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Abstract

Small language models (SLMs) are crucial for
applications with strict latency and computa-
tional constraints, yet achieving high perfor-
mance remains challenging. Knowledge dis-
tillation (KD) can transfer capabilities from
large teacher models, but existing methods
face a dilemma: off-policy distillation pro-
vides high-quality supervision but suffers from
exposure bias (training—inference mismatch),
while on-policy approaches ensure consistency
but are limited by the low quality of student-
generated outputs. To address these issues, we
propose AdaSwitch, a novel approach that dy-
namically combines on-policy and off-policy
generation via an adaptive switching mecha-
nism. AdaSwitch allows the student to explore
its predictions within its capability and selec-
tively integrates teacher guidance only when
divergence exceeds a context-aware threshold.
This paradigm preserves generation consis-
tency while ensuring high-quality supervision.
Experiments on three datasets demonstrate that
AdaSwitch consistently improves accuracy and
reasoning capability with moderate overhead.
Our code is available at: https://anonymous.
4open.science/r/AdaSwitch-76F9

1 Introduction

With the rapid development of large language mod-
els (LLMs), scaling laws suggest that increasing
parameters generally leads to better performance.
However, in latency-sensitive scenarios such as
real-time search and recommendation systems, de-
ploying massive LLMs is often computationally
prohibitive (Li et al., 2025; Deng et al., 2025).
Therefore, developing Small Language Models
(SLMs) that retain strong performance while mini-
mizing inference costs is of vital importance.
Obtaining high-quality SLMs is often achieved
by transferring knowledge from large teacher mod-
els via Knowledge Distillation (KD) (Hinton et al.,
2015; Xu et al., 2024; Wang et al., 2025; Sanh et al.,
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Figure 1: An example illustrating the sequence gen-
eration process for off-policy, on-policy, SKD, and
SWITCH methods. 2! denotes the teacher, and & rep-
resents the student.

2019). Current KD paradigms generally fall into
two categories depending on the source of training
data (Xu et al., 2024): Off-policy methods (e.g.,
MiniLLM (Gu et al., 2024), SeqKD (Kim and
Rush, 2016)) utilize teacher-generated sequences
or ground-truth data, providing rich supervision
signals but suffering from training-inference mis-
match, as the student never learns to recover from
its own errors. Conversely, on-policy methods (e.g.,
GKD (Agarwal et al.)) train on student-generated
sequences, aligning training with inference but of-
ten collapsing due to the low quality of the stu-
dent’s initial outputs, especially in the early stages
of distillation. Effectively combining the strengths
of both paradigms—high-quality supervision and
distribution consistency—remains a key challenge.

Recent attempts, such as SKD (Xu et al.) and
SWITCH (Koo et al., 2025), propose mixing stu-
dent and teacher tokens within a single sequence.
However, these methods typically employ frequent,
bidirectional switching strategies, where control is
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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 7 = K - d;, AdaSwitch switches to the teacher to generate the remaining tokens.

AJ denotes the teacher, and © represents the student.

returned to the student immediately after a teacher
intervention. We argue that such fragmentation
disrupts the semantic coherence of the generation
process. When a model is forced to constantly
toggle between the student’s and the teacher’s la-
tent states, it may generate disjointed sequences
(or "chimeras") that satisfy neither distribution per-
fectly. Furthermore, existing static or rigid thresh-
olding mechanisms fail to adapt to the varying dif-
ficulty of different samples, limiting their effective-
ness on complex reasoning tasks.

To address these limitations, we propose
AdaSwitch, a context-aware sequence generation
framework that dynamically alternates between on-
policy exploration and off-policy guidance at the
token level. AdaSwitch adopts an adaptive one-
time switching mechanism: the student initially
generates tokens autonomously (Exploration Stage)
to maintain training-inference consistency. Once
the student’s divergence from the teacher exceeds
a dynamic threshold derived from recent genera-
tion history, the teacher takes over to generate the
remaining sequence (Guidance Stage), ensuring
high-quality outputs. This design prevents logic
fragmentation caused by frequent switching and
ensures that the student receives a high-quality cor-
rection exactly when its capability limit is reached.

We evaluate AdaSwitch on three datasets using
three distinct teacher—student model pairs. Experi-
mental results reveal that AdaSwitch consistently

improves performance in most scenarios, highlight-
ing its robustness and versatility across tasks. In
terms of efficiency, AdaSwitch maintains an ac-
ceptable computational overhead, averaging only
1.3x that of the pure on-policy method, while
achieving a 10% reduction compared with SKD
and SWITCH. This modest overhead increase en-
sures that AdaSwitch remains highly practical for
real-world applications.

2 Methodology

2.1 Problem Setup

We study KD for LLMs by considering a teacher
model M; and a student model M, with different
capacities. Our goal is to train M to mimic M;’s
behavior on a specific task 7. The student model
M is parameterized by learnable weights 0, while
the teacher model M, has fixed parameters 6;.

For task 1", we assume access to a collection of
input prompts x and associated target sequences v,
either from ground-truth data or model-generated
outputs. To quantify the difference between the
teacher’s and student’s token-level predictions, we
define a divergence function D(- || -), such as Kull-
back-Leibler (KL) divergence:

di(MtaMs) = D(Mt( | y<i7$) || MS( | y<i7x))7
(1)



Algorithm 1 AdaSwitch Knowledge Distillation for LLMs

Input: Student LLM M, Teacher LLM M, Prompt dataset {xn}ﬁ’:l, Decoding length «, Sliding window length L, Divergence

threshold multiplier K, Divergence metric D
: forn =1to N do

1
2: Initialize empty list of recent divergences Dyindow
3: use_teacher < False
4: for i = 1to o do
5: if use_teacher then
6: Sample y; ~ Mi(- | y<i, Tn) > teacher continues generating
7: else
8: Sample y; ~ Ms( | y<i, Tn) > student generates token
9: Compute divergence d; = D (M (- | y<i, zn) || Ms(- | y<i, zn))
10: if 7 > L then _ _
11: Compute sliding window average d; 1 = T Z;;LL d;
12: ifd; > K - d;_1 then
13: use_teacher < True > switch to teacher for remaining tokens
14: Sample y; ~ Mi(- | y<i, Tn)
15: end if
16: end if
17: Append d; t0 Dyindow
18: end if
19: end for
20: Apply gradient descent to minimize D(M;||M,)(y | ) over generated sequence
21: end for

where ¢ indexes the decoding step. The overall
sequence-level divergence is then:

L
1 Yy
DOIM) i) = -3 dilry). @)
=1

with L, the length of y. The learning objective is
to minimize D(M;||M;)(y|x), encouraging Mj to
closely approximate M.

2.2 Target Sequence Selection

The choice of target sequence y is critical in KD.
Off-policy methods use fixed targets from datasets,
while on-policy methods generate y from the stu-
dent model itself:

y ~ My(- | 6s). 3)

However, off-policy methods suffer from a mis-
match between training and inference in the stu-
dent model, whereas on-policy methods are limited
by the low quality of student-generated sequences,
leading to suboptimal performance.

2.3 AdaSwitch

To overcome the limitations of off-policy and on-
policy approaches and fully unlock the potential
of knowledge distillation, we propose a novel se-
quence generation approach known as AdaSwitch
as shown in Figure 2.

Adaswitch is designed to enhance the training of
student models during sequence generation through

dynamic guidance based on the divergence between
the predictions made by the student and the teacher
models. The primary objective of AdaSwitch is
to achieve a delicate balance between exploration
and guidance: while the student model is permitted
to explore early predictions, it receives corrective
interventions when its outputs diverge significantly
from those of the teacher, thereby ensuring high-
quality supervision throughout the training process.

At each generation step 2, we compute the diver-
gence d;(My, M) between the next-token predic-
tions from the teacher and the student, as defined
in Equation 1. This divergence serves as a quanti-
tative measure of the discrepancy between the two
models’ predictions on the current token, allowing
us to evaluate the alignment of the student with the
teacher’s knowledge.

To effectively assess whether the current pre-
dictions of the student model diverge from those
of the teacher model, we introduce a metric that
adapts to sequences characterized by varying distri-
butions. Specifically, we maintain a sliding window
of length L over the most recent divergences, com-
puting the moving average as follows:

o1
d = —

7
> dj, fori>L. 4)
j=i—L+1

This moving average, d;, provides a context-
sensitive measure of divergence, allowing the
model to adjust its behavior according to recent



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 375 59.6 38.6 374 65.4 45.4 57.0 36.9 334
Student 13.5 0.0 0.0 12.1 0.0 0.0 11.6 0.0 0.0
SFT 323 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 13.8 324 335 17.9 35.1 22.6 10.7
On-policy 34.3 32.7 14.3 323 34.1 20.2 34.1 26.2 13.8
ImitKD 35.1 30.6 15.6 325 34.6 213 349 253 13.5
SWITCH 33.7 332 16.0 31.8 35.2 20.8 35.1 24.8 13.8
SKD 349 324 16.9 323 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 a
threshold 7 when generating y; as follows:

T=K-di1, %)

where K is a hyperparameter that scales the
threshold relative to the moving average of diver-
gences. The student model continues generating
tokens as long as its divergence from the teacher
model remains below this adaptive threshold 7. If
the divergence exceeds 7, the teacher continues to
generate:

di(My, Ms) <,
di(Mt, MS) > T.
(6)

Once a switch to the teacher model occurs, all
subsequent tokens are generated exclusively by
the teacher model, eliminating the need for fur-
ther divergence checks. The complete algorithm of
AdaSwitch is presented in Algorithm 1.

By integrating adaptive sliding-window thresh-
olds and selective teacher intervention, AdaSwitch
not only ensures consistency between training and
inference but also maintains high-quality supervi-
sion for the student model. This approach effec-
tively harnesses the strengths of both exploration
and guidance, leading to improved model perfor-
mance and robustness in diverse sequence genera-
tion tasks.

Yi ~ MS( ’ 3/<i755'§95)a
i
Mt(' | y<i7$;9t)7

3 Experiments

3.1 Student and Teacher Models

We conducted experiments using three state-of-
the-art LLM families: Qwen 2.5 (Team, 2024),
Llama 3.1 (Grattafiori et al., 2024) and Gemma

(Team et al., 2024). For the teacher models, we em-
ployed the SFTed Qwen-2.5-3B, Llama-3.1-3B and
Gemma-7B, while the student models consisted of
Qwen-2.5-0.5B, Llama-3.1-1B and Gemma-2B.

3.2 Datasets and Experimental Setup

To evaluate the effectiveness of our proposed
AdaSwitch, we conduct experiments on two dis-
tinct types of datasets: DialogSum (Chen et al.,
2021) for dialogue summarization and GSM
(Cobbe et al., 2021) for arithmetic reasoning. For
arithmetic reasoning, we use one additional dataset
GSM-Plus (Li et al., 2024) to further test the gen-
eralizability and robustness of our approach. Each
task follows a two-stage procedure: we first fine-
tune the teacher model on the task, under the as-
sumption that it serves as a domain expert, and then
perform knowledge distillation by randomly sam-
pling approximately 1K examples from the task,
following common practices in prior KD work. De-
tailed configurations for each dataset are provided
in the subsequent sections. For reproducibility,
all implementations adopt greedy decoding during
evaluation. Detailed descriptions of the datasets,
including metrics and data splits, are provided in
Appendix A.

3.3 Hyperparameters

For all SFT experiments, we used a learning rate
of 1e-5, a warmup ratio of 0.1, and a dropout rate
of 0.1, training each model for three epochs and
selecting the checkpoint with the lowest validation
loss. For KD, input/output lengths were set to 1024,
256 for dialogue summarization and 128, 512 for
arithmetic reasoning. Student models used a tem-
perature of 0.5 and top-p of 0.5, while teachers used
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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, following
prior work (Xu et al.). All models were trained for
three epochs with a learning rate of 1e-5. For fair
comparison, we set Kg;q = 0.5 for SKD, and fixed
the sliding window length L = 10 and threshold
K = 3. The effects of L and K are analyzed later.

3.4 Baselines

Supervised FT directly minimizes the negative
log-likelihood of the student’s predictions on the
target sequence, which is the ground-truth.
SeqKD (Kim and Rush, 2016) performs Super-
vised FT on teacher-generated target sequences.
SupervisedKD (Sanh et al., 2019) trains a student
model to mimic the token-level probability distri-
bution of a teacher model over a fixed ground-truth
sequence of each (x,y) pair by minimizing the
distance between the student’s and teacher’s pre-
dictions. Since this method delivers the best perfor-
mance among all off-policy approaches, we refer
to it simply as off-policy in the following.

GKD (Agarwal et al.) applied on-policy KD to
address the training-inference mismatch in student
models by sampling target tokens directly from the
student’s own output. We refer to this method as
on-policy in the remainder of this paper.

ImitKD (Lin et al., 2020) randomly sample tar-
get sequences from either the ground truth dataset
or the student model, which is a sequence-level
mixing strategy of on-policy and off-policy.
SWITCH (Koo et al., 2025) employs token-level
switching between the student and teacher based on
a fixed threshold decay during sequence generation.

SKD (Xu et al.) employs a speculative decoding
method to improve the quality of the generated
sequences by using the teacher model to supervise
the sequence generation.

3.5 Overall Performance

As shown in Table 1, on-policy and off-policy ap-
proaches exhibit complementary strengths. On-
policy distillation outperforms on GSM and GSM-
Plus, whereas off-policy achieves superior results
on SUMM. These observations suggest that inte-
grating both methods can be advantageous, allow-
ing the student model to benefit from the strengths
of each approach.

Mixed methods such as ImitKD, SWITCH and
SKD attempt to integrate both paradigms and yield
localized improvements. For instance, ImitKD
performs well on SUMM, and SKD shows gains
on GSM-Plus. However, these improvements are
marginal and inconsistent across tasks and model
pairs, reflecting the limited performance improve-
ment of their designs.

In contrast, AdaSwitch achieves state-of-the-art
results across all benchmarks, demonstrating both
robustness and effectiveness. On GSM, AdaSwitch
surpasses the second-best method by 7.2% and
11.8% when applied to Llama and Qwen, respec-
tively. These results highlight its ability to integrate
the strengths of on-policy and off-policy learning at
the token level, leading to significant and consistent
improvements.

For a more comprehensive comparison, we eval-
uate performance using JSD and reversed KLLD
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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 in
Figure 3. The results indicate that, while existing
mixed KD methods occasionally provide improve-
ments, their performance is inconsistent. By com-
parison, although results vary slightly across differ-
ent metrics, AdaSwitch consistently performs well
and is compatible with different commonly used
distance measures, highlighting the robustness and
flexibility of AdaSwitch in diverse scenarios.

3.6 Analysis of Switching Dynamics during
Distillation

To better understand the distillation process of
AdaSwitch, we analyze the switch rate, defined
as the proportion of sequences that trigger a switch
from exploration to guidance, along with the aver-
age KLD between the student and teacher at the
switching points. Statistics were collected every
100 steps, and the results are shown in Figure 5.
First, we observe a significant decrease in KLD
during distillation across all tasks. This trend indi-
cates that the student model gradually converges
toward the teacher, consistent with intuitive expec-
tations. Moreover, the KLD in the SUMM task
is consistently lower than that in GSM, aligning
with the performance difference between the two
tasks and indicating that the SUMM task presents
a lower reasoning complexity compared to GSM.
Switch rates also reveal task-dependent differ-
ences. On GSM, switch rates remain above 95%
throughout, whereas SUMM exhibits substantially
lower rates. This suggests that more challenging
tasks demand stronger reliance on teacher guid-
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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.
AdaSwitch thus adaptively balances exploration
and guidance according to task difficulty.

Further, we observe that the switch rate increases
steadily during distillation, most notably in SUMM,
while remaining near 100% in GSM. This trend re-
flects a gradual decline in exploration and a rise
in guidance, indicating that on-policy distillation
contributes less over time. Although this may seem
counterintuitive, since weaker students would nor-
mally require more guidance, the pattern is ex-
plained by KLD: early in training, high divergence
suppresses switching, but as the student aligns with
the teacher, switching becomes more frequent. In
other words, AdaSwitch begins in an exploration-
dominated on-policy mode and gradually shifts to
off-policy guidance as the student improves. This
adaptive behavior allows AdaSwitch to dynami-
cally balance exploration and guidance according
to the student’s capability, ensuring optimal distil-
lation across varying tasks.

Moreover, we analyze the relative switching po-
sition of AdaSwitch during distillation. This also
reflects the proportion of tokens generated by the
student model. As shown in Figure 4, in GSM the
switching position exhibits a clear upward trend,
indicating that the teacher intervenes later in the
generation process. This suggests that the student
model is gradually approaching the teacher’s capa-
bility. In contrast, for the SUMM task we do not
observe a noticeable increase, which we attribute
to the smaller performance gap between the student
and teacher models in this setting.
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3.7 Early-Stage Distillation Analysis

The challenge of low-quality outputs in on-policy
KD is particularly acute during the early stages
of the distillation process. To investigate whether
AdaSwitch addresses this issue, we present the val-
idation loss and test performance trends for on-
policy, off-policy, and AdaSwitch methods over
the first 100 steps in Figure 6.

Regarding the validation loss trends, the result
indicates that AdaSwitch consistently achieves val-
ues intermediate between those of the on-policy
and off-policy methods, providing evidence of an
effective integration. Since validation loss is com-
puted using the teacher model’s outputs as ground
truth, the off-policy method, which directly op-
timizes against these outputs, attains the lowest
validation loss.

Further experimental results of the performance
on the test set reveal that AdaSwitch demonstrates
the most rapid improvement rate, particularly on
the GSM dataset. Notably, at step 30, the accu-
racy of AdaSwitch surpasses 10%, whereas the off-
policy and on-policy methods achieve only 7.96%
and 0%, respectively. These results suggest that
AdaSwitch, through effective token-level mixing,
simultaneously ensures the quality of generated
sequences and reduces the discrepancy between
training and inference sequences during the early
stages of distillation. The full experimental results
are presented in Appendix B.

3.8 Parameter Analysis

In the proposed AdaSwitch framework, two hy-
perparameters, K and L, play pivotal roles: K
regulates the threshold for switching between ex-
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Figure 7: Parameter analysis on K and L.

ploration and guidance modes, while L determines
the window size for this switching mechanism.

Regarding K, empirical results indicate that opti-
mal performance is achieved when K lies between
3 and 4. Increasing K tends to elevate the propor-
tion of exploration relative to guidance, whereas
decreasing K has the opposite effect. When com-
paring performance across datasets, we observe
that the impact of varying K is relatively minor
and more stable on the SUMM dataset. In contrast,
on the GSM dataset, particularly for the Llama
model, performance is significantly more sensitive
to changes in K.

For the parameter L, the best results are gener-
ally obtained around a value of 10. Larger values
of L increase the minimum duration of exploration
(i.e., at least L tokens), while simultaneously re-
ducing the sensitivity of the switching mechanism
to fluctuations in the KLD. Conversely, smaller L
values increase sensitivity to KLD changes. Con-
sistent with observations for K, the effects of vary-
ing L are more stable and less pronounced on the
SUMM dataset, whereas on the GSM dataset—and
especially with the Llama model-performance ex-
hibits greater susceptibility to L variations.

3.9 Time Consumption Analysis

In AdaSwitch, the time cost primarily depends on
the sequence length and the per-token generation
speed. However, in practice, it is difficult to esti-
mate the sequence length for each sample across
different KD methods, since generation is per-
formed by different models. Moreover, sequence
generation accounts for only a small fraction of KD
time. Therefore, we conducted a general and prac-
tical experiment by comparing the total runtime of



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.

The results in Table 2 indicate that off-policy
consistently achieves the lowest runtime cost, since
it doesn’t conduct sequence generation. On the
other hand, all mixing-based methods are slower
than on-policy because they require computing
teacher logits during generation and switching be-
tween the student and teacher.

Comparing the three mixing-based methods,
AdaSwitch demonstrates a more stable and lower
overhead, averaging around 1.2x on SUMM and
1.4x on GSM. This demonstrates that the single-
switch mechanism enhances time efficiency by
eliminating repeated teacher—student alternations,
thereby reducing synchronization overhead and re-
dundant forward passes in practice.

4 Related Work
4.1 Small Language Model Optimization

The scaling law suggests that increasing the number
of parameters makes a language model more pow-
erful. However, relatively small language models
(SLMs) are essential in scenarios that are sensitive
to latency or computational costs, such as search
engines (Li et al., 2025) and recommendation sys-
tems (Deldjoo et al., 2024). Therefore, developing
a small language model with satisfactory perfor-
mance for specific tasks becomes crucial.

Various optimization methods can be employed
to create an SLM, including Supervised Fine-
Tuning (SFT), Direct Policy Optimization (DPO)
(Rafailov et al., 2023), and Knowledge Distillation
(KD) (Hinton et al., 2015). However, both SFT and
DPO require large amounts of high-quality labeled
data (Raghavendra et al., 2025; Wang et al., 2024),
which can be a significant limitation. In contrast,
KD can leverage data of arbitrary size by utilizing
a teacher model, making it more scalable. More-
over, while SFT and DPO generally rely on hard
labels, KD has the advantage of using intermediate
representations or logits from the teacher model as

supervisory signals, providing richer information
for training the student model (Kim et al., 2022).
Given the advantages and widespread use of KD
for training SLMs (Muralidharan et al., 2024; Guo
et al., 2025; Yang et al., 2025; Abdin et al., 2024),
consequently, our work builds on KD to refine its
core mechanism for improved performance.

4.2 Knowledge Distillation for LL.Ms

In the era of LLM, KD has been adapted to au-
toregressive models and categorized into off-policy
and on-policy methods, inspired by reinforcement
learning (Xu et al., 2024). Off-policy KD uses ei-
ther ground-truth sequences or teacher-generated
logits for supervision (Kim and Rush, 2016; Sanh
et al., 2019). While this ensures high-quality train-
ing data, it often causes a mismatch between the stu-
dent’s training distribution and inference-time be-
havior, leading to inconsistencies (Agarwal et al.).
Conversely, on-policy KD trains the student using
its own generated sequences, improving consis-
tency and performance on some tasks. However,
the student’s initially poor outputs limit sequence
quality and thus KD effectiveness (Xu et al.). Prior
attempts to combine off- and on-policy KD typi-
cally mix data at a coarse level (Lin et al., 2020;
Agarwal et al.). Among the two most related
approaches, SKD employs speculative decoding
guided by teacher supervision to enhance sequence
quality (Xu et al.). SWITCH (Koo et al., 2025) al-
ternates between the student and the teacher during
sequence generation based on a threshold with a
fixed decay rate. However, both methods rely on
frequent switching between the student and teacher
models during generation, which can lead to over-
fitting to the teacher and limit performance im-
provements. In contrast, AdaSwitch mitigates this
issue by introducing a more stable and efficient
token-level mixing strategy.

5 Conclusion

In this paper, we introduce AdaSwitch, a token-
level mixed distillation framework designed to
reduce the gap between training and inference
while preserving high-quality student outputs.
AdaSwitch adopts a two-stage generation process
that dynamically switches from student exploration
to teacher guidance. Extensive experiments on
three tasks, three LLM families, and three distance
metrics verify its effectiveness, delivering signifi-
cant performance gains with acceptable time cost.



6 Limitations

Our primary limitation lies in the constrained
scope of our experimental evaluation. We val-
idate AdaSwitch on three tasks and three LLM
families, which may not fully capture the breadth
of challenges faced in diverse real-world applica-
tions. Future work will extend the evaluation to
a wider range of tasks and domains to further ver-
ify the generality and robustness of the proposed
method. Additionally, while AdaSwitch achieves
significant performance gains, it introduces an ad-
ditional computational overhead during the KD
process. As shown in our time complexity analy-
sis, AdaSwitch incurs approximately 30% higher
time consumption compared to the standard on-
policy KD method. However, we consider this
trade-off acceptable because the KD process is typ-
ically performed offline, and crucially, our method
introduces no additional latency or computational
cost during the inference phase for the final student
model.
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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 Datasets

Dialogue Summarization. (Chen et al., 2021) For
the dialogue summarization task, we employ the
DialogSum dataset, which contains 12.5K training
samples, 500 validation samples, and 1.5K test sam-
ples. The complete training set is utilized for SFT
of the teacher models. For KD, we randomly sam-
ple 1,000 instances from the training data, and the
effectiveness of the KD methods is subsequently
evaluated on the held-out test set. To assess sum-
mary quality, we use the ROUGE-L metric.
GSMBK. (Cobbe et al., 2021) To evaluate arith-
metic reasoning, we utilized the GSMS8K dataset,
a common benchmark for assessing how well lan-
guage models solve math problems. The dataset
comprises 8,500 training and 1,300 test examples,
with each example presenting a grade-school word
problem alongside its step-by-step solution and fi-
nal answer. We partitioned the GSM8K training
set into a training subset (7,000 instances) for SFT
of the teacher models and a validation subset (473

11

Llama on GSM

=
o

30
2 >
Qo038
- 208
5 3
g 0.6 S
© 10"
Boa g
2 [
0.2 0
35
@ a
2.0 30
E g
c 255
'S 15 2
© 20u
T 10 S 7
© ~ < 151=
>os S e ——
0 20 40 60 80 10
Step
On-policy (Val) == AdaSwitch (Val) —a— Off-policy (Test)
== Off-policy (Val) On-policy (Test) === AdaSwitch (Test)
10 Qwen on GSM
’ 30
2 >
Qos ©
= 20 3
g 0.6 S
© 10<
Boa g
g =
0.2 0
35
a o
30
Sis g
c 253
s 2
© 1.0 20
° 0
© 159
o5

On-policy (Val Loss)
== Off-policy (Val Loss)

== ED-KD (Val Loss)
On-policy (Test Acc)

== Off-policy (Test Acc)
=e— ED-KD (Test Acc)

Figure 9: Analysis of the validation loss in early stage
of distillation

instances) following (Xu et al.). For KD, we ran-
domly selected 1,000 problems from the training
data and then evaluated the effectiveness of our
KD methods on the separate test set. Accuracy is
applied to assess the performance.

GSM-Plus. (Li et al., 2024) GSM-Plus is an
adversarial dataset that evaluates the robustness of
large language models on mathematical reasoning.
This challenging benchmark modifies the original
GSMSK problems with numerical, arithmetic, and
textual perturbations to test if models can maintain
correct reasoning despite subtle changes. In our ex-
periments, we evaluated the student models, which
were distilled on GSM8K, on the GSM-Plus test
set to further assess the generalizability and robust-
ness of our knowledge distillation methods. The
model’s performance is assessed using accuracy.

B More Experimental Results

We provide the complete experimental results for
the Analysis of Switch Rate and KLLD, as well as
the Early-Stage Distillation Analysis, in Figure 8
and Figure 9, respectively.
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