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Abstract
Mixture-of-Experts (MoE) Transformer, the backbone architec-

ture of multiple phenomenal language models, leverages sparsity
by activating only a fraction of model parameters for each input
token. The sparse structure, while allowing constant time costs,
results in space inefficiency: we still need to load all the model
parameters during inference. We introduce ResMoE, an innovative
MoE approximation framework that utilizesWasserstein barycenter
to extract a common expert (barycenter expert) and approximate
the residuals between this barycenter expert and the original ones.
ResMoE enhances the space efficiency for inference of large-scale
MoE Transformers in a one-shot and data-agnostic manner with-
out retraining while maintaining minimal accuracy loss, thereby
paving the way for broader accessibility to large language models.
We demonstrate the effectiveness of ResMoE through extensive
experiments on Switch Transformer, Mixtral, and DeepSeekMoE
models. The results show that ResMoE can reduce the number of
parameters in an expert by up to 75% while maintaining comparable
performance.1

CCS Concepts
• Computing methodologies → Machine learning; Natural
language processing.
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1 Introduction
The profound impact of the Transformer architecture in the

domain of machine learning [67] is undeniable, for the fields in-
cluding natural language processing [3, 6, 9, 15, 19, 29, 49, 54–
56, 67, 86, 88, 89], computer vision [18, 43, 70, 72, 75], information
retrieval [8, 32, 74, 81, 83], and graph modeling [39, 41, 52, 77, 79].
To further improve the capabilities of pre-trained large language
models (LLMs), one general strategy is to scale up their parameters.
Mixture-of-Experts (MoE) [59] extends the traditional feedforward
neural network (FFN) layer by replacing a single multilayer per-
ceptron (MLP) with multiple MLPs, referred to as “experts”. While
enhancing the performance, sparse MoE keeps computing costs
(FLOPs) comparable to the original dense model, as only a few
selected experts will be activated each time. The framework of an
MoE layer is demonstrated in Fig. 1. Specifically, the input token
𝑥 is passed to the router gate network, returning the sparse and
normalized top-𝑘 scores used to activate the following experts. Only
experts with a score larger than 0 will be activated, and the contin-
ued results will then be calculated through those activated expert
MLPs. The output 𝑦 will then be obtained through a weighted sum
of each activated expert’s output 𝑦𝑘 . Switch Transformer [19] ex-
emplifies this approach by expanding the T5 model [56] to an MoE
structure, scaling it up to at most 2,048 times the size of the original
dense T5 model. Similarly, Mixtral [31] upscales Mistral 7B [30]
to an 8×7B MoE structure, achieving performance that matches

1
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Figure 1: In this illustrative example of MoE layers, the Top-
K Selector, along with the Gate Network–often referred to as
the ‘router’–selects Experts 1 and 3 based on their scores for
the given input. Figure taken from [1].

or even surpasses that of Llama2 70B [66]. DeepSeekMoE [12] uti-
lizes fine-grained experts compared to the other structures, with 64
experts per layer.

However, the enormous number of parameters has now become
a bottleneck for MoE Transformers [34], since they require much
more GPU memory to load the model even if only part of the
parameters are activated each time. The expert size for Mixtral
reaches 176.2M, and the presence of 8 or even more experts in each
layer exacerbates the memory demands, bringing a strong need to
compress the experts in the MoE structure. To give an example, the
total model size of Mixtral is 87.0 GB, while the corresponding size
of the dense model Mistral is only 13.5 GB.

To leverage the capabilities of MoE LLMs, we revisit several
(seemingly unrelated while inherently connected) research avenues
below. One approach is model fusion [2, 60], which involves com-
bining multiple general MLPs. This technique can be adapted to
merge experts inMoEmodels as well. More recently, various studies
have introduced the concept of expert merging [28, 37, 42, 62, 78]
and expert pruning [45], as a method to reduce the number of ex-
perts within each layer of the MoE model. Nevertheless, we note
the direct reduction in the total number of experts potentially leads
to a substantial loss of the specialized knowledge that individual
experts possess (see an illustrative analysis in Section 4.1).

To address the aforementioned issues, we introduce ResMoE,
an MoE approximation framework. Our approach capitalizes on
approximating the MoE models with fewer parameters by utilizing
Wasserstein barycenter techniques [51]. We formulate a distribu-
tional representation of experts and extract their common charac-
teristics to obtain the barycenter expert. Subsequently, we propose
to employ either unstructured pruning [35] or singular value de-
composition (SVD) [13] (as a pilot example) to approximate the
residual matrices between this barycenter expert and each specific
expert. In summary, the contribution of our work is three-fold:
• We introduce Wasserstein barycenter and residual restoration
into MoE approximation, aiming to maintain the common and
distinctive attributes of each expert with fewer parameters.

• We propose ResMoE, a practical MoE Transformer approximation
framework that aims to improve space efficiency in a one-shot
and data-agnostic manner, with no extra training required.

• We validate ResMoE through extensive experiments on both
the encoder-decoder Switch Transformer model, as well as the
decoder-only models, Mixtral and DeepSeekMoE. Our results
demonstrate that ResMoE can reduce the number of parame-
ters in an expert by up to 75% while incurring only marginal
performance loss, verifying its effectiveness and versatility.

2 Related Work
General model compression techniques. The focus of deep

learning compression research [35, 53, 63] primarily involves system-
level optimization. Quantization aims at hardware efficiency by
reducing model weight bit-depth from 32-bit floating point (FP32)
to 8-bit integers (INT8) [4, 14, 85] or even lower bits [7, 22, 40, 65].
While such optimization techniques have seen growing adoption
across various machine learning applications [87], our focus is on
reducing the parameter count of the MoE model, making quantiza-
tion methods not directly related.

Additionally, knowledge distillation [24, 27, 33] aims to transfer
knowledge from pre-trained LLMs to smaller models. However,
this approach requires extensive retraining, involving both the
original LLM and the compact model. Truncated singular value
decomposition (SVD) [13] has been used to streamline CNNs by
reducing redundancy through linear structure exploitation within
networks, yet it faces limits in representational capacity, often lead-
ing to decreased performance due to overly aggressive dimension
reduction. Pruning techniques [36, 44], evolving with the Lottery
Tickets Hypothesis [20, LTH], seek efficient sub-networks within
larger models but require extensive retraining to maintain accu-
racy. While some one-shot pruning methods [63, 69] do exist, they
remain computationally expensive and are not specifically tailored
for the structure of MoE, bringing concerns about whether such
methods can adequately ensure that the compressed models retain
their effectiveness for downstream tasks.

Mixture-of-Expert (MoE) transformer compression. Ra-
ther than applying existing compression techniques individually to
the expert MLP, MC-SMoE [37], MEO [28], and OneS [78] merge
the experts into smaller groups, reducing the count of the experts.
Expert pruning [45, 48] follows a similar aspect, pruning the less im-
portant experts to reduce the size. This approach faces challenges in
deciding the experts to retain, potentially leading to loss of informa-
tion due to sub-optimal decisions. Gao et al. [23] instead proposed
to keep each expert, divide them into several sections, and share
the core section among them. This method does not align with our
goal since they aimed to efficiently train a new MoE-like structure
from scratch, instead of compressing an existing one. Alternatively,
we note fusion-based methods [2, 60], originally proposed for con-
solidating distinct models into a single one, can be dynamically
adapted for consolidating MoE’s experts. These methods utilize
the principles of permutation and optimal transport and are im-
plemented layer-wise, which requires applying the permutations
derived from preceding layers to the next one. The characteristic
incurs overhead due to the extra time required for permutations.

3 Preliminaries and Notation
This section provides the background of MoE, optimal transport,

and Wasserstein barycenter.
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3.1 Mixture-of-Experts Modules
Throughout this paper, we consider the classical setting of MoE

modules for the ease of analysis, where each expert takes the form of
a multilayer perceptron (MLP) in a feed-forward network (FFN) sub-
layer of a Transformer. It is worth noting that there exist different
types of expert network architectures (c.f. Appendix B.3.)

Each Mixture-of-Experts (MoE) layer comprises 𝑁 experts. The
𝑘-th expert 𝐸𝑘 (a function to transform input vector x to a new
feature) in an FFN sub-layer is denoted as:

𝐸𝑘 (x) = W(2)
𝑘

𝜎

(
W(1)

𝑘
x + b(1)

𝑘

)
+ b(2)

𝑘
,

where 𝜎 (·) is the element-wise activation function. The input x ∈
R𝑝 , and (W(1)

𝑘
, b(1)

𝑘
) ∈ R𝑝I×(𝑝+1) , (W(2)

𝑘
, b(2)

𝑘
) ∈ R𝑝×(𝑝I+1) are

respectively the weight matrices and bias vectors in the linear trans-
forms of the MLP (with input/output dimension 𝑝 and inner dimen-
sion 𝑝I). The output of the MoE layer is given by:

∑𝑁
𝑘=1 [𝐺 (x)]𝑘 ·

𝐸𝑘 (x). Here𝐺 (x) = Softmax
(
TopK

(
W𝑔x

) )
returns the normalized

sparse router gating vector for all experts, where TopK(g𝑖 ) = g𝑖
when g𝑖 is within the top-k values of g ∈ R𝑁 , otherwise TopK(g𝑖 ) =
−∞; W𝑔 ∈ R𝑁×𝑝 represents the linear transform, turning the input
x into the logit for each expert. The whole framework of the MoE
layer is shown in Fig. 1.

The space bottleneck [34] comes from the large size of experts
(ranging from 8 to 64 and even more [12, 19]) and the tremendous
size of the weight matrices in each expert (e.g., 176.2M parameters
for each expert in Mixtral [31]). The sparse design renders the total
number of parameters redundant compared to the base dense model.
Even though only a part of the parameters is activated each time,
the whole model still needs to be loaded in the RAM. In this paper,
we aim to address the redundancy problem while retaining the
effectiveness of pre-trained MoE models.

3.2 Optimal Transport and Wasserstein
Barycenter

Optimal transport (OT) theory has achieved great success in de-
picting the underlying geometry of distributions [11, 51, 82, 84]. We
consider two distributions 𝜇 =

∑𝑛
𝑖=1 𝜶𝑖𝛿𝑥𝑖 and 𝜈 =

∑𝑚
𝑗=1 𝜷 𝑗𝛿𝑦 𝑗

with
𝜶𝑖 , 𝜷 𝑗 as masses respectively assigned to points 𝑥𝑖 , 𝑦 𝑗 , and 𝛿𝑥 being
the Dirac unit mass located on 𝑥 . (In this paper, 𝜇, 𝜈 will always be
the discrete distributions.) OT reflects a process of transporting the
mass from positions 𝑥𝑖 ’s to 𝑦 𝑗 ’s (transforming the source distribu-
tion 𝜇 to the target distribution 𝜈) with the minimal overall cost, in
which the cost of transporting a unit mass from 𝑥𝑖 to 𝑦 𝑗 is given by
the cost function 𝐷 (𝑥𝑖 , 𝑦 𝑗 ).

A transport plan can be specified by a matrix M ∈ R𝑛×𝑚 , where
M𝑖, 𝑗 indicates the mass to be transported from 𝑥𝑖 to 𝑦 𝑗 . We note
that the column and row sums of M respectively equal to 𝜶 and 𝜷 ,
implying all the masses in 𝜇 are transported to the desired points
in 𝜈 , i.e., M ∈ Π(𝜶 , 𝜷) := {M ∈ R𝑛×𝑚 |∑𝑚

𝑗=1 M𝑖, 𝑗 = 𝜶𝑖 ,
∑𝑛
𝑖=1 M𝑖, 𝑗 =

𝜷 𝑗 }. OT seeks the optimal plan to transport 𝜇 to 𝜈 w.r.t the overall
transportation cost, formulated as [51]:

OT(𝜇, 𝜈) := arg min
M∈Π (𝜶 ,𝜷 )

∑︁
𝑖, 𝑗

M𝑖, 𝑗C𝑖, 𝑗 = arg min
M∈Π (𝜶 ,𝜷 )

⟨M,C⟩,

where C :=
[
𝐷 (𝑥𝑖 , 𝑦 𝑗 )

]
𝑖 𝑗

∈ R𝑛×𝑚 is the cost matrix.

Figure 2: The overall framework of ResMoE. We introduce
permutation matrices T to obtain the barycenter expert W𝜔

from a distributional view. Instead of compressing the origi-
nal experts directly, we opt to compress the residual matrices
(∆, illustrated with lighter colors) between each expert and
the barycenter expert, with the capability to dynamically
and efficiently restore the original matrices during inference.
We illustrate the concept using unstructured pruning as an
example, with dashed orange lines indicating the pruned
connections within the network.

Setting the cost function as𝐷 (𝑥𝑖 , 𝑦 𝑗 ) = ∥𝑥𝑖 −𝑦 𝑗 ∥2, we can obtain
2-Wasserstein distance [51] as:

𝑊 2
2 (𝜇, 𝜈) := min

M∈Π (𝜶 ,𝜷 )
⟨M,C⟩ .

In this paper, we specifically focus on the free-support Wasserstein
barycenter problem induced by 2-Wasserstein distance. Given a
set of distributions 𝜇1, . . . , 𝜇𝑁 , the Wasserstein barycenter 𝜇 is
the “average” distribution in terms of the Wasserstein distance. To
regulate the form of 𝜇 in numerical computation, we specify 𝜇 as a
uniform distribution on 𝑛 points, and optimize it through:

𝜇 = arg min
{𝑥𝑖 }𝑛𝑖=1

1
𝑁

𝑁∑︁
𝑘=1

𝑊 2
2

(
𝜇𝑘 ,

𝑛∑︁
𝑖=1

1
𝑛
𝛿𝑥𝑖

)
. (1)

We comment Cuturi and Doucet [11] have provided efficient nu-
merical algorithms for the free-support Wasserstein barycenter
problem above, which will be heavily utilized in our implementa-
tions. In a nutshell, we conclude Wasserstein barycenter captures
the underlying advection in the distribution space, offering a power-
ful tool for aggregating distributions in a geometrically meaningful
way.

4 Proposed Methodology
In this section, we first analyze the limitations of existing fu-

sion strategies, and then give a detailed introduction to ResMoE,
along with its visualization provided in Figure 2 and pseudocode
in Appendix A.9. For a comprehensive visual comparison between
ResMoE and previous baseline methods, please refer to Figure 3.
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4.1 Limitations of Existing Fusion Strategies
In advance of our proposal in Section 4.2, we first review the

limitations of existing fusion/merge strategies, which mainly serves
as the motivation for developing the ResMoE framework.

Alignment-based model fusion [2, 60] is proposed to fuse multi-
ple models, that can be adapted in the MoE structure to fuse MLPs
(which may have more than two layers) and relates to OT. In OT Fu-
sion [60], for a two-layer MLP, their algorithm starts from aligning
the first layer of each expert and then pre-aligns the second layer
with the permutation matrix obtained from the first layer, repeating
the procedure to align the second layer further. Similarly, in Git
Re-Basin [2], they propose to align the weights through a greedy
loop for each layer, which demonstrates zero-barrier linear mode
connectivity [21] between independently trained models on the
same dataset. We note the alignment-based model fusion technique
implies a layer-by-layer strategy to formulate MoE layers as distri-
butions and to merge experts. Moreover, expert merging [28, 37, 78]
has been recently introduced to reduce the number of experts in
MoE modules. This approach merges experts using task-specific
information, such as router gating score distribution or router acti-
vation frequency.

Both the model fusion and expert merging reduce the number
of experts to compress the model, while we remark that the direct
reduction in the number of experts may lead to a huge deviation
from the original module output, especially in the zero-shot setting.

To better understand this, we first revisit the MoE layer from an
all-experts matrix perspective. We define the router matrix R as:

R := diag(𝐺 (x) ) ⊗ I𝑝I =


[𝐺 (x) ]1I

...

[𝐺 (x) ]𝑁 I

𝑁 ·𝑝I×𝑁 ·𝑝I

,

where ⊗ is the Kronecker product, I is the identity matrix, and𝐺 (x)
is a sparse score vector. The weight matrices in the MoE layer are
overall denoted as:

W(1) =
(

W(1)
1 · · ·W(1)

𝑁

)T

𝑁 ·𝑝I×𝑝
,

W(2) =
(

W(2)
1 · · ·W(2)

𝑁

)
𝑝×𝑁 ·𝑝I

.

The output of the MoE layer can accordingly be expressed as (omit-
ting the bias term for simplicity):

y = W(2)R𝜎
(
W(1)x

)
, (2)

in which R encapsulates crucial expert knowledge and exhibits
high sparsity, as typically only a selected number of experts are
activated within each MoE layer.

To analyze the difficulty of compressing the space-occupying
𝑁 · 𝑝I × 𝑝 matrices W(1) , (W(2) )T, we turn to a theoretical frame-
work oblivious subspace embedding [10, OSE] which can preserve
any 𝑝-dimensional subspace of R𝑁 ·𝑝I (here, we focus on the sub-
spaces spanned by W(1) and (W(2) )T) through a 𝑑 ×𝑁 · 𝑝I random
projection matrix Π, with 𝑑 being the projection dimension. The
projection ΠW(1) and Π(W(2) )T can be considered as a sketch of
the expert merging strategy.

We then recognize the limitation of expert merging via the lens of
OSE. As per Cohen [10], 𝑑 should be at least O(𝑝 log 𝑝/𝜀2), where
𝜀 is the error tolerance level; in compressing MoE (𝑁 will NOT

go to infinity), however, the scale of 𝑝 log 𝑝/𝜀2 will be even larger
than 𝑁 · 𝑝I by simply setting 𝜀 = 0.05. The space gain from expert
merging is thus usually marginal in this very practical case. In this
regard, reducing the number of experts per MLP layer might not
be that practical. Instead, we propose each expert should be kept
during compression.

To alleviate the deficiency of OSE above, MC-SMoE [37] lever-
ages the information from training data to reduce the scale of 𝑑 ,
rendering the merging no longer data-“oblivious”. However, due
to the requirement to first do fine-tuning and the restriction that
during inference the test data have to be i.i.d. as the training data,
this therapy will be less valid in the zero-shot setting we mainly
consider. We also empirically verify the above observations on the
expert merging strategies in Section 5.4.

4.2 An Extraction Strategy Specific to the MoE
Structure

Following our speculation that each expert in the MLP layer
should be kept, we propose ResMoE, a framework to compress the
representation of those experts through a Wasserstein barycen-
ter expert and the residual matrices between each expert and the
barycenter expert. Specifically, we extract an expert 𝐸𝜔 with the
common pattern from all the experts, and then model the difference
between 𝐸𝜔 and 𝐸𝑘 by fewer parameters (we will introduce the
difference modeling in Section 4.3). We first revisit a viewpoint
that an MLP can be taken as the ensemble of multiple bottleneck-1
sub-MLPs [68, 73, 80]. We rewrite the MLP output as follows:

𝐸𝑘 (x) =
𝑝I∑︁
𝑖=1

[
W(2)

𝑘,·,𝑖 · 𝜎
(〈

W(1)
𝑘,𝑖,·, x

〉
+ b(1)

𝑘,𝑖

)]
+ b(2)

𝑘
, (3)

where by convention we represent the 𝑖-th row (resp. column) in
the weight matrix W(1)

𝑘
(resp. W(2)

𝑘
) as W(1)

𝑘,𝑖,· (resp. W(2)
𝑘,·,𝑖 ), and

𝜎 (·) is the activation function. The summation implies that an MLP
is the ensemble of a few bottleneck-1 sub-MLPs (the sum on the
right-hand-side above), which allows a distributional perspective
of MLP since the order of the sum does not matter.

Note that various expert network architectures can all be ex-
pressed using the structure of multiple bottleneck-1 sub-MLPs. The
FFN in both Mixtral and DeepSeekMoE models uses a gated net-
work following Llama [66], whose detailed form can be found in
Appendix B.3.

Since b(2)
𝑖

is not involved in the summation in Equation (3), we
accordingly quantify the extraction as, after proper permutation,
minimizing the squared Frobenius norm of differences between the
original weight matrices in each expert and the weight matrices in
the barycenter expert:

min
W(1)

𝜔 ,b(1)
𝜔 ,W(2)

𝜔

T𝑘 ∈P,𝑘∈[𝑁 ]

1
𝑁

𝑁∑︁
𝑘=1

[ 



T𝑘

[
W(1)

𝑘
, b(1)

𝑘

]
−

[
W(1)

𝜔 , b(1)
𝜔

]



2

𝐹

(4)

+



W(2)

𝑘
TT
𝑘
− W(2)

𝜔




2

𝐹

]
,

where P is the class of 𝑝I-by-𝑝I permutation matrices and W(1)
𝜔 ∈

R𝑝I×𝑝 , b(1)
𝜔 ∈ R𝑝I ,W(2)

𝜔 ∈ R𝑝×𝑝I are the weight matrices in the
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barycenter expert 𝐸𝜔 . The introduction of the permutation matri-
ces T𝑘 ’s aligns with the distributional perspective of MLPs, that an
MLP 𝐸𝑘 is equivariant to the row permutation of its design matrix
W𝑘 =

[
W(1)

𝑘
, b(1)

𝑘
, (W(2)

𝑘
)T

]
∈ R𝑝I×(2𝑝+1) as the sum’s order in

Equation (3) is inconsequential. It is worth noting that simultane-
ously permuting W(1)

𝑘
and W(2)

𝑘
does not affect the expert’s output

since the permutation matrix is orthogonal.
To solve problem (4), we propose to address the distribution of

sub-MLPs within each expert, rather than layer-by-layer. The sum-
mation in Equation (3) clearly shows the correspondence between
the 𝑖-th row W(1)

𝑘,𝑖,· of W(1)
𝑘

and the 𝑖-th column W(2)
𝑘,·,𝑖 of W(2)

𝑘
; to

obtain the “embedding” of the sub-MLPs for the distributional for-
mulation, we consider the original MLP 𝐸𝑘 as a design matrix W𝑘 .
We then run the algorithm for free-support Wasserstein barycen-
ter [11] to obtain the weight matrix W𝜔 =

[
W(1)

𝜔 , b(1)
𝜔 , (W(2)

𝜔 )T
]

for the barycenter expert, with W𝜔 being exactly the solution to
the minimization problem (4).

To present the result, we respectively define 𝜇𝑘 ’s as the uniform
distributions defined on the rows of the given W𝑘 ∈ R𝑝I×(2𝑝+1) ,
for all 𝑘 = 1, 2, · · · , 𝑁 , i.e., 𝜇𝑘 =

∑𝑝I
𝑖=1 1/𝑝I · 𝛿W𝑘,𝑖,· . Similarly 𝜇𝜔 is

uniformly distributed over the rows of W𝜔 ∈ R𝑝I×(2𝑝+1) , and the
notation 𝜇𝜔 is interchangeable with 𝜇𝜔 (W𝜔 ), which highlights the
dependence on W𝜔 . We further denote the optimal transport matrix
(w.r.t.𝑊2 distance) from 𝜇𝑘 to 𝜇𝜔 as OT(𝜇𝑘 , 𝜇𝜔 ) as the solution of
Equation (1). We can then give the following proposition (the proof
is deferred to Appendix C.

Proposition 4.1. Consider the solution W𝜔 to the following free-
support WB problem

min
W𝜔

1
𝑁

𝑁∑︁
𝑘=1

𝑊 2
2 (𝜇𝑘 , 𝜇𝜔 (W𝜔 )) . (5)

Then W𝜔 , along with T𝑘 = 𝑝I · OT (𝜇𝑘 , 𝜇𝜔 (W𝜔 )), is the solution to
the optimization problem (4).

Remark. We note that all the experts 𝐸𝑘 and the barycenter expert
𝐸𝜔 share the same size, i.e., W𝑘 ,W𝜔 ∈ R𝑝I×(2𝑝+1) . Therefore, the
supports for distributions 𝜇𝑘 , 𝜇𝜔 are of the same size 𝑝I. In discrete
optimal transport, there is a special property that for two discrete
uniform distributions with support of the same size, the optimal
transport matrix between the two distributions will be re-scaled as a
permutationmatrix [51]. The conclusion simplifies the computation
since the permutation matrix is orthogonal (T𝑘 (T𝑘 )T = I). The out-
put of the extracted expert 𝐸𝜔 (x) = W(2)

𝜔 𝜎
(
W(1)

𝜔 x + b(1)𝜔

)
(adding

b(2)
𝜔 ) is automatically aligned with any expert 𝐸𝑘 (x),∀𝑘 ∈ [𝑁 ]

without additional transformations.

4.3 Residual Approximation and Expert
Restoration

As the last step, we need to recover the selected expert from
the barycenter expert. We choose two representative methods: un-
structured pruning and SVD to remove the redundant parameters.
(For unstructured pruning, we follow Han et al. [25] to zero out the
parameters with small magnitude, in order to minimize the loss in
problem (4).)

Table 1: Approximation error of Switch Transformer and
Mixtral. The experts are frozen during the fine-tuning stage
hence most of the deterministic methods give zero standard
deviation. All the numbers are normalized by a factor 𝑝I for
better reference. UP stands for Unstructured Pruning, and
SP stands for Structured Pruning.

Switch Transformer Mixtral

UP 34.27±0.00 10.26±0.00
Wanda 22.93±0.03 13.47±0.00
SP 87.00±0.00 27.09±0.00
SVD 56.44±0.00 21.70±0.00
M-SMoE 278.76±0.00 16.73±0.00
MEO 63.25±0.00 15.81±0.00
MLP Fusion 83.45±0.02 27.28±0.01
ResMoE (UP) 22.05±0.02 6.60±0.01
ResMoE (SVD) 48.91±0.01 14.63±0.04

We will store a compressed matrix ∆𝑘 to approximate T𝑘W𝑘 −
W𝜔 and then use ∆𝑘 + W𝜔 to recover T𝑘W𝑘 . We provide more im-
plementation tricks for them in Appendix A.7 and the pseudocode
of the algorithm in Appendix A.9. We remark that unstructured
pruning produces comparable experimental results while SVD leads
to more profound memory reduction.

In Figure 3, we visually compare ResMoE with previous base-
lines. Expert merging techniques consolidate multiple experts into
a single entity, while pruning strategies involve the direct removal
of connections within individual experts. ResMoE first obtains the
common barycenter expert and subsequently compresses the resid-
uals between each expert and the barycenter expert, which can be
effectively and efficiently used for restoring in the inference stage.

5 Experimental Results
This section starts with our experimental setup, followed a pre-

liminary evaluation of ResMoE’s approximation error against var-
ious baselines in Table 1 and its performance in Tables 2 and 3,
concluding with an ablation study. All models and methods are
implemented in PyTorch. Switch Transformer is fine-tuned on a
Tesla V100 32GB GPU, while Mixtral is tested on four such GPUs.
Detailed experimental information is available in Appendix A.1.

5.1 Experiment Setup
Model backbones. Our evaluation encompasses two primary

architectures: the GPT-style causal decoder-only model and the T5-
style encoder-decoder model. Specifically, we utilize Mixtral [31]
for the decoder-only model, featuring 8 experts per layer across
32 layers. For the encoder-decoder model, we employ the Switch
Transformer [19] with a similar expert-layer configuration (switch-
base-8) but with 12 encoder layers followed by 12 decoder layers.
We fix the router and the experts during the supervised fine-tuning
stage, based on the observation that preserving the original LLM’s
universal world information can enhance their performance [17,
26, 47]. This observation is empirically supported by our findings,
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Figure 3: Comparisons between ResMoE and baselines. Dash lines denote the connections or neurons are deleted. Expert
Merging reduces the number of experts by consolidating several into one, while pruning is applied directly to the experts. In
contrast, ResMoE compresses the residual and barycenter experts, with the input x directed to the restored experts.

which demonstrate improved model performance. We also provide
the efficiency analysis in Appendix A.8.

Compared methods.We compare our method with different
types of baselines. For pruning, we employ both single-shot un-
structured pruning [25, 35, 64] and structured pruning [38]. We
also employ Wanda [63] for a more enhanced unstructured pruning
method. We employ truncated SVD following Denton et al. [13].
For merging, we employ M-SMoE (the better-performing uncom-
pressed version of MC-SMoE) [37] and MEO [28]. As the experi-
mental results drop is profound in expert pruning [45] (50%), we
employ it here only to Mixtral since our compression rate is more
extreme (25%). We employ Git Re-Basin [2] for model fusion. Note
that Git Re-Basin is not initially designed for MoE models, and we
dynamically apply it as a fusion (merging) method according to
its applicability to merge multiple models. We also compare our
method with MLP Fusion [1], which aims to reduce the intermedi-
ate dimension of one expert MLP unit. As our compression rate is
set to 25%, we perform different setups to all the methods to make
sure they match this setting, detailed in Appendix A.3.

5.2 Preliminary Evaluation of Approximation
Error

We calculate the approximation error of each method on the top
8 layers of Switch Transformer and the top 24 layers of Mixtral as a
sanity check. The approximation error is defined as the Frobenius
norm difference between the original and compressed weight ma-
trices in the experts. Take Switch Transformer for example, since
there is no bias in this model, the approximation error 𝜖 for one
layer is defined as:

𝜖 =
1
𝑁

𝑁∑︁
𝑘=1

[ 


T𝑘W(1)
𝑘

− Ŵ(1)
𝑘




2

𝐹
+




W(2)
𝑘

T𝑇
𝑘
− Ŵ(2)

𝑘




2

𝐹

]
,

where Ŵ𝑘 denotes the matrix post-application of each method. For
ResMoE, Ŵ = W𝜔 +∆𝑘 , with ∆𝑘 being the compressed residual ma-
trix derived from each layer, and W𝜔 as the Wasserstein barycenter
matrix. For merge methods, Ŵ = W𝜔 , where W𝜔 is the merged
center of each group. For methods not involving permutation op-
erations, we set T𝑘 = I. Specifically for MLP fusion which reduces
the MLP’s weight matrix size, it still allows approximation error
computation, as detailed in A.5. Notably, as we freeze the experts
during fine-tuning, most methods show zero standard deviation.
It is worth mentioning that given Wanda is not data-agnostic, it

has a standard deviation for different tasks Switch Transformer is
fine-tuned on. As for Mixtral, we follow the zero-shot setting of
Sun et al. [63] to use the C4 dataset [56] to perform the algorithm,
hence leading to the zero standard deviation of it on Mixtral.

Table 1 shows that ResMoE achieves the lowest Approximation
error among all the methods. We use the acronyms UP to represent
Unstructured Pruning and SP for Structured Pruning. The results
prove that ResMoE manages to retain not only the output of the
original model but also the integrity of the internal matrices. Thus,
this preliminary experiment successfully validates Proposition 4.1.

5.3 Natural Language Understanding
Experiment setup. Switch Transformer is fine-tuned then com-

pressed during the inference stage on four natural language under-
standing (NLU) GLUE tasks, SST-2 [61], MRPC [16], CoLA [71] and
MNLI [76]. All the results are reported with accuracy. Here, all the
experiments are conducted using different seeds for three rounds.
As not all the layers of Switch Transformer are sparse MoE layers,
we perform all the methods at the top 4 encoder’s MoE layers and
the top 4 decoder’s MoE layers.

Results. Table 2 provides the results of Switch Transformer.
ResMoE (UP) consistently surpasses all baseline methods, while
ResMoE (SVD) manages to surpass most of the baseline methods,
underscoring its efficiency. Unstructured pruning effectively pre-
serves the original performance, whereas structured pruning, ap-
plied neuron-wise, exhibits a more pronounced drop. This obser-
vation aligns well with our choice of unstructured pruning over
structured pruning. We also observe that Wanda performs even
worse than vanilla unstructured pruning. This may be due to the
fact that Sun et al. [63] set the compression ratio to 50%, while
our setting retains only 25% of the parameters, leading to a more
significant performance drop.We note a significant difference in per-
formance when applying pruning and SVD to experts, depending
on whether the weights were concatenated or separate. A possible
explanation is that pruning dynamically zeroes out less important
weights, retaining crucial ones when expert weights are concate-
nated, indicating the benefit of preserving expert-level relationships
for model performance. In addition, the suboptimal results from Git
Re-Basin further support our proposition that previous layer-wise
fusion methods are limited in their effectiveness. These methods
may fail to adequately capture the complexities of layer interac-
tions, leading to less optimal outcomes when compared to more
holistic approaches. Although most methods manage to preserve
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Table 2: Evaluation results of Switch Transformer on four GLUE NLU tasks (measured in accuracy). UP stands for Unstructured
Pruning, and SP stands for Structured Pruning. We use “concat” and “sep” to denote the concatenated and separate processing
of the expert weights. Bold indicates the best score for each metric, while underlined values represent the second-best.

SST-2 MRPC CoLA MNLI

Switch Transformer 93.92±0.18 89.54±0.86 82.29±0.28 87.82±0.15
UP (concat) 93.12±0.23 87.75±1.12 81.40±0.48 85.32±0.66
UP (sep) 90.21±0.44 78.92±3.96 79.33±0.80 76.06±5.47
Wanda 92.39±0.18 86.74±0.93 80.59±1.01 84.20±0.19
SP (concat) 90.67±0.36 88.72±0.85 79.39±0.42 85.19±0.22
SP (sep) 83.60±1.15 80.88±2.12 76.89±0.93 81.87±1.19
SVD (concat) 92.47±0.04 87.58±1.02 75.90±0.03 85.86±0.07
SVD (sep) 92.59±0.25 87.25±0.93 81.62±0.32 86.04±0.05
M-SMoE 93.31±0.53 87.42±1.06 80.06±0.68 85.72±0.27
Git Re-Basin 84.94±0.86 85.70±0.46 61.90±1.24 83.76±0.84
MEO 92.73±0.39 86.77±0.93 79.99±0.83 85.29±0.37
MLP Fusion 91.86±0.30 88.40±0.59 79.64±0.03 85.72±0.19
ResMoE (UP) 93.58±0.07 89.21±0.49 82.13±0.07 86.13±0.09
ResMoE (SVD) 92.85±0.05 88.18±0.48 76.88±0.08 86.08±0.03

Table 3: Zero-shot results of Mixtral. Most of the methods are deterministic based on the model’s weights, resulting in a 0
standard deviation. Bold indicates the best score for each metric, while underlined values represent the second-best. On the
WikiText dataset, where perplexity serves as the evaluation metric. The down-arrow notation (↓) indicates that a lower metric
represents better performance.

WikiText (PPL) ↓ LAMBADA (ACC) PIQA (ACC) WinoGrande (ACC)

Mixtral 3.87±0.00 74.05±0.00 82.37±0.00 77.11±0.00
UP 13.03±0.00 36.10±0.00 72.09±0.00 68.59±0.00
Wanda 34.57±0.00 18.73±0.00 63.82±0.00 59.75±0.00
SP 13851.63±0.00 0.00±0.00 53.05±0.00 47.91±0.00
SVD 267.94±0.00 16.09±0.00 59.47±0.00 56.99±0.00
M-SMoE 10.45±0.00 58.57±0.00 73.56±0.00 69.61±0.00
Git Re-Basin 9.96±0.00 59.09±0.00 74.70±0.00 69.22±0.00
MEO 8.32±0.00 62.93±0.00 75.84±0.00 70.48±0.00
Expert Pruning 8.14±0.00 59.07±0.00 76.82±0.00 70.88±0.00
MLP Fusion 80.06±5.55 5.12±0.49 66.67±0.25 56.80±0.97
ResMoE (UP) 5.38±0.04 69.44±0.16 80.81±0.19 74.45±0.23
ResMoE (SVD) 7.26±0.05 64.72±0.15 78.02±0.14 73.16±0.09

the model’s performance well in these NLU tasks, they result in a
dramatic drop in subsequent zero-shot natural language generation
(NLG) tasks.

5.4 Zero-shot Natural Language Generation
Experiment setup. Mixtral is tested on WikiText (Language

Modelling) [46], LAMBADA (LanguageModelling) [50], PIQA (Ques-
tion Answering) [5] and WinoGrande (Common Sense Reason-
ing) [57]. The result of WikiText is given by perplexity, while accu-
racy metrics are used for the others. As Mixtral’s results are tested
with zero-shot and fixed weights, this ensures deterministic out-
comes for most of the evaluated methods, leading to a standard
deviation of 0 for them. However, the Fusion and OT methods,

which seek approximate optimization solutions starting from dif-
ferent initial conditions, exhibit variability and therefore have a
non-zero standard deviation. Specifically, for Wanda, we follow the
zero-shot setting of Sun et al. [63] to perform the algorithm on the
C4 dataset [56]. All the methods are performed on the top 24 layers,
and reduce the parameter counts of the experts to 25%.

Results. Table 3 presents the results for Mixtral, where both
ResMoE (UP) and ResMoE (SVD) consistently outperform all base-
line methods, demonstrating their effectiveness in both NLU and
NLG tasks. Notably, structured pruning results in a substantial per-
formance loss for Mixtral, likely due to its larger hidden dimension
(4,096), where neuron-wise weight pruning could lead to signifi-
cant information loss, a situation reminiscent of the MLP Fusion
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Table 4: The comparison of accuracy between vanilla pruning, average expert, Git Re-Basin expert, vanilla SVD, and our method.
Here UP means Unstructured Pruning, WB stands for Wasserstein barycenter. Bold results are better scores under each metric.

Switch Transformer Mixtral
SST-2 MRPC MNLI LAMBADA PIQA WinoGrande

UP 93.12±0.18 87.75±1.12 85.32±0.66 36.10±0.00 72.09±0.00 68.59±0.00
Avg + UP 92.81±0.42 89.13±0.96 86.00±0.18 67.38±0.00 78.89±0.00 73.95±0.00
Git + UP 92.62±0.17 88.89±0.56 86.23±0.13 46.11±0.00 70.95±0.00 67.72±0.00
WB + UP 93.58±0.07 89.21±0.49 86.13±0.09 69.44±0.16 80.81±0.19 74.45±0.23
SVD 92.47±0.04 87.58±1.02 85.86±0.07 16.09±0.00 59.47±0.00 56.99±0.00
WB + SVD 92.85±0.05 88.18±0.48 86.08±0.03 64.72±0.15 78.02±0.14 73.16±0.09

case. It is important to note that Mixtral’s experts are initialized
through a copy-and-paste method, as opposed to the random Gauss-
ian initialization in Switch Transformer, leading to more uniform
weight distributions in Mixtral. This uniformity might contribute
to the enhanced performance observed with merge methods in
Mixtral. However, the superior performance of ResMoE over merge
methods further supports our hypothesis about the latter’s reduced
effectiveness in more generalized scenarios.

5.5 Ablation Studies

Figure 4: Performance of selected baseline methods on
Mixtral w.r.t. various compression rates on the LAMBADA
dataset. Note that MEO and Git Re-Basin can only merge
experts into at least one so they cannot reach the 10% com-
pression rate.

The effectiveness of Wasserstein barycenter. In ResMoE,
we choose to compress the residual matrices between the original
experts and the barycenter expert. Here, we study the effectiveness
of this choice by conducting the vanilla unstructured pruning/SVD
without this barycenter expert.

We also conduct the ablation study on the choice of using opti-
mal transport to calculate the barycenter expert. We compare our
barycenter with Git Re-Basin [2] center and with the average center.
Considering the generally better performance of unstructured prun-
ing, we conduct these two ablations under unstructured pruning.
The difference between the ablation here and Tables 2 and 3 for Git
Re-Basin is, during the ablation study, we merge the 8 experts into

one expert to obtain the center expert, and follow the framework of
ResMoE to prune the residuals. While in Tables 2 and 3, we follow
the setting of Ainsworth et al. [2], Li et al. [37] to merge 8 experts
into 2 experts, as our compression ratio is set to 25%. Note that
we do not contain OT fusion [60] here, since our experiment on
calculating the barycenter in their layer-by-layer form takes more
than 4 days to complete, empirically supports our state that the
layer-by-layer strategy introduces computational overhead to the
process. When performing the algorithm, we observe that Git Re-
Basin returns the average center for most of the layers for Mixtral,
likely because the dimension of Mixtral reaches a high level (4,096
for the hidden dimension and 14,336 for the inner dimension), and
this method is not scalable for such a large model. The outcomes
in terms of output performance in Table 4 clearly demonstrate the
beneficial impact of incorporating the barycenter expert.

The impact of compression rate. In the main experiment, we
set the compression rate to retain 25% of the parameter counts.
Additionally, we explored the impact of adjusting this rate to dif-
ferent levels. Figure 4 provides the results of Mixtral on the LAM-
BADA dataset. Remarkably, with the compression rate set to 10%,
ResMoE (UP) manages to achieve results that are not only com-
parable but even surpass those of baseline methods set at a 30%
compression rate.

The scalability of our method. Our main experiments are con-
ducted on Switch Transformer (switch-base-8) and Mixtral, both
with 8 experts per layer. To test the scalability of ResMoE, we con-
duct additional experiments on switch-base-16 and DeepseekMoE
(64 experts per layer), to verify its ability to maintain performance
with an increased number of experts.

Following the same fine-tuning settings as those used for switch-
base-8, detailed in Appendix A.1, we limited our testing of switch-
base-16 to theMRPC dataset due to the constraints of time-intensive
supervised fine-tuning. Despite this limitation, Table 5 allows us to
draw a similar conclusion as with switch-base-8, that ResMoE con-
sistently demonstrates impressive results, affirming its efficacy in
maintaining model accuracy with more experts per layer. Addi-
tionally, akin to the observations from switch-base-8, we notice
that the choice between pruning or applying SVD to the weights,
whether concatenated or separated, significantly influences the
outcomes. This consistency across different model scales reinforces
the impact of these compression techniques on the model’s perfor-
mance, highlighting the nuanced balance between efficiency and
accuracy in model optimization. Due to the page limit, the details

8



ResMoE: Space-efficient Compression of Mixture of Experts LLMs via Residual Restoration KDD ’25, August 3–7, 2025, Toronto, ON, Canada

Table 5: Evaluation Results of Switch Transformer (switch-
base-16), with 16 experts per layer. UP stands for Unstruc-
tured Pruning, and SP stands for Structured Pruning. We use
‘concat’ to denote concatenate and ‘sep’ to denote separate.

MRPC

Switch Transformer 90.03±0.45
UP (concat) 89.47±0.01
UP (sep) 88.48±0.75
SP (concat) 88.40±0.94
SP (sep) 87.34±0.46
SVD (concat) 88.48±0.62
SVD (sep) 88.48±0.62
M-SMoE 88.89±0.59
MEO 88.51±0.93
MLP Fusion 87.91±0.90
ResMoE (UP) 89.62±0.01

of DeepseekMoE can be found in Appendix A.2. Additionally, we
provide the adaptability of ResMoE with expert parallelism and
tensor parallelism in Appendix B.1.

6 Conclusions and Limitations
In this paper, we propose ResMoE, a data-agnostic MoE model

approximation framework that reduces the memory usage of MoE
LLMs without retraining. Instead of directly compressing the ex-
perts, we turn to approximating the residuals between the Wasser-
stein barycenter and the original experts. We prove the effective-
ness of our method through comprehensive experiments on various
backbone models, including Switch Transformer (with an encoder-
decoder architecture) and the decoder-only Mixtral and DeepSeek-
MoE. With ResMoE, we reduce the counts of parameters by up
to 75% with both successful preservation of the original weight
matrices and minimal performance loss in the downstream tasks.
The future direction of this work can be the exploration of adopt-
ing different compression rates for each layer or even each expert
(as experimented in LASER [58] and MC-SMoE [37]), or further
combining our method with hardware quantization methods.

Limitations. While we have illustrated the success of ResMoE, it
is also crucial to understand the limitations that arise in more com-
plex settings: 1) Although producing impressive results, the space
efficiency of storing the sparse matrices obtained from unstruc-
tured pruning is limited as detailed in Appendix A.7. 2) ResMoE is
currently applied during the model inference stage. The resulting
performance of applying it to fine-tuning is an open question that
requires further investigation.
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