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Abstract

Large language models (LLMs) exhibit signifi-
cant layer-wise redundancy, motivating non-
uniform pruning for efficient compression.
However, existing sparsity allocation meth-
ods rely on indirect statistical heuristics de-
rived from weight magnitudes or activation
distributions, without directly assessing how
robustly each layer preserves semantic infor-
mation under input variation. We propose Per-
turbPrune, a framework that allocates layer-
wise sparsity by probing the intrinsic stability
of hidden representations. PerturbPrune esti-
mates the principal subspace of each layer’s
activations via PCA and injects structured per-
turbations along these directions. Layer sen-
sitivity is quantified through matrix difference
entropy (DiME): stable layers are identified
as encoding compact, essential features and
thus preserved, while highly sensitive layers are
deemed over-parameterized and pruned more
aggressively. Extensive experiments across
diverse LLM families (LLaMA, LLaMA-2,
Qwen, OPT) demonstrate that PerturbPrune
broadly matches or outperforms existing non-
uniform methods. Compared to uniform prun-
ing, it prevents catastrophic collapse, reducing
perplexity by up to 99.7% and improving zero-
shot accuracy by up to 22.7%. The method is
also highly efficient, completing sparsity alloca-
tion on Qwen3.5-9B in 7 minutes—achieving
24× and 17.4× speedups over AlphaPruning
and MRP. Finally, PerturbPrune generalizes
to Mixture-of-Experts architectures, achieving
up to 19.3% perplexity reduction on Qwen3.5-
35B-A3B.

1 Introduction

Large Language Models (LLMs) (Achiam et al.,
2023; Touvron et al., 2023a; Grattafiori et al., 2024)
have demonstrated strong performance across text
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Figure 1: Overview of two sparsity allocation
paradigms. (Left) Existing methods estimate layer im-
portance from static representation statistics. (Right)
PerturbPrune injects structured noise into hidden states,
measuring representational stability via output-to-input
deviation ratio. Lighter blocks denote pruned weights.

generation, complex reasoning, and semantic un-
derstanding (Chowdhery et al., 2023; Li et al.,
2025b), with model scaling consistently improving
task performance (Wei et al., 2022). However, the
massive computational cost and memory footprint
pose significant bottlenecks for deployment, par-
ticularly on resource-constrained platforms, mak-
ing effective model compression urgently needed.
Weight pruning (Frantar and Alistarh, 2023; Sun
et al., 2023) is highly effective for reducing re-
dundancy and accelerating inference by inducing
sparsity. However, early pruning methods apply
uniform sparsity ratios across all Transformer lay-
ers, which is suboptimal given the heterogeneous
sensitivity of LLM layers to parameter removal,
motivating the need for layer-aware non-uniform
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pruning strategies.
Recent non-uniform sparsity allocation methods

for LLM pruning rely primarily on layer-wise im-
portance heuristics derived from static weight or
activation statistics. OWL (Yin et al., 2023) uses
magnitude-based outlier statistics as a proxy for
importance, while AlphaPruning (Lu et al., 2024)
exploits heavy-tailed weight distributions but re-
quires over 5 hours to compute these distributions
for 32B models. MRP (Gao et al., 2025) allocates
sparsity based on layer-wise redundancy measured
by singular value decomposition, but requires it-
erative re-estimation of redundancy across layers,
incurring substantial computational overhead (up
to 1 day for 32B models), and relies on heuristic
step-size decay strategies that are prone to local
optima. Although DSA (Li et al., 2024) avoids
handcrafted heuristics via evolutionary search, it is
computationally expensive and lacks interpretabil-
ity.

Static approaches are fundamentally limited by
their use of snapshot statistics that ignore how lay-
ers respond to input variations. While these met-
rics capture parameter scales, they fail to assess
representational stability. For instance, a layer
with large-norm weights might be highly redun-
dant, while another with modest statistics could be
functionally critical (See Figure 7 Layer 0). Such a
mismatch is particularly problematic under extreme
sparsity, where misidentifying critical layers leads
to catastrophic degradation. Therefore, a dynamic
assessment of layer response to input variations is
essential.

We address this limitation by reframing layer im-
portance through dynamic representational stability
(Figure 1). Instead of relying on static statistics,
our approach evaluates each layer’s functional role
by probing its response to controlled perturbations
within the representation space. Layers that main-
tain stable outputs under perturbation are deemed
robust and preserved, while layers that amplify per-
turbations exhibit fragility and receive higher spar-
sity ratios. This stability-based criterion provides a
direct proxy for a layer’s contribution to represen-
tational integrity, enabling principled non-uniform
sparsity allocation.

We introduce PerturbPrune, a framework that
operationalizes this stability principle for non-
uniform sparsity allocation. PerturbPrune begins
by collecting hidden states from a small calibration
set. For each layer, it applies PCA to these states
to identify a low-dimensional subspace that cap-

tures their most salient representational directions.
Two independent perturbations are then generated
within this subspace and added back to the original
hidden states. After passing each perturbed ver-
sion through the layer, PerturbPrune measures the
matrix difference entropy via DiME (Skean et al.,
2023) between the resulting outputs. A high DiME
score signifies high stability, indicating the layer
effectively absorbs variations and maintains consis-
tent outputs, thus warranting a lower sparsity ratio.
Conversely, a low DiME score reveals fragility, per-
mitting more aggressive pruning. These stability
scores are then mapped to final layer-wise sparsity
ratios via a monotonic transformation.

Our major contributions are:
(1) A New Paradigm for Layer Importance: We

introduce representational stability as a novel prin-
ciple for assessing layer importance, shifting the fo-
cus from static parameter statistics to the dynamic
robustness of a layer’s representations under con-
trolled perturbations.

(2) A Principled and Practical Framework: We
propose PerturbPrune, which operationalizes this
principle by combining structured, PCA-guided
perturbations with an information-theoretic metric,
matrix difference entropy (DiME), to quantify layer
stability while avoiding the biases of magnitude-
based heuristics.

(3) State-of-the-Art Performance with High Ef-
ficiency: We demonstrate that PerturbPrune is
a lightweight, plug-and-play module that consis-
tently outperforms existing allocation methods
across diverse LLMs and sparsity levels. It is partic-
ularly effective in high-sparsity regimes and incurs
negligible computational overhead.

2 Methodology

In this section, we introduce PerturbPrune, a
framework for non-uniform sparsity allocation in
large language models, as illustrated in Figure 2.

2.1 Local Principal Subspace Approximation
and Noise Generation

Given a pre-trained LLM and a calibration dataset
Dcal = {xi}Ni=1, we first perform a single forward
pass to cache the clean hidden states H(ℓ,xi) ∈
RT×d for each layer ℓ and input xi, where T is
the sequence length and d is the hidden dimension.
For each layer ℓ, we estimate a local space from
the empirical activation distribution. We center
the token-level activations and compute the sam-
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Figure 2: Workflow of the PerturbPrune framework. (1) Collect hidden states from each layer using calibration
data; (2) Apply PCA for dimensionality reduction; (3) Generate two independent perturbations in the reduced
space to measure layer stability; (4) Compute matrix difference entropy between outputs of perturbed versions; (5)
High DiME scores (red curve) indicate stable layers assigned lower sparsity (blue curve), while low DiME scores
reveal fragile layers that are pruned more aggressively. Stability scores are mapped to sparsity ratios via monotonic
transformation.

ple covariance matrix over the T tokens, treating
each token as a d-dimensional sample. We then
perform PCA on this d× d covariance matrix, re-
taining the top-k principal components to obtain
an orthonormal basis V (ℓ) ∈ Rd×k. To generate
perturbations, we project the centered activations
onto this low-dimensional space:

Z = (H(ℓ,xi) − 1Tµ
(ℓ))V (ℓ), (1)

where Z ∈ RT×k represents the coordinates in the
space, µ(ℓ) ∈ R1×d is the mean activation, and
1T ∈ RT×1 is a column vector of ones. We then
add Gaussian noise in this space:

Z ′ = Z + δ(ℓ), δ(ℓ) ∼ N (0, σ2Ik), (2)

where σ controls the noise intensity. The perturbed
activations are mapped back to the original space
via:

H̃(ℓ,xi) = Z ′(V (ℓ))⊤ + 1Tµ
(ℓ). (3)

2.2 Layer Sensitivity Measurement
For each calibration sample xi and each layer ℓ,
we generate two independent perturbations of the
hidden states, yielding H̃

(ℓ−1)
1 and H̃

(ℓ−1)
2 . These

are separately passed through the ℓ-th layer fℓ, pro-
ducing outputs O(ℓ)

1 and O
(ℓ)
2 . We quantify the sen-

sitivity of each layer using the DiME metric (Skean
et al., 2023), which measures how much structural
correspondence between paired inputs is preserved
through the layer’s transformation. Specifically,
DiME computes the difference in α-Rényi entropy

between aligned and permuted kernel matrices de-
rived from the paired outputs. A higher DiME
score indicates that the layer preserves strong align-
ment between its two perturbed outputs, imply-
ing robustness to input variations. Conversely, a
lower DiME score suggests the layer disrupts input
correspondence, revealing sensitivity to perturba-
tions. Layers with lower DiME scores are thus
assigned higher sparsity ratios, while layers with
higher scores are preserved. Detailed formulas are
provided in Appendix B.

2.3 Adaptive Layer-wise Sparsity from
Robustness Scores

We translate robustness scores into non-uniform
sparsity ratios. Layers with high Sℓ (robust to per-
turbations) receive lower sparsity, while low Sℓ

(sensitive to perturbations) layers are pruned more
aggressively. We first compute a relative sensitivity
score Cℓ for each layer:

Cℓ = Smax − Sℓ, Smax = max
ℓ

Sℓ. (4)

After normalizing Cℓ to [0, 1], we apply a con-
trolled mapping with maximum deviation hyperpa-
rameter λ:

aℓ = 2λ · Cℓ − Cmin

Cmax − Cmin
, ā =

1

L

L∑

ℓ=1

aℓ. (5)

The per-layer sparsity is then

ρℓ = ρglobal + aℓ − ā, (6)
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Method Strategy Qwen3.5-9B Llama 2-13B Mistral-7B

PPL ↓ Acc ↑ PPL ↓ Acc ↑ PPL ↓ Acc ↑

Magnitude Uniform 265547.16 34.87% 269.03 33.56% 22923.11 33.33%
PerturbPrune 722.72 ↓99.7% 38.79% ↑11.2% 55.61 ↓79.3% 36.75% ↑9.5% 2444.03 ↓89.3% 35.63% ↑6.9%

Wanda Uniform 93.82 39.48% 46.61 37.44% 60.34 36.85%
PerturbPrune 71.61 ↓23.7% 42.52% ↑7.7% 17.49 ↓62.5% 45.94% ↑22.7% 29.13 ↓51.7% 40.64% ↑10.3%

SparseGPT Uniform 100.25 38.26% 18.39 45.28% 23.12 44.02%
PerturbPrune 75.79 ↓24.4% 40.12% ↑4.9% 12.79 ↓30.5% 48.96% ↑8.1% 17.28 ↓25.3% 45.43% ↑3.2%

Table 1: Performance comparison between uniform pruning and ours at 70% sparsity. We report PPL on WikiText2
and average zero-shot accuracy over seven tasks for three pruning methods. Blue ↓ and red ↑ denote PPL reduction
and accuracy gain, respectively.

ensuring the global average sparsity equals the tar-
get ρglobal while allowing layer-wise deviations up
to λ. In practice, we set λ to ensure all ρℓ remain
within [0, 1]. Finally, the computed {ρℓ} is fed into
any existing pruning algorithm.

3 Experiments

3.1 Experimental Settings

Models and Metrics. We evaluate PerturbPrune
on the LLaMA-v1/v2/v3 (Touvron et al., 2023a,b),
OPT (Zhang et al., 2022), and Qwen3.5 (Qwen
Team, 2026)1 model families, as well as Mistral-
7B (Jiang et al., 2023) and Vicuna-7B (Zheng
et al., 2023). Due to computational limits, we
use models up to 35B parameters, in FP16, with
max sequence length 2048. Most experiments run
on a single NVIDIA RTX 4090 with a memory-
expanded configuration (48GB), while Qwen3.5-
9B and Qwen3.5-35B-A3B are evaluated on a sin-
gle NVIDIA H20 (96GB).

Pruned models are assessed via PPL on
WikiText-2 (Merity et al., 2016), where lower
values indicate better performance, and via zero-
shot tasks using the EleutherAI harness (Gao
et al., 2024). The zero-shot benchmarks in-
clude RTE (Wang et al., 2018), WinoGrande (Sak-
aguchi et al., 2021), BoolQ (Clark et al., 2019),
OpenBookQA (Mihaylov et al., 2018), ARC-
Easy/Challenge (Clark et al., 2018), and Hel-
laSwag (Zellers et al., 2019), where higher accu-
racy indicates better performance.

Baselines. We compare PerturbPrune with four
recent layer-wise sparsity allocation frameworks.2

1For Qwen3.5, we apply pruning only to the text decoder
component while keeping the vision encoder unchanged, as
our focus is on language model compression.

2All baseline methods are evaluated using their official
open-source implementations.

OWL (Yin et al., 2023) allocates pruning ra-
tios based on activation outliers. AlphaPrun-
ing (Lu et al., 2024) leverages heavy-tailed self-
regularization theory to guide layer-wise pruning
decisions. MRP (Gao et al., 2025) uses singular
value decomposition to measure layer redundancy
for non-uniform pruning.

PerturbPrune is also integrated with three prun-
ing backbones for fair comparison: magnitude
pruning (Han et al., 2015), Wanda (Sun et al.,
2023), and SparseGPT (Frantar and Alistarh,
2023).

Implementation Details. We use 128 calibration
samples from C4 (Raffel et al., 2020) with sequence
length 2048. All methods use identical calibration
data, pruning backbones, and comparable hyper-
parameters, with a fixed random seed of 42. Un-
less otherwise specified, we retain the top-k = 80
principal components, which corresponds to ap-
proximately 11.76% of the token dimension, to
construct local subspaces, and apply perturbations
with a fixed noise scale σ = 0.001. Additional
details are provided in Appendix B.

3.2 Main Results

Effect of Stability-Driven Sparsity Allocation
under Extreme Sparsity. Table 1 compares uni-
form and stability-driven sparsity allocation at 70%
sparsity. Uniform allocation causes severe perfor-
mance degradation across all pruning backbones
and model families, with magnitude pruning col-
lapsing most dramatically. In contrast, stability-
driven non-uniform allocation substantially allevi-
ates this issue, reducing PPL by up to one to two
orders of magnitude and significantly improving
zero-shot accuracy when combined with magnitude
pruning. Moreover, consistent gains are also ob-
served when pairing stability-driven allocation with
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Method LLaMA-7B LLaMA-2-7B LLaMA-2-13B LLaMA-3.2-3B OPT-6.7B Mistral-7B Vicuna-7B Qwen3.5-9B

Dense 5.68 5.12 4.88 7.78 10.81 5.25 6.34 8.65

Magnitude 617.58 3679.78 11.22 14390.53 12807.26 48.46 685.13 33005.12
w. OWL 104.63 295.93 10.83 11246.45 17326.01 23.12 133.54 4530.50
w. Alpha 93.46 224.21 9.67 43836.41 17164.77 26.13 NaN 22326.37
w. MRP 119.42 138.52 12.19 15578.80 9675.96 42.73 89.80 123.57
w. Ours 156.70 135.78 9.49 7153.72 15230.07 21.47 89.80 51.20

Wanda 10.83 10.05 8.06 30.93 15.57 11.27 11.93 19.73
w. OWL 9.57 9.18 7.65 26.93 16.23 10.20 11.40 18.97
w. Alpha 9.79 9.81 7.59 30.29 27.92 10.78 12.02 20.01
w. MRP 11.25 9.89 8.62 26.36 36.71 10.46 13.37 22.93
w. Ours 9.32 8.63 7.21 26.60 15.40 10.34 10.52 20.45

SparseGPT 10.56 9.50 8.53 22.00 13.62 9.42 11.42 24.56
w. OWL 9.54 9.10 7.81 20.43 13.80 9.06 11.10 23.78
w. Alpha 10.01 9.71 7.76 23.82 20.24 9.46 11.82 15.74
w. MRP 10.73 9.78 8.39 21.19 17.47 9.43 12.68 36.00
w. Ours 9.51 8.61 7.18 19.94 13.62 9.10 9.97 24.40

Table 2: PPL results on WikiText2 at 60% sparsity. Alpha denotes AlphaPruning. Bold and underlined values
indicate the best and second-best results, respectively, among different non-uniform sparsity allocation strategies for
the same pruning method within each column.

stronger backbones such as Wanda and SparseGPT.
These results indicate that stability-driven alloca-
tion is complementary to both simple and advanced
pruning criteria, and becomes particularly critical
in extreme sparsity regimes where uniform alloca-
tion is highly suboptimal.

Perplexity Evaluation. Table 2 reports PPL re-
sults on WikiText2 at 60% sparsity. Uniform
magnitude pruning suffers severe performance col-
lapse, showing that magnitude-based sparsity allo-
cation is inadequate at high sparsity. Heuristic non-
uniform strategies (e.g., OWL and AlphaPruning)
yield only limited and unstable improvements. In
contrast, stability-driven sparsity allocation consis-
tently enhances performance across pruning back-
bones. Gains are most pronounced for magnitude-
only methods, where stability-driven variants re-
duce PPL by orders of magnitude. When paired
with activation-aware methods such as Wanda and
SparseGPT, improvements are smaller but consis-
tent, achieving the best or second-best PPL on most
models. Overall, stability-driven allocation is ro-
bust across model families and particularly effec-
tive in high-sparsity regimes.

Zero-Shot Evaluation. Table 3 reports average
accuracy over seven zero-shot tasks at 60% spar-
sity. Consistent with perplexity results, uniform
sparsity causes severe degradation across all back-
bones, while non-uniform strategies consistently
improve performance. Our stability-driven noise
methods, frequently achieve the best or second-best

results among non-uniform variants under the same
base pruner across model families. These methods
are particularly effective with magnitude pruning,
yielding large gains over heuristics such as OWL
and AlphaPruning and in some cases matching or
surpassing more advanced pruners. When com-
bined with Wanda and SparseGPT, they provide
stable improvements on LLaMA and OPT. Taken
together, these findings demonstrate that stability-
driven sparsity allocation effectively safeguards
both language modeling quality and downstream
semantic understanding in highly sparse regimes.

To confirm that our gains stem from principled
importance estimation rather than arbitrary non-
uniformity, we compare against 499 random con-
figurations, ranking 1st out of 500 (Appendix E).

Effectiveness on Mixture-of-Experts Models
To validate the generalizability of PerturbPrune
to different architectural paradigms, we further
evaluate on Qwen3.5-35B-A3B, a state-of-the-art
Mixture-of-Experts model. MoE architectures
present unique challenges for pruning due to their
sparse activation patterns and expert routing mech-
anisms. Table 4 presents comprehensive results
across three pruning ratios (50%, 60%, and 70%),
comparing PerturbPrune against uniform pruning
and two recent advanced methods: Owl and Al-
phaPruning.

Our method demonstrates consistent superior-
ity across all sparsity levels and competitive base-
lines. At 50% sparsity, PerturbPrune achieves the
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Method LLaMA-7B LLaMA-2-7B LLaMA-2-13B LLaMA-3.2-3B OPT-6.7B Mistral-7B Vicuna-7B Qwen3.5-9B

Dense 60.08 59.69 63.05 57.24 32.57 64.37 60.36 67.29

Magnitude 36.12 39.53 43.87 32.52 32.57 45.08 45.21 33.52
w. OWL 40.93 43.41 47.59 32.88 32.54 49.56 47.56 35.75
w. Alpha 41.46 43.69 50.97 31.99 32.45 48.86 48.17 35.30
w. MRP 42.13 44.20 49.08 32.73 32.39 46.34 40.68 46.86
w. Ours 40.54 44.31 47.77 32.93 32.34 48.72 48.75 47.26

Wanda 50.60 50.19 55.46 41.76 46.11 51.09 51.90 55.89
w. OWL 51.29 51.71 57.39 43.92 45.80 52.57 53.03 56.04
w. Alpha 50.83 51.25 56.20 42.45 44.46 49.93 53.33 50.82
w. MRP 47.77 49.34 58.72 44.67 46.44 52.13 53.83 51.91
w. Ours 51.92 51.74 56.54 43.06 45.86 54.43 53.74 56.83

SparseGPT 51.51 51.52 55.94 45.85 48.33 54.44 52.72 49.94
w. OWL 51.61 52.30 56.90 47.15 47.89 54.77 53.88 50.19
w. Alpha 51.00 51.60 56.60 46.15 46.06 53.16 54.28 53.76
w. MRP 52.06 52.86 56.96 47.09 46.04 55.12 53.21 47.00
w. Ours 52.77 52.30 56.69 46.99 48.54 55.58 53.95 51.27

Table 3: Average Accuracy on seven zero-shot tasks at 60% sparsity. Alpha denotes AlphaPruning. Bold and
underlined values indicate the best and second-best results, respectively, among different non-uniform sparsity
allocation strategies for the same pruning method within each column.

Sparsity Method PPL↓ ARC-C↑ ARC-E↑ HellaSwag↑ RTE↑ WG↑ BoolQ↑ OBQA↑ Avg.↑

50%

Uniform 7.45 56.14 83.12 60.30 81.59 71.90 87.00 32.60 67.52
Owl 7.25 56.48 83.29 60.74 82.67 72.45 87.03 32.80 67.92

Alpha 7.11 57.25 83.12 60.39 83.03 72.06 87.34 32.20 67.91
Ours 7.00 57.25 83.25 60.59 85.20 72.77 87.00 32.40 68.35

60%

Uniform 8.62 53.50 82.11 58.52 77.26 70.40 84.56 32.40 65.54
Owl 8.38 55.63 82.66 58.79 79.78 69.69 86.73 31.20 66.35

Alpha 8.15 55.97 84.34 58.00 75.81 71.67 81.80 31.80 65.63
Ours 7.80 56.23 83.63 58.47 81.23 71.11 82.87 32.00 66.51

70%

Uniform 12.50 49.40 80.13 54.72 71.48 66.14 51.50 31.00 57.77
Owl 11.74 49.74 80.35 54.65 74.01 65.35 70.40 30.20 60.67

Alpha 12.17 49.23 80.81 52.70 67.51 62.67 54.40 30.80 56.87
Ours 10.09 49.57 80.72 54.07 69.68 64.33 62.20 30.20 58.68

Table 4: Performance comparison on Qwen3.5-35B-A3B model with different pruning ratios using Wanda pruning
method. Alpha denotes AlphaPruning. MRP is not included as it requires impractical computation time on this
model size. PerturbPrune consistently outperforms uniform pruning across various sparsity levels. Bold values
indicate the better result between methods.

best perplexity (7.00) and highest average accu-
racy (68.35), outperforming uniform pruning, Owl,
and AlphaPruning. At 60% sparsity, the advan-
tages become more pronounced with perplexity
of 7.80 vs. 8.62 (uniform) and average accuracy
of 66.51 vs. 65.54 (uniform), showing substan-
tial gains on reasoning tasks like RTE (+3.97) and
ARC-C (+2.73). At the aggressive 70% sparsity
level, where uniform pruning exhibits severe degra-
dation (perplexity: 12.50), PerturbPrune maintains
significantly better perplexity (10.09, a 19.3% re-
duction) while preserving critical capabilities, par-
ticularly on BoolQ (+10.70 points).

These consistent improvements across multiple
sparsity levels and against strong baselines validate

Method Time vs. PerturbPrune

PerturbPrune 7m 29s 1×
OWL 2m 21s 0.31×
MRP 2h 10m 17.4×
AlphaPruning 3h 1m 24.1×

Table 5: Wall-clock time for sparsity allocation on
Qwen3.5-9B.

PerturbPrune’s effectiveness on MoE architectures,
showcasing its ability to handle the unique sparse
activation patterns of expert routing mechanisms.

3.3 Computational Efficiency

Table 5 compares the wall-clock time of different
sparsity allocation methods on Qwen3.5-9B, where
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Sparsity 50% 60% 70% 80% 90%
Speedup 1.19× 1.24× 1.30× 1.68× 3.09×

Table 6: Wall-clock inference speedup of unstruc-
tured sparse models over the dense model under the
DeepSparse engine on an Intel Xeon Platinum 8469C
CPU (benchmark numbers reported in prior work).

all results represent the computational cost of de-
termining layer-wise sparsity ratios (excluding the
actual pruning execution), averaged over 3 runs.
PerturbPrune requires only 7 min 29 s, achieving
24× and 17.4× speedups over AlphaPruning and
MRP, respectively, while maintaining superior qual-
ity as shown in Table 11. The efficiency stems from
one-shot sensitivity estimation on cached hidden
states, avoiding iterative convergence or expensive
distribution computation required by competing
methods. This makes PerturbPrune practical for
large-scale deployment.

Beyond allocation-time efficiency, we further
examine whether the resulting sparse models trans-
late into end-to-end inference gains. Using the
DeepSparse engine3 on an Intel Xeon Platinum
8469C CPU, unstructured sparse models achieve
wall-clock speedups of 1.19×, 1.24×, 1.30×,
1.68×, and 3.09× at sparsities of 50%, 60%, 70%,
80%, and 90%, respectively (Table 6), with near-
linear scaling at moderate sparsity and significant
acceleration at 90%. PerturbPrune’s non-uniform
allocation is fully compatible with such sparsity-
aware engines, which exploit per-layer sparsity
regardless of whether the allocation is uniform
or adaptive. We note that realizing wall-clock
speedups from unstructured sparsity depends on
specialized sparse kernels and hardware support;
this is a shared challenge across the entire unstruc-
tured pruning field (SparseGPT, Wanda, OWL, and
AlphaPruning all face the same issue), not specific
to PerturbPrune, and our allocation strategy is or-
thogonal to the choice of inference backend.

3.4 Ablation Studies
Effect of Perturbation Scale. We analyze Per-
turbPrune’s sensitivity to the perturbation scale
σ and find that matrix difference entropy is sta-
ble under moderate sparsity (≤ 0.15% variation)
but more sensitive under aggressive pruning, with
worst-case PPL degradation of about 1.8%. The
optimal σ consistently lies in [10−4, 10−3], which
aligns well with our default principal subspace di-

3https://github.com/neuralmagic/DeepSparse

Figure 3: Relative Performance Degradation vs. Pertur-
bation Intensity (σ).

mensionality, indicating a robust and effective op-
erating point.

Figure 4: Relative PPL increase under different calibra-
tion data sizes at varying sparsity levels.

Impact of Calibration Data Size on Per-
turbPrune We analyze the effect of calibration
data size on sparse models at 50%, 60%, and 70%
sparsity. As shown in Figure 4, lower sparsity is
largely insensitive to calibration size, while higher
sparsity exhibits increased sensitivity but remains
stable with moderate calibration sets (128–512 sam-
ples).

Effect of Principal Subspace Dimensionality.
We study the impact of space dimensionality by
varying the retained principal component ratio. As
shown in Figure 5, relative PPL remains stable
across a broad range of component ratios at moder-
ate sparsity levels (50% and 60%), confirming the
robustness of our perturbation to dimensionality
choice. At higher sparsity (70%), lower component
ratios yield better performance, but PPL fluctu-
ates and increases near full-rank, indicating that
excessive feature directions introduce redundant
noise and impair importance estimation. These re-
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Figure 5: Relative PPL increase as a function of the
retained principal component ratio when constructing
principal spaces.

sults confirm the effectiveness of low-dimensional
space projections and support using a relatively
small component ratio to balance computational
efficiency and estimation accuracy.

Effect of Matrix Difference Metrics. To vali-
date the effectiveness of our proposed Difference
Matrix Entropy (DiME) for measuring matrix dis-
similarity, we conduct comprehensive ablation stud-
ies comparing DiME with three alternative metrics
commonly used in the literature. Specifically, we
compare against L2 Distance which measures the
Frobenius norm of the difference between two ma-
trices, Cosine Similarity which computes the co-
sine similarity between flattened matrix representa-
tions, and Activation Variance which measures the
variance of activation differences across calibration
samples.

Difference Metric WikiText ↓ Avg. Acc. ↑
DiME (PerturbPrune) 8.63 51.74
L2 Distance 8.96 50.75
Cosine Similarity 11.57 48.45
Activation Variance 10.46 49.87

Table 7: Ablation study on different matrix difference
metrics for computing DiME. We report perplexity on
WikiText (lower is better) and average accuracy on
downstream tasks (higher is better).

As shown in Table 7, our DiME metric achieves
the best overall performance with an average ac-
curacy of 51.74 across all downstream tasks, sub-
stantially outperforming L2 Distance (50.75), Ac-
tivation Variance (49.87), and Cosine Similarity
(48.45). DiME also demonstrates superior perfor-
mance on language modeling, achieving a Wiki-
Text perplexity of 8.63, representing a 3.8% im-

provement over L2 Distance. The superior per-
formance of DiME can be attributed to its abil-
ity to capture the information-theoretic divergence
between weight matrices through entropy-based
measurement. Unlike simple distances such as L2
norm or Cosine Similarity that only measure super-
ficial matrix differences, DiME better reflects the
semantic differences in model representations by
quantifying the distribution of singular values in
the difference matrix, providing a more principled
measure of matrix dissimilarity that directly corre-
lates with the preservation of model capabilities.

Figure 6: Layer-wise Matrix Difference Entropy under
different input perturbations. Blue: perturbations on ran-
dom high-dimensional hidden states (isotropic Gaussian
noise). Red: perturbations on synthetic low-dimensional
(3D) vectors prior to projection into high-dimensional
space (low-rank structured noise). Green: real data. No-
tably, the red curve exhibits a dramatic outlier at layer
30, where the entropy sharply increases to 35.

3.5 Matrix Difference Entropy Analysis:
Hidden States from Different Input
Sources

A key assumption of PerturbPrune is that layer-
wise stability measurements must be grounded in
semantically meaningful inputs. To validate this
assumption, we analyze the matrix difference en-
tropy of hidden states under three input regimes
with varying degrees of semantic content: Isotropic
Gaussian Input (IGI), Real Data Input (RDI), and
Low-rank Structured Input (LRSI), shown in Fig-
ure 6. IGI yields uniformly high entropy (∼0.69)
across all layers, providing no inter-layer differ-
entiation for sparsity allocation. RDI exhibits a
distinctive “check-mark” pattern: entropy drops
sharply from ∼0.18 (layer 0) to near 0 (layer 1),
then rises to ∼0.33 (layer 29), before decreasing
in final layers. This variation reflects early denois-
ing, progressive semantic disentanglement, and en-
ables meaningful layer-wise sparsity differentiation.
LRSI maintains flat low entropy (∼0.12) through-
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out, failing to provide discriminative signals despite
its geometric structure.

Implications for method design. These results
show that semantic structure in inputs is essential
for stability-based allocation. Only RDI produces
the structured entropy variation needed for non-
uniform sparsity assignment. This justifies two de-
sign choices: (1) real calibration data is necessary-
synthetic inputs yield uninformative metrics; (2)
PCA-guided perturbations, derived from real ac-
tivation statistics, probe semantically relevant di-
rections, enabling DiME to produce discriminative
layer-wise stability scores.

4 Conclusion

We propose PerturbPrune, a stability-driven
framework for non-uniform sparsity allocation that
probes layer robustness through structured pertur-
bations and quantifies sensitivity via matrix differ-
ence entropy. Experiments across multiple architec-
tures show PerturbPrune significantly outperforms
existing methods in high-sparsity scenarios, pre-
venting catastrophic degradation while maintaining
computational efficiency. As a lightweight, plug-
and-play module, PerturbPrune establishes repre-
sentational stability as an effective proxy for layer
importance, enabling efficient LLM deployment on
resource-constrained platforms.

Limitations

Despite strong empirical results, PerturbPrune has
several limitations. First, it introduces additional
overhead during sparsity allocation, as principal
subspace estimation, perturbations, and DiME com-
putation require extra forward passes on calibration
data. Although only 128 samples are used, the cost
grows with model size and sequence length.

Second, hyperparameters such as the number of
retained principal components (top-k), noise scale
(σ), and maximum deviation (λ) may require tun-
ing for new architectures or sparsity targets, despite
working well across our tested configurations.

Third, perturbations are injected and evaluated
per layer in isolation, so the stability estimate does
not explicitly model cross-layer error propagation.
We adopt this design because it guarantees linear-
time allocation and allows each layer’s sensitivity
to be cleanly attributed without confounded multi-
layer interactions; empirically, per-layer stability
already captures the dominant signal for allocation

across all tested configurations. Nonetheless, cas-
caded perturbation schemes that account for cross-
layer effects remain a promising direction for future
work.

Fourth, PerturbPrune exhibits architecture-
dependent degradation in certain extreme configu-
rations. On OPT-6.7B at 70% sparsity with Wanda
(Table 16), the method produces elevated perplex-
ity, while the same model with SparseGPT achieves
the best result among all methods (PPL=21.07).
This stems from OPT’s distinct architectural design
(post-normalization with learned biases, different
positional embeddings), which causes less consis-
tent manifold geometry across layers and reduces
the reliability of PCA-based space estimation at
extreme sparsity. Future work could address this
through architecture-adaptive stability estimation.

Finally, the method requires a minimum calibra-
tion set size (at least four samples) to ensure reli-
able DiME estimation, highlighting its dependence
on data diversity even for small-scale calibration.

Ethical Statement

This work introduces PerturbPrune, a sparsity allo-
cation framework for efficient compression of large
language models (LLMs) through stability-driven
pruning. We believe this research has positive so-
cietal impacts by reducing the computational and
memory requirements of LLMs, thereby lowering
energy consumption and carbon emissions associ-
ated with model deployment. This can democratize
access to advanced AI technologies, enabling their
use on resource-constrained devices and in under-
served regions, while promoting sustainability in
AI development.

However, we acknowledge potential risks.
Pruned models may exhibit degraded performance
on certain tasks or datasets, potentially amplify-
ing existing biases in the original models or re-
ducing robustness to adversarial inputs. To miti-
gate this, we evaluate PerturbPrune across diverse
benchmarks, including zero-shot tasks, and rec-
ommend thorough downstream testing before de-
ployment in real-world applications. All experi-
ments use publicly available models (e.g., LLaMA,
Qwen, OPT, Vicuna and Mistral) and datasets (e.g.,
C4, WikiText-2, EleutherAI harness), which do
not involve sensitive personal data or human sub-
jects, thus requiring no IRB approval. No private
or proprietary data was used. Regarding misuse,
while PerturbPrune is designed for benign effi-
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ciency gains, compressed models could theoret-
ically be used in harmful applications, such as gen-
erating misinformation. We encourage responsible
use and advocate for safeguards like content mod-
eration in deployed systems. Computationally, our
experiments were conducted on a single NVIDIA
RTX 4090 GPU and a single NVIDIA H20, mini-
mizing environmental impact compared to training
large models from scratch. Overall, we commit
to ethical AI practices and believe PerturbPrune
advances efficient, accessible AI without introduc-
ing novel ethical concerns beyond those inherent
to LLMs.
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A Related Work

Pruning Large Language Models. Large
language models (LLMs) are highly over-
parameterized, making pruning an effective way to
reduce model size and inference cost (Zhu et al.,

2024; Chhawri et al., 2025). Pruning methods
are typically unstructured, removing individual
weights for high sparsity but irregular patterns
(Frantar and Alistarh, 2023; Sun et al., 2023), or
structured, removing neurons or attention heads
for hardware speedup at the cost of accuracy (Xia
et al., 2023; Ma et al., 2023; Ashkboos et al., 2024;
Hu et al., 2025). Most rely on heuristic importance
measures, which may overlook the geometric
structure of hidden representations, motivating
more structure-aware pruning criteria.

Uniform Sparsity Pruning. Early LLM prun-
ing methods typically apply uniform sparsity ra-
tios across layers, implicitly assuming homoge-
neous layer sensitivity. Representative approaches
include SparseGPT (Frantar and Alistarh, 2023),
which leverages approximate second-order infor-
mation for one-shot unstructured pruning, Wanda
(Sun et al., 2023), which uses activation-aware mag-
nitude criteria without retraining, and LLM-Pruner
(Ma et al., 2023), which performs structured prun-
ing followed by lightweight recovery. While these
methods achieve effective compression at moderate
sparsity levels, enforcing uniform sparsity across
layers often leads to suboptimal performance at
higher pruning ratios due to neglecting layer-wise
heterogeneity.

Non-Uniform Sparsity Allocation. Recognizing
that LLM layers exhibit heterogeneous sensitivity
and redundancy, recent work explores non-uniform,
layer-wise sparsity allocation to better distribute
pruning budgets. OWL (Yin et al., 2023) adjusts
sparsity based on layer-wise activation outlier dis-
tributions, assigning lower sparsity to layers with
more outlier features. AlphaPruning (Lu et al.,
2024) leverages heavy-tailed self-regularization
theory, using the power-law exponent of each
layer’s weight spectral distribution as a layer impor-
tance indicator. SV-NUP (Sun et al., 2025) quan-
tifies layer importance via Shapley values, while
Týr-the-Pruner (Li et al., 2025a) employs global
search to optimize sparsity allocation. MRP (Gao
et al., 2025) uses singular value decomposition
to quantify layer redundancy, iteratively updating
redundancy estimates during the pruning process.
Several recent works explore alternative routes to
non-uniform allocation. Several recent works ex-
plore alternative routes to non-uniform allocation:
BESA (Xu et al., 2024) learns per-layer pruning
rates via blockwise reconstruction error minimiza-
tion, PrunerGPT (Shao et al., 2024) maps per-layer

23764

https://arxiv.org/abs/2205.01068
https://arxiv.org/abs/2205.01068
https://arxiv.org/abs/2306.05685
https://arxiv.org/abs/2306.05685


Algorithm 1 PerturbPrune
Input: Calibration set D = {xi}Ni=1, global sparsity ρglobal, PCA dimension k, max deviation λ, perturba-
tion strength σ
Output: Layer-wise sparsity allocation {ρℓ}

1: Phase 1: Sensitivity Estimation
2: for each layer ℓ ∈ {1, . . . , L} do
3: Initialize output collections: C1 = ∅, C2 = ∅
4: for each batch xi ∈ D do
5: H(ℓ,xi) ← Extract input hidden states for batch xi ▷ H(ℓ,xi) ∈ RT×d

6: Compute local basis V (ℓ) ∈ Rd×k via PCA on H(ℓ,xi), treating T tokens as samples in Rd

7: Z = (H(ℓ,xi) − 1Tµ
(ℓ))V (ℓ) ▷ Project to local principal space

8: H̃
(ℓ,xi)
1 , H̃

(ℓ,xi)
2 ← Perturb(Z, σ, V (ℓ,i), µ(ℓ))

9: O
(i)
1 = fℓ(H̃

(ℓ,xi)
1 ), O

(i)
2 = fℓ(H̃

(ℓ,xi)
2 ) ▷ Layer forward pass

10: C1 ← C1 ∪ {O(i)
1 }, C2 ← C2 ∪ {O(i)

2 } ▷ Collect outputs
11: end for
12: Concatenate all batch outputs: O1 = [O

(1)
1 , . . . ,O

(N)
1 ], O2 = [O

(1)
2 , . . . ,O

(N)
2 ]

13: Compute layer sensitivity: Sℓ = DiME(O1,O2)
14: end for
15: Compute layer contribution Cℓ := Smax − Sℓ, Smax = maxℓ Sℓ

16: Normalize robustness score Cℓ across all layers aℓ = 2λ · Cℓ−min(C)
max(C)−min(C)

17: Phase 2: Allocate Non-Uniform Sparsity
18: Compute mean robustness score ā = 1

L

∑L
ℓ=1 aℓ ▷ L is the total number of layers

19: Compute non-uniform sparsity for each layer ρℓ = ρglobal + aℓ − ā
20: return {ρℓ}

sensitivity scores to sparsity ratios through a linear
function, and Lua-LLM (Lu et al., 2025) optimizes
the global mask end-to-end with learnable soft top-
k thresholds, requiring gradient-based training. Or-
thogonal to allocation, DenoiseRotator (Gu et al.,
2025) concentrates weight importance within each
layer via learned orthogonal rotations, primarily en-
hancing uniform pruning and thus complementary
to PerturbPrune. In Appendix E.5, we compare
with these methods on Qwen3.5-9B and Qwen3.5-
122B-A10B, and show that combining DenoiseRo-
tator’s rotation with PerturbPrune’s non-uniform al-
location yields further gains at high sparsity. Over-
all, adaptive sparsity allocation consistently out-
performs uniform pruning, particularly under high
compression ratios, by preferentially preserving
critical layers.

Hidden State Manifolds and Manifold-Based
Noise Injection. Prior studies show that hidden
states in deep neural networks concentrate on low-
dimensional manifolds and evolve along structured
trajectories across layers, reflecting progressive rep-
resentation refinement and disentanglement (Mao
et al., 2024; Basri and Jacobs, 2016). This geomet-

ric structure implies that perturbations aligned with
the underlying manifolds affect model behavior dif-
ferently from isotropic noise in the ambient space.
Motivated by this, manifold-aware operations on
hidden representations, such as interpolation and
topology-preserving analysis, have been shown
to improve robustness and reveal layer-wise func-
tional roles (Verma et al., 2019; Islam et al., 2023;
Garcia et al., 2021). These findings suggest that
perturbations provide a principled probe of layer
importance. Accordingly, we estimate local prin-
cipal spaces via PCA and inject structured noise
in low-dimensional manifold coordinates to quan-
tify pruning sensitivity using information-theoretic
metrics.

B Detailed Implementation

Calibration Dataset We utilize a subset
of the C4 dataset (Raffel et al., 2020) for
sensitivity estimation, specifically the shard
c4-train.00000-of-01024.json. Following the
common practice in Sun et al. (2023), we randomly
sample 128 sequences from this file, each truncated
to a maximum length of 2,048 tokens, with a fixed
random seed of 42 for reproducibility. These
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samples are used to collect the hidden states and
calculate the local sensitivity via PerturbPrune, as
well as to compute neuron importance scores used
in Wanda and SparseGPT.

Sensitivity Estimation (DiME) We quantify per-
layer sensitivity using the matrix-based difference
of entropy (DiME) (Giraldo et al., 2014). Given a
layer ℓ, we collect two sets of output representa-
tions: O(ℓ)

1 and O(ℓ)
2 , produced by passing two inde-

pendent perturbations H̃(ℓ−1)
1 and H̃

(ℓ−1)
2 through

the ℓ-th layer fℓ. We compute the Gram matrices

K1 = O
(ℓ)
1 O

(ℓ)
1

⊤
and K2 = O

(ℓ)
2 O

(ℓ)
2

⊤
using a

linear kernel. This choice is motivated by the obser-
vation that semantic hidden states in LLMs are of-
ten linearly separable within their latent space (Her-
nandez et al., 2023), so a linear kernel effectively
captures the principal structure of the representa-
tion manifold while ensuring computational effi-
ciency.

The matrix-based Rényi’s α-order entropy of a
normalized positive semi-definite matrix A (with
tr(A) = 1) is defined as:

Sα(A) =
1

1− α
log

(
r∑

i=1

λi(A)α

)
, (7)

where {λi(A)} are the eigenvalues of A and r =
rank(A). We set α = 1 (the limiting case), which
corresponds to the matrix analogue of von Neu-
mann entropy (Giraldo et al., 2014):

S1(A) = −
r∑

i=1

λi(A) log λi(A). (8)

The DiME score for layer ℓ is then computed as:

Sℓ =
1

|Π|
∑

π∈Π
Sα

(
K1 ◦ πK2π

⊤

tr(K1 ◦ πK2π⊤)

)

− Sα

(
K1 ◦K2

tr(K1 ◦K2)

)
,

(9)

where ◦ denotes the Hadamard (element-wise)
product and Π is a set of random permutation matri-
ces that break the sample correspondence between
K1 and K2. A larger Sℓ indicates that the true
pairing has substantially lower entropy than ran-
dom pairings, implying the layer’s output is highly
aligned before and after perturbation (i.e., robust).
A value of Sℓ closer to zero suggests the pertur-
bation disrupts the output structure (i.e., sensitive).

The resulting scores {Sℓ} are then fed into the adap-
tive sparsity allocation described in Section 2.3,
where robust layers (high Sℓ) receive lower spar-
sity ratios to preserve their stable representations.

Interpretation of the DiME score. To make the
allocation principle explicit, we interpret the two
terms of Sℓ in the equation above. The second term
evaluates the entropy under the true pairing of the
two perturbed outputs; it is low when the layer pre-
serves the structural correspondence between the
two perturbed inputs. The first term evaluates the
same entropy under random pairings—the permu-
tations π ∈ Π destroy the sample correspondence—
and thus serves as a correspondence-free baseline.
Since Sℓ is their difference (random-pairing en-
tropy minus true-pairing entropy), it quantifies how
much structural correspondence the layer preserves:
a high Sℓ means the layer absorbs perturbations—
its outputs remain structurally aligned despite dif-
ferently perturbed inputs—so it behaves as a com-
pact, stable encoder whose parameters are effi-
ciently utilized, and it is preserved; a low Sℓ means
the layer amplifies perturbations—the two outputs
are no more aligned than random pairings—so its
capacity is spent encoding irrelevant input varia-
tions, the hallmark of over-parameterization, and
it tolerates more aggressive pruning. This is con-
sistent with the representation-learning principle
that good intermediate representations are invariant
to irrelevant perturbations while preserving task-
relevant information. Note that this “perturbation
sensitivity” is orthogonal to conventional prun-
ing sensitivity (quality degradation upon weight
removal); the two lead to opposite allocation de-
cisions, and conflating them makes our mapping
appear counterintuitive. Empirically, inverting the
mapping (pruning high-Sℓ layers more) performs
worse than uniform pruning for both DiME (Ta-
ble 9) and an independent importance metric, OWL
(Table 10), confirming the direction of the alloca-
tion.

Sparsity Allocation For the non-uniform spar-
sity allocation mechanism described in Section 2.2,
the hyperparameter λ in Eq. 5 is set to 0.1 across
all experiments. This value balances the layer-wise
sensitivity with the global sparsity constraint, ensur-
ing that the allocated pruning rates do not deviate
excessively from the target budget while remaining
adaptive to layer importance.
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Pruning Backbones PerturbPrune is designed
as a modular sparsity allocator that is compati-
ble with various weight-level pruning methods. In
our experiments, the actual pruning execution, in-
cluding weight importance scoring, mask genera-
tion, strictly follows the official implementations of
Wanda (Sun et al., 2023) and SparseGPT (Frantar
and Alistarh, 2023). We do not modify the under-
lying weight-level pruning logic, ensuring that any
performance gains are directly attributable to our
stability-driven sparsity allocation.

C Sparsity Strategies Comparison

Figure 7: Layer-wise sparsity allocation strategies for
Qwen3.5-9B at 70% overall sparsity. Our method
achieves the best performance among all strategies.

The analysis reveals a strong correlation between
the smoothness of layer-wise sparsity allocation
and the model’s performance on downstream tasks.
As shown in the figure, the sparsity allocation
curves for MRP and AlphaPruning exhibit severe
inter-layer volatility and irregularity. This unsta-
ble pattern likely disrupts the stable propagation of
information through the network, leading to their
relatively low average accuracies of 36.41% and
36.68% on zero-shot tasks, respectively.

In contrast, PerturbPrune produces a smooth, al-
most monotonically increasing sparsity schedule.
This approach preserves more parameters in the
shallower layers to process fundamental informa-
tion and prunes more aggressively in deeper lay-
ers, which aligns with the intuition that deeper fea-
tures have higher redundancy. This stable and well-
structured allocation strategy enables PerturbPrune
to achieve a state-of-the-art average accuracy of
42.52% on downstream tasks. These results demon-
strate that incorporating stability into sparsity allo-
cation guides the pruning process to create a more
rational sparse structure, thereby preserving critical
information while achieving efficient compression
and ultimately improving the model’s generaliza-
tion performance.

D Pseudo-code of PerturbPrune
Algorithm

We provide the complete pseudo-code of our pro-
posed PerturbPrune method in Algorithm 1.

E Additional Validation and Detailed
Results

E.1 Effect of Allocation Strategy.

A key design choice in our method is the allocation
strategy that determines how pruning ratios are dis-
tributed across layers based on their DiME scores.
To validate our principle of "pruning less from sta-
ble layers," we compare three allocation strategies:
(1) Uniform allocation that assigns equal prun-
ing ratios to all layers regardless of their stability,
(2) Inverse Allocation that adopts the opposite
strategy by pruning more aggressively from stable
layers (low DiME scores) and preserving unstable
layers (high DiME scores), and (3) PerturbPrune
that prunes less from stable layers and more from
unstable layers based on the rationale that stable
layers contain critical knowledge that should be
preserved.

As shown in Table 9, our allocation strategy
achieves the best performance with an average ac-
curacy of 51.74 and a WikiText perplexity of 8.63,
substantially outperforming both uniform alloca-
tion (50.19 accuracy, 10.05 PPL) and inverse allo-
cation (50.42 accuracy, 10.59 PPL). Notably, the in-
verse allocation strategy, which aggressively prunes
stable layers with high DiME scores, performs even
worse than the uniform baseline. This significant
performance gap validates our core hypothesis that
layers with higher DiME scores encode more criti-
cal and robust knowledge that should be preserved
during pruning.

E.2 Ablation Study on Inverse Sparsity
Allocation

To validate the rationality of our proposed layer-
wise sparsity allocation strategy, we conduct an
inverse allocation experiment. Specifically, we re-
verse the sparsity distribution determined by OWL,
assigning higher sparsity to layers identified as
more important and lower sparsity to less critical
layers. This counter-intuitive allocation serves as
a strong ablation to verify whether our importance
assessment correctly identifies critical layers.

Experimental Setup We evaluate three sparsity
allocation strategies on Qwen3.5-9B at 70% overall
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Method PPL ↓ RTE ↑ WinoGrande ↑ BoolQ ↑ OBQA ↑ ARC-E ↑ ARC-C ↑ HellaSwag ↑ avg. ↑
L

L
aM

A
2-

7B
(5

0%
)

Dense 5.12 62.82 68.98 77.77 31.4 76.39 43.34 57.13 59.69

M
ag

Geodesic 15.85 60.65 63.77 63.73 26.6 63.22 36.01 50.21 52.03
Brownian 13.60 61.01 64.56 64.07 27.6 65.28 35.41 49.86 52.54
PerturbPrune 13.20 58.12 65.43 63.03 29.2 65.87 36.35 49.95 52.56

W
an

da Geodesic 6.42 53.43 67.24 72.60 30.0 73.06 39.08 53.08 55.50
Brownian 6.43 53.79 68.19 74.65 30.0 71.59 39.33 52.89 55.78
PerturbPrune 6.43 54.15 67.48 74.62 30.6 72.10 39.25 52.86 55.87

Sp
ar

se Geodesic 6.47 57.76 69.77 76.21 29.2 71.42 38.99 52.66 56.57
Brownian 6.50 56.68 70.01 76.27 29.0 71.76 38.23 52.63 56.37
PerturbPrune 6.49 60.65 70.64 76.09 29.0 71.72 39.33 52.54 57.14

Table 8: Performance comparison on LLaMA2-7B at 50% sparsity in different noise perturbations. Bold and
underlined values indicate the best and second-best results, respectively, among different non-uniform sparsity
allocation strategies for the same pruning method within each column. Mag. is short for Magnitude and Sparse is
short for SparseGPT.

Allocation Strategy WikiText ↓ Avg. Acc. ↑
PerturbPrune 8.63 51.74
Uniform 10.05 50.19
Inverse Allocation 10.59 50.42

Table 9: Ablation study on different pruning allocation
strategies. We report perplexity on WikiText (lower
is better) and average accuracy on downstream tasks
(higher is better).

sparsity: Uniform applies equal sparsity across all
layers; OWL follows the importance-based alloca-
tion with lower sparsity for important layers; OWL-
Inv reverses this allocation by assigning higher
sparsity to important layers.

Results Table 10 summarizes the experimental
results. The inverse allocation (OWL-Inv) leads
to catastrophic performance degradation across all
metrics. Perplexity increases dramatically from
78.77 to 145.40, indicating severe model collapse
when critical layers are heavily pruned. The aver-
age accuracy on downstream tasks drops by 4.18
points compared to OWL (from 41.02 to 36.84),
and even falls 2.64 points below the uniform base-
line. This degradation is particularly severe on
knowledge-intensive tasks, with ARC_E dropping
16.08 points and OBQA declining 2.80 points.

Analysis The experimental results validate sev-
eral key aspects of our approach. First, the layer im-
portance scores computed by our method success-
fully identify the truly critical layers in the network.
Second, preserving more parameters in important
layers (lower sparsity) is essential for maintain-
ing model capability. Finally, the dramatic perfor-
mance collapse under inverse allocation strongly
confirms that our sparsity distribution methodology
is well-grounded and effective.

E.3 Influence of Different Noise Perturbations

To investigate the impact of different geometric
noise perturbations on pruning performance, we
compare three distinct strategies for non-uniform
sparsity allocation: principal, Geodesic, and Brow-
nian, which are noise injection strategies proposed
in Jacobsen et al. (2025). As shown in Table 8,
we evaluate these strategies across three represen-
tative pruning methods—Magnitude, Wanda, and
SparseGPT—on LLaMA2-7B at 50% sparsity.

Superior performance of our method. The pro-
posed principal space perturbation consistently
achieves the best or second-best performance
across different pruning algorithms. With Magni-
tude pruning, it achieves the highest average accu-
racy of 52.56%, outperforming Geodesic (52.03%)
and Brownian (52.54%). For SparseGPT, it at-
tains the best average score of 57.14%, surpassing
both alternatives (Geodesic: 56.57%, Brownian:
56.37%). It also demonstrates superior perplex-
ity scores of 13.20 and 6.49 with Magnitude and
SparseGPT respectively, indicating better language
modeling capabilities.

Robustness across pruning methods. While the
relative performance of different noise strategies
varies slightly across pruning methods, our ap-
proach maintains consistent competitiveness, rank-
ing first in 2 out of 3 methods by average accuracy.
This robustness suggests that perturbation along
principal activation directions provides a more sta-
ble and effective mechanism for exploring non-
uniform sparsity patterns compared to alternative
geometric approaches.
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Pruning Rate Method PPL ↓ ARC-C ARC-E HellaSwag RTE WinoGrande BoolQ OBQA AVG. ↑

70%
Uniform 93.82 20.31 43.31 30.77 52.71 52.25 62.39 14.60 39.48

OWL 78.77 21.67 49.96 32.16 52.71 53.04 62.23 15.40 41.02
OWL-Inv 145.40 17.32 33.88 28.55 53.43 49.96 62.11 12.60 36.84

Table 10: Performance comparison of different sparsity allocation strategies on Qwen3.5-9B at 70% pruning rate.
OWL-Inv represents the inverse allocation where more important layers receive higher sparsity.

E.4 Detailed Quantitative Results

The following table presents the detailed perfor-
mance of various models in terms of Perplexity
(PPL) at sparsity levels of 50%, 60%, and 70%, as
well as their specific results on 7 zero-shot tasks.

To summarize these results, we tally win/loss
outcomes across all 72 model–pruner–sparsity con-
figurations reported above. Among the four non-
uniform allocation strategies (OWL, AlphaPruning,
MRP, and PerturbPrune), PerturbPrune attains the
lowest PPL in 46 configurations (63.9%), ranks sec-
ond in 13, and ranks third or fourth in the remain-
ing 13 (mean rank 1.67; no ties occur). Against
uniform allocation, PerturbPrune wins in 59 of 72
configurations, and its win rate increases monoton-
ically with sparsity, 66.7% at 50%, 87.5% at 60%,
and 91.7% at 70%, confirming that stability-guided
allocation is most beneficial when the pruning bud-
get is tight.

The 26 losses concentrate in three regimes. First,
on Mistral-7B, OWL wins 6 of 9 configurations,
predominantly at 50–60% sparsity. Second, on
Qwen3.5-9B pruned with SparseGPT, AlphaPrun-
ing is best at all three sparsity levels (e.g., 15.74
vs. our 24.40 at 60%). Third, at 70% sparsity with
Magnitude pruning, all allocation methods degrade
severely; four of the five losses there occur in con-
figurations where every method reaches PPL values
in the thousands, suggesting that rankings in this
regime are dominated by the instability of the heav-
ily pruned model rather than by allocation quality.
Notably, in 18 of the 26 losses PerturbPrune still
outperforms uniform allocation: even where it is
not the best allocator, it rarely falls below the uni-
form baseline.

E.5 Comparison with Recent Allocation
Methods

To situate PerturbPrune among recent non-uniform
allocation methods, we additionally compare
against BESA (Xu et al., 2024), Lua-LLM (Lu
et al., 2025), PrunerGPT (Shao et al., 2024), and
DenoiseRotator (Gu et al., 2025), using Wanda as

the pruning backbone and the same zero-shot eval-
uation protocol as in the main text.

Table 19 reports results on Qwen3.5-9B. Per-
turbPrune achieves the lowest PPL at all three spar-
sity levels and the highest average accuracy at 50%
and 60%; at 70%, OWL obtains a slightly higher av-
erage accuracy while PerturbPrune still maintains
the lowest PPL. Among the newly added baselines,
BESA is competitive at 50% (the highest AVG of
68.57) but collapses catastrophically at 70% (PPL
94.40), as its blockwise reconstruction objective
becomes ill-conditioned at extreme sparsity. Lua-
LLM degrades steadily as sparsity increases (PPL
10.20→ 18.95→ 73.89) despite requiring gradient-
based training, and PrunerGPT’s linear sensitivity-
to-sparsity mapping fails even at moderate sparsity
(PPL 14.65 at 50%) and collapses to near-random
performance at 70% (AVG 38.52). This confirms
that a linear mapping cannot capture the inter-layer
dependencies that perturbation-based stability mea-
surement detects.

Table 20 scales the comparison to Qwen3.5-
122B-A10B. PerturbPrune achieves the highest av-
erage accuracy at 50% (69.48) and 70% (60.52);
at 60%, BESA leads (65.22) with PerturbPrune
close behind (64.68). PrunerGPT is competitive
at 50% (AVG 68.67) but collapses at 70% (PPL
15.68, AVG 55.67)—the same “reasonable at mod-
erate sparsity, catastrophic at high sparsity” pat-
tern observed on the dense 9B model. Meanwhile,
MRP’s combinatorial search becomes computation-
ally prohibitive at this scale, whereas PerturbPrune
completes sparsity allocation in minutes via linear-
time PCA and DiME computation. Together with
the Qwen3.5-35B-A3B results in the main text,
these experiments establish coverage from 1.3B to
122B parameters.

Combination with DenoiseRotator. DenoiseRo-
tator reshapes the within-layer weight landscape
via learned orthogonal rotations, whereas Per-
turbPrune adapts the cross-layer pruning budget;
the two approaches are therefore orthogonal. In Ta-
bles 21 and 22, we apply DenoiseRotator’s rotation
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preprocessing and then compare uniform allocation
with PerturbPrune’s non-uniform allocation, both
using Wanda as the pruning backbone.

On the dense Qwen3.5-9B, non-uniform alloca-
tion consistently improves average zero-shot accu-
racy over uniform allocation after DenoiseRotator’s
rotation, with gains increasing at higher sparsity
(+0.57 / +2.15 / +2.56 AVG points at 50% / 60%
/ 70%); at 70%, it also substantially reduces PPL
(84.70→ 67.84). This demonstrates that even after
DenoiseRotator reshapes the weight distribution,
non-uniform layer-wise allocation provides addi-
tional, complementary benefits. On the Qwen3.5-
35B-A3B MoE model, the combination is most
effective at 60% sparsity (PPL: 8.98→ 7.42; AVG:
64.68→ 67.15, +2.47 points), while at 50% and
70% results are mixed across individual tasks. We
attribute this to the MoE architecture’s inherently
sparse expert activation, which partially overlaps
with PerturbPrune’s allocation mechanism, leaving
less room for allocation-level gains at extreme spar-
sities. Overall, DenoiseRotator improves what to
prune within each layer, while PerturbPrune im-
proves how much to prune per layer, and their com-
bination is particularly effective on dense models
at high sparsity.

E.6 Hyperparameter Robustness
We further validate PerturbPrune’s insensitivity to
hyperparameters at 60% sparsity. As shown in Ta-
ble 23, varying the noise scale σ by 1000× (0.001
→ 1) changes PPL by only 0.02 and average accu-
racy by 0.01; doubling the PCA ratio from 0.1d to
0.2d changes PPL by merely 0.01. Together with a
single λ = 0.1 used across all eight model families,
these results confirm that practitioners can safely
use the recommended defaults without architecture-
specific tuning.
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Method PPL ↓ RTE ↑ WinoGrande ↑ BoolQ ↑ OBQA ↑ ARC-E ↑ ARC-C ↑ HellaSwag ↑ avg. ↑

Q
w

en
3.

5-
9B

(5
0%

)

Dense 8.65 82.31 72.69 89.20 32.60 81.40 54.52 58.32 67.29

M
ag

ni
tu

de

uniform 1227.08 55.96 50.83 47.31 16.40 43.22 24.49 27.53 37.96
OWL 227.43 53.79 52.57 55.96 19.80 59.93 31.23 31.38 43.52
Alpha 345.60 52.71 52.96 53.88 16.60 50.21 27.56 28.47 40.34
MRP 19.04 70.76 65.04 64.34 25.40 72.52 40.44 43.95 54.64
PerturbPrune 18.90 74.73 63.46 66.67 26.00 73.15 40.44 44.87 55.62

W
an

da

uniform 9.53 74.37 68.43 84.40 27.60 81.90 52.30 52.34 63.05
OWL 10.76 78.70 69.85 84.89 27.40 80.26 50.51 51.20 63.26
Alpha 10.21 75.81 70.96 82.84 27.40 79.84 48.63 49.97 62.21
MRP 10.83 73.65 67.80 83.33 27.00 80.93 49.06 49.41 61.60
PerturbPrune 11.57 73.29 71.03 81.47 26.60 79.88 50.17 51.15 61.94

Sp
ar

se
G

P
T

uniform 11.91 75.09 68.51 77.37 26.20 74.96 45.48 50.28 59.70
OWL 12.14 66.43 68.59 74.95 29.00 76.14 47.35 50.28 58.96
Alpha 10.00 67.87 70.96 80.92 28.00 80.64 50.51 51.62 61.50
MRP 12.61 72.56 67.17 66.85 25.40 75.46 46.08 49.21 57.53
PerturbPrune 13.41 77.98 67.40 71.41 27.40 76.39 47.10 50.18 59.69

Q
w

en
3.

5-
9B

(6
0%

)
M

ag
ni

tu
de

uniform 33005.12 51.62 50.12 39.08 16.20 29.21 22.78 25.64 33.52
OWL 4530.50 51.26 50.51 46.15 16.40 36.57 22.61 26.73 35.75
Alpha 22326.37 49.10 49.01 54.92 16.00 29.55 22.70 25.82 35.30
MRP 123.57 61.73 57.46 65.23 18.80 56.90 31.06 36.82 46.86
PerturbPrune 51.20 56.68 56.91 63.09 20.00 61.28 33.53 39.30 47.26

W
an

da

uniform 19.73 67.51 64.80 77.77 24.00 73.91 39.51 43.70 55.89
OWL 18.97 65.34 64.88 78.23 24.40 75.04 40.61 43.80 56.04
Alpha 20.01 56.68 63.61 73.18 19.40 66.96 35.41 40.50 50.82
MRP 22.93 62.09 62.98 71.38 21.00 69.87 36.52 39.55 51.91
PerturbPrune 20.45 65.70 66.14 81.83 25.60 73.65 40.78 44.10 56.83

Sp
ar

se
G

P
T

uniform 24.56 56.68 61.88 67.28 20.40 66.58 35.49 41.27 49.94
OWL 23.78 61.73 63.54 62.75 21.80 64.81 35.41 41.30 50.19
Alpha 15.74 64.98 67.01 75.35 21.00 68.52 35.75 43.69 53.76
MRP 36.00 56.32 60.30 66.39 18.00 60.61 30.46 36.87 47.00
PerturbPrune 24.40 62.09 64.72 63.00 23.20 66.62 36.35 42.91 51.27

Q
w

en
3.

5-
9B

(7
0%

)
M

ag
ni

tu
de

uniform 265547.16 51.99 52.09 47.34 18.20 26.81 22.27 25.42 34.87
OWL 104856.15 55.60 49.96 42.26 16.20 27.82 22.78 26.05 34.38
Alpha 91953.74 49.10 50.59 42.14 15.80 26.09 22.10 25.85 33.10
MRP 1531.70 57.04 52.17 62.17 17.80 39.69 24.57 30.47 40.56
PerturbPrune 722.72 52.35 49.80 61.59 17.00 38.80 22.87 29.09 38.79

W
an

da

uniform 93.82 52.71 52.25 62.39 14.60 43.31 20.31 30.77 39.48
OWL 78.77 52.71 53.04 62.23 15.40 49.96 21.67 32.16 41.02
Alpha 107.07 52.71 51.46 62.20 12.20 32.87 17.32 28.03 36.68
MRP 92.46 52.71 47.91 60.55 11.20 36.99 17.24 28.26 36.41
PerturbPrune 71.61 52.71 56.51 62.48 16.80 51.39 23.81 33.95 42.52

Sp
ar

se
G

P
T

uniform 100.25 53.07 53.83 62.26 12.40 36.91 19.80 29.53 38.26
OWL 79.94 52.71 53.91 62.17 14.40 41.20 20.65 30.87 39.42
Alpha 42.77 53.07 56.43 62.32 13.20 39.10 18.43 31.41 39.14
MRP 109.37 53.07 50.59 61.04 12.60 33.25 17.83 28.20 36.65
PerturbPrune 75.79 52.71 53.59 62.11 15.60 43.22 21.42 32.21 40.12

Table 11: Performance on Qwen3.5-9B under different sparsity levels. Bold and underlined values indicate the
best and second-best results, respectively, among different non-uniform sparsity allocation strategies for the same
pruning method within each column.
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Method PPL ↓ RTE ↑ WinoGrande ↑ BoolQ ↑ OBQA ↑ ARC-E ↑ ARC-C ↑ HellaSwag ↑ avg. ↑

L
L

aM
A

-7
B

(5
0%

)

Dense 5.68 66.79 70.01 75.02 34.6 75.29 41.89 56.94 60.08

M
ag

ni
tu

de

uniform 17.73 54.51 59.43 54.53 22.6 58.80 33.53 45.49 46.98
OWL 17.44 52.35 63.61 57.95 26.6 61.07 34.73 47.56 49.12
AlphaPruning 16.64 52.71 55.72 62.17 16.2 43.52 20.56 31.67 40.36
MRP 15.94 51.26 63.69 63.00 23.8 61.32 34.13 47.43 49.23
PerturbPrune 21.34 52.71 60.93 59.17 27.4 59.68 33.87 46.21 48.57

W
an

da

uniform 7.35 55.23 65.90 71.07 28.4 69.19 36.69 51.90 54.05
OWL 7.40 55.60 69.61 72.84 29.4 70.83 36.09 52.10 55.20
AlphaPruning 7.33 59.57 67.64 72.84 30.0 69.78 36.43 51.77 55.20
MRP 8.04 61.73 68.58 71.92 26.6 68.22 35.83 50.96 54.84
PerturbPrune 6.44 54.15 67.17 76.02 30.0 72.56 38.48 53.20 55.94

Sp
ar

se
G

P
T uniform 7.29 56.32 68.19 72.91 28.0 70.83 35.58 51.32 54.74

OWL 7.37 55.96 67.80 73.76 27.8 70.58 36.52 51.45 54.84
AlphaPruning 7.37 55.23 68.75 74.01 27.6 70.45 35.84 51.21 54.73
MRP 7.86 59.20 67.87 72.32 27.4 68.05 35.23 50.81 54.42
PerturbPrune 7.30 61.01 68.51 73.91 27.4 71.09 36.52 51.84 55.75

L
L

aM
A

-7
B

(6
0%

)
M

ag
ni

tu
de

uniform 617.58 51.62 50.20 38.26 15.4 42.30 23.21 31.88 36.12
OWL 104.63 53.07 54.85 46.45 21.2 47.10 26.45 37.38 40.93
AlphaPruning 93.46 53.07 54.93 49.33 19.0 47.90 27.90 38.06 41.46
MRP 119.42 53.07 57.22 41.47 23.4 48.27 29.43 42.00 42.12
PerturbPrune 156.70 53.07 53.91 45.81 21.2 46.17 26.88 36.74 40.54

W
an

da

uniform 10.83 60.65 62.75 69.05 25.2 62.79 30.03 43.74 50.60
OWL 9.57 58.12 65.04 69.76 24.8 62.96 31.57 46.79 51.29
AlphaPruning 9.79 58.12 64.80 69.24 23.6 61.28 32.68 46.06 50.83
MRP 11.25 61.37 65.58 67.34 23.6 58.79 32.00 45.24 47.77
PerturbPrune 9.32 59.93 64.09 71.19 26.0 63.89 31.14 47.19 51.92

Sp
ar

se
G

P
T uniform 10.56 59.21 64.96 71.44 26.0 62.84 31.40 44.73 51.51

OWL 9.54 55.96 65.98 71.71 25.4 63.47 32.59 46.18 51.61
AlphaPruning 10.01 57.40 66.14 71.56 24.4 60.14 31.31 46.07 51.00
MRP 10.73 63.18 66.46 72.54 22.8 60.86 32.68 45.92 52.06
PerturbPrune 9.51 62.82 67.32 72.72 24.8 62.96 32.34 46.46 52.77

L
L

aM
A

-7
B

(7
0%

)
M

ag
ni

tu
de

uniform 50209.68 52.71 51.30 38.29 11.6 26.64 19.80 25.60 32.28
OWL 22231.62 52.71 50.99 37.83 13.8 29.76 22.27 28.20 33.65
AlphaPruning 1819.69 52.71 51.07 39.42 15.4 32.15 21.76 29.14 34.52
MRP 30859.36 52.70 52.09 38.38 16.2 33.54 22.87 29.89 35.10
PerturbPrune 17742.13 52.35 51.22 38.17 15.2 29.97 22.87 27.95 33.96

W
an

da

uniform 85.73 54.87 51.38 54.98 14.2 32.62 18.43 28.98 36.49
OWL 22.27 55.96 60.06 62.87 17.8 48.06 25.17 35.82 43.65
AlphaPruning 26.33 55.23 60.85 64.31 15.0 43.22 25.26 35.37 42.75
MRP 25.03 62.09 63.14 62.20 15.8 43.69 26.88 36.44 44.32
PerturbPrune 23.07 56.68 58.64 62.87 19.6 47.14 24.57 35.26 43.54

Sp
ar

se
G

P
T uniform 26.72 54.15 59.35 64.16 18.2 46.38 24.15 34.04 42.92

OWL 18.42 53.07 62.51 66.27 20.8 48.36 26.62 37.38 45.00
AlphaPruning 20.84 52.71 62.19 68.44 16.8 44.40 26.37 37.49 44.06
MRP 21.81 52.70 64.40 65.41 18.8 44.49 27.90 37.61 44.47
PerturbPrune 18.22 53.43 61.17 67.55 20.4 48.70 27.13 37.51 45.13

Table 12: Performance on LLaMA-7B under different sparsity levels. Bold and underlined values indicate the
best and second-best results, respectively, among different non-uniform sparsity allocation strategies for the same
pruning method within each column.
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Method PPL ↓ RTE ↑ WinoGrande ↑ BoolQ ↑ OBQA ↑ ARC-E ↑ ARC-C ↑ HellaSwag ↑ avg. ↑

L
L

aM
A

2-
7B

(5
0%

)

Dense 5.12 62.82 68.98 77.77 31.4 76.39 43.34 57.13 59.69

M
ag

ni
tu

de

uniform 14.90 57.04 59.43 54.53 26.8 64.06 33.53 49.09 51.15
OWL 19.12 55.60 63.06 60.92 29.4 64.18 34.47 48.89 50.93
AlphaPruning 17.71 55.23 64.33 63.70 27.6 63.51 36.09 49.43 51.41
MRP 16.55 58.12 62.51 58.56 29.4 66.37 37.37 53.91 52.32
PerturbPrune 13.20 58.12 65.43 63.03 29.2 65.87 36.35 49.95 52.56

W
an

da

uniform 6.45 53.43 67.80 76.36 31.6 72.22 38.40 52.39 56.03
OWL 6.89 53.79 67.80 75.44 30.2 71.97 38.82 53.03 55.86
AlphaPruning 7.05 54.87 69.14 75.60 29.2 71.72 39.16 52.44 56.02
MRP 7.50 62.82 69.06 70.86 30.0 71.68 38.57 52.69 56.52
PerturbPrune 6.43 54.15 67.48 74.62 30.6 72.10 39.25 52.86 55.87

Sp
ar

se
G

P
T uniform 6.54 54.87 68.82 76.73 29.6 72.10 39.25 52.27 56.23

OWL 6.96 55.96 69.85 75.75 29.4 71.93 39.08 52.95 56.42
AlphaPruning 7.13 61.73 68.98 75.78 27.8 71.51 39.33 52.38 56.79
MRP 7.57 64.62 68.98 76.18 28.4 70.20 38.05 52.67 57.02
PerturbPrune 6.49 60.65 70.64 76.09 29.0 71.72 39.33 52.54 57.14

L
L

aM
A

2-
7B

(6
0%

)
M

ag
ni

tu
de

uniform 3679.78 50.90 53.12 47.77 20.0 44.82 25.09 35.00 39.53
OWL 295.93 50.54 54.93 61.71 22.2 48.32 27.82 38.37 43.41
AlphaPruning 224.21 50.90 55.88 58.62 24.4 49.75 28.84 37.41 43.69
MRP 138.52 54.87 53.99 61.50 22.2 49.83 28.33 38.72 44.20
PerturbPrune 135.78 51.62 55.64 59.79 24.2 49.66 30.03 39.26 44.31

W
an

da

uniform 10.05 53.43 65.19 67.25 26.4 64.77 30.72 43.59 50.19
OWL 9.18 53.79 66.77 67.09 28.0 67.72 31.91 46.67 51.71
AlphaPruning 9.81 53.79 68.11 66.67 25.4 65.28 33.28 46.19 51.25
MRP 9.89 55.60 67.01 66.61 27.2 65.28 33.96 47.02 49.34
PerturbPrune 8.63 54.51 67.17 64.68 28.2 67.76 33.28 46.56 51.74

Sp
ar

se
G

P
T uniform 9.50 53.43 65.82 72.66 26.2 65.28 31.91 45.31 51.52

OWL 9.10 53.43 66.38 73.67 26.4 65.36 33.79 47.09 52.30
AlphaPruning 9.71 54.51 67.25 73.09 24.4 64.48 30.97 46.49 51.60
MRP 9.78 59.21 67.64 74.59 25.0 63.72 32.59 47.30 52.86
PerturbPrune 8.61 55.96 65.82 73.61 26.8 65.07 31.40 46.57 52.18

L
L

aM
A

2-
7B

(7
0%

)
M

ag
ni

tu
de

uniform 52511.47 53.07 49.25 37.94 17.0 27.74 22.70 25.96 33.38
OWL 61966.93 52.35 50.59 39.63 17.8 33.92 23.63 28.06 35.14
AlphaPruning NaN 53.07 49.72 45.17 19.2 34.22 24.15 28.99 36.31
MRP 1356.14 52.35 53.67 49.08 17.2 38.26 24.40 32.82 38.26
PerturbPrune 17123.57 53.07 51.30 38.47 18.6 31.94 23.55 27.54 34.87

W
an

da

uniform 72.90 52.71 51.07 40.64 12.0 30.98 18.77 27.85 33.43
OWL 30.55 52.71 55.49 61.99 17.2 43.14 21.16 31.79 40.50
AlphaPruning 31.76 52.71 62.04 62.20 17.4 43.01 22.27 34.78 42.06
MRP 26.77 53.43 63.30 62.35 19.0 46.25 23.29 36.54 43.45
PerturbPrune 29.06 52.71 54.78 62.17 16.2 43.14 20.99 31.45 40.21

Sp
ar

se
G

P
T uniform 23.69 53.07 57.85 65.38 18.6 44.15 21.59 33.31 41.99

OWL 19.72 53.79 62.51 68.01 20.4 51.18 23.81 37.24 45.28
AlphaPruning 21.06 57.04 63.14 65.75 19.2 47.05 23.63 36.94 44.68
MRP 20.13 54.51 63.77 64.22 21.6 49.62 25.26 38.87 45.41
PerturbPrune 18.44 55.60 60.14 66.85 19.4 49.83 24.06 36.23 44.59

Table 13: Performance on LLaMA2-7B under different sparsity levels. Bold and underlined values indicate the
best and second-best results, respectively, among different non-uniform sparsity allocation strategies for the same
pruning method within each column.
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Method PPL ↓ RTE ↑ WinoGrande ↑ BoolQ ↑ OBQA ↑ ARC-E ↑ ARC-C ↑ HellaSwag ↑ avg. ↑

L
L

aM
A

2-
13

B
(5

0%
)

Dense 4.88 65.34 72.22 80.61 35.2 79.46 48.46 60.04 63.05

M
ag

ni
tu

de

uniform 6.49 55.96 65.35 57.65 27.6 70.54 38.48 54.39 52.85
OWL 7.06 57.76 69.22 56.36 30.4 71.72 39.93 55.56 54.42
AlphaPruning 6.55 62.45 69.06 70.92 31.8 74.96 42.32 56.25 58.25
MRP 8.54 63.18 70.17 52.97 32.0 72.35 42.15 56.88 55.67
PerturbPrune 6.14 55.60 69.77 58.56 31.6 72.10 40.27 55.40 54.76

W
an

da

uniform 5.69 59.93 70.80 81.28 32.0 75.72 43.09 57.06 59.98
OWL 6.06 64.98 70.24 80.73 32.0 76.30 42.75 57.52 60.65
AlphaPruning 5.99 58.84 71.43 80.03 33.0 76.73 43.09 57.00 60.02
MRP 6.63 59.93 70.40 80.76 33.8 76.39 42.66 57.41 60.19
PerturbPrune 5.57 65.70 70.80 80.34 31.2 76.73 42.92 56.71 60.63

Sp
ar

se
G

P
T uniform 5.73 66.79 71.90 81.71 32.8 75.08 41.13 56.12 60.79

OWL 6.16 61.37 71.98 81.65 33.0 75.34 43.00 56.06 60.34
AlphaPruning 6.07 64.62 72.14 81.44 31.6 75.00 41.98 55.88 60.38
MRP 6.59 56.32 70.72 81.35 34.4 74.45 42.24 56.28 59.39
PerturbPrune 5.63 62.09 72.77 81.59 33.2 76.47 42.49 55.59 60.60

L
L

aM
A

2-
13

B
(6

0%
)

M
ag

ni
tu

de

uniform 11.22 52.71 57.30 47.40 21.8 56.19 27.05 44.66 43.87
OWL 10.83 53.07 63.46 49.14 23.6 62.12 32.76 49.00 47.59
AlphaPruning 9.67 53.43 65.82 61.93 25.0 64.94 35.58 50.12 50.97
MRP 12.19 56.68 65.67 45.78 25.6 62.58 35.49 51.73 49.08
PerturbPrune 9.49 52.71 63.46 50.67 23.6 63.13 33.11 47.71 47.77

W
an

da

uniform 8.06 59.21 68.35 77.00 29.4 69.02 36.95 48.32 55.46
OWL 7.65 60.65 69.30 79.82 29.2 72.18 38.40 52.18 57.39
AlphaPruning 7.59 61.01 70.09 73.73 28.2 70.37 38.31 51.66 56.20
MRP 8.62 66.06 69.77 81.19 30.0 72.14 39.16 52.71 58.72
PerturbPrune 7.21 62.09 70.96 78.56 27.4 70.03 39.51 51.66 57.71

Sp
ar

se
G

P
T uniform 7.83 56.32 70.64 79.08 29.4 69.82 36.43 49.92 55.94

OWL 7.81 59.21 71.03 81.44 28.8 69.91 36.86 51.05 56.90
AlphaPruning 7.76 62.09 70.17 79.66 28.4 68.73 36.52 50.65 56.60
MRP 8.39 57.04 71.35 82.02 30.4 69.70 36.86 51.38 56.96
PerturbPrune 7.18 61.73 70.17 80.49 29.0 69.15 36.26 50.00 56.69

L
L

aM
A

2-
13

B
(7

0%
)

M
ag

ni
tu

de

uniform 269.03 52.71 49.41 38.69 14.6 31.31 20.65 27.53 33.56
OWL 54.59 52.71 56.67 38.96 15.6 40.36 24.32 35.41 37.72
AlphaPruning 34.37 52.71 62.04 49.51 17.2 42.59 28.50 37.57 41.45
MRP 33.89 52.71 58.17 42.45 18.2 45.29 27.47 41.44 40.82
PerturbPrune 62.38 52.71 53.91 38.44 14.0 35.61 22.78 32.79 35.75

W
an

da

uniform 46.61 52.71 51.30 62.39 12.6 35.19 18.77 29.10 37.44
OWL 16.69 52.71 62.67 66.06 23.0 58.84 29.27 39.56 47.44
AlphaPruning 15.20 52.71 67.72 63.70 21.4 56.48 28.75 40.33 47.30
MRP 16.70 53.79 65.98 77.31 23.0 57.66 30.89 41.93 50.08
PerturbPrune 19.16 52.71 58.48 62.84 21.0 54.00 25.68 35.83 44.36

Sp
ar

se
G

P
T uniform 18.39 53.07 61.09 66.85 20.4 53.20 25.85 36.53 45.28

OWL 13.99 56.32 66.30 71.47 24.2 59.81 28.67 41.48 49.75
AlphaPruning 13.49 53.79 68.43 71.01 22.8 57.28 29.18 41.23 49.10
MRP 13.99 60.65 68.67 75.02 26.0 59.13 30.46 43.19 51.87
PerturbPrune 13.55 54.51 64.64 68.87 23.6 56.48 27.22 38.62 47.71

Table 14: Performance on LLaMA2-13B under different sparsity levels. Bold and underlined values indicate the
best and second-best results, respectively, among different non-uniform sparsity allocation strategies for the same
pruning method within each column.
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Method PPL ↓ RTE ↑ WinoGrande ↑ BoolQ ↑ OBQA ↑ ARC-E ↑ ARC-C ↑ HellaSwag ↑ avg. ↑

L
L

aM
A

3.
2-

3B
(5

0%
)

Dense 7.78 54.51 69.69 73.27 31.2 74.54 42.15 55.31 57.24

M
ag

ni
tu

de

uniform 138.88 53.07 53.59 41.96 14.2 40.57 22.78 30.91 36.73
OWL 96.52 51.99 54.14 48.81 17.6 41.25 23.21 35.26 38.72
AlphaPruning 138.91 52.71 54.30 43.94 15.8 41.50 22.87 29.60 37.25
MRP 72.04 47.65 56.27 49.63 17.6 41.75 25.77 35.57 39.18
PerturbPrune 56.99 51.99 56.27 44.50 18.6 45.33 25.09 37.25 39.86

W
an

da

uniform 12.88 54.51 65.11 68.44 26.0 65.24 32.51 45.28 51.01
OWL 12.98 54.87 65.43 70.00 24.0 65.82 32.42 46.16 51.24
AlphaPruning 13.59 53.79 64.56 70.64 25.0 64.86 32.17 45.28 50.90
MRP 14.52 54.87 65.51 71.59 22.2 63.85 33.79 46.34 51.16
PerturbPrune 12.83 52.35 63.93 69.88 26.0 63.80 32.17 45.42 50.51

Sp
ar

se
G

P
T uniform 12.20 59.93 67.17 71.53 24.4 65.82 34.64 47.10 52.94

OWL 12.20 61.01 66.46 72.69 27.6 64.94 33.96 47.85 53.50
AlphaPruning 12.85 59.93 66.38 72.35 24.8 65.87 33.53 46.98 52.83
MRP 13.43 60.65 65.82 72.81 26.8 65.61 34.98 48.35 53.58
PerturbPrune 11.94 56.32 67.48 71.77 25.8 64.02 34.47 47.54 52.49

L
L

aM
A

3.
2-

3B
(6

0%
) M

ag
ni

tu
de

uniform 14390.53 50.18 51.70 38.13 13.8 26.52 20.82 26.50 32.52
OWL 11246.45 53.79 50.75 38.01 13.8 26.52 20.73 26.53 32.88
AlphaPruning 43836.41 51.26 49.72 38.07 13.2 25.55 19.80 26.33 31.99
MRP 15578.80 51.99 48.70 39.76 14.8 27.15 20.14 26.61 32.73
PerturbPrune 7153.72 52.71 47.83 41.83 13.8 27.90 19.62 26.82 32.93

W
an

da

uniform 30.93 53.07 54.54 64.01 16.0 48.53 22.10 34.06 41.76
OWL 26.93 52.71 58.56 65.50 17.2 51.30 25.51 36.68 43.92
AlphaPruning 30.29 52.35 57.38 63.00 16.2 49.71 23.38 35.15 42.45
MRP 26.36 52.71 60.62 64.50 17.4 52.27 26.71 38.50 44.67
PerturbPrune 26.60 52.71 56.59 63.15 17.4 50.80 25.09 35.67 43.06

Sp
ar

se
G

P
T uniform 22.00 53.79 61.48 68.04 19.0 54.17 25.77 38.70 45.85

OWL 20.43 53.07 63.54 68.04 21.2 56.31 27.22 40.64 47.15
AlphaPruning 23.82 54.51 62.12 69.69 18.0 54.04 26.28 38.38 46.15
MRP 21.19 53.07 63.61 65.35 21.8 56.06 28.07 41.72 47.10
PerturbPrune 19.94 53.07 63.85 69.08 20.2 55.47 27.22 40.01 46.99

L
L

aM
A

3.
2-

3B
(7

0%
) M

ag
ni

tu
de

uniform 102649.44 54.15 49.96 38.35 13.6 25.72 21.67 25.95 32.77
OWL 85629.75 52.35 49.41 38.93 15.2 24.87 22.01 25.92 32.67
AlphaPruning 126437.85 48.74 49.01 39.60 15.0 25.63 20.90 25.98 32.12
MRP 102701.23 50.18 48.62 39.48 13.4 24.83 20.48 26.02 31.86
PerturbPrune 94965.54 51.26 48.46 37.98 12.0 25.76 20.14 26.38 31.71

W
an

da

uniform 134.55 52.71 49.17 51.59 11.4 29.34 17.49 27.24 34.13
OWL 122.42 52.71 49.33 62.05 12.8 32.87 18.26 28.20 36.60
AlphaPruning 172.95 53.79 50.28 41.90 11.4 29.00 17.83 27.19 33.06
MRP 101.20 52.71 49.33 62.17 13.0 34.39 18.86 29.07 37.07
PerturbPrune 108.91 52.71 50.20 61.13 12.0 32.95 18.60 27.94 36.50

Sp
ar

se
G

P
T uniform 66.57 52.71 51.78 62.14 14.2 37.46 20.14 30.10 38.36

OWL 53.61 52.71 53.59 63.49 13.4 38.68 20.14 32.43 39.21
AlphaPruning 74.10 52.71 51.30 62.20 13.6 36.03 18.77 30.02 37.80
MRP 53.45 52.71 55.72 63.33 13.8 41.08 21.67 33.35 40.24
PerturbPrune 50.62 52.71 55.56 62.78 13.4 40.19 20.31 31.71 39.52

Table 15: Performance on LLaMA3.2-3B under different sparsity levels. Bold and underlined values indicate the
best and second-best results, respectively, among different non-uniform sparsity allocation strategies for the same
pruning method within each column.
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Method PPL ↓ RTE ↑ WinoGrande ↑ BoolQ ↑ OBQA ↑ ARC-E ↑ ARC-C ↑ HellaSwag ↑ avg. ↑

O
PT

-6
.7

B
(5

0%
)

Dense 10.81 55.23 65.43 66.12 27.6 65.66 30.55 50.47 51.58

M
ag

ni
tu

de

uniform 1026.47 52.71 50.75 38.04 17.8 39.81 20.22 29.36 35.53
OWL 526.11 52.71 53.12 38.41 19.2 48.99 23.04 37.34 38.97
AlphaPruning 763.50 52.71 53.51 38.04 21.4 45.54 24.49 36.62 38.90
MRP 609.99 51.99 54.78 41.50 20.0 49.45 21.76 35.32 39.26
PerturbPrune 486.36 52.71 53.28 37.95 18.4 45.79 21.42 35.31 37.84

W
an

da

uniform 12.20 52.71 61.72 65.23 25.6 63.51 28.41 46.85 49.15
OWL 12.63 52.71 60.77 63.67 24.0 62.58 27.39 46.07 48.17
AlphaPruning 14.23 53.79 61.40 63.33 24.6 59.39 27.05 45.23 47.83
MRP 17.84 53.43 60.06 62.20 23.4 56.23 26.88 42.86 46.44
PerturbPrune 12.09 52.71 61.88 63.98 27.0 62.96 27.47 46.77 48.97

Sp
ar

se
G

P
T uniform 11.79 53.43 63.85 66.48 25.8 63.22 28.84 47.65 49.90

OWL 12.18 52.71 64.72 66.18 25.6 63.05 28.16 46.93 49.62
AlphaPruning 13.18 54.15 63.54 64.95 25.6 61.07 26.71 46.39 48.92
MRP 13.89 52.35 63.54 62.91 24.8 60.14 26.96 45.42 48.02
PerturbPrune 11.73 53.07 64.40 65.99 27.4 63.09 28.24 47.55 49.96

O
PT

-6
.7

B
(6

0%
)

M
ag

ni
tu

de

uniform 12807.26 52.71 50.51 37.83 12.6 26.43 21.76 26.16 32.57
OWL 17326.01 53.07 49.64 37.83 12.8 28.16 19.97 26.30 32.54
AlphaPruning 17164.77 52.71 49.33 37.83 12.4 27.69 20.82 26.38 32.45
MRP 9675.96 51.99 51.30 37.86 10.6 27.44 21.16 26.35 32.39
PerturbPrune 12286.28 52.71 47.51 37.83 14.0 27.40 21.50 26.41 32.29

W
an

da

uniform 15.41 52.71 59.19 62.26 22.8 57.74 25.26 42.80 46.11
OWL 16.23 52.71 58.72 62.51 22.8 57.58 24.49 41.82 45.80
AlphaPruning 27.92 55.60 57.46 62.17 19.2 51.81 25.26 39.73 44.46
MRP 36.71 53.43 56.51 62.17 18.2 48.32 24.40 37.64 42.95
PerturbPrune 15.57 52.71 59.75 62.32 22.2 57.28 24.32 42.54 45.87

Sp
ar

se
G

P
T uniform 13.62 53.07 63.46 64.25 23.6 61.83 27.13 44.94 48.33

OWL 14.50 51.99 64.01 63.64 24.6 59.93 27.05 44.00 47.89
AlphaPruning 20.24 54.51 61.17 62.17 22.6 54.46 25.85 41.67 46.06
MRP 17.47 53.43 60.22 62.23 22.0 57.11 25.60 41.66 46.04
PerturbPrune 13.80 54.87 62.75 63.15 26.0 60.90 27.56 44.64 48.54

O
PT

-6
.7

B
(7

0%
)

M
ag

ni
tu

de

uniform 17361.36 52.71 49.96 37.83 12.6 25.59 19.80 25.98 32.07
OWL 17428.32 52.71 49.49 37.83 13.2 24.79 21.59 25.88 32.21
AlphaPruning 23876.17 52.71 50.83 37.83 12.2 25.13 20.31 25.63 32.09
MRP 13398.36 52.71 50.75 37.83 12.8 25.72 20.90 26.11 32.40
PerturbPrune 15230.07 52.71 50.83 37.83 12.8 25.93 20.73 25.88 32.39

W
an

da

uniform 160.00 53.07 51.38 60.83 11.2 35.73 17.92 26.92 36.72
OWL 44.16 52.35 51.54 62.08 15.0 44.32 19.11 31.01 39.34
AlphaPruning 98.08 50.18 51.85 62.17 15.4 40.74 22.35 33.03 39.39
MRP 180.46 51.99 51.78 62.17 14.0 39.02 24.06 32.06 39.29
PerturbPrune 1035.47 50.54 48.54 38.99 13.4 31.73 17.24 26.70 32.45

Sp
ar

se
G

P
T uniform 20.78 52.35 57.77 62.20 20.6 54.92 24.06 38.72 44.37

OWL 22.59 54.51 56.91 62.14 18.8 52.53 24.15 37.35 43.77
AlphaPruning 76.33 46.57 57.38 62.17 19.6 42.26 25.00 35.43 41.20
MRP 35.47 53.79 55.41 62.17 19.0 48.91 23.04 35.83 42.59
PerturbPrune 21.19 52.71 60.14 62.26 20.4 53.96 23.63 38.86 44.57

Table 16: Performance on OPT-6.7B under different sparsity levels. Bold and underlined values indicate the best and
second-best results, respectively, among different non-uniform sparsity allocation strategies for the same pruning
method within each column.
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Method PPL ↓ RTE ↑ WinoGrande ↑ BoolQ ↑ OBQA ↑ ARC-E ↑ ARC-C ↑ HellaSwag ↑ avg. ↑

M
is

tr
al

-7
B

(5
0%

)

Dense 5.25 67.87 73.95 83.61 32.6 80.89 50.43 61.21 64.37

M
ag

ni
tu

de

uniform 7.92 55.96 66.46 71.04 27.2 72.60 41.30 56.64 55.89
OWL 8.04 59.57 69.53 69.11 27.8 72.31 40.70 56.89 56.56
AlphaPruning 8.50 57.76 68.11 70.95 26.6 73.74 42.06 56.35 56.51
MRP 8.38 58.84 69.61 72.75 27.4 73.36 42.32 56.35 57.23
PerturbPrune 8.47 58.48 68.82 67.61 29.2 72.18 42.06 57.08 56.49

W
an

da

uniform 6.55 57.76 71.27 82.84 27.4 74.66 42.75 55.17 58.84
OWL 6.65 58.84 70.48 82.66 26.8 74.49 41.64 55.01 58.56
AlphaPruning 6.69 59.93 69.46 81.47 26.4 74.71 39.68 53.62 57.90
MRP 7.02 59.57 70.64 82.26 26.6 74.79 41.72 54.76 58.62
PerturbPrune 8.10 61.37 66.93 81.35 28.0 76.43 46.33 51.03 58.78

Sp
ar

se
G

P
T uniform 6.47 66.06 71.03 82.75 27.2 75.72 42.83 56.18 60.25

OWL 6.61 65.34 71.90 82.78 26.4 75.38 42.58 55.85 60.03
AlphaPruning 6.62 63.90 71.74 82.69 26.6 74.83 41.47 54.89 59.45
MRP 6.96 64.26 72.53 82.23 27.0 75.59 43.86 55.35 60.12
PerturbPrune 8.05 63.54 68.11 81.56 28.0 76.05 46.33 51.68 59.32

M
is

tr
al

-7
B

(6
0%

) M
ag

ni
tu

de

uniform 48.46 52.71 57.93 43.09 21.2 63.05 31.48 46.11 45.08
OWL 23.12 54.87 63.38 56.45 22.4 65.32 35.41 49.08 49.56
AlphaPruning 26.13 53.43 62.27 64.56 21.4 61.70 31.91 46.78 48.86
MRP 42.73 57.40 60.62 51.01 20.0 61.32 29.69 44.64 46.38
PerturbPrune 21.47 55.23 62.43 53.52 21.8 63.43 35.07 49.55 48.72

W
an

da

uniform 11.27 54.87 66.22 71.16 21.8 67.09 32.00 44.47 51.09
OWL 10.20 57.76 67.09 74.07 22.8 67.68 32.76 45.81 52.57
AlphaPruning 10.78 57.40 66.30 65.14 21.2 65.36 30.03 44.07 49.93
MRP 10.46 57.40 67.96 71.87 21.8 66.25 33.53 46.09 52.13
PerturbPrune 10.34 55.23 64.40 81.10 24.8 71.97 37.54 45.96 54.43

Sp
ar

se
G

P
T uniform 9.42 58.84 68.03 76.97 23.8 69.15 35.24 49.08 54.44

OWL 9.06 60.29 68.59 76.42 24.0 69.40 35.32 49.38 54.77
AlphaPruning 9.46 56.68 67.72 77.22 22.8 67.80 32.68 47.25 53.16
MRP 9.43 61.01 69.38 76.27 24.8 69.07 36.26 49.49 55.18
PerturbPrune 9.10 62.09 68.35 76.82 25.2 69.91 37.20 49.47 55.58

M
is

tr
al

-7
B

(7
0%

) M
ag

ni
tu

de

uniform 22923.11 52.71 52.33 37.77 13.0 30.13 20.48 26.89 33.33
OWL 833.18 53.43 51.54 38.20 16.6 35.56 21.50 30.60 35.35
AlphaPruning 1861.42 52.35 52.25 40.43 15.4 34.68 22.18 29.81 35.30
MRP 15367.86 52.71 48.54 38.59 12.8 30.22 19.45 26.91 32.75
PerturbPrune 2526.09 53.43 51.46 37.89 16.8 35.90 22.27 32.04 35.68

W
an

da

uniform 60.34 52.71 51.14 59.82 13.0 34.55 17.92 28.81 36.85
OWL 38.17 52.71 54.62 62.17 14.6 40.19 18.94 31.53 39.25
AlphaPruning 39.54 52.71 55.49 62.51 13.2 38.59 18.77 31.43 38.96
MRP 35.04 52.71 58.96 62.42 15.0 41.25 20.65 34.24 40.74
PerturbPrune 19.73 52.71 59.27 62.60 16.6 57.45 26.37 36.58 44.51

Sp
ar

se
G

P
T uniform 23.12 54.15 59.19 66.30 17.6 51.73 22.78 36.40 44.02

OWL 18.54 54.51 62.59 63.70 20.0 54.71 25.17 37.77 45.49
AlphaPruning 20.58 52.71 62.51 62.35 16.8 49.20 22.61 35.69 43.12
MRP 18.96 54.51 64.33 63.36 19.0 55.22 27.30 38.98 46.10
PerturbPrune 17.28 54.15 65.19 62.39 20.2 52.95 27.05 38.84 45.82

Table 17: Performance on Mistral-7B under different sparsity levels. Bold and underlined values indicate the
best and second-best results, respectively, among different non-uniform sparsity allocation strategies for the same
pruning method within each column.
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Method PPL ↓ RTE ↑ WinoGrande ↑ BoolQ ↑ OBQA ↑ ARC-E ↑ ARC-C ↑ HellaSwag ↑ avg. ↑

V
ic

un
a-

7B
(5

0%
)

Dense 6.34 63.90 69.46 80.92 33.0 75.63 43.17 56.47 60.36

M
ag

ni
tu

de

uniform 15.36 61.01 64.72 75.26 26.6 65.61 38.40 51.08 54.67
OWL 19.78 62.09 65.43 75.66 27.8 66.37 38.14 51.28 55.25
AlphaPruning 18.80 63.18 65.75 78.56 29.2 65.11 35.92 50.62 55.48
MRP 28.98 65.34 59.59 68.87 25.6 62.33 34.98 49.73 52.35
PerturbPrune 15.15 65.34 66.30 75.35 29.6 66.54 37.97 51.39 56.07

W
an

da

uniform 7.94 56.32 68.03 80.21 29.8 71.59 39.93 53.14 57.00
OWL 8.65 54.51 67.56 79.91 29.6 72.05 39.93 53.02 56.65
AlphaPruning 8.72 59.57 67.96 80.92 29.8 71.13 39.51 52.64 57.36
MRP 9.38 66.06 66.69 76.73 27.0 68.86 36.01 51.77 56.16
PerturbPrune 7.96 55.23 67.17 79.91 30.2 71.55 40.27 52.92 56.75

Sp
ar

se
G

P
T uniform 7.91 54.51 66.93 80.89 28.8 70.37 39.76 52.90 56.31

OWL 8.48 54.51 66.69 79.97 30.6 71.42 39.59 53.10 56.55
AlphaPruning 8.63 65.34 69.14 80.24 30.0 71.42 39.42 53.10 58.38
MRP 9.19 67.51 66.85 77.80 26.4 69.57 37.54 52.29 56.85
PerturbPrune 7.85 56.32 67.72 80.46 29.0 71.51 40.53 53.21 56.96

V
ic

un
a-

7B
(6

0%
) M

ag
ni

tu
de

uniform 685.13 55.23 56.35 63.06 21.6 51.05 30.38 38.82 45.21
OWL 133.54 54.15 59.75 66.85 24.8 54.50 30.12 42.72 47.56
AlphaPruning NaN 58.12 60.62 68.04 23.0 53.71 31.57 42.11 48.17
MRP 149.29 53.07 56.91 40.86 20.8 45.33 26.79 40.98 40.68
PerturbPrune 89.80 58.84 59.67 68.93 25.0 54.29 31.66 42.83 48.75

W
an

da

uniform 11.93 52.71 64.80 72.63 27.2 66.58 33.70 45.66 51.90
OWL 11.40 53.43 65.11 73.88 27.4 67.59 35.07 47.89 53.03
AlphaPruning 12.02 58.48 66.77 73.58 27.2 65.11 35.07 47.03 53.33
MRP 13.37 68.59 64.17 76.27 24.6 61.36 35.07 46.74 53.83
PerturbPrune 10.52 55.96 66.77 75.11 27.8 67.55 35.41 47.60 53.74

Sp
ar

se
G

P
T uniform 11.42 53.07 65.67 77.80 24.8 65.32 35.15 47.22 52.72

OWL 11.10 53.79 66.22 78.81 26.6 67.68 35.58 48.49 53.88
AlphaPruning 11.82 57.76 67.25 78.93 27.6 66.08 34.39 47.96 54.28
MRP 12.68 64.62 64.48 76.30 24.2 61.99 33.70 47.15 53.21
PerturbPrune 9.97 52.71 65.43 78.90 27.6 67.42 36.52 48.48 53.95

V
ic

un
a-

7B
(7

0%
) M

ag
ni

tu
de

uniform NaN 53.07 48.46 38.23 15.4 30.09 23.46 26.25 33.57
OWL 18423.73 52.71 50.75 50.21 16.4 33.75 24.66 28.79 36.75
AlphaPruning NaN 52.71 48.61 58.29 18.4 36.45 25.00 29.66 38.45
MRP 27806.41 53.79 51.30 38.26 17.4 30.35 22.35 28.42 34.55
PerturbPrune 7733.47 52.35 50.12 47.52 16.0 35.23 24.49 28.20 36.27

W
an

da

uniform 59.47 52.71 50.75 62.14 14.0 32.58 17.75 28.80 36.96
OWL 31.62 52.71 58.72 64.07 20.4 52.27 24.57 35.83 44.08
AlphaPruning 37.62 52.71 59.19 62.42 17.8 48.65 26.02 36.50 43.33
MRP 38.71 66.79 62.19 63.76 17.8 44.15 26.19 37.85 45.53
PerturbPrune 29.62 56.32 56.67 63.36 19.2 53.03 24.57 35.95 44.06

Sp
ar

se
G

P
T uniform 30.48 53.43 57.70 66.30 17.0 47.52 25.51 34.88 43.19

OWL 24.58 52.71 61.72 70.64 20.8 54.25 29.27 39.14 46.93
AlphaPruning 26.85 54.51 61.80 70.21 20.0 52.36 26.45 39.25 46.37
MRP 25.83 55.96 61.80 68.10 19.2 46.55 28.50 39.05 45.64
PerturbPrune 21.40 53.43 60.54 72.72 21.0 56.52 28.07 38.63 47.27

Table 18: Performance on Vicuna-7B under different sparsity levels. Bold and underlined values indicate the
best and second-best results, respectively, among different non-uniform sparsity allocation strategies for the same
pruning method within each column.
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Sparsity Method PPL ↓ ARC-C ARC-E HellaSwag RTE WinoGrande BoolQ OBQA AVG ↑
50% Uniform 7.45 56.14 83.12 60.30 81.59 71.90 87.00 32.60 67.52

OWL 7.25 56.48 83.29 60.74 82.67 72.45 87.03 32.80 67.92
AlphaPruning 7.11 57.25 83.12 60.39 83.03 72.06 87.34 32.20 67.91
BESA 7.57 56.48 84.22 58.70 86.28 74.03 89.30 31.00 68.57
Lua-LLM 10.20 50.94 81.36 52.03 80.87 69.14 85.78 27.20 63.90
PrunerGPT 14.65 51.02 80.43 50.55 66.43 65.90 85.05 28.40 61.11
Ours 7.00 57.25 83.25 60.59 85.20 72.77 87.00 32.40 68.35

60% Uniform 8.62 53.50 82.11 58.52 77.26 70.40 84.56 32.40 65.54
OWL 8.38 55.63 82.66 58.79 79.78 69.69 86.73 31.20 66.35
AlphaPruning 8.15 55.97 84.34 58.00 75.81 71.67 81.80 31.80 65.63
BESA 9.93 52.13 82.91 52.99 78.70 69.38 88.50 29.60 64.89
Lua-LLM 18.95 40.18 73.94 43.93 72.20 64.95 76.63 24.80 56.66
PrunerGPT 16.48 40.70 72.85 42.59 57.76 60.46 71.99 23.40 52.82
Ours 7.80 56.23 83.63 58.47 81.23 71.11 82.87 32.00 66.51

70% Uniform 12.50 49.40 80.13 54.72 71.48 66.14 51.50 31.00 57.77
OWL 11.74 49.74 80.35 54.65 74.01 65.35 70.40 30.20 60.67
AlphaPruning 12.17 49.23 80.81 52.70 67.51 62.67 54.40 30.80 56.87
BESA 94.40 20.56 43.35 30.75 52.71 51.30 62.57 14.60 39.41
Lua-LLM 73.89 21.41 47.85 31.45 52.70 52.95 62.53 15.40 40.61
PrunerGPT 51.31 27.90 45.08 30.27 35.64 50.79 61.29 18.70 38.52
Ours 10.09 49.57 80.72 54.07 69.68 64.33 62.20 30.20 58.68

Table 19: Comparison with recent sparsity allocation methods on Qwen3.5-9B, using Wanda as the pruning
backbone. Bold and underlined values indicate the best and second-best results among all methods in each column
for each sparsity level. Lua-LLM requires approximately one hour of gradient-based training on 4×A100 GPUs; all
other methods are training-free.

Sparsity Method PPL ↓ ARC-C ARC-E HellaSwag RTE WinoGrande BoolQ OBQA AVG ↑
50% Uniform 6.84 59.13 83.16 64.67 75.81 74.82 85.02 36.00 68.37

OWL 6.48 59.47 83.12 64.37 72.20 74.35 84.77 35.40 67.67
AlphaPruning 6.20 60.15 83.21 64.39 78.34 73.88 78.44 35.20 67.66
BESA 7.16 61.09 84.55 61.58 79.06 75.14 75.75 35.60 67.54
PrunerGPT 7.11 59.78 82.70 62.65 78.75 75.02 85.61 36.20 68.67
Ours 6.83 61.43 83.71 64.77 78.23 74.74 86.91 36.60 69.48

60% Uniform 8.13 54.86 80.47 62.26 65.34 71.43 81.77 33.80 64.28
OWL 7.80 56.74 80.81 62.43 66.79 71.03 79.11 35.40 64.62
AlphaPruning 7.45 55.80 83.00 62.16 65.04 72.93 74.80 35.20 64.13
BESA 8.16 58.19 84.51 58.37 66.23 74.82 80.65 33.80 65.22
PrunerGPT 7.64 56.91 81.99 59.97 65.81 72.85 81.22 32.60 64.48
Ours 8.20 57.94 82.70 61.45 64.62 72.38 78.69 35.00 64.68

70% Uniform 10.66 46.08 72.05 57.70 68.23 63.93 78.50 31.60 59.73
OWL 10.79 46.84 72.69 56.94 66.79 63.93 79.14 30.80 59.59
AlphaPruning 12.58 45.05 76.64 54.07 61.01 63.93 77.34 32.00 58.58
BESA 11.23 47.69 75.16 51.96 68.70 64.35 72.60 30.60 58.72
PrunerGPT 15.68 39.76 72.39 47.21 61.37 64.17 78.78 26.20 55.67
Ours 10.80 47.65 73.02 57.98 68.51 65.35 79.36 31.80 60.52

Table 20: Comparison on Qwen3.5-122B-A10B with the Wanda backbone. Bold and underlined values indicate the
best and second-best results among all methods in each column for each sparsity level. Lua-LLM is omitted as it
runs out of memory on the smaller Qwen3.5-35B-A3B; MRP could not complete its search within a practical time
budget on this 122B model.
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Sparsity Method PPL ↓ ARC-C ARC-E HellaSwag RTE WinoGrande BoolQ OBQA AVG ↑
50% DR + Uniform 8.95 52.86 82.36 53.48 75.74 68.85 85.08 27.80 63.74

DR + PerturbPrune 10.23 51.38 83.94 53.82 76.13 70.56 85.72 28.60 64.31

60% DR + Uniform 18.31 40.27 75.23 44.30 69.59 64.77 79.24 24.80 55.70
DR + PerturbPrune 19.29 41.51 75.26 44.89 68.03 66.36 83.29 25.60 57.85

70% DR + Uniform 84.70 22.67 45.18 33.52 53.17 53.18 63.60 18.60 41.42
DR + PerturbPrune 67.84 24.13 52.68 34.19 54.63 58.64 64.38 19.20 43.98

Table 21: DenoiseRotator (DR) rotation preprocessing followed by uniform vs. PerturbPrune allocation on Qwen3.5-
9B (Wanda backbone). Bold: better of the two allocations in each column for each sparsity level.

Sparsity Method PPL ↓ ARC-C ARC-E HellaSwag RTE WinoGrande BoolQ OBQA AVG ↑
50% DR + Uniform 7.06 58.25 84.46 60.99 81.53 75.79 88.73 34.60 69.19

DR + PerturbPrune 7.13 58.69 83.96 62.56 71.76 76.14 89.18 33.80 68.01

60% DR + Uniform 8.98 55.20 81.84 60.47 81.99 57.33 83.70 32.20 64.68
DR + PerturbPrune 7.42 55.17 82.72 61.42 83.87 68.59 84.51 33.80 67.15

70% DR + Uniform 10.45 52.07 80.56 54.75 80.13 69.26 68.37 32.00 62.45
DR + PerturbPrune 10.31 52.69 79.52 55.36 72.53 65.89 70.52 30.60 61.02

Table 22: Same setting as Table 21, on Qwen3.5-35B-A3B.

Hyperparameter Setting PPL ↓ Avg. Acc. ↑

Noise scale σ
0.001 11.11 61.99
1 11.13 61.98

PCA ratio 0.1d 11.11 61.99
0.2d 11.12 62.00

Table 23: Hyperparameter robustness at 60% sparsity. PerturbPrune is highly insensitive to both the noise scale and
the PCA ratio.
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