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Abstract

Large language models provide excellent per-
formance, but their practical deployment is lim-
ited by significant inference costs. While block
pruning effectively reduces latency with struc-
tural coherence, existing methods typically rely
on representation similarity or costly sensitiv-
ity analyses, neglecting task-specific model
behavior. This paper introduces an output-
driven pruning method leveraging entropy-
based estimations of output distributions to ac-
curately identify less important model blocks.
Extensive experiments validate the proposed
method’s effectiveness, demonstrating substan-
tial efficiency gains without compromising
downstream task performance.

1 Introduction

Recent advances in large language models (LLMs)
have demonstrated remarkable performance across
diverse natural language tasks (Dubey et al., 2024;
Jiang et al., 2023). However, their growing size
and inference cost have raised practical concerns,
especially in deployment scenarios in resource-
constrained environments. Model compression
techniques, including pruning, quantization, and
knowledge distillation (KD), have emerged as criti-
cal tools for addressing this efficiency-performance
trade-off, and are often compatible with one an-
other to yield additive benefits (Han et al., 2016;
Mirashi et al., 2024; Zafrir et al., 2021; Kurtic et al.,
2022; Zeng et al., 2024; Muralidharan et al., 2024;
Song et al., 2024). Among them, pruning is es-
pecially attractive when combined with recovery
aids such as fine-tuning or KD' as it inherit the
strengths of larger models, avoiding costly neu-
ral architecture search (Frankle and Carbin, 2019;
Chen et al., 2020; Zhang et al., 2021; Sarah et al.,
2024; Bercovich et al., 2025). In particular, block
pruning offers structurally coherent reductions that

'E.g., Llama-3.2-1B (Dubey et al., 2024)

translate well to real-world latency improvement
with stability (Zhong et al., 2025). However, prior
methods often rely on representational similarity
or performance sensitivity based on exhaustive
removal experiemnts, which may overlook task-
relevant internal behavior. This limitation moti-
vates the explicit output-driven perspective which
will be explored in this study.

While pruning has emerged as a powerful tool
to improve efficiency, its practical effectiveness
depends heavily on its pattern. Unstructured prun-
ing is difficult to exploit efficiently without spe-
cialized hardware (Kim et al., 2018; Chen et al.,
2019), while width and layer-level depth pruning
often suffer from structural imbalance or instability,
resulting in minimal efficiency gains or severe per-
formance degradation (Kim et al., 2024; Lele et al.,
2025; Xia et al., 2024; Zhang et al., 2024; He et al.,
2024; Park et al., 2025). As a result, block pruning
has been gaining growing interest, which achieves
more proportional latency reductions with respect
to compression ratio (Kim et al., 2024; Song et al.,
2024; Zhong et al., 2025).

This paper investigates block pruning for down-
stream tasks, which are challenging and require
explicit reasoning with distinct objectives, unlike
general language modeling (Bachmann and Nagara-
jan, 2024). Most existing methods, however, focus
on language modeling and rely solely on perplexity-
based sensitivity measures for importance estima-
tion (Kim et al., 2024; Song et al., 2024), which
fails to reflect downstream performance (Liu et al.,
2023; Hu et al., 2024; Zeng et al., 2025). Thus,
the proposed method, inspired by the concept of
entropy estimation (EE) (Liu et al., 2020; Hu et al.,
2023) with promising performance in capturing
internal model behavior, leverages output distri-
butions to estimate block importance. The main
contributions are as follows:

* We empirically demonstrate that analyzing
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Figure 1: To estimate the importance of each block, states are calculated for N samples based on the token
probability distribution output from every block, like EE and LogitLens (Kao et al., 2021; Nostalgebraist, 2020).
Then, they are compared to the nearest previous blocks and aggregated block-wisely via penalty counting (L) and
averaging (L1). The graph on the right depicts L;. By sorting blocks with the scores, relatively less important

blocks are pruned.

the output distribution, rather than relying
on similarity-based measures at the represen-
tation level (Yang et al., 2025b) or compu-
tationally expensive sensitivity metrics, pro-
vides a more effective means of capturing
internal model behavior, akin to EE and un-
certainty quantification (Nostalgebraist, 2020;
Kao et al., 2021; Chuang et al., 2024).

» Six effective criteria options and two met-
rics for characterizing output distributions are
proposed through extensive experiments, en-
abling efficient pruning via constrained search
within a limited candidate space.

* The necessity of observing model behavior on
specific tasks is verified through experiments,
highlighting the critical role of task-oriented
importance estimation.

2 Related Work

Block pruning criteria include sensitivity on per-
plexity (PPL), representation entropy, and angu-
lar distance, with either one-shot or iterative re-
moval (Kim et al., 2024; Song et al., 2024; Yang
et al., 2025b; Gromov et al., 2025). To preserve
performance, some approaches substitute or dupli-
cate blocks supported by normalization, low-rank
adaptation (LoRA), and approximation (Razzhi-
gaev et al., 2024; Mikaelyan et al., 2025; Smith
et al., 2025).

3 Methodology

Inspired by EE, the proposing method hypothesizes
that internal states such as entropy on the interme-
diate output distribution can reliably indicate block-
wise capability, thereby avoiding costly ablation-
based experiments. To identify a robust and ef-
fective criterion of block-level capability, compre-
hensive experiments explore a candidate space in
Section 5.1, systematically evaluating various al-
ternatives beyond entropy that is more suitable for
capturing models’ internal certainty or representa-
tional maturity at each block.

The numerical values derived from criterion are
qualitative indicators that quantify the desirability
of models’ internal state or behavior via compar-
ison. For example, entropy over the prediction
score distribution is preferred to be low, meaning
that model is more certain or decisive on its output.
Building on this aspect, one strategy to identify the
blocks to prune is to penalize those that negatively
affect the reasoning process, by considering the
direction of change in the value, i.e., whether it
increases or decreases compared to the previous
block. This forms the basis of the first metric Lg,
which assesses on whether an value suggests posi-
tive or negative contribution.

However, the reasoning for Ly metric deviates
substantially from conventional approaches that
assess the absolute magnitude of contribution, irre-
spective of the direction of change. In other words,



Method ARC-E ARC-C BoolQ COPA HeSw. PIQA Wino. Avg.
Original Model 80.09 53.33 81.44 89.00 79.17 79.71 72.85 76.51
Prune 2 blocks (pruning ratio = 6.25%)
SLEB 76.60 48.29 74.80 87.00 74.33 77.80 70.48 72.76
Short’dLLaMA 76.05 49.23 75.66 90.00 74.97 77.86 70.88 73.52
EntroDrop 67.55 44.45 63.09 84.00 68.58 75.57 7143 67.81
JointLayerDrop 62.58 42.75 62.45 78.00 57.89 70.89 62.04 62.37
LN 78.07 49.91 78.20 90.00 77.21 78.78 73.09 75.04
Prune 4 blocks (pruning ratio = 12.5%)
SLEB 72.47 43.26 66.12 87.00 70.69 76.12 69.46 69.30
Short’dLLaMA 70.16 38.65 57.25 87.00 66.83 75.63 61.72 65.32
EntroDrop 40.78 33.53 58.59 67.00 37.43 61.86 58.48 51.10
JointLayerDrop 56.73 41.13 62.39 74.00 51.71 68.88 61.96 59.54
LéENT) 72.31 45.22 65.20 82.00 73.48 74.54 73.01 69.39
Prune 8 blocks (pruning ratio = 25%)
SLEB 61.78 31.74 42.11 77.00 57.98 71.82 53.59 56.57
Short’dLLaMA 61.83 31.66 42.05 77.00 57.94 71.87 53.83 56.60
EntroDrop 33.33 29.78 62.11 66.00 26.97 57.67 56.59 47.49
JointLayerDrop 50.51 37.97 62.54 68.00 46.72 65.23 61.40 56.05
LN 55.81 37.20 76.48 73.00 58.58 68.82 70.17 62.87

Table 1: Zero-shot accuracy (%) of LLaMA 3-8B on each task after pruning. Best and the second best results are

indicated as bold and underline, respectively.

even an increase in entropy may imply that the
block exerted influence within the broader context.
Under this macro perspective, the alternative metric
L is derived to reflect the magnitude of deviation
rather than the sign of change. For each block, it
computes the average absolute change across all
N samples, as depicted in Figure 1. Blocks with
smaller Ly scores are considered to contribute min-
imally to overall variation and are thus selected
for pruning. Both norm-based metrics are used to
aggregate and compare states across blocks to deter-
mine pruning candidates that contribute negatively
or minimally onto the process. Table 1 reports only
the best results obtained with Lg, while secondary-
best results are reported in Section 2.

To clearly capture models’ behavior, multiple-
choice question answering (MCQA) is adopted for
a block importance estimation task. Comparing to
the general text generation, MCQA differs signif-
icantly in their cognitive and behavioral demands
placed on models. Particularly, MCQA is a setting
focused on restricted options, while in open-ended
text generation tasks, entropy is computed over the
full vocabulary space?, which introduces consider-
able noise and interpretability challenges, i.e., high
entropy may not reliably indicate genuine uncer-
tainty, as it can be inflated by semantically insignif-
icant tokens such as function words or punctuation.
A more detailed comparison between MCQA and

%For instance, LLaMA-3 8B has vocab size of 128,256.

generation settings is discussed in Section 5.1.

By constraining models’ output space to a small
set of discrete given options, MCQA promotes in-
terpretability and allows for clearer attribution of in-
ternal state changes to task-relevant decision points.
This task-constrained setting not only improves sig-
nal clarity but also strengthens the validity of en-
tropy observation regarding block-wise capability
and redundancy. Mitigation of confounding fac-
tors in free-form generation is further supported
by auxiliary heuristics, such as restricting token
outputs to a fixed choice set (e.g., A, B, C, D) and
preventing pruning of a few early blocks empiri-
cally shown to be important, as implemented in the
other works (Kim et al., 2024; Song et al., 2024).

4 Experiments

We conducted experiments ARC-Easy and em-
ployed pretrained open-source LLMs with 32 trans-
former blocks, including LLaMA 3-8B and Mistral-
7B (Clark et al., 2018; Grattafiori et al., 2024; Jiang
et al., 2023). Section 5 reports results on LLaMA
3-8B, while Section C presents results on Mistral-
7B. For MCQA tasks with 1024 samples from the
ARC-Easy training set, inference was performed
with logits processors from transformers library
to strictly force model to decode only the provided
answer key options (Hugging Face, 2025). Block-
level pruning was applyed with two norm-based
metrics (Lg, L), setting the number of blocks to
prune at most 8 (i.e., pruning ratio = 25%).



Evaluation was implemented on the following
datasets: ARC Easy & Challenge (ARC-E &
ARC-C) (Clark et al., 2018), BoolQ (Clark et al.,
2019), COPA (Gordon et al., 2012), HellaSwag
(HeSw.) (Zellers et al., 2019), PIQA (Bisk et al.,
2020), and WinoGrande (Wino.) (Sakaguchi et al.,
2021). As baselines, ShortenedLLaMA, SLEB,
and EntroDrop implement block pruning, whereas
JointLayerDrop conducts layer-wise pruning (Kim
et al., 2024; Song et al., 2024; Yang et al., 2025b;
He et al., 2024).

5 Results

Three baselines and the proposed method Lg with
entropy are evaluated under equal pruning ratios
across multiple benchmarks. Results for pruning 2,
4, and 8 blocks (corresponding to 6.25%, 12.5%,
and 25% pruning ratios, respectively) are reported
in Table 1. At 6.25% pruning ratio, LE)ENT) consis-
tently yields top scores across all downstream tasks,
while JointLayerDrop underperforms all block-
based methods on most tasks. At 12.5% pruning
ratio, L(()ENT) maintains its lead with an average
score of 69.39%, slightly higher than SLEB and
considerably above ShortenedLLaMA and Joint-
LayerDrop, with notable strength on WinoGrande
and HeSwag.

When pruning 8 blocks which is three forth of 32
blocks, L((]ENT) exhibits strong robustness, achiev-
ing 62.87% on average. Particularly high accuracy
is retained on BoolQ (76.48%) and WinoGrande
(70.17%), while competing methods experience
significant degradation. JointLayerDrop yields the
lowest overall performance (37.82%), indicating
instability under aggressive sparsity. These results
demonstrate the effectiveness of output distribution-
based pruning in preserving accuracy across di-
verse tasks, especially under high pruning ratios.

5.1 Ablation Study

Criteria candidate space. To identify a reliable
criterion, various options in candidate space were
considered, such as confidence score (i.e., the maxi-
mum prob. in the distribution) (Valade, 2024; Yang
et al., 2025a), the gap between the top-1 and top-2
probs. (Schuster et al., 2022; Valade, 2024), and
the entropy over all token probs. in the dist. (Xin
etal., 2020; Liu et al., 2020; Hu et al., 2023; Valade,
2024). These indicators differ in scope: a single, a
pair, or a full set of probabilities in a distribution,
or a pair of distributions. Details of the candidate

Method Avg. Acc.@8 AUC@S8
I MCQA 62.87 561.73
° TG 58.02 552.51
I MCQA 58.92 536.90

TG 59.59 552.19
SLEB 56.57 536.24
Short’”dLLaMA 56.60 530.61
EntroDrop 45.68 000.00
JointLayerDrop 56.05 000.00

Table 2: Average zero-shot accuracy (%) of LLaMA
3-8B after pruning eight blocks and AUC over prun-
ing ratios from 0% to 25%, across different option set-
tings. As a state criterion, entropy was most effective for
MCQA, while gap performed best for text generation
(TG).

space are summarized in Table 3, and Table 4 re-
ports performance in terms of the average accuracy
across tasks and the AUC of the accuracy curve
over pruning ratios from 0% to 25%.

Importance of task setting. To highlight the im-
portance of restricting the lens scope, task-level
comparison is conducted between multiple-choice
QA (MCQA) and text generation (TG), which dif-
fer fundamentally in output characteristics: MCQA
involves a constrained, discrete choice space with
known answers, while TG requires open-ended gen-
eration with higher entropy and variance. As shown
in Table 2, the best-performing state criterion varies
by task, yet those listed outperform all baselines.
This finding supports both the use of task-specific
observation datasets for criterion search, rather than
relying solely on general language modeling, and
the importance of leveraging output distributions
over internal representations, to avoid overlooking
task-dependent redundancy or reasoning signals.

6 Conclusion

This work introduces a simple yet effective method
for block pruning in LLMs using output distribu-
tion signals, such as entropy and probability gaps.
The approach eliminates reliance on language mod-
eling loss and exhaustive sensitivity analysis and
enables pruning aligned with task-relevant inter-
nal behavior. Extensive experiments demonstrate
improved performance preservation over baselines
and robustness under high sparsity. The results
highlight the importance of task-specific observa-
tion and output-level signals for effective and inter-
pretable pruning.



Limitations

In this paper, output distributions at intermediate
blocks are derived using the LM head attached to
the final block. While this is a naive practice for
probing internal behavior like LogitLens (Nostal-
gebraist, 2020), a more precise analysis would be
available by attaching new LM heads to each block
and training them accordingly (Schuster et al.,
2022; Chuang et al., 2024). Such block-specific su-
pervision may yield more faithful representations
of each block’s behavior. Additionally, the gener-
alizability of the proposed method across architec-
tures and scales requires further validation.
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All experiments are implemented in PyTorch us-
ing Huggingface Transformers on four Nvidia
Titan Xp GPUs, each with 12 GB of memory.
Evaluation was executed with EleutherAI/lm-
evaluation-harness library.

For text generation in ablation study, models’
behavior was observed using Wikitext-2. Since
no answer key is specified in text generation, the
next token was treated as the target and inference
proceeded without logits processors. States were
observed over the first 1024 tokens of Wikitext-2.

Although ShortenedLLaMA also introduced a
Taylor-based metric, only PPL sensitivity was
adopted in comparison experiments due to the high
computational overhead of gradient calculation.
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Abbreviation Definition

CONF Confidence score (top-1 probability)

K Probability assigned to the answer key

G Gap between top and second probs.

ENT Entropy of the output token probability distribution

CE Cross-entropy between output distributions of the final and intermediate blocks
KLD KL divergence between output distributions of the final and intermediate blocks

Table 3: List of state criteria options.

SLEB StLm. EntDr. JLD L{CONP) [ ple)  pENT)  p(CE)  p(KLD)

Avg. Acc.@2  72.76 73.52 64.68 62.37 70.12 70.12  70.12 75.04 70.38 70.12
Avg. Acc.@4 6930  65.32 49.71 59.54 68.40 68.40  67.72 69.39 69.11 68.48
Avg. Acc.@8  56.57 56.60 45.68 56.05 63.94 63.94  60.98 62.87 61.95 63.94
AUC@8 536.24 530.61 000.00  000.00 546.53 546.53 539.33  561.73 54639  546.61

Table 4: Average of zero-shot accuracy (%) of LLaMA 3-8B after pruning eight blocks and AUC over pruning
ratio from 0% to 25%. Best results are in bold; second-best results are underlined. StLm., EntDr., and JLD are the
abbreviation of ShortenedLLaMA, EntroDrop, and JointLayerDrop, respectively. The Ly metrics are defined in
Section 3.

B State Criteria

Table 3 summarizes the candidate state criteria
used to assess block-wise importance. Each cri-
terion captures models’ internal behavior based on
token probability distributions and is applied via
norm-based aggregation metrics, Ly and L. Ab-
lation results in Table 4 report average accuracy
after pruning LLaMA 3-8B and the area under the
curve (AUC) across pruning ratios from 0% to 25%.
Among all candidates, entropy (ENT) consistently
demonstrates strong performance across tasks, par-
ticularly in the MCQA setting, highlighting its re-
liability as a state indicator. Other criteria such as
confidence score (CONF), gap (G), cross-entropy
(CE), and KL divergence (KLD) yield comparable
yet slightly lower accuracy. Based on these find-
ings, entropy is adopted as the default criterion in
the main experiments, while other options remain
viable depending on the application context.

C Mistral-7B Results

Table 5 presents performance after pruning on
Mistral-7B across multiple downstream tasks. Each
method prunes the same number of blocks, en-
abling direct comparison under equal compres-
sion ratios. These results confirm the effectiveness
of output-distribution-based pruning in retaining
task-relevant capacity, especially under constrained
pruning budgets.



Method ARC-E ARC-C BoolQ COPA HeSw. PIQA Wino. Avg.
Original Model

Prune 2 blocks (pruning ratio = 6.25%)

SLEB 76.22 46.67 77.71 88.00 77.30 80.03 67.96 73.41
Short’dLLaMA 74.87 44.62 74.53 88.00 73.88 42.20 78.62 72.02
EntroDrop
JointLayerDrop
Prune 4 blocks (pruning ratio = 12.5%)
SLEB 71.68 41.98 74.22 87.00 72.83 77.58 64.96 70.04
Short’dLLaMA 66.84 34.30 59.51 88.00 60.68 75.41 56.43 63.02
EntroDrop 29.97 29.35 32.94 71.00 33.49 56.20 61.09 44.86
JointLayerDrop 49.83 36.09 62.51 66.00 46.18 64.47 62.75 55.40
Prune 8 blocks (pruning ratio = 25%)
SLEB 63.59 35.75 59.54 79.00 62.95 72.47 60.85 62.02
Short’dLLaMA 51.73 26.28 54.89 70.00 48.28 69.26 52.17 53.23
EntroDrop 26.77 29.18 42.48 72.00 28.25 56.15 55.80 44.38
JointLayerDrop 49.20 36.77 62.45 66.00 45.37 63.93 62.51 55.18

Table 5: Zero-shot accuracy (%) of Mistral-7B on each task after pruning. Best results are in bold; second-best
results are underlined.
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