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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 in-
terpretability of individual experts and corre-
sponding strategies for post-training adapta-
tion to domain-specific tasks remain underex-
plored. In this work, we develop an inter-
pretability framework for expert-level monose-
manticity in MoE models, drawing inspira-
tion from sparse autoencoders and offering
new insights into the specialization patterns
of domain experts. We demonstrate that the
inherent sparsity of MoE models encourages
stronger monosemantic behavior at the expert
level, which allows for the identification of
experts responsible for particular downstream
tasks and aids in preserving cross-domain per-
formance. Building on this, we propose an
expert-frozen fine-tuning method that selec-
tively updates domain-specific experts while
freezing the rest, which also alleviates catas-
trophic forgetting. Experiments on special-
ized domains, including medicine and finance,
show that our approach performs on par with
or better than fully fine-tuned models on in-
domain tasks, while achieving relative im-
provements of 19.58% and 47.41% in re-
taining performance on out-of-domain bench-
marks. We also demonstrate consistent ad-
vantages over PEFT baselines such as LoRA,
achieving relative improvements of 11.49%
and 16.74% 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 (Kimi Team et al., 2025;
DeepSeek-AI et al., 2024; Yang et al., 2025). By
activating only a subset of experts in each layer,

*These authors contributed equally.
†Corresponding authors.

MoE substantially reduces computational over-
head while preserving the overall capacity of the
model. Beyond efficiency, MoE offers a natural
mechanism for expert specialization across differ-
ent domains or tasks, which holds promise for im-
proving the interpretability of these models (Jafar
et al., 2025). Nevertheless, systematic exploration
into how to better understand and leverage this in-
terpretability remains 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. While sparse autoencoders (SAEs) are the
conventional approach to enhancing monoseman-
ticity, they are post-hoc methods that introduce ad-
ditional 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 re-
veal that increased sparsity significantly strength-
ens expert-level monosemanticity and drives ex-
perts to specialize across different downstream do-
mains.

We further examine how monosemanticity can
inspire better post-training strategies for large lan-
guage models. A well-known challenge in post-
training, particularly supervised fine-tuning, is
that optimizing for a specific downstream task
often comes at the expense of performance 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:
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Figure 1: MoE Monosemanticity Analysis Framework. Overview of the proposed monosemanticity analysis
framework for MoE LLMs, including: activation samples collection, explanation generation, activation prediction,
and monosemanticity scoring. This framework advances the understanding of MoE LLMs and lays the groundwork
for downstream applications.

with MoE architectures, the increased sparsity en-
courages experts to specialize in distinct domains,
suggesting that only a subset of experts is truly re-
sponsible for a given downstream task.

As shown in Figure 1 and Figure 2, we obtain
natural language explanations for expert functions
and propose a fine-tuning strategy in which only
the experts relevant to the target task and decou-
pled from other domains are fine-tuned, while the
others remain frozen. Experimental results demon-
strate that EDMRS achieves performance compa-
rable to fully fine-tuned models on target tasks,
while better preserving performance in other do-
mains. 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.

• We provide a systematic empirical character-
ization of expert-level monosemanticity, es-
tablishing that sparsity strengthens monose-
manticity, middle layers exhibit the highest
degree of specialization, and experts differen-
tiate across downstream domains.

• We leverage our analysis framework

and the derived insights to propose a
monosemanticity-guided expert selection
strategy, achieving competitive target domain
performance while alleviating catastrophic
forgetting.

2 Related Work & Preliminary

2.1 MoE LLMs
Sparse MoE LLMs have achieved significant scal-
ability by activating only a subset of parameters in
each layer through a routing network (Kimi Team
et al., 2025; DeepSeek-AI et al., 2024). This mod-
ular design enables efficient scaling and introduces
additional flexibility for model adaptation. For-
mally, in the l-th layer of the MoE, the output hid-
den state of the t-th token, hlt, is computed as:

hlt =
N∑

i=1

gi,t · FFNi(u
l
t) + ult. (1)

Here, N denotes the total number of experts,
FFNi(·) represents the i-th expert network, and gi,t
is the gating value for the i-th expert when pro-
cessing the t-th token. The gating mechanism is
defined as:

gi,t =

{
si,t, si,t ∈ TopK({sj,t}Nj=1,K)

0, otherwise
, (2)
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Figure 2: Monosemanticity-Guided Fine-Tuning Strategy. (Top) Training without our method: Expert functions
remain uncharacterized, causing all experts to be fine-tuned on the target domain. This disrupts their specializa-
tions, 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.

where si,t denotes the token-expert gating score,
and TopK(·,K) selects the K highest scores.

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),
dynamic data mixing (Zhu et al., 2024), and
router adaptation (Liu et al., 2025). A key chal-
lenge is identifying relevant experts for the tar-
get domain. Existing methods rely on black-box
metrics—such as expert activation frequency or
router output probabilities (Cai et al., 2025)—but
these lack interpretability and fail to distinguish
domain-specific from shared experts. As a result,
the interpretability of individual experts in MoE
LLMs remains underexplored. In contrast, we
leverage interpretability principles from sparse au-
toencoders (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 (DeepSeek-
AI et al., 2024; Yang et al., 2025), but their
decision-making is opaque. Recent studies have
introduced SAEs (Gao et al., 2024; Cunningham
et al., 2023), inducing monosemantic dimensions
that capture specific concepts (Shu et al., 2025).
SAEs have been effective in tasks like data selec-

tion (Ma et al., 2025), disentanglement (Pach et al.,
2025), and privacy analysis (Frikha et al., 2025).
They have also enabled interpretable reward mod-
els for transparent feedback (Zhang et al., 2025; Li
et al., 2025). While these studies focus on dense
LLMs, the expert-level structure of MoE mod-
els remains underexplored. This paper explores
expert-level monosemanticity in MoE LLMs and
proposes interpretable fine-tuning strategies for ex-
pert 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 empiri-
cal insights into how monosemanticity emerges
within MoE architectures.

20615



3.1 Analysis Framework for
Monosemanticity in MoE LLMs

To investigate monosemanticity in MoE LLMs, we
propose an analysis framework grounded in analo-
gies between SAE and MoE architectures. Specif-
ically, we draw analogies between sparse gating
and sparse intermediate representations, top-k and
thresholded activation, and MoE experts and SAE
neurons, extending monosemanticity from the neu-
ron to the expert level. 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 sam-
ples, and randomly selected negatives. Natural lan-
guage explanations for each expert are then gener-
ated using two complementary prompts: Pmono,
providing a general characterization, and P

(d)
domain,

highlighting domain-specific semantics. In the
second stage, an external LLM predicts expert ac-
tivation based on these explanations, formulated
as a binary classification task whose accuracy re-
flects the degree of expert-level monosemanticity.
Complete prompt templates and design details are
provided in Appendix A.1, with detailed expert ex-
planations in Appendix A.3.

This two-stage pipeline of explanation gener-
ation followed by activation prediction is well-
established in the SAE interpretability literature,
has become a widely accepted consensus in the
research community, and has been shown to reli-
ably capture monosemanticity (Paulo et al., 2025;
Gur-Arieh et al., 2025). To assess the robustness
of our metrics to evaluator choice, we conduct
controlled experiments replacing GPT-4o with a
substantially more economical alternative, finding
that the resulting scores exhibit highly consistent
relative trends across all layers (Appendix A.9),
which demonstrates that the proposed framework
is not contingent on frontier model capacity.

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

expert Ei is defined as:

EMSi =
1

|D|
∑

sj∈D
I[ŷmono

i,j = yi,j ], (3)

where D denotes the test dataset and j indexes its
samples. Here, ŷmono

i,j represents the binary pre-
diction of whether expert Ei would be activated
for sample sj , based on the explanation derived
from prompt Pmono, and yi,j 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:

EDMS(d)
i =

1

|D|
∑

sj∈D
I[ŷ(d)i,j = y

(d)
i,j ]. (4)

Here, ŷ(d)i,j denotes the prediction of expert Ei for

domain d, and y
(d)
i,j 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 sys-
tematically analyze and uncover three key empir-
ical insights in this section using the proposed
analysis framework. We additionally analyze
expert-versus-neuron semantic granularity in Ap-
pendix A.10.

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
empirical findings from SAE research establish
that higher sparsity promotes stronger monose-
manticity (Gao et al., 2024). In MoE LLMs, this
sparsity is intrinsically determined by the num-
ber of activated experts, where a greater num-
ber of activations corresponds to lower sparsity.
Formally, the sparsity of a MoE layer is defined
as Sparsity = 1 − k

N , where k is the number
of activated experts per token and N is the to-
tal number of experts in that layer. We con-
duct controlled experiments on Qwen3-30B-A3B-
Instruct-2507, selecting four representative layers
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and varying the sparsity level. Monosemanticity is
quantified using the Layer-wise Decoupling Score
(LDS), which we define as the average EMS of all
experts within a layer:

LDSl =
1

Nl

Nl∑

i=1

EMS(l)
i , (5)

where LDSl denotes the LDS for the l-th layer and
Nl is the number of experts in that layer. LDS
captures the average monosemanticity of experts
at a given layer.

(a) Effect of Sparsity on LDS (b) LDS Values across Differ-
ent Layers

Figure 3: 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 special-
ization. Panel (b) tracks monosemanticity variation
across network depth, revealing that middle layers ex-
hibit optimal monosemanticity.

As shown in Figure 3a, reducing sparsity consis-
tently and substantially decreases LDS across all
layers, indicating progressively diminished expert-
level monosemanticity. Notably, this trend holds
uniformly across all evaluated values of k with
no inflection near the pretraining default, ruling
out pretraining confounds; as k approaches N , the
model degenerates toward a dense LLM, consis-
tent with the lower monosemanticity characteristi-
cally observed in dense LLMs. Building directly
on this key observation, we proceed to analyze
how monosemanticity varies across different lay-
ers of the MoE architecture.
Insight 2: Middle layers in MoE LLMs exhibit
the highest degree of monosemanticity, while
input and output layers show nearly the low-
est. This suggests that experts in the middle lay-
ers are most decoupled and specialized, making
them especially well-suited for operations that
leverage monosemantic representations.

Clarification for Insight 2: Figure 3b presents
the LDS scores across network depth for Qwen3-
235B-A22B-Instruct-2507. We observe a rapid in-
crease 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 sepa-
ration. These findings highlight the central role
of middle-layer experts in maintaining semantic
specialization, i.e., monosemanticity, within the
model.
Insight 3: The degree of monosemantic-
ity among MoE experts varies substantially
across domains. Some experts exhibit consis-
tently strong monosemanticity across all settings,
while others are highly specialized within partic-
ular domains.

Clarification for Insight 3: To investigate
domain-dependent variations in expert monose-
manticity, we apply our monosemanticity analy-
sis framework using both the Pmono and P

(d)
domain

prompts to the middle layer of Qwen3-30B-A3B-
Instruct-2507, computing EMS and EDMS for all
128 experts. As shown in Figure 4a and Fig-
ure 4b, EDMS scores are generally lower than
EMS scores, suggesting that while some experts
maintain high monosemanticity, their activity of-
ten pertains to domains outside of the evaluated do-
main. We also identify polysemantic experts that
are activated across multiple domains. Overall,
these findings reveal the coexistence of domain-
specialized and shared experts, indicating that ex-
perts exhibit distinct patterns of activation across
different domains.

4 Monosemanticity-Guided Fine-Tuning
Strategy for MoE LLMs

Fine-tuning MoE LLMs on a target domain
is known to degrade performance in other do-
mains (Dong et al., 2023). The existence of
monosemantic experts, as established in Section 3,
offers an intuition: selectively fine-tuning only the
experts that are highly relevant to the target do-
main and functionally decoupled from others. The
central challenge, then, is how to identify such ex-
perts with precision.

In prior work (Bai et al., 2025; Wang et al.,
2024b), expert selection for MoE fine-tuning has
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(a) Expert monosemanticity
scores

(b) Expert domain monose-
manticity scores

Figure 4: Distribution of expert monosemanticity.
Panel (a) evaluates the distribution of general expert
monosemanticity scores (EMS) across all domains.
Panel (b) evaluates the distribution of domain-specific
expert domain monosemanticity scores (EDMS).

relied predominantly on activation frequency (AF)
as a proxy for domain relevance:

AF(d)
i =

1

|Td|
∑

t∈Td

1 · I[E′
i(t)] (6)

where E′
i indicates whether expert Ei is activated

for token t, Td denotes the token set of the target
domain, and I[·] is the indicator function.

However, AF measures only how often an ex-
pert is activated and does not characterize the do-
main specificity of the expert’s overall activation
pattern. As established in Section 3, polyseman-
tic experts are pervasive in MoE models, being
indiscriminately activated across semantically un-
related domains. For such experts, a high AF
may reflect broad cross-domain usage rather than
target-domain specialization, obscuring the true
domain relevance signal. AF is therefore agnos-
tic to expert-level domain specificity and may as-
sign similar importance to frequently activated
domain-specialized and polysemantic experts. A
more principled selection criterion should there-
fore build upon activation frequency while incor-
porating an expert-level measure of domain spe-
cialization.

Our monosemanticity analysis framework pro-
vides a complementary expert-level quality signal.
EDMS quantifies the degree to which an expert’s
activation pattern aligns with the semantic profile
of the target domain. An expert with high EDMS
exhibits an overall activation pattern that is highly
relevant to the target domain and functionally de-
coupled from other domains, thereby capturing in-
formation that activation frequency alone does not
represent. EDMS thus serves as an expert-level
calibration weight in our formulation.

Motivated by this analysis, we propose the Ex-
pert Domain Monosemantic Responsibility Score
(EDMRS), which unifies activation frequency
with monosemanticity-based quality calibration
into a single coherent criterion:

EDMRS(d)
i =

1

|Td|
∑

t∈Td

EDMS(d)
i · I[E′

i(t)] (7)

where EDMS(d)
i serves as an expert-level,

monosemanticity-based calibration coefficient
that reweights raw activation frequency by domain
specificity. Because EDMS(d)

i is constant with
respect to token t, this formulation is equivalently
EDMRS(d)

i = EDMS(d)
i · AF(d)

i , and therefore
performs an expert-level calibration of aggregate
activation frequency according to domain speci-
ficity. A high EDMRS score thus indicates an
expert with both high target-domain activation
frequency and high domain specificity, making it a
suitable candidate for targeted domain adaptation
with reduced cross-domain interference.

A heuristic theoretical analysis of the EDMRS
strategy is provided in Appendix A.11. Further-
more, owing to the modular structure of MoE
LLMs, our approach is in principle orthogonally
composable with parameter-efficient fine-tuning
methods such as LoRA (Hu et al., 2022).

5 Experiments

This section further validates the reliability of
our expert monosemanticity analysis framework,
providing evidence that reduces concerns about
evaluator-specific effects when the same external
LLM is employed for both expert explanation gen-
eration and evaluation. It then validates the effec-
tiveness of our proposed EDMRS strategy through
two sets of experiments, thereby validating the ef-
fectiveness of our expert monosemanticity analy-
sis framework. The first set of experiments com-
pares against the most commonly used full fine-
tuning method (Full Strategy) and the expert se-
lection method based on activation frequency (AF
Strategy). The second set of experiments com-
pares against commonly used parameter-efficient
fine-tuning (PEFT) methods.

We conduct experiments in two domains:
Medicine and Finance. For Medicine, we
use MedMCQA, a large-scale medical reasoning
dataset. For Finance, we use FinQA, a financial
dataset requiring program-based numerical reason-
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Method biology business chemistry computer
science economics engineering history law math other philosophy physics psychology Average

Full 48.91% 40.30% 45.67% 27.07% 53.52% 37.74% 40.68% 29.58% 34.91% 37.12% 39.95% 44.26% 66.67% 42.03%
AF 60.62% 43.09% 43.82% 49.59% 56.16% 37.77% 40.51% 26.85% 48.88% 46.32% 38.68% 47.65% 52.42% 45.57%
EDMRS 62.44% 47.53% 44.99% 54.88% 61.93% 42.31% 51.36% 31.61% 51.84% 50.32% 44.36% 47.93% 61.90% 50.26%

vs Full (pp) +13.53 +7.23 -0.68 +27.81 +8.41 +4.57 +10.68 +2.03 +16.93 +13.20 +4.41 +3.67 -4.77 +8.23
vs AF (pp) +1.82 +4.44 +1.17 +5.29 +5.77 +4.54 +10.85 +4.76 +2.96 +4.00 +5.68 +0.28 +9.48 +4.69
(a) Performance comparison of models trained with EDMRS, AF and Full strategies on Medicine in other domains.

Method biology law chemistry computer
science economics engineering health history math other philosophy physics psychology Average

Full 73.36% 20.59% 41.43% 58.21% 56.44% 31.89% 55.58% 37.71% 59.83% 41.85% 46.83% 51.19% 62.07% 49.00%
AF 86.33% 42.26% 77.27% 78.94% 79.42% 55.56% 71.23% 58.53% 86.48% 65.19% 66.87% 79.24% 76.90% 71.09%
EDMRS 87.12% 43.90% 78.68% 79.76% 79.27% 57.24% 70.99% 62.73% 87.61% 65.55% 67.33% 80.55% 78.32% 72.23%

vs Full (pp) +13.76 +23.31 +37.25 +21.55 +22.83 +25.35 +15.41 +25.02 +27.78 +23.70 +20.50 +29.36 +16.25 +23.23
vs AF (pp) +0.79 +1.64 +1.41 +0.82 -0.15 +1.68 -0.24 +4.20 +1.13 +0.36 +0.46 +1.31 +1.42 +1.14
(b) Performance comparison of models trained with EDMRS, AF and Full strategies on Finance in other domains.

Method biology business chemistry computer
science economics engineering history law math other philosophy physics psychology Average

LoRA 60.62% 40.98% 38.84% 44.72% 59.24% 36.33% 46.02% 25.52% 41.43% 46.61% 43.49% 43.26% 58.98% 45.08%
routerPEFT 70.25% 52.30% 47.44% 51.71% 59.24% 38.77% 41.56% 25.55% 55.39% 43.51% 38.34% 52.32% 58.69% 48.85%
EDMRS 62.44% 47.53% 44.99% 54.88% 61.93% 42.31% 51.36% 31.61% 51.84% 50.32% 44.36% 47.93% 61.90% 50.26%

vs LoRA (pp) +1.82 +6.55 +6.15 +10.16 +2.69 +5.98 +5.34 +6.09 +10.41 +3.71 +0.87 +4.67 +2.92 +5.18
vs routerPEFT (pp) -7.81 -4.77 -2.45 +3.17 +2.69 +3.54 +9.80 +6.06 -3.55 +6.81 +6.02 -4.39 +3.21 +1.41
(c) Performance comparison of PEFT-trained models on Medicine across other domains.

Method biology law chemistry computer
science economics engineering health history math other philosophy physics psychology Average

LoRA 83.08% 31.43% 60.13% 69.27% 69.15% 44.38% 66.71% 48.99% 77.50% 54.58% 60.19% 67.39% 71.51% 61.87%
routerPEFT 78.75% 31.67% 32.33% 46.91% 59.91% 24.84% 60.27% 50.13% 54.68% 55.63% 50.50% 47.99% 73.81% 51.34%
EDMRS 87.12% 43.90% 78.68% 79.76% 79.27% 57.24% 70.99% 62.73% 87.61% 65.55% 67.33% 80.55% 78.32% 72.23%

vs LoRA (pp) +4.04 +12.47 +18.55 +10.49 +10.12 +12.86 +4.28 +13.74 +10.11 +10.97 +7.14 +13.16 +6.81 +10.36
vs routerPEFT (pp) +8.37 +12.23 +46.35 +32.85 +19.36 +32.40 +10.72 +12.60 +32.93 +9.92 +16.83 +32.56 +4.51 +20.89
(d) Performance comparison of PEFT-trained models on Finance across other domains.

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

ing. For evaluation, we additionally use 13 out-of-
domain reasoning categories from MMLU-Pro, in-
cluding physics, mathematics, and philosophy (Pal
et al., 2022; Chen et al., 2021; Wang et al., 2024a).
To further evaluate cross-task generalization, we
test the models fine-tuned on Medicine on ten ad-
ditional out-of-domain benchmarks covering lan-
guage understanding, knowledge-intensive ques-
tion answering, lexical and commonsense reason-
ing, and multi-step reasoning. To further ana-
lyze the effects of different expert-selection crite-
ria, we compare EDMRS with EDMS-only, first-
order Taylor-, and Fisher-based expert-selection
methods. The EDMS-only comparison also eval-
uates the contribution of incorporating activation
frequency into EDMRS. Further experimental de-
tails are provided in Appendix A.7.

EDMRS-selected experts AF-selected experts
Expert 111: Medical termi-
nology and pathology-specific
vocabulary including disease
mechanisms and clinical refer-
ences

Expert 116: This expert special-
izes in processing exact word
patterns, numerical sequences,
and precise linguistic structures
within technical or instructional
contexts

Expert 53: This expert spe-
cializes in content related to
human anatomy and physical
movements emphasizing injury
mechanisms and clinical exami-
nation techniques

Expert 72: The expert special-
izes in technical and scientific
content involving mathematical
calculations and physical proper-
ties

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

5.1 Reliability Validation of Expert
Monosemanticity Analysis Framework

To validate the reliability of our expert monose-
manticity analysis framework, we conduct two
controlled experiments on Qwen3-235B-A22B.
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First, we replace the LLM used in the evaluation
stage with GPT-4o-mini and Qwen3.5-35B-A3B,
and recompute LDS profiles across all layers. The
resulting Spearman correlations with the original
scores are 0.815 and 0.774, respectively, indicat-
ing that our scores are not an artifact of evalua-
tor self-reinforcement. Second, we sample 32 ex-
perts per layer for a total of 3,008 experts, and
ask human annotators to judge expert activation
under identical criteria, yielding a Spearman corre-
lation of 0.701, which still indicates strong agree-
ment. Taken together, these results demonstrate
that our monosemanticity scores are robust to eval-
uator choice, validating the reliability of our frame-
work.

5.2 Comparison with Full and AF Strategies

We validate the effectiveness of our proposed
EDMRS strategy by performing expert-selection
fine-tuning on the medical and financial domains
using three strategies: Full, AF and EDMRS.

Medicine Finance

Method Domain
Acc

MMLU-Pro
Avg

Domain
Acc

MMLU-Pro
Avg

Full 58.79% 42.03% 42.81% 49.00%
±0.51% ±0.02% ±0.00% ±0.18%

AF 48.39% 45.57% 49.35% 71.09%
±0.61% ±0.11% ±0.00% ±0.16%

EDMRS 60.09% 50.26% 50.04% 72.23%
±0.07% ±0.15% ±0.00% ±0.11%

vs Full (pp) +1.30 +8.23 +7.23 +23.23
vs AF (pp) +11.70 +4.69 +0.69 +1.14
(a) Comparison of Full, AF, and EDMRS strategies.

Medicine Finance

Method Domain
Acc

MMLU-Pro
Avg

Domain
Acc

MMLU-Pro
Avg

LoRA 48.80% 45.08% 24.67% 61.87%
±0.43% ±0.06% ±0.00% ±0.17%

routerPEFT 50.16% 48.85% 35.48% 51.34%
±0.26% ±0.08% ±0.00% ±0.12%

EDMRS 60.09% 50.26% 50.04% 72.23%
±0.07% ±0.15% ±0.00% ±0.11%

vs LoRA (pp) +11.29 +5.18 +25.37 +10.36
vs routerPEFT (pp) +9.93 +1.41 +14.56 +20.89
(b) Comparison of LoRA, routerPEFT, and EDMRS strategies.

Table 3: Summary of EDMRS performance against
baselines on domain accuracy and MMLU-Pro aver-
age. (a) compares Full, AF, and EDMRS; (b) compares
LoRA, routerPEFT, and EDMRS.

See Table 3(a) for the results. In the medi-
cal domain, EDMRS (60.09%) outperforms both
AF (48.39%) and Full (58.79%). More impor-
tantly, EDMRS demonstrates better performance
in other domains (50.26%), surpassing the Full
(42.03%) and AF (45.57%) strategies by 8.23 per-
centage points and 4.69 percentage points, respec-

tively. Table 1(a) shows that EDMRS achieves the
best performance among all strategies. Notably,
EDMRS outperforms Full by 16.93 percentage
points on mathematics, indicating that EDMRS ef-
fectively preserves the model’s reasoning capabil-
ities. Table 3(a) and Table 1(b) show that con-
sistent advantages are also observed in the finan-
cial domain, surpassing the Full and AF strategies
by 23.23 percentage points and 1.14 percentage
points, respectively.

Table 2 further reveals that EDMRS selects
experts specialized for the target domain, un-
like AF, which tends to select general experts.
This advantage is consistent with EDMRS favor-
ing domain-specialized experts while reducing up-
dates to more general experts, which can help mit-
igate capability loss in other domains.

5.3 Comparison of Expert-Selection Criteria
To examine whether the advantage of EDMRS
arises from its expert-selection criterion, we com-
pare it with an EDMS-only variant and two loss-
based alternatives. Taylor selection ranks ex-
perts using the first-order importance |θ⊙∂L/∂θ|,
while Fisher selection uses the expected squared
gradient. The scores are aggregated over the pa-
rameters of each expert. All methods select the
same number of experts per layer and use the same
training configuration.

As shown in Table 4, EDMRS improves the
Medicine and MMLU-Pro averages over EDMS-
only by 8.49 and 5.26 percentage points, respec-
tively, showing the benefit of incorporating activa-
tion frequency into semantic specialization. Com-
pared with the loss-based alternatives, EDMRS
achieves comparable target-domain performance
while improving the MMLU-Pro average by 3.51
and 4.44 percentage points over Taylor and Fisher
selection, respectively. These results indicate that
loss-based importance identifies experts that in-
fluence the target-domain objective, but does not
explicitly distinguish domain-specialized experts
from general-purpose experts. By jointly consid-
ering semantic specialization and activation fre-
quency, EDMRS more effectively preserves out-
of-domain capabilities.

5.4 Comparison with PEFT as a Standalone
Strategy

To compare against PEFT methods, we evalu-
ate our approach against the most commonly
used PEFT method LoRA, as well as router-
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Method Medicine biology business chemistry computer
science economics engineering history law math other philosophy physics psychology Average

EDMS-only 51.60% 60.62% 34.98% 41.70% 47.89% 53.75% 33.06% 46.46% 28.97% 56.13% 45.31% 38.28% 42.85% 55.05% 45.00%
±0.43% ±0.56% ±0.66% ±0.31% ±0.56% ±0.68% ±0.42% ±0.00% ±0.00% ±0.15% ±0.23% ±0.20% ±0.04% ±1.05% ±0.15%

Taylor 59.46% 61.79% 40.94% 45.73% 32.36% 59.40% 35.84% 42.08% 30.76% 53.66% 48.56% 48.03% 46.29% 62.32% 46.75%
±0.38% ±0.74% ±0.99% ±0.05% ±0.37% ±0.76% ±0.39% ±1.24% ±0.37% ±0.13% ±0.23% ±1.85% ±0.12% ±0.40% ±0.22%

Fisher 59.94% 58.72% 41.95% 44.58% 26.26% 57.07% 34.78% 44.01% 31.76% 56.62% 46.25% 43.95% 46.73% 63.03% 45.82%
±0.70% ±1.57% ±1.34% ±0.49% ±2.72% ±0.81% ±1.35% ±1.60% ±0.14% ±0.32% ±0.35% ±0.64% ±0.73% ±0.13% ±0.40%

EDMRS 60.09% 62.44% 47.53% 44.99% 54.88% 61.93% 42.31% 51.36% 31.61% 51.84% 50.32% 44.36% 47.93% 61.90% 50.26%
±0.07% ±0.82% ±0.55% ±0.20% ±0.42% ±0.45% ±1.00% ±0.30% ±0.16% ±1.19% ±0.68% ±0.23% ±0.04% ±0.87% ±0.15%

vs EDMS-only (pp) +8.49 +1.82 +12.55 +3.29 +6.99 +8.18 +9.25 +4.90 +2.64 -4.29 +5.01 +6.08 +5.08 +6.85 +5.26
vs Taylor (pp) +0.63 +0.65 +6.59 -0.74 +22.52 +2.53 +6.47 +9.28 +0.85 -1.82 +1.76 -3.67 +1.64 -0.42 +3.51
vs Fisher (pp) +0.15 +3.72 +5.58 +0.41 +28.62 +4.86 +7.53 +7.35 -0.15 -4.78 +4.07 +0.41 +1.20 -1.13 +4.44

Table 4: Performance comparison of EDMS-only, Taylor, Fisher, and EDMRS expert-selection criteria on
Medicine and MMLU-Pro across domains.

PEFT, which fine-tunes only the MoE router. As
shown in Tables 3(b), 1(c), and 1(d), EDMRS
exhibits consistent trends across both the medi-
cal and financial domains, as observed in Sec-
tion 5.2, achieving better performance on the tar-
get domains while outperforming both LoRA and
routerPEFT on almost all other domains and on
average, further demonstrating the advantages of
EDMRS in these comparisons. One possible ex-
planation is that LoRA still updates all experts,
whereas our strategy selectively freezes irrelevant
experts and therefore reduces cross-domain inter-
ference. Similarly, our method may reduce the
interference introduced by routerPEFT, which di-
rectly modifies the router shared across all experts.

5.5 Generalization Across Multi-Task
Scenarios

To evaluate cross-task generalization after fine-
tuning on Medicine, we compare Full, AF, and
EDMRS on ten additional out-of-domain bench-
marks. These benchmarks cover Chinese lan-
guage understanding (C3 and OCNLI) (Sun et al.,
2020; Hu et al., 2020), scientific and profes-
sional knowledge (HeadQA, OpenBookQA, and
EXAMS) (Vilares and Gómez-Rodríguez, 2019;
Mihaylov et al., 2018; Hardalov et al., 2020),
lexical and commonsense reasoning (WiC, Hel-
laSwag, SWAG, and CODAH) (Pilehvar and
Camacho-Collados, 2019; Zellers et al., 2019,
2018; Chen et al., 2019), and multi-step reason-
ing (MuSR) (Sprague et al., 2024). Detailed re-
sults are provided in Appendix A.8. Overall,
EDMRS demonstrates a clear advantage, indicat-
ing that it more effectively preserves cross-task
out-of-domain capabilities within the scope of this
evaluation and providing further evidence of its ef-
fectiveness in multi-task settings.

5.6 Overall Discussion

Considering both target-domain adaptation and
out-of-domain capability retention, the results
show that EDMRS achieves a more favorable bal-
ance between the two under our evaluation set-
tings. By incorporating domain-relevant seman-
tic information into expert selection, EDMRS re-
duces unnecessary updates to general-purpose or
cross-domain experts, thereby mitigating cross-
domain interference during fine-tuning. Con-
sequently, EDMRS improves target-domain per-
formance while more effectively preserving the
model’s capabilities across other domains and
tasks. These results suggest that semantic informa-
tion can provide a valuable signal for parameter se-
lection in MoE fine-tuning, motivating further in-
vestigation into how such information can be more
fully exploited to guide expert selection and model
adaptation.

6 Conclusion

We present a framework extending monoseman-
ticity to MoE LLMs, introducing quantitative
metrics to assess expert-level monosemanticity,
and uncovering three key insights: MoE’s inher-
ent sparsity promotes expert-level monosemantic-
ity; middle layers exhibit the strongest specializa-
tion; and experts exhibit either domain-specific
or general behavior. Motivated by these find-
ings, we propose EDMRS, which combines ac-
tivation frequency with monosemanticity to fine-
tune only domain-relevant experts. Experiments
show that our approach achieves competitive in-
domain performance while substantially improv-
ing out-of-domain retention, effectively alleviat-
ing catastrophic forgetting.
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7 Limitations

Our method introduces some computational over-
head due to the process of generating expert-
level explanations and calculating monosemantic-
ity scores. In addition, our heuristic analysis
adopts a positive proportional form shared across
all experts to obtain the current EDMRS formula-
tion. This simple form may not be optimal across
different domains and training settings, and explor-
ing more flexible functional forms may further im-
prove expert selection. Additionally, we have not
explored the orthogonal combination with other
parameter-efficient fine-tuning 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 monosemantic-
ity analysis framework, covering both explanation
generation and evaluation stages. The prompt con-
tents are crucial for the accuracy of expert expla-
nation generation and evaluation, and facilitate re-
producibility and comparison.

A.1.1 Explanation Generation Prompts:
Pmono and P

(d)
domain

During the explanation generation stage, we de-
sign two types of prompts: Pmono and P

(d)
domain.

Full details are as follows:

Full Details of Pmono

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
<< ... >>. 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 par-
ticular 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 charac-
terize 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 <<>>.

Full Details of P(d)
domain

P
(d)
domain includes all the content of Pmono.

Additionally, to constrain P
(d)
domain to

generate explanations within a specific
domain, taking medicine and finance as
examples, we add the following prompt on
the basis of Pmono:

System:
For the medicine:
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 do-
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main knowledge.

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

For the finance:
This expert processes financial report
question-answering, including SEC filings,
earnings statements, balance sheets, and
income statements. Focus on financial
terminology, numerical reasoning over
financial data, accounting concepts, rev-
enue/profit analysis, financial ratios, or
corporate financial reporting patterns.

IMPORTANT: This expert should ONLY
specialize in financial report analysis and
numerical financial reasoning. Do not
generate explanations about non-financial
domains.

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

For the medicine:

Some examples: "This expert specializes
in differential diagnosis reasoning in
multiple-choice contexts", "This expert
specializes in pharmacological drug mech-
anism descriptions and interactions", "This
expert specializes in anatomical structure
identification and spatial relationships",
"This expert specializes in clinical symp-
tom pattern recognition and analysis",
"This expert specializes in medical pro-
cedure descriptions and protocols", "This
expert specializes in pathophysiology and
disease mechanism explanations", "This
expert specializes in medical terminology
and nomenclature", "This expert special-
izes in treatment option evaluation and
selection".

For the finance:

Some examples: "This expert specializes
in revenue and profit calculation patterns

in financial statements", "This expert spe-
cializes in percentage change computation
over fiscal periods", "This expert special-
izes in balance sheet item extraction and
arithmetic", "This expert specializes in fi-
nancial ratio analysis and interpretation",
"This expert specializes in multi-step nu-
merical reasoning over tabular financial
data", "This expert specializes in SEC fil-
ing language and regulatory disclosure pat-
terns", "This expert specializes in inter-
est expense and debt service calculation",
"This expert specializes in equity and share-
holder value terminology".

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 knowl-
edge, or linguistic characteristics required.

For example, your response might look
like "1, 3, 5".

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 activated,
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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 on 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
original form without <<>> indicating
activated tokens.

A.3 Expert Explanations from the
Monosemanticity Analysis Framework

To enhance the understanding of expert special-
ization within MoE, we present the natural lan-
guage explanations generated by our monoseman-
ticity analysis framework below.

General Expert Explanations by Pmono

• 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
neuronal 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 conver-
sion 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.

Medicine Expert Explanations by P
(d)
domain

• This expert specializes in preventive and
social medicine textbook content analy-
sis

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

• This expert specializes in clinical rea-
soning for medical multiple-choice ques-
tions focusing on diagnostic and treat-
ment options

• 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

Finance Expert Explanations by P
(d)
domain

• This expert specializes in SEC filing lan-
guage and regulatory disclosure patterns

• This expert specializes in hedging strate-
gies and adjustments in financial valua-
tions using fair value and interest rates

• This expert specializes in fair value mea-
surement and recognition in corporate fi-
nancial statements

• This expert specializes in financial instru-
ment valuation and accounting, focusing
on fair value measurement and reporting
standards

• This expert specializes in stock option
valuation and compensation expense cal-
culation using financial modeling tech-
niques

A.4 Full Results with Mean and Standard
Deviation

Results are reported as mean ± standard deviation
over three runs.

A.5 Comparison with
Parameter-Budget-Matched LoRA

To further control for the effect of LoRA’s
trainable-parameter budget, we increase its num-
ber of trainable parameters from the default set-
ting to a level comparable to that of EDMRS,
while using the same training hyperparameters.
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Method biology business chemistry computer
science economics engineering history law math other philosophy physics psychology Average

Full 48.91% 40.30% 45.67% 27.07% 53.52% 37.74% 40.68% 29.58% 34.91% 37.12% 39.95% 44.26% 66.67% 42.03%
±0.82% ±0.51% ±0.62% ±2.35% ±1.02% ±0.59% ±1.84%±0.59%±0.59%±0.47% ±0.64% ±0.34% ±1.32% ±0.02%

AF 60.62% 43.09% 43.82% 49.59% 56.16% 37.77% 40.51% 26.85% 48.88% 46.32% 38.68% 47.65% 52.42% 45.57%
±0.53% ±1.41% ±1.04% ±0.61% ±1.25% ±0.47% ±0.40%±1.78%±0.80%±1.82% ±0.87% ±1.06% ±1.71% ±0.11%

EDMRS 62.44% 47.53% 44.99% 54.88% 61.93% 42.31% 51.36% 31.61% 51.84% 50.32% 44.36% 47.93% 61.90% 50.26%
±0.82% ±0.55% ±0.20% ±0.42% ±0.45% ±1.00% ±0.30%±0.16%±1.19%±0.68% ±0.23% ±0.04% ±0.87% ±0.15%

vs Full (pp) +13.53 +7.23 -0.68 +27.81 +8.41 +4.57 +10.68 +2.03 +16.93 +13.20 +4.41 +3.67 -4.77 +8.23
vs AF (pp) +1.82 +4.44 +1.17 +5.29 +5.77 +4.54 +10.85 +4.76 +2.96 +4.00 +5.68 +0.28 +9.48 +4.69
(a) Performance comparison of models trained with EDMRS, AF and Full strategies on Medicine in other domains.

Method biology law chemistry computer
science economics engineering health history math other philosophy physics psychology Average

Full 73.36% 20.59% 41.43% 58.21% 56.44% 31.89% 55.58% 37.71% 59.83% 41.85% 46.83% 51.19% 62.07% 49.00%
±0.14% ±0.59% ±0.40% ±0.92% ±0.30% ±0.74% ±0.25%±1.06%±0.23%±0.54% ±0.23% ±0.54% ±0.26% ±0.18%

AF 86.33% 42.26% 77.27% 78.94% 79.42% 55.56% 71.23% 58.53% 86.48% 65.19% 66.87% 79.24% 76.90% 71.09%
±0.50% ±0.41% ±0.44% ±0.92% ±0.65% ±0.70% ±0.63%±1.05%±0.38%±0.62% ±0.23% ±0.18% ±0.26% ±0.16%

EDMRS 87.12% 43.90% 78.68% 79.76% 79.27% 57.24% 70.99% 62.73% 87.61% 65.55% 67.33% 80.55% 78.32% 72.23%
±0.16% ±2.21% ±0.57% ±1.06% ±0.31% ±0.51% ±0.78%±0.79%±0.30%±0.54% ±1.06% ±0.04% ±0.38% ±0.11%

vs Full (pp) +13.76 +23.31 +37.25 +21.55 +22.83 +25.35 +15.41 +25.02 +27.78 +23.70 +20.50 +29.36 +16.25 +23.23
vs AF (pp) +0.79 +1.64 +1.41 +0.82 -0.15 +1.68 -0.24 +4.20 +1.13 +0.36 +0.46 +1.31 +1.42 +1.14
(b) Performance comparison of models trained with EDMRS, AF and Full strategies on Finance in other domains.

Method biology business chemistry computer
science economics engineering history law math other philosophy physics psychology Average

LoRA 60.62% 40.98% 38.84% 44.72% 59.24% 36.33% 46.02% 25.52% 41.43% 46.61% 43.49% 43.26% 58.98% 45.08%
±1.26% ±0.29% ±0.80% ±0.56% ±1.42% ±0.52% ±2.00%±0.65%±0.56%±0.06% ±0.72% ±0.58% ±1.67% ±0.06%

routerPEFT 70.25% 52.30% 47.44% 51.71% 59.24% 38.77% 41.56% 25.55% 55.39% 43.51% 38.34% 52.32% 58.69% 48.85%
±1.40% ±0.72% ±1.24% ±0.49% ±0.52% ±1.37% ±0.61%±0.69%±0.64%±0.60% ±1.33% ±0.55% ±1.43% ±0.08%

EDMRS 62.44% 47.53% 44.99% 54.88% 61.93% 42.31% 51.36% 31.61% 51.84% 50.32% 44.36% 47.93% 61.90% 50.26%
±0.82% ±0.55% ±0.20% ±0.42% ±0.45% ±1.00% ±0.30%±0.16%±1.19%±0.68% ±0.23% ±0.04% ±0.87% ±0.15%

vs LoRA (pp) +1.82 +6.55 +6.15 +10.16 +2.69 +5.98 +5.34 +6.09 +10.41 +3.71 +0.87 +4.67 +2.92 +5.18
vs routerPEFT (pp) -7.81 -4.77 -2.45 +3.17 +2.69 +3.54 +9.80 +6.06 -3.55 +6.81 +6.02 -4.39 +3.21 +1.41
(c) Performance comparison of PEFT-trained models on Medicine across other domains.

Method biology law chemistry computer
science economics engineering health history math other philosophy physics psychology Average

LoRA 83.08% 31.43% 60.13% 69.27% 69.15% 44.38% 66.71% 48.99% 77.50% 54.58% 60.19% 67.39% 71.51% 61.87%
±0.69% ±0.60% ±0.94% ±0.98% ±0.56% ±0.74% ±0.19%±0.15%±0.44%±0.60% ±0.83% ±0.19% ±0.51% ±0.17%

routerPEFT 78.75% 31.67% 32.33% 46.91% 59.91% 24.84% 60.27% 50.13% 54.68% 55.63% 50.50% 47.99% 73.81% 51.34%
±0.21% ±1.00% ±0.85% ±1.34% ±0.30% ±0.67% ±1.32%±0.45%±0.09%±0.68% ±1.57% ±1.33% ±0.25% ±0.12%

EDMRS 87.12% 43.90% 78.68% 79.76% 79.27% 57.24% 70.99% 62.73% 87.61% 65.55% 67.33% 80.55% 78.32% 72.23%
±0.16% ±2.21% ±0.57% ±1.06% ±0.31% ±0.51% ±0.78%±0.79%±0.30%±0.54% ±1.06% ±0.04% ±0.38% ±0.11%

vs LoRA (pp) +4.04 +12.47 +18.55 +10.49 +10.12 +12.86 +4.28 +13.74 +10.11 +10.97 +7.14 +13.16 +6.81 +10.36
vs routerPEFT (pp) +8.37 +12.23 +46.35 +32.85 +19.36 +32.40 +10.72 +12.60 +32.93 +9.92 +16.83 +32.56 +4.51 +20.89
(d) Performance comparison of PEFT-trained models on Finance across other domains.

Table 5: Full results (mean ± std) across different domains and training strategies: (a) Trained on Medicine,
comparing AF and Full strategies; (b) Trained on Finance, comparing AF and Full strategies; (c) Trained on
Medicine, comparing PEFT strategy; (d) Trained on Finance, comparing PEFT strategy. Bolded rows report
absolute differences between EDMRS and the baselines, measured in percentage points.

As shown in Table 6, EDMRS outperforms
the parameter-budget-matched LoRA baseline on
both the Medicine target domain and the MMLU-
Pro out-of-domain evaluation. This comparison
indicates that the performance improvement over
LoRA cannot be attributed solely to a larger
trainable-parameter budget.

A.6 Empirical Examination of the EDMRS
Heuristic

To empirically validate the core intuition of our
heuristic analysis, we isolate the effect of a sin-

Method Medicine MMLU-Pro
Average

LoRA (r = 64) 53.39% ± 0.87% 42.74% ± 0.24%
EDMRS 60.09% ± 0.07% 50.26% ± 0.15%

vs LoRA (pp) +6.70 +7.52

Table 6: Comparison between EDMRS and parameter-
budget-matched LoRA on Medicine.

gle expert by training only one expert at a time,
setting the number of training steps inversely pro-
portional to activation frequency to approximately
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Figure 5: Performance of individual experts with vary-
ing EDMS scores after AF-adjusted training. Higher
EDMS is generally associated with better performance.

equalize gradient updates across experts. We ran-
domly select ten experts with varying EDMS from
a representative middle layer (layer 20). As shown
in Figure 5, higher EDMS scores are generally as-
sociated with better out-of-domain performance,
suggesting that experts with higher EDMS tend to
exhibit less forgetting, lending empirical support
to our heuristic.

A.7 Experiments Settings

In our experiments, GPT-4o is employed as the ex-
ternal large language model within the analytical
framework, while Qwen3-30B-A3B-Instruct-2507
serves as the base model.

To reduce potential effects arising from differ-
ences in data formats, we convert both domain
datasets into two-turn conversational formats. For
MedMCQA, we embed the four answer choices
into the A–J option-label space used by MMLU-
Pro and remap the correct answer accordingly. For
FinQA, we organize the serialized financial tables
together with the corresponding report contexts
and questions as model inputs, and use the anno-
tated calculation programs and their execution re-
sults as target outputs.

For the comparative experiments on Medicine
involving three strategies, the hyperparameter con-
figurations are as follows: a batch size of 32 and
a learning rate of 5e-5 are used. For the Finance
dataset, all methods utilize a batch size of 32, with
an initial learning rate of 1e-5 for all methods. Re-
sults are reported as mean ± standard deviation
over three runs. 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.

Figure 6: Analysis of metric stability under affordable
external LLMs.

A.8 Cross-Task Generalization on
Out-of-Domain Benchmarks

The results in Table 7 indicate that, within the
scope of this evaluation, EDMRS more effectively
preserves cross-task out-of-domain capabilities af-
ter domain-specific fine-tuning.

A.9 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-4o and
the smaller, lower-cost GPT-4o-mini to assess all
layers. Comparative results are presented in Fig-
ure 6, where the relative variation trends demon-
strate high consistency across different external
LLMs, reflecting the robustness of monoseman-
ticity prediction. Thus, even when shifting to a
more economical external LLM, our scoring re-
mains highly reliable.

A.10 Case Study: Comparing Semantic
Granularity of Experts and Neurons

Intuitively, an MoE expert is a large feed-forward
network composed of many neurons, and thus the
semantics it encodes should operate at a higher
and more abstract granularity. To verify this, we
apply our monosemanticity evaluation framework
separately to experts and neurons on a randomly
selected monosemantic intermediate layer, with-
out specifying any granularity constraints. The
results show that expert-level explanations oper-
ate at a higher semantic level, while neuron-level
explanations remain at a lower level. For ex-
ample, Expert 114 is described as “specializing
in medical textbook content covering preventive
medicine, pathology, pharmacology, and physiol-
ogy,” whereas its internal Neuron 131 is described
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Method C3 OCNLI HeadQA OpenBookQA EXAMS WiC HellaSwag SWAG CODAH MuSR

Full 56.95% 40.42% 46.61% 65.67% 39.63% 53.69% 54.24% 25.97% 43.47% 47.49%
±1.03% ±0.17% ±0.49% ±0.64% ±0.35% ±0.44% ±0.13% ±0.08% ±0.25% ±0.35%

AF 50.92% 49.04% 41.41% 80.80% 35.04% 57.48% 73.39% 57.67% 78.15% 48.32%
±0.21% ±0.44% ±0.52% ±0.87% ±0.17% ±0.29% ±0.16% ±0.21% ±0.32% ±0.50%

EDMRS 80.53% 49.93% 49.11% 82.87% 37.48% 63.29% 76.44% 60.23% 80.01% 50.53%
±0.13% ±0.70% ±0.13% ±0.64% ±0.28% ±0.52% ±0.10% ±0.10% ±0.33% ±0.46%

vs Full (pp) +23.58 +9.51 +2.50 +17.20 -2.15 +9.60 +22.20 +34.26 +36.54 +3.04
vs AF (pp) +29.61 +0.89 +7.71 +2.07 +2.45 +5.81 +3.05 +2.56 +1.86 +2.20

Table 7: Performance comparison of EDMRS, AF, and Full strategies trained on Medicine and evaluated on multi-
ple benchmarks.

as “words with embedded content between ’<’ and
‘>’ symbols, often indicating emphasis or techni-
cal notation.” Representative cases are shown in
Table 8.

A.11 Heuristic Analysis and Motivation for
the 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
heuristic theoretical analysis of our strategy.

Specifically, we denote d as the fine-tuned tar-
get domain, and consider a layer of the MoE
model containing the expert set E1, E2, . . . , EN .
For each expert Ei, we define its activation fre-
quency in domain d as AF(d)

i and its Expert Do-
main Monosemanticity Score as EDMS(d)

i . To for-
malize the objective for expert selection, we define
the performance change resulting from fine-tuning
expert Ei in domain d for a target-domain training
token t as:

Ci(t) = ∆
(d)
P (Ei, t)−∆

(other)
N (Ei, t) (8)

where ∆
(d)
P (Ei, t) represents the target-domain

performance improvement attributable to the up-
date induced by token t, while ∆

(other)
N (Ei, t) de-

notes the other-domain performance degradation
attributable to the same update.

Within our MoE monosemanticity analysis
framework, a high EDMS(d)

i score indicates that
the token activation pattern of expert Ei aligns
well with the domain-specific explanation. In
other words, the token features processed by the
expert are well-matched to target d, contribut-
ing substantially to domain-specific performance
while remaining largely decoupled from other do-
mains. Conversely, a low EDMS(d)

i implies that
the expert’s activations do not correspond to the
domain explanation, with token features poorly
aligned to d, resulting in minimal domain-specific

contribution and increased coupling with other do-
mains.

Building upon this theoretical intuition, we
posit the following heuristic: the expected perfor-
mance change of expert Ei on a single token, con-
ditioned on its activation, satisfies E[∆(d)

P (Ei, t) |
E′

i] = h1(EDMS
(d)
i ) and E[∆(other)

N (Ei, t) |
E′

i] = h2(1 − EDMS
(d)
i ), where h1(·) and h2(·)

are monotonically non-decreasing functions. Ap-
plying the law of total expectation, the expected
total performance change for expert Ei across all
domains is given by:

E[Ci] = E[Ci(t)]

= E[∆(d)
P (Ei, t)]− E[∆(other)

N (Ei, t)].

Within the sparse activation mechanism of the
MoE 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[∆(d)
P (Ei, t) | E′′

i ] = 0, (9)

E[∆(other)
N (Ei, t) | E′′

i ] = 0, (10)

where E′′
i indicates that expert Ei is not activated

during the output of token t.
Therefore, by the law of total expectation, the

expectation can be decomposed into the cases of
activation and non-activation:

E[∆(d)
P (Ei, t)] = P (E′

i) · E[∆(d)
P (Ei, t) | E′

i]

+ P (E′′
i ) · E[∆(d)

P (Ei, t) | E′′
i ]

= AF(d)
i · E[∆(d)

P (Ei, t) | E′
i]

+ (1− AF(d)
i ) · 0 (11)

= AF(d)
i · E[∆(d)

P (Ei, t) | E′
i].

Similarly,

E[∆(other)
N (Ei, t)] = AF(d)

i · E[∆(other)
N (Ei, t) | E′

i].
(12)
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Expert ID Neuron
ID

Explanation

114 — This expert specializes in medical textbook content covering preventive medicine pathology pharmacology
and physiology

114 131 Words with embedded content between ‘<’ and ‘>’ symbols, often indicating emphasis or technical notation
114 710 The neuron is activating on various short function words and suffixes within word fragments, indicating a

focus on small linguistic units rather than specific concepts or content
114 419 The neuron is activating on numerical values such as numbers and percentages, as well as mathematical or

quantitative indicators
114 264 The neuron is activating on numeric percentages and proportions, such as 10%, and concepts related to

measurement or quantification, like body mass index
114 690 The neuron is activating on common words and connecting words which are not specific to any particular

concept, such as “of”, “and”, “in”, “between”, and “is”
114 557 Common short English words such as “and,” “of,” “in,” and “to.”

Table 8: Expert and neuron explanations.

Thus, the expected total performance change is
given by:

E[Ci] = AF(d)
i ·

[
E[∆(d)

P (Ei, t) | E′
i]

−E[∆(other)
N (Ei, t) | E′

i]
]
. (13)

Therefore, under the preceding heuristic, the ex-
pected total performance change can be approxi-
mated as

E[Ci] ≈ AF
(d)
i h

(
EDMS

(d)
i

)
, (14)

where h(x) = h1(x) − h2(1 − x). This approxi-
mation motivates the following surrogate objective
for selecting m experts:

J̃ (S) =
∑

i∈S
AF

(d)
i h

(
EDMS

(d)
i

)
, |S| = m.

(15)

We adopt the positive proportional instantiation
h(x) = kx, where k > 0 is a constant shared
across experts. Under this instantiation,

J̃ (S) = k
∑

i∈S
AF

(d)
i EDMS

(d)
i

= k
∑

i∈S
EDMRS

(d)
i . (16)

Because the positive constant k does not affect ex-
pert ranking, selecting the m experts with the high-
est EDMRS scores maximizes this surrogate ob-
jective, providing a heuristic justification for our
EDMRS strategy.

A.12 Analysis of Word Limit in Expert
Explanation Generation

We conduct an analysis on a randomly selected
monosemantic middle layer, varying the word
limit for expert explanations from 20 to 100 and

observing the corresponding changes in LDS. Re-
sults are shown in Table 9. A word limit of 20
achieves the highest LDS, reflecting a trade-off be-
tween underfitting and overfitting: when the de-
scription is too long, it tends to overfit to the sam-
pled activation examples. For instance, an ex-
pert that should be described as “epidemiology”
may overfit to specific instances such as “influenza
and tuberculosis” when given a longer description,
thereby narrowing the scope of the explanation
and causing LDS to decrease. This finding sug-
gests that sparsity-induced expert monosemantic-
ity can be effectively captured by concise natural
language descriptions, further supporting the struc-
tural analogy between MoE experts and SAE neu-
rons in our framework: MoE experts are monose-
mantic and exhibit high-level semantic specializa-
tion.

Word limit 20 30 40 50 60 80 100

LDS 0.7081 0.6911 0.6961 0.6939 0.7008 0.6869 0.6974

Table 9: LDS under different explanation word limits.

A.13 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 conceptu-
alization, data or code generation, image produc-
tion, mathematical derivation, data analysis, liter-
ature search, or citation management. Its use was
confined to light textual polishing of pre-written
content, with no confidential or external data dis-
closed. All AI-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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