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Abstract

The increasing size and computational com-001
plexity of pre-trained language models (PLMs)002
can make them difficult to use in serving down-003
stream tasks under resource-constrained envi-004
ronments. While conventional knowledge dis-005
tillation (KD) can compress PLMs by trans-006
ferring knowledge from a larger model to a007
smaller model, this typically results in a trade-008
off between inference efficiency and perfor-009
mance. In this work, we propose a novel010
Co-Training and Co-Distillation (CTCD) frame-011
work that improves the quality of PLMs while012
increasing their inference efficiency. Our ap-013
proach trains different-sized models together014
and allows them to distill knowledge from each015
other. We demonstrate that the proposed co-016
distillation improves the quality of the teacher017
model, which in turn improves the quality of018
the student model. Furthermore, we introduce a019
Community KD that consists of a single teacher020
and two students where each student learns021
from the teacher and the other student. The022
results of our experiments show that the Com-023
munity KD is effective at compressing PLMs024
and improving their quality, outperforming the025
conventional one-way KD method by 1.2% on026
the GLUE benchmark. Code is available at027
https://anonymous.4open.science/r/CTCD-1.028

1 Introduction029

In recent years, the use of pre-trained language030

models (PLMs) and rapid adaptation to down-031

stream tasks has been a dominant strategy in the032

NLP community (Radford et al., 2019; Yang et al.,033

2019; Dai et al., 2019; Shoeybi et al., 2019; Li et al.,034

2020; Brown et al., 2020). However, as PLMs be-035

come larger to achieve higher performance, their036

high computational cost due to their large size be-037

comes a constraint in serving resource-limited real-038

world applications. As a result, there is a need for039

lightweight, compressed PLMs that are accurate.040

One technique that has been used to address the041

challenge of large PLMs is knowledge distillation042

(KD), where a smaller student model learns (or dis- 043

tills) knowledge from a larger pre-trained teacher 044

model (Hinton et al., 2015; Romero et al., 2015). 045

There have been several studies on distilling pre- 046

trained large language models into compact mod- 047

els (Turc et al., 2019; Tsai et al., 2019; Tang et al., 048

2019; Jiao et al., 2020; Sanh et al., 2019; Sun et al., 049

2019; Wang et al., 2020b,a). 050

However, in such “one-way” distillation, the 051

teacher model plays a crucial role in acquiring 052

knowledge, and the smaller model generally cannot 053

keep up with the performance of the larger models. 054

This raises an interesting question: Is it possible 055

to compress a model via KD without sacrificing 056

performance? 057

In this work, we propose a novel framework 058

called Co-Training and Co-Distillation (CTCD) for 059

improving the both quality and serving efficiency 060

of a language model. Our approach trains two 061

different-sized models together and allows them 062

to distill knowledge from each other during the 063

pre-training stage. This enables the smaller student 064

model to achieve the same quality as the original 065

teacher model. We focus on task-agnostic distil- 066

lation, which allows the pre-trained and distilled 067

compact model to be directly fine-tuned on various 068

downstream tasks. 069

CTCD differs from conventional Knowledge dis- 070

tillation (KD) in that it involves a two-way pro- 071

cess of knowledge transfer between two models, 072

rather than simply transferring knowledge from a 073

larger, pre-trained teacher model to a smaller stu- 074

dent model. During such a one-way distillation 075

of conventional KD, the pre-trained teacher is no 076

longer trained. Therefore, there is no further im- 077

provement in the performance of teacher model 078

quality. However, in co-training and co-distillation, 079

both the teacher and student models are learned 080

together, allowing for further improving the perfor- 081

mance of the teacher model, which in turn, benefits 082

the performance of the student model. Specifically, 083
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we have demonstrated that our approach is effec-084

tive at answering two important questions: 1) Does085

learning from small student models provide a per-086

formance benefit to the teacher model? and 2) Does087

the performance improvement of the teacher model088

improve the performance of the student model?089

In addition to our CTCD, we introduce a novel090

Community KD framework that combines co-091

training and co-distillation with conventional KD.092

Community KD distills knowledge from two stu-093

dents to each other, as well as from the pre-trained094

teacher to each student, during the co-training of095

the students. We show that distilling from the other096

student as well as the pre-trained teacher is better097

than only one-way distillation from the pre-trained098

teacher, as is done in conventional KD. Note that099

the inference cost on downstream tasks is the same100

as in conventional KD, as we take one of the stu-101

dents distilled by Community KD and adapt it to102

downstream tasks after pre-training. Our experi-103

ments show that Community KD is effective at im-104

proving the performance and efficiency of PLMs.105

We validate the effectiveness and efficiency of106

our CTCD on the GLUE benchmark (Wang et al.,107

2019), which contains different language under-108

standing tasks. We fine-tune the distilled PLMs109

on each downstream task and evaluate their perfor-110

mance. In our experiments, the model compressed111

by CTCD obtained 1.3% higher gain than the origi-112

nal large model, showing that our approach can113

improve model quality and inference efficiency114

concurrently. Interestingly, we observe that the115

larger model benefits from the distillation of the116

smaller model, and the performance gain of the117

larger model leads to a further performance gain118

of the smaller model. Finally, empirical evalua-119

tions show that using our proposed Community120

KD to distill from the pre-trained BERT-base to a121

6-layer student model improves student quality by122

1.2% compared to using the conventional KD on123

the GLUE benchmark.124

In summary, our contributions are as follows:125

• We propose a novel knowledge distilla-126

tion framework called Co-Training and Co-127

Distillation (CTCD) in improving the quality128

of transformer-based models while compress-129

ing them, at the pre-training phase.130

• In our experiments, we show that the perfor-131

mance improvement of a larger model through132

distillation leads to a further performance im-133

provement of a smaller model, demonstrat-134

Figure 1: Task-agnostic KD method The proposed frame-
work and DistilBERT (Sanh et al., 2019) are task-agnostic KD
methods that perform knowledge distillation during the pre-
training stage. This allows the distilled model to be deployed
and fine-tuned on various downstream tasks.

ing that our CTCD framework effectively im- 135

proves the performance and efficiency of lan- 136

guage models concurrently. 137

• We provide insights on adjusting loss weights 138

and the length of the training phase for the 139

effective application of CTCD. 140

• We introduce a novel Community KD method 141

for compressing pre-trained language mod- 142

els, which outperforms the conventional KD 143

method, by 1.2% on the GLUE benchmark. 144

2 Related Work 145

One-way Knowledge Distillation Knowledge 146

distillation (KD) (Hinton et al., 2015) is a model 147

compression technique in which a smaller student 148

model distills knowledge from a larger, pre-trained 149

teacher model. Recently, many researchers have ex- 150

plored KD at different training stages of a language 151

model to address its high computational complex- 152

ity resulting from its increasing size. This includes 153

task-agnostic KD methods for the pre-training 154

stage (Sanh et al., 2019; Wang et al., 2020b,a), task- 155

specific KD method for the fine-tuning stage (Sun 156

et al., 2019), and both of pre-training and fine- 157

tuning stages (Jiao et al., 2020). Additionally, 158

Wang et al. (2020b,a) have redesigned the archi- 159

tectures of student language models. However, the 160

one-way distillation process used in KD can lead 161

to a loss of knowledge, resulting in smaller models 162

that generally have difficulty matching the perfor- 163

mance of larger models, leading to performance 164

degradation. In contrast, our CTCD can improve the 165

quality of both teacher and student models, mak- 166

ing it possible for the student to achieve the same 167

quality as the original teacher model. 168

Reversed Knowledge Distillation Recently, re- 169

searchers (Yuan et al., 2020; Qin et al., 2022) have 170

demonstrated that reversed Knowledge Distillation 171
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Figure 2: Co-Training and Co-Distillation (CTCD) During training, the teacher and student models can learn more effectively
by comparing their prediction outputs not only against the ground truth but also against each other’s predictions. We refer to
the former as a "hard" loss and the latter as a "soft" loss. For example, the student soft loss captures the distance between the
student’s prediction and the teacher’s prediction, and vice versa. This co-training and co-distillation approach improve the
performance of the teacher model, which in turn benefits the performance of the student model.

(reversed KD), which transfers knowledge from172

a smaller or poorer model to a larger model, can173

improve the performance of the student model. In174

particular, Qin et al. (2022) investigated the ap-175

plication of reversed KD in the PLMs, showing176

that a larger model can benefit from a poorer and177

pre-trained model for a specific downstream task.178

Inspired by the success of reversed KD, we179

design a co-distillation framework that includes180

reversed KD to improve the performance of the181

teacher model by distilling knowledge from the182

smaller student model. Unlike existing reversed183

KD methods, which are limited to improving the184

performance of the larger model, our proposed185

co-distillation framework can achieve both perfor-186

mance improvement and model compression, by187

showing a better-quality teacher leads to a better-188

quality student.189

3 Co-training and Co-distillation190

We first introduce the concepts of co-training and191

co-distillation briefly:192

Co-training trains two (different-sized) models193

(e.g., a teacher and student) concurrently with the194

goal of achieving similar model quality.195

Co-distillation transfers knowledge in both di-196

rections between two models (e.g., a teacher and197

student), during co-training.198

Figure 2 illustrates how co-trained models learn199

together by comparing their prediction outputs200

against predictions from each other and to the hard201

labels (or “ground truth”). We refer to the former202

as a “soft” loss and the latter as a “hard” loss. For203

instance, the soft loss of the student model mea-204

sures the accuracy of the student’s prediction by205

considering the teacher’s prediction as a soft label, 206

and vice versa. 207

Task Formulation Suppose that we are given a 208

classification task with K classes. For each training 209

instance x and its ground truth label y, we denote 210

that the ground truth distribution over the labels is 211

q(k|x) (q(k) for simplicity) where for each label 212

k ∈ {1...K}, q(y) = 1 and q(k) = 0 for all k ̸= y. 213

For each x, the teacher model tϕ parameterized by 214

ϕ and the student model sθ parameterized by θ 215

predict the probability of each label k as pτϕ(k|x) 216

and pτθ(k|x), respectively as follows: 217

pτϕ(k|x) = f(zt) =
exp(ztk/τ)∑
K
i=1 exp(z

t
i/τ)

218

219

pτθ(k|x) = f(zs) =
exp(zsk/τ)∑
K
i=1 exp(z

s
i /τ)

220

where f is the softmax function, zt = {zti}Ki=1 = 221

tϕ(x) is the output logit of the teacher model, zs = 222

{zsi }Ki=1 = sθ(x) is the output logit of the student 223

model, and τ is the temperature to soften pϕ(k) 224

and pθ(k). 225

The proposed objective LCTCD(θ,ϕ) consists 226

of a normal KD objective LKD:t→s to distill knowl- 227

edge from the teacher model to the student model 228

and a reversed KD objective LReKD:s→t to distill 229

knowledge from the student model to the teacher 230

model, during their co-training. 231

Teacher → Student The normal KD objective 232

LKD:t→s(θ,ϕ) aims to train the student model by 233

minimizing a weighted sum of the cross-entropy 234

loss H(q, pθ) between the ground truth q and 235

student prediction pθ and Kullback-Leibler diver- 236
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Figure 3: Community KD Different from conventional KD, where each student learns from the prediction of the pre-trained
teacher only, the proposed approach learns each student from both prediction of the pre-trained teacher and prediction of another
student during co-training. Note that since we take one of the pre-trained students to adapt it to downstream tasks, the inference
cost is the same as the student training with the conventional KD.

gence (KL divergence) D(pτϕ, p
τ
θ) between the pre-237

dictions of the student and the teacher as follows:238

LKD(θ,ϕ) = αh ·H(q, pθ) + αs ·D(pτϕ, p
τ
θ)

(1)239

where240

H(q, pθ) = −
K∑
k=1

q(k) log(pθ(k)),

D(pτϕ, p
τ
θ) =

K∑
k=1

pτϕ(k) · log
pτϕ(k)

pτθ(k)
,

241

αh and αs are weighting hyper-parameter val-242

ues for the cross-entropy loss and KL divergence,243

respectively. We regard the cross-entropy loss244

H(q, pθ) as the hard loss for the student model,245

KL divergence D(pτϕ, p
τ
θ) as the soft loss for the246

student model, and following BERT (Devlin et al.,247

2019), H(q, pθ) denotes the Masked Language248

Modeling loss (MLM loss). In the KD objective,249

we consider the teacher parameters ϕ as constant250

since we only train the student parameters θ while251

the teacher model tϕ is fixed:252

LKD:t→s(θ,StopG(ϕ)) (2)253

where StopG(x) denotes that we do not compute254

the gradient of x. In the conventional KD method,255

Equation (2) is the final objective to learn the stu-256

dent model only with the pre-trained teacher model.257

Student → Teacher Different from such a one-258

way KD method, we introduce the reversed KD259

objective LReKD:s→t(StopG(θ),ϕ) to train the260

teacher model tϕ as follows:261

LReKD:s→t(StopG(θ),ϕ) =

βh ·H(q, pϕ) + βs ·D(pτθ, p
τ
ϕ)

(3)262

where βh and βs are weighting hyper-parameter 263

values of the hard loss H(q, pϕ) and soft loss 264

D(pτθ, p
τ
ϕ) for the teacher model, respectively. By 265

minimizing KL divergence D(pτθ, p
τ
ϕ) between 266

the predictions of the student model (pτθ) and the 267

teacher model (pτϕ), the teacher model learns from 268

the student model. In the reversed KD objective, we 269

only train the teacher model by applying StopG(x) 270

to the gradient of the student parameters θ. 271

Co-training With the Equations (2) and (3), we 272

get the final objective LCTCD(θ,ϕ) as follows: 273

θ∗,ϕ∗ = argmin
θ,ϕ

LCTCD(θ,ϕ) =

LKD(θ,StopG(ϕ)) + LReKD(StopG(θ),ϕ)
(4) 274

Adapting to Downstream Task After model co- 275

training/-distillation, the trained smaller (student) 276

model sθ∗ with trained parameter θ∗ can be de- 277

ployed for multiple downstream tasks to improve 278

inference efficiency. To fine-tune the model for 279

a specific downstream task, we adapt the trained 280

parameter θ∗ using the dataset for that task. 281

Discussion with Conventional KD Our CTCD 282

involves mutual knowledge distillation between the 283

teacher and student models during training, leading 284

to improved performance for both models. Unlike 285

in conventional knowledge distillation, where the 286

pre-trained teacher does not continue learning, this 287

approach allows for the potential to further enhance 288

the performance of the student model through the 289

improved quality of the teacher model. 290

4 Community KD 291

Here we introduce an advanced co-training and 292

co-distillation application named Community KD, 293
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as shown in Figure 3. It consists of a pre-trained294

teacher tϕ∗ with pre-trained parameters ϕ∗ and two295

students sθ1 and sθ2 parameterized by θ1 and θ2,296

respectively. During the co-training of two students,297

each student learns from the hard labels, soft la-298

bels generated from the pre-trained teacher predic-299

tions, and soft labels generated from other student300

predictions. In other words, we conduct one-way301

knowledge distillation from the pre-trained teacher302

to each student by minimizing KL divergence be-303

tween the teacher prediction and predictions of304

each student D(pτθ1 , p
τ
ϕ∗) and D(pτθ2 , p

τ
ϕ∗) and co-305

distillation between students in both directions by306

minimizing LCTCD(θ1,θ2). The final objective307

LCM (θ1,θ2,StopG(ϕ∗)) is as follows:308

θ∗
1,θ

∗
2 = argmin

θ1,θ2

LCM (θ1,θ2,StopG(ϕ∗)) =

LCTCD(θ1,θ2) +D(pτθ1 , p
τ
ϕ∗) +D(pτθ2 , p

τ
ϕ∗)

(5)309

We select one of the two students distilled by310

Community KD (θ∗ = θ∗
1 or θ∗ = θ∗

2) and fine-311

tune the selected single student sθ∗ for downstream312

tasks, resulting that the inference cost does not in-313

crease compared with the conventional KD method.314

5 Experiment315

We present a comprehensive analysis of the pro-316

posed CTCD method through empirical experi-317

ments. In Section 5.1, we validate the proposed318

CTCD method by comparing the performance of319

distilled students on the GLUE benchmark (Wang320

et al., 2019). In Section 5.2, we analyze the impact321

of co-distillation by adjusting loss weights for the322

soft losses of a student and a teacher. In Section 5.3,323

we study the impact of training length on CTCD324

method, allowing us to determine the optimal train-325

ing length for CTCD method. In Section 5.4, we326

demonstrate the efficacy of Community KD by327

comparing the performance of a model compressed328

by Community KD to a baseline model compressed329

by conventional KD on the GLUE benchmark.330

Implementation details In our experiments, we331

use a learning rate of 5e-4, linear warm up of 5%,332

AdamW optimizer (Loshchilov and Hutter, 2019),333

and batch size of 128 with A100 GPUs for pre-334

training. We train the teacher and student mod-335

els from scratch for 10 epochs in Section 5.1 and336

Section 5.2. In Section 5.2, we train the mod-337

els for 10 epochs and 20 epochs to examine the338

impact of training length on the performance of339

Performance GAP w/ Teacher

Original Teacher 78.06 -

Student

One-way Distil. (10 epoch) 77.46 -0.60
CTCD (10 epoch) 77.94 -0.12
One-way Distil. (20 epoch) 78.39 +0.33
CTCD (20 epoch) 79.12 +1.66

Table 1: Average performance on dev sets of GLUE
benchmark The student distilled by CTCD significantly out-
performs the original teacher trained using the stand-alone
method, achieving a higher gain of 1.66.

Figure 4: Average performance on dev sets of GLUE
benchmark Learning from the student improves the perfor-
mance of the teacher by an average of 1.88. Such improvement
in teacher performance leads to improvement in student qual-
ity from 77.46 to 77.94.

CTCD method. In Section 5.4, we train the mod- 340

els for 3 epochs after parameter remapping, which 341

is the same as in DistilBERT (Sanh et al., 2019). 342

We use automatic mixed precision (AMP) of Py- 343

Torch (Paszke et al., 2019) to accelerate training for 344

all our models. This allows us to train our models 345

more efficiently and reduce training time. 346

Training Time For the one-way distillation, we 347

need 1 GPU day to train the teacher for 10 epochs 348

and 1.3 GPU days to distil knowledge from the 349

pre-trained teacher to the student for another 10 350

epochs. For CTCD (Ours), it takes 3 GPU days to 351

train both teacher and student models from scratch. 352

Dataset In Section 5.4, we use the original pre- 353

training dataset (BookCorpus (Zhu et al., 2015) + 354

Wikipedia (Foundation)) used in DistilBERT (Sanh 355

et al., 2019) to evaluate the effectiveness of our 356

Community KD method. For the other experiments, 357

we use a reduced dataset (30M) created by uni- 358

formly sampling 1 out of every 4 sentences from 359

the original dataset for pre-training. We evaluate 360

our distilled models on the dev sets of the GLUE 361

benchmark (Wang et al., 2019), which consists of 362

nine sentence-level classification tasks. 363
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(a) Teacher Performance (b) Student Performance

Figure 5: Adjusting Loss Weight We investigate the impact of the distillation for the teacher model and student model by
adjusting loss weights (αh, αs, βh, βs) for hard loss and soft loss. (a) We (co-)train the teacher model distilling knowledge from
the student by fixing αh : αs = 1 : 1 and varying βh : βs on the large text corpus. (b) We (co-)train the student model distilling
knowledge from the teacher by fixing βh : βs = 1 : 1 and varying αh : αs on the large text corpus. Then we report the average
performance of each pre-trained model after fine-tuning it on downstream tasks (dev sets) of GLUE benchmark.

Model Architecture In Section 5.4, we use a pre-364

trained BERT-base model (Devlin et al., 2019) as365

the teacher and a 6-layer BERT model as the stu-366

dent, which is the same architecture used in Distil-367

BERT. For the other experiments, we use a 6-layer368

BERT model as the teacher and a 4-layer BERT369

model as the student to analyze the effectiveness370

and efficiency of our CTCD method.371

5.1 Could Knowledge Distillation Help372

Improve Performance?373

In Figure 4 and Table 1, we show the average per-374

formance of models trained using different methods375

on a large text corpus and fine-tuned against the376

GLUE benchmark. Stand-alone trains a model377

without using any knowledge distillation. Co-378

training & One-way distillation trains teacher379

and student models together from scratch, with380

knowledge only flowing from the teacher to the381

student. Co-training & Co-distillation (Ours)382

is our CTCD method, which trains both teacher383

and student models together from scratch and dis-384

tills knowledge between each other in both direc-385

tions. For distillation methods, we set the weights386

of the hard losses for the teacher and student to 1.387

The weights of the soft losses are chosen from the388

set {0.5, 1, 2, 4}, and the results are reported with389

the best-performing weights.390

1) Overall Results As shown in Table 1, dur-391

ing pre-training, the student model distilled by our392

CTCD outperforms the student distilled by the one-393

way distillation method on the average performance394

of the GLUE benchmark. After training for 10 and395

20 epochs, the student distilled by our CTCD con-396

sistently has higher gains than the student distilled 397

by one-way distillation, as 77.46 vs. 77.94 and 398

78.39 vs. 79.12, respectively. Furthermore, the stu- 399

dent distilled by CTCD significantly outperforms 400

the original teacher trained using the stand-alone 401

method, achieving a higher gain of 1.66. We further 402

analyze these results in Figure 4. 403

2) Does learning from a small and weak student 404

provide a performance benefit to the teacher? 405

The distillation of knowledge from the student 406

model to the teacher model has been shown to 407

significantly improve the quality of the teacher 408

model, with an average increase of 1.88 compared 409

to teacher training methods that do not incorporate 410

such distillation process (such as Stand-alone and 411

Co-training & one-way distillation). 412

3) Is the teacher’s performance improvement 413

reflected in the student’s performance improve- 414

ment? We find that a better teacher leads to fur- 415

ther performance improvement of the student from 416

77.46 to 77.94. The results demonstrate that the 417

distillation process successfully improves the per- 418

formance of both the teacher and student. The 419

student trained with our CTCD method achieves 420

better performance than students trained with the 421

Stand-alone or Co-training & one-way distillation 422

methods, with an average improvement of 0.88 and 423

0.47, respectively. 424

5.2 In-depth Study 1: Adjusting Loss Weights 425

In this Section, we investigate the impact of distilla- 426

tion on the performance of both the student and the 427

teacher by adjusting loss weights (αh, αs, βh, βs) 428
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for hard loss and soft loss. For example, setting429

αh : αs = 1 : 4 emphasizes learning from the430

teacher’s knowledge (i.e., the soft loss for the stu-431

dent) 4× more than the ground truth label distri-432

bution (i.e., the hard loss for the student), during433

co-training. This allows us to better understand the434

effect of distillation on each model and optimize435

their performance.436

Teacher side In Figure 5(a), we co-train the437

teacher model using distillation to transfer knowl-438

edge from the student model. We fix the weighting439

values for the losses of the student to αh : αs = 1 :440

1 and vary the weighting values for the losses of441

the teacher, βh : βs, while training on a large text442

corpus. We then evaluate the average performance443

of the pre-trained teacher models on downstream444

tasks from the dev sets of GLUE benchmark.445

Our results show that co-training the teacher with446

distillation outperforms training the teacher alone,447

regardless of the weighting values for the soft loss,448

by obtaining higher gains of 0.36, 0.77, 1.80, and449

1.02 for βh : βs = 1 : 1, 1 : 2, 1 : 4, and 4 : 4,450

respectively. Additionally, we find that giving more451

weight to the soft loss of the teacher during training452

(αh : αs : βh : βs = 1 : 1 : 1 : 1 → 1 : 1 : 1 :453

2 → 1 : 1 : 1 : 4) leads to improved performance,454

with an average score of 78.42 → 78.83 → 79.86.455

Furthermore, we observe that emphasizing only the456

soft loss of the teacher (1 : 1 : 1 : 4) yields better457

performance than emphasizing both the hard and458

soft losses of the teacher (1 : 1 : 4 : 4), with an459

average score of 79.86 vs. 79.09.460

Student side We find that the student model’s461

performance is not sensitive to the weighting values462

for the hard and soft losses of the student, (αh : αs).463

Regardless of the chosen values, co-training the464

student with distillation consistently improves its465

performance compared to training the student alone.466

For instance, when we emphasize the soft loss of467

the student by increasing the weighting value for468

(αs) as 1 : 1 : 1 : 1 → 1 : 2 : 1 : 1 → 1 : 4 : 1 : 1,469

we observe similar levels of performance for the470

student model.471

5.3 In-depth Study 2: Length of Training472

We studied the impact of co-training length on the473

effectiveness of the CTCD method (see Figure 6).474

We find that longer training leads to improved per-475

formance, as demonstrated by our experiments us-476

ing two different training lengths: 10 epochs and477

20 epochs. After pre-training the student models478

Figure 6: Length of Training We pre-trained student models
under two different training lengths 10/20 epochs while dis-
tilling knowledge from teacher models via ours or the conven-
tional KD method. Then we adapt pre-trained student models
on CoLA task. With enough longer training (20 epoch), the
student model distilled by ours significantly outperforms the
student model distilled by the conventional KD method, with
a higher gain of 5.22.

with these different lengths, we adapted them to 479

the CoLA downstream tasks and evaluated their 480

performance using Matthew Correlation. 481

Results By increasing the (co-)training length 482

from 10 epochs to 20 epochs, CTCD (Ours) signif- 483

icantly improves the performance of the student 484

model from 35.02 to 46.23, with a gain of 11.21. 485

This outperforms the conventional KD method, 486

which only achieves a gain of 0.07 from 40.94 to 487

41.01, despite a longer training time. The conven- 488

tional KD method relies on a pre-trained teacher 489

model to train the student model, which allows 490

for fast convergence but limits the learning of the 491

student model. In contrast, the CTCD method al- 492

lows for additional performance gains for both the 493

teacher and student models by enabling them to 494

learn and grow together during co-training. This 495

can provide further benefits to the student model’s 496

performance with longer co-training. 497

5.4 Efficacy of Community KD 498

We compare the proposed Community KD with 499

the conventional KD method, DistilBERT (Sanh 500

et al., 2019). To ensure a fair comparison, we use 501

the pre-trained BERT-base as the teacher model for 502

both methods and the 6-layer BERT as the student, 503

which is the same architecture used in DistilBERT. 504

As described in Section 4, we train two student 505

models concurrently and they learn from the pre- 506

trained BERT, the ground truth labels, and each 507

other’s knowledge. Note that since we fine-tune 508

one of the two students distilled by Community 509

KD for downstream tasks, the inference cost is 510
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Downstream Task MNLI QQP QNLI SST-2 CoLA STSB MRPC RTE Average
Metric AMP Acc. Acc. Acc. Acc. Matthew. Pearson. Spear. F1 Acc. Acc. Acc.

Dataset Size 392.7k 363.8k 104.7k 67.3k 8.5k 5.7k 3.7k 2.5k

Teacher BERT (109M) 84.17 90.89 90.68 91.86 57.54 88.84 88.56 89.31 85.04 65.34 83.23

Student
(67M)

DistilBERT FP32 81.93 90.05 87.72 90.94 52.03 86.28 86.07 87.94 82.59 57.76 80.33
Ours: Student 1 FP16 81.88 90.17 88.24 91.51 54.82 86.70 86.49 89.76 85.29 59.21 81.40
Ours: Student 2 FP16 81.34 89.75 88.37 90.71 56.08 86.42 86.44 89.80 85.29 59.20 81.34

Table 2: Efficacy of Community KD The pre-trained BERT and 6-layer BERT is the teacher model and student architecture,
respectively, for both ours and DistilBERT. We fine-tune the distilled students on dev sets of GLUE benchmark. We observe that
learning from the soft knowledge of different student model improves performance over DistilBERT on most downstream tasks.

Teacher DistilBERT Ours
Conventional KD Community KDPre-trained BERT

80.33

81.3781.37
1.04

83.23

Av
er

ag
e 

P
er

fo
rm

an
ce

76

78

80

82

84

Figure 7: Comparison with Conventional KD The student
model distilled by ours obtains a higher gain of average per-
formance by 1.04 compared with student model distilled by
the conventional KD (DistilBERT).

the same as DistilBERT. In Table 2, we report the511

results of BERT and DistilBERT using checkpoints512

provided by Hugging Face (HuggingFace) and both513

students (Ours: Student 1 and Ours: Student 2) on514

the dev sets of the GLUE benchmark. We apply515

Automatic Mixed Precision (AMP) (Paszke et al.,516

2019) to Community KD, which typically speeds517

up training but may hurt performance.518

Results The results presented in Table 2 and519

Figure 7 show that Community KD, leads to im-520

proved performance on downstream tasks such as521

QQP, QNLI, SST-2, CoLA, STSB, MRPC, and522

RTE, even when applying quantization techniques.523

Specifically, the average performance gain of the524

student model distilled using our Community KD525

method is 1.04 (1.2%) higher than that of the stu-526

dent model distilled by the conventional KD (Dis-527

tilBERT). This suggests that incorporating knowl-528

edge distillation from both a student model and a529

pre-trained teacher model is more effective than530

only using knowledge distillation from the pre-531

trained teacher model.532

6 Limitations & Future Work533

Limitations The proposed method co-train mod-534

els from scratch and may require a longer pre-535

training time than the conventional KD method. 536

However, as we described in Section 5.3, when 537

the student model is trained long enough with its 538

teacher, it can outperform the models trained with 539

the conventional KD on the downstream task. The 540

proposed co-training method may increase the over- 541

all training cost compared with one-way distilla- 542

tion, and it may become a performance bottleneck 543

depending on training resource constraints. How- 544

ever, note that model co-training and co-distillation 545

can improve model quality while having the same 546

inference cost as the one-way distillation on down- 547

stream tasks. 548

Future Work 1) Co-distillation from the pre- 549

trained models. If there exists a pre-trained 550

teacher and/or student, using such pre-trained mod- 551

els in co-training can further improve their perfor- 552

mance. 2) Architecture Sharing. Models can 553

share some of their architectures by reusing the 554

output of such architectures and updating them to- 555

gether during back-propagation. This may help 556

reduce the additional computing and memory over- 557

head incurred by model co-training, while improv- 558

ing the model quality, especially for the student 559

model. 560

7 Conclusion 561

The increasing size and computational complexity 562

of pre-trained language models (PLMs) can limit 563

their usability in serving online downstream tasks. 564

In this study, we proposed a novel co-training and 565

co-distillation (CTCD) framework that improves 566

both model inference efficiency and quality by 567

training models of different sizes together and ex- 568

tracting inter-model knowledge in both directions. 569

This allowed us to avoid the trade-off between effi- 570

ciency and performance that is typically associated 571

with KD. We introduced a novel Community KD 572

approach for compressing PLMs, which outper- 573

formed the conventional KD method, by 1.2% on 574

the GLUE benchmark. 575
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