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Abstract001

Semi-structured N :M sparsity has emerged002
as a practical direction for accelerating large003
language models (LLMs). However, existing004
learnable-mask approaches incur substantial pa-005
rameter and memory overhead, limiting their006
scalability to large models and aggressive spar-007
sity regimes. In this work, we revisit N :M008
pruning from a perspective that reconciles ef-009
ficiency with scalability. We propose SUSI1,010
Semi-structured prUning via Subset samplIng,011
a lightweight semi-structured pruning frame-012
work that learns sparsity masks through differ-013
entiable subset sampling via weighted reservoir014
sampling. Unlike prior methods that model015
full categorical distributions over all feasi-016
ble N :M patterns, SUSI reformulates sparsity017
mask learning as a sampling without replace-018
ment from a compact set of logits, reducing019
trainable parameters from combinatorial com-020
plexity to O(M). As a result, SUSI requires021
1.5–8.75× fewer learnable parameters and sig-022
nificantly lower memory cost, while remaining023
fully aligned with hardware-friendly sparsity024
patterns. Extensive evaluations across multi-025
ple scales of the Qwen2.5 LLM family (0.5-7B026
parameters) demonstrate that SUSI achieves027
competitive performance with strong memory028
efficiency, stability across random seeds, and029
scalability to more aggressive N :M sparsity030
patterns, offering a practical path toward effi-031
cient LLM deployment.032

1 Introduction033

Pruning techniques play a central role in develop-034

ing sparse LLMs that reduce memory footprint and035

improve inference efficiency. Post-training prun-036

ing methods generally fall into three categories: (i)037

unstructured pruning, which removes individual038

weight parameters without considering architec-039

tural constraints (Sun et al., 2024); (ii) structured040

pruning, which removes entire components such as041
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Figure 1: Learnable semi-structured N :M sparsity
methods: a) modeling the mask selection process using
a categorical distribution over feasible masks, and b) our
proposed method by learning to sample subsets with-
out replacement of model parameters. The proposed
method is more memory efficient than previous works
for most practical N :M sparsity patterns. The memory
advantage becomes more pronounced as M increases
or when N is around M/2.

neurons, attention heads, or layers (Xia et al., 2024; 042

Le et al., 2025); and (iii) semi-structured prun- 043

ing, which balances flexibility and regularity by 044

enforcing hardware-friendly sparsity patterns such 045

as N :M sparsity (Fang et al., 2024; Huang et al., 046

2025). In this work, we focus on semi-structured 047

pruning because it removes redundant weights 048

while maintaining regular sparsity patterns that are 049

compatible with modern accelerators. In particu- 050

lar, enforcing N :M sparsity patterns (Hubara et al., 051
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2021) provides principled trade-offs between spar-052

sity flexibility and hardware efficiency, enabling053

practical inference acceleration.054

Recent progress in semi-structured pruning055

has increasingly focused on learnable-mask ap-056

proaches that directly optimize N :M sparsity pat-057

terns through gradient-based training. Representa-058

tive methods (e.g., MaskLLM (Fang et al., 2024)059

and AST (Huang et al., 2025)) formulate each prun-060

ing group as a categorical distribution over all feasi-061

ble N :M configurations, which demonstrate strong062

pruning performance and generalization. However,063

the major challenge of this approach is the combina-064

torial parameterization required to model a multi-065

nomial distribution of size
(
M
N

)
for each weight066

group. Specifically, as M increases, this design im-067

poses substantial memory and parameter overhead,068

as demonstrated in the Figure 1 (a). Motivated by069

this limitation, we propose a lightweight alterna-070

tive that replaces full categorical modeling with071

differentiable subset sampling, termed SUSI (Semi-072

structured prUning via Subset samplIng). Specif-073

ically, instead of parameterizing the probability074

of every possible N :M pattern, SUSI samples N075

entries without replacement from a compact logit076

vector of size M using Weighted Reservoir Sam-077

pling and Gumbel-Top-K relaxation. This reduces078

the learnable mask parameters from O
((

M
N

))
a079

simple O(M) per group while retaining differen-080

tiability and hardware alignment, as shown in Fig-081

ure 1 (b). By avoiding combinatorial distributions082

and relying on efficient subset-sampling dynam-083

ics, the proposed method enables scalable, sta-084

ble, and memory-efficient mask learning for semi-085

structured pruning of modern LLMs.086

2 Related Work087

Semi-structured pruning has emerged as an effec-088

tive compromise between structured pruning (An089

et al., 2024; Liu et al., 2025b) and unstructured090

pruning (Dong et al., 2024; Sun et al., 2024).091

By enforcing regular sparsity patterns (i.e., N :M092

sparsity), semi-structured pruning enables efficient093

hardware acceleration while preserving model ac-094

curacy (Hubara et al., 2021).095

2.1 Heuristic-Based Methods096

Heuristic-based approaches, including097

SparseGPT (Frantar and Alistarh, 2023) and098

Wanda (Sun et al., 2024), rely on a small calibra-099

tion dataset, typically a subset of the pretraining100

data, to approximate the knowledge encoded in 101

a pretrained language model. These methods 102

assign importance scores to individual weights or 103

weight groups based on heuristics such as weight 104

magnitude, gradient information, or second-order 105

statistics (e.g., Hessian approximations), and prune 106

parameters accordingly. While computationally 107

efficient, the choice of importance criteria is 108

largely heuristic and may not be optimal for 109

downstream performance. Moreover, the limited 110

calibration data may fail to adequately capture the 111

rich and diverse knowledge embedded in large 112

language models, potentially leading to suboptimal 113

pruning decisions. 114

2.2 Learning-Based Methods 115

Learning-based semi-structured pruning has re- 116

cently gained attention due to its ability to opti- 117

mize pruning decisions directly through gradient- 118

based training, rather than relying on handcrafted 119

importance metrics. Under the N :M sparsity con- 120

straint, the objective is to retain exactly N non- 121

zero weights within each group of M parame- 122

ters, thereby producing hardware-friendly sparsity 123

patterns while minimizing performance degrada- 124

tion (Zhou et al., 2021). A prominent line of 125

work formulates mask learning as an optimization 126

problem over categorical distributions that enumer- 127

ate all feasible N :M configurations. For exam- 128

ple, MaskLLM (Fang et al., 2024) models each 129

group’s pruning mask as a multinomial distribu- 130

tion and employs Gumbel-Softmax sampling to en- 131

able differentiable training. This approach achieves 132

strong pruning performance and good generaliza- 133

tion across tasks; however, it incurs substantial 134

computational and memory overhead due to the 135

O
((

M
N

))
parameterization per group. On the other 136

hand, ProxSparse (Liu et al., 2025a) reduces train- 137

ing complexity via regularized optimization and 138

smaller learning samples. Despite these improve- 139

ments, challenges related to large-scale training 140

efficiency and performance generalization remain 141

open. 142

In contrast to prior work, our study follows a 143

large-scale learning-based paradigm while substan- 144

tially reducing the parameterization cost of mask 145

learning. Specifically, we improve the categorical 146

formulation with an O(M) parameterization per 147

group by leveraging weighted reservoir sampling 148

and differentiable subset sampling. This design 149

achieves significant memory savings while retain- 150
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ing high pruning accuracy, making it well-suited151

for large-scale semi-structured pruning, as detailed152

in the following section.153

3 Preliminaries154

3.1 Weighted Reservoir Sampling155

Weighted Reservoir Sampling (WRS) (Efraimidis156

and Spirakis, 2006) is an extension of the Reservoir157

Sampling class of algorithms (Vitter, 1985), which158

aims to sample K elements from a set of N . In159

WRS, each item is associated with a non-negative160

weight, and items with larger relative weights are161

preferentially sampled. Formally, consider a finite162

population X = {x1, x2, . . . , xN} equipped with163

weights w = [w1, w2, . . . , wN ], WRS produces an164

ordered subset Y = {y1, y2, . . . , yK} given by:165

PWRS(Y|w) =
wy1

W
× wy2

W − wy1

× . . .

× wyK

W −
∑K−1

j=1 wyj

,
(1)166

where W =
∑N

i=1wi denotes the total weight and167

wyi is the weight of element yi. This distribution168

corresponds to a without-replacement sampling169

process, where the probability of selecting a subset170

is proportional to its item weights.171

3.2 Gumbel-Top-K Trick172

Gumbel-Max (Gumbel, 1954) can be viewed as a173

monotonic transformation of the WRS technique,174

providing a reparameterization trick to sample from175

a categorical distribution by perturbing the log-176

probabilities with Gumbel noise. Consider a cate-177

gorical distribution over {x1, . . . , xN}, parameter-178

ized by logits ϕ = [ϕ1, . . . , ϕN ], with probabilities179

πi = exp(ϕi)/
∑N

j=1 exp(ϕj). The Gumbel-Max180

trick samples from this distribution by first asso-181

ciating each item with a random key obtained via182

Gumbel perturbation:183

κi = ϕi + gi, gi
i.i.d∼ Gumbel(0, 1), (2)184

where each gi is independently drawn from the185

Gumbel(0, 1) distribution. The sampler outputs186

the item xj having the largest key κj . The index j187

is the output of taking argmax over every perturbed188

key values (j = argmaxi κi).189

Gumbel-Top-K (Xie and Ermon, 2019) is a gen-190

eralization of the Gumbel-Max trick, selecting the191

top-K items with the highest keys, rather than192

just the maximum. This corresponds to drawing193

K items without replacement from a categorical 194

distribution over N candidates. By replacing the 195

argtopK operator with a sequence of softmax re- 196

laxations (Plötz and Roth, 2018), the sampling pro- 197

cess becomes differentiable, thereby enabling end- 198

to-end learning via backpropagation. 199

To sample a size-K subset using the Gumbel- 200

Top-K trick, logits are first independently per- 201

turbed with Gumbel noise to form random keys 202

κi, analogously to the Gumbel-Max trick. Sub- 203

sequently, a sequence of softmax operations is 204

applied to generate differentiable approximations 205

of the selected one-hot indicators. Let α(k) = 206

[α1, . . . , αN ] denote adjusted keys at sampling step 207

k, which are defined recursively as follows: 208

α(1) = [κ1, . . . , κN ],

α(k) = α(k−1) + log(1− µ(k−1)),
(3) 209

where µ(k−1) = [µ
(k−1)
1 , . . . , µ

(k−1)
N ] is the re- 210

laxed one-hot indicator of the item selected at step 211

k − 1. This representation is achieved by applying 212

a softmax with temperature τ to the adjusted keys: 213

µ
(k−1)
i =

exp(α
(k−1)
i /τ)∑N

j=1 exp(α
(k−1)
j /τ)

. (4) 214

After K iterations, the procedure produces an or- 215

dered collection of relaxed one-hot vectors S = 216

{µ(1), . . . ,µ(K)}. Summing these vectors yields a 217

soft K-hot representation, and the mapping from 218

logits ϕi to this representation is differentiable, en- 219

abling gradient-based training. 220

4 Methodology 221

4.1 Problem Statement 222

The task of determining the optimal N :M sparsity 223

pattern can be formulated as selecting, for each 224

contiguous group of M parameters, a length-M 225

binary mask containing exactly N non-zero en- 226

tries that minimizes the calibration loss. Let G be 227

the number of such groups, W = {w1, . . . ,wG} 228

the corresponding parameter groups, and M = 229

{m1, . . . ,mG} their associated masks. The result- 230

ing optimization problem is: 231

M∗ = argmin
M

LCE(D;W ⊙M). (5) 232

Here, LCE denotes the cross-entropy loss for lan- 233

guage modeling, D is the calibration dataset, and 234

⊙ represents the element-wise multiplication be- 235

tween each weight group and its corresponding 236
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Figure 2: Overview of the SUSI Framework for Semi-Structured Pruning via Differentiable Subset Sampling,
illustrating the training and inference phases.

mask. This optimization problem is NP-hard due to237

the combinatorial search space, containing
(
M
N

)G
238

feasible configurations. For LLMs, the number of239

weight groups G is gargantuan, rendering exhaus-240

tive search intractable. Therefore, in the following241

section, we reformulate the objective as a stochas-242

tic variational optimization problem to obtain a243

tractable and efficient approximation.244

4.2 Proposed Method245

An overview of the proposed method, SUSI, is pre-246

sented in Figure 2. Stochastic variational optimiza-247

tion (Bird et al., 2018) relies on the observation that248

for any arbitrary distribution q(x), the expected249

value of a function f(x) provides an upper bound250

for its minimum:251

min
x

f(x) ≤ Eq(x)[f(x)]. (6)252

By modeling pruning masks as random variables,253

the optimization problem in Equation 5 can be re-254

framed as minimizing a variational upper bound of255

the objective with respect to the variational distri-256

bution parameters. Specifically, we solve:257

Φ∗ = argmin
Φ

EP(M|Φ)[LCE(D;W ⊙M)], (7)258

where Φ = {ϕ1, . . . ,ϕG} parameterizes in-259

dependent variational factors P(m1|ϕ1), . . . ,260

P(mG|ϕG), with joint distribution P(M|Φ) =261 ∏G
i=1 P(mi|ϕi). Under this stochastic variational262

formulation problem, mask sampling can be repa-263

rameterized and continuously relaxed into a dif-264

ferentiable mapping with respect to Φ, making it265

possible to learn through gradient-based methods.266

4.2.1 Variational Distribution Selection 267

Since pruning masks are N -hot vectors of length 268

M , each mask can take one of
(
M
N

)
possible values. 269

Modeling an unconstrained distribution over all 270

possible values therefore requires
(
M
N

)
− 1 free pa- 271

rameters, which grows combinatorially with M . To 272

efficiently learn masks with a manageable number 273

of parameters, we instead model mask distributions 274

P(mi|ϕi) using the WRS distribution (Equation 1) 275

over ordered subsets. Let Si = {µ(1)
i , . . . ,µ

(N)
i } 276

be a set of N one-hot vectors corresponding to the 277

selected weights within the i-th group, sampled 278

from the WRS distribution using the Gumbel-Top- 279

K trick. The probability of a mask mi is then: 280

P(mi|ϕi) =
∑
Smi

PWRS(Smi | exp(ϕi)), (8) 281

where Smi denotes the collection of ordered sub- 282

sets whose elements sum to mi, i.e., mi = 283∑N
j=1µ

(j)
i . Exactly computing this probability is 284

expensive and unnecessary, as the construction of 285

mi discards the ordering of items in the sampled 286

subset. Instead, the expected loss can be computed 287

via Monte Carlo sampling. Under this formulation, 288

the original problem reduces to learning impor- 289

tance scores exp(ϕij) to select salient weights so as 290

to minimize the objective. Denoting the WRS dis- 291

tribution of an arbitrary subset Si by PWRS(Si|ϕi) 292

for brevity, the optimization problem in Equation 7 293

can be reformulated as follows: 294

Φ∗ = argmin
Φ

EPWRS(S|Φ)[LCE(D;W⊙M)], (9) 295

where S = {S1, . . . ,SG} is a collection of 296

G subsets sampled from the joint distribution 297

PWRS(S|Φ) =
∏G

i=1 PWRS(Si|ϕi). Each N -hot 298
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pruning mask mi in the mask collection M is con-299

structed as mi =
∑

µ
(j)
i ∈Si

µ
(j)
i . Parameterizing300

masks as sums of subsets sampled from WRS-301

restricted distributions yields the same expected302

loss as sampling masks from the target distribu-303

tions, as formalized in Theorem 1. Our approach304

reduces parameter complexity by viewing N -hot305

sampling as a sequential sampling without replace-306

ment process. Rather than maintaining a full cate-307

gorical distribution over all
(
M
N

)
possible configu-308

rations, we instead model only a single categorical309

distribution over the M model parameters, requir-310

ing exactly M parameters independent of N . The311

proposed method achieves a reduction in parameter312

complexity from O
((

M
N

))
to O(M), yielding an313

exponential improvement in memory efficiency.314

4.2.2 Mask Selection Relaxation315

To enable differentiation of the objective with316

respect to the variational distributions’ parame-317

ters, we relax the discrete sampling process us-318

ing the Gumbel-Top-K trick. Given logits ϕi =319

[ϕi1, . . . , ϕiM ] forming a categorical distribution320

over the M consecutive model weights within the321

i-th group, the probability of selecting the j-th322

weight is achieved through the softmax function,323

πij = exp(ϕij)/
∑M

k=1 exp(ϕik). To sample a sub-324

set Si without replacement from this distribution,325

we first perturb the logits with independent Gumbel326

noise to obtain random keys:327

κij = ϕij + gij , gij
i.i.d∼ Gumbel(0, 1). (10)328

We denote the adjusted keys for the i-th group at329

sampling step k by α
(k)
i = [α

(k)
i1 , . . . , α

(k)
iM ]. The330

update rule is defined recursively. At each sub-331

sequent step k, the adjusted keys are updated by332

accumulating a correction term based on the previ-333

ously selected probabilities as follows:334

α
(1)
i = [κi1, . . . , κiM ],

α
(k)
i = α

(k−1)
i + log(1− µ

(k−1)
i ).

(11)335

Finally, a differentiable relaxed one-hot vector336

µ
(k)
i = [µ

(k)
i1 , . . . , µ

(k)
iM ], representing the selected337

item at the k-th sampling step, is achieved by ap-338

plying a softmax operation to the adjusted keys339

with temperature τ > 0:340

µ
(k)
ij =

exp(α
(k)
ij /τ)∑M

k=1 exp(α
(k)
ik /τ)

. (12)341

After N sampling steps, a set of soft one-hot vec- 342

tors representing selected weights is obtained. By 343

summing up these vectors, a continuous relaxation 344

of the N -hot pruning mask can be constructed, en- 345

abling gradient-based optimization of the objective. 346

4.2.3 Temperature Annealing 347

Having previously defined the temperature hyper- 348

parameter τ to control the sharpness of one-hot 349

approximations, we now introduce a separate hy- 350

perparameter λ to explicitly govern the level of 351

stochasticity in the sampling process. This is real- 352

ized by applying the Gumbel-Top-K trick to the 353

scaled logits, ϕi = ϕi/λ, such that larger values 354

of λ induce higher sampling randomness. In our 355

experiments, we implement annealing schedules 356

for both τ and λ to progressively guide the mask 357

learning process, starting with high randomness 358

to encourage broad exploration and gradually con- 359

verging to a small set of high-confidence solutions 360

toward the end of training. Specifically, we adopt 361

exponential annealing schedules: at the t-th train- 362

ing step, the temperatures are: 363

τt = max

{
τend, τinit ×

(
τend

τinit

) t
Tanneal

}
,

λt = max

{
λend, λinit ×

(
λend

λinit

) t
Tanneal

}
,

(13) 364

with Tanneal being the number of annealing steps. 365

5 Experiment 366

5.1 Experimental Setting 367

LLM backbones: The proposed method is eval- 368

uated on the Qwen2.5 model family (Yang et al., 369

2024) at multiple scales, from 0.5B to 7B, to assess 370

its stability and scalability under semi-structured 371

pruning. All main experiments adopt a 2:4 spar- 372

sity pattern, compatible with NVIDIA hardware 373

acceleration. Training is performed for 2,000 steps 374

with a batch size of 256 and a sequence length of 375

4096, processing approximately 2B tokens in total. 376

The training data is drawn from the Nemotron-CC- 377

v2 corpus (NVIDIA et al., 2025), a clean English 378

dataset suitable for pretraining modern LLMs. We 379

detail hyperparameters in Appendix A.4. 380

Baselines: To assess the effectiveness of the pro- 381

posed method, we select five representative semi- 382

structured pruning baselines spanning both classi- 383

cal and modern approaches: Magnitude (Fang et al., 384
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Method W/U ARC-C ARC-E BoolQ HellaS. PIQA RACE SciQ Average ↑

Base Model: Qwen2.5-0.5B - 29.01 64.48 61.80 40.54 70.51 34.74 92.90 56.28
Magnitude ✗ 19.11 31.19 38.38 26.65 54.13 23.06 43.40 33.70
Wanda ✗ 19.80 42.85 56.82 28.93 59.03 26.70 83.20 45.33
SparseGPT ✓ 19.97 47.22 59.85 30.80 60.12 27.85 84.30 47.16
ProxSparse ✗ 21.42 46.63 61.63 32.00 61.63 29.09 79.80 47.46
MaskLLM ✗ 22.16 54.02 62.10 32.28 63.41 30.19 85.90 50.01
SUSI (Ours) ✗ 23.63 54.97 60.95 32.34 63.82 31.00 87.20 50.56

Base Model: Qwen2.5-1.5B - 41.55 75.21 72.48 50.18 75.52 36.65 94.20 63.68
Magnitude ✗ 20.48 32.74 39.42 27.20 57.07 24.59 60.10 37.37
Wanda ✗ 24.06 51.26 63.64 32.36 62.46 29.28 88.30 50.19
SparseGPT ✓ 28.33 56.69 62.66 34.54 65.07 33.49 89.00 52.83
ProxSparse ✗ 29.25 59.55 42.87 39.61 67.25 32.73 89.80 51.58
MaskLLM ✗ 29.45 63.51 61.33 39.10 69.07 32.51 89.90 54.98
SUSI (Ours) ✗ 29.37 63.01 61.93 39.29 69.31 32.44 89.90 55.04

Base Model: Qwen2.5-3B - 44.62 77.57 77.22 55.04 78.29 38.47 95.90 66.73
Magnitude ✗ 23.81 24.66 37.83 25.98 51.96 20.77 18.50 29.07
Wanda ✗ 27.13 60.02 62.26 35.88 67.14 34.35 91.00 53.97
SparseGPT ✓ 31.40 66.12 62.66 41.05 69.75 35.12 92.50 56.94
ProxSparse ✗ - - - - - - - -
MaskLLM ✗ 32.95 66.42 65.11 43.18 70.44 35.35 93.00 58.06
SUSI (Ours) ✗ 32.08 66.71 65.26 43.30 70.57 35.22 93.00 58.02

Base Model: Qwen2.5-7B - 48.21 80.43 84.65 59.98 78.78 41.91 96.60 70.08
Magnitude ✗ 24.40 38.34 64.16 30.05 55.60 23.25 74.30 44.30
Wanda ✗ 38.99 72.18 73.21 44.53 71.87 35.79 94.50 61.58
SparseGPT ✓ 39.65 73.54 75.83 45.89 73.38 36.67 94.80 62.82
ProxSparse ✗ 38.69 74.46 74.77 48.63 73.22 36.08 95.60 63.06
MaskLLM ✗ 39.27 73.68 81.55 49.12 74.88 37.46 95.10 64.44
SUSI (Ours) ✗ 38.14 74.20 82.14 49.04 75.35 37.80 95.10 64.54

Table 1: Comparative evaluation of zero-shot accuracy across multiple benchmark datasets for various pruning
methods on the Qwen2.5 model family at varying scales with 2:4 sparsity pattern. Bold and underlined values
indicate the highest and second-highest performance, respectively. The ‘W/U’ column denotes whether weight
updates are applied during pruning. ProxSparse fails to converge for the 3B model.

2024), Wanda (Sun et al., 2024), SparseGPT (Fran-385

tar and Alistarh, 2023), ProxSparse (Liu et al.,386

2025a), and MaskLLM (Fang et al., 2024). For387

ProxSparse, we use the same amount of training388

data as SUSI and MaskLLM to ensure fair compar-389

isons, even though ProxSparse typically requires390

less data. Performance across different data scales391

is reported in Section 5.3.2, and while detailed392

methodological descriptions of baselines are pro-393

vided in Appendix A.2.394

5.2 Main Results395

Following prior work, we begin by evaluating396

zero-shot accuracies on a broad suite of stan-397

dard benchmark datasets (Table 1). Across all398

model scales and evaluation tasks, sparsity-mask399

learning approaches (ProxSparse, MaskLLM, and400

SUSI) consistently outperform more naive prun-401

ing baselines, with only minor exceptions. Among402

these methods, approaches that explicitly learn the 403

pruning mask (MaskLLM and SUSI) via varia- 404

tional optimization substantially exceed determinis- 405

tic regularization-based learning (ProxSparse), im- 406

proving accuracy by 2.562 percentage points on av- 407

erage across model scales and benchmarks. Despite 408

SUSI and MaskLLM both achieving comparable 409

results (e.g. 64.54% vs. 64.44% average accuracy 410

for the 7B model), SUSI incurs substantially lower 411

pruning overhead. Specifically, for 2:4 sparsity, 412

SUSI reduces the number of trainable parameters 413

by approximately 33%, using only 1× the original 414

model’s parameter count, compared to 1.5× for 415

MaskLLM (illustrated in Table 3). 416

Additionally, Table 2 reports perplexity (PPL) 417

values on the WikiText-2 dataset, further highlight- 418

2This average is computed from the differences between
the ‘Average’ accuracies of MaskLLM/SUSI and ProxS-
parse across all model scales reported in Table 1 (excluding
Qwen2.5-3B where ProxSparse fails to converge).
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Model Sizes

Method 0.5B 1.5B 3B 7B

w/o Pruning 18.45 12.59 12.32 9.03
Magnitude 3.0E+4 5.2E+3 1.6E+6 6.5E+3
Wanda 159.05 67.97 37.31 20.87
SparseGPT 73.78 38.95 22.82 16.44
ProxSparse 146.42 28.68 - 14.91
MaskLLM 35.16 21.90 19.85 14.91

SUSI (Ours) 32.63 21.27 19.37 14.89

Table 2: Perplexity (PPL) scores on WikiText-2 bench-
mark dataset and training flops (FLOPs) across back-
bone models with 2:4 sparsity pattern setting. Bold and
underlined values indicate the best and second-best per-
formance, respectively.

ing the advantages of our proposed method: (i)419

Effectiveness of Differentiable Subset Sampling:420

SUSI consistently outperforms all competing base-421

lines at every model scale, indicating that its dif-422

ferentiable subset sampling mechanism reliably423

discovers high-quality sparsity patterns that bet-424

ter preserve model performance after pruning. (ii)425

Scalability across Model Sizes: SUSI inherits426

the strong generalization properties of MaskLLM427

and delivers consistent improvements as the model428

scale increases, enabled by a closely related formu-429

lation and optimization strategy. SUSI maintains430

its advantage over simpler methods from small to431

large models: achieving 14.89 perplexity at 7B pa-432

rameters, compared to 20.87 for Wanda and 16.44433

for SparseGPT. This stable scaling behavior con-434

trasts sharply with Magnitude pruning - which at-435

tains its best perplexity at 1.5B parameters rather436

than at 7B, further emphasizing SUSI’s ability to437

maintain reliable performance as model capacity438

grows. In contrast, ProxSparse exhibits unstable439

optimization behavior at larger scales. In particular,440

when applied to the Qwen2.5-3B model, ProxS-441

parse fails to reliably converge, preventing it from442

achieving competitive performance. (iii) Robust-443

ness of Learnable Sparsity-Mask Approaches:444

Magnitude pruning performs poorly (consistently445

yielding perplexity values exceeding 5,000), and446

other naive baselines fall far behind methods that447

explicitly learn the pruning mask, reaffirming that448

simple pruning strategies substantially impair lan-449

guage modeling performance. The strong results450

of SUSI and MaskLLM underscore the importance451

of principled, learnable pruning mechanisms.452

SUSI and MaskLLM adopt similar problem for-453

Model Sizes

Method 0.5B 1.5B 3B 7B

2:4 Sparsity
ProxSparse 0.4B (1×) 1.3B (1×) 2.7B (1×) 6.5B (1×)
MaskLLM 0.6B (1.5×) 2.0B (1.5×) 4.0B (1.5×) 9.8B (1.5×)
SUSI (Ours) 0.4B (1×) 1.3B (1×) 2.7B (1×) 6.5B (1×)

2:8 Sparsity
MaskLLM 1.4B (3.5×) 4.6B (3.5×) 9.5B (3.5×) 22.8B (3.5×)
SUSI (Ours) 0.4B (1×) 1.3B (1×) 2.7B (1×) 6.5B (1×)

Table 3: Number of trainable parameters (in billions)
under different sparsity patterns and model sizes. Values
in parentheses indicate the ratio relative to the original
dense model parameters (excluding embeddings). For
mask-learning methods, only mask parameters are train-
able while the underlying model weights remain frozen.

mulations and largely comparable optimization 454

procedures. Although SUSI overall outperforms 455

MaskLLM in both zero-shot accuracy and perplex- 456

ity, the raw performance gap remains relatively 457

modest. The primary advantage of SUSI instead 458

lies in its significantly lower training cost, as illus- 459

trated in Table 3, which compares the number of 460

trainable parameters required by each method. In 461

particular, the training cost of MaskLLM grows 462

rapidly with model size. Even under 2:4 sparsity, 463

MaskLLM requires 1.5× more trainable parame- 464

ters than SUSI, a difference that may appear mod- 465

erate in ratio but translates into a large absolute in- 466

crease at scale. For the Qwen2.5-7B model, achiev- 467

ing 2:4 sparsity with MaskLLM requires ≈9.75B 468

additional trainable parameters. 469

5.3 Detailed Analysis 470

5.3.1 2:8 Sparsity as a Failure Regime 471

To further evaluate the generality of SUSI, we ex- 472

tend our experiments beyond the commonly studied 473

2:4 sparsity to the 2:8 configuration. This stricter 474

constraint exposes the challenges faced by semi- 475

structured pruning methods, particularly those that 476

do not learn pruning masks. Under this regime, we 477

directly compare SUSI with MaskLLM to highlight 478

pruning efficiency and effectiveness. 479

2:8 sparsity is exceptionally aggressive. As 480

shown in Table 4, only methods that learn the 481

pruning mask achieve reasonable perplexity val- 482

ues, while heuristic baselines collapse, producing 483

perplexities exceeding 100. This behavior is con- 484

gruent with the 2:4 setting and highlight the critical 485

necessity of learnable mask parameterization. Ac- 486

curacy results under 2:8 sparsity also exhibit the 487

same trend and are deferred to Appendix A.9. 488

In conjunction with Table 3, we again observe 489
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Model Sizes

Method 0.5B 1.5B 3B 7B

w/o Pruning 18.45 12.59 12.32 9.03
Magnitude 1.5E+7 1.0E+7 6.6E+7 infinity3

Wanda 8.1E+5 1.0E+6 3.2E+6 4.7E+4
SparseGPT 1.1E+4 4.0E+4 257.22 158.70
MaskLLM 63.11 38.14 38.89 34.72

SUSI (Ours) 61.89 36.87 37.72 32.33

Table 4: WikiText-2 Perplexity (PPL) scores across
backbone models with 2:8 sparsity pattern setting. Bold
and underlined values indicate the best and second-best
performance, respectively. ProxSparse is excluded due
to its inability to learn 2:8 sparsity patterns.

the rapid growth in training cost of MaskLLM as490

model size increases. Moreover, the parameter-491

requirement gap between SUSI and MaskLLM492

widens substantially under more aggressive spar-493

sity. For the 7B model at 2:8 sparsity, MaskLLM494

requires more than twice the auxiliary parameters495

compared to the 2:4 setting. This corresponds to496

≈22.75B additional parameters relative to SUSI,497

resulting in a 3.5× increase in parameters partici-498

pating in memory allocation, backpropagation, op-499

timizer and scheduler states, while only achieving500

perplexity levels comparable to SUSI.501

These results demonstrate that differentiable sub-502

set sampling is sufficient to sustain language mod-503

eling capability under extreme sparsity, while re-504

quiring only 28.57% of the trainable parameters of505

the categorical parameterization. This establishes506

SUSI as the minimal learnable-mask formulation507

capable of sustaining non-degenerate performance.508

5.3.2 Perplexity over Training Tokens509

Among mask-learning pruning approaches, deter-510

ministic regularization-based learning fundamen-511

tally limits how effectively a model can exploit512

training data due to the bias-variance tradeoff.513

While regularization can accelerate early-stage op-514

timization, it introduces a persistent bias that con-515

strains convergence as training data grows. In con-516

trast, directly learning sparsity masks in a varia-517

tional manner avoids this limitation and is therefore518

intrinsically better suited to large-scale training519

regimes. This difference is directly reflected in Fig-520

ure 3. During the early stage of training (until ap-521

proximately 0.5B tokens), the regularization-based522

pruning baseline ProxSparse attains lower perplex-523

3Undefined perplexity due to zero-probability predictions.
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Figure 3: SUSI demonstrates better scalability than
MaskLLM and ProxSparse, with WikiText-2 perplexity
improving more consistently as the number of training
tokens increases.

ity, indicating faster initial convergence. However, 524

this advantage is temporary: as additional train- 525

ing data is incorporated, the performance of Prox- 526

Sparse rapidly plateaus. Meanwhile, SUSI and 527

MaskLLM continue to improve steadily and mono- 528

tonically, consistently translating additional data 529

into lower perplexity. These results provide clear 530

empirical evidence that learning masks directly is 531

critical for unlocking sustained improvements un- 532

der large-scale training settings and achieving su- 533

perior asymptotic performance. 534

6 Conclusion 535

This work introduced SUSI, a novel semi- 536

structured pruning technique that employs differ- 537

entiable subset sampling to efficiently derive N:M 538

sparsity masks. By substantially reducing the num- 539

ber of trainable parameters and associated mem- 540

ory overhead, SUSI enables effective compression 541

of LLMs while maintaining strong downstream 542

performance. Across Qwen2.5 models ranging 543

0.5 to 7B parameters, SUSI consistently achieves 544

lower perplexity on WikiText-2 compared to exist- 545

ing pruning approaches, and maintains competitive 546

zero-shot accuracy on a diverse set of benchmarks. 547

Moreover, SUSI demonstrates enhanced data effi- 548

ciency and favorable scalability as the amount of 549

calibration data increases. Overall, these results po- 550

sition SUSI as a practical and scalable solution for 551

semi-structured pruning of LLMs, offering a strong 552

balancing between compression efficiency and per- 553

formance preservation for resource-constrained de- 554

ployment environments. 555
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Limitations556

Despite the promising performance and efficiency557

demonstrated by SUSI, several limitations remain:558

(i) First, the deployment of semi-structured sparsity559

is inherently hardware-dependent. At present, sub-560

stantial throughput gains are realized only on select561

platforms (e.g., AMD ROCm and certain NVIDIA562

Ampere and Hopper GPUs) where 2:4 structured563

sparsity is natively supported and accelerated at the564

kernel level. Although SUSI can, in principle, be565

extended to arbitrary N :M sparsity patterns, its566

practical utility is constrained by the absence of567

hardware kernels and vendor-optimized libraries568

for ratios other than 2:4. On accelerators or CPUs569

lacking such specialized support, pruning yields570

only marginal reductions in memory footprint and571

fails to deliver meaningful inference speed up. This572

hardware dependency poses a significant challenge573

for widespread adoption in heterogeneous produc-574

tion environments, where deployment targets may575

vary; (ii) Second, the current evaluation focuses ex-576

clusively on English-centric, dense Qwen2.5 mod-577

els and a limited set of standard NLP benchmarks.578

Future research should investigate the applicability579

of SUSI to multilingual LLMs, different architec-580

tures like Mixture-of-Experts, larger-scale models,581

and domain-specific tasks (e.g., code generation,582

reasoning-intensive applications) to assess its gen-583

eralization and scalability comprehensively.584
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from its target distribution is equal to the expected 775
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loss obtained when each mask is parameterized776

as a sum of elements of an ordered subset Si sam-777

pled from the corresponding restricted distribution778

PWRS(Si|ϕi).779

We show that:780

EP(m|ϕ)[f(m)] = EPWRS(S|ϕ)

f
∑

µ∈S
µ

 ,

(14)781

where f(m) is an objective function of m, and782

P(m|ϕ) =
∑

Sm
PWRS(Sm|ϕ) with Sm ranging783

over all sets whose elements sum to m.784

Proof. Given any set of binary masksM satisfying785

N :M sparsity, by definition of P(m | ϕ):786

EP(m|ϕ)[f(m)] =
∑

m∈M
P(m | ϕ) f(m)

=
∑

m∈M

(∑
Sm

PWRS(Sm | ϕ)

)
f

 ∑
µ∈Sm

µ

 .

787

Reordering the sums yields:788

∑
m∈M

∑
Sm

PWRS(Sm | ϕ) f

 ∑
µ∈Sm

µ


=
∑
S

PWRS(S | ϕ) f

∑
µ∈S

µ

 ,

789

which equals:790

EPWRS(S|ϕ)

f
∑

µ∈S
µ

 .791

792

A.2 Baseline Methods793

i) Magnitude is a simple, data-free method that794

removes parameters with the smallest absolute val-795

ues. While this method is easy to implement,796

it often yields subpar results due to the limita-797

tions of parameter sensitivity and model dynamics;798

ii) Wanda (Sun et al., 2024) combines parame-799

ter magnitudes with activation statistics at each800

layer, achieving better performance than pure mag-801

nitude pruning, especially under higher sparsity802

constraints, while maintaining favorable compu-803

tational efficiency; iii) SparseGPT (Frantar and804

Alistarh, 2023) incorporates activation outputs and805

Hessian information to estimate parameter impor-806

tance, followed by parameter updates to further807

reduce output error. This method can yield higher 808

accuracy but is more computationally demanding; 809

iv) ProxSparse (Liu et al., 2025a) leverages reg- 810

ularization to quickly find sparsity masks under 811

very constrained data and computational settings. 812

Owing to its deterministic optimization procedure, 813

ProxSparse typically converges rapidly in the early 814

stages of training. However, this early conver- 815

gence can limit its ability to further explore the 816

solution space, thereby restricting its capacity to 817

fully exploit additional training data or extended op- 818

timization; and v) MaskLLM (Fang et al., 2024) is 819

quite similar to the proposed method in this study, 820

by learning pruning masks with minimizing cal- 821

ibration loss under an N :M sparsity constraint, 822

modeled via a multinomial distribution. It delivers 823

strong performance across benchmarks but suffers 824

from high computational cost. 825

A.3 Evaluation Metrics and Benchmark 826

Datasets 827

Following previous works in this research field, 828

three automated metrics are considered for the eval- 829

uation, including both quantitative and qualitative 830

metrics to capture the full impact of pruning: i) 831

Task Accuracy (ACC): on common NLP tasks such 832

as question answering in reading comprehension, 833

mathematics, and science. These tasks are typically 834

assessed in zero-shot or few-shot settings using 835

benchmark datasets; Perplexity (PPL): is a stan- 836

dard metric for assessing language model quality. 837

It measures how well the model predicts the next 838

word in a sequence, with lower values indicating 839

better predictive performance. 840

Dataset Questions Task Type

ARC-Easy 2,376 Multiple-choice science
ARC-Challenge 1,172 Multiple-choice science
BoolQ 3,270 Yes/no questions
HellaSwag 10,042 Sentence completion
PIQA 1,838 Physical interaction QA
RACE 1,045 Multiple-choice comprehension
SciQ 1,000 Multiple-choice science

Table 5: Dataset statistics for zero-shot evaluation. We
report the number of questions and the corresponding
task type for each benchmark.

The benchmark datasets used to assess the ef- 841

fectiveness of pruning methods include WikiText- 842

2 (Merity et al., 2017) for perplexity evaluation 843

and a range of NLP benchmark datasets for zero- 844

shot evaluation, which cover diverse task types 845

and reasoning requirements, including ARC (Clark 846
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et al., 2018), BoolQ (Clark et al., 2019), Hel-847

laSwag (Zellers et al., 2019), PIQA (Bisk et al.,848

2020), SciQ (Welbl et al., 2017), and RACE (Lai849

et al., 2017). All evaluations are conducted us-850

ing the LM-Evaluation-Harness toolkit (Gao et al.,851

2024). Table 5 provides a comprehensive summary852

of the datasets used for zero-shot evaluation across853

multiple tasks. These datasets span a range of do-854

mains, including commonsense reasoning, science855

question answering, and reading comprehension,856

thereby ensuring a rigorous and diverse assessment857

of pruning performance.858

A.4 Hyperparameter Setting859

The hyperparameters used for training SUSI are860

listed in Table 6. These settings were carefully861

chosen to balance convergence stability and com-862

putational efficiency across all evaluated models.863

Parameter Values

Initialization distribution N (0, 0.01)
Gumbel-Softmax temperature τ = 1.0→ 0.05
Sampling temperature λ = 1.0→ 0.002
Weight decay 0.05
Learning rate 10−3 → 10−4

AdamW parameters β1 = 0.9, β2 = 0.95
Batch size 256
Sequence length 4096
Training steps 2000
Annealing steps Tanneal = 1500

Table 6: Hyperparameter configuration used in training.

Specifically, model weights remain frozen dur-864

ing training. The variational distribution is initial-865

ized from a standard normal (µ = 0.0, σ = 0.01),866

and a simulated annealing process gradually re-867

duces randomness. For 1500 first training steps,868

temperatures τ and λ exponentially decay from 1.0869

to 0.05 and from 1.0 to 0.002, respectively. Opti-870

mization uses AdamW with a learning rate decay-871

ing from 1×10−3 to 1×10−4, weight decay value872

of 0.05, and β1 = 0.9, β2 = 0.95.873

A.5 Gumbel-Top-K Algorithm874

The algorithm for Gumbel-Top-K is illustrated in875

Algorithm 1. Specifically, we provide a clear de-876

scription of the Gumbel-Top-K sampling proce-877

dure employed to enable differentiable mask learn-878

ing. This formulation allows for efficient sampling879

of K items without replacement while preserving880

differentiability for gradient-based optimization.881

Algorithm 1 Gumbel-Top-K Sampling Algorithm
(Differentiable)
Input: Set of candidates X = {x1, . . . , xN} with
corresponding logits ϕ = [ϕ1, . . . , ϕN ], number of
samples K, temperature τ > 0
Output: Soft K-hot selection vector S ∈
RN

1: for i← 1 to N do
2: ui ∼ Uniform(0, 1)
3: gi ← − log(− log(ui)) {Gumbel noise}
4: κi ← ϕi + gi {Compute perturbed key}
5: end for
6: α(1) ← [κ1, . . . , κN ]
7: for k ← 1 to K do
8: µ(k) ← softmax

(
α(k)/τ

)
9: α(k+1) ← α(k) + log

(
1− µ(k)

)
10: end for
11: S←

∑K
k=1µ

(k) {Soft K-hot vector}
12: return S

A.6 Comparison with Straight-Through 882

Gumbel-Top-K 883

We further examined whether adopting a straight- 884

through (ST) Gumbel-Top-K estimator benefits 885

pruning performance. In this variant, the forward 886

pass generates discrete masks by directly apply- 887

ing argtopK over Gumbel-perturbed logits, while 888

the backward pass propagates gradients through 889

the continuous Gumbel-Softmax relaxation. This 890

strategy enforces discretization earlier in training, 891

which should be able to improve mask interpretabil- 892

ity. However, our empirical results in Table 7 show 893

that ST Gumbel-Top-K leads to slightly inferior 894

performance compared to the pure soft relaxation. 895

Qwen2.5-1.5B Qwen2.5-3B

Metric w STE w/o STE (Ours) w STE w/o STE (Ours)

PPL (↓) 30.58 21.27 23.75 19.37
Avg. Acc (↑) 53.10 55.04 55.26 58.02

Table 7: Comparison of pruning results with 2:4 sparsity,
both with and without ST Gumbel-Top-K estimator
(denoted as "w STE" and "w/o STE").

For instance, on Qwen2.5-1.5B, ST achieves 896

30.58 perplexity and 53.10% average accuracy, 897

while the soft approach (SUSI) reaches 21.27 898

perplexity and 55.04% accuracy. Similarly, on 899

Qwen2.5-3B, the gap widens (23.57 vs. 19.37 per- 900

plexity). These observations suggest that the bias 901

introduced by the ST estimator hampers generaliza- 902

tion, outweighing the potential benefits of earlier 903

12



se
lf_

at
tn

.q
_p

ro
j

SUSI Magnitude (61%) Wanda (66%) SparseGPT (73%) ProxSparse (73%) MaskLLM (82%)
se

lf_
at

tn
.k

_p
ro

j
m

lp
.u

p_
pr

oj

Figure 4: Mask difference analysis between SUSI and previous works on the Qwen2.5-3B model. Besides the name
of each baseline, place an overlapping percentage indicating the similarity of the produced masks between that
baseline and SUSI. Bold pixels indicate zero masks corresponding to pruned weights.

discretization. Overall, the soft Gumbel-Top-K904

relaxation used in SUSI provides a more effective905

balance between trainability and performance.906

A.7 Throughput907

Table 8 reports the decoding throughput of dense908

base models and their corresponding 2:4 sparse909

variants under different input/output token config-910

urations. All models are deployed using vLLM911

with identical serving settings on a single NVIDIA912

B300 GPU to ensure a fair comparison.913

I/O tokens Models Throughput Acceleration

1024/4096

Qwen2.5-3B 190.60 1.0x
Qwen2.5-3B 2:4 248.50 1.3x

Qwen2.5-7B 165.00 1.0x
Qwen2.5-7B 2:4 210.10 1.27x

2048/4096

Qwen2.5-3B 185.20 1.0x
Qwen2.5-3B 2:4 241.40 1.3x

Qwen2.5-7B 162.00 1.0x
Qwen2.5-7B 2:4 204.40 1.26x

Table 8: Throughput comparison between dense base
models and their 2:4 sparse variants. All models are
deployed using vLLM on a single NVIDIA B300 GPU.
Throughput is reported under different input/output to-
ken configurations. The 2:4 sparse models consistently
achieve higher throughput than their dense counterparts,
demonstrating effective exploitation of semi-structured
sparsity at inference time.

Across both Qwen2.5-3B and Qwen2.5-7B, the914

2:4 sparse variants consistently achieve higher915

throughput than their dense counterparts. For the 916

1024/4096 I/O setting, the 2:4 models yield up to 917

1.3× speedup for Qwen2.5-3B and 1.27× speedup 918

for Qwen2.5-7B. Similar improvements are ob- 919

served under the 2048/4096 configuration, indi- 920

cating that the throughput gains are robust across 921

different sequence lengths. These results demon- 922

strate that semi-structured 2:4 sparsity can be effec- 923

tively exploited at inference time, translating spar- 924

sity into tangible system-level acceleration without 925

modifying the serving stack. Notably, the relative 926

speedups remain stable across model scales, sug- 927

gesting that the benefits of 2:4 sparsity generalize 928

well from smaller to larger models. 929

A.8 Mask Difference Analysis 930

To investigate how different pruning strategies se- 931

lect weights, we measure the overlap between 932

masks produced by various methods on the same 933

model. Figure 4 presents a qualitative compari- 934

son of the sparsity masks produced by SUSI and 935

several representative pruning baselines, includ- 936

ing Magnitude, Wanda, SparseGPT, ProxSparse, 937

and MaskLLM. For each method, we visualize the 938

top-left 8×8 sub-matrix of the learned masks from 939

three representative layers: self_attn.q_proj, 940

self_attn.k_proj, and mlp.up_proj. Dark pix- 941

els denote zero entries corresponding to pruned 942

weights. In addition, we report the overlapping 943

percentage between the masks generated by each 944
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baseline and SUSI, indicating the degree of struc-945

tural similarity. Across all layers, SUSI exhibits a946

clear alignment with MaskLLM, as reflected by the947

higher overlap ratios. This suggests that SUSI is948

able to recover pruning patterns that are consistent949

with more expensive or data-intensive approaches,950

despite relying on a more efficient differentiable951

subset selection mechanism. In contrast, Magni-952

tude pruning shows substantially lower overlap,953

indicating that purely weight-based criteria lead to954

structurally different sparsity patterns that deviate955

from those discovered by data-aware methods. No-956

tably, ProxSparse achieves an overlap comparable957

to SparseGPT in certain layers, but still demon-958

strates noticeable structural discrepancies, partic-959

ularly in attention projections. This observation960

is consistent with ProxSparse’s deterministic and961

early-converging optimization behavior, which can962

restrict exploration of alternative sparsity configu-963

rations. Overall, this analysis highlights that SUSI964

not only improves quantitative performance but965

also produces structured masks that closely resem-966

ble those of strong, data-aware pruning baselines,967

reinforcing its effectiveness in learning meaningful968

semi-structured sparsity patterns.969

A.9 Accuracy Results for 2:8 Sparsity970

Table 9 re-illustrates the severity of the 2:8 sparsity971

constraint. On ARC-Challenge, pruned models972

of all sizes and methods fail to exceed the 25%973

random guess rate. Across the remaining bench-974

marks (Table 10), heuristic pruning methods re-975

main statistically indistinguishable from random976

guessing, only approaches that explicitly learn the977

sparsity mask (SUSI and MaskLLM) are able to978

retain meaningful accuracy.979

Model Sizes

Method 0.5B 1.5B 3B 7B

w/o Pruning 29.01 41.55 44.62 48.21
Magnitude 20.99 21.93 23.21 21.50
Wanda 19.80 19.62 19.37 19.88
SparseGPT 20.48 19.80 17.92 18.69
MaskLLM 18.88 21.51 20.81 21.41
SUSI (Ours) 18.26 21.33 20.48 21.33

Table 9: ARC-Challenge zero-shot accuracy scores
across backbone models with 2:8 sparsity pattern set-
ting. ProxSparse is excluded due to its inability to learn
2:8 sparsity patterns.

Among naive strategies, SparseGPT is the only980

method that preserves non-negligible performance, 981

due to permitting parameter updates, and only on 982

SciQ. These accuracy trends indicate that explicit 983

mask learning is the most effective strategy. This 984

observation is consistent with the 2:4 accuracy re- 985

sults in Table 1, as well as the 2:4 and 2:8 perplex- 986

ity results reported in Tables 2 and 4. Collectively, 987

these results further emphasize the advantages of 988

SUSI over MaskLLM, showing that SUSI achieves 989

competitive or superior performance at a fraction 990

of the computational cost (Table 3), and remains 991

robust across both tasks and sparsity regimes. 992
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Method W/U ARC-E BoolQ HellaS. PIQA RACE SciQ Average ↑

Base Model: Qwen2.5-0.5B - 64.48 61.80 40.54 70.51 34.74 92.90 60.83
Magnitude ✗ 24.96 38.72 25.76 51.90 20.96 19.30 30.27
Wanda ✗ 26.22 37.83 26.43 54.84 23.54 29.40 33.04
SparseGPT ✓ 28.37 38.56 26.65 53.05 24.11 41.70 35.41
MaskLLM ✗ 42.75 61.65 26.92 59.42 25.86 73.80 48.40
SUSI (Ours) ✗ 43.98 61.65 27.11 59.36 25.93 73.10 48.52

Base Model: Qwen2.5-1.5B - 75.21 72.48 50.18 75.52 36.65 94.20 67.37
Magnitude ✗ 26.09 41.41 25.77 51.69 21.24 20.30 31.08
Wanda ✗ 25.76 47.98 25.65 51.63 23.44 22.00 32.74
SparseGPT ✓ 28.54 54.31 26.52 53.16 24.69 45.20 38.74
MaskLLM ✗ 50.12 58.87 30.20 63.32 27.80 77.40 51.29
SUSI (Ours) ✗ 50.25 58.99 29.97 63.49 28.08 77.20 51.33

Base Model: Qwen2.5-3B - 77.57 77.22 55.04 78.29 38.47 95.90 70.42
Magnitude ✗ 24.24 37.83 25.59 52.23 20.77 19.70 30.06
Wanda ✗ 26.89 38.41 26.42 53.16 23.54 25.50 32.32
SparseGPT ✓ 35.14 58.99 27.46 55.11 24.02 68.90 44.94
MaskLLM ✗ 50.57 61.91 30.70 64.08 28.22 82.00 52.91
SUSI (Ours) ✗ 51.01 62.32 30.06 64.69 28.80 81.60 53.08

Base Model: Qwen2.5-7B - 80.43 84.65 59.98 78.78 41.91 96.60 73.73
Magnitude ✗ 26.26 46.64 25.42 52.45 22.01 22.20 32.50
Wanda ✗ 27.48 37.83 26.35 53.59 22.68 32.60 33.42
SparseGPT ✓ 32.91 59.33 27.87 55.28 27.37 75.20 46.33
MaskLLM ✗ 51.20 60.98 29.32 62.90 28.98 83.60 52.83
SUSI (Ours) ✗ 50.67 62.35 29.70 63.44 28.85 83.40 53.07

Table 10: Comparative evaluation of zero-shot accuracy across multiple benchmark datasets for various pruning
methods on the Qwen2.5 model family of different sizes with 2:8 sparsity pattern. Bold and underlined values
indicate the highest and second-highest performance, respectively. ProxSparse is excluded due to its inability to
learn 2:8 sparsity patterns.
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