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Abstract

Mixture-of-Experts (MoE) architectures have recently be-
come a more prevalent choice for large language mod-
els (LLMs) than dense architectures due to their superior
performance. However, billions of parameters bring MoE
LLMs a huge cost for deployment and inference. To ad-
dress these issues, knowledge distillation (KD) has become
a widely adopted technique to compress LLMs. Existing KD
methods for LLMs can be divided into dense-to-dense and
moe-to-dense distillation. Dense-to-dense distillation trans-
fers knowledge between single dense LLMs, while moe-to-
dense distillation attempts to transfer knowledge between the
MoE LLMs and the dense LLMs. However, the architectural
mismatch prevents the student from fully absorbing knowl-
edge when distilling MoE LLMs. To address this limitation,
we investigate a new distillation setting, moe-to-moe, which
aims to fully leverage expert knowledge of teachers and en-
able the student to absorb it more effectively. Compared to
dense-to-dense and moe-to-dense, moe-to-moe suffers from
two imbalance issues. First, expert-coverage deficiency re-
flects an imbalanced knowledge transfer of teacher experts:
traditional distillation utilizes only the few experts activated
by the teacher router. Second, routing imbalance appears
when the student routing distribution drifts from the teacher,
which makes it difficult for students to learn how to distribute
different experts. To overcome these issues, we propose a
novel distillation framework for moe-to-moe, Balanced Dis-
tillation (B-Distill), which equally spreads teacher expertise
across student experts while regularizing the student router
toward teacher-consistent balance. First, to mitigate expert-
coverage deficiency, we introduce Monte Carlo exploration,
which stochastically perturbs router probabilities so every
teacher and student expert is sampled without enlarging the
search space. Second, to correct routing imbalance and avert
load collapse, we propose an entropy-aware router distilla-
tion mechanism that aligns the student router with the teacher
while curbing over-concentration. Experiments show that B-
Distill outperforms baselines by up to 6.6% in Rouge-L.

Introduction
Large language models (LLMs) (Achiam et al. 2023; Yang
et al. 2024; Team et al. 2025) have achieved impressive per-
formance in natural language processing (NLP) tasks, such
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Figure 1: Illustration of dense-to-dense distillation, moe-to-
dense distillation, and moe-to-moe distillation. FFN denotes
the feed-forward neural network in the transformer block.

as text generation (Liu et al. 2025), code completion (Egh-
bali and Pradel 2024), and information extraction (Xu et al.
2024b). Across modern architectures of LLMs, mixture-
of-experts (MoE) (Lepikhin et al. 2021; Fedus, Zoph, and
Shazeer 2022) have been widely adopted because they com-
bine vast representational capacity with reduced per-token
computation. However, this benefit involves extensive pa-
rameter counts that complicate deployment and inference.
For example, the MoE variant of the Qwen3 series contains
up to 235 billion parameters (Yang et al. 2025), imposing
severe memory and latency burdens in resource-constrained
environments. Although some lightweight frameworks, such
as LoRAMoE (Dou et al. 2024) and HydraLora (Tian et al.
2024), have implemented lightweight MoE models, the
number of parameters in the base model is still large. Con-
sequently, effective compression for LLMs based on MoE
architectures has become an urgent research priority.

As a model compression technique, knowledge distilla-
tion (KD) (Hinton 2014) has been widely used in LLMs, in
which a compact student model is trained to imitate a larger
teacher model (Li, Liu, and Wang 2025). Current LLM dis-
tillation approaches fall into dense-to-dense and moe-to-
dense. First, dense-to-dense KD transfers logits or hidden
states between fully dense networks, as shown in Figure 1
(a), which ignores the expert structure of MoE teachers (Ko
et al. 2025; Wang et al. 2025). Second, moe-to-dense KD at-
tempts to fuse the knowledge of all teacher experts into a sin-
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Figure 2: An example of distilling from the teacher (MoE ar-
chitecture modified from Llama3.1-8B) to the student (MoE
architecture modified from Llama3.2-1B). We test the expert
routing of layers 6, 12, 18, and 24 of the teacher model and
layers 3, 6, 9, and 12 of the student model, respectively.

gle dense student (Kim, Chu, and Yang 2025), as shown in
Figure 1 (b), or distribute the knowledge of a dense teacher
to an MoE student for learning (Xu et al. 2024a). However,
the architectural mismatch severely limits the ability of the
student to internalize diverse expertise (Hao et al. 2023). To
address this limitation, we dive into the moe-to-moe distilla-
tion as shown in Figure 1 (c), which aims to compress MoE
LLMs under the same architecture.

Although moe-to-moe distillation preserves architectural
compatibility, it introduces two imbalance phenomena that
obstruct knowledge transfer. First, expert-coverage defi-
ciency arises because conventional KD objectives are com-
puted only on the subset of teacher experts activated in each
mini-batch. The remaining experts, therefore, receive neg-
ligible gradients, and their knowledge is not transferred to
the student. As shown in Figure 2 (a), during distillation,
only one expert (such as Expert 1 in Layer 6) in a teacher
MoE layer is activated the most. The other experts are as-
signed very little weight, resulting in knowledge not being
adequately distilled to the student model. Second, routing
imbalance appears when the student’s probabilistic router
departs from the teacher’s distribution. This divergence in-
duces load collapse, where a few student experts process
most tokens while the rest remain underutilized. As shown
in Figure 2 (b), after distillation, the gate weights of student
experts are also concentrated on a small number of experts
(such as Expert 3 in Layer 12), resulting in load collapse and
decreasing the effectiveness of distillation. Previous works
have shown that load collapse can severely degrade the per-
formance of MoE LLMs (Xie et al. 2024). Thus, the load
collapse should be avoided during the distillation.

To resolve both imbalances, we present Balanced Dis-
tillation (B-Distill), a moe-to-moe framework that explic-
itly balances expert transfer and routing. Firstly, to enhance
expert coverage in the teacher model, inspired by Monte
Carlo tree search (Silver et al. 2016), we propose a Monte
Carlo expert exploration mechanism, which injects con-
trolled stochasticity into router probabilities so that every ex-
pert in both teacher and student is sampled during training.
Secondly, to correct routing imbalance in the student model,
we propose an entropy-aware router distillation mechanism,
which guides the student router toward the distribution of the
teacher while penalizing over-concentration to prevent load
collapse. Both the Monte Carlo expert exploration and the
entropy-aware router distillation integrate seamlessly with

standard MoE training pipelines, which can be applied to
the moe-to-moe distillation for MoE LLMs naturally.

We evaluate B-Distill with ten baselines based on
Llama3 (Grattafiori et al. 2024) and Qwen3 (Yang et al.
2025) models, with feed-forward neural networks replaced
by MoE layers. Experimental results on the general and spe-
cific benchmarks show that our B-Distill outperforms all
baselines by up to 6.6% in Rouge-L and 8% in accuracy
scores. More ablation and exploration results demonstrate
the effectiveness of the Monte Carlo expert exploration and
entropy-aware router distillation, which balances the expert
choices in teachers and the gate scores of distilled students.

Our main contributions are as follows:

• We are among the first to investigate the moe-to-moe
distillation for LLMs, and propose a novel moe-to-moe
framework, B-Distill, which relieves the imbalance of
expert-coverage deficiency and routing collapse.

• We propose a Monte Carlo expert exploration mecha-
nism, which samples teacher expert representation dur-
ing distillation to mitigate expert-coverage deficiency.

• We propose the entropy-aware router distillation, which
supplements standard gates matching with an entropy
regularizer to prevent routing collapse.

• Experiments on diverse benchmarks demonstrate that B-
Distill outperforms state-of-the-art distillation baselines
while balancing expert utilization for student models.

Related Work
LLMs based on MoEs. The Mixture-of-Experts (MoE)
framework begins as a conditional-computation model that
routes inputs to specialised experts (Jacobs et al. 1991) and
is later extended to deep networks (Jordan and Jacobs 1994).
Sparse-gated MoE layers (Shazeer et al. 2017) improve ef-
ficiency, while routing strategies evolved from token-level
top-k expert selection (Lepikhin et al. 2021; Fedus, Zoph,
and Shazeer 2022) to expert-selected tokens (Zhou et al.
2022) and globally optimised assignments (Lewis et al.
2021; Clark et al. 2022). Although these innovations have
pushed LLMs beyond the hundred-billion-parameter mark
(Chen et al. 2023; Jiang et al. 2024; Yang et al. 2025), they
also intensify memory and latency bottlenecks, underscor-
ing the urgent need to compress MoE-based LLMs. Cur-
rently, some lightweight MoE architectures, such as Lo-
RAMoE (Dou et al. 2024) and HydraLora (Tian et al. 2024),
have been proposed, but they cannot compress base models.

Knowledge Distillation. Knowledge distillation (KD) re-
mains the standard approach for compressing large mod-
els (Hinton 2014; Liu et al. 2024), which can be categorized
by dense-to-dense and moe-to-dense distillation. In dense-
to-dense, black-box methods train students on teacher-
generated chains of thought (Hsieh et al. 2023; Ho, Schmid,
and Yun 2023), whereas white-box techniques align hid-
den representations (Zhang et al. 2024) or refine divergence
losses (Sanh 2019; Agarwal et al. 2024; Ko et al. 2024). In
moe-to-dense, recent methods resample or reweight experts
for effective distilling (Xu et al. 2024a; Kim, Chu, and Yang
2025). However, little work studies moe-to-moe distillation.
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Figure 3: An overview of the B-Distill framework.

Methodology
Preliminary and Problem Statement
Knowledge Distillation for LLMs. Given an input-
response pair (x,y), let p(y|x) be the predictive distribution
of a teacher model T and q(y|x) that of a student model S
with parameters θ. Knowledge distillation for LLMs seeks
to align the two distributions p and q. The most common
alignment method is Kullback-Leibler (KL) divergence, and
the distillation loss with KL can be denoted as follows:

LKL = KL(p||q) =
|y|∑
t=1

p(yt | y<t,x) log
p(yt | y<t,x)

q(yt | y<t,x)

(1)
where yt and y<t denote the t-th token and the first t-th pre-
fix tokens in y, respectively. Minimizing Eq. (1) encourages
the student to reproduce the token-level predictive behavior
of the teacher. The supervised fine-tuning (SFT) loss can be
calculated as follows:

LSFT = −
|y|∑
t=1

log q(yt|y<t,x) (2)

The overall distillation loss LKD can be denoted as follows:

LKD = LSFT + LKL (3)

Mixture-of-Experts (MoE) LLMs. The MoE LLMs re-
place each feed-forward sub-layer in the transformer block
with a bank of E expert networks {FFNe}Ee=1 and a learn-
able router g(·). For a token representation h∈Rd, the router
produces a gating vector as follows:

p = softmax
(
g(h)

)
∈ [0, 1]E , ∥p∥1 = 1. (4)

Then, the layer output MoE(·) for each layer is a weighted
sum over all outputs of experts:

MoE(h) =
E∑

e=1

pe FFNe(h) (5)

where pe ∈ p. Therefore, each expert contributes pro-
portionally to its routing score, yielding high representa-
tional capacity while preserving deterministic differentiabil-
ity throughout training. In this paper, we develop distillation
techniques tailored to MoE LLMs, transferring knowledge
from a full-capacity MoE teacher to a compact MoE student.

Framework
The framework of B-Distill is shown in Figure 3. In Stage
1, we align the teacher and student models at both the layer
and expert levels, enabling structured knowledge transfer de-
spite differences in architectural scale. In Stage 2, we in-
troduce Monte Carlo expert exploration, which injects con-
trolled stochasticity into router probabilities to diversify ex-
pert sampling and enhance knowledge coverage. In Stage 3,
we apply entropy-aware router distillation to align student
routing behavior with the teacher while preventing expert
over-concentration with entropy-aware regularization loss.

Layer and Expert Alignment
Before applying the Monte Carlo expert exploration, con-
sidering that student models have fewer transformer layers
or experts, we first align the layers and the experts of the
teacher and the student for better distillation. To align the
layers, assume the teacher model and the student model con-
tain LT and LS Transformer blocks, respectively. Inspired
by the previous layer distillation works (Liang et al. 2023),
we align them by the linear rule ℓS =

⌊
ℓT LS

LT

⌋
and apply

SL-MC on each aligned layer pair (ℓS , ℓT ). Similarly, to
align the experts in one layer, assume the teacher layer con-
tains ET experts and the student layer contains ES experts.
We construct an equal-width mapping π given layer j:

π(j) =
⌊ (j − 1)ES

ET

⌋
+ 1 (6)

In other words, the teacher experts are divided into ES con-
secutive index intervals of equal size so that every ⌈ET/ES⌉
teacher expert is assigned to one student expert. The teacher
gate is then aggregated to student dimensionality via p̃T

e =∑
j:π(j)=e p

T
j and the aggregated teacher state is h̃T

e =∑
j:π(j)=e

(
pTj /p̃

T
e

)
hT
j . In this way, we distill the expert

knowledge of the teacher to the experts of the corresponding
layer of the student in the Monte Carlo expert exploration.

Monte Carlo Expert Exploration
To raise the expected gradient received by each expert, in-
spired by Monte Carlo tree search (Silver et al. 2016), we
stochastically widen teacher expert coverage in MoE layers
during training with a Monte Carlo (MC) expert exploration.
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Algorithm 1: Single Layer MC Expert Exploration

Input: p̃T , h̃T , hS
e , K, α

Output: SL-MC loss in the ℓ-th layer Lℓ
SL-MC

1 Initialize gate: p(0)← p̃T ;
2 Initialize loss: Lℓ

SL-MC←0;
3 for t = 1 to K do
4 Sample teacher expert et ∼ p(t−1);
5 wt←p

(t−1)
et ;

6 Lℓ
SL-MC ← Lℓ

SL-MC + wt

∥∥hS
et − h̃T

et

∥∥2
2
;

7 d← 1; det ← α;
8 p(t)←NORMALIZE

(
p(t−1)⊙d

)
;

9 return LSL-MC;
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Figure 4: Illustration of MC expert exploration in one MoE
layer, where MC draws expert 2, 1, 3, and 4 sequentially.

The MC expert exploration process is shown in Algorithm 1
and Figure 4, where NORMALIZE(v) = v/

∑
e ve, and ⊙

denotes element-wise product.
During distillation, MC receives the aggregated teacher

gate p̃T = {p̃T
e }

E

e=1, the aggregated teacher hidden states
h̃T = {h̃T

e }Ee=1, the student hidden states hS = {hS
e }Ee=1,

the exploration length K, and the damping α as input.
Specifically, SL-MC copies p̃T to p(0) and performs K
Monte Carlo iterations (Line 1-2 in Algorithm 1). At iter-
ation t, SL-MC draws one expert et from the distribution
p(t−1), accumulates an importance-weighted SL-MC loss
wt∥hS

et−h̃
T
et∥

2
2 with wt = p

(t−1)
et (Line 4-6 in Algorithm 1).

To bias future sampling toward yet-unused experts, the se-
lected probability mass is damped by α. The resulting vector
is passed through NORMALIZE(·), which rescales it to sum
to 1 and thereby maintains the simplex constraint (Line 7-8
in Algorithm 1). After K iterations, the MC loss in the ℓ-th
layer can be calculated as follows:

Lℓ
SL-MC =

K∑
t=1

wt

∥∥hS
et − h̃

T
et

∥∥2
2

(7)

By the MC expert exploration, we update the gating proba-
bilities in real time during sampling. This enables us to sam-
ple experts with low initial probabilities during distillation
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Figure 5: Relation between routing collapse and entropy of
gates. Balanced routing brings higher routing entropy.

as well, as shown in Figure 4, enabling more comprehensive
learning for the student model. By accumulating LSL-MC of
all layers, we obtain the total loss LMC as follows:

LMC =
N∑
ℓ=1

Lℓ
SL-MC (8)

Entropy-Aware Router Distillation
In order to enable student experts to learn the knowledge
utilization capabilities of teacher experts, we propose router
distillation for the MoE architecture to align the gate units
between teacher experts and student experts. Specifically,
for the teacher gate p̃T and the student gate pS correspond-
ing to the equal-width mapping π, we calculate the single-
layer router distillation loss Lℓ

SL-RD in layer ℓ as follows:

Lℓ
SL-RD = KL

(
p̃T ∥ pS) (9)

Moreover, in order to balance student expert routing
choices and prevent routing collapse, inspired by previ-
ous works (Shen et al. 2023; Pan et al. 2024), we propose
entropy-aware routing (ER) distillation. Specifically, in the
routing collapse case, the gate scores of a few student experts
tend to be close to 1, while those of other student experts
tend to be close to 0, resulting in low overall gate entropy, as
shown in Figure 5. To balance the gates of student experts,
we add routing entropy during router distillation and use
entropy increase to alleviate routing collapse. The entropy-
aware router distillation loss in layer ℓ is denoted as:

Lℓ
SL-ERD = KL

(
p̃T ∥ pS)− β H

(
pS) (10)

H(pS) = −
∑
e

pS
e logpS

e (11)

where β is the hyperparameter to calculate the entropy. By
accumulating Lℓ

SL-ERD of all layers, we obtain the total loss
LERD as follows:

LERD =
N∑
ℓ=1

Lℓ
SL-ERD (12)

where Lℓ
SL-ERD denotes the SL-ERD loss in the ℓ-th layer.

The final distillation loss Ltotal is defined as follows:

Ltotal = LKD + λ1LMC + λ2LERD (13)

where λ1 and λ2 are used to balance LMC and LERD.
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Experiments
Experimental Setup
Datasets and Benchmarks. For general fields, we dis-
till on Databricks-Dolly-15k (Dolly) (Conover et al. 2023)
train sets. Furthermore, we test the results on Dolly test sets,
Self-Instruct (SelfInst) (Wang et al. 2022), Vicuna Evalua-
tion (Vicuna) (Chiang et al. 2023), Super Natural Instruc-
tions (S-NI) (Wang et al. 2022), and Unnatural Instructions
(UnNI) (Honovich et al. 2023) for a comprehensive evalu-
ation. For specific fields, (1) Medical: we perform distilla-
tion on GenMedGPT (Li et al. 2023) and evaluate on med-
ical tasks (clinical knowledge (CK), professional medicine
(PM), and college medicine (CM)) in MMLU (Hendrycks
et al. 2021). (2) Legal: we distill on Lawyer-Instruct (Align-
ment Lab AI 2024) and US-Terms (Chalkidis et al. 2023)
and evaluate on law tasks (international law (IL) and pro-
fessional law (PL)) in MMLU.

Models. We select LLMs based on MoE for both stu-
dent models and teacher models. Due to limited compu-
tational resources, following (Dou et al. 2024; Tian et al.
2024), we construct lightweight MoE models from existing
dense models with varying sizes. For the teacher models, we
choose Llama3.1-8B (Grattafiori et al. 2024) and Qwen3-
4B (Yang et al. 2025) as base models, then add MoE lay-
ers to each layer of the original models to obtain Llama3.1-
8B-MoE and Qwen3-4B-MoE. For the student models, we
select Llama3.2-1B (Grattafiori et al. 2024) and Qwen3-
0.6B (Yang et al. 2025) as the base models and add MoE lay-
ers to obtain Llama3.2-1B-MoE and Qwen3-0.6B-MoE.

Baselines. We compare our method with 10 baselines. (1)
8 dense-to-dense methods: KD (Hinton 2014), SeqKD (Kim
and Rush 2016), ImitKD (Lin et al. 2020), GKD (Agarwal
et al. 2024), MiniLLM (Gu et al. 2024), Distillm (Ko et al.
2024), Distillm-2 (Ko et al. 2025), and ABKD (Wang et al.
2025). (2) 2 moe-to-dense methods: MoE-KD (Xu et al.
2024a) and SAR (Kim, Chu, and Yang 2025).

Settings. We fine-tune teacher models on each dataset and
then distill student models. We evaluate with Rouge-L, GPT-
4, and accuracy scores. We set the hyperparameters λ1, λ2,
and α to 1, 1, and 0.2, respectively. In the main experiments,
we set the exploration length K to 3, the number of experts
in each model to 4, and the weight of entropy β to 0.1, and
we investigate them in exploratory experiments. All experi-
ments are performed with eight NVIDIA A100 GPUs. Our
code is available at https://github.com/ljj-007/moedistill.

Experimental Results
Main Results on General Fields. The results of Rouge-L
and GPT-4 scores in general fields are shown in Table 1 and
Figure 6. First, we observe that our B-Distill achieves the
highest Rouge-L scores compared to all baselines, as shown
in Table 1. Specifically, in the distillation of Llama3.2-1B-
MoE, B-Distill achieves 1.4 to 3.9 Rouge-L scores higher
than the dense-to-dense methods and 2.0 to 2.1 scores higher
than the moe-to-dense methods. The advantage is even more
pronounced in the distillation of Qwen3-0.6B-MoE, where
our B-Distill outperforms the dense-to-dense methods by

Methods Dolly SelfInst S-NI UnNI Vicuna Avg.
Llama3.1-8B-MoE → Llama3.2-1B-MoE

Teacher 31.64 21.31 16.95 31.21 24.66 25.15
Student 24.66 16.97 15.91 27.62 20.91 21.21

KD 25.63 18.61 15.11 30.23 18.98 21.71
SeqKD 26.44 18.43 15.42 30.51 18.47 21.85
ImitKD 19.79 17.83 15.63 25.14 20.81 19.84
GKD 26.59 18.11 15.93 30.62 18.81 22.01
MiniLLM 25.43 16.17 16.47 30.91 19.62 21.72
Distillm 27.87 16.69 16.79 31.18 17.15 21.94
Distillm-2 28.43 17.83 16.77 30.35 18.21 22.32
ABKD 28.01 17.95 15.37 28.57 19.75 21.94

MoE-KD 26.15 18.74 14.78 29.72 19.24 21.73
SAR 27.21 18.39 14.94 28.41 19.83 21.76

B-Distill 29.62 19.89 16.91 31.62 20.76 23.76
Qwen3-4B-MoE → Qwen3-0.6B-MoE

Teacher 22.43 19.22 11.33 11.21 21.27 17.09
Student 17.81 14.63 2.01 2.39 16.35 10.64

KD 18.72 15.49 1.77 1.32 18.77 11.21
SeqKD 19.13 14.85 2.44 2.61 17.42 11.29
ImitKD 19.78 17.83 7.63 5.11 20.77 14.22
GKD 17.88 17.05 9.48 6.97 20.57 14.39
MiniLLM 14.28 12.87 1.53 1.78 19.63 9.82
Distillm 19.16 17.03 9.21 8.58 19.41 14.68
Distillm-2 18.34 16.74 6.48 8.07 18.94 13.71
ABKD 14.23 11.68 4.53 6.54 17.86 10.97

MoE-KD 19.23 15.17 3.73 4.66 17.94 12.15
SAR 19.47 15.64 5.72 7.27 18.13 13.25

B-Distill 21.71 18.65 9.52 10.53 21.43 16.37

Table 1: Main results on general fields with Rouge-L scores
(%). The bold scores are the highest scores among baselines.
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Figure 6: Main results on general fields with GPT-4 scores.

1.7-6.6 scores and the moe-to-dense methods by 3.1-4.2
scores. This demonstrates that our balanced moe-to-moe
transfer yields more efficient distillation across architectures
(Llama3 and Qwen3) and scales (8B→ 1B and 4B→ 0.6B).

Second, to further validate that our B-Distill generates
higher-quality responses, we test GPT-4 scores, as shown
in Figure 6. Specifically, we randomly sample 100 prompts
from all datasets in the general fields. For each prompt, we
collect the responses from B-Distill and each baseline, then
ask the gpt4-turbo evaluator (temperature 0) to select
the better answer or declare a tie. As summarized in Fig-
ure 6, B-Distill wins the majority of comparisons against all
dense-to-dense baselines (e.g., 53 wins against Distillm-2
in Llama3.2-1B-MoE) and likewise dominates the moe-to-
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Methods CK PM CM PL IL Avg.
Llama3.1-8B-MoE → Llama3.2-1B-MoE

Teacher 0.66 0.65 0.55 0.42 0.66 0.59
Student 0.29 0.24 0.27 0.23 0.41 0.29

KD 0.33 0.29 0.32 0.28 0.47 0.34
SeqKD 0.34 0.30 0.27 0.28 0.52 0.34
ImitKD 0.33 0.27 0.32 0.27 0.45 0.33
GKD 0.32 0.25 0.29 0.28 0.35 0.30
MiniLLM 0.34 0.28 0.31 0.29 0.54 0.35
Distillm 0.33 0.28 0.29 0.28 0.55 0.35
Distillm-2 0.35 0.29 0.32 0.29 0.55 0.36
ABKD 0.32 0.28 0.29 0.28 0.53 0.34

MoE-KD 0.34 0.24 0.31 0.27 0.48 0.33
SAR 0.31 0.26 0.29 0.29 0.51 0.33

B-Distill 0.37 0.31 0.34 0.32 0.58 0.38
Qwen3-4B-MoE → Qwen3-0.6B-MoE

Teacher 0.69 0.63 0.68 0.42 0.66 0.62
Student 0.43 0.34 0.38 0.25 0.51 0.38

KD 0.46 0.36 0.41 0.27 0.54 0.41
SeqKD 0.45 0.36 0.43 0.28 0.52 0.41
ImitKD 0.46 0.38 0.43 0.27 0.53 0.41
GKD 0.47 0.37 0.44 0.28 0.52 0.42
MiniLLM 0.46 0.36 0.43 0.29 0.53 0.41
Distillm 0.46 0.37 0.45 0.28 0.54 0.42
Distillm-2 0.47 0.39 0.39 0.29 0.54 0.42
ABKD 0.46 0.36 0.42 0.28 0.52 0.41

MoE-KD 0.45 0.36 0.41 0.27 0.54 0.41
SAR 0.46 0.37 0.43 0.27 0.54 0.41

B-Distill 0.51 0.41 0.48 0.32 0.58 0.46

Table 2: Main results on specific fields with accuracy.

dense baselines (e.g., 59 wins against SAR in Qwen3-0.6B-
MoE). It confirms that the qualitative gains recognized by
Rouge-L are also validated by a strong referee and under-
scoring the effectiveness of our B-Distill.

Main Results on Specific Fields. The main results on spe-
cific fields are shown in Table 2. Across all three medi-
cal tasks (CK, PM, and CM) and two legal tasks (PL and
IL), our B-Distill consistently delivers the highest accu-
racy scores, surpassing ten strong baselines on both model
lines (Llama3.2-1B-MoE and Qwen3-0.6B-MoE). On aver-
age, our B-Distill narrows the performance gap between the
teacher and the student by roughly one-third, raising abso-
lute scores by about 9 scores for the Llama3 students and
6 points for the Qwen3 students. Specifically, in the med-
ical field, our B-Distill gains of 2-4 scores over the best
prior method, with the lighter Qwen3-0.6B benefiting most
(3 scores on average). In the legal field, our B-Distill boosts
PL and IL by roughly 3 scores for Llama3 students and about
2 scores for the Qwen3 students. These consistent improve-
ments indicate that balanced expert coverage and stabilized
routing are particularly vital for knowledge-intensive set-
tings. Meanwhile, it underscores the promise of B-Distill for
deploying compact, reliable MoE models in safety-critical
fields such as medicine and law domains.

Ablation Results. The ablation results are shown in Ta-
ble 3, where MC and ERD denote the Monte Carlo expert

Methods Dolly SelfInst S-NI UnNI Vicuna Avg.
Llama3.1-8B-MoE → Llama3.2-1B-MoE

B-Distill 29.62 19.89 16.91 31.62 20.76 23.76
w/o MC 28.06 18.95 16.78 30.52 19.71 22.80
w/o ERD 27.92 18.71 15.82 29.78 19.61 22.37

Qwen3-4B-MoE → Qwen3-0.6B-MoE
B-Distill 21.71 18.65 9.52 10.53 21.43 16.37
w/o MC 16.69 17.88 6.49 6.72 17.03 12.96
w/o ERD 12.21 13.51 4.42 4.48 17.15 10.35

Table 3: Ablation results with Rouge-L scores (%).

1 2 3 4 5
Exploration Length K

20

30

R
ou

ge
-L

 S
co

re
s a. Llama3.2-1B-MoE

1 2 3 4 5
Exploration Length K

10

20

R
ou

ge
-L

 S
co

re
s b. Qwen3-0.6B-MoE

Dolly SelfInst S-NI UnNI Vicuna Avg.

Figure 7: Exploration results of different exploration lengths
K from 1 to 5 in general fields with Rouge-L scores (%).

exploration and entropy-aware router distillation, respec-
tively. First, removing either MC or ERD leads to a clear
degradation of Rouge-L. Specifically, when MC is removed,
the average score drops from 23.76 to 22.80 in Llama3.2-
1B-MoE and from 16.37 to 12.96 in Qwen3-0.6B-MoE.
When ERD is removed, the average scores decline to 22.37
and 10.35, respectively. This demonstrates the effectiveness
of our proposed module, MC and ERD, which can boost the
distillation for MoE LLMs. Second, we notice that eliminat-
ing ERD produces the steeper losses (1.39↓ vs. 0.96↓ for
Llama3.2-1B-MoE and 6.02↓ vs. 3.41↓ for Qwen3-0.6B-
MoE), which indicates that mitigating routing imbalance
and preventing load collapse is even more critical than ex-
panding expert coverage, making ERD the dominant con-
tributor to the overall effectiveness of our B-Distill.

Effect of Exploration Length. Figure 7 reports the effect
of varying the Monte Carlo exploration length. Distillation
performance increases monotonically as the length K grows
from 1 to 3, but declines once K > 3. For Llama3.2-1B-
MoE, the average Rouge-L rises from 21 to 25, with the
UnNI dataset contributing more than seven scores of that
gain. The Dolly dataset still achieves a modest improvement
of about one score. The smaller Qwen3-0.6B-MoE is even
more sensitive, whose mean Rouge-L climbs from 16 to 21
at K = 3 and then falls as K increases to 4 and 5. These bell-
shaped curves indicate that a moderate exploration length
(K = 3) offers the best trade-off, exposing the student to
a richer set of teacher experts while avoiding the noise and
load imbalance introduced by overly long random walks.

Effect of Expert Number. We test the distillation perfor-
mance with different numbers of experts, as shown in Fig-
ure 8. Firstly, across both Llama and Qwen models, distilla-
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Figure 8: Exploration results of different expert numbers for
student models in general fields with Rouge-L scores (%).
a → b denotes distilling from the teacher model with a ex-
perts to the student model with b experts in each layer.
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Figure 9: Exploration results of different entropy weights β
from 0 to 0.4 in general fields with Rouge-L scores (%).

tion performance improves monotonically with the number
of experts on four of five benchmarks (Dolly, S-NI, UnNI,
Vicuna) and on average. For example, on UnNI, the 4 →
4 student surpasses 4 → 1 by 5.2↑ scores, and the aver-
age scores rise from 20.9 to 23.8 in Llama3.2-1B-MoE and
from 12.4 to 15.6 in Qwen3-0.6B-MoE. These trends indi-
cate that our B-Distill scale positively correlates with expert
capacity: a larger expert palette enables the student to cap-
ture finer teacher specialization, thereby transferring more
diverse knowledge. Consequently, moe-to-moe distillation
(4 → 2 and 4 → 4) is demonstrably more beneficial than
moe-to-dense (4 → 1). Secondly, while the 4 → 4 variant is
always best on average, the incremental gain from 4 → 2 to
4 → 4 is smaller than that from 4 → 1 to 4 → 2 (e.g., 1.3↑ vs
2.7↑ scores in Qwen3-0.6B-MoE). This suggests a mild law
of diminishing returns: doubling the expert count improves
coverage but also raises routing overhead. In practice, 4 →
2 strikes an attractive balance that captures about 80% of the
full MoE gain while cutting the number of experts by half.
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Figure 10: The average gate scores (%) in different layers of
distilled Llama3.2-1B-MoE tested on the Dolly dataset.

Effect of Entropy Weights. Figure 9 shows the effect of
different entropy weights β. Firstly, raising β from 0 to 0.1
consistently yields a marked performance increase on each
dataset. Specifically, the average scores climb from 14.5%
to 16.0% with Llama3.2-1B-MoE and from 21.5% to 23.3%
with Qwen3-0.6B-MoE. It confirms that entropy-aware rout-
ing alleviates expert collapse and helps the student harvest
diverse teacher knowledge. Secondly, performance remains
essentially flat as β grows from 0.1 to 0.4, fluctuations stay
within 0.4 scores on both Llama and Qwen backbones, indi-
cating that once a minimal amount of entropy regularization
is present, our entropy-aware routing distillation is robust to
further tuning. Consequently, we fix β to 0.1 in all subse-
quent experiments, achieving most of the attainable gain.

Visualization of Gate Scores for Students. Figure 10
compares the gate scores in each layer learned by the four-
expert student Llama3.2-1B-MoE under traditional KD (top)
and our B-Distill (bottom). With traditional KD, the router
suffers clear load collapse. Specifically, at Layer 3, Expert
2 absorbs 0.35 of the traffic while Expert 1 receives only
0.17; Layer 7 concentrates 0.33 on Expert 0; Layer 9 directs
0.34 to Expert 1; and the most extreme case appears at Layer
12, where Expert 2 dominates with 0.45 and the remaining
experts fall below 0.24. These sharp imbalances show that
naive logit matching cannot maintain a balanced expert al-
location. By contrast, our B-Distill keeps each expert share
tightly clustered between 0.24 and 0.29 across all 16 lay-
ers of Llama3.2-1B-MoE, indicating that our entropy-aware
router distillation effectively suppresses routing collapse.

Conclusion
In this work, we study moe-to-moe distillation and propose
a novel distillation framework B-Distill, which balances the
expert coverage and routing distribution. Specifically, to en-
hance the expert coverage, we propose a Monte Carlo explo-
ration to sample teacher experts. To alleviate the imbalance
in gate scores, we propose an entropy-aware router distil-
lation to mitigate the load collapse. In the future, we will
explore distilling LLMs based on larger-scale MoEs.
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