

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 repeti-
tions. This approach, however, introduces a discrepancy between
training and testing conditions. To mitigate this train–test gap,
we follow the strategy recommended by [27], linearly decreasing
σ 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 is 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.

IV. EXPERIMENTAL SETUP

A. Datasets

Statistical details of the datasets are given in Table I for the
summarization task and in Table II for the classification task.

a) Text Summarization: The summarization capabilities of
our model are assessed using the SciLay dataset,2 a compre-
hensive 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 explanations for better
understanding. Table III provides the dataset split statistics.

b) Text Classification: The classification efficacy of our
model is evaluated using a variety of datasets. BoolQ [15] is
a reading comprehension dataset that includes naturally posed
yes/no questions. BeaverTails [16] aims to enhance research
on safety alignment in LLMs and includes human-labeled
question–answer (QA) pairs categorized into various harm cat-
egories. ANLI [17] presents a new challenge for natural lan-
guage understanding, with each instance containing a context, a

2[Online]. Available: https://huggingface.co/datasets/disi-unibo-nlp/SciLay

https://huggingface.co/datasets/disi-unibo-nlp/SciLay
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TABLE III
SPLIT STATISTICS OF THE JOURNALS WITHIN SCILAY

hypothesis, and a target label of either “entailment”, “contradic-
tion”, or “neutral”. IMDB [18] 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.

B. Baselines

a) Text Summarization: We use two encoder–decoder mod-
els: Bart [58] and Pegasus [59]. BART is renowned for its
denoising pretraining objective and has become a popular choice
in various NLP applications. PEGASUS is distinguished by its pre-
training objective specifically designed to enhance abstractive
summarization capabilities. To accommodate input sequences
exceeding 1024 tokens, we use LSG [60] for both models. This
architecture enables the processing of extended sequences with
linear computational complexity (O(n)) relative to the input
length, where n is the number of tokens.

b) Text Classification: We employ several LLMs, each
demonstrating unique advancements in different areas. Mistral-
7B [19] excels across all evaluated benchmarks compared
to LLAMA-2-13B [61], and outperforms LLAMA-34B [62]
in tasks involving mathematical reasoning and code gener-
ation. LLaMA-3-8B significantly improves upon its prede-
cessor, LLAMA-2, setting a new standard for LLMs of this
scale through enhanced architecture and training techniques.
Gemma-7B [20], part of the GEMINI model family [63], was
trained on an extensive dataset of 6 trillion tokens of text.

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

C. Evaluation Metrics

a) Text Summarization: To thoroughly evaluate model per-
formance, we consider multiple dimensions. First, we present
the F1 scores for syntactic metrics, specifically ROUGE-
1,2,L [64] (R-1,2,L), and introduce a variance-aware aggregated
score, R = avg(r1, r2, rL)/1 + σ2

r , where σ2
r is the F1 vari-

ance [65]. Second, we use BARTScore [66] (BaS), a model-
based metric, to evaluate semantic coverage. We report pre-
cision, recall, and F1 scores to measure the model’s ability
to capture and reproduce the semantic content of reference
texts. We also evaluate readability of the lay summaries using
Flesch-Kincaid Grade Level (FKGL, [67]), Coleman-Liau In-
dex (CLI, [68]), Dale-Chall Readability Score (DCRS, [69]),

TABLE IV
HYPERPARAMETERS USED. † INDICATES VALUES SPECIFIC TO PRUNEPERT. ∗
DENOTES THE FINAL CHOSEN VALUE. 0.5× |x| INDICATES SELECTING HALF

OF THE INPUT TOKENS.

and Gunning Fog Index (GF, [70]). 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.

b) Text Classification: To assess model performance on the
classification task, we use macro-averaged and micro-averaged
F1 scores [71], 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.

D. 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 of system
RAM. The system also includes an IntelCoreTMi9-10900X
CPU operating at 3.70 GHz. 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 summa-
rization 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 IV. For fairness, the target number of selected
tokens k in LLMLINGUA and LLMLINGUA-2 is matched to that
of PRUNEPERT.

V. DISCUSSION

A. Effectiveness

a) Text Summarization: Table V presents the performance
outcomes on SCILAY. Overall, the PRUNEPERT variant performs
comparably to the standard PEGASUS baseline. Additionally,
PRUNEPERT improves the readability of lay summaries, as
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TABLE V
OVERALL RESULTS ON SCILAY. BEST SCORES ARE BOLDED. * MEANS

STATISTICAL SIGNIFICANT IMPROVEMENT W.R.T. BASELINE PEGASUS

(p < 0.05 WITH STUDENT T-TEST). OUR MODELS.

TABLE VI
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.

reflected by the average readability scores across the four metrics
discussed in Section IV-C. We also observe that PRUNEPERT

markedly outperforms LLMLINGUA-2 in the technical summa-
rization task, whereas the reverse pattern emerges in the lay
setting, albeit with considerably smaller differences. These re-
sults 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 VI presents a comprehensive analysis of the experi-
mental summarization results, detailing individual scores for
each of the 13 journals included in SCILAY. Consistent 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
underperforms in BartScore across all journals. However, it

TABLE VII
OVERALL RESULTS ON THE CLASSIFICATION TASK. FOR EACH MODEL, THE

BEST SCORES ARE IN BOLD. OUR MODELS.

achieves higher scores in ROUGE-1, ROUGE-2, and ROUGE-L
for 11, 5, and 10 journals, respectively.

b) Text Classification: Table VII presents the performance
outcomes on the classification datasets. The application of
PRUNEPERT substantially enhances the performance of the back-
bone 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 con-
trast, 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 en-
hancements. Additionally, PRUNEPERT consistently outperforms
both LLMLINGUA and LLMLINGUA-2, with the sole excep-
tions 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.

B. Efficiency

a) Text Summarization: In this study, our objective extends
beyond assessing summarization efficacy to include reducing the
computational burden during training. Fig. 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 improvement is observed
during the backward phase, which inherently demands more
computational 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 preprocess-
ing overhead, which renders it considerably less practical than
PRUNEPERT.

b) Text Classification: Unlike summarization tasks, where
models process lengthy texts (see Table I), the documents in
classification datasets contain significantly fewer words (see
Table II). 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 IV, we selected values of k (80% of
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Fig. 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.

Fig. 4. Human evaluations results considering faithfulness (Faith.), precision
(Prec.), and recall (Rec.).

input tokens) and l (the token pruning module placed after the
20th decoder layer) to maximize the model’s accuracy, without
prioritizing efficiency. Fig. 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 com-
parable computational costs, though with the added overhead of
a preprocessing step.

C. Interpretability

To gain deeper insights into the operation of the token prun-
ing module, it is essential to examine both the tokens it pre-
serves 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 ex-
planation fidelity [72], [73]. 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 process. In
our investigation, we focus on analyzing the occurrence fre-
quencies of specific stopwords and parts-of-speech (POS) tags,
including nouns, verbs, and punctuation, using ScispaCy [74].
Furthermore, we examine the distribution of tokens relative to
their positions in the text.

a) Text Summarization: Fig. 5 shows the results of our
investigation into lay and technical summarization, illustrat-
ing the mean occurrence rates of each POS tag and stopword
among both selected and unselected tokens within the source
article. As anticipated, we note a propensity to retain significant

informational content encoded in nouns and verbs. Conversely,
elements essential for grammatical coherence but providing lim-
ited 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.

Fig. 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.

b) Text Classification: Fig. 5 shows intriguing patterns in the
distribution of POS tags and stopwords in classification tasks
using MISTRAL-PRUNEPERT. Our token pruning module behaves
distinctly compared to in the summarization scenario. Notably,
nouns are discarded more frequently, while punctuation impacts
the prediction accuracy. 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.

Fig. 7 shows that the start-of-sequence (SOS) token is consis-
tently 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 important 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.

D. Human Evaluation

We conducted a thorough qualitative analysis of summaries
produced by PEGASUS and PEGASUS-PRUNEPERT through a com-
prehensive human evaluation study. We randomly selected 30
instances from the SCILAY test set and enlisted three proficient
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Fig. 5. Average occurrence rates in order: nouns, punctuation, adjectives, verbs, determiners, other categories, and stopwords.

Fig. 6. Differentiable top-k hyperparameters impact on model performance on BOOLQ classification dataset with MISTRAL-7B.

Fig. 7. Normalized position distribution of the selected tokens from PRUNEPERT on the summarization and classification tasks.

English annotators with strong NLP skills. Each annotator re-
viewed the articles and their corresponding 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 generated summary encapsulates all essential
contents of the target; (ii) precision, assesses if the generated
summary includes only pertinent contents without extraneous
information; (iii) faithfulness, checks if the generated summary
maintains factual consistency with the original input document.
The results of this study, depicted in Fig. 4, show no discernible
distinction among the solutions.

E. Differentiable Top-K Hyperparameters Impact

The differentiable perturbed top-k module, detailed in Section
III-B1b, is defined by hyperparameters σ, u, l, and k. These hy-
perparameters significantly affect overall performance. We con-
ducted an experiment on BOOLQ with MISTRAL-7B to examine
how varying these hyperparameters affects the F1 score. Fig. 6
shows that σ 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 l and k values. However, unexpectedly, the scores
peak at 20 and 80%, respectively, then decline beyond these
thresholds. 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.

F. Architectural Variants

Based on the model architecture described in III-B1a, we
propose four variants applied to our best-performing backbone
model, MISTRAL. In Attn we omit the learnable scorer network
Sφ and instead infer token significance from attention scores
A ∈ Rah×|x|×|x| from the l-th layer, average them across all at-
tention heads to get Ā ∈ R|x|×|x|, and then compute the average
of the rows of Ā to obtain r. In Ens we use an ensemble scoring
mechanism with two scorer networks, Sφ1 and Sφ2. The scores
r1 and r2 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 differen-
tiable token selection modules and two scorer networks,Sφ1 and
Sφ2, positioned between layers el1 , el1+1, and el2 , el2+1. At each
pruning step, tokens are deleted so that after the second module,
k hidden states ĥl2 are outputted. In Resid we use two distinct
hidden states from separate transformer layers, combined by
summing hl1 and hl2 , and the result is input into the scorer
network Sφ. 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 l1 = 20 and l2 = 25 because, as shown in Fig. 6,
these layers produce the most informative hidden states for
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TABLE VIII
RESULTS OF ARCHITECTURAL VARIANTS OVER MISTRAL-7B IN THE TEXT

CLASSIFICATION TASKS

token pruning. Table VIII presents the results of the architectural
variants. MISTRAL-PP achieves the best and most consistent
performance across tasks, with ATTN and RESID showing com-
petitive results in specific settings (i.e., 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.

VI. 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 summariza-
tion tasks show that our method performs comparably to a state-
of-the-art linear transformer. Notably, PRUNEPERT is more effi-
cient, 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 (LLM-
LINGUA, 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 [75], [76], could explore the tracking and propagation
of knowledge refinements across sentences.
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