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Abstract

Mixture-of-Experts (MoE) based large lan-
guage models (LLMs) have gained popularity
due to their multi-task capability, where each
input token activates only a subset of "expert"
subnetworks. However, whether each expert
can truly specialize to a certain task remains
poorly understood, while activation analysis
shows frequent cross-layer co-activation of ex-
perts for the same input, resembling a collabo-
rative behavior. In this paper, we use a dictio-
nary learning approach to show that experts in
MoE LLMs form hierarchical and semantically
coherent collaborative groups that correspond
to specific linguistic and cognitive functions
(e.g., mathematical reasoning, syntactic pro-
cessing), mirroring specialized functional re-
gion observed in neuroscience. Furthermore,
leveraging these discovered expert groups en-
ables significant model compression with min-
imal performance degradation, outperforming
existing methods by 2.5% while enabling up to
50% expert reduction. These findings provide
the first systematic analysis of expert collabo-
ration mechanisms in MoE LLMs, revealing
that specialization emerges from joint activa-
tion of experts across all layers. We further
developed an interactive visualization platform
that enables researchers to explore expert col-
laboration patterns and their semantic associa-
tions. The code repository is available at this
URL.

1 Introduction

Mixture-of-Experts (MoE) based large language
models have emerged as a promising paradigm for
handling diverse tasks, where different expert sub-
networks are selectively activated for each input
token (Jiang et al., 2024; Fedus et al., 2022). Oper-
ating as an implicit multi-task learning framework
without requiring explicit task boundaries, MoE
architectures demonstrate remarkable adaptability
across various domains (Cai et al., 2024). This
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Figure 1: (a) Multi-layer MoE structure; (b) Routing
and expert selection; (c) Token-to-expert mapping; (d)
Domain-specific expert combinations; (e) Distribution
of the percentage of Topl Domain activated by individ-
ual experts. (f) Distribution of the percentage of Topl
Domain activated by expert groups.

flexibility has positioned MoE LLMs as a corner-
stone for scalable and efficient language modeling
in contemporary Al systems.

However, a critical question remains unresolved:
do individual experts in MoE LLMs genuinely
specialize in distinct tasks? Previous studies on
activation pattern analysis have shown that topic-
based expert assignment patterns are not readily
observable (Jiang et al., 2024). Inspired by neuro-
science research demonstrating that neural popula-
tions rather than individual neurons are responsible
for basic functions (Panzeri et al., 2022), this leads
us to consider whether specialization in MoE net-
works similarly emerges from coordinated interac-
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tions. Furthermore, neuroscience research has re-
vealed that higher-order correlations among neural
populations create complex organizational struc-
tures (Panzeri et al., 2022), motivating our inves-
tigation into hierarchical expert collaboration pat-
terns in MoE architectures.

In this paper, we propose a dictionary learning
framework to analyze expert collaboration patterns.
Unlike previous approaches that examine individ-
ual expert behaviors or router decisions (Lo et al.,
2024; Jiang et al., 2024), our method identifies co-
ordinated expert groups that activate jointly across
layers. We validate our approach through compre-
hensive experiments on representative MoE archi-
tectures using the MMLU-pro benchmark, encom-
passing 2,812 samples across mathematics, com-
puter science, physics, law, and psychology do-
mains. The analysis uncovers hierarchical collab-
oration structures where expert combinations cor-
respond to specific linguistic and cognitive func-
tions, such as mathematical reasoning or syntac-
tic processing, analogous to specialized functional
regions observed in neuroscience (Panzeri et al.,
2022). As shown in subplots (e,f) of Figure 1, ex-
pert groups are more focused on processing tokens
from specific domains compared to individual ex-
perts. These discovered patterns provide the first
systematic characterization of how specialization
emerges in MoE LLMs from an expert group per-
spective.

Building upon these discoveries, we demonstrate
practical applications of collaboration pattern anal-
ysis for model compression. By identifying which
expert groups contribute most significantly to spe-
cific tasks, we develop a pruning strategy that se-
lectively removes low-contribution experts while
preserving essential collaborative structures. Our
experimental results show substantial parameter
reduction (up to 50% of experts in certain config-
urations) with minimal performance degradation,
outperforming existing pruning methods by 2.5%
on average. This effectiveness serves as empirical
validation that the identified collaboration patterns
capture semantic structures within MoE architec-
tures.

The primary contributions of this work are:

* We present a comprehensive analysis of cross-
layer expert collaboration in MoE LLMs, re-
vealing hierarchical group structures where
coordinated expert combinations implement
specific cognitive functions.

* We demonstrate practical implications of col-
laboration pattern discovery for model opti-
mization, achieving superior compression per-
formance by preserving functionally critical
expert groups while removing redundant com-
ponents.

* We develop an interactive visualization plat-
form that enables real-time exploration of ex-
pert activation dynamics and collaboration pat-
terns, facilitating interpretability research and
model diagnostics for MoE architectures.

2 Literature Review

2.1 Analysis of Routing in MoE Networks

The analysis of router behavior in MoE networks
focuses on understanding how the model selects
experts based on input features, which is key for op-
timizing performance. For instance, Lo et al. found
that routers typically select experts with larger out-
put norms (Lo et al., 2024), while other studies
suggest that router choices are more related to to-
ken IDs than to expert fields (Jiang et al., 2024;
Xue et al., 2024; Dai et al., 2024). While these
approaches offer valuable insights, they often treat
experts as independent entities, overlooking the
collaboration patterns between them.

2.2 Expert Pruning in MoE

Expert pruning reduces storage consumption in
MoE networks by removing less impactful experts.
Current strategies include: (1) discarding experts
with low activation frequencies based on router de-
cisions (Muzio et al., 2024), (2) identifying experts
with minimal output influence using |z — f(x)|
differences (Lu et al., 2024; He et al., 2024), and
(3) merging experts by calculating weight similari-
ties (Li et al., 2023; Zhang et al., 2024). However,
these methods often treat experts independently or
focus on merging similar groups, without exploring
diverse expert combinations with distinct roles.

2.3 Sparse Dictionary Learning

Sparse dictionary learning is a well-established
method in representation learning and dimension-
ality reduction (Yang et al., 2010; Wright et al.,
2009). It constructs a dictionary of features that
enables sparse representation of data, facilitating
efficient encoding of high-dimensional informa-
tion (Tang et al., 2023; Chen et al., 2013). This
approach has proven effective in various applica-
tions, such as image processing and signal recovery,
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Figure 2: Overview of Our Study’s Framework.

where it helps capture essential features while re-
ducing noise (Hou et al., 2021, 2020). Recently,
companies like OpenAl, Google, and Anthropic
have applied sparse dictionary learning to under-
stand large language models’ mechanisms (Raja-
manoharan et al., 2024; Gao et al.). Despite its
success in other areas, sparse dictionary learning
has been underutilized in explanatory research on
MoE networks.

3 Extraction of Expert Activation Matrix

Given an MoE LLM with m layers and n experts,
and an input dataset S containing N samples, we
extract the expert activation data to construct a two-
dimensional activation tensor V & RNsx(mxn)
where each element v; ; ,, represents the activation
weight of the k-th expert in the j-th layer for the
t-th sample. This activation weight quantifies the
intensity of the expert’s response to the input sam-
ple, with values constrained within the range [0, 1].

To aggregate the activation data of each sam-
ple into a sentence-level representation, we sum
the activation values of all tokens within a sam-
ple, thereby obtaining the sentence-level activation
value for each layer. Let (i), ; », denote the rout-
ing allocation of the ¢-th token in sample .S; to the
k-th expert in the j-th layer. The sentence-level
activation value is then computed as:

T

Vijk = Z ()5 ks (1)

t=1

where 7' represents the sequence length. Finally,
by transposing and accumulating these activation

data, we construct the expert activation matrix X,
which serves as the input to the subsequent analysis
of collaboration patterns among experts.

4 MoE Collaboration Pattern Mining

Co-activation between experts is common in MoE
networks. For instance, Figure 3 presents a con-
crete example of expert collaboration in DeepSeek-
MoE: Expert 21 in Layer 5 and Expert 3 in Layer
6 demonstrate strong co-activation tendencies. We
propose a novel Hierarchical Sparse Dictionary
Learning (HSDL) approach that captures coordi-
nated expert groups across layers through multi-
level decomposition. We validate this framework
on the MMLU-pro dataset, demonstrating how dis-
covered patterns correspond to specific cognitive
functions and reveal domain-specific expert inter-
actions.

4.1 Problem Definition

The objective of this task is to extract the collabora-
tion patterns among experts in MoE LLMs. Given
a dataset S = {si,s9,...,sN,} comprising N
samples, we construct an expert activation matrix
X € RNexNs where N, denotes the total number
of experts. By introducing hierarchical sparse dic-
tionary learning (HSDL) techniques to decompose
X, we obtain a dictionary matrix D € R™Ve*N» and
a sparse coding matrix R € RN»*Ns | with N, rep-
resenting the predefined dictionary capacity. Our
goal is to decompose the expert activation matrix
X into a dictionary matrix D and a sparse coding
matrix R, which can be expressed as X ~ D - R.
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Figure 3: Here (x, y) refers to the y-th expert in x-th
layer. By selecting any two experts from the MoE, we
can calculate the probability of their co-activation. It can
be observed that Expert 21 from the layer 5 and Expert
3 from the layer6 frequently activate simultaneously,
forming an expert collaboration pattern.

Here, the dictionary matrix D encodes the col-
laboration patterns among experts, while the sparse
coding matrix R determines how these patterns
combine to reconstruct X .
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Figure 4: Hierarchical Sparse Dictionary Learning.

4.2 Hierarchical Sparse Dictionary Learning
for Expert Collaboration Patterns Mining

Sparse dictionary learning is an effective unsuper-
vised method for uncovering latent structures in
data through sparse representations. By modeling
data as a linear combination of dictionary atoms, it
reveals expert collaboration patterns in MoE LLM:s.
However, a single-layer approach fails to capture
complex patterns across varying granularities. To
address this limitation, we propose the Hierarchi-
cal Sparse Dictionary Learning (HSDL) approach,
which extends the single-layer dictionary learning
framework from (Zhao et al., 2025) to a multi-layer

hierarchical structure. This hierarchical extension
enables the capture of collaboration patterns from
coarse to fine granularity, thus revealing hierar-
chical expert interactions that cannot be detected
by traditional single-layer methods. Specifically,
we recursively decompose the dictionary matrix at
each layer k into finer subpatterns represented by
DF*1 formulated as D* ~ D*+1. RF+1 Figure 4
illustrates the hierarchical structure of Sparse Dic-
tionary Learning, showing how the multi-layered
expert collaboration is modeled across different
layers.

To optimize this hierarchical structure, we refer-
enced three key constraints from (Zhao et al., 2025),
a Bayesian-based dictionary learning method, ex-
tending their framework into a hierarchical multi-
layer version:

(1) Reconstruction Error Term: This ensures
that the relationships between dictionaries at suc-
cessive layers are consistently learned. The recon-
struction error is defined as:

P ot
LRCCZZZHD:,]’_(D R ):JHTT‘

k=0 j=0

2
(2) Dictionary Size Constraint: This loss term
is designed to limit the dictionary size in order to
obtain a more compact dictionary, preventing cer-
tain dictionary elements from dominating. Specifi-
cally, RZ . denotes the sparse coding of the i-th data

point at layer k. This constraint is defined as:

K M
Loiec = Y Y IRE Jloo- 3)

k=0 1=0

(3) Sparsity Constraint: This ensures that the
coding matrix R¥ at each layer remains sparse. The
vector Rk ; represents the contribution of the j-th
dictionary atom at layer k. The formula is:

K M
LSparse = ZZ ||Rk7;_1||1 ’ ||Rk,]H1/N 4)
k=0 j=0

These three constraints collectively guide the
optimization of both the hierarchical dictionary and
sparse coding matrices. The overall loss function
is formulated as:

LTotal = LRec + )\1 LDict + )\QLSparsey (5)

where A and A9 are hyperparameters that control
the respective losses. In our implementation, we set
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the hierarchical depth K = 2 to capture two levels
of expert collaboration patterns, and use A\; = 1
and Ao = 1 to balance the three loss components
equally. The values of \; and A2 can be computed
from the training data following the method de-
scribed in (Zhao et al., 2025). By minimizing this
loss function, we optimize both the dictionary ma-
trix D¥ and the sparse coding matrix R* at each
layer, effectively capturing the multi-level structure
of expert collaboration.

4.3 Semantic Annotation Method for Expert
Collaboration Pattern Interpretation

To interpret the semantic meaning of expert collab-
oration patterns discovered by HSDL, we develop
a semantic annotation method consisting of two
steps: (1) mapping dictionary atoms to input tokens
based on activation strength in the sparse coding
matrix R¥, and (2) employing large language mod-
els to automatically generate semantic descriptions
for each pattern based on the tokens it processes.
The specific prompt for automatic annotation is
provided in F.

4.4 Experimental Analysis of Expert
Collaboration Patterns

In this subsection, we aim to explore how the col-
laboration patterns among experts in MoE-based
LLMs reflect the tasks implicitly learned by the
model, thereby contributing to a deeper understand-
ing of its functioning. We present a detailed anal-
ysis of the expert collaboration patterns identified
through our hierarchical sparse dictionary learning
method. We apply HSDL method to 2,812 sam-
ples from the MMLU-pro dataset, covering five
domains: mathematics, computer science, physics,
law, and psychology.

4.4.1 Hierarchical Semantic Analysis of
Expert Collaboration Patterns

To explore how expert collaboration patterns in
MOoE LLMs reflect the model’s understanding of
tasks, we apply our semantic annotation method to
analyze input samples using the dictionary atoms
obtained through HSDL. We visualize words pro-
cessed by the same dictionary atoms (i.e., expert
collaboration patterns) with the same color to fa-
cilitate the observation of interrelationships. One
such analysis is shown in Figure 5.

Results and Discussion. We find that the hi-
erarchical semantic annotation of expert collab-
oration patterns reveals how MoE LLMs under-
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Figure 5: Hierarchical Semantic Annotation of Dictio-
nary Elements on MMLU.

stand and process different tasks within a problem.
As shown in Figure 5, in the upper left corner,
we can observe that: Expert collaboration pat-
terns in higher-layer and lower-layer dictionar-
ies demonstrate a hierarchical semantic relation-
ship, which becomes increasingly fine-grained
as layer increases. The lower left corner of Fig-
ure 5 displays this from a semantic perspective,
where the top layer captures broad categories such
as "Date, symbol, and mathematical calculation,"
while deeper layers break these down into more de-
tailed components like "Mathematical calculation"
or "Key verbs" (See E for more examples).

These findings provide a direct answer to our
central question on expert collaboration patterns in
MOoE LLMs. The hierarchical decomposition of-
fers a more detailed understanding of the model’s
internal processes, shedding light on how tasks
are learned and executed. Additionally, we de-
veloped an interactive visualization platform as
demonstrated in Figure 6.

Input Text Token List

Second-Level SuperExpert

((cteutus & Analysi )

00000

Figure 6: Interactive website interface for analyzing hi-
erarchical correspondence between MoE expert groups
and tokens.

4.4.2 Domain-Specific Expert Collaboration
Patterns

In this experiment, our goal is to explore how ex-

pert collaboration patterns vary across different do-
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mains and to understand the domain-specific nature
of expert interactions within MoE LLMs. Specifi-
cally, we aim to examine the activation frequencies
of experts for inputs from various fields, including
mathematics, computer science, physics, law, and
psychology, to uncover potential domain-related
patterns.

we analyzed the frequency distribution of ac-
tivated experts during the model processing for
inputs from different domains and calculated the
cosine similarity between the distributions of each
domain, resulting in a confusion matrix.

math Cosine Similarity Matrix law
math

cs
physics

law

Usage Frequency
Usage Frequency

psychology

o 2w ro s
Pattern ID O &t

& o S

< S

Pattern ID
$
computer science
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" pattern D patternID Pattern ID

Figure 7: The distribution of expert selection frequen-
cies during inputs from different fields.

Results and Discussion. Figure 7 shows the
expert selection frequency distribution across do-
mains. We can observe that for inputs from differ-
ent fields, the distribution of expert activation fre-
quencies in the MoE LLM varies. For semantically
similar domains, such as mathematics, physics, and
computer science indicated by the orange dashed
box, their distributions are closer to each other.
In contrast, the distributions of expert activation
frequencies are more different for domains with
greater semantic differences, such as mathematics
and law. This suggests that expert collabora-
tion is more specialized within specific domains,
reflecting domain-specific interactions in MoE
LLMs.

These findings indicate that experts in MoE
LLMs exhibit domain preferences, adjusting ex-
pert selection based on the input domain’s char-
acteristics to optimize performance for domain-
specific tasks. Understanding these patterns can
enhance the model’s efficiency and its ability to
handle specialized tasks.

5 Expert Pruning Based on Expert
Collaboration Patterns

In this section, we present the CAEP method,
which utilizes expert collaboration patterns to re-

duce the number of experts in an MoE LLLM while
preserving performance. We first introduce the
pruning algorithm and then demonstrate its effec-
tiveness through two types of experiments: (1) Gen-
eral Tasks Evaluation, where we compare CAEP
with baseline methods on diverse tasks, and (2)
Domain-Specific Evaluation, where we assess its
ability to retain domain-relevant capabilities after
pruning.

5.1 Pruning algorithm

We propose the Contribution-Aware Expert
Pruning (CAEP) algorithm. The algorithm aims to
produce a mask vector that incorporates our reten-
tion strategy, given a specific pruning ratio k. This
pruning process is achieved by progressively dis-
carding less significant dictionary atoms, guided by
the contribution scores derived from R. The CAEP
algorithm proceeds as follows (Algorithm 1):

* Calculation and Ranking: Calculate the con-
tribution scores for each expert by the sparse
representation matrix R and the dictionary
matrix D, obtaining the total contribution and
sorting it in descending order.

* Initial Threshold Mask: Determine the score
based on the predefined threshold ratio and
generate the initial binary mask, marking the
experts whose contribution scores are above.

* Iterative Pruning: Before reaching the tar-
get pruning ratio, repeatedly identify the least
used patterns and remove them from the dic-
tionary and the sparse representation while
updating the contribution scores and the mask,
until only the desired ratio of experts remains.

Algorithm 1 Expert Pruning Strategy

Require: Dictionary matrix D € RVe*Mp
1: Sparse representation matrix R € RVr*Ns
2: Threshold ratio k1 € (0,1)
3: Target pruning ratio k2 € (0,1)
Ensure: Pruned expert mask m € {0, 1}N e
4: Ram < Z;V:SI R.; > Sum over samples
5: Dom < D - R > Weighted by pattern frequency
6: e + vaz”l Dgum,i > Aggregate expert contributions
7: Sort e in descending order: €ored
8: [+ eswnea[[k1 - Ne] > Threshold at k1-quantile
9:m < lexy > Initial binary mask
10: while |m||o > (1 — k2) - N do
11: 1"+ arg min; Reum () > Find least used pattern
12: Remove column ¢* from D and row ¢* from R
13: Recompute Rgm, Dsum, €
14: Update m <— 1e>f
15: end while
return m

> Adapt mask
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5.2 Experiments on General and
Domain-Specific Tasks

We conduct a series of experiments to evaluate
the effectiveness of our proposed pruning method,
CAEP. We perform experiments on both general
tasks and domain-specific tasks. The goal is to
assess how well the pruned model retains its capa-
bilities across a variety of tasks, while optimizing
performance retention in specific domains. The
dataset and specific configurations used in this part
of the experiment can be found in B.

5.2.1 Experiments on General Tasks

The goal of this experiment is to evaluate how well
the pruned model retains its performance across
a broad set of general tasks. We compare CAEP
with baseline pruning methods to analyze the trade-
off between reducing the number of experts and
maintaining task performance.

Comparison with Other Expert Pruning Base-
lines. We compare CAEP to three baseline pruning
strategies: (1) Magnitude-based Pruning: Ranks
and retains experts based on their L2 weight norm,
providing a routing-agnostic baseline. (2) Routing
Score-Based Pruning (SEER-MoE) (Muzio et al.,
2024): Retains experts with higher averaged rout-
ing scores. (3) Behavior-based Pruning (GEM)
(Zhang et al., 2024): Removes experts with mini-
mal impact on the output.

Results and Discussion. Figure 8 and Table
1 show that CAEP-pruned models maintain com-
petitive performance, outperforming random and
other baseline methods with an average score of
0.650 on DeepSeek and score of 0.652 on Phi-
MoE. Table 2 further demonstrates the effective-
ness of our method at 50% pruning rate, where we
also include a magnitude-based pruning baseline
for routing-agnostic comparison. The magnitude-
based method underperforms routing-aware meth-
ods by 2.7% on average, confirming that rout-
ing information is essential for effective pruning.
Notably, CAEP retains higher performance on
DeepSeek model after pruning 25% of the experts,
especially on tasks like OBQA and RTE. This is fur-
ther supported by Figure 8, where CAEP shows a
low accuracy drop on both DeepSeek and Phi-MoE
across multiple tasks even with a high pruning ratio.
We also experimented with different combinations
of loss objectives to evaluate the contribution of
each component, and found that the absence of
either Lsparse Or Lgict leads to performance degra-
dation.

Through the analysis of the experimental results,
we found that CAEP effectively retains perfor-
mance across a broad set of general tasks while
significantly reducing the number of experts. This
demonstrates that CAEP successfully balances
pruning and performance retention, optimizing
computational efficiency while minimizing per-
formance loss.
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Figure 8: Performance of CAEP on benchmark tasks
with varying expert pruning drop ratios.

5.2.2 Experiments on Domain-Specific Tasks

In this experiment, we focus on investigating how
expert collaboration patterns differ across various
domains, and whether we can selectively manip-
ulate the MoE model’s capabilities in specific do-
mains through targeted pruning.

We apply domain-specific pruning using CAEP
and present the results from two complementary
perspectives. Figure 9 examines the pruning from
the perspective of preserved domains: for each
target domain, we observe how well each domain
retains its performance when the target domain’s
relevant experts are kept. If expert groups are
domain-specialized, the diagonal should show min-
imal drops. Figure 10 examines the same pruning
from the perspective of removed domains: we ob-
serve how severely each domain is affected when
its experts are pruned away. If expert groups are
domain-specialized, the diagonal should show max-
imal drops. These two figures are mirror images of
the same phenomenon, providing complementary
validation of expert group specialization.

Performance Evaluation Metric. To assess the
impact of pruning, we measure the relative perfor-
mance change:

Accpruned - ACCno-pruned

(0)
ACCno—pruned

Results and Discussion. The two experiments

provide complementary evidence for expert group

specialization from opposite perspectives. In Fig-

ure 9, when we preserve domain-relevant experts,
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Model Method AVGT OBQAT ARC-CtT  HellaSwag?  WinoGrandet  RTE?T
original model 0.692 0.491 0.732 0.791 0.655 0.791
Random 0.524 0.363 0.564 0.485 0.568 0.641
DeepSeek ~ SEER-MoE 0.626 0.420 0.672 0.665 0.617 0.755
GEM 0.628 0.422 0.67 0.658 0.649 0.739
CAEP (Ours) 0.650 0.473 0.693 0.691 0.635 0.757
CAEP (Lycc + Lsparse) 0.641 0.461 0.698 0.667 0.628 0.751
CAEP (Lyecc + Laict) 0.645 0.470 0.681 0.682 0.631 0.761
original model 0.675 0.508 0.534 0.799 0.766 0.769
Random 0.530 0.410 0.390 0.660 0.580 0.610
Phi-MoE SEER-MoE 0.588 0.470 0.450 0.720 0.660 0.640
GEM 0.636 0.400 0.530 0.740 0.720 0.790
CAEP (Ours) 0.652 0.430 0.510 0.750 0.760 0.810
CAEP (Lycc + Lsparse) 0.636 0.418 0.495 0.732 0.745 0.792
CAEP (Lyecc + Laict) 0.643 0.423 0.502 0.738 0.751 0.798

Table 1: Performance evaluation of different expert pruning methods with 25% experts dropped.

Method AVGT OBQAT ARC-CT HellaSwagt RTET
Original model ~ 0.692  0.491 0.732 0.791 0.791
Magnitude 0.485 0.320 0.505 0.492 0.558
SEER-MoE 0512 0348 0532 0.521 0.588
GEM 0.529 0361 0.548 0.538 0.612
CAEP (Ours) 0552 0.389 0.578 0.568 0.632

Table 2: Performance evaluation of different expert prun-
ing methods with 50% experts dropped on DeepSeek-
MoE.

math computer science

Target Domain
physics
abejuastad doiq Aoeinooy

H
k]

psychology

computer science  math physics
Benchmark Domain

psychology

Figure 9: Performance degradation accuracy after prun-
ing for specific domain. Diagonal shows minimal drops.

the diagonal shows minimal performance drops
(e.g., Math: -5.7%), confirming that these experts
are essential for their corresponding domains. Con-
versely, in Figure 10, when we remove domain-
specific expert groups, the diagonal shows maxi-
mal drops (e.g., Math: -21.7%), directly demon-
strating their functional necessity. Both figures
also reveal cross-domain dependencies: semanti-
cally related domains such as Math, Physics, and
CS show moderate mutual impact, while distant
domains like Law and Physics exhibit minimal in-
terference. These results demonstrate that expert
groups exhibit clear functional specialization while

math computer science

Removed Expert Group
physics
abejuasiad doiqg Aoeinodoy

law

-3.1 -3.5 -4.3 -7.9

psychology

computer science  math physics law
Benchmark Domain

psychology

Figure 10: Performance degradation when removing
domain-specific expert groups. Diagonal shows maxi-
mal drops.

maintaining structured cross-domain relationships.

5.3 Computational Cost Analysis

A natural concern is the computational overhead
of HSDL compared to simpler pruning baselines.
All pruning methods share a common baseline
cost: processing calibration data through MoE
layers (~2,150 TFLOPs for DeepSeek-MoE-16B).
HSDL adds dictionary learning overhead (~1,230
TFLOPs), which translates to approximately 2 min-
utes of wall-clock time on a single GTX 1080 Ti
GPU. This is a one-time, offline cost that is negli-
gible in practical deployment.

In exchange for this modest upfront cost, HSDL
delivers significant long-term benefits: (1) Higher
accuracy: 2.5% average improvement over base-
lines; (2) Permanent savings: At 25% pruning rate,
we reduce 3.7B parameters and 14.7GB storage,
with inference speedup at every forward pass. We
believe investing 2 minutes offline for sustained
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inference efficiency gains is highly cost-effective.
A detailed breakdown of computational costs is
provided in Appendix G.

6 Conclusion

This paper addresses a key gap in MoE LLMs,
where existing research has largely overlooked the
collaboration patterns among experts, both within
the same layer and across layers. By applying hi-
erarchical sparse dictionary learning, we uncover
dominant expert collaboration patterns and develop
a pruning strategy to enhance MoE LLMs’ effi-
ciency. Our experiments demonstrate that this ap-
proach not only improves accuracy but also signifi-
cantly boosts model compression and inference ef-
ficiency compared to existing methods. This work
provides valuable insights into expert interactions
and offers a novel way to optimize MoE LLMs for
both performance and scalability.

Limitations

Validation on Different MoE Architectures. Our
study has only validated the proposed method on
two pre-trained MoE models (DeepSeekMoE and
Phi). While these models demonstrate the effec-
tiveness of our approach, the generalizability to a
broader range of MoE architectures remains to be
established. Additionally, we have not extensively
explored how different architectural designs influ-
ence the relationship between expert collaboration
and specialization patterns. Understanding these
dependencies would be valuable for designing fu-
ture MoE architectures.

Dictionary Learning Method Limitations.
Our approach has not extensively compared with
other pattern mining methods, and we have not per-
formed extensive hyperparameter optimization for
the dictionary learning framework. However, our
focus is on discovering expert collaboration and
specialization relationships rather than optimizing
pattern mining techniques. Dictionary learning was
chosen due to its proven effectiveness in pattern
mining and data compression (Yang et al., 2010;
Wright et al., 2009).

LLM-based Semantic Annotation. We use
large language models (GPT-4) to automatically
generate semantic descriptions for expert collabo-
ration patterns, following established practices in
large-scale interpretability research. However, this
approach lacks quantitative verification of anno-
tation accuracy. To ensure transparency, we have

disclosed the exact prompts used for annotation
(Appendix F) and provided an interactive visual-
ization tool for manual verification. We acknowl-
edge that LLM-generated annotations should be
interpreted as suggestive rather than definitive, and
future work could incorporate human evaluation to
validate these semantic labels.
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Appendix
A Pruning Effect Calculation

For the DeepSeek-MoE-16B model, considering
the significant impact of shared experts on the
model, we only prune the normal experts during
the pruning operation. Through calculations, we
estimate the parameter counts of various parts of
DeepSeek-MoE-16B as follows: word embeddings
0.2B, attention mechanism 0.4B, gate and shared
experts 0.9B, routing network of MoE 14.7B, and
output layer 0.2B. Therefore, for this model, our
conclusion is that the total parameters after pruning
with a pruning ratio of £% can be calculated as:

New Total Parameters = (16.4 — 14.7 x k%) B
(N

B Experiment Setup

B.1 HSDL Experiment Setup

Hierarchical Sparse Dictionary Learning (HSDL)
is a critical component of CAEP algorithm. Unlike
direct training on the main task, the HSDL module
requires additional pre-training. This section aims
to elaborate on the experiment setup for the HSDL
module, specific training details, and the associated
computational overhead.

During the dictionary training phase of HSDL,
we selected 604,109 tokens from the MMLU-Pro
dataset as training data. The entire dictionary train-
ing process took approximately 1200 seconds for
2000 epochs on 4 NVIDIA 4090D GPUs. We set
the initial learning rate to 4e-4 and decay the learn-
ing rate 0.5 times with every 500 epochs. Despite
this additional computational cost, considering the
significant performance improvements brought by
the CAEP method in subsequent tasks, we believe
this overhead is worthwhile and within an accept-
able range.

The core of HSDL lies in its dictionary learning
and optimization process. The objective of this pro-
cess is to minimize a comprehensive loss function,
denoted as L;¢,; in Equation 7. This total loss func-
tion is composed of three key parts: Lgparse, Ldict
and Lyec. Lsparse represents the sparsity constraint,
aiming to ensure that the learned representations
are sparse; L ;. represents the inter-layer consis-
tency constraint, used to maintain consistency be-
tween dictionaries at different hierarchical levels;
and L,.. represents the reconstruction constraint,

2336


https://doi.org/10.1109/TPAMI.2008.79
https://doi.org/10.1109/TPAMI.2008.79
https://openreview.net/forum?id=1YDeZU8Lt5
https://openreview.net/forum?id=1YDeZU8Lt5
https://doi.org/10.1109/TIP.2010.2050625
https://doi.org/10.1109/TIP.2010.2050625
https://doi.org/10.18653/v1/P19-1472
https://doi.org/10.18653/v1/P19-1472
https://doi.org/10.48550/arXiv.2407.09590
https://doi.org/10.48550/arXiv.2407.09590
https://doi.org/10.48550/arXiv.2407.09590
https://doi.org/10.48550/arXiv.2509.25690
https://doi.org/10.48550/arXiv.2509.25690
https://doi.org/10.48550/arXiv.2509.25690

ensuring that the input signal can be effectively re-
constructed from the sparse representation and the
dictionary.

B.2 Pruning Experiment Setup

Table 3 provides the complete architectural speci-
fications for both MoE models used in our experi-
ments.

DeepSeek-MoE-16B  Phi-3.5-MoE
Experts per layer 64 16
MOoE layers 27 32
Top-K routing Top-6 Top-2
Shared experts 2 0
Gate normalization Softmax Softmax
Total parameters 16.4B 42B
Activated parameters 2.8B 6.6B
Hidden dimension 2048 3072
Attention heads 16 32

Table 3: Model specifications for DeepSeek-MoE-16B
and Phi-3.5-MoE-Instruct.

In section 5, following the setup in (He et al.,
2024), we implement our pruning method on the
MMLU (Hendrycks et al., 2021) dataset, using 128
samples with an input sequence length of 2,048 to-
kens. All pruning experiments are conducted on the
DeepSeek-MoE-16B model and Phi-MoE model,
where only normal experts are pruned, preserving
shared experts due to their importance. Model per-
formance is evaluated using the LM-Harness bench-
mark, which includes a range of tasks: ARC-C
(Clark et al., 2018), HellaSwag (Zellers et al., 2019)
, OBQA (Mihaylov et al., 2018), RTE (Wang et al.,
2019), and WinoGrande (Sakaguchi et al., 2021).
The evaluation is carried out using the EleutherAl
LM Harness framework (Gao et al., 2023), and we
report normalized zero-shot accuracy for each task.

C Comparison of Pruning Algorithms
Under 75% Pruning Rate

From Table 4, we can see that our pruning scheme
still outperforms the baselines at a pruning ratio of
75%.

D Comparison with Exhaustive Search
Results

To investigate whether the top dictionary elements
correspond to the most frequent expert combina-
tions, we compared the dictionary’s expert collabo-
ration patterns with those from an exhaustive search
method. Due to the high computational cost of
considering larger combinations, we limited this

SEER-MoE GEM Ours
AVG 0.363 0.387 0.398
OBOA 0.252 0.292  0.298
ARC-C 0.249 0.278 0.286
HellaSwag 0.309 0.356  0.363
WinoGrande 0.517 0.504 0.512
RTE 0.516 0.538 0.552
PIQA 0.337 0.358 0.380

Table 4: Comparison of performance between different
pruning algorithm across benchmarks when the pruning
rate is 75%.
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Figure 11: Comparison of overlap with the results of
the exhaustive method.

analysis to expert collaboration patterns formed by
only two or three experts.

To quantify how well our dictionary captures
the most frequent expert combinations, we define
Nyop as the number of dictionary items in the top
k% of the traversal pattern, and Ny as the total
number of dictionary items. The coverage is then
calculated using the following formula:

Diop (8)

total

Top k% Coverage =

Results and Discussion. As shown in Figure
11, the collaboration patterns identified by our
method predominantly align with the most fre-
quent expert combinations found during the ex-
haustive search. Specifically, 60% of the patterns
identified by our method correspond to the top 10%
of the most frequent expert combinations, indicat-
ing that our method efficiently identifies the most
prevalent collaboration patterns.

While our method focuses on the most frequent
expert combinations, it also captures some low-
frequency patterns. These less frequent combina-
tions, though less common, are critical for cap-
turing the diversity of expert interactions, which
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enhances the model’s ability to tackle a wider range
of tasks. This highlights the importance of con-
sidering both high and low-frequency expert
combinations in shaping the performance and
versatility of MoE LLMs.

E Semantic Annotation for Expert
Collaboration Patterns

We also conducted similar analyses on DeepSeek-
MoE using MMLUPro as dataset. Here’s how the
original text was processed by the hierarchical ex-
pert collaboration.

—Layer@ - Original Text—

.......... |—Layer1-dict27

.......... |
.......... |.........|—Layer2-dict659

.................... |—-Layer2-dict94

.................... |—-Layer2-dict1156

Original Text: /Q 2: A radioactive material, such
as thorium-234, disintegrates at a rate proportional
to the amount currently present. If Q(t) is the
amount present at time ¢, then % = —r@), where
r > 0 is the decay rate. If 70 mg of thorium-234
decays to 28 mg in one week, determine the decay
rate 7.

Relationship between tokens and expert combina-
tions:
First Layer Breakdown:

. : Radio active
material, such as thorium, disintegrates at a
rate

» Layerl-dict446 Mathematical Calculation: /Q
2: Arate. If Q(t), ¢, then %—? =-r,r>070

Second Layer Breakdown:

* Layer2-dict659 Contextual Text: Radioactive
material, such as thorium, disintegrates at a
rate

. 22340070

e Layer2-dict1156 Symbols: /Q : -If Q(¢) is t,
dQ

a = T

From the above examples, it can be observed that
in different MOE models, we can also find various
expert collaboration patterns with clear tendencies.
Furthermore, based on our extensive experiments
with other MOE models and datasets, the afore-
mentioned patterns are widely present, indicating
that our method possesses strong generality.

F LLM Annotation Prompt

The following prompt was used for automatic an-
notation of expert functional descriptions by large
language models:

prompt = f"""Your job is to look for
patterns in text. You will be given a list
of WORDS, your task is to provide an
explanation for what pattern best
describes them. Here are some guidelines:
- Produce a specific final description for
the latents common in the examples, and
what patterns you found.

- Don’t focus on giving examples of
important tokens, if the examples are
uninformative, you don’t need to mention
them.

- Do not make lists of possible
explanations. Keep your explanations
short and concise.

- The last line of your response must be
the formatted explanation, using
[EXPLANATION]:

WORDS: {token_list}

nnn

G Computational Cost Analysis of HSDL
Method

This section provides a detailed quantitative anal-
ysis of the computational costs and benefits as-
sociated with our Hierarchical Sparse Dictionary
Learning (HSDL) method compared to baseline
approaches.

G.1 Direct Comparison of Computational
Costs

G.1.1 Cost of HSDL Method

The computational cost of our HSDL method con-
sists of two main components: expert activation
data collection and dictionary training.

Activation Data Collection: This requires a sin-
gle sparse forward pass on the calibration dataset.
Using the standard FLOPs estimation for an MoE
Transformer pass: FLOPs ~ 2 X Pyctivated X Ltotal-

For DeepSeek-MoE:
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 Activated parameters per token: Ppctivated =
2.8 x 107

e Total tokens from MMLU-Pro dataset:
Ltotal - 604, 109

» Collection cost: 2 x (2.8 x 10%) x 604, 109 ~
3380 TFLOPs

HSDL Dictionary Training: The training cost
is calculated using FLOPSTpining ~ 6 X P X Diotal,
where the factor of 6 accounts for forward and
backward passes.

* Total optimized parameters: P = (1728 x
1728) + (1728 x 800) = 4.37 x 106

* Training steps: Dioal = 2000 epochs

» Training cost: 6 x (4.37 x 10%) x 2000 ~
0.052 TFLOPs

Total HSDL cost:
TFLOPs.

3380 + 0.052 =~ 3380

G.1.2 Cost of Baseline Methods

Baseline methods (SEER-MoE, GEM) require at
least one full forward pass over a calibration dataset
to calculate importance scores:

* Processing approximately 65,536 tokens (32
sequences of 2048 tokens)

* For the 16.4B DeepSeek-MoE model: 2 x
(16.4 x 10%) x 65,536 ~ 2150 TFLOPs

These savings are critical for making large MoE
models more practical for deployment and serv-
ing, directly reducing hardware requirements and
operational costs.

G.3 Trade-off Analysis

For a comparable one-time computational cost
(~3380 TFLOPs vs. ~2150 TFLOPs for base-
lines), our method invests this budget in a more
sophisticated analysis. While baselines perform
simple forward passes to collect individual expert
metrics (like frequency), our method first gathers
rich activation data and then executes extremely
efficient optimization (HSDL) to uncover complex,
hierarchical collaboration patterns.

This "smarter" investment pays off significantly
in the pruning stage. As demonstrated in Table 1,
our CAEP method (0.650 AVG score) delivers
superior performance retention compared to the
baselines (GEM: 0.628, SEER-MoE: 0.626). This
proves that the patterns captured by our analysis
are more effective for identifying crucial experts
than the simpler metrics used by other methods.

In conclusion, for a similar one-time computa-
tional price, our method yields a more effective
pruning strategy that leads to significant permanent
memory savings while better preserving model per-
formance. We are not just pruning; we are investing
in understanding the model to prune intelligently.

HSDL (Ours) Baseline Methods
Cost ~ 3380 TFLOPs  ~2150 TFLOPs
Cost Type  Sparse Pass + Full-Model

Offline Training Forward Pass

Table 5: Computational cost comparison of different
methods.

G.2 Quantifying the Benefits of Pruning

The modest one-time cost of HSDL enables signif-
icant permanent benefits through CAEP pruning.
For the DeepSeek-MoE-16B model with a 25%
pruning ratio:

¢ Parameter Reduction: Permanent reduction
of 3.675 billion parameters

* Storage & Memory Savings: Approximately
14.7 GB permanent savings (float32 precision)
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