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Intra-layer Expert Similarity
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Mixture of Expert Varying expert similarity across intra-layer and inter-layer.
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The schematic illustration of the Differentiable Expert Pruning (DiEP) framework.
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Sparse Expert Search Space: Differential Search
MoE layer is modeled as a directed acyclic graph (DAG) consisting of only two nodes. 6:
— ML
* Aninput node representing the token representations entering the expert layer. !
* An output node representing the sum of selected expert transformations. , , , , 500y, i
5 | @
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Continuous Relaxation and Optimization: 3. 3
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Adaptive Skipping During Inference: | D 6 B ) ) 6 ;
| 5 1
* Assume experts with indices e, and e, are selected, with w,; < w,, . .
o if wyy < yw,,, expert e, is skipped, where y = y,x y, | E
* vy, is the median value of w,,/w,, across sampled calibration data for each MoE layer. : E
* Yz is the ratio of the CKA similarity p(yeo , Ye1 ) to the mean CKA similarity p(Ye; , Ye; ) o ¥
across all data samples in layer .
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Experiments

Method MMLU
Moiel r = 25%/50% humanities  social science stem other avg BoolQ | OpetBookQA BIE Average
| Full 60.5 71.8 58.9 742 67.9 | 853 | 35.4 | 715 65.1
M-SMOE 51.8/24.8  60.5/26.5  46.9/24.7 60.5/25.0 54.9/25.3 | 82.6/39.9 | 32.0/11.6 | 70.4/50.9 | 60.0/31.9
Mixtral $x7B | Expert Trimming | 49.2/36.9  59.7/45.6 ~ 45.0/35.1 582/434 54.1/45.7 | 77.2/76.6 | 33.0264 | 56.6/55.9 | 55.2/51.2
NAEE 524/435  664/527  49.0/40.4 63.7/435 58.7/47.3 | 84.0/80.8 | 32.6/28.8 | 67.9/61.4 | 60.8/54.6
S-MOE 56.0/48.0  73.1/57.0  52.4/433 68.2/54.6 59.9/50.8 | 86.4/83.3 | 31.4/262 | 69.3/67.1 | 61.5/55.9
DiEP(Ours) 58.8/52.9  75.4/69.3  56.8/49.1 72.0/63.5 64.9/57.9 | 86.6/84.0 |  33.1/29.6 | 70.7/68.2 | 63.8/59.9
| Full 61.2 79.7 59.6 75.8 681 | 885 | 36.6 722 | 664
, M-SMOE 485338  623/37.5  44.0/338 553/354 520/35.0 | 85.3/77.6 | 29.0/264 | 67.5/61.8 | 58.5/50.2
Mixtral 8x7B | pypert Trimming | 52.9/450  74.3/61.1  50.5/392 64.8/508 S8.6/47.3 | 863/83.0 | 37.0/323 | 63.2/66.8 | 613/57.3
bt NAEE 55.9/487  69.5/55.6  54.1/423 68.7/56.2 62.4/52.8 | 87.3/848 | 35.6/304 | 70.0/75.5 | 63.8/60.9
DiEP(Ours) 61.2/55.1  78.1/72.3  59.4/534 73.8/67.8 67.3/61.3 | 87.7/85.6 | 35.9/31.0 | 72.2/74.0 | 65.8/63.0
| Full 68.6 84.1 67.1 78.7 726 | 879 | 3538 | 715 | 670
M-SMOE 27.3/227  254/258 2441240 27.9/234 264/239 | 62.8/62.7 | 12.8/13.0 | 54.2/49.5 | 39.1/37.3
Mixtral 8x22B | Expert Trimming | 58.0/45.7 ~ 74.9/57.7  54.1/42.0 70.2/45.7 64.3/47.8 | 81.5/744 | 352/270 | 69.3/57.4 | 62.6/51.7
NAEE 60.4/539  78.0/672  59.5/523 73.0/642 67.7/59.4 | 87.4/80.5 | 35.0/31.1 | 70.1/67.9 | 65.1/59.7
S-MOE 62.3/57.8  78.5/69.7  60.2/51.3 73.4/64.2 68.6/60.8 | 87.6/83.1 | 35.8/332 | 71.1/68.1 | 65.7/61.3
DiEP(Ours) 65.0/58.9  81.8/73.2  63.2/542 76.0/68.7 70.7/62.4 | 87.7/84.5 | 35.8/34.4 | 71.3/70.4 | 66.4/62.9
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(a) Deepseek-MoE-16B.
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(b) Qwen2-57B-14A.

Zero-shot performance comparison on five advanced MoE models across various NLP tasks.
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Experiments

Method | MMLU  BoolQ  OpenBookQA  RTE Avg.
Baseline 58.7/47.3 84.0/80.8 32.6/28.8 67.9/61.4  60.8/54.6
Wa 60.5/51.0 86.0/82.8 32.2/27.8 67.5/65.3  61.6/56.7
W 61.0/51.4 85.1/83.3 32.0/29.6 67.3/66.2  61.3/57.6
W, + Wg(random) | 57.6/49.2 85.6/83.4 32.3/27.2 66.4/62.1 60.47/55.5
Wo+Wg(1:2) | 55.1/46.2 81.5/77.4 30.6/26.8 66.4/64.2  57.8/54.2
Wo+Wps(2:1) | 63.3/542 85.4/83.5 32.6/29.8 68.2/67.5 62.4/58.8
Wa+Ws(3:1) | 64.6/552 85.9/84.2 32.8/29.6 69.7/67.8  63.3/59.2
DiEP(Ours) 64.9/579 86.6/84.0  33.1/29.6  70.7/68.2 63.8/59.9
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Effectiveness of Components

Visualization analysis of values distribution for
intra-layer scores a and inter-layer scores [3
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Experiments

SMoE Layer

Full Model

Method | Mixtral $x7B | Mixtral 8x22B | Deepseek-MoE-16B | Qwen2-57B-14A

NAEE \ 1.31h | 1.57h \ ~ 94000d \ ~ 113000d
DiEP(Ours) | 0.23h | 0.31h | 0.28h | 0.34h
r | Pruning | Skipping | Avg. Acc ‘ Speedup 1 | GPU | Model r Pruning Skipping Avg. Acc Speedupf GPUJ
0% 65.1 1.00x | 1.00 x 0% 56.2 100x  1.00 x
0% v 64.1 1.07 x| 1.00 x 0% v 557 1.04x  1.00 x
25% V4 63.8 1.18x | 0.76 x Deenscck MoE.16p 025% ¥ 548 107 0.95x
25% " s 63.3 1.21x 0.76 x RS 625% ¢ 544 108x  0.95x%
50% v 59.9 1.26x 0.52 x 12.5% v 54.1 1.11x 0.89x
50% o v 59.6 128 x | 052 x 125% v v 536 113x  0.89x
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Distribution of expert activation frequencies
in the Mixtral 8x7B.

Pruning time comparison of our DIEP and NAEE
on different models

Inference cost analysis on Mixtral 8x7B and
Deepseek-MoE-16B after pruning
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Thank you for listening!

Sikai Bai
Email: whitesk1973@gmail.com
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