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Abstract

The remarkable performance of Mixture-of-
Experts (MoE) often comes with substan-
tial architectural scale and resource overhead.
Prior structural compression mainly focuses
on expert-level or FFN intermediate pruning.
However, we identify an emerging architectural
trend that the FFN expansion ratio in state-of-
the-art MoEs has steadily decreased, making
intermediate-only pruning less effective and
motivating us to explore other redundancies.
Motivated by this, we propose an orchestrated
hidden-intermediate prune-and-distill frame-
work that, to the best of our knowledge, is the
first to jointly prune expert FFNs along inter-
mediate and hidden dimensions. It includes
Budget-Constrained Coordinate Descent to ef-
ficiently search expert-specific pruning ratios
across the two dimensions, and Attention Re-
lation Transfer Distillation to provide stable
supervision under hidden misalignment. Ex-
periments across diverse benchmarks validates
that hidden-dimension pruning is a promising
direction for compressing modern MoEs.1

1 Introduction

In recent years, Mixture-of-Experts (MoE) have
become one of the mainstream architecture due
to their ability to scale model capacity without a
proportional increase in computational cost (Jiang
et al., 2024; Team, 2025). Most prior work com-
presses MoEs at the expert level. For example,
expert merging (Zhang et al., 2024; Miao et al.,
2025), dropping (Lu et al., 2024; Chen et al., 2022),
or skipping (hao Liu et al., 2024; Gao et al., 2024),
as well as reducing only the intermediate width of
of Feed-Forward Networks (FFNs) (He et al., 2025;
Liang et al., 2025; Li et al., 2025c). Intermediate-
only slimming was historically reasonable because
FFNs used to be much wider than the hidden size,

† Corresponding authors.
1Our code is available at https://github.com/

yifu-ding/MoE-Joint-Prune.
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Figure 1: FFN expansion ratio dffn/dmodel ranges sorted
by released time. It shows that the intermediate size is
becoming smaller over time, inducing the necessity of
compressing other dimensions (e.g., hidden width or
attention modules).

meaning the FFN intermediate dimension was the
main cause of the large parameter amount.

However, intermediate-only pruning delivers
progressively smaller benefits. We discover an ar-
chitectural shift in both dense and MoE models:
the FFN expansion ratio (dffn/dmodel) has been
steadily decreasing. As illustrated in Figure 1, ear-
lier MoEs such as Mixtral, typically adopt ratios in
the range of 2.67 to 3.50, whereas recent models in-
cluding DeepSeek-V3 and Qwen3 reduce this ratio
to 0.29 and 0.38. This trend makes intermediate-
only pruning increasingly less effective, motivat-
ing us to explore other sources of redundancy and
redirect to hidden dimension pruning. Our scope
therefore targets this modern low-expansion-ratio
design choice of MoEs.

Nevertheless, hidden-dimension pruning is non-
trivial, which raises three key challenges: (i) Resid-
ual incompatibility. The hidden width is shared by
attention, FFNs, and normalization through resid-
ual connections, so removing hidden channels can
violate shape constraints or break semantic com-
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patibility to the residual stream. (ii) Intermediate
vs. hidden budget allocation. Under an overall
compression target, how to split pruning between
dffn and dmodel is critical, and the optimal alloca-
tion can differ across experts due to heterogeneous
activation and redundancy patterns. (iii) Distilla-
tion under misalignment. Hidden pruning changes
the representation basis, so teacher and student no
longer share aligned hidden channels, making in-
termediate layer supervision hard to apply.

To address these challenges, we propose an
MoE-tailored Prune-and-Distill framework that
jointly slims expert FFNs across both intermediate
and hidden dimensions. To the best of our knowl-
edge, we are the first to study hidden-dimension
redundancy in MoEs. It is a Joint Pruning Frame-
work to preserve residual compatibility without
introducing expensive alignment operators. To
allocate sparsity between intermediate and hid-
den dimensions, we introduce Budget-Constrained
Coordinate Descent (BCD) algorithm, which effi-
ciently searches expert-wise pruning ratios by prob-
ing two budget-preserving coordinate actions with
lightweight loss evaluations. To mitigate distilla-
tion difficulty under hidden channel misalignment,
we adopt the Relation Transfer Distillation (RTD)
using attention representations, avoiding feature
projection for misaligned hidden dimensions while
improving optimization stability and convergence.

We evaluate our method on two modern MoE
architectures, DeepSeek-V2-Lite and Qwen3-30B-
A3B-Thinking, across diverse benchmarks, and
provide detailed ablations. Under both 25% and
50% structural pruning, our approach achieves the
highest average performance, even surpassing un-
structured pruning methods. Notably, on mathe-
matical reasoning our pruned models remain on
par with the original model. On Qwen3-30B-A3B-
Thinking, our 25% pruned model achieves 96.3%
on GSM8K and 93.9% on MATH500, closely
matching the original model’s performance on
these tasks. These results demonstrate that hidden-
dimension pruning is a practical and effective di-
rection for efficient MoE deployment.

Our main contributions are as follows:

• We identify a key trend in modern MoEs:
the FFN expansion ratio is shrinking, mak-
ing intermediate-only pruning less effective.

• To the best of our knowledge, we are the
first to study an MoE-tailored joint pruning

scheme that prunes both the hidden and inter-
mediate dimensions inside expert FFNs, en-
abling practical MoE slimming without intro-
ducing extra alignment projections.

• Budget-Constrained Coordinate Descent
(BCD) efficiently searches the optimal
pruning ratios for intermediate vs. hidden
dimensions for each expert, and Relation
Transfer Distillation (RTD) provides stable
supervision under hidden misalignment.

• Experiments show that our method consis-
tently outperforms intermediate-only prun-
ing and other pruning methods across diverse
benchmarks, validating the benefit of joint
two-dimensional FFN pruning for efficient
MoE deployment.

2 Related Work

Intermediate Dimension Pruning. Most struc-
tured pruning methods for LLMs and MoE mod-
els primarily target the intermediate dimension in
FFNs, since mainstream Transformer and MoE
backbones often adopt large FFN expansion ra-
tios, making intermediate pruning effective for
reducing parameters and FLOPs (Touvron et al.,
2023a; Jiang et al., 2024). SEAP exploits clus-
tering patterns in hidden states and activations
to prune task-relevant structures without further
training (Liang et al., 2025). SlimMoE estimates
sensitivity via top-k logits KL divergence and
prunes low-importance neurons in expert MLP
projections (Li et al., 2025c). Concurrent to our
work, Ding et al. (2026) also study intermediate-
dimension pruning, reformulating prune-ratio allo-
cation within experts as a channel-score coverage
maximization problem solved via attribution-based
approximation.

Hidden Dimension Pruning. Pruning hidden di-
mensions is challenging due to residual connec-
tions, and prior work is limited. Existing LLM
methods can be roughly divided into three cat-
egories: (1) Globally shared indices: Xia et al.
(2022, 2023); Liu et al. (2025) learn shared masks
to preserve identical hidden indices across layers,
maintaining residual shape compatibility. (2) Ex-
tra projections on the residual path: Ashkboos
et al. (2024); Hu et al. (2024) introduce additional
linear projections or equivalent transforms on resid-
ual streams to keep residual addition aligned after
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Figure 2: (a) Existing alignment-based methods in
LLM hidden-dimension pruning, using extra operators
or learned projections to map feature spaces. (b) La-
tency (ms) and memory usage (GB) of index_add_ and
scatter_add_ operators in MoE expert aggregation un-
der different sequence lengths.

hidden-dimension reduction. (3) Index-based ag-
gregation operators: Gao et al. (2024) decouple
structural constraints by computing on selected hid-
den dimensions and mapping outputs back to the
full residual space via indexing operators, enabling
layer-specific hidden pruning.

Most prior studies focus on dense LLMs, leav-
ing hidden-dimension pruning for MoE models
underexplored. Since experts have different re-
dundancy patterns, shared hidden indices can hurt
accuracy, while alignment projections introduce
extra overhead. To the best of our knowledge, we
are the first to systematically study MoE hidden-
dimension pruning, enabling expert-specific hidden
indices without additional alignment projections.

3 Pre-analysis Challenges in Hidden
Pruning

As noted in Section 1, as the ratio dffn/dmodel

shrinks, pruning only the FFN intermediate dimen-
sion yields progressively smaller gains. This moti-
vates us to consider exploring other redundancies.
However, structured pruning of the hidden dimen-
sion remains under-explored. It is difficult to prune
hidden dimension even in dense LLMs, and the
sparse characteristic of MoEs will enlarge the diffi-
culty. We summarize three key challenges below.

3.1 Residual Misalignment
Transformers is fundamentally constructed based
on residual connections. Therefore, hidden dimen-
sion is shared by almost all submodules, including
attention, FFN, normalization, as well as the resid-
uals alongside these modules. As a result, pruning
hidden channels may cause shape or semantic mis-
alignment between the module output and the resid-

ual path. One solution is to enforce an identical set
of kept hidden indices as a global pruning strategy,
as discussed in Section 2. However, this strategy is
often overly restrictive and leads to larger accuracy
drops, particularly in MoEs where experts are acti-
vated with highly non-uniform frequency and may
favor different channel subsets.

An alternative is to introduce an additional align-
ment operator, such as a learned projection or a
gather-based channel selection, as illustrated in
Figure 2(a). However, these methods brings ex-
tra runtime overhead. In MoE layers, expert out-
puts are typically aggregated via a 1D index_add_
over tokens, whereas hidden-channel pruning in-
troduces an additional channel index, forcing a
2D restore operation (e.g. scatter_add_) to pre-
serve residual compatibility. We benchmark these
operators in Figure 2(b) under a top-8 routing pol-
icy. For sequence below 4096 tokens, 2D scatter
not only incurs higher latency, but also requires
approximately 33% more peak memory. While un-
der long-context settings (≥ 4096 tokens), scatter
yields faster speed, but it demands a substantial
larger memory, exceeding 2GB for a single MoE
layer at 32k context window.

Challenge 1: Hidden-dimension pruning in MoEs
must preserve residual compatibility while avoid-
ing expensive alignment operators.

3.2 Intermediate vs. Hidden Budget Ratio

Given a target overall pruning ratio, one question
naturally arises: how should we allocate the bud-
get between the intermediate and hidden dimen-
sions? We conduct an observation in Figure 3 on
Qwen3-30B-A3B, where we evaluate both fixed
pruning ratios (orange markers) and randomly sam-
pled pruning ratios (blue markers). For each point,
we prune the channels with the lowest scores in
both intermediate and hidden dimensions (scores
are measured following (Sun et al., 2023)), and
collect the negative log-likelihood (NLL) of the
pruned model on the same data batch.

Results shows that the prune ratio allocation be-
tween intermediate and hidden dimensions (pI and
pH ) is non-trivial. It suggests several inspirations:
(1) Even under the same budget constraint (the yel-
low line on the loss surface), the resulting model
can exhibit drastically different loss behavior. (2)
Allocating the entire budget to either dimension
(all-hidden or all-intermediate) is suboptimal, and
hidden channels may structurally more sensitive
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Figure 3: Loss surface for intermediate-hidden budget
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diate and hidden channels. The yellow curve indicates
allocations satisfying the target compression budget, or-
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since they defines the representation basis of the
model. (3) Some randomly generated ratios out-
perform adjacent fixed ratios, indicating that the
optimal expert shape can be heterogeneous rather
than uniform across experts.

However, searching for the best pI and pH for
each expert can substantially enlarge the search
space. This challenge is more pronounced in MoEs
than in dense models because experts are activated
unevenly and exhibit heterogeneous redundancy
patterns. Therefore, an efficient searching algo-
rithm is required to obtain near-optimal expert-wise
prune budget allocations.

Challenge 2: Different intermediate vs. hid-
den budget ration yields drastically different loss,
while expert heterogeneity induces a combinatori-
ally large search space.

3.3 Distillation Difficulty

Hidden-dimension pruning makes representation
distillation substantially harder because teacher and
student no longer share the same feature shape or
basis. Since most intermediate-layer distillation
objectives are defined on hidden states, prior prac-
tices often utilize logits-only distillation (Li et al.,
2025c; Sreenivas et al., 2024; Wan et al., 2024;
Wang et al., 2025) or introduces extra alignment
modules, e.g., learned projections (Passban et al.,
2021; Ashkboos et al., 2024), which increases train-
ing cost. Recent work (Suzuki et al., 2025) further
suggests that even using LoRA adapters to mitigate
the misalignment before distillation, intermediate-
layer distillation may still provide limited gains
over vanilla logits distillation.
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Figure 4: Overview of our joint structured pruning
framework within an MoE Transformer block. We prune
expert FFN intermediate and hidden dimensions, while
distilling attention matrices using KL divergence for
stable optimization.

Challenge 3: Hidden pruning makes representa-
tion distillation difficult because the teacher and
student no longer share aligned hidden shapes and
semantics.

4 Joint Prune-and-Distill Framework

To address the challenges of hidden-dimension re-
dundancy and the teacher-student representation
basis misalignment, we present an MoE-tailored
prune-and-distill framework. In the following, we
introduce the overall pruning framework in Sec-
tion 4.1 (see Figure 4), the Budget-Constrained Co-
ordinate Descent (BCD) in Section 4.2 (illustrated
in Figure 5), and the Attention Relation Transfer
Distillation (RTD) in Section 4.3.

4.1 Overall Pruning Framework

As shown in Figure 4, we propose a joint structural
pruning framework for MoEs that prunes expert
FFNs on both the intermediate dimension dffn and
hidden dimension dmodel, while preserving resid-
ual compatibility and inference efficiency without
introducing exhausted operators.

Specifically, to enable expert-specific hidden pat-
terns, gate and up projections in one expert share
a lightweight 1D gather to select the kept hidden
channels as input, so that, linear layers can be im-
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plemented as smaller dense layers without custom
sparse kernels. Meanwhile, for down projection,
we solely prune its intermediate dimension while
keep all hidden channels, since pruning its hidden
dimension would require 2D indexing during ex-
pert output aggregation (e.g., scatter operators) to
maintain semantic consistency, incurring higher
overhead than standard 1D indexing.

4.2 Budget-Constrained Coordinate Descent
To allocate sparsity between intermediate and hid-
den pruning under a fixed compression target, we
propose Budget-Constrained Coordinate Descent
(BCD), as illustrated in Figure 5. Starting from
an intermediate-only allocation, BCD iteratively
probes two budget-preserving actions for selected
experts: pruning more dffn or pruning more dmodel,
and applies the action with lower validation loss.
Because the initial allocation already prunes only
dffn, BCD shifts budget to dmodel only when a
hidden-pruning action is confirmed to lower the
loss; in high-expansion-ratio MoEs, where hidden
pruning offers little benefit, the search therefore
naturally stays close to this intermediate-only ini-
tialization.

Why Coordinate Descent? We adopt coordinate
descent for three reasons. (i) Budget-preserving
constraint: the two-dimensional allocation prob-
lem is a constrained combinatorial search under
a fixed global compression target, and each co-
ordinate action is designed to be budget-neutral,
so every update automatically satisfies the target
ratio throughout the search. (ii) Low evaluation
cost: each probe requires only an expert-local KL
divergence computed on tokens routed to the acti-
vated expert, rather than a full-model forward pass,
which keeps 100 search rounds per layer inexpen-
sive—approximately 10.6 hours for DeepSeek-V2-
Lite (1×NVIDIA H20) and 14.4 hours for Qwen3-
30B-A3B (2×NVIDIA H20), substantially less
than the subsequent fine-tuning stage and incurred
only once per target compression ratio. (iii) Expert
heterogeneity: redundancy patterns differ substan-
tially across experts, and gradient-free, per-expert
updates are more robust than a jointly optimized al-
location, avoiding coupling of redundancy signals
across experts with different sensitivities.

Initialization: Given the expert-wise pruning ra-
tio pℓ,e from router weights and layerwise loss,
we initialize each expert with kept channel counts
(kI,e, kH,e) by assigning the pruning budget to dffn

while preserving all hidden channels. Each expert
also maintains a step size ∆e and a success counter
successe.

Coordinate Descent: At each round, we sample
a calibration batch and compute the current expert-
wise KL divergence loss Le0 on tokens routed to
expert e. As shown in Figure 5, we then select a
subset of experts S and probe two actions. Next,
we probe two budget-constrained coordinate ac-
tions on S: For Action A1, we adopt more pruning
on intermediate dimension by reducing kI,e by cur-
rent step size ∆e for each e ∈ S. To satisfy overall
parameter budget, we compensate on hidden dimen-
sion by increasing kH,e by 3dmodel

2dffn
∆e, producing

a tentative state (kA1
I,e, k

A1
H,e) for each selected ex-

perts. Action A2 mirrors this procedure, we prune
more hidden channels by decreasing kH,e by ∆e

for all e ∈ S. For both actions, we evaluate the cor-
responding expert-wise losses LeA1

and LeA2
. We

apply the action with lower loss if it improves over
Le0; otherwise, the state remains unchanged.

Expert Subset-size Decay: BCD starts with a
large expert subset size minit and gradually decays
it to mmin. Using a large m early helps redistribute
budgets quickly across many experts. As the search
proceeds, we shrink m to reduce expert coupling in
loss evaluation. This decay enables fast early bud-
get redistribution while reducing expert coupling
later, making the comparison between A1 and A2

more identifiable. Details about expert score penal-
ization and subset size scheduling are provided in
Appendix Section C.3.

Step-size Adaptation: We adapt the expert-wise
step size ∆e using a success-based rule (Figure 5,
right). Le0 is the loss at the start of the current
round for expert e. If the chosen action improves
the loss, i.e., min(LeA1

,LeA2
) < Le0, we increment

successe ← successe + 1 for e ∈ S; otherwise we
reset successe ← 0. Two consecutive successes
lead to a more aggressive exploration by doubling
the step size ∆e ← 2∆e, and resetting successe to
zero, whereas a failure halves the step size ∆e ←
∆e/2. This adaptive rule accelerates the progress,
and reduces oscillations by shrinking the step size
when approaching the local optimum.

We repeat this procedure layer by layer, pro-
ducing the final expert-wise kept channel counts
(kI , kH) for the intermediate and hidden dimen-
sions, respectively.
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Figure 5: Overview of the Budget-Constrained Coordinate Descent (BCD) algorithm. It iteratively optimizes
expert-wise budget allocation between intermediate and hidden dimensions through symmetric actions (A1, A2)
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4.3 Attention Relation Transfer Distillation
Pruning the hidden dimension makes layerwise dis-
tillation nontrivial because it alters the underlying
feature basis of hidden representations, leading to
representation misalignment between teacher and
student. Consequently, naive block-output match-
ing may provide unstable supervision. Moreover,
prior work reports that directly distilling layer out-
puts in LLMs can be overly strict, as it implicitly
enforces strong alignment constraints (Wang et al.,
2025; Zeng et al., 2025; Wan et al., 2024).

Distillation Objective: To improve the opti-
mization stability and convergence of compressed
MoEs, we adopt attention relation transfer distilla-
tion inspired by previous studies (Qin et al., 2022;
Wu et al., 2025). Instead of matching layer outputs,
we distill the relations from query, key, and value
matrices in attention layers.

Let AT
ℓ,a and AS

ℓ,a denote the per-head represen-
tations of A ∈ {Q,K,V} at layer ℓ and head a for
the teacher and student, respectively. We first apply
ℓ2 normalization || · ||2 on the last dimension, and
then form a token-to-token relation matrix by multi-
head scaled dot-product followed by Softmax and
head dimension dhead:

R∗
A,ℓ,a,t = Softmax

(︄
||A∗

ℓ,a,t||2 · ||A∗
ℓ,a,t||⊤2√

dhead

)︄
,

(1)
where ∗ ∈ {T, S}, meaning that we compute rela-
tions in the same way for both the teacher and stu-
dent.The distillation objective then minimizes the
teacher-to-student KL divergence, averaged over
query, key, value, the selected layers Φ, and heads:

LRTD =
1

Nhead |Φ|
∑︂

ℓ∈Φ

∑︂

A∈{Q,K,V}

Nhead∑︂

a=1

DKL

(︁
RT

A,ℓ,a ∥RS
A,ℓ,a

)︁
. (2)

Here Φ is the layers selected for distillation. Fol-
lowing studies (Wang et al., 2020; Wu et al., 2025;
He et al., 2024), we conduct distillation from mid-
dle to later stages, where attention structures are
more stable and more directly tied to high-level
reasoning behavior.

We combine RTD and task loss, and decay the
distillation weight γ over training so that optimiza-
tion gradually shifts from distillation to solely task
supervision. Ablations on enabling logits distilla-
tion and the choice of distilled layers are reported
in Section 5.3.

5 Experiments

In this section, we evaluate our joint prune-and-
distill framework on representative MoE models.

5.1 Settings

Models and Datasets. We evaluate on represen-
tative open-source MoEs, DEEPSEEK-V2-LITE

and QWEN3-30B-A3B, which have small FFN
expansion ratios, i.e., dffn/dmodel=0.69 and 0.38,
respectively. This makes them suitable for eval-
uating joint intermediate and hidden pruning be-
yond intermediate-only compression. We calibrate
BCD with task-related data, including C4 (Raf-
fel et al., 2019), GSM8K (Cobbe et al., 2021),
and OpenCode (Ahmad et al., 2025), and perform
all post-pruning fine-tuning and distillation on Al-
paca (Taori et al., 2023), without any additional
math or code training data.

Comparisons. We compare against Wanda (Sun
et al., 2023), SparseGPT (Frantar and Alistarh,
2023), LLM-Shearing (Xia et al., 2023), and
SliceGPT (Ashkboos et al., 2024) at overall prun-
ing ratios of 25% and 50%. We evaluate all base-
lines without post-pruning fine-tuning and likewise
use the original unpruned checkpoint without ad-
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Method p% ARC-C ARC-E Hella PiQA BoolQ Wino MMLU GSM8K HumanEval Avg

Full model 0 46.93 78.37 77.98 80.52 79.82 71.35 45.58 30.94 32.30 68.60

LLM-Shearing 25 40.18 71.17 63.24 78.92 75.68 68.65 53.03 27.47 27.72 51.78
Wanda 25 46.84 76.64 58.44 79.65 79.39 71.51 53.84 13.12 35.24 57.19
SparseGPT 25 47.01 76.73 58.50 79.24 80.06 71.90 51.76 19.24 34.80 57.69
SliceGPT 25 46.50 74.03 54.96 78.89 73.12 67.32 43.88 19.33 33.91 54.66
Ours 25 46.13 75.14 64.68 79.28 73.15 69.37 52.05 34.65 37.62 59.12

LLM-Shearing 50 28.83 59.28 53.15 69.37 63.96 61.98 34.33 10.99 10.89 43.64
Wanda 50 31.40 50.84 35.41 64.15 63.18 59.27 40.81 1.14 2.44 38.96
SparseGPT 50 33.69 54.66 55.43 68.13 66.30 61.85 42.88 10.15 31.71 47.20
SliceGPT 50 27.05 43.76 35.16 63.92 59.49 61.24 29.18 10.52 11.43 37.97
Ours 50 34.12 60.36 58.74 74.10 66.49 62.88 41.17 28.15 32.67 50.96

Table 1: Comparison on DeepSeek-V2-Lite under diverse tasks and benchmarks. p% is the overall prune ratio.

Method p% ARC-C ARC-E Hella PiQA BoolQ Wino MMLU GSM8K MATH500 Avg

Full model 0 52.70 79.30 78.50 79.60 88.70 72.85 77.80 89.99 93.90 79.26

LLM-Shearing 25 46.13 69.91 58.38 78.74 83.60 67.21 71.46 43.21 77.55 66.24
Wanda 25 26.45 33.71 25.43 52.12 38.50 51.14 22.95 0 0.20 27.83
Ours 25 58.02 80.9 67.21 80.1 81.98 72.64 74.56 96.30 93.88 78.40

LLM-Shearing 50 30.27 49.55 46.31 65.95 63.24 52.43 39.12 29.63 59.18 48.41
Wanda 50 24.57 27.23 26.48 53.75 40.55 50.12 22.93 0 0 27.29
Ours 50 42.06 68.20 63.60 76.77 78.92 69.60 54.91 92.08 83.67 69.98

Table 2: Comparison on Qwen3-30B-A3B-Thinking. p% is the overall prune ratio.

ditional fine-tuning as the reference (Yang et al.,
2024b; Xie et al., 2024).

Benchmarks. We use the EleutherAI LM
Evaluation Harness2, covering general knowledge
and reasoning tasks (math and code). We report
zero-shot performance on ARC-Challenge (Clark
et al., 2018), ARC-Easy (Clark et al., 2018),
HellaSwag (Zellers et al., 2019), PIQA (Bisk
et al., 2019), BoolQ (Clark et al., 2019),
WinoGrande (Sakaguchi et al., undefined) and
MATH500 (Lightman et al., 2023), 5-shot results
on MMLU (Hendrycks et al., 2020), 8-shot re-
sults on GSM8K (Cobbe et al., 2021) and Hu-
manEval (Chen et al., 2021).

Fine-tuning. We apply parameter-efficient fine-
tuning with LoRA on routers and FFNs. The LoRA
for routers uses a smaller rank and a reduced learn-
ing rate scaled by 0.01. Router auxiliary loss is
added with coefficient 0.001 for MoE routing sta-
bility. For distillation, we initialize γ to 10 and
linearly decay it to 0 over training, so that RTD pro-
vides guidance at early stages and gradually phased
out, with the final stage optimized solely by Ltask.
Distillation is performed on Alpaca (Taori et al.,

2https://github.com/EleutherAI/
lm-evaluation-harness

2023) for 2 epochs; no additional math or code
training data are used.

5.2 Overall Results

Tables 1 and 2 compare 25% and 50% prun-
ing on DeepSeek-V2-Lite and Qwen3-30B-A3B-
Thinking. Results indicate that enforcing a globally
shared hidden index can cause substantial accuracy
degradation, particularly on reasoning tasks where
experts exhibit highly heterogeneous redundancy
patterns. While unstructural pruning with Wanda
and SparseGPT is competitive at 25% pruning
on DeepSeek-V2-Lite, performance drops sharply
at 50% pruning because a uniform pruning ratio
across experts is suboptimal for MoEs. In contrast,
our method preserves performance and remains
on par with the original full model in reasoning
tasks even under substantial compression, suggest-
ing that the original MoE carries redundant capac-
ity relative to these tasks. This highlights the im-
portance of allowing each expert choose its own
hidden capacity and representation basis.

Inference Efficiency. Table 3 reports GPU mem-
ory, on-disk storage, and decoding throughput for
the original and 50%-pruned models. Memory is
one of the main deployment bottlenecks for large
MoEs, and 50% pruning reduces peak memory by
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Model p% Memory (GB) Storage (GB) Throughput (tok/s)

Qwen3-30B-A3B
0 57.24 61.06 29.39

50 32.02 32.07 29.16

DeepSeek-V2-Lite
0 31.19 31.41 75.83

50 20.16 16.57 75.90

Table 3: Inference efficiency of the original (p% = 0)
and 50%-pruned models. Throughputs are measured on
a single NVIDIA H20 GPU.

Method ARC-C PIQA GSM8K Avg

Full model 58.36 80.90 89.99 76.42

pI = 0.5 Only 35.84 66.00 80.25 60.90
pH = 0.5 Only 35.07 59.19 61.67 51.98
Preset (Avg.) 30.49 3.6 66.17 2.8 60.83 12.5 52.50
Random (Avg.) 31.57 0.0 68.34 0.3 66.64 5.0 55.52
Mixed Top-k 38.74 67.52 52.86 53.04

BCD (no FT) 37.81 70.88 86.70 65.13
BCD + FT 39.33 75.03 89.41 67.92
BCD + FT + RTD (Ours) 42.06 76.77 92.08 70.30

Table 4: Ablation study of pruning allocation strategies
on Qwen3-30B-A3B under a 50% global pruning ra-
tio. ‘Preset” uses a fixed pH shared across all layers
and experts, while ‘Random” samples expert-specific
ratios. “Mixed Top-k” ranks intermediate and hidden
channel scores jointly in a single list. “BCD (no FT)”
applies BCD without any post-pruning fine-tuning or
distillation, isolating the contribution of the allocation
strategy itself from subsequent recovery.

44% on Qwen3-30B-A3B and 35% on DeepSeek-
V2-Lite, enabling deployment on fewer or smaller
GPUs. Throughput is preserved (within ∼1%),
because the 1D gather that implements hidden
pruning is applied once when the pruned model
is constructed (Section 4.1); decoding then runs
standard dense matrix multiplications over the
smaller gate/up projections, without any runtime
gather/scatter operator or non-contiguous memory
access.

5.3 Ablation Study

Effect of Budget-Constrained Coordinate De-
scent. Table 4 compares methods for hidden and
intermediate dimensions pruning under the same
50% prune ratio. Preset fixes a global pH that
shared across experts. Random samples expert-
specific pH,e from the uniform distribution. Both
compute the corresponding pI,e to meet the overall
pruning ratio. “Mixed Top-k” jointly ranks inter-
mediate and hidden channels together.

Overall, the results suggest that (i) pruning only
one dimension is insufficient, and hidden-only
pruning can be more sensitive, (ii) pruning requires
expert-specific intermediate vs. hidden allocation,
uniform pruning is suboptimal, and (iii) a good al-

KD Loss |Φ| ARC-C PIQA Wino Avg.

Full model – 58.36 80.90 72.85 70.70

No distill 0 39.22 75.35 67.65 60.74
Llogits 0 40.00 75.46 67.75 61.07

LRTD 1 39.02 75.32 67.25 60.53
LRTD 2 40.02 75.68 68.60 61.43
LRTD 4 40.05 75.73 68.39 61.39
LRTD 7 42.06 76.77 69.19 62.67
LRTD,Llogits 7 39.85 75.52 68.40 61.26
LRTD 12 40.10 75.52 67.85 61.16

Table 5: Comparison of distillation settings. |Φ| denotes
the number of layers that are selected for distillation.
Llogits is logits distillation, andLRTD is relation transfer
distillation.

location strategy should be data-driven, while naive
preset or random rules can drop heavily. We ad-
ditionally report “BCD (no FT)”, which applies
BCD without any post-pruning fine-tuning or distil-
lation. Since Wanda, SparseGPT, LLM-Shearing,
and SliceGPT are likewise evaluated without post-
pruning fine-tuning (Section 5.1), this row isolates
the contribution of the BCD allocation strategy un-
der a comparable, fine-tuning-free setting, before
LoRA fine-tuning and RTD are added.

Effect of Relation Transfer Distillation. To
show the effectiveness of RTD, we compare it
with logits-only distillation and no distillation fine-
tuning. Table 5 shows that RTD is consistently
more effective than logits-only, which brings only
marginal improvement over no distillation on the
common knowledge tasks. On GSM8K, the se-
lected seven-layer RTD configuration achieves
92.08, compared with 90.51 for logits-only distil-
lation and 89.41 without distillation, showing that
RTD also benefits mathematical reasoning. As for
the layer selection, a moderate number of layers
selected from middle to later stages performs best
(|Φ| = 7), which achieves the highest accuracy,
outperforming fewer layers (|Φ| = 2, 4) and more
layers (|Φ| = 12). The index of selected layers is
provided in Appendix Section D.3. Combining log-
its distillation with RTD does not further improve
results, therefore, we only use RTD in our main
results as default.

Effect of Calibration Corpus. BCD calibration
only computes the expert-wise KL divergence be-
tween pruned and original models on calibration to-
kens (Section 4.2), with no labels or weight updates,
so it cannot teach the model to solve downstream
tasks (Appendix Section C.2). Table 6 ablates the
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Calibration Corpus ARC-c GSM8K HumanEval

WikiText2 36.11 27.15 2.44
C4 35.94 9.18 3.05
Pile 39.92 42.51 5.17
GSM8K (train) 37.13 61.08 15.85
OpenCodeReasoning 33.95 54.49 29.27
RedPajama 36.51 23.35 3.05

Table 6: Effect of BCD calibration corpus on Qwen1.5-
MoE-A2.7B under 25% pruning. Each row calibrates
BCD using only the listed corpus.
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Figure 6: Search progress on Qwen3-30B-A3B.
Heatmaps track pH over steps across experts, reveal-
ing layer-dependent hidden-pruning preferences. More
layer-wise visualizations are provided in Appendix Sec-
tion D.2 (Figures 8 and 9).

calibration corpus on Qwen1.5-MoE-A2.7B at 25%
pruning: corpora close to a target task improve that
task’s score most, e.g., GSM8K-train gives the best
GSM8K result and OpenCodeReasoning gives the
best HumanEval result, while generic corpora like
C4 and WikiText2 lag far behind on GSM8K. This
gap reflects a better structural match between the
retained channels and the target task rather than
answer leakage. The substantially lower GSM8K
score obtained with C4 calibration further supports
this interpretation.

5.4 Visualizations and Analysis

Tracing of coordinate descent process. To in-
vestigate the progress of BCD, we plot the evolu-
tion of pruning ratios pH throughout the search pro-
cess in Figure 6. It shows that the BCD algorithm
automatically balances the pruning allocation be-
tween the intermediate and hidden dimensions. We
highlight two findings: (1) Layer-wise dynamics:
pH is layer-dependent, with shallow layers pruning
hidden dimension aggressively, while deeper layers
are more sensitive and retain more hidden channels.
(2) Expert heterogeneity: pH varies across experts,
confirming that experts within the same layer pos-
sess distinct redundancy patterns, validating the
necessity of the expert-specific pruning allocation.

No distill
ℒ!"#$%&
ℒ'() Φ = 7 	
ℒ'() Φ = 7 , ℒ!"#$%&

ℒ'() Φ = 12
ℒ'() Φ = 7
ℒ'() Φ = 4
ℒ'() Φ = 2
ℒ'() Φ = 1

(a) Loss curves of different distillation method. (b) Loss curves of layer selection strategies.

Figure 7: (a) Training loss under different distillation
objectives, showing RTD improves convergence and fi-
nal loss. (b) Layer selections, where a moderate number
of layers chosen from the middle to later stages outper-
forms too few or too many layers.

Loss curves during training. Figure 7 shows
the loss curves throughout the fine-tuning. RTD
accelerates convergence and reduces the final loss
compared to no distillation or logits-only distilla-
tion. In addition, the layer selection study in Fig-
ure 7(b) is consistent with the final performance.
|Φ| = 7 leads to the lowest loss in the later training
stage, while selecting too few or too many layers is
less effective.

6 Conclusion

In this work, we present an MoE-tailored prune-
and-distill framework that slims expert FFNs along
the intermediate and hidden dimensions. We
highlight that the FFN expansion ratio is contin-
uously shrinking in recent MoEs, which makes
intermediate-only pruning less effective. To our
knowledge, we are the first to design hidden prun-
ing in MoE architectures. Experiments and ab-
lations show consistent improvements by jointly
pruning multiple dimensions, establishing hidden-
dimension pruning as a viable new direction for
efficient MoE deployment.

Limitations

Our evaluation covers only two text MoEs with
low FFN expansion ratios; future work should test
high-expansion models, routing designs, and model
scales. BCD is sensitive to the calibration distri-
bution, motivating general-purpose or adaptive cal-
ibration for unseen domains. RTD uses a fixed
seven-layer selection and linear decay schedule,
leaving automatic layer and schedule selection for
future work. Finally, expert-specific pruning cre-
ates heterogeneous weight shapes, requiring spe-
cialized kernels and scheduling for efficient multi-
GPU serving.
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A Potential Risks

This paper presents work whose goal is to advance
the field of machine learning. There are many po-
tential societal consequences of our work. But
model compression may affect the reliability, ro-
bustness, and fairness of the compressed model.
In particular, pruning may amplify existing failure
modes of the original model, reduce performance
on underrepresented data distributions, or cause un-
even degradation across tasks and modalities. We
recommend careful evaluation before deployment
in high-stakes applications.

B Trend of Shrinking FFN Expansion
Ratio

Slimming the FFN intermediate dimension has
long been a primary research focus for reducing pa-
rameters and FLOPs in Transformer blocks. How-
ever, this is becoming less effective in recent mod-
els, because modern architectures have already
shrunk the FFN inner width over the years. As
summarized in Table 7, we observe a clear archi-
tectural evolution in both dense and MoE models:
the FFN expansion ratio dffn/dmodel is steadily de-
creasing across model families and generations.
This implies that the remaining reducible capacity
in the FFN intermediate dimension is progressively
limited.

Specifically, refer to Table 7, earlier dense
LLMs typically adopt ratios around 2.7 to 3.5
(e.g., LLaMA 2 and Mistral), and early mainstream
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Model family Time Para. Experts #L #H dmodel dffn FFN Ratio Is MoE

T5 (3B) (Raffel et al., 2020) 2019.10 3B – 24 32 768–1024 3072–16384 4.00–16.00 ✗

NLLB (Costa-Jussà et al., 2022) 2022.07 54B 2/64/0 24 16 1024 8192 8.00 ✓

LLaMA-2 (7B/70B) (Touvron et al., 2023b) 2023.07 7B/70B – 32/80 32/64 4096–8192 11008–28672 2.69–3.50 ✗

Mistral (7B) (Jiang et al., 2023) 2023.09 7B – 32 32 4096 14336 3.50 ✗

Qwen2-57B-A14B (Yang et al., 2024a) 2023.05 57.4B 8/64/0 28 28 3584 2560 0.71 ✓

Mixtral-8×7B (Jiang et al., 2024) 2023.12 46.7B 2/8/0 32 32 4096 14336 3.50 ✓

OpenMoE (Xue et al., 2024) 2023.12 34B 2/16/0 12 12 768 2048 2.67 ✓

DeepSeek-MoE-16B (Dai et al., 2024) 2024.01 16.4B 6/64/2 28 16 2048 1408 0.69 ✓

Gemma 1 (2B/7B) (Team et al., 2024a) 2024.02 2B/7B – 18/28 8/16 2048–3072 16384–24576 8.00 ✗

Qwen1.5 (7B/32B) (Bai et al., 2023) 2024.02 7B/32 – 32/64 32/40 4096–5120 11008–27392 2.69–5.35 ✗

Qwen1.5-MoE-A2.7B (Team, 2024) 2024.02 14.3B 4/60/0 24 16 2048 1408 0.69 ✓

JetMoE (Shen et al., 2024) 2024.03 8.52B 2/8/0 24 32 2048 5632 2.75 ✓

Jamba (Lieber et al., 2024) 2024.03 51.6B 2/16/0 32 32 4096 14336 3.50 ✓

DBRX3 2024.03 132B 4/16/0 40 48 6144 10752 1.75 ✓

Grok-14 2024.03 314B 2/8/0 64 48 6144 – – ✓

Phi-3.5-MoE (Abdin et al., 2024) 2024.08 41.9B 2/16/0 32 32 4096 6400 1.56 ✓

GRIN-MoE (Liu et al., 2024b) 2024.09 41.9B 2/16/0 32 32 4096 6400 1.56 ✓

Arctic5 2024.04 482B 2/128/0 35 56 7168 4864 0.68 ✓

Mixtral-8×22B (Jiang et al., 2024) 2024.04 141B 2/8/0 56 48 6144 16384 2.67 ✓

DeepSeek-V2 (DeepSeek-AI, 2024) 2024.04 236B 6/160/2 60 128 5120 1536 0.30 ✓

DeepSeek-V2-Lite (DeepSeek-AI, 2024) 2024.05 16B 6/64/2 27 16 2048 1408 0.69 ✓

Skywork-MoE (Wei et al., 2024) 2024.05 13B 2/16/0 52 36 4608 12288 2.67 ✓

Yuan26 2024.05 40B 2/32/0 24 16 2048 8192 4.00 ✓

LLaMA-MoE (Zhu et al., 2024) 2024.06 6.7B 2/8/0 32 32 4096 11008 2.69 ✓

OLMoE (Muennighoff et al., 2024) 2024.07 6.92B 8/64/0 16 16 2048 1024 0.50 ✓

LLaMA 3 (8B/70B/405B) (Grattafiori et al., 2024) 2024.07 8B/70B/405B – 32/80/126 32/64/128 8192–16384 28672–53248 3.25–3.50 ✗

Gemma 2 (2B/9B) (Team et al., 2024b) 2024.07 2B/9B – 26/42 8/16 2304–3584 9216–14336 4.00 ✗

Qwen2.5 (7B/72B) (Yang et al., 2024a) 2024.09 7.6B/72B – 28/80 28/64 896–8192 4864–29658 3.60–5.43 ✗

Hunyuan-Large (Sun et al., 2024) 2024.11 389B 1/16/1 64 80 6400 18304 2.86 ✓

DeepSeek-V3 (Team, 2025) 2024.12 671B 8/256/1 61 128 7168 2048 0.29 ✓

Gemma 3 (12B/27B) (Team et al., 2025) 2025.03 12B/27B – 48/62 16/32 3840–5376 15360–21504 4.00 ✗

DeepSeek-V3/R1 (Liu et al., 2024a) 2025.01 671B 8/256/1 61 128 7168 2048 0.29 ✓

MiniMax-Text-01 (Li et al., 2025a) 2025.01 456B 2/32/0 80 64 6144 9216 1.50 ✓

Qwen3 (30B/235B) (Team, 2025) 2025.05 30B/235B 8/128/0 48/94 32/64 2048–4096 768–1536 0.38 ✓

Table 7: Model architecture summary: model family, release time, and key statistics. Para. denotes the parameter
count; Experts reports the expert configuration (activated/total/shared); #L is the number of layers; #H is the
number of attention heads. We also report the hidden width dmodel, the intermediate width dffn, and the FFN
expansion ratio. For MoE models that expose dense/shared and routed expert FFNs, we report dffn as the expert
FFN dimension. Accordingly, FFN Ratio is defined as dffn,expert

dmodel
for MoEs and dffn,dense

dmodel
for dense models. The

ratio is reported as a single value or a range across representative sizes within each model family.

MoEs such as Mixtral remain in a similar range
(2.67 to 3.50). In contrast, several recent MoEs sub-
stantially compress the routed expert FFN width.
For example, DeepSeek-MoE and Qwen1.5-MoE-
A2.7B use a ratio of 0.69, and the ratio further
drops to 0.29 for DeepSeek-V3/R1 (MoE) and to
0.38 for Qwen3 released in 2025. This indicates
that when dffn/dmodel is continuously becoming
smaller, pruning the FFN intermediate dimension
alone cannot deliver the same compression bene-
fits as in earlier architectures. This motivates us to
shifting the compression target to other structures
and dimensions that are comparatively underex-
plored, such as hidden width (the dmodel dimen-
sion), which can provide complementary slimming
gains beyond intermediate-dimension pruning, es-
pecially for modern LLMs and MoEs.

C Detailed Implementations about Our
Method

C.1 Preserve Efficient Attentions

We do not prune self-attention in this work, because
modern MoE backbones widely adopt efficient at-
tention designs such as grouped-query attention
(GQA) in Qwen3 or multi-head latent attention
(MLA) in DeepSeek, where the K/V pathway is
already compact and the redundancy is limited. As
a result, attention pruning yields minor parameter
and FLOPs reduction compared to pruning the ex-
pert FFNs, yet may require expensive training to
recover accuracy.

C.2 Initialization of Expert-wise Prune Ratio

We follow (He et al., 2025; Lee et al., 2024; Xie
et al., 2024; Muzio et al., 2024; Dong et al., 2025;
Li et al., 2025b) to derive expert-wise pruning ra-
tios using a lightweight calibration procedure on
C4 (Raffel et al., 2019), GSM8K (Cobbe et al.,
2021) and OpenCode (Ahmad et al., 2025). We
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sample a fixed calibration set with approximately
1.6M tokens for each dataset, and then conduct the
layer importance measurement by NLL and expert-
wise importance estimation by routers’ output. The
detailed process is demonstrated as follow.

Layer-wise initialization by NLL. To measure
layer-wise sensitivity, we apply a small perturba-
tion to one target layer at a time and evaluate the
induced negative log-likelihood (NLL) change on
the calibration set. Layers that exhibit larger NLL
degradation are treated as more sensitive and thus
should be pruned less.

Given a target overall prune ratio p% ∈ (0, 1),
our goal is to assign a layer-wise pruning ratio pℓ

such that the global pruning level matches p. Let
∆Lℓ ≥ 0 denote the measured NLL degradation
when perturbing layer ℓ. We first normalize layer
sensitivity to [0, 1]:

s̃ℓ =
∆Lℓ −minj ∆Lj

maxj ∆Lj −minj ∆Lj + ϵ
. (3)

We then convert sensitivity into a layer pruning
weight (higher sensitivity⇒ smaller weight):

wℓ = (1− s̃ℓ)
η, η ≥ 1, (4)

where η controls the smoothness of reweighting.
Finally, we distribute the target pruning budget
across layers by normalizing wℓ:

pℓ = pL · wℓ∑︁L
j=1wj

, (5)

where L is the total hidden layers, so that the av-
erage layer-wise prune ratio matches the global
target, i.e., 1

L

∑︁L
ℓ=1 p

ℓ = p. We use pℓ as the layer-
wise target pruning ratio, which is further used to
derive the per-expert initialization at the beginning
of BCD algorithm.

Expert-wise initialization by routing weights.
For expert-wise allocation within a layer, we es-
timate expert importance from the router outputs.
For each calibration batch, we collect the router
probabilities after the Softmax for routed experts.
Let gℓ,e(xt) ∈ [0, 1] denote the routing weight of
expert e at layer ℓ for token t. We accumulate

3https://www.databricks.com/blog/introducing-dbrx-new-
state-art-open-llm

4https://github.com/xai-org/grok-1
5https://github.com/Snowflake-Labs/snowflake-arctic
6https://github.com/IEIT-Yuan/Yuan2.0-M32

routing weights across all calibration tokens from
multiple batches:

Ωℓ,e =
T∑︂

t=1

gℓ,e(xt), (6)

where T is the total number of calibration tokens
processed across all batches. We then normalize
Ωℓ,e within each layer to obtain the expert impor-
tance:

ω̄ℓ,e =
Ωℓ,e∑︁E
j=1Ωℓ,j

,

E∑︂

e=1

ω̄ℓ,e = 1. (7)

As in the layer-wise initialization, we convert im-
portance into an expert pruning weight (higher im-
portance⇒ smaller weight):

vℓ,e = 1− ω̄ℓ,e. (8)

Finally, given the layer-wise pruning ratio pℓ, we
normalize vℓ,e to distribute the pruning budget
across experts:

pℓ,e = clip

(︄
pℓE · vℓ,e∑︁E

j=1 vℓ,j
, 0, 1

)︄
. (9)

Thus, experts with larger routing importance re-
ceive smaller pruning weights and are pruned less.
Before clipping, the mean expert-wise pruning ra-
tio remains pℓ.

Role of calibration data. We emphasize that
calibration data (including GSM8K) is used only
to compute the expert-wise KL divergence Le0 be-
tween the pruned and original model on the routed
tokens (Section 4.2); no labels or supervised loss
are involved, and no model weights are updated
on this data. Calibration therefore only determines
which channels are kept, not what the model learns,
and is mechanistically analogous to activation-
based calibration in post-training quantization (e.g.,
GPTQ, AWQ, SparseGPT). Our GSM8K calibra-
tion uses only the training split, which is disjoint
from the GSM8K test split used throughout our
evaluation. Section 5.3 in the main text reports an
ablation over calibration corpus choice.

C.3 Additional Details about
Budget-Constrained Coordinate Descent
(BCD) Algorithm
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Algorithm pipeline. For clarity and reproducibil-
ity, we provide the full algorithm in Algorithm 1,
which is consistent with the description in Sec-
tion 4.2 in main text and the pipeline illustration in
Figure 5.

Wall-clock search cost. Since each BCD probe
only requires an expert-local forward pass and KL
divergence evaluation rather than a full-model for-
ward pass, the search is inexpensive relative to fine-
tuning. Running 100 rounds over all layers takes
approximately 10.6 hours for DeepSeek-V2-Lite
on 1×NVIDIA H20 and 14.4 hours for Qwen3-
30B-A3B on 2×NVIDIA H20. This cost is in-
curred once per target compression ratio and is
substantially smaller than the subsequent LoRA
fine-tuning stage.

Expert subset-size decay to reduce coupling.
Beyond the main procedure, BCD adopts a sched-
uled subset size m when selecting experts to up-
date in each round, which decouples the effect of
experts in each round. We start from a relatively
large subset minit and gradually shrink it to a small
mmin. The schedule is piecewise: during the first
20% rounds, we keep m = minit fixed; during
the remaining rounds, we linearly anneal m from
minit to mmin. In our setting, each expert is visited
about 20 times on average. Specifically, we set
minit = 32 and mmin = 4 for QWEN3-30B-A3B,
and minit = 30 and mmin = 2 for DEEPSEEK-V2-
LITE, with a total of 100 rounds.

Using a large m in early rounds accelerates the
search by redistributing budget across many experts
in parallel. In later rounds, we shrink m to miti-
gate expert coupling in the loss measurement. If too
many experts are updated simultaneously, routed to-
kens can overlap across experts, so the loss change
reflects coupled effects and cannot be cleanly at-
tributed to any single expert’s action. Reducing
m in late rounds limits the number of experts that
change in one round, making the per-expert com-
parison between actions more identifiable.

Expert scheduling with score penalization. At
each round, we rank experts by a selection score
and choose the top-m experts for update. The score
encourages exploration while penalizing repeatedly
selected or already-converged experts:

se = γexplores
explore
e +sroutere −γdet de−γrec re−γvis ve,

(10)
where ve is the total visit count of expert e, re
is a recent-selection exponential moving average

(EMA), and de ∈ {0, 1} indicates whether an ex-
pert is determined (converged). We set de = 1 if
an expert has been visited more than 10 times and
its step size has reached the minimum ∆min; such
experts are less visited in the following rounds to
avoid wasting updates. The EMA re is updated
each round by decaying all experts and pushing
selected ones toward 1:

re ← η re + (1− η) I[e ∈ S], (11)

where η ∈ (0, 1) is the EMA decay factor and S is
the selected subset.

The exploration term sexploree is defined as the
following equation to favor rarely visited experts:

sexploree =

√︄
log(1 + t)

1 + ve
, (12)

where t is the current round index. The router term
sroutere is derived from the router outputs indicat-
ing the importance of the expert. In practice, we
additionally filter out experts that are not activated
on the current batch to avoid spending updates on
inactive experts. Overall, this score penalization
balances expert visit times and importance.
Remark. The score penalization is introduced for
accelerating the search progress within a limited
number of rounds. In practice, if we use sufficient
search rounds, BCD can achieve the similar results
without penalties; thus, this design is optional and
can be simplified when the search round is large.

D Experiment

D.1 Detailed Experiment Settings

All models, datasets, and code artifacts used in this
work are used in accordance with their original
licenses and intended research purposes. These are
public research artifacts, and we only use them for
model compression, evaluation, and reproducibility
studies.

Ablation Setup. In Table 4, we compare BCD
with several prune ratio allocation strategies. Pre-
set fixes a global hidden pruning ratio pH that
shared across experts, and computes the corre-
sponding expert-wise intermediate prune ratios
pI,e; we sweep pH ∈ {0.1, 0.2, 0.3} and report
the mean std across these settings. Random sam-
ples expert-specific pH,e from the uniform distribu-
tion; we report results averaged over three distri-
butions, pH ∼ U(0, 0.1), U(0, 0.2), and U(0, 0.3),
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and then calculate expert-wise pI,e. “Mixed Top-
k” jointly ranks intermediate and hidden channels
in 1D-vector, and keep the channels with highest
scores. However, these naive methods all lag be-
hind our BCD algorithm, which achieves the best
performance with a clear margin.

Training hyperparameters. We summarize the
key training hyperparameters in Table 8. We distill
the pruned model on Alpaca with a base learning
rate of 1× 10−4. To stabilize training, we scale the
learning rate for the attention LoRA adapters and
router adapters by 0.5 and 0.01, respectively. We
also use smaller LoRA ranks for the router, setting
it to 4, while using larger ranks for the FFN and
attention modules (32 and 16, respectively). We do
not validate whether increasing the router LoRA
rank would further improve performance.

Category Setting

Base lr 1× 10−4

Max grad norm 0.5

LRTD coef 10
LRTD temperature 1.0
Llogits coef 1.0
Llogits temperature 3.0

Router aux loss coef 0.001

FFN LoRA rank 32
FFN LoRA alpha 128
FFN LoRA dropout 0.05

Gate LoRA rank 4
Gate LoRA alpha 16
lrgate 1× 10−6

Attention LoRA rank 16
Attention LoRA alpha 64
lrattn 5× 10−5

Table 8: Training and distillation hyperparameters. The
gate and attention learning rates are scaled as lrgate =
lr · 0.01 and lrattn = lr · 0.5.

Comparison baselines. We compare our method
against representative pruning methods that prune
hidden dimension for LLMs, covering both un-
structural and structural pruning techniques: (1)
Wanda (Sun et al., 2023) and SparseGPT (Fran-
tar and Alistarh, 2023) are used as unstructured
pruning baselines, applying a uniform pruning
ratio across all layers and experts. (2) LLM-
Shearing (Xia et al., 2023) performs structured
slimming with a globally shared hidden-dimension
pruning, while allowing the intermediate pruning to
vary across layers and experts. We do not adopt its
Dynamic Batch Loading component, as our study

does not consider on-the-fly reweighting of train-
ing data across domains during fine-tuning. (3)
SliceGPT (Ashkboos et al., 2024) introduces addi-
tional linear transformations on the residual path
to align feature dimensions, enabling different hid-
den pruning indices. For all methods, we evaluate
under overall pruning ratios of 25% and 50%.

Models and Datasets. We evaluate on represen-
tative open-source MoEs, DEEPSEEK-V2-LITE

and QWEN3-30B-A3B, which both have small
FFN expansion ratios, i.e., dffn/dmodel=0.69 or
0.38, respectively. Their small FFN expansion ra-
tios also limit the gains from intermediate-only
pruning, making them well suited for evaluating
joint intermediate and hidden pruning, as well as
our distillation strategy. We calibrate BCD using
task-related data, including C4 (Raffel et al., 2019)
for general tasks, GSM8K (Cobbe et al., 2021) for
math, and OpenCode (Ahmad et al., 2025) for code.
We perform all post-pruning fine-tuning and distil-
lation on Alpaca (Taori et al., 2023) for 2 epochs,
without any additional math or code training data.
For channel scoring for calibration, we sample a
fixed calibration set with approximately 1.6M to-
kens for each dataset.

D.2 Additional Visualizations for BCD

Layer-wise evolution of hidden pruning on
Qwen3-30B-A3B-Thinking. Figure 8 visualizes
how the hidden pruning ratio pH evolves over the
coordinate descent steps for multiple layers from
shallow to deep. A consistent pattern is that pH is
highly expert-dependent within each layer: some
experts quickly updates to relatively larger pH val-
ues (darker bands), while many others remain close
to zero (nearly white). Moreover, hidden pruning
is more aggressive in shallow layers, while deeper
layers end up with lower pH , meaning they retain
more hidden channels, indicating that deeper lay-
ers may be more sensitive to hidden dimension
pruning.

Most experts stabilize early, while a small sub-
set keeps adjusting. In Figure 8, many experts
exhibit rapid changes in the first few search steps
followed by long plateaus, which appear as hori-
zontal bands that persist in the remaining steps. At
the same time, a smaller subset of experts continues
to receive updates throughout the search, visible as
late-stage color changes at specific expert indices.
This contrast highlights that the search dynamics
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Figure 8: Visualization of the coordinate descent search process with Qwen3-30B-A3B-Thinking. The heatmaps
illustrate the evolution of hidden pruning ratio pH across search steps for various layers from shallow to deep.

are not uniform across experts even within the same
layer.

Visit counts on DeepSeek-V2-Lite. The visit-
count heatmaps in Figure 9(c) become progres-
sively darker from left to right, indicating that visit
counts accumulate as the search proceeds. At the
same time, the intensity is not uniform across ex-
pert indices, suggesting that some experts are vis-
ited more frequently than others by score penaliza-
tion.

Adaptive step sizes over steps. Figure 9(d) vi-
sualizes the adaptive step sizes ∆e used during the
search. The step-size patterns are clearly expert-
dependent. And the step adaptation is not constant
over time. Most experts adopt larger step sizes
in the middle stage of the search, and then shrink
them at the end.

D.3 Layer Selection for Distillation

Layer selection Φ for RTD. In Table 9, we ex-
plicitly list the distillation layer set Φ used for each
setting. Following the layer selection heuristic
adopted in BitNet (Wu et al., 2025), we primar-
ily distill the middle-to-late layers, which are often
more aligned with high-level reasoning and task
behaviors. In addition, we annotate whether the
logits distillation loss Llogits is enabled.

KD Loss |Φ| Φ (layer indices) Llogits

No distill 0 ∅ ✗

Llogits 0 ∅ ✓

LRTD 1 {40} ✗

LRTD 2 {40, 44} ✗

LRTD 4 {32, 36, 40, 44} ✗

LRTD 7 {20, 24, 28, 32, 36, 40, 44} ✗

LRTD,Llogits 7 {20, 24, 28, 32, 36, 40, 44} ✓

LRTD 12 {0, 4, 8, 12, 16, 20, 24, 28, 32, 36, 40, 44} ✗

Table 9: Layer selection Φ for different distillation set-
tings. |Φ| is the number of selected layers. Llogits

denotes logits distillation and LRTD denotes relation
transfer distillation.

Empirical finding and current scope. As re-
ported in the ablation study (Section 5.3) in main
text, using |Φ| = 7 yields the best overall outcome
among the tested settings, while using fewer layers
(|Φ| = 1, 2, 4) or more layers (|Φ| = 12) leads
to suboptimal results. However, this analysis is
preliminary. We do not evaluate distilling only
shallow layers, nor do we explore denser layer se-
lections beyond our tested grids (e.g., every layer
or every two layers). A more comprehensive study
of the distillation, including layer selection, and
finer-grained distillation schedules is left for future
work.
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(c) Visit times of each expert at layer 3 (left) and layer 15 (right) (d) Steps size of each expert at layer 3 (left) and layer 15 (right)

(a) 𝑝! of each expert at layer 3 (left) and layer 15 (right) (b) 𝑝" of each expert at layer 3 (left) and layer 15 (right)

Figure 9: Visualization of the BCD search dynamics on DeepSeek-V2-Lite. Heatmaps show the evolution of (a)
hidden pruning ratio (pH ) and (b) intermediate pruning ratio (pI ) across search steps for each expert at a shallow
layer (Layer 3, left) and a deeper layer (Layer 15, right); (c) expert visit counts and (d) adaptive step sizes ∆e over
the same search process.
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Algorithm 1 Budget-Constrained Coordinate De-
scent (BCD) at Layer ℓ
1: Input: target prune ratio pℓ ∈ RE for experts E at layer

ℓ; expert count E; intermediate size dffn; hidden size
dmodel; initial step sizes ∆ ∈ RE

+; model to be pruned
θ; calibration batches {Br}Rr=1; total rounds R; minimal
step size stepmin.

2: Output: kept channels (kI , kH) ∈ ZE
+ × ZE

+ for layer ℓ.
3: Constants: budget exchange rate α← 3 dmodel

2 dffn
.

4: // Initialization: intermediate-only allocation
5: kI,e ← max

(︁
1, ⌊dffn · (1 − pℓ,e)⌋

)︁
, ∀e ∈ E {keep

channels}
6: kH,e ← dmodel, ∀e ∈ E
7: successe ← 0, visite ← 0, ∀e ∈ E
8: for r ← 1 to R do
9: B ← Br

10: // Evaluate current expert-wise loss on routed tokens
11: Le

0 ← ExpertKL(θ, kI , kH ;B, e), ∀e ∈ E
12: // Select experts to update: lowest-visit, then filter

rarely-activated ones
13: S ← SelectExperts(visit, B, r) {S ⊆ E}
14: // Probe Action A1: prune more intermediate (dffn),

compensate hidden (dmodel)
15: (kA1

I , kA1
H )← (kI , kH)

16: for each e ∈ S do
17: kA1

I,e ← max
(︁
1, kI,e −∆e

)︁

18: kA1
H,e ← min

(︁
dmodel, kH,e + ⌊α∆e⌋

)︁
19: end for
20: Le

A1
← ExpertKL(θ, kA1

I , kA1
H ;B, e), ∀e ∈ S

21: // Probe Action A2: prune more hidden (dmodel), com-
pensate intermediate (dffn)

22: (kA2
I , kA2

H )← (kI , kH)
23: for each e ∈ S do
24: kA2

H,e ← max
(︁
1, kH,e −∆e

)︁

25: kA2
I,e ← min

(︁
dffn, kI,e + ⌊∆e/α⌋

)︁
26: end for
27: Le

A2
← ExpertKL(θ, kA2

I , kA2
H ;B, e), ∀e ∈ S

28: // Coordinate descent update (per-expert)
29: for each e ∈ S do
30: L⋆ ← min(Le

A1
, Le

A2
)

31: if L⋆ < Le
0 then

32: if Le
A1
≤ Le

A2
then

33: (kI,e, kH,e)← (kA1
I,e, k

A1
H,e)

34: else
35: (kI,e, kH,e)← (kA2

I,e, k
A2
H,e)

36: end if
37: end if
38: visite ← visite + 1
39: end for
40: // Step-size adaptation (per-expert, success-based)
41: for each e ∈ S do
42: if min(Le

A1
, Le

A2
) < Le

0 then
43: successe ← successe + 1
44: if successe = 2 then
45: ∆e ← 2∆e; successe ← 0
46: end if
47: else
48: ∆e ← max(∆e/2, stepmin)
49: successe ← 0
50: end if
51: end for
52: end for
53: return (kI , kH)
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