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Background

MoE models are becoming increasingly popular backbones for scaling language models.
• They provide high parameter capacity while maintaining manageable computa6on.
• This is achieved by ac6va6ng only a subset of experts for each token.

Mixture-of-Experts Block

Recent Large MoEs
• DeepSeek-V3: 671B Total, 37B Ac6ve, 256 Experts
• Kimi K2.5: 1T Total, 32B Ac6ve, 384 Experts
• Llama 4 Maverick: 400B Total, 17B Ac6ve, 128 Experts
• Qwen3-235B-A22B: 235B Total, 22B Ac6ve, 128 Experts
• Snowflake Arc6c: 480B Total, 17B Ac6ve, 128 Experts



Background

Model compression methods

Parameter Pruning Quantization



Problem Mo2va2on

Observa;on 1:
Within a single MoE expert, some channels exhibit larger ac6va6on magnitudes, 
indica6ng that informa6on is concentrated in a small subset of channels.
👉 This suggests the possibility of more fine-grained structured pruning.



Problem Mo2va2on

Observa;on 2:
Exis6ng metrics, such as router logits, token count, weight, ac6va6on, and 
gradients, show no clear correla6on with the actual expert-ablated loss.
👉 Therefore, they cannot accurately reflect expert importance or contribu6on.



Method Overview

Proposed Methods
1. Coverage-Maximized Budget Allocation👉 A channel allocation strategy for structured pruning
2. Attribution-Guided Loss Approximation👉 An accurate and efficient estimation of expert contribution
3. Alignment-Aware Redistribution👉 Compatible with mainstream quantization methods



Step 2. Compute the prefix sum and total sum of 
channel scores.

This enables efficient computation of the 
score ratio covered by the first 𝑛 channels:

Prefix Sum

Total Sum:

Step 3. Collect layer-wise loss as the layer importance score for inter-layer alloca4on.
Collect expert-wise importance as the expert importance score for intra-layer alloca4on.

👉

 Details are provided in Method 2.

In our experiments, we use the sum of absolute channel ac6va6ons, which is more suitable for 
the evaluated tasks but has not been extensively validated.

Prepara9on
Step 1. Collect scores for each expert and each channel.

Goal: Allocate fewer channels to experts whose activation information is more concentrated.
Key Idea: Use each expert’s contribution to guide channel allocation:

• Number of channels ∝ expert contribution
• Cumulative channel score ∝ expert contribution

Method1: Coverage-Maximized Budget Allocation



Method1: Coverage-Maximized Budget Allocation

Binary Search: Maximize the global retained-channel score ra9o 𝜌ℓ(𝑛)

Algorithm Explana0on
#L3: Ini9alize the search boundaries 𝛼!"#, 𝛼!$%
#L5: Use 𝛼 as the binary search pivot.
#L6: 𝝆: the current retained-score ra9o, represented as a 1-D vector containing the individual 
threshold for each expert in the layer.
#L7: Compute the minimum total number of channels 𝑁 𝝆  required to sa9sfy the current 𝝆, 
using the prefix sums from Step 2 for fast lookup.
#L8: Check whether the planned total number of channels 𝑁(𝝆) sa9sfies the overall budget 
𝑁&'()*+.
A small tolerance𝜀 is allowed because the number of channels must be integer-valued, so it may 
not exactly match the budget.
#L9-10: If the overall budget is sa9sfied, terminate the search.
#L12-16: If the result is above or below the budget, update the binary search boundaries 
accordingly.

Goal: Allocate fewer channels to experts whose acKvaKon informaKon is more concentrated.
Key Idea: Use each expert’s contribuKon to guide channel allocaKon:

• Number of channels ∝ expert contribuKon
• CumulaKve channel score ∝ expert contribuKon



Algorithm Efficiency of Binary Search

Method1: Coverage-Maximized Budget Allocation

Runtime Statistics:
On a 30B MoE model, the total runtime is 
around 10 seconds.

IllustraAon of redistribuAng channels



Method2: Attribution-Guided Loss Approximation

Goal: Accurately measure expert contribuKon while avoiding the high cost of ablaKng experts one by 
one.
Key Idea: Use a first-order approximaKon, currently opKmized to a second-order approximaKon.

where 𝑧",$ is the expert output, and 𝑔",$	 is the router weight assigned to that expert.

Step 2. Apply an expert-wise scaling factor 𝛽 to the output:

Step 1. The output of one MoE block can be wriCen as:

Step 3. Compute the loss against the original output

Deriva9on



Method2: Attribution-Guided Loss Approximation

Goal: Accurately measure expert contribuKon while avoiding the high cost of ablaKng experts one by 
one.
Key Idea: Use a first-order approximaKon, currently opKmized to a second-order approximaKon.

Step 5. Compute the first- and second-order derivatives at 𝛽 = 1 

Step 6. Es4mate expert contribu4on, i.e., sensi4vity to expert removal.

Design Insight
• 𝛽 ∈ 0,1 simulates the output perturbaAon caused by pruning. Δℒ and the first-order gradient measures 

how sensiAve the expert is to this perturbaAon.
• 𝛽 = 1, both Δℒ and the first-order gradient are zero, The second-order term captures the curvature with 

respect to the scaling factor 𝛽, which reflects sensiAvity to perturbaAon.

Deriva9on



Method3: Alignment-Aware Redistribution
Goal: Support mainstream quanKzaKon methods.
Key Idea: Regularize the post-pruning weight shapes.

Motivation:
Without shape regularization, the deployed inference efficiency can be low.

• If weights are explicitly padded to the kernel block size, such as 64, storage overhead is introduced. For example, on 
Qwen3-30B-A3B, this wastes 4.1% of weight storage.

• If explicit padding is not used and weights are only aligned to INT32, the computation falls back to a generic kernel and 
cannot benefit from low-bit GEMM acceleration.



Method3: Alignment-Aware Redistribution
Goal: Support mainstream quantization methods.
Key Idea: Regularize the post-pruning weight shapes.

Algorithm Process: Based on Hamilton Appor9onment
Step 1. Round down to the minimum block size 𝑎 supported by low-bit GEMM:

Step 3. Compute the remaining number of channels, or the sum of remaining channel scores, for each expert:

Step 2. Compute the remaining alloca4on quota 𝑞ℓ

Step 4. Assign one addi4onal block of 𝑎 channels to the 𝑞ℓ	 experts with the largest remaining channel count, 
or largest remaining score sum (𝑏",$ = 1):



Results
Ablation study Storage & Memory ReducKon Runtime Acceleration

(depending on whether the 
quantization library 
supports acceleration for 
the corresponding 
quantization operators)



Accuracy Results on Commonsense QA Benchmarks Accuracy Results on Reasoning Tasks

Future Work
• Evaluate on more tasks
• Combine with other compression methods
• System-level opDmizaDon

Results



Thanks for listening!
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code link: https://github.com/yifu-ding/MoE-Slimming

paper link: https://openreview.net/pdf?id=oreET6Wz52
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