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Abstract

Mixture-of-Experts (MoE) models offer a
promising path for scaling model capacity, yet
their massive memory footprint poses signif-
icant challenges for deployment on resource-
constrained edge devices. Existing solutions,
such as static pruning or dynamic offloading, of-
ten struggle to balance model accuracy with in-
ference latency due to irreversible information
loss or prohibitive I/O overhead. In this paper,
we propose LightMoE, a novel framework for
memory-efficient MoE inference that exploits
the inherent functional redundancy and tem-
poral locality of expert activation. LightMoE
employs a frequency-aware expert initialization
strategy to retain a compact core of resident ex-
perts and introduces a similarity-based redirec-
tion mechanism to compensate for missing ex-
perts without incurring I/O costs. Furthermore,
it incorporates a lightweight runtime manager
that performs coarse-grained, task-level expert
replacement to adapt to shifting data distri-
butions. Empirical evaluations on representa-
tive edge platforms demonstrate that LightMoE
achieves a superior accuracy-efficiency trade-
off, improving average accuracy by 4.3% over
static pruning and 2.4% over dynamic swap-
ping methods, while maintaining inference la-
tency comparable to strictly pruned models.

1 Introduction

Large language models (LLMs) (OpenAl et al.,
2024; Yang et al., 2025) have rapidly scaled in
recent years, and the Mixture-of-Experts (MoE)
(Lepikhin et al., 2020; Fedus et al., 2022; Liu et al.,
2024) architecture has emerged as a key paradigm
for increasing model capacity without proportion-
ally increasing inference cost. By activating only
a small subset of experts per token, MoE models
significantly reduce active parameters during infer-
ence while achieving strong performance. Mean-
while, the growing demand for on-device and edge
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deployment, such as embodied intelligence (Liu
et al., 2025) and autonomous agents (Tran et al.,
2025), makes efficient MoE inference increasingly
important under strict memory constraints (Yi et al.,
2025; Xue et al., 2025).

However, a fundamental tension exists: while
MoE reduces computational cost via sparse activa-
tion, the requirement to keep the massive expert
pool memory-resident creates a prohibitive foot-
print for edge devices. Prior work has explored ex-
pert pruning (Lu et al., 2024; Zhou et al., 2025) and
quantization (Li et al., 2024; Fu et al., 2025), which
reduces memory at the cost of accuracy, as well
as expert prefetching or swapping (Huang et al.,
2024a; Yi et al., 2025), which reduces peak mem-
ory usage but introduces 1/O overhead and runtime
complexity. Critically, these approaches overlook
a key characteristic of edge inference: strong spa-
tial and temporal locality. Unlike general cloud
workloads, edge requests typically arrive in seman-
tically correlated streams. This observation raises
a pivotal question: Can we leverage this locality
to maintain only a compact, task-relevant expert
subset in memory, performing expert replacement
only when task semantics shift, thereby preserving
model capability with minimal overhead?

To investigate this question, we conduct an em-
pirical analysis of expert usage in MoE-LLM. Our
analysis reveals that expert usage is simultaneously
sparse, highly skewed, and partially redundant. (1)
Expert activation is highly imbalanced despite ex-
plicit load balancing during training: the top 50%
of experts account for over 90% of activations. (2)
Removing low-frequency experts leads to signifi-
cant performance degradation, indicating their non-
negligible importance. (3) Experts exhibit substan-
tial functional overlap, with some experts being
highly similar and thus substitutable. (4) While dif-
ferent tasks favor different high-frequency experts,
their expert subsets partially overlap, suggesting
the existence of a shared expert core.
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These observations reveal both opportunities and
challenges. On one hand, experts can be catego-
rized by activation frequency to reduce the number
of resident experts and lower the memory foot-
print. On the other hand, missing low-frequency
experts can still cause severe accuracy loss, cre-
ating a fundamental tension between minimizing
the resident expert set and preserving model per-
formance. Moreover, task distributions may evolve
over time, making static expert configurations sub-
optimal. This raises two challenges: how to mit-
igate expert misses without expensive I/O opera-
tions, and how to adapt to changing task distribu-
tions efficiently.

To address these challenges, we propose Light-
MOoE, a task-aware expert availability management
framework for memory-efficient MoE inference.
LightMoE explicitly models expert availability as
a primary concern during inference and comprises
three components. First, a frequency-based initial-
ization strategy categorizes experts into resident,
replaceable, and removable groups, substantially re-
ducing memory usage. Second, a similarity-aware
expert redirection mechanism preserves accuracy
when selected experts are unavailable. Third, a
lightweight runtime expert manager performs task-
level expert replacement based on recent activation
patterns, enabling adaptation to task shifts with
minimal overhead. Experimental results demon-
strate that LightMoE achieves a better accuracy-
efficiency trade-off, improving average accuracy
by 4.3% over static pruning and 2.4% over dynamic
swapping, while maintaining low latency compara-
ble to parameter-reduced models.

In summary, this paper makes the following con-
tributions:

* We propose LightMoE, a holistic framework
that decouples logical expert selection from
physical memory residency, enabling efficient
MoE inference under strict edge constraints.

* We conduct an empirical analysis revealing
substantial expert functional redundancy and
task-specific locality, and introduce similarity-
based expert redirection and hysteresis-aware
task-level expert replacement mechanisms to
ensure robust performance with a minimal
resident set.

* We implement LightMoE on representa-
tive edge platforms and popular MoE-LLM,
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demonstrating the effectiveness of our method
across diverse tasks.

2 Motivation and Data-Driven Analysis

To motivate the design of LightMoE, we first con-
duct a data-driven analysis of expert usage using
Qwen3-30B-A3B (Yang et al., 2025) and different
tasks as an example. Our goal is to understand
whether the activation patterns expose opportuni-
ties for reducing memory footprint while maintain-
ing model performance. Through a series of em-
pirical observations, we identify three key insights
that collectively suggest expert availability can be
managed more efficiently at inference time.

2.1 Skewed and Layer-Dependent Expert
Activation

We begin by analyzing expert activation frequen-
cies during inference. Although MoE models are
typically trained with explicit load-balancing ob-
jectives, we find that expert usage at inference time
is highly skewed. Fig. 1 shows the cumulative dis-
tribution frequency of expert activations, where
experts are sorted by their activation frequency.
Surprisingly, the top 50% of experts account for
over 90% of total activations, while the remaining
experts are only rarely selected.

Meanwhile, this imbalance is not uniform across
the network. As illustrated in Fig. 1, different lay-
ers exhibit varying degrees of skewness in expert
activation. In some layers, activations are concen-
trated on an even smaller subset of experts, whereas
some layers display a relatively flatter distribution.
This layer-dependent behavior indicates that ex-
pert redundancy and importance are not consistent
throughout the model, suggesting that a one-size-
fits-all expert retention strategy may be suboptimal.

Insight 1. For a given task distribution, only a
compact and layer-dependent subset of experts is
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frequently used and needs to remain resident in
memory.

2.2 Low-Frequency Experts: Important yet
Substitutable

The skewed activation distribution (Fig. 1) might
suggest that rare experts can be removed to re-
duce memory, but our analysis refutes this intu-
ition. Fig. 3 reveals that accuracy degradation is
non-linear: performance is preserved at 30% prun-
ing but collapses beyond 50%. This suggests that
low frequency implies low importance only up to a
point; beyond this redundancy threshold, experts of-
ten contribute critical capabilities that cannot be dis-
carded. Inspired by existing work, researchers have
found significant functional redundancy within the
expert space (Lo et al., 2025; Dai et al., 2024). By
analyzing the cosine similarity of the activation
vector of different experts (Fig. 2), we find that
most experts can find other experts with high simi-
larity to them. This widespread functional overlap
suggests that while low-frequency experts are im-
portant, their functionality might be approximated
by other experts. As shown in Fig. 3, a simple
similarity-based redirect strategy achieves higher
accuracy than direct pruning.

Insight 2. Low-frequency experts cannot be sim-
ply ignored due to their importance. However,
leveraging functional redundancy allows us to sub-
stitute them by redirecting inputs to similar experts.

2.3 Task-Specific Shared Core vs. Variability

While the previous analyses suggest that a compact
expert subset suffices for a single task, a critical
question remains: can a single fixed subset sup-
port the diverse tasks encountered in real-world de-
ployments? We analyze expert activation patterns
across multiple downstream tasks. Fig. 4 illustrates
the overlap between task-specific high-frequency

experts. We observe that while different tasks acti-
vate distinct expert subsets, they also exhibit non-
trivial overlap. This indicates the existence of a
shared core of experts that are universally useful
across tasks. The coexistence of task-specific vari-
ability and a shared core implies that maintaining
a static resident set is suboptimal, as it incurs fre-
quent misses when the task shifts. In contrast, this
structure suggests that expert sets can be adapted
at a coarser granularity than tokens: by keeping
the shared core resident and dynamically switching
only a small number of task-relevant experts, the
model can efficiently adapt to changing contexts.

Insight 3. Task-level switching can minimize
loading overhead by updating only a subset of ex-
perts when task semantics change, rather than at
the token level.

3 Method

Inspired by the insights mentioned above, we de-
sign the LightMoE, a task-aware expert availability
management framework for the memory-efficient
MoE inference. As shown in the Fig. 5, LightMoE
consists of three modules. First, Frequency-Aware
Expert Selection (Sec. 3.1) initializes the memory
with a permanent core (£,) and a high-utility subset
of replaceable experts (£;) based on offline profil-
ing. Second, Similarity-Based Expert Redirec-
tion (Sec. 3.2) analyzes the expert similarity in the
offline phase and redirects missing experts to their
most similar and available experts in the online
phase. Finally, Runtime Expert Management
(Sec. 3.3) handles temporal distribution shifts by
monitoring demand and asynchronously updating
the replaceable £; subset to match changing task
contexts.

3.1 Frequency-Aware Expert Selection

To maximize model accuracy under a strict memory
budget, we identify the optimal subset of experts
via offline profiling. Using a calibration dataset
with N tokens sampled from the training dataset,
we calculate the activation frequency f; . for each
expert e in layer :

1 & -
fro =5 > I(ee&?), (M
=1

where Sl(i) denotes the activated experts for token
x;. Experts are then ranked by frequency within
each layer.
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Figure 5: Framework Overview.

Coverage-Based Allocation. After obtaining the
expert activation frequencies, we calculate a differ-
entiated number of resident experts for each layer
based on the global retention ratio. A fixed top-k
policy causes accuracy degradation in layers with
dispersed activation distributions shown in Fig. 1.
Instead, we adopt a cumulative coverage strategy:
for each layer, we retain the minimal set of top-
ranked experts & whose summed frequency ex-
ceeds a global threshold § (e.g., 90% of total acti-
vations). We tune ¢ so that the total count ) |&|
satisfies the global expert retention ratio. This dy-
namically allocates more experts to layers with a
smoother activation distribution, balancing infor-
mation preservation across the model.

Expert Categorization. Based on this allocation,
experts are classified into three groups: (1) Resi-
dent Experts &, pinned in memory to handle the
majority of activation. (2) Replaceable Experts
&4, non-resident experts with moderate frequency.
They can be replaced between different tasks. (3)
Removable Experts £,, which have negligible fre-
quency in most tasks and are safely pruned. During
inference, the experts in the memory £y consist
of the permanent resident experts set £ and a part
of the replaceable experts set £; selected for the
current task and the expert retention ratio.

3.2 Similarity-Based Expert Redirection

While frequency-aware categorization defines
which experts are resident versus replaceable, the
absence of specific £; or £, experts during infer-

ence may still degrade accuracy. To mitigate this,
we propose Similarity-Based Expert Redirection,
which dynamically redirects inputs from missing
experts to their most functionally similar experts
currently available in the memory.

Expert Similarity Profiling. We quantify expert
functional similarity using the calibration dataset,
the same as we mentioned in Sec. 3.1. For every
pair of experts (7, j) in the same layer, we compute
the average cosine similarity of their output acti-
vation vectors across the calibration samples. Let

€ R? denote the aggregated output activation
vector of expert e. The pairwise similarity matrix
S is computed as:

Vi-Vj

Ivilllv; I

Sij= ()

Based on S, we construct a substitution list £, for
each expert e, containing other experts sorted by
descending similarity scores, filtered by a mini-
mum similarity threshold 7 to ensure functional
relevance.

Dynamic Redirection Logic. When the gate
router G selects a target expert e, our redirection
function ®(e) maps it to an optimal destination
within Es:
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e, ife € Er;
argmaxSe, ife ¢ Ey
(IJ(e) = { k€ELNEN
A(LeNEn #0);
Next(G), otherwise.

3)
The first case handles hit, i.e., it is used directly if
e is physically loaded. The second case performs
redirection: if the target expert is unavailable (miss-
ing), we select the highest-ranked substitute that is
currently in the memory &,s. The third case is a
fallback: if no sufficiently similar resident expert
exists (i.e., L. N &y is empty), we mask expert e
and allow the gate G to select the next-best expert
based on the original routing logits.

Since &) typically changes only at task bound-
aries, the mapping ®(-) is updated infrequently.
Thus, at inference time, redirection is reduced to
a simple O(1) table lookup, incurring negligible
overhead while effectively mitigating the accuracy
loss from missing experts.

3.3 Runtime Expert Management

While offline profiling establishes a solid baseline,
real-world inference often encounters distribution
shifts that static initialization cannot handle. To
bridge this gap, we introduce the Runtime Expert
Manager to dynamically adapt the available expert
set £y to online variations.

Online Utility Monitoring. We specifically tar-
get the replaceable subset £;, leaving the static
core & untouched to ensure stability. It maintains a
lightweight activation counter C' for all experts (in-
cluding those currently not in the memory) within
a sliding window (e.g., 10 requests). Crucially, C,
records the original routing decisions rather than
the redirected experts, ensuring that the counter
tracks the true demand regardless of whether an
expert is currently resident.

Hysteresis-Based Replacement. To prevent
high I/O overhead caused by transient noise, we em-
ploy a robust batch replacement strategy. At regular
intervals, we identify two expert groups per layer:
the Eviction Set V (the k lowest-frequency experts
in &;) and the Candidate Set C (the k highest-
frequency experts currently not in memory). A
replacement is triggered only if the candidates’ col-
lective utility significantly exceeds the eviction by

a stability margin ~y:

Y Ce>v-) C, )

eeC eey

where v > 1.0 acts as a hysteresis factor. This
ensures that updates occur only in response to sus-
tained semantic shifts rather than sporadic outliers.

Asynchronous Update Loop. Once triggered,
we can execute an asynchronous update pipeline
to close the adaptation loop. It pre-fetches the pa-
rameters of C to overwrite V' and simultaneously
updates the redirection map ®(-) (defined in Eq. 3).
This ensures that subsequent requests immediately
utilize the newly loaded experts or find updated
redirection experts for the displaced ones, main-
taining high accuracy with low runtime overhead.

4 Evaluation

4.1 Experimental Setup

Platforms. We conduct experiments on two dis-
tinct hardware platforms to represent different de-
ployment scenarios: (1) NVIDIA A100 (80GB),
representing a high-performance edge server en-
vironment; and (2) NVIDIA Jetson AGX Orin
(64GB), representing a resource-constrained em-
bedded edge device. To simulate real-time stream-
ing inference common in edge applications, the
batch size is set to 1 for all experiments.

Models and Benchmarks. We evaluate our
framework on two representative MoE models with
varying scales and the number of experts: Qwen3-
30B-A3B (Yang et al., 2025), a large-scale model
with 128 experts per layer, and OLMoE-1B-7B
(Muennighoff et al., 2024), a compact model with
64 experts per layer. These models cover a wide
range of parameter sizes and sparsity levels. We
employ the EleutherAl LM Harness (Gao et al.,
2024) library to conduct comprehensive testing
across eight diverse datasets covering common
sense reasoning, reading comprehension, and math-
ematical solving: OpenBookQA (Mihaylov et al.,
2018), ARC-Easy, ARC-Challenge (Clark et al.,
2018), Winogrande (ai2, 2019), HellaSwag (Zellers
et al., 2019), PIQA (Bisk et al., 2020), BoolQ
(Christopher et al., 2019), and GSM8K (Cobbe
et al., 2021). We report the zero-shot accuracy for
most tasks (5-shot for GSM8K) to measure the
model’s generalization capability.
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Figure 6: Performance degradation analysis under memory constraints. LightMoE effectively preserves accuracy
compared to ExpertPruning and SwapMoE as the expert retention ratio decreases from 1.0 to 0.5.

Baselines. We compare our proposed method
against the original MoE model and three com-
petitive baselines: (1) Expert Pruning: A static
compression method adapted from (Lu et al., 2024),
which retains a fixed budget of experts by employ-
ing a layer-wise reconstruction loss minimization
strategy to identify the most critical experts, per-
manently removing the rest. (2) On-Demand Load-
ing: A naive offloading strategy where experts are
stored in host memory and fetched to the GPU syn-
chronously upon activation, representing the lower
bound of dynamic systems. (3) SwapMoE (Kong
et al., 2024): A dynamic inference method with
an asynchronous expert swapping mechanism that
overlaps expert transfer with computation, enabling
token-level expert replacement with minimal la-
tency overhead. (4) MoE-Infinity (Xue et al., 2024):
A lossless dynamic inference approach that pre-
serves the original MoE computation by loading
missing experts on demand. It leverages expert
prediction and token-level caching to reduce I/O
frequency, making it conceptually similar to an op-
timized on-demand loading strategy. Comparison
with these baselines demonstrates the efficacy of
our method in balancing memory footprint, latency,
and accuracy.

4.2 Main Results

Accuracy in different expert retention ratios.
We evaluate different expert management strategies
under memory constraints by simulating an edge
inference scenario with a dynamic request stream,
where only a subset of experts can be retained in

memory. We gradually reduce the expert retention
ratio from 1.0 to 0.5 and measure the resulting
accuracy degradation across eight benchmarks.

As shown in Fig. 6, On-Demand expert load-
ing preserves the original computation by fetch-
ing missing experts on demand, and thus achieves
the same accuracy as the original model across
all retention ratios. However, it incurs substantial
latency overhead due to frequent expert loading
and therefore mainly serves as an accuracy upper
bound. Meanwhile, expert pruning methods main-
tain reasonable accuracy at high retention ratios
by removing redundant experts, but suffer from
increasing accuracy degradation as more informa-
tive experts are pruned under higher compression.
SwapMoE improves over static pruning by dynam-
ically updating active experts and achieves better
accuracy under moderate compression. When the
retention ratio becomes low, however, its perfor-
mance degrades rapidly because many requested
experts remain unavailable within each update inter-
val and are mapped to virtual experts, introducing
approximation errors.

In contrast, LightMoE consistently achieves the
best accuracy under constrained memory. By redi-
recting the missing experts to the most semanti-
cally similar available ones, LightMoE effectively
alleviates expert unavailability while preserving
semantic relevance. Consequently, LightMoE con-
sistently outperforms the baselines across most set-
tings, achieving an average accuracy improvement
of 4.3% over ExpertPruning and 2.4% over Swap-
MOoE across all models, datasets, and expert reten-

21129



Method Memory | Latency| Accuracy T
50% Expert Retention-A100-Qwen3
On-demand 3.57x 0.711
MokE-Infinity 2.86 % 0.711
ExpertPruning 0.53x% 0.65 % 0.496
SwapMoE 0.71x 0.573
LightMoE 0.73x 0.654

70% Expert Retention-AGX Orin-OLMoE

On-demand 2.32x 0.594
MokE-Infinity 1.96x 0.594
ExpertPruning 0.74 % 0.82x 0.512
SwapMoE 0.89x 0.532
LightMoE 0.91x 0.554

Table 1: Memory, latency, and accuracy comparison.
LightMoE achieves the better accuracy-latency trade-
off under the different devices, models and memory
constraints.

tion ratios. When averaging accuracy across all
retention ratios for each model and dataset pair,
LightMoE improves up to a 9.0% absolute accu-
racy improvement on GSM8K.

We further observe that baseline methods suf-
fer more severe degradation on reasoning-intensive
benchmarks such as GSMS8K, whereas LightMoE
remains robust even at low retention ratios. More-
over, accuracy drops more rapidly on the smaller
OLMOoE than on Qwen3 as retention decreases. We
attribute this to lower over-parameterization and
more uniform expert utilization in smaller mod-
els, which makes them inherently more sensitive to
expert compression.

Accuracy and latency trade-off. We further
evaluate the overhead of different methods. Ta-
ble 1 presents the system performance comparison
across different devices, models, and compression
ratios. Memory and latency are reported as ratios
relative to the original model, while accuracy is
averaged across all evaluated datasets.

As shown in the Table 1, although the on-
demand method loading serves as an accuracy up-
per bound, its reliance on frequent I/O operations
for fetching missing experts results in prohibitive la-
tency overhead (3.57x on A100), making it imprac-
tical for real-time edge deployment. Conversely,
the ExpertPruning method achieves the lowest la-
tency by permanently discarding parameters, but
this comes at the cost of severe accuracy degrada-
tion. SwapMoE offers a middle ground but still
suffers from accuracy loss due to the unavailabil-
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Figure 7: Impact of expert Figure 8: The accuracy
retention ratio and similar- and stability of runtime
ity threshold on task accu- expert management under
racy. task shifts.

ity of experts between update intervals. Notably,
LightMoE achieves the most favorable trade-off.
By leveraging similarity-based redirection to com-
pensate for missing experts rather than incurring
expensive 1/O, LightMoE significantly outperforms
SwapMOoE in accuracy (e.g., +8.1% absolute gain
on Qwen3) while maintaining a low latency over-
head. This confirms that our approach effectively
bridges the gap between memory efficiency and
model performance without introducing the latency
bottlenecks typical of dynamic offloading systems.

4.3 Analysis of LightMoE

Impact of similarity threshold. In Sec. 3.2, we
used similarity-based redirection to select experts,
and we further explored the impact of the setting
of the similarity threshold on the results. As shown
in Fig. 7, LightMoE consistently outperforms the
Top-k baseline because the latter simply selects the
next-ranked expert based on routing logits without
considering functional similarity, sometimes lead-
ing to semantic mismatch. We further observe that
the threshold 7 controls a critical trade-off: setting
7 too high (e.g., 0.8) prevents finding the valid sub-
stitute experts, causing the strategy to degenerate
into Top-k, while setting it too low (e.g., 0.2) intro-
duces noise from dissimilar experts. Empirically,
7 = 0.5 achieves the optimal accuracy by effec-
tively balancing substitute quality and coverage.
Impact of runtime expert management. We
evaluate the stability of runtime expert manage-
ment under a task-shifted inference workload. We
construct a streaming sequence of 200 requests,
with a task change occurring at the 100th request,
and report rolling accuracy and expert replacement
counts over a sliding window of 10 requests. As
shown in the Fig. 8, LightMoE responds more
promptly to task changes and recovers accuracy
faster after the shift. Within a stable task segment,
expert redirection effectively compensates for miss-
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Variant M1 M2 M3 Avg Acc. T
LightMoE v v v 0.654
w/o M1 X v v 0.632
w/o M2 v X v 0.621
w/o M3 v v X 0.627

Table 2: Ablation study of LightMoE under a fixed ex-
pert retention ratio of 50%. M1: frequency-aware expert
selection; M2: similarity-based expert redirection; M3:
runtime expert management.

ing experts, resulting in both higher accuracy and
stable expert usage with infrequent replacements.
In contrast, SwapMoE performs layer-wise expert
swapping, incurring approximately 70% more ex-
pert replacements on average and exhibiting slower
adaptation to task changes. These results demon-
strate the advantage of task-level expert availability
management in achieving efficient and stable adap-
tation.

4.4 Ablation Study

We demonstrated the effectiveness of the proposed
module through an ablation study. Under a fixed
expert retention ratio of 50%. To isolate the contri-
bution of each component, we replace one module
at a time with a reasonable baseline design. Specif-
ically, for M1, we replace frequency-aware expert
selection with a norm-based initialization strategy
that selects experts according to the fo norm of
their weights. For M2, we disable similarity-based
redirection and revert to the original top-£ routing
behavior, where missing experts are not redirected.
For M3, we remove runtime expert management
and adopt a static expert set determined offline
without online adaptation.

As shown in the Table 2, removing any individ-
ual module leads to a consistent accuracy degra-
dation, indicating that each component contributes
positively to overall performance. In particular, dis-
abling similarity-based redirection (w/o M2) results
in the largest drop, highlighting the importance of
handling low-frequency expert misses during in-
ference. These results demonstrate that the three
components are complementary and jointly enable
memory-efficient and accurate MoE inference.

5 Related Work

MoE Compression and Sparsity. Several stud-
ies aim to reduce the memory footprint of MoE
models by pruning or restructuring experts (Zhou

et al., 2025). Lu et al. (Lu et al., 2024) propose
post-training expert pruning and skipping based on
routing statistics, removing or skipping low-usage
experts to reduce model size with limited accuracy
degradation. Lee et al. (Lee et al., 2025) propose
STUN, a one-shot structured pruning method that
removes experts and weights simultaneously at in-
ference time. He et al. (He et al., 2023) merge multi-
ple experts into a single network to eliminate redun-
dancy, but require architectural modification and
retraining. These methods permanently alter the
expert set and may degrade performance when rare
but important experts are removed, whereas our
approach preserves the original model and avoids
irreversible pruning.

MoE Experts Offloading. Another line of work
improves MoE inference efficiency through expert
loading and swapping across devices. Huang et
al. (Huang et al., 2024a) propose expert buffering
and dynamic gating to cache frequently used ex-
perts on GPU and offload others to CPU. Kamahori
et al. (Kamabhori et al., 2024) present FIDDLER, a
system that dynamically schedules experts across
CPU and GPU to hide data transfer latency. Swap-
MokE (Kong et al., 2024) proposes an asynchronous
expert swapping mechanism that overlaps expert
transfer with computation, enabling token-level ex-
pert replacement with minimal latency overhead.
These approaches rely on accurate prediction of
future expert usage and often operate at token-level
granularity, which can incur nontrivial I/O over-
head. In contrast, our method reduces expert trans-
fers by redirecting missing experts to similar resi-
dent ones and performs expert switching at the task
or request level.

Adaptive and Efficient MoE Routing. Several
studies improve MoE inference efficiency by op-
timizing expert routing or modifying MoE archi-
tectures (Huang et al., 2024b). Yue et al. (Yue
et al., 2024) propose Ada-K routing, which uses
a RL-based allocator to determine the number
of experts per token dynamically. Longkai et
al. (Longkai et al., 2025) introduce HookMOoE, in-
serting lightweight compensation modules before
MOoE layers to alleviate accuracy degradation when
fewer experts are activated. Zhong et al. (Zhong
et al., 2024) present AdapMOoE, a framework that
adaptively adjusts expert activation via sensitivity
analysis and reduces inference overhead through
prefetching and cache management. While these
methods enhance efficiency by dynamically con-
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trolling expert activation, the overall memory foot-
print remains unchanged. Our work is complemen-
tary to this line of research, as it focuses on expert
availability and memory footprint rather than acti-
vation control.

6 Conclusion

In this paper, we presented LightMoE, a framework
enabling memory-efficient MoE inference on edge
devices. By combining frequency-aware expert
selection, similarity-based redirection for missing
experts, and a runtime expert replacement mecha-
nism, LightMoE effectively decouples model ca-
pacity from strict memory constraints. Experimen-
tal results demonstrate that LightMoE achieves a
better accuracy-efficiency trade-off, improving av-
erage accuracy by 4.3% over static pruning and
2.4% over dynamic swapping. This work provides
a practical solution for deploying large-scale MoE
models in resource-constrained environments.

7 Limitations

First, LightMoE assumes the existence of func-
tional overlap among experts to enable effective
similarity-based redirection when selected experts
are unavailable. While our empirical analysis con-
firms substantial redundancy in the evaluated MoE
models, this assumption may be weaker for archi-
tectures with highly specialized experts or alterna-
tive training objectives in the future. Second, Light-
MoE is designed for edge inference scenarios with
correlated and slowly evolving request streams. In
settings with highly dynamic or adversarial task dis-
tributions, task-level expert replacement may need
to occur more frequently, which could diminish the
benefits of maintaining a small resident expert set.

Ethical Considerations

Potential Risks. This work focuses on improving
the deployment efficiency of Mixture-of-Experts
(MoE) large language models via expert-level spar-
sification, routing optimization, and runtime expert
management. The methods involve modifications
to the model and its experts for efficiency, but do
not change the underlying training data or the se-
mantic behavior of the model, and thus do not in-
troduce new ethical risks beyond those already as-
sociated with large language models. Nonetheless,
real-world deployment, especially on edge or on-
device, requires careful consideration of privacy, re-
sponsible use, and mitigation of pre-existing model

biases. Edge deployment can reduce cloud data
transmission, but improper design may still expose
sensitive information.

Information About Use of AI Assistants. This
work utilized Al assistants (e.g., ChatGPT) solely
for the purposes of language polishing, grammar
correction, and refining the clarity of the text. All
scientific ideas, experimental designs, data analy-
ses, and the final manuscript content are the orig-
inal work of the authors and have been manually
verified.

Data Privacy and Content Safety. The datasets
employed in this study (including OpenBookQA,
ARC, Winogrande, HellaSwag, PIQA, BoolQ, and
GSMSK) are all standard, publicly available bench-
marks widely established in the NLP community.
We did not curate or release any new datasets. Con-
sequently, issues regarding personally identifying
information (PII) or offensive content are consis-
tent with those of the original open-source releases,
and no additional anonymization was performed.
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