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Background

MoE models are becoming increasingly popular backbones for scaling language models.
* They provide high parameter capacity while maintaining manageable computation.
* This is achieved by activating only a subset of experts for each token.

: Recent Large MoEs
* DeepSeek-V3: 671B Total, 37B Active, 256 Experts
;—l— Kimi K2.5: 1T Total, 32B Active, 384 Experts
: Llama 4 Maverick: 400B Total, 17B Active, 128 Experts

Qwen3-235B-A22B: 235B Total, 22B Active, 128 Experts
Snowflake Arctic: 480B Total, 17B Active, 128 Experts

Mixture-of-Experts Block
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Problem Motivation
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(a) Experts in layer 1

Observation 1:

Within a single MoE expert, some channels exhibit larger activation magnitudes,
indicating that information is concentrated in a small subset of channels.

<" This suggests the possibility of more fine-grained structured pruning.



Problem Motivation
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(b) Raw statistics (mean *std) of experts
(a) Rank by router weight (top 50 experts). (b) Rank by token usage (top 50 experts). at layer 0 (sorted by expertwise ANLL).

Observation 2:

Existing metrics, such as router logits, token count, weight, activation, and
gradients, show no clear correlation with the actual expert-ablated loss.

< Therefore, they cannot accurately reflect expert importance or contribution.



Method Overview

Proposed Methods

1. Coverage-Maximized Budget Allocation = A channel allocation strategy for structured pruning

2. Attribution-Guided Loss Approximation = An accurate and efficient estimation of expert contribution
3. Alignment-Aware Redistribution = Compatible with mainstream quantization methods
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Figure 5. The overview of Attribution-Guided & Coverage-Maximized Expert-wise Pruning framework for MoE models.
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Method1: Coverage-Maximized Budget Allocation

Goal: Allocate fewer channels to experts whose activation information is more concentrated.
Key Idea: Use each expert’s contribution to guide channel allocation:

* Number of channels « expert contribution X

* Cumulative channel score « expert contribution /

Preparation

Step 1. Collect scores for each expert and each channel. Step 2. Compute the prefix sum and total sum of

channel scores.

Sg.c ARC-c GSMS8K HumanEval | S < “Ic g -

Weight (Equation (32)) 38.0 25.9 189 | Prefix Sum St(n) = Z Se,(i 0 <n <|[Cl, 1(0) =0

Activation (Equation (33)) 40.0 58.2 30.5

Gradient Saliency (Equation (35)) 39.0 51.7 26.8 | . tot

Weight x Activation (Equation (34)) 38.2 33.7 28.7 Tota I Sum: Z St,c

Activation X Gradient (Equation (36)) 38.7 46.3 26.2 ceCy

SNIP First-order Sensitivity (Weightx Gradient) (Equation (@) 39.2 41.5 244 Th iS ena bles efﬁCie nt com putation Of the ) SZ (n)
In our experiments, we use the sum of absolute channel activations, which is more suitable for score ratio covered by the first n channels: SgOt

the evaluated tasks but has not been extensively validated.

Step 3. Collect layer-wise loss as the layer importance score for inter-layer allocation.
Collect expert-wise importance as the expert importance score for intra-layer allocation.
<" Details are provided in Method 2.



Method1: Coverage-Maximized Budget Allocation

Goal: Allocate fewer channels to experts whose activation information is more concentrated.
Key Idea: Use each expert’s contribution to guide channel allocation:

* Number of channels « expert contribution X

* Cumulative channel score « expert contribution /

Binary Search: Maximize the global retained-channel score ratio p,(n)

Algorithm 1 Coverage-Maximized Allocation Search

Algorithm Explanation

1: Input: Score allocation weights ¢ € lel; prefix sums
{84(n)}gegs total scores {S/*},eg; channel budget
Niudget; total channels N**; tolerance e.

#L3: Initialize the search boundaries apin, ¥max
#L5: Use a as the binary search pivot.

% Outputz Channel budgets {N5toeo #L6: p: the current retained-score ratio, represented as a 1-D vector containing the individual
4 while ciniy < Qe do threshold for each expert in the layer.

> itfr‘l";:za*;';;x)/? #L7: Compute the minimum total number of channels N(p) required to satisfy the current p,
7: N|(p) “Ygeq miri{nISg(n) > py(a) Sp'} using the prefix sums from Step 2 for fast lookup.

8:  if |[N(p) — Npudget| < € Nt then . s L

N mm"{; S, (0) > pa(0) S5 Vg € 0 #L8: Check whether the planned total number of channels N(p) satisfies the overall budget
11:  endif . . :

12: if N(p(a)) > Npudge: then A small tolerancec is allowed because the number of channels must be integer-valued, so it may
o oo not exactly match the budget.

150 i #L9-10: If the overall budget is satisfied, terminate the search.

& ot #L12-16: If the result is above or below the budget, update the binary search boundaries

18: return { Ny}

accordingly.



Method1: Coverage-Maximized Budget Allocation

Algorithm Efficiency of Binary Search

Computational Complexity: Runtime Statistics:
Since prefix sums are precomputed, Sg(n) is monotonic non-decreasing with On a 30B MoE model, the total runtime is
respect to n. Meanwhile, N (p(a)) is monotonic non-decreasing with respect to
. Therefore, the following expression can be evaluated in O(log |C/|) time,

around 10 seconds.

O \ f
Wasted Channel %, '
""" High score channel

Low score channel

[llustration of redistributing channels

where Cy is the total set of channels: Stage Time (ms) Time (%)
Qwen3-30B-A3B
o tot Overall generating prune plan (total) 10063.12 100%
) - § : N, g (p g E : mln{n | S ( ) > Py Sg } — Inter-layer coverage search 87.43 0.87%
geg geg Smooth weights 29.36 0.29%
\— Compute prefix sum 19.91 0.20%
_________________________________________ Binary search 37.15 0.37%
f Coverage-Maximized Budget Allocation ‘: — Intra-layer coverage search 9619.28 95.59%
T — e —— i Recompute prefix sum 0.09 <0.01%
AL VD - By Binary Search (MoE 48 layers) 9619.19  95.59%
! b i ! — per layer 200.40 1.99%
L f"’ ’Edl ) : — Alignment-aware redistribution 356.41 3.54%
et ! Compute K25 20.44 0.20%
: Z - Compute headroom 17.02 0.17%
Ly B e g o ! Allocate chunks 317.40 3.15%
i ! Clamp to I 1.55 0.02%
! 1
! |
! :
! |

-



Method2: Atiribution-Guided Loss Approximation

Goal: Accurately measure expert contribution while avoiding the high cost of ablating experts one by
one.

Key Idea: Use a first-order approximation, currently optimized to a second-order approximation.
Derivation

Step 1. The output of one MoE block can be written as:

ve = Y gre(he) zee

ecéy

where z; . is the expert output, and g; . is the router weight assigned to that expert.

Step 2. Apply an expert-wise scaling factor S to the output:

Uo,e(he; B) = B - Yu,e(he).

B = 0 : expert removed, [ = 1: expert retained

Step 3. Compute the loss against the original output

£B) =Y |lahe; B) — gy ()|,

he€D

where D is a small calibration set.



Method2: Atiribution-Guided Loss Approximation

Goal: Accurately measure expert contribution while avoiding the high cost of ablating experts one by
one.
Key Idea: Use a first-order approximation, currently optimized to a second-order approximation.

Derivation
Step 5. Compute the first- and second-order derivatives at § = 1
or, — L) by = PLB)
’ 0p g=1’ ’ 032 5=1

Step 6. Estimate expert contribution, i.e., sensitivity to expert removal.

1 expert l

ALy =L(0) — L(1) = —gpe + §h£’e Sy = = max <O, —Gre + 2h£,e>

Design Insight

* B € (0,1) simulates the output perturbation caused by pruning. AL and the first-order gradient measures
how sensitive the expert is to this perturbation.

* [ =1, both AL and the first-order gradient are zero, The second-order term captures the curvature with
respect to the scaling factor 8, which reflects sensitivity to perturbation.




Method3: Alignment-Aware Redistribution

Goal: Support mainstream quantization methods.
Key ldea: Regularize the post-pruning weight shapes.

Motivation:
Without shape regularization, the deployed inference efficiency can be low.

* If weights are explicitly padded to the kernel block size, such as 64, storage overhead is introduced. For example, on
Qwen3-30B-A3B, this wastes 4.1% of weight storage.

* If explicit padding is not used and weights are only aligned to INT32, the computation falls back to a generic kernel and
cannot benefit from low-bit GEMM acceleration.

Model Alignment (a) Tokens/s Latency (ms)
- 31.41 31.84
Qwenl.5-MoE-A2.7B 64 33.92 29.48
128 37.12 26.94
- 10.23 97.75
Qwen3-30B-A3B 64 12.98 77.03

128 14.21 70.38




Method3: Alignment-Aware Redistribution

Goal: Support mainstream quantization methods. ( Alignment-Aware ;
Key Ildea: Regularize the post-pruning weight shapes. : Redistribution
: = Sa |

: et '..-.\\ 7 4:11 .

. N/ o= 3o |

: . . i 4 T i2aq |
Algorithm Process: Based on Hamilton Apportionment 1 faad- RS a :
Step 1. Round down to the minimum block size a supported by low-bit GEMM: T e ——— !
p pp h y : = DI:IUIQ__/“J:I |

I Rp=N; — 3 N2>  qe=I|Re/a [

Nbase _ le | a ! - 5a !

{ a ! , : N;‘éig‘@-,‘ L 4 !

Step 2. Compute the remaining allocation quota q, l !_ | ;Z :

~ 3 NP, g = {%J

e€[1,E]

Step 3. Compute the remaining number of channels, or the sum of remaining channel scores, for each expert:

Nz _ Nbase
rge = —> - be e10,1)

Step 4. Assign one additional block of a channels to the q, experts with the largest remaining channel count,
or largest remaining score sum (b; , = 1):

Né — base+a bEe

,€
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Ablation study

Strategy ARC-c GSMS8K HumanEval
Inter-layer sparsity allocation
Non-prune 40.4 61.5 34.2
Uniform 37.3 57.8 30.5
U-shaped 37.2 57.6 29.3
Smoothed Loss 38.7 55.4 28.7
Coverage-based - - -
< Uniform 38.0 57.0 29.3
— Raw loss 384 56.1 30.5
— Smoothed Loss  40.0 58.2 30.5
Intra-layer sparsity allocation
Non-prune 40.4 61.5 342
Uniform 38.6 52.6 22.6
Loss-based 37.0 48.6 16.5
Router weight 38.2 57.3 22.6
Topk-Channel 37.17 50.6 29.9
Coverage-based - - -
< Uniform 379 53.8 232
— Raw loss 36.1 45.7 12.2
— Router logits 37.5 55.2 23.8
< Attribution 40.0 58.2 30.5

Vs

Storage & Memory Reduction
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Accuracy Results on Commonsense QA Benchmarks

Method Type Storage ARC-c ARC-e Hella PiQA BoolQ Wino MMLU Avg
Qwenl.5-MoE-A2.7B

Baseline - 28.67GB  40.41 69.44 77.17 80.79 79.57 69.77 61.08  68.32
Wanda Pase 28.67GB  40.70  69.07 76.48 79.87 7954 69.14 5755 67.48
Wanda Pso% 28.67GB  38.48 6599 7192 78.07 7657 66.61 5382 64.49
EAC-MoE  Psgy Qs0sv 435GB 4130 6671 7497 79.16 7535 6875 5596 61.77
MoE-I? Lss.08% 15.18GB  41.13 71.68  53.08 - 75.08  66.54 - 57.82
PuzzleMoE Maso, 22.40GB 409 73.4 573 797 79.2 69.6 60.4 65.8

PuzzleMoE Ms0% 16.17GB  40.7 73.5 565 794 78.6 69.4 60.0 65.4

Ours Pso% 16.17GB  40.53 7045 7311 77.04 7893 6527 50.67 65.14
Oursq Ps Qb 5.60GB 4513 7319 75.01 79.00 84.22 68.67 58.29 69.07

Qwen3-MoE-30B-A3B

Baseline - 61.06GB 52,70  79.30 7850 79.60 8870 7285 77.80 75.64
Wanda Pasy 61.06GB  26.45 3371 2543 5212 3850 51.14 2295 3576
Wanda Psox 61.06GB  24.57 2723 2648 5375 4055 50.12 2293  35.09
PuzzleMoE Maso 46.56GB  51.6 78.9 583 793 88.2 70.4 76.6 71.9

PuzzleMoE M;o9 32.07GB  51.0 78.5 571 789 88.0 70.1 75.1 71.2

Ours Pso% 32.07GB 5213 7803 77.19 79.33 8336 7159 6127 70.81
Oursq Pos, Quy 11.64GB 5794  81.94 78.87 81.18 8422 7245 73.04 75.66

DeepSeek-V2-Lite

Baseline - 31.41GB  46.93 7837 7798 80.20 79.82 7135 4558  68.60
Wanda Paso, 31.41GB  46.84 76.64 5844 79.65 79.39 7151 53.84 66.62
Wanda Psox 3141GB 3140 50.84 3541 64.15 63.18 59.27 40.81 49.29
MoNE Pos, 24.00GB  46.67 74.62 43.00 79.76 7847 7143 - 65.65
MoNE Pso% 16.57GB 3720 67.17 36.80 7530 7339 67.88 - 59.80
MoE-I2 Ls3.08% 15.39GB 4258 718  55.16 - 76.79  67.64 - 59.62
Ours Pso% 16.57GB 4249 73.78 7459 7840 7177 69.22 44.16 64.92
Oursq Poso, Qb 6.00GB 47.61 7635 7625 79.54 7529 69.30 4891 67.61

Accuracy Results on Reasoning Tasks
Table 4. Reasoning benchmarks with math and code tasks.

Method Type GSMS8K  HumanEval MBPP
Qwenl.5-MoE-A2.7B
Baseline - 61.5 342 36.6
C-Prune Pao, 394 329 -
Ours Pso% 58.2 38.1 36.6
Oursg Pas% Qub 58.5 36.6 38.5
DeepSeek-V2-Lite
Baseline - 30.9 323 432
C-Prune | 2 26.4 18.9 -
Ours Psov 33.7 28.7 44.4
Oursg Poso, Qub 29.3 23.8 374
Method Type MATHS500 AIME25 LCB
Qwen3-MoE-30B-A3B
Baseline - 92.8 76.7 62.6
Ours Pso% 95.0 64.0 -
Olll'SQ Posy Qb 94.5 75.0 51.0
Future Work

e Evaluate on more tasks

* Combine with other compression methods
* System-level optimization
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Thanks for listening!
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code link: https://aithub.com/vifu-ding/MoE-Slimming

paper link: https://openreview.net/pdf2id=oreETéWz52
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