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Background and Motivation

@ Sparse MoE — Efficient scaling of deep models

@ Requires huge memory for inference

e Post-training weight quantization (PTWQ) = Promising technique for memory
requirements of LLMs

@ Uniform bit-width over experts [Frantar et. al. 24] = Significant performance degradation
in extremely low-bit settings
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Expert-wise Mixed-precision Quantization of MoE
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Contributions

@ Proposed an expert-wise mixed-precision quantization of MoE:

» Theoretically provable generalization guarantee

» Calibration data-free

» Considers both quantization noise and model’s performance sensitivity
» Insignificant overhead for bit allocation

@ Major contributions:

» A theoretically-grounded strategy, providing insights about why and how we can vary
bit-width across experts

» Superior performance over other expert-wise and non-expert-wise mixed-precision baselines

» Reduces the inference computation compared to prior methods, and incurs negligible
computational overhead
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Our Method
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[ntuition

@ Large maximum intra-neuron variance — large quantization noise
e From training dynamic analysis:

» Condition: Similar maximum intra-neuron variance for all experts
» Lower change in router's /, norm during training — lower activation — model performance is
more sensitive to the quantization of these experts
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Setting for Theoretical Analysis

Data model:
@ Binary classification

@ Class 1 data contain 07 or -o1; Class 2 data contain o» or -0»,

> Less-prevalent feature (o1 and 0,): appearance frequency is @ < 1/4 in the data
» More-prevalent feature (-o; and -0p): appearance frequency is (1 — «)

@ d — 2 task-irrelevant patterns and o; 0, form an orthonormal basis.

Network model: One MoE layer; Each expert is a two-layer FFN
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Theoretical Results

Theorem 1 (Expert sensitivity to noise)

The router norm change of an expert, say si, that learn less-prevalent features is less than that
of an expert, say s,, that learn more-prevalent features, i.e.,

Ag < A, (1)

The expert activation by task relevant Afea(turses in sy is higher than that in sy, satisfying
ct(sy 2c

Act(s2) S1o 2

@ A higher activation by a task-relevant pattern leads to a larger gap the output of this

expert and the output of another expert not selecting task-relevant pattern, leading to
robust predictions against quantization noise.

@ Experts that learn more-prevalent patterns experience larger change in router’s I, norm,
and is more robust to quantization noise.
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Theoretical Results

Assume the max. intra-neuron var. is ©(1) for all experts. Assign  fraction of experts with
the smaller router norm change to higher bit (by,), rest in lower bit (b;)

by > loga(1 + Q(d)), and by > logy(1 + %Q(d))

then the resulting model has the same generalization accuracy as the full-precision model.
Here, ~ is the fraction of experts learning less-prevalent features.

!
) fewer bits per value than the high-precision experts.

Each low-precision expert can log,(
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Empirical Results: Pre-trained MoE
Models: Mixtral 8x7B and Mixtral 8x22B [Jiang et. al. 24]

@ 32 MokE layers; 8 experts/layer (Mixtral 8x7B), 56 MoE layers; 8 experts/layer (Mixtral
8x22B)

o Number of Parameters: 46.7 B (Mixtral 8x7B), 140.6 B (Mixtral 8x22B)

Tasks: 8 benchmark LLM tasks: PIQA, ARC-e, ARC-c, BoolQ, Hella Swag, Winogrande,
MathQA, MMLU

Mixed-precision bit-choices: 1, 2, 3

Use the pre-trained router norm directly, no fine-turning needed.

Baselines:

o Pre-loading Mixed-precision Quantization (PMQ) [Huang et. al. 25]:
» Computes the output error, measured by Frobenius norm, between quantizing expert s to b
bits and its full-precision output, for every expert s and bit level b
» Determines optimal bit-width assignment by minimizing the weighted sum of these errors,
scaled by the expert's activation frequency and weight

@ Hessian [Dong et. al. 24], BSP [Li et. al. 24] (layer-wise), and Slim-LLM [Huang et. al.
25] (group-wise)
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Empirical Results: Pre-trained MoE
Our method outperforms all the baselines for Mixtral 8x7B

Avg. Memory
Model | Method bits/exp. (GB) Avg. Accuracy (%)
| Full-precision | 16 (FP) | 96.8 | 72.72
. 3 19.3 70.85
‘ Uniform ‘ 2 ‘ 13.1 ‘ 5873
2.75 17.7 70.01
Router norm + Max var | 2.5 16.1 68.38
(Ours) 225 14.5 65.79
2.0 13.1 62.56
2.75 17.7 69.85
2.5 16.1 67.53
Mixtral PMQ 225 145 65.16
Sx7B 2.0 13.1 62.83
2.5 17.0 67.18
Hessian 2.25 153 63.47
2.0 13.6 58.85
| BSP | 25 | 170 | 49.07
| Slim-LLM | 2.0 | 13.6 | 44.49
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Empirical Results: Pre-trained MoE

Our method outperforms PMQ for Mixtral 8x22B

‘ Avg. Memory

Model ‘ Method bits/exp. (GB) ‘ Avg. Accuracy (%)

| Full-precision | 16 (FP) | 281.2 | 76.31

. 3 57.5 65.48

‘ Uniform ‘ 2 ‘ 386 ‘ 36.53

Mi 1 2.5 46.7 60.10
8;’2“2% Router norm +Max var | 2.25 43.0 59.17
(Ours) 2.0 38.6 55.34

1.75 35.2 51.44

2.5 46.7 60.69

2.25 43.0 55.35

PMQ 2.0 38.6 54.80

1.75 352 47.87
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Empirical Results: Pre-trained MoE

Model: Mixtral 8x7B [Jiang et. al. 24]
@ 32 MoE layers, 8 experts/layer
@ Number of Parameters: 46.7 billion
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Conclusion

We propose an expert-wise mixed-precision of MoE:
@ Assign higher bit to the experts with lower router norm and vice-versa
@ Reorder experts with large intra-neuron variance to higher bit
@ Provided theoretical generalization guarantee

Future work:

@ Combining with block-wise and layer-wise mixed-precision quantization methods

e Extending to activation quantization
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