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Background

Mixture-of-experts (MoE) fixes the expert granularity and the sparsity ratio
at the beginning of pre-training.
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Key Observation — Dual Sparsity

MoE has two types of hidden sparsity:

1. Tensor-level sparsity

- Some activated token-expert pairs have very low gating scores
- These experts may contribute very little

Expert Index

360 56 52 48 44 40 36 32 28 24201612 8 4 0
1 1 ] 1 1 1 1 1 | 1 1 1 1 | 1 1

[ (< L N

OOOOOOOO
mmmmmmm
HHHHHH

Weilin Cai | HKUST (GZ)

OOOOOOOOOOOOO
OOOOOOOOOOOOO

Neuron Index

20k

16k

=
N
~

1
(o]
~

1
H
~

Accumulated Activation



Key Observation — Dual Sparsity

MoE has two types of hidden sparsity:

1. Tensor-level sparsity

- Some activated token-expert pairs have very low gating scores
- These experts may contribute very little

2. Neuron-level sparsity

- Inside each expert, neurons are not equally important
- Some neurons matter much more than others
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Key Observation — Dual Sparsity

MoE has two types of hidden sparsity:

1. Tensor-level sparsity

- Some activated token-expert pairs have very low gating scores
- These experts may contribute very little
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2. Neuron-level sparsity
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- Inside each expert, neurons are not equally important
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- Some neurons matter much more than others
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Dual sparsity = tensor sparsity + neuron sparsity
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Complete Expert Partition for Post-training
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Complete Expert Partition for Post-training
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Complete Expert Partition for Post-training
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Post-training Accuracy
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Table 1. Comparison of downstream accuracy between the original Mixtral-8xX7B model and its expert-partitioned variant.

Model | E-Activ/Total | T; | Drop Rate | ARC-C  BoolQ GSMSK HellaSwag MMLU OBQA PIQA RTE WinoGrande | AVG(T)
2/8 - 0 59.47 8514  58.07 84.05 67.13  47.00  83.79  70.40 76.56 70.18
Mixtral-8x7B | 4/16(P=2) | - 0 59.56 8532 58.30 84.02 67.05 4720 8341 70.76 76.01 70.18
8/32(P=4) | - 0 59.47 8526  58.07 83.99 67.22  46.80 8346 70.76 76.72 70.19
S B 2/8 . 0 60.58  87.06  60.73 82.99 64.92 4620 83.62 71.84 76.87 70.53
Mixtealaxyp | Y16®@=2) | - 0 59.56  87.06  62.85 82.96  65.65 47.00 833 72.92 76.48 70.86
8/32(P=4) | - 0 60.67 87.55 62.85  83.06 6510 47.60 83.46 72.92 76.87 71.12
Fine-Tuned 2/8 030 | 203% | 5939 87.06  61.84 82.72 64.26 4640 8286 7148 76.64 70.29
Mixtral-8x7B | 4/16(P=2) | 0.15 | 21.0% | 59.64 87.00  63.46 82.58 64.75 4640 83.13 73.65 76.24 70.76
Threshold Drop | 8/32(P=4) | 0.08 | 23.9% | 59.73 87.31 62385 82.75  64.76 47.00 83.03 74.01 76.48 70.88
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Threshold-based Token-Expert Dropping (1T-Drop)
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Threshold-based Token-Expert Dropping (1T-Drop)
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Dual-Threshold Token-Expert Dropping (2T-Drop)

(a) Expert Partition (Tensor-Level Sparsity)
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Dual-Threshold Token-Expert Dropping (2T-Drop)
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(a) Expert Partition (Tensor-Level Sparsity)

(b) Expert Reconstruction (Neuron-Level Sparsity)
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Dual-Threshold Token-Expert Dropping (2T-Drop)
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Dual-Threshold Token-Expert Dropping (2T-Drop)

(a) Expert Partition (Tensor-Level Sparsity)
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Dual-Threshold Token-Expert Dropping (2T-Drop)

(a) Expert Partition (Tensor-Level Sparsity)
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Dual-Threshold Token-Expert Dropping (2T-Drop)

(a) Expert Partition (Tensor-Level Sparsity)
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Dual-Threshold Token-Expert Dropping (2T-Drop)
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Inference Evaluation

Model | DropMethod | T7,,,, | Trinor | DropRate | ARC-C BoolQ GSM8K HellaSwag MMLU OBQA PIQA RTE WinoGrande | AVG.(1)
|  NoDrop | - | - | 0 | 4940 7664 6785 80.70 5286  47.60 78.18 72.20 6772 | 6591
OLMoE-Instruct 1T-Drop 008 | 008 | 217% | 4846 7740  64.67 80.11 5223 4560 7835 7220  66.85 65.10
2T (Reconstruct) | 0.07 0.09 22.0% 50.00 77.00  67.22 80.13 5245 4780 79.38 71.12 65.59 65.63
| NoDrop | - | - | 0 | 5392 8291 6505 80.81 56.91 4520 81.12 72.56 7198 | 67.83
DeepSeek-V2-Lite-Chat 1T-Drop 012 | 012 | 27.0% | 5179 8291  63.61 8030  55.18 4440 8161 7437 7127 67.27
2T (Reconstruct) | 0.11 0.13 26.9% 5247 8294  64.37 80.37 55.58 44.80 81.39 74.73 72.22 67.65
—#— 1T-Drop-Average @ —®— 2T-Drop-Average = —&— 2T-Drop-loadaware-Average
1.25 == No Drop = 1T-Drop msm 2T-Drop ~m~ 1T-Drop-GSM8K -~ 2T-Drop-GSM8K -4~ 2T-Drop-loadaware-GSM8K
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Thank You

Email: weai7 38@connect.hkust-gz.edu.cn
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