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Abstract—This paper studies the Mixture-of-Experts (MoE)
model inference problem at the edge via the adaptive expert
merging technique. To fill the gap between the large size of MoE
models and the limited hardware resources at the edge, existing
works primarily focus on static merging policies and overlook the
dynamic and heterogeneous nature of edge environments. This
paper addresses these gaps by proposing a flexible framework
for adaptive expert merging and online inference task offloading
on edge servers. Our contributions include (1) a novel approach
allowing each edge server to adaptively merge experts based
on its resources and task preferences, (2) an online inference
task offloading algorithm with a bounded competitive ratio for
pre-determined merging policies, and (3) an online algorithm
for joint optimization of task offloading and expert merging,
which ensures timely model updates and assignment of tasks
to specialized servers. Experimental results on five datasets
demonstrate that our approach reduces the overall weighted cost
by at least 16% compared to baseline methods.

Index Terms—Mixture-of-Experts, Mobile Edge Computing,
Edge Network, Task Offloading, Expert Merging.

I. INTRODUCTION

Implementing a Mixture-of-Experts (MoE) based Large
Language Model (LLM) with trillions of parameters on the
edge side can provide users with specialized, fast, and private
inference services [1], [2]. However, the gap between huge
MoE size and limited hardware resources at edge presents
a critical challenge. Recently, expert merging [3], [4] has
emerged as an effective approach to reduce the size of MoEs
while maintaining their accuracy. This technique is based on
the observation that not all experts contribute equally to the
model’s performance [5]. By merging less important experts
into more significant ones, the number of experts is reduced,
thereby decreasing the overall size of the LLM [6]. Meanwhile,
this process preserves the knowledge embedded within the
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Fig. 1. Online task offloading and merged model updating for MoE-based
LLM inference on resource-constrained edge

experts, ensuring that the model’s capabilities remain mostly
intact, with only slight degradation in performance [7].

In this paper, we study the deployment of MoE inference
services at the edge using expert merging. As illustrated
in Figure 1, we consider multiple edge servers that cannot
accommodate a complete MoE model due to limited hardware
resources. Instead, each edge server is equipped with a smaller
MoE model with merged experts, providing inference services
to nearby users. Although expert merging has great potential,
existing works primarily originate from the AI community and
often rely on strong assumptions about data distribution and
hardware resources [5]. These works lack a comprehensive
study of the following deployment problems at the edge.
First, existing research typically considers a single, static
expert merging policy (e.g. [3], [7]). However, inference tasks
from edge users are often highly diverse and time-varying,
which activate different experts and necessitate different expert
merging policies. Consequently, each edge server should adopt
distinct expert merging policies and dynamically adjust them
based on changing task preferences. Second, the problem
of offloading user tasks to edge servers is closely coupled
with the design of expert merging policies. Users generally
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have connections to multiple edge servers and can choose the
one that offers the minimum latency or the highest inference
accuracy. Simultaneously, edge servers can adjust their expert
merging policies based on the characteristics of incoming
tasks. Therefore, joint optimization is required to enhance
overall performance.

To address these problems, we propose applying adaptive
expert merging policies for edge servers with different task
distributions and jointly optimizing expert merging and infer-
ence task offloading. The first challenge lies in updating the
expert merging policies on each edge server. As discussed in
Section II, the service quality provided by different merged
LLMs can vary significantly for the same tasks. It is essential
for each server to update its expert merging policy in a timely
manner based on the tasks it receives. However, updating
these policies incurs additional switching overhead due to
model reloading. Thus, it is important to carefully balance the
benefits of policy updates against the resource consumption
they entail. The second challenge involves making online
decisions without sufficient information about inference tasks
and the LLM execution process. Given the generative nature
of LLMs, the exact output length and thus the inference time
for any given task is uncertain [8]. Therefore, when a task is
offloaded to a server, its start and completion times cannot be
precisely determined, both of which are crucial for designing
an effective offloading strategy.

We design algorithms to address the joint optimization of
expert merging policies and inference task offloading. Given
the high complexity of this problem, we decompose it into
two sub-problems and solve them sequentially. In the first
sub-problem, edge servers have distinct but pre-determined
expert merging policies. This approach simplifies our algo-
rithm design and is also practical in scenarios where the server
daily updates its merged LLM from the cloud. The expert
merging policy within a day is pre-determined for each server.
To solve this sub-problem, we develop an online inference
task offloading algorithm with a bounded competitive ratio.
In the second sub-problem, we relax the assumption of pre-
determined expert merging policies and allow for their timely
updates. We design an online algorithm to jointly optimize
task offloading and expert merging. To prevent over-frequent
model updates, which could consume excessive computing and
communication resources in the edge network, servers update
their merged models only when the activation frequency of
their experts exceeds a certain threshold.

The contributions of our work are listed as follows.

1) This paper studies the deployment of MoE inference
services at the edge using adaptive expert merging.
Different from the existing merging technique regardless
of the heterogeneity of edge devices and time-varying
feature of tasks, our framework allows each server
to adaptively merge its experts according to its own
resource and task preferences, and offload the tasks to
the server with the specialized merged LLM to have
a fast and high-accuracy inference. To the best of our
knowledge, this is the first paper jointly optimizing the
expert merging policies and inference task offloading

when LLM inference services are implemented at the
edge.

2) For arbitrary pre-determined expert merging policies, an
online inference task offloading algorithm is proposed,
to minimize the latency of the inference and maximize
the accuracy. With theoretical proofs, its competitive
ratio to the optimal solution is 2µ

µ+1 , in which µ is the
hyperparameter for the task inference time range.

3) An online algorithm for joint optimization of task of-
floading and expert merging is proposed. In our algo-
rithm, the servers adaptively merge their experts ac-
cording to their assigned tasks, which guarantees that
there are always some specialized experts at the edge for
task offloading even when the task distribution changes.
Then, the task offloading strategy makes sure that the
tasks can be assigned to the server with the special-
ized experts. Comparisons with the baselines from [9]–
[14] on five datasets [15]–[19] show that our proposed
framework reduces the overall weighted cost by at least
16.0%.

Roadmap. In Sec. 2, we present the background and mo-
tivation of our work. Sec. 3 describes the network model and
the problem formulation. In Sec. 4, we propose the online task
offloading algorithm for any given merged model deployed on
the servers and present the theoretical proofs. Furthermore, in
Sec. 5, we propose a joint task offloading and merged model
updating algorithm, which enables the servers to update their
merged models in the task offloading process. The numerical
results are reported in Sec. 6. Sec. 7 shows the related work.
Finally, Sec. 8 concludes the overall work.

II. BACKGROUND AND MOTIVATION

In this part, we introduce the background knowledge of
MoE architecture and expert merging technique, the motiva-
tions for adaptive expert merging and inference task offload-
ing, respectively.

1) Background Knowledge of Mixture of Experts (MoE).
The MoE [1] model, based on the Transformer architecture,
primarily consists of two key components: sparse MoE layers
and gating networks or routers. Sparse MoE layers replace the
traditional feed-forward network (FFN) layers in Transformer
models and are composed of several ”experts”, each being an
independent neural network. Typically, these experts are FFNs,
though they can be more complex structures or even other
MoE layers, forming a hierarchical MoE structure. The gating
network or router determines which tokens are routed to which
experts, with some tokens potentially being sent to multiple
experts. This routing mechanism is crucial as it is governed
by learned parameters that are co-trained with the rest of
the network. In summary, an MoE model substitutes each
traditional FFN layer in a Transformer model with an MoE
layer, consisting of a gating network and multiple experts.
Its sparse activation strategy offers enhanced scalability, lower
computational overhead, and improved accuracy.

2) Background Knowledge of Expert Merging Technique.
Expert merge [3]–[7] is a technique that reduces the overall
parameter count of an MoE model by grouping and aggregat-
ing individual experts. This approach effectively compresses
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the model, making it more resource-efficient while maintain-
ing high accuracy across various datasets. Specifically, after
evaluating the importance of each expert (e.g. its activation
frequency in inference), the expert merging technique com-
bines multiple experts into a single expert using a weighted
average strategy. By doing this, the size of MoE-based LLM
gets reduced, while the knowledge behind the experts is pre-
served according to their importance. With the expert merging
technique, the works in [3]–[7] improve model performance,
computational efficiency, and deployment feasibility.

3) Motivation for Adaptive Expert Merging. In MoE-based
LLM inference experiments, we observe the fact that the
task distribution impacts the activation frequencies of experts.
The LLM model used in our experiments includes 12 MoE
layers with 32 experts per layer. Four distinct tasks (Wino-
Grande [19], WikiQA [18], SQuAD [17], and COPA [15])
are tested and their expert activation frequencies are presented
in Fig. 2. The heatmaps in Fig. 2 show that each kind of
task activates different experts in the MoE model. Specifically,
the task WinoGrande is for conference resolution, the task
WikiQA is typified by answer-selection prompts, and the
two tasks, COPA and SQuAD, are characterized by answer-
generation prompts. Notably, even for similar tasks like COPA
and SQuAD, the distribution of their expert activation fre-
quency differs significantly. Thus, when experts are merged
for a server, not only its GPU resources but also its tasks
assigned should be considered, ensuring that the merged LLM
fits the server’s GPU capacity and experts with high activation
frequencies on its tasks should have more weights in the
merging process, i.e. the expert merging process should be
adaptive to the resource of edge devices and tasks of users.

4) Motivation for Online Task offloading. In our exper-
iments, we observe another fact that LLMs merged from
different strategies excel at different tasks. Using the approach
from [7], we merged four models based on four different
datasets, resulting in four merged LLMs: MM 1, MM 2, MM
3, and MM 4. While these models perform well on their
respective datasets, they show poor performance on others.
For instance, MM 2 was merged based on the WikiQA dataset,
but its accuracy on the SQuAD dataset drops dramatically to
0.028, which is a significant decrease compared to MM 3,
which was merged using the SQuAD dataset and achieves an
accuracy of 0.654. In contrast, MM 1 and MM 4 achieve their
highest accuracy on Winogrande (0.696) and COPA (0.670),
respectively. Table I presents these results in more detail,
showing the performance of each merged model across various
downstream tasks. Thus, for multiple servers with adaptive
merged LLM, their workload and the specialty of their merged
LLM should be considered together in task offloading.

III. SYSTEM MODEL AND PROBLEM DEFINITION

We consider a classical Cloud-Edge-End network architec-
ture, in which the LLM is deployed on the edge to provide
inference services. The network timeline is divided into dis-
crete time slots, denoted as t ∈ {0, 1, 2, ..., }. The duration
of each time slot varies depending on the task complexity,
ranging from several milliseconds to a few minutes.

(a) WinoGrande (b) WikiQA

(c) SQuAD (d) COPA

Fig. 2. Distribution of expert activation frequencies. In the heatmap, from
left to right is the 12 layers of MoE and from up to down is the 32 experts
in each layer.

TABLE I
ACCURACY COMPARISON OF DIFFERENT TASK-APPLIED MERGED MOE

MODELS ACROSS VARIOUS DOWNSTREAM TASKS. THE COLUMN HEADERS
INDICATE THE TASK USED FOR MERGING THE MODELS (WINOGRANDE,

WIKIQA, SQUAD, COPA). MERGED MODEL (MM) 1, 2, 3, AND 4
REPRESENT THE MERGED MODELS OBTAINED AFTER MERGING TASKS
FROM WINOGRANDE, WIKIQA, SQUAD, AND COPA, RESPECTIVELY.

EACH CELL SHOWS THE ACCURACY OF THE MODEL ON THE
CORRESPONDING DATASET.

Dataset Merged MoE LLM
MM 1 MM 2 MM 3 MM 4

Winogrande 0.696 0.436 0.554 0.504
WikiQA 0.487 0.949 0.483 0.544
SQuAD 0.555 0.028 0.654 0.246
COPA 0.288 0.395 0.501 0.670

On the edge side, there are S servers, denoted by the set
S = {1, 2, . . . , S}. We address a challenging scenario where
the LLMM on the cloud is too large to be deployed on servers
with limited GPU resources. Therefore, a merging technique
is employed to combine multiple experts into a single one,
thereby reducing the LLM size. Let Ms be the merged LLM
on server s, which can provide services with a quality qs(r) for
the task r. We define qmin and qmax as the lower bound and
upper bound for the service quality provided by all servers.

On the end side, numerous inference tasks ri are released
by the users over time, denoted as R = {r1, r2, . . .}. These
tasks originate from different applications or users and exhibit
varying service quality even when assigned to the same server.
Let ai and ci be the time slot when task ri is released by
the user and returned by a server s. From ai to ci, the task
ri is assigned to server s, waits for some time slots until the
server starts processing it, undergoes processing, and is finally
returned by the server. Thus, we have ci = ai+ttrani,s +twait

i,s +

tinfi,s +ttrani,s . The transmitting time is defined as ttrani,s of task ri
from its user to server s or from server s to its user. The value
of ttrani,s can be known when making the offloading decision
because the network bandwidth and latency can be detected.
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TABLE II
SYMBOL TABLE

Symbol Description

t Discrete time slot
S Total number of edge servers
S Set of edge servers, S = {1, 2, . . . , S}
M Large Language Model (LLM) on the cloud
Ms Merged LLM on server s
qs(r) Service quality provided by server s for task r
qmin, qmax Lower/Upper bound of Service quality
R Set of tasks, R = {r1, r2, . . .}
ri Inference task ri
ai, ci Time slot when task ri is released/returned
ttrani,s Transmission time of task ri to/from server s
twait
i,s Waiting time of task ri on server s
tinf
i,s Inference time of task ri on server s
t̂inf
i,s Predicted inference time of task ri on server s
tinf
min Minimum inference time
µ Hyperparameter for inference time range

Furthermore, in edge networks, the transmission time for input
and output data is significantly shorter than the inference time
of the service. Therefore, in the subsequent algorithms and
proofs, we will omit this aspect from our consideration. The
waiting time twait

i,s of task ri on server s occurs while the
server processes earlier arriving tasks. The inference time tinfi,s

of task ri on server s is unpredictable due to the generative
nature of the models, which makes the exact output length
and inference time difficult to determine. For simplicity, we
assume that the inference time tinfi,s lies within a range defined
by tinfmin ≤ tinfi,s ≤ µtinfmin, where µ is a hyperparameter. Since
the inference time tinfi,s is unpredictable, the waiting time twait

i,s

is also unpredictable, as it depends on the server’s processing
of earlier tasks.

Expert Merging Technique. The expert merging technique
is used to compress the original LLM on the cloud so that
the merged LLM can be deployed on the edge. Firstly, we
analyze the activation frequency of each expert in the MoE for
the corresponding input data, identifying the dominant experts
based on these frequencies. Then, we group the experts around
each dominant expert for each layer and merge each group into
a single expert. In [7], the merging technique does not target a
specific compression size. That is, for the same task, the size of
the MoE model merged using the method in [7] remains fixed,
and the model sizes resulting from merging different tasks
are inherently inconsistent. This limitation makes it unsuitable
for scenarios involving multiple servers with heterogeneous
storage capacities. In contrast, our work evaluates the available
GPU storage on the edge server and sets this as the target size
for our merge process.

Problem Formulation. The primary objective of our paper
is to provide users with high-quality and rapid LLM inference
services on the edge. To achieve this goal, we must design an
online task offloading strategy that assigns tasks to the most
appropriate server, considering the quality of service and the
associated time cost. Additionally, as demonstrated in Sec. 2,
various tasks exhibit different activation frequencies among the
experts. Consequently, the servers need to update their merged

LLM from the cloud based on the assigned tasks.

IV. ONTO - ONLINE TASK OFFLOADING ALGORITHM

In this section, we first analyze a scenario where the merged
MoE deployed on each server is predetermined and fixed. The
task offloading problem is then formulated within this context.
We propose an online algorithm to address the task offloading
problem, and a theoretical analysis of the proposed algorithm
is provided.

A. Problem 1 (P1): Online Task Offloading

Assuming that each server has already obtained its merged
LLM from the cloud, the online task offloading problem
focuses on assigning the tasks to the most appropriate server to
optimize its service quality and total time cost. For each task
ri arriving at time slot ai, it is immediately assigned to one
of the edge servers. We assume that once a task ri is assigned
to server s, it cannot be migrated to another server. This is
because a Key-Value (KV) cache is often used for optimizing
generation in autoregressive models, where the model predicts
text token by token. Migrating a task to another server during
runtime involves transferring the KV cache. However, due
to the generative network’s nature, different server models
may render the KV cache unusable, necessitating a restart
of inference from scratch. Consequently, our system prevents
preemption or migration to maintain efficiency.

Let xi,s ∈ {0, 1} denote the offloading decision for task ri
on server s at time slot ai. Specifically, xi,s = 1 indicates that
task ri is assigned to server s at time slot ai. The allocation
decision must satisfy the following constraint.∑

s∈S
xi,s = 1, ∀ ri ∈ R

which means each task will be assigned to only one server
when it arrives on the edge side.

For any set R with finite tasks online arriving, the objective
of our offloading strategy is to complete all tasks as soon
as possible and with high quality. Thus, the task offloading
optimization problem is defined as follows:

min
xi,s

cmax −
∑
ri∈R

αi

∑
s∈S

xi,sqs(ri) (1)

s.t.
∑
s∈S

xi,s = 1, ∀ ri ∈ R (2)

xi,s ∈ {0, 1}, ∀ri ∈ R,∀s ∈ S (3)

In the above equation, cmax = maxri∈R ci is the earliest time
slot when all the tasks are completed.

∑
s∈S xi,sqs(ri) is the

service quality for task ri. The hyperparameter αi > 0 is used
to balance the service quality for task ri and its impact on
the time cost. In other words, a larger value αi > 0 implies a
higher preference for the service quality for task ri. The term∑

ri∈R αi

∑
s∈S xi,sqs(ri) is the sum of the weighted service

quality for all the tasks in set R.
Then we prove the NP-Hardness of problem P1.

Theorem 1. The allocation problem P1 is NP-hard.
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Proof. Let’s consider a special scenario where all servers’
merged MoE models provide the same quality for all tasks.
This means the optimization objective for problem P1 be-
comes minimizing the overall system completion time, i.e.,
the makespan, when inference times are unknown. For this
special case, we can treat it as a robust scheduling problem
with multiple servers and uncertain processing times. This
reduced problem has been proven to be NP-hard in Theorem
1 of the paper [20]. Therefore, problem P1 is NP-hard.

B. Online Task Offloading Algorithm

Solving the online task offloading problem, even in an
offline manner, is challenging. An optimal solution requires
prior knowledge of the inference time for each task. However,
since inference time is influenced by the output length of
the generated response, accurately predicting this length is
difficult given the characteristics of generative models. Let’s
assume that for each unknown tinfi,s , we have a predicted
value t̂infi,s , where t̂infi,s and the true value share the same
range: tinfmin ≤ t̂infi,s ≤ µtinfmin. Notably, this assumption is not
unfounded. Since the processing time of generative LLMs is
highly dependent on output length, we estimate the inference
time by first predicting the generated token length. This can be
achieved using lightweight methods, such as historical moving
averages over recent queries or a simple Length Predictor
head. Following [8], the predicted token length is then mapped
to t̂infi,s through linear scaling calibrated from our observed
dataset profiles. Similarly, the predicted service quality q̂s(ri)
for task ri on server s can be estimated based on historical
performance data or other predictive models. It is crucial to
note that the predicted service quality is task-specific, just as
we demonstrate in Table I; that is, the quality for different tasks
ri assigned to the same server s can vary significantly depend-
ing on factors such as task complexity, resource requirements,
and other server-specific attributes. Therefore, even if tasks
are processed on the same server, the service quality q̂s(ri)
is likely to differ based on the unique nature of each task ri.
This task-specific quality aspect plays a key role in accurately
estimating the overall performance and cost for task offloading.

Our online task offloading strategy assigns tasks based
on predicted values, following the general process outlined
below. For detailed steps, please refer to the pseudocode in
Algorithm 1.

For each arriving task, our strategy needs to assign it to
a server immediately. Therefore, we focus on the decision-
making for task ri at its arrival time ai. We calculate its
waiting time on each server s using the predicted times of
other tasks assigned but still not completed on the server s.
Specifically, for each tinfi,s , we substitute it with the predicted
value t̂infi,s . Thus, the predicted time cost of assigning task ri on
server s is ĉi− ai, and the predicted weighted service quality
is αiq̂s(ri). Then, the predicted cost of task ri on server s
is defined as ĉi − ai − αiq̂s(ri). Consequently, we greedily
select the server s with the minimum predicted cost for task
ri, setting xi,s = 1.

Algorithm 1 ONTO Algorithm
Require: Set of servers S, set of tasks R, arrival time ai and

weights αi for each task ri, predicted inference time t̂infi,s

for task ri on server s
1: for Task ri arrived at the edge side at time slot ai do
2: for each server s ∈ S do
3: Calculate the waiting time for task ri on server s

using the predicted inference times of other tasks
assigned to s

4: Predict the quality q̂s(ri) of task ri on server s
5: Replace tinfi,s with t̂infi,s

6: Compute the predicted cost ĉi−ai−αiq̂s(ri) for task
ri on server s

7: end for
8: Select the server s′ with the minimum predicted cost

for ri
9: Allocate task ri to server s′ by setting xi,s′(ai) = 1

10: end for

C. Analysis of ONTO

To facilitate the performance analysis of ONTO, we first
establish some assumptions about the problem scenario.

Assumption 1. The inference time tinfi,s for task ri on server
s is not only bounded by tinfmin ≤ tinfi,s ≤ µtinfmin but also has
a mean value of µ+1

2 tinfmin.

This assumption is consistent with our empirical obser-
vations on real LLM inference workloads. As discussed in
Appendix C-A, inference tasks from the same downstream
application usually share similar prompt/output patterns, and
their measured inference times tend to concentrate around
task-dependent central values within finite bounded ranges.
Therefore, the bounded-range and representative-mean charac-
terization in Assumption 1 provides a practical approximation
for task groups with similar generation patterns.

Based on this characterization, we can construct both the
best-case completion-time lower bound for the offline optimal
solution and the worst-case completion-time upper bound for
the online algorithm. We present a brief proof in the following
lemma to support this point.

Lemma 1. When the inference time for all tasks R have an
average value of µ′tinfmin, the best-case time cost for the offline
algorithm is Rµ′

S tinfmin. The worst-case scenario for Algorithm 1
is at most Rµ

S tinfmin.

The proof of Lemma 1 is given in the Appendix.

Definition 1. The service quality qs(ri) of each task ri
provided by each server s has a common upper and lower
bound, qmin ≤ qs(ri) ≤ qmax. Furthermore, the bounds qmin

and qmax satisfy the following relationship:
qmax

qmin
= β (4)

Assumption 2. For the ratio µ of the upper and lower bounds
of task inference time, we make the following assumptions:

S ≤ µ ≤ 2βS − 1



6

This assumption is easily achievable in practice. We con-
ducted a simple inference time test on the WikiQA dataset [18]
using the merged MoE model at the edge network with several
servers and end devices. The results showed the maximum
inference time was 4 seconds and the minimum was 0.2
seconds. This implies µ = 20, meaning we need to select
S = 20 to satisfy the above assumption.

With the assumptions above, we then give the competitive
ratio of the online algorithm. The proof of Theorem 2 is given
in the Appendix.

Theorem 2. Given the task allocation problem proposed
in Problem P1, the online allocation algorithm, shown as
Algorithm 1, is (2− 2

µ+1 )-competitive under Assumption 1
and 2.

Remark 1. Impact of the prediction errors regarding t̂infi,s . Our
theoretical analysis inherently accommodates such deviations
as long as both the predicted value t̂infi,s and the true inference
time fall within the established bounds [tinfmin, µt

inf
min]. Within

this range, the theoretical competitive ratio mathematically ab-
sorbs the prediction gap, which is bounded by the parameters
µ and tinfmin. However, if predictions deviate significantly and
frequently fall outside these bounds, the theoretical guarantees
of the competitive ratio would loosen. To mitigate this in highly
dynamic edge environments, the adaptive update mechanism in
our JTOM framework acts as a system-level safeguard, shown
as follows. By periodically recalibrating the merged MoE
deployed on the edge server based on the actual, observed
task execution frequencies, JTOM can dynamically correct
continuous prediction biases, thereby minimizing the long-term
impact of extreme prediction deviations.

V. JOINT TASK OFFLOADING AND EXPERT MERGING

A. Problem 2 (P2): Joint Optimization

Given that the merged MoE has already been deployed on
the server, the previously discussed online task offloading al-
gorithm has demonstrated promising theoretical performance.
However, for dynamically distributed tasks continuously ar-
riving in the edge network, further optimization is needed.
As highlighted in the motivation, different expert merging
strategies influence the quality of tasks. Thus, we incorporate
the expert merging strategy into our problem to enhance
dynamic task offloading performance, leading to the joint task
offloading and expert merging problem, P2. In P2, we consider
both the offloading of newly arrived tasks and expert merging
decisions for optimization. According to the results in Table I,
the service quality provided by different merged LLMs varies
for the same task. Therefore, it is crucial for each server to up-
date its merged MoE-based LLM from the cloud if the current
model cannot deliver high-quality services. After updating, the
service quality qs(r) for assigned tasks can improve, thereby
minimizing the objective cmax −

∑
ri∈R αi

∑
s∈S xi,sqs(ri).

By providing an optimization algorithm for this problem, we
ensure that all tasks receive high-quality and fast services from
the edge.

B. JTOM Algorithm

We now propose a heuristic algorithm, JTOM (Joint Task
Offloading and Expert Merging), to address the above joint
task offloading and expert merging problem. The details are
shown in Algorithm 2. The task offloading part of the afore-
mentioned problem has been discussed in the previous section.

For the second part, the expert merging decision, an intuitive
approach is for each server to adjust its merge strategy
for received tasks at each time slot. However, this method
incurs substantial communication costs because each server
would need to request new merge schemes from the cloud
and download updated merged MoE model parameters. This
significant communication overhead necessitates strategic de-
cisions regarding when each server should perform merge
strategy updates.

Moreover, task distribution changes over time and the
extent of this change is unknown. Therefore, using fixed time
intervals for expert merging decisions is impractical, as it can
lead to unnecessary communication costs during periods of
stable task distribution and poor service performance during
periods of rapid changes on task distribution. To address this,
we dynamically adjust the timing of expert merging to better
capture changes in task distribution.

To quantify the degree of task distribution change, we use
the activation frequency of tasks on the MoE. Specifically,
at each decision point, we compare the current expert acti-
vation frequencies in the MoE with the historical frequencies
recorded during the previous decision. If the difference ex-
ceeds a certain threshold g, we proceed with a merge strategy
update by requesting a new merged MoE from the cloud.
A successful update indicates a significant change in task
distribution, prompting a reduction in the interval δ before
the next decision. Conversely, if the task distribution is stable,
we appropriately extend the decision interval before the next
update for lower communication overhead.

Now, we give the general procedure, which is shown as fol-
lows. The JTOM optimizes task offloading and expert merging
decisions dynamically. First, in the initialization phase, it sets
the decision interval δ, adjustment parameter m, and threshold
g. At time slot t = 0, each server randomly selects a merging
scheme for a downstream application based on its storage
capacity to obtain the deployed merged MoE. Additionally,
the activation frequency f ′, which refers to the activation
frequency based on the expert merging strategy used for
getting the merged MoE, is initialized at this stage. Then, for
each time slot, the new tasks are assigned using Algorithm 1.
Periodically, for each server, it analyzes the expert activation
frequency f in current time slot and calculates the change
∥f − f ′∥ between the current task activation frequency f
and the frequency of the expert merging strategy f ′. If this
change exceeds the threshold g, the server updates its expert
merging strategy based on the new task activation frequency
f , using the pre-determined expert merging algorithm like [3]–
[7]; otherwise, it retains the current strategy. The decision
interval δ is then adjusted: reduced by m if a new strategy is
adopted, or increased by m if not. This adaptive mechanism
ensures efficient task allocation and minimizes communication
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overhead by adjusting the frequency of expert merging strategy
updates based on task distribution dynamics.

Discussion on Theoretical Bounds. While the ONTO
algorithm provides a strict competitive ratio of 2µ

µ+1 for the
task offloading component under a fixed merging policy,
establishing a rigorous formal bound for the entire JTOM
framework is more challenging because JTOM additionally in-
volves adaptive merge-strategy switches. The number of such
switches is determined by real-time task distribution shifts
and therefore cannot be fixed in advance for arbitrary online
workloads. To clarify the theoretical impact of these switches,
we provide a conditional bound by explicitly incorporating the
actual number of merge-strategy switches into the analysis.

Assumption 3. (Constant merge-strategy switching delay).
For a finite task sequence R with N = |R| tasks and S
edge servers, each merge-strategy switch triggered by JTOM
introduces a constant worst-case delay

Tmerge =
N

S
tinfmin,

which is added to the completion-time component cmax of
the objective. If JTOM triggers d merge-strategy switches
during the whole task sequence, the total switching overhead
is therefore dTmerge.

Proposition 1. Under Assumptions 1–3, if JTOM triggers
d merge-strategy switches for a finite task sequence, then
JTOM admits the following conditional competitive-ratio up-
per bound for the completion-time component of the objective:

2(µ+ d)

µ+ 1
.

The proof of Proposition 1 and a detailed discussion are
given in the Appendix.

Algorithm 2 JTOM Algorithm
1: Input: Initial interval δ, adjustment parameter m, thresh-

old g
2: Output: Task Offloading and expert merging strategy

decisions
3: for each time slot t do
4: Use Algorithm 1 to allocate new arrival tasks
5: end for
6: for each server s in every δ slots do
7: Analyze the expert activation frequency on s
8: Calculate the change ∥f − f ′∥ between the current

activation frequency f and the one f ′ of the merging
strategy

9: if ∥f − f ′∥ < g then
10: Decide to maintain the current merge strategy
11: δ ← δ +m
12: else
13: Reselect the merge strategy
14: δ ← min(δ, δ −m)
15: end if
16: end for

VI. EXPERIMENT

In this section, we evaluate the performance of the task
offloading Algorithm 1 (ONTO) and the online joint task
offloading and edge-side merge strategy Algorithm 2 (JTOM).
The processing time, total quality, and weighted cost of both
algorithms are evaluated under various server numbers and
task generation rates. Additionally, necessary ablation exper-
iments are conducted to validate our Expert Merging Update
strategy in JTOM.

A. Experiment Setup

Hardware Environment. The simulations and model pro-
filing are conducted on an edge server equipped with an AMD
EPYC 7T83 64-Core CPU and an NVIDIA RTX 3090 GPU.
Although the physical GPU has 24GB VRAM, we enforce a
6GB memory constraint in the simulation to emulate resource-
limited edge devices.

Edge Network. We consider a cloud-edge-end MoE infer-
ence scenario with multiple edge servers and task-generating
users randomly distributed in a fixed area. The edge servers
are heterogeneous in computation, storage, and bandwidth
capacities, and are categorized into three capability levels. The
communication delay is calculated according to the transmitted
data size and the bandwidth of the selected edge server.

Tasks and Models. The edge network serves five types of
NLP inference tasks sampled from COPA [15], MultiRC [16],
SQuAD [17], WikiQA [18], and WinoGrande [19]. We adopt
the Switch Transformer-based MoE model switch-base-32 [2],
which contains 12 MoE layers with 32 experts per layer.
For different task distributions, we use the expert merging
algorithm from [7] to generate merged MoE models deployed
on edge servers.

Task Generation. Inference requests are generated by 10
users following a Poisson process. Each request is assigned
a task type uniformly sampled from the five datasets, and
its preference weight αi is sampled from U(0, 1) to balance
latency and service quality. All algorithms are evaluated using
the same random seed, request sequence, task types, and
preference weights to ensure fairness.

Baselines. We compare ONTO and JTOM with seven
baselines, including four classical task-offloading/scheduling
baselines, i.e., Multi-Armed Scheduling (MAS) [9], Least
Connection Scheduling (LCS) [11], HERT [10], and Quality-
based Greedy (Qual-Greedy), as well as three recent MoE-
aware serving baselines, i.e., QoS-Quant [14], MoE-Load [13],
and Multi-MoE [12]. All baselines are evaluated under the
same distributed edge environment, request traces, model
backbone, memory constraints, and metrics.

Metrics. We evaluate all algorithms on three Metrics: (1)
the Weighted Cost maxri∈R ci −

∑
i αi

∑
s xi,sqs(ri), i.e.,

the objective in our problem definition; (2) Process Time∑
ri∈R ci − ai. It is important to note that for the JTOM algo-

rithm, this Process Time explicitly incorporates the switching
overhead (i.e., server downtime) incurred during the model
updating process. This includes the time taken to download
the new expert merging strategy from the cloud and reload
the updated experts into the GPU memory. (3) Total Quality
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Fig. 3. Comparison of performance achieved by various offloading algorithms as the server number increases.

Fig. 4. Comparison across various task offloading algorithms as task generation rate increases.

∑
ri∈R q(ri). Moreover, we evaluate the performance of our

proposed algorithm in scenarios with varying numbers of
servers and task-generating rates, where the task-generating
rate represents the expected number of tasks generated by
users at each time slot.

More implementation details are provided in the Appendix.

B. Analysis on Experiment Results

1) Effectiveness of Our Approach:
We compare our ONTO and JTOM against baseline al-

gorithms across three key metrics: weighted cost, process
time, and total quality, with varying server numbers and task-
generating rates, as shown in Fig. 3 and Fig. 4. For a clear
illustration, all the metrics reported are the normalized values.

Performance of JTOM with Various Server Numbers.
As shown in Fig. 3, the baseline analysis reveals that our
proposed JTOM framework consistently outperforms both
generic scheduling strategies and modern MoE-aware serving
baselines across various metrics. Specifically, as illustrated in
Fig. 3(a), JTOM achieves the lowest normalized weighted
cost, demonstrating its superior cost-efficiency and robust
scalability as the edge network expands. Furthermore, in terms
of Process Time (Fig. 3(c)), JTOM significantly reduces the
inference latency compared to recent MoE-aware baselines
like QoS-Quant, Multi-MoE, and MoE-Load, maintaining the

lowest overall processing time alongside ONTO. This explic-
itly proves the critical advantage of tightly coupling adaptive
expert merging with online multi-server task offloading, rather
than relying solely on single-server optimizations. Crucially,
this exceptional temporal efficiency does not come at the
expense of accuracy. As shown in Fig. 3(b), JTOM maintains
a remarkably high total quality, ranking second overall—
surpassed only by the Quality-based Greedy algorithm, which
naturally maximizes quality but suffers from worst-case, pro-
hibitive process times. Compared to other efficiency-oriented
MoE baselines, JTOM yields substantially higher task quality,
perfectly showcasing its effectiveness in striking the balance
between inference accuracy and system latency.

Performance of JTOM with Different Task Generating
Rates. As shown in Fig. 4, evaluating the algorithms under
varying task arrival rates further highlights the robustness
of our JTOM framework against traffic surges. In terms of
the overall objective, JTOM consistently sustains the lowest
normalized weighted costs (Fig. 4(a)) even as the task genera-
tion rate intensifies, illustrating its exceptional scalability and
cost-efficiency under heavy system loads. For Process Time
(Fig. 4(c)), while modern MoE-aware baselines such as QoS-
Quant and Multi-MoE suffer from increased latency under
high task volumes due to their single-node bottlenecks, JTOM
seamlessly distributes the inference pressure across the edge
network. As a result, JTOM maintains a rigidly low and stable
processing time alongside ONTO, regardless of the workload
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TABLE III
CUMULATIVE MODEL-UPDATE DOWNTIME UNDER VARYING REQUEST

RATES. ONTO IS OMITTED BECAUSE IT PERFORMS NO MODEL UPDATES
BY DESIGN.

Downtime (s) Request Rate
Algorithm 1 3 5 7 9 11 13 15 17 19
JTOM 180 162 180 126 180 162 180 198 180 180
Qual-Greedy 3276 486 666 306 324 342 324 288 306 306
MAS 180 180 180 180 180 198 180 198 180 180
LCS 180 198 198 180 180 180 198 234 180 180
HERT 180 180 180 180 180 180 180 180 180 198
QoS-Quant 180 198 198 180 198 216 216 198 180 252
MoE-Load 162 234 180 126 162 144 180 180 216 180
Multi-MoE 0 18 18 18 18 0 18 0 18 18

spikes. More importantly, this high-throughput efficiency does
not compromise accuracy. As depicted in Fig. 4(b), JTOM
delivers a highly stable and superior total quality score across
all task rates. While it remains second only to the latency-
prohibitive Qual-Greedy algorithm, JTOM drastically outper-
forms the other efficiency-oriented MoE baselines, which
exhibit noticeable quality degradation when bombarded with
high request rates. This robust performance across all metrics
definitively proves that JTOM is highly effective in managing
dynamic, high-traffic edge computing environments.

Model Update Overhead Evaluation. We further quantify
the cost of dynamic model switching through the cumulative
server downtime under varying request rates, as reported in
Table III. ONTO is omitted because it adopts a static merging
policy and therefore incurs no model-update downtime. The
results show that JTOM maintains a consistently bounded
update overhead across all tested request rates, with downtime
ranging from 126 to 198 seconds. This indicates that the
adaptive update mechanism in JTOM does not introduce high
model-switching cost, even when the request rate changes.
Compared with methods that update models more aggressively
or less selectively, JTOM achieves a more stable update pattern
by triggering merge-strategy updates only when the observed
task distribution shift is sufficiently significant.

More importantly, the update overhead of JTOM should
be interpreted together with its overall system performance.
Although Multi-MoE incurs the smallest update downtime
because it performs very limited model switching, its overall
performance in terms of weighted cost, process time, and total
quality is inferior to JTOM, as shown in Fig. 3 and Fig. 4.
Therefore, the key advantage of JTOM is not merely reducing
update downtime, but achieving a balanced trade-off between
controlled switching overhead and long-term service quality
improvement. By adaptively maintaining specialized merged
MoE models on edge servers, JTOM effectively converts a
small and stable amount of update overhead into improved
task-specific inference quality and lower overall system cost.

2) Ablation Study Analysis:
To evaluate JTOM’s merge strategy, we conduct an ablation

study comparing it with the pure task offloading algorithm
without the merge-strategy switch, ONTO.

As shown in Fig. 3 and Fig. 4, the ablation study indicates
that JTOM outperforms ONTO in terms of lower process

times, higher total quality, and reduced weighted costs across
different server numbers and varying task rates. Specifically,
JTOM achieves an average 30% improvement in normalized
total quality compared to ONTO. Moreover, both algorithms
maintain relatively low values for process time, with JTOM
exhibiting a slight decrease in process time compared to
ONTO. As a result, JTOM shows an average 8% improvement
in the overall normalized weighted cost compared to ONTO.
This underscores the critical role of the expert merging strategy
decision in enhancing the algorithm’s efficiency, quality, and
cost-effectiveness.

3) Scalability of The Merge Strategy Decision Component:
In order to further understand the scalability of the Merge
Strategy Decision Component in the JTOM algorithm, we
conducted experiments on several key parameters. Specifically,
we explored the impact of adjusting the interval time m,
the initial interval for performing merge updates δ, and the
threshold g that triggers expert merge updates in JTOM. These
parameters play a crucial role in determining the efficiency and
effectiveness of the merge strategy, and their optimization is
essential for achieving the best performance in the algorithm.
In the following, we present the results and analysis of each
of these parameters.

Impact of Interval Adjustment m. Table IV evaluates the
effect of varying adjustment m in the JTOM algorithm’s merge
strategy decision component. Process time peaks at m = 10
(+19144.4) and is minimized at m = 60 (0.0). Weighted cost
follows a similar trend, highest at m = 10 (+20451.4) and
lowest at m = 60 (0.0). Sum quality increases with higher
adjustments, reaching a maximum at m = 60 (+26157.4) and
a minimum at m = 0 (+20515.2). Hence, m = 60 is the
optimal adjustment for the JTOM algorithm, ensuring minimal
process time and weighted cost, and maximal sum quality.

Impact of Interval δ. Table V assesses the influence of
varying interval δ in the JTOM algorithm’s merge strategy
decision component. Process time is minimized at δ = 20 (0.0)
and maximized at δ = 50 (+9711.0) and δ = 30 (+7952.9).
Sum quality peaks at δ = 20 (+16232.1) and hits bottom at
δ = 50 (0.0). Weighted cost is lowest at δ = 20 (0.0) and
highest at δ = 50 (+10522.6). Thus, δ = 20 is the optimal
interval parameter for the JTOM algorithm, yielding minimal
process time and weighted cost, and maximal sum quality.

Impact of Threshold g. Table VI evaluates the impact of
varying the update threshold g on the performance of the
system. Process time is minimized at g = 0.2 (0.0) and
maximized at g = 0.3 (+24338.7) and g = 0.5 (+16655.7).
Total quality is highest at g = 0.2 (+57405.2) and lowest
at g = 0.3 (0.0). Weighted cost is lowest at g = 0.3 (0.0)
and highest at g = 0.2 (+30314.8). Therefore, g = 0.2 is the
optimal update threshold, balancing minimal process time with
maximal total quality and a reasonable weighted cost.

VII. RELATED WORK

With multiple expert networks, the MoE-based LLM pro-
vides users with specialized and high-quality inference ser-
vices in data centers [2], [21]. Recently, how to deploy an
MoE-based LLM on resource-constrained edge devices has
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TABLE IV
IMPACT OF VARYING THE ADJUSTMENT m

Adjustment m 0 10 20 30 40 50 60

Process Time +3311.0 +19144.4 +8554.4 +12520.2 +13511.0 +7849.1 0.0

Total Quality +20515.2 0.0 +12469.7 +8112.6 +11112.9 +14574.2 +26157.4

Weighted Cost +4312.3 +20451.4 +9958.0 +13422.3 +14263.1 +9148.2 0.0

TABLE V
IMPACT OF VARYING THE INTERVAL δ

Interval δ 10 20 30 40 50 60 70 80

Process Time +1123.5 0.0 +7952.9 +6543.2 +9711.0 +6867.0 +8457.7 +1179.1

Total Quality +11773.1 +16232.1 +6276.9 +3253.9 0.0 +3834.5 +1633.8 +10713.4

Weighted Cost +1346.4 0.0 +8450.7 +7192.1 +10522.6 +7486.8 +9187.6 +1455.1

TABLE VI
IMPACT OF VARYING THE UPDATE THRESHOLD g

Threshold g 0.1 0.2 0.3 0.4 0.5 0.6 0.7 0.8 0.9

Process Time +3131.7 0.0 +24338.7 +1879.7 +16655.7 +3992.0 +4404.4 +12364.3 +5370.2

Total Quality +45860.3 +57405.2 0.0 +48049.3 +18949.9 +42428.7 +41206.0 +12988.1 +31928.3

Weighted Cost +23959.8 +30314.8 0.0 +25724.2 +11152.0 +22247.0 +22380.0 +7793.3 +18022.1

garnered significant attention [22]–[24]. The core challenges
hidden behind the edge-based LLM deployment problem
include addressing the gap between the over-large model
size and limited resources on the edge side, as well as the
corresponding task offloading problem.

Beyond edge-side MoE deployment and model compres-
sion, recent studies have also optimized MoE serving from
QoS-aware, efficiency-oriented, and system-level perspectives.
For example, Imani et al. [12] improve the QoS of serving
multiple MoE LLMs through partial runtime reconfiguration
on a single GPU, and Imani et al. [14] tune the quality-
efficiency trade-off through partial quantization and mixed-
precision expert placement across CPU and GPU. Huang et
al. [13] improve MoE inference throughput through dynamic
gating, expert buffering, and expert load balancing. Other
works further study elastic MoE services [25], fine-grained
expert offloading [26], expert sharding [27], adaptive MoE
runtime systems [28], and large-scale disaggregated expert-
parallel serving [29]. These studies mainly optimize MoE
execution within a single node, centralized GPU cluster, or
resource-abundant data-center environment, whereas our work
focuses on resource-constrained edge inference, where adap-
tive expert merging and multi-server online task offloading
must be jointly optimized across heterogeneous edge servers.

To address the model-size challenge in edge deployment,
some compression techniques have been proposed, including
quantization [23], [30], [31], pruning [32], [33], knowledge
distillation [34], and model splitting [22], [35]. Quantiza-
tion [23], [30], [31] compresses model parameters from high
precision (FP32) to low precision (e.g., INT8) to reduce
storage requirements but introduces significant computing
overhead for quantization/dequantization during inference and

potential accuracy loss. Pruning [32], [33] reduces the model
size by removing parameters, which directly leads to informa-
tion loss. Knowledge distillation [34] transfers the knowledge
from a large model to a smaller edge model, maintaining
knowledge integrity but requiring substantial computational
resources and time for training on user data. Model split-
ting [22], [35], [36] divides model parameters across multiple
devices to alleviate storage constraints, but this approach
incurs high communication overhead. Exploiting the sparsity
characteristic of experts in MoE models, some works [3]–
[7] merge experts to reduce their number, thereby decreasing
overall expert parameters while maintaining model quality.
This technique shows potential for solving issues related to
resource constraints, enabling deployment of LLMs on edge
devices. However, existing studies focus on single-task, single-
machine settings, making them unsuitable for complex edge
scenarios with multiple tasks and servers.

As for the task offloading problem for LLM inference at
the edge, several works have been proposed [37]–[39]. In
[37], the energy consumption issues under various offloading
configurations and task requirements are investigated in an
intelligent edge testing platform. Then, the LLM offloading
problem is formulated as a Multi-Armed Bandit problem to
identify energy-efficient offloading configurations and reduce
energy consumption. However, all of the works mentioned
above are not specifically designed for the MoE framework.
As presented in our motivation, simply applying a conven-
tional task offloading strategy without considering the different
activation rates of various tasks on different experts fails to
leverage the full potential of the MoE architecture. After a
deep investigation of the task preferences of the experts in
the MoE structure, our work presents a co-design on the task
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offloading strategy and expert merging method.
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IX. CONCLUSION
In this paper, we tackled the complex problem of deploy-

ing MoE-based LLMs on edge devices by leveraging expert
merging techniques. Our study reveals that static merging
policies fall short of addressing the dynamic and hetero-
geneous nature of edge environments. To mitigate this, we
introduce a flexible framework that allows each edge server to
adaptively merge experts according to the tasks assigned and
online offload the inference tasks based on the recently merged
LLM. This joint optimization strategy ensures that resource-
limited edge servers can provide efficient, low-latency, and
high-accuracy inference services. We validated our approach
through theoretical proofs and a series of experiments on
multiple datasets, demonstrating at least a 16% reduction in
overall weighted cost over existing methods. Extending to
incorporate dynamic cloud-edge collaboration or multi-device
cooperative inference, alongside applying it to other types of
AI-based network services, will be the focus of our future
work.
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