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Abstract

To overcome the overparameterized problem001
in Pre-trained Language Models (PLMs), prun-002
ing is widely used as a simple and straightfor-003
ward compression method by directly remov-004
ing unimportant weights. Previous first-order005
methods successfully compress PLMs to ex-006
tremely high sparsity with little performance007
drop. These methods, such as movement prun-008
ing, use first-order information to prune PLMs009
while fine-tuning the remaining weights. In010
this work, we argue fine-tuning is redundant011
for first-order pruning, since first-order pruning012
is sufficient to converge PLMs to downstream013
tasks without fine-tuning. Under this motiva-014
tion, we propose Static Model Pruning (SMP),015
which only uses first-order pruning to adapt016
PLMs to downstream tasks while achieving the017
target sparsity level. In addition, we also de-018
sign a new masking function and training ob-019
jective to further improve SMP. Extensive ex-020
periments at various sparsity levels show SMP021
has significant improvements over first-order022
and zero-order methods.Unlike previous first-023
order methods, SMP is also applicable to low024
sparsity and outperforms zero-order methods.025
Meanwhile, SMP is more parameter efficient026
than other methods due to it does not require027
fine-tuning.028

1 Introduction029

Pre-trained Language Models (PLMs) like030

BERT (Devlin et al., 2019) have shown powerful031

performance in natural language processing032

by transferring the knowledge from large-scale033

corpus to downstream tasks. These models also034

require large-scale parameters to cope with the035

large-scale corpus in pretraining. However, these036

large-scale parameters are overwhelming for most037

downstream tasks (Chen et al., 2020), which038

results in significant overhead for transferring and039

storing them.040

To compress PLM, pruning is widely used by041

removing unimportant weights and setting them to042

zeros. By using sparse subnetworks instead of the 043

original complete network, existing pruning meth- 044

ods can maintain the original accuracy by remov- 045

ing most weights. Magnitude pruning (Han et al., 046

2015a) as a common method uses zeroth-order in- 047

formation to make pruning decisions based on the 048

absolute value of weights. However, in the pro- 049

cess of adapting to downstream tasks, the weight 050

values in PLMs are already predetermined from 051

the original values. To overcome this shortcoming, 052

movement pruning (Sanh et al., 2020) uses first- 053

order information to select weights based on how 054

they change in training rather than their absolute 055

value. To adapt PLMs for downstream tasks, most 056

methods like movement pruning perform pruning 057

and fine-tuning together by gradually increasing 058

the sparsity during training. With the development 059

of the Lottery Ticket Hypothesis (LTH) (Frankle 060

and Carbin, 2018) in PLMs, some methods (Chen 061

et al., 2020; Liang et al., 2021) find certain subnet- 062

works from the PLM by pruning, and then fine-tune 063

these subnetworks from pre-trained weights. More- 064

over, if the fine-tuned subnetwok can match the 065

performance of the full PLM, this subnetwork is 066

called winning ticket (Chen et al., 2020). 067

In this work, we propose a simple but efficient 068

first-order method. Contrary to the previous prun- 069

ing method, our method adapts PLMs by only prun- 070

ing, without fine-tuning. It makes pruning deci- 071

sions based on the movement trend of weights, 072

rather than actual movement in movement pruning. 073

To improve the performance of our method, we 074

propose a new masking function to better align the 075

remaining weights according to the architecture of 076

PLMs. We also avoid fine-tuning weights in the 077

task-specific head by using our head initialization 078

method. By keeping the PLM frozen, we can save 079

half of the trainable parameters compared to other 080

first-order methods, and only introduce a binary 081

mask as the new parameter for each downstream 082

task at various sparsity levels. Extensive experi- 083
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ments on a wide variety of sparsity demonstrate084

our methods strongly outperform state-of-the-art085

pruning methods. Contrary to previous first-order086

methods (Sanh et al., 2020), which show poor per-087

formance at low sparsity, our method is also applied088

to low sparsity and achieves better performances089

than zero-order methods.090

2 Related Work091

Compressing PLMs for transfer learning is a popu-092

lar area of research. Many compression methods093

are proposed to solve overparameterized problem094

in PLMs, such as model pruning (Han et al., 2015b;095

Molchanov et al., 2017; Xia et al., 2022), knowl-096

edge distillation (Jiao et al., 2020; Wang et al.,097

2020), quantization (Shen et al., 2020; Qin et al.,098

2022), and matrix decomposition (Lan et al., 2020).099

Among them, pruning methods have been widely100

studied as the most intuitive approach.101

Pruning methods focus on identifying and re-102

moving unimportant weights from the model. Zero-103

order methods and first-order methods are widely104

used to prune PLMs. For zero-order methods, mag-105

nitude pruning (Han et al., 2015a) simply prunes106

based on absolute value of their weights. For107

first-order methods, which are based on first-order108

Taylor expansion to make pruning decision, L0109

regularization (Louizos et al., 2017) adds the L0110

norm regularization to decrease remaining weights111

by sampling them with hard-concrete distribution.112

Movement pruning (Sanh et al., 2020) uses staight-113

through estimator (Bengio et al., 2013) to calculate114

first-order informantion.115

Based on pruning methods, Frankle and116

Carbin (2018) proposes Lottery Ticket Hypothe-117

sis (LTH). LTH clarifies the existence of sparse118

subnetworks (i.e., winning tickets) that can achieve119

almost the same performance as the full model120

when trained individually. With the development121

of LTH, lots of works that focus on the PLMs have122

emerged. Chen et al. (2020) find that BERT con-123

tains winning tickets with a sparsity of 40% to 90%,124

and the winning ticket in the mask language mod-125

eling task can be transferred to other downstream126

tasks. Recent works also try to leverage LTH to127

improve the performance and efficiency of PLM.128

Liang et al. (2021) find generalization performance129

of the winning tickets first improves and then de-130

teriorates after a certain threshold. By leveraging131

this phenomenon, they show LTH can successfully132

improve the performance of downstream tasks.133

3 Background 134

Let a = Wx refer to a fully-connected layer in 135

PLMs, where W ∈ Rn×n is the weight matrix, 136

x ∈ Rn and a ∈ Rn are the input and output 137

respectively. The pruning can be represented by 138

a = (W ⊙ M)x, where M ∈ {0, 1}n×n is the 139

binary mask. 140

We first review two common pruning methods in 141

PLMs: magnitude pruning (Han et al., 2015b) and 142

movement pruning (Sanh et al., 2020). Magnitude 143

pruning relies on the zeroth-order information to 144

decide M by keeping the top v percent of weights 145

according to their absolute value M = Topv(S). 146

The importance scores S ∈ Rn×n is: 147

S
(T )
i,j =

∣∣∣W (T )
i,j

∣∣∣
=

∣∣∣∣∣Wi,j − αw

∑
t<T

(
∂L

∂Wi,j

)(t)
∣∣∣∣∣ (1) 148

where S
(T )
i,j is the importance score corresponding 149

to W
(T )
i,j after T steps update, L and αw are learn- 150

ing objective and learning rate of Wi,j . Magnitude 151

pruning selects weights with high absolute values 152

during fine-tuning. 153

For movement pruning, it relies on the first-order 154

information by learning the importance scores S 155

with gradient. The gradient of S is approximated 156

with the staight-through estimator (Bengio et al., 157

2013), which directly uses the gradient from M. 158

According to (Sanh et al., 2020), the importance 159

scores S is: 160

S
(T )
i,j = −αs

∑
t<T

(
∂L

∂Wi,j

)(t)

W
(t)
i,j (2) 161

where αs is the learning rate of S. Compared 162

to magnitude pruning, movement pruning selects 163

weights that are increasing their absolute value. 164

To achieve target sparsity, one common method 165

is automated gradual pruning (Michael H. Zhu, 166

2018). The sparsity level v is gradually increased 167

with a cubic sparsity scheduler starting from the 168

training step t0: vt = vf + (v0 − vf )
(
1− t−t0

N∆t

)3, 169

where v0 and vf are the initial and target sparsity, 170

N is overall pruning steps, and ∆t is the pruning 171

frequency. 172

During training, these methods update both W 173

and S to perform pruning and fine-tuning simul- 174

taneously. Since fine-tuned weights stay close to 175

their pre-trained values (Sanh et al., 2020), the im- 176

portance scores of magnitude pruning is influenced 177
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by pre-trained values, which limits its performance178

at high sparsity. However, magnitude pruning still179

outperforms movement pruning at low sparsity.180

4 Static Model Pruning181

In this work, we propose a simple first-order prun-182

ing method called Static Model Pruning (SMP). It183

freezes W to make pruning on PLMs more effi-184

cient and transferable. Based on movement prun-185

ing (Sanh et al., 2020), our importance scores S is:186

187

S
(T )
i,j = −αsWi,j

∑
t<T

(
∂L

∂W ′
i,j

)(t)

(3)188

where W ′
i,j is Wi,jMi,j . Since our method freezes189

Wi,j , we also keep the binary masking term Mi,j .190

Si,j is increasing when Wi,j
∂L

∂W ′
i,j

< 0. For remain-191

ing weight W ′
i,j = Wi,j , it means that movement192

trending − ∂L
∂W ′

i,j
increases the absolute value of193

Wi,j . For removed weight W ′
i,j = 0, it means that194

movement trending encourages 0 to close Wi,j .195

4.1 Masking Function196

To get masks M based on S, we consider two mask-197

ing functions according to the pruning structure:198

local and global.199

For the local masking function, we simply apply200

the Topv function to each matrix: M = Topv(S),201

which selects the v% most importance weights ac-202

cording to S matrix by matrix.203

For the global masking function, ranking all im-204

portance scores together (around 85M in BERT205

base) is computationally inefficient, which even206

harms the final performance in section 6.1. To this207

end, we propose a new global masking function that208

assigns sparsity levels based on the overall score of209

each weight matrix. Considering the architecture of210

BERT, which has L transformer layers, each layer211

contains a self-attention layer and a feed-forward212

layer. In lth self-attention block, Wl
Q, Wl

K , Wl
V ,213

and Wl
O are the weight matrices we need to prune.214

In the same way, Wl
U and Wl

D are the matrices to215

be pruned in the lth feed-forward layer. We first216

calculate the sparsity level of each weight matrix217

instead of ranking all parameters of the network.218

The sparsity level of each weight matrix vl(·) is com-219

puted as follows:220

vl(·) =
R
(
Sl
(·)

)
L∑L

l′=1R
(
Sl′
(·)

)v (4)221

where R(S) =
∑

i,j σ(Si,j) is the regularization 222

term of S with sigmoid σ, Sl
(·) is the importance 223

socres of weight Wl
(·), and (·) can be one of 224

{Q,K, V,O,U,D}. The sparsity level is deter- 225

mined by the proportion of important scores to the 226

same type of matrix in different layers. 227

4.2 Task-Specific Head 228

Instead of training the task-specific head from 229

scratch, we initialize it from BERT token embed- 230

ding and keep it frozen during training. Inspired 231

by current prompt tuning methods, we initialize 232

the task-specific head according to BERT token 233

embeddings of corresponding label words follow- 234

ing (Gao et al., 2021). For example, we use token 235

embeddings of “great” and “terrible” to initialize 236

classification head in SST2, and the predicted pos- 237

itive label score is h[CLS]eTgreat, where h[CLS] is 238

the final hidden state of the special token [CLS] 239

and egreat is the token embeddings of “great”. 240

4.3 Training Objective 241

To prune the model, we use the cubic spar- 242

sity scheduling (Michael H. Zhu, 2018) without 243

warmup steps. The sparsity vt at t steps is: 244

vt =

{
vf − vf

(
1− t

N

)3
t < N

vf o.w.
(5) 245

we gradually increase sparsity from 0 to target spar- 246

sity vf in the first N steps. After N steps, we 247

keep the sparsity vt = vf . During this stage, the 248

number of remaining weights remains the same, 249

but these weights can also be replaced with the 250

removed weights according to important scores. 251

We evaluate our method with and without knowl- 252

edge distillation. For the settings without knowl- 253

edge distillation, we optimize the following loss 254

function: 255

L = LCE + λR
vt
vf

R (S) (6) 256

where LCE is the classification loss correspond- 257

ing to the task and R (S) is the regularization 258

term with hyperparameter λR. Inspired by soft- 259

movement (Sanh et al., 2020), it uses a regulariza- 260

tion term to decrease S to increase sparsity with 261

the thresholding masking function.We find the reg- 262

ularization term is also important in our method. 263

Since λR is large enough in our method, the most 264

important scores in S are less than zero when the 265

current sparsity level vt is close to vf . Due to the 266
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gradient ∂R(S)
∂Si,j

=
∂σ(Si,j)
∂Si,j

increases with the in-267

crease of Si,j when Si,j < 0, scores corresponding268

to the remaining weights will have a larger penalty269

than removed weights. It encourages the M to be270

changed when vt is almost reached or reached vf .271

For the settings with knowledge distillation, we272

simply add a distillation loss LKD in L following273

(Sanh et al., 2020; Xu et al., 2022):274

LKD = DKL (ps∥pt) (7)275

where DKL is the KL-divergence. ps and pt276

are output distributions of the student model and277

teacher model.278

5 Experiments279

5.1 Datasets280

To show the effectiveness of our method, we use281

three common benchmarks: nature language infer-282

ence (MNLI) (Williams et al., 2018), question simi-283

larity (QQP) (Aghaebrahimian, 2017) and question284

answering (SQuAD) (Rajpurkar et al., 2016) fol-285

lowing Sanh et al. Moreover, we also use GLUE286

benchmark (Wang et al., 2019) to validate the per-287

formance of our method at low sparsity.288

5.2 Experiment Setups289

Following previous pruning methods, we use290

bert-base-uncased to perform task-specific291

pruning and report the ratio of remaining weight in292

the encode For the task-specific head, we initial it293

according to the label words of each task following294

(Gao et al., 2021). For SQuAD, we use “yes” and295

“no” token embeddings as the weights for starting296

and ending the classification of answers. We freeze297

all weights of BERT including the task-specific298

head and only fine-tuning mask. The optimizer is299

Adam with a learning rate of 2e-2. The hyperpa-300

rameter λR of the regularization term is 400. We301

set 12 epochs for MNLI and QQP, and 10 epochs302

for SQuAD with bath size 64. For tasks at low303

sparsity (more than 70% remaining weights), we304

set N in cubic sparsity scheduling to 7 epochs. For305

tasks at high sparsity, we set N to 3500 steps.306

We also report the performance of307

bert-base-uncased and roberta-base308

with 80% remaining weights for all tasks on309

GLUE with the same batch size and learning rate310

as above. For sparsity scheduling, we use the311

same scheduling for bert-base-uncased and312

a linear scheduling for roberta-base. N in313

sparsity scheduling is 3500. For the large tasks:314

MNLI, QQP, SST2 and QNLI, we use 12 epochs. 315

For the small tasks: MRPC, RTE, STS-B and 316

COLA, we use 60 epochs. Note that the above 317

epochs have included pruning steps. For example, 318

we use around 43 epochs to achieve target sparsity 319

in MRPC. We search the pruning structure from 320

local and global. 321

5.3 Baseline 322

We compare our method with magnitude prun- 323

ing (Han et al., 2015b), L0-regularization (Louizos 324

et al., 2018), movement pruning (Sanh et al., 2020) 325

and CAP (Xu et al., 2022). We also compare our 326

method with directly fine-tuning and super tick- 327

ets (Liang et al., 2021) on GLUE. For super tick- 328

ets, it finds that PLMs contain some subnetworks, 329

which can outperform the full model by fine-tuning 330

them. 331

5.4 Experimental Results 332

Table 1 shows the results of SMP and other prun- 333

ing methods at high sparsity. We implement SMP 334

with the local masking function (SMP-L) and our 335

proposed masking function (SMP-S). 336

SMP-S and SMP-L consistently achieve better 337

performance than other pruning methods without 338

knowledge distillation. Although movement prun- 339

ing and SMP-L use the same local masking func- 340

tion, SMP-L can achieve more than 2.0 improve- 341

ments on all tasks and sparsity levels in Table 1. 342

Moreover, the gains are more significant at 3% 343

remaining weights. For soft-movement pruning, 344

which assigns the remaining weights of matrix non- 345

uniformly like SMP-S, it even underperforms SMP- 346

L. 347

Following previous works, we also report the 348

results with knowledge distillation in Table 1. The 349

improvement brought by knowledge distillation is 350

also evident in SMP-L and SMP-S. For example, it 351

improves the F1 of SQuAD by 3.3 and 4.1 for SMP- 352

L and SMP-S. With only 3% remaining weights, 353

SMP-S even outperforms soft-movement pruning 354

at 10% in MNLI and QQP. Compared with CAP, 355

which adds contrastive learning objectives from 356

teacher models, our method consistently yields sig- 357

nificant improvements without auxiliary learning 358

objectives. For 50% remaining weights, SMP- 359

S in MNLI achieves 85.7 accuracy compared to 360

84.5 with full-model fine-tuning, while it keeps all 361

weights of BERT constant. 362

Our method is also parameter efficient. Com- 363

pared with other first-order methods, we can save 364
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Methods Remaining New Params Trainable MNLI QQP SQuAD
Weights Per Task Params MACC/MMACC ACC/F1 EM/F1

BERTbase 100% 110M 110M 84.5/84.9 91.4/88.4 80.4/88.1

Without Knowledge Distillation

Movement (Sanh et al., 2020) 10% 8.5M + θM 170M 79.3/79.5 89.1/85.5 71.9/81.7
Soft-Movement (Sanh et al., 2020) 10% 8.5M + θM 170M 80.7/81.1 90.5/87.1 71.3/81.5
SMP-L (Our) 10% θM 85M 82.0/82.3 90.8/87.7 75.0/84.3
SMP-S (Our) 10% θM 85M 82.5/82.3 90.8/87.6 75.1/84.6

Movement (Sanh et al., 2020) 3% 2.6M+θM 170M 76.1/76.7 85.6/81.0 65.2/76.3
Soft-Movement (Sanh et al., 2020) 3% 2.6M+θM 170M 79.0/79.6 89.3/85.6 69.5/79.9
SMP-L (Our) 3% θM 85M 80.6/81.0 90.2/87.0 70.7/81.0
SMP-S (Our) 3% θM 85M 80.9/81.1 90.3/87.1 70.9/81.4

With Knowledge Distillation

Movement (Sanh et al., 2020) 50% 42.5M+θM 170M 82.5/82.9 91.0/87.8 79.8/87.6
CAP (Xu et al., 2022) 50% 42.5M+θM 170M 83.8/84.2 91.6/88.6 80.9/88.2
SMP-L (Our) 50% θM 85M 85.3/85.6 91.6/88.7 82.2/89.4
SMP-S (Our) 50% θM 85M 85.7/85.5 91.7/88.8 82.8/89.8

Magnitude (Han et al., 2015b) 10% 8.5M+θM 85M 78.3/79.3 79.8/75.9 70.2/80.1
L0-regularization (Louizos et al., 2018) 10% 8.5M+θM 170M 78.7/79.7 88.1/82.8 72.4/81.9
Movement (Sanh et al., 2020) 10% 8.5M+θM 170M 80.1/80.4 89.7/86.2 75.6/84.3
Soft-Movement (Sanh et al., 2020) 10% 8.5M+θM 170M 81.2/81.8 90.2/86.8 76.6/84.9
CAP (Xu et al., 2022) 10% 8.5M+θM 170M 82.0/82.9 90.7/87.4 77.1/85.6
SMP-L (Our) 10% θM 85M 83.1/83.1 91.0/87.9 78.9/86.9
SMP-S (Our) 10% θM 85M 83.7/83.6 91.0/87.9 79.3/87.2

Movement (Sanh et al., 2020) 3% 2.6M+θM 170M 76.5/77.4 86.1/81.5 67.5/78.0
Soft-Movement (Sanh et al., 2020) 3% 2.6M+θM 170M 79.5/80.1 89.1/85.5 72.7/82.3
CAP (Xu et al., 2022) 3% 2.6M+θM 170M 80.1/81.3 90.2/86.7 73.8/83.0
SMP-L (Our) 3% θM 85M 80.8/81.2 90.1/87.0 74.0/83.4
SMP-S (Our) 3% θM 85M 81.8/82.0 90.5/87.4 75.0/84.1

Table 1: Performance at high sparsity. SMP-L and SMP-S refer to our method with local masking function and our
masking function. θM is the size of binary mask M, which is around 2.7M parameters and can be further compressed.
Since other pruning methods freeze the embedding modules of BERT (Sanh et al., 2020), the trainable parameters
of first-order methods are the sum of BERT encoder (85M), importance scores S (85M) and task-specific head (less
than 0.01M). For zero-order pruning methods like magnitude pruning, the trainable parameters are 85M, excluding
S. Our results are averaged from five random seeds.

half of the trainable parameters by keeping the365

whole BERT and task-specific head frozen. For366

new parameters of each task, it is also an important367

factor affecting the cost of transferring and storing368

subnetworks. Our method only introduces a binary369

mask θM as new parameters for each task at dif-370

ferent sparsity levels, while other methods need to371

save both θM and the subnetwork. With remaining372

weights of 50%, 10%, and 3%, we can save 42.5M,373

8.5M, and 2.6M parameters respectively compared374

with other pruning methods.375

Figure 1 shows more results from 3% remain-376

ing weights to 80% by comparing our method with377

first-order methods: movement pruning and soft-378

movement pruning, and the zero-order pruning379

method: magnitude pruning. We report the results380

of our method at 3%, 10%, 30%, 50% and 80%381

remaining weights. Previous first-order methods382

such as movement pruning underperform magni-383

tude pruning at remaining weights of more than 384

25% in MNLI and SQuAD. Even under high spar- 385

sity level like 20% remaining weights, magnitude 386

pruning still strongly outperforms both movement 387

pruning and soft-movement pruning in Figure 1 388

(c). This shows the limitation of current first-order 389

methods that performing ideally only at very high 390

sparsity compared to zero-order pruning methods. 391

However, SMP-L and SMP-S as first-order meth- 392

ods can constantly show better performance than 393

magnitude pruning at low sparsity. For the results 394

without knowledge distillation, SMP-S and SMP- 395

L achieve similar performance of soft-movement 396

pruning with much less remaining weights. Consid- 397

ering to previous LTH in BERT, we find SMP-S can 398

outperform full-model fine-tuning at a certain ratio 399

of remaining weights in Figure 1 (a), (b) and (c), 400

indicating that BERT contains some subnetworks 401

that outperform the original performances without 402
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(a) MNLI (b) QQP (c) SQuAD

(d) MNLI + KD (e) QQP + KD (f) SQuAD + KD

Figure 1: Comparison of different pruning methods from 3% remaining weights to 80%. The black dashed line in
the figures indicates the result of fine-tuned BERT. MaP, SMvP and MVP refer to soft-movement pruning, movement
pruning and magnitude pruning, respectively. KD represents the results with knowledge distillation. We report
the results of our method on 3%, 10%, 30%, 50%, 70%, and 80% remaining weights. Our method constantly
outperforms other methods from low sparsity to high.

Remaining New Params MNLI SST-2 MRPC CoLA QNLI QQP RTE STS-B
Weights Per Task MACC ACC ACC MCC ACC ACC ACC P Corr Avg.

BERT 100% 110M 84.5 92.9 87.7 58.1 92.0 91.4 71.1 91.2 83.6
SuperT 86.8% 98M + θM 84.5 93.4 86.2 58.8 91.3 91.3 72.5 89.8 83.5
SMP (Our) 80% θM 85.0 92.9 87.0 61.5 91.5 91.4 72.3 89.6 83.9
RoBERTa 100% 125M 87.6 94.8 90.2 63.6 92.8 91.9 78.7 91.2 86.4
SMP (Our) 80% θM 87.6 94.9 89.9 65.4 92.8 91.9 81.5 91.1 86.9

Table 2: Performance on GLUE development. Our results are averaged from five random seeds. The results of
SuperT are from (Liang et al., 2021), and the remaining weights and new parameters per task in SuperT are averaged
over all tasks. Note all results are from the setting without knowledge distillation for a fair comparison.

fine-tuning. For the results with knowledge distilla-403

tion, SMP-S and SMP-L benefit from knowledge404

distillation at all sparsity levels. After removing405

even 70% weights from the encoder, our method406

still strongly outperforms full-model fine-tuning.407

We also validate our method on GLUE and re-408

port the results at 80% remaining weights in Ta-409

ble 2. Compared to full-model fine-tuning, our410

method achieves better performance on two PLMs411

by only removing 20% parameters in the encoder412

while keeping the remaining parameters unchanged.413

Compared to SuperT (Liang et al., 2021), which414

searches 8 different sparsity levels for each task,415

our method achieves better performance by using416

the same sparsity levels. In addition, our method417

also saves more than 98M new parameters per task 418

compared to SuperT. 419

6 Analysis 420

6.1 Masking Function 421

In this section, we discuss the influence of different 422

masking functions. Table 3 shows the results of 423

different masking functions on our method with- 424

out knowledge distillation. Contrary to previous 425

pruning methods, the thresholding masking func- 426

tion T fails to converge in our method due to the 427

difficulty in controlling the sparsity during train- 428

ing. For global masking function G, we sort all 429

85M BERT encoder weights and remain Top v% 430
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Masking MNLI SQuAD

Function 80% 10% 3% 80% 10% 3%

T σ(S(·)
l) > τ N/A N/A N/A N/A N/A N/A

G S(·)
l ≥ Sv 85.0 81.0 80.1 88.2 83.1 79.3

L Topv(S(·)
l) 84.8 82.0 80.6 88.0 84.3 81.0

S Topvl
(·)
(S(·)

l) 85.0 82.5 80.9 88.3 84.6 81.4

Table 3: Influence of different masking functions. We
report the results in MNLI and SQuAD with 80%, 10%
and 3% remaining weights. N/A means that our method
with corresponding masking function fails to converge
in our setting. Masking function is to transform S(·) to
the binary mask Ml

(·) of Wl
(·). T refers to the threshold-

ing masking function following (Sanh et al., 2020), and
τ is the threshold. G and L are global and local masking
functions, and Sv is the smallest value in the top v%
after sorting all S together. S refers to our proposed
masking function, and vl(·) is from Eq. 4.

weights in each training step. Compared to local431

masking functions L, G takes more than twice the432

training times due to the computational cost of sort-433

ing 85M weights. Although it took the longest434

to train, it still underperforms L at 10% and 3%435

remaining weights. Contrary to G, our proposed436

masking function S outperforms L without addi-437

tional training time since S directly assigns the438

remaining weights of each matrix. More results of439

masking functions S and L are also available in440

Table 1 and Figure 1.441

Figure 2 displays the distribution of remaining442

weights in different layers in MNLI with 10% re-443

maining weights. We find G assigs too many re-444

maining weights for WU and WV , which are four445

times larger than other matrices. It causes other446

weight matrices such as WQ to be more sparse447

than S and L. Following previous studies (Sanh448

et al., 2020; Mallya and Lazebnik, 2018), we also449

find that overall sparsity tends to increase with the450

depth of the layer. However, only WU and WV451

follow this pattern in all three matrices. Since WU452

and WV occupy more than 60% of the weight in453

each layer, it causes the overall distribution of each454

layer also follows their trend as well.455

To understand the behavior of attention heads,456

we also display the remaining weights ratio of each457

head in Figure 3. Each row represents a matrix458

containing 12 heads. Due to space limitation and459

the similar distribution between WQ and WK , we460

only show WQ and WV . Instead of assigning spar-461

sity uniformly to each head, the sparsity of each462

head is not uniform in three masking functions,463

(a) WQ (b) WK

(c) WV (d) WO

(e) WU (f) WD

(g) Overall

Figure 2: Distribution of remaining weights correspond-
ing to each layer. Overall refers to the overall remaining
weights of each layer. W(·) is the remaining weights
for each weight matrix in BERT encoder. L, G and S in
figures refer to the masking functions following Table 3.

with most heads having only below 1% or below 464

remaining weights. Furthermore, three masking 465

functions show similar patterns even with differ- 466

ent ways of assigning remaining weights. For our 467

masking function S, S can assign more remain- 468

ing weights to important heads compared to L, 469

and some heads in WQ achieve more than 60% 470

remaining weights at 9th layer. For global mask- 471

ing function G, due to most of remaining weights 472

being assigned to WU and WD, the average re- 473

maining weights ratio of WQ and WV in G are 474

only 3.2% and 2.8%, which causes G to underper- 475

form other masking functions. Under these sparsity 476

levels, most heads are masked with 0% remaining 477

weights. 478
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Figure 3: Remaining weights ratio per attention head of
WQ and WV in MNLI with 10% remaining weights.
Each cell refers to the remaining weights ratio of the
corresponding attention head. The darker the color, the
higher the ratio of remaining weight. L, G and S in
figures refer to the masking functions following Table 3.

6.2 Task-Specific Head479

To validate the effectiveness of our task-specific480

head initialization method, we compare it with481

training from scratch.482

MNLI SQuAD

80% 10% 3% 80% 10% 3%

From scratch 84.6 81.7 80.5 87.5 84.2 80.7
Initialization 84.8 82.0 80.6 88.0 84.3 81.0

Table 4: Influence of different task-specific head meth-
ods. “From scratch” refers to training head from scratch
following previous pruning methods. “Initialization”
refers to our initialization method.

Table 4 shows the results of SMP-L in MNLI and483

SQuAD with 80%, 10% and 3% remaining weights.484

For training from scratch, we randomly initial the485

head and fine-tune it with the learning rate of 3e- 486

5 following previous pruning methods. Results 487

show our method achieves better performance with 488

task-specific heads frozen. 489

6.3 Training Objective 490

Regularization term in training objective is a key 491

factor for our method. We find that our method 492

is hard to converge at high sparsity without regu- 493

larization term R in Table 5. With the increase of 494

sparsity, the performance gap between with and 495

without R sharply increases. SMP-L without R 496

even fails to converge at 10% and 3% remaining 497

weights in SQuAD. 498

MNLI SQuAD

80% 10% 3% 80% 10% 3%

SMP-L 84.8 82.0 80.6 88.0 84.3 81.0
w/o R 84.2 80.1 69.2 86.6 N/A N/A

Table 5: Influence of regularization term. R refers to the
regularization term. N/A refers to unable convergence.

As analyzed in section 4.3, we find the remain- 499

ing weights in attention heads are more uniform 500

without R. For example, the standard deviation of 501

remaining weights in each attention head is 3.75 502

compared to 12.4 in SMP-L with R in MNLI with 503

10% remaining weights. In other words, without 504

R, it cannot assign more remaining weights to im- 505

portant heads as in Figure 3. 506

7 Conclusion 507

In this paper, we propose a simple but effective 508

task-specific pruning method called Static Model 509

Pruning (SMP). Considering previous methods, 510

which perform both pruning and fine-tuning to 511

adapt PLMs to downstream tasks, we find fine- 512

tuning can be redundant since first-order pruning al- 513

ready converges PLMs. Based on this, our method 514

focuses on using first-order pruning to replace fine- 515

tuning. Without fine-tuning, our method strongly 516

outperforms other first-order methods. Extensive 517

experiments also show that our method achieves 518

state-of-the-art performances at various sparsity. 519

For the lottery ticket hypothesis in BERT, we find 520

it contains sparsity subnetworks that achieve origi- 521

nal performance without training them, and these 522

subnetworks at 80% remaining weights even out- 523

perform fine-tuned BERT on GLUE. 524
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A Standard Deviation of Tasks643

We also report our standard deviation of tasks from644

5 random runs in Table 6 and 7.645

with KD without KD

50% 10% 3% 10% 3%
MNLI SMP-L 0.17 0.26 0.19 0.27 0.20

MACC std. SMP-S 0.13 0.24 0.30 0.25 0.28
QQP SMP-L 0.04 0.01 0.08 0.06 0.01

ACC std. SMP-S 0.02 0.03 0.02 0.01 0.02
SQuAD SMP-L 0.17 0.09 0.03 0.36 0.01
F1 std. SMP-S 0.10 0.07 0.02 0.42 0.07

Table 6: Standard deviation of Table 1

SMP(BERT) SMP(RoBERTa)
MNLI 0.15 0.12
QNLI 0.15 0.11
QQP 0.03 0.14
SST2 0.36 0.28

MRPC 1.21 0.44
COLA 0.69 0.65
STSB 0.14 0.16
RTE 1.59 0.74

Table 7: Standard deviation of Table 2
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