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1. Background

« Mixture-of-Experts (MoE) architectures have demostrated efficiency of scaling
parameters without proportional computational overhead.
» The deployment of large MoE models imposes substantial memory requirements.
* DeepSeek-R1 (671B)
« BF16: 1500GB -> 4 %<8 A800/H800
« FP8: 750GB -> 2 %<8 H800
* Necessary of MoE compression techniques.




1. Background

MoE Architecture
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2. Empirical Analysis

Expert Specialization Across Domains

Domain AIME?24 GPQA LiveCodeBench

Full 77.08 70.91 63.32

Math 67.33 (-9.75) 69.19 (-1.72)  65.27 (+1.95)
Code 78.67 (+1.59) 71.72 (+0.81)  55.68 (-6.64)
Science  79.33 (+2.25) 59.09 (-11.82) 61.07 (-2.25)

Large MoE models contain domain-specialized experts that are predominantly
activated in their respective domains.



() AN TR

&/ Gaoling School of Artificial Intelligence

2. Empirical Analysis
) Expert Specialization Across Domains

(A) Overlap of Top-16 Experts (B) Overlap of Top-128 Experts
with Dafferent Datasets with Different Datasets
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Domain-specific experts play a critical role in the relevant domain but are
redundant for other domains.
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2. Empirical Analysis

Expert Locality Within One Domain

(C) Overlap of Top-128 Experts (D) Overlap of Top-128 Experts
with Different Number of Shots on Different Datasets
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« Domain-specific experts can be identifies with few demonstrations.
« Domain-specific expert activation patterns are largely transferable within the same
domain.



3. Method

Y

) BN TR

Gaoling School of Artificial Intelligence

1 61 61
Le1 E§' EY' E3' - By ES5, Efis ‘ L61 E§' EY* E3' .. Ejs; Efge Efis Le1 Eg' EY' E3' - Ezsy E3 EgSs
3 3 2 Jgal R 300 A pR
L3 By B} By - B By Eiss p L3 Ey Ey Bz - By Bigy Ejss L3 Ey Ey E; - Ep Epsy Eiss

Calibwation Set

Expert Score Select Top 128 Experts

Qutput Hidden O O O }L O O O O
==0000

Response 1

l Response 3

o0

Parameters: 3448
Memaory: 35068

Middie Hidden b [ ) () =

Input Hidden h! OOO OO OO

M=
_ pr A A <
el ox ehsae| \isar Chsse 4 — I _ 1 noi Output-Aware
- \ _ | Middle Hidden B! | €0 = Ho.l120,l1] expert importance
—!_E_'_l Ey Ei E} | By Eleg ' Eiz, Elze|) el ]l = 20 0.6
S ;:- 1 2 252 ._\;;53 254 195:::"' od ool 01l as [ o = 1— Sim(WlBD }___ b
i S B gl gl E_ gl g
Router Input Hidden b 0 1 25z ©zs3 Bzsa Bosz |
*_ 1
1

Expert-Level
Token Contribution

Router
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Math Coding

Five men and nine women stand equally spaced Given an integer array hours .. <think> Okay,
around a circle in random order. ... <think=\nOkay, let's see. The problem is to find the number of
so | have this problem here: ... <\think= ... the final pairs [i,j)...<\think=..."python\nclass Solution:\n
answer is \\(\\boxed{1911\\]). def countCompleteDayPairs ... return count\n™™

—
Science
What is the expected frequency range of
gravitational waves from binary neutron star
mergers... <think= find the expected... <\think=_..
\\boxed{10.\\text {Hz} \\text{ to }1, \\text{kHz}}

Collecting expert activation statistics of the MoE model on target-domain demonstrations

and selecting Top-M experts with the largest expert scores.

Expert Score
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3. Method

Output-Aware Expert Importance Assessment

Analysis: Each expert’s contribution to the final output is bounded by the
product of its gating value and the L2 norm of its output.
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3. Method

Expert-Level Token Contribution Estimation

Analysis: When dealing with tokens exhibiting low similarity before and
after the MoE module, adjusting their routed experts will induce a
substantial distributional shift in their representation

Expert-Level Token Contribution Si — 1 — Slm( hi) Bi)



4. Experiment

Model Method Mix #E AIME-24 AIME-25 FMMT LiveCode GPQA USMLE FinlQ A-OS Avg
Full 256 77.08 6667 4438 6332 7091 9266 821 4051 67.20

Random x 64 000 0.00 0.00 000 2609 000 000 000 326

Frequency x 64 000 0.00 0.00 0.00 1768 000 000 278 258

Gating Score ~ x 64 267 133 267 1497 4683 086 000 069 875

M-SMoE x 64 000 0.00 0.00 0.00 1212 000 000 000 152

EASY-EP x 64  72.81 55.10 3802 4251 6747 2663 3390 2726 45.22

D‘*’%Sl‘*k Random x 128 833 6.67 333 2096 3495 57.66 000 7.64 1744
- Frequency x 128 19.33 13.33 733 3608 5960 6151 2640 29.16 31.59
Gating Score  x 128 70.10 5552 3615 4760 6378 8036 6650 31.94 5649

M-SMoE x 128 533 6.00 333 2575 2475 5263 3960 1944 22.10

EASY-EP x 128  79.17 6833 4531 6111 7012 9167 7880 37.92 66.55

Frequency v 128 2133 10.00 6.00 749 4145 7855 6214 1181 2985

Gating Score v 128 29.33 2133 1800 2275 4169 6206 2729 30.56 31.67

M-SMoE /128 667 2.00 4.67 419 3232 7200 1910 625 1840

EASY-EP /128  175.94 6198 4250 5763 7036 9120 5795 3417 6147

Full 256 5573 4771 2875 4850 6687 8751 6422 3333 54.08

Random x 64 000 0.00 0.00 000 2687 039 000 069 349

Frequency x 64 3135 3406  15.73 195 4525 4013 6196 2274 31.65

Gating Score  x 64 43.96 2510 2312 1497 5152 7868 6420 000 37.69

M-SMoE x 64 1667 13.33 3.33 120 2222 1218 4700 2152 17.18

EASY-EP x 64  53.12 4156 2885 2799 5735 8457 7250 27.55 49.19

D\‘fgpg;;}: Random x 128 133 0.67 0.00 1138 3495 535 5366 1875 2178
-V3- Frequency x 128 5573 4260 3010 3608 6354 8429 6684 3171 51.36
Gating Score  x 128 55.42 4510 3094 4760 6378 8462 6176 3542 53.83

M-SMoE x 128  48.00 38.67 2867 3053 5582 8672 6660 3333 4854

EASY-EP %x 128 5521 4688 3156 4671 6525 8672 6358 37.08 54.12

Frequency s/ 128 5135 3760 2427 1707 5590 8347 6680 3625 4659

Gating Score v 128 53.75 4010 2719 2874 5888 8386 6774 3458 4936

M-SMoE v 128 4333 3000 20.00 719 5253 8233 6220 29.17 40.84

EASY-EP /128 5781 4656 3333 4072 6495 8500 7226 3874 54.92
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*EASY-EP can achieve better
performances than other method and
achieves comparable performances to
the full model with half experts.

*Non-reasoning models exhibit
greater robustness after pruning.

*EASY-EP preserve performance well
under mixed-domain pruning settings.
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4. Experiment

Ablation study
Both components in EASY-EP are important.
Method Metne Experts AIME-24 AIME-25 HMMT LiveCode GPQA A-0O5
Ours gt llet )-8 64 72.81 5533 3600 4251 6747 27.26
wlo Token g ,lle! || 64 65.33 49.33 31.33 2754 5657 2153
w/o norm gi ;- st 64 70.00 4000 2333 19.76  61.11 1875
wio both g, 64 2.67 1.33 2.67 000 2020 0.69

Generalization Capacities
A certain generalization capy, especially in similar domains.

Domain AIME24 LiveCodeBench GPQA Agent-OS USMLE FinlQ

Math 79.17 46.11 46.91 3.47 46.43 58.20
Coding 38.00 61.11 39.90 15.97 41.79 53.00

Science 64.64 53.39 70.12 4.17 75.88 57.50
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4. Experiment

Ablation study

Method Metric Experts AIME-24 AIME-25 HMMT LiveCode GPQA A-OS
Ours gt el |l - st 64 72.81 55.33 36.00 42.51 6747 27.26
wio Token gl ,|le! || 64 65.33 49.33 31.33 27.54 56.57 21.53
w/o norm gl s 64 70.00 40,00 23.33 19.76 6111 1875
w/o both g, 64 2.67 1.33 2.67 0.00 2020  0.69

Both components in EASY-EP are important.

Generalization Capacities

Domain AIME24 LiveCodeBench GPQA Agent-OS USMLE FinlQ

Math 79.17 46.11 46.91 3.47 46.43 58.20
Coding 38.00 61.11 39.90 15.97 41.79 53.00
Science 64.64 33.59 70.12 4.17 75.88 37.50

A certain generalization capacity, especially in similar domains.



4. Experiment

Number of Demonstrations
Only few demonstrations can achieve

comparable performance with the baselines.

Purning Performance with Different Number of Shots

—e— LiveCodeBenchi 128 experts)
—o— AIME-2024(128 experts)
==== LiveCodeBench{ full}

==== AIME-2024( full)
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Throughput
Compared to the full model, the pruned
models presents improved throughputs.

Throughput va Performance with Difterent Experts
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THANKS!



