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Abstract001

Large Language Models (LLMs) achieve002
strong performance across diverse tasks but003
face deployment challenges due to their mas-004
sive size. Structured pruning offers acceleration005
benefits but leads to significant performance006
degradation. Recent PCA-based pruning meth-007
ods have alleviated this issue by retaining key008
activation components, but are only applied009
between modules in order to fuse the transfor-010
mation matrix, which introduces extra param-011
eters and severely disrupts activation distribu-012
tions due to residual connections. To address013
these issues, we propose IntraSlice, a frame-014
work that applies block-wise module-intra PCA015
compression pruning. By leveraging the struc-016
tural characteristics of Transformer modules,017
we design an approximate PCA method whose018
transformation matrices can be fully fused into019
the model without additional parameters. We020
also introduce a PCA-based global pruning ra-021
tio estimator that further considers the distri-022
bution of compressed activations, building on023
conventional module importance. We validate024
our method on Llama2, Llama3, and Phi series025
across various language benchmarks. Experi-026
mental results demonstrate that our approach027
achieves superior compression performance028
compared to recent baselines at the same com-029
pression ratio or inference speed.030

1 Introduction031

Large Language Models have rapidly advanced in032

recent years (Abdin et al., 2024; Touvron et al.,033

2023a; Zhang et al., 2022), demonstrating excep-034

tional performance across a wide range of tasks.035

However, their enormous parameter scale demands036

substantial computational resources, which has be-037

come a major bottleneck hindering their broader038

deployment. To address this, numerous model039

compression techniques (Zhu et al., 2024; Xu040

and McAuley, 2023) have been proposed to make041

LLMs more suitable for resource-constrained envi-042

ronments or edge devices.043

Figure 1: Comparison of rank changes in layer outputs
under PCA compression within modules (Block-intra)
vs. between modules (Block-inter) on LLaMA2-7B, ap-
plying 50% sparsity at layers 5, 10, 15, 20, and 25. Lines
indicate output ranks, reflecting activation distributions.
Block-inter PCA continuously affects the distribution
of subsequent activations, keeping them in a low-rank
state. In contrast, Block-intra PCA has minimal impact
on activation distributions and achieves better results.
More detail can be found in Appendix A.

Structured pruning removes entire components 044

(attention heads or channels) based on model ar- 045

chitecture, offering notable acceleration without re- 046

quiring specialized frameworks or hardware. How- 047

ever, its major drawback is significant performance 048

degradation, limiting practical use. Although re- 049

cent methods (Ashkboos et al., 2024; Gao et al., 050

2024) have achieved promising results, perfor- 051

mance loss remains a challenge. 052

Recently, PCA-based methods (Ashkboos et al., 053

2024) have been proposed to mitigate this issue 054

by applying PCA to inter-module activations and 055

retaining only the most important components dur- 056

ing pruning. This effectively reduces compression 057

error and alleviates pruning-induced performance 058

degradation. However, to fuse the transformation 059

matrix into model weight, compression must 060

be applied between modules, they suffer from 061

two major drawbacks: (1) The distribution shift in 062

activations by pruning propagates through resid- 063

ual connections and accumulates across layers, as 064

shown in Figure 1, resulting in severe distribution 065

mismatch. (2) Because activation distributions vary 066
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across modules, PCA matrices differ as well, re-067

quiring online computation in the residual path and068

significantly reducing overall acceleration.069

To address these limitations, we propose070

IntraSlice, a PCA-based intra-module pruning071

method. In transformers-like architectures, (Liu072

et al., 2023) points out that the output amplitude073

of individual modules is often much smaller than074

that of the residual connections. Performing PCA-075

based compression within modules minimizes its076

impact on activation distributions and entirely elim-077

inates the need for online computation in the resid-078

ual connection. However, due to the presence of079

activation functions and nonlinear components in080

MHA and FFN, it is difficult to fuse the PCA081

transformation matrix directly into the weights.082

To resolve this, we combine PCA with the struc-083

tural characteristics of the model and propose two084

novel techniques: Adaptive Head Compression085

with Block-PCA and Progressive Sliced Iterative086

PCA, which enable effective fusing of the PCA087

transformation matrix into weights while preserv-088

ing its strong compression capability. Further-089

more, we introduce a global pruning ratio eval-090

uation method that simulates post-transformation091

activation distributions to allocate distinct pruning092

ratios across modules in a data-driven manner.093

Our main contributions are:094

• We propose a block-intra PCA solution for095

transformer modules. This effectively handles096

the nonlinearity of modules, achieving effec-097

tive compression and allowing the transforma-098

tion matrix to be fused into the model weights099

without introducing additional parameters.100

• We introduce a global non-uniform pruning101

ratio evaluation method based on block-PCA,102

which considers conventional metrics and the103

distribution of compressed activations to pro-104

vide more accurate pruning ratio estimation.105

• We present a novel structured pruning frame-106

work for LLMs. Experimental results demon-107

strate that our method outperforms recent108

state-of-the-art approaches across a variety of109

benchmark tasks.110

2 Related work111

2.1 Semi-structured Pruning112

Semi-structured pruning, especially N:M sparsity,113

is widely used in LLMs (Su et al., 2024; Meng114

et al., 2024), enforcing that at least N out of every 115

M weights are pruned to enable efficient matrix 116

operations, enabling efficient execution of matrix- 117

multiply-accumulate operations. SparseGPT (Fran- 118

tar and Alistarh, 2023) uses Optimal Brain Surgeon 119

(OBS) to prune unimportant weights based on the 120

Hessian and compensates for the induced pertur- 121

bation. Wanda (Sun et al., 2024) and Plug-and- 122

Play (Zhang et al., 2024b) further combine the in- 123

put and output of weights to judge the importance 124

of weights comprehensively. Prune-Zero (Dong 125

et al., 2024) applies genetic algorithms to evolve 126

importance metrics, treating pruning operations as 127

genetic units. ProxSparse (Liu et al., 2025) adds 128

sparse constraints and obtains the optimal pruning 129

mask through overall optimization. SparseLLM 130

(Bai et al., 2024) and LLM-surgeon (van der Oud- 131

eraa et al., 2024) extend OBS to global pruning 132

via block-diagonal approximations or inter-block 133

corrections, improving performance but at higher 134

computational cost. 135

2.2 Structured Pruning 136

Compared to semi-structured pruning, structured 137

pruning removes entire computational blocks (e.g., 138

attention heads or channels), offering better hard- 139

ware acceleration (An et al., 2024; Hu et al., 2024; 140

Ashkboos et al., 2024; Gao et al., 2024). FLAP (An 141

et al., 2024) assigns pruning ratios to different mod- 142

ules via a structured truncation metric. SliceGPT 143

(Ashkboos et al., 2024) uses PCA on inter-module 144

activations, preserving key components via trans- 145

formation. SP 3 (Hu et al., 2024) applies PCA 146

within heads and fine-tunes to recover performance. 147

SoBP(Wei et al., 2024) leverages the gradient of 148

each computational unit’s mask as an importance 149

score, combining with OBS for global optimiza- 150

tion. DISP-LLM (Gao et al., 2024) relaxes the con- 151

straints imposed by conventional structural prun- 152

ing methods and calculates the optimal width for 153

the input/output dimensionalitys of each module. 154

Moreover, Coarse-grained approaches like layer 155

(Elhoushi et al., 2024; Kim et al., 2024) or module 156

pruning (Zhang et al., 2024a; Wang et al., 2025a) 157

offer greater speedups but with higher performance 158

loss. 159

2.3 Global Non-Uniform Pruning 160

Global non-uniform pruning allocates different 161

pruning ratios to modules based on their impor- 162

tance, aiming for optimal sparsity distribution (Yin 163

et al., 2024; An et al., 2024). OWL (Yin et al., 164

2



Figure 2: (a) The existing Inter-PCA pruning frameworks apply PCA compression between modules, which
introduces additional computational overhead and error accumulation in residual paths. (b) Our IntraSlice framework
(Intra-PCA) allows full fusion of matrices with less performance degradation. (c), (d) and (f) are the three components
of IntraSlice, respectively.

2024) determines pruning ratios by evaluating each165

module’s ability to reconstruct outlier parameters.166

BESA (Xu et al., 2024) employs mask learning167

to enable weight pruning with optimal, module-168

specific sparsity levels for large language models.169

SoBP(Wei et al., 2024) estimates the importance170

of each computational unit using the magnitude of171

its mask gradient and performs a global search to172

assign the most appropriate pruning ratio to each173

module. Týr-the-Prune (Li et al., 2025) constructs174

multiple pruning rate candidates for each layer and175

selects the optimal pruning rate candidate through176

iterative pruning and optimal search. Although re-177

cent methods improve pruning effectiveness, defin-178

ing reliable evaluation metrics remains challenging.179

3 Method180

For an operation Y = f(X), where X and Y181

are RN×D. D and N denote data dimensional-182

ity and number, respectively. Qc and Qr are the183

corresponding compression matrices, where Qc is184

RD×P , and Qr is RP×D. P denotes the target com-185

pression dimensionality. The optimization of PCA186

between X and Y can be defined as:187

min
Qc,Qr

∥Y − f(XQc)Qr∥2F

s.t.

{
QT

c Qc = I
QrQ

T
r = I

(1)188

When f is a linear operator, the problem reduces189

to a standard PCA formulation. However, the trans-190

former architecture involve complex and diverse191

nonlinear structures. Specifically, MHA can only192

fuse block-diagonal matrices, while FFN, due to 193

its stronger nonlinearity, cannot even fuse diago- 194

nal matrices. Therefore, we adopt structure-aware 195

strategies tailored to different modules to maximize 196

the reconstruction benefit of PCA. In practice, to 197

improve reconstruction under complex nonlineari- 198

ties, we removed orthogonality constraints and only 199

limited the compression matrix’s amplitude range. 200

The framework of our method is shown in Fig- 201

ure 2, which contains three main components. (1) 202

Adaptive head PCA-based compression: The 203

compression rate of each head is adaptively ad- 204

justed according to the structural characteristics of 205

MHA, while taking into account both speed and 206

accuracy. (2) Progressive slicing iterative PCA: 207

An optional operation used to solve the nonlin- 208

ear PCA optimization problem in FFN. (3) Global 209

non-uniform pruning: Provide different pruning 210

ratios for each block by jointly considering module 211

importance and compressed activation distribution. 212

3.1 Adaptive Head PCA-based Compression 213

Structured head pruning removes entire attention 214

heads, but this can be suboptimal—pruned heads 215

may still carry useful information, while retained 216

heads may be redundant. Ideally, assigning dif- 217

ferent compression ratios per head would improve 218

retention of important features, but this breaks at- 219

tention parallelism and adds time overhead. To 220

address this, we propose an adaptive structured 221

pruning strategy. IntraSlice removes only com- 222

pletely uninformative heads (pruned heads), while 223

uniformly applying PCA compression to the rest 224
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(compressed heads). This balances efficiency and225

performance without sacrificing parallelism.226

3.1.1 Head reconstruction score.227

Adaptive head compression relies on accurately228

estimating each head’s importance and its recon-229

struction ability under different compression ratios.230

Following Wanda (Sun et al., 2024), we combine231

activations and weights to define a channel impor-232

tance score Ii (Eq. 2), and obtain head importance233

Rh by summing its channel scores. Rp
h represents234

the reconstruction score when head h is pruned235

and compressed to p. According to PCA theory,236

the proportion of retained information corresponds237

to the proportion of the first p largest principal238

components. As shown in Eq. 3, Rp
h is computed239

based on the eigenvalues V of the Hessian ma-240

trix (XTX , X is the output of a head) for head241

h, sorted in descending order. Each eigenvalue re-242

flects the amount of information captured by its243

corresponding principal component.244

Rh =
∑
i∈h

Ii ; Ii = ∥X:,i∥2F · ∥Wi,:∥2F (2)245

246
Rp

h = Rh ·
sum(V:p)

sum(V )
(3)247

3.1.2 Greedy removal of heads.248

Following PCA principles, we use reconstruction249

score maximization as the target. Heads with the250

lowest scores are greedily removed, and score gains251

of the remaining heads are evaluated. Let κ denote252

the current set of retained compressed heads, |κ|253

be the number of such heads. P denotes the target254

compression dimensionality of the MHA block, de-255

fined as P = (1 − r)D, where D is the original256

feature dimensionality and r is the pruning ratio of257

the MHA block. The p represents the target dimen-258

sionality allocated to each remaining compression259

head, calculated as p = P/ |κ|. When a head hr260

is pruned, the available compression dimensional-261

ity p for the remaining heads increases to p∗, as262

shown in Eq. 5. The score gain Sg is defined as263

the improvement in the overall reconstruction score264

resulting from the removal of a head, as shown in265

Eq. 4. If the score gain Sg after removing a candi-266

date head hr is greater than zero, it is considered267

beneficial to remove hr. Otherwise, hr is retained268

as a compressed head.269

This greedy iterative process efficiently approxi-270

mates the optimal reconstruction score. Heads with271

negligible contribution are pruned, while the rest272

are compressed via PCA to retain key components.273

Figure 3: Schematic diagram of adaptive head PCA-
based compression structure pruning and weight fusion.

This avoids the substantial information loss caused 274

by blindly removing entire heads. 275

Sg =
∑

h∈κ,h̸=hr

Rp∗

h −
∑
h∈κ

Rp
h (4) 276

277

p∗ = p+
p

|κ| − 1
=

P

|κ| − 1
(5) 278

3.1.3 Structured pruning and weight fusion. 279

The attention module involves two PCA compres- 280

sion points: between value and output projections, 281

and between query and key for attention score com- 282

putation. However, the attention structure is inher- 283

ently nonlinear, which complicates the integration 284

of PCA transformation matrices. To address this, 285

each head is treated as an independent compression 286

unit as illustrated in Figure 3. The PCA transforma- 287

tion matrix Q1 calculated by query and key is fused 288

directly into the Wq and Wk, respectively. Specifi- 289

cally, to be fused into the value projection weight 290

Wv, Q2 is required to be a block-wise matrix. Im- 291

portantly, it allows the transformation matrix QT
2 292

fused into the Wo to be fully dense, meaning that 293

the heads can compensate for others, as in Eq. 6, 294

where X is the input of Wo. 295

Q∗
2 = ((XQ2)

T (XQ2) + λI)−1(XQ2)
TX (6) 296

In models with Rotary Position Embedding (RoPE), 297

the added nonlinearity complicates attention score 298

computation. To enable efficient fusion, Q1 is sim- 299

plified into a pairwise channel selection matrix. Ex- 300

periments show this has little impact on compres- 301

sion performance. More details of matrix fusion 302

can be found in Appendix C.1. 303

3.2 Progressive Sliced Iterative PCA 304

Due to nonlinear activations and complex FFN 305

structures, compression matrices in MLPs can’t 306

be directly fused into model weights. For such 307

nonlinear compression problems, traditional itera- 308

tive PCA requires loading full activation data re- 309

peatedly (Jolliffe, 2011), which is costly—e.g., in 310
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LLaMA2-7B, extracting enough components may311

need thousands of iterations and heavy CPU-GPU312

transfers. Furthermore, constructing principal com-313

ponents using the entire activation dimensionality314

often fails to yield effective results due to the high315

complexity of the data. To address this issue, we316

propose a PCA method based on data slicing and317

progressive iteration (denoted as IterPCA). Unlike318

traditional PCA that splits along the compression319

dimension, our method slices by data dimension320

and incrementally updates the transformation ma-321

trix, reducing full data loading and lowering access322

and computation costs.323

3.2.1 Iterative optimization with data slices.324

As shown in Figure 2 (d), to further accelerate the325

process, we reformulate the optimization objective:326

instead of optimizing the reconstruction matrix Qr,327

let Y r = Y Q+
r be the target, where Q+

r is the328

pseudo inverse of Qr, Y r is RN×P . Here, Qr can329

be obtained via Y as a suboptimal reconstruction330

matrix. For the optimization of Qc, we draw in-331

spiration from parallel acceleration in matrix com-332

putation, where a large dot-product operation can333

be decomposed into a sum of dot-products over334

smaller data blocks. We divide X into several d-335

dimensional parts, where d is the slice dimension-336

ality of D after partitioning. In the kth data slice,337

the corresponding optimization of the kth part of338

Qc is :339

min
Qc

∥∥Y r − f(X[:,(k−1)d:kd]Qc[(k−1)d:kd] + C)
∥∥2

F

C =

k−1∑
i=1

X[:,(i−1)d:id]Qc[(i−1)d:id]

(7)340

341
Qr = (f(XQc)

T f(XQc) + λI)−1f(XQc)
TY (8)342

Where C is the cumulative sum of the previous343

k − 1 steps and has the same size as Y r. Once344

Qc is optimized, we recompute Qr with Eq. 8. To345

achieve better results, we iteratively apply Eq. 7346

and Eq. 8, updating Qc and Qr in sequence. Qc is347

initialized as a channel selection matrix based on348

amplitude, while Qr is initialized from Qc using349

Eq. 8. In practice, iterative process is an optional350

step applied only when the current layer has a rela-351

tively high pruning ratio (around 10% of the layers).352

Mostly, we directly use the initialization results of353

Qc and Qr, so its overall time cost remains low.354

3.3 Global Non-uniform Pruning355

Global non-uniform pruning aims to assign dif-356

ferent pruning ratios to blocks by evaluating the357

importance of computational units across layers. 358

In SoBP(Wei et al., 2024), a mask is applied to 359

each unit, and its gradient with respect to the final 360

loss is used as an importance metric. To enhance 361

accuracy, modern strategies often incorporate data 362

compensation techniques such as OBS (Hassibi 363

et al., 1993), which can alter the activation distri- 364

bution used during pruning-rate estimation. There- 365

fore, it is essential to consider compensation effects 366

when estimating pruning ratios. To this end, we 367

propose a PCA-based global non-uniform pruning- 368

rate estimation method that accounts for both unit 369

importance and the impact of PCA transformations. 370

3.3.1 Mask-based importance evaluation. 371

Following the importance calculation strategy intro- 372

duced in SoBP(Wei et al., 2024), we apply a mask 373

to each computational unit. The mask application 374

scheme in MHA and FFN modules is illustrated 375

in Eq. 9. X l,i
h is the output of the ith head in l 376

layer. Cat is the concatenation operation, M l
h is 377

the mask of MHA for l layer. Instead of setting 378

one mask for the entire head, our method enables 379

more fine-grained pruning within MHA module, 380

setting a mask for each channel, M l
h is RD, D is 381

the hidden size. The mask of the FFN module is set 382

similarly, M l
f is RDinter , Dinter is the intermediate 383

size. 384

Xl
mha = (Cat(Xl,1

h , Xl,2
h , ..., Xl,H

h ) ◦M l
h)W

l
o

Xl
ffn = ((Xl

mhaW
l
u) ◦ σ(Xl

mhaW
l
g)) ◦M l

f )W
l
d

(9) 385

According to the Taylor expansion, for layer l, the 386

change in the final loss L for the mask ml
i can 387

be approximated as gli(m
l
i − 1), where gli is the 388

gradient of ml
i when the mask is 1, ml

i is the ith 389

mask of M l
h or M l

f . Then the importance I li of this 390

computational unit can be approximated with Eq. 391

10, where D is calibration data. 392

I li = (L(ml
i,D)− L(1,D))2 ≈ (gli)

2

ml
i = 0

(10) 393

3.3.2 Sparse PCA-aware importance 394

correction. 395

Since our method uses approximate PCA, we adopt 396

sparse PCA to better approximate the transforma- 397

tion and accelerate computation. For layer l, let Ql
s 398

denote the transformation matrix derived from the 399

block-PCA of activations X l. Ql
s is a block diag- 400

onal matrix (RD×D for MHA and RDinter×Dinter 401

for FFN). After transformation, the activation be- 402

comes X lQl
s, and the corresponding weight be- 403

comes Ql
s
T
W l. According to the backpropagation 404
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Sparsity Method Llama2-7B Llama2-13B Llama2-70B Llama3-8B Phi-3-Medium-4k
PPL↓ Avg↑ PPL↓ Avg↑ PPL↓ Avg↑ PPL↓ Avg↑ PPL↓ Avg↑

0% Dense 5.47 66.69 4.88 69.24 3.32 73.61 6.13 70.00 4.29 74.75

20%

SliceGPT 6.84 54.25 6.06 56.78 4.46 69.60 10.93 48.10 6.19 66.43
Wanda 7.38 61.25 6.66 61.00 4.1 70.86 122.41 37.53 6.82 69.52
FLAP 7.16 56.62 6.31 61.55 4.12 71.60 – – – –
SoBP 6.53 63.27 5.62 67.73 3.88 71.24 8.74 63.56 6.27 72.29

SVD-LLM 8.52 49.60 6.78 58.56 – – 47.00 45.43 7.16 68.02
IntraSlice 6.27 63.73 5.48 67.94 3.85 72.95 8.27 65.21 5.80 73.06

30%

SliceGPT 8.64 46.70 7.44 50.10 5.41 61.61 17.02 41.40 7.52 56.82
Wanda 9.17 56.28 10.14 44.72 4.77 69.90 271.71 36.50 10.00 62.41
FLAP 8.85 50.91 7.57 57.27 4.82 69.68 – – – –
SoBP 7.58 59.15 6.27 66.82 4.36 70.30 10.32 58.60 7.05 67.52

SVD-LLM 10.95 45.14 8.21 52.16 – – 101.56 40.80 8.22 61.62
IntraSlice 7.11 60.49 5.96 67.13 4.34 72.27 10.25 60.65 6.71 69.73

40%

SliceGPT 12.80 41.47 10.60 44.31 7.08 52.00 30.80 37.39 10.19 45.25
Wanda 14.33 43.05 21.34 41.35 5.82 66.36 4258.41 34.68 20.68 53.52
FLAP 11.49 48.70 9.07 53.18 6.24 67.96 – – – –
SoBP 9.28 56.06 7.39 60.86 4.96 68.58 12.48 52.71 8.02 61.15

SVD-LLM 16.58 39.37 11.26 44.61 – – 207.99 36.71 10.76 52.51
IntraSlice 8.39 56.38 6.92 62.24 4.91 69.99 12.28 51.10 7.90 64.90

Table 1: Comparison of model compression results of different methods. The bold ones indicate the best results.
PPL is the result on wikitext2, and Avg is the average result of 7 zero-shot tasks.

chain rule, the gradient of the mask M l
h or M l

f is405

transformed as glQl
s, where gl represents the orig-406

inal gradient of the corresponding mask of the l407

layer before PCA transformation. The corrected408

importance score of single mask ml
i is then calcu-409

lated based on this adjustment with Eq. 11.410

I li = ((glQl
s)i)

2 (11)411

Due to structural differences, the importance of412

MHA and FFN is not directly comparable. We413

generally assign the same pruning rate to both, and414

search for the optimal pruning rate for MHA or415

FFN respectively, by maximizing the sum of the im-416

portance scores I of the retained computing units.417

To control pruning tendency, we introduce a bias λb,418

scaling the MLP pruning ratio to λb×prune_ratio,419

while adjusting the MHA pruning ratio to maintain420

overall sparsity. This offers a more intuitive bal-421

ance than tuning per-component importance (Wei422

et al., 2024). In practice, setting λb ≈ 1 is often423

sufficient (see Appendix G for details).424

4 Experiments425

4.1 Experiment Setup426

4.1.1 Models.427

We evaluate our IntraSlice on several LLMs with428

a transformer architecture. Specifically, we con-429

sider models from the LLaMA-series (Touvron430

et al., 2023b; Dubey et al., 2024): LLaMA2-7B,431

LLaMA2-13B, LLaMA2-70B, and LLaMA3-8B;432

Phi-series (Abdin et al., 2024; Javaheripi et al., 433

2023): Phi-3-Medium-4K. 434

4.1.2 Baselines & tasks. 435

We compare our method with several recent state- 436

of-the-art structured pruning approaches, includ- 437

ing Wanda (Sun et al., 2024), SliceGPT (Ashk- 438

boos et al., 2024), FLAP (An et al., 2024), SVD- 439

LLM (Wang et al., 2025b)and SoBP (Wei et al., 440

2024). In addition, we also compared with some 441

more expensive methods( consume more data or 442

longer time for pruning), such as DISP-LLM (Gao 443

et al., 2024), týr-the-Pruner (Li et al., 2025) and 444

LLM-surgeon (van der Ouderaa et al., 2024). Fol- 445

lowing SoBP(Wei et al., 2024), we adopt the 446

llm-eval-harness (Gao et al., 2021) to evaluate 447

our method and other compared methods on 7 448

widely-used zero-shot tasks: ARC-c, ARC-e (Clark 449

et al., 2018), WinoGrande (Sakaguchi et al., 2020), 450

BoolQ (Clark et al., 2019), HellaSwag (Zellers 451

et al., 2019), OpenBookQA (Mihaylov et al., 2018) 452

and PIQA (Bisk et al., 2020). 453

4.1.3 Implementation details. 454

All experiments are conducted with PyTorch using 455

the Hugging Face Transformers library on a sin- 456

gle NVIDIA A800 GPU, with an exception for the 457

70B model which requires two GPUs. Following 458

the SoBP(Wei et al., 2024) and SliceGPT (Ashk- 459

boos et al., 2024), we use a calibration set of 128 460

samples from the WikiText2 (Merity et al., 2017) 461

training set, with a sequence length of 2048. We 462

also evaluate on the C4 dataset to further validate 463
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Sparsity Model PPL WinoGrande PIQA OBQA HellaSwag BoolQ ARC_e ARC_c Avg
0% Llama2-13b 4.88 72.3 80.52 45.2 79.38 80.58 77.53 49.23 69.25

50% SoBP 9.22 64.48 53.92 35.40 58.13 69.66 28.41 25.43 47.92
IntraSlice 8.75 63.30 66.87 37.00 56.78 69.85 58.38 33.53 55.10

60% SoBP 15.62 59.27 56.53 28.40 45.60 66.27 33.04 26.96 45.15
IntraSlice 11.36 57.70 62.30 32.60 46.40 61.71 48.06 29.35 48.30

Table 2: Comparison of model compression results with high sparsity.

the effectiveness of our approach (see Appendix464

D.1 for C4 results).465

4.2 Main Pruning Results466

The perplexity (PPL) and zero-shot task accuracies467

of compressed models using different methods are468

reported in Table 1. Our IntraSlice consistently469

outperforms other approaches in most experiments.470

Compared to SliceGPT (Ashkboos et al., 2024),471

an inter-PCA compression method, our intra-PCA-472

based method demonstrates clear advantages, par-473

ticularly under high sparsity. It is worth noting474

that SliceGPT (Ashkboos et al., 2024) introduces475

additional parameters at each residual connection,476

which undermines its acceleration efficiency. In477

comparison to the latest state-of-the-art method,478

SoBP(Wei et al., 2024), our approach exhibits sta-479

ble improvements across well-trained models such480

Sparsity Method E-T PPL Avg
0% Llama2-7B – 5.12 68.99

30%
LLM-Surgeon % 7.83 59.03

DISP-LLM ! 6.85 58.10
týr-the-Pruner % 7.00 57.92

IntraSlice % 6.61 62.13

50%
LLM-Surgeon % 15.38 45.68

DISP-LLM ! 9.84 46.72
týr-the-Pruner % 10.44 49.10

IntraSlice % 10.11 50.85
0% Llama2-13B – 4.25 71.79

30%
LLM-Surgeon % 6.21 65.34

DISP-LLM ! 5.77 63.07
týr-the-Pruner % 6.05 64.75

IntraSlice % 5.63 68.27

50%
LLM-Surgeon % 9.43 55.24

DISP-LLM ! 7.11 54.50
týr-the-Pruner % 9.96 53.49

IntraSlice % 7.72 58.86

Table 3: Comparison results of our method with LLM-
surgeon, týr-the-Prune and DISP-LLM methods. In
order to align with DISP-LLM, we only tested 5 zero-
shot tasks. The PPL is tested on wikitext2 with sequence
length 4096. E-T means end-to-end training.

as LLaMA2-7B, LLaMA2-13B, and LLaMA3-8B. 481

Only in the LLaMA3-8B at 40% sparsity does 482

the zero-shot accuracy slightly decrease. For the 483

larger model LLaMA2-70B, our IntraSlice method 484

substantially improves zero-shot task performance, 485

while achieving slightly better perplexity than the 486

baseline. We further tested at higher sparsity levels, 487

as shown in Table 2. When the sparsity reaches 488

50% and 60%, our IntraSlice shows a more signifi- 489

cant improvement over SoBP. 490

In Table 3, we present a detailed comparison be- 491

tween IntraSlice, DISP-LLM, týr-the-Pruner, and 492

LLM-Surgeon on LLaMA2-7B and LLaMA2-13B. 493

The proposed IntraSlice achieves consistent per- 494

plexity and zero-shot accuracy improvement over 495

týr-the-Pruner and LLM-Surgeon. When compared 496

with DISP-LLM, our IntraSlice achieves remark- 497

ably higher zero-shot accuracy for both models at 498

all the sparsity levels. Additionally, while DISP- 499

LLM performs well in reducing perplexity, their 500

performance in zero-shot tasks is poor compared 501

with LLM-Surgeon and our IntraSlice. We attribute 502

this to its end-to-end training paradigm and more 503

training data (2×10000 samples), which highlights 504

the potential of overfitting associated with DISP- 505

LLM. Additionally, under lower sparsity levels, 506

our method outperforms DISP-LLM, even using 507

only 128 calibration samples. At the same time, in 508

zero-shot tasks, IntraSlice consistently outperforms 509

DISP-LLM by a large margin at all sparsity levels, 510

which shows the strong generalization ability of 511

the proposed IntraSlice. 512

4.3 Speedup Test 513

The fusion mechanism of our approach is illus- 514

trated in Figure 3. For models based on the trans- 515

former architecture, our method can be fully inte- 516

grated into the model weights without requiring 517

additional computations. More details of matrix 518

fusion can be found in Appendix C. 519

The acceleration performance of LLaMA2-13B 520

using our method is shown in Figure 4. Our method 521

is comparable to current state-of-the-art structured 522

7



Figure 4: Inference speedup and memory of SoBP and
IntraSlice at different sparsities, on the llama2-13B
model.

Ada-H Pca-A IPca 20% Sparsity 30% Sparsity
PPL↓ PPL↓

% % % 6.54 7.74
! % % 6.32 7.28
! ! % 6.29 7.14
! ! ! 6.27 7.11

Table 4: Impact of each component on Llama2-7B.

pruning methods in terms of acceleration and mem-523

ory usage, but IntraSlice can achieve better com-524

pression performance. More details of speedup can525

be found in Appendix F.526

4.4 Ablation Study527

4.4.1 Impact of components.528

We perform ablation studies to evaluate the impact529

of each component. Ada-H refers to the application530

of an adaptive PCA-based head pruning strategy.531

Pca-A uses a sparse PCA correction based on gradi-532

ent evaluation when estimating the global pruning533

ratio, while IPca applies an iterative optimization534

process on the results of direct initialization within535

the FFN module. The naive baseline consists of536

global non-uniform pruning based on only mask537

gradients, un-iterated initialization of Qc and Qr in538

FFN, and traditional entire head pruning in MHA.539

As shown in Table 4, Ada-H significantly improves540

PPL performance. While Pca-A and IPca achieve541

relatively small improvements compared to Ada-H,542

they both consistently improve compression per-543

formance. Notably, Pca-A enhances sensitivity to544

important heads, reducing the effect of redundancy545

during pruning evaluation.546

4.4.2 Impact of pruning bias λb.547

We introduce a pruning bias λb to control the prun-548

ing tendency. As shown in Figure 5 (b), we tested549

the impact of the pruning bias on PPL and zero-550

Figure 5: The impact of the size of calibration data
and pruning bias λb on PPL and zero-shot accuracy on
Llama2-7B and Llama2-13B with 30% sparsity.

shot accuracy. When λb is 1.0, that is completely 551

balanced, it is comparable to the best result. The λb 552

settings used in our paper can be found in Appendix 553

D.2. 554

4.4.3 Impact of the number of calibrations. 555

As shown in Figure 5 (a), we evaluate the effect of 556

the number of calibration data on the results. As 557

the number of calibration data increases, PPL de- 558

creases steadily until it starts to slow down around 559

1024. However, the accuracy of zero-shot tasks 560

does not consistently improve with the increase in 561

the amount of calibration data. 562

5 Conclusion 563

In this work, we propose a novel structured pruning 564

framework for large language models that leverages 565

block-level intra-module PCA to alleviate the per- 566

formance degradation commonly seen in traditional 567

pruning methods. To address the integration chal- 568

lenges of intra-PCA within MHA and FFN com- 569

ponents, IntraSlice introduces an adaptive, head- 570

wise PCA-based compression strategy along with 571

a progressive, sliced iterative PCA. This design 572

facilitates the seamless fusion of intra-PCA trans- 573

formation matrices into model weights while re- 574

taining strong compression effectiveness. To better 575

estimate the global non-uniform pruning ratio, we 576

apply sparse PCA to capture post-compression acti- 577

vation patterns, enabling more accurate estimation 578

of the global non-uniform pruning ratio. Extensive 579

experiments demonstrate that IntraSlice achieves 580

state-of-the-art results across multiple models, de- 581

livering significant improvements in pruning perfor- 582

mance compared to existing methods. We believe 583

this PCA-driven framework is a key step toward 584

high-performance model compression. In our fu- 585

ture work, we will aim to develop more flexible 586

and efficient intra-PCA pruning strategies. 587
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Limitations588

While IntraSlice is effective, it has limitations.589

First, the iterative PCA introduces modest computa-590

tional overhead when pruning, especially for large591

models, and its optimization remains suboptimal.592

Solving PCA under nonlinear structural constraints593

in transformers is still challenging. Second, for594

attention variants like Grouped Query Attention595

(GQA), query and key projections must be com-596

pressed consistently within each group to enable597

matrix fusion, imposing structural constraints that598

limit pruning flexibility. Addressing these chal-599

lenges without sacrificing performance is a promis-600

ing research direction.601
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A Rank Computation of Activation818

To evaluate the rank of activations in large language819

models, we adopt the widely used Energy-Based820

Rank Selection method with a threshold of 99%.821

As illustrated in Figure 1, the activation distribution822

in the early layers is largely dominated by the input823

embeddings. Due to their uniformly distributed824

channels, these embeddings exhibit a high rank.825

In the first few transformer layers, however, out-826

lier channels begin to emerge and dominate the827

activations, leading to a sharp drop in rank. As828

computation proceeds, the number of informative829

outlier channels gradually increases, resulting in a830

slow recovery of the rank.831

To integrate the compression matrix into the832

model weights, inter-module PCA methods such833

as SliceGPT require compressing both the residual834

path and the module output. This leads to sig-835

nificant distributional shifts that can propagate to836

downstream layers via residual connections. In837

contrast, our method, IntraSlice, only modifies the838

output of the current module. This minimizes dis-839

ruption to the overall activation distribution and has840

a negligible impact on subsequent layers.841

B Algorithm842

Algorithm 1 presents an overview of the IntraSlice843

framework. Algorithm 2 details the adaptive844

head compression procedure for the MHA module,845

while Algorithm 3 outlines the progressive itera-846

tive PCA compression applied to the FFN module.847

For clarity and concreteness, we illustrate the im-848

plementation using the LLaMA architecture as an849

example.850

C Analysis of MHA matrix fusion851

During pruning of the MHA module, IntraSlice852

eliminates low-information heads based on PCA853

analysis and applies uniform compression to the854

remaining heads to achieve effective compression.855

Since this process alters the dimensionality of at-856

tention heads, different fusion strategies are re-857

quired depending on the specific MHA architecture.858

Nonetheless, all variants support full integration of859

the compressed structure.860

C.1 Query and Key Compression with ROPE861

RoPE applies distinct rotational position encod-862

ings to tokens at different positions. Conventional863

compression transformation matrices cannot pass864

through the RoPE operation and thus cannot be865

Algorithm 1 Prune Algorithm of IntraSlice
Input: Sparsity r, Calibration D, Model
Parameter: Pruning bias λb

Output: Model after pruning
1: Part 1: Global non-uniform prune ratio evaluation
2: G, X ← CrossEntropyLoss(Model, D)
3: QS ← SparsePCA(X)
4: I ← (GQs)

2

5: SH = {SH
1 , ..., SH

L }, SF = {SF
1 , ..., SF

L }
← GetGlobalPruningRatio(I, λb, r)

6: for l = 1 to L do
7: Part 2: Adaptive head PCA-based compression
8: mha← lth MHA module
9: XH

l ← inputs of lth MHA module
10: mha← Algorithm2(SH

l , mha, XH
l )

11: Part 3: Progressive sliced iterative PCA
12: ffn← lth FFN module
13: XF

l ← inputs of lth FFN module
14: ffn← Algorithm3(SF

l , ffn, XF
l )

15: end for
16: return solution

Figure 6: Schematic diagram of query and key compres-
sion with ROPE. Q1 is the pairwise selection matrix. (a)
Calculation of q × k with ROPE; (b) Construction of
pairwise selection matrix Q1; (c) Fusion Q1 into query
and key weights.

fused into the model weights. To enable matrix fu- 866

sion, we construct a pairwise channel selection ma- 867

trix adapted to the structure of RoPE. By leveraging 868

its pairwise encoding properties, we assess chan- 869

nel importance and prune unimportant channels in 870

pairs, as illustrated in Figure 6. We tested RoPE 871

sparsity’s effect on attention output in Llama2-7b. 872

As shown in Figure 7. At 25% sparsity, average out- 873

put relative error is 7.43%; at 50%, 27.8%. When 874

the sparsity is within 25% (Keep Rate), the sparsity 875

of the rope has a small impact on the output. We 876

set minimum dimension of “compressed head” to 877

96 (original 128) to preserve performance. 878

In models with ROPE, where positional encod- 879

ing is tied to specific channels, a minimal binary 880

mask is introduced to track pruned query and key 881

channels, which is negligible in practice. 882
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Algorithm 2 Adaptive Head PCA-based Compres-
sion
Input: Sparsity r, Inputs X , MHA
1: q_proj, k_proj, v_proj, o_proj ←MHA
2: # Compression of v and o
3: Xo ← inputs of o_proj
4: V ← PCA of Xo

5: Wo ← weights of o_proj
6: Wv ← weights of v_proj
7: R←HeadReconstructionScore(Xo, Wo) � Eq.1
8: remove_head← ∅
9: for _ = 1 to H do

10: hr ← head with lowest score R
11: Sg ← ReconstructionScoreGain(hr , V ,R, r)

� Eq.3,4
12: if Sg > 0 then
13: remove_head← remove_head ∪ {hr}
14: end if
15: end for
16: p← head dim after compression
17: Q2 ← PCA(Xo, p)
18: Q∗

2 ← Correct(QT
2 , Xo) � Eq.5

19: Wo ← FusionMatrix(Wo, Q∗
2)

20: Wv ← FusionMatrix(Q2, Wv)
21: # Compression of q and k
22: Outq , Outk ← outputs of q_proj and k_proj
23: Q1 ← PCA(Outq , Outk, p, remove_head)
24: Wq ← weights of q_proj
25: Wk ← weights of k_proj
26: Wq ← FusionMatrix(Q1, Wq)
27: Wk ← FusionMatrix(Q1, Wk)
28: return MHA

C.2 Matrix Fusion of Llama Family883

For the MHA of the ROPE llama architecture, the884

fusion of its transformation matrix is shown in Fig-885

ure 8.886

C.3 Matrix Fusion of Llama Family with887

GQA888

As shown in Figure 9, for MHA using GQA, the889

query and key Q1 of a head within a group are the890

same, marked with a red rectangle. The construc-891

tion of Q∗
2 is unaffected; only group-wide analysis892

is required when constructing Q2.893

D More Ablation Study894

D.1 Ablation Study of C4 Dataset895

To further verify the effectiveness of our method,896

we tested it on the C4 dataset and compared it897

with the current SOTA method SoBP. To maintain898

consistency in the settings, we use a calibration set899

of 128 samples from C4 train set with a length of900

2048. PPL was tested on Wikitext2 with a length901

of 2048.902

As shown in Table 5, even when evaluated on the903

C4 dataset, IntraSlice consistently achieves better904

perplexity (PPL) compared to SoBP. Across both905

Algorithm 3 Progressive Sliced Iterative PCA
Input: Sparsity r, Inputs X , FFN
1: up_proj, gate_proj, down_proj ← FFN
2: Wu ← weights of up_proj
3: Wg ← weights of gate_proj
4: Wd ← weights of down_proj
5: Xd ← inputs of down_proj
6: Outu, Outg ← outputs of up_proj and gate_proj
7: # Initialize Qc, Qr

8: Qc ← SelectMatrix(Xd, Wd, r)
9: Qr ← OptimizeQr(Qc, Xd) � Eq.8

10: if Need Iteration then
11: for i = 1 to iteration_number do
12: Qc ← SliceOptimizeQc(Qc, Qr , Outu, Outg ,

Xd) � Eq.7
13: Qr ← OptimizeQr(Qc, Xd) � Eq.8
14: end for
15: end if
16: Wu ← FusionMatrix(Qc, Wu)
17: Wg ← FusionMatrix(Qc, Wg)
18: Wd ← FusionMatrix(Wd, Qr)
19: return FFN

Figure 7: On Llama2-7b, 5th layer, the relative loss of
attention output for different heads under different spar-
sity in ROPE with pairwise channel selection matrix.

LLaMA2-7B and LLaMA2-13B, our method sig- 906

nificantly outperforms SoBP in terms of both PPL 907

and zero-shot accuracy. These results highlight the 908

effectiveness and strong generalization capability 909

of IntraSlice. 910

D.2 Setup of Prune Bias λb 911

When constructing the global non-uniform prun- 912

ing ratio, we introduce a pruning bias to adjust 913

the relative sparsity between the MHA and FFN 914

modules. While setting this bias to 1 yields good 915

results for most models and sparsity levels, cer- 916

tain models benefit from a more tailored setting to 917

achieve optimal performance. Table 6 summarizes 918

the bias configurations used for different models 919

and sparsity levels in this work. 920
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Sparsity Model PPL WinoGrande PIQA OBQA hellaswag BoolQ ARC_e ARC_c Avgacc acc-norm acc-norm acc-norm acc acc-norm acc-norm

0% Llama2-7b 5.47 68.98 79.05 44.2 76.02 77.74 74.58 46.25 66.69

20% SoBP 9.36 64.48 76.22 37.4 68.99 70.7 68.56 41.13 61.07
IntraSlice 7.11 68.43 76.88 40.2 72.68 75.66 69.02 41.98 63.55

30% SoBP 12.82 62.35 73.5 34.6 65.04 70.52 61.45 38.57 58.00
IntraSlice 8.87 67.64 75.08 38.4 68.84 75.2 65.03 38.05 61.18

0% Llama2-13b 4.88 72.3 80.52 45.2 79.38 80.58 77.53 49.23 69.25

20% SoBP 8.5 70.56 77.91 42.8 77.23 80.73 74.41 46.25 67.13
IntraSlice 5.86 72.38 79.49 44.0 77.49 81.96 74.92 47.27 68.21

30% SoBP 11.0 69.69 76.93 39.6 73.07 80.73 70.62 43.77 64.92
IntraSlice 6.99 71.11 77.64 41.8 75.35 81.31 71.38 45.31 66.27

Table 5: Comparison of model compression results of different methods with the C4 calibration dataset.

Figure 8: Schematic diagram of fusion Q1, Q2 and Q∗
2

into llama MHA weights with ROPE.

Figure 9: Schematic diagram of fusion Q1, Q2 and Q∗
2

into llama MHA weights with ROPE and GQA.

E Compression Time921

As shown in Table 7, IntraSlice achieves compara-922

ble compression times compared to recent state-of-923

the-art methods. The primary computational bot-924

tleneck lies in processing the intermediate dimen-925

sionality of the MLP layers. Additionally, block-926

wise PCA for global non-uniform pruning also con-927

tributes significantly to the overall time cost, which928

only needs to be computed once for all sparsity lev-929

els. In practice, all models except LLaMA2-70B930

can be pruned on a single 80 GB A800 GPU. In931

comparison, DISP-LLM and LLM-Surgeon require932

4 and 8 such GPUs for pruning LLaMA2-7B and933

13B, respectively.934

Model 20% 30% 40%
LLaMA2-7B 1.00 1.00 1.00
LLaMA2-13B 1.00 0.82 1.00
LLaMA2-70B 0.82 0.91 0.94
LLaMA3-8B 0.98 0.95 1.00
Phi-3-medium-4k 1.00 1.00 1.00

Table 6: Setup of λb of different model and different
sparsity.

Method Llama2-7B Llama2-13B Llama2-70B

SliceGPT 0.20h 0.23h 1.97h
SoBP 0.46h 0.82h 8.54h

IntraSlice 0.52h 0.97h 7.38h
týr-the-Prune 13.06h 27.93h –
DISP-LLM 4.82h 35.32h –

LLM-Surgeon 68.52h 267.44h –

Table 7: Comparison of compression time (GPU hours)
of different methods on various models. SliceGPT, SoB-
Pand IntraSlice are executed on the A800, while DISP-
LLM and LLM-Surgeon are executed on the A100 and
H100, respectively.

F Speedup Test 935

Figure 10: Speedup of different compression methods
at different sparsities, on the llama2-13B model.

The acceleration performance of LLaMA2-13B 936

using our method is shown in Figure 10. To ac- 937

curately measure the speedup of different meth- 938

ods, we tested a single decoder layer to remove 939

the effects of embedding and random sampling. 940

Sparsity is the average of all layers. For all speed 941

experiments, the prefill speed is evaluated with a 942
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Sparsity Method PPL WinoGrande PIQA HellaSwag ARC-e ARC-c Avgacc acc-norm acc-norm acc-norm acc-norm

0% Llama2-7B 5.12 69.14 79.11 75.99 74.58 46.15 68.99

30%
LLM-Surgeon 7.83 61.09 73.56 60.72 63.09 36.69 59.03

DISP-LLM 6.85 62.27 71.82 63.43 59.81 33.19 58.10
týr-the-Pruner 7.00 64.17 74.27 66.41 52.74 32.00 57.92

IntraSlice 6.61 66.93 74.59 68.16 63.59 32.23 62.13

50%
LLM-Surgeon 15.38 52.57 64.36 40.29 44.91 26.28 45.68

DISP-LLM 9.84 54.54 63.93 46.33 43.06 25.85 46.72
týr-the-Pruner 10.44 55.64 65.89 50.83 45.37 27.73 49.10

IntraSlice 10.11 61.09 64.8 50.21 48.36 29.78 50.85

0% Llama2-13B 4.25 80.52 72.3 79.38 77.53 49.23 71.79

30%
LLM-Surgeon 6.21 68.67 76.5 71.52 69.74 40.27 65.34

DISP-LLM 5.77 74.43 66.85 70.86 63.8 39.42 63.07
týr-the-Pruner 6.05 69.06 76.93 72.66 64.48 40.61 64.75

IntraSlice 5.63 76.71 71.98 73.87 73.91 44.88 68.27

50%
LLM-Surgeon 9.43 68.77 63.22 56.19 56.19 31.83 55.24

DISP-LLM 7.11 59.27 68.77 58.63 52.57 33.28 54.5
týr-the-Pruner 9.96 59.27 68.99 58.46 50.51 30.20 53.49

IntraSlice 7.72 65.75 69.42 60.44 61.49 37.2 58.86

Table 8: Comparison results of our method with LLM-surgeon, týr-the-Prune and DISP-LLM methods. In order to
align with DISP-LLM, we only tested 5 zero-shot tasks. The test dataset of PPL is wikitext2. And the length of
wikitext2 for testing is 4096.

4096-length inputs. The generation speed is eval-943

uated with a 4096-length KV cache. Compared944

with SoBP(Wei et al., 2024), our method achieves945

comparable or superior acceleration, while also946

maintaining better model performance. Compared947

with LLM-Surgeon (van der Ouderaa et al., 2024)948

and DIPS-LLM (Gao et al., 2024), IntraSlice has a949

significant speed advantage, especially in the case950

of long sequences. This is because the pruning951

strategies of LLM-Surgeon and DIPS-LLM cannot952

reduce the computational complexity of attention953

in the MHA.954

G Detailed Results955

As shown in Table 8, our method demonstrates a956

clear advantage over DISP-LLM, týr-the-Pruner957

and LLM-Surgeon across all five zero-shot tasks.958

On average, the accuracy surpasses that of DISP-959

LLM by 8%. We attribute this improvement partly960

to DISP-LLM’s end-to-end training on Wikitext2,961

which may lead to a certain degree of overfitting.962

Detailed comparisons of model compression re-963

sults are presented in Table 9 and Table 10. Our964

method has significant advantages over Wanda,965

SliceGPT and SVD-LLM. For smaller mod-966

els such as LLaMA2-7B and LLaMA3-8B, In-967

traSlice generally outperforms SoBP, although968

performance varies somewhat across individual969

tasks. However, for larger models—including970

LLaMA2-13B, LLaMA2-70B, and Phi-3-Medium971

(14B)—IntraSlice consistently maintains a signifi-972

cant advantage. We believe this is because larger 973

models contain more redundant information and 974

have greater parameter capacity, making adaptive 975

strategies like head pruning more effective. 976
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Sparsity Model PPL WinoGrande PIQA OBQA hellaswag BoolQ ARC_e ARC_c Avgacc acc-norm acc-norm acc-norm acc acc-norm acc-norm

0% Llama2-7b 5.47 68.98 79.05 44.2 76.02 77.74 74.58 46.25 66.69

20%

SliceGPT 6.86 64.56 69.21 40.4 59.02 48.07 55.05 35.32 53.09
Wanda 7.38 64.56 75.84 42 70.75 68.07 66.96 40.53 61.25

SVD-LLM 8.52 60.69 66.65 36.4 54.23 49.17 50.04 30.03 49.6
SoBP 6.51 69.14 76.66 40.40 65.24 75.66 69.28 41.89 63.54

IntraSlice 6.27 68.43 77.26 42.00 72.27 73.12 69.70 43.34 63.73

30%

SliceGPT 8.62 62.59 64.69 31.8 49.12 38.9 50.17 31.14 46.92
Wanda 9.17 57.85 72.09 39.2 62.67 63.06 60.94 38.14 56.28

SVD-LLM 10.95 58.56 61.59 34 45.01 47.13 42.59 27.13 45.14
SoBP 7.59 66.38 73.45 38.6 67.36 70.92 60.48 38.05 59.32

IntraSlice 7.11 66.69 74.16 39.6 67.77 70.28 66.29 38.65 60.49

40%

SliceGPT 12.79 57.77 57.89 28.8 39.48 37.83 44.02 27.22 41.86
Wanda 14.33 49.96 62.89 26 32.74 57.83 45.29 26.62 43.05

SVD-LLM 16.58 55.72 56.2 29.8 35.55 38.99 34.81 24.49 39.37
SoBP 9.32 65.51 69.26 36.40 61.72 56.94 55.01 35.07 54.27

IntraSlice 8.39 64.09 69.42 38.00 60.86 69.33 57.83 35.15 56.68

0% Llama2-13b 4.88 72.3 80.52 45.2 79.38 80.58 77.53 49.23 69.25

20%

SliceGPT 6.04 68.35 71.33 41 62.79 44.8 67.3 41.81 56.76
Wanda 6.66 69.46 75.68 42 64.63 66.33 67.17 41.72 61

SVD-LLM 6.78 66.54 71.6 41.8 59.82 73.88 60.4 35.92 58.56
SoBP 5.61 72.06 78.45 43.8 77.21 78.17 77.15 47.53 67.77

IntraSlice 5.48 71.74 78.45 44.4 76.84 80.92 75.72 47.53 67.94

30%

SliceGPT 7.44 65.35 65.51 39 52.33 38.9 53.16 36.77 50.15
Wanda 10.14 57.22 53.32 35.6 47.56 62.48 31.44 25.43 44.72

SVD-LLM 8.21 64.48 65.89 36.6 50.29 66.79 51.56 29.52 52.16
SoBP 6.21 71.35 76.88 41.8 74.48 78.23 74.71 47.27 66.39

IntraSlice 5.96 71.74 76.88 45.0 75.04 79.72 75.21 46.33 67.13

40%

SliceGPT 10.61 61.25 59.25 35.8 42.57 37.83 44.28 29.78 44.39
Wanda 21.34 51.38 56.8 27.8 34.12 62.08 32.15 25.09 41.35

SVD-LLM 11.26 60.06 59.3 33 40.9 52.26 40.78 25.94 44.61
SoBP 7.32 67.88 67.14 38.0 68.49 74.62 53.58 34.73 57.78

IntraSlice 6.92 68.27 72.69 40.6 69.01 78.17 64.94 41.98 62.24

0% Llama2-70b 3.32 77.98 82.75 48.8 83.81 83.70 80.98 57.25 73.61

20%
Wanda 4.1 75.77 80.25 46.8 81.28 81.68 77.06 53.16 70.86
SoBP 3.91 76.80 81.50 49.4 82.97 68.81 80.81 58.02 71.19

IntraSlice 3.85 76.95 81.88 48.0 83.71 84.16 79.80 56.14 72.95

30%
Wanda 4.77 75.22 79.27 45.4 79.1 81.5 75.84 52.99 69.9
SoBP 4.41 76.48 80.36 47.6 81.57 67.98 77.95 53.84 69.40

IntraSlice 4.34 76.87 80.63 47.8 82.33 85.02 79.04 54.18 72.27

40%
Wanda 4.77 75.22 79.27 45.4 79.1 81.5 75.84 52.99 69.9
SoBP 4.99 76.16 78.89 47.6 79.49 71.53 75.34 50.60 68.51

IntraSlice 4.91 76.40 79.27 46.0 79.49 84.89 73.95 49.91 69.99

Table 9: Detail comparison of model compression results on Llama2-7b, Llama2-13b and Llama2-70b. PPL is the
result on wikitext2.
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Sparsity Model PPL WinoGrande PIQA OBQA hellaswag BoolQ ARC_e ARC_c Avgacc acc-norm acc-norm acc-norm acc acc-norm acc-norm

0% Llama3-8b 6.13 72.77 80.74 45.0 79.13 81.50 77.74 53.58 70.07

20%

SliceGPT 10.93 62.9 63.17 34.4 52.29 38.13 52.95 32.85 48.1
Wanda 122.41 49.49 53.54 25.4 30.77 50.7 29.67 23.12 37.53

SVD-LLM 47 53.51 62.79 30.8 40.93 58.47 45.2 26.28 45.43
SoBP 8.74 71.82 75.73 41.6 71.00 68.07 73.02 43.69 63.56

IntraSlice 8.27 70.48 76.39 41.4 71.30 78.96 72.64 45.31 65.21

30%

SliceGPT 17.02 57.7 56.26 31 39.67 37.83 41.08 26.28 41.4
Wanda 271.71 48.38 52.61 25.8 28.46 50.15 29.25 20.82 36.5

SVD-LLM 101.56 51.85 57.78 27.2 32.94 58.69 34.97 22.18 40.8
SoBP 10.32 70.09 72.63 39.8 64.19 65.17 61.87 36.43 58.60

IntraSlice 10.25 67.32 73.39 39.0 64.20 70.86 67.63 42.15 60.65

40%

SliceGPT 30.8 52.96 53.48 27.2 32.41 37.83 35.35 22.53 37.39
Wanda 4258.41 50.51 50.49 24.2 26.61 41.41 26.14 23.38 34.68

SVD-LLM 207.99 50.51 54.52 26 29.71 43.58 31.1 21.59 36.71
SoBP 12.48 65.90 68.12 35.4 54.47 62.26 53.16 29.69 52.71

IntraSlice 12.28 61.88 68.82 35.00 51.89 51.65 56.10 32.34 51.10

0% Phi-3-medium-4k 4.29 76.56 81.61 50.8 82.73 88.53 81.31 61.69 74.75

20%

SliceGPT 6.45 74.03 73.5 44.4 67.41 47.16 75.59 52.05 62.02
Wanda 6.82 70.32 77.69 46 77.48 84.34 77.82 52.99 69.52

SVD-LLM 7.16 74.11 76.93 44.4 70.71 82.63 75.97 51.37 68.02
SoBP 6.27 73.48 80.09 47.2 76.96 88.04 82.24 58.02 72.29

IntraSlice 5.80 73.72 80.14 46.8 79.13 87.77 84.34 59.56 73.06

30%

SliceGPT 7.66 68.35 66.81 38.6 56.31 56.91 62.79 41.98 55.97
Wanda 10 61.88 74.37 41.2 70.39 69.69 71 48.29 62.41

SVD-LLM 8.22 71.67 72.09 38.8 61.01 79.36 65.7 42.75 61.62
SoBP 7.05 71.43 75.19 43.8 72.75 87.31 73.15 48.98 67.52

IntraSlice 6.71 72.69 77.15 45.8 74.07 86.12 79.12 53.16 69.73

40%

SliceGPT 10.01 63.22 61.59 34.8 44.72 37.89 43.9 30.03 45.16
Wanda 20.68 61.17 71.22 40 59.01 41.41 61.07 40.78 53.52

SVD-LLM 10.76 64.25 62.35 37.2 48.82 67.55 53.87 33.53 52.51
SoBP 8.02 69.77 69.42 42.4 65.68 86.09 54.76 39.93 61.15

IntraSlice 7.90 67.88 75.08 41.4 66.38 84.07 72.73 46.76 64.90

Table 10: Detail comparison of model compression results on Llama3-8b and Phi-3-medium-4k. PPL is the result
on wikitext2.
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