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Abstract001

Small language models (SLMs) are crucial for002
applications with strict latency and computa-003
tional constraints, yet achieving high perfor-004
mance remains challenging. Knowledge dis-005
tillation (KD) can transfer capabilities from006
large teacher models, but existing methods007
face a dilemma: off-policy distillation pro-008
vides high-quality supervision but suffers from009
exposure bias (training–inference mismatch),010
while on-policy approaches ensure consistency011
but are limited by the low quality of student-012
generated outputs. To address these issues, we013
propose AdaSwitch, a novel approach that dy-014
namically combines on-policy and off-policy015
generation via an adaptive switching mecha-016
nism. AdaSwitch allows the student to explore017
its predictions within its capability and selec-018
tively integrates teacher guidance only when019
divergence exceeds a context-aware threshold.020
This paradigm preserves generation consis-021
tency while ensuring high-quality supervision.022
Experiments on three datasets demonstrate that023
AdaSwitch consistently improves accuracy and024
reasoning capability with moderate overhead.025
Our code is available at: https://anonymous.026
4open.science/r/AdaSwitch-76F9027

1 Introduction028

With the rapid development of large language mod-029

els (LLMs), scaling laws suggest that increasing030

parameters generally leads to better performance.031

However, in latency-sensitive scenarios such as032

real-time search and recommendation systems, de-033

ploying massive LLMs is often computationally034

prohibitive (Li et al., 2025; Deng et al., 2025).035

Therefore, developing Small Language Models036

(SLMs) that retain strong performance while mini-037

mizing inference costs is of vital importance.038

Obtaining high-quality SLMs is often achieved039

by transferring knowledge from large teacher mod-040

els via Knowledge Distillation (KD) (Hinton et al.,041

2015; Xu et al., 2024; Wang et al., 2025; Sanh et al.,042
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Figure 1: An example illustrating the sequence gen-
eration process for off-policy, on-policy, SKD, and
SWITCH methods. denotes the teacher, and rep-
resents the student.

2019). Current KD paradigms generally fall into 043

two categories depending on the source of training 044

data (Xu et al., 2024): Off-policy methods (e.g., 045

MiniLLM (Gu et al., 2024), SeqKD (Kim and 046

Rush, 2016)) utilize teacher-generated sequences 047

or ground-truth data, providing rich supervision 048

signals but suffering from training-inference mis- 049

match, as the student never learns to recover from 050

its own errors. Conversely, on-policy methods (e.g., 051

GKD (Agarwal et al.)) train on student-generated 052

sequences, aligning training with inference but of- 053

ten collapsing due to the low quality of the stu- 054

dent’s initial outputs, especially in the early stages 055

of distillation. Effectively combining the strengths 056

of both paradigms—high-quality supervision and 057

distribution consistency—remains a key challenge. 058

Recent attempts, such as SKD (Xu et al.) and 059

SWITCH (Koo et al., 2025), propose mixing stu- 060

dent and teacher tokens within a single sequence. 061

However, these methods typically employ frequent, 062

bidirectional switching strategies, where control is 063
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Figure 2: Overview of the proposed AdaSwitch approach. When the divergence between the student and teacher
logits for the next token exceeds τ = K · d̄i, AdaSwitch switches to the teacher to generate the remaining tokens.

denotes the teacher, and represents the student.

returned to the student immediately after a teacher064

intervention. We argue that such fragmentation065

disrupts the semantic coherence of the generation066

process. When a model is forced to constantly067

toggle between the student’s and the teacher’s la-068

tent states, it may generate disjointed sequences069

(or "chimeras") that satisfy neither distribution per-070

fectly. Furthermore, existing static or rigid thresh-071

olding mechanisms fail to adapt to the varying dif-072

ficulty of different samples, limiting their effective-073

ness on complex reasoning tasks.074

To address these limitations, we propose075

AdaSwitch, a context-aware sequence generation076

framework that dynamically alternates between on-077

policy exploration and off-policy guidance at the078

token level. AdaSwitch adopts an adaptive one-079

time switching mechanism: the student initially080

generates tokens autonomously (Exploration Stage)081

to maintain training-inference consistency. Once082

the student’s divergence from the teacher exceeds083

a dynamic threshold derived from recent genera-084

tion history, the teacher takes over to generate the085

remaining sequence (Guidance Stage), ensuring086

high-quality outputs. This design prevents logic087

fragmentation caused by frequent switching and088

ensures that the student receives a high-quality cor-089

rection exactly when its capability limit is reached.090

We evaluate AdaSwitch on three datasets using091

three distinct teacher–student model pairs. Experi-092

mental results reveal that AdaSwitch consistently093

improves performance in most scenarios, highlight- 094

ing its robustness and versatility across tasks. In 095

terms of efficiency, AdaSwitch maintains an ac- 096

ceptable computational overhead, averaging only 097

1.3× that of the pure on-policy method, while 098

achieving a 10% reduction compared with SKD 099

and SWITCH. This modest overhead increase en- 100

sures that AdaSwitch remains highly practical for 101

real-world applications. 102

2 Methodology 103

2.1 Problem Setup 104

We study KD for LLMs by considering a teacher 105

model Mt and a student model Ms with different 106

capacities. Our goal is to train Ms to mimic Mt’s 107

behavior on a specific task T . The student model 108

Ms is parameterized by learnable weights θs, while 109

the teacher model Mt has fixed parameters θt. 110

For task T , we assume access to a collection of 111

input prompts x and associated target sequences y, 112

either from ground-truth data or model-generated 113

outputs. To quantify the difference between the 114

teacher’s and student’s token-level predictions, we 115

define a divergence function D(· ∥ ·), such as Kull- 116

back–Leibler (KL) divergence: 117

di(Mt,Ms) = D
(
Mt(· | y<i, x) ∥Ms(· | y<i, x)

)
,

(1) 118
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Algorithm 1 AdaSwitch Knowledge Distillation for LLMs

Input: Student LLM Ms, Teacher LLM Mt, Prompt dataset {xn}Nn=1, Decoding length α, Sliding window length L, Divergence
threshold multiplier K, Divergence metric D

1: for n = 1 to N do
2: Initialize empty list of recent divergences Dwindow
3: use_teacher ← False
4: for i = 1 to α do
5: if use_teacher then
6: Sample yi ∼Mt(· | y<i, xn) ▷ teacher continues generating
7: else
8: Sample yi ∼Ms(· | y<i, xn) ▷ student generates token
9: Compute divergence di = D

(
Mt(· | y<i, xn) ∥Ms(· | y<i, xn)

)
10: if i > L then
11: Compute sliding window average d̄i−1 = 1

L

∑i−1
j=i−L dj

12: if di > K · d̄i−1 then
13: use_teacher ← True ▷ switch to teacher for remaining tokens
14: Sample yi ∼Mt(· | y<i, xn)
15: end if
16: end if
17: Append di to Dwindow
18: end if
19: end for
20: Apply gradient descent to minimize D(Mt∥Ms)(y | xn) over generated sequence
21: end for

where i indexes the decoding step. The overall119

sequence-level divergence is then:120

D(Mt∥Ms)(y|x) =
1

Ly

Ly∑
i=1

di(x, y), (2)121

with Ly the length of y. The learning objective is122

to minimize D(Mt∥Ms)(y|x), encouraging Ms to123

closely approximate Mt.124

2.2 Target Sequence Selection125

The choice of target sequence y is critical in KD.126

Off-policy methods use fixed targets from datasets,127

while on-policy methods generate y from the stu-128

dent model itself:129

y ∼ Ms(· | x; θs). (3)130

However, off-policy methods suffer from a mis-131

match between training and inference in the stu-132

dent model, whereas on-policy methods are limited133

by the low quality of student-generated sequences,134

leading to suboptimal performance.135

2.3 AdaSwitch136

To overcome the limitations of off-policy and on-137

policy approaches and fully unlock the potential138

of knowledge distillation, we propose a novel se-139

quence generation approach known as AdaSwitch140

as shown in Figure 2.141

Adaswitch is designed to enhance the training of142

student models during sequence generation through143

dynamic guidance based on the divergence between 144

the predictions made by the student and the teacher 145

models. The primary objective of AdaSwitch is 146

to achieve a delicate balance between exploration 147

and guidance: while the student model is permitted 148

to explore early predictions, it receives corrective 149

interventions when its outputs diverge significantly 150

from those of the teacher, thereby ensuring high- 151

quality supervision throughout the training process. 152

At each generation step i, we compute the diver- 153

gence di(Mt,Ms) between the next-token predic- 154

tions from the teacher and the student, as defined 155

in Equation 1. This divergence serves as a quanti- 156

tative measure of the discrepancy between the two 157

models’ predictions on the current token, allowing 158

us to evaluate the alignment of the student with the 159

teacher’s knowledge. 160

To effectively assess whether the current pre- 161

dictions of the student model diverge from those 162

of the teacher model, we introduce a metric that 163

adapts to sequences characterized by varying distri- 164

butions. Specifically, we maintain a sliding window 165

of length L over the most recent divergences, com- 166

puting the moving average as follows: 167

d̄i =
1

L

i∑
j=i−L+1

dj , for i ≥ L. (4) 168

This moving average, d̄i, provides a context- 169

sensitive measure of divergence, allowing the 170

model to adjust its behavior according to recent 171
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Llama-3.1-3b to Llama-3.1-1b Qwen-2.5-3b to Qwen-2.5-0.5b Gemma-7b to Gemma-2b
SUMM GSM GSM_Plus SUMM GSM GSM_Plus SUMM GSM GSM_Plus

Teacher 37.5 59.6 38.6 37.4 65.4 45.4 57.0 36.9 33.4
Student 13.5 0.0 0.0 12.1 0.0 0.0 11.6 0.0 0.0

SFT 32.3 29.0 12.0 30.3 31.0 15.5 31.8 18.9 11.7
SeqKD 32.1 28.2 11.8 30.1 30.4 14.4 31.0 21.8 10.5

Off-policy 34.6 30.6 13.8 32.4 33.5 17.9 35.1 22.6 10.7
On-policy 34.3 32.7 14.3 32.3 34.1 20.2 34.1 26.2 13.8
ImitKD 35.1 30.6 15.6 32.5 34.6 21.3 34.9 25.3 13.5

SWITCH 33.7 33.2 16.0 31.8 35.2 20.8 35.1 24.8 13.8
SKD 34.9 32.4 16.9 32.3 33.0 20.4 35.0 26.0 13.9

AdaSwitch 35.6 35.0 17.3 32.6 36.3 21.6 35.6 26.8 14.2

Table 1: Performance comparison of different Knowledge Distillation methods for Llama and Qwen on three tasks.
Performance is evaluated using Rouge-L on the SUMM summarization dataset and accuracy on the GSM and
GSM-Plus reasoning benchmarks.

prediction patterns. Based on this, we define a172

threshold τ when generating yi as follows:173

τ = K · d̄i−1, (5)174

where K is a hyperparameter that scales the175

threshold relative to the moving average of diver-176

gences. The student model continues generating177

tokens as long as its divergence from the teacher178

model remains below this adaptive threshold τ . If179

the divergence exceeds τ , the teacher continues to180

generate:181

yi ∼

{
Ms(· | y<i, x; θs), di(Mt,Ms) ≤ τ,

Mt(· | y<i, x; θt), di(Mt,Ms) > τ.
(6)182

Once a switch to the teacher model occurs, all183

subsequent tokens are generated exclusively by184

the teacher model, eliminating the need for fur-185

ther divergence checks. The complete algorithm of186

AdaSwitch is presented in Algorithm 1.187

By integrating adaptive sliding-window thresh-188

olds and selective teacher intervention, AdaSwitch189

not only ensures consistency between training and190

inference but also maintains high-quality supervi-191

sion for the student model. This approach effec-192

tively harnesses the strengths of both exploration193

and guidance, leading to improved model perfor-194

mance and robustness in diverse sequence genera-195

tion tasks.196

3 Experiments197

3.1 Student and Teacher Models198

We conducted experiments using three state-of-199

the-art LLM families: Qwen 2.5 (Team, 2024),200

Llama 3.1 (Grattafiori et al., 2024) and Gemma201

(Team et al., 2024). For the teacher models, we em- 202

ployed the SFTed Qwen-2.5-3B, Llama-3.1-3B and 203

Gemma-7B, while the student models consisted of 204

Qwen-2.5-0.5B, Llama-3.1-1B and Gemma-2B. 205

3.2 Datasets and Experimental Setup 206

To evaluate the effectiveness of our proposed 207

AdaSwitch, we conduct experiments on two dis- 208

tinct types of datasets: DialogSum (Chen et al., 209

2021) for dialogue summarization and GSM 210

(Cobbe et al., 2021) for arithmetic reasoning. For 211

arithmetic reasoning, we use one additional dataset 212

GSM-Plus (Li et al., 2024) to further test the gen- 213

eralizability and robustness of our approach. Each 214

task follows a two-stage procedure: we first fine- 215

tune the teacher model on the task, under the as- 216

sumption that it serves as a domain expert, and then 217

perform knowledge distillation by randomly sam- 218

pling approximately 1K examples from the task, 219

following common practices in prior KD work. De- 220

tailed configurations for each dataset are provided 221

in the subsequent sections. For reproducibility, 222

all implementations adopt greedy decoding during 223

evaluation. Detailed descriptions of the datasets, 224

including metrics and data splits, are provided in 225

Appendix A. 226

3.3 Hyperparameters 227

For all SFT experiments, we used a learning rate 228

of 1e-5, a warmup ratio of 0.1, and a dropout rate 229

of 0.1, training each model for three epochs and 230

selecting the checkpoint with the lowest validation 231

loss. For KD, input/output lengths were set to 1024, 232

256 for dialogue summarization and 128, 512 for 233

arithmetic reasoning. Student models used a tem- 234

perature of 0.5 and top-p of 0.5, while teachers used 235
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Figure 3: Further comparison of performance under different distance metrics on three tasks.

a temperature of 0.2 and top-p of 0.5, following236

prior work (Xu et al.). All models were trained for237

three epochs with a learning rate of 1e-5. For fair238

comparison, we set Kskd = 0.5 for SKD, and fixed239

the sliding window length L = 10 and threshold240

K = 3. The effects of L and K are analyzed later.241

3.4 Baselines242

Supervised FT directly minimizes the negative243

log-likelihood of the student’s predictions on the244

target sequence, which is the ground-truth.245

SeqKD (Kim and Rush, 2016) performs Super-246

vised FT on teacher-generated target sequences.247

SupervisedKD (Sanh et al., 2019) trains a student248

model to mimic the token-level probability distri-249

bution of a teacher model over a fixed ground-truth250

sequence of each (x, y) pair by minimizing the251

distance between the student’s and teacher’s pre-252

dictions. Since this method delivers the best perfor-253

mance among all off-policy approaches, we refer254

to it simply as off-policy in the following.255

GKD (Agarwal et al.) applied on-policy KD to256

address the training-inference mismatch in student257

models by sampling target tokens directly from the258

student’s own output. We refer to this method as259

on-policy in the remainder of this paper.260

ImitKD (Lin et al., 2020) randomly sample tar-261

get sequences from either the ground truth dataset262

or the student model, which is a sequence-level263

mixing strategy of on-policy and off-policy.264

SWITCH (Koo et al., 2025) employs token-level265

switching between the student and teacher based on266

a fixed threshold decay during sequence generation.267

SKD (Xu et al.) employs a speculative decoding 268

method to improve the quality of the generated 269

sequences by using the teacher model to supervise 270

the sequence generation. 271

3.5 Overall Performance 272

As shown in Table 1, on-policy and off-policy ap- 273

proaches exhibit complementary strengths. On- 274

policy distillation outperforms on GSM and GSM- 275

Plus, whereas off-policy achieves superior results 276

on SUMM. These observations suggest that inte- 277

grating both methods can be advantageous, allow- 278

ing the student model to benefit from the strengths 279

of each approach. 280

Mixed methods such as ImitKD, SWITCH and 281

SKD attempt to integrate both paradigms and yield 282

localized improvements. For instance, ImitKD 283

performs well on SUMM, and SKD shows gains 284

on GSM-Plus. However, these improvements are 285

marginal and inconsistent across tasks and model 286

pairs, reflecting the limited performance improve- 287

ment of their designs. 288

In contrast, AdaSwitch achieves state-of-the-art 289

results across all benchmarks, demonstrating both 290

robustness and effectiveness. On GSM, AdaSwitch 291

surpasses the second-best method by 7.2% and 292

11.8% when applied to Llama and Qwen, respec- 293

tively. These results highlight its ability to integrate 294

the strengths of on-policy and off-policy learning at 295

the token level, leading to significant and consistent 296

improvements. 297

For a more comprehensive comparison, we eval- 298

uate performance using JSD and reversed KLD 299
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Figure 4: Analysis of the relative switching position of
the distillation process

(Gu et al., 2024) as distance metrics, as shown in300

Figure 3. The results indicate that, while existing301

mixed KD methods occasionally provide improve-302

ments, their performance is inconsistent. By com-303

parison, although results vary slightly across differ-304

ent metrics, AdaSwitch consistently performs well305

and is compatible with different commonly used306

distance measures, highlighting the robustness and307

flexibility of AdaSwitch in diverse scenarios.308

3.6 Analysis of Switching Dynamics during309

Distillation310

To better understand the distillation process of311

AdaSwitch, we analyze the switch rate, defined312

as the proportion of sequences that trigger a switch313

from exploration to guidance, along with the aver-314

age KLD between the student and teacher at the315

switching points. Statistics were collected every316

100 steps, and the results are shown in Figure 5.317

First, we observe a significant decrease in KLD318

during distillation across all tasks. This trend indi-319

cates that the student model gradually converges320

toward the teacher, consistent with intuitive expec-321

tations. Moreover, the KLD in the SUMM task322

is consistently lower than that in GSM, aligning323

with the performance difference between the two324

tasks and indicating that the SUMM task presents325

a lower reasoning complexity compared to GSM.326

Switch rates also reveal task-dependent differ-327

ences. On GSM, switch rates remain above 95%328

throughout, whereas SUMM exhibits substantially329

lower rates. This suggests that more challenging330

tasks demand stronger reliance on teacher guid-331
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Figure 5: Analysis of the switch rate and the KLD
at the switch token between the student and teacher
models throughout the distillation process. Statistics
were collected every 100 steps for the first 1000 steps.

ance, while easier tasks allow greater exploration. 332

AdaSwitch thus adaptively balances exploration 333

and guidance according to task difficulty. 334

Further, we observe that the switch rate increases 335

steadily during distillation, most notably in SUMM, 336

while remaining near 100% in GSM. This trend re- 337

flects a gradual decline in exploration and a rise 338

in guidance, indicating that on-policy distillation 339

contributes less over time. Although this may seem 340

counterintuitive, since weaker students would nor- 341

mally require more guidance, the pattern is ex- 342

plained by KLD: early in training, high divergence 343

suppresses switching, but as the student aligns with 344

the teacher, switching becomes more frequent. In 345

other words, AdaSwitch begins in an exploration- 346

dominated on-policy mode and gradually shifts to 347

off-policy guidance as the student improves. This 348

adaptive behavior allows AdaSwitch to dynami- 349

cally balance exploration and guidance according 350

to the student’s capability, ensuring optimal distil- 351

lation across varying tasks. 352

Moreover, we analyze the relative switching po- 353

sition of AdaSwitch during distillation. This also 354

reflects the proportion of tokens generated by the 355

student model. As shown in Figure 4, in GSM the 356

switching position exhibits a clear upward trend, 357

indicating that the teacher intervenes later in the 358

generation process. This suggests that the student 359

model is gradually approaching the teacher’s capa- 360

bility. In contrast, for the SUMM task we do not 361

observe a noticeable increase, which we attribute 362

to the smaller performance gap between the student 363

and teacher models in this setting. 364
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3.7 Early-Stage Distillation Analysis365

The challenge of low-quality outputs in on-policy366

KD is particularly acute during the early stages367

of the distillation process. To investigate whether368

AdaSwitch addresses this issue, we present the val-369

idation loss and test performance trends for on-370

policy, off-policy, and AdaSwitch methods over371

the first 100 steps in Figure 6.372

Regarding the validation loss trends, the result373

indicates that AdaSwitch consistently achieves val-374

ues intermediate between those of the on-policy375

and off-policy methods, providing evidence of an376

effective integration. Since validation loss is com-377

puted using the teacher model’s outputs as ground378

truth, the off-policy method, which directly op-379

timizes against these outputs, attains the lowest380

validation loss.381

Further experimental results of the performance382

on the test set reveal that AdaSwitch demonstrates383

the most rapid improvement rate, particularly on384

the GSM dataset. Notably, at step 30, the accu-385

racy of AdaSwitch surpasses 10%, whereas the off-386

policy and on-policy methods achieve only 7.96%387

and 0%, respectively. These results suggest that388

AdaSwitch, through effective token-level mixing,389

simultaneously ensures the quality of generated390

sequences and reduces the discrepancy between391

training and inference sequences during the early392

stages of distillation. The full experimental results393

are presented in Appendix B.394

3.8 Parameter Analysis395

In the proposed AdaSwitch framework, two hy-396

perparameters, K and L, play pivotal roles: K397

regulates the threshold for switching between ex-398
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Figure 7: Parameter analysis on K and L.

ploration and guidance modes, while L determines 399

the window size for this switching mechanism. 400

Regarding K, empirical results indicate that opti- 401

mal performance is achieved when K lies between 402

3 and 4. Increasing K tends to elevate the propor- 403

tion of exploration relative to guidance, whereas 404

decreasing K has the opposite effect. When com- 405

paring performance across datasets, we observe 406

that the impact of varying K is relatively minor 407

and more stable on the SUMM dataset. In contrast, 408

on the GSM dataset, particularly for the Llama 409

model, performance is significantly more sensitive 410

to changes in K. 411

For the parameter L, the best results are gener- 412

ally obtained around a value of 10. Larger values 413

of L increase the minimum duration of exploration 414

(i.e., at least L tokens), while simultaneously re- 415

ducing the sensitivity of the switching mechanism 416

to fluctuations in the KLD. Conversely, smaller L 417

values increase sensitivity to KLD changes. Con- 418

sistent with observations for K, the effects of vary- 419

ing L are more stable and less pronounced on the 420

SUMM dataset, whereas on the GSM dataset–and 421

especially with the Llama model–performance ex- 422

hibits greater susceptibility to L variations. 423

3.9 Time Consumption Analysis 424

In AdaSwitch, the time cost primarily depends on 425

the sequence length and the per-token generation 426

speed. However, in practice, it is difficult to esti- 427

mate the sequence length for each sample across 428

different KD methods, since generation is per- 429

formed by different models. Moreover, sequence 430

generation accounts for only a small fraction of KD 431

time. Therefore, we conducted a general and prac- 432

tical experiment by comparing the total runtime of 433
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SUMM GSM
Llama Qwen Llama Qwen

Off-policy 0.77x 0.79x 0.61x 0.57x
On-policy 1.00x 1.00x 1.00x 1.00x

SKD 1.28x 1.31x 1.61x 1.53x
SWITCH 1.29x 1.30x 1.59x 1.55x

AdaSwitch 1.20x 1.22x 1.41x 1.38x

Table 2: Relative runtime cost of different KD methods
over the distillation process. Results are normalized by
On-policy (set as 1.00x)

different KD methods over the distillation.434

The results in Table 2 indicate that off-policy435

consistently achieves the lowest runtime cost, since436

it doesn’t conduct sequence generation. On the437

other hand, all mixing-based methods are slower438

than on-policy because they require computing439

teacher logits during generation and switching be-440

tween the student and teacher.441

Comparing the three mixing-based methods,442

AdaSwitch demonstrates a more stable and lower443

overhead, averaging around 1.2× on SUMM and444

1.4× on GSM. This demonstrates that the single-445

switch mechanism enhances time efficiency by446

eliminating repeated teacher–student alternations,447

thereby reducing synchronization overhead and re-448

dundant forward passes in practice.449

4 Related Work450

4.1 Small Language Model Optimization451

The scaling law suggests that increasing the number452

of parameters makes a language model more pow-453

erful. However, relatively small language models454

(SLMs) are essential in scenarios that are sensitive455

to latency or computational costs, such as search456

engines (Li et al., 2025) and recommendation sys-457

tems (Deldjoo et al., 2024). Therefore, developing458

a small language model with satisfactory perfor-459

mance for specific tasks becomes crucial.460

Various optimization methods can be employed461

to create an SLM, including Supervised Fine-462

Tuning (SFT), Direct Policy Optimization (DPO)463

(Rafailov et al., 2023), and Knowledge Distillation464

(KD) (Hinton et al., 2015). However, both SFT and465

DPO require large amounts of high-quality labeled466

data (Raghavendra et al., 2025; Wang et al., 2024),467

which can be a significant limitation. In contrast,468

KD can leverage data of arbitrary size by utilizing469

a teacher model, making it more scalable. More-470

over, while SFT and DPO generally rely on hard471

labels, KD has the advantage of using intermediate472

representations or logits from the teacher model as473

supervisory signals, providing richer information 474

for training the student model (Kim et al., 2022). 475

Given the advantages and widespread use of KD 476

for training SLMs (Muralidharan et al., 2024; Guo 477

et al., 2025; Yang et al., 2025; Abdin et al., 2024), 478

consequently, our work builds on KD to refine its 479

core mechanism for improved performance. 480

4.2 Knowledge Distillation for LLMs 481

In the era of LLM, KD has been adapted to au- 482

toregressive models and categorized into off-policy 483

and on-policy methods, inspired by reinforcement 484

learning (Xu et al., 2024). Off-policy KD uses ei- 485

ther ground-truth sequences or teacher-generated 486

logits for supervision (Kim and Rush, 2016; Sanh 487

et al., 2019). While this ensures high-quality train- 488

ing data, it often causes a mismatch between the stu- 489

dent’s training distribution and inference-time be- 490

havior, leading to inconsistencies (Agarwal et al.). 491

Conversely, on-policy KD trains the student using 492

its own generated sequences, improving consis- 493

tency and performance on some tasks. However, 494

the student’s initially poor outputs limit sequence 495

quality and thus KD effectiveness (Xu et al.). Prior 496

attempts to combine off- and on-policy KD typi- 497

cally mix data at a coarse level (Lin et al., 2020; 498

Agarwal et al.). Among the two most related 499

approaches, SKD employs speculative decoding 500

guided by teacher supervision to enhance sequence 501

quality (Xu et al.). SWITCH (Koo et al., 2025) al- 502

ternates between the student and the teacher during 503

sequence generation based on a threshold with a 504

fixed decay rate. However, both methods rely on 505

frequent switching between the student and teacher 506

models during generation, which can lead to over- 507

fitting to the teacher and limit performance im- 508

provements. In contrast, AdaSwitch mitigates this 509

issue by introducing a more stable and efficient 510

token-level mixing strategy. 511

5 Conclusion 512

In this paper, we introduce AdaSwitch, a token- 513

level mixed distillation framework designed to 514

reduce the gap between training and inference 515

while preserving high-quality student outputs. 516

AdaSwitch adopts a two-stage generation process 517

that dynamically switches from student exploration 518

to teacher guidance. Extensive experiments on 519

three tasks, three LLM families, and three distance 520

metrics verify its effectiveness, delivering signifi- 521

cant performance gains with acceptable time cost. 522
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6 Limitations523

Our primary limitation lies in the constrained524

scope of our experimental evaluation. We val-525

idate AdaSwitch on three tasks and three LLM526

families, which may not fully capture the breadth527

of challenges faced in diverse real-world applica-528

tions. Future work will extend the evaluation to529

a wider range of tasks and domains to further ver-530

ify the generality and robustness of the proposed531

method. Additionally, while AdaSwitch achieves532

significant performance gains, it introduces an ad-533

ditional computational overhead during the KD534

process. As shown in our time complexity analy-535

sis, AdaSwitch incurs approximately 30% higher536

time consumption compared to the standard on-537

policy KD method. However, we consider this538

trade-off acceptable because the KD process is typ-539

ically performed offline, and crucially, our method540

introduces no additional latency or computational541

cost during the inference phase for the final student542

model.543
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Figure 8: Analysis of the switch rate and KLD be-
tween the student and teacher models at the switch token
throughout the distillation process. Statistics were col-
lected every 100 steps for the first 1000 steps.

A Datasets695

Dialogue Summarization. (Chen et al., 2021) For696

the dialogue summarization task, we employ the697

DialogSum dataset, which contains 12.5K training698

samples, 500 validation samples, and 1.5K test sam-699

ples. The complete training set is utilized for SFT700

of the teacher models. For KD, we randomly sam-701

ple 1,000 instances from the training data, and the702

effectiveness of the KD methods is subsequently703

evaluated on the held-out test set. To assess sum-704

mary quality, we use the ROUGE-L metric.705

GSM8K. (Cobbe et al., 2021) To evaluate arith-706

metic reasoning, we utilized the GSM8K dataset,707

a common benchmark for assessing how well lan-708

guage models solve math problems. The dataset709

comprises 8,500 training and 1,300 test examples,710

with each example presenting a grade-school word711

problem alongside its step-by-step solution and fi-712

nal answer. We partitioned the GSM8K training713

set into a training subset (7,000 instances) for SFT714

of the teacher models and a validation subset (473715
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Figure 9: Analysis of the validation loss in early stage
of distillation

instances) following (Xu et al.). For KD, we ran- 716

domly selected 1,000 problems from the training 717

data and then evaluated the effectiveness of our 718

KD methods on the separate test set. Accuracy is 719

applied to assess the performance. 720

GSM-Plus. (Li et al., 2024) GSM-Plus is an 721

adversarial dataset that evaluates the robustness of 722

large language models on mathematical reasoning. 723

This challenging benchmark modifies the original 724

GSM8K problems with numerical, arithmetic, and 725

textual perturbations to test if models can maintain 726

correct reasoning despite subtle changes. In our ex- 727

periments, we evaluated the student models, which 728

were distilled on GSM8K, on the GSM-Plus test 729

set to further assess the generalizability and robust- 730

ness of our knowledge distillation methods. The 731

model’s performance is assessed using accuracy. 732

B More Experimental Results 733

We provide the complete experimental results for 734

the Analysis of Switch Rate and KLD, as well as 735

the Early-Stage Distillation Analysis, in Figure 8 736

and Figure 9, respectively. 737
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