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Abstract

Mixture-of-Experts (MoE) architectures en-
hance the scalability and efficiency of large
language models (LLMs) by activating only
a subset of parameters. However, the inter-
pretability of individual experts and correspond-
ing strategies for post-training adaptation to
domain-specific tasks remain underexplored.
In this work, we first develop an interpretability
framework for expert-level monosemanticity
in MoE models using sparse autoencoders, of-
fering new insights into the specialization pat-
terns of domain experts. Building on this, we
propose an expert-frozen fine-tuning method
that selectively updates domain-specific experts
while keeping domain-agnostic experts fixed.
We demonstrate that the inherent sparsity of
MoE models encourages stronger monoseman-
tic behavior at the expert level, which allows
for the identification of experts responsible for
particular downstream tasks and aids in pre-
serving cross-domain performance. The pro-
posed strategy further alleviates catastrophic
forgetting and reduces computational overhead
by limiting updates to domain-relevant experts.
Experiments on specialized domains, including
medical and legal corpora, show that our ap-
proach performs on par with or better than fully
fine-tuned models on in-domain tasks, while
achieving relative improvements of 21.19% and
60.58% in retaining performance on out-of-
domain benchmarks. Compared to parameter-
efficient fine-tuning baselines like LoRA, our
method achieves superior performance on the
target domain, while also achieving improve-
ments of 11.29% and 52.70% in other domains.

1 Introduction

Mixture-of-Experts (MoE) architectures have re-
cently emerged as a promising paradigm for scaling
foundation models such as Kimi-K2, DeepSeek-
V3 and Qwen3 (Team et al., 2025; Liu et al., 2024,
Yang et al., 2025). By activating only a subset of
experts in each layer, MoE substantially reduces

computational overhead while preserving the over-
all capacity of the model. This sparsity allows
training models with hundreds of billions of param-
eters without a proportional increase in inference
cost, establishing MoE as a central design choice
in state-of-the-art large-scale language models. Be-
yond efficiency, MoE offers a natural mechanism
for expert specialization across different domains
or tasks, which holds promise for improving the
interpretability of these models (Jafar et al., 2025).
Nevertheless, systematic explorations into how to
better understand and leverage this interpretability
remain limited.

A key property in analyzing model interpretabil-
ity is monosemanticity, where each dimension is
activated primarily by a single natural concept (El-
hage et al., 2022; Cunningham et al., 2023), such
as sentiment polarity, semantic categories, or word
senses. The conventional approach to enhancing
monosemanticity is to train a sparse autoencoder
(SAE) on the internal activations of models. How-
ever, SAEs are post-hoc methods that introduce
additional computational overhead. Prior work has
shown that sparsity in the SAE feature space is
closely linked to improved monosemanticity (Gao
et al., 2024; Cunningham et al., 2023). This raises
the question of whether MoE’s inherent sparsity
promotes monosemantic representations. In this
paper, we propose a new analysis framework to
evaluate the monosemanticity of MoE models in
specific downstream domains. Our findings reveal
that increased sparsity significantly strengthens
expert-level monosemanticity and drives experts
to specialize across different downstream domains.

Building on our analysis of enhanced monose-
manticity in MoE models, we further examine how
this property can inspire better post-training strate-
gies for large language models. A well-known chal-
lenge in post-training, particularly supervised fine-
tuning, is that optimizing for a specific downstream
task often comes at the expense of performance
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Figure 1: (Top) Training without our method: Expert functions remain uncharacterized, causing all experts to be
fine-tuned on the target domain. This disrupts their original specializations, leading to degraded performance in
other domains. (Bottom) Training with our method: We first generate explanations to reveal expert specializations,
then leverage fine-grained metrics to selectively fine-tune relevant experts while freezing others. This preserves
expert specialization and maintains performance across domains.

in other domains (Dong et al., 2023; Kumar et al.,
2022). This raises the question of how to preserve
cross-domain generalization while still achieving
strong task-specific improvements. Monoseman-
ticity provides a natural lens to address this issue:
with MoE architectures, the increased sparsity en-
courages experts to specialize in distinct domains,
suggesting that only a subset of experts is truly
responsible for a given downstream task.

As shown in Figure 1, we obtained natural lan-
guage explanations for expert functions and pro-
pose a fine-tuning strategy in which only the ex-
perts relevant to the target task and decoupled from
other domains are fine-tuned, while the others re-
main frozen. Experimental results demonstrate
that EDMRS achieves performance comparable
to fully fine-tuned models on target tasks, while
better preserving performance in other domains.
By integrating monosemantic interpretability into
post-training design, our approach offers a princi-
pled means of improving task-specific performance
while mitigating negative transfer across domains.
Our contributions can be summarized as follows:

* We introduce a novel framework to ana-
lyze monosemanticity in MoE LLMs, filling
the gap in existing research on expert-level
monosemanticity in MoE models and provid-
ing the infrastructure for further academic re-
search in this area.

* Through detailed analysis, we enhance the un-
derstanding of MoE monosemanticity, show-

ing that increased sparsity strengthens expert-
level monosemanticity, with middle layers ex-
hibiting the highest levels. Experts specialize
differently across domains, and these special-
ization patterns are crucial for improving task
performance and minimizing cross-domain in-
terference.

* Leveraging these insights, we propose a fine-
tuning strategy that combines expert monose-
manticity, selectively optimizing experts rel-
evant to specific downstream tasks, improv-
ing task performance while minimizing cross-
domain interference.

2 Related Work & Preliminary

2.1 MoE LLMs

Sparse MoE LLMs have achieved significant scala-
bility by activating only a subset of parameters in
each layer through a routing network (Team et al.,
2025; Liu et al., 2024). This modular design en-
ables efficient scaling and introduces additional
flexibility for model adaptation. Formally, in the
[-th layer of the MoE, the output hidden state of
the ¢-th token, hl, is computed as:

N

hi =" gis - FFN;(u}) + uf. (1)
=1

Here, N denotes the total number of experts,
FFN;(-) represents the i-th expert network, and



gi ¢ 1s the gating value for the i-th expert when pro-
cessing the ¢-th token. The gating mechanism is
defined as:

, @
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0, otherwise

where s;; denotes the token-expert gating score
that determines the routing of token ¢ to expert ¢,
and the function TopK(-, K) selects the K high-
est gating scores from the complete set of expert
scores, effectively determining which experts will
be activated for processing the current token.

2.2 Finetuning of MoE LLMs

Fine-tuning strategies for MoE LLMs are more
complex than those for dense LLMs (Cai et al.,
2025). Prior research has explored expert-specific
tuning (Bai et al., 2025; Wang et al., 2024b), dy-
namic data mixing (Zhu et al., 2024), and router
adaptation (Liu et al., 2025). A key challenge is
identifying relevant experts for the target domain.
Existing methods rely on black-box metrics—such
as expert activation frequency or router output prob-
abilities (Cai et al., 2025)—but these lack inter-
pretability and fail to distinguish domain-specific
from shared experts. As a result, the interpretability
of individual experts in MoE LLMs remains under-
explored. In contrast, we leverage interpretability
principles from sparse autoencoders (Cunningham
et al., 2023) to design interpretable expert-level
fine-tuning strategies for MoE LLMs.

2.3 Monosemanticity in Large Language
Models

LLMs perform well across domains (Liu et al.,
2024; Yang et al., 2025), but their decision-making
is opaque. Recent studies introduced SAEs (Gao
et al., 2024; Cunningham et al., 2023), inducing
monosemantic dimensions that capture specific
concepts (Shu et al., 2025). SAEs have been effec-
tive in tasks like data selection (Ma et al., 2025),
disentanglement (Pach et al., 2025), and privacy
analysis (Frikha et al., 2025). They’ve also enabled
interpretable reward models for transparent feed-
back (Zhang et al., 2025; Li et al., 2025). While fo-
cusing on dense LLMs, MoE models’ expert-level
structure remains underexplored. This paper ex-
plores expert-level monosemanticity in MoE LLMs
and proposes interpretable fine-tuning strategies for
better expert selection.

3 Expert-level Monosemanticity in MoE
LLMs

SAEs have recently emerged as powerful tools for
improving the interpretability of LLMs (Cunning-
ham et al., 2023). SAEs encourage monoseman-
ticity by enforcing sparsity, such that each hidden
dimension tends to represent a distinct natural con-
cept (Gao et al., 2024). Notably, MoE LLMs in-
herently exhibit sparsity through their expert se-
lection mechanism, activating only a subset of ex-
perts for each input. This parallel motivates our
central research question: Does the inherent spar-
sity in MoEs lead to stronger monosemanticity?
To address this, Section 3.1 introduces a system-
atic framework for evaluating monosemanticity in
MoE LLMs, while Section 3.2 provides empirical
insights into how monosemanticity emerges within
MOoE architectures.

3.1 Analysis Framework for Monosemanticity
in MoE LLMs

To investigate monosemanticity in MoE LLMs, we
propose an analysis framework grounded in struc-
tural analogies between SAE and MoE architec-
tures. Specifically, we map the sparse gating out-
puts in MoEs to the sparse intermediate representa-
tions in SAEs; the top-k activation mechanism in
MoEs mirrors the thresholded activation in SAEs;
and each MoE expert is considered analogous to a
single SAE neuron. Building on these correspon-
dences, we extend the notion of monosemantic-
ity from the neuron level in SAEs to the expert
level in MoE models. Inspired by automated SAE
monosemanticity evaluation methods (Paulo et al.,
2025), we present a systematic, expert-level analy-
sis framework for MoE LLMs.

The proposed framework consists of two stages.
First, we employ a three-stage sampling strategy to
construct expert activation datasets, including top-
activated samples, importance-weighted samples,
and randomly selected negatives. Natural language
explanations for each expert are then generated
using two complementary prompts: P,,on0, provid-
ing a general characterization, and Pglill win> igh-
lighting domain-specific semantics. In the second
stage, an external LLLM predicts expert activation
based on these explanations, formulated as a binary
classification task whose accuracy reflects the de-
gree of expert-level monosemanticity. Complete
prompt templates and design details are provided
in Appendix A.1, with detailed expert explanations



in Appendix A.3.

To quantitatively assess the monosemanticity
of MoE, we propose two key metrics: the ex-
pert monosemanticity score (EMS) and the ex-
pert domain monosemanticity score (EDMS). EMS
measures the degree to which an expert exhibits
monosemanticity across a general domain, while
EDMS evaluates monosemanticity within a specific
downstream domain. Formally, the EMS for expert
FE; is defined as:

1 )
EMS; = — > I[5" =yi;l, ()
|Dl’ SjGD

where D denotes the test dataset and j indexes its
samples. Here, y;"°"° represents the binary pre-
diction of whether expert E; would be activated
for sample s;, based on the explanation derived
from prompt P,0n0, and y; ; is the corresponding
ground-truth activation label. Higher EMS values
indicate stronger monosemanticity.

For evaluating monosemanticity in a specific do-
main d, the EDMS is defined as:

(d) 1 ~(d) (d)
EDMS; g Ig. . 4
7 |Dl’ [ylvj yz’ ] ( )

(d)

Here, g,/ denotes the prediction of expert F; for

i.J

domain d, and yf? is the corresponding ground-
truth label. A high EDMS indicates that the expert
is monosemantic with respect to specific concepts

in the target domain.

3.2 Empirical Insights of Expert-level
Monosemanticity

To advance the understanding of expert monose-
manticity and sparsity in MoE models, and to lay
the groundwork for further applications, we system-
atically analyze and uncover three key empirical
insights in this section using the proposed analysis
framework.

Insight 1: The sparse architecture of MoE LLMs
not only enhances computational efficiency but
also induces a higher degree of expert monose-
manticity, distinguishing them from dense LLMs.

Clarification for Insight 1: Theoretical and em-
pirical findings from SAE research establish that
higher sparsity promotes stronger monosemanticity
(Gao et al., 2024). In MoE LLMs, this sparsity is
intrinsically determined by the number of activated
experts, where a greater number of activations cor-
responds to lower sparsity. Building on this princi-
ple, our work investigates the relationship between

expert-level sparsity and monosemanticity through
controlled experiments on the Qwen3-30B-A3B-
Instruct-2507 model (Yang et al., 2025). We select
four representative layers and systematically vary
the number of activated experts in each. Monose-
manticity is quantified using the Layer-wise Decou-
pling Score (LDS), which we define as the average
EMS of all experts within a layer:

1 0
LDS; = — EMS; 5
1= ; P (5)
where LDS; denotes the LDS for the [-th layer and
Ny is the number of experts in that layer. LDS
captures the average monosemanticity of experts at
a given layer.
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Figure 2: Analysis of sparsity and monosemanticity in
MoE. Layer-wise decoupling score (LDS) describes the
average monosemanticity of a layer. Panel (a) examines
the sparsity-monosemanticity relationship, showing that
higher sparsity enhances expert specialization. Panel (b)
tracks monosemanticity variation across network depth,
revealing that middle layers exhibit optimal monose-
manticity.

As shown in Figure 2a, increasing the number
of activated experts (i.e., reducing sparsity) consis-
tently and significantly decreases LDS across all
layers, indicating progressively weaker functional
separation and diminished expert-level monose-
manticity. Building directly on this key observa-
tion, we next analyze how monosemanticity varies
across different layers of the MoE architecture.

Insight 2: Middle layers in MoE LLMs exhibit
the highest degree of monosemanticity, while in-
put and output layers show nearly the lowest.
This suggests that experts in the middle layers are
most decoupled and specialized, making them es-
pecially well-suited for operations that leverage
monosemantic representations.

Clarification for Insight 2: Figure 2b presents
the LDS scores across network depth for Qwen3-
235B-A22B-Instruct-2507. We observe a rapid



increase in LDS in the early layers, a consistently
high plateau across the middle layers, and a sharp
decline near the output. This trajectory suggests
a three-stage organization: early layers focus on
disentangling basic features, middle layers achieve
the strongest expert decoupling and monoseman-
ticity, and output layers gradually lose this separa-
tion. These findings highlight the central role of
middle-layer experts in maintaining semantic spe-
cialization, i.e., monosemanticity, within the model.
Besides patterns of monosemanticity across depth,
we next examine domain-level monosemanticity
to explore how expert specialization varies under
different types of input data.To verify the stability
of the metrics when using cheaper external LLM:s,
we added experiments in Appendix A.6.

Insight 3: The degree of monosemanticity among
MOoE experts varies substantially across domains.
Some experts exhibit consistently strong monose-
manticity across all settings, while others are

highly specialized within particular domains.

Clarification for Insight 3: To investigate
domain-dependent variations in expert monose-
manticity, we apply our monosemanticity anal-
ysis framework using both P,,,,, and prompts
P to the middle layer of Qwen3-30B-A3B-
Instruct-2507, computing EMS and EDMS for all
128 experts. As shown in Figure 3a and Figure 3b,
EDMS scores are generally lower than EMS scores,
suggesting that while some experts maintain high
monosemanticity, their activity often pertains to
domains outside of the evaluated domain. We also
identify polysemantic experts who are activated
across multiple domains. Overall, these findings
reveal the coexistence of domain-specialized and
shared experts, indicating that experts exhibit dis-
tinct patterns of activation across different domains.

4 Monosemanticity-Guided Fine-Tuning
Strategy for MoE LLMs

During the fine-tuning process of MoE LLMs, it
is widely observed that tuning on a target task will
hurt the performance in other domains (Dong et al.,
2023). Intuitively, as we have observed that there
exist monosemantic experts, we can freeze the ir-
relevant experts and only update the experts related
to the target domain to mitigate this phenomenon.
In Section 4.1, we present our method for identify-
ing monosemantic experts, and in Section 4.2, we
provide a theoretical justification for this approach.
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Figure 3: Distribution of expert monosemanticity. Panel
(a) evaluates the distribution of general expert monose-
manticity scores (EMS) across all domains. Panel (b)
evaluates the distribution of domain-specific expert do-
main monosemanticity scores (EDMS).

4.1 Expert Selection Strategy based on
Monosemanticity Scores

In previous works (Bai et al., 2025; Wang et al.,
2024b), the commonly used method is calculating
the activation frequency (AF) to find important
experts:

Z I[EN(t (6)

T d! et

where E! indicates whether expert Ej; is activated
for token ¢, T,; denotes the set of tokens in the tar-
get, and I[] is the indicator function. We know
that there exist polysemantic experts who are ac-
tivated across multiple semantics. Fine-tuning
such experts will influence performance in other
domains. Therefore, it is crucial to distinguish
between monosemantic and polysemantic experts
with high activation frequency.

Leveraging our analysis framework and the
domain-specific prompt Pé O)m win» W€ can identify
monosemantic experts that encode semantic fea-
tures relevant to the target domain. These experts
are key to domain adaptation and are less likely to
interfere with other domains. Building on this, we
introduce the expert domain monosemantic respon-
sibility score (EDMRS) and its associated strategy.
EDMRS combines an expert’s activation frequency
(AF) with its EDMS, weighting the importance of
each expert’s activations. Formally, the EDMRS
for expert E; in domain d is defined as:

= AFY x EDMS!”

()
_ EDMS)|
HE/
Tl Z

EDMRS!"



where EDMSEd) serves as a monosemanticity-
based weighting coefficient, thereby increasing the
importance of monosemanticity. A high EDMRS
score indicates that the expert processes key se-
mantic tokens relevant to the target and remains
functionally decoupled from other domains.

Benefiting from the structural properties of MoE
LLM and our design, our method can be orthogo-
nally combined with fine-tuning approaches such
as LoRA rather than being mutually exclusive.
Since we essentially select parameters that are rele-
vant to the target domain and decoupled from other
domains, these fine-tuning methods can treat the
selected parameters as a new sub-network; for ex-
ample, LoORA’s low-rank matrices can be directly
applied to them (Hu et al., 2022).

In summary, the EDMRS strategy refines the tra-
ditional AF-based expert selection by explicitly in-
corporating both domain specificity and functional
independence into the selection criterion, avoiding
the disruption of general experts’ distributions. By
jointly considering an expert’s activation frequency
and its domain monosemanticity, EDMRS ensures
that the selected experts are not only highly rel-
evant to the target domain and make significant
contributions but also minimally entangled with
other domains. This targeted selection facilitates
effective domain adaptation and fine-tuning, lead-
ing to enhanced performance in the target while
substantially reducing cross-domain interference.

4.2 Theoretical Verification of EDMRS
Strategy

As discussed earlier, we propose a new strategy to
identify monosemantic experts related to a certain
downstream domain. In this section, we provide a
theoretical justification for our strategy.

Specifically, we denote d as the fine-tuned target
domain, and consider a layer of the MoE model
containing the expert set £, Es, ..., E. Foreach
expert E;, we define its activation frequency in do-
main d as AFEd) and its Expert Domain Monose-
manticity Score as EDMSEd). To formalize the
objective for expert selection, we define the perfor-
mance change resulting from fine-tuning expert E;
in domain d for a single input token ¢ as:

Ci(t) = AV (B, 1) — A (B8 ()

where Agl ) (E;, t) represents the performance im-

provement of F; on token ¢ in the target d, while

AS\(}ther)(Ei, t) denotes the performance degrada-

tion of F; on token ¢ in other domains.

Within our MoE monosemanticity analysis
framework, a high EDMSZ(.d) score indicates that
the token activation pattern of expert E; aligns
well with the domain-specific explanation. In other
words, the token features processed by the expert
are well-matched to target d, contributing substan-
tially to domain-specific performance while remain-
ing largely decoupled from other domains. Con-
versely, a low EDMSZ@ implies that the expert’s
activations do not correspond to the domain ex-
planation, with token features poorly aligned to d,
resulting in minimal domain-specific contribution
and increased coupling with other domains.

Building upon this theoretical intuition, we there-
fore posit the following hypothesis: that the aver-
age positive change in performance for a single
token, when conditioned on the activation of expert
L, exhibits a positive correlation with the value of
EDMS.?.

Assumption 1.

EAY (B 1) | B = k- EDMSY (8

E[AY) (B, 1) | Bl = ky- (1—EDMS!Y) (9)

where ki1, ko > 0 are constants.

We next present the following theorem that char-
acterizes the performance of our strategy:

Theorem 1 (EDMRS Optimal Expert Selection
Theorem). Under Assumption 1, given a constraint
on the number of selected experts m, selecting
the m experts with the highest EDMRS scores
EDMRSZ@ = AFZ(.d) -EDMSEd) for fine-tuning max-
imizes the expected performance improvement in
the target d:

S* = arg max » E[Cj]
[S|=m £
€S

= arg max EDMRSZ@
|S|=m 2
i€S

where S* denotes the optimal expert selection set,
and E[C;] = E[C;(t)] is the expected total perfor-
mance change of expert E; across all domains.

This theorem demonstrates that our EDMRS
strategy theoretically maximizes performance both
in the target and across other domains, providing
a formal justification for our approach. A detailed
proof is presented in Appendix A.4.



computer

Method biology business chemistry science economics engineering history  law math other philosophy physics psychology Average
Full 0.4686 0.3853 0.4364  0.2683  0.5284 03664  0.3911 0.2997 03494 0.3874  0.4148 04442  0.6529  0.4148
AF 0.6039 0.4284 0.4408  0.4951 0.5711 03736  0.4094 0.2852 04796 0.4773 0.3968  0.4742  0.5050  0.4570
EDMRS 0.6151 04715 04523 0.5537 0.6244 0.4118 0.5118 0.3143 0.5307 05011  0.4409 04788  0.6291  0.5027
vs Full +31.26% +22.37% +3.64% +106.37% +18.17% +12.39% +30.86% +4.87% +51.89% +29.35% +6.29% +7.79% -3.65% +21.19%

vs AF +1.85% +10.06% +2.61% +11.84% +9.33% +10.22% +25.01% +10.20% +10.65% +4.99% +11.11% +0.97% +24.57% +10.00%
(a) Performance comparison of models trained with EDMRS, AF and Full strategies on medical data in other domains.

computer

Method biology business chemistry science

economics engineering health history math  other philosophy physics psychology Average

Full 0.0962 0.1014 0.1060  0.1000  0.1090 0.1053 0.1198 0.1181 0.0984 0.0963  0.1303  0.1109  0.1040  0.1074
AF 0.1255 0.1077  0.1051  0.0902  0.1137 0.5779 0.1308 0.1207 0.1132 0.1180  0.1423  0.1624  0.1253  0.1564
EDMRS 0.1409 0.1153 0.1201  0.0927  0.1268 0.5955 0.1333  0.2100 0.1244 0.1299  0.1403  0.1817  0.1303  0.1724

vs Full +46.47% +13.71% +13.30% -7.30% +16.33% +465.53% +11.27% +77.82% +26.42% +34.89% +7.67% +63.84% +25.29% +60.58%
vs AF  +12.27% +7.06% +14.27% +2.77% +11.52% +3.05% +1.91% +73.98% +9.90% +10.08% -1.41% +11.88% +3.99% +10.25%

(b) Performance comparison of models trained with EDMRS, AF and Full strategies on legal data in other domains.

computer

Method biology business chemistry science economics engineering history  law math  other philosophy physics psychology Average
LoRA 0.6109 0.4030 0.3993  0.4439  0.5983 0.3581 0.4514 0.2598 0.4123 0.4697 04369 04357 05927  0.4517
EDMRS 0.6151 04715 04523  0.5537  0.6244 0.4118 0.5118 0.3143 0.5307 05011  0.4409 04788  0.6291  0.5027
vs LoORA +0.69% +17.00% +13.27% +24.74% +4.36% +15.00% +13.38% +20.98% +28.72% +6.69% +0.92% +9.89% +6.14% +11.29%

(c) Performance comparison of PEFT-trained models on medical data across other domains.

computer

Method biology business chemistry science

economics engineering health history math  other philosophy physics psychology Average

LoRA 0.1423  0.1039  0.0963  0.1268  0.1161 0.1166 0.1015 0.1181 0.1029 0.1158  0.1242  0.1024  0.1003  0.1129
EDMRS 0.1409 0.1153  0.1201 0.0927  0.1268 0.5955 0.1333  0.2100 0.1244 0.1299  0.1403  0.1817  0.1303  0.1724
vs LoORA -0.98% +10.97% +24.71% -26.89% +9.22% +410.72% +31.33% +77.82% +20.89% +12.18% +12.96% +77.44% +29.91% +52.70%

(d) Performance comparison of PEFT-trained models on legal data across other domains.

Table 1: Comprehensive performance comparison across different domains and training strategies: (a) Trained
on medical domain data, comparing AF and Full strategies; (b) Trained on legal domain data, comparing AF and
Full strategies; (c) Trained on medical domain data, comparing PEFT strategy; (d) Trained on legal domain data,
comparing PEFT strategy.

5 Experiments (Full Strategy) and the expert selection method

based on activation frequency (AF Strategy), does

EDMRS-selected experts

AF-selected experts

Expert 111: Medical ter-
minology and pathology-
specific vocabulary includ-
ing disease mechanisms
and clinical references

Expert 116: This expert
specializes in processing
exact word patterns, numer-
ical sequences, and precise
linguistic structures within
technical or instructional
contexts

Expert 53: This expert
specializes in content re-
lated to human anatomy
and physical movements
emphasizing injury mecha-
nisms and clinical examina-
tion techniques

Expert 72: The expert spe-
cializes in technical and
scientific content involving
mathematical calculations
and physical properties

Table 2: Examples of differences between experts se-
lected by the EDMRS strategy and the AF strategy for
the medical domain, where EDMRS favors monoseman-
tic experts while AF selects general experts.

This section validates the effectiveness of our
proposed EDMRS strategy through two sets of ex-
periments. The first set aims to answer: compared
to the most commonly used full fine-tuning method

EDMRS offer greater advantages? The second
set of experiments investigates: compared to com-
monly used parameter-efficient fine-tuning (PEFT)
methods, how competitive is our EDMRS strategy
as an independent fine-tuning approach?

We conduct experiments using MedMCQA and
LegalBench datasets, alongside out-of-domain sub-
sets from MMLU-Pro, including 13 specialized
domains like economics, math, and history (Pal
et al., 2022; Guha et al., 2023; Wang et al., 2024a).
Further experimental details are in Appendix A.S.

5.1 Comparison with Full and AF Strategies

To evaluate the impact of post-training on per-
formance in other domains, we perform expert-
selection fine-tuning for the medical domain and
legal domain. We compare the effectiveness of our
proposed EDMRS strategy against conventional ap-
proaches by considering three strategies: (1) Full-
parameter Strategy: all model parameters are fine-



tuned, serving as the baseline; (2) AF Strategy:
fine-tune the k experts with the highest activation
frequencies; (3) EDMRS Strategy: fine-tune the %
experts with the highest EDMRS.

Average Accuracy Average Accuracy

Method

on LegalBench on MMLU-Pro
LoRA 0.6559 0.1129
EDMRS 0.7679 0.1724
vs LoRA +17.08 % +52.70%

Average Accuracy Average Accuracy

Method

on MedMCQA on MMLU-Pro
Full 60.72% 41.48%
AF 48.48% 45.70%
EDMRS 60.34% 50.27%
vs Full -0.63% +21.19%
vs AF +24.46 % +10.00%

Table 3: Comparative analysis of models fine-tuned on
medical data.

Average Accuracy Average Accuracy

Method

on LegalBench on MMLU-Pro
Full 72.38% 10.74%
AF 76.58% 15.64%
EDMRS 76.79% 17.24%
vs Full +6.09 % +60.58 %
vs AF +0.27 % +10.25%

Table 4: Comparative analysis of models fine-tuned on
legal data.

See results in Table 3, EDMRS (60.34%) outper-
forms AF (48.48%) and approaches Full (60.72%).
More importantly, EDMRS demonstrates better
performance in other domains (50.27%), surpass-
ing the Full (41.48%) and AF (45.70%) strategies
by relative margins of 21.19% and 10.00%, respec-
tively. Table 1(a) shows EDMRS is clearly the best.
Notably, EDMRS outperforms the Full by 51.89%
on math, reflecting that EDMRS preserves impor-
tant reasoning capabilities. Table 4 and Table1(b)
shows consistent advantages are also observed in
the legal domain, surpassing the Full and AF strate-
gies by relative margins of 60.58% and 10.25%.

Table 2 further reveals that EDMRS selects ex-
perts specialized for the target domain, unlike AF,
which tends to select general experts. This advan-
tage of EDMRS is due to its ability to avoid the
impact of general experts by only updating domain-
specific ones, reducing the loss of capabilities in
other domains.

5.2 Comparison with PEFT as a Standalone

Strategy
Average Accuracy  Average Accuracy
Method on MedMCQA on MMLU-Pro
ToRA 0.5090 04517
EDMRS 0.6034 0.5027
vs LoRA +18.55% +11.29%

Table 5: Comparative analysis of EDMRS and LoRA
for model fine-tuning on medical data.

Table 6: Comparative analysis of EDMRS and LoRA
for model fine-tuning on legal data.

It should be noted that our method is orthogonal
to PEFT approaches, such as applying LoRA’s low-
rank matrices directly to the experts we select. To
compare their standalone capabilities, we evaluate
against LoORA. As shown in Tables 5, 6, 1(c) and
1(d), EDMRS achieves better performance on the
target domain (by 18.55% for medical and 17.08%
for legal) while outperforming LoRA across almost
all other domains and on average (by 11.29% for
medical and 52.70% for legal), further demonstrat-
ing the advantages of EDMRS. This is because
LoRA still updates all experts, whereas our strat-
egy more effectively prevents cross-domain inter-
ference by freezing irrelevant experts.

5.3 Overall Discussion

Taking into account both the comparable perfor-
mance in the target and the improvements on reten-
tion across other domains, the experimental results
demonstrate the substantial advantage of EDMRS,
which mitigates cross-domain interference caused
by parameter updates at the semantic level, ulti-
mately achieving enhanced target-domain perfor-
mance while alleviating catastrophic forgetting.

6 Conclusion

We establish an analysis framework that extends
SAE monosemanticity analysis to MoE and pro-
pose a fine-tuning strategy guided by monoseman-
ticity analysis, emphasizing the role of sparsity in
fostering expert specialization across domains. We
define four novel metrics to assess monosemantic-
ity and domain alignment, and use these to develop
a selective fine-tuning method that updates only rel-
evant experts, while freezing unrelated ones. Exper-
iments show that our method significantly enhances
performance retention and generalization across
other domains. We believe that our framework pro-
vides a principled approach for understanding and
leveraging the monosemanticity of MoE, with po-
tential applicability to a wide range of real-world
scenarios.



7 Limitations

Our method introduces some performance over-
head due to the process of generating expert-
level explanations and calculating monosemantic-
ity scores. Additionally, we have not explored
the orthogonal combination with other parameter-
efficient fine-tuning (PEFT) methods, which could
potentially enhance performance.
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A Appendix

A.1 Details of Prompts Used in Our
monosemanticity analysis framework

This section provides a detailed introduction to the
prompt designs used in our expert monoseman-
ticity analysis framework, covering both explana-
tion generation and evaluation stages. The prompt
contents are crucial for the accuracy of expert ex-
planation generation and evaluation, and facilitate
reproducibility and comparison.

A.1.1 Explanation Generation Prompts:
Priono and P(d)

domain
During the explanation generation stage, we design

(d) Full

domain*

two types of prompts: P,,0n, and P
details are as follows:

Full Details of P,,,0n0

System:

We’re studying experts in a large-scale
Mixture of Experts (MoE) language model.
Each expert specializes in processing cer-
tain types of content, knowledge domains,
linguistic patterns, or reasoning tasks in
documents. The content that activates
each expert in documents is indicated with
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<< ... >>. We will give you a list of
documents on which the expert is activated
by the router, in order from most strongly
activating to least strongly activating.
Look at the parts of the document the
expert activates for and summarize in a
single sentence what type of content or
domain this expert specializes in. Provide
a reasonable explanation that captures the
key distinguishing features. Note that some
experts will specialize in very specific
linguistic patterns or substrings, but others
will activate on broader content types
provided that the text contains particular
knowledge domains or reasoning patterns.
Your explanation should cover the general
specialization pattern across most or all
activating content (for example, don’t give
an explanation specific to a single domain
if the expert activates across multiple
related areas). Pay attention to things
like the subject matter, linguistic style,
technical complexity, or reasoning type of
the activating content, if that seems relevant.
Keep the explanation as short and simple
as possible, limited to 20 words or fewer.
Omit punctuation and formatting. You
should avoid giving long lists of specific
topics. Include specific details about the
semantic patterns, syntactic structures,
or functional roles that characterize this
expert’s specialization. Mention key
distinguishing features such as specific
word types, grammatical constructions, or
conceptual themes.

Your response should be in the form "This
expert specializes in...".

User:

Here is the explanation: this expert special-
izes in

Here are the examples:

{examples }

Here, {examples} refers to our sampled
activation examples, with activated tokens
marked using <<>>.



https://api.semanticscholar.org/CorpusID:270210486
https://api.semanticscholar.org/CorpusID:270210486
https://api.semanticscholar.org/CorpusID:270210486

Full Details of P9

domain

Pfii% ain InCludes all the content of Py0n0.

Additionally, to constrain Pgi)?mm to gener-
ate explanations within a specific domain,
taking the medical and legal domain as an
example, we add the following prompt on

the basis of P,,0n0:

System:

For the medical dataset:

This expert processes medical multiple-
choice questions and clinical reasoning,
so focus on medical terminology, di-
agnostic reasoning patterns, clinical
decision-making, anatomical concepts,
pharmacological knowledge, pathophys-
iology, treatment protocols, medical
examination patterns, or healthcare domain
knowledge.

IMPORTANT: This expert should ONLY
specialize in medical and healthcare
content. Do not generate explanations
about non-medical domains.

For the legal dataset:

This expert processes legal content and
reasoning, so focus on legal terminology,
case law analysis, statutory interpretation,
legal argumentation patterns, contractual
language, judicial reasoning, legal prece-
dents, or jurisprudential concepts.

IMPORTANT: This expert should ONLY
specialize in legal and jurisprudence
content. Do not generate explanations
about non-legal domains.

Your response should be in the form "This
expert specializes in...".

For the medical dataset:

Some examples: "This expert specializes
in differential diagnosis reasoning in
multiple-choice contexts”, "This expert
specializes in pharmacological drug mecha-
nism descriptions and interactions", "This
expert specializes in anatomical structure
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identification and spatial relationships”,
"This expert specializes in clinical symptom
pattern recognition and analysis", "This
expert specializes in medical procedure
descriptions and protocols", "This expert
specializes in pathophysiology and disease
mechanism explanations”, "This expert
specializes in medical terminology and
nomenclature", "This expert specializes in
treatment option evaluation and selection".

For the legal dataset:

Some examples: "This expert specializes
in contract clause interpretation and anal-
ysis", "This expert specializes in case law
citation and precedent application", "This
expert specializes in statutory construction
and legislative intent", "This expert special-
izes in legal doctrine and principle formula-
tion", "This expert specializes in evidentiary
reasoning and burden of proof"”, "This ex-
pert specializes in constitutional law inter-
pretation"”, "This expert specializes in tort
law causation analysis", "This expert spe-
cializes in criminal law mens rea and actus
reus concepts".

A.2 Explanation Evaluation Prompts

In the explanation evaluation stage, the full details
of the designed prompts are as follows:

Full Details of Explanation Evaluation
Prompts

System:

We’re studying experts in a large-scale
Mixture of Experts (MoE) language model.
Each expert in the MoE layers specializes
in processing certain types of content,
knowledge domains, linguistic patterns, or
reasoning tasks.

You will be given a short explanation of
what this expert specializes in, and then be
shown N example sequences in random
order.




You will have to return a comma-separated
list of the examples where you think
this expert should be activated by the
router, based on the content type, domain
knowledge, or linguistic characteristics
required.

For example, your response might look like
"1, 3’ 5n'

Try not to be overly specific in your
interpretation of the explanation.

If you think there are no examples
where this expert will be significantly acti-
vated, you should just respond with "None".

You should include nothing else in your
response other than comma-separated
numbers or the word "None" - this is
important.

User:

The documents which this expert is
activated are given below:

{examples}

Here, {examples} is a set of numbered sam-
ples, where each sample is shown in its orig-
inal form without <<>> indicating acti-
vated tokens.

A.3 Expert Explanations from the
Monosemanticity Analysis Framework

To enhance the understanding of expert specializa-
tion within MoE, we present the natural language
explanations generated by our monosemanticity
analysis framework below.
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General Expert Explanations by P,0n0

 This expert specializes in processing ge-
ographical coordinates and East Asian
country names and language codes.

» This expert specializes in processing sci-
entific and mathematical content such as
synaptic input, quantum physics, and neu-
ronal activity rate.

* This expert specializes in content related
to gas and electricity prices and environ-
mental impact on air quality.

* This expert specializes in documentation
or metadata with type declarations and
default value specifications.

* This expert specializes in processing sci-
entific measurements and data conversion
parameters in technical domains.

* The expert specializes in technical and
scientific content involving mathematical
calculations and physical properties.

 This expert specializes in processing ex-
act word patterns, numerical sequences,
and precise linguistic structures within
technical or instructional contexts.

Medical Domain Expert Explanations by

p@

domain

* This expert specializes in preventive and
social medicine textbook content analysis

* This expert specializes in diagnostic and
treatment guidance for obstetrics and pe-
diatrics in medical contexts

» This expert specializes in clinical reason-
ing for medical multiple-choice questions
focusing on diagnostic and treatment op-
tions

» This expert specializes in medical legal

and forensic terminology and concepts in
healthcare contexts

» This expert specializes in step-by-step di-

agnostic reasoning in medical multiple-
choice question contexts




Legal Domain Expert Explanations by
fitci)?nmin

» This expert specializes in corporate law
structures and governance, including com-
pany incorporation, executive roles, and
shareholder rights

» This expert specializes in legal clause in-
terpretation and statutory meaning analy-
sis

* This expert specializes in compassionate
use programs and legal aspects of drug
administration outside clinical trials

» This expert specializes in contractual
clauses and legal agreement interpretation

* This expert specializes in privacy policy
language and data collection clauses in
contractual agreements

A.4 Detailed Proof of Theorem 1

The detailed proof of Theorem 1 is provided below.

Proof. By the law of total expectation, the expected
total performance change for expert E; across all
domains is given by:

E[Ci] = E[Ci(#)]
EAY (B, 1)] — ElAl"

- (E:t)).

Within the sparse activation mechanism of the
MOoE architecture, an expert only contributes to the
model output when it is activated. If the expert is
not activated, it does not induce any performance
change, i.e.,

E[AY(E; t) | E] =0 (10)
EAC (B, 1) | EY) =0 (11)

where E! indicates that expert E; is not activated
during the output of token .

Therefore, by the law of total expectation, the
expectation can be decomposed into the cases of
activation and non-activation:

EAY (B, t)] = P(E) - E[AY (Ey, 1) | E]
+ P(EY)-E[AY (B, t) | EY)
d d
= AR - EAY (B 1) | E]
+(1-AFY) .0
— AR EAY (B, 1) | B

(12)
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Similarly,

E[AG) (E;,1)] = AR - E[A) (B, 1) | E]

(13)

Thus, the expected total performance change is
given by:

ECi] = AR - [EIAY (E,,) | B}

K3

—EA (B, | B a4
Therefore, the expected total performance

change can be approximated as:
E[Ci] = AF” [k EDMS(” — ky (1 — EDMS.”)]
= AFY [(/.g1 + ko) EDMS!? — kg} (15)

Our objective is to select an expert set S that
maximizes the expected total performance change
after fine-tuning in the target d, i.e.,

S =arg ‘ISIIIaX ZE[Q]
M ies

. Since k; and k9 are constants, they do not affect
the ranking of expert selection. Thus, the optimiza-
tion objective is equivalent to:

S = arg max ZE[C’Z]
ISl=m s
= arg max Z EDMRS'?
€s

i ; (16)

In other words, to maximize the total EDMRS
score, the m experts with the highest EDMRS
scores should be selected, which leads to our
EDMRS strategy and demonstrates its optimality.
O

A.5 Experiments Settings

In our experiments, GPT-40 is employed as the ex-
ternal large language model within the analytical
framework, while Qwen3-30B-A3B-Instruct-2507
serves as the base model. For the comparative
experiments on the MedMCQA dataset involving
three strategies, the hyperparameter configurations
are as follows: a batch size of 32 and a learning rate
of 5e-5 are used. Due to differences in the number
of parameters updated at each training step, the
EDMRS and AF models are trained for 3 epochs,
whereas the Full-parameter model is trained for 1
epoch. For the LegalBench dataset, we randomly
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Figure 4: Analysis of metric stability under affordable
external LLMs.

sample 20% of the data for training and testing,
respectively. All methods utilize a batch size of 32,
employ a cosine annealing learning rate schedule,
with initial learning rates set to le-5 for AF and
EDMRS, and 5e-6 for the Full model. A warmup
ratio of 0.05 is applied, and the minimum learn-
ing rates are set to 1e-6 for AF and EDMRS, and
5e-7 for the Full model. All models are trained
for 1 epoch. We report the maximum value across
5 random seeds. When applying the expert selec-
tion fine-tuning strategy, we select all layers of the
model and only fine-tune 16 experts within each
layer.

A.6 Stability of Metrics with Affordable
External LLMs

To evaluate the stability of monosemanticity met-
rics when employing more cost-effective external
large language models, we conducted experiments
on Qwen3-235B-A22B using both GPT-40 and the
smaller, lower-cost GPT-4o0-mini to assess all lay-
ers. Comparative results are presented in Figure 4,
where the relative variation trends demonstrate high
consistency across different external LLMs, reflect-
ing the robustness of monosemanticity prediction.
Thus, even when shifting to a more economical
external LLM, our scoring remains highly reliable.

A.7 Use of Ai Assistants

The present manuscript’s Introduction and Con-
clusion underwent limited language refinement
through a general-purpose large language model,
strictly for improving grammar, wording, and read-
ability. The model played no role in conceptual-
ization, data or code generation, image production,
mathematical derivation, data analysis, literature
search, or citation management. Its use was con-
fined to light textual polishing of pre-written con-
tent, with no confidential or external data disclosed.

14

All Al-proposed changes were carefully examined
and manually approved by the authors, who retain
sole accountability for the scholarly content of the
work.
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