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Abstract001

Large language models (LLMs) have achieved002
significant progress across various domains,003
but their increasing scale leads to high com-004
putational and memory costs. Recent studies005
show that LLMs exhibit sparsity, which can006
be exploited for pruning. Existing pruning007
methods typically follow a prune-then-finetune008
paradigm. Since the pruned components still009
contain valuable information, their direct re-010
moval often leads to irreversible performance011
degradation, causing expensive fine-tuning to012
recover performance. To address this, we pro-013
pose a new paradigm: first apply regularization,014
then prune, and finally fine-tune. Based on this015
paradigm, we propose DReSS, a simple and016
effective Data-driven Regularized Structured017
Streamlining method for LLMs. By using a018
small amount of data to regularize the com-019
ponents before pruning, DReSS transfers the020
important information to the remaining parts021
of the model in advance. Compared to direct022
pruning, this can reduce the information loss023
caused by parameter removal, thereby enhanc-024
ing its language modeling capabilities. We eval-025
uate our method on various LLMs, including026
Phi-2, OPT, LLaMA2, LLaMA3. Experimen-027
tal results demonstrate DReSS even without028
recovery fine-tuning (RFT) achieves compara-029
ble performance to previous methods, drasti-030
cally alleviating computational costs. More-031
over, DReSS significantly outperforms existing032
powerful pruning methods even under extreme033
pruning ratios, significantly reducing latency034
and increasing throughput.035

1 Introduction036

Large language models (LLMs) have achieved sig-037

nificant advancements across a wide range of tasks,038

demonstrating their robust capabilities (Zhang039

et al., 2022; Achiam et al., 2023; Touvron et al.,040

2023; Wu et al., 2024). However, as the model041

size increases, the growing number of parameters042

leads to significant computational and memory re-043

quirements, which significantly hinder the practical 044

deployment of LLMs. Consequently, it is critical to 045

develop methods that can reduce model size while 046

maintaining performance. 047

To address these challenges, several methods 048

have been proposed, including pruning (Frantar and 049

Alistarh, 2023; Sun et al., 2024; An et al., 2024), 050

quantization (Frantar et al., 2023; Xiao et al., 2023), 051

knowledge distillation (Shridhar et al., 2023; Hsieh 052

et al., 2023), and low-rank decomposition (Saha 053

et al., 2023). In this work, we mainly focus on prun- 054

ing which is an efficient and highly generalizable 055

approach that can be seamlessly integrated with 056

other model compression strategies. Pruning tech- 057

niques are generally classified into two primary cat- 058

egories: unstructured pruning (Frantar and Alistarh, 059

2023; Sun et al., 2024) and structured pruning (Ma 060

et al., 2023; An et al., 2024). Compared to unstruc- 061

tured pruning, structured pruning offers the flexi- 062

bility to do recovery fine-tuning (RFT) for specific 063

downstream tasks without relying on specialized 064

hardware (Zhu et al., 2024). The model obtained 065

through structured pruning typically achieves much 066

faster inference speed due to the regular data pat- 067

terns. 068

Despite these advancements, existing structured 069

pruning methods still have limitations. They all 070

follow the paradigm of first selecting channels or 071

layers to prune based on a designed metric, and 072

then performing RFT (Chavan et al., 2024). How- 073

ever, they neglect that important information can 074

also exist in the pruned parts (Dettmers et al., 2022; 075

Xiao et al., 2023; Yin et al., 2024), and directly 076

removing them leads to an irreversible decline in 077

model performance. Thus, the pruned models often 078

require extensive data for RFT to recover perfor- 079

mance (Ma et al., 2023). Additionally, high pruning 080

ratios often cause performance collapse, limiting 081

their effectiveness in acceleration. 082

To tackle these limitations, we propose DReSS 083

(Data-driven Regularized Structured Streamlining), 084
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a novel framework that introduces pre-pruning reg-085

ularization to structured pruning. To the best of our086

knowledge, we are the first to adopt this paradigm.087

As illustrated in Figure 1, DReSS operates in four088

steps: First, we randomly select a small subset089

of data from widely used benchmarks. Due to090

the small sample size, the computational overhead091

remains minimal. Second, we apply group regu-092

larization (ℓ1 or ℓ2) to the channels identified for093

pruning. The regularization process significantly094

suppresses the magnitude of the parameters in these095

channels, minimizing their information content096

and compelling the model to redistribute essen-097

tial knowledge to the unpruned parts. This mecha-098

nism effectively mitigates the performance degrada-099

tion typically caused by direct parameter removal.100

Third, we prune the regularized channels. Finally,101

we perform RFT on the pruned model using the102

data selected in the first step. Extensive experi-103

ments demonstrate that DReSS provides consid-104

erable acceleration and significantly outperforms105

existing methods in both perplexity and accuracy.106

The main contributions are summarized as follows:107

• Propose A New Paradigm: By sequentially108

applying regularization (ℓ1-norm or ℓ2-norm),109

pruning, and RFT, DReSS minimizes informa-110

tion loss caused by direct parameter removal,111

thereby improving the model’s language mod-112

eling capabilities.113

• High Performance: DReSS surpasses com-114

petitive structured pruning methods in perplex-115

ity and accuracy, achieving notable improve-116

ments in throughput and reduced latency com-117

pared to the dense models.118

• Low Overhead: By using only a small119

amount of data for regularization and optional120

RFT, DReSS incurs minimal overhead.121

2 Related Works122

2.1 Pruning Methods123

Pruning redundant weights has been an effective124

way to reduce deep neural network complexity125

for decades. (LeCun et al., 1989; Hassibi et al.,126

1993; Han et al., 2015). Pruning methods can be127

broadly categorized into two types: unstructured128

pruning (Kurtic et al., 2022; Zhang et al., 2024b;129

Xu et al., 2024) and structured pruning (Xia et al.,130

2024; Gao et al., 2024b).131

Unstructured pruning methods remove individ- 132

ual weights based on designed metrics. Magni- 133

tude (Han et al., 2015) removes smaller weights, 134

Wanda (Sun et al., 2024) considers both weights 135

and activations, and SparseGPT (Frantar and Al- 136

istarh, 2023) uses Hessian matrix. They require 137

specialized hardware to accelerate (Xia et al., 2023) 138

and a high sparsity to achieve substantial accelera- 139

tion (Wang, 2020). 140

Structured pruning methods, including channel- 141

wise pruning (An et al., 2024) and layer-wise prun- 142

ing (Men et al., 2024). Channel-wise pruning meth- 143

ods remove less important channels of the param- 144

eter matrices. For instance, SliceGPT (Ashkboos 145

et al., 2024) prune channels with smaller eigenval- 146

ues. LLM Surgeon (van der Ouderaa et al., 2024) 147

periodically updates model weights and structures, 148

pruning more aggressively in the initial layers. 149

Layer-wise pruning methods, such as SLEB (Song 150

et al., 2024), iteratively prune transformer layers 151

based on their importance. These methods have a 152

key limitation: even less important channels or lay- 153

ers may contain valuable information, and pruning 154

them directly often leads to information loss. To 155

address this, we investigate the way of ‘shifting’ 156

important information from the pruned parts to the 157

remaining parts, which could reduce information 158

loss caused by pruning. 159

2.2 Regularization 160

Regularization is widely used in machine learn- 161

ing, such as feature selection (Tibshirani, 1996) 162

and preventing model overfitting (Santos and Papa, 163

2022). The ℓ1-norm drives certain coefficients to 164

zero, while ℓ2-norm encourages smoother solu- 165

tions (Boyd and Vandenberghe, 2004). Both of 166

them can significantly alter the distribution pat- 167

tern of the data (Han et al., 2015; Liu et al., 2017; 168

Tao et al., 2023). Motivated by this, we propose a 169

new pruning paradigm, in which the regularization 170

process can transfer important information from 171

the pruned parameter space to the remaining parts 172

of the model, thus reducing the information loss 173

caused by parameter removal. 174

3 Methodology 175

In this section, we introduce DReSS, a data- 176

efficient structured pruning framework for Large 177

Language Models (LLMs). As illustrated in Fig- 178

ure 1 and Algorithm 1, DReSS operates in three 179

coherent stages: (1) Regularization, where we 180
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Figure 1: A comparison between previous channel-wise pruning methods and DReSS. Deeper blue square represents
greater performance impact, the taller cylinder represents larger data volume. Above: Previous methods first select
channels based on importance, followed by pruning and then do RFT. Below: DReSS first regularizes channels to
transfer important information, prunes the channels to obtain the subset, then do RFT with a small amount of data.

Algorithm 1 DReSS Framework
Input: Dataset X, Model W, Pruning Ratio p,
Layers L.
Construct global mask R based on p.
Split X into Xreg and Xrft.
// Xreg: Regularization subset
// Xrft: Recovery Fine-tuning subset
// Stage 1: Regularization
while not converged do

Compute LLM(W,Xreg)
Compute Lreg based on Eq. 2 using ℓ1 or ℓ2
Update W← Optimizer(LLM + λLreg)

end while
// Stage 2: Pruning
Wpruned ← Prune(W,R)
// Stage 3: Optional RFT
Wfinal ← LoRA_Finetune(Wpruned,Xrft)

identify coupled structures within the LLM and181

apply group regularization to suppress the parame-182

ters intended for pruning; (2) Structured Pruning,183

where the suppressed parameters are removed; and184

(3) Optional Recovery Fine-tuning (RFT), which185

restores model performance.186

3.1 Data Selection187

To ensure efficiency and fairness, we utilize a small,188

randomly sampled subset from the widely used189

public dataset WikiText-2 (Merity et al., 2016) for190

both pre-pruning regularization and optional post-191

pruning RFT. Typically, only 1,000 samples drawn 192

from the training set are required, making the pro- 193

cess highly data-efficient. 194

3.2 Structural Dependency and Grouping 195

A key challenge in structured pruning is maintain- 196

ing the validity of matrix multiplications after re- 197

moving parameters. In a transformer architecture, 198

removing a channel in one layer necessitates the 199

removal of corresponding weights in connected 200

layers. More details are in Appendix A. 201

Instead of treating each weight matrix indepen- 202

dently, we define dependency groups. As shown 203

in Figure 2, for a pruning ratio p, we define a bi- 204

nary diagonal mask matrix R ∈ {0, 1}d×d, where 205

indices corresponding to the pruned channels are 206

set to 0. R is shared across all layers to ensure 207

global consistency. 208

Based on the Transformer structure, the depen- 209

dency requires that: 210

• Attention Block: If we regularize the 211

columns of the output projection of the pre- 212

vious layer, we must simultaneously regular- 213

ize the rows of the Query (WQ), Key (WK), 214

and Value (WV) matrices this layer. Conse- 215

quently, the output matrix Wo must be reg- 216

ularized column-wise to match the channel 217

reduction. 218

• FFN Block: Similarly, the Up-projection 219

(Wup) and Down-projection (Wdown) are 220
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Figure 2: Structural Dependency and Grouping. Vi-
sualization of the coupled structures in a Transformer
layer. The white rows and columns represent channels
suppressed by the global mask R, illustrating how regu-
larization is applied consistently across Attention and
FFN blocks to ensure structural integrity.

coupled. Regularizing rows in Wup necessi-221

tates regularizing columns in Wdown.222

• Residuals & Norms: The embeddings223

(Wemb,Wpos), LayerNorm parameters224

(α,β), and the final language modeling head225

(Wlm) are also aligned with global mask R.226

3.3 Regularization Objective227

To facilitate pruning, we enforce a regularization228

penalty on the channels selected by the pseudo-229

index selection matrix R. Specifically, the non-230

zero diagonal entries in R indicate the channels in-231

tended for suppression. By penalizing the weights232

associated with these indices, we encourage the233

model to shift essential information to the remain-234

ing unregularized channels.235

The total training objective combines the stan-236

dard language modeling loss LLM with the struc-237

tured regularization loss. The overall loss function238

is defined as:239

Ltotal = LLM(W,X) + λ (LAttn + LFFN + LMisc)
(1)240

where X is the input data, and λ is a hyperparame-241

ter controlling the regularization strength.242

Based on the structural dependencies identified243

in Section 3.2, the regularization terms for the At-244

tention blocks (LAttn), FFN blocks (LFFN), and re-245

maining components (LMisc) are aggregated across 246

all L layers: 247

LAttn =
L∑
i=1

 ∑
x∈Q,K,V

∥RWi
x∥+ ∥Wi

oR∥


(2)

248

LFFN =
L∑
i=1

(
∥RWi

up∥+ ∥Wi
downR∥

)
(3) 249

LMisc = ∥WembR∥+ ∥WposR∥+ ∥RWlm∥ 250

+
L∑
i=1

(
∥Rαi∥+ ∥Rβi∥

)
(4) 251

Here, ∥ · ∥ denotes a vector norm applied to the 252

matrix column-wise (or row-wise as indicated by 253

the position of R). 254

Optimization. We formalize the minimization of 255

Eq. 1 as an optimization problem. Our framework 256

supports both ℓ2-norm and ℓ1-norm for the regular- 257

ization terms. When the ℓ2-norm is used, the prob- 258

lem is directly differentiable. When the sparsity- 259

inducing ℓ1-norm is employed, the objective func- 260

tion is non-differentiable at zero. To address this, 261

we transform the problem into a constrained for- 262

mulation that can be efficiently solved using stan- 263

dard backpropagation. The detailed mathematical 264

derivation and the equivalent constrained form are 265

provided in Appendix B and Appendix C. 266

3.4 Pruning and Optional RFT 267

According to Figure 2, we prune the regularized 268

rows and columns using the pseudo-index selection 269

matrix R. For clarity, we define the complementary 270

binary mask S = I−R, where diagonal entries of 271

1 denote parameters to be retained. 272

The pruning operations for the i-th layer Atten- 273

tion and FFN blocks are performed as follows: 274

Wi
Q
′
= SWi

Q, Wi
K

′
= SWi

K,

Wi
V

′
= SWi

V, Wi
o
′
= Wi

oS,

Wi
up

′
= SWi

up, Wi
down

′
= Wi

downS

(5) 275

Similarly, the remaining components, includ- 276

ing embeddings, positional encodings, LayerNorm 277

parameters, and the language modeling head, are 278

pruned to maintain consistency: 279

Wemb
′ = WembS, Wpos

′ = WposS,

αi′ = Sαi, βi′ = Sβi, Wlm
′ = SWlm

(6) 280
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After pruning, we perform Optional RFT (Re-281

covery Fine-Tuning) on the pruned model using the282

subset data X selected in Section 3.1, leveraging283

LoRA (Hu et al., 2022).284

4 Experiments285

4.1 Experimental Setup286

Implementation: All methods are implemented in287

PyTorch (Paszke et al., 2019), using the Hugging288

Face Transformers library (Wolf, 2019). All ex-289

periments are conducted on 80GB NVIDIA A100290

GPUs. For fairness, we use llm-eval-harness (Gao291

et al., 2024a) to evaluate.292

Datasets: For generation task, we evalu-293

ate the model’s perplexity on WikiText-2 test294

set (Ashkboos et al., 2024). For zero-shot295

task, the benchmarks are PIQA (Bisk et al.,296

2020), WinoGrande (Sakaguchi et al., 2021), Hel-297

laSwag (Zellers et al., 2019), ARC-e and ARC-298

c (Clark et al., 2018). In Appendix H we use data299

from Alpaca (Taori et al., 2023), WikiText-2 (Mer-300

ity et al., 2016), PTB (Marcus et al., 1993), and301

C4 (Raffel et al., 2020).302

Models: We use models commonly adopted in303

the pruning domain including the LLaMA models304

(LLaMA2-7B, LLaMA3-8B, LLaMA2-13B) (Tou-305

vron et al., 2023; Grattafiori et al., 2024), OPT306

model (OPT-13B) (Zhang et al., 2022), and Phi-307

2 (Javaheripi et al., 2023).308

Baselines: We evaluate DReSS against309

competitive structured pruning methods:310

LLM Surgeon (van der Ouderaa et al., 2024),311

SliceGPT (Ashkboos et al., 2024), and SLEB (Song312

et al., 2024).313

Evaluation Metrics: The performance on gen-314

eration task is measured by perplexity(Yao et al.,315

2022), while zero-shot tasks performance is eval-316

uated using accuracy (Dong et al., 2024). The317

acceleration effects are represented by throughput318

and latency (Song et al., 2024; Zhang et al., 2024a).319

4.2 Performance Comparison320

To ensure a fair comparison, all methods used 1,000321

samples randomly selected from the WikiText-2322

training set with a sequence length of 2048. We323

used a consistent data pool for DReSS’s regulariza-324

tion, the calibration for LLM Surgeon, SliceGPT,325

and SLEB, and the RFT data for all methods, split326

at a 3:1 ratio (justified in Section 4.7). A uniform327

25% pruning ratio was applied to all methods, im-328

plemented by setting the last 25% of the diagonal329

matrix R to 1. The choice of R is discussed in 330

Section 4.4. 331

As shown in Table 1, DReSS excels in both 332

generation and zero-shot tasks. On LLaMA2-7B, 333

its perplexity is 20% lower than the second-best 334

method, LLM Surgeon; on OPT-13B, its accuracy 335

drops by only 1% compared to the dense model. 336

Since the performance difference between the ℓ2- 337

norm and ℓ1-norm versions is tiny, DReSS here- 338

after refers to the ℓ2-norm version. 339

4.3 Acceleration Effectiveness 340

Language processing in LLMs comprises two 341

primary stages: prompt processing, which is 342

compute-bound, and token generation, which is 343

memory-bound. We separately analyze the speedup 344

achieved in each stage. Table 2 presents the 345

throughput and latency results for OPT-13B and 346

LLaMA2-13B, evaluated using a single 80GB 347

NVIDIA A100 GPU. Following the methodology 348

of previous work (Song et al., 2024), the token gen- 349

eration test involves generating sentences of 128 350

tokens with a batch size of 64, whereas for prompt 351

processing, latency is measured by processing an 352

input sequence of 2048 tokens. 353

At a pruning ratio of 50% on OPT-13B, DReSS 354

delivers a 35% improvement in throughput and a 355

30% reduction in latency compared to the dense 356

model. These results highlight the superior effi- 357

ciency of DReSS in acceleration. 358

4.4 The Impact of Pruning Different Channels 359

Matrix R is used to select the channels on which 360

regularization is applied (followed by pruning). We 361

choose three options of R under 25% sparsity: (1) 362

remove the matrix’s last 25% rows or columns, 363

(2) remove the first 25% rows or columns , (3) 364

divide the matrix into 5 segments, removing each 365

segment’s 5% of the last rows or columns. The 366

results on LLaMA2-7B are shown in Table 3. The 367

performance differences among (1), (2), and (3) are 368

minimal, demonstrating that DReSS is insensitive 369

to pruning different channels. 370

4.5 Robustness to Different Pruning Ratios 371

Keeping all other settings consistent with Section 372

4.2, we extend the pruning ratio from 20% to 373

60%. The perplexity of LLaMA2-7B under dif- 374

ferent methods are shown in Figure 3. DReSS 375

significantly outperforms other methods across var- 376

ious pruning ratios. When the pruning ratio is up 377

to 60%, SLEB collapses, while DReSS maintains 378
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Table 1: Performance comparison of different pruning methods. ‘PPL’ refers to the perplexity on WikiText-2. The
accuracy (%) is reported on five zero-shot benchmarks. The best result is highlighted in bold, and the second-best is
underlined. DReSS-ℓ2 denotes the use of the ℓ2-norm, while DReSS-ℓ1 denotes the use of the ℓ1-norm. The results
below are all obtained after RFT.

Model Method PR PPL(↓) PIQA(↑) WinoGrande(↑) HellaSwag(↑) ARC-e(↑) ARC-c(↑) Avg_Acc(↑)

Phi-2

Dense 0% 5.28 79.11 75.77 73.83 78.32 54.18 72.24
LLM Surgeon 25% 7.26 67.28 63.25 54.24 51.62 35.85 54.44

SliceGPT 25% 7.06 69.32 65.39 52.57 53.78 31.89 54.59
SLEB 25% 7.82 67.94 62.79 49.80 48.55 29.34 51.68

DReSS-ℓ2 25% 6.25 68.52 66.71 56.73 52.78 37.63 56.47
DReSS-ℓ1 25% 6.28 68.67 65.32 57.16 52.39 37.28 56.16

LLaMA2-7B

Dense 0% 5.47 79.11 69.06 75.99 74.58 46.25 69.00
LLM Surgeon 25% 7.38 70.59 65.87 58.66 63.65 38.33 59.42

SliceGPT 25% 7.49 68.15 64.13 56.22 55.39 34.74 55.73
SLEB 25% 10.24 63.25 62.36 53.77 55.82 32.24 53.49

DReSS-ℓ2 25% 5.86 73.18 66.49 61.73 65.42 40.86 61.54
DReSS-ℓ1 25% 5.81 73.42 65.73 61.92 65.26 39.68 61.20

LLaMA3-8B

Dense 0% 5.76 85.56 77.94 79.27 78.84 56.49 75.62
LLM Surgeon 25% 7.62 76.34 70.18 71.46 69.65 49.22 67.37

SliceGPT 25% 8.14 74.37 67.81 69.56 69.83 45.53 65.42
SLEB 25% 11.37 71.68 62.96 66.37 64.61 43.28 61.78

DReSS-ℓ2 25% 6.09 78.29 71.17 73.28 72.64 53.62 69.80
DReSS-ℓ1 25% 6.12 78.86 70.28 73.85 72.37 53.02 69.68

OPT-13B

Dense 0% 10.12 76.82 64.80 69.81 61.87 35.67 61.79
LLM Surgeon 25% 11.02 74.18 64.33 65.37 60.96 34.98 59.96

SliceGPT 25% 10.90 73.72 64.28 63.33 60.59 34.66 59.32
SLEB 25% 12.02 72.62 63.96 62.79 59.21 34.12 58.50

DReSS-ℓ2 25% 10.38 74.06 64.57 66.82 61.56 35.33 60.47
DReSS-ℓ1 25% 10.56 73.65 64.38 66.46 61.15 34.74 60.07

LLaMA2-13B

Dense 0% 4.88 80.47 72.22 79.39 77.48 49.23 71.76
LLM Surgeon 25% 5.75 77.75 69.62 74.31 72.83 43.52 67.61

SliceGPT 25% 6.16 69.69 68.45 63.73 63.46 39.90 61.05
SLEB 25% 7.39 66.93 65.87 55.48 60.06 35.14 56.70

DReSS-ℓ2 25% 5.12 76.14 71.22 76.51 73.45 46.87 68.84
DReSS-ℓ1 25% 5.16 77.24 70.61 76.75 73.84 45.46 68.78
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Figure 3: Perplexity of LLaMA2-7B on WikiText-2
using various pruning methods and ratios.

relatively low perplexity compared to other pruning379

methods. This demonstrates that DReSS maintains380

robust performance even under extreme pruning381

ratios, enabling structured pruning to unlock sig-382

nificant potential for model acceleration. More383

detailed results are in Appendix G.384
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Figure 4: Perplexity of DReSS and other methods on
WikiText-2 under different amount of data.

4.6 Minimal Overhead 385

We evaluated the perplexity of each method on 386

LLaMA2-7B using varying amounts of data, keep- 387

ing all other conditions consistent with Section 4.2 388

and only change the data size from 500 to 8,000. 389

As shown in Figure 4, when only 1,000 samples 390
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Table 2: Comparison of throughput and latency under different ratios on OPT-13B and LLaMA2-13B. ‘PPL’ refers
to the perplexity on Wikitext2, ‘PR’ represents ‘pruning ratio’, ‘TI’ represents ‘throughput increase’.

Model Method PR PPL(↓) Tokens/s(↑) TI(↑) Latency(↓) Speedup(↑)

OPT-13B
Dense 0% 10.12 1029 1.00× 386.5 1.00×
DReSS 25% 10.38 1194 1.16× 319.42 1.21×
DReSS 50% 13.85 1389 1.35× 274.11 1.41×

LLaMA2-13B
Dense 0% 4.88 1066 1.00× 396.9 1.00×
DReSS 25% 5.12 1215 1.14× 330.8 1.20×
DReSS 50% 7.59 1407 1.32× 285.5 1.39×
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Figure 5: The ratio of the sum of absolute parameter values after regularization to that before regularization on
LLaMA2-7B. For example, the absolute sum of the last 25% of rows in WQ after regularization is divided by the
sum of the corresponding rows before regularization to obtain the preserved ratios. This is applied similarly to other
matrices WK,WV,Wo,Wgate,Wup,Wdown, and layer activations.

Table 3: The impact of pruning different channels on
LLaMA2-7B. ‘PPL’ is the perplexity on WikiText-2.
Avg_Acc is on five zero-shot benchmarks.

Cases (1) (2) (3)

PPL(↓) 5.86 5.89 5.87

Avg_Acc(%) 61.54 61.39 61.46

were used for regularization and RFT, DReSS out-391

performed the other methods that used 4,000 sam-392

ples. This further highlights the effectiveness and393

efficiency of applying regularization prior to prun-394

ing, as it transfers critical information in advance,395

enabling DReSS to get strong performance with396

minimal data overhead.397

4.7 Ablation Study398

As shown in Table 4, both pruning without regular-399

ization and regularizing all parameters degrade per-400

formance, increasing perplexity and reducing ac-401

curacy at 25% sparsity. This underscores the need402

to apply regularization specifically to the pruned403

components. Furthermore, RFT after pruning of-404

fers minimal performance impact, suggesting it is405

an optional step.406

Data Ratio of Regualrization and RFT: With407

other settings consistent with Section 4.2, we only408

vary the data ratio [4 : 1, 3 : 1, 2 : 1, 1 : 1, 1 : 2, 1 :409

3]. The lowest perplexity is achieved under 3:1410

Table 4: Ablation results on LLaMA2-7B, LLaMA2-
13B. ‘FPR’ is full parameter regularization, ‘R’ is regu-
larization on selected channels. ‘w/o’ means removing
specific parts.

Model Setting PPL (↓) AVG_ACC (↓)

LLaMA2-7B

DReSS 5.86 61.54
w FPR 12.68 50.26
w/o R 22.38 47.25

w/o RFT 5.97 59.56

LLaMA2-13B

DReSS 5.12 68.84
w FPR 10.53 53.28
w/o R 18.94 50.17

w/o RFT 5.39 67.96

ratio. We speculate that pre-pruning regularization 411

may be more critical than post-pruning RFT. 412

Trade-Off Between Language Modeling and 413

Regularization: Keeping all other settings consis- 414

tent with Section 4.2, we evaluate the model’s per- 415

formance by varying λ ∈ [10−5, 10−4, 10−3, 5 × 416

10−3, 10−2, 5 × 10−2, 10−1]. Optimal λ is 10−3, 417

demonstrating the importance of balancing lan- 418

guage modeling loss and regularization loss. We 419

listed the best λ for each model in Appendix E. 420

4.8 Regularization Cost 421

To evaluate the computational overhead of our pre- 422

pruning regularization, we conducted a comprehen- 423

sive experiment on a single NVIDIA A100 (80 GB) 424
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Table 5: The model performance under different regularization settings. ‘PPL’ is the perplexity on WikiText-2.
Avg_Acc is on five zero-shot benchmarks. Pruning ration is 25% and the LLM is LLaMA2-7B. We didn’t perform
RFT after pruning.

Cases N&N&N R&N&N R&N&R N&N&R R&P&N R&P&R N&P&N N&P&R

PPL(↓) 5.47 5.06 4.86 5.06 5.97 5.63 22.38 11.45

Avg_Acc(%) 69.00 70.39 71.23 70.39 59.56 62.35 47.25 52.73

Table 6: Comparison of regularization cost and performance on Llama2-7B (25% Sparsity). All methods were
evaluated on the same A100-80GB GPU. DReSS trades higher VRAM usage for the fastest training time and best
performance.

Method Time (↓) PPL (↓) Avg_Acc (↑) Peak VRAM (↓)

LLM Surgeon 9h 08m 7.38 59.42 28 GB
SliceGPT 24.35m 7.49 56.20 16 GB

SLEB 19.82m 10.24 53.49 22 GB

DReSS 13.44m 5.97 59.56 69 GB

GPU. We report the peak VRAM usage for all eval-425

uated methods. As shown in Table 6, although426

DReSS requires higher memory (69 GB) for opti-427

mizer states compared to inference-only baselines,428

it achieves remarkable efficiency, converging in429

just 13.44 minutes. This corresponds to an orders-430

of-magnitude acceleration over metric-based meth-431

ods like LLM Surgeon (which exceeds 9 hours432

due to expensive Hessian calculations) and a 1.8×433

speedup over SliceGPT. We contend that leverag-434

ing modern high-end GPU memory to achieve such435

substantial speed gains and superior performance436

(lowest PPL of 5.97) represents a highly advanta-437

geous trade-off for practical deployment.438

4.9 Impact of Regularization439

Figure 5 shows that regularization reduces the440

weights and activations in selected portions to 30%441

of their original values, signifying a decrease in the442

information they contain. Conversely, as detailed443

in Appendix F, the values in the unregularized parts444

increase. This opposing trend confirms that regu-445

larization successfully transfers information from446

the pruned components to the remaining ones.447

To evaluate regularization effectiveness, we di-448

vided into three stages: whether to regularize be-449

fore pruning, whether to prune, and whether to450

regularize after pruning, totally 8 cases. For exam-451

ple,“N&P&R" denotes no regularization, pruning,452

then regularized. We used 25% sparsity LLaMA2-453

7B.“N&N&R" and “R&N&N" are the same. The454

750 (0.75×1,000) samples used for regularization455

are consistent with Section 4.2. As shown in 456

Table 5, “R&P&N" and “N&P&R" outperform 457

“N&P&N", “R&P&R" is the best, showing that 458

regularization improves performance before, after 459

pruning, and both of them. “R&P&N" outperforms 460

“N&P&R", indicating that the paradigm of applying 461

regularization before pruning may transfer impor- 462

tant information to the remaining parts, thereby 463

preserving model capacity. 464

5 Conclusion 465

In this paper, we propose a new pruning paradigm: 466

apply regularization, prune, and finally RFT. Un- 467

like previous paradigm that first prune and then 468

apply RFT, DReSS transfers critical information 469

from the pruned parameter space to the remaining 470

parts during regularization, effectively mitigating 471

the irreversible performance degradation caused 472

by information loss. DReSS demonstrates supe- 473

rior performance in generation and zero-shot tasks, 474

significantly outperforming existing methods. For 475

instance, DReSS surpasses the powerful LLM Sur- 476

geon by 21% in perplexity on LLaMA2-7B. On 477

OPT-13B, under 25% sparsity, the average accu- 478

racy drops by only 1%, while achieving 1.21× 479

speedup compared to the dense model. Moreover, 480

DReSS requires only 25% of the data to achieve 481

comparable performance to previous methods, sub- 482

stantially reducing computational costs and the re- 483

liance on RFT. The new paradigm may provide 484

insights for structured pruning in LLMs. 485
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Limitations486

While DReSS demonstrates significant advantages487

in training efficiency and model performance, we488

acknowledge several limitations in its current form:489

High Peak Memory Consumption. A pri-490

mary limitation is the memory overhead during491

the regularization phase. Since DReSS involves492

full-parameter updates (requiring storage for gra-493

dients and optimizer states), it consumes signif-494

icantly more VRAM (e.g., ∼69GB for Llama2-495

7B) compared to calibration-based methods that496

operate in inference mode. Consequently, our497

method relies on high-performance hardware (e.g.,498

A100/A800 GPUs), which may limit accessibil-499

ity for researchers with constrained computational500

resources.501

Pruning Granularity. In this work, we focus502

exclusively on structured pruning at the channel503

level (i.e., removing rows or columns of param-504

eter matrices). While this is effective for accel-505

erating GEMM operations, we have not yet ex-506

plored coarser-grained pruning strategies, such as507

removing entire transformer heads or layers. Ex-508

tending DReSS to layer-level pruning could poten-509

tially yield larger reductions in inference latency510

and memory footprint, representing a promising511

direction for future work.512

Scope of Model Architectures. Our current513

evaluation primarily focuses on dense Large Lan-514

guage Models (LLMs) like Llama-2. The applica-515

bility of DReSS to other specialized architectures,516

such as Mixture-of-Experts (MoE) where parame-517

ter redundancy manifests differently, requires fur-518

ther investigation.519
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A Proof of the Structural Dependency 789

To formally establish the dependency between con- 790

nected layers, let us consider two adjacent lin- 791

ear transformations represented by matrices A ∈ 792

Rm×n and B ∈ Rn×k. Here, n represents the chan- 793

nel dimension (or hidden dimension) to be pruned. 794

We can decompose the matrix multiplication 795

C = AB into the sum of outer products. Let 796

A =
[
a1 a2 . . . an

]
, where ai denotes the 797

i-th column of A, and B =


bT
1

bT
2
...
bT
n

, where bT
i de- 798

notes the i-th row of B. The product is derived 799

as: 800

C = AB =

n∑
i=1

aib
T
i (7) 801
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Equation 7 demonstrates that the information flow802

through the i-th channel is encapsulated in the rank-803

1 matrix aib
T
i .804

Structural Pruning Constraint: To strictly re-805

duce the channel dimension from n to n− 1 (i.e.,806

physical removal), one must simultaneously delete807

the i-th column of A and the i-th row of B. Delet-808

ing only one side would result in a dimension mis-809

match for the subsequent matrix multiplication.810

Therefore, to induce sparsity consistent with this811

structural constraint, regularization must be applied812

jointly to the coupled group {ai,bT
i }.813

Application to Transformer Architecture: In814

a Transformer block, the output of one component815

becomes the input of the next, linked via the resid-816

ual stream.817

1. Inter-Layer Dependency: Consider the con-818

nection between the FFN of the (i − 1)-819

th layer and the Attention block of the i-th820

layer. The output is projected by Wi−1
down821

(acting as A) and subsequently projected by822

Wi
Q,Wi

K,Wi
V (acting as B). To prune a823

channel in the residual stream, we must regu-824

larize and remove the columns of Wi−1
down and825

the corresponding rows of Wi
Q,Wi

K,Wi
V.826

2. Intra-Layer Dependency: Similarly, within827

the i-th layer, the output of the Attention block828

is projected by Wi
o. Due to the residual ad-829

dition x + Attn(x), the output dimensions830

must match the input dimensions of the sub-831

sequent FFN block (specifically Wi
up). Thus,832

the columns of Wi
o and the rows of Wi

up833

form a dependency group.834

This logic extends recursively via residual con-835

nections, necessitating the global mask R defined836

in Section 3.837

B ℓ1-norm based approach838

Step 1: Expressing ℓ1-norm Using Elements.839

The objective function in the unconstrained prob-840

lem is the ℓ1-norm of the vector x, which is defined841

as:842

||x||1 =
n∑

i=1

|xi| (8)843

This function aims to minimize the sum of the844

absolute values of the components of x.845

Step 2: Reformulating the Constrained Prob-846

lem847

The constrained optimization problem intro- 848

duces an auxiliary variable y, where for each ele- 849

ment i: 850

xi ≥ −yi and xi ≤ yi (9) 851

This implies that yi ≥ |xi|, meaning each element 852

of y serves as an upper bound for the absolute value 853

of the corresponding element in x. Consequently, 854

minimizing |x|1 is equivalent to minimizing the 855

sum of the elements in y. Thus, the objective func- 856

tion is defined as: 857

1T y (10) 858

Thus, minimizing 1T y is equivalent to minimizing 859

the sum of the absolute values of x, which is the 860

ℓ1-norm of x. 861

This transformation allows the optimization 862

problem to be solved without directly involving 863

the absolute value function, resulting in an equiva- 864

lent constrained optimization problem that can be 865

addressed via backpropagation. 866

C Completed Training Objective 867

Function 868

The final training objective has two parts: lan- 869

guage modeling loss LLM(W,X), regularization 870

loss. Regularization loss has three parts: Atten- 871

tion loss, FFN loss, remain loss. By using the 872

conclusions in Appendix B, the problem can be 873

equivalently transformed into a constrained and 874

differentiable optimization problem, which can be 875

directly solved using the BP algorithm. The final 876

objective function and constraints are as follows: 877
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Ltotal = LLM(W,X) + LAttn + LFFN + LMisc

LAttn =
l∑

i=1

λ(1TYi
31+ 1TYi

41

+ 1TYi
51+ 1TYi

61)

LFFN = λ

l∑
i=1

(1TYi
11+ 1TYi

21)

LMisc = λ
(
1TY71+ 1TY81+

l∑
i=1

1T yi91

+
l∑

i=1

1T yi101+ 1TY111
)

s.t.

−Yi
1 ≤ RWi

up ≤ Yi
1,

−Yi
2 ≤Wi

downR ≤ Yi
2,

−Yi
3 ≤ RWi

Q ≤ Yi
3,

−Yi
4 ≤ RWi

K ≤ Yi
4,

−Yi
5 ≤ RWi

V ≤ Yi
5,

−Yi
6 ≤Wi

oR ≤ Yi
6,

−Y7 ≤WembR ≤ Y7,

−Y8 ≤WposR ≤ Y8,

−yi9 ≤ Rαi ≤ yi9,

−yi10 ≤ Rβi ≤ yi10,

−Y11 ≤ RWlm ≤ Y11

Yi
1,Y

i
2,Y

i
3,Y

i
4,Y

i
5,Y

i
6 ≥ 0,

Y7,Y8, y
i
9, y

i
10,Y11 ≥ 0

(11)878

D Detailed Implementation879

In this part, we first introduce several hyperparam-880

eter settings, with the detailed results shown in881

Table 7. In our experiments, we employ FP16 pre-882

cision for all evaluated models, including Phi-2,883

OPT-2.7B, LLaMA3-8B, OPT-13B, LLaMA2-7B,884

and LLaMA2-13B. For all RFT configurations, we885

set the LoRA rank r to 32, the scaling factor α886

to 10, and the sequence length to 2048. All other887

hyperparameters follow the default settings pro-888

vided in the Hugging Face PEFT package (Man-889

grulkar et al., 2022). We set the batch size to 64.890

In future work, we will further explore a broader891

range of batch sizes. To ensure a fair comparison892

between DReSS and other methods, we maintain893

consistency in the data used across all approaches.894

Specifically, the data used by DReSS for regular-895

ization, by LLM Surgeon for periodic updates of896

model weights and structures, by SliceGPT for 897

selecting channel importance, and by SLEB for 898

identifying crucial transformer layers are identical. 899

Furthermore, we ensure that the data employed 900

during the RFT process is consistent across all 901

methods, thereby enabling a controlled and equi- 902

table evaluation framework. Following previous 903

works (Ashkboos et al., 2024; Song et al., 2024), 904

for the comparison unstructured pruning methods 905

like Mangnitude, Wanda, and SparseGPT, we en- 906

sure that the data used to compute the importance 907

of individual weights is the same as the data used 908

by DReSS for regularization. 909

E Optimal λ for Different Models 910

Keeping all other settings consistent with Sec- 911

tion 4.2, we evaluate the model’s perfor- 912

mance by varying λ ∈ [10−5, 10−4, 10−3, 5 × 913

10−3, 10−2, 5× 10−2, 10−1]. 914

we list λ for the best performance of each model 915

in the Table 8: 916

F Changes in the Parts Without 917

Regularization 918

As illustrated in Figure 6, the magnitude of the un- 919

regularized parameters exhibits an increase after 920

the application of regularization, suggesting a re- 921

distribution of model capacity. This phenomenon 922

indicates that during regularization, critical infor- 923

mation, initially encoded in the regularized por- 924

tion of the model, is partially transferred to the 925

unregularized portion. In contrast, Figure 3 shows 926

a reduction in the magnitude of the regularized 927

parameters after regularization, implying that the 928

imposed constraints effectively suppress the corre- 929

sponding parameter values, enforcing sparsity or 930

compression in that region. 931

Collectively, these observations suggest that the 932

regularization process facilitates an implicit redis- 933

tribution of information across different parame- 934

ter subsets. Specifically, the regularization term 935

promotes a shift of important model characteris- 936

tics from the constrained (regularized) portion to 937

the unconstrained (unregularized) portion, thereby 938

preserving essential model knowledge despite the 939

imposed sparsity constraints. Based on this insight, 940

we posit that pruning the regularized portion post- 941

regularization could mitigate information loss, as 942

the core knowledge has already been migrated to 943

the unregularized segment. This pruning strategy 944

effectively reduces parameter redundancy while 945

13



Table 7: Implementation Details

LoRA Rank Scaling Factor Max Sequence Length Batch Size Learning Rate Early Stop Threshold

32 10 2048 64 2e-5 5

Table 8: The optimal λ for each model.

Model Phi-2 OPT-2.7B OPT-6.7B OPT-13B LLaMA2-7B LLaMA2-13B

λ 10−3 5× 10−3 10−3 10−3 10−3 10−3

retaining the model’s language modeling capacity,946

thereby achieving a more compact and efficient rep-947

resentation without compromising performance.948

G Performance of DReSS under Different949

Pruning Ratios and Datasets950

G.1 The Perplexity of DReSS under Different951

Pruning Ratios and Datasets952

In Section 4.2, we utilize 1,000 samples randomly953

selected from the WikiText-2 dataset to guide the954

regularization process. Subsequently, we evaluate955

multiple large language models (LLMs) by measur-956

ing changes in perplexity across various generative957

task datasets, including WikiText-2, Alpaca, PTB,958

and C4, under pruning rates of 10%, 20%, 30%,959

40%, 50%, and 60%. The detailed results, pre-960

sented in Table 9, indicate that DReSS exhibits961

greater robustness as model scale increases, sug-962

gesting that the proposed method effectively miti-963

gates performance degradation in larger architec-964

tures. This highlights the scalability of DReSS and965

its potential to maintain model efficiency under966

varying levels of sparsity.967

G.2 The Accuracy of DReSS under Different968

Pruning Ratios on Zero-shot Tasks969

To systematically evaluate the performance of970

DReSS on zero-shot tasks under varying pruning971

rates, we adopt the experimental setup outlined in972

Section 4.2, where 1,000 samples are randomly se-973

lected from the WikiText-2 dataset to guide the974

regularization process. We assess the accuracy975

of different model configurations at pruning rates976

of 10%, 20%, 30%, 40%, 50%, and 60% across977

a diverse set of benchmark datasets, including978

PIQA, WinoGrande, HellaSwag, ARC-e, and ARC-979

c. The results, summarized in Table 10, provide980

insights into the impact of sparsity on zero-shot981

generalization. Notably, the analysis reveals that982

DReSS maintains competitive performance even983

at higher pruning rates, demonstrating its effec- 984

tiveness in preserving reasoning and commonsense 985

understanding across different tasks. 986

H Dependency on Calibration Dataset 987

Since DReSS relies on data-driven regularization, 988

we investigate its dataset dependency. We eval- 989

uated perplexity of four methods on WikiText- 990

2, using calibration and RFT data selected from 991

Alpaca, WikiText-2, PTB, and C4. For fairness, 992

we randomly selected 1,000 samples from each 993

dataset, with other settings consistent with Sec- 994

tion 4.2. As shown in Figure 7, DReSS con- 995

sistently outperforms the other methods across 996

datasets, demonstrating its robustness. When using 997

Alpaca, WikiText-2, C4, and PTB as calibration 998

and RFT data, the perplexity of various methods 999

on WikiText-2, Alpaca, C4, and PTB is shown as 1000

follows: 1001
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Table 9: Perplexity comparison of DReSS with different pruning ratios. We set the pruning ratios to 10%, 20%,
30%, 40%, 50%, and 60%, and test the perplexity of the OPT and LLaMA2 models on the generation task datasets
Alpaca, WikiText-2, PTB, and C4. For DReSS, we use the ℓ2-norm.

Model Pruning Ratio WikiText-2 Alpaca PTB C4

OPT-2.7B

Dense 12.46 11.64 17.97 14.32
10% 12.48 11.71 18.16 14.71
20% 12.50 11.93 19.45 15.42
30% 14.49 12.88 23.58 18.93
40% 18.92 15.46 31.30 24.33
50% 24.57 21.37 45.32 32.15
60% 33.83 31.22 58.73 45.56

OPT-6.7B

Dense 10.85 10.27 15.77 12.71
10% 10.91 10.45 16.05 13.18
20% 11.02 10.83 17.58 14.45
30% 12.32 11.46 19.65 16.68
40% 14.26 12.71 25.52 20.94
50% 19.63 15.66 33.78 28.22
60% 28.75 21.39 47.29 39.47

OPT-13B

Dense 10.12 9.46 14.52 12.06
10% 10.22 9.65 14.88 12.37
20% 10.31 9.97 15.64 13.15
30% 10.99 10.56 18.81 15.63
40% 11.62 11.25 23.07 19.55
50% 13.85 13.23 29.26 26.21
60% 27.63 20.12 38.59 35.58

LLaMA2-7B

Dense 5.47 5.25 7.92 7.26
10% 5.54 5.29 8.06 7.34
20% 5.63 5.37 8.29 7.79
30% 7.39 7.32 9.13 8.46
40% 9.62 8.62 12.37 10.56
50% 13.77 12.59 18.85 15.18
60% 24.38 20.25 29.34 27.37

LLaMA2-13B

Dense 4.88 4.63 7.16 6.73
10% 4.94 4.69 7.23 6.96
20% 5.08 4.83 7.61 7.53
30% 5.61 5.42 8.33 8.14
40% 6.25 6.14 9.27 9.05
50% 7.59 7.28 11.58 10.88
60% 12.77 11.78 15.16 13.62
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Figure 6: Ratio of the sum of absolute values of unregularized parameters after LLaMA2-7B regularization to the
sum of absolute values of the corresponding parameters before regularization. For example, regularization is not
applied to the first 75% of rows in WQ, and the absolute sum of the rows after regularization is divided by the sum
of the corresponding rows before regularization to obtain the Increased Ratios. This is applied similarly to other
matrices such as WK,WV,Wo,Wgate,Wup,Wdown, and for layer activations, the sum of the unregularized
columns is compared to the original sum.

Table 10: Accuracy comparison of DReSS with different pruning ratios. We set the pruning ratios to 10%, 20%,
30%, 40%, 50%, and 60%, and test the accuracy of the OPT and LLaMA2 models on the zero-shot task datasets
PIQA, WinoGrande, HellaSwag, ARC-e and ARC-c. For DReSS, we use the ℓ2-norm. ‘Avg_Acc’ represents the
average accuracy.

Model Pruning
Ratio PIQA WinoGrande HellaSwag ARC-e ARC-c Avg_Acc

OPT-2.7B

Dense 74.81 61.01 60.58 54.42 31.14 56.39
10% 70.38 60.12 51.79 52.46 29.78 52.91
20% 69.96 59.47 50.45 51.87 28.62 52.07
30% 64.52 58.76 48.25 50.23 27.52 49.86
40% 61.32 56.27 47.39 48.26 25.57 47.76
50% 59.38 53.46 44.63 46.19 21.66 45.06
60% 52.99 48.74 40.03 43.35 16.25 40.27

OPT-6.7B

Dense 76.39 65.19 67.16 60.14 34.64 60.70
10% 75.89 64.61 64.69 58.53 33.47 59.44
20% 75.12 64.23 62.56 57.34 32.95 58.44
30% 72.52 62.63 58.27 54.48 29.99 55.58
40% 67.37 58.59 52.12 49.38 26.87 50.87
50% 61.48 55.62 46.46 47.68 22.97 46.84
60% 55.73 51.52 43.38 45.85 18.62 43.02

OPT-13B

Dense 76.82 64.80 69.81 61.87 35.67 61.79
10% 75.46 64.69 68.56 61.79 35.58 61.22
20% 74.78 64.61 67.25 61.66 35.43 60.75
30% 72.62 63.26 65.69 59.64 32.57 58.76
40% 68.67 61.49 62.74 55.98 29.26 55.63
50% 62.19 56.46 58.55 52.15 24.53 50.78
60% 57.43 52.72 51.23 47.62 21.05 46.01

LLaMA2-7B

Dense 79.11 69.06 75.99 74.58 46.25 69.00
10% 77.38 68.16 71.28 69.26 43.73 65.96
20% 76.42 67.35 68.26 66.73 41.68 64.09
30% 72.29 64.87 58.53 63.48 39.27 59.69
40% 68.66 61.49 55.42 58.61 36.52 56.14
50% 61.32 55.68 51.79 52.35 31.55 50.54
60% 56.45 51.79 48.96 48.98 27.26 46.69

LLaMA2-13B

Dense 80.47 72.22 79.39 77.48 49.23 71.76
10% 79.35 72.15 77.42 76.92 48.57 70.88
20% 78.27 71.98 76.89 75.43 47.62 70.04
30% 75.49 69.73 73.54 72.87 45.41 67.41
40% 73.56 64.46 67.75 68.45 41.28 63.10
50% 68.73 59.82 62.48 60.12 36.14 57.46
60% 62.25 56.27 59.93 53.37 29.77 52.32
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Alpaca WikiText-2 C4 PTB
Different Calibration Datasets
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Figure 7: Comparison of perplexity on Wikitext-2 using different calibration datasets at a pruning ratio of 25% on
LLaMA2-7B.

Alpaca WikiText-2 C4 PTB
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Figure 8: Comparison of perplexity on Alpaca using different calibration datasets at a pruning ratio of 25% on
LLaMA2-7B.
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Figure 9: Comparison of perplexity on C4 using different calibration datasets at a pruning ratio of 25% on LLaMA2-
7B.
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Alpaca WikiText-2 C4 PTB
Different Calibration Datasets
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Figure 10: Comparison of perplexity on PTB using different calibration datasets at a pruning ratio of 25% on
LLaMA2-7B.
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