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Abstract

Mixture-of-Experts (MoE) large language models
improve inference efficiency through sparse expert
activation, but deployment on resource-constrained
devices remains challenging due to the large ex-
pert parameter footprint. Expert offloading miti-
gates this issue by loading experts on demand, yet
its effectiveness critically depends on accurate and
efficient expert prediction: inaccurate predictions
incur redundant expert transfers, while overly ex-
pensive predictors negate latency benefits. Exist-
ing trajectory-based methods suffer from low ac-
curacy, whereas semantic-based approaches incur
prohibitive similarity-matching overhead. We pro-
pose DoMoE, a domain-aware MoE inference sys-
tem that exploits domain locality in inference work-
loads. DoMOoE organizes routing information into
domain-specific expert routing tables, restricts se-
mantic matching to domain-relevant tokens and ex-
plicitly balances prediction accuracy against pre-
diction overhead. Experiments show that DoMoE
achieves a 1.32x average throughput improvement
and a 1.22x increase in expert hit ratio across mul-
tiple MoE models and workloads; enabling efficient
and accurate expert routing for practical inference.

1 Introduction

Mixture-of-Experts (MoE)-based large language models
(LLMs) have recently demonstrated strong performance
across a wide range of downstream tasks [Maity and Saikia,
2025; Xu et al., 2025; Fieberg et al., 2024]. An MoE-based
LLM consists of multiple specialized expert networks, aim-
ing to capture different inputs. By maintaining a large pool
of expert parameters while activating only a small subset
during inference, MoE models improve predictive accuracy
and reduce computational cost [Masoudnia and Ebrahimpour,
2014]. However, their substantial overall parameter footprint
poses significant challenges for deployment [Hadia er al.,
2025], particularly on resource-constrained devices [Zhang
et al., 2025]. Existing model compression techniques (e.g.,
quantization [Hu et al., 2025a] and pruning [Lu et al., 2024])
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and MoE-specific parameter reduction approaches (e.g., ex-
pert merging [He et al., 2023]) can mitigate this issue by
shrinking model size, but they often degrade inference ac-
curacy [Liu ef al., 2025].

To enable efficient MoE deployment without sacrificing
accuracy, expert offloading [Hu et al., 2025b] has emerged
as a dominant strategy. By exploiting the sparse activation
property of MoE models, expert offloading dynamically loads
only the activated experts onto computation units (e.g., GPU
memory), while keeping inactive experts in lower-cost space
(e.g., host memory). A key challenge in expert offloading is
accurately predicting which experts will be activated, as mis-
predictions can introduce substantial expert loading overhead
and significantly diminish performance gains.

Existing studies propose trajectory-based and semantic-
based methods for expert activation prediction. Trajectory-
based methods [Xue et al., 2024] predict expert activations
by matching partial activation paths observed in earlier lay-
ers against historical expert trajectories, leveraging inter-layer
correlations to prefetch experts with minimal prediction over-
head. Although computationally efficient, these methods suf-
fer from low prediction accuracy due to insufficient informa-
tion available in early MoE layers, which further propagates
prediction errors to subsequent layers. In contrast, semantic-
based approaches [Yu ef al., 2025] predict expert activations
using token-level semantic similarity, comparing current to-
ken embeddings with historical representations to identify ex-
perts associated with similar inputs. While these methods
achieve higher prediction accuracy by exploiting richer se-
mantic information, computing similarity against all histori-
cal tokens incurs significant computational overhead.

In this work, we propose DoMOoE, an efficient MoE in-
ference system with a novel expert prediction mechanism to
mitigate runtime I/O overhead. DoMoE follows the semantic-
based prediction paradigm but introduces a domain-aware de-
sign to substantially improve prediction efficiency. Our key
observation is that token retrieval for expert prediction is in-
herently domain-dependent: tokens that exhibit similar ex-
pert selection behaviors typically come from the same do-
main (e.g., healthcare, finance, or law), rather than being uni-
formly distributed across the entire vocabulary space. The
rationale is that MoE gating functions and experts are im-
plicitly specialized under domain-specific data distributions
during training, making expert selection patterns more trans-
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ferable within the same domain. Therefore, it is unnecessary
to compute semantic similarity between a target token and all
historical tokens. Instead, DoMoE restricts similarity search
to historical tokens within the same domain as the target to-
ken, significantly reducing the search space while preserving
prediction quality.

Based on this insight, DOMOoE performs expert prediction
with an offline expert routing table construction phase and
an online expert identification phase. Offline, DoMoE con-
structs multiple domain-specific expert routing tables, where
each table stores historically generated tokens from a partic-
ular domain together with their corresponding expert selec-
tions. Online, when an inference request arrives, DOMOE first
matches the domain of the input query and loads the corre-
sponding expert routing table for expert prediction. Note that
expert prediction is only applied during the decoding phase,
since the prefill phase typically requires loading all experts to
process the query with multiple tokens in parallel. Specifi-
cally, for each generated decoding token, DoMoE computes
similarity between its embedding and the embeddings of to-
kens in the selected expert routing table to retrieve the most
similar historical token. DoMoE then prefetches the experts
selected by the retrieved token into GPU memory before ex-
ecuting subsequent layers. Any experts that are not success-
fully prefetched are loaded on demand at runtime, enabling
expert offloading with minimal impact on end-to-end infer-
ence latency.

To make DoMoE practical and efficient, we must address
two key challenges. First, efficiently matching the domain
of an incoming query and loading the corresponding expert
routing table is non-trivial. Therefore, DoMoE requires a
lightweight domain matching method with minimal interfer-
ence to end to end inference execution. Second, token re-
trieval remains a non-negligible bottleneck even when search
is restricted to a domain-specific routing table. Existing of-
floading systems typically perform layer-by-layer prediction,
using the current-layer token embedding to predict experts
for the next layer and overlapping expert loading with ongo-
ing computation. However, invoking semantic matching at
every layer incurs substantial cumulative overhead. A natural
alternative is multi-layer-ahead prediction, which amortizes
retrieval cost by predicting experts for multiple upcoming
layers at once. Nevertheless, extending the prediction hori-
zon reduces accuracy, leading to more expert misses and re-
dundant prefetching that ultimately offset the latency savings.
This trade-off motivates the need for an adaptive strategy that
jointly optimizes prediction frequency and prediction quality.

To address the above challenges, DoMoE incorporates the
following two designs.

Domain-aware expert routing table matching mechanism.
DoMoE precomputes compact prototype embeddings for
each domain-specific expert routing table. During the pre-
fill phase, DoMoE clusters token embeddings from the in-
put query and matches the resulting cluster representations
against these prototypes to select the most relevant domain
expert routing tables.

Adaptive expert prediction strategy . Instead of predict-
ing expert activations only for the next layer, DoMOoE predicts

across multiple layers ahead. To balance prediction horizon
and accuracy, we use a sampling-based statistical method to
select an optimal set of prediction layers, explicitly account-
ing for both prediction accuracy and the overhead incurred by
expert loading. This design ensures that the cost of prediction
does not outweigh the latency savings enabled by more effi-
cient expert prediction.

We evaluate DoOMoE against representative expert offload-
ing baselines across multiple MoE models and domain work-
loads. DoMOoE consistently achieves the highest end-to-end
inference throughput while maintaining superior expert hit ra-
tios. Compared with the state-of-the-art method, DoMoE de-
livers a 1.32x average throughput improvement and a 1.22x
increase in expert hit ratio by jointly improving expert rout-
ing accuracy and execution efficiency. Ablation results fur-
ther show that domain-aware expert routing tables provide
the dominant performance gains, while adaptive expert pre-
diction contributes additional throughput improvements de-
spite a slight reduction in hit ratio. Overall, these results
demonstrate that DoMoE effectively balances routing accu-
racy and prediction overhead, yielding robust system-level
performance gains.

The main contributions of the work are summarized as fol-
lows:

* We introduce a prototype-based routing mechanism that
selects the top-2 domain-specific expert routing tables
by matching prefill token embeddings against precom-
puted routing prototypes, enabling robust domain-aware
expert prediction without explicit domain labels.

We address the accuracy-latency trade-off in expert
activation prediction by introducing a prediction opti-
mization strategy that balances prediction cost against
prefetching benefits, preventing overly expensive pre-
dictions from reducing overall inference throughput.

Experimental results show that DoMoE outperforms the
state-of-the-art method, achieving a 1.32x improvement
in overall throughput and a 1.22x increase in expert hit
ratio.

2 Background and Motivation
2.1 MoE and MoE Based LLM Serving

Mixture-of-Experts (MoE) is an efficient architecture for
large language models (LLMs) that introduces multiple spe-
cialized experts, where each expert is a feed-forward network
responsible for processing a subset of input tokens, typically
associated with specific domains or tasks [Xu et al., 2026].
MoE models! improve inference efficiency by activating only
a small subset of experts for each input, in contrast to dense
LLM:s that execute all parameters during inference [Yuksel et
al., 2012]. By dynamically routing tokens to a limited set of
relevant experts, MoE models reduce computation and mem-
ory access while retaining strong model capacity and flexibil-

1ty.

'Tn this manuscript, MoE models denote LLMs deployed with
the MoE architecture.
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Figure 1: Cross-domain similarity analysis for five specialized
datasets

While MoE models are efficient at inference time, de-
ploying them, especially on resource-constrained edge de-
vices, remains challenging because their large parameter
footprints often exceed the limited GPU memory available
on devices [Kong er al., 2025]. Existing approaches for en-
abling MoE deployment on edge devices can be broadly cat-
egorized into compression-based and offloading-based tech-
niques. Compression-based methods, including quantization,
parameter pruning, and gating optimization [Kim et al., 2023;
Yang et al., 2024; Hwang et al., 2024], reduce resource con-
sumption at the cost of model fidelity. However, quantization
lowers numerical precision and may degrade accuracy [Li et
al., 2024], while pruning methods drop experts, potentially
weakening expert specialization and reducing robustness [Ma
et al., 2025]. Although optimizing the gating function can
further improve efficiency, it may also alter routing behay-
iors and harm generalization across diverse inputs and do-
mains [Zhong et al., 2024]. In contrast, offloading-based
techniques such as expert offloading preserve model accuracy
by retaining the full MoE architecture, but they introduce ad-
ditional I/O overhead that can significantly increase inference
latency [Yang et al., 2025]. Therefore, achieving high infer-
ence efficiency without sacrificing accuracy remains a central
challenge for practical MoE deployment on personal devices.

2.2 Expert Prediction Methods

To mitigate the I/O overhead of expert loading, prior works
propose predicting expert activations so that the required ex-
perts can be prefetched in advance. One representative line
of work adopts trajectory-based prediction [Xue et al., 2024].
By exploiting sparse expert activation and skewed reuse pat-
terns, these methods track expert activation trajectories in
early layers to guide expert caching and prefetching. How-
ever, expert activations in early layers are often only weakly
correlated with routing decisions in later layers, leading to
low prediction accuracy. As a result, frequent mispredictions
trigger unnecessary expert transfers and reduce overall infer-
ence efficiency.

Another line of work focuses on semantic-based meth-
ods to improve expert prediction accuracy [Yu er al., 2025].
These methods maintain expert probability maps and seman-
tic embeddings, and predict future expert activations via se-
mantic similarity and expert-path matching. Although this
approach can substantially improve expert cache hit rates, it
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Figure 2: Layer-to-layer embedding similarity matrix for Mixtral-
8X7B and Phi-3.5-MoE models.

introduces significant memory and computational overhead
due to large-scale embedding storage and expensive similar-
ity search, which limits scalability and practical efficiency.

2.3 Motivation

Domain locality in expert activation. In practice, infer-
ence is often domain-oriented, where each domain exhibits
relatively stable topical focus and recurring domain-specific
terminology. As aresult, queries and responses within the
same domain tend to concentrate on a characteristic subset of
the vocabulary, leading to a skewed token distribution with
high-frequency domain-relevant tokens. Figure 1 empirically
shows that tokens within the same domain not only form a
more coherent semantic neighborhood in embedding space,
but also exhibit more transferable expert selection behaviors
under MoE routing. In contrast, when tokens originate from
different domains, the retrieved semantic neighbors are less
informative for expert prediction, and the associated routing
patterns become less consistent, suggesting that expert acti-
vation behavior is strongly conditioned on domain context
rather than being globally transferable across all tokens.

Motivated by this observation, we design domain-specific
expert routing tables to guide expert activation prediction. In-
stead of maintaining a single global table that aggregates to-
kens from all domains, our approach partitions routing infor-
mation by domain and retains only the most representative,
high-frequency tokens within each domain. This domain-
aware organization yields compact information for expert ac-
tivation prediction, which substantially reduces storage over-
head and narrows the search space during semantic matching.
Consequently, expert retrieval latency can be reduced while
preserving informative routing signals, enabling efficient and
accurate expert prediction for MoE inference.

Inter-layer similarity of token embeddings. As shown in
Figure 2, embeddings of the same token exhibit consistently
high similarity between adjacent layers, with an average co-
sine similarity of 0.96 and peak values exceeding 0.99 across
32 layers. This strong locality indicates that token repre-
sentations change smoothly across nearby layers, suggesting
that expert activation behavior is also likely to remain stable
within a short layer range.

This observation implies that performing expert prediction
independently at every layer is largely redundant: since suc-
cessive layers operate on highly similar token embeddings, a



PRELIMINARY PREPRINT VERSION - DO NOT CITE
This is not the version of record. The final version will appear in the Proceedings of IJCAI-ECAI 2026.

single prediction can reliably guide expert selection for mul-
tiple subsequent layers with minimal loss in accuracy. How-
ever, we also observe that embedding similarity degrades
as the layer distance increases, indicating that representa-
tions diverge more substantially across distant layers. Con-
sequently, predicting too far ahead may lead to inaccurate ex-
pert selection and reduced hit rates.

These findings provide a principled basis for our adaptive
expert prediction strategy, which leverages high inter-layer
similarity to amortize prediction overhead by covering multi-
ple layers per prediction, while carefully limiting prediction
range to avoid accuracy degradation.

3 Methodology

3.1 DoMoE Overview

In this paper, we introduce DoMoE, a domain-aware MoE in-
ference system that accelerates expert offloading by predict-
ing expert activations using domain-specific expert routing
tables. DoMoE adopts a two-phase design that decouples of-
fline table construction from online inference, enabling accu-
rate expert routing with minimal runtime overhead. As shown
in Figure 3, during the offline phase, DoMoE organizes his-
torical tokens into domain-specific routing tables and records
their embeddings together with expert activation paths. It fur-
ther computes prototype representations for each domain ta-
ble via clustering, which will be used for efficient domain
identification at runtime. During the online phase, DoMoE
performs lightweight domain matching during prefill stage to
select the most relevant domain tables, and then integrates ex-
pert prediction and prefetching into decoding stage to proac-
tively prepare expert parameters before execution.

System Workflow

* Domain partitioner: Builds domain-specific expert
routing tables offline by grouping historical tokens ac-
cording to domain categories (e.g., Law, Finance, and
Math). For each domain table, it stores token embed-
dings together with expert activation paths, and com-
putes a small set of clustering-based prototypes to sum-
marize the domain’s embedding distribution.

* Domain matching: Invoked during prefill stage to in-
fer the domain context of an incoming query. It clusters
the query token embeddings to obtain a few represen-
tative centers and matches them against domain proto-
types, selecting the top-2 most relevant domain tables
for subsequent expert prediction.

* Expert predictor: During decoding stage, it retrieves
semantically similar historical tokens from the se-
lected domain tables and predicts future expert activa-
tions by aggregating their expert activation paths using
similarity-weighted voting to generate a ranked list of
candidate experts.

* Expert prefetcher: Prefetches the predicted expert pa-
rameters from CPU memory to GPU memory ahead of
execution, reducing expert-loading stalls on the critical
inference path. Any missed experts are fetched on de-
mand to ensure correctness.
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Figure 3: Flowchart of DoMoe’s architecture and work flow

3.2 Domain-Aware Expert Routing Table
Matching Mechanism

To enable domain-aware expert routing under dynamic infer-
ence execution, we propose a domain-aware expert routing
table matching mechanism that efficiently identifies a small
set of relevant expert routing tables while remaining robust to
domain ambiguity.

Prototype construction. For each domain-specific expert
routing table, DoMoE precomputes a compact set of routing
prototypes by clustering historical token embeddings stored
in that table. Each prototype corresponds to a representative
semantic cluster center that summarizes the dominant token
distribution of the domain. This construction is performed
offline, and the resulting prototypes are reused during infer-
ence to enable fast domain matching with negligible runtime
overhead.

To keep prototypes consistent with evolving table con-
tents, DoMoE supports incremental prototype maintenance
when new tokens are appended to an expert routing table.
In practice, this update can be amortized and executed asyn-
chronously (e.g., periodically or in the background), ensur-
ing that prototype freshness is maintained without introduc-
ing overhead on the critical inference path.

Domain matching. When a new query arrives, DoMoE
performs domain matching during the prefill phase. We ex-
tract token embeddings from prefill computation and obtain a
compact query representation by clustering these embeddings
and selecting their cluster centers. Let C'; denote the resulting
set of query cluster centers. For each domain d with routing
prototypes Py, we compute a matching score:

s(d) = cos(c, p), ey

max
ceC ¢, PEP;
where the max operator captures the strongest semantic ev-
idence between the query and the domain table. Based on
these scores, DoOMOoE selects the fop-2 domain-specific expert
routing tables for subsequent expert prediction. This bounded
selection ensures that decoding-time retrieval remains effi-
cient while preserving domain locality.
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Domain matching may be ambiguous, and a token could
span multiple domains. To avoid error from single-table deci-
sions, DoMoE adopts a confidence-aware selection strategy:
when the similarity margin between the top-ranked domains
is small, both candidate tables are jointly consulted rather
than committing to a single domain. This design avoids re-
liance on a global fallback table while still tightly bounding
the routing search space.

3.3 Adaptive Expert Prediction Strategy

Prior works on expert offloading typically invoke expert pre-
diction at each MoE layer to maximize routing accuracy.
While this design can achieve high expert prediction accu-
racy, it introduces substantial runtime overhead, especially
for semantic-based predictors that require expensive similar-
ity search. As a result, the increased prediction cost may
negate the latency savings from reduced expert loading stalls,
limiting end-to-end inference efficiency.

A more effective strategy is to issue expert predictions less
frequently and predict experts for multiple subsequent layers.
However, this introduces a fundamental trade-off: increasing
the prediction horizon (i.e., predicting farther ahead) reduces
the number of prediction invocations and thus lowers predic-
tion overhead, but it also tends to decrease prediction accu-
racy and incur more expert misses and redundant prefetch-
ing. Conversely, short-horizon prediction improves accuracy
but requires more frequent prediction, leading to higher cu-
mulative overhead. Therefore, our objective is to balance pre-
diction accuracy and prediction cost to minimize end-to-end
inference latency. This requires determining (i) which lay-
ers should trigger expert prediction and (ii) how many future
layers each prediction should cover.

Problem formulation. We consider an MoE model with L
sequential layers indexed by £ = {1,...,L}. Letz; € {0,1}
indicate whether expert prediction is invoked at layer [.

Expert prediction at a given layer affects not only that layer
but also all subsequent layers until the next prediction is per-
formed. To capture this dependency, we first define, for each
layer [, its distance to the most recent prediction layer. Specif-
ically, we introduce the prediction offset function d(l), de-
fined as

d(l) =1—max{l' | I' <land z; = 1}. 2)

Here, d(l) represents the number of layers elapsed since the
last prediction invocation, and therefore determines how stale
the prediction becomes at layer [.

Using this offset, we model the system cost at each layer
as a function of prediction frequency and prediction staleness.
Let cP**4 denote the latency overhead of invoking expert pre-
diction. Let pg(;) denote the empirically estimated mispredic-
tion probability at offset d({) layers after a prediction, and let
c°2d be the expected expert-loading latency. The expected
end-to-end inference latency can then be expressed as

min Pl 4
{z:1} SN——

=1 prediction overhead

Paq) ¢ )
—_——

expected misprediction penalty

Model Params (Act. / Total) Experts (Act. / Total) Layers
Mixtral-8 x 7B 129B/46.7B 2/8 32
Phi-3.5-MoE 6.6B/42.0B 2/16 32
Qwen1.5-MoE 27B/14.3B 4760 24
Qwen3-30B-A3B 33B/30.5B 8/128 48

Table 1: Characteristics of the MoE models used in our experiments.

This formulation explicitly captures the trade-off between
prediction frequency and prediction horizon: invoking pre-
diction more frequently reduces the offset d(l) and lowers
misprediction cost, but increases cumulative prediction over-
head, while less frequent prediction amortizes prediction cost
at the expense of higher misprediction penalties. Solving this
optimization yields the theoretical optimal set of prediction
layers and the corresponding optimal number of prediction
invocations. Although solving this integer program online is
impractical, it motivates the multi-layer prediction strategy
adopted in DoMoE.

4 Evaluation

Environment. All experiments are conducted on a single
server equipped with an NVIDIA L40 GPU, an Intel Xeon
Platinum 8480+ CPU, and 1 TB of system memory.

Models. We evaluate our system on three representative
MoE models with diverse architectural characteristics, as
summarized in Table 1. (1) Mixtral-8 x 7B [Jiang et al., 2024]
adopts a sparse MoE design with 8 experts per layer and ac-
tivates the top-2 experts per token during inference. (2) Phi-
3.5-MoE [Abdin er al., 2024] contains 16 experts per layer
and similarly activates the top-2 experts per token, provid-
ing larger expert capacity under comparable activation spar-
sity. (3) Qwenl.5-MoE [Team, 2024] features a substan-
tially larger expert pool with 60 experts per layer and acti-
vates the top-4 experts per token, resulting in higher routing
complexity and greater expert loading pressure. (4)Qwen3-
30B-A3B [Team, 2025] is a MoE model with 30.5B total pa-
rameters and 3.3B activated parameters, using 48 layers, 128
experts, and 8 activated experts per token to achieve efficient
inference. Together, these models span a broad range of ex-
pert counts, sparsity levels, and parameter scales, enabling
systematic evaluation of DoMoE under diverse MoE infer-
ence settings.

Datasets. We evaluate all methods on five publicly avail-
able datasets covering diverse domains and interaction pat-
terns, including multi-turn dialogue, intent-oriented conver-
sations, and reasoning-centric traces. (1) DISC-Law [Yue
et al., 2024] focuses on legal-domain interactions, spanning
tasks such as legal information extraction, judgment predic-
tion, document summarization, and question answering. (2)
PsyDTCorpus [Xie er al., 2025] contains multi-turn coun-
seling dialogues derived from a specific psychotherapist; it
includes 5,000 high-quality conversations synthesized from
5,000 single-turn samples using a digital-twin approach to
capture therapist style and therapeutic patterns. (3) Bank-
ing77 [Casanueva et al., 2020] is a banking-domain intent
classification benchmark with 77 intent categories, which we
convert into conversational-style evaluation prompts for MoE
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Throughput (Tokens/s)

Expert Hit Ratio

Model Method CPU Footprint(MB)
DISC-Law Banking77 Mixed DISC-Law Banking77 Mixed
MOoE-Infinity 0.65 0.79 0.60 46% 48% 43% -
Mixtral-8 x 7B FMoE 0.92 1.10 0.85 62% 59% 52% 252
DoMoE 1.24 1.43 1.21 69 % 72% 66 % 25.2
MoE-Infinity 1.03 1.08 0.92 50% 50% 38% -
Phi-3.5-MoE FMoE 1.67 1.53 1.34 66% 59% 49% 25.95
DoMoE 2.32 1.92 1.95 72% 67 % 68 % 25.95
MoE-Infinity 1.05 1.02 0.89 47% 49% 39% -
Qwen-1.5-MoE FMoE 1.48 1.47 1.25 56% 55% 44% 24.21
DoMoE 1.83 1.71 1.68 67 % 65 % 64% 24.21
MoE-Infinity 0.77 0.83 0.72 39% 43% 36% -
Qwen3-30B-A3B  FMOoE 0.98 1.15 0.97 52% 57% 50% 25.56
DoMoE 1.28 1.45 1.33 68 % 70% 67 % 25.56

Table 2: Throughput, expert hit ratio, and CPU footprint comparison across different MoE models and methods. Mixed denotes the mixed-
domain workload composed of PsyDTCorpus, Agentic Coding CoT, and PRM800K.

inference. (4)Agentic Coding CoT [AlicanKiraz0, 2025] con-
sists of approximately 20 GB of coding-related traces curated
from GitHub and processed using Minimax-M2, producing
structured tool-usage and chain-of-thought style examples.
(5) PRMS80OK [Lightman et al., 2023] provides 800,000 step-
level correctness annotations for model-generated solutions
on MATH problems, representing long-form reasoning tra-
jectories with fine-grained supervision signals.

Baselines. We compare DoMoE against two representative
expert offloading systems that follow different expert predic-
tion paradigms. (1) MoE-Infinity [Xue et al., 2024] serves
as a trajectory-based baseline that predicts expert activations
from early-layer routing trajectories to guide expert caching
and prefetching. (2) FMoE [Yu et al., 2025] represents a
semantic-based baseline that performs expert prediction via
semantic similarity matching and expert-path retrieval. Since
FMOoE does not provide an open-source implementation, we
reimplement it by extending the MoE-Infinity codebase and
use this implementation for evaluation.

Implementation Details. = We implement DoMoE based on
MOoE-Infinity system [Xue er al., 2024], with approximately
4K LoC to support domain-aware expert routing table con-
struction, table matching, and adaptive expert prediction. For
each dataset, we use the first 70% of samples as a profil-
ing split to collect token embeddings and expert activation
paths for all methods. DoMoE maintains domain-specific ex-
pert routing tables, where each table is built from the profil-
ing split of the corresponding domain. In contrast, baseline
methods do not distinguish domains and instead aggregate
profiling data from all domains into a single repository. We
then evaluate all methods on the remaining 30% of samples.
We report results on two single-domain workloads (Law and
Banking) and on a mixed-domain workload constructed by
interleaving queries from the other three datasets.

4.1 Overall Performance

Table 2 reports end-to-end inference throughput and expert
hit ratio on DISC-Law, Banking77, and a mixed-domain
workload. Overall, compared with FMoE, DoMoE achieves
an average throughput improvement of 1.32x across all mod-
els and workloads, while increasing the expert hit ratio by
1.22 x, demonstrating both higher routing accuracy and sub-
stantially better end-to-end inference efficiency.

Across all evaluated settings, DoMoE consistently deliv-
ers the highest inference throughput. On Mixtral-8 x 7B, Do-
MoE improves throughput by approximately 1.9x—2.1x over
MoE-Infinity and 1.35x-1.45x over FMoE, with the largest
gains observed on the mixed-domain workload. On Phi-
3.5, DoMoE achieves up to 2.25x higher throughput than
MoE-Infinity and around 1.4 x higher throughput than FMoE.
Similar trends hold for Qwenl.5-MoE, where DoMoE de-
livers 1.7x—-1.9x higher throughput than MoE-Infinity and
1.25x-1.35x higher throughput than FMoE, despite the sub-
stantially larger expert pool and increased routing complex-
ity. These results indicate that DoMoE consistently translates
domain-aware routing optimizations into end-to-end through-
put gains across diverse MoE architectures.

DoMoE also attains consistently higher expert hit ratios
across all datasets and models. Compared with MoE-Infinity,
DoMoE improves the hit ratio by approximately 1.2x-1.3x,
and further increases it by 1.10x-1.15x over FMoE, par-
ticularly under mixed-domain workloads. This improvement
stems from DoMoE’s domain-aware organization of routing
information: unlike FMoE, which stores heterogeneous ex-
pert histories in a unified table and thus retains a large frac-
tion of domain-irrelevant entries under the same table size,
DoMoE partitions routing information by domain, preserv-
ing a higher density of domain-relevant signals and conse-
quently achieving more accurate expert prediction. Impor-
tantly, higher hit ratio alone does not guarantee better sys-
tem performance: although FMoE improves routing accuracy
over MoE-Infinity, its throughput gains are limited by the
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Figure 4: Ablation study of DoMoE

high cost of frequent semantic prediction. In contrast, Do-
MoE maintains comparable or higher hit ratios while achiev-
ing substantially higher throughput, confirming that its adap-
tive expert prediction strategy effectively balance prediction
accuracy against prediction overhead.

4.2 Ablation Study

We conduct an ablation study on the mixed dataset to quantify
the contribution of DoMoE’s key components. We compare
three configurations: (1) Trajectory, which uses trajectory-
based expert prediction; (2) Table, which replaces it with
domain-aware expert routing tables; and (3) Table(T+M), the
full DoMoE system with prediction optimization. Figure 4
summarizes the results. Overall, domain-aware routing ta-
bles provide the main performance gains by improving rout-
ing quality, while prediction optimization further improves
efficiency by reducing unnecessary prediction overhead.

Compared with Trajectory, Table improves throughput by
1.78 x on Mixtral-8x7B (0.65 — 1.16 tokens/s), 2.02x on
Phi-3.5 (1.03 — 2.08), and 1.65x on Qwenl.5-MoE (1.05
— 1.73). The expert hit ratio also increases by about 1.25x
across models. These gains show that domain-aware rout-
ing tables remove task-irrelevant historical routes from the
search space, making semantic matching more focused and
less costly. As a result, expert prediction becomes both more
accurate and more efficient. This confirms that organizing
routing data by domain is the dominant factor behind Do-
MoE’s offloading performance.

The Table(T+M) configuration further improves through-
put over Table by 1.07x, 1.12x, and 1.06x on Mixtral-
8x7B, Phi-3.5, and Qwen1.5-MoE, respectively, even though
the expert hit ratio slightly drops by 2%-3%. This result
shows that maximizing prediction accuracy alone does not
necessarily maximize inference efficiency. By reducing pre-
diction frequency and amortizing prediction cost across mul-
tiple layers, DoMoE lowers runtime overhead enough to off-
set occasional mispredictions. The gain from prediction op-
timization is therefore smaller than that from domain-aware
routing tables, but it is consistent across all evaluated mod-
els. Overall, DoMoE achieves better end-to-end efficiency
through a balanced accuracy—overhead trade-off.
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Figure 5: Sensitivity study of DoMoE

4.3 Sensitivity Analysis

We further study the impact of expert routing table size on
throughput and expert hit ratio by varying the maximum num-
ber of retained entries from 100 to 3000 on Mixtral-8 x7B
and Phi-3.5. As shown in Figure 5, increasing the routing
table size consistently improves expert hit ratio for both mod-
els. On Mixtral-8 x 7B, the hit ratio increases from 43.8% at
100 entries t0.69.9% at 3000 entries, corresponding to a 1.6 X
improvement. Similarly, on Phi-3.5, the hit ratio rises from
53.8% to 73.4%, yielding a 1.36x improvement. These re-
sults indicate that larger routing tables preserve more domain-
relevant routing signals, leading to more accurate expert acti-
vation prediction.

In contrast, throughput exhibits a non-monotonic trend as
routing table size increases. For both models, throughput
improves as the table size grows up to 2000 entries, where
performance peaks. On Mixtral-8 x 7B, throughput increases
from 1.25 tokens/s at 100 entries to 1.43 tokens/s at 2000 en-
tries, achieving a 1.14x speedup. Phi-3.5 shows a similar
pattern, with throughput rising from 2.03 to 2.32 tokens/s,
corresponding to a 1.14x improvement. However, further
increasing the table size to 3000 entries leads to a through-
put degradation of approximately 7%—-8% for both models,
despite improvements in hit ratio. This highlights a trade-
off between prediction accuracy and lookup overhead, as ex-
cessively large routing tables incur non-negligible similarity
matching costs that offset the benefits of higher accuracy.

5 Conclusion

We propose DoMoE, a domain-aware MoE inference sys-
tem that improves expert offloading through domain-specific
routing tables and adaptive prediction. By restricting seman-
tic matching to domain-relevant routes and balancing accu-
racy against prediction cost, DoMoE avoids the low accu-
racy of trajectory-based predictors and the high overhead of
semantic-based methods. Across diverse MoE models and
workloads, DoMoE achieves 1.32x higher throughput and a
1.22x improvement in expert hit ratio, demonstrating its ef-
fectiveness for practical MoE deployment [Tang et al., 2024].
Future work will extend DoMoE to concurrent serving under
limited GPU memory.
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