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Abstract

Mixture of Experts (MoE) LLMs face significant obstacles
due to their massive parameter scale, which imposes memory,
storage, and deployment challenges. Although recent expert
merging methods aim to achieve greater efficiency by con-
solidating several experts, they are fundamentally hindered
by parameter conflicts arising from expert specialization. In
this paper, we present Sub-MoE, a novel MoE compression
framework via Subspace Expert Merging. Our key insight
is to perform joint Singular Value Decomposition (SVD) on
concatenated expert weights, reducing conflicting parame-
ters by extracting shared U -matrices while enabling effec-
tive merging of the expert-specific V components. Specifi-
cally, Sub-MoE consists of two innovative stages: (1) Adap-
tive Expert Clustering, which groups functionally coherent
experts via K-means clustering based on cosine similarity
of expert outputs; and (2) Subspace Expert Merging, which
first performs Experts Union Decomposition to derive the
shared U -matrix across experts in the same group, then ap-
plies frequency-based merging for individual V -matrices, and
completes expert reconstruction using the merged V -matrix.
In this way, we align and fuse experts in a shared subspace.
Additionally, the framework can be extended with intra-
expert compression for further inference optimization. Ex-
tensive experiments on Mixtral, DeepSeek, and Qwen-1.5/3
MoE LLMs demonstrate that our Sub-MoE significantly out-
performs existing expert pruning and merging methods. No-
tably, our Sub-MoE maintains 96%/86% of original perfor-
mance with 25%/50% expert reduction on Mixtral-8×7B in
zero-shot benchmarks.

1 Introduction
The Mixture of Experts (MoE) architecture has emerged
as a pivotal advancement in Large Language Models
(LLMs) (Nguyen et al. 2024), demonstrated by recent
models like DeepSeek-R1 (DeepSeek-AI et al. 2024) and
Qwen3-MoE (Yang et al. 2024a). At its core, MoE consists
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Figure 1: Cosine similarity of output of original expert (left)
and subspace aligned matrices (right) on Mixtral-8×7B.
Colour bar ranging from yellow to green denotes a numeri-
cal transition from 0 to 1.

of expert networks and a gating mechanism that dynamically
routes each input to the most relevant experts. MoE sparsely
activates only a small subset of experts, significantly re-
ducing computational costs while scaling model size. How-
ever, MoE LLMs also introduce challenges from their large
parameter count, including substantial memory/storage re-
quirements and inference latency that complicate deploy-
ment on resource-constrained devices (Song et al. 2023; Liu,
Wang, and Wu 2025). Additionally, distributed implementa-
tions face communication (Jiang et al. 2024b) bottlenecks
when synchronizing experts across multiple nodes, impact-
ing real-time performance (Shen et al. 2022).

To overcome these issues, researchers are developing fun-
damental yet important expert reduction approaches that can
be broadly categorized into two primary approaches: expert
pruning and expert merging. Expert pruning methods re-
move underperforming experts through regularization (e.g.,
SEER-MoE (Muzio, Sun, and He 2024)) or search-based
techniques (e.g., NAEE (Lu et al. 2024), MoE-I2 (Yang
et al. 2024b)). While these approaches effectively reduce pa-
rameter counts, they fundamentally discard portions of the
model’s learned knowledge, resulting in performance degra-
dation that necessitates resource-intensive fine-tuning to re-
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cover. Expert merging techniques (e.g., MC-SMoE (Li et al.
2023b), HC-SMoE (Chen et al. 2024), and EEP (Liu et al.
2024)) propose a promising alternative by preserving knowl-
edge through the consolidation of several experts. However,
current merging approaches encounter a critical limitation
that undermines their effectiveness: the parameter conflict
problem. This fundamental challenge arises from the core
design principle of MoE architectures, where routing mech-
anisms deliberately create specialized experts with divergent
parameter spaces by training them on distinct input distribu-
tions. The recent study (Gu et al. 2025b) shows that Mixtral-
8×7B demonstrates this divergence, showing inter-expert
similarities typically ranging between 0.1∼0.3. When con-
ventional merging operations are applied to such dissimilar
experts, catastrophic parameter conflicts emerge that com-
promise the specialized capabilities of the original experts
and significantly degrade overall model performance. Exist-
ing merging approaches employ simplistic aggregation func-
tions that cannot effectively reconcile these divergent pa-
rameter spaces and often require computationally expensive
post-merging operations (e.g., D2-MoE (Gu et al. 2025b)),
undermining the efficiency gains. This motivates our core
research question:

(RQ) How can we reduce parameter conflicts among di-
verse experts and enhance the effectiveness of expert merg-
ing?

To answer the question, we present Sub-MoE, a novel
expert merging framework rooted in subspace-based de-
composition and alignment. Our approach leverages Singu-
lar Value Decomposition (SVD) to transform the concate-
nated weight matrices of multiple experts into a shared low-
dimensional subspace, represented by a common orthogonal
basis U , singular values Σ, and individual projections V . By
performing the merging operation solely on the V compo-
nent, while preserving alignment to the shared U , we ex-
ploit intrinsic correlations among experts, thereby minimiz-
ing conflicting parameters and retaining specialized knowl-
edge. As illustrated in Figure 2, our Sub-MoE framework
consists of two synergistic stages: Adaptive Expert Clus-
tering and Subspace Expert Merging. In the first stage, we
perform adaptive expert grouping via K-means clustering
based on output similarities of experts, ensuring that merg-
ing is performed on functionally coherent groups. In ad-
dition, we jointly cluster multi-layer experts under a tar-
get overall compression ratio and adaptively determine the
layer-wise grouping numbers. In the second stage, we con-
catenate expert weights from the same group and perform
co-decomposition to obtain the shared U -matrix across ex-
perts and expert-specific V -matrices. Figure 1 demonstrates
that this subspace-sharing process can align the output of
the various experts. For the remaining unmerged compo-
nents, we further introduce the frequency-based merging
strategy that weights expert contributions according to their
activation patterns. This approach gives greater influence to
frequently activated experts while still preserving capabili-
ties from all experts. Finally, the merged weight matrix is
reconstructed as UΣ[Vmerged]

T 1. Additionally, we extend

1The singular values Σ are multiplied in the shared U matrix

Sub-MoE to Sub-MoE† with MoE-specific activation-aware
truncated SVD for intra-expert compression for greater pa-
rameter efficiency. We incorporate input activation statistics
by weighting expert parameters with the whitening matrix
of hidden activations, further stabilizing performance at high
compression levels.

We conduct comprehensive experiments on Mixtral
8x7B (Jiang et al. 2024a), Qwen3-30B-A3B (Yang
et al. 2024a) Qwen1.5-MoE-A2.7B (Team 2024) and
DeepSeekMoE-16B-Base (Dai et al. 2024). Our proposed
Sub-MoE method consistently outperforms existing expert
reduction techniques. With Mixtral-8×7B, Sub-MoE main-
tains 94% and 87% of accuracy using only 75% or 50% of
experts, surpassing HC-SMoE(Chen et al. 2024) by 13.7%.
For Qwen3 MoE, Sub-MoE maintains 83% of accuracy with
half the experts, while HC-SMoE drops to 55%. Similarly,
on DeepSeek-MoE-16B, our method preserves 86% of per-
formance with half the experts, outperforming HC-SMoE by
6.5%. These results affirm the effectiveness and generaliz-
ability of our approach across diverse MoE architectures and
downstream tasks, establishing Sub-MoE as a principled and
scalable solution for expert merging in MoE LLMs.

2 Related Work
MoE Compression. To improve the efficiency of MoE
LLMs, researchers have developed numerous system-level
optimizations (e.g., expert parallel (Cai et al. 2024) and
offloading (Xue et al. 2024)) and model-level techniques
(MoE-specific quantization (Huang et al. 2025) and com-
pression (Sarkar et al. 2024)). Among them, expert reduc-
tion methods primarily focus on removing redundant ex-
perts to achieve optimal efficiency-performance tradeoffs.
For optimization-based expert pruning, TSEP (Chen et al.
2022) and SEER-MoE (Muzio, Sun, and He 2024) re-
move non-professional experts through regularization-based
fine-tuning. In search-based expert pruning approaches,
NAEE (Lu et al. 2024) trims unimportant experts by mini-
mizing pruning error, while MoE-I2 (Yang et al. 2024b) em-
ploys genetic search strategies. In sharp contrast to these
pruning approaches, our Sub-MoE explores the merg-
ing paradigm that requires neither searching nor fine-
tuning. Other methods use weight or hybrid compression
for MoE. MoE-Pruner (Xie et al. 2024) prunes weights
based on activations and router logits, STUN (Lee et al.
2024) combines structured and unstructured pruning, and
D2-MoE (Gu et al. 2025b) introduces delta compensa-
tion. MoE-Compression (He et al. 2024) provides compres-
sor evaluations. Different from these, we highlight that
Sub-MoE mainly addresses expert merging rather than
weight compression.
Expert Merging methods (Li et al. 2022; Zhao et al. 2024)
fuse multiple experts into a single one through weighted
summation or averaging. For instance, MC-SMoE (Li et al.
2023b) merges experts with similar routing policies, HC-
SMoE (Chen et al. 2024) utilizes hierarchical clustering
to merge experts in a task-agnostic manner, and EEP (Liu
et al. 2024) optimizes fusion matrices through evolutionary

during the joint SVD process in implementation.
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Figure 2: Overview of Sub-MoE framework, which consists of two main stages: (1) Adaptive Expert Clustering, which groups
similar experts via K-means clustering with steps: Clusters Assignment, Means Update, and Convergence; and (2) Subspace
Expert Merging, which aligns and combines experts via Experts Union SVD, V -Matrix Merging. and Expert Reconstruction.

search algorithms. However, these methods typically em-
ploy original weight merging techniques (Wortsman et al.
2022; Matena and Raffel 2022), which achieve success pri-
marily when handling models with high similarity, such as
fine-tuned variants of the same base model (Izmailov et al.
2018). When applied to MoE models with low-similarity ex-
perts, these methods generally fail due to significant parame-
ter conflicts during the merging process. Our Sub-MoE dis-
tinctly differs from previous expert mergers by address-
ing this low-similarity issue through expert decomposition
into subspaces and ensuring matrices alignment. Thanks to
this subspace alignment approach, we can effectively fuse
different MoE LLMs without requiring additional training,
searching, or complex weight operations.

3 Methodology
Our Sub-MoE framework consists of two synergistic stages:
(1) Adaptive Expert Clustering stage that clusters similar
experts, (2) Subspace Expert Merging stage that includes
union decomposition, frequency-based V -Matrix fusion and
reconstruction. The overall process is illustrated in Figure 2.

3.1 Recap of MoE Architecture
The fundamental principle of MoE models is to dynami-
cally route input data to specialized expert networks. Con-
sider an input token x ∈ Rd, a set of expert modules
{E1, E2, ..., En}, and a router network R. The output y of
an MoE layer is computed as:

y =

n∑
i=1

Gi(x)·Ei(x), E(x) = (σ(x·Wgate)⊙(x·Wup))·Wdown

(1)
where Gi(x) represents the routing score for expert
i, and Ei(x) denotes its output. Each expert typically
implements a feed-forward layer with weight matrices

{Wup,Wgate,Wdown}, and σ activation (e.g., SiLU function).
The router R employs a top-k strategy with softmax normal-
ization, activating only the most relevant experts for each in-
put token and thereby enhancing computational efficiency.

3.2 Adaptive Expert Clustering
A critical challenge in compressing MoE models is iden-
tifying which experts can be effectively merged with min-
imal information loss. Rather than relying on architec-
tural heuristics or arbitrary grouping strategies, we pro-
pose a data-driven approach that captures the functional
similarity between experts. Our key insight is that experts
processing similar input patterns in comparable ways are
more amenable to merging. To implement this intuition,
we first collect a representative set of input tokens X =
{x1, x2, ..., xm} from the target domain. For each expert
Ei, we compute output vectors across this input set, yield-
ing output collections Yi = {Ei(x1), Ei(x2), ..., Ei(xm)}
that characterize the expert’s functional behavior. We then
quantify the functional similarity between experts using the
average cosine similarity of their outputs:

Sim(Ei, Ej) =
1

m

m∑
l=1

Ei(xl) · Ej(xl)

||Ei(xl)|| · ||Ej(xl)||
, (2)

This similarity metric captures how consistently two experts
respond to the same inputs, regardless of their internal pa-
rameter representations. Experts with high similarity scores
are likely to serve overlapping functions within the model
and thus become strong candidates for merging.

Based on this similarity measure, we employ K-means
clustering to organize the experts into k coherent groups.
This process consists of four key steps: (1). Means Ini-
tialization: Initial cluster centroids C = {C1, C2, ..., Ck}
are established through an advanced seeding method (i.e.,
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k-means++ (Ikotun et al. 2023)) to ensure diverse starting
points across the expert functional space. (2). Clusters As-
signment: Each expert Ej is assigned to the nearest clus-
ter centroid based on the similarity metric in Equation 2,
forming expert groups Qi that share functional character-
istics. (3). Means Update: Cluster centroids are recalcu-
lated as the mean of all experts assigned to that cluster:
Ci = 1

|Qi|
∑

Ej∈Qi
Yj . (4). Convergence: Steps 2 and 3

are repeated until cluster assignments stabilize or maximum
iterations are reached, minimizing the objective function:

J =
k∑

i=1

∑
Ej∈Qi

||Yj − Ci||2, (3)

where Qi represents the set of experts assigned to cluster i.
This data-driven approach discovers inherent functional re-
lationships between experts that might not be apparent from
architecture alone.
Multi-layer Adaptive Allocation: Unlike traditional man-
ners that impose uniform reduction across all MoE layers,
we introduce a multi-layer adaptive allocation that optimizes
the numbers of groups on a per-layer basis. We recognize
that different layers within a model exhibit varying degrees
of functional redundancy and specialization. By jointly clus-
tering experts on multiple MoE layers while maintaining a
target overall compression ratio, our automated clustering
process dynamically adjusts clustering centers and deter-
mines the optimal number of clusters for each layer with-
out manual intervention. Layers with higher expert similar-
ity naturally form fewer, more cohesive clusters, while those
with more diverse patterns maintain more clusters to pre-
serve their specialized capabilities.

3.3 Subspace Expert Merging
Challenge in merging expert networks lies in their dif-
ferent parametric representations. Even when experts serve
similar functions, their internal parameters often operate in
distinct representation spaces, making direct merging prob-
lematic and leading to performance degradation. Given n
expert weight matrices W (1),W (2), ...,W (n) ∈ RO×I , con-
ventional merging methods apply operations directly:

Wmerged =

n∑
i=1

αiW
(i), (4)

where αi are weight coefficients. This approach often leads
to parameter conflicts because each W (i) operates in its own
representation space.
Subspace Alignment via Experts Union Decomposition.
We address this challenge by transforming experts into a
common subspace before merging. For each expert group
identified in the clustering step, we separately concatenate
their Wgate, Wup and Wdown weight matrices and apply
SVD:

SVD
(
[W ′(1); . . . ;W ′(n)]

)
= U ′Σ′[V ′(1); . . . ;V ′(n)]T (5)

where U ∈ RO×r contains left singular vectors, which form
an orthonormal basis for the input space, Σ ∈ Rr×r is a

diagonal matrix of singular values, and V ∈ Rr×nI con-
tains right singular vectors, which can be partitioned into n
blocks, each corresponding to an expert.
Frequency-based V -Matrix Merging. Our method intro-
duces a simple yet effective merging approach that respects
the usage patterns of experts in real-world scenarios. We
observe that not all experts contribute equally to model
outputs–some experts specialize in handling common pat-
terns while others focus on rare cases. Incorporating this
frequency information helps preserve the model’s capabil-
ities across diverse inputs. For each expert i, we calculate its
sampling frequency based on actual router activations:

f(Vi) =

∑
x∈X I[i ∈ TopK(G(x), k)]

|X |
, (6)

where X represents the set of input tokens, I[·] is the indica-
tor function that equals 1 when expert i is among the top-k
experts selected by the routing mechanism for input x, and
0 otherwise. This frequency metric captures how often each
expert is activated across a representative dataset. We then
compute the merged V matrix in each group as a frequency-
weighted average after applying TIES-based(Yadav et al.
2023) sparsification to Vi to reduce parameter conflicts:

Vmerged =

∑
i∈Q f(Vi) · Vi∑

i∈Q f(Vi)
, (7)

This frequency-based merging effectively integrates expert
information according to their practical utilization patterns,
giving greater weight to frequently activated experts while
still preserving capabilities from all experts.
Expert Reconstruction. The final merged expert weights
are constructed as:

Wmerged = UΣ[Vmerged]
T , (8)

By construction, all experts within a cluster are merged into
a single set of parameters Wmerged, which is reconstructed us-
ing the shared orthogonal basis U , singular values Σ, and the
frequency-weighted merged right singular vectors Vmerged.
This process effectively aligns the original experts to a com-
mon subspace and compresses them into one representative
expert. With this three-stage process, Sub-MoE achieves ef-
fective expert reduction by operating in a shared subspace,
minimizing parameter conflicts, and preserving the essential
characteristics of each expert.

3.4 Sub-MoE† for Intra-Expert Compression
Sub-MoE reduces expert counts without changes to intra-
expert sizes. To further improve the compression ratio for
resource-constrained scenarios, we present extended Sub-
MoE† to reduce the size of U , V by truncating before
reconstruction. Beyond previous dense LLM SVD tech-
niques (Yuan et al. 2023; Wang et al. 2024), our Sub-MoE†
employs MoE-specific activation-aware truncating SVD.
For expert weight matrix Wi, we first obtain the activation
weighted matrix Si by measuring the correlation of input
activations Xi. Si effectively preserves salience weights and
reduces decomposition errors (Yuan et al. 2023; Wang et al.
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Expert Method WikiText-2↓ PTB↓ C4↓ ARC-c ARC-e BoolQ HellaS. MMLU OBQA RTE WinoG. Average↑

Mixtral-8×7B
Num=8 Original 3.98 14.79 7.33 0.56 0.84 0.85 0.65 0.67 0.35 0.71 0.76 0.67

Num=6

Frequency-prune 6.22 18.00 9.94 0.48 0.78 0.78 0.57 0.47 0.32 0.55 0.75 0.59
Output-prune 6.17 18.28 9.63 0.47 0.77 0.75 0.58 0.46 0.30 0.60 0.75 0.58
MC-SMoE 58.11 173.51 98.86 0.29 0.60 0.59 0.43 0.25 0.20 0.53 0.60 0.44
HC-SMoE 5.92 18.70 9.49 0.45 0.73 0.83 0.57 0.56 0.29 0.69 0.75 0.61
Sub-MoE (Ours) 5.16 18.58 8.54 0.49 0.80 0.86 0.62 0.59 0.32 0.65 0.75 0.64

Num=4

Frequency-prune 17.45 79.43 22.40 0.22 0.39 0.60 0.36 0.24 0.14 0.53 0.53 0.38
Output-prune 15.40 81.96 20.08 0.21 0.39 0.63 0.38 0.24 0.16 0.54 0.56 0.39
MC-SMoE 854.05 1204.41 1408.10 0.21 0.28 0.52 0.28 0.25 0.11 0.50 0.52 0.33
HC-SMoE 9.88 34.13 16.78 0.32 0.61 0.75 0.49 0.39 0.26 0.61 0.67 0.51
Sub-MoE (Ours) 6.97 26.88 10.64 0.45 0.75 0.84 0.57 0.48 0.29 0.57 0.72 0.58

Qwen1.5-MoE-A2.7B-Chat
Num=60 Original 8.12 12.97 11.62 0.40 0.71 0.81 0.59 0.60 0.31 0.74 0.66 0.60

Num=45
HC-SMoE 12.97 17.45 16.65 0.36 0.66 0.78 0.50 0.46 0.28 0.74 0.65 0.55
Sub-MoE (Ours) 12.37 17.45 16.39 0.37 0.67 0.80 0.53 0.49 0.29 0.71 0.64 0.56

Num=30
HC-SMoE 19.16 24.60 26.19 0.32 0.58 0.76 0.44 0.43 0.22 0.69 0.63 0.51
Sub-MoE (Ours) 17.18 22.06 22.76 0.35 0.62 0.76 0.47 0.44 0.23 0.67 0.65 0.52

Qwen3-30B-A3B
Num=128 Original 8.64 15.40 14.47 0.53 0.80 0.89 0.60 0.78 0.35 0.83 0.71 0.69

Num=96
HC-SMoE 18.86 31.11 29.68 0.35 0.64 0.82 0.40 0.55 0.22 0.73 0.61 0.54
Sub-MoE (Ours) 13.59 23.48 21.38 0.44 0.70 0.86 0.47 0.65 0.25 0.76 0.66 0.60

Num=64
HC-SMoE 72.33 162.99 148.41 0.23 0.44 0.63 0.29 0.30 0.13 0.50 0.50 0.38
Sub-MoE (Ours) 21.05 43.19 36.37 0.40 0.68 0.84 0.41 0.56 0.23 0.77 0.63 0.57

DeepSeek-MoE-16B
Num=64 Original 6.51 9.72 10.15 0.44 0.76 0.72 0.58 0.38 0.33 0.62 0.70 0.57

Num=48
HC-SMoE 9.13 12.19 13.45 0.39 0.71 0.72 0.52 0.30 0.30 0.64 0.70 0.53
Sub-MoE (Ours) 8.48 11.29 12.60 0.40 0.72 0.73 0.54 0.32 0.27 0.66 0.70 0.55

Num=32
HC-SMoE 15.34 21.07 23.30 0.31 0.60 0.69 0.43 0.24 0.20 0.57 0.64 0.46
Sub-MoE (Ours) 13.71 18.35 20.70 0.32 0.63 0.68 0.44 0.25 0.22 0.65 0.65 0.49

Table 1: Comparisons of expert prune/merge methods in multiple MoE LLMs. We report perplexity (lower is better↓) on
language modeling tasks and accuracy (higher is better↑) on reasoning tasks.

2024). Then, we re-weight each expert’s weight matrix as
W ′

i = WiSi. Next, we concatenate the re-weighted weight
matrices from all experts in the same group and apply union
decomposition:

SVD
(
[W ′(1); . . . ;W ′(n)]

)
= U ′Σ′[V ′(1); . . . ;V ′(n)]T , (9)

For experts in cluster Q, we compute the frequency-
weighted merged vector with de-whitening:

Vmerged =

∑
i∈Q f(Vi) · V ′(i)S−1

i∑
i∈Q f(Vi)

, (10)

After truncating the smallest singular values in Σ′ to con-
trol the compression ratio, the final merged expert weight is
given by:

W trunc
merged = U ′ · Trunc.(Σ′) · Vmerged. (11)

This process enables fine-grained control over compres-
sion while minimizing information loss, as the activation
weighted matrix S enables a direct mapping between singu-
lar values and compression loss (Wang et al. 2024). By com-
bining these strategies Sub-MoE† provides more extreme
compression for MoE LLMs.

4 Experiments
4.1 Experimental Setups
We conduct experiments on 4 MoE LLMs: Mixtral
8x7B (Jiang et al. 2024a), Qwen3-30B-A3B (Yang

et al. 2024a) Qwen1.5-MoE-A2.7B (Team 2024) and
DeepSeekMoE-16B-Base (Dai et al. 2024). For Mixtral
8x7B, reducing experts from 8 to 4 decreases the model
size from 46.7B to 24.2B parameters and reduces computa-
tional requirements from 2989 to 1546 GFLOPs. Similarly,
for Qwen1.5-MoE, reducing experts from 60 to 30 results in
a 43% reduction in model size (from 14.3B to 8.1B parame-
ters). To evaluate our method comprehensively, we use two
types of metrics: (1) perplexity on standard language model-
ing benchmarks including WikiText-2 (Merity et al. 2016),
PTB (Mikolov et al. 2010), and C4 (Raffel et al. 2023),
and (2) accuracy on eight diverse reasoning and understand-
ing tasks (Gao et al. 2023) like ARC (Clark et al. 2018),
BoolQ (Clark et al. 2019), HellaSwag (Zellers et al. 2019),
MMLU (Hendrycks et al. 2021), OBQA (Mihaylov et al.
2018), RTE (Bentivogli et al. 2009), and WinoG. (Sakaguchi
et al. 2021). For our method, we use a calibration dataset of
128 samples, each containing 2,048 tokens sampled from
WikiText-2, unless otherwise specified. In our subspace
alignment process, we apply expert grouping based on func-
tional similarity using the expert output metric and K-means
clustering as our default configuration. For expert merg-
ing, we employ frequency-based V matrix merging, which
weighs by their activation frequency in the calibration data.
We provide reproduced results of expert pruning methods,
frequency-prune, output-prune based on frequency in MoE-
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Model Ratio Runtime ARC-c ARC-e BoolQ HellaS. MMLU OBQA RTE WinoG. Average↑

Mixtral 8×7B 0 87.7 0.56 0.84 0.85 0.65 0.67 0.35 0.71 0.76 0.67

Mixtral 6×7B
10% 93.1 0.44 0.75 0.78 0.52 0.52 0.31 0.62 0.72 0.58
20% 104.7 0.38 0.70 0.67 0.46 0.43 0.28 0.58 0.68 0.52
30% 120.9 0.29 0.60 0.63 0.38 0.33 0.22 0.53 0.61 0.45

Mixtral 4×7B
10% 95.3 0.40 0.70 0.72 0.48 0.41 0.28 0.56 0.69 0.53
20% 108.2 0.34 0.65 0.65 0.43 0.37 0.23 0.53 0.65 0.48
30% 122.7 0.26 0.55 0.62 0.36 0.29 0.19 0.53 0.61 0.43

Table 2: Performance of Sub-MoE under extra intra-expert compression ratios. Runtime denotes runtime throughput (Token-
s/sec) on 8× H800 GPUs.

Compression (He et al. 2024) and expert merge (i.e., MC-
SMoE (Li et al. 2023b), HC-SMoE (Chen et al. 2024)). All
experiments are conducted on eight NVIDIA H800 GPUs.

4.2 Performance Comparisons
Table 1 presents comprehensive comparisons of our Sub-
MoE method against baseline approaches across four dif-
ferent MoE language models with varying degrees of expert
reduction. The results demonstrate the consistent superior-
ity of our proposed method across all evaluated models and
compression ratios. For Mixtral-8×7B, when compressing
from 8 to 6 experts, Sub-MoE achieves significantly better
perplexity scores on WikiText-2 (5.16), PTB (18.58), and C4
(8.54) compared to pruning-based methods and other merg-
ing approaches. Notably, when reducing to just 4 experts
(50% compression), our approach maintains impressive per-
formance with an average accuracy of 0.58 across reasoning
tasks, substantially outperforming the next best method HC-
SMoE (0.51) and far surpassing pruning-based approaches
that struggle to exceed 0.39 average accuracy. The perfor-
mance gap still exists with the Qwen1.5-MoE-A2.7B-Chat
model. Under extreme 50% compression from 60 to 30 ex-
perts, Sub-MoE achieves a robust average accuracy of 0.52.
When examining larger models like Qwen3-30B-A3B with
128 experts, Sub-MoE demonstrates remarkable resilience
even at 50% compression (64 experts), maintaining 0.57 av-
erage accuracy while HC-SMoE drops dramatically to 0.38.
This pattern repeats with DeepSeek-MoE-16B, where our
approach consistently preserves more of the original model’s
capabilities across multiple language tasks.

4.3 Effect of Intra-Expert Compression
Table 2 demonstrates the performance of Sub-MoE† un-
der various intra-expert compression ratios across differ-
ent model configurations. Our method exhibits remark-
able robustness across all compression settings, maintain-
ing reasonable performance even at aggressive compression
rates. When compressing Mixtral 6x7B with a 10% ratio,
Sub-MoE† achieves strong performance across downstream
tasks, with an average score of 0.58 compared to the original
model’s 0.67, demonstrating effective parameter reduction
while preserving model quality. The performance degrades
gracefully as compression increases, with even 30% com-
pression yielding usable results, highlighting Sub-MoE†’s

superior compression efficiency and model preservation ca-
pabilities. As shown in Table 4, Sub-MoE† with fine-tuning
(Sub-MoE†+FT) is able to additionally recover the accu-
racy significantly compared to other compression methods,
achieving gains of 4-6% over the base Sub-MoE across
benchmarks. Our method obtains stabilizing performance
across diverse reasoning tasks, outperforming competing ap-
proaches (D2-MoE (Gu et al. 2025b)), demonstrating robust
generalization capabilities across various compression ratios
and model sizes.

4.4 Ablation Study
Ablation on Core Components: Table 3 presents a com-
prehensive ablation study on key components of our Sub-
MoE. For the Clustering component (A), we investigate
three critical design choices: (1) Multi-layer configura-
tion in Adaptive Allocation impacts performance, with 2-
layer clustering (grouping 8×2=16 experts) yielding lowest
perplexity and highest average accuracy. This balanced ap-
proach provides sufficient flexibility for identifying func-
tional relationships while maintaining manageable cluster
sizes. In contrast, 1-layer clustering limits the diversity of
potential merge candidates, while 3-layer clustering creates
overly complex groupings that lead to accuracy drops. (2)
Similarity Metric comparison reveals that while router-
logits and weight-based similarity measures perform reason-
ably well, our expert output similarity metric achieves the
best overall balance between language modeling and reason-
ing tasks (0.64 mean accuracy). (3) Clustering Algorithm
analysis shows that K-means consistently delivers optimal
results compared to random grouping or hierarchical clus-
tering, particularly on language modeling tasks.
For Merging component (B), we examine two key aspects:
(5) U -Sharing strategy comparison demonstrates that our
union SVD approach substantially outperforms vanilla SVD
across all metrics (8.54 vs. 10.25 on C4; 0.64 vs. 0.58 av-
erage accuracy), with particularly notable improvements on
MMLU (0.59 vs. 0.49). This confirms the effectiveness of
our approach in finding a common representational space
that preserves expert functionality. (6) V -Merging strat-
egy experiments show that our frequency-based approach
consistently outperforms both dropping the least significant
components and simple averaging. The frequency-weighted
approach maintains better overall performance, demonstrat-
ing the importance of respecting expert utilization patterns
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Settings Options WikiText-2↓ PTB↓ C4↓ ARC-c ARC-e BoolQ HellaS. MMLU OBQA RTE WinoG. Average↑

(A) Adaptive Expert Clustering Settings

Clustering Layer
Sub-MoE (1-Layer) 5.32 20.08 8.77 0.48 0.79 0.78 0.61 0.59 0.30 0.63 0.75 0.62
Sub-MoE (2-Layer) 5.16 18.58 8.54 0.49 0.80 0.86 0.62 0.59 0.32 0.65 0.75 0.64
Sub-MoE (3-Layer) 6.03 21.17 9.52 0.47 0.76 0.84 0.59 0.31 0.30 0.59 0.73 0.57

Similarity Metric
Sub-MoE (Router-logits) 5.75 19.16 9.19 0.48 0.78 0.80 0.60 0.57 0.29 0.65 0.74 0.61
Sub-MoE (Weight) 6.41 19.46 10.09 0.44 0.7513 0.84 0.57 0.52 0.30 0.55 0.72 0.59
Sub-MoE (Expert output) 5.16 18.58 8.54 0.49 0.80 0.86 0.62 0.59 0.32 0.65 0.75 0.64

Clustering Alg.
Sub-MoE (Random) 6.12 18.86 9.63 0.46 0.76 0.84 0.59 0.52 0.30 0.61 0.73 0.61
Sub-MoE (Hierarchical) 5.46 19.30 9.01 0.50 0.73 0.82 0.61 0.62 0.33 0.69 0.71 0.63
Sub-MoE (K-means) 5.16 18.58 8.54 0.49 0.80 0.86 0.62 0.59 0.32 0.65 0.75 0.64

(B) Subspace Expert Merging Settings

U-Sharing
Sub-MoE (Vanilla SVD) 6.57 20.72 10.25 0.43 0.75 0.82 0.57 0.49 0.28 0.61 0.73 0.58
Sub-MoE (Union SVD) 5.16 18.58 8.54 0.49 0.80 0.86 0.62 0.59 0.32 0.65 0.75 0.64

V-Merging
Sub-MoE (Drop) 5.53 19.77 9.05 0.50 0.80 0.84 0.59 0.59 0.32 0.61 0.71 0.61
Sub-MoE (Average) 5.31 18.63 8.88 0.50 0.81 0.85 0.61 0.59 0.31 0.64 0.74 0.62
Sub-MoE (Frequency) 5.16 18.58 8.54 0.49 0.80 0.86 0.62 0.59 0.32 0.65 0.75 0.64

Table 3: Ablation on our (A) Expert Clustering and (B) Subspace Merging for Mixtral 8x7B→6x7B.

Method ARC-e WinoG. ARC-c
SVD 0.30 0.52 0.22
ASVD (Yuan et al. 2023) 0.41 0.58 0.22
SVD-LLM (Wang et al. 2024) 0.43 0.52 0.22
NAEE (Lu et al. 2024) 0.63 0.64 0.36
MoE-I2 (Yang et al. 2024b), 0.68 0.66 0.38
D2-MoE (Gu et al. 2025b) 0.68 0.63 0.37
MoE-SVD (Li et al. 2025) 0.66 0.67 0.34
MC-SMoE (Li et al. 2023b) 0.54 0.60 0.26
Sub-MoE† 0.70 0.68 0.38
Sub-MoE†+FT 0.74 0.71 0.44

Table 4: Performance comparison of more compression
methods on reasoning benchmarks.

Metric Samples
32 64 96 128 256

WikiText-2 Perplexity 8.69 8.11 7.32 5.16 5.02
C4 Perplexity 23.89 19.98 15.68 8.54 8.23

Table 5: Perplexity values for WikiText-2 and C4 datasets
across different sample sizes.

when merging. These ablation results empirically validate
our design choices and demonstrate that each component of
Sub-MoE contributes meaningfully to its overall effective-
ness.
Impact of Calibration Size . Table 5 shows how cali-
bration sample size affects model performance. Increasing
samples from 32 to 128 substantially reduces perplexity on
WikiText-2 (8.69→5.16) and C4 (23.89→8.54), while fur-
ther increases yield minimal gains.
Memory and Runtime Analysis. As shown in Table 6, re-
ducing Mixtral-8×7B from 8 to 6 experts decreases memory
by 24% with only a 6% accuracy drop, while compression
to 4 experts achieves optimal efficiency with 48% memory
reduction and 13% accuracy decline. Compression below
4 experts causes disproportionate performance degradation,
indicating a practical lower bound for maintaining capabili-
ties. For runtime, our Sub-MoE† can around 1.3× throughput

Metric 3 Experts 4 Experts 6 Experts 8 Experts
Memory Usage (GB) 34.58 45.49 66.49 87.49
Mean Accuracy 0.55 0.58 0.63 0.67

Table 6: Memory usage and mean accuracy for different
numbers of experts (horizontal layout).

speedup (see Table 2).

5 Conclusions
In this paper, we present Sub-MoE, a new expert merg-
ing framework that addresses parameter conflicts in MoE
LLM compression through subspace alignment. By decom-
posing concatenated experts via SVD, our approach extracts
shared U -matrices while enabling the effective merging of
expert-specific V components. Our two-phase, Adaptive Ex-
pert Clustering and Subspace Expert Merging, identifies
functionally similar experts and combines them with min-
imal information loss. Extensive experiments on Mixtral,
DeepSeek, and Qwen MoE LLMs reveal that our approach
consistently outperforms state-of-the-art pruning and merg-
ing baselines. In future work, we will extend Sub-MoE with
other compression schemes (AutoML (Li et al. 2024d,e),
distillation (Li 2022; Li and Jin 2022; Li et al. 2023a,
2024a,b; Dong, Li, and Wei 2023), quantization (Dong et al.
2025; Gu et al. 2025a), sparsity (Li et al. 2024c,f)) and ex-
plore calibration-free ways (Ghaffari et al. 2024).
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