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Highlights

e \We propose a mixture of micro-experts concept — pu-MOoOE — to realize the finest-grained adaptation of large foundation models.
e \We adopt low-complexity activation-aware pruning to realize test-time LLM compression as p-MoE.
e \We tackle the domain shift issue caused by offline calibration required for baseline static pruning.

e We demonstrate the benefit of u-MoE over state-of-the-art methods for several LLM/VLM benchmarks.

Coarse to Micro-Grained MoE
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# w:(d”,d), X:(d,Tc), kc=int ((l1-rho) % d)

Test-Time Pruning S = W.abs () » X.norm(p=2, dim=-1)
val, _ = torch.kthvalue (S, dim=-1, k=kc)

e Test-time pruning can reduce the total floating-point operations (FLOPs) for W = torch.where(S > val[:,None], W, O)
inference computation.
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(b) Online Dynamic Pruning Figure: Wanda pruning complexity based on torch.sort/topk/kthvalue on CPU and GPU for p = 0.5.

Experiments on LLM/VLM Benchmarks
® 1i-MoE shows best average performance on LLM/VLM benchmarks

Table: Complexity analysis with calflops for OPT-13B models with p-MoE.

Active Weights FLOPs MACs

100% 3.29T N 1.64T FEEN
80% 3.21T NN 1.337

e Offline calibration often suffers from domain shift issue.

Table: Perplexity () of OPT models with different pruning methods at 60-40% active weights. Red-highlighted cells
indicate that Wanda uses a matched calibration-test dataset. Bold-face letters indicate the best cases.

Active Weights 60% 50% 40% 60% 2.55T I 999G I
Test Dataset WT2 PTB C4 Avg WT2 PTB C4 Avg WT2 PTB  C4 A 40% 1.00T I 671G
OPT-125M (WT2: 27.7, PTB: 39.0, C4: 26.6, Avg: 31.1) 20% 1.24T 342G W

Magnitude Prune 439 71.9 39.8 51.9 909 168.6 719 1104 5332 9063 3499 5965 | |
Wanda (WT2 Calib) 30.8 442 303 351 371 563 375 436 654 1065 375 816  Iabler Accuracy in percent (1) on ScienceQA dataset of LLaVA-7B model (
Wanda (PTB Calib) 324 438 31.7 36.0 440 528 421 463 897 86.5 876 879  ullweightaccuracyis 70.03%). TextVQA is used for calibration.

Wanda (C4 Calib)  30.7 444 293 348 39.1 571 348 437 75.1 104.3 60.4 80.0 Active Weights 60% 50%  40%
pu-MoE 30.3 43.3 28.6 34.1 35.8 51.8 325 40.1 61.0 875 52.3 66.9 Magnitude Prune 62.70 4157 021

OPT-6.7B (WT2: 10.9, PTB: 15.8, C4: 12.7, Avg: 13.1) SparseGPT 63.83 5320 3905
Magnitude Prune 16.3 239 17.0 19.1 5322 281.6 257.4 357.1 9490.4 6743.4 6169.1 T7467.6 Wanda 65.17 57.96 32.45
Wanda (WT2 Calib) 11.0 17.2 142 142 120 190 163 15.8 15.1 25.0 22.8 21.0 pu-MoE 67.15 59.84 41.12

Wanda (PTB Calib) 11.2 163 146 140 136 171 176 16.1 19.4 20.6 25.8 21.9

Wanda (C4 Callb) 10.9 164 13.3 135 11.9 17.9 14.3 14.7 15.3 23.6 18.2 19.0 Table: Accuracy in percent (T) on TextVQA dataset of LLaVA-7B model (
p-MoE 11.1 16.1 13.013.4 11.7 16.7 13.5 14.0 13.7 19.7 15.7 16.4 Full-weight accuracy is 61.32%). ScienceQA is used for calibration.

OPT-13B (WT2: 10.1, PTB: 14.5, C4: 12.1, Avg: 12.2) Active Weights 60% 50% 40%

Magnitude Prune  59.8 78.4 44.5 60.9 2960.9 5406.3 3432.5 3933.2 112900.6 28381.4 13734.1 51672.0 .
Magnitude Prune 54.12 4556 24.62
Wanda (WT2 Calib) 10.7 15.8 13.6 13.3 120 187 157 155 155 253 207 205 agniHice Frune

PT 37 4742 282
Wanda (PTB Calib) 10.9 152 142 134 134 168 174 159 206 205 246 219 \S/\F/):;ZZG gg gg 5; 26 33 2;
Wanda (C4 Calib) 109 152 142 134 134 168 174 159 206 205 246 219 - MoE 5716 54.65 46.07

p-MoE 10.6 15.0 12.3 12.7 11.5 16.4 12.9 13.6 143 20.2 146 16.4
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