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Abstract001

Large Language Models (LLMs) and Vision-002
Language Models (VLMs) have demonstrated003
remarkable capabilities. However, their deploy-004
ment is hindered by significant computational005
costs. Existing structured pruning methods,006
while hardware-efficient, often suffer from sig-007
nificant accuracy degradation. In this paper,008
we argue that this failure stems from a stage-009
agnostic pruning approach that overlooks the010
asymmetric roles between the prefill and de-011
code stages. By introducing a virtual gate012
mechanism, our importance analysis reveals013
that deep layers are critical for next-token pre-014
diction (decode) but largely redundant for con-015
text encoding (prefill). Leveraging this insight,016
we propose Prefill-Only Pruning (POP), a stage-017
aware inference strategy that safely omits deep018
layers during the computationally intensive pre-019
fill stage while retaining the full model for020
the sensitive decode stage. To enable the tran-021
sition between stages, we introduce indepen-022
dent Key-Value (KV) projections to maintain023
cache integrity, and a boundary handling strat-024
egy to ensure the accuracy of the first gener-025
ated token. Extensive experiments on Llama-026
3.1, Qwen3-VL, and Gemma-3 across diverse027
modalities demonstrate that POP achieves up028
to 1.37× speedup in prefill latency with mini-029
mal performance loss, effectively overcoming030
the accuracy-efficiency trade-off limitations of031
existing structured pruning methods.032

1 Introduction033

Large Language Models (LLMs) and Vision-034

Language Models (VLMs) have achieved remark-035

able success across various domains. However,036

their massive parameter counts impose substantial037

computational overhead during inference, limiting038

their deployment. To solve this challenge, model039

pruning has been explored as a means to remove040

redundant computation and accelerate inference.041

While unstructured pruning methods (Frantar and042

Alistarh, 2023; Sun et al., 2024) can preserve accu- 043

racy, they often require specialized hardware and 044

kernels to realize speedups. Conversely, structured 045

pruning methods (Ma et al., 2023; Ashkboos et al., 046

2024; Men et al., 2025; Yang et al., 2024b; Song 047

et al., 2024), which remove entire components like 048

layers or channels, offer better hardware compat- 049

ibility but often suffer from significant accuracy 050

degradation, particularly in open-ended generative 051

tasks. 052

We argue that the failure of existing structured 053

pruning methods stems from a stage-agnostic, “one- 054

size-fits-all” approach that ignores the functional 055

asymmetry of the inference process. Standard 056

autoregressive inference consists of two distinct 057

stages: prefill and decode. The prefill stage aims 058

solely to encode the input history into Key-Value 059

(KV) cache to provide context for future generation. 060

In contrast, the decode stage has a dual role: it must 061

encode the current token into the cache, while si- 062

multaneously modeling the probability distribution 063

of the next token. Intuitively, these distinct roles 064

imply different sensitivities to pruning, requiring a 065

asymmetric pruning strategy. 066

Motivated by this intuition, we propose Prefill- 067

Only Pruning (POP), a novel strategy that accel- 068

erates the computationally intensive prefill stage 069

while preserving the full model capacity for the sen- 070

sitive decode stage. We first introduce the virtual 071

gate mechanism for layer importance estimation, 072

by approximating the loss increment on the calibra- 073

tion dataset when each layer is removed. Then, we 074

analyze the importance of layers during prefill and 075

decode stage respectively (depicted in Section 3.2, 076

Figure 1), and uncover a striking disparity: deep 077

layers are critical for the generation phase but are 078

largely redundant for the context encoding phase. 079

Leveraging this insight, we accelerate inference by 080

pruning these deep layers exclusively during the 081

prefill stage, while retaining the full model capacity 082

for the decode stage. To ensure a seamless transi- 083

1



tion between the pruned and full stages, we further084

incorporate mechanisms to handle the missing KV085

states and the stage boundary. Our source code is086

publicly available 1.087

Our main contributions are summarized as fol-088

lows:089

• We introduce a virtual gate mechanism to090

model the importance of each layer to the fi-091

nal loss, revealing the functional asymmetry092

of LLMs: deep layers are essential for decode093

but redundant for prefill.094

• We propose Prefill-Only Pruning (POP), a095

stage-aware method that removes deep lay-096

ers during prefill to reduce FLOPs, while re-097

taining the full model for decode. We em-098

ploy independent KV projections to generate099

KV states for the pruned layers, and boundary100

handling to ensure the accuracy of the first101

generated token.102

• We conduct extensive evaluations across di-103

verse model families (Llama-3.1, Qwen3-VL,104

Gemma-3) and modalities. Experimental re-105

sults demonstrate that POP achieves signifi-106

cant speedups with minimal accuracy loss, ef-107

fectively overcoming the limitations of stage-108

agnostic structured pruning.109

2 Preliminary110

2.1 Transformer Inference and KV Cache111

We consider a standard decoder-only Transformer112

architecture (Vaswani et al., 2017; Team, 2024; Bai113

et al., 2025; Team, 2025). Let L denote the num-114

ber of layers in the model. For a specific layer115

l ∈ {1, . . . , L}, let xl ∈ Rd denote the input hid-116

den state (where d is the hidden dimension). The117

computation within layer l typically consists of a118

Grouped-Query Attention (GQA) block or a Multi-119

Head Latent Attention (MLA) Block, followed by120

a Feed-Forward Network (FFN) block, both with121

residual connections and layer normalization.122

The forward pass for the l-th layer can be ex-
pressed as:

yl := xl +Attn(xl,K
past
l , V

past
l )

xl+1 := yl + FFN(yl)

where K
past
l and V

past
l represent the cached Keys123

and Values from previous tokens in the sequence.124

KV Cache Generation. During the inference pro-
cess, specifically for the attention mechanism, the

1https://anonymous.4open.science/r/
prefill-only-pruning-FDD0/

model computes the Query (ql), Key (kl), and Value
(vl) for the current token using projection matrices
WQ

l ,WK
l ,W V

l . To capture positional information,
Rotary Positional Embeddings (RoPE) are typically
applied to the Queries and Keys. The computation
for the new KV pairs of the current token is:

knew
l := RoPE(LN(xl)W

K
l )

vnew
l := LN(xl)W

V
l

where LN(·) denotes the normalization layer. 125

To enable autoregressive generation without re-
computing history, these new keys and values are
appended to the cache:

Kcurrent
l := Concat(K

past
l , knew

l )

V current
l := Concat(V

past
l , vnew

l )

The attention output is then computed using the 126

updated Kcurrent
l and V current

l . 127

2.2 Layer Pruning Formulation 128

Layer pruning aims to accelerate inference by re-
moving entire layers—both the Attention and FFN
blocks—while preserving the residual connections.
Formally, let Sskip ⊂ {1, . . . , L} be the set of in-
dices representing the layers to be pruned. For any
layer l ∈ Sskip, we bypass the computational blocks
entirely. The propagation through a pruned layer is
reduced to an identity mapping:

x̂l+1 := xl, ∀l ∈ Sskip

In existing pruning approaches, the set Sskip is 129

applied in a stage-agnostic manner across both the 130

prefill and decode stage. However, as we discuss 131

in the following section, this approach ignores the 132

asymmetrical functional goals of the two phases: 133

the prefill phase focuses solely on context encoding, 134

while the decoding phase focuses on both context 135

encoding and next-token prediction. 136

3 Method 137

3.1 Estimating Layer Importance with 138

Virtual Gates 139

To effectively identify and remove redundant com- 140

putation, we first require a quantitative metric 141

to measure the contribution of each layer to the 142

model’s overall performance. Intuitively, we define 143

the importance score of the l-th layer as the incre- 144

ment of average loss on a calibration dataset when 145

the layer is removed (pruned), while keeping other 146
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parameters unchanged. We denote this importance147

score as Il.148

Calculating Il directly based on this definition
by physically removing each layer and evaluating
the model is computationally intensive, requiring L
separate inference passes for an L-layer model. To
address this, we introduce virtual gates. We mod-
ify the forward pass of the l-th layer by multiplying
the residual branches (Attention and FFN outputs)
with a virtual scalar parameter gl (Molchanov et al.,
2019):

ŷl := xl +Attn(xl,K
past
l , V

past
l )⊙ gl

x̂l+1 := ŷl + FFN(ŷl)⊙ gl

When gl = 1, the layer functions identically to the149

original pre-trained model; when gl = 0, the resid-150

ual update is suppressed, and x̂l+1 = xl, effectively151

pruning the layer.152

We estimate the importance score Il by approxi-
mating the change in loss L when gl shifts from 1
to 0, using a second-order Taylor expansion around
gl = 1 (LeCun et al., 1989; Molchanov et al.,
2019):

Il = E [Lgl=0 − Lgl=1]

≈ E
[
∂L
∂gl

(0− 1) +
1

2

∂2L
∂g2l

(0− 1)2
]

= E
[
∂L
∂gl

]
+

1

2
E
[
∂2L
∂g2l

]
Calculating the second-order term ∂2L

∂g2l
directly153

is still computationally intensive. To approximate154

this term efficiently, we leverage the properties155

of Fisher Information. Specifically, we adopt a156

sampling-based strategy to satisfy the assumptions157

linking the Hessian to the gradient variance (Kunst-158

ner et al., 2019). For each prompt x in the calibra-159

tion dataset, instead of using ground-truth targets,160

we sample the target response ŷ ∼ Pθ(·|x) from161

the model’s distribution to compute the loss. This162

approach aligns the data distribution with the model163

distribution, achieving two key simplifications for164

calculating Il:165

Vanishing First-Order Term: Since the model
minimizes loss on its own generated distribution,
the expected first-order gradient is zero:

E
[
∂L
∂gl

]
= 0

Hessian-Gradient Relation: Under this sampling
strategy, the expected Hessian matches the second
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(b) Qwen3-VL-8B-Instruct, LLAVA-Instruct-150K

Figure 1: Importance scores of layers from different
models over datasets.

moment of the gradients (i.e., the Fisher Informa-
tion Matrix):

E
[
∂2L
∂g2l

]
= E

[(
∂L
∂gl

)2
]

By substituting these simplifications back into
the Taylor expansion, we derive an efficient esti-
mator that relies solely on the gradient computed
during a single forward-backward pass on each
calibration sample:

Ĩl = E

[(
∂L
∂gl

)2
]

By estimating layer importance with virtual 166

gates, we accurately capture the sensitivity of 167

the model outputs to the pruning of specific lay- 168

ers, while avoiding the iterative removal of each 169

layer, or the heavy computation of the second-order 170

derivative. 171

3.2 Stage-Aware Importance Analysis 172

Consider the standard inference process of large 173

models, which consists of two distinct stages: pre- 174

fill and decode. The prefill stage has a singular role: 175

to process the user’s input prompt x1:N−1 in paral- 176

lel and encode the token information into the KV 177
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cache of every layer, providing context for future178

generation. In contrast, the decode stage processes179

the single latest token xt at each step. It must si-180

multaneously fulfill a dual role: (1) encode the181

current token into the KV cache and append it to182

the sequence history; (2) model the probability dis-183

tribution of the next token xt+1 for autoregressive184

generation.185

Despite sharing the same model parameters θ,186

the functional roles of these two stages are asym-187

metric. Intuitively, these two stages might require188

different pruning strategies. This motivates us to189

investigate the following questions:190

RQ1: Do prefill and decode stages exhibit asym-191

metric sensitivity to pruning? Does one stage ex-192

hibit consistently higher sensitivity compared to193

the other, indicating greater fragility to pruning?194

RQ2: Do specific layers exhibit stage-dependent195

redundancy? Are there any layers that play critical196

roles in one stage, while being redundant in the197

other?198

To answer these questions, we estimate the im-199

portance score of each layer during prefill and de-200

code stage respectively, by extending the virtual201

gate mechanism to be stage-aware.202

Specifically, we treat the gates for the prefill
and decode stages as separate parameters, denoted
as gprefill and gdecode, respectively. Let E and D
represent the prefill and decoding processes. The
prefill stage takes the input prompt x1:N−1 and
outputs the KV cache for the context:

Z1:N−1 = {(Kl, Vl)}Ll=1 := Eθ,gprefill(x1:N−1)

The decode stage takes the current token xt, the
past KV cache Z1:N−1 (from prefill), and the gen-
erated history xN−1:t−1, to output the next token
probability:

P (xt+1|x1:t) := Dθ,gdecode(xt |Eθ,gprefill(x1:N−1),

xN :t−1)

The final loss for the sequence is the cross-
entropy over all output tokens:

L = −
T−1∑
t=N

logDθ,gdecode(xt+1 |Eθ,gprefill(x1:N−1),

xN :t)

We calculate the gradients for gprefill and gdecode

via a single forward-backward pass on each calibra-
tion sample, to obtain the stage-specific importance

scores:

Ĩ
prefill
l = E[(∂L/∂gprefill

l )2]

Ĩdecode
l = E[(∂L/∂gdecode

l )2]

We conducted experiments using Llama-3.1-8B- 203

Instruct on the text dataset WizardLM-V2-196k, 204

and Qwen3-VL-8B-Instruct on the multimodal 205

dataset LLAVA-Instruct-150K. The calculated im- 206

portance scores are visualized in Figure 1. From 207

experimental results, we observe consistent charac- 208

teristics across different models and modalities: 209

Disparity between stages: The importance scores 210

for the prefill and decode stages are highly asym- 211

metric. For a majority of layers, the decode im- 212

portance (orange line) is significantly higher than 213

the prefill importance (blue line), indicating that 214

the decode stage is much more sensitive to model 215

pruning. 216

Criticality of Deep Layers for Decode Stage: For 217

decode stage, deep layers are generally more im- 218

portant than shallow layers. Specifically, for the 219

orange line, the first few layers show moderate im- 220

portance, while importance increases with depth. 221

The final layers exhibit extremely high scores, of- 222

ten exceeding the visualization range, indicating 223

criticality for next-token prediction. 224

Redundancy of Deep Layers for Prefill Stage: 225

The layer importance distribution of prefill stage is 226

markedly different. For the blue line, the initial lay- 227

ers show moderate importance, indicating they are 228

crucial for initial feature extraction. The intermedi- 229

ate layers show a decline in importance. Notably, 230

the final layers exhibit low importance scores, often 231

approaching zero, indicating redundancy for later 232

generation. 233

These results validate our hypothesis: there is 234

a disparity in overall sensitivity between stages; 235

deep layers are essential for constructing the output 236

distribution (decode) but are largely redundant for 237

encoding the context information (prefill). These 238

observations motivate us to propose prefill-only 239

pruning (POP), a stage-aware pruning method 240

that improves prefill efficiency while preserving 241

model accuracy. 242

3.3 Prefill-Only Pruning for Efficient 243

Inference 244

Based on the stage-aware importance profile in Sec- 245

tion 3.2, we adopt a static pruning strategy remov- 246

ing the deep layers in prefill stage, while retaining 247

the full model for decode stage. Specifically, we 248
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prune the last 1/3 of the layers, a ratio empirically249

selected to balance efficiency and accuracy. Exten-250

sive experiments on the sensitivity to pruning ratio251

are presented in Section 4.4.252

Implementation of this asymmetric strategy re-253

quires addressing two key challenges: missing KV254

caches for pruned layers, and the boundary han-255

dling between the prefill and decode stage.256

KV Cache Generation with Independent KV257

Projections. A naive skipping of layer l during258

prefill would result in a missing KV cache (Kl, Vl).259

Since the decode stage uses the full model, it re-260

quires valid KV entries for all layers to perform261

attention over the input history.262

To resolve this, we decouple the KV projection
from the main computational block. For a pruned
layer l ∈ Sskip during prefill, we execute indepen-
dent KV projections by: (1) Compute KV Cache:
We apply the projection matrices to the input state
xl to generate and store the cache:

kl := RoPE(LN(xl)W
K), vl := LN(xl)W

V

(2) Skip computation: We bypass the heavy At-
tention and FFN computations, passing the input
directly to the next layer:

x̂l+1 := xl

Since the computational and memory access cost263

of the projections (WK ,W V ) is negligible com-264

pared to the full Attention and FFN blocks (< 5%265

for Llama-3, Qwen-3 and gemma-3 models), this266

method maintains the speedup benefits of pruning267

while ensuring the decoding stage has access to a268

complete KV cache.269

Boundary Handling for the Last Input Token. In270

a standard inference pipeline, the prefill stage pro-271

cesses tokens x1:N and predicts xN+1. However,272

our analysis shows that deep layers are critical for273

next-token prediction. If we prune the deep layers274

when processing the last input token xN , the accu-275

racy of the first generated token will be degraded,276

leading to an accumulation of errors throughout the277

entire generation process.278

To mitigate this, we redefine the boundary be-279

tween stages. We define the pruned prefill stage as280

processing x1:N−1. The processing of the last input281

token xN is treated as the first decode step. This282

ensures that the prediction of the first new token uti-283

lizes the model’s full capacity, while improving the284

efficiency of the computationally intensive prefill285

stage.286

4 Experiments 287

4.1 Experimental Setup 288

To comprehensively evaluate the effectiveness and 289

generalization of our proposed POP, we conduct 290

experiments across various model architectures, 291

modalities, and downstream tasks. 292

Models. We select a diverse set of state-of-the-art 293

open-weights models to demonstrate the general- 294

ization capability of our approach. Our selection 295

covers both text-only models and vision-language 296

models from different model series and sizes: 297

• Text-only Models: We utilize Llama-3.1-8B- 298

Instruct (Team, 2024) to evaluate performance 299

on text understanding and generation tasks. 300

• Vision-Language Models: We utilize 301

Qwen3-VL-8B-Instruct (Bai et al., 2025) and 302

Gemma-3-12B-It (Team, 2025) to evaluate 303

performance on text understanding, text gen- 304

eration and vision understanding tasks. 305

Methods. We compare POP with representative 306

unstructured and structured pruning methods: 307

• Unstructured: We compare with Wanda (Sun 308

et al., 2024), an unstructured weight pruning 309

method based on weight magnitudes and input 310

activations. 311

• Structured: We compare with two methods: 312

(1) SliceGPT (Ashkboos et al., 2024): re- 313

moves rows and columns of weight matri- 314

ces using PCA-based transformations; and 315

(2) ShortGPT (Men et al., 2025): identifies 316

and removes redundant layers based on cosine 317

similarities of hidden states. 318

To ensure a fair comparison, we adjust the prun- 319

ing ratio of all baselines to achieve a comparable 320

FLOPs reduction during the prefill stage. 321

Benchmarks. We employ a diverse set of bench- 322

marks covering common sense reasoning, gener- 323

ative tasks, contextual understanding, and multi- 324

modal capabilities: 325

• Common Sense: We report 0-shot accu- 326

racy on MMLU (Hendrycks et al., 2021), 327

HellaSwag(Zellers et al., 2019), Wino- 328

grande (Sakaguchi et al., 2020), and 329

PIQA (Bisk et al., 2020). 330

• Math & Code: We evaluate complex reason- 331

ing capabilities using GSM8K (Cobbe et al., 332

2021) for mathematics and HumanEval (Chen 333

et al., 2021) for code generation. 334

• Long Context QA: We evaluate long con- 335

text understanding capabilities using Multi- 336

FieldQA for single-doc QA and HotpotQA 337
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Table 1: Accuracy comparison across different models and tasks. "Avg" denotes the average score across all
tasks. The pruning ratios are indicated in parentheses. † denotes likelihood-based tasks; ‡ denotes open-ended
generation tasks. Bold indicates the best results for all structured pruning methods. Italic indicates unstructured
pruning methods (Wanda).

Method Common Sense† Math & Code‡ Long Context QA‡ Multi-Modal‡ Avg
MMLU HellaSwag WinoG PIQA GSM8K HumanEval MultiFieldQA HotpotQA MMMU RealWorldQA TextVQA ScreenSpot

Llama-3.1-8B-Instruct

Full Model 68.33 79.50 74.40 81.12 79.68 68.29 54.57 55.66 - - - - 70.19
Wanda (30%) 65.87 78.96 74.59 80.74 76.42 65.84 52.80 53.03 - - - - 68.53
SliceGPT (25%) 34.97 51.19 66.54 63.87 0.91 0.00 12.35 8.71 - - - - 29.82
ShortGPT (25%) 65.80 61.93 69.77 70.51 0.38 0.00 6.80 3.81 - - - - 34.88
POP (31.25%) 67.43 78.29 73.40 80.36 77.26 64.63 52.88 53.48 - - - - 68.47

Qwen3-VL-8B-Instruct

Full Model 74.95 76.60 73.72 79.92 81.50 92.07 53.53 65.49 51.33 69.67 82.24 87.03 74.00
Wanda (30%) 73.78 75.22 72.45 80.47 83.32 90.85 52.87 63.19 52.00 67.45 81.08 85.22 73.16
SliceGPT (25%) 39.16 44.50 57.93 67.25 13.95 17.68 40.76 38.33 28.00 32.55 13.54 0.24 32.82
ShortGPT (25%) 33.85 48.24 61.56 64.96 0.83 0.00 21.44 16.37 32.22 53.07 33.69 0.86 30.59
POP (33.3%) 75.05 76.44 73.88 80.14 80.21 89.63 52.34 63.13 50.67 69.28 80.73 86.40 73.16

Gemma-3-12B-It

Full Model 71.46 81.96 74.35 78.07 73.62 82.32 55.90 59.62 46.78 54.64 67.02 11.08 63.07
Wanda (30%) 69.70 80.82 73.64 77.42 75.13 83.54 55.28 58.78 45.89 55.29 64.67 10.38 62.55
SliceGPT (25%) 22.95 34.12 54.14 55.93 1.67 0.00 10.83 4.18 25.56 5.23 2.59 0.24 18.12
ShortGPT (25%) 23.81 30.32 48.70 53.70 0.91 0.00 1.58 0.34 25.00 0.39 0.00 0.24 15.42
POP (33.3%) 71.37 81.96 74.59 79.76 73.16 81.10 57.33 59.11 46.78 55.42 63.71 11.08 62.95

for multi-doc QA (Bai et al., 2024).338

• Multimodal Understanding: For VLM339

evaluation, we use MMMU (Yue et al.,340

2024) for multi-discipline understanding, Re-341

alWorldQA (xAI, 2024) for spatial reasoning,342

TextVQA (Singh et al., 2019) for OCR-based343

QA, and ScreenSpot (Cheng et al., 2024) for344

GUI element localization.345

Details on evaluation strategies are discussed in346

Appendix A.347

Implementation Details. Calibration datasets348

for all methods consist of 200 samples from the349

WizardLM-V2-196K dataset (Xu et al., 2024) for350

text-only models, or the LLAVA-Instruct-150K351

dataset (Liu et al., 2023) for vision-language mod-352

els. All experiments are implemented in Py-353

Torch (Paszke et al., 2019; Wu, 2023) using the354

HuggingFace Transformers (Wolf et al., 2019) li-355

brary and executed on NVIDIA A100 80GB GPUs.356

Evaluation on downstream tasks are conducted us-357

ing the LM-Evaluation-Harness (Gao et al., 2024)358

library, the LongBench library (Bai et al., 2024)359

and the LMMs-Eval library (Zhang et al., 2025b).360

4.2 Accuracy on Downstream Tasks361

Table 1 compares the pruning ratios and accuracies362

of different methods. Experimental results draw363

the following conclusions:364

Existing structured pruning methods exhibit365

catastrophic collapse on open-ended generation366

tasks. As shown in Table 1, while SliceGPT and367

ShortGPT maintain reasonable performance on368

likelihood-based tasks, they suffer from severe ac-369

curacy degradation on open-ended generation tasks. 370

For instance, when applied to Llama-3.1, SliceGPT 371

drops from 79.68% to 0.91% on GSM8K. Simi- 372

larly, on the multimodal Qwen3-VL, SliceGPT de- 373

grades ScreenSpot accuracy from 87.03% to 0.86%. 374

These results suggest that existing structured prun- 375

ing methods destroy the generation capability of 376

models. 377

POP preserves model accuracies across bench- 378

marks. In contrast, POP demonstrates remarkable 379

stability across all task categories, despite pruning 380

a larger portion of the model (≈ 33%) compared 381

to the baselines (≈ 25%). More specifically, for 382

generative reasoning tasks, POP achieves 77.26% 383

on GSM8K and 64.63% on HumanEval when ap- 384

plied to Llama-3.1, retaining 97.00% and 95.64% 385

of the full model’s performance, respectively. For 386

long context QA tasks, POP also exhibits mini- 387

mal performance drops (e.g., 59.11% vs 59.62% 388

on HotpotQA when applied to Gemma-3). The 389

robustness extends to multimodal models and tasks. 390

On Qwen3-VL, POP maintains near-lossless per- 391

formance on MMMU (50.67% vs 51.33%) and 392

ScreenSpot (86.40% vs 87.03%), significantly out- 393

performing structured pruning baselines. 394

POP achieves accuracies comparable to unstruc- 395

tured pruning methods, while offering better 396

hardware compatibility. Wanda, being an un- 397

structured pruning method, generally preserves 398

accuracy better than traditional structured meth- 399

ods. However, unstructured pruning methods re- 400

quires specialized hardware and kernels for accel- 401

eration. POP achieves accuracy on par with Wanda 402
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across benchmarks (e.g., Gemma-3 Avg: 62.95%403

vs 62.55%) while offering much better hardware404

compatibility by structurally removing model lay-405

ers.406

4.3 Inference Speedup407

We evaluate the inference speedup of POP by mea-408

suring the Time-to-First-Token (TTFT) on NVIDIA409

A100 GPUs. We conduct all experiments with a410

batch size of 8, utilizing text inputs with lengths411

ranging from 32 to 2048 tokens, and image in-412

puts with resolutions ranging from 640 × 480 to413

2560 × 1440. Experimental results are shown in414

Table 2.415

Hardware Limitations for Unstructured Prun-416

ing. While Wanda achieves high accuracy on down-417

stream tasks, it yields no wall-clock speedup (1.0×)418

on our GPUs (A100) using dense kernels. This419

result confirms that unstructured pruning theoreti-420

cally reduces FLOPs but requires specialized hard-421

ware and sparse kernels to realize efficiency gains.422

Impact of Sequence Length for Text Inputs. For423

text inputs, we observe that the efficiency gains of424

POP are highly dependent on the input sequence425

length. At short context lengths (e.g., 32 tokens),426

POP exhibits limited speedups (e.g., 1.22× for427

Llama-3.1, 1.02× for Gemma-3). This is primarily428

due to our boundary handling strategy. The short-429

input prefill is a memory-bound process, dominated430

by model weight access. Since processing the final431

input token requires using the full model, POP can-432

not reduce these memory access overheads, thus433

limiting performance gains.434

However, as the sequence length increases, the435

computational cost of the first N − 1 tokens (pro-436

cessed by the pruned model) becomes the dominant437

factor in TTFT. Consequently, POP demonstrates438

significant speedup. At an input length of 2048,439

POP achieves a 1.36× speedup on Llama-3.1 and440

1.37× on Gemma-3, outperforming both SliceGPT441

and ShortGPT. These results confirm that POP is442

particularly well-suited for compute-bound, long-443

context scenarios.444

Efficiency on Multimodal Tasks. For vision in-445

puts, POP delivers speedups between 1.16× and446

1.19×, consistently surpassing SliceGPT and Short-447

GPT for all image resolutions, while offering much448

better accuracies. These results confirm the advan-449

tage of POP in multimodal tasks.450

Overall, experimental results validate that POP451

offers a practical "plug-and-play" acceleration so-452

lution that requires no model retraining or special-453

Table 2: Prefill speedup comparison across differ-
ent models and input lengths. All experiments are
conducted with a batch size of 8. Values represent the
speedup ratio relative to the full model (1.0×).

Llama-3.1-8B-Instruct
Method \ Input Length 32 128 512 2048
Wanda 1.00 1.00 1.00 1.00
SliceGPT 1.22 1.31 1.29 1.31
ShortGPT 1.30 1.29 1.31 1.30
POP 1.22 1.27 1.34 1.36

Gemma-3-12B-It
Method \ Input Length 32 128 512 2048
Wanda 1.00 1.00 1.00 1.00
SliceGPT 1.10 1.29 1.27 1.29
ShortGPT 1.25 1.29 1.31 1.31
POP 1.02 1.27 1.34 1.37

Qwen3-VL-8B-Instruct
Method \ Resolution 640× 480 1280× 720 1920× 1080 2560× 1440

Wanda 1.00 1.00 1.00 1.00
SliceGPT 1.14 1.16 1.15 1.14
ShortGPT 1.18 1.17 1.15 1.13
POP 1.19 1.19 1.18 1.16

Table 3: Ablation on design choices. We compare
POP with different layer selection strategies and compo-
nent removals on Qwen3-VL-8B-Instruct. “w/o Indep.
KV” denotes removing independent KV projections for
pruned layers. “w/o Boundary” denotes removing the
boundary handling for the last input token.

Method Variants GSM8K HotpotQA

Full Model 81.50 65.49
POP 80.21 63.13

Layer Selection Strategy
Shallow Pruning 0.15 0.00
Interleaved Pruning 56.48 6.81

Component Necessity
w/o Indep. KV Proj. 2.05 1.18
w/o Boundary Handling 77.33 11.45

ized hardware or kernels, making it particularly 454

advantageous for long-context and high-resolution 455

multimodal processing where prefill latency is crit- 456

ical. 457

4.4 Ablation Study 458

To validate the design choices and parameter sensi- 459

tivity of POP, we conduct comprehensive ablation 460

studies using Qwen3-VL. We report the accuracy 461

on GSM8K (complex reasoning) and HotpotQA 462

(long-context understanding). 463

Effectiveness of Design Choices. We first verify 464

the necessity of our three key design components: 465

(1) targeting deep layers, (2) independent KV pro- 466

jections, and (3) boundary handling. Experimental 467

results are shown in Table 3; detailed discussions 468

are presented in Appendix B. 469

Sensitivity to Pruning Ratio. We further investi- 470

gate the trade-off between inference efficiency and 471
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Table 4: Impact of pruning ratio. Performance and
speedup trade-off at different pruning ratios on Qwen3-
VL-8B-Instruct.

Pruning Ratio Speedup GSM8K HotpotQA

0% (Full Model) 1.00× 81.50 65.49

20% 1.19× 83.09 65.46
25% 1.25× 82.34 65.81

33% (Default) 1.37× 80.21 63.13
40% 1.46× 80.82 61.69
50% 1.67× 78.54 34.69
60% 1.96× 38.51 5.45

model performance by varying the pruning ratio472

from 20% to 60%. The prefill speedup is measured473

with a sequence length of 1024 and a batch size of474

4. Experimental Results are presented in Table 4.475

We observe that at lower pruning ratios (20%-476

25%), the model maintains or even slightly sur-477

passes the full model’s accuracy (e.g., 83.09% vs478

81.50% on GSM8K). We hypothesize that mild479

pruning may act as a regularization mechanism, fil-480

tering out noise in the deep layers. However, these481

ratios offer limited speedup. Our default ratio of482

33% achieves considerable acceleration (1.37×)483

with negligible accuracy loss. Pushing the ratio be-484

yond 50% leads to a sharp decline in performance,485

particularly on HotpotQA, indicating that exces-486

sive pruning compromises the model’s capacity to487

encode complex context information.488

5 Related Work489

Model Pruning. Model pruning accelerates infer-490

ence by removing redundant parameters. Unstruc-491

tured pruning methods prune individual weights492

based on magnitude and activation norms (Fran-493

tar and Alistarh, 2023; Sun et al., 2024). While494

preserving accuracy, they often require specialized495

kernels to achieve wall-clock speedup. Structured496

pruning addresses this by removing coarse-grained497

components like layers or channels. Component-498

wise methods employ dependency graphs or matrix499

factorizations to prune structural units (Ma et al.,500

2023; Ashkboos et al., 2024). In contrast, layer-501

wise methods demonstrate that specific layers in502

LLMs are redundant (Men et al., 2025; Yang et al.,503

2024b; Song et al., 2024). However, existing struc-504

tured pruning methods are typically stage-agnostic,505

applying the same reduced architecture across both506

prefill and decode stages. Our work challenges507

this paradigm by revealing that layer redundancy508

is highly stage-dependent, motivating a prefill-only509

pruning strategy. 510

Token Pruning and Compression. Complemen- 511

tary to parameter reduction, token pruning accel- 512

erates inference by reducing the sequence length. 513

For text inputs, perplexity-based methods com- 514

press input length by selecting only the most in- 515

formative tokens with a smaller model (Jiang et al., 516

2023; Pan et al., 2024). In contrast, attention-based 517

methods determine token importance with atten- 518

tion weights (Yang et al., 2024a; Zhao et al., 2025). 519

In the multimodal domain, token pruning methods 520

mitigate the visual token redundancy by discard- 521

ing or merging image tokens after several layers in 522

the language model backbone, based on attention 523

weights or token similarities (Chen et al., 2024; 524

Wen et al., 2025). These methods can be applied 525

along with our proposed POP. 526

Sparse Attention. Recent research also opti- 527

mizes the attention mechanism to handle long con- 528

texts. For the compute-bound prefill stage, exist- 529

ing method utilize block-sparse attention to bypass 530

insignificant calculations (Jiang et al., 2024; Lai 531

et al., 2025; Li et al., 2025) . For the memory- 532

bound decode stage, existing approaches relieve 533

the KV cache bottleneck by offloading KV cache 534

to CPU memory, and perform sparse retrieval for 535

computation (Tang et al., 2024; Zhang et al., 2025a; 536

Chen et al., 2025). These methods can also be com- 537

bined seamlessly with POP for further efficiency 538

improvement. 539

6 Conclusion 540

In this work, we identify and exploit the asymmet- 541

ric sensitivity to model pruning between the prefill 542

and decode stages. Our analysis highlights that 543

while deep layers are indispensable for generation 544

(decode), they contribute minimally to context en- 545

coding (prefill). Based on this, we introduce POP, a 546

simple yet effective strategy that accelerates the pre- 547

fill stage by pruning deep layers, while preserving 548

the full model for the decode stage. By decoupling 549

the computational pathways of context processing 550

and token generation, POP achieves prefill speedup 551

of up to 1.37×, while maintaining the accuracy 552

comparable to the full model, significantly outper- 553

forming existing structured pruning methods. Our 554

findings suggest that stage-aware optimization is 555

a promising direction for efficient LLM inference, 556

potentially extending beyond pruning to other tech- 557

niques such as quantization and model architecture 558

design. 559
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7 Limitations560

While POP provides a compelling trade-off be-561

tween efficiency and accuracy, we acknowledge562

several limitations.563

First, unlike stage-agnostic pruning methods that564

permanently remove parameters to reduce memory565

footprint, POP requires the full model weights to be566

loaded for the decode stage. Consequently, it does567

not alleviate peak VRAM usage and is best suited568

for compute-bound rather than capacity-bound sce-569

narios.570

Second, our current implementation is based571

on a monolithic inference pipeline modified from572

the Transformers library. Recent advancements in573

inference systems propose disaggregated systems574

that deploy prefill and decode instances on separate575

hardware resources (Zhong et al., 2024; Patel et al.,576

2024). As POP naturally treats these two stages577

differently, it holds great potential for integration578

into these systems to further maximize cluster-level579

throughput. However, adapting POP for such dis-580

tributed frameworks involves non-trivial engineer-581

ing efforts, which we leave for future research.582
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A Details on Evaluation Strategies911

For accuracy evaluations, we adopt two distinct912

strategies on different tasks. For common sense913

reasoning, we employ a likelihood-based approach:914

the model ranks candidate options based on their915

conditional probabilities (normalized by length),916

selecting the highest-scoring option as the predic-917

tion. Conversely, for other tasks, we utilize an918

open-ended generation approach: the model pro-919

duces full responses via greedy decoding, which920

are then evaluated using exact match or functional921

correctness after rule-based answer extraction.922

B Effectiveness of Design Choices923

To verify the necessity of our three key design com-924

ponents: (1) targeting deep layers, (2) independent925

KV projections, and (3) boundary handling, we926

conduct extensive experiments on Qwen3-VL. Ex-927

perimental results are shown in Table 3.928

Layer Selection Strategy. We compare POP929

against the shallow pruning (first 1/3 layers) and in-930

terleaved pruning (every 3rd layer) strategies. Both931

variants suffer from significant accuracy degrada-932

tion, with shallow pruning dropping to nearly zero933

(0.15% on GSM8K, 0% on HotpotQA). These re-934

sults validate that the redundancy in the prefill stage935

is non-uniform and specifically concentrated in the936

deep layers, whereas shallow layers remain critical.937

Necessity of Independent KV Projections. We938

evaluate a variant that removes the independent939

KV projections, and skips the KV cache generation940

for pruned layers entirely. With this variant, the941

model can only access the last input token and the942

generated tokens of the last 1/3 layers during the943

decode stage, while being unable to access initial944

input tokens. This results in catastrophic collapse945

in model accuracy (2.05% on GSM8K, 1.18% on946

HotpotQA), confirming that while the residual up-947

dates of deep layers are redundant for prefill, their948

KV states are indispensable for the full model to949

perform attention computations during the decode 950

stage. 951

Importance of Boundary Handling. We evaluate 952

a variant that removes the boundary handling for 953

the last input token. With this variant, the xN is 954

also processed with the pruned prefill model. This 955

variant suffers from obvious drop in accuracy on 956

both tasks (80.21% to 77.33% on GSM8K, 63.13% 957

to 11.45% on HotpotQA), indicating the necessity 958

of processing the final token with the full model. 959

C Robustness to Representation 960

Mismatch 961

A potential concern regarding POP is the represen- 962

tation mismatch introduced by layer pruning. In 963

the prefill stage, bypassing a layer l implies that 964

the subsequent layer l + 1 receives the input xl 965

directly, rather than the expected xl+1. Since the 966

deep layers were trained to process specific feature 967

distributions, one might expect this mismatch to 968

accumulate, corrupting the KV cache and leading 969

to catastrophic collapse in the decode stage. 970

However, our approach addresses this risk 971

through both theoretical safeguards and empirical 972

verification: 973

Theoretical Safeguards via Virtual Gates. The-
oretically, our importance estimation metric Ĩl im-
plicitly accounts for the sensitivity to representation
mismatch. The score is derived from the gradient
of the loss with respect to the virtual gate gl:

Ĩl = E

[(
∂L
∂gl

)2
]

This gradient quantifies how much the final pre- 974

diction loss L changes when layer l is removed. 975

If skipping layer l leads to a severe distortion in 976

subsequent layers, the gradient would exhibit large 977

variance, resulting in a high importance score. Con- 978

sequently, such layers would be retained by our 979

strategy. 980

Empirical Verification with Functional Robust- 981

ness. To understand the physical mechanism of this 982

robustness, we conduct a layer-wise analysis on 983

Qwen3-VL using the WizardLM-V2-196K dataset. 984

Specifically, we measure the internal consistency 985

between the pruned and full models within the deep 986

1/3 layers (layer 25-36). We track the cosine sim- 987

ilarity for 3 key representations: (1) the hidden 988

states of each layer; (2) the KV cache of input to- 989

kens; and (3) the attention outputs of the decode 990

stage. As illustrated in Figure 2, we observe a 991
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striking contrast between representation drift and992

functional stability:993
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Figure 2: Cosine similarity of internal states between
the POP-pruned model and the full model across deep
layers (25-36).

• Representation Drift: As expected, skipping994

layers accumulates numerical deviations. The995

similarity of hidden states gradually drops996

from 1.0 down to 0.71 (blue dashed line), and997

the value states in the KV cache (green dashed998

line) show even greater divergence, dropping999

to as low as 0.46. This confirms that the vector1000

space of the pruned model indeed drifts from1001

the original trajectory.1002

• Functional Stability: In sharp contrast to1003

the drifting inputs, the output of the atten-1004

tion mechanism maintains high fidelity to the1005

full model. Although the attention module1006

receives drifted keys and values as inputs,1007

its output (red solid line) consistently main-1008

tains a high cosine similarity, staying above1009

0.96 across all measured layers (25-36), sig-1010

nificantly outperforming other internal states.1011

This indicates that the attention mechanism1012

acts as a robust stabilizer: the weighted ag-1013

gregation over the context window effectively1014

smooths out the noise from individual drifted1015

tokens, ensuring the semantic information1016

passed to the next layer remains valid.1017

Conclusion. Our analysis reveals that POP suc-1018

ceeds because the deep layers possess intrinsic1019

functional robustness, where the attention mecha-1020

nism compensates for the representation drift. Our1021

virtual gate mechanism correctly captures this prop-1022

erty: the low gradient variance calculated for these1023

deep layers imply that the loss landscape is insensi-1024

tive to the observed representation mismatch.1025
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