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Abstract001

Mixture-of-Experts (MoE) architectures en-002
hance the scalability and efficiency of large003
language models (LLMs) by activating only004
a subset of parameters. However, the inter-005
pretability of individual experts and correspond-006
ing strategies for post-training adaptation to007
domain-specific tasks remain underexplored.008
In this work, we first develop an interpretability009
framework for expert-level monosemanticity010
in MoE models using sparse autoencoders, of-011
fering new insights into the specialization pat-012
terns of domain experts. Building on this, we013
propose an expert-frozen fine-tuning method014
that selectively updates domain-specific experts015
while keeping domain-agnostic experts fixed.016
We demonstrate that the inherent sparsity of017
MoE models encourages stronger monoseman-018
tic behavior at the expert level, which allows019
for the identification of experts responsible for020
particular downstream tasks and aids in pre-021
serving cross-domain performance. The pro-022
posed strategy further alleviates catastrophic023
forgetting and reduces computational overhead024
by limiting updates to domain-relevant experts.025
Experiments on specialized domains, including026
medical and legal corpora, show that our ap-027
proach performs on par with or better than fully028
fine-tuned models on in-domain tasks, while029
achieving relative improvements of 21.19% and030
60.58% in retaining performance on out-of-031
domain benchmarks. Compared to parameter-032
efficient fine-tuning baselines like LoRA, our033
method achieves superior performance on the034
target domain, while also achieving improve-035
ments of 11.29% and 52.70% in other domains.036

1 Introduction037

Mixture-of-Experts (MoE) architectures have re-038

cently emerged as a promising paradigm for scaling039

foundation models such as Kimi-K2, DeepSeek-040

V3 and Qwen3 (Team et al., 2025; Liu et al., 2024;041

Yang et al., 2025). By activating only a subset of042

experts in each layer, MoE substantially reduces043

computational overhead while preserving the over- 044

all capacity of the model. This sparsity allows 045

training models with hundreds of billions of param- 046

eters without a proportional increase in inference 047

cost, establishing MoE as a central design choice 048

in state-of-the-art large-scale language models. Be- 049

yond efficiency, MoE offers a natural mechanism 050

for expert specialization across different domains 051

or tasks, which holds promise for improving the 052

interpretability of these models (Jafar et al., 2025). 053

Nevertheless, systematic explorations into how to 054

better understand and leverage this interpretability 055

remain limited. 056

A key property in analyzing model interpretabil- 057

ity is monosemanticity, where each dimension is 058

activated primarily by a single natural concept (El- 059

hage et al., 2022; Cunningham et al., 2023), such 060

as sentiment polarity, semantic categories, or word 061

senses. The conventional approach to enhancing 062

monosemanticity is to train a sparse autoencoder 063

(SAE) on the internal activations of models. How- 064

ever, SAEs are post-hoc methods that introduce 065

additional computational overhead. Prior work has 066

shown that sparsity in the SAE feature space is 067

closely linked to improved monosemanticity (Gao 068

et al., 2024; Cunningham et al., 2023). This raises 069

the question of whether MoE’s inherent sparsity 070

promotes monosemantic representations. In this 071

paper, we propose a new analysis framework to 072

evaluate the monosemanticity of MoE models in 073

specific downstream domains. Our findings reveal 074

that increased sparsity significantly strengthens 075

expert-level monosemanticity and drives experts 076

to specialize across different downstream domains. 077

Building on our analysis of enhanced monose- 078

manticity in MoE models, we further examine how 079

this property can inspire better post-training strate- 080

gies for large language models. A well-known chal- 081

lenge in post-training, particularly supervised fine- 082

tuning, is that optimizing for a specific downstream 083

task often comes at the expense of performance 084
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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.,085

2022). This raises the question of how to preserve086

cross-domain generalization while still achieving087

strong task-specific improvements. Monoseman-088

ticity provides a natural lens to address this issue:089

with MoE architectures, the increased sparsity en-090

courages experts to specialize in distinct domains,091

suggesting that only a subset of experts is truly092

responsible for a given downstream task.093

As shown in Figure 1, we obtained natural lan-094

guage explanations for expert functions and pro-095

pose a fine-tuning strategy in which only the ex-096

perts relevant to the target task and decoupled from097

other domains are fine-tuned, while the others re-098

main frozen. Experimental results demonstrate099

that EDMRS achieves performance comparable100

to fully fine-tuned models on target tasks, while101

better preserving performance in other domains.102

By integrating monosemantic interpretability into103

post-training design, our approach offers a princi-104

pled means of improving task-specific performance105

while mitigating negative transfer across domains.106

Our contributions can be summarized as follows:107

• We introduce a novel framework to ana-108

lyze monosemanticity in MoE LLMs, filling109

the gap in existing research on expert-level110

monosemanticity in MoE models and provid-111

ing the infrastructure for further academic re-112

search in this area.113

• Through detailed analysis, we enhance the un-114

derstanding of MoE monosemanticity, show-115

ing that increased sparsity strengthens expert- 116

level monosemanticity, with middle layers ex- 117

hibiting the highest levels. Experts specialize 118

differently across domains, and these special- 119

ization patterns are crucial for improving task 120

performance and minimizing cross-domain in- 121

terference. 122

• Leveraging these insights, we propose a fine- 123

tuning strategy that combines expert monose- 124

manticity, selectively optimizing experts rel- 125

evant to specific downstream tasks, improv- 126

ing task performance while minimizing cross- 127

domain interference. 128

2 Related Work & Preliminary 129

2.1 MoE LLMs 130

Sparse MoE LLMs have achieved significant scala- 131

bility by activating only a subset of parameters in 132

each layer through a routing network (Team et al., 133

2025; Liu et al., 2024). This modular design en- 134

ables efficient scaling and introduces additional 135

flexibility for model adaptation. Formally, in the 136

l-th layer of the MoE, the output hidden state of 137

the t-th token, hlt, is computed as: 138

hlt =
N∑
i=1

gi,t · FFNi(u
l
t) + ult. (1) 139

Here, N denotes the total number of experts, 140

FFNi(·) represents the i-th expert network, and 141
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gi,t is the gating value for the i-th expert when pro-142

cessing the t-th token. The gating mechanism is143

defined as:144

gi,t =

{
si,t, si,t ∈ TopK({sj,t}Nj=1,K)

0, otherwise
, (2)145

where si,t denotes the token-expert gating score146

that determines the routing of token t to expert i,147

and the function TopK(·,K) selects the K high-148

est gating scores from the complete set of expert149

scores, effectively determining which experts will150

be activated for processing the current token.151

2.2 Finetuning of MoE LLMs152

Fine-tuning strategies for MoE LLMs are more153

complex than those for dense LLMs (Cai et al.,154

2025). Prior research has explored expert-specific155

tuning (Bai et al., 2025; Wang et al., 2024b), dy-156

namic data mixing (Zhu et al., 2024), and router157

adaptation (Liu et al., 2025). A key challenge is158

identifying relevant experts for the target domain.159

Existing methods rely on black-box metrics—such160

as expert activation frequency or router output prob-161

abilities (Cai et al., 2025)—but these lack inter-162

pretability and fail to distinguish domain-specific163

from shared experts. As a result, the interpretability164

of individual experts in MoE LLMs remains under-165

explored. In contrast, we leverage interpretability166

principles from sparse autoencoders (Cunningham167

et al., 2023) to design interpretable expert-level168

fine-tuning strategies for MoE LLMs.169

2.3 Monosemanticity in Large Language170

Models171

LLMs perform well across domains (Liu et al.,172

2024; Yang et al., 2025), but their decision-making173

is opaque. Recent studies introduced SAEs (Gao174

et al., 2024; Cunningham et al., 2023), inducing175

monosemantic dimensions that capture specific176

concepts (Shu et al., 2025). SAEs have been effec-177

tive in tasks like data selection (Ma et al., 2025),178

disentanglement (Pach et al., 2025), and privacy179

analysis (Frikha et al., 2025). They’ve also enabled180

interpretable reward models for transparent feed-181

back (Zhang et al., 2025; Li et al., 2025). While fo-182

cusing on dense LLMs, MoE models’ expert-level183

structure remains underexplored. This paper ex-184

plores expert-level monosemanticity in MoE LLMs185

and proposes interpretable fine-tuning strategies for186

better expert selection.187

3 Expert-level Monosemanticity in MoE 188

LLMs 189

SAEs have recently emerged as powerful tools for 190

improving the interpretability of LLMs (Cunning- 191

ham et al., 2023). SAEs encourage monoseman- 192

ticity by enforcing sparsity, such that each hidden 193

dimension tends to represent a distinct natural con- 194

cept (Gao et al., 2024). Notably, MoE LLMs in- 195

herently exhibit sparsity through their expert se- 196

lection mechanism, activating only a subset of ex- 197

perts for each input. This parallel motivates our 198

central research question: Does the inherent spar- 199

sity in MoEs lead to stronger monosemanticity? 200

To address this, Section 3.1 introduces a system- 201

atic framework for evaluating monosemanticity in 202

MoE LLMs, while Section 3.2 provides empirical 203

insights into how monosemanticity emerges within 204

MoE architectures. 205

3.1 Analysis Framework for Monosemanticity 206

in MoE LLMs 207

To investigate monosemanticity in MoE LLMs, we 208

propose an analysis framework grounded in struc- 209

tural analogies between SAE and MoE architec- 210

tures. Specifically, we map the sparse gating out- 211

puts in MoEs to the sparse intermediate representa- 212

tions in SAEs; the top-k activation mechanism in 213

MoEs mirrors the thresholded activation in SAEs; 214

and each MoE expert is considered analogous to a 215

single SAE neuron. Building on these correspon- 216

dences, we extend the notion of monosemantic- 217

ity from the neuron level in SAEs to the expert 218

level in MoE models. Inspired by automated SAE 219

monosemanticity evaluation methods (Paulo et al., 220

2025), we present a systematic, expert-level analy- 221

sis framework for MoE LLMs. 222

The proposed framework consists of two stages. 223

First, we employ a three-stage sampling strategy to 224

construct expert activation datasets, including top- 225

activated samples, importance-weighted samples, 226

and randomly selected negatives. Natural language 227

explanations for each expert are then generated 228

using two complementary prompts: Pmono, provid- 229

ing a general characterization, and P
(d)
domain, high- 230

lighting domain-specific semantics. In the second 231

stage, an external LLM predicts expert activation 232

based on these explanations, formulated as a binary 233

classification task whose accuracy reflects the de- 234

gree of expert-level monosemanticity. Complete 235

prompt templates and design details are provided 236

in Appendix A.1, with detailed expert explanations 237
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in Appendix A.3.238

To quantitatively assess the monosemanticity239

of MoE, we propose two key metrics: the ex-240

pert monosemanticity score (EMS) and the ex-241

pert domain monosemanticity score (EDMS). EMS242

measures the degree to which an expert exhibits243

monosemanticity across a general domain, while244

EDMS evaluates monosemanticity within a specific245

downstream domain. Formally, the EMS for expert246

Ei is defined as:247

EMSi =
1

|Di|
∑
sj∈D

I[ŷmono
i,j = yi,j ], (3)248

where D denotes the test dataset and j indexes its249

samples. Here, ŷmono
i,j represents the binary pre-250

diction of whether expert Ei would be activated251

for sample sj , based on the explanation derived252

from prompt Pmono, and yi,j is the corresponding253

ground-truth activation label. Higher EMS values254

indicate stronger monosemanticity.255

For evaluating monosemanticity in a specific do-256

main d, the EDMS is defined as:257

EDMS(d)
i =

1

|Di|
∑
sj∈D

I[ŷ(d)i,j = y
(d)
i,j ]. (4)258

Here, ŷ(d)i,j denotes the prediction of expert Ei for259

domain d, and y
(d)
i,j is the corresponding ground-260

truth label. A high EDMS indicates that the expert261

is monosemantic with respect to specific concepts262

in the target domain.263

3.2 Empirical Insights of Expert-level264

Monosemanticity265

To advance the understanding of expert monose-266

manticity and sparsity in MoE models, and to lay267

the groundwork for further applications, we system-268

atically analyze and uncover three key empirical269

insights in this section using the proposed analysis270

framework.271

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.

272

273

Clarification for Insight 1: Theoretical and em-274

pirical findings from SAE research establish that275

higher sparsity promotes stronger monosemanticity276

(Gao et al., 2024). In MoE LLMs, this sparsity is277

intrinsically determined by the number of activated278

experts, where a greater number of activations cor-279

responds to lower sparsity. Building on this princi-280

ple, our work investigates the relationship between281

expert-level sparsity and monosemanticity through 282

controlled experiments on the Qwen3-30B-A3B- 283

Instruct-2507 model (Yang et al., 2025). We select 284

four representative layers and systematically vary 285

the number of activated experts in each. Monose- 286

manticity is quantified using the Layer-wise Decou- 287

pling Score (LDS), which we define as the average 288

EMS of all experts within a layer: 289

LDSl =
1

Nl

Nl∑
i=1

EMS(l)
i , (5) 290

where LDSl denotes the LDS for the l-th layer and 291

Nl is the number of experts in that layer. LDS 292

captures the average monosemanticity of experts at 293

a given layer. 294

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

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 295

of activated experts (i.e., reducing sparsity) consis- 296

tently and significantly decreases LDS across all 297

layers, indicating progressively weaker functional 298

separation and diminished expert-level monose- 299

manticity. Building directly on this key observa- 300

tion, we next analyze how monosemanticity varies 301

across different layers of the MoE architecture. 302

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.

303

304

Clarification for Insight 2: Figure 2b presents 305

the LDS scores across network depth for Qwen3- 306

235B-A22B-Instruct-2507. We observe a rapid 307
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increase in LDS in the early layers, a consistently308

high plateau across the middle layers, and a sharp309

decline near the output. This trajectory suggests310

a three-stage organization: early layers focus on311

disentangling basic features, middle layers achieve312

the strongest expert decoupling and monoseman-313

ticity, and output layers gradually lose this separa-314

tion. These findings highlight the central role of315

middle-layer experts in maintaining semantic spe-316

cialization, i.e., monosemanticity, within the model.317

Besides patterns of monosemanticity across depth,318

we next examine domain-level monosemanticity319

to explore how expert specialization varies under320

different types of input data.To verify the stability321

of the metrics when using cheaper external LLMs,322

we added experiments in Appendix A.6.323

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

324

325

Clarification for Insight 3: To investigate326

domain-dependent variations in expert monose-327

manticity, we apply our monosemanticity anal-328

ysis framework using both Pmono and prompts329

P
(d)
domain to the middle layer of Qwen3-30B-A3B-330

Instruct-2507, computing EMS and EDMS for all331

128 experts. As shown in Figure 3a and Figure 3b,332

EDMS scores are generally lower than EMS scores,333

suggesting that while some experts maintain high334

monosemanticity, their activity often pertains to335

domains outside of the evaluated domain. We also336

identify polysemantic experts who are activated337

across multiple domains. Overall, these findings338

reveal the coexistence of domain-specialized and339

shared experts, indicating that experts exhibit dis-340

tinct patterns of activation across different domains.341

4 Monosemanticity-Guided Fine-Tuning342

Strategy for MoE LLMs343

During the fine-tuning process of MoE LLMs, it344

is widely observed that tuning on a target task will345

hurt the performance in other domains (Dong et al.,346

2023). Intuitively, as we have observed that there347

exist monosemantic experts, we can freeze the ir-348

relevant experts and only update the experts related349

to the target domain to mitigate this phenomenon.350

In Section 4.1, we present our method for identify-351

ing monosemantic experts, and in Section 4.2, we352

provide a theoretical justification for this approach.353

(a) Expert monosemanticity
scores

(b) Expert domain monose-
manticity scores

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 354

Monosemanticity Scores 355

In previous works (Bai et al., 2025; Wang et al., 356

2024b), the commonly used method is calculating 357

the activation frequency (AF) to find important 358

experts: 359

AF(d)
i =

1

|Td|
∑
t∈Td

I[E′
i(t)], (6) 360

where E′
i indicates whether expert Ei is activated 361

for token t, Td denotes the set of tokens in the tar- 362

get, and I[·] is the indicator function. We know 363

that there exist polysemantic experts who are ac- 364

tivated across multiple semantics. Fine-tuning 365

such experts will influence performance in other 366

domains. Therefore, it is crucial to distinguish 367

between monosemantic and polysemantic experts 368

with high activation frequency. 369

Leveraging our analysis framework and the 370

domain-specific prompt P(d)
domain, we can identify 371

monosemantic experts that encode semantic fea- 372

tures relevant to the target domain. These experts 373

are key to domain adaptation and are less likely to 374

interfere with other domains. Building on this, we 375

introduce the expert domain monosemantic respon- 376

sibility score (EDMRS) and its associated strategy. 377

EDMRS combines an expert’s activation frequency 378

(AF) with its EDMS, weighting the importance of 379

each expert’s activations. Formally, the EDMRS 380

for expert Ei in domain d is defined as: 381

EDMRS(d)
i = AF(d)

i × EDMS(d)
i 382

=
EDMS(d)

i

|Td|
∑
t∈Td

I[E′
i(t)] 383
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where EDMS(d)
i serves as a monosemanticity-384

based weighting coefficient, thereby increasing the385

importance of monosemanticity. A high EDMRS386

score indicates that the expert processes key se-387

mantic tokens relevant to the target and remains388

functionally decoupled from other domains.389

Benefiting from the structural properties of MoE390

LLM and our design, our method can be orthogo-391

nally combined with fine-tuning approaches such392

as LoRA rather than being mutually exclusive.393

Since we essentially select parameters that are rele-394

vant to the target domain and decoupled from other395

domains, these fine-tuning methods can treat the396

selected parameters as a new sub-network; for ex-397

ample, LoRA’s low-rank matrices can be directly398

applied to them (Hu et al., 2022).399

In summary, the EDMRS strategy refines the tra-400

ditional AF-based expert selection by explicitly in-401

corporating both domain specificity and functional402

independence into the selection criterion, avoiding403

the disruption of general experts’ distributions. By404

jointly considering an expert’s activation frequency405

and its domain monosemanticity, EDMRS ensures406

that the selected experts are not only highly rel-407

evant to the target domain and make significant408

contributions but also minimally entangled with409

other domains. This targeted selection facilitates410

effective domain adaptation and fine-tuning, lead-411

ing to enhanced performance in the target while412

substantially reducing cross-domain interference.413

4.2 Theoretical Verification of EDMRS414

Strategy415

As discussed earlier, we propose a new strategy to416

identify monosemantic experts related to a certain417

downstream domain. In this section, we provide a418

theoretical justification for our strategy.419

Specifically, we denote d as the fine-tuned target420

domain, and consider a layer of the MoE model421

containing the expert set E1, E2, . . . , EN . For each422

expert Ei, we define its activation frequency in do-423

main d as AF(d)
i and its Expert Domain Monose-424

manticity Score as EDMS(d)
i . To formalize the425

objective for expert selection, we define the perfor-426

mance change resulting from fine-tuning expert Ei427

in domain d for a single input token t as:428

Ci(t) = ∆
(d)
P (Ei, t)−∆

(other)
N (Ei, t) (7)429

where ∆
(d)
P (Ei, t) represents the performance im-430

provement of Ei on token t in the target d, while431

∆
(other)
N (Ei, t) denotes the performance degrada- 432

tion of Ei on token t in other domains. 433

Within our MoE monosemanticity analysis 434

framework, a high EDMS(d)
i score indicates that 435

the token activation pattern of expert Ei aligns 436

well with the domain-specific explanation. In other 437

words, the token features processed by the expert 438

are well-matched to target d, contributing substan- 439

tially to domain-specific performance while remain- 440

ing largely decoupled from other domains. Con- 441

versely, a low EDMS(d)
i implies that the expert’s 442

activations do not correspond to the domain ex- 443

planation, with token features poorly aligned to d, 444

resulting in minimal domain-specific contribution 445

and increased coupling with other domains. 446

Building upon this theoretical intuition, we there- 447

fore posit the following hypothesis: that the aver- 448

age positive change in performance for a single 449

token, when conditioned on the activation of expert 450

Ei, exhibits a positive correlation with the value of 451

EDMS(d)
i . 452

Assumption 1.

E[∆(d)
P (Ei, t) | E′

i] = k1 · EDMS
(d)
i (8) 453

454

E[∆(other)
N (Ei, t) | E′

i] = k2 · (1−EDMS
(d)
i ) (9) 455

where k1, k2 > 0 are constants. 456

We next present the following theorem that char- 457

acterizes the performance of our strategy: 458

Theorem 1 (EDMRS Optimal Expert Selection 459

Theorem). Under Assumption 1, given a constraint 460

on the number of selected experts m, selecting 461

the m experts with the highest EDMRS scores 462

EDMRS(d)i = AF(d)
i ·EDMS(d)i for fine-tuning max- 463

imizes the expected performance improvement in 464

the target d: 465

S∗ = arg max
|S|=m

∑
i∈S

E[Ci] 466

= arg max
|S|=m

∑
i∈S

EDMRS
(d)
i 467

where S∗ denotes the optimal expert selection set, 468

and E[Ci] = E[Ci(t)] is the expected total perfor- 469

mance change of expert Ei across all domains. 470

This theorem demonstrates that our EDMRS 471

strategy theoretically maximizes performance both 472

in the target and across other domains, providing 473

a formal justification for our approach. A detailed 474

proof is presented in Appendix A.4. 475
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Method biology business chemistry computer
science economics engineering history law math other philosophy physics psychology Average

Full 0.4686 0.3853 0.4364 0.2683 0.5284 0.3664 0.3911 0.2997 0.3494 0.3874 0.4148 0.4442 0.6529 0.4148
AF 0.6039 0.4284 0.4408 0.4951 0.5711 0.3736 0.4094 0.2852 0.4796 0.4773 0.3968 0.4742 0.5050 0.4570
EDMRS 0.6151 0.4715 0.4523 0.5537 0.6244 0.4118 0.5118 0.3143 0.5307 0.5011 0.4409 0.4788 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.

Method biology business chemistry computer
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.

Method biology business chemistry computer
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 0.4369 0.4357 0.5927 0.4517
EDMRS 0.6151 0.4715 0.4523 0.5537 0.6244 0.4118 0.5118 0.3143 0.5307 0.5011 0.4409 0.4788 0.6291 0.5027

vs LoRA +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.

Method biology business chemistry computer
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 LoRA -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 Experiments476

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 our477

proposed EDMRS strategy through two sets of ex-478

periments. The first set aims to answer: compared479

to the most commonly used full fine-tuning method480

(Full Strategy) and the expert selection method 481

based on activation frequency (AF Strategy), does 482

EDMRS offer greater advantages? The second 483

set of experiments investigates: compared to com- 484

monly used parameter-efficient fine-tuning (PEFT) 485

methods, how competitive is our EDMRS strategy 486

as an independent fine-tuning approach? 487

We conduct experiments using MedMCQA and 488

LegalBench datasets, alongside out-of-domain sub- 489

sets from MMLU-Pro, including 13 specialized 490

domains like economics, math, and history (Pal 491

et al., 2022; Guha et al., 2023; Wang et al., 2024a). 492

Further experimental details are in Appendix A.5. 493

5.1 Comparison with Full and AF Strategies 494

To evaluate the impact of post-training on per- 495

formance in other domains, we perform expert- 496

selection fine-tuning for the medical domain and 497

legal domain. We compare the effectiveness of our 498

proposed EDMRS strategy against conventional ap- 499

proaches by considering three strategies: (1) Full- 500

parameter Strategy: all model parameters are fine- 501
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tuned, serving as the baseline; (2) AF Strategy:502

fine-tune the k experts with the highest activation503

frequencies; (3) EDMRS Strategy: fine-tune the k504

experts with the highest EDMRS.505

Method Average Accuracy
on MedMCQA

Average Accuracy
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.

Method Average Accuracy
on LegalBench

Average Accuracy
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-506

forms AF (48.48%) and approaches Full (60.72%).507

More importantly, EDMRS demonstrates better508

performance in other domains (50.27%), surpass-509

ing the Full (41.48%) and AF (45.70%) strategies510

by relative margins of 21.19% and 10.00%, respec-511

tively. Table 1(a) shows EDMRS is clearly the best.512

Notably, EDMRS outperforms the Full by 51.89%513

on math, reflecting that EDMRS preserves impor-514

tant reasoning capabilities. Table 4 and Table1(b)515

shows consistent advantages are also observed in516

the legal domain, surpassing the Full and AF strate-517

gies by relative margins of 60.58% and 10.25%.518

Table 2 further reveals that EDMRS selects ex-519

perts specialized for the target domain, unlike AF,520

which tends to select general experts. This advan-521

tage of EDMRS is due to its ability to avoid the522

impact of general experts by only updating domain-523

specific ones, reducing the loss of capabilities in524

other domains.525

5.2 Comparison with PEFT as a Standalone526

Strategy527

Method Average Accuracy
on MedMCQA

Average Accuracy
on MMLU-Pro

LoRA 0.5090 0.4517
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.

Method Average Accuracy
on LegalBench

Average Accuracy
on MMLU-Pro

LoRA 0.6559 0.1129
EDMRS 0.7679 0.1724

vs LoRA +17.08% +52.70%

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

It should be noted that our method is orthogonal 528

to PEFT approaches, such as applying LoRA’s low- 529

rank matrices directly to the experts we select. To 530

compare their standalone capabilities, we evaluate 531

against LoRA. As shown in Tables 5, 6, 1(c) and 532

1(d), EDMRS achieves better performance on the 533

target domain (by 18.55% for medical and 17.08% 534

for legal) while outperforming LoRA across almost 535

all other domains and on average (by 11.29% for 536

medical and 52.70% for legal), further demonstrat- 537

ing the advantages of EDMRS. This is because 538

LoRA still updates all experts, whereas our strat- 539

egy more effectively prevents cross-domain inter- 540

ference by freezing irrelevant experts. 541

5.3 Overall Discussion 542

Taking into account both the comparable perfor- 543

mance in the target and the improvements on reten- 544

tion across other domains, the experimental results 545

demonstrate the substantial advantage of EDMRS, 546

which mitigates cross-domain interference caused 547

by parameter updates at the semantic level, ulti- 548

mately achieving enhanced target-domain perfor- 549

mance while alleviating catastrophic forgetting. 550

6 Conclusion 551

We establish an analysis framework that extends 552

SAE monosemanticity analysis to MoE and pro- 553

pose a fine-tuning strategy guided by monoseman- 554

ticity analysis, emphasizing the role of sparsity in 555

fostering expert specialization across domains. We 556

define four novel metrics to assess monosemantic- 557

ity and domain alignment, and use these to develop 558

a selective fine-tuning method that updates only rel- 559

evant experts, while freezing unrelated ones. Exper- 560

iments show that our method significantly enhances 561

performance retention and generalization across 562

other domains. We believe that our framework pro- 563

vides a principled approach for understanding and 564

leveraging the monosemanticity of MoE, with po- 565

tential applicability to a wide range of real-world 566

scenarios. 567
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7 Limitations568

Our method introduces some performance over-569

head due to the process of generating expert-570

level explanations and calculating monosemantic-571

ity scores. Additionally, we have not explored572

the orthogonal combination with other parameter-573

efficient fine-tuning (PEFT) methods, which could574

potentially enhance performance.575
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A Appendix698

A.1 Details of Prompts Used in Our699

monosemanticity analysis framework700

This section provides a detailed introduction to the701

prompt designs used in our expert monoseman-702

ticity analysis framework, covering both explana-703

tion generation and evaluation stages. The prompt704

contents are crucial for the accuracy of expert ex-705

planation generation and evaluation, and facilitate706

reproducibility and comparison.707

A.1.1 Explanation Generation Prompts:708

Pmono and P
(d)
domain709

During the explanation generation stage, we design710

two types of prompts: Pmono and P
(d)
domain. Full711

details are as follows:712

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

713

<< ... >>. 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 <<>>.

714
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Full Details of P(d)
domain

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

Additionally, to constrain P
(d)
domain 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 Pmono:

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

715

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".

716

A.2 Explanation Evaluation Prompts 717

In the explanation evaluation stage, the full details 718

of the designed prompts are as follows: 719

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.

720
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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, 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 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.

721

A.3 Expert Explanations from the722

Monosemanticity Analysis Framework723

To enhance the understanding of expert specializa-724

tion within MoE, we present the natural language725

explanations generated by our monosemanticity726

analysis framework below.727

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 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.

728

Medical Domain Expert Explanations by
P
(d)
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

729
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Legal Domain Expert Explanations by
P
(d)
domain

• 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

730

A.4 Detailed Proof of Theorem 1731

The detailed proof of Theorem 1 is provided below.732

Proof. By the law of total expectation, the expected733

total performance change for expert Ei across all734

domains is given by:735

E[Ci] = E[Ci(t)]736

= E[∆(d)
P (Ei, t)]− E[∆(other)

N (Ei, t)].737

Within the sparse activation mechanism of the738

MoE architecture, an expert only contributes to the739

model output when it is activated. If the expert is740

not activated, it does not induce any performance741

change, i.e.,742

E[∆(d)
P (Ei, t) | E′′

i ] = 0 (10)743

E[∆(other)
N (Ei, t) | E′′

i ] = 0 (11)744

where E′′
i indicates that expert Ei is not activated745

during the output of token t.746

Therefore, by the law of total expectation, the747

expectation can be decomposed into the cases of748

activation and non-activation:749

E[∆(d)
P (Ei, t)] = P (E′

i) · E[∆
(d)
P (Ei, t) | E′

i]750

+ P (E′′
i ) · E[∆

(d)
P (Ei, t) | E′′

i ]751

= AF(d)
i · E[∆(d)

P (Ei, t) | E′
i]752

+ (1− AF(d)
i ) · 0 (12)753

= AF(d)
i · E[∆(d)

P (Ei, t) | E′
i]754

Similarly, 755

E[∆(other)
N (Ei, t)] = AF(d)

i · E[∆(other)
N (Ei, t) | E′

i]
(13)

756

Thus, the expected total performance change is 757

given by: 758

E[Ci] = AF(d)
i ·

[
E[∆(d)

P (Ei, t) | E′
i] 759

−E[∆(other)
N (Ei, t) | E′

i]
]

(14) 760

Therefore, the expected total performance 761

change can be approximated as: 762

E[Ci] = AF(d)
i

[
k1 EDMS(d)

i − k2 (1− EDMS(d)
i )

]
763

= AF(d)
i

[
(k1 + k2)EDMS(d)

i − k2

]
(15) 764

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 max
|S|=m

∑
i∈S

E[Ci]

. Since k1 and k2 are constants, they do not affect 765

the ranking of expert selection. Thus, the optimiza- 766

tion objective is equivalent to: 767

S = arg max
|S|=m

∑
i∈S

E[Ci] 768

= arg max
|S|=m

∑
i∈S

EDMRS(d)
i (16) 769

In other words, to maximize the total EDMRS 770

score, the m experts with the highest EDMRS 771

scores should be selected, which leads to our 772

EDMRS strategy and demonstrates its optimality. 773

774

A.5 Experiments Settings 775

In our experiments, GPT-4o is employed as the ex- 776

ternal large language model within the analytical 777

framework, while Qwen3-30B-A3B-Instruct-2507 778

serves as the base model. For the comparative 779

experiments on the MedMCQA dataset involving 780

three strategies, the hyperparameter configurations 781

are as follows: a batch size of 32 and a learning rate 782

of 5e-5 are used. Due to differences in the number 783

of parameters updated at each training step, the 784

EDMRS and AF models are trained for 3 epochs, 785

whereas the Full-parameter model is trained for 1 786

epoch. For the LegalBench dataset, we randomly 787
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Figure 4: Analysis of metric stability under affordable
external LLMs.

sample 20% of the data for training and testing,788

respectively. All methods utilize a batch size of 32,789

employ a cosine annealing learning rate schedule,790

with initial learning rates set to 1e-5 for AF and791

EDMRS, and 5e-6 for the Full model. A warmup792

ratio of 0.05 is applied, and the minimum learn-793

ing rates are set to 1e-6 for AF and EDMRS, and794

5e-7 for the Full model. All models are trained795

for 1 epoch. We report the maximum value across796

5 random seeds. When applying the expert selec-797

tion fine-tuning strategy, we select all layers of the798

model and only fine-tune 16 experts within each799

layer.800

A.6 Stability of Metrics with Affordable801

External LLMs802

To evaluate the stability of monosemanticity met-803

rics when employing more cost-effective external804

large language models, we conducted experiments805

on Qwen3-235B-A22B using both GPT-4o and the806

smaller, lower-cost GPT-4o-mini to assess all lay-807

ers. Comparative results are presented in Figure 4,808

where the relative variation trends demonstrate high809

consistency across different external LLMs, reflect-810

ing the robustness of monosemanticity prediction.811

Thus, even when shifting to a more economical812

external LLM, our scoring remains highly reliable.813

A.7 Use of Ai Assistants814

The present manuscript’s Introduction and Con-815

clusion underwent limited language refinement816

through a general-purpose large language model,817

strictly for improving grammar, wording, and read-818

ability. The model played no role in conceptual-819

ization, data or code generation, image production,820

mathematical derivation, data analysis, literature821

search, or citation management. Its use was con-822

fined to light textual polishing of pre-written con-823

tent, with no confidential or external data disclosed.824

All AI-proposed changes were carefully examined 825

and manually approved by the authors, who retain 826

sole accountability for the scholarly content of the 827

work. 828
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