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Abstract

With the increasing size of large language
models, layer pruning has gained increased
attention as a hardware-friendly approach
for model compression. However, exist-
ing layer pruning methods struggle to simul-
taneously address key practical deployment
challenges, including performance degrada-
tion, high training costs, and limited acceler-
ation. To overcome these limitations, we pro-
pose E3-PRUNER, a task-Effective, training-
Economical and inference-Efficient layer prun-
ing framework. E3-PRUNER introduces two
key innovations: (1) a differentiable mask op-
timization method using a Gumbel-TopK sam-
pler, enabling efficient and precise pruning
mask search; and (2) an entropy-aware adap-
tive knowledge distillation strategy that en-
hances task performance. Extensive experi-
ments over diverse model architectures and
benchmarks demonstrate the superiority of
our method over state-of-the-art approaches.
Notably, E3-PRUNER achieves 96% accuracy,
a mere 0.8% drop from the original model
(96.8%) on MATH-500 when pruning 25%
layers of Qwen3-32B, outperforming existing
SOTA (95%), with a 1.33 x inference speedup
by consuming merely 0.5B tokens (0.5% of the
post-training data volume).

1 Introduction

In recent years, guided by scaling laws (Kaplan
et al., 2020; Hoffmann et al., 2022), Large Lan-
guage Models (LLMs) (Touvron et al., 2023;
Grattafiori et al.,, 2024; Yang et al., 2025b,a;
DeepSeek-Al et al., 2025b; Team et al., 2025a)
have demonstrated substantial advances in perfor-
mance, achieving unprecedented results across a
wide range of tasks and signaling the advent of
the artificial intelligence era. However, this per-
formance gain has been accompanied by an expo-
nential growth in model parameters up to trillions
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Figure 1: Comparisons between E3-PRUNER and
current state-of-the-art structural pruning models in
LLaMA-2-7B with 60% pruning ratio.

of parameters (Team et al., 2025b), which poses
increasing challenges for the deployment. To ob-
tain compact LL.Ms, various model compression
methods have been explored, such as pruning (Han
et al., 2015; Frantar and Alistarh, 2023; Sun et al.,
2024; Chen et al., 2025b), quantization (Frantar
et al.,, 2023; Lin et al., 2024; Xiao et al., 2023;
Sun et al., 2025), and knowledge distillation (Hsieh
et al., 2023; Hinton et al., 2015).

Among these methods, pruning effectively re-
duces model size by directly eliminating parame-
ters. Currently, pruning approaches can be catego-
rized primarily by granularity. While unstructured
pruning (Frantar and Alistarh, 2023; Sun et al.,
2024; Frankle and Carbin, 2019) minimizes ac-
curacy loss through weight-level sparsity, its ir-
regular patterns deliver limited practical accelera-
tion. Structured pruning (Ma et al., 2023; Xia et al.,
2024; Muralidharan et al., 2024; Tang et al., 2025)
operates on components such as attention heads or
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channels, making it more hardware-friendly. How-
ever, the irregularity in the resulting pruned archi-
tectures still limits achievable speedups. In con-
trast, layer pruning, which removes entire Trans-
former blocks, provides scalable inference accel-
eration. Nevertheless, current layer pruning meth-
ods face two critical hurdles: significant accuracy
degradation and the prohibitive computational cost
of mask searching and fine-tuning. These chal-
lenges necessitate a more refined strategy that bal-
ances performance, efficiency, and economy.

In this paper, we introduce E*-PRUNER, a
task-Effective, training-Economical and inference-
Efficient layer pruning approach. E3-PRUNER op-
erates in two distinct phases: a searching stage in
which we employ a differentiable Gumbel-TopK
sampler to replace the traditional deterministic
top-k operator. This enables gradient-based op-
timization, allowing for precise and efficient mask
learning via backpropagation. And a fine-tuning
stage, where an adaptive knowledge distillation
strategy is employed, incorporating token-wise re-
weighting to emphasize critical token representa-
tions and improve knowledge transfer from the
teacher model. Extensive experiments on various
architectures and benchmarks validate the superi-
ority of E3-PRUNER. As shown in Figure 1, when
pruning 60% of the layers from LLaMA-2-7B (Tou-
vron et al., 2023), E3-PRUNER maintains remark-
able higher accuracy. More remarkably, in the chal-
lenging scenario of pruning 25% of Qwen3-32B
layers (Yang et al., 2025a), E3-PRUNER is the only
approach capable of limiting performance degrada-
tion to less than 1% on the MATH-500 (Lightman
et al., 2023) while requiring only 0.5% of original
post-training data, demonstrating its exceptional
ability to preserve reasoning abilities.

We summarize our contributions as follows:

* We identify practical challenges in layer prun-
ing and propose E*-PRUNER, which estab-
lishes an efficient, economical and effective
paradigm for layer pruning.

* We propose a differentiable Gumbel-TopK
sampler for precise mask optimization, com-
plemented by an adaptive KD strategy with
token-wise re-weighting to ensure robust per-
formance recovery.

Through comprehensive evaluations and ab-
lation studies, we demonstrate E3-PRUNER’S
state-of-the-art performance and its efficiency
across diverse LLM architectures, scaling ef-
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fectively even to a massive 671B-parameter
MoE model.

2 Preliminaries

2.1 LLM Pruning

Notations. We consider a standard Transformer
architecture in modern LLMs. Let f(X;;6;) de-
note the [-th Transformer layer with parameters 6;
and input activations X;. Following the pre-norm
convention, the input to layer [ + 1 is defined as:

X1 =X+ f(X,6)). )]

This work focuses on layer pruning, as it pro-
vides deterministic inference speedups proportional
to the number of layers removed. When layer [ is
pruned, layer [ 4 1 directly bypasses it and takes
the output f(X;_1,6;_1) of the (I — 1)-th layer as
its own input, i.e.:

X1 =X+ f(Xi—1,6-1). 2)

Prior Works. A key research in layer pruning
is to determine which layer to discard. Prior stud-
ies have investigated a variety of methods, based
on either different pruning metrics (Men et al.,
2024; Chen et al., 2024) or the neural architecture
search (Xia et al., 2024; Tang et al., 2025). Below
we introduce three representative works and more
related works can be found in Appendix A:

— ShortGPT (Men et al., 2024) is a training-free
method that measures layer redundancy via
the cosine similarity between activations on a
calibration dataset D. Layers with the highest
similarity to their successors are prioritized for

X0 X5 041

removal: [* = arg max; E;cp et
I* = argmax; Biep 1 i 17

— DarwinLM (Tang et al., 2025) employs evolu-
tionary search to optimize layer depth, MLP
widths, and attention heads. Each candidate
architecture undergoes lightweight training to
guide the selection of the next generation.

— Sheared-LLaMA (Xia et al., 2024) utilizes dif-
ferentiable pruning via learnable soft masks
and sparsity regularization. The final pruned
structure is determined by a deterministic top-
k selection of these masks.

2.2 Practical Challenges for Layer Pruning

Practical LLM pruning demands high inference
speedup without sacrificing task accuracy, all
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(a) Task Effectiveness

(b) Training Economy

(c) Inference Efficiency

Figure 2: The comparisons of task effectiveness, training economy and inference efficiency among existing layer
pruning methods. All experiments are done on LLaMA-2-7B model under 60% sparsity.

while operating under strict computational budgets.
Based on these three dimensions, we compare the
above pruning methods, and an overview is shown
in Figure 2.

Task Effectiveness. The effectiveness of layer
pruning (i.e., the task accuracy) is always of the
highest priority in practice. As shown in Figure 2a,
the training-free ShortGPT suffers from significant
performance degradation, highlighting the neces-
sity of post-pruning recovery. Furthermore, the
performance gap among training-based methods
underscores that identifying an accurate pruning
mask is critical to preserving model capabilities.

Training Economy. Performance recovery must
be computationally efficient. We use the number
of training tokens as the metric for economy. As
shown in Figure 2b, while ShortGPT requires zero
training, DarwinLM’s evolutionary search is costly,
consuming approximately 1B tokens. In contrast,
differentiable search methods like Sheared-LLaMA
and our E*-PRUNER require significantly fewer
tokens ( 0.5B), demonstrating a more scalable path
for practical deployment.

Inference Efficiency. Hardware-aligned acceler-
ation is the ultimate goal of pruning. Figure 2c com-
pares the wall-time speedup of different methods.
Layer pruning (ShortGPT and E3-PRUNER) consis-
tently outperforms uniform and non-uniform struc-
tured pruning (Sheared-LLaMA and DarwinLM),
as removing entire blocks offers the most direct
reduction in computational overhead.

In summary, While current state-of-the-art meth-
ods excel in specific areas, none simultaneously
satisfy the requirements of high effectiveness, train-
ing economy, and inference efficiency. This gap
motivates the design of E3-PRUNER.

3 Methods

3.1 Formulation

In this paper, we introduce E3-PRUNER, a
task-Effective, training-Economical and inference-
Efficient layer pruning approach for large lan-
guage models. Inspired by neural architecture
search, E3-PRUNER is empowered by an efficient
differentiable mask optimization (Section 3.2) in
joint effort with an enhanced variant of knowl-
edge distillation (Section 3.3). An overview of
E3-PRUNER is presented in Figure 3, and the algo-
rithmic workflow is in Algorithm 1. Specifically,
given the /-th transformer layer, we assign a prun-
ing mask m; € {0, 1} for the associated parameter
0;. The forward computation of the [-th layer is
thus X1 = X; +my - f(Xl, 0r).

Algorithm 1 E3-PRUNER

Require: LLM O, total iterations 7', mask search-
ing iterations Ty, layer scores S, total layers
L and pruning layers k.

:fort=1toT do

T=1-6-t/T,k =L—[(L—k)-t/T|
ift < Ty
M = Gumbel-TopK(S, 7, k)
S=S—-)X-0L(x,0,M)/0S
®=0-)-9L(x,0,M)/00
end for
return Pruned model ®*

e A U o A

The proposed E*-PRUNER consists of two
stages: the searching stage and the fine-tuning
stage. The former aims to identify the prun-
ing masks, while the latter fine-tunes the pruned
LLMs for further performance recovery. Specif-
ically, in the searching stage, as pruning masks
are inherently associated with the LLM param-
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Figure 3: The framework of E3-PRUNER. We employ KL divergence to initialize proposed Gumbel-TopK sampler,
which searches for the optimal mask in a differentiable way. Subsequently, the pruned model undergoes efficient

adaptive knowledge distillation to restore its performance.

eters, E3-PRUNER optimizes both the model pa-
rameters © = {61, ..., 0} and the pruning masks
M = {my,...,m} w.r.t. the training objective L:

{or,M"} =

min

L(x;
©,M:[Mo=k

©,M), )

where x € C denote the training data from corpus C,
and k is the number of effective layers. In the fine-
tuning stage, we keep the pruning mask M* and
continue to optimize model parameters ©* w.r.t.
the objective L. We propose adaptive knowledge
distillation as the training objective, i.e., a vari-
ant of knowledge distillation (KD) that re-weights
training tokens, as will be detailed in Section 3.3.
While the formulation in Equation 3 looks
promising, the discrete nature of pruning masks
M makes the optimization infeasible. To solve
this, prior studies (Xia et al., 2024) adopt
Gumbel-Softmax tricks with sparsity regulariza-
tion (Louizos et al., 2017). However, these meth-
ods cannot exactly control the pruning rate, with
additional training overhead up to 5 times slower.

3.2 Differentiable Mask Optimization with
Gumbel-TopK Sampler

Instead of directly optimizing the pruning masks
M, we introduce layer importance S =
{s1,...,sp} as auxiliary variables, where s; € R
is the real value indicating the importance of the
[-th layer. The pruning mask m; can be thus ob-
tained via the TopK selection, i.e., m; = 1 if
s; € TopK(S, k) and 0 otherwise. However, the
discrete operator TopK (S, k) is non-differentiable,
and we sort to Gumbel-TopK Sampler (P16tz and
Roth, 2018) as a continuous relaxation.

Gumbel-TopK Sampler. The TopK(S, k) oper-
ator can be equivalently translated to repeatedly
picking k largest elements from S. In particular,
the Gumbel-Softmax trick first sample Gumbel
noise g ~ Gumbel(0, 1), and add it over S, i.e.,
S1 = S + g. Then, for the i-th iteration (i > 1),

1\7[1'+1 = 1\711 + U(Si/T),

4
Sit1=8; +1log(1 —o(S;/7)),

where M is the soft i-hot mask variable, o(-/7)
is the softmax function with temperature 7. (Pl6tz
and Roth, 2018) has shown that as 7 — 0, 1\~/Ik —
TopK(S, k). In practice, we initially choose a mod-
erate temperature, and linearly anneal it with the
training iterations t as 7 = 1—(3-(¢/T"), where 3 is
a coefficient. To ensure pruning in the forward pass,
we discretize the soft mask M, as M, and adopt
the straight-through estimator (STE) (Bengio et al.,
2013) for the backward pass to ensure the differ-
entiability. The whole workflow of Gumbel-TopK
sampler can be found in Algorithm 2. Notably,
all operations—noise injection, softmax, and mask
updates—introduce negligible computational over-
head and are executed only once per forward pass,
thus preserving training economy.

Initialization of Layer Importance. High-
quality initialization of layer importance scores
S is crucial for reducing training costs and pre-
serving performance. We initialize the score
s; for the [-th layer as the Kullback-Leibler
(KL) divergence between the original model ®
and the model ®_; with layer / removed, i.e.,

Ee~e [DxL (f(x:0_)||f(x:©))].
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Algorithm 2 Gumbel-TopK

Require: Layer score S, temperature 7, number
of retained layers k.
S1 = S + Gumbel(0,1)
M; =0
for i =1tok do
Siy1 =8 + log(1 — (%))
M1 =M, +o(2)
end for
M = STE(TopK(M41, k))
return Pruning mask M

AN A i S e

Progressive Layer Pruning. To facilitate a
smooth transition from the original to the pruned
model, we adopt a curriculum schedule that grad-
ually increases the pruning ratio (Frankle and
Carbin, 2019). Specifically, the number of lay-
ers to retain, k', is linearly decreased from the
total count L to the target k over T iterations:
kK'=L—[(L—k)-t/T].

3.3 Adaptive Knowledge Distillation

Now we are ready to introduce adaptive knowledge
distillation, a compelling training objective to en-
hance the task effectiveness of E3-PRUNER. The
key idea behind this technique is to transfer the
knowledge from the original LLM to the pruned
model, where each token is re-weighted adaptively
based on its entropy. A practical challenge in im-
plementing knowledge distillation is the memory
bottleneck, as it requires simultaneously hosting
both the teacher and student model within the lim-
ited memory. Therefore, we pre-compute and save
the top-K logits of the teacher model for each to-
ken. During training, these logits are loaded back to
compute the KL divergence with the pruned model:

Loken = > (2 -log(o(z")./0(2().),

CGSZK

1 N
EKL—TopK = N Z »Ctoken-
=1

(&)
where N is the total number of tokens, zgi) and zgi)
denote the pre-softmax logits of the teacher and
student models for the i-th token, SX contains the
indices of the top- K values in the teacher’s distribu-
tion. By pre-storing teacher logits, we can bypasses
the memory bottleneck of concurrent model load-
ing; under a 32K sequence length, it incurs a negli-

gible GPU memory overhead of only 2.6 MB. This

drastic reduction in hardware requirements makes
the entire recovery training process significantly
more economical and efficient.

Based on Equation 5, we argue that differ-
ent tokens contribute unequally to model perfor-
mance and should be treated accordingly. Existing
works (Wang et al., 2025) show that token entropy
‘H serves as an effective metric to identify these in-
formative tokens. This finally leads to the objective
of adaptive knowledge distillation in Equation 3:

N
1 i
L= N ; H(U(Zi(f )>C> ' Etoken- (6)

This formulation prioritizes high-entropy tokens,
which typically signify uncertain or critical reason-
ing steps (Wang et al., 2025; Chen et al., 2025a).

4 Experiments

4.1 Setup

Models and Datasets. We evaluate E>-PRUNER
across diverse architectures and scales to demon-
strate its generalizability. Our primary analysis
focuses on Qwen2.5-14B-Instruct (Yang et al.,
2025b), Qwen3-32B (Yang et al., 2025a), and
DeepSeek-R1 (DeepSeek-Al et al., 2025a). Ad-
ditional results for LLaMA-2-7B (Touvron et al.,
2023) and openPangu-Ultra-MoE (Ascend Tribe,
2025) are provided in Appendix B due to space
constraints. For the training corpus, we utilize the
open-source Fineweb-Edu (Lozhkov et al., 2024)
dataset for Qwen2.5-14B-Instruct (and LLaMA-
2-7B in the appendix). For the Qwen3-32B
and DeepSeek-R1, we use the AM-DeepSeek-R1-
Distilled-1.4M dataset (Zhao et al., 2025), which
provides more reasoning content in the text.

Baselines. We perform systematic comparisons
between E3-PRUNER and state-of-the-art pruning
approaches: ShortGPT (Men et al., 2024), Sheared-
LLaMA (Xia et al., 2024), DarwinLM (Tang et al.,
2025), Minitron (Muralidharan et al., 2024), LLM-
Streamline (Chen et al., 2024), Shortened LLaMA
(Kim et al., 2024) and SLEB (Song et al., 2024).
Where available, official model checkpoints are
used to reproduce reported results. Otherwise, each
baseline is carefully re-implemented by strictly fol-
lowing the pruning metrics reported in their orig-
inal literature. To ensure a fair comparison, we
adopt the single-iteration recipe for Minitron. All
baselines are integrated into a unified evaluation
framework with identical training data, distillation

834



Table 1: Comparison of Qwen2.5-14B-Instruct results with and without fine-tuning. E*>-PRUNER achieves best in
performance and speedup. “: We use the officially released checkpoints to reproduce the reported results. ': We use
the single iteration recipe for Minitron, which is equivalent to ShortGPT with Adaptive KD.

Method Param. | SciQ PIQA WG ArcE ArcC(25) HS(10) LogiQA BoolQ MMLU(5) Avg T |Speedup 1 # Token |
Original 148B | 940 781 69.0 763 54.2 78.7 30.4 71.7 459 69.8 1.0x -
w/o KD fine-tuning
ShortGPT 82B |31.6 56.7 503 30.5 27.6 34.0 24.9 53.8 24.6 37.1 1.63x -
Shortened LLaMA 82B | 59.8 539 514 344 22.6 26.1 25.5 45.5 25.6 383 1.63x -
SLEB 82B | 750 642 515 509 24.9 421 25.5 584 24.6 46.3 1.63x -
E’-PRUNER (stage 1) 8.2B | 88.3 72.0 54.5 69.2 40.9 57.0 26.9 62.0 28.4 55.5 1.63x -
w/ KD fine-tuning
LLM-Streamline 82B |89.2 735 526 687 36.0 55.9 255 59.9 26.9 54.2 1.63x 0.5B
Sheared-LLaMA 82B | 934 748 604 713 44.4 64.1 26.0 65.9 32.1 59.2 1.63x 0.5B
Shortened LLaMA 82B |91.0 756 59.6 747 475 64.8 273 60.8 31.6 59.2 1.63x 0.5B
DarwinLM" 84B | 843 738 59.0 758 49.1 53.6 28.9 67.2 42.8 59.4 1.43x 1.0B
SLEB 82B | 93.0 768 613 754 47.8 66.6 28.6 65.1 33.7 60.9 1.63x 0.5B
Minitron® 82B | 919 735 620 721 44.9 64.5 284 70.4 32.8 60.1 1.63x 0.5B
E’-PRUNER (stage2) 82B | 93.7 769 63.0 76.0 47.9 67.2 30.0 66.5 36.5 61.9 1.63x 0.5B

Table 2: Results on Qwen3-32B and DeepSeck-R1 with KD fine-tuning. T:

We test the results based on

LiveCodeBench-v5, with questions spanning from 2024.08 to 2025.01.

Method Param. M?(%H- AIME’24 AIME’25 DGi;:S(‘:;d Lg:fc(;g-e- Mll\,/[l.I;U' ArenaHard Avg T | Speedup T # Token |
Owen3-32B
Original 32.8B 96.8 79.6 71.3 64.7 66.9 76.5 93.5 78.5 1.0x
“Sheared-LLaMA  289B | 932 600 - 554 520 563 6.1 786 68 |
Minitron 28.9B 95.4 72.1 64.2 61.6 62.9 74.8 92.3 74.8 1.13x 0.5B
E*-PRUNER 28.9B 96.2 76.3 65.8 61.1 65.1 74.5 91.4 75.8
Sheared-LLaMA ~ 25.0B | 924 588 496 409 360 558 674 513 |
Minitron 25.0B 95.0 68.3 61.7 59.1 57.7 70.5 85.0 71.0 1.33% 0.5B
E3-PRUNER 25.0B 96.0 71.7 64.2 60.1 60.3 70.1 87.3 72.8
DeepSeek-R1
Original 671B 97.2 77.9 67.1 73.7 65.4 82.8 96.3 80.1 1.0x
“Sheared-LLaMA ~ 601B | 96.6 77 575 667 555 800 930 744 |
Minitron 601B 97.0 75.0 62.9 71.2 65.1 81.8 95.0 78.3 1.13x 0.5B
E*-PRUNER 601B 97.0 76.3 60.8 73.2 67.3 81.2 96.2 78.9
Sheared-LLaMA ~ 509B | 926 596 - 21 6Ll 493 744 g1 662 |
Minitron 509B 95.6 68.8 554 69.2 59.2 80.2 89.8 74.0 1.33% 0.5B
E3-PRUNER 509B 95.2 65.8 60.0 69.7 59.9 79.8 90.0 74.3

methods, pruning ratios and a fixed budget of 0.5B
tokens. The gradual mask search occupies the first
10% of the budget and then we switch to the adap-
tive knowledge distillation to preserve task effec-
tiveness. The process is highly efficient: recovery
training for Qwen2.5-14B-Instruct completes in 1.5
hours using 64 NPUs, while the memory-intensive
DeepSeek-R1 is finalized within 24 hours using
LoRA (Hu et al., 2021). Complete pruning and
hyperparameters specifications are in Appendix C.

Evaluation Details. For Qwen2.5-14B-Instruct,
we follow established evaluation protocols by con-

ducting zero-shot assessments on SciQ (Welbl
et al., 2017), PIQA (Bisk et al., 2020), Wino-
Grande (Sakaguchi et al., 2021), ARC-easy (Clark
et al., 2018), LogiQA (Liu et al., 2020) and BoolQ
(Clark et al., 2019), along with few-shot evalua-
tions on HellaSwag (Zellers et al., 2019) (10-shot),
ARC Challenge (Clark et al., 2018) (25-shot) and
MMLU (Hendrycks et al., 2021) (5-shot), utilizing
the standardized Im-evaluation-harness framework
(Gao et al., 2024) ! to ensure consistency. For rea-

"https://github.com/Eleuther Al/Im-evaluation-
harness/releases/tag/v0.4.8
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Figure 4: Performance improvement breakdown. By applying proposed E3-PRUNER, we achieve significant
performance improvements across diverse benchmarks on Qwen2.5-14B-Instruct.

Table 3: Ablation of adaptive KD. Compared to normal KD, adaptive KD effectively improve the performance.

KD Type SciQ PIQA WG ArcE ArcC(25) HS(10) LogiQA BoolQ MMLU(S) Avg T
Offline KD |94.0 762 625 752 48.0 65.6 29.0 63.8 32.8 60.8
Adaptive KD | 93.7 76.9 63.0 76.0 47.9 67.2 30.0 66.5 35.8 61.9

soning models, we evaluate models on complex
reasoning tasks including MATH-500 (Lightman
et al., 2023), AIME-2024/2025, GPQA-Diamond
(Rein et al., 2023), LiveCodeBench (Jain et al.,
2024) and a 2000-question subset of MMLU-Pro
(Wang et al., 2024) for efficient yet comprehensive
assessment. Given the limited size of AIME bench-
marks, we conduct 8 independent evaluation runs
and report mean accuracy to reduce measurement
variance.

4.2 Main results

Results on Qwen2.5-14B-Instruct. We prune
24 of 48 layers for Qwen2.5-14B-Instruct and re-
port the accuracy on downstream tasks in Table 1.
Our approach consistently outperforms all baseline
methods, both with and without KD fine-tuning. In
the initial stage without KD, E3>-PRUNER achieves
a remarkable average accuracy of 55.5%, signifi-
cantly surpassing other pruning strategies such as
ShortGPT and SLEB. The integration of KD further
elevates performance to a peak of 61.9%, solidi-
fying a new state-of-the-art by surpassing existing
frameworks such as Minitron and DarwinLM. Be-
yond task accuracy, E>-PRUNER also delivers a
consistent 1.63x speedup. These results demon-
strate that E3-PRUNER effectively preserves the
capabilities of the original model while offering a
superior Pareto-optimal trade-off between compu-
tational efficiency and task accuracy.

Results on Qwen3-32B. To evaluate E3-
PRUNER on reasoning-focused models, we
conduct experiments with Qwen3-32B, as sum-

marized in Table 2. When 1/8 of the layers
are removed, E3-PRUNER achieves an average
accuracy of 75.8%, surpassing Minitron (74.8%)
and Sheared-LLaMA (65.8%). This advantage
persists under more aggressive pruning (1/4
layers removed), where our method maintains
an accuracy of 72.8%, compared to 71.0% for
Minitron and 57.3% for Sheared-LLaMA. Notably,
on MATH-500, E3-PRUNER exhibits a degradation
of less than 1% even at the 1/4 pruning ratio,
underscoring its robustness and practical viability
for scenarios demanding both inference efficiency
and mathematical reasoning capability.

Results on DeepSeek-R1. We further evaluate
the scalability of E3-PRUNER on DeepSeek-R1, a
671B mixture-of-experts model. As shown in Ta-
ble 2, E3-PRUNER outperforms baselines in both
8-layer and 16-layer pruning configurations. When
pruning 8 layers, our approach achieves an overall
accuracy of 78.9%, exceeding Minitron (78.3%)
and Sheared-LLaMA (74.4%), while maintaining
near-original performance on most tasks. Under
more aggressive pruning with 16 layers removed,
the resulting model retains an accuracy of 74.3%,
demonstrating the robustness of our method in
large-scale model compression with only marginal
performance degradation. These results collec-
tively validate the efficacy of E3-PRUNER in ef-
fectively compressing large-scale MoE models.

4.3 Analysis

Ablation Study. We provide a detailed break-
down of the performance gains across multiple
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Table 4: Ablation of searching budget. E>-PRUNER consistently outperform state-of-the-art methods across various
mask search budget on Qwen2.5-14B-Instruct, demonstrating its robustness.

Searching Budget | SciQ PIQA WG ArcE ArcC(25) HS(10) LogiQA BoolQ MMLU(5) Avg T
0.05 920 76.6 628 756 48.6 67.0 28.0 66.5 29.0 60.7
0.1 93.7 769 63.0 76.0 479 67.2 30.0 66.5 35.8 61.9
0.2 919 758 599 759 49.7 67.8 28.6 66.4 371 61.5
0.5 91.0 759 59.7 73.7 48.3 65.3 28.3 67.0 343 60.4

Table 5: Robustness of annealing temperature schedules. E*-PRUNER is insensitive to the specific annealing
trajectory (linear, exponential, or cosine), while maintaining superior performance over state-of-the-art methods.

Annealing Schedule | SciQ PIQA

WG ArcE ArcC(25) HS(10) LogiQA BoolQ MMLU(S) Avg T

93.7 769
93.7 758
93.8 76.0

63.0 76.0
62.5 74.6
62.8 75.1

Linear Schedule
Exponential Schedule

Cosine Schedule

47.
48.
48.

9 67.2 30.0 66.5 36.5 61.9
4 65.5 27.8 66.7 36.9 61.3
3 67.0 29.2 69.5 37.6 62.1

benchmarks to confirm the effectiveness of each
component. As shown in Figure 4, each integrated
module contributes to a consistent upward trend in
accuracy across all evaluated benchmarks. Specifi-
cally, our initialization strategy and Gumbel-TopK
search facilitate the generation of superior pruning
masks, resulting in steady performance improve-
ments. Furthermore, the introduction of Adaptive
Knowledge Distillation yields a significant perfor-
mance boost across all downstream tasks. More
detailed analysis of the training losses and the opti-
mization dynamics of Gumbel scores can be found
in Appendix D and Appendix F.

Effect of Adaptive Knowledge Distillation. To
demonstrate the superiority of our proposed adap-
tive KD loss over the conventional KD loss, we con-
duct a comparative experiment on Qwen2.5-14B-
Instruct. We prune 50% layers and keep all other
hyperparameters unchanged. Results in Table 3
show that while E*-PRUNER with conventional
KD loss already achieves competitive performance,
adopting the adaptive KD loss further improves the
accuracy from 60.8% to 61.9%, demonstrating its
effectiveness in identifying and emphasizing the
critical tokens that contribute more significantly.
Furthermore, our empirical analysis reveals that
KD recovery training yields superior model consis-
tency compared to standard fine-tuning. Detailed
comparative results are provided in Appendix E.

The Balance between Searching and Fine-
tuning. We further examine the influence of the
searching budget, the fraction of total training steps
allocated to the searching stage, on the perfor-

mance of our method. As shown in Table 4, E3-
PRUNER consistently outperforms existing state-
of-the-art approaches across various configurations.
This indicates that our method exhibits strong ro-
bustness with respect to the searching budget. In all
other experiments in this paper, a searching budget
of 10% of the total training steps is adopted.

Robustness of the Annealing Schedule. In the
searching stage, we employ a linear annealing
schedule for the Gumbel-TopK temperature (7). To
evaluate the sensitivity of our method to the temper-
ature trajectory, we conducted an ablation study on
Qwen2.5-14B-Instruct, comparing the default lin-
ear schedule against exponential and cosine decay
alternatives. Experimental results in Table 5 indi-
cate that our differentiable Gumbel-TopK search is
highly robust to the choice of annealing schedule,
with all variants consistently outperforming exist-
ing pruning baselines. Given its computational
simplicity and stable performance, we adopt the
linear schedule as the default configuration.

Effect of Different Token Budgets. We addi-
tionally report an extended-budget experiment on
DeepSeek-R1 below, with 8 layers pruned, and
include the unpruned DeepSeek-R1 as an upper
bound (original) reference. As shown in Table 6,
even at 0.5B our pruned model is already within
1.2 avg points of the upper bound; increasing the
budget yields further gains, but the improvements
show a clear saturation trend toward this ceiling.
We therefore keep 0.5B as the default setting in our
main experiments to preserve training economy.
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Table 6: Comparison of different token budget in DeepSeek-R1. Extended token budget leads to higher accuracy

but shows a clear saturation trend toward ceiling.

Token Budget MATHS00 AIME’24 AIME’25 GPQADiamond LiveCodeBench MMLUPro ArenaHard Avg 1
0.5B 97.0 76.3 60.8 73.2 67.3 81.2 96.2 78.9

1.5B 96.8 77.1 64.2 73.7 66.5 81.5 96.3 79.4

Upper bound (original) 97.2 719 67.1 73.7 65.4 82.8 96.3 80.1

Table 7: DeepSeek-R1 speedup results. Our 8-layer
pruned model delivers a consistent 1.13x speedup,
demonstrating practical deployability.

BS Prefill TTFT (ms) Decode TPOT (ms)
Orig /Prun Speedup | Orig/Prun Speedup
1 7014 /6187 1.13x 70.6/62.0 1.14x
10488 /9231 1.14x 69.7/62.0 1.12x
12463710858  1.15x 71.0/62.9 1.13x
64 | 13156/11451 1.15x 73.2/63.8 1.15x%
128 | 18973 /16459  1.15x 74.4/66.2 1.12x

Speedup Results on DeepSeek-R1. We evalu-
ate the speedup ratio achieved by our layer-pruned
DeepSeek-R1 model using the vLLM (Kwon et al.,
2023) framework in a realistic 64-card deployment
environment. As summarized in Table 7, under
the quantization of w8a8 and with input and out-
put lengths configured to 2K and 1K tokens, re-
spectively, the 8-layer pruned model consistently
demonstrates a 1.13 x speedup in both Time to First
Token (TTFT) and Time per Output Token (TPOT)
across a range of batch sizes. These results affirm
the practical viability and deployment efficiency of
the proposed method.

Generalizability to Iterative Schemes In main
experiments, we primarily adopt a single-stage
pruning-then-distillation strategy, prioritized for
its suitability for practical deployment. However,
we emphasize that he proposed E3-PRUNER frame-
work is inherently extensible to iterative refinement
protocols (e.g., the pruning-distillation-pruning cy-
cles utilized in Minitron) whenever the computa-
tional budget permits. To evaluate the compatibil-
ity of our method with multi-stage schedules, we
provide a comprehensive comparison between E3-
PRUNER and Minitron across 1, 2, and 4 iterations.
As summarized in Table 8, E3-PRUNER consis-
tently outperforms Minitron in all corresponding
settings. Notably, even our one-shot (1-iteration)
variant achieves superior average performance com-
pared to Minitron’s 4-iteration counterpart. This

significant margin underscores the efficacy of our
differentiable Gumbel-TopK sampler in identify-
ing high-quality pruning masks, which reduces the
reliance on costly iterative retraining.

Table 8: Comparison of E*-PRUNER and Minitron
across 1, 2, and 4 iterations. Even in a one-shot setting
(1 iter), our method surpasses the 4-iteration Minitron
baseline, demonstrating superior mask selection.

Metric Minitron E3-PRUNER
(Acc %) | l-iter 2-iter 4-iter | l-iter 2-iter 4-iter
SciQ 919 932 936 | 93.7 941 934
PIQA 735 762 748 | 769 755 755
WGA 62.0 637 626 | 63.0 629 62.7
Arc-E 721 739 753 | 76.0 750 749
Arc-C 449 457 465 | 479 475 511
HS 645 654 66.1 | 672 66.0 66.7
LogiQA | 284 30.1 290 | 30.0 300 303
BoolQ 704 652 672 | 665 68.1 69.1
MMLU | 328 35.1 37.7 | 358 40.0 40.1
AVG 60.1 609 614 | 619 62.1 62.6

5 Conclusion

In this paper, we first review existing pruning meth-
ods and observe that they struggle to simultane-
ously fulfill three critical requirements for practi-
cal deployment: task effectiveness, training econ-
omy, and inference efficiency. To overcome this
limitation, we propose E3-PRUNER, an effective,
economical, and efficient layer pruning approach.
E3-PRUNER incorporates a differentiable Gumbel-
TopK sampling mechanism to enable efficient and
precise optimization of layer masks, along with
an adaptive knowledge distillation strategy to im-
prove performance and maintain consistency. Ex-
tensive experiments conducted on diverse model
architectures and benchmarks demonstrate the su-
periority of our approach. The results not only
confirm the efficacy of our method, but also show
that it achieves the best trade-off to date across the
challenges for practical deployment.
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6 Limitations

Despite its effectiveness, E3-PRUNERhas limita-
tions that offer avenues for future research. First,
our study focuses on layer-level pruning. While the
Gumbel-TopK mechanism proves robust here, its
generalizability to other pruning paradigms, such
as width pruning in LLMs or expert pruning in
Mixture-of-Experts (MoE) architectures, remains
to be explored. These granularities may introduce
distinct optimization challenges regarding stability
and sparsity patterns. Second, our recovery stage
relies on standard, off-the-shelf pre-training or SFT
datasets. We have yet to investigate the potential of
model-generated (synthetic) data, which might pro-
vide better performance due to higher distributional
alignment with the model’s internal representations.
We leave the exploration of self-generated data for
performance recovery to future work. Third, de-
spite that we have conducted a thorough evaluation
across a diverse set of benchmarks to ensure gen-
eralization, further analysis on multilingual and
low-resource benchmarks remains unexplored.
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A Related Work

Structured Pruning. Structured pruning meth-
ods aim to reduce model size by removing entire
substructures—such as attention heads, MLP chan-
nels, or hidden dimensions—directly from the net-
work. Prior research has proposed various crite-
ria for identifying the least important components.
For instance, LLM-Pruner (Ma et al., 2023) iden-
tifies coupled structural groups and evaluates their
collective importance to guide pruning decisions.
SliceGPT (Ashkboos et al., 2024) applies princi-
pal component analysis to weight matrices and re-
moves the least significant components, thereby
reducing the dimensionality of the weight matri-
ces. Although these methods are computationally
lightweight, they often lead to non-negligible per-
formance degradation. More recent approaches,
such as Sheared-LLaMA (Xia et al., 2024), achieve
state-of-the-art results by incorporating differen-
tiable mask search and dynamic batching during
retraining to maintain performance across diverse
tasks. Meanwhile, DarwinLM (Tang et al., 2025)
and Minitron (Muralidharan et al., 2024) adopt evo-
lutionary search strategies to identify optimal prun-
ing masks, followed by recovery training. However,
these techniques typically require iterative training
and evaluation of candidate architectures, which
incur high computational costs and hinder practical
deployment.

Layer Pruning. Layer pruning has recently
gained attention as an effective strategy for com-
pressing large language models. In contrast to
width pruning, which may result in irregular and
hardware-unfriendly structures, layer pruning re-
moves entire Transformer layers—including both
attention and feed-forward modules—thereby pre-
serving the regularity of the model and facilitat-
ing efficient deployment. Recent studies, includ-
ing ShortGPT (Men et al., 2024), SLEB (Song
et al., 2024), Shortened LLaMA (Kim et al., 2024),
and LinearPatch (Chen et al., 2025b), have demon-
strated the viability of layer pruning in significantly
reducing model depth while maintaining compet-
itive performance. Despite achieving notable in-
ference speedups, existing calibration-based layer
pruning methods still struggle to fully preserve the
original model’s capabilities, which remains a ma-
jor obstacle to their widespread adoption in deploy-
ment.

Neural Architecture Search. Neural Architec-
ture Search (NAS) automates the design of net-
work architectures by searching for optimal sub-
networks within a predefined super-net. Typical
NAS frameworks focus on optimizing sampling
strategies to identify high-performing and efficient
architectures. For example, Flextron (Cai et al.,
2024) introduces an integrated super-net that en-
capsulates multiple sub-networks, enabling flexible
and adaptive deployment. Similarly, Jet-Nemotron
(Gu et al., 2025) utilizes a PostNAS pipeline to de-
sign efficient linear attention blocks. These NAS-
based approaches primarily target efficient model
design and are orthogonal to our work, which fo-
cuses on developing a effective, economical, and
efficient pruning strategy tailored for real-world
deployment scenarios.

B Additional Results

Results on LLaMA-2-7B. As shown in Table 9,
E3-PRUNER achieves superior performance on
most downstream tasks after removing 60% of
the layers of LLaMA-2-7B, attaining an aver-
age accuracy of 58.3%—surpassing both Mini-
tron (55.3%) and DarwinLM (56.8%). Although
Sheared-LLaMA also employs learnable masks,
E3-PRUNER exhibits significantly better results,
attributable to its unique equivalence-preserving
property between mask search and pruning. More-
over, E3-PRUNER delivers a highest speedup of
2.18x with a modest token budget of 0.5B, high-
lighting its efficiency inference and economy in
training.

Results on openPangu-Ultra-MoE. We evalu-
ate E3-PRUNER on recently released openPangu-
Ultra-MoE-718B (Ascend Tribe, 2025), a large-
scale mixture-of-experts language model that in-
corporates depth-scaled Sandwich-Norm and EP-
group load balancing. During both the mask search
and recovery phases, we adopt a LoRA fine-tuning
paradigm with a rank of 64 applied to all linear
projection weights. The model is trained on 1.5 bil-
lion tokens sampled from the AM-DeepSeek-R1-
Distilled-1.4M corpus (Zhao et al., 2025). Training
is conducted over 6,000 iterations using a cosine
learning rate scheduler that decays from le-4 to
le-5. For E3-PRUNER, we prune a total of 8 layers,
comprising 6 MoE layers and 2 dense layers. In
the case of Minitron (Muralidharan et al., 2024),
only 6 MoE layers are pruned, as the dense layers
exhibit higher importance scores. The results are
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Table 9: Results on LLaMA-2-7B. E3-PRUNER achieves best in performance and speedup. We omit the MMLU
results for LLaMA-2-7B as they are close to random for all methods. *: We use the officially released checkpoints

to reproduce the reported results.

Method Param. | SciQ PIQA WG ArcE ArcC(25) HS(10) LogiQA BoolQ Avg 1 |Speedup 1 # Token |
Original 6.7B | 940 781 69.0 763 54.2 78.7 30.4 77.7  69.8 1.0x

ShortGPT 278|208 527 506 27.5 271 309 244 617 370 | 218x -
Sheared-LLaMA* 2.7B | 847 66.4 53.0 50.0 28.3 47.7 277 592 521 1.82x 0.5B
DarwinLM" 27B | 856 69.8 549 625 37.3 53.3 28.3 62.6 56.8 2.04x 1.0B
Minitron 277B | 8.4 67.2 56.5 58.0 329 49.4 29.3 624 553 2.18x 0.5B
E3-PRUNER 27B | 884 712 573 654 38.1 54.6 28.1 63.6 58.3 2.18x 0.5B

Table 10: Results on openPangu-Ultra-MoE-718B. T: We test the results based on LiveCodeBench-v5, with

questions spanning from 2024.08 to 2025.01.

- - Li - -
Method Param. | M2 AIME24 AIME’25 D‘;’:’{S{ﬁl A ‘g:i‘;ﬂe MMLU- ArenaHard Avg? | Speedup #Token |
Dense 718B | 97.8 825 76.7 80.8 69.5 80.2 975 836 | 1.0x
Minitron 644B | 966 74.6 64.6 732 62.5 80.1 937 779 | 1.13x 1.5B
E3-PRUNER 641B | 96.8 81.3 72.9 78.8 68.8 80.5 96.2 822 | 1.13x 158

summarized in Table 10. Although E3-PRUNER
prunes two additional layers compared to Minitron,
it achieves significantly better performance, with
an average performance degradation of only 1.4%,
in contrast to the 5.7% performance loss observed
with Minitron. These findings further validate the
superiority of the proposed E*-PRUNER.

C Implementation Details

We employs distinct pruning strategies that are tai-
lored to different model architectures. For LLaMA-
2-7B and Qwen?2.5-14B-Instruct, we adopt tar-
get pruning ratios of 60% and 50%, respectively,
consistent with established practices in prior re-
search. For the reasoning models Qwen3-32B
and DeepSeek-R1, we implement layer removal
configurations of 12.5% / 25% layers based on
empirical performance thresholds. The pruning
process begins with a layer importance estima-
tion using 40 calibration samples, followed by a
Gumbel-TopK mask searching and subsequent re-
covery training using 0.5B tokens. The gradual
mask search occupies the first 10% of the training
budget. For the remaining stages, we switch to
the adaptive knowledge distillation to preserve task
effectiveness. In a 64 NPUs setting, the pruning
for LLaMA-2-7B can be done in 0.5 hours, while
it take about 1.5 hours for Qwen2.5-14B-Instruct.
For the memory-intensive DeepSeek-R1, we em-
ploy LoRA (Hu et al., 2021) fine-tuning. Specifi-

cally, we extend the PEFT (Mangrulkar et al., 2022)
library to support LoRA adaptation of DeepSeek-
R1’s MoE architecture and integrate it with Mega-
tron’s (Shoeybi et al., 2019) tensor parallelism (TP)
and expert parallelism (EP). This integration en-
ables full-parameter LoRA fine-tuning across all
model components while staying within memory
limits. With a LoRA rank of 64 and TP=8/EP=8,
the trainable parameters amount to less than 3% of
the full model. As a result, the entire pruning and
fine-tuning pipeline for DeepSeek-R1 completes in
under 24 hours, representing a significant engineer-
ing advance for ultra-large MoE models. Complete
specifications of pruning configurations and train-
ing hyperparameters are provided in Table 11.

D Training Losses Analysis

Figure 5a shows that our initialization effectively
distinguishes important layers for Qwen2.5-14B-
Instruct in the initial stage (excluding the first and
last layers, which are not pruned). The training
curves in Figures 5b and 5c indicate that both
the proposed initialization and the Gumbel-Topk
search contribute to superior pruning mask, leading
to lower losses during either supervised fine-tuning
or knowledge distillation.
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Table 11: Hyperparameters details for pruning mask search and recovery training on LLaMA-2-7B, Qwen2.5-14B-

Instruct, Qwen3-32B, DeepSeek-R1.

LLaMA-2-7B Qwen2.5-14B-Instruct Qwen3-32B DeepSeek-R1

50% 12.5% /25% 12.5% 1 25%
le-4 le-5 le-4
Cosine Cosine Cosine
60 60 120
1200 1200 2400
120 120 240
- - 64
- - 128
32 32 64
16384 16384 4096
0.5B 0.5B 0.5B
Top 10 Top 10 Top 10
0.9 0.9 0.9

Hyperparameters
Pruning ratio 60%
Learning rate le-4
LR decay scheduler Cosine
LR warm-up steps 60
Training steps 1200
Mask search steps 120
LoRA rank -
LoRA alpha -
Global batch size 128
Context length 4096
Overall tokens 0.5B
Distillation logits Top 10
Anneal coefficient 3 0.9
1.0
0.8
0.6 r
0.4r
0.2
ot A
0 10 20 30 40
Layer Index
(a) Layer Importance
4.0
Baseline
35¢ +Initialization
+Gumbel-TopK
3.0 |
25 [ 7 AM
20+
0 300 600 900 1200
Training Steps
(b) SFT Loss Ablation
2.0
Baseline
1.5 +Initialization
+Gumbel-TopK
Loy | \\M
0.5
0.0 1 1 1 1 1
0 300 600 900 1200

Training Steps
(c) KD Loss Ablation

Figure 5: Ablations on Qwen2.5-14B-Instruct (a): Our

initialization identifies important layers at the beginning.

(b): Proposed components contribute to lower loss in
SFT training. (c): Proposed components contribute to
lower loss in KD training.

E Consistency Comparison between SFT
and KD.

We demonstrate that knowledge distillation not
only achieves substantially higher performance
than supervised fine-tuning but also maintains sig-
nificantly greater behavioral consistency between
the pruned and original models. To assess behav-
ioral consistency, we constructed an evaluation set
by randomly sampling 100 test cases from each of
four domains: MMLU (Hendrycks et al., 2021),
GSMS8K (Cobbe et al., 2021), IFeval (Zhou et al.,
2023), and Humaneval (Chen et al., 2021). The
average accuracy on this set is reported as the con-
sistency score. Using the Qwen2.5-14B-Instruct
model, we conducted comprehensive comparative
experiments under varying pruning ratios. As il-
lustrated in Figure 6, both SFT and KD exhibit
improved performance of the pruned models as
training progresses, indicating a gradual recovery
of capabilities. However, the behavioral consis-
tency of SFT-trained models fails to improve ef-
fectively with additional steps; indeed, under the
1/8 pruning ratio, it further declines. This sug-
gests that SFT leads to overfitting during recovery,
causing the pruned model to diverge from the orig-
inal model’s behavior. In contrast, KD ensures a
steady increase in consistency throughout training,
effectively preserving behavioral alignment with
the original model.

F Gumbel Scores Optimization dynamics

Figure 7 illustrates the optimization trajectory of
the Gumbel scores during the mask search phase.
In Figure 7a, we present the evolution of layer-wise
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Figure 6: Performance and consistency during training.
Despite both improving performance, KD effectively
improves the consistency while SFT deteriorates consis-
tency in some case.

scores throughout the search process. It can be seen
that as the search progresses, certain layers initially
selected for retention exhibit a decrease in scores
and are eventually pruned. In contrast, other layers
that demonstrate greater importance are identified
and retained in later stages of the search. Figure 7b
displays the layers retained during the forward pass,
sampled by the proposed Gumbel-TopK sampler.
Notably, due to our gradual strategy, the number of
retained layers decreases progressively. In the early
phases, the Gumbel-TopK sampler efficiently ex-
plores the mask search space, allowing nearly every
layer to be potentially pruned. In later stages, as
the scores converge and the sampling temperature
decreases, the mask selection stabilizes, indicating
that an optimal mask has been identified.
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Figure 7: Gumbel scores optimization trajectory on Qwen2.5-14B-Instruct. (a): The Gumbel scores of each layer
in each iteration step, the shadowed blocks indicate pruned layers. (b) The Sampled Gumbel scores during each
forward pass.
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