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Abstract

In the era of Large Language Models (LLMs),
the Mixture of Experts (MoE) architecture has
emerged as an effective approach for training
extremely large models with improved compu-
tational efficiency. This success builds upon
extensive prior research aimed at enhancing ex-
pert specialization in MoE-based LLMs. How-
ever, the nature of such specializations and
how they can be systematically interpreted re-
main open research challenges. In this work,
we investigate this gap by posing a fundamen-
tal question: Do domain-specific experts exist
in MoE-based LLMs? To answer the ques-
tion, we evaluate ten advanced MoE-based
LLMs ranging from 3.8B to 120B parameters
and provide empirical evidence for the exis-
tence of domain-specific experts. Building
on this finding, we propose Domain Steering
Mixture of Experts (DSMoE), a training-free
framework that introduces zero additional in-
ference cost and outperforms both well-trained
MoE-based LLMs and strong baselines, in-
cluding Supervised Fine-Tuning (SFT). Exper-
iments on four advanced open-source MoE-
based LLMs across both target and non-target
domains demonstrate that our method achieves
strong performance and robust generalization
without increasing inference cost or requiring
additional retraining. Our implementation is
publicly available at https://github.com/
giangdip2410/Domain-specific-Experts.

1 Introduction

Large Language Models (LLMs) have achieved re-
markable success in Natural Language Processing
(NLP) (Brown et al., 2020; Du et al., 2022; Fedus
et al., 2022), Computer Vision (Riquelme et al.,
2021a; Shen et al., 2023), and multimodal appli-
cations (Zhan et al., 2024; Li et al., 2025a). This
progress is largely driven by scaling laws (Kaplan
et al., 2020), which indicate that LLM performance
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strongly correlates with model scale. Mixture of
Experts (MoE) architectures (Shazeer et al., 2017)
are particularly well suited for scaling models un-
der a fixed computational budget, making them
an effective paradigm for building large-capacity
models efficiently (Team, 2024; Dai et al., 2024).
The success of MoE-based LLMs is driven by
extensive work on improving expert specialization
to enable efficient training and fine-tuning (Kr-
ishnamurthy et al., 2023; Dai et al., 2024; Wang
et al., 2024b). Yet, the nature and interpretabil-
ity of such specializations remain open questions.
In this work, we investigate this gap by posing a
fundamental question: Do domain-specific experts
exist in MoE-based LLMs? To tackle this prob-
lem, we conduct a systematic evaluation of recent
open-source MoE-based LLMs across diverse pa-
rameter scales, ranging from large models such
as GPT-OSS-120B (OpenAl et al., 2025) (120B
parameters) to compact models such as Phi-tiny-
MoE (Li et al., 2025b) (3.8B parameters).
Building on these findings, we introduce Do-
main Steering Mixture of Experts (DSMoE), a
training-free framework that guides MoE-based
LLMs toward improved performance while in-
curring no additional inference cost and requir-
ing no further retraining. We conduct exten-
sive experiments on four state-of-the-art MoE-
based LLMs, including GPT-OSS (OpenAl et al.,
2025) and Qwen3MOoE (Yang et al., 2025), across
both target and non-target domains. Evaluations
on challenging reasoning benchmarks such as
MMLU-Pro (Wang et al., 2024a) and GPQA-
Diamond (Rein et al., 2023) demonstrate that our
method achieves strong performance while exhibit-
ing robust generalization without increasing infer-
ence cost or requiring additional retraining. In sum-
mary, this paper makes three key contributions:

* We formulate the interpretability of MoE-
based LLMs as the problem of verifying
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Question

There exist real numbers = and y, both greater than 1, such that log,(y*) =
log,, (z*¥) = 10. Find zy.

Response: We need to solve for z,y > 1. [...] Equation (1): y* = 20 — be® =
10a. Equation (2): 2% = y'© — 4ae® = 10b. We can attempt to solve for
a,b. From (I): b = 10a/e®. Plug into (II): 4ae'%%/¢* = 10b. That seems messy.
Alternatively, divide (I) by (I): e*~® = 4a2/b?. [...] We can attempt to solve for ¢
numerically. Let’stry ¢ = 1,¢ = 2,¢ = 0.5... [loops through 20+ numerical guesses].
So left side negative until ¢ ~ 2.5, right side positive. So no crossing? So equality

Response: We have xlny = 10lnz and 4ylnz = 10lny. Letu = lnz,v = Iny.

Baseline
(GPT-OSS-
20B)
cannot hold.
Predicted Answer: 0 (Incorrect)
DSMoE
(Ours)

Equations: e“v = 10u and 4e”u = 10v. Dividing equations leads to u — v =
In4d 4+ 2Inwu — 2lnw. [...] Let’s attempt to find integer solution for xy. Suppose
xy = 25. We have u + v = In25 ~ 3.218. Solving numerically for v with sum
s = In25: e*(s — u) = 10u. We find u ~ 0.4275. Checking second equation:
4e*7"u = 10(s — ). Left side: 27.904. Right side: 27.913. Very close. So indeed
u solves both. So xy = 25 is consistent.

Predicted Answer: 25 (Correct)

Table 1: Qualitative comparison on a challenging math problem - AIME (MAA Committees, n.d.) 2024. The
baseline (GPT-OSS-20B) fails to resolve the system of equations, getting stuck in numerical approximation. In

contrast, DSMoE successfully identifies the integer relationship xy = 25 through effective hypothesis testing.

domain-specific experts.

* We empirically evaluate ten advanced MoE-
based LLMs across a wide range of model
scales, providing evidence for the existence of
domain-specific specialization.

* We propose Domain Steering MOoEs
(DSMoE), a training-free framework that
achieves strong performance and generaliza-
tion without incurring additional inference or
retraining costs.

2 Related work

Expert Specialization. Mixture of Experts (MoE)
models (Jacobs et al., 1991; Jordan and Jacobs,
1994) have gained significant traction in large lan-
guage models and have since been widely applied
across domains such as natural language process-
ing, computer vision, and speech recognition (Jiang
et al., 2024; Zhou et al., 2022; Riquelme et al.,
2021b). However, ensuring that experts acquire
non-overlapping and specialized knowledge re-
mains challenging (Dai et al., 2024; Chi et al.,
2022). To address this challenge, prior work has
followed two main research directions: (1) modi-
fying the MoE architecture and (2) improving the
routing mechanism. Following the first direction,

DeepSeekMoE (Dai et al., 2024) promotes expert
specialization through fine-grained expert segmen-
tation and the introduction of shared experts, while
uMoE (Oldfield et al., 2024) achieves specializa-
tion by performing implicit computation over pro-
hibitively large weight tensors entirely in a fac-
torized form. Along the second direction, various
routing-based solutions have been proposed, includ-
ing XMoE, which employs low-dimensional rout-
ing scores (Chi et al., 2022), and SMoE-dropout,
which gradually activates a larger number of ex-
perts during training (Chen et al., 2023). Other ap-
proaches, such as StableMoE (Dai et al., 2022) and
HyperRouter (Do et al., 2023), focus on improving
router stability and robustness. Beyond architec-
tural and routing modifications, some studies pro-
pose auxiliary loss functions to further enhance ex-
pert specialization in MoE-based LLMs (Do et al.,
2024; Guo et al., 2025).

Explainable MoE. The demand for reliable and
transparent model explanations is critical across
many machine learning applications, for which
Mixture of Experts (MoE) architectures are par-
ticularly well suited. Interpretable MoE (IME) (Is-
mail et al., 2023) integrates MoE with deep neu-
ral networks (DNNs) to achieve both strong pre-
dictive performance and enhanced interpretabil-
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ity. Following a similar line of research, SMoE-
VAE (Nikolic et al., 2025) combines MoE with
variational autoencoders to improve expert-level
interpretability in an unsupervised setting. More re-
cently, MoE Lens (Chaudhari et al., 2025) analyzes
domain-specific routing patterns and demonstrates
that MoE models predominantly rely on a small
subset of specialized experts, with the top-weighted
expert’s output closely approximating the full en-
semble prediction.

Steering LLMs. Controlling the behavior of
large language models (LLMs) through direct in-
tervention on internal activations has emerged as
a promising research direction. Prior work has
proposed various activation-steering methods that
modify model behavior by injecting steering sig-
nals into intermediate representations (Turner et al.,
2024; Rimsky et al., 2024). Most existing ap-
proaches apply a steering vector to the model acti-
vations at specific layers and token positions dur-
ing inference; however, such methods typically
rely on locally learned steering vectors, which lim-
its their ability to generalize across multiple do-
mains (Wang et al., 2025a). RICE (Wang et al.,
2025a) recently introduces a steering method that
focuses on thinking experts. However, this ap-
proach is currently limited to extremely large rea-
soning models, such as DeepSeek-R1 (DeepSeek-
Al et al., 2025) and Qwen3-235B (Team, 2025).
Moreover, RICE targets thinking experts that ex-
hibit substantial variability across samples or do-
mains, which can hinder the method’s generaliza-
tion capability. In contrast, our work addresses a
fundamental question: Do domain-specific experts
exist in MoE-based LLMs? To this end, we con-
duct a systematic evaluation of recent open-source
MoE-based LLMs across a wide range of parame-
ter scales, such as GPT-OSS-120B (OpenAl et al.,
2025) or Phi-tiny-MoE (Li et al., 2025b). Based
on these conclusions, we propose Domain Steer-
ing Mixture of Experts (DSMoE), a training-free
framework that introduces zero additional infer-
ence cost and consistently outperforms well-trained
MoE-based LLMs as well as strong baselines, in-
cluding supervised fine-tuning (SFT).

3 Methodology

3.1 Preliminaries

MoE-based LLM Layer. An MoE-based LLM
layer replaces the standard Feedforward Network
(FFN) with a Mixture of Experts module consist-

ing of N experts. Given an input € RY, the
layer computes a weighted aggregation of k active
experts:

M (@) =) si(x) FFN; (), (1)

i€

where W, € RV*? is the router embedding and
K C {1,..., N} is the set of k selected indices.
The gating weights s() are derived from the router
logits | = W .x. Depending on the architecture,
sparsity is enforced either after softmax (standard)
or before softmax (masked). Letting o () denote
the softmax function:

o(@) = {TopK(a(l), k)

(Post-Softmax)

U(TOmeask (l , k) ) (Pre-Softmax)

where TopK, . sets the logits of non-selected ex-
perts to —oo prior to normalization. Each expert
FFN; is a multi-layer perceptron.

3.2 Domain-specific Token

Definition 3.1 (Common Token) Let D denote a
specific domain and S = (s1,S82,...,87) be a
sequence of tokens such that S € D. Let M be a
pre-trained Large Language Model and T (-, M)
be the task evaluation metric.

A token s; is defined as a Common Token if its
removal results in a negligible change in the task
metric, bounded by a small threshold e:

[T (S, M) = T(S\(s;3- M) <€ (3)

where S\ () denotes the sequence S excluding
token s;, and € ~ 0 is a small scalar.

Definition 3.2 (Domain-specific Token)
Following the notation in Definition 3.1, a
token s; is defined as a Domain-specific Token if
its removal causes a significant degradation in the
task metric, exceeding the threshold e:

[T (S, M) = T(S\(s;3- M) =€ (4

This inequality implies that s; carries information
crucial to the performance of model M on domain
D.

Remark: Unless otherwise specified, 7 (-, M) de-
notes the cross-entropy loss, as this is the standard
objective function for next-token prediction tasks
in Large Language Models.

A direct approach to identifying domain-specific
tokens satisfying Definition 3.2 is Leave-One-Out
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(LOO) cross-validation (Cawley, 2006). However,
this method is computationally prohibitive for long
sequences, as it scales with complexity O(N?).
To overcome this limitation, we leverage gradient-
based attribution methods to approximate token
importance (Shrikumar et al., 2019; Ancona et al.,
2018).

Specifically, let e; € R? denote the input embed-
ding vector for token s;, and let £ be the task loss.
We calculate the ranking score r; for each token as
the Ly norm of the element-wise product between
the embedding and its gradient:

i = ||e; © Ve, L]|, &)

where © denotes the Hadamard product and Ve, £
is the gradient of the loss with respect to the em-
bedding vector. High values of r; indicate tokens
that significantly influence the model’s output.

Definition 3.3 (Domain-specific Threshold)

Let v = (r1,72,...,77) be the vector of token
importance scores for sequence S. For a chosen
domain-specific level p € [0, 1] (representing the
proportion of tokens considered domain-specific),
we define the threshold t, as the value satisfying
the empirical quantile condition:

1 T
72 Ml <tp)=1-p (6)
=1

where 1(-) is the indicator function.  The
token classification function Cy, RT —
{Common, Specific}T is defined as:

¢ (1) Common Token if|ri| <tp
r); =
tpA1 8 Domain-specific Token otherwise
(7N

Remark: The hyperparameter p is selected empir-
ically. We find that values in the range (0.15, 0.5)
are effective, a setting consistent with the 15%
masking ratio used in the BERT pre-training objec-
tive (Devlin et al., 2019).

3.3 Domain-specific Expert

We hypothesize the existence of domain-specific
experts within the Mixture-of-Experts (MoE) ar-
chitecture. These experts are characterized by a
dual property: they are frequently activated within
a specific domain, and when activated, they exhibit
a strong preference for processing domain-specific
tokens rather than common tokens.

Definition 3.4 (Domain-specific Expert) Let
S be a sequence of tokens from domain D,
partitioned into a set of domain-specific tokens S
and common tokens C (as per Definition 3.3). Let
E = {e1,...,en} be the set of N experts in the
model.

For each expert ej, we calculate the domain-
specific score g(e;) as:

g(ej) = P(e;|D) - [P(s € Slej) — P(s € Cle;)]
(®)

where P(e;|D) is the activation frequency of e;
on domain D, and the conditional probabilities
represent the expert’s token preference.

Let K be a hyperparameter denoting the target
number of domain-specific experts (i.e., top-K).
We define the selection threshold vy such that:

N
> Igles) > vx) = K ©9)
j=1

Accordingly, the set of Domain-specific Experts
E* C & is defined as the subset of experts satisfying
this condition:

& ={eje&|glej) >k}

Remark: The score g(e;) effectively balances two
factors: the expert’s global relevance to the do-
main (represented by P(e;|D)) and its specializa-
tion level (represented by the difference in condi-
tional probabilities). This penalizes experts that are
active frequently but only process common, non-
informative tokens.

(10)

3.4 Domain Steering Mixture of Experts
(DSMoE)

Building upon the identification of domain-specific
experts in Definition 3.4, we propose Domain
Steering Mixture of Experts (DSMoE). DSMoE
is a training-free inference framework designed to
adapt generic MoE-based Large Language Models
to specific target domains by dynamically modulat-
ing the router’s behavior.

Formally, let £* denote the set of identified
domain-specific experts. For a given input token,
let w; represent the original scalar weight (or logit)
assigned to expert e; by the router. We introduce
a steering coefficient o € (0,100) to amplify the
contribution of domain-specific experts.

The steered routing weights w; are computed as
follows:

) — {a-wj ife; € &*
wj

otherwise

(11)
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After applying this steering transformation, the
weights are typically re-normalized (e.g., via a Soft-
max function) to ensure a valid probability distri-
bution for expert selection. This mechanism effec-
tively biases the model’s computation path towards
experts specialized for the target domain without
requiring parameter updates.

4 Experiments

We design our experiments to investigate the fol-
lowing four research questions: RQ1 (Existence)
asks if domain-specific experts exist in MoE-based
LLMs; RQ2 (Effectiveness) evaluates how effec-
tive the proposed DSMoE framework is on tar-
get domains; RQ3 (Generalization) examines if
DSMoE maintains robust performance on non-
target domains; and RQ4 (Efficiency) analyzes the
computational cost of DSMoE compared to base-
lines, particularly regarding inference overhead.

4.1 Experimental Settings

MoE-based LLMs. To validate our hypothesis,
we evaluate our method across a diverse set of
state-of-the-art Mixture-of-Experts (MoE) Large
Language Models, ranging in scale from 3.8B to
120B parameters. Specifically, our experimen-
tal suite includes PhiMoE-Tiny (Li et al., 2025b),
OLMOoE (Muennighoff et al., 2024), Qwenl.5-
MoE (Team, 2024), and DeepSeek-MoE (Dai et al.,
2024). We also include recent advanced models
such as GPT-OSS-20B and GPT-OSS-120B (Ope-
nAl et al., 2025), ERNIE-4.5 (Baidu-ERNIE-Team,
2025), and the Qwen3-MOoE series (Instruct, Think,
and Next variants) (Team, 2025). Detailed archi-
tectural specifications for all utilized models are
provided in Table 7.

Baselines.  Since our proposed DSMoE is a
training-free framework compatible with any oft-
the-shelf MoE-based LLMs, our main baseline is
the Original MoE-based models. We also compare
our approach against RICE (Wang et al., 2025b),
a recent state-of-the-art method for steering MoE-
based reasoning models. To provide a comprehen-
sive evaluation, we further benchmark against Su-
pervised Fine-Tuning (SFT) using LoRA (Hu et al.,
2021), which serves as the standard paradigm for
domain adaptation. Throughout this paper, SFT
refers to fine-tuning using LoRA, with trainable
parameters comprising 2.7% of the total model pa-
rameters, unless stated otherwise.

Benchmarks. To demonstrate the efficacy of

DSMOoE, we evaluate our method on three chal-
lenging benchmarks designed to assess deep do-
main understanding and complex reasoning. We
first utilize MMLU-Pro (Wang et al., 2024a), a ro-
bust benchmark that introduces reasoning-intensive
questions with a ten-option choice set to mini-
mize random guessing. Furthermore, we test on
GPQA Diamond (Rein et al., 2023), a graduate-
level dataset of such extreme difficulty that domain
experts (PhDs) achieve only ~ 65% accuracy. Fi-
nally, we evaluate advanced mathematical profi-
ciency using AIME (MAA Committees, n.d.), a
collection of problems from the American Invita-
tional Mathematics Examination known for requir-
ing multi-step reasoning.

4.2 Domain-specific Experts Testing

To verify that the domain-specific experts defined
in Section 3.4 are genuinely specialized, we con-
duct a performance evaluation on the mathemat-
ics domain using ten advanced MoE-based LLMs.
For each model, we sample 10% of mathemat-
ics questions from the MMLU-Pro dataset. The
evaluation follows the procedure described in Sec-
tion 3, consisting of three steps: (1) identifying
domain-specific tokens as defined in Definition 3.2;
(2) computing expert ranking scores according to
Equation 8; and (3) applying DSMoE with K =1
by activating the expert with the highest ranking
score.

For Step (1), to ensure a fair evaluation, we iden-
tify domain-specific tokens using only the question
tokens, excluding answer tokens. We visualize the
evaluation results by comparing DSMoE predic-
tions with the ground-truth labels of the MMLU-
Pro mathematics benchmark, as shown in Figure 1.
The results demonstrate that at least one domain-
specific expert exists for the mathematics domain
in all ten evaluated MoE-based LLMs. These find-
ings support our hypothesis that MoE-based LLMs
inherently contain domain-specific experts. More-
over, an interesting observation is that steering a
single expert in MoE-based LLMs can significantly
improve performance over the base model, with
gains ranging from 3% to 45%.

4.3 Target Domains Evaluation

Conventional steering methods, such as
RICE (Wang et al., 2025a), require rerun-
ning the steering procedure separately for each
domain and each dataset. In contrast, DSMoE
is built upon domain-specific representations
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Figure 1: Evaluation of Domain-specific Experts across ten state-of-the-art MoE LLMs on the MMLU-Pro Math
domain. Experiments were conducted with K = 1 (number of specific experts) and oo = 3.0 (steering coefficient).
All models exhibit performance improvements compared to their original baselines, providing empirical evidence
for the existence of domain-specific experts within MoE architectures. Best viewed in color.

and requires identifying domain-specific tokens
(Definition 3.2) and domain-specific experts
(Definition 3.4) only once. Since the MMLU-Pro
dataset supports 14 domains, we adopt it as the
target dataset for identifying domain-specific
tokens and experts. In this work, we focus on
four target domains (Math, Biology, Physics, and
Chemistry); however, DSMoE can be straightfor-
wardly extended to other domains supported by
MMLU-Pro.

For each target domain, we use only question
texts (without labels) from MMLU-Pro to iden-
tify domain-specific tokens and domain-specific
experts. Empirically, we find that p € (0.15,0.5)
and K set to approximately 1% of the total num-
ber of experts yield strong performance. Notably,
smaller values of p impose a stricter criterion for
domain specificity, resulting in fewer selected ex-
perts but higher confidence in their domain spe-
cialization. Table 2 presents the comparative re-
sults across four target domains on the MMLU-Pro
benchmark. Overall, DSMoE consistently outper-
forms both the original MoE baselines and the ad-
vanced steering method, RICE, across all evaluated
models. Specifically, DSMoE yields average abso-
lute improvements of +1.5, +14.5, +3.6, and +3.7
percentage points for Qwen3-30B-Instruct, GPT-
0SS-120B, Qwen3-30B-Thinking, and GPT-OSS-
20B, respectively.

Our analysis highlights significant limitations in
baseline methods. The results indicate that RICE,

which relies heavily on thinking tokens, struggles
to generalize to standard (non-reasoning) models.
Furthermore, DSMoE frequently outperforms Su-
pervised Fine-Tuning (SFT). While SFT requires
updating approximately 2.7% of the model’s pa-
rameters and is inherently data-intensive, DSMoE
achieves superior performance without any param-
eter updates. Notably, our method achieves sub-
stantial gains in challenging domains such as Math-
ematics and Chemistry, recording improvements
of up to +29.1 points over the original model.
These findings demonstrate that selectively acti-
vating domain-specific experts is a highly efficient
strategy for enhancing model performance without
the computational and data costs of fine-tuning.

4.4 Non-target Domains Evaluation

Generalizability Evaluation.; To demonstrate the
generalizability of DSMoE, we evaluate its per-
formance on two independent benchmarks using
domain-specific experts identified via the MMLU-
Pro dataset. First, Table 3 reports results on
the GPQA Diamond benchmark across Biology,
Physics, and Chemistry. DSMoE consistently out-
performs the original MoE baselines across all eval-
uated models, yielding average gains ranging from
+4.8 to +27.1 percentage points. To further assess
performance on extremely challenging reasoning
tasks, we evaluate DSMoE on the American Invi-
tational Mathematics Examination (AIME) (MAA
Committees, n.d.). As shown in Table 4, DSMoE
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Domain Orig. RICE SFT DSMoE  +/- Domain Orig. RICE SFT DSMoE +/-
Owen3-30B-Instruct QOwen3-30B-Instruct
Math 850 859 854 863  +13 Biology 684 474 632 737 453
Biology 87.6 870 879 88.6  +1.0 Physics 709 709 744 767  +5.8
Physics 781 791 788  80.0  +1.8 Chemistry 53.8 452 419 581  +43
Chemistry 762 777 77.1 1783 420 Average 644 545 598  69.5  +5.1
Average 81.7 824 823 83.3 +1.5 GPT-0SS-120B
GPT-0SS-1208 Biology 580 632 737 684  +104
Math 740 828 774 815  +135 Physics 884 861 826 895  +12
Biology 728 858 868 881  +153 Chemistry 50.5 43.0 409 591 486
Physics 824 818 809 826  +02 Average 656 641 657 124  +6.7
Chemistry 50.2  78.0 79.8 79.2 +29.1 Owen3-30B-Thinking
Average 69.8 82.1 812 84.4 +14.5
S 30B-Thinki Biology 526 421 211 579 453

Qwen3-30B-Thinking Physics 558 465 547  60.5  +4.7
Math 753 745 728 783 431 Chemistry 47.3 204 269 516  +4.3
Biology 739 743 732 752 413 Average 519 364 342 567  +48
Physics 587 594 61.8 658  +7.1 GPT-OSS-20B
Chemistry 56.5 593 587 593 428
Average 66.1 669 666  69.6 +3.6 Biology 474 579 632 842  +36.8
GPT.0SS-208 Physics 628 68.6 663 802 +174

I Chemistry 47.3 344 419 742  +269
Math 665 647 626 745  +8.1 Average 525 536 571 795  +27.1
Biology 764 731 739 787 422
Physics 620 573 582 657  +3.8 .
Chemistry 489 489 473  49.6  +0.7 gﬁ’le A3i)'P erf"rglgnce (accuracy) ,Compznson, on i“ﬁ
Average 63.4 61.0 60.5 67.1 037 Q 1amon ataset across science domains.

Table 2: Accuracy (%) on the MMLU-Pro benchmark
across different domains. Best results per row are high-
lighted in bold. The A column indicates the absolute
improvement (in percentage points) of DSMoE over the
original MoE-based LLMs.

surpasses all baselines on both the 2024 and 2025
datasets using Qwen3-30B-Instruct and GPT-OSS-
20B. Remarkably, DSMoE achieves improvements
ranging from +12.3 to +27.3 percentage points over
the baseline. These results confirm that DSMoE ef-
fectively generalizes across datasets of varying dif-
ficulty levels within a specific domain, maintaining
superior performance even on competition-grade
problems.

Notably, DSMoE exhibits robust transfer capa-
bilities without systematic degradation on these
unseen tasks. In many instances, it surpasses both
RICE (a training-free steering baseline) and SFT
(a fine-tuning method). The improvements are
particularly pronounced for smaller architectures,
such as GPT-OSS-20B, suggesting that selectively
activating domain-relevant experts enhances fun-
damental scientific reasoning beyond the specific
dataset used for identification. These results indi-

values are reported in percentage (%). Best results are
bolded.

Dataset Orig. RICE SFT DSMoE  +/-
Owen3-30B-Instruct

AIME 24 567 633 633 70.0 +13.3
AIME 25 46.7 46.7 50.0 60.0 +13.3
GPT-0SS-20B

AIME 24 500 56.7 56.7 77.3 +27.3
AIME25 663 467 60.0 78.6 +12.3

Table 4: Accuracy comparison on Math benchmarks
(AIME 24 & 25). All values are in percentages (%).
Best results are highlighted in bold.

cate that DSMOE effectively preserves, and often
significantly enhances, cross-domain generaliza-
tion while applying targeted expert steering.

4.5 Cost Analysis

One-time Cost. We analyze the computational
cost of identifying domain-specific experts. For
DSMOoE, the one-time identification cost scales
linearly with the number of samples in a domain,
yielding a time complexity of O(L) forward passes,
where L denotes the number of domain-specific
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samples. In contrast, the RICE baseline incurs a
substantially higher cost of O(L x M) forward
passes, where M is the number of generated think-
ing tokens per sample. Since M > 1 in practice,
this results in orders-of-magnitude higher compu-
tational overhead. Consequently, DSMoE is sig-
nificantly more efficient than RICE for one-time
expert identification.

Inference Cost. DSMOoE uses a router weight
steering approach, where the steered expert weights
are computed once and stored for future inference.
As a result, DSMoE maintains the same inference
cost as the original MoE-based LLMs. Interest-
ingly, DSMoE can produce answers using fewer
thinking tokens, as illustrated in Table 1, making
MoE-based models more efficient during inference.
RICE applies steering to the router scores on a
per-sample basis, which cannot be precomputed.
Consequently, RICE incurs higher inference cost
compared to the original models.

4.6 Ablation Studies

To determine the optimal number of domain-
specific experts, we conduct an ablation study on
the number of activated domain-specific experts
(K) using GPT-OSS-20B on the Biology domain,
with results reported in Table 5. When K = 0, cor-
responding to the original model without domain-
specific routing, performance is lower than the best
DSMOoE configurations. As K increases, perfor-
mance initially improves and reaches its peak at
K = 20, indicating an effective balance between
expert specialization and routing diversity. Beyond
this point, further increases in K yield diminishing
returns. In practice, we find that setting the number
of domain-specific experts to approximately 1% of
the total expert count often serves as an optimal
hyperparameter.

Table 6 analyzes the effect of the steering co-
efficient (o«) on DSMoE performance using GPT-
OSS-20B in the Biology domain with K = 20.
Compared to the original MoE-based LL.Ms, mod-
erate steering improves performance, with optimal
results achieved at o = 5.0. As « increases from
lower values, performance gradually improves and
reaches its peak at o = 5.0, before declining at
higher values. This trend suggests that excessively
small or large steering coefficients can lead to sub-
optimal routing behavior, either by providing insuf-
ficient guidance or by overly constraining expert
selection. In practice, we observe that steering coef-
ficients in the range of [2.0, 5.0] consistently yield

K Domain Method GPT-OSS-20B

0 Original 76.4
5 73.6
10 Biology 73.3
20 DSMoE 78.7
30 77.4
50 74.1

Table 5: Ablation study on the number of domain-
specific experts (/') on the MMLU-Pro dataset. The
horizontal line separates the baseline (Original) from
the steering method (DSMoE). The best performance
(accuracy) is achieved at K = 20.

« Domain Method GPT-OSS-20B

- Original 76.4
0.1 77.0
0.5 Bio]ogy 76.3
5.0 DSMoE 78.7
10.0 77.0
50.0 68.0

Table 6: Ablation study on the steering coefficient (o) on
the MMLU-Pro dataset. The Original method represents
the baseline without steering. The best performance
(accuracy) is observed at o = 5.0.

positive results across different configurations.

5 Conclusion

This paper addressed the existence of domain-
specific experts in MoE-based LLMs. Follow-
ing a comprehensive analysis of models up to
120B parameters, we confirmed that distinct ex-
perts align with specific domains. We subsequently
proposed Domain Steering Mixture of Experts
(DSMoE), a training-free, zero-overhead frame-
work. Extensive experiments confirm that DSMoE
surpasses strong baselines, including Supervised
Fine-Tuning, delivering consistent performance
gains across both target and non-target domains.
These findings suggest that exploiting intrinsic ex-
pert specialization is a highly efficient alternative
to traditional fine-tuning.

Limitations

This study focuses on enhancing the efficiency and
effectiveness of MoE-based Large Language Mod-
els through a training-free approach. While the
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results are promising, our experiments were con-
strained by computational resources, limiting the
evaluation to medium-scale datasets and models
up to GPT-OSS-120B. Future work should assess
the scalability of DSMoE beyond 400B parameters
and benchmark it against other Large Reasoning
Models, such as DeepSeek-R1.

Ethics Statement

Despite the encouraging results, inference with
large-scale LLMs remains highly resource-
intensive, necessitating careful management of
computational costs and environmental impact. Ad-
ditionally, our study relies on web-sourced data,
which may contain inherent gender and racial bi-
ases; future work should explore mitigation strate-
gies to address these concerns. Finally, while this
work represents a meaningful step toward advanc-
ing LLM development, it also underscores the im-
portance of implementing robust safeguards to pre-
vent potential misuse in harmful applications.
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A Appendix

This document is organized as follows: Ap-
pendix A.1 illustrates some further analysis of
DSMoE. Appendix A.2 presents supplementary
benchmarks descriptions, Appendix A.3 consists
of additional experiments, and Appendix A.4 de-
scribes the implementation details in full.

A.1 Domain-specific Experts Analysis

Figure 2 illustrates token ranking scores for five
representative samples from the MMLU Mathe-
matics domain evaluated with GPT-OSS-20B. The
results show a highly non-uniform distribution of
token importance across the input sequence, where
tokens corresponding to mathematical expressions
and key terms consistently receive markedly higher
scores.

Figure 3 to Figure 6 present heatmap visual-
izations of domain-specific expert scores for four
MoE-based LLMs on the Mathematics domain.
Across all models, we observe that domain-specific
experts are not uniformly distributed; instead, cer-
tain layers exhibit clusters of highly specialized
experts (indicated by higher magnitudes), while
others contain more domain-agnostic experts. This
non-uniform distribution provides empirical evi-
dence supporting the existence of domain-specific
experts and motivates our proposed steering ap-
proach.

A.2 Benchmarks Descriptions

Table 7 summarizes the architectural specifications
of the ten MoE-based LLMs used in our experi-
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95 Answer:

(e) Sample 5

Figure 2: Token ranking scores across five representative samples from the MMLU-Pro, mathematics domain for
GPT-OSS-20B. Each row displays the importance distribution of tokens within a single question, where higher

scores indicate greater contribution to model predictions.

ments. The models span a wide range of scales,
from 3.8B to 120B total parameters, with activated
parameters ranging from 1.0B to 5.1B per token.
The number of experts varies significantly across
architectures, ranging from 16 (PhiMoE-Tiny) to
512 (Qwen3-Next), with Top-K routing selecting
between 2 and 10 experts per token.

Table 8 summarizes the evaluation benchmarks
used in our experiments. We assess model per-
formance across three challenging benchmarks:
MMLU-Pro (12K multi-domain questions), GPQA
Diamond (198 PhD-level science questions), and
AIME (30 competition-level mathematics prob-
lems).

A.3 Additional Experiments

A.3.1 Hyperparameter Consistency

To assess the generalizability of DSMoE, we adopt
a strict hyperparameter transfer protocol. Specifi-
cally, the hyperparameter settings (K, ) obtained
from Table 2 on the MMLU-Pro benchmark are di-
rectly applied to all corresponding domain-specific
datasets reported in Tables 3 and 4, without any
additional tuning. This ensures hyperparameter
consistency and highlights the robustness and trans-
ferability of DSMoE.

The detailed hyperparameter values used for
each model and domain are reported in Tables A.3.1
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Figure 3: Domain-specific expert scores for GPT-OSS-20B on the Mathematics domain. Higher magnitudes
indicate stronger domain specialization. Best viewed in color.

and A.3.1. Notably, the configurations in Ta-
ble A.3.1 are identical to those in Table A.3.1,
confirming that no dataset-specific re-tuning is per-
formed when transferring to GPQA Diamond and
AIME24-25.

MMLU-Pro
Model Math Biology | Chemistry | Physics
K o | K ao|K « K «
Qwen3-30B-Instruct | 60 5.0 | 60 2.0 | 60 3.0 |60 5.0
GPT-OSS-120B 90 3.0(9 30|19 20 [9 3.0
Qwen3-30B-Thinking | 60 5.0 | 60 6.0 |60 60 |60 5.0
GPT-OSS-20B 20 6020 50|20 50 [20 6.0
GPQA Diamond + AIME24-25
Model Math | Biology | Chemistry | Physics
K o | K o |K o K «
Qwen3-30B-Instruct | 60 5.0 | 60 2.0 | 60 3.0 |60 5.0
GPT-OSS-120B 90 309 30|19 20 [9 3.0
Qwen3-30B-Thinking | 60 5.0 | 60 60|60 60 |60 5.0
GPT-OSS-20B 20 6020 50|20 50 [20 6.0

A.3.2 Performance Gains Analysis

Figures 3—6 indicate that certain experts exhibit
strong specialization in math-related domains.
DSMOoE leverages this property as a steering mech-
anism, encouraging MoE-based LLMs to allocate

more probability mass toward domain-relevant ex-
perts.

To quantitatively validate this effect, we ana-
lyze the average expert activation frequency and
router scores for the top-K specialized math ex-
perts (K = 20) in GPT-OSS-20B on the MMLU-
Math dataset. We compare the original model
(Orig.) and DSMoE under the same setting.

The results are summarized in Table 9.
DSMoE significantly increases both expert se-
lection frequency and routing scores, indicating
that the model more consistently activates domain-
specialized experts. This shift correlates with a sub-
stantial improvement in downstream performance,
suggesting that DSMoE enhances effectiveness
by strengthening expert specialization utilization
rather than introducing additional capacity.

A.3.3 Small Language Models

DSMOoE is effective not only for large-scale rea-
soning models (e.g., GPT-OSS-120B) but also for
small language models (SLMs). To verify this, we
evaluate DSMoE on PhiMoE-Tiny, a lightweight
MOoE model with 3.8B total parameters and 1.1B
activated parameters.
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Figure 4: Domain-specific expert scores for GPT-OSS-120B on the Mathematics domain. Higher magnitudes
indicate stronger domain specialization. Best viewed in color.

As summarized in Table 10, DSMoE consis-
tently improves performance across all four do-
mains (Math, Biology, Chemistry, and Physics) on
the MMLU-Pro benchmark. In particular, DSMoE
achieves an average gain of +6.3 points over the
original baseline. These results demonstrate that
DSMOoE generalizes effectively across model scales
and is not limited to large-capacity MoE models.

A.3.4 Domain-specific Experts versus
Collaborative Experts

We analyze the roles of domain-specific experts
(DE) and collaborative experts (CE) within the
same layer of GPT-OSS-20B. The evaluation is
conducted on 100 samples from the MMLU-Pro
Math dataset.

As shown in Table 11, we identify a represen-
tative DE (Expert 30 in Layer 11) with a high av-
erage router score (0.859), indicating strong do-
main specialization. In contrast, a CE (Expert 10
in Layer 11) exhibits a substantially lower router
score (0.136), suggesting weaker domain alignment
but potential complementary contributions.

We first apply DSMOoE to steer the DE and ob-
serve a +4.0 point improvement over the original

model (Orig.), as shown in Table 12. To further ex-
amine the role of the CE, we ablate it by setting its
router score to 0.0 while keeping all other experts
unchanged. This results in a performance drop of
2.0 points compared to DSMoE.

These results suggest that while DSMoE im-
proves performance by amplifying domain-specific
experts, collaborative experts remain essential for
capturing complementary knowledge. This high-
lights a trade-off between specialization and collab-
oration in MoE-based LLMs, where both types of
experts jointly contribute to overall performance.

A.4 Implementation Details

Training-Free Setting. For DSMoE steering ex-
periments, we implement our method based on
the publicly available RICE implementation (Wang
et al., 2025a)'. For GPT-OSS-120B, experiments
are conducted on two NVIDIA H200 GPUs, while
for GPT-0OSS-20B and Qwen3-MoE, we utilize two
NVIDIA H100 GPUs. Following RICE, our im-
plementation leverages the vLLM library (Kwon
et al., 2023), which supports parallel model load-
ing and inference. We upgrade to vLLM version

1https ://openreview.net/forum?id=x7fCiuCCAu
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Figure 5: Domain-specific expert scores for Qwen3-30B-Instruct on the Mathematics domain. Higher magnitudes
indicate stronger domain specialization. Best viewed in color.

0.11.0 to ensure compatibility with recent MoE-
based LLMs. All models and datasets used in this
work are publicly available on Hugging Face, en-
suring full reproducibility of our results.

SFT Baseline. We implement the SFT base-
line using the open-source PEFT library (Man-
grulkar et al., 2022) with the following configu-
ration: 3 training epochs, LoRA rank of 16, LoRA
alpha of 32, and target modules including q_proj,
k_proj, v_proj, o_proj, gate_proj, up_proj,
and down_proj. This configuration results in ap-
proximately 2.7% trainable parameters relative to
the total model size.
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Figure 6: Domain-specific expert scores for Qwen3-30B-Thinking on the Mathematics domain. Higher magnitudes
indicate stronger domain specialization. Best viewed in color.

Model Params Active Experts Top-K Layers HuggingFace Model ID

(B) (B) (N)
PhiMoE-Tiny 3.8 1.1 16 2 32 microsoft/Phi-tiny-MoE-instruct
OLMOoE 7.0 1.0 64 8 16 allenai/OLMoE-1B-7B-0924
Qwenl.5-MoE 14.3 2.7 60 4 24 Qwen/Qwen1.5-MoE-A2.7B
DeepSeek-MoE 16.0 2.8 64 6 28 deepseek-ai/deepseek-moe-16b-base
GPT-OSS-20B 20.0 3.6 32 4 24 openai/gpt-oss-20b
ERNIE-4.5 21.0 3.0 64 6 28 baidu/ERNIE-4.5-21B-A3B-Thinking
Qwen3MoE-Instruct 30.0 3.0 128 8 48 Qwen/Qwen3-30B-A3B-Instruct-2507
Qwen3MoE-Think 30.0 3.0 128 8 48 Qwen/Qwen3-30B-A3B-Thinking-2507
Qwen3-Next 80.0 3.0 512 10 48 Qwen/Qwen3-Next-80B-A3B-Thinking
GPT-0OSS-120B 120.0 5.1 128 4 36 openai/gpt-oss-120b

Table 7: Architectural specifications of the MoE models used in our experiments. We report the Total Parameters,
Activated Parameters per token, Total Number of Experts, Experts selected per token (Top-K'), Number of Layers,
and the corresponding HuggingFace Model ID.

Benchmark Domain Size Description

MMLU-Pro STEM, Law, etc. 12K 10-choice questions; minimizes random guessing
GPQA Diamond Biology, Physics, Chemistry 198  PhD-level difficulty; 65% expert accuracy

AIME Mathematics 30  Competition-level; integer answers (0-999)

Table 8: Summary of meta data for the evaluation benchmarks. Size denotes the total number of questions in the
dataset (or specific subset used).

2339



Model Dataset Metric Orig. DSMoE A

Avg. Expert Frequency  0.003 0.101 +0.098
GPT-0SS-20B MMLU (Math)  Avg. Router Scores 0.161 0.433 +0.272

Performance 66.5 74.5 +8.1

Table 9: Quantitative analysis of DSMoE on expert
utilization for GPT-OSS-20B. DSMOoE increases both
expert activation frequency and routing confidence for
domain-specialized experts, leading to improved task
performance.

Dataset Model Total  Act. Domain  Orig. DSMoE A

Math 47.0 54.1 +7.1

Biology 57.0 62.0 +5.0

MMLU-Pro  PhiMoE-Tiny 3.8B  1.1B  Chemistry  34.0 43.0 +9.0
Physics 40.0 44.0 +4.0

Average 445 50.8 +6.3

Table 10: Performance of DSMoE on a small language
model (PhiMoE-Tiny). DSMoE consistently improves
performance across all domains, demonstrating strong
generalization to low-parameter regimes.

Model Domain Dataset Sample DE DE Score CE CE Score
GPT-0SS-20B  Math MMLU-Pro 100 E30-L11 0.859 EI10-L11 0.136

Table 11: Identification of a domain-specific expert (DE)
and a collaborative expert (CE) within the same layer.
DE exhibits strong routing confidence, while CE shows
lower but non-negligible activation.

Model Domain  Dataset Sample Orig. DSMoE A DSMoE w/o CE
A
GPT-OSS-20B  Math MMLU-Pro 100 52.0 56.0 +4.0 54.0

2.0

Table 12: Ablation analysis of collaborative expert (CE).
Removing CE reduces performance, highlighting its
complementary role despite lower routing scores.
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