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Abstract

Large language models (LLMs) enable unparal-001
leled few- and zero-shot reasoning capabilities002
but at a high computational footprint. A grow-003
ing assortment of methods for compression004
promises to reduce the computational burden of005
LLMs in deployment, but so far, only quantiza-006
tion approaches have been demonstrated to be007
effective for LLM compression while maintain-008
ing zero-shot performance. A critical step in the009
compression process, the pretrain-then-finetune010
paradigm, has largely been overlooked when011
adapting existing pruning strategies to LLMs or012
proposing new ones. In this work, we show that013
embarrassingly simple layer pruning coupled014
with an extended language model pretraining015
as the finetuning phase produces state-of-the-016
art results against structured and even semi-017
structured compression of models at a 7B scale018
while being more inference efficient. We call019
this method LayerChop, where we determinis-020
tically remove layers from a model followed021
by task-agnostic finetuning of the remaining022
weights by continued self-supervised pretrain-023
ing. At this scale, we also show how distillation,024
which has been super effective in task-agnostic025
compression of smaller BERT-style models, be-026
comes inefficient against our simple pruning027
technique. We release our code and evaluation028
setup to facilitate reproducibility and advance-029
ment of task-agnostic compression for LLMs.1030

1 Introduction031

Large language models (LLMs) have demonstrated032

efficacy in a wide range of real-world tasks mainly033

due to their few- and zero-shot reasoning capabili-034

ties (Brown et al., 2020). However, these successes035

come at a high computational cost of training, and036

operational constraints on memory and throughput037

demand effective compression methods for LLM038

deployment.039

1https://github.com/anonymous

While a flurry of methods for compressing 040

LLMs have emerged (Sun et al., 2023; Kim 041

et al., 2024) since the shift from small task- 042

specific models to transfer learning large pre- 043

trained models, the vast majority of compression 044

methods have been developed for the BERT-style, 045

non-autoregressive (encoder-only) pretrain-then- 046

finetune paradigm (Sanh et al., 2019; Liang et al., 047

2023). This differs substantially from the autore- 048

gressive (decoder-only) models that enable zero- 049

shot reasoning via in-context learning. Aside from 050

model architecture, the most notable difference is 051

in the availability and scale of training data (Sol- 052

daini et al., 2024). 053

The majority of compression methods have been 054

developed for the task-specific setting (Voita et al., 055

2019; McCarley et al., 2019; Michel et al., 2019), 056

where the compressed model has access to super- 057

vised training data for task-specific finetuning or se- 058

lection of parameters; these approaches are funda- 059

mentally incompatible with compressing an LLM 060

for general-purpose in-context learning. Methods 061

have also been developed for task-agnostic BERT- 062

style LM compression (Chen et al., 2020b; Fan 063

et al., 2019), where the goal is to remove model pa- 064

rameters while maintaining language modeling per- 065

plexity. While task-agnostic compression is more 066

compatible with the current paradigm, most BERT- 067

style methods assume that training on the entire 068

pretraining corpus is feasible (Sanh et al., 2019; 069

Chen et al., 2020b; Liang et al., 2023). This as- 070

sumption is no longer valid for LLMs. 071

As a result, unlike their non-autoregressive pre- 072

decessors, methods for compressing autoregressive 073

LLMs have focused on reducing model size with 074

no subsequent finetuning, even on task-agnostic 075

pretraining data. Under this constrained setting, 076

methods compressing model parameters and activa- 077

tions via quantization have shown the most success 078

to date (Dettmers et al., 2022), and although distil- 079

lation and pruning methods have the potential to 080
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provide orthogonal benefits alongside model quan-081

tization, those benefits still need to be realized.082

In this work, we demonstrate the utility of task-083

agnostic finetuning for compression of autoregres-084

sive LLMs. We explore two simple structured085

pruning techniques followed by continued pretrain-086

ing under a limited token budget: LayerCHOP087

and DimCHOP. LayerCHOP reduces model depth088

by deterministically removing entire model lay-089

ers. DimCHOP reduces model width by uniformly090

removing the same number of dimensions from091

each weight matrix in the network by adapting092

a parameter-level pruning criterion proposed in093

PLATON (Zhang et al., 2022) to dimensions. Fur-094

thermore, under the relaxed assumption that the095

compression procedure may include additional gra-096

dient updates on the pretraining data, we demon-097

strate that simply pretraining a smaller model from098

scratch on a limited budget of tokens represents099

a strong baseline against which we can compare100

compression methods. Finally, inspired by the suc-101

cess of augmenting task-agnostic compression with102

distillation objectives (Liang et al., 2023) we test103

this hypothesis for LLMs in the new pretrain-then-104

finetune paradigm.105

Evaluation on language model perplexity and on106

a suite of 6 zero-shot tasks across three model sizes,107

we demonstrate the following:108

• LayerCHOP coupled with a finetuning phase,109

outperforms existing structured and even semi-110

structured compression at the 7B scale.111

• Pretraining smaller models from scratch forms112

a strong baseline against which structured113

compression with a finetuning phase can be114

compared against.115

• Both LayerCHOP and DimCHOP also out-116

perform their distillation objective augmented117

variants to show that distillation does not scale118

efficiently in large model and data regimes.119

2 Related Work120

Pruning seeks to identify sub-networks within121

larger models that yield the best possible perfor-122

mance with increased computational efficiency.123

Pruning uses heuristics (Sanh et al., 2020; Li et al.,124

2021a) to identify parts of a model to prune.125

Lottery ticket hypothesis (Frankle and Carbin,126

2019) introduces the concept of sparse sub-127

networks within a model, called winning tickets,128

which have the full model’s task capability, but129

pruning of weights is unstructured. A different line130

of work introduces semi-structured pruning (Kao 131

et al., 2022), which improves throughput speed 132

over unstructured pruning via accelerator-specific 133

kernels. Structured pruning approaches (Fan et al., 134

2019; Kao et al., 2022) aim to prune larger blocks 135

within a model while considering architecture nu- 136

ances for improving inference speed. Structured 137

pruning can be coarse- or fine-grained. Coarse- 138

grained pruning removes entire model layers (Fan 139

et al., 2019). In the case of LMs, fine-grained 140

pruning methods prunes atomic components like 141

attention-heads (Voita et al., 2019; Michel et al., 142

2019; Li et al., 2021b) or hidden layers (Hou et al., 143

2020; Chen et al., 2020b; McCarley et al., 2019). 144

Another classification approach for pruning is 145

based on task-agnostic vs. task-specific pruning. 146

Task-agnostic pruning approaches (Chen et al., 147

2020b; Fan et al., 2019) prune a model on pre- 148

training data and then add task specialization as 149

a second step. Task-specific pruning (Voita et al., 150

2019; McCarley et al., 2019; Michel et al., 2019) 151

methods specialize their models on end-task data 152

during the pruning process. 153

More recently, pruning has been extended 154

to larger decoder-only LLMs with semi-/un- 155

structured (Sun et al., 2023; Frantar and Alistarh, 156

2023) and structured pruning methods (van der 157

Ouderaa et al., 2023; Ashkboos et al., 2024; Kim 158

et al., 2024; Xia et al., 2023). 159

Knowledge Distillation can be similarly divided 160

between task-specific (Sun et al., 2019; Turc et al., 161

2019; Mukherjee et al., 2021; Tang et al., 2019; 162

Xia et al., 2022) and task-agnostic methods (Sanh 163

et al., 2019; Jiao et al., 2019; Sun et al., 2020; Wang 164

et al., 2020b,a; Liang et al., 2023) for BERT-style 165

models. Both task-specific and task-agnostic distil- 166

lation methods finetune BERT-style encoder mod- 167

els on end tasks to evaluate them. Seq-KD (Kim 168

and Rush, 2016) proposed task-agnostic distilla- 169

tion with a joint word level and sequence level ob- 170

jective for seq2seq models (Vaswani et al., 2017), 171

which has been expanded to larger models like Dis- 172

til Whisper (Gandhi et al., 2023). 173

Some methods follow pruning with a distillation 174

phase (Hou et al., 2020; McCarley et al., 2019). 175

More recently, methods like Co-Fi (Xia et al., 2022) 176

and Homotopic-distillation (Liang et al., 2023) 177

combine pruning with distillation by applying dis- 178

tillation losses during the pruning process. 179
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Method Encoder-only Decoder-only This work

Struct. depth Poor Man’s BERT (Sajjad et al., 2020) ShortenedLlama (Kim et al., 2024) LayerCHOP

Struct. width PLATON (Zhang et al., 2022) SliceGPT (Ashkboos et al., 2024);
LLMSurgeon (van der Ouderaa et al., 2023) DimCHOP

Un-/Semi-struct. LTH-BERT (Chen et al., 2020a) Wanda (Sun et al., 2023);
SparseGPT (Frantar and Alistarh, 2023) —

Distillation Homo-Distil (Liang et al., 2023) — CHOP+distill

Training data Pretrain. (GBs) Few batches Pretrain. (TBs)

Table 1: Taxonomy of compression methods. We adapt pruning strategies from BERT-style models to LLMs under
the pretrain-then-finetune paradigm. We also provide a list of recent or concurrent works for LLMs which compress
them but do not follow it with a finetuning phase. We do not consider an un- or semi-structured form of CHOP as
our early experiments validated our structured methods as having sufficient end-task accuracy while maintaining
superior inference efficiency.

3 How to Train Your (Compressed) LLM180

This section describes methods for task-agnostic181

model compression of large language models182

(LLMs). From previous literature, we adapt prun-183

ing strategies that are simple, efficient, and go well184

with continued pretraining on a large data corpus185

described in Section 4.1.186

We prune models in two simple ways: model187

depth (LayerCHOP; §3.1) and model width (Dim-188

CHOP; §3.2). It has been observed in the BERT189

model compression literature that adding distilla-190

tion in conjunction with pruning amplifies the result191

of compression (Liang et al., 2023). Hence, we ex-192

periment with the same for decoder-only LLMs in193

the large data regime. A taxonomy of our adapted194

methods and where they lie within the current com-195

pression literature is summarized in Table 1.196

3.1 LayerCHOP197

LayerCHOP is a layer removal pruning strategy198

for decoder-only transformer models for reducing199

model depth. We remove 50% of layers from the200

pretrained Transformer architecture, corresponding201

to removing ∼ 50% of parameters. We continue202

(i.e., resume) training each model with a language203

modeling loss on data sampled from a similar cor-204

pus to the respective model’s pretraining corpus205

(§4.1). Choosing where and when to prune layers206

is a critical design decision to maximize perfor-207

mance recovery after pruning. We experiment with208

five configurations for layer pruning shown in Fig-209

ure 5 in Appendix C. We always retain the first and210

the last layers as they interact with the embedding211

table and the final feed-forward layer of the model.212

Considering when to enact pruning primarily con-213

cerns either pruning all layers at initialization or214

incrementally removing layers periodically during215

the continued training of the model. 216

Our layer-pruning strategy is similar to that in 217

Poor Man’s BERT (Sajjad et al., 2020). However, 218

aside from the architectural differences between 219

models (encoder-only vs decoder-only), our work 220

contrasts in that we compress and evaluate in a 221

stricter task-agnostic zero-shot setting without ac- 222

cess to task-specific tuning. LayerDrop (Fan et al., 223

2019), similarly proposes layer dropout as layer re- 224

moval for compression. However, a key difference 225

to our work is that layer dropout critically requires 226

training from scratch with randomly masked layers 227

to facilitate successful inference after pruning. Our 228

method removes this constraint for broader utility— 229

our technique can be applied to adapt and compress 230

any publicly available LLM checkpoint. More re- 231

cently, Shortened Llama (Kim et al., 2024), has pro- 232

posed layer pruning and then training LoRA (Hu 233

et al., 2021) weights on top of the pruned model. 234

The main difference in their work is that they do 235

not train their LoRA parameters at a pretraining 236

corpus scale. 237

3.2 DimCHOP 238

Our second method is defined for structured com- 239

pression of decoder-only models in their width, 240

i.e., dimensions, and we call it DimCHOP. This 241

method is adapted for decoder-only LLM models 242

from PLATON (Zhang et al., 2022), a technique 243

proposed for parameter pruning of encoder-only 244

BERT models. For this method, we retain the same 245

number of layers in the model as the original un- 246

compressed version, but each layer has some di- 247

mensions with weights set to zero, e.g., for some 248

layer W ∈ Rm×n we apply mask M ∈ Rm×n, 249

where Mn = 0 and we take the element-wise 250

Hadamard product W ⊙M . We iteratively mask 251

dimensions in weight matrices across the model 252
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in a balanced fashion, i.e., we zero out the same253

number of dimensions in each weight matrix of254

the model. This iterative pruning of dimensions is255

carried out as we continue training the model on256

language modeling loss on data sampled from a257

corpus similar to the pretraining set (§4.1).258

The pruning criterion defined for selecting di-259

mensions follows PLATON’s sensitivity score Ij260

for each model parameter j at some time dur-261

ing training t. Score It
j is the magnitude of the262

gradient-weight product (Eq. 1). PLATON further263

introduces an uncertainty score Uj (Eq. 3) for each264

parameter, representing the absolute difference be-265

tween local sensitivity and an exponential weighted266

average parameter sensitivity (Eq. 2). The final im-267

portance score (Eq. 5) is the Hadamard product268

between the exponential moving averages of the269

sensitivity and the uncertainty scores.270

It
j = |θTj ∇L(θ)| (1)271

Īt
j = β1Īt−1

j + (1− β1)Īt
j (2)272

Ū t
j = |It

j − Īt
j | (3)273

Ū t
j = β2Ū t−1

j + (1− β2)Ū t
j (4)274

St = Īt
j ⊙ Ū t

j (5)275

While PLATON limits the importance scores to276

each parameter, we compute the importance scores277

for a dimension Id (Eq. 6) by taking an L1 norm278

over the importance scores of the parameters in279

the column of the weight matrix. The importance280

scores of all dimensions within a weight matrix are281

then sorted and the dimensions with the worst k%282

of the importance scores are set to 0 using the mask283

M . The k% of dimensions being set to 0 is defined284

by an exponential schedule which increases the285

number of dimension being pruned as the training286

progresses.287

S̄t
d = ||S̄t

[:,j]||1 (6)288

The difference between PLATON and our work289

is that PLATON prunes BERT-style models on spe-290

cific end-task data at a parameter level, whereas we291

extend the idea of pruning parameters to pruning di-292

mensions for decoder-only LLMs in a task-agnostic293

setting. This is more similar to Homotopic-294

Distillation (Liang et al., 2023), which prunes di-295

mensions from a BERT-style model, but augments296

the pruning with distillation objectives.297

3.3 Distillation-augmented Pruning 298

Homotopic distillation Liang et al. (2023) uses the 299

PLATON pruning criterion discussed in §3.2. This 300

technique aggregates the importance score over 301

weight matrix columns to prune an equal number 302

of model dimensions from each weight matrix in a 303

model. Liang et al. (2023) identifies that augment- 304

ing iterative dimension pruning with distillation- 305

based continued training produces better compres- 306

sion outcomes in a task-agnostic setting. We eval- 307

uate a similar hypothesis in our structured com- 308

pression setup of decoder-only models evaluated 309

in a zero-shot fashion, and augment LayerCHOP 310

and DimCHOP with distillation objectives. Eq. 7 311

gives the combined distillation objective for this 312

setup comprising of the language modeling objec- 313

tive; KL-divergence over the outputs of the teacher 314

and student; and mean-squared error distillation 315

objective over attention outputs, intermediate layer 316

representations, and the embedding table. 317

LΣ = LLM + Ldistill + Lhid + Latt + Lemb (7) 318

Lhid(θs, θt) =
K∑
k=1

||Hk
t , H

k
sW

k
hid||22 (8) 319

Lattn(θs, θt) =
K∑
k=1

||Ak
t , A

k
s ||22 (9) 320

Lemb(θs, θt) = ||Et, EsWemb||22 (10) 321

Eq. 8 defines the alignment between the in- 322

termediate representations of the model at each 323

layer. We introduce a learned linear projection, 324

W k
hid ∈ Rt×s, to match the dimension between 325

student and teacher representations. Eq. 9 defines 326

the mean squared error between attention outputs 327

at each layer. Eq. 10 defines the same loss be- 328

tween the embedding tables of the student and 329

teacher models, with a learnable weight matrix 330

Wemb ∈ Rsemb×temb matching dimensions between 331

embeddings. 332

4 Setup 333

4.1 Experimental setup 334

All our experiments use the C4 (Raffel et al., 2020) 335

dataset for pretraining or pruning of models except 336

for the pretrained llama2-7B (Touvron et al., 2023). 337

C4 consists of approx. 160B web-crawled tokens. 338

Our best-performing and most efficient compres- 339

sion strategy, LayerCHOP (Section 3.1), trains on 340

1 complete epoch of C4, i.e., token budget of 160B 341
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tokens, for models at all scales. Other ablations342

(Section 3.2, 3.3) train on smaller token budgets343

from the C4 training set. For language modeling344

evaluation, each experiment in the paper uses at345

least 13.2M C4 tokens from a separate validation346

set as we use 6400 batches at the full sequence347

length of the models used.348

Our experiments use models at 3 scales: 300M,349

1.1B, and 7B. For our 7B model pruning experi-350

ments, we use llama2-7B (Touvron et al., 2023).351

For the other two sizes, we train our own mod-352

els on 1 epoch of C4 training set with 300M and353

1.1B parameters. These smaller models follow354

PaLM (Chowdhery et al., 2022) like architecture355

with parallel attention and feed-forward network356

(FFN) blocks, SwiGLU activation (Shazeer, 2020),357

and fused FFN layers. All models in our experi-358

ment use flash-attention (Dao et al., 2022) for ef-359

ficiency. We also train half-sized models for each360

scale, with half the number of layers as the base361

model, for pretraining comparisons in Section 5.2.362

The architecture choices are summarized in Table 4363

in Appendix A.364

For experiments with the 300M and 1.1B mod-365

els, we use the Lion optimizer (Chen et al., 2023)366

with β set to (0.9, 0.95). Weight decay is 1× 10−4367

but is omitted for bias and normalization parame-368

ters. We found some stability issues with Lion at369

larger model sizes and reverted back to the more370

common AdamW (Loshchilov and Hutter, 2017)371

for our llama2-7B runs. The values of β param-372

eters are the same, while the weight decay is 0.1.373

Each pruning and distillation experiment uses the374

same learning rate as pretraining, which is men-375

tioned in Table 4 in Appendix A. The learning rate376

is warmed up to this value in 2000 steps and then377

decayed using a cosine schedule to 0.1 times the378

peak value. For our compression experiments, we379

start with a model checkpoint and train 500 steps380

before any compression is applied to a model to381

accumulate optimizer states.382

4.2 Evaluation setup383

We evaluate our model on 6 tasks from 2 categories:384

common sense reasoning and science question an-385

swering. All tasks are evaluated in a zero-shot386

setting by providing the language model with a387

prompt from Eleuther-AI evaluation harness (Gao388

et al., 2021) and a possible completion. We score389

the model output for each completion. The comple-390

tion with the highest likelihood is the prediction to391

compute task accuracy. The completion likelihood392

can be normalized by the character count in the 393

completion (Gao et al., 2021, length normalized 394

accuracy). Table 5 in Appendix B lists tasks in 395

each evaluation category and respective metrics. 396

5 Compression Results 397

The results section makes comparisons between 398

task performance and efficiency of compression 399

and inference for different variants of task-agnostic 400

model compression. All results use the best con- 401

figuration of LayerCHOP(Appendix. C) and Dim- 402

CHOP (Appendix. D) which is discussed in detail 403

in the Appendix. 404

5.1 Comparison against structured and 405

unstructured pruning methods 406

Figure 1: Comparison between LayerCHOP and
un-/semi-structured compression of llama2-7B from
Wanda (Sun et al., 2023) and SparseGPT (Frantar and
Alistarh, 2023). Both Wanda and SparseGPT make their
models public and for fair comparison we evaluate them
on end tasks in our eval setup. We can see layerCHOP
being better than 2:4 semi-structured pruned models and
only marginally worse than 4:8 pruned models.

This section compares the results of Layer- 407

Chop to concurrent unstructured/semi-structured 408

and more recently proposed structured compression 409

methods for LLMs. The other techniques we com- 410

pare here do not continue pretraining their models 411

on data after pruning. When combined with contin- 412

ued pretraining, we show how the simple pruning 413

strategy of layer removal outperforms complicated 414

pruning heuristics from other methods. 415

In Figure 1, we compare LayerChop to some of 416

the recent un-/semi-structured pruning approaches 417

for decoder-only LLMs. This comparison is 418

unusual because these two are in entirely dif- 419
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method shortenedLlama sliceGPT LLMSurgeon

# common eval tasks 5 4 5
base model llama-7B llama2-7B llama2-7B

method base avg./method pruned avg. 68.9/57.9 74.7/56.6 68.6/46.6
% model pruned/% task score decrease 35%/-16% 30%/-24.2% 50%/-32.1%

our base avg./our pruned avg. 66.2/58.2 72.0/62.8 66.2/58.2
our % model pruned/our % task score decrease 50%/-12.1% 50%/-12.8% 50%/-12.1%

Table 2: Comparison against the concurrent works of Shortened Llama (Kim et al., 2024), SliceGPT (Ashkboos
et al., 2024), and LLMSurgeon (van der Ouderaa et al., 2023). Since each paper has its own eval suite and base
model, and not all of these methods have publicly available checkpoints, we compare them by averaging the
base model scores and pruned model scores on end tasks which are common with our method. Then we find the
percentage of end tasks score decrease with the percentage of model being pruned and list them in this table. As we
can, LayerCHOP prunes the model to 50% of the size, better than the other methods other than LLMSurgeon, and
has the least reduction in average end task score across all methods.

ferent classes of pruning techniques. However,420

we posit LayerChop against 2:4 semi-structured421

pruning methods, Wanda (Sun et al., 2023) and422

sparseGPT (Frantar and Alistarh, 2023), because423

2:4 pruned models improves speed on NVIDIA424

hardware using specialized kernels. We show that425

with continued pretraining LayerChop outperforms426

2:4 semi-structured pruning on llama2 from Wanda427

and sparseGPT. Additionally, Table 3 highlights428

the end-to-end inference speed gained by these429

methods. LayerChop incurs additional training430

costs due to continued pretraining but makes up431

the difference by being 1.84x faster than the base432

7B llama2 model against 1.24x end-to-end speed433

achieved by the 2:4 pruned model. Given a training434

token budget for LayerChop, we can calculate the435

number of inference queries it will take to break436

even compared to the 2:4 pruning approach, which437

is one-shot pruning.438

Table 2 highlights how LayerChop compares439

to some of the recently proposed structured prun-440

ing methods for larger decoder-LLMs. Shortened441

Llama (Kim et al., 2024) is a layer pruning method442

that trains LoRA (Hu et al., 2021) weights after443

pruning, while SliceGPT (Ashkboos et al., 2024)444

and LLMSurgeon (van der Ouderaa et al., 2023) are445

dimension pruning approaches that prune model446

dimensions based on a heuristic. Since the base447

model and the evaluation setup are different across448

our work and these papers, we highlight the over-449

lapping number of tasks where results were pre-450

sented in each of these works, and compute the av-451

erage of the reported accuracies for the base model452

and the final pruned models only on the tasks that453

overlap. We propose a percentage decrease in av-454

erage task accuracy to measure each pruning strat-455

egy’s effectiveness. As we can see, LayerChop 456

consistently outperforms all other heuristic-based 457

structured pruning approaches while pruning 50% 458

of the model, a pruning rate which is equaled only 459

by LLMSurgeon (van der Ouderaa et al., 2023). 460

5.2 Comparisons against simple pretraining 461

baselines 462

We take the best configuration (Appendix C) of 463

our most competitive pruning strategy, i.e., Layer- 464

CHOP, and continue pretraining for an extended 465

token budget of 160B tokens from C4 corpus to 466

compare against pretraining a similar-sized model 467

from scratch at 3 models scales: 300M, 1.1B, and 468

7B. We present the average task accuracies over the 469

evaluation suite defined in Section 4.2 and language 470

modeling perplexity on the C4 eval set defined in 471

Section 4.1 in Figure 2. 472

As we see in both the task average and perplexity 473

trends, pruning with continued training eventually 474

converges towards pretraining at the 300M and 475

1.1B scale after a certain number of tokens. At the 476

compression 2:4 LayerCHOP

Uncompressed latency 312ms 351ms
Compressed latency 251ms 191ms

Speed 1.24x 1.84x
Breakeven query 240M 360M

Table 3: Comparison between end-to-end inference
speeds of 2:4 semi-structured pruned models and Layer-
CHOP. The numbers for 2:4 pruning are taken from
Wanda (Sun et al., 2023). LayerCHOP, a form of
structured pruning, is 1.84x faster than the base model,
against 1.24x speed improvement of 2:4 pruned model.
The additional cost of training LayerCHOP can be sub-
sumed by the gain in inference speed in the breakeven
query number given for each type of pruning.
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Figure 2: Language modeling and average task accuracy performance plotted against token budget for LayerCHOP
against pretraining baselines. We observe that for smaller 300M and 1.1B models, pruning and finetuning of models
converge to pretraining baselines. However, this trend is not obvious at the 7B scale.

same time, it looks to move towards convergence477

at the 7B scale. For coarse-grained model pruning,478

this trend deviates from the idea of “train large and479

then compress”, as we show in these experiments480

that if the token budget is large enough, it might481

be a better idea to pretrain models from scratch482

instead of pruning them in a coarse fashion. Note483

that this trend contrasts what pretraining with fine-484

grained pruning observes in Sheared Llama (Xia485

et al., 2023).486

5.3 Comparing LayerCHOP and DimCHOP487

In this section, we compare the results of Layer-488

CHOP and DimCHOP in terms of performance489

and efficiency. Figure 3 shows how both meth-490

ods perform in the same ballpark on average task491

performance and language modeling after consum-492

ing the same number of pretraining tokens; how-493

ever, the algorithmic differences in the two pruning494

strategies make LayerCHOP much more efficient495

to train compared to DimCHOP. LayerCHOP in-496

stantly prunes half the number of layers from a497

model and continues pretraining only half-sized498

models. At the same time, DimCHOP is an itera-499

tive algorithm that prunes dimensions after every500

few steps. However, it further trains the zeroed-501

out dimensions before re-evaluating them for prun-502

ing based on importance scores (Section 3.2). We503

provide more details on LayerCHOP and how its504

hyperparameters were selected in Appendix D.505

5.4 Efficiency of distillation with a large 506

pretraining corpus 507

Figure 4 compares average task performance and 508

language modeling perplexity results for Layer- 509

CHOP and DimCHOP against distillation aug- 510

mented versions of the algorithms described in Sec- 511

Figure 3: Average task accuracy and language model-
ing comparison between LayerCHOP and DimCHOP
on a fixed compute budget. We demonstrate that Lay-
erCHOP is 2× more efficient during the compression
process than DimCHOP by pruning all layers immedi-
ately (Appendix C), while DimCHOP opts for a more
iterative pruning approach.

7



Figure 4: Average task accuracy and language modeling comparison between LayerCHOP, DimCHOP and their
distillation loss augmented versions. In a large data regime, for large student and teacher models, we see that adding
distillation become inefficient with our pretrain-then-finetune paradigm for LLM compression.

tion 3.3. Homotopic distillation (Liang et al., 2023)512

finds this setup to be efficient and highly perfor-513

mant for task-agnostic compression of BERT-style514

models; however, in our large data regime with big-515

ger decoder-only LLMs, we find that augmenting516

pruning with distillation losses not only underper-517

forms on average task score, when evaluated in a518

zero-shot manner but also on language modeling.519

With a larger teacher and student model, aug-520

menting a pruning setup distillation losses in dif-521

ferent parts of the architecture incurs a heavy ef-522

ficiency penalty, as is evident from Figure 4. Pre-523

vious distillation approaches are also orthogonal524

to newer efficient modeling paradigms like flash-525

attention, which does not materialize a O(n2) at-526

tention matrix to which we can apply the earlier527

proposed distillation objective in Section 3.3.528

6 Discussion and Conclusion529

This work discusses how existing LLM compres-530

sion methods do not follow the pretrain-then-531

finetune paradigm. We show that with additional532

continued pretraining of compressed models after533

pruning, coupled with embarrassingly simple prun-534

ing techniques, can beat complex structured prun-535

ing approaches and compete with semi-structured536

compression methods with improved efficiency.537

Our LayerCHOP methods set new performance538

standards for LLM compression while improving539

inference speeds by 1.84× over the baseline model,540

compared to the limited 1.24× end-to-end speed 541

improvement from 2:4 semi-structured compres- 542

sion via specialized NVIDIA accelerator kernels. 543

The work closest to ours is Sheared Llama (Xia 544

et al., 2023), where they apply Co-Fi (Xia et al., 545

2022) like fine-grained pruning and continued pre- 546

training on RedPajama data. Their work selects 547

components of a 7B model (e.g., attention heads) 548

to assemble smaller models, at the 1.3B and 2.7B 549

scales, using a pruning heuristic that trains fur- 550

ther on domain-specific data. Our work differs by 551

recovering state-of-the-art compression results by 552

continuing to pretrain despite pruning models at a 553

much coarser granularity. Our methods also require 554

no domain-specific data selection, as we continue 555

pretraining on same pretraining data distribution. 556

Finally, we demonstrate that under this new 557

pretrain-then-finetune paradigm for LLM compres- 558

sion, augmenting pruning with distillation losses 559

does not improve performance as is the case for 560

BERT-style models. We also identify how student- 561

teacher distillation on large pretraining corpus re- 562

sults in inefficient compression algorithms. CHOP 563

offers compression compatible with contemporary 564

modelling optimizations (e.g., Flash Attention) to 565

surpass distillation with embarassingly simple tech- 566

niques. We hope our work contributes to a new 567

conversation on how to train a compressed large 568

language model, and how to learn from large cor- 569

pora for better, smaller models. 570
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Limitations571

While our work is in the spirit of reducing model572

size and improving efficiency — we require signif-573

icant computational resources for our experiments574

demanding both high energy usage and processing575

power. Experiments such as the model pretraining576

and distillation at scale demand multiple days of577

training time using 32xA100 GPUs with a high578

bandwidth interconnect. Therefore, reproducing579

our experiments are only reasonably tractable with580

commensurate GPU resources which may be infea-581

sible for some researchers.582

Additionally, we demonstrate our findings com-583

pared to pretraining and distillation approaches and584

recently published alternatives in our decoder-only585

setup. We take this approach to report how the586

most typical compression strategy can be ported587

to a contemporary LLM. Our finidings do not indi-588

ciate distillation to be a potentially efficient com-589

pression strategy for GPT-style models in a large590

data regime, however, our work is limited in that591

there may exist some atypical distillation strategy592

with even better performance. We encourage future593

work and discussion of how these methods can be594

improved in this regard.595

Ethics Statement596

We report all pretraining experiments with the597

widely used C4 corpus. This corpus has been found598

to contain harmful artifacts and biases (Dodge et al.,599

2021) which our models may inherit, however, the600

study of this phenomena is outside of the scope601

of our work but may inform future study. Model602

compression has been linked to increased bias and603

toxicity in a model (Hooker et al., 2020) but it is604

currently unclear how such effects extend to our605

setting; particularly as we expose the student to606

the same corpus as the teacher. Further study is607

needed in this area to examine how compression608

influences biases in increasingly large language609

models (Solaiman et al., 2023).610
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# Params Dim Heads Layers Batch Size LR Token Budget

180M 1024 16 12 2M 6.0e-4 160B
300M 1024 16 24 2M 3.0e-4 160B

610M 2048 16 12 2M 2.5e-4 160B
1.1B 2048 16 24 2M 2.0e-4 160B

3.5B 4096 32 16 4M 3.0e-4 160B
7B 4086 32 32 4M 3.0e-4 2T

Table 4: Configurations for models used in our exper-
iments at different scale. The 7B model used is pre-
trained llama2-7B.

A Model Architecture 922

We list details about our decoder-only models in 923

Table. 4. For the 7B size, we prune a pretrained 924

llama2-7B (Touvron et al., 2023). For smaller 925

model sizes, we train a custom architecture model 926

on 160B C4 tokens. 927

For the custom model, we follow the PaLM ar- 928

chitecture (Chowdhery et al., 2022) owing to im- 929

proved throughput efficiency. Specifically, the at- 930

tention and feed-forward network (FFN) modules 931

are parallel instead of sequential (Radford et al., 932

2019). SwiGLU activation (Shazeer, 2020) is used 933

in the FFN module. Multi-head attention uses the 934

equivalent Flash-Attention (Dao et al., 2022, FA) 935

implementation. The first layer of the FFN module 936

and the layers generating attention query, key, and 937

value are fused. Similarly, the second layer of the 938

FFN module and the feed-forward layer after the 939

attention operation are fused. The LayerNorm (Ba 940

et al., 2016) is before the first fused feed-forward 941

layer. The query and the key vectors are passed 942

through additional layer normalization layers for in- 943

creased training stability following Dehghani et al. 944

(2023). This block structure is repeated with skip 945

connections to form our decoder-only Transformer 946

architecture. 947

B Evaluation setup 948

We detail the tasks used in our zero-shot evaluation 949

suite in Table 5. Each task in the table reports either 950

classification accuracy or length normalized clas- 951

sification accuracy. Our evaluation suite, which is 952

online (runs as a validation loop after some training 953

steps), is adapted to match the results from Eleuther 954

AI eval harness (Gao et al., 2021). 955

C LayerCHOP 956

Our baseline models contain 24 decoder layers. 957

To determine which layers we should prune for 958

the best compression performance, we define five 959
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category task metric

common sense
reasoning

PIQA (Bisk et al., 2019) len norm acc
Hellaswag (Zellers et al., 2019) len norm acc
Winogrande (Sakaguchi et al., 2019) acc

science question
answering

OpenBookQA (Mihaylov et al., 2018) len norm acc
SciQ (Welbl et al., 2017) acc
Arc-Easy (Clark et al., 2018) acc

Table 5: Zero-shot downstream tasks for evaluating
our compressed models and baselines. Each task ei-
ther reports classification accuracy or length normalized
classification accuracy.

layer pruning configurations shown in Figure 5,960

each removing 12 out of the 24 decoder layers of961

the 300M and 1.1B models. In all these pruning962

configurations, we always keep the first and the last963

layers because they interact with the embedding964

table. We made this design choice based on early965

experiments. Table 6 summarizes the results of this966

ablation. We report the perplexity score on the C4967

validation set and the average task accuracy across968

6 tasks in our evaluation suite (Table 5).969

For the base 300M model, pruning configura-970

tions of max-gap and both perform the best out971

of the five possible configurations. For the 1.1B972

model, pruning layers from the input configuration973

yielded the best results for both reported metrics.974

The output pruning configuration resulted in the975

worst performance across model sizes, suggesting976

that pruning layers towards the output side of the977

model should be avoided. Given these results, we978

use the pruning configuration of max-gap for all979

our 300M model experiments and the configuration980

of input for all our 1.1B model experiments, and981

use the configuration from 1.1B model experiments982

for our llama2-7B pruning experiments.983

To answer the question of when we should prune984

layers from our model while continuing to train985

it with language modeling loss, we can decide in986

one of two ways: either remove selected layers987

at once or remove them one by one, each after a988

fixed number of training tokens. We run this exper-989

Figure 5: Truncated initialization configurations for
layer pruning in a decoder-only language model. High-
lighted layers (green) are removed. We retain the first
and last layer as these layers interact with the embed-
ding table.

Model Token Budget Task Metric max-gap input output middle both Pre-compression

300M-160B 20B ppl (↓) 23.0 24.5 25.6 24.0 23.0 16.2
300M-160B 20B avg acc (↑) 53.2 52.9 51.6 52.9 53.2 55.8
1.1B-160B 20B ppl (↓) 18.1 17.3 22.0 18.6 18.6 13.0
1.1B-160B 20B avg acc (↑) 54.8 55.1 53.1 54.7 53.8 59.8

Table 6: Influence on average task performance and C4
validation perplexity of different truncated initialization
strategies from Figure 5 for models of size 300M and
1.1B. The average task performance score is across 6
tasks listed in Table 5, and higher numbers are better.
For perplexity scores, lower is better.

iment in four configurations to see if increasing the 990

gap between each layer pruning increases training 991

stability or model performance. The four configura- 992

tions are: dropping all layers at once (0M token gap 993

between pruning each layer) or pruning them after 994

100M, 500M, and 1B training tokens each. We run 995

this experiment for the 300M and 1.1B model sizes. 996

We prune 12/24 layers from our decoder-only mod- 997

els for this ablation, each at a training token gap 998

mentioned in one of the four configurations above. 999

The result of this experiment is summarized in Fig- 1000

ure 6. Pruning layers one by one with an increasing 1001

token budget between each layer pruning does not 1002

benefit the average task accuracy or C4 validation 1003

perplexity. In fact, there is a marginal preference 1004

to prune layers as early into the training as possi- 1005

ble. Hence, we decided to prune all 12/24 layers 1006

Figure 6: Average task accuracy (Table 5) and perplexity
on the C4 validation set for model sizes 300M and 1.1B
comparing schedules for when to prune layers during
continued pretraining. We find a marginal performance
degradation as we remove layers one by one further
apart during continued pretraining.
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simultaneously for other experiments.1007

D DimCHOP1008
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