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Abstract

Mixture-of-Experts (MoE) architectures have
emerged as an effective approach for scaling
Large Language Models (LLMs) by activat-
ing only a subset of experts during inference.
Despite their computational efficiency, MoE
models incur a substantial memory bottleneck
from maintaining all expert parameters dur-
ing inference. To address this challenge, nu-
merous MoE pruning methods have been pro-
posed. However, most existing methods adopt
uniform pruning across layers, which fails to
capture layer-wise variations in expert impor-
tance and redundancy. In this paper, we pro-
pose COmpensated MoE Pruning with Expert-
Layer distribution (COMPEL). COMPEL per-
forms layer-adaptive expert pruning by estimat-
ing expert importance using Fisher informa-
tion and deriving layer importance from layer-
wise outlier distributions, enabling pruning de-
cisions that capture layer-wise heterogeneity.
Furthermore, to mitigate performance degra-
dation resulting from expert pruning, we pro-
pose a Fisher information guided expert weight
compensation method. Experimental results on
the Qwen1.5-MoE-A2.7B achieve near lossless
performance at 25% expert pruning and main-
tains performance within a 4% margin even
at 50% pruning. Moreover, COMPEL consis-
tently outperforms existing pruning methods
while substantially reducing inference latency
and peak GPU memory usage. !

1 Introduction

Large Language Models (LLMs) have demon-
strated remarkable performance across a wide
range of natural language processing tasks, with
recent models such as GPT-4 (Achiam et al., 2023)
and Gemini 2.5 (Comanici et al., 2025) exhibit-
ing advanced capabilities in reasoning tasks. This

*Corresponding author.
'Our code is available at
seohee@925/COMPEL . git

https://github.com/

performance improvement is consistent with in-
creasing model size, as evidenced by scaling laws
(Bai et al., 2024). However, this trend entails signif-
icant computational costs and resource constraints,
which limit inference efficiency in resource con-
strained environments (Wan et al., 2024; Yuan et al.,
2024).

To address these challenges, Mixture-of-Experts
(MoE) (Fedus et al., 2022) architecture was pro-
posed to achieve computational efficiency by acti-
vating only the top-k experts for each token. MoE
has enabled the development of efficient models
such as Mixtral 8x7B (Jiang et al., 2024). However,
MOoE models require all parameters to be loaded
into memory leading to substantial memory con-
sumption.

0 0 0 1.0
10 10 10 0.8

20 20 20
0.6

30 30 30
40 40 40 0.4
50 \\\xso 50 0.2
0 10 20 30 40 50 0 10 20 30 40 50 0 10 20 30 40 50 0.0

(a) Layer 3 (b) Layer 12 (c) Layer 22

Figure 1: Heatmap of Centered Kernel Alignment
(CKA) similarities between experts across different
MoE layers in Qwenl.5-MoE-A2.7B. Tick labels de-
note expert indices, and darker colors indicate higher
similarity.

Accordingly, existing approaches aim to reduce
redundancy in MoE models by applying expert-
level pruning with uniform pruning rates across all
layers (Lu et al., 2024; Lee et al., 2025). However,
these methods often overlook the layer-wise hetero-
geneity. As illustrated in Figure 1, recent studies on
inter expert similarity in MoE models have shown
that the similarity between experts varies signifi-
cantly across layers (Lo et al., 2025). However,
applying a uniform pruning rate fails to account for
this variability, resulting in the removal of distinct
experts even in layers with low redundancy. Such
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indiscriminate pruning leads to the loss of unique
information and consequently degrades model per-
formance.

Furthermore, most expert pruning methods make
pruning decisions based on fixed indicators, with-
out explicitly modeling the relative importance of
layers and experts. In contrast, we propose COm-
pensated MoE Pruning with Expert-Layer distri-
bution (COMPEL), which transforms the pruning
metric into a continuous optimization problem. In-
stead of using raw scores directly, COMPEL learns
the importance distribution of experts and layers
by aligning it with the structural importance of the
network.

Specifically, we estimate expert sensitivity using
Fisher information (McGowan et al., 2024; Navar-
rete et al., 2025), a computationally efficient alter-
native to the Hessian matrix. To capture layer-wise
importance, we extend the Layerwise Outlier Dis-
tribution (LOD) (Ling et al., 2024) to MoE archi-
tectures. We utilize these estimated values as target
distributions and optimize the learnable importance
parameters by minimizing the Kullback—Leibler
(KL) divergence against them (Luo and Wu, 2020).
This ensures that the learned distribution consis-
tently reflects both the expert-level sensitivity and
the layer-level outlier ratio.

Within each layer, expert-level importance is esti-
mated using Fisher information to define an expert-
level pruning criterion. To quantify layer impor-
tance, we measure the KL divergence between the
model softmax output distribution and a layer-level
importance distribution, where the outlier distribu-
tion serves as the target distribution. Our proposed
method, COMPEL, not only removes redundant
experts but also mitigates pruning induced perfor-
mance degradation through a compensation mecha-
nism guided by pre computed Fisher information.

2 Related Work

2.1 Mixture of Experts

Mixture-of-Experts (MoE), first introduced by Ja-
cobs et al. (1991), has evolved through the adoption
of sparse gating mechanisms (Shazeer et al., 2017)
and has become a fundamental building block
for scaling Transformer-based architectures (Lep-
ikhin et al., 2021; Li and Zhou, 2024). Contempo-
rary decoder-only LLMs, including Mixtral-8x7B
(Jiang et al., 2024), Qwen-MoE (Yang et al., 2024a,
2025a), and DeepSeek-MoE (Dai et al., 2024), ex-
ploit this paradigm to substantially increase model

capacity while preserving computational efficiency
by activating only a sparse subset of experts per
token.

Despite these computational advantages, MoE
models incur considerable memory overhead, since
all experts must reside in memory during infer-
ence, which poses challenges for deployment in
resource-constrained settings (Huang et al., 2024;
Kong et al., 2024). To mitigate this limitation, ex-
pert pruning techniques have been proposed.

2.2 Expert Pruning for MoE

Expert pruning in MoE models has been exten-
sively studied to remove redundant experts (Liu
et al., 2024c; Yang et al., 2025b). Most existing
methods estimate expert importance from local in-
ference statistics to perform structured expert-level
pruning (Xie et al., 2024; Liu et al., 2024b; Muzio
et al., 2024). Beyond simple expert removal, re-
cent hybrid schemes have also been proposed to
combine expert pruning with weight-level and ap-
ply either structured expert-level pruning or hybrid
schemes that combine expert pruning with weight-
level sparsification for further compression (Lee
et al., 2025). However, these approaches typically
rely on uniform pruning strategies, failing to cap-
ture inter-layer heterogeneity. To address this, Bai
et al. (2025) and Yang et al. (2025¢) proposed layer-
adaptive pruning approaches. However, accurately
characterizing expert importance remains a signif-
icant challenge. Furthermore, existing methods
largely lack mechanisms to compensate for the in-
formation loss induced by pruning.

2.3 Structured Compression

Recent LLM compression methods have explored
structured compression and decomposition to re-
duce the computational and memory costs of dense
models, including dimensionality reduction-based
structured compression (Ashkboos et al., 2024)
and joint module-level decomposition of consecu-
tive Transformer subcomponents (Lin et al., 2025).
More recently, this line of research has been ex-
tended to MoE models through inter-expert prun-
ing with intra-expert decomposition (Yang et al.,
2024b) and decomposition-based compression tai-
lored to MoE (Li et al., 2025b). However, these
approaches primarily focus on structural reduction
or expert redundancy removal, and therefore do
not address layer-wise heterogeneity under sparse
routing. In particular, although MoDeGPT (Lin
et al., 2025) uses layer-wise signals to guide glob-
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Figure 2: Overview of our proposed COMPEL. Expert importance at each layer is quantified using Fisher-based
sensitivity, while layer importance is defined by outlier-aware expert activation statistics. The blue curves indicate
the target importance distributions, and the red curves correspond to the learned distributions parameterized by «
(expert-level) and g (layer-level), both optimized by minimizing KL divergence. Experts are pruned according
to the resulting joint importance score, and Fisher-based weight compensation is subsequently applied to prevent

performance degradation caused by pruning.

ally informed compression, it remains a module-
level compression framework and does not explic-
itly model expert-level selection or information loss
induced by pruning in sparse MoE layers.

2.4 Second-order Information for
Compensation

Second-order information has been widely used to
compensate for performance degradation caused
by structural pruning, most notably in the Opti-
mal Brain Surgeon (OBS) framework proposed by
Hassibi and Stork (1992). Recent studies have ex-
tended OBS-style compensation to LLMs, demon-
strating that curvature-aware updates can effec-
tively mitigate pruning-induced errors (Ling et al.,
2024). However, exact computation of the Hessian
matrix is infeasible for large-scale models due to
its quadratic complexity with respect to the number
of parameters (Kang et al., 2025). Consequently,
the Fisher information matrix (FIM) is commonly
adopted as a tractable surrogate for second-order
curvature information (Navarrete et al., 2025).

The FIM is defined as the expected outer product
of gradients of the negative log-likelihood,

F =E,p) V(;E(G;D)VQE(H;D)T] ¢))

and coincides with the expected Hessian at a local
optimum under maximum likelihood estimation.
This relationship enables Fisher-based criteria to
provide reliable estimates of parameter importance
and supports pruning and compensation beyond

first-order approximations (Navarrete et al., 2025;
Garcia et al., 2023).

Despite these advantages, applying second-order
compensation to Mixture-of-Experts (MoE) mod-
els remains challenging. Token-dependent routing
leads to sparse and asynchronous expert activation,
which conflicts with the parameter co-activation
assumptions of conventional OBS-based formula-
tions. Accordingly, Li et al. (2025a) limit the use of
second-order information to expert importance es-
timation, relying on diagonal FIM approximations
and OBS-style loss increase estimates. In this set-
ting, our goal is not to derive a full OBS-style com-
pensation for MoE, but to use Fisher as a tractable
curvature proxy to guide a practical compensation
mechanism compatible with sparse expert activa-
tion.

3 Method

3.1 Preliminary: Mixture-of-Experts

In an MoE layer, the dense Feed-Forward Network
(FFN) in a Transformer block is replaced with a col-
lection of IV independent expert networks, denoted
as {FFN;}¥ |, together with a routing function
that determines expert assignment on a per token
basis (Shazeer et al., 2017; Fedus et al., 2022).
Given an input token representation x, the router
computes a routing logit /; for each expert i. In-
stead of activating all experts, only the top-k ex-
perts with the highest routing logits are selected.
The routing weights of the selected experts are then
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normalized using a softmax operation restricted to
the top-k set (Shazeer et al., 2017):

exp(l:)
ZjGTop-k exp(l;)’

w; = i € top-k  (2)

The output of the MoE layer is computed as
a weighted sum of the outputs produced by the
selected experts:

o(x) = Z w; - FFN;(x) 3)

1€Top-k

Each expert F'F'N; follows the standard Trans-
former feed-forward architecture (Vaswani et al.,
2017) and is parameterized independently:

FFNi(@) = Wi, (c(Wi2)) @
where Wu(f;) and Wéézm denote expert-specific pro-
jection matrices, and o (+) is a non-linear activation
function.

As aresult, only a subset of experts participates

in the computation for each token, while the param-
eters of all experts are maintained across layers.

3.2 Expert Importance Estimation

Expert-level Importance Score. Ashkboos et al.
(2024); Men et al. (2025); Xia et al. (2023) have
demonstrated the effectiveness of gradient-based
sensitivity measures for LLM compression and
pruning. Motivated by these findings, we employ a
Fisher-based criterion to estimate expert-level im-
portance. Extending the curvature-based sensitivity
framework (LeCun et al., 1989) to the expert-level,
we define a score I} ; that characterizes the contri-
bution of expert ¢ in layer [ by capturing the local
curvature of the loss function £ with respect to
the expert-specific parameters 0; ;. Consequently,
F} ; serves as a proxy for expert importance by re-
flecting the sensitivity of model performance to
parameter perturbations. The score Fj ; is defined
as follows:

Fis = By [V, lozp(y | 2:0)|2] )

where this formulation approximates the diagonal
of the FIM (Kirkpatrick et al., 2017).

To assess the relative importance of experts
within each layer, we normalize the expert-level
Fisher sensitivity scores to obtain a target distribu-

tion,

) Fpi
= ) (6)

Zj F

(L
Tp

where ﬂg’z) denotes the normalized importance of

expert ¢ in layer /.

We parameterize a Softmax distribution qg ) with
O]

learnable expert-level importance parameters o
and train it to match the target distribution Tr%). The
parameters « are optimized by minimizing the KL

divergence,
LFEisher-a = Mo Z KL (ﬂ'g;l‘) || qé”) . @)
l

Through this optimization, oy ; serves as a learn-
able expert-level importance score that reflects the
relative contribution of each expert.

Layer-level Importance Score. In addition to
expert-level importance, we consider the relative
importance of layers, grounded in observations that
layers contribute unevenly to model inference and
exhibit differing redundancy patterns (Men et al.,
2025).

Following prior work on activation outliers (Yin
et al., 2023; Sun et al., 2023), we quantify layer-
level importance based on the distribution of ex-
pert activations within each layer. This distribu-
tion effectively characterizes what is referred to as
the LOD in structured pruning (Ling et al., 2024),
where higher outlier concentrations indicate greater
importance to pruning.

Let A;; denote the activation magnitude of ex-
pert i in layer [, and let A; be the average activation
of layer [. We define a layer-wise outlier ratio D;
as

Dl:—ZH(AM>M-Al) (8)

where M serves as a threshold multiplier defining
the outlier boundary. Any expert with an activa-
tion magnitude exceeding M times the layer-wise
average A, is classified as an outlier. This crite-
rion aligns with Yin et al. (2023), who identify that
activations surpassing this relative magnitude are
critical for maintaining model performance. Thus,
Dy strictly quantifies the proportion of these high-
magnitude experts in each layer.

To compare importance across layers, we nor-
malize D; to obtain a layer-level target distribution,

0 _ D
out Zk Dl

We optimize the layer-level importance parame-
ters 5; by minimizing the KL divergence between

©)
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and a parameterized distribution gz,

!
Louwp = ps - KL (Tr(()u)t | %’) (10)
The learned parameter J; serves as a layer-level
importance score that modulates the pruning inten-
sity applied to each MoE layer.

3.3 Pruning and Compensation

Expert Pruning Criterion. We define an adap-
tive pruning criterion that jointly captures expert-
level and layer-level importance, leveraging the
methodology proposed in Bai et al. (2025). For
each expert ¢ in layer [, the pruning score is com-
puted as the product of the expert-level importance
term agl) and the corresponding layer-level impor-
tance factor (). This multiplicative form follows a
hierarchical factorization in which the expert-level
term determines the within-layer ranking of experts,
while the layer-level factor calibrates the pruning
intensity across layers. Because the layer-level fac-
tor is shared by all experts in layer [, it preserves the
within-layer ordering induced by the expert-level
term while enabling globally comparable ranking
under a fixed pruning budget.

The resulting score quantifies the relative im-
pact of removing an expert on overall model perfor-
mance, comparable to recent scoring-based pruning
metrics (Sun et al., 2023).

Fisher-based Expert Compensation. After
pruning, a compensation step is performed to mit-
igate the performance degradation caused by the
removal of experts. While second-order compensa-
tion methods based on the Optimal Brain Surgeon
(OBS) framework have proven effective for dense
models (Frantar and Alistarh, 2023), directly ap-
plying them to the sparse and dynamic structure
of MoE remains computationally prohibitive (Li
et al., 2025a). Under a local second-order approxi-
mation of the loss, OBS-style compensation admits
a closed-form update in terms of the inverse Hes-
sian H~!. However, such a derivation is difficult
to obtain for MoE, where token-dependent sparse
routing leads to asynchronous expert activation and
violates the parameter co-activation assumptions
underlying conventional OBS formulations.

To address this, we propose a computationally ef-
ficient compensation mechanism that redistributes
the importance of pruned experts to the surviving
experts. We assume that experts with higher Fisher
information values possess greater capability to

absorb the functionality of removed components.
Accordingly, rather than uniformly distributing the
pruned weights, we redistribute the parameters of
the pruned set R to the surviving set S() propor-
tional to the receiver’s importance

-9,,,-) , Vjesw

(11)
where Fj ; is the Fisher importance score of the
survived expert j as defined in Sec. 3.2, and the
denominator acts as a normalization term across
the surviving set S). The hyperparameter v modu-
lates the overall magnitude of compensation, while
€ ensures numerical stability.

By prioritizing experts with higher sensitivity,
this heuristic effectively concentrates the pruned
information into the most critical surviving ex-
perts, approximating the recovery of representa-
tional power without the computational overhead
of second-order optimization.

. . Lj
Oj 05+ Lier (Zkes(z) Fpte

4 Experiment

4.1 Model Settings

To evaluate the effectiveness of expert-level prun-
ing, we conduct experiments using MoE models
composed of multiple experts. The detailed config-
urations of the models used in our experiments are
summarized below.

* Qwenl.5-MoE-A2.7B (Team, 2024): A 24-
layer model with 60 routed experts and 4
shared experts per layer. It contains 14.3B
total parameters, of which 2.7B are activated
during inference.

* DeepSeek-V2-Lite (Liu et al., 2024a): A 27-
layer model with 64 routed experts and 2
shared experts per layer. The model has 16B
total parameters, with 2.4B parameters acti-
vated at inference time.

* OLMOoE-1B-7B-0924 (Muennighoff et al.,
2024): A 16-layer model with 64 routed ex-
perts per layer. It comprises 7B total parame-
ters, with 1B parameters activated during in-
ference.

4.2 Implementation Details

We empirically determined the outlier threshold
as M = 5.0 for the LOD Formulation (8). To fa-
cilitate the transfer of knowledge from pruned to
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Sparsity Method

PPL | ARC-c ARC-e BoolQ HellaSwag PIQA OBQA

RTE WinoGrande Avg.

Qwenl.5-MoE-A2.7B

0% None 7.06 56.57 8279 83.12 58.38 80.03 37.00 72.92 76.16 68.37
NAEE 10.11  47.56  77.65 75.72 52.69 7592 3452 67.80 75.85 63.46
STUN 946 51.84 7993 80.18 57.96 78.07 33.14 69.76 73.48 65.55
25%  MOoE-12 9.10 5096 7842 7694 56.21 77.88 3329 70.84 71.02 64.44
DiEP 897 52.61 7948 81.02 57.42 78.64 3527 70.68 73.91 66.13
COMPEL 794 53.67 80.62 83.62 60.52 81.33 3734 7240 77.22 68.34
NAEE 13.84 4378 7254 7252 49.95 7296 30.80 65.82 67.86 59.53
STUN 10.23 4527 7586 74.18 52.06 74.03 3126 66.37 70.94 61.25
50%  MOoE-12 9.14 4592 7038 71.06 53.41 73.62 31.58 67.02 66.11 59.89
DiEP 10.51 4482 7236 71.24 5291 72.18 31.94 66.02 64.27 59.47
COMPEL 8.03 49.57 7883 77.43 56.52 76.59 34.81 69.84 72.66 64.53
DeepSeek-V2-Lite
0% None 1022 4352 75.67 74.62 54.99 79.22  31.00 62.09 67.01 61.02
NAEE 11.15 38.27 7041 69.18 50.37 74.56  27.68 58.14 62.73 56.42
STUN 10.89 41.20 7296 71.02 54.02 77.05 2892 58.77 64.72 58.58
25%  MoE-I2 1149 3994 7392 72.85 52.64 76.48 29.35 6041 62.91 58.56
DiEP 11.34  41.05 73.60 73.02 53.60 76.62  29.07 59.96 64.22 58.89
COMPEL 10.65 42.66 74.85 74.03 55.27 7831 30.64 61.88 66.05 60.46
NAEE 11.51 33.62 6341 63.88 46.27 68.92 2438 54.44 58.06 51.62
STUN 11.03 36.18 67.42 66.05 49.11 72.45 2571 57.40 60.34 54.33
50%  MoE-12 12.62 3544 6598 67.21 49.65 70.84 2646 57.19 58.47 5391
DiEP 11.46 36.05 68.15 6542 50.12 72.12  26.05 56.02 60.88 54.35
COMPEL 10.87 39.18 7134 69.74 52.22 7456 28.74 58.81 63.49 57.26
OLMOoE-1B-7B-0924
0% None 13.52  47.10 78.28 74.71 57.93 80.09 33.20 52.35 68.19 61.98
NAEE 13.96 4230 73.65 69.88 53.10 75.42  30.84 48.10 65.20 57.81
STUN 14.64 4586 7692 72.84 56.08 78.01 3276 50.62 66.94 59.92
25%  MoE-12 13.76 4498 75.80 71.36 55.12 77.10 3140 50.10 66.02 59.23
DiEP 13.84 46.38 7644 73.10 56.43 76.42 3228 51.08 67.14 60.28
COMPEL 13.66 48.62 7895 75.96 58.74 81.20 33.96 53.18 69.84 62.56
NAEE 14.09 3892 69.84 65.12 49.08 7136  28.94 46.20 61.30 53.85
STUN 14.84 4186 7048 68.04 51.72 7098 29.88 44.62 60.88 56.68
50%  MoE-I2 13.97 41.10 71.36 66.92 52.14 7322 29.66 45.20 61.74 55.17
DiEP 14.01 4234 72.06 67.38 51.98 73.10 29.92 4548 60.02 55.29
COMPEL 13.76 4582 76.12 71.28 55.34 75.04 30.10 48.86 62.88 58.18

Table 1: Zero-shot performance of expert pruning methods on Qwenl.5-MoE-A2.7B, DeepSeek-V2-Lite, and
OLMOoE-1B-7B-0924. Expert sparsity denotes the proportion of pruned experts (25% and 50%). PPL is perplexity
on WikiText2, and Avg. denotes the average accuracy across tasks in the LM Evaluation Harness. Bold and
underlined values indicate the best and second-best results, respectively.

retained experts during the weight compensation
phase, the scaling factor was fixed at v = 0.1 to
modulate the magnitude of the weight updates. We
optimized the learnable importance parameters, o
and S, using the Adam optimizer. This optimiza-
tion process was executed over 3 epochs with a
batch size of 4 and a learning rate of 5e-3. All ex-
perimental evaluations were conducted in a compu-
tational environment equipped with four NVIDIA
RTX 3080 GPUs.

4.3 Evaluation Setup

Calibration and Pruning efficiency. The C4
(Colossal Clean Crawled Corpus) dataset (Raffel

et al., 2020) was utilized for calibration to ensure
broad generalization without domain-specific bias.
Specifically, calibration was performed using 128
sequences with a length of 1024 tokens. This setup
serves as the basis for the pruning-stage efficiency
reported in Table 4. Additional results regarding
different sequences are provided in Appendix A.4.

Inference Efficiency. We evaluated the practical
efficiency by measuring token generation through-
put and peak GPU memory usage under a consis-
tent evaluation setup.

Task-level Performance. We report results on
eight zero-shot benchmarks: ARC-easy and ARC-
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Model Method Mem (GB) | Mem. Ratio| TTFT (s)| ITL (ms)] Throughput (tok/s){ Speedup 1
None 9.48 1.00x 0.35 22.12 4521 1.00%
NAEE 8.82 0.93x 0.33 19.15 52.23 1.16x
STUN 8.54 0.90% 0.31 18.28 5471 1.21x
Qwenl.>-MoE-A27B 1 e 1p 8.35 0.88x 0.30 17.15 58.32 1.29%
DiEP 8.16 0.86x 0.28 15.97 62.64 1.39x
COMPEL 7.78 0.82x 0.26 14.41 69.42 1.54x
) None 9.95 1.00x 0.41 24.63 40.60 1.00x
DeepSeck-V2-Lite COMPEL 8.45 0.85x 0.31 16.34 61.18 1.51x
None 6.12 1.00x 0.24 17.95 55.72 1.00x
OLMOoE-1B-7B-0924 COMPEL 4.83 0.79% 0.18 12.48 80.15 1.44%

Table 2: Inference-time latency, throughput, and peak GPU memory. All values are measured under the same
inference setup, and Speedup is normalized to the unpruned model.

challenge (Clark et al., 2018), BoolQ (Clark et al.,
2019), HellaSwag (Zellers et al., 2019), Open-
BookQA (Mihaylov et al., 2018), PIQA (Bisk
et al., 2020), RTE (Wang et al., 2018), and Wino-
Grande (Sakaguchi et al., 2021), evaluated using
the EleutherAl LM Evaluation Harness (Gao et al.,
2024). To provide a more fine-grained analysis of
pruning effects on language modeling capability,
we report perplexity (PPL) on WikiText-2 (Merity
et al., 2016). Additional perplexity results on the
Penn Treebank (PTB) (Marcus et al., 1993) and
LAMBADA (Paperno et al., 2016) are provided in
Appendix A.1.

4.4 Baselines

We compare our proposed method against four rep-
resentative pruning techniques to evaluate COM-
PEL. NAEE (Lu et al., 2024) enumerates possi-
ble expert combinations and searches for the opti-
mal subset that minimizes the reconstruction loss.
STUN (Lee et al., 2025) proposes a multi-stage
strategy that simultaneously achieves structured
and unstructured sparsity by sequentially applying
expert pruning followed by unstructured pruning.
MoE-12 (Yang et al., 2024b) performs structural
compression by combining inter-expert pruning
and intra-expert low-rank decomposition. Finally,
DiEP (Bai et al., 2025) performs adaptive MoE
compression through differentiable expert pruning,
enabling pruning decisions to be optimized in a
continuous manner.

5 Results

5.1 Main Results

Downstream Tasks. Table 1 presents a compar-
ative evaluation of COMPEL and existing prun-
ing methods across three MoE models under var-

ious sparsity levels. The results demonstrate that
COMPEL consistently achieves the best perfor-
mance across all models and sparsity regimes. No-
tably, COMPEL exhibits strong robustness under
the 50% sparsity setting, where the risk of in-
formation loss is most pronounced, substantially
outperforming baseline approaches. For instance,
on Qwenl.5-MoE at 50% sparsity, COMPEL im-
proves the average score by approximately 5 per-
centage points over STUN, and shows clear advan-
tages on reasoning-intensive benchmarks such as
ARC-c and BoolQ. Moreover, under the 25% spar-
sity setting, COMPEL attains lossless compression
across all models. In the case of OLMoE, COM-
PEL even surpasses the original dense model in
terms of average accuracy, indicating that remov-
ing redundant experts can contribute to improved
generalization.

Perplexity. We measure perplexity on WikiText-
2 with a sequence length of 1024 to evaluate the im-
pact of pruning on language modeling quality. As
shown in Table 3, pruning without compensation
leads to increased perplexity as sparsity increases,
whereas Fisher-based compensation consistently
alleviates this degradation. At 25% sparsity, com-
pensated models achieve perplexity close to the
unpruned model, and even at 50% sparsity, they
outperform variants without compensation.

5.2 Efficiency Analysis

Inference Cost. To evaluate the impact of prun-
ing on inference efficiency, we report peak GPU
memory usage, latency, and throughput, as shown
in Table 2. Inference latency is measured using
Time to First Token (TTFT) and Inter-Token La-
tency (ITL), which respectively quantify the prefill
latency and the per-token decoding cost, following
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Figure 3: Correlation between the learned importance parameters and their corresponding target distributions. The
relationship between expert-level importance o and the Fisher-based target distribution 7 is shown on the left,
while the correlation between layer-level importance 3 and the outlier-based target distribution 7,y is shown on the

right.
Model Sparsity Prun. Comp. PPL | Method Pruning Time (h) Mem (GB) GPU |
0% 7.06 None - 9.48 1.00
Qwenl 5-MoE-A278  23% 5 PR DIEP 221 7.78 1.26x
7 : COMPEL 0.66 6.20 0.99 <
50% v 8.97
>0% v v 8.03 Table 4: Comparison of computational efficiency during
0% 1022 the pruning stage on Qwenl.5-MoE-A2.7B. Pruning
DeenSeck. Va.Li 25% v 10.78  Time denotes the total optimization time, including im-
eepseck-Va-Lite 25% v v 10.65  portance estimation and compensation.
50% v 11.06
50% v v 10.87
0% 1352 Configuration Prun. Comp. Avg.1T PPL |
None 68.37 7.06
25% v 14.90
OLMOoE-1B-7B-0924
25% v v 13.66 Expert-level (@) v/ 59.10  12.89
50% v 14.06 Layer-level () v 58.85 13.05
50% v v 13.76 Joint (av, ) v 61.40 11.54
COMPEL v v 64.53 8.03

Table 3: WikiText2 perplexity (PPL) under different
sparsity settings. Prun. corresponds to pruning, and
Comp. corresponds to compensation.

the definition in Chitty-Venkata et al. (2025). De-
tailed metric definitions and experimental settings
are provided in Appendix B. COMPEL consistently
improves inference efficiency. In particular, COM-
PEL reduces peak GPU memory usage to approxi-
mately 0.8 x of the unpruned model while achiev-
ing around 1.5 x throughput speedup, together with
lower TTFT and ITL.

Optimization Cost. We evaluate the optimiza-
tion cost of COMPEL during the pruning stage and

Table 5: Ablation study of COMPEL. We report aver-
age accuracy (Avg.) over LM Evaluation Harness and
perplexity (PPL) on WikiText-2.

compare it with DiEP. As summarized in Table 4,
COMPEL incurs substantially lower optimization
overhead than DiEP while maintaining a compa-
rable memory footprint. This improvement arises
from avoiding iterative pruning optimization and
instead leveraging calibration-based importance es-
timation and layer-adaptive pruning.

5.3 Ablation Studies
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Sparsity Var(log ) Var(log3) Corr(joint, log ) Corr(joint, log )

25% 0.41 0.18 0.44 0.72
50% 0.37 0.24 0.65 0.68

Table 6: Log-space dominance analysis of the joint
importance score.

Effectiveness of Pruning Criterion. Table 5
shows that pruning based on a single criterion, ei-
ther expert-level («) or layer-level (), leads to
substantial performance degradation. Using only
one criterion reduces accuracy by 9 and increases
perplexity by 6 relative to the unpruned model.

Jointly modeling expert- and layer-level impor-
tance mitigates this degradation. With Fisher-based
compensation, accuracy is recovered by 3 and per-
plexity is reduced by 3 compared to pruning with-
out compensation.

Robustness of the Joint Pruning Score. Table 6
reports log-space variance and correlation statistics
of the joint score. Neither component exhibits over-
whelming variance dominance, and the joint score
remains substantially correlated with both terms.
These results support the multiplicative combina-
tion of expert-level and layer-level importance.

Alignment of Learned Importance Parameters.
Figure 3 evaluates the alignment between the
learned importance parameters and their target
distributions using the Pearson correlation coeffi-
cient (Pearson, 1896), a standard measure of linear
association between continuous variables (Schober
etal., 2018). We observe positive correlations, with
coefficients of 0.74 at the expert level and 0.77 at
the layer level, indicating that the learned impor-
tance parameters closely follow the intended prun-
ing criteria. In the expert-level analysis, each point
represents an expert across all MoE layers, while
in the layer-level analysis, each point corresponds
to an MoE layer.

6 Conclusion

In this paper, we propose COMPEL, an
optimization-based pruning framework for MoE
models that integrates adaptive expert pruning
with compensation. COMPEL leverages Fisher-
based expert importance and outlier-based layer
sensitivity to guide layer-adaptive pruning, and ap-
plies Fisher-based compensation to mitigate perfor-
mance degradation caused by expert removal. As
a result, COMPEL preserves model performance

while reducing memory usage and accelerating in-
ference.

Limitations

COMPEL has two limitations due to computational
constraints. First, experiments were restricted to
models up to 16B, leaving validation on larger ar-
chitectures like Mixtral-8 x 7B for future work. Sec-
ond, we could not perform full fine-tuning to jointly
optimize the learnable parameters («, ) with the
model weights, which could potentially yield fur-
ther improvements.
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A Additional Experimental Results

A.1 Perplexity Evaluation

We evaluate zero-shot language modeling perfor-
mance on WikiText2, PTB, and LAMBADA using
the standard sliding-window evaluation protocol.
Table 9 reports the perplexity of pruned models
in comparison with the baselines. As sparsity in-
creases, perplexity generally degrades across all
methods. Nevertheless, COMPEL consistently ex-
hibits greater robustness to pruning than competing
approaches, achieving the lowest perplexity among
the baselines and incurring only a marginal degra-
dation relative to the unpruned model.

A.2 Hardware Efficiency

We evaluate hardware efficiency by measuring peak
GPU memory consumption during inference. Ta-
ble 7 reports the memory usage in gigabytes, to-
gether with the relative reduction compared to the
unpruned model. Notably, COMPEL consistently
reduces GPU memory usage to around 80% of the
unpruned baseline across all backbones, match-
ing or slightly improving upon competing methods
such as NAEE and DiEP.

Model Method Mem(GB) GPU /|
None 9.48 1.00x
NAEE 8.82 0.93 %
Qwen STUN 8.54 0.90x
MoE-12 8.35 0.88 %
DIiEP 8.16 0.86 %
COMPEL 7.78 0.82%
None 9.95 1.00x
NAEE 9.25 0.93 %
DeepSeek STUN 9.05 0.91x
MoE-12 8.86 0.89 %
DIiEP 8.66 0.87 %
COMPEL 8.45 0.85x%
None 6.12 1.00x
NAEE 5.63 0.92x
OLMoE STUN 5.39 0.88 %
MoE-12 5.26 0.86%
DIiEP 5.14 0.84 %
COMPEL 4.83 0.79 %

Table 7: Inference-time GPU memory consumption for
different pruning methods. Reported values correspond
to peak GPU memory usage (GB), with GPU memory
normalized by the unpruned model.

A.3 Runtime Analysis

Table 8 presents the detailed time breakdown of the
proposed COMPEL framework across three differ-
ent MoE models. All experiments were conducted
on a server equipped with four NVIDIA RTX 3080
GPUs. For the Qwenl.5-MoE-A2.7B model, the
entire pipeline is completed in approximately 0.66
hours, demonstrating the practical efficiency of our
method even on consumer-grade hardware. As
shown in the table, the Optimization step accounts
for the majority of the time cost. This is primarily
due to the computation of importance scores and
gradient-based adjustments required to identify re-
dundant experts. The Pruning step involves simple
weight masking operations with negligible latency,
while the Compensation step efficiently recovers
model performance, occupying approximately 20%
of the total budget. The results indicate that the
time cost of COMPEL scales reasonably with the
model size, verifying its applicability to larger MoE
architectures.

Model Step Time (h) Proportion (%)
Optimization 0.52 78.8
Qwen Pruning 0.01 1.5
Compensation 0.13 19.7
Optimization 1.92 78.4
DeepSeek  Pruning 0.04 1.6
Compensation 0.49 20.0
Optimization 0.98 78.4
OLMOoE Pruning 0.02 1.6
Compensation 0.25 20.0

Table 8: Time breakdown of COMPEL across different
MoE backbones. The proportion indicates the relative
time cost of each step within the full COMPEL pipeline.

A.4 Experiments on Calibration Dataset Sizes

We analyze the impact of calibration set size by
varying the number of calibration sequences sam-
pled from the C4 dataset. Table 10 reports av-
erage performance on standard benchmarks as
the number of sequences ranges from 1 to 256.
Performance improves with increasing calibration
size and reaches its maximum at 128 sequences,
whereas a further increase to 256 sequences results
in a slight degradation. Based on this observation,
we fix the calibration set size to 128 sequences for
all experiments.
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Model Sparsity Method WikiText2 | PTB| LAMBADA |
0% None 7.06 13.45 31.56

NAEE 10.11 16.81 44.83

STUN 9.46 16.14 41.62

25%  MoE-I2 9.10 15.23 38.90

DIiEP 8.97 14.39 35.11

Qwenl.5-MoE-A2.7B COMPEL 7.94 14.38 34.91
NAEE 13.84 20.85 52.37

STUN 10.23 17.21 47.92

50%  MoE-I2 9.14 15.87 41.26

DIiEP 10.51 14.66 36.83

COMPEL 8.03 14.65 36.65

0% None 10.22 48.61 79.20

NAEE 11.15 60.76 96.53

STUN 10.89 57.36 88.72

25%  MoE-I2 11.49 65.81 104.30

. DIiEP 11.34 53.47 92.11
DeepSeek-V2-Lite COMPEL  10.65 53.45 81.83
NAEE 11.51 63.19 112.41

STUN 11.03 58.33 101.27

50%  MoE-I2 12.62 66.50 110.84

DIiEP 11.46 55.90 87.93

COMPEL  10.87 55.88 87.61

0% None 13.52 26.80 27.90

NAEE 13.96 27.87 30.92

STUN 14.64 27.60 30.53

25%  MoE-I2 13.76 27.47 29.82

DIiEP 13.84 27.20 31.68

OLMoE-1B-7B-0924 COMPEL 13.66 27.18 28.45
NAEE 14.09 28.41 33.81

STUN 14.84 30.55 35.93

50%  MoE-I2 13.97 28.14 31.42

DIiEP 14.01 27.87 29.72

COMPEL  13.76 27.45 29.20

Table 9: Zero-shot evaluation results for structured expert pruning across MoE models at different sparsity levels
(0%, 25%, and 50%). Performance is measured on WikiText2, PTB, and LAMBADA. Bold and underlined values
indicate the best and second-best results within each sparsity setting, respectively.

B Performance Metrics

We provide detailed definitions of the perfor-
mance metrics used to evaluate inference efficiency,
following the methodology described in Chitty-
Venkata et al. (2025). We focus on three key met-
rics: Throughput, Time to First Token (TTFT), and
Inter-Token Latency (ITL).

Throughput. Throughput measures the overall
processing efficiency of the hardware by calculat-
ing the total number of tokens processed per second.
It accounts for both the input prompt processing
(prefill) and the output token generation (decode).
It is defined as:

Batch Si I Toke Token:s
Throughput — atch Size x (Input Tokens + Output Tokens)

End-to-End Inference Latency
12)

where End-to-End Inference Latency is the total
time from prompt submission to the generation of
the final output token.

Time to First Token (TTFT). TTFT measures
the latency from receiving an input prompt to the
generation of the first output token, and is com-
monly used as an indicator of system responsive-
ness. In our experiments, TTFT is measured by
constraining the maximum output length to one
token and recording the corresponding generation
time.

Inter-Token Latency (ITL). ITL characterizes
the average latency between consecutive output
tokens and reflects the per-token decoding speed of
the model. It is computed by subtracting the initial
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Number of Sequence  Avg.

1 62.86
2 63.61
4 63.64
16 63.93
32 63.95
64 64.01
128 64.53
256 63.28

Table 10: Effect of the number of evaluation sequences.
Avg. denotes the average accuracy across tasks in the
LM Evaluation Harness

prefill latency (TTFT) from the end-to-end latency:

End-to-End Latency — TTFT

ITL = :
Batch Size x Output Tokens — 1

(13)

This formulation isolates the decoding phase and
enables a focused evaluation of the per-token gen-
eration cost.

C Analysis of Expert Redundancy

To investigate the representational diversity and re-
dundancy among experts in Qwen1.5-MoE-A2.7B,
we analyze the pairwise correlations of expert pa-
rameters by computing the cosine similarity be-
tween the weight matrices of experts within the
same layer, following the neuron-level averaging
methodology described in Chitty-Venkata et al.
(2025). We represent the projection matrices (W,
Wate> Waown) and the router’s gate weights of
each expert as low-dimensional centroid vectors by
averaging along the feature dimension, and subse-
quently calculate their pairwise similarity to gen-
erate the heatmaps shown in Figure 4. Our visu-
alization reveals that while experts in shallower
layers exhibit lower similarity, indicating diverse
feature extraction capabilities, those in deeper lay-
ers demonstrate increasing redundancy with dis-
tinct clusters, suggesting a convergence towards
similar representations. This trend is consistent
across the router, gate, and projection weights, im-
plying that the gating mechanism tends to group
experts with similar transformation logic, thereby
directing tokens to functionally redundant expert
clusters in the deeper stages of the network.
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(c) Layer 22

Figure 4: Pairwise cosine similarity heatmaps of expert parameters in Qwenl.5-MoE-A2.7B.
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