
Proceedings of the 2025 Conference of the Nations of the Americas Chapter of the Association for Computational Linguistics: Human Language Technologies
(Volume 1: Long Papers), pages 6815–6825

April 29 - May 4, 2025 ©2025 Association for Computational Linguistics

Advancing MoE Efficiency: A Collaboration-Constrained Routing (C2R)
Strategy for Better Expert Parallelism Design

Mohan Zhang*, Pingzhi Li∗, Jie Peng, Mufan Qiu, Tianlong Chen
University of North Carolina at Chapel Hill
https://github.com/UNITES-Lab/c2r-moe

Abstract

Mixture-of-Experts (MoE) has successfully
scaled up models while maintaining nearly con-
stant computing costs. By employing a gating
network to route input tokens, it selectively ac-
tivates a subset of expert networks to process
the corresponding token embeddings. How-
ever, in practice, the efficiency of MoE is chal-
lenging to achieve due to two key reasons: (1)
imbalanced expert activation, which leads to
substantial idle time during model or expert
parallelism, and insufficient capacity utiliza-
tion; and (2) massive communication overhead,
induced by numerous expert routing combina-
tions in expert parallelism at the system level.
Previous works typically formulate it as the
load imbalance issue characterized by the gat-
ing network favoring certain experts over others
or attribute it to static execution which fails to
adapt to the dynamic expert workload at run-
time. In this paper, we exploit it from a brand
new perspective, i.e., a higher-order view and
analysis of MoE routing policies: expert col-
laboration and specialization — where some
experts tend to activate broadly with others (col-
laborative), while others are more likely to ac-
tivate only with a specific subset of experts
(specialized). Specifically, our experiments re-
veal that most experts tend to be overly collab-
orative, leading to increased communication
overhead from repeatedly sending tokens to
different accelerators. To this end, we (1) pro-
pose a novel collaboration-constrained routing
(C2R) strategy to encourage more specialized
expert groups, as well as to improve expert
utilization, and (2) present an efficient imple-
mentation of MoE that further leverages expert
specialization. With our proposed C2R design,
we achieve an average performance improve-
ment of 0.51% and 0.33% on LLaMA-MoE
and Qwen-MoE respectively across ten down-
stream NLP benchmarks, and reduce the all2all
communication costs between GPUs, bringing
an extra 20%-30% total running time savings

*Equal contribution

on top of the existing SoTA, i.e. MegaBlocks.

1 Introduction

Scaling up the capacity of transformer models has
proven to be an effective approach to enhancing
model accuracy. However, as the amount of param-
eters increases, the immense computational and
memory overheads have become a critical bottle-
neck (Kaplan et al., 2020; Clark et al., 2022). To ad-
dress this challenge, the sparsely activated Mixture-
of-Experts design has been introduced as a sub-
stitute for conventional Feed-Forward Networks
(FFNs). It integrates the conditional computation
mechanism in the network, where only a subset
of parameters is activated at runtime. With such a
property, MoE architecture has been demonstrated
to successfully expand the model capacity with-
out increasing the corresponding computational
requirements (Fedus et al., 2021; Lepikhin et al.,
2020), making it popular in various domains, such
as language, vision, and others (Lepikhin et al.,
2020; Riquelme et al., 2021; Kumatani et al., 2021).

Despite promising potentials, the dynamic na-
ture of MoE, stemming from well-designed routing
mechanisms (Pan et al., 2024; Fedus et al., 2021;
Roller et al., 2021; Zhou et al., 2022), also intro-
duces new challenges during training and inference.
Extensive literature shows that the dynamic rout-
ing strategy of MoE often results in most tokens
being routed to a specific subset of experts, which
is termed as the load imbalance issue (Lewis et al.,
2021; Clark et al., 2022; Hazimeh et al., 2021; He
et al., 2022). This ineffective expert utilization not
only leads to training instability but also hampers
the full exploitation of model capacity (Fedus et al.,
2021). Previous works have attempted to address
this issue by introducing noise to gating network
or using load-balancing loss to force uniform ex-
pert activation (Shazeer et al., 2017). However,
the MoE model still suffers from massive commu-
nication overhead at the system level due to the
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inherently large space of expert routing combina-
tions. When implementing expert parallelism, each
input token is dispatched to several best-fit parallel
experts and the outputs are then aggregated to for-
ward to the next layer. Such a dispatch-aggregation
process will incur tremendous redundancy if the
selected experts are distributed across multiple ac-
celerators (GPUs or nodes), making communica-
tion the inference bottleneck (He et al., 2022; Gale
et al., 2023; Liu et al., 2024a).

This paper delves into this problem from a novel
perspective: expert collaboration and specializa-
tion, to elucidate the routing behavior of MoE mod-
els. This newly proposed aspect of the MoE prop-
erty enables a better understanding of its inference
behavior and paves a novel path for the MoE rout-
ing mechanism tailored to efficient expert paral-
lelism design. Specifically, we define an expert as
collaborative if it tends to collaborate (co-activate)
extensively with many other experts and special-
ized if it is primarily co-activated with a small
group of specific experts. Our empirical analysis
reveals that most experts are overly collaborative,
meaning that each expert could potentially collab-
orate with any other expert to handle certain to-
kens, which leads to the aforementioned communi-
cation overhead. Consequently, we propose a novel
collaboration-constrained routing (C2R) strategy at
the model level to deliver a property of specialized
expert groups, which provides a new chance to ad-
dress this issue. Initially, we derive the most closely
collaborating expert group for each expert from our
experimental analysis. For each token, instead of
directly routing it to the top-K experts, we first se-
lect its top-1 expert and then choose the remaining
K− 1 experts from its corresponding collaborating
expert group. This routing mechanism dynamically
reduces the space of expert routing combinations,
encouraging more specialized expert groups where
only experts from the same group are collaborative.
Subsequently, we co-locate each expert within the
same expert group on the same computing unit
to minimize the communication overhead at the
system level. Finally, the model-system co-design
achieves a Pareto optimal balance between the ac-
curacy and efficiency of MoEs. Evaluation across
multiple benchmarks indicates the promising po-
tential of our approach. Our key contributions are
summarized below:

• We present a new perspective, i.e., expert
collaboration and specialization, to elucidate

the routing behavior of MoE models and pro-
pose a novel collaboration-constrained routing
(C2R) strategy to enhance expert utilization.

• Leveraging the new property of specialized ex-
pert groups, we further propose an optimized
expert parallelism design at the system level to
reduce communication overhead by minimiz-
ing the communication redundancy of tokens.

• By combining the proposed techniques at both
the model and system levels, we achieve up
to 24.9% potential reduction in total inference
wall-clock time, without compromising model
accuracy. Furthermore, we even observe an
average performance improvement of 0.51%
and 0.33% on LLaMA-MoE and Qwen-MoE,
respectively, across ten benchmarks.

2 Related Works

Mixture of Experts (MoE). MoE is a distinct
neural network architecture where the model’s pa-
rameters are divided into multiple sub-modules,
known as experts. Computations are condition-
ally performed by activating certain experts based
on the input (Jacobs et al., 1991; Jordan and
Jacobs, 1994; Chen et al., 1999; Yuksel et al.,
2012). Traditional dense MoEs are computation-
ally heavy because they engage all experts for ev-
ery input token (Eigen et al., 2013). Recent ad-
vancements (Shazeer et al., 2017; Lepikhin et al.,
2020; Fedus et al., 2021) have demonstrated the
effectiveness of sparsely activated MoEs (SMoEs)
during both training and inference. SMoEs signifi-
cantly reduce computing costs and enable language
models to scale to unprecedented sizes, reaching
trillions of parameters (Fedus et al., 2021). This
efficient methodology has led to the growing adop-
tion of SMoEs in a variety of natural language
processing (Shazeer et al., 2017; Lepikhin et al.,
2020; Zhou et al., 2022; Zhang et al., 2021; Zuo
et al., 2022; Jiang et al., 2021) and computer vision
tasks (Riquelme et al., 2021; Eigen et al., 2013;
Ahmed et al., 2016; Gross et al., 2017; Wang et al.,
2020; Yang et al., 2019; Abbas and Andreopoulos,
2020; Pavlitskaya et al., 2020).

Challenges in Efficient MoE Training and In-
ference. Mixture of Experts (MoE) models face
significant challenges in efficient training and in-
ference, primarily due to insufficient specialization,
load imbalance, and dynamic routing strategies
(Fedus et al., 2021; Lepikhin et al., 2020; Shazeer
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et al., 2017). To address these issues, researchers
have focused on improving routing algorithms and
enhancing communication efficiency (Lewis et al.,
2021; Clark et al., 2022; Nie et al., 2022; Yu et al.,
2024; Roller et al., 2021; Zhou et al., 2022; Hwang
et al., 2023; He et al., 2022). Specifically: (a)
MegaBlocks (Gale et al., 2023) expresses MoE
layer computation as block-sparse operations to ac-
commodate imbalanced token-expert assignments.
They introduced dropless-MoEs (dMoEs) and de-
veloped high-performance GPU kernels for block-
sparse matrix products. (b) Tutel (Hwang et al.,
2023) introduced a framework that implements
adaptive parallelism switching, allowing dynamic
adjustment of parallelism strategies without over-
head. They also developed adaptive pipelining
and a 2-dimensional hierarchical All-to-All algo-
rithm for efficient MoE computation. (c) BASE
Layer (Lewis et al., 2021) formulates MoE rout-
ing as a linear assignment problem, maximizing
token-expert affinity under fully balanced alloca-
tion constraints. This method eliminates the need
for load-balancing loss functions and capacity fac-
tors used in previous approaches.

Despite these advancements, existing research
still focuses primarily on accelerating MoE mod-
els by adjusting the routing relationship between
tokens and experts. Our method, however, goes a
step further by discussing routing behavior from
a higher perspective, i.e., the expert collaboration
and specialization.

3 Methodology

3.1 Preliminary

Sparsely Activated MoE. In this paper, we fo-
cus on sparsely activated MoE models, which can
increase model capacity with nearly constant com-
putational overhead. The key components include
an input-dependent sparse routing network g(x)
and a group of N experts E = {Ei}Ni=1, as shown
in Figure 1 (a). For each input token x, the routing
network first calculates the probability of x with
respect to all experts and then dispatches it to K
experts with the highest probability:

g(x) = softmax(Top-K(x ·Wg)), (1)

where Wg is the learnable parameter of g(x), the
“x·Wg” outputs a vector of length N , and the Top-K
function keeps only K largest values whose index
corresponds to the selected expert.

After the routing network, each input token x is
fed to its selected experts to get the output Ei(x).
The final output is obtained by calculating the sum
of the outputs of the selected experts weighted with
probabilities g(x).

All-to-All Communication. Training and de-
ploying MoE models require distributed computing
due to their immense computational and memory
demands (Dai et al., 2024; Fedus et al., 2021). For
efficiency, both data parallelism and MoE-specific
expert parallelism (a specialized form of model par-
allelism) are utilized (Hwang et al., 2023; Gale
et al., 2023; Liu et al., 2024a). Current MoE
systems assign experts to separate computing de-
vices (e.g., GPU) in expert parallelism (Fedus et al.,
2021; Lepikhin et al., 2020). This necessitates
an all-to-all communication to dispatch tokens
to their respective experts as determined by the
routing network (Gale et al., 2023). A second
all-to-all communication is then required to re-
turn (combine) the tokens to their original device in
data parallelism, completing the forward pass (Gale
et al., 2023). Existing frameworks, however, fail to
fully exploit redundant tokens, resulting in unnec-
essary communication costs. Specifically, tokens
that are routed to multiple experts hosted on dif-
ferent GPUs have to be redundantly transmitted
multiple times, leading to significant inefficiencies.
Our approach addresses this by minimizing such
redundant token transfers, thereby reducing com-
munication overhead and improving efficiency.

3.2 Expert Profiling from Pre-trained Model

In contrast to previous studies (Zoph et al., 2022;
Fedus et al., 2021) that attempt to improve MoE
efficiency from the perspective of imbalance is-
sues (Lewis et al., 2021; Clark et al., 2022; Haz-
imeh et al., 2021; He et al., 2022), in this paper, we
return to the primitive goal of MoE design: differ-
ent experts contain specialized knowledge, and the
routing policy dynamically selects experts to pro-
cess given inputs. From this angle, we notice that
the widely adopted load balancing loss (Zoph et al.,
2022; Fedus et al., 2021) in popular MoE models
is insufficient (Dai et al., 2024; Team, 2024; Zhu
et al., 2024), as it only targets evenly distributed
expert activation during training. Such a design
neglects the combinatorial aspect of the current
routing mechanism, where multiple experts are ac-
tivated simultaneously to collaborate on process-
ing a given input token. This limitation indicates
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Figure 1: Overview of C2R. (a) shows the process of expert profiling where we obtain the expert collaboration
matrix for each layer of the MoE model; (b) describes the mechanism of our C2R strategy. It first selects the top-1
expert for a given token (Expert i here) and then selects the remaining K− 1 experts from list Top-T(Expert i);
(c) shows our efficient expert parallelism design.

that their specialization is not enough (Chen et al.,
2022; Xue et al., 2022; Shen et al., 2023), and the
communication overhead remains unacceptable. In
addition, one common intuition is that the special-
ized knowledge in the training data is not evenly
distributed, and pursuing uniformly activated ex-
perts contradicts the goal of specialization.

Therefore, based on the aforementioned observa-
tions, we aim to improve the specialization in the
existing MoE model from a higher-order and novel
viewpoint: collaboration and specialization among
experts, specifically their co-activation patterns.

Collaboration among Experts. Given a batch of
input tokens B, let Cij denote the number of times
expert i and expert j are activated simultaneously,
defined as:

Cij =
∑

x∈B
1{g(x)i ̸= 0 ∧ g(x)j ̸= 0}, (2)

where g(x)i represents the routing score of expert
i for input x and g(x)i = 0 means the expert i
is not selected by token x. The collaboration ma-
trix C among experts is illustrated in Figure 1 (a).
Note that we compute a collaboration matrix inde-
pendently for each layer of the model because all
input tokens are synchronously forwarded to the
last layer. Empirical analysis reveals that inputs
with specific patterns are often handled by fixed
combinations of experts. Based on this observation,
we propose a metric to measure whether an expert
tends to be collaborative or specialized. The col-
laboration degree Pi of an expert is defined as the
entropy of its collaboration frequency distribution

with other experts:

Pi = −
n∑

j=1
i ̸=j

pijlog(pij), (3)

where pij = cij/
∑N

j=1 cij is the collaboration fre-
quency between expert i and j. A higher Pi indi-
cates that expert i has a more uniform collabora-
tion frequency distribution with other experts, sug-
gesting a greater tendency for collaboration. Con-
versely, a lower Pi implies that the expert tends
to collaborate with specific experts, indicating a
higher degree of specialization. Further, we take
the average of the collaboration degree Pi of all
experts within the same layer as the collaboration
degree of that layer.

3.3 C2R Strategy for Specialized Expert
Groups

Our empirical analysis of expert collaboration dy-
namics in pre-trained Mixture-of-Experts (MoE)
models reveals that every expert is prone to collab-
orate with a specific subset of experts than others.
This observation forms the foundation of our pro-
posed strategy, which aims to foster specialized
expert groups by constraining the potential combi-
nations of expert collaborations.

C2R Mechanism To summarize, our proposed ap-
proach restricts expert collaboration combinations
by leveraging empirical observations of collabora-
tion patterns, thereby encouraging the formation
of more specialized and efficient expert groups. ①

To implement the C2R strategy, we start with ana-
lyzing expert collaboration patterns in pre-trained
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Table 1: Comparison of the performance on reasoning
tasks and efficiency of the two evaluated network archi-
tectures using our C2R, Random-C2R, and conventional
top-K routing strategies, respectively. Bold numbers
highlight the higher accuracy or speedup ratio between
our method and baselines.

Methods
Reasoning Tasks Speedup (%)

WSC GPQA LogiQA PIQA PROST EP=2 EP=4

LLaMA-MoE

Top-K 79.12 24.37 25.04 77.58 25.76 4.0 ↑ 3.0 ↑
Random-C2R 78.39 24.15 25.19 76.28 26.18 4.2 ↑ 4.8 ↑
C2R 80.22 24.11 25.19 77.86 25.75 4.5 ↑ 13.5 ↑

Qwen-MoE

Top-K 77.66 30.34 30.88 78.84 30.59 15.8 ↑ 18.9 ↑
Random-C2R 76.19 28.09 30.26 78.35 29.70 16.2 ↑ 21.0 ↑
C2R 76.92 30.41 31.64 78.94 31.05 17.6 ↑ 24.9 ↑

Table 2: Comparison of the performance on NLU
tasks and efficiency of the two evaluated network
architectures using our C2R, Random-C2R, and con-
ventional top-K routing strategies, respectively. Bold
numbers highlight the higher accuracy or speedup
ratio between our method and baselines.

Methods
NLU Tasks Speedup (%)

RACE SciQ RTE BoolQ COPA EP=2 EP=4

LLaMA-MoE

Top-K 39.52 88.90 49.10 72.63 84.00 4.0 ↑ 3.0 ↑
Random-C2R 39.52 89.20 50.18 70.92 80.00 4.2 ↑ 4.8 ↑
C2R 39.90 89.60 50.54 72.91 85.00 4.5 ↑ 13.5 ↑

Qwen-MoE

Top-K 39.14 94.70 72.92 80.03 80.00 15.8 ↑ 18.9 ↑
Random-C2R 38.66 94.60 67.87 75.17 84.00 16.2 ↑ 21.0 ↑
C2R 39.14 94.70 73.29 80.24 82.00 17.6 ↑ 24.9 ↑

models using a representative corpus that simu-
lates realistic token distributions. Specifically, we
take tokens from the corpus as input to the MoE
model and feed them forward to the final layer. For
each layer l of the model, we first obtain an expert
collaboration matrix Cl ∈ NN×N as described in
Section 3.2 where N is the number of experts in
one layer and Cl(i, j) denote the number of tokens
routed to both expert i and expert j simultaneously.
Then, we sort each row of this matrix and select
the top T indices IT ∈ NN×T , resulting in a list
of the T most frequently collaborating experts for
each expert, denoted as:

Top-T(Ei) = {ej ∈ E | j ∈ IT[i]} (4)

where T ∈ [1, N ] is the hyperparameter controlling
the degree of collaboration, and will be analyzed in
detail in Section 4.3.② Building upon this analysis,
we propose the C2R strategy. For each token, in-
stead of directly routing it to the corresponding top-
K experts, we first select its top-1 expert Ei. Then
we restrict the selection of the remaining K− 1 ex-
perts to the list Top-T(Ei) identified as having the
most frequent collaborations with expert Ei. Note
that the selection is still based on routing scores but
is constrained to the list Top-T(Ei). This approach
substantially reduces the potential combinations of
experts involved in the routing process, fostering
more specialized expert groups while preserving
the flexibility needed for dynamic routing.

3.4 Specialization-Induced Zero-Redundancy
All-to-All

MoE layers often underutilize GPUs due to se-
quential all-to-all communications and feed-
forward layers for token dispatching and combin-
ing. The all-to-all communication typically

consumes over 30% of runtime (Hwang et al.,
2023), with this proportion increasing as the num-
ber of GPUs grows, leading to inefficient MoE
expert parallelism.

Our proposed C2R routing strategy offers addi-
tional opportunities to optimize communication
overhead. By recognizing that certain expert col-
laborations occur more frequently, we can co-locate
closely collaborating experts on the same compu-
tational units (e.g., GPUs). For tokens routed to
multiple experts residing on the same device, we
employ a novel design that sends only a single
copy of the token to the shared device, where it is
subsequently replicated locally for processing by
each assigned expert. This approach significantly
reduces inter-device communication, thereby al-
leviating all-to-all communication bottlenecks.
As expert collaboration patterns stabilize through
specialization, this optimized strategy can yield
substantial reductions in communication costs, ul-
timately improving the model’s overall efficiency.

4 Experiments

4.1 Implementation Details

Network Architecture and Baselines. We select
two representative open-source MoE models, in-
cluding LLaMA-MoE (Zhu et al., 2024) and Qwen-
MoE (Team, 2024). LLaMA-MoE has 32 trans-
former layers, hidden size 4096, 32 attention heads,
and 8 experts per MoE layer with top-2 routing.
Qwen1.5-MoE has 24 layers, hidden size 2048, 16
attention heads, and 60 experts per MoE layer with
top-4 routing, plus a shared expert. We implement
our method by replacing the original top-K rout-
ing with our C2R strategy in both models, leaving
Qwen-MoE’s shared experts unchanged. For base-
lines, we use model’s original routing policy as our

6819



baseline, and replace the expert profiling process of
C2R with random initialization as another baseline.
Each expert in LLaMA-MoE is an MLP with an
intermediate dimension of 1376 and input/output
dimension of 4096, while in Qwen1.5-MoE, ex-
perts have an intermediate dimension of 1408 and
input/output dimension of 2048, with the shared
expert’s intermediate dimension being 5632.

Datasets and Benchmarks. We conduct super-
vised fine-tuning of the two selected models un-
der the original routing policy and ours, respec-
tively. For LLaMA-MoE, we follow the script pro-
vided by its official repository to fine-tune on the
Deita-6K dataset (Liu et al., 2024b). For Qwen-
MoE, we choose the popular LIMA instruction
tuning dataset (Zhou et al., 2024). We examine
the superior performance of our proposed rout-
ing strategy on popular benchmarks and potential
inference speedup. Specifically, 10 benchmarks
across two types of downstream tasks are exam-
ined in this paper, including natural language un-
derstanding (RACE (Lai et al., 2017), SciQ (Jo-
hannes Welbl, 2017), RTE (Bentivogli et al., 2009),
BoolQ (Clark et al., 2019), COPA (Roemmele et al.,
2011)) and reasoning (WSC (Levesque et al., 2012),
GPQA (Rein et al., 2023), LogiQA (Liu et al.,
2020), PIQA (Bisk et al., 2020), PROST (Aroca-
Ouellette et al., 2021)). We use WikiText (Merity
et al., 2016) for expert parallelism profiling in effi-
ciency evaluation.

Training Configuration. For LLaMA-MoE, we
follow the official training settings to do full-
parameter SFT, using AdamW optimizer (Yao et al.,
2021) and the learning rate is set to 2×10−5 with a
warm-up ratio of 0.03 and cosine scheduler. We use
a total batch size of 16 with gradient accumulation
steps as 8. The max length of the input sequence
is set to 2048. We train the model for 2 epochs
without freezing the gate. For Qwen-MoE, we ba-
sically follow the above settings, except for using:
(1) a warm-up step of 10 instead of a warm-up ratio
of 0.03, (2) a total batch size of 32 with gradient
accumulation steps set to 2, and ZeRO-3 Offload
to avoid out-of-memory (OOM) issues. We set hy-
perparameters T as 5 and 30 for LLaMA-MoE and
Qwen-MoE, respectively.

Expert Parallelism Speedup Estimation. To
quantify the potential speedup of our zero-
redundancy all-to-all in C2R, we conducted a
comprehensive analysis using a calibration dataset

of 64 random 2048-token segments from WikiText.
Our evaluation process comprised three key steps:
First, we implemented expert parallelism based on
the MegaBlocks framework (Gale et al., 2023) and
used PyTorch Profiler1 to measure the wall-clock
time proportion PEP of all-to-all communica-
tion relative to total inference time at various ex-
pert parallelism degrees EP. Second, we calculated
the token redundancy rEP for each GPU during
all-to-all communication across different EP
values. Finally, we derived the estimated speedup
at each EP by computing PEP × rEP. This method-
ology allowed us to quantify the efficiency gains
of our approach, considering both communication
overhead and potential reductions in data transfer
across various scales of expert parallelism. We
evaluate the speedup across EP in {2, 4}.

4.2 Superior Performance of Our Method

We select LLaMA-MoE and Qwen-MoE models to
train on Deita-6K and LIMA datasets, respectively,
and the evaluation results are summarized in Ta-
ble 1 and Table 2. The following observations can
be drawn: (1) Our C2R strategy demonstrates supe-
rior performance compared to the baseline routing
strategies. Specifically, LLaMA-MoE with our ap-
proach achieves an average performance improve-
ment of 0.26% on the reasoning tasks and 0.76%
on the natural language understanding tasks, re-
spectively, compared to the top-K baseline. Simi-
larly, Qwen-MoE demonstrates improvements of
0.13% and 0.52% on these tasks, respectively. This
validates the effectiveness of our proposed method.
(2) Our method shows consistent performance ben-
efits on both MoE Architectures. Specifically, we
obtain a total average performance improvement
of 0.51% on LLaMA-MoE and 0.33% on Qwen-
MoE, respectively, across all datasets. This ver-
ifies the generalization of our proposed method.
(3) Our speedup results demonstrate the signifi-
cant efficiency gains of our C2R framework. At
EP = 4, Llama-MoE with C2R achieves around
10% more speedup ratio compared to the base-
lines. This improvement highlights the effective-
ness of our approach in optimizing communication
in all-to-all and reducing overhead in MoE, po-
tentially enabling more efficient scaling.

1https://pytorch.org/docs/stable/profiler.html
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Figure 2: Visualization of expert collaboration matrix in several intermediate layers of LLaMA-MoE after SFT. (a): Results
with conventional top-K routing strategy. (b): Results with our C2R strategy (T = 2). (c): The average collaboration degree
comparison between Baseline and our C2R strategy. A darker pixel in (a) and (b) indicates a higher number of tokens routed
simultaneously to the corresponding experts (indexed by row and column) within the given layer, which means these two experts
collaborate more frequently. Note that many pixels in (b) have a value of 0, meaning that the corresponding two experts will
never be selected simultaneously, while most of the pixels in (a) have a light color indicating a non-0 value. (c) demonstrates that
experts in our model exhibit a higher degree of specialization.

4.3 Expert Collaboration Analysis on
LLaMA-MoE

In this part, we take LLaMA-MoE as an example
to conduct an in-depth analysis of expert collab-
oration under our C2R strategy compared to the
conventional top-K routing strategy. Specifically,
we randomly sampled a total of 200 context sen-
tences from different domains of the LongBench
dataset (Bai et al., 2023), truncating each sentence
to 1024 tokens. Overall, we used these 0.2M to-
kens to simulate token distribution in real-world
scenarios and fed them into the model to derive the
expert collaboration matrices Cl for each layer l.
We visualized these matrices using heatmaps as il-
lustrated in Figure 2 (a) and (b). Here, we show the
results of 6 intermediate layers selected at an inter-
val of five layers for both settings after fine-tuning.
Figure 2 (c) shows the calculated values of collab-
oration degree introduced in Section 3.2. From
analysis, our findings are as follows: (1) Under the
conventional top-K routing strategy, as shown in
Figure 2 (a), the space of expert routing combina-

tions is considerably large. While the collabora-
tive tendency among experts is not uniform, where
each expert tends to be co-activated more with cer-
tain experts than with others, every expert has the
opportunity to collaborate with any other expert.
This results in significant communication overhead
when implementing expert parallelism, as many
tokens tend to activate experts distributed across
different accelerators. (2) In contrast, under our
C2R strategy, as shown in Figure 2 (b), each expert
is predominantly co-activated with a small group
of specific experts. This greatly reduces the rout-
ing space and thus contributes to specialized expert
groups, which is also supported by the calculated
collaboration degree shown in Figure 2 (c). With
this property, we can easily distribute experts from
the same group on the same accelerator, thereby
reducing communication costs.
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Figure 3: Performance and collaboration degree comparison of LLaMA-MoE. (a) and (b) respectively show the performance
comparison between our C2R strategy (Ours) and conventional top-K routing strategy (Baseline) on two downstream tasks, namely
Reasoning tasks and NLU tasks, with hyperparameter T varying from 1 to 6. (c) shows the collaboration degree comparison
between Baseline and Ours under different values of hyperparameter T in different layers of the model. Note that since the
LLaMA-MoE model we use is to select 2 out of 8 experts per layer, our method degenerates to a conventional top-K routing
strategy (i.e., the baseline) when T = 7, so we omit this case.

4.4 Pareto Optimal Balance between
Collaboration and Specialization

In this section, we aim to answer the research ques-
tion of "how much collaboration is needed." To
validate our claim that there exists a Pareto optimal
balance between collaboration and specialization,
we vary the hyperparameter T from 1 to 6 and exam-
ine the average performance on the aforementioned
benchmarks as well as the collaboration degree in
each layer of the model. A smaller T indicates that
each expert collaborates with only a few specific
experts, leading to greater specialization, whereas a
larger T implies more collaboration. This is demon-
strated experimentally in Figure 3 (c). As shown
in Figure 3 (a) and (b), we observe that as T in-
creases, the trend of model performance initially
improves and then declines. This observation sup-
ports the proposition that it is possible to find a
Pareto optimal point where model performance is
maximized. We also notice that there is a minimum
value of model accuracy in reasoning tasks when
T = 3, which we treat as noise that does not affect
the overall trend. Taking communication overhead
into account, the value of T effectively controls
the trade-off between model performance and ef-
ficiency. Specifically, in some cases, we might
accept a slight performance drop in exchange for
more specialized expert groups (i.e., a smaller T),
allowing each accelerator to host an entire expert
group and thereby reducing communication costs.

4.5 Study on the Expert Parallelism Degree

There is a trade-off between the expert parallelism
degree EP and inference speed in C2R. As the
expert parallelism degree EP increases: (1) the
vanilla all-to-all communication (i.e. w/o zero-
redundancy design) cost tends to increase due to

more GPUs needed; (2) the redundancy tends to
decrease due to the fewer experts on each GPU.
Therefore, the final inference speed with zero-
redundancy all-to-all needs further investiga-
tion. Therefore, we evaluate the efficiency perfor-
mance on Qwen-MoE across EP in {2,3,4,5,6}, as
shown in Table 3. The highest potential speedup
rate can be achieved at EP = 5, balancing the
two opposing trends when equipped with zero-
redundancy all-to-all.

Table 3: Efficiency performance analysis of Qwen-MoE
model across expert parallelism (EP) dimensions from
2 to 6. As EP increases, communication redundancy
decreases, but total all-to-all time rises. The high-
est potential speedup rate can be achieved at EP = 5,
balancing these opposing trends.

EP Redundancy All-to-All Time Speedup

2 58.3% 30.1% 17.6%
3 47.6% 40.7% 19.4%
4 40.2% 61.9% 24.9%
5 38.4% 76.3% 29.3%
6 32.9% 77.2% 25.4%

5 Conclusion

In this paper, we present a brand new perspective
for analyzing MoE routing behavior, namely expert
collaboration and specialization. We design a novel
collaboration-constrained routing (C2R) strategy to
improve expert utilization, which further delivers
a property of specialized expert groups. Based
on such characteristics, we propose an efficient
expert parallelism design to reduce communica-
tion overhead at runtime. Extensive experiments
on two representative MoE models across multi-
ple downstream benchmarks exhibit a consistent
performance improvement, demonstrating the ef-
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fectiveness of our approach. Additional runtime
analysis shows significant reductions in total run-
ning time savings, underscoring our design as a
promising direction for addressing both training
and inference efficiency challenges.

6 Limitations

Our study reveals an intriguing yet unexplored ob-
servation (Figure 3): different downstream tasks
(i.e., Reasoning and NLU) require varying degrees
of expert collaboration for optimal performance.
This finding suggests two promising directions for
future research: (1) developing task-specific rout-
ing strategies that achieve a Pareto-optimal balance
between collaboration and specialization, poten-
tially yielding significant improvements in task-
specific performance; and (2) implementing our
zero-redundancy all-to-all approach efficiently
on real-world GPU architectures. These avenues
for future work address both the theoretical founda-
tions and practical implementations of MoE mod-
els, potentially leading to more efficient and task-
adaptive LLMs.
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