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Abstract001

Large Reasoning Models (LRMs) achieve002
strong performance on complex tasks through003
extended chain-of-thought generation, but in-004
cur substantial computational costs during in-005
ference. In production settings, batched infer-006
ence is essential for high throughput, yet exist-007
ing adaptive pruning methods face performance008
limitations: First, they rely on averaging activa-009
tions across samples to determine shared prun-010
ing masks, which may miss critically activated011
neurons for some individual samples. Second,012
after the averaging, they adopt threshold-based013
selection for pruning neurons, causing sparsity014
ratio instability. In this work, we propose a015
training-free adaptive pruning method designed016
specifically for batched inference in LRMs.017
Our method adopts max-pooling activations for018
cross-sample aggregation to better capture the019
sample-specific important neurons. To stabilize020
the activation sparsity ratio, our method adopts021
periodic top-k selection over the aggregated022
neurons instead of threshold-based selection.023
Futhremore, based on the observation that im-024
portant neurons tend to be repeatedly activated,025
we incorporate an activation memory mecha-026
nism to capture periodically important neurons.027
Experiments on diverse reasoning benchmarks028
demonstrate that our method achieves a 39.7%029
improvement over the previous state-of-the-art030
adaptive pruning method at batch size 4 with031
50% sparsity, along with 1.32× speedup over032
dense inference at batch size 1 and 1.14× at033
batch size 4, which is comparable to existing034
pruning methods, demonstrating practical effi-035
ciency gains for deployment. 1036

1 Introduction037

Large language models (LLMs) have demonstrated038

remarkable capabilities across a wide range of039

tasks (Grattafiori et al., 2024; Yang et al., 2024;040

1Our code is available at: https://anonymous.4open.
science/r/reasoning_eval-F880
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Figure 1: Comparison of existing adaptive pruning meth-
ods and our proposed approach for batched inference
on reasoning tasks. (Top) Existing adaptive pruning
methods (Liu et al., 2025) average activation Z across
samples to enable batched inference, but this causes
performance degradation on reasoning tasks. (Middle)
Replacing averaging with max aggregation and top-k se-
lection improves reasoning task performance, but com-
puting top-k at every token incurs computational over-
head, resulting in slow inference speed. (Bottom) Our
method periodically updates the pruning mask using
max aggregation with top-k selection, achieving strong
performance on reasoning tasks in batched inference
while maintaining computational efficiency.

Team, 2023), yet they come with substantial com- 041

putational costs. In particular, recent advances in 042

reasoning capabilities have led to the emergence 043

of Large Reasoning Models (LRMs) (DeepSeek- 044

AI, 2025; OpenAI, 2024), which employ extended 045

chain-of-thought processes to solve complex prob- 046

lems. While effective, these models generate sub- 047

stantially longer outputs, further exacerbating com- 048

putational costs during inference. With billions 049

of parameters, modern LLMs (Grattafiori et al., 050

2024; Yang et al., 2024) incur substantial compu- 051

tational and memory costs, making deployment 052

particularly difficult in resource-constrained envi- 053

ronments (Gholami et al., 2024). 054

These computational bottlenecks become partic- 055

ularly critical in production settings, where serving 056
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Table 1: Comparison of pruning methods across inference settings. Static pruning (Sun et al., 2024; Frantar and
Alistarh, 2023) fails on reasoning tasks due to fixed patterns. Existing adaptive methods (Lee et al., 2024; Liu et al.,
2025) degrade with batched inference. Our method achieves consistent performance across all settings (∗). See
Figure 1 for detailed comparison with the existing adaptive pruning and our method.

Task Type Batch Size Static
Pruning

Existing
Adaptive Pruning Ours

Non-reasoning 1 ✓ ✓ ✓
≥2 ✓ ✓ ✓

Reasoning 1 ✗ ✓ ✓
≥2 ✗ ✗ ✓∗

multiple requests simultaneously through batched057

inference is essential for achieving high through-058

put. For instance, modern inference frameworks059

such as vLLM (Kwon et al., 2023) employ con-060

tinuous batching to efficiently handle concurrent061

requests, dynamically adding new requests to on-062

going batches without waiting for previous genera-063

tions to complete. To further minimize such request064

latency, we need a more lightweight models that065

can run on batched inference settings.066

A promising approach to reduce inference cost067

is pruning. Existing pruning methods can be cat-068

egorized as either static or adaptive. Static meth-069

ods (Dong et al., 2024) determine pruning pat-070

terns once during the prompt phase; however, we071

observe that this fixed approach degrades perfor-072

mance on reasoning tasks where activation patterns073

evolve during chain-of-thought generation. Adap-074

tive methods (Liu et al., 2025; Lee et al., 2024) ad-075

dress this by dynamically selecting neurons at each076

step based on activation magnitudes, achieving077

strong performance on complex reasoning tasks.078

However, existing adaptive pruning methods079

such as CATS (Lee et al., 2024) and TEAL (Liu080

et al., 2025) face a fundamental limitation in081

batched inference scenarios. On GPUs, batched082

inference requires a single shared pruning mask083

across all samples in a batch. TEAL addresses084

this by averaging activations across samples to de-085

termine a common pruning pattern. While this086

averaging approach can identify neurons that are087

consistently activated across all samples, it misses088

important neurons that are occasionally but criti-089

cally activated for individual samples. While this090

approach may work adequately for short question-091

answering tasks where information can be com-092

pressed, it causes significant performance degra-093

dation in generation tasks that require preserving094

sample-specific information under batched infer-095

ence settings, particularly in reasoning tasks. Ad-096

ditionally, after the averaging procedure, these ex- 097

isting methods rely on threshold-based selection 098

rather than top-k selection for pruning, which may 099

cause performance instability because of the fluctu- 100

ation of the actual sparsity ratio at inference. 101

In this work, we propose a training-free adap- 102

tive pruning method for LRMs that enable efficient 103

batched inference while maintaining strong per- 104

formance on reasoning tasks. The novelty of our 105

method is as follows: (i) For cross-sample aggre- 106

gation, our method adopts max-pooling activations 107

rather than averaging, enabling more effective iden- 108

tification of neurons that are critically activated 109

for individual samples. (ii) To stabilize the ac- 110

tivation sparsity ratio, our method adopts top-k 111

selection over the aggregated neurons instead of 112

threshold-based selection. We introduce periodic 113

mask updates instead of per-token updates, reduc- 114

ing the computational overhead of top-k selection 115

while maintaining consistent sparsity. (iii) Based 116

on the observation that important neurons tend to 117

be repeatedly activated (Figure 3), we introduce 118

an activation memory mechanism to better capture 119

periodically important neurons. 120

Through extensive experiments on various rea- 121

soning tasks, we demonstrate that our method is 122

able to maintain good performance in batched set- 123

tings, while existing adaptive pruning methods suf- 124

fer significant performance degradation. Specif- 125

ically, our approach achieves a 39.7 percentage 126

point improvement over the previous state-of-the- 127

art adaptive pruning method at batch size 4 with 128

50% sparsity using DeepSeek-R1-Distill-Qwen- 129

7B. Additionally, our approach achieves 1.32× 130

speedup over dense inference at a single batch infer- 131

ence and 1.14× speedup at batch size 4, which is 132

comparable to the existing pruning method, demon- 133

strating practical efficiency gains for deployment. 134
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Figure 2: Overview of our batch-wise adaptive pruning approach. (a) We extend the prior importance scoring
method (Dong et al., 2024) to support batched inference and periodic pruning. Importance scores are computed
by the batch-wise scoring function MS(·) through normalization along the activation dimension followed by norm
aggregation along the token dimension. For batched inference, we aggregate importance scores sbn across the batch
dimension using element-wise maximum, enabling the shared pruning mask to capture important neurons from
each sample. (b) The method operates in three phases: input phase computes initial importance score s0, dense
exploration phase updates the importance memory m via element-wise maximum, and periodic adaptive phase
alternates between pruning and exploration. This design minimizes pruning switch overhead by maintaining stable
pruning patterns, while periodic memory updates enable continuous retention of important neurons.

2 Related Work135

Pruning methods for large language models can136

be categorized along several dimensions: granu-137

larity, input dependency, and adaptivity. Table 1138

summarizes the key differences between existing139

pruning approaches and our proposed method in140

various settings. In contrast to existing approaches141

that struggle to maintain performance in batched142

settings or on reasoning tasks, our method is specif-143

ically designed to preserve accuracy while enabling144

efficient batched inference for LRMs.145

Pruning Granularity. Pruning reduces model146

size by removing redundant parameters while pre-147

serving performance. Methods can be catego-148

rized by granularity: unstructured pruning re-149

moves individual weights, achieving high spar-150

sity with minimal accuracy loss but requiring spe-151

cialized hardware or software for acceleration.152

SparseGPT (Frantar and Alistarh, 2023) performs153

one-shot weight update during pruning, while154

Wanda (Sun et al., 2024) is training-free. For struc-155

tured pruning, LLM-Pruner (Ma et al., 2023) and156

Sheared-LLaMA (Xia et al., 2024) require post-157

training to recover performance. Semi-structured 158

pruning (e.g., N:M sparsity) offers a middle ground 159

but requires specialized CUDA kernels and is lim- 160

ited to specific GPU architectures that support such 161

sparsity patterns (Frantar and Alistarh, 2023; Sun 162

et al., 2024). Our proposed method belongs to struc- 163

tured pruning and does not require specific GPU 164

architectures, as it operates through standard matrix 165

operations without specialized sparse computation 166

kernels. 167

Input-Independent vs. Input-Dependent Prun- 168

ing. Pruning methods can also be categorized 169

based on whether the pruning pattern depends on 170

input activations. Input-independent methods per- 171

form pruning before inference using calibration 172

data, and this pattern remains fixed regardless of the 173

input (Sun et al., 2024; Ashkboos et al., 2024; Kim 174

et al., 2024; Frantar and Alistarh, 2023). While 175

these approaches benefit from batch compatibility, 176

they exhibit strong dependency on the calibration 177

dataset, and cannot exploit the observation that dif- 178

ferent inputs activate different subsets of neurons. 179

In contrast, input-dependent methods dynamically 180

select which neurons to prune based on the acti- 181
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vation distribution during inference (Dong et al.,182

2024; Liu et al., 2025; Lee et al., 2024). Although183

some input-dependent methods also utilize cali-184

bration data, their dependency on the calibration185

dataset is generally lower than input-independent186

approaches. However, input-dependent pruning in-187

troduces challenges for efficient batched inference,188

as different samples may require different prun-189

ing patterns. In contrast to prior input-dependent190

methods that suffer from performance degradation191

in batched settings, our approach can extend input-192

dependent pruning to batched inference while main-193

taining performance on reasoning tasks.194

Static vs. Adaptive Pruning. The existing prun-195

ing methods can be further categorized based on196

whether the pruning mask is dynamically updated197

during decoding. Input-independent methods are198

inherently static pruning, as the pruning pattern199

is fixed during inference. Within input-dependent200

methods, static pruning determines a fixed spar-201

sity pattern during the prompt phase and reuses it202

throughout generation (Dong et al., 2024), while203

adaptive pruning dynamically updates the pruning204

mask at each decoding step (Lee et al., 2024; Liu205

et al., 2025). Static pruning cannot adapt to evolv-206

ing activation patterns during generation, leading207

to performance degradation on reasoning models208

that produce long outputs. However, existing adap-209

tive pruning methods rely on threshold-based se-210

lection rather than top-k selection, because com-211

puting top-k at every token incurs prohibitive com-212

putational overhead. When aggregating pruning213

patterns across batches, this threshold-based ap-214

proach causes the activation distribution to differ215

from the single-sample setting, leading to perfor-216

mance degradation. In contrast, our method uses217

top-k selection, which remains unaffected by dis-218

tribution shifts after batch aggregation. By peri-219

odically switching pruning patterns, our approach220

maintains consistent sparsity ratios while captur-221

ing important neurons from each sample, preserv-222

ing performance in batched inference. Notably,223

our method is training-free, computing importance224

scores entirely from activations during inference.225

3 Method226

In this section, we present our batch-wise adaptive227

pruning approach for efficient LLM inference. Our228

method is training-free, requiring no fine-tuning;229

instead, importance scores are computed entirely230

from activations during inference. We first intro-231

Input

Repeat
periodically

Figure 3: Activation visualization of Z along the to-
ken dimension in an FFN layer of DeepSeek-R1-Distill-
Qwen-1.5B. Neurons with high magnitude exhibit pe-
riodic patterns. Based on this observation, our method
adopts periodic mask updates rather than updating prun-
ing positions at every token.

duce the preliminaries on gated MLP structures, 232

then describe our batch-wise importance scoring 233

mechanism, and finally detail our three-phase prun- 234

ing algorithm. 235

3.1 Preliminaries 236

Modern transformer architectures employ 237

gated MLP structures in their feedforward 238

blocks (Grattafiori et al., 2024; Yang et al., 239

2024). Given a sequence of input hidden states 240

X ∈ RT×D where T is the number of tokens, each 241

hidden state x ∈ RD is processed by the gated 242

MLP: 243

Z = σ(Wgx)⊙ (W1x) (1) 244

where σ denotes the SiLU activation function and 245

⊙ signifies element-wise multiplication. For all 246

weight matrices, W1,Wg ∈ RDFF×D and W2 ∈ 247

RD×DFF where typically DFF ≫ D. We refer to 248

Z = FF1(x) ∈ RDFF as the FF activations, and the 249

output is computed as FF2(Z) = W2Z. 250

3.2 Batch-wise Importance Neuron Scoring 251

We define an importance score s ∈ RDFF as a mea- 252

sure of how critical each neuron in the FF layer 253

is for the current task. Following prior work on 254

activation-based pruning (Dong et al., 2024), we 255

compute importance scores by aggregating normal- 256

ized activation magnitudes across tokens. 257

For a sequence of T tokens, let Z = FF1(X) ∈ 258

RT×DFF denote the FF activations for the full 259

sequence. We first compute the relative activa- 260

tions Z by applying row-wise ℓ2 normalization: 261

[Z]t = [Z]t/∥[Z]t∥2 for each token t. This normal- 262

ization ensures that we capture the relative impor- 263
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tance of each neuron within a token, rather than264

being dominated by tokens with large overall ac-265

tivation magnitudes. As described in Section 3.3,266

our method operates in three distinct phases, and267

we compute importance scores at each phase sep-268

arately. The importance score at each phase n is269

then computed by taking the column-wise ℓ2-norm:270

sn = MS(Z) =
1√
T

[
∥[Z]·,1∥2, . . . , ∥[Z]·,DFF∥2

]⊤
(2)

271

where n denotes the phase index, and MS(·) de-272

notes the batch-wise scoring function. Intuitively,273

neurons with consistently high relative activations274

across multiple tokens receive higher importance275

scores, capturing the “persistently important” neu-276

rons that contribute meaningfully to the model’s277

computation. Unlike prior work (Dong et al., 2024)278

that computes importance scores over the entire279

sequence in a single pass, our method computes im-280

portance scores at each phase separately. Since dif-281

ferent phases may have varying numbers of tokens,282

we normalize by
√
T (the square root of the num-283

ber of tokens) to eliminate length bias, enabling fair284

comparison of importance scores across phases.285

Batch Aggregation. For batched inference with286

B samples, we aggregate importance scores across287

the batch, excluding padding tokens and EOS to-288

kens from the aggregation. For a single sample289

(B=1), we directly use sn. For multiple samples290

(B > 1), we aggregate using element-wise maxi-291

mum:292

s̄n = max
b∈{1,...,B}

s(b)n (3)293

where s
(b)
n denotes the importance score for sam-294

ple b at phase n. We then construct a pruning295

mask M ∈ {0, 1}DFF , a binary vector indicat-296

ing which neurons to prune. Specifically, we se-297

lect the top-k neurons with the highest importance298

scores, that ensures consistent sparsity regardless299

of the aggregated activation distribution, where300

k = ⌊(1 − ρ) · DFF⌋ and ρ ∈ (0, 1) is the tar-301

get sparsity ratio. The shared pruning mask is then302

applied uniformly across all samples in the batch.303

This aggregation method ensures that neurons im-304

portant to any sample are retained, while the top-k305

selection maintains the target sparsity ratio regard-306

less of the aggregated distribution.307

3.3 Batch-wise Adaptive Pruning Algorithm 308

Our batch-wise adaptive approach operates in three 309

distinct phases during autoregressive generation, as 310

illustrated in Figure 2. The key insight is that we 311

balance computational efficiency with adaptivity by 312

alternating between sparse computation and dense 313

exploration phases. 314

Phase 1: Input Phase. During the initial prompt 315

processing with Tinput input tokens, we compute the 316

FF activations Zt for each token t = 1, . . . , Tinput. 317

Using these activations, we compute the initial 318

importance score s0 using the batch-wise scoring 319

function (Equation 2). 320

Phase 2: Dense Exploration Phase. After the 321

prompt, we perform Tinit steps of dense compu- 322

tation. This dense exploration phase serves two 323

purposes: (1) it allows the model to generate initial 324

tokens using full capacity, which is particularly im- 325

portant for establishing the direction of reasoning, 326

and (2) it enables us to collect activation statis- 327

tics that better reflect the generation context rather 328

than just the input. At the end of this phase, we 329

compute a new importance score s1 from the col- 330

lected activations and update our importance mem- 331

ory m ∈ RDFF using an element-wise maximum: 332

m1 ← max(s0, s1). The importance memory m 333

serves as a buffer that accumulates neuron impor- 334

tance information across phases, ensuring that neu- 335

rons identified as important in earlier phases remain 336

candidates for selection while incorporating new 337

information from subsequent phases. We then gen- 338

erate the initial pruning mask M1 = top-k(m1, k) 339

and immediately begin sparse computation in the 340

next phase. 341

Phase 3: Periodic Adaptive Pruning Phase. As 342

shown in Figure 3, neurons with high activation 343

magnitudes exhibit periodic patterns during autore- 344

gressive generation. Based on this observation, we 345

periodically update the pruning mask to adapt to 346

these evolving activation patterns, enabling effec- 347

tive performance even for reasoning tasks with long 348

output sequences. 349

After the initial dense exploration, we alternate 350

between cycles of sparse and dense computation. 351

Each cycle n consists of two stages: (1) prun- 352

ing, where we perform Tp steps of sparse forward 353

passes using the current pruning mask, and (2) ex- 354

ploration, where we perform Te steps of dense 355

computation while collecting activations to update 356

the importance scores. At the end of each explo- 357
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Table 2: Pruning performance comparison at 50% target sparsity with batch size 4. Our method significantly outper-
forms all pruning baselines (Wanda, Griffin, TEAL) across multiple reasoning benchmarks (GSM8K, MATH500,
MINERVA, AMC23, GPQA-DIAMOND) on both DeepSeek-R1-Distill-Qwen-7B and DeepSeek-R1-Distill-Llama-
8B models. Wanda applies 2:4 structured sparsity. Bold values indicate the highest performance among all pruning
methods.

Model Method Tasks AVG
GSM8K MATH500 MINERVA AMC23 GPQA-DIAMOND

DeepSeek-
R1-Distill-
Qwen-7B

Dense 92.0 91.8 39.7 87.5 52.5 72.7
Wanda 59.0 24.4 7.4 12.5 15.7 23.8
Griffin 22.0 14.8 11.0 10.0 15.2 14.6
TEAL 30.0 11.2 4.8 10.0 15.7 14.3
Ours 89.0 71.0 29.4 50.0 30.8 54.0

DeepSeek-
R1-Distill-
Llama-8B

Dense 96.0 91.0 33.8 90.0 45.5 71.3
Wanda 9.0 4.8 0.7 5.0 7.1 5.3
Griffin 16.0 11.8 4.8 2.5 16.7 10.4
TEAL 28.0 5.4 2.2 0.0 16.2 10.4
Ours 75.0 38.8 12.1 25.0 21.7 34.5

ration stage, we update the importance memory358

using the maximum of the current score and the359

previous memory: mn ← max(mn−1, sn), and360

generate a new pruning mask Mn = top-k(mn, k).361

This update rule accumulates importance informa-362

tion across multiple cycles, ensuring that persis-363

tently important neurons are retained while allow-364

ing the mask to adapt to evolving activation pat-365

terns. Specifically, the pruning mask is updated366

every Ttrans = Te + Tp steps, alternating between367

sparse pruning and dense exploration phases.368

During the pruning stage, we leverage the prun-369

ing mask to reduce computational costs. Given370

a mask M, we define the set of retained neu-371

ron indices as I = {i : M[i] = 0}, where372

|I| = (1 − ρ) · DFF. The pruned weight matri-373

ces are obtained by selecting the corresponding374

rows: Ŵg,Ŵ1 ∈ Rk×D and Ŵ2 ∈ RD×k. The375

sparse forward pass then computes:376

Ẑ = σ(Ŵgx)⊙ (Ŵ1x), y = Ŵ2Ẑ (4)377

where Ẑ ∈ Rk. This structured pruning ap-378

proach enables efficient matrix operations on mod-379

ern GPUs, as the reduced dimensions lead to pro-380

portionally smaller matrix multiplications.381

4 Experiment382

4.1 Models and Datasets383

We evaluate our proposed batch-wise adaptive prun-384

ing method on two reasoning models: DeepSeek-385

R1-Distill-Llama-8B and DeepSeek-R1-Distill-386

Qwen-7B (DeepSeek-AI, 2025).387

We evaluate on diverse reasoning benchmarks388

using the prior work evaluation framework (Yue389

et al., 2025). For mathematical reasoning, we use 390

TinyGSM8K (Cobbe et al., 2021; Polo et al., 2024), 391

a 100-sample subset of GSM8K (grade school 392

math word problems) selected to reduce compu- 393

tational costs while maintaining evaluation reli- 394

ability. We also include MATH500 (Hendrycks 395

et al., 2021) for competition-level mathematics, 396

MINERVA Math (Lewkowycz et al., 2022) for sci- 397

entific reasoning, and AMC23 (Hendrycks et al., 398

2021) from the 2023 American Mathematics Com- 399

petition. For general reasoning, we use GPQA- 400

DIAMOND (Rein et al., 2024), a graduate-level 401

science QA benchmark, following Open R1 (Hug- 402

ging Face, 2025) evaluation settings. 403

4.2 Baselines 404

Because our proposed method is training-free, we 405

compare against training-free pruning methods. 406

Wanda (Sun et al., 2024) is an input-independent 407

method that applies 2:4 structured sparsity after 408

calibrating on the C4 dataset with sequences of 409

2048 tokens. Griffin (Dong et al., 2024) employs 410

input-dependent but static pruning, capturing im- 411

portant neurons from activations during the prompt 412

phase and using the determined pruned weights 413

throughout decoding. TEAL (Liu et al., 2025) is an 414

adaptive pruning method that uses threshold-based 415

selection, calibrating on C4 to extract activation 416

thresholds and pruning weights with activations 417

below the threshold during inference while apply- 418

ing uniform sparsity across all layers. For batched 419

evaluation, following the original approach (Liu 420

et al., 2025), we aggregate activations across sam- 421

ples within a batch using mean, excluding padding 422
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Figure 4: Average accuracy across five reasoning tasks
(GSM8K, MATH500, MINERVA, AMC23, GPQA-
DIAMOND) with varying batch sizes at 50% target
sparsity.

tokens and EOS tokens from the aggregation, then423

apply the single-sample algorithm, resulting in all424

samples sharing the same pruned weights. Since425

Dense and Wanda performances are batch-size in-426

dependent, we report their results using batch size427

8 for all experiments.428

4.3 Results429

Our method outperforms baselines in batched430

settings. Table 2 presents the performance com-431

parison at 50% target sparsity with batch size 4.432

Our proposed method significantly outperforms433

all baseline approaches across multiple reasoning434

benchmarks on both DeepSeek-R1-Distill-Qwen-435

7B and DeepSeek-R1-Distill-Llama-8B models.436

On the Qwen-7B model, our method achieves an437

average accuracy of 54.0% across the five tasks,438

compared to TEAL’s 14.3%, representing a 39.7439

percentage point improvement. Similarly, on the440

Llama-8B model, our approach attains 34.5% av-441

erage accuracy versus TEAL’s 10.4%, a 24.1 per-442

centage point improvement. Static pruning meth-443

ods such as Wanda and Griffin exhibit poor perfor-444

mance on reasoning tasks, as they cannot adapt445

to the evolving activation patterns during long446

chain-of-thought generation. Griffin achieves only447

14.6% and 10.4% average accuracy on Qwen-7B448
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Figure 5: Accuracy on MATH500 across different target
sparsity ratios with batch size 4. Target sparsity refers to
the intended pruning ratio, a hyperparameter set before
inference, while actual sparsity indicates the proportion
of neurons that were actually pruned.

and Llama-8B respectively, while Wanda obtains 449

23.8% and 5.3%. Although TEAL employs adap- 450

tive threshold-based pruning, its performance de- 451

grades significantly in batched settings due to dis- 452

tribution shifts when aggregating activations across 453

multiple samples. 454

Our method maintains consistent performance 455

across all batch sizes. Figure 4 illustrates how 456

average accuracy across the five reasoning tasks 457

varies with batch size at 50% target sparsity. TEAL 458

demonstrates high performance at batch size 1 but 459

experiences substantial degradation as the batch 460

size increases. This performance drop stems from 461

the distribution shift introduced by sample-wise ac- 462

tivation aggregation: as batch size grows, the aggre- 463

gated activation patterns during batched inference 464

diverge from the single-sample calibration settings 465

used during threshold extraction. In contrast, our 466

proposed method maintains robust and consistent 467

performance across all batch sizes, demonstrating 468

its practical advantage for batched deployment sce- 469

narios where batching is essential for throughput 470

optimization. Detailed numerical results across all 471

batch sizes are provided in Table 4 in Appendix. 472
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Figure 6: Relative generation throughput speedup on
DeepSeek-R1-Distill-Qwen-7B across batch sizes com-
pared to the dense baseline.

Our method maintains strong performance up473

to high sparsity levels. Figure 5 shows perfor-474

mance on MATH500 across different target sparsity475

levels with batch size 4. Notably, TEAL exhibits476

a significant discrepancy between target and ac-477

tual sparsity: at 20% target sparsity, it achieves478

only 12.07% actual sparsity, while at 60% target,479

it overshoots to 65.10% actual sparsity. This un-480

predictable sparsity control leads to performance481

collapse at higher target sparsity levels, dropping to482

11.2% accuracy at 50% target sparsity and 2.4% at483

60%. In contrast, our method maintains actual spar-484

sity closely aligned with the target (17.8%, 35.7%,485

44.7%, and 53.8% for 20%, 40%, 50%, and 60%486

targets respectively), enabling stable performance487

across all sparsity levels with 71.0% accuracy at488

50% and 51.6% at 60% target sparsity.489

Our method achieves practical speedup in490

batched scenarios. We evaluate end-to-end de-491

coding speed on an NVIDIA H200 GPU follow-492

ing the GPT-Fast (PyTorch, 2024) benchmarking493

setup. Both TEAL and our method employ custom494

Triton kernels; implementation details are avail-495

able in our code repository. Figure 6 illustrates496

the generation throughput speedup across differ-497

ent batch sizes at 50% target sparsity. At batch498

size 1, our method achieves 1.32x speedup over499

the dense baseline. As batch size increases and the500

workload becomes more computation-bound, our501

method maintains comparable speed to the dense502

baseline while exhibiting less throughput degrada-503

tion than TEAL, confirming its practical efficiency504

advantage in batched deployment scenarios. De-505

tailed throughput values and speed-accuracy trade-506

offs are provided in Appendix.507

Table 3: Hyperparameter ablation study on MATH500
dataset with batch size 4, examining the effects of Tinit
(initial dense steps), TE (exploration steps), and Ttrans
(update period) on accuracy and inference speed.

Tinit TE Ttrans Accuracy Speed (token/sec)

0 2 20 68.6 925.3
32 2 20 70.8 925.3
64 2 20 71.0 925.3

128 2 20 71.4 925.3

64 1 20 67.4 941.0
64 2 20 71.0 925.3
64 4 20 77.2 896.8

64 2 10 77.4 806.3
64 2 20 71.0 925.3
64 2 30 69.6 958.7

Hyperparameter ablation study. Table 3 508

presents ablation results on MATH500 with 509

batch size 4. Increasing Tinit (initial dense steps) 510

from 0 to 128 improves accuracy by 2.8% with 511

minimal speed impact, as it captures post-prompt 512

activation shifts. Increasing TE (exploration 513

steps) from 1 to 4 yields 9.8% accuracy gain 514

but reduces throughput from 941.0 to 896.8 515

tokens/sec. Conversely, extending Ttrans (update 516

period) from 10 to 30 degrades accuracy by 7.8% 517

while increasing throughput from 806.3 to 958.7 518

tokens/sec. 519

In summary, Tinit primarily affects accuracy with- 520

out speed penalty, while TE and Ttrans present 521

accuracy-speed trade-offs. Hyperparameter values 522

can be selected based on deployment requirements. 523

5 Conclusion 524

In this work, we presented a training-free batch- 525

wise adaptive pruning method specifically designed 526

for batched inference scenarios in LRMs. Through 527

periodic pruning and importance memory mecha- 528

nism, our approach maintains strong performance 529

on reasoning tasks even in batched settings while 530

enabling faster inference of reasoning models. 531

Our experiments revealed that static pruning 532

methods fail to adapt to the evolving activation 533

patterns inherent in reasoning tasks, while existing 534

adaptive pruning methods suffer significant perfor- 535

mance degradation in batched settings. In contrast, 536

our proposed method demonstrates robust perfor- 537

mance across varying batch sizes and sparsity lev- 538

els. 539

Limitation 540

Our proposed method achieves efficient inference 541

for reasoning models and tasks in batched settings 542

8



by periodically pruning weights based on activa-543

tion patterns observed during generation. However,544

this approach requires direct access to intermediate545

activations within the model, which limits its ap-546

plicability to closed-source or API-based models547

where internal states are not exposed.548
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A Full Performance Comparison 665

Table 4 extends the main results (Table 2) to all 666

batch sizes. On Distill-Qwen-7B, TEAL’s aver- 667

age accuracy drops from 68.3% (BS=1) to 6.8% 668

(BS=16), while our method maintains 55.0% to 669

52.5%. On Distill-Llama-8B, TEAL degrades from 670

63.5% to 1.3%, whereas ours remains between 671

37.6% and 31.2%. 672

B Generation Throughput Analysis 673

All throughput experiments in this section are con- 674

ducted on NVIDIA H200 GPUs. Tables 5 and 6 675

report the exact throughput values corresponding 676

to Figure 6 in the main text. On Distill-Qwen- 677

7B, our method achieves 1.32× speedup at BS=1 678

and 1.10× at BS=16. On Distill-Llama-8B, our 679

method achieves 1.30× at BS=1 and 1.15× at 680

BS=16. Figure 7 visualizes the Distill-Llama-8B 681

speedup trends. 682
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Figure 7: Relative generation throughput speedup on
DeepSeek-R1-Distill-Llama-8B across batch sizes com-
pared to the dense baseline.

C Speed-Accuracy Trade-off 683

Figures 8 and 9 visualize the throughput versus 684

accuracy trade-off across batch sizes. TEAL shows 685

high accuracy at BS=1 but loses both accuracy 686

and relative speedup as batch size increases. Our 687

method maintains consistent accuracy across all 688

batch sizes with competitive throughput. 689

D Dataset and Model Details 690

We summarize the evaluation datasets and models 691

used in this work below. 692

D.1 Dataset Details 693

We report the split, number of examples, and li- 694

cense for each dataset. 695
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Table 4: Pruning performance comparison at 50% target sparsity across different batch sizes. Our method
significantly outperforms all pruning baselines (Wanda, Griffin, TEAL). Dense, Wanda, and Griffin results are
batch-size independent. Bold values indicate superior performance compared to TEAL at the same batch size.

Model Method Batch Size Tasks AVG
GSM8K MATH500 MINERVA AMC23 GPQA-DIAMOND

DeepSeek-
R1-Distill-
Qwen-7B

Dense – 92.0 91.8 39.7 87.5 52.5 72.7

Wanda – 59.0 24.4 7.4 12.5 15.7 23.8
Griffin – 22.0 14.8 11.0 10.0 15.2 14.6

TEAL

1 91.0 86.8 40.1 80.0 43.4 68.3
4 30.0 11.2 4.8 10.0 15.7 14.3
8 9.0 3.2 3.3 0.0 5.0 4.1
16 0.0 1.6 0.7 30.0 1.5 6.8

Ours

1 85.0 72.0 26.1 57.5 34.3 55.0
4 89.0 71.0 29.4 50.0 30.8 54.0
8 84.0 70.8 25.7 55.0 26.3 52.4
16 86.0 71.8 30.1 45.0 29.8 52.5

DeepSeek-
R1-Distill-
Llama-8B

Dense – 96.0 91.0 33.8 90.0 45.5 71.3

Wanda – 9.0 4.8 0.7 5.0 7.1 5.3
Griffin – 16.0 11.8 4.8 2.5 16.7 10.4

TEAL

1 95.0 81.8 30.9 70.0 39.9 63.5
4 28.0 5.4 2.2 0.0 16.2 10.4
8 2.0 3.8 2.6 2.5 1.0 2.4
16 1.0 3.2 2.2 0.0 0.0 1.3

Ours

1 65.0 48.0 14.0 35.0 25.8 37.6
4 75.0 38.8 12.1 25.0 21.7 34.5
8 69.0 39.0 8.8 12.5 22.7 30.4
16 65.0 39.6 9.6 25.0 16.7 31.2

Table 5: Generation throughput (tokens/sec) and speedup comparison on DeepSeek-R1-Distill-Qwen-7B relative to
Dense baseline across different batch sizes.

Method BS=1 BS=4 BS=8 BS=16

Dense 200.9 (1.00×) 813.0 (1.00×) 1596.0 (1.00×) 3040.5 (1.00×)
TEAL 290.7 (1.45×) 971.1 (1.19×) 1769.1 (1.11×) 3335.9 (1.10×)
GRIFFIN 323.5 (1.61×) 1084.5 (1.33×) 2111.0 (1.32×) 3854.3 (1.27×)
Ours 265.6 (1.32×) 925.3 (1.14×) 1794.7 (1.12×) 3331.8 (1.10×)

• TinyGSM8K: split = test, #examples = 100,696

license = MIT.697

• MATH500: split = test, #examples = 500,698

license = MIT.699

• MINERVA Math: split = test, #examples =700

272, license = MIT.701

• AMC23: split = test, #examples = 40, license702

= unspecified (MAA copyrighted).703

• GPQA-DIAMOND: split = test, #examples704

= 198, license = CC BY 4.0.705

D.2 Model Details706

We evaluate on two reasoning models and use a707

consistent zero-shot inference protocol.708

• DeepSeek-R1-Distill-Qwen-7B: a distilled 709

reasoning model (7B). License = MIT (model 710

weights/repository). Base lineage = Qwen- 711

2.5 series (Apache 2.0). Evaluation uses the 712

official DeepSeek-R1 chat template, greedy 713

decoding with temperature 0 (zero-shot), accu- 714

racy as the metric, and maximum generation 715

length of 16,000 tokens. 716

• DeepSeek-R1-Distill-Llama-8B: a distilled 717

reasoning model (8B). License = MIT (model 718

weights/repository). Base lineage = Llama- 719

3.1-8B-Base (Llama 3.1 license). We use the 720

same evaluation protocol: official DeepSeek- 721

R1 chat template, greedy decoding with tem- 722

perature 0 (zero-shot), accuracy as the metric, 723

and maximum generation length of 16,000 724
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Table 6: Generation throughput (tokens/sec) and speedup comparison on DeepSeek-R1-Distill-Llama-8B relative to
Dense baseline across different batch sizes.

Method BS=1 BS=4 BS=8 BS=16

Dense 175.0 (1.00×) 755.2 (1.00×) 1471.7 (1.00×) 2713.0 (1.00×)
TEAL 263.8 (1.51×) 837.2 (1.11×) 1618.2 (1.10×) 2997.4 (1.10×)
GRIFFIN 269.5 (1.54×) 1010.5 (1.34×) 1957.1 (1.33×) 3747.6 (1.38×)
Ours 227.3 (1.30×) 868.1 (1.15×) 1685.9 (1.15×) 3124.9 (1.15×)

tokens.725

E Use of Large Language Models726

We employed a large language model (ChatGPT;727

“GPT-5”) for English-language polishing, light728

copy-editing, and assisting with experimental code729

implementation. The model was not used to gener-730

ate research ideas or experimental design. All tech-731

nical content, claims, and experimental code were732

authored and verified by the authors to ensure cor-733

rectness and reproducibility. No non-public data,734

confidential information, or personally identifiable735

information was provided to the model.736
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Figure 8: Throughput versus average accuracy trade-off on DeepSeek-R1-Distill-Qwen-7B across different batch
sizes at 50% target sparsity. Each subplot shows the speed-accuracy relationship for a specific batch size. Our
method maintains consistent accuracy across batch sizes while achieving competitive throughput, whereas TEAL’s
accuracy degrades significantly as batch size increases.
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Figure 9: Throughput versus average accuracy trade-off on DeepSeek-R1-Distill-Llama-8B across different batch
sizes at 50% target sparsity. Each subplot shows the speed-accuracy relationship for a specific batch size. Our
method maintains consistent accuracy across batch sizes while achieving competitive throughput, whereas TEAL’s
accuracy degrades significantly as batch size increases.
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