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Abstract

Mixture-of-Experts large language models
(LLMs) scale efficiently through sparse activa-
tion, yet their deployment is fundamentally con-
strained by the large static parameter footprint
of experts. Existing compression approaches
either remove entire experts, disrupting routing
topology and harming performance, or rely on
unstructured weight pruning with limited prac-
tical efficiency. To address the limitations, we
propose TENP, a structured Trapezoidal Expert
Neuron Pruning framework. Using a few sam-
ples, we identify and retain important experts,
while applying expert neuron pruning (ENP)
to less important experts, preserving model pa-
rameters in a trapezoidal pattern from shallow
to deep layers. When evaluating expert impor-
tance, we jointly consider both the magnitude
of the expert output and its ability to change the
direction of the input vector. For ENP, we mea-
sure each neuron’s projected contribution to the
expert output to identify and retain important
neurons. We conduct extensive experiments
on the Qwen and DeepSeek models. Under
a routing expert sparsity of 40% and an aver-
age of 63.76% activated expert parameters, the
DeepSeek model suffers only a 1-point drop in
accuracy compared to the full-parameter model.
Moreover, it outperforms the full-parameter
model by 10% on code generation tasks.

1 Introduction

The paradigm shift towards Mixture-of-Experts
(MoE) architectures has become a cornerstone for
scaling, as it effectively decouples model capac-
ity from computational cost (OpenAl, 2025). By
conditionally activating a sparse subset of param-
eters for each token, models such as DeepSeek-
V3.2 (DeepSeek-Al et al., 2025) and Qwen3 (Yang
et al., 2025) achieve state-of-the-art performance
with significantly reduced FLOPs compared to their
dense counterparts (Sun et al., 2024a; Pan et al.,
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2025; Zhu et al., 2024). However, this efficiency
comes with a substantial trade-off that the mas-
sive static parameter footprint required to host the
full set of experts creates a severe bottleneck for
deployment, particularly in memory-constrained
environments (Bai et al., 2025).

To address the memory bottleneck, existing com-
pression methodologies primarily bifurcate into
expert pruning, weight pruning (Bai et al., 2025)
or quantization (Du et al., 2025; Jin et al., 2024).
Expert pruning methods attempt to permanently
remove less significant experts based on activation
frequency or router gradients (Muzio et al., 2024;
Dong et al., 2025). However, these approaches
are constrained by a fundamental limitation: the
coarse-grained removal of entire experts disrupts
the model’s original routing topology. As indicated
in recent analyses (Chen et al., 2025), altering the
routing path compels forces tokens to be dispatched
to sub-optimal experts, which can precipitate signif-
icant performance degradation on domain-specific
tasks. Alternatively, unstructured weight pruning
methods (Sun et al., 2024b) target individual pa-
rameters but consequently yield irregular sparsity
patterns that require specialized hardware kernels
for acceleration.

Recent empirical analyses indicate that for com-
pressed models, restoring their original routing
paths can recover model performance (Chen et al.,
2025). However, experts that have been removed
can no longer be routed to. We therefore prune
redundant parameters within experts while keeping
the experts intact and routable. Prior work (Sun
et al., 2024b; Cheng et al., 2025) has found that
a large amount of redundancy exists at the micro-
scopic, neuron-level within these experts. Further-
more, redundancy is non-uniformly distributed in
the layer-wise representational capacity of LL.Ms.
Shallow layers primarily process local syntactic fea-
tures and exhibit high redundancy, whereas deep
layers encapsulate complex semantic reasoning
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(Yang et al., 2024a; Gao et al., 2024). This im-
plies that a uniform pruning ratio is sub-optimal
for MoE architectures and motivates a depth-aware
allocation of parameter budgets.

To address these limitations, we propose TENP
(Trapezoidal Expert Neuron Pruning), a structured
pruning framework tailored for MoE LLMs. Unlike
expert-level pruning, which alters where a token
goes, TENP focuses on slimming down what the
expert computes by pruning neurons within experts
to maintain the validity of the pre-trained router’s
decisions. In particular, TENP introduces a depth-
aware Trapezoidal sparsity strategy. It applies ag-
gressive pruning to shallow, high-redundancy lay-
ers and progressively retains more capacity in deep
layers to preserve reasoning capabilities. To accu-
rately identify redundant neurons without costly
retraining, we design a dual-metric evaluation that
combines the magnitude contribution with a direc-
tional impact score to distinguish between essential
transformations and redundant identity-like map-
pings.

Our contributions are summarized as follows:

* We propose TENP, a structured expert-
neuron pruning that reduces memory usage
while strictly preserving the original MoE
routing topology.

* We introducean Trapezoidal sparsity distri-
bution strategy. We empirically demonstrate
that allocating high parameter budgets to deep
layers while aggressively compressing shal-
low layers yields a superior trade-off between
model size and performance.

* Experiments demonstrate that, under routing
expert sparsities of 40% and 70%, our method
consistently outperforms existing expert prun-
ing approaches across a wide range of rea-
soning tasks and benchmarks, achieving an
average improvement of approximately 16%.

2 Related Work

MOoE LLMs MoE models have gained significant
attention in recent years due to their unique capa-
bility of expanding model capacity without propor-
tionally increasing computational costs. MoE archi-
tectures partition a large neural network (or specific
components) into multiple expert sub-networks,
where only a subset is activated for each input token
based on routing decisions (Shazeer et al., 2017;
Fedus et al., 2022). GShard (Lepikhin et al., 2020)

pioneers trillion-parameter models by distributing
parameters across multiple devices. DeepSeekMoE
(Dai et al., 2024) presents a shared expert mecha-
nism to reduce communication overhead and com-
putational cost. The effectiveness of MoE architec-
tures has been validated at the 16 billion parame-
ter scale (Team, 2024; DeepSeek-Al et al., 2024).
More recently, Mixtral (Jiang et al., 2024), GPT-
OSS (OpenAl, 2025), DeepSeekV3.2 (DeepSeek-
Al et al., 2025), and KimiK?2 (Team et al., 2025)
have demonstrated MoE’s efficacy at the hundred-
billion parameter scale. Advanced routing strate-
gies have also emerged, with DA-MoE (Yao et al.,
2024) and XMoE (Yang et al., 2024b) implement-
ing dynamic expert selection mechanisms that allo-
cate more computational resources to challenging
tokens. Gao et al. (2024) propose a pyramid-shaped
architecture where layers closer to the output em-
ploy more parameters. Meanwhile, GroveMoE
(Wu et al., 2025) adopts heterogeneous experts with
dynamic parameter activation to optimize perfor-
mance.

Pruning and Compression of MoE Models As
scaling laws continue to drive exponential growth
in MoE model sizes, numerous techniques have
emerged to reduce parameter counts while preserv-
ing performance. SEER-MoE (Muzio et al., 2024)
prunes less important experts based on their acti-
vation frequency or gating score. Lu et al. (2024)
introduces expert-level pruning combined with dy-
namic skipping mechanisms. Dong et al. (2025)
concentrates model capabilities in specific domains
through few-shot expert localization. While these
methods reduce parameter counts, they generally
fail to decrease computational requirements pro-
portionally. Cheng et al. (2025) achieve compu-
tation reduction through fine-grained neuron acti-
vation within selected experts, without reducing
the overall parameter count. More comprehensive
approaches include MoE-I2 (Yang et al., 2024a),
which proposes a three-stage pruning methodology
requiring subsequent fine-tuning to recover perfor-
mance, and Task-Specific Expert Pruning (Chen
et al., 2022), which integrates pruning with task-
specific training. SparseGPT (Frantar and Alis-
tarh, 2023), MoE-Pruner (Xie et al., 2024), and
Wanda (Sun et al., 2024b) employ an unstructured
pruning method that imposes specific hardware re-
quirements. Alternative approaches like (Liu et al.,
2024) consolidate important neurons across experts,
though this compromises the original routing mech-
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Figure 1: Schematic illustration of the Trapezoidal Expert Neuron Pruning (TENP) framework. (a) TENP preserves
the complete routing structure, allowing even pruned experts to remain routable. (b) Comparison between an expert
before pruning and after pruning: neurons inside the expert are removed, while the dimensionality of the expert’s
output remains unchanged. (c) After pruning, the parameter distribution of the model changes from a rectangular
structure, where each layer has an identical number of parameters, to a trapezoidal structure with fewer parameters

in shallow layers and more parameters in deep layers.

anism. Similarly, Li et al. (2024) and Li et al.
(2025) propose expert merging strategies that face
routing challenges. The methods compress all ex-
perts into a single dense model, although they have
reduced many parameters, have changed the archi-
tecture of the model (He et al., 2023; Cao et al.,
2025).

3 Method

Our approach consists of two stages. In the first
stage, we follow and modify EASY-EP to identify
important experts. We conduct experiments with
different important expert retention ratios, as de-
tailed in Appendix D. Ultimately, we determine
that under a routed expert sparsity of 40%, retain-
ing 20%-30% of important experts yields optimal
results, while under a routed expert sparsity of 70%,
retaining 5% of important experts is sufficient. This
approach not only preserves the complete routing
topology but also reduces the average number of ac-
tivated parameters per expert. Moreover, the num-
ber of important experts preserved in each layer
gradually increases with depth. As illustrated in
Figure 1, higher layers retain more parameters, re-
sulting in a trapezoidal parameter distribution. In
the second stage, we perform neuron pruning on the
less important experts identified in the first stage.

Alternatively, the first stage can be skipped, and
neuron pruning can be directly applied to all ex-
perts; we refer to this approach as Expert Neuron
Pruning (ENP). We evaluate the contribution of
each intermediate dimension of an expert to the
output using the method described below, where
each intermediate dimension corresponds to spe-
cific rows and columns of the expert’s parameters.
For dimensions deemed unimportant, we remove
the corresponding rows and columns of parameters
to eliminate that intermediate dimension.

3.1 Retaining Important Experts

To evaluate expert importance, we compute an im-
portance score from the experts’ outputs. Suppose
the input to the MoE block at layer [ is hl. Let
the output of the ¢-th routed expert Ei for token ¢
be H;t, and the routing weight be g! ;. The MoE
output of all routed experts at layer [ is denoted as
h!, which is the weighted sum of the N experts’
outputs, as follows:

—I
h;, = El(h)), (1)
~ N 71
hi =) gl -h, )
=1

We define the length-based contribution of ex-
pert outputs as cﬁ’t. Using || - || to denote the ¢
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norm, for each token ¢, we quantify the contribu-
tion of expert ¢ to the layer output by the product
of the routing weight and the output norm:

l T I
Civ = 8ix hiyll, Ve, >0 3)

Inspired by Men et al. (2025) and Dong et al.
(2025), beyond the output magnitude and routing
weight, we consider each expert’s ability to alter the
direction of the input vector. Men et al. (2025) sug-
gest that when a layer behaves closer to an identity
mapping, it tends to be more redundant. However,
cé,t only reflects the magnitude of an expert’s out-
put vector and the weight assigned to the expert by
the router; it does not capture the expert’s ability to
change the direction of the input vector. In other
words, relying solely on cét does not allow us to
determine whether an expert is performing an iden-
tity mapping, since an expert that implements an
identity mapping can also have a large cé’t value.
Therefore, we introduce sé’t to quantify the direc-
tional change induced by the expert, defined as one
minus the cosine similarity between the expert’s
input and output. Values close to zero correspond
to near-identity behavior, whereas larger values in-
dicate more substantial angular deviations.

st, =1 — Sim(h}, i}, (4)

where Sim(-, -) denotes cosine similarity.

Finally, we jointly consider the magnitude of the
expert output vector, the weight assigned by the
router, and the expert’s ability to alter the vector
direction, and average these factors over all tokens
T to comprehensively evaluate the importance of
each expert, as shown in the following formula:

T

I(Ei) = Zcigt : Sét' &)

t=1

For each domain, we use 128 validation samples
to evaluate expert and neuron importance. We also
investigate the effect of different numbers of sam-
ples on the results, as reported in 4.8. For aggrega-
tion across domains 7, we apply an £»-norm-based
normalization (regularization) as follows:

L (E)

Tuix (B} = ) :
TET 1/ ;\7:1 IT(Eé')Q

3.2 Expert Neuron Pruning

(6)

After selecting important experts, we perform neu-
ron pruning on the remaining experts. As noted

above, neuron pruning can also be applied to all
experts directly. For a single expert, its output can
be written as:

B} = Waoun SWIGLU(Wph!, Wiaehl), (7)

where W g, 1s the gating matrix, W, is the first
linear projection, W gown is the second linear pro-
jection, and SwiGLU(-, -) denotes the SiLU-gated
activation.*

We extract the k-th row of W, and Wyte,
and the k-th column of W g4y, denoted by wp, .,
Weate k> aNd Wqown g, respectively. Substituting
them into the above equation yields the expert out-
put when only the k-th neuron is retained:

7l .
By 4 = Waownk SWIGLU(Wyp th!, Wyatechl).
®)

- -1 .
Both h, ;, and h; share the same output dimen-

sion, i.e., Hiyk, Hi € RY. We then quantify the
importance of neuron k by either the magnitude of
its projection onto the full expert output or by the
{5 norm of Hi’ - Using the projection magnitude,
we define: o
= B B ©
[ |
A larger projection magnitude (or £2 norm) in-
dicates a more important neuron. We aggregate
neuron importance by averaging across tokens for
the k-th neuron in expert ¢ at layer [ (As in Ap-
pendix in Section B):

1 T
l l
Pl =Y P,
t=1

We prune each expert by keeping its top- K most
important neurons. Let TopK(Pé)idX denote the
indices of the top-K values in P!. For the i-th
expert at layer [, the pruned parameters are:

(10)

V~Vﬁ,up = Wiup [TopK(P})iax, ]+ (11)
Wigate = Wé,gate [TOpK<P£;)idX7 : ]7 (12)
Wi down = Wi down [ TopK(P}iay] . (13)

By replacing the original expert’s weight ma-
trix W! = W! _ W! with the pruned

i,up’ i,gate’ i,down
X7l X7l X7l :
Wivup,W@gateW@down, we obtain the neuron-

pruned expert. The forward computation of the
pruned expert can be formally formulated as:

“If using a different FFN variant, the formulation can be
adjusted accordingly.
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Model Method E| Al GSMS8K MBPP Humaneval ARC-E ARC-C Avg.
Full 100%  100% 61.5 47.6 34.2 86.4 76.1  61.16

Random 30%  100% 1.7 0.0 0.0 25.8 25.7 10.64

Frequency 30% 100% 1.6 0.0 0.0 52.6 44.1 19.66

Gating Score  30%  100% 2.3 0.4 1.2 56.3 432 20.68

EASY-EP 30%  100% 3.4 04 1.8 553 448  21.14

Qwenl.5SMoE ENP(Ours) 30% 30% 23.1 25.1 17.1 78.2 66.0  41.90
-A2.7B TENP(Ours) 30% 34.51% 25.7 25.3 189 78.2 66.9  43.00
Random 60%  100% 19.6 1.2 0.0 77.8 645  32.62

Frequency 60% 100% 30.9 14.6 6.7 80.0 66.7  39.78

Gating Score  60%  100% 30.8 18.9 8.5 84.5 73.0 43.14

EASY-EP 60%  100% 36.8 354 19.5 80.1 68.3  48.02

ENP(Ours) 60% 60 % 51.3 40.6 28.0 84.6 749  55.88

TENP(Ours) 60% 61.38% 58.3 45.7 311 85.1 751  59.06

Full 100%  100% 41.1 43.2 26.2 84.1 70.3 5298

Random 30%  100% 1.1 0.0 0.0 24.5 242 9.96

Frequency 30%  100% 1.9 0.0 0.0 24.3 240  10.04

Gating Score  30%  100% 1.9 0.0 0.0 26.7 27.8 11.28

EASY-EP 30% 100% 2.8 4.3 1.2 38.4 29.6  15.26

DeepSeek ENP(Ours) 30% 30% 3.7 9.1 0.0 59.6 484  24.16
-V2-Lite TENP(Ours) 30% 36.38% 21.1 33.1 14.0 73.3 571 39.72
Random 60%  100% 1.8 0.0 0.0 34.3 31.7 13.56

Frequency 60%  100% 32.8 244 11.6 75.3 61.8  41.18

Gating Score  60%  100% 21.5 30.7 11.6 74.0 575  39.06

EASY-EP 60%  100% 34.8 42.1 14.6 76.7 62.7  46.18

ENP(Ours) 60% 60 % 22.1 339 19.5 77.8 65.7  43.80

TENP(Ours) 60% 63.76% 384 45.7 299 79.1 66.8  51.98

Table 1: Comparison of our method with other expert-pruning approaches across all benchmarks. E denotes the
equivalent total parameter count of the routed experts, and A denotes the average activated parameter count of the

routed experts.

h; = Waown SWIGLU(W phl, Wyaiehl),
(14)
Neuron pruning provides an additional benefit:
it not only reduces the total number of parameters,
but also decreases the number of parameters that
are activated in the routed experts.

4 Experiment

We conducted experiments on two MoE models
with distinct architectures: Qwenl.5-MoE-A2.7B
(Team, 2024) and DeepSeek-V2-Lite (DeepSeek-
Al et al., 2024). Detailed model descriptions are
provided in Appendix A. We also report exper-
iments on Qwen3-Next-80B-A3B-Instruct(Yang
et al., 2025) in Appendix F.

4.1 Experimental Setup

Evaluation. We evaluated the proposed method
on a diverse set of benchmarks spanning multiple

domains. For challenging mathematical reasoning,
we used GSMS8K (Cobbe et al., 2021) with 8-shot
prompting. For code generation, we reported re-
sults on MBPP (Austin et al., 2021) with 3-shot
prompting and HumanEval (Chen et al., 2021) un-
der zero-shot evaluation. For science question an-
swering, we used ARC-Easy and ARC-Challenge
(Clark et al., 2018), both under 25-shot prompt-
ing. Following standard protocols, we used dataset-
specific few-shot settings on open-source datasets
and reported results averaged over three runs.

Baselines. We compared against four represen-
tative expert-pruning approaches for MoE models.
As a lower bound, we included a random expert
selection baseline to quantify performance when
no preference is given to expert selection. We fur-
ther evaluated the frequency-based pruning and
gating-score-based pruning strategies proposed in
SEER-MOoE (Muzio et al., 2024). In addition, we
compared with the recently proposed EASY-EP
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Method E| Al MBPP Humaneval ARC-E ARC-C Avg.
Full 100%  100% 43.2 26.2 84.2 703  55.98
Random 60% 100% 0.0 0.0 343 31.7 16.50
TENP w/o Both (Random Select Both) 60%  60.73% 1.5 0.0 41.0 37.0 19.88
TENP w/o ENP (Random Select ENP) 60%  60.87% 6.7 0.6 59.8 457  28.20
TENP w/o TE (Random Select TE) 60% 61.00%  34.7 20.7 76.8 644  49.15
Only EP 60% 100% 45.7 8.5 77.8 63.6  48.90
Only ENP-L2 60% 60 % 323 18.9 717.5 65.9  48.65
Only ENP-COS 60% 60 % 41.7 17.7 78.7 65.9  51.00
TENP 60% 63.55% 47.2 29.8 79.4 66.7  55.78

Table 2: Results of the ablation study. Only EP denotes applying expert pruning only. ENP-L2 and ENP-COS denote
neuron pruning based on neuron importance measured by the /> norm or by the projection length, respectively.
Random denotes randomly selected groups used as a control baseline.

(Dong et al., 2025). These baselines retained only
the experts that are ranked highest according to
statistics estimated from a small number of sam-
ples per dataset.”

4.2 Main Results

Table 1 reported a comprehensive comparison be-
tween our approach and a variety of baselines
across multiple datasets, model backbones, and
pruning ratios. When we applied TENP to prune
DeepSeek-V2-Lite, the resulting model achieves
better performance on both mathematical rea-
soning and knowledge-intensive QA tasks than
other expert-pruning methods such as SEER-MoE
and EASY-EP. On code-generation benchmarks
(e.g., MBPP and HumanEval), the pruned model
yields more than one point improvement over
the full model. Similar trends are observed on
Qwenl.SMoE-A2.7B, where our method consis-
tently surpassed competing approaches across all
evaluated domains. For relatively simple QA-style
tasks such as ARC, pruned models generally pre-
served their original performance well. In contrast,
on more challenging reasoning-heavy tasks (e.g.,
GSMSK), pruning induced some degradation; nev-
ertheless, our approach still outperforms baselines.
Notably, for code generation, the performance drop
is often small and can even exceed the full model,
as highlighted by the underlined entries in Table 1.
We also conducted experiments at a higher sparsity
level (70%), where our method consistently out-
performed other approaches across all benchmarks.
Additional comparisons under different sparsity

"We do not included comparisons to methods that require
unstructured pruning (e.g., Wanda), additional fine-tuning
(e.g., MoE-I2), or approaches that modify the model architec-
ture.

settings are provided in Appendix C.

Activated-Parameter Efficiency. Most existing
expert-pruning methods can remove experts, yet
keep the number of experts selected by the router
unchanged. As a result, although the total param-
eter count decreases, the number of activated pa-
rameters remained the same (normalized to 100%).
In contrast, our approach pruned neurons within
experts, thereby reducing not only the number of
experts but also the activated parameters of routed
experts accordingly. With neuron pruning alone,
our ENP variant achieved the lowest activated-
parameter footprint and, in most cases, still out-
performs prior expert-pruning methods.

As indicated by metric A in Table 1, if the router
selected a preserved (unpruned) expert, its acti-
vated parameters remain at 100%. If it selected a
neuron-pruned expert, the activated parameters are
reduced to 50% or lower of the original. Since the
routing probability of preserved experts is higher
than that of neuron-pruned experts, the overall ac-
tivated parameters are only slightly higher than
the fraction of preserved experts. Consequently,
the activated-parameter cost of our routed experts
is substantially lower than that of existing expert-
pruning approaches.

4.3 Ablation Study

As shown in Table 2, applying either expert pruning
alone (Only EP) or expert neuron pruning alone
(ENP) already yields a certain level of pruning
effectiveness to validate the effectiveness of the
two core components of our method.

When ENP is applied, measuring neuron im-
portance by the projection length of a neuron’s
output vector onto the final output vector of the cor-
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Figure 2: Expert selection frequencies under different pruning methods, and their differences compared to the expert

selection frequencies of the full-parameter model.
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Figure 3: Layer-wise error of the pruned models, mea-
sured as the Euclidean distance between the output vec-
tors of each layer and those of the full-parameter model.

responding expert consistently outperformed the
method that used the ¢ norm of the neuron output
vector. This result indicated that projection-based
importance better captured a neuron’s contribution
to the expert output. When experts are selected
randomly, the model performance is noticeably af-
fected. This observation demonstrated the validity
of the experts we have retained in a trapezoidal
structure. Furthermore, when both experts and neu-
rons are selected randomly, our method still outper-
formed the baseline that randomly selected experts
(Random), even though both configurations have
the same number of parameters. This advantage
arose from the different parameter distributions:

our method allocated more parameters to higher
layers through the trapezoidal structure and pre-
served the complete routing architecture. We also
compare other layer selection methods in Appendix
E. By combining important experts with neurons
selected based on projection-length importance, we
obtained TENP, which achieved the best overall per-
formance. Notably, TENP incurred almost no ac-
curacy loss compared to the full-parameter model.

4.4 Routing Analysis

We characterized routing changes by measuring the
difference in expert selection counts before and af-
ter pruning. As shown in Figure 2, we analyzed and
compared the expert selection statistics of the full-
parameter model, the expert-pruned model, and
our proposed pruning method on DeepSeek. We
focus on the changes in expert selection frequen-
cies induced by pruning. When we retained only
a subset of experts, it induced substantial changes
in expert selection patterns. Notably, the selection
frequency of remaining experts does not uniformly
increase after pruning. Instead, while some experts
experience a significant increase in selection fre-
quency, others are selected less frequently, or even
less than before pruning. This observation indicates
that routing behavior changes drastically. More im-
portantly, some experts that were not pruned and
were previously routable are no longer selected by
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Method Data GSMS8K MBPP Humaneval ARC-E ARC-C InAvg. OutAvg InAvg. OutAvg
Math 38.3 28.0 134 64.4 55.6 38.30  40.35

EASY-EP Code 33.0 43.7 18.9 56.3 44.2 31.30 4450 4745 31.81
Science 23.6 6.3 1.8 79.1 66.4 72.75 10.57
Math 40.9 20.5 10.4 66.8 51.2 4090 37.23

TENP Code 29.5 50.8 274 69.9 54.1 39.10 5117 5137  33.06
Science 20.2 9.8 24 80.7 67.5 74.10  10.80

Table 3: Generalization performance of the pruned models. Data denotes the domain of the data used for pruning.

Model Method E MMLU
Full 100%  61.05
Qwenl.SMOE - o inoScore 60%  49.13
A27B EASY.EP 60%  47.49
TENP(Ours) 60%  54.81

Table 4: The generalization performance of three prun-
ing methods on the MMLU dataset, where no MMLU
data is used during the pruning process.

the router after pruning. This led to a significant
shift in the output representations. Furthermore, we
observed a trend that the magnitude of changes in
expert selection frequency increased in deep layers,
suggesting that routing behavior in deep layers is
more severely affected by expert pruning. In con-
trast, under our proposed method, the selection fre-
quency of each expert remained almost unchanged,
as illustrated in the bottom-right figure in Figure 2.
This indicated that our approach largely preserved
the original routing behavior. Maintaining stable
expert routing is one of the key reasons for the
effectiveness of our method.

4.5 Error Analysis

Pruning the FFN layers inevitably caused discrep-
ancies between the outputs of the pruned model
and those of the full-parameter model. In general,
pruning more parameters led to larger output devi-
ations. Since the output of one layer serves as the
input to the next, these deviations further influence
subsequent routing decisions, causing errors to ac-
cumulate progressively across layers, as shown in
Figure 3. To quantify this effect, we computed the
difference between the output vectors of the pruned
model and the full model at each layer, and used
the ¢5 norm (i.e., Euclidean distance) of the differ-
ence vector as a measure of layer-wise error. Our
method exhibited a similar overall error trend to
the expert pruning method EASY-EP. When ENP
is applied in isolation, relatively large errors can be

observed even in the shallow layers. This behavior
arose because certain experts play a disproportion-
ately important role; uniform neuron pruning re-
moves neurons indiscriminately from both critical
and less critical experts, which introduced a sub-
stantial error at early stages. Nevertheless, because
ENP preserved the original routing structure, error
accumulation across layers proceeds at a slower
rate than with direct expert pruning. Consequently,
in the middle and deep layers of the model, the
error introduced by expert pruning exceeded that
caused by neuron pruning. Interestingly, although
the error gradually accumulates across layers, it
drops sharply at the final layer. This observation
highlights the strong representational capacity of
high-level experts. Motivated by this phenomenon,
our model adopts a trapezoidal parameter distribu-
tion, allocating more parameters to higher layers.

4.6 Generalization Ability

In this section, we designed a set of generalization
experiments and compared our method with other
approaches. We performed pruning using data from
a single domain,e.g., mathematics, code, or science,
and then evaluated the pruned models on both in
domain and out of domain benchmarks. The experi-
mental results are summarised in Table 3 and Table
4. For in-domain pruning, our method consistently
outperforms expert pruning approaches. More im-
portantly, our method achieves the highest average
performance among the compared methods on out
of domain evaluation. We attribute this strong gen-
eralization capability to the fact that our approach
better preserves the original routing behavior and
the overall structural integrity of the model.

4.7 Static Memory Consumption and
Throughput

We further compare our ENP method with expert
pruning approaches in terms of memory consump-
tion and throughput. As shown in Table 5, under
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Method Param Mem(GB) Input Output Total  Rate
Full 100% 32.95 2790.43 2793.08 5583.51 1.0
Expert Pruning 50% 18.55 3941.07 3944.81 7885.88 1.41
ENP(Ours) 50% 16.37 4094.03 409791 819194 147

Table 5: A comparison of throughput and static memory consumption among the full-parameter model, expert
pruning methods, and our method. Param denotes the routed expert retention ratio, and Mem represents the static
GPU memory consumption of the Qwen model on a single A100-SXM-80GB GPU. Input denotes the input token
throughput (tok/s), Output denotes the output token throughput (tok/s), Total denotes the total token throughput
(tok/s), and Rate represents the ratio of the total throughput of each method relative to that of the full-parameter

model.

the same parameter scale (50% routed expert spar-
sity), ENP yields smaller individual experts, mak-
ing it more friendly to GPU memory allocation, and
significantly reduces static memory consumption
from 32.95 GB to 16.37 GB. With fewer activated
parameters, ENP achieves higher input, output, and
total throughput, increasing the total throughput
to 147% relative to the full-parameter model, and
outperforming the expert pruning model with the
same parameter scale by 6%.

Unlike unstructured pruning methods, both ENP
and TENP do not impose any special hardware re-
quirements. TENP requires modifications to the
inference framework (e.g., vLLLM, SGLang) to ac-
commodate experts of different sizes, whereas ENP
can be deployed without modifying the inference
framework.

Diff Data

—o— Data
49.01 Full = 47.6

1 2 8 32 128
Data amount

Figure 4: The impact of different data scales on pruning
performance.

4.8 The Impact of Different Data Scales on
Pruning Performance

Following the data selection strategy in EASY-EP
and considering practical scenarios where sufficient
samples may not be available, we use only the
prompts from the dataset and the responses gen-
erated by the full-parameter model itself, thereby
minimizing human involvement. We further inves-

tigate the impact of different data scales on model
performance, as shown in Figure 4. For a single
application scenario, under a routed expert spar-
sity of 60%, using only one sample is sufficient for
the model to retain most of its performance. With
two samples, the pruned model can already sur-
pass the performance of the full-parameter model.
Performance plateaus at eight samples, and further
scaling brings no significant improvement.

5 Conclusion

In this paper, we have presented TENP, a pruning
method for MoE models that preserves important
experts while structurally pruning unimportant neu-
rons within experts. Extensive experiments demon-
strate that our approach better maintains the origi-
nal routing behavior of the model, induces smaller
intermediate-layer errors, and achieves superior
generalization performance. Moreover, TENP con-
sistently performs well across different sparsity
levels, model architectures, and benchmarks.

Limitations

Although TENP has been shown to be highly ef-
fective on Qwen and DeepSeek models, and larger
models are expected to contain more redundant pa-
rameters suggesting that TENP could yield even
greater pruning benefits we have not yet conducted
experiments on extremely large scale mixture-of-
experts models such as DeepSeek-V3.2. We leave
the evaluation of TENP on such large-scale models
to future work.
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A  Model Detail

Qwenl.5-MoE-A2.7B contains 14 billion param-
eters and 24 layers. Each layer consists of 60
routed experts and 4 shared experts. For each to-
ken, the router selects the top 4 experts with the
highest scores in each layer to perform the forward
computation.DeepSeek-V2-Lite contains 16 billion
parameters and 27 layers, where the first layer is a
dense layer. Starting from the second layer, each
layer includes 64 routed experts and 2 shared ex-
perts. For each token, the router selects the top
6 experts with the highest scores in each layer to
perform the forward computation.

B Expert Neuron Importance Algorithm

Algorithm 1 describes in detail our method for se-
lecting important neurons within an expert. Given
only the parameters of a specific expert and the
input vectors, we can compute the importance of
each neuron based on this information. By leverag-
ing PyTorch’s broadcasting mechanism in matrix
multiplication, we are able to compute the average
importance of all neurons in an expert across all
tokens using a single forward pass.

The algorithm illustrates that neuron importance
is determined by computing the projection length
of the output vector produced independently by
each neuron onto the expert output, which is the su-
perposition of the outputs of all neurons. A simpler
alternative is to directly evaluate the magnitude of
each neuron’s output using its Lo norm. In this
case, it suffices to directly compute the Lo norm of
C in the algorithm.

C Pruning at different levels of
sparsification

To more comprehensively reflect the effectiveness
of our method under different sparsity levels of
routed experts, we design experiments with scales
of 15%, 30%, 45%, 60%, 75%, and 90%. As shown
in Figure 5, the experimental curves indicate that
our method achieves the best performance on aver-
age across different sparsity levels. At the scale of
90%, our method outperforms the full-parameter
model on nearly all benchmarks, with particularly
significant improvements on code generation and
mathematical reasoning tasks. At the scale of 75%,
our method performs on par with the full-parameter
model. At the scale of 60%, the model performance
is slightly lower than that of the full-parameter
model, yet still superior to other expert pruning

Algorithm 1 Expert Neuron Importance Algorithm

Require: = < Input hidden states >x: L X d
Require: K < Neuron Number Of One Expert
Require: Wg < Gate Matrix >Wa: K xd
Require: Wy < Up Matrix >Wy: K xd
Require: Wp < Down Matrix > Wp:dx K
Ensure: y < Output hidden states >y : L x d
Ensure: P < Neuron Importance >P: K
m < act(Wgzx @ Wyx) >m:Lx K
y < Wpm
M < m T unsqueeze(—1) > M : K x L x 1
Wy + W .unsqueeze(1) >
Wpo: K x1xd
C+ M QWpy >C: K xLxd
Y < y.unsqueeze(0) >Y:1xLxd
s+ (CoOY)sum(dim=-1) p>s:KxL
r < Ynorm(p=2,dim=-1) >r: K x L
e+ 1078
P+—s/(r+e) >P:K XL
P < Pmean(dim = 1) >P: K
return y, P

methods. At the scale of 45%, 30%, and 15%, our
method continues to preserve the core capabilities
of the model.

D The Impact of Different Important
Expert Retention Ratios on Pruning
Performance

To evaluate the effect of different important ex-
pert retention ratios on pruning performance, we
conduct experiments under a routed expert spar-
sity of 60% with varying retention ratios to de-
termine the optimal setting. As shown in Ta-
ble 7, the optimal important expert retention ratio
for the Qwen model is 30%, corresponding to a
retention ratio of unimportant expert neurons of
(60% — 30%)/(100% — 30%) =~ 42.86%. For
the DeepSeek model, the optimal important-expert
retention ratio is 20%, with the corresponding re-
tention ratio of unimportant expert neurons being
(60% — 20%)/(100% — 20%) = 50.00%. When
the important-expert retention ratio is 0%, the
TENP method degenerates into the ENP method.
From the table, we observe that as the retention
ratio increases, accuracy first improves and then
degrades, with the optimal retention ratios con-
centrated in the middle range. By default, setting
the parameter budget of important experts equal to
that of unimportant experts yields favorable perfor-

20923



Model Retain GSM8K MBPP Humaneval ARC-E ARC-C Avg.
0% 513 406 28.0 846 749 5588

10% 529 423 323 85.1 750 5752

20% 538 429 32.3 85.1 746 5774

Qwenl.SMoE-A2.7B 50 583 457 31.1 851 751  59.06
40% 575 445 30.5 83.0 735 57.80

50% 543 423 26.8 812 710 5512

0% 22.1 33.9 19.5 778 657  43.80

10% 368  48.0 28.7 78.1 647 5126

. 20% 384 457 29.9 791 668 51.98
DeepSeek-V2-Lite 5,0 387 445 26.2 785 667 5092
40% 386 409 23.8 764 626 4846

50% 253 346 13.4 709 562 40.08

Table 6: The performance of our TENP method on different datasets under varying important expert retention ratios,

where Retain denotes the important expert retention ratio.

Humaneval

Score

35— e = = = —— ———

\

100 90 75 60 45 30 15 100 90 75

Scale (%)

Scale (%)

100 90 75 60 45 30 15
Scale (%)

45 30 15

AVG

100 90 75

20 T T T u T
100 90 75 60 45 30 15
Scale (%)

== Full

Scale (%)

Random  —e— Frequency —e— GatingScore  —e— EASY-EP  —e— ENP

100 90 75 60 45 30 15
Scale (%)

45 30 15

TENP

Figure 5: The performance of different model pruning methods across various benchmarks under different sparsity

levels.

mance.

E Other layer selection methods

We reproduced both methods on our model using
their official open-source implementations. For
MoDeGPT (BI), we computed BI scores with the
released code and allocated the retained experts to
each layer proportionally; when the allocated num-
ber exceeded a layer’s capacity, the overflow ex-
perts were re-assigned to the layers with the small-
est retention. For ShortGPT ranking, we followed
the open-source procedure to estimate layer im-

portance and then used the resulting ranking to
reorder our trapezoidal per-layer expert allocation.
The results indicate that, although layer evalua-
tion criteria developed for dense models can af-
fect expert allocation in MoE models, they do not
lead to consistent gains under the same sparsity
budget. Specifically, the BI and ShortGPT based
variants show slight advantages on language un-
derstanding tasks such as ARC-E and ARC-C, but
perform noticeably worse on reasoning and code
generation benchmarks, including GSM8K, MBPP,
and HumanEval. By contrast, our allocation strat-
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Model Method E  Total Sparsity GSM8K MBPP HumanEval ARC-E ARC-C Avg.
ENP 60% 35% 51.3 40.6 28.0 84.6 74.9 55.88

TENP+BI(MoDeGPT) 60% 35% 49.1 39.4 30.5 85.2 75.3 55.90

Qwenl.5SMoE-A2.7B TENP(Rectange) 60% 35% 51.1 39.1 29.2 85.2 75.3 55.98
TENP+Rank(ShortGPT)  60% 35% 49.7 41.3 28.0 85.7 75.3 56.00

TENP (Ours) 60% 35% 58.3 45.7 31.1 85.1 75.1 59.06

Table 7: A comparison of other layer selection methods with our method

Model Method E GSMS8K MBPP HumanEval ARC-E ARC-C Avg.
Full 100.00% 93.7 76.7 84.1 94.8 93.9 88.64

Random 60.00% 85.8 63.3 64.6 89.9 88.1 78.34

Qwen3-Next-80B-A3B-Instruct  Frequency 60.00% 87.8 72.2 73.1 94.0 91.5 83.72
GatingScore  60.00% 92.6 74.0 79.8 94.5 93.1 86.80

EASY-EP 60.00% 93.5 73.3 81.1 94.5 932  87.12

TENP 60.00% 93.6 75.1 81.1 94.4 93.3 87.50

Table 8: The evaluation results of our method on Qwen3-Next-80B-A3B-Instruct at 60% expert sparsity.

egy achieves the best overall average performance,
while also delivering the strongest results on rea-
soning and code generation under the same sparsity
constraint.

F Performance under the 80B parameter
setting

In addition to the two 14B and 16B models used
in the main experiments, we also conducted ex-
periments on the Qwen3-Next-80B-A3B-Instruct
model. Table 8 further supplements the validation
of the effectiveness of our method on large-scale
models. As can be observed from the experimen-
tal results, as the number of model parameters in-
creases, the level of redundancy also grows, lead-
ing to a smaller loss in model accuracy after prun-
ing. Notably, even random pruning achieves rela-
tively strong performance, with an average score
decrease of only about 10%. In contrast, our meth-
ods, TENP and EASY-EP, incur almost no degra-
dation in model accuracy.
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