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Abstract—The inference services of Large Language Models
(LLMs) play a crucial role in many fields. Deploying LLMs at the
network edge can effectively reduce response latency and enhance
domain-specific knowledge. However, due to the dynamic and un-
predictable nature of edge user requests and the limited resources
of edge servers, improper request scheduling can lead to server
load imbalance and increased inference latency. To address this
challenge, we model edge LLM inference under dynamic work-
loads and constrained edge resources by fully considering mutual
influences and trade-offs between inference performance, inference
latency, and edge resource utilization. We propose a Workload
Prediction and Dynamic Request Scheduling (WPDS) algorithm
for edge computing environments. The WPDS algorithm first eval-
uates and prioritizes heterogeneous requests by extracting features
and importance scores from user requests. A Transformer-based
encoder is used to extract load characteristics of edge servers over
different time periods to predict future GPU resource demands.
Then, a soft actor-critic reinforcement learning model dynami-
cally schedules requests to appropriate LLM instances, capturing
the dynamic relationship between request processing and edge
resource utilization from complex state spaces. We evaluate our
algorithm in a real Kubernetes-based edge inference prototype
system. Experimental results indicate that our approach reduces
average inference time by approximately 16.6% compared to the
best-performing heuristic baseline algorithm, while also achieving
more balanced GPU utilization across edge servers.

Index Terms—Edge computing, load balancing, task scheduling,
deep reinforcement learning, LLM inference.
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I. INTRODUCTION

IN RECENT years, Large Language Models (LLMs) have
been growing exponentially [1], jumping from millions to

billions of parameters. This surge has significantly boosted the
ability of LLMs to process and generate natural language, mak-
ing them useful in various fields like online question answering
systems and smart assistants [2]. With a massive increase in
edge users on networks, there is a rising demand for quicker
response times and personalized experiences from LLMs [2],
[3]. As a result, a lot of research has focused on compressing or
optimizing these models [4], [5], [6] using techniques like model
pruning, quantization, and knowledge distillation, successfully
deploying them on edge servers. By providing LLM inference
services at the edge, we can effectively tackle complex edge in-
telligence tasks, such as inspection robots, traffic flow prediction
and control, etc.

However, edge user requests are highly diverse and often
latency-sensitive, making effective scheduling challenging [2],
[7], [8]. Furthermore, edge servers operate under limited re-
sources and handle fewer concurrent tasks compared to cloud
data centers [9], [10], [11]. Edge-based LLM deployment faces
three key challenges: (1) High-volume and lengthy requests,
where resource-constrained edge devices struggle with complex
inputs, leading to memory pressure or performance degrada-
tion [12], [13]; (2) Load imbalance from heterogeneous work-
loads, as simplistic scheduling strategies (e.g., proximity-based)
often overload some servers while leaving others underutilized,
resulting in poor response times [14]; and (3) Service inter-
ruptions and fault tolerance, since Rapid shifts in dynamic
demand and limited resources increase vulnerability to workload
bursts and node failures [7], [8], creating a need for robust,
adaptive scheduling mechanisms that can effectively handle
dynamic prioritization, share constrained resources, and facil-
itate multi-server collaboration for edge-based LLM inference.
Consequently, efficient request scheduling and load balancing
are essential for edge LLM inference.

To optimize request scheduling and load balancing, the fol-
lowing challenges need to be addressed. The first challenge
is how to assess the concurrency of edge requests and their
processing complexities. Efficient edge LLM inference ser-
vices require consideration of user request-response latency and
recognition of characteristics differentiating them from typical
edge services [5], [15]. Edge users submit requests of varying
complexities, such as question answering, reading comprehen-
sion, and translation tasks, resulting in significant differences in
input lengths, latencies, and resource demands [16]. For exam-
ple, common-sense requests may involve brief questions, while
reading comprehension requires handling much longer passages.
Different request types also have varying latency requirements.
Therefore, a dynamic request priority adjustment mechanism is
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essential for scheduling diverse requests to suitable LLMs and
ensuring timely processing, thereby improving both completion
rates and accuracy.

Moreover, the second challenge is how to address edge
workload imbalance and unpredictable resource consumption.
Users generate highly time-varying requests, leading to signif-
icant workload disparities across distributed edge nodes [17].
Traditional scheduling algorithms, such as weighted round-
robin and least response time [11], [18], are not well-suited
for edge-based LLM inference. Recent resource-aware edge
inference systems have explored distributed LLM serving at
the edge [19], [20]. However, these approaches mainly rely
on reactive resource-state awareness, causing scheduling de-
cisions to lag behind rapidly changing request queues under
heterogeneous workloads [21]. In practice, LLM inference
tasks exhibit highly diverse input lengths and resource de-
mands, while GPU memory and storage consumption at the
edge vary significantly with request characteristics. Further-
more, robust fault-tolerance mechanisms are required to main-
tain inference availability in the presence of node or model
failures [14].

In this paper, we propose an adaptive request scheduling
and load balancing approach to enhance LLM inference on
edge devices under large-scale user requests. We first model
the edge-based LLM inference system aiming to improve user
satisfaction and reduce response latency. By fully analyzing
LLM request characteristics, we extract features related to high
concurrency and varying request types and dynamically assign
priority scores. Next, we use four Transformer-based encoders
to capture temporal dependencies in historical edge LLM re-
source utilization data [22]. These encoders enable the model
to understand both short-term failures, sudden load fluctua-
tions, and long-term load balancing characteristics. We then
employ an actor-critic method [23] to learn a load-balancing
strategy, capturing the dynamic relationship between request
scheduling, processing, and resource utilization in complex state
space. Additionally, we introduce an edge inference recovery
mechanism that reschedules pending requests by considering
priority scores and queuing delays during LLM pod recovery.
Finally, we evaluate the performance of our algorithm using
various large-scale requests in Kubernetes-based edge systems.
The results show that our algorithm reduces average inference
time by approximately 16.6% compared to baselines. Our main
contributions are as follows:
� We address the significant workload imbalance and infer-

ence latency resulting from processing large-scale diverse
requests in an edge-based LLM inference system. Our com-
prehensive model fully incorporates request scheduling,
inference recovery, and workload balancing, accounting
for both request completion and load balancing costs.

� We propose WPDS, an actor critic-based algorithm for
workload prediction and dynamic request scheduling. By
extracting and scoring request features, we evaluate and
prioritize different types of requests. Using Transformer-
based encoder, we extract workload features of edge
servers over various time periods to represent future re-
source demands.

� We conduct experiments on real Kubernetes-based edge
systems, using various language datasets to evaluate re-
quest processing performance under load balancing. The
results show that our algorithm outperforms traditional
baseline algorithms by approximately 16.6% on average.

Fig. 1. Motivation studies.

The remainder of the paper is organized as follows. In
Section II, the related work and points of motivation are
illustrated. In Sections III-A and V, the system model and
the proposed algorithm are introduced. In Section IV, the
system implementation and the WPDS algorithm are described.
The results of performance are evaluated in Section VI. In
Section VII, the conclusion and future works are given.

II. RELATED WORKS AND MOTIVATION

A. Handling High-Volume and Lengthy Requests

The increasing complexity and length of user requests
processed by LLMs pose significant challenges in resource-
constrained environments. As shown in Fig. 1(a), we analyze
two different LLMs deployed on identical hardware with the
same request workloads, and record performance under varying
input lengths. Due to GPU memory limitations on edge devices,
the two models demonstrate different capacities in handling
long-sequence inputs. Specifically, we measure the Time to
First Token (TTFT) for each model and visualize GPU memory
consumption during inference, collected via Prometheus [24]
integrated with our Kubernetes-based deployment. The figure il-
lustrates how GPU utilization and inference latency increase
significantly with longer input sequences, highlighting the need
for length-aware request scheduling. For shorter requests, both
TTFT and GPU usage remain relatively low, whereas longer
inputs cause sharp growth in both metrics, indicating increased
strain on edge hardware.

To tackle this challenge, numerous studies have introduced
optimization strategies at both the model and system levels.
Model-level optimization techniques, such as model compres-
sion and quantization [4], [6], aim to reduce the computational
and memory demands of LLMs without sacrificing their ability
to handle lengthy inputs. System-level strategies focus on re-
source allocation, model parallelization, and infrastructure opti-
mization for LLM deployment [5], [16], [19], [25]. Liu et al. [6]
present an efficient context-loading module for LLMs to reduce
key-value (KV) cache size and loading delays. Xiao et al. [4]
introduce a training-free post-training quantization method that
achieves 8-bit quantization in LLMs. Sheng et al. [5] employ
advanced weight and attention cache compression techniques
for LLM inference. Miao et al. [19] present a cost-effective
LLM cloud serving approach and dynamically adjust LLM
parallelization configurations. Lin et al. [25] integrate semantic
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load balancing and shared KV caching to reduce re-computation
during LLM inference. Crankshaw et al. [26] proposed a system
named InferLine, which provisions and manages multi-stage
ML prediction pipelines to meet end-to-end tail latency goals
while minimizing cost. By optimizing model architecture and
parameterization, these approaches extend the capability of
resource-constrained systems, enabling them to process longer
requests efficiently.

However, these methods still struggle to meet the challenges
of edge clusters running multiple LLM services, particularly un-
der dynamic and high-volume workloads. Existing approaches
often rely on static parallelization strategies, limiting efficient
resource use across nodes when managing large volumes of
variable-length requests. Such variations in request lengths,
resource consumption, inference times, and the processing capa-
bilities of models on different servers frequently result in load
imbalances within edge clusters. Consequently, some servers
become overloaded, leading to increased inference latency,
while others remain underutilized, reducing overall resource
efficiency.

This motivates the need for an adaptive scheduling mecha-
nism that not only accommodates diverse request characteristics
but also balances workloads across edge clusters, maximizing
resource utilization and minimizing inference latency.

B. Towards Imbalanced Request Distribution

The dynamic nature of user requests, including varying arrival
rates and processing demands, poses significant challenges for
efficient edge-based LLM request scheduling. Differences in
node processing capabilities also lead to performance variation
among deployed LLMs. Traditional Kubernetes platforms rely
on scheduling algorithms such as weighted round-robin or least
response time, forwarding requests without considering the
real-time conditions of edge-based LLM deployments. Fig. 1(b)
compares queue lengths under two scheduling algorithms with
identical workloads. The lower part of the figure shows re-
quests sampled from a Pareto-distributed workload generated
from the combined dataset. Queue lengths at each node reflect
request processing efficiency under the same input workload.
These results demonstrate that conventional schedulers fail to
address the heterogeneous nature of edge-based LLM inference
requests.

Inefficiency is particularly evident in LLM deployments,
where requests of varying lengths entail differing GPU memory
and computational demands. Traditional algorithms generally
assume uniform resource requirements, neglecting the substan-
tial variations caused by text length and complexity. As a result,
these methods lead to unbalanced node utilization, wasting
resources and increasing inference latency.

To enhance LLM efficiency on edge devices, researchers have
explored adaptive compression and fine-tuning [15], distributed
inference systems [7], [14], and request rescheduling to improve
load balancing and reduce latency [8]. Yu et al. [15] achieve
notable speedups and memory reduction through hierarchical
unified compression. Ma et al. [7] introduce a pipeline inference
framework for efficient deployment across heterogeneous de-
vices. Borzunov et al. [14] present a decentralized system using
fault-tolerant inference and load-balancing protocols for effi-
cient LLM execution. Sun et al. [8] propose real-time migration
mechanisms that reschedule requests among LLM instances to
reduce latency.

These approaches improve model efficiency and dynamic
scheduling but mainly optimize individual nodes or static in-
ference setups. They do not fully address challenges in large-
scale, multi-node edge clusters handling dynamic, high-volume
requests with varying characteristics. This highlights the need
for a scalable scheduling mechanism that adaptively allocates
resources based on request features while balancing workloads
across the cluster.

C. Service Interruptions in Edge-Based LLM Deployments

High-load conditions in edge-based LLM deployments often
cause service interruptions due to network congestion, cache
failures, or node outages. Such interruptions severely affect
the system’s ability to provide efficient inference, especially in
dynamic, large-scale edge environments. Robust fault-tolerance
mechanisms are essential to ensure service continuity during
node failures.

Traditional methods often struggle in these situations. For
example, reactive fault recovery can cause significant delays,
reducing system responsiveness and efficiency. Miao et al. [19]
propose state inference recovery for incremental submission
of inference progress, enabling low-cost task resumption in
SpotServe. While effective in preemptive environments, it re-
lies on static resource configurations and specific deployment
conditions. Fang et al. [27] introduce an LLM-based edge fault-
tolerant paradigm combining fault perception, diagnosis, and re-
covery with pre-optimized knowledge. However, this approach
mainly addresses network-level issues, not fully handling the
complexities of dynamic, large-scale LLM requests.

These limitations highlight the need for an edge-cluster fault-
tolerance mechanism that ensures system reliability under large-
scale, dynamic requests. Such a mechanism should adapt to
varying request characteristics and node conditions, enabling
uninterrupted service even when multiple LLM nodes fail. Ro-
bust fault-tolerant strategies are essential to maintain inference
efficiency and optimize resource utilization in edge-based LLM
deployments.

In summary, these results indicate that the complexity and di-
versity of user requests affect resource usage and inference time
in edge-based LLM deployments. By monitoring and predicting
resource usage at each node in real time, the system can optimize
scheduling based on request characteristics, reducing inference
latency, preventing node overloads or idling, and improving
overall stability and performance. Therefore, we design WPDS
as follows: a) Request Scoring: Prioritize requests based on their
length and completion time; b) Resource Utilization Extraction:
Monitor GPU usage at intervals to predict node workload; c)
Service Recovery: Reschedule pending requests during LLM
deployment recovery.

III. SYSTEM MODEL AND PROBLEM FORMULATION

A. System Description

Fig. 2 depicts the workflow of the edge-based LLM in-
ference system, comprising user requests, LLM deployments,
and edge devices. User requests are batched and prioritized
based on completion time constraints and request features. Re-
source utilization is monitored and encoded using a temporal
fusion self-attention mechanism to capture usage patterns across
edge-deployed LLMs. To optimize resource usage and prevent
overloading, the system dynamically balances workloads among
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Fig. 2. An illustration of edge-based LLM inference system.

TABLE I
NOTATIONS

edge devices. Deployment health is monitored, and unresponsive
or overloaded deployments trigger a request eviction mechanism
to maintain stability. Scheduling decisions focus on minimizing
delays while ensuring high-quality LLM inference. Key nota-
tions are summarized in Table I.

User requests: A set of user requests,K = {k1, k2, . . . , k|K|},
is generated from a large user base and assigned to edge de-
vices for processing, where |K| is the total number of re-
quests. The characteristics of each request ki are defined as
ki � {�ki , nkit , zki , ui}, for 1 ≤ i ≤ |K|, t ∈ T. Specifically,
�ki is the token length of the request, nkit is the timestamp t

at which the request is generated, zki is the completion time
constraint, specifying the desired maximum time by which the
request should be completed. ui is the expected response to the
request from the dataset.

Edge devices: The set of edge devices is denoted as E =
{e1, e2, . . . , e|E|}, where |E| is the total number of edge de-
vices. The attributes of ej are ej � {mej , cej , bej , vej}, for
1 ≤ j ≤ |E|, where mej is the total GPU memory and cej is
the number of virtual GPU (vGPU) cores available on the edge
device. Based on a Kubernetes-based inference platform, GPU
virtualization supports concurrent execution of multiple models
on a single physical GPU [28], [29]. bej is the storage space
that provides persistent storage for LLM model weight files,
configuration files, and logs. Due to the limitations of edge com-
puting resources, the number of pods running simultaneously on
each device is limited. vej is the computational capacity of the
edge device. After scheduling requests, the LLM deployment on
an edge device for a request is ej = {kj,li |1 ≤ j ≤ |E|, l ∈ L},
where kj,li = 1 if request ki is processed by LLM l on edge
device ej , otherwise, kj,li = 0.

LLM deployments: A set of LLMs L = {l1, l2, . . . , l|L|} are
deployed as inference services on heterogeneous edge devices
to process user requests, with |L| indicating the total number
of LLMs. Deployments can be horizontally scaled by cre-
ating multiple replicas on the same devices sharing model
files. The attributes of a deployment are denoted as li �
{ej , qrli , q

s
li
, �li ,mli , cli ,Qi}, for 1 ≤ i ≤ |L|, where ej , 1 ≤

j ≤ |E| is the device on which the LLM deployed. qrli is the
number of replicas, qsli is the selector, and �li is the maximum
model length of the LLM deployment. GPU memory mli and
cores cli are the main resource consumptions, and Qi is the
processing queue.

B. System Cost

1) LLM Completion Costs: The cost of completing a re-
quest involves multiple components: the computational cost
incurred by utilizing edge-based LLMs Cinfki

(t), the queuing
cost Cqueki

(t) arising from delays in the processing pipeline, and
the completion cost Ctskki (t), which includes penalties for unmet
task completion constraints. These factors collectively influ-
ence the prioritization of incoming requests. The prioritization
mechanism evaluates each request based on its task completion
time constraints, queuing delays, and the computational effort
required, enabling efficient task allocation and scheduling.

Cost of request processing: The processing cost of requests
is influenced by various factors, including resource contention
among LLMs deployed on the edge device, input request length,
and the processing capabilities of the LLMs being used. The
processing cost of the request ki ∈ K when served by LLM
lj ∈ L of edge device ej ∈ E is defined as follows [30]:

Cinfki
(t) =

∫ t

n
ki
s

k
ej ,lj
i (τ) · �ki(τ)

ςlj
dτ, nkis ≤ t ≤ nkid , (1)

where nkis and nkid denote the timestamps at which the request
begin processing and completes, respectively. The binary indi-
cators variable kej ,lji (τ) specifies whether request ki is being
served by LLM lj on edge device ej at time τ . Multiple LLMs
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can be deployed on a single edge device and share GPU re-
sources, whose effective computational capacity is represented
as ςlj = vej ·

mlj

mej
· cljcej . Requests ki of different lengths �ki are

scheduled to LLM services lj , each with varying computational
capabilities.

Cost of queueing requests: The queueing cost is associated
with the waiting time and delay experienced by requests before
processing. It reflects the system’s efficiency in handling in-
coming tasks. Each request ki has a tolerance value κki , which
influences its position in the processing queue Qj , 1 ≤ j ≤ |L|
on edge device ej . In addition, the potential for rescheduling
requests across different LLM service queues should be consid-
ered. The accumulation of queueing cost for a request ki ∈ K
is defined as follows [31]:

Cqueki
(t) =

|L|∑
j=1

∫ t

n
ki
0

ζki(τ)

α · κki
· kej ,lji (τ)dτ, nki0 ≤ t ≤ nkis , (2)

where nki0 is the timestamp when the request ki arrives at the
selected LLM service, and ζki(τ) = τ − nki0 denotes the elapsed
waiting time of request ki in the processing queue at time τ . The
constant α scales the effect of the tolerance value.

Cost of request completion: Each request ki has a completion
deadline zki , which specifies the maximum allowable
end-to-end service latency. The completion cost is defined
as a latency violation penalty of request ki and is given by:

Ctskki (t) = max
(
0,
(
Cinfki

(t) + Cqueki
(t)
)
− zki

)
. (3)

Moreover, the accuracy of responses plays a crucial role
in determining user satisfaction. The cost associated with
inaccuracy inference for request ki is defined as [32]:

Ciacki (t) = 1− L(ŷki(t), yki)

max(|yki |, |ŷki(t)|)
, (4)

where yki and ŷki(t) are the actual and predicted sequence
for the request ki respectively. | · | represents the length of the
sequence. L(ŷki(t), yki) is the Levenshtein distance between
the actual and predicted sequences.

2) Load-Balancing Cost: The workload cost Clod of the clus-
ter over a time period is defined as:

Clod(t) =
|K|∑
i=1

|L|∑
j=1

∫ t

n
ki
0

(
ε · ρlj (τ) + clj (τ)

)
· xej ,ljki

(τ) dτ,

nki0 ≤ t ≤ nkid , (5)

where ρlj (τ) denotes the real-time GPU utilization of LLM
deployment lj at time τ , which is captured by Prometheus mon-
itoring system. Consequently, LLM deployments with lower
GPU load are more likely to be assigned incoming requests.
The scaling factor ε controls the relative importance between
this scheduling preference and the initialization cost clj (τ).
clj (τ) captures the actual overhead among the replicaset values
qrj (τ), . . . , q

r
j+M−1(τ) of the M LLM deployments hosted on

edge device ej at time τ . This cost is measured by monitoring
Kubernetes pod lifecycle events via the Watch API, reflecting
the overhead of loading LLMs into memory on the servers.

C. Problem Formulation

Our objective is to minimize the total system cost C(t) by
finding the optimal scheduling decisions for processing the
incoming requests on the edge-based LLM inference system.
The total cost of WPDS at time t is defined as:

C(t) = Ctskki (t) + Ciacki (t) + Clod(t). (6)

The optimization of Function (6) aims to balance the completion
costs of multiple LLM services with the costs associated with
load balancing. From the perspective of edge service operations,
our approach enhances cost-effectiveness by optimizing per-
request completion cost and achieving effective load balancing
across heterogeneous edge servers. Over time, this objective will
reduce the total costs of task scheduling and load balancing to
a minimum, ensuring the speed of overall system inference and
the efficient utilization of resources.

Constraints: Each user request has different characteristics in
a dynamically complex inference system, and the nodes possess
varying processing capabilities. To ensure the predictability of
the system, we define the constraint of matching the length of
requests with the processing capabilities of the node model as
follows:∑
l∈L

kj,li · �ki ≤ min(vej (t), �li), ∀1 ≤ i ≤ |K|, 1 ≤ j ≤ |E|.

(7)
During the request scheduling process, it is essential to en-
sure that the selected LLM services are in a healthy state and
have adequate resources and stability to handle the requests.
To achieve this, the system implements an inference recovery
mechanism. If a target node is evaluated as unhealthy at time t,
the corresponding LLM services will be deemed unreachable,
and the request will be denied. This can be denoted as:

kj,li ≤ Hl(t) · qrli , ∀1 ≤ i ≤ |K|, 1 ≤ j ≤ |E|, l ∈ L, (8)

where Hl(t) is the health status indicator of LLM deployment l
at time t.Hl(t) = 1 if the LLM service is healthy, andHl(t) = 0
otherwise. An user request ki is only assigned to an LLM service
l on edge device ej if the LLM service is healthy (Hl(t) = 1)
and has at least one active replica (qrli > 0).

Problem: (WPDS Problem) For each time t, the objective
is to minimize the total system cost C(t) by optimizing the
scheduling decisions for processing incoming requests on the
edge-based LLM inference system. This optimization ensures
efficient resource utilization and rapid system inference, while
constraints are imposed to match request characteristics with
node processing capabilities. The problem formulation is de-
fined as follows:

Problem 1: min C =
∑
t∈T C(t),

s.t. Eqs. (7), (8),

kj,li ∈ {0, 1}, ∀1 ≤ i ≤ |K|, ∀1 ≤ j ≤ |E|, ∀l ∈ L.

By solving this optimization problem, we aim to achieve a
balanced and efficient sechduling of requests to LLM services,
ensuring both high system performance and robustness in dy-
namic environments.
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Fig. 3. An implementation of edge-based LLM inference.

IV. SYSTEM IMPLEMENTATION

System Implementation: As shown in Figs. 3 and 2, we have
implemented a prototype of the WPDS within a Kubernetes-
based edge inference system. It includes edge servers, LLM
deployments and services, a global load-balancing controller, a
unified GPU virtualization scheduler, and a Prometheus server.
The edge servers are configured as follows: an Intel i7-13700KF
16-core CPU with an NVIDIA RTX 4070Ti GPU; an Intel i9-
14900KF 24-core CPU with an NVIDIA RTX 4090 GPU; and
an Intel Xeon Platinum 8358 CPU with two NVIDIA A800-
SXM4-80 GB GPUs.

The LLM service is provided via containers deployed through
Kubernetes Deployment and discovered using selector labels.
Specifically, Qwen2-7B models are deployed as native Py-
Torch deployments based on vLLM [16], and require ap-
proximately 16 GB of GPU memory for standard inference.
Qwen1.5-14B-Int8 models use dependencies supporting INT8
operations, including the appropriate PyTorch version and
the GPTQ library [33], and require around 22 GB of GPU
memory during inference due to the trade-off between preci-
sion and memory usage. All model deployments are scaled
using Kubernetes ReplicaSets and utilize a GPU virtualiza-
tion device plugin [29] for efficient GPU resource utilization
and parallel deployment. Prometheus [24] monitors the health
and resource usage of nodes and deployments in the edge-
based LLM inference cluster, exposing metrics via the Node
Exporter.

Dataset: We construct a large-scale request dataset by com-
bining various LLM test datasets, including three short-request
datasets (MRPC [34], Commonsense QA [35], and Social
IQA [36]) and five long-request datasets (Long Bench [37], Infi-
nite Bench [38], RULER [39], L-Eval [40], and LooGLE [41]).
The dataset encompasses both short and long requests across
multiple domains and complexity levels, enabling evaluation
in varied task complexities. To simulate request distribution
patterns under both uniform and unevenly high-load conditions,
we generate arrival distributions of requests using a Normal
distribution (mean = 1, standard deviation = 2) and a Pareto
distribution with intervals ranging from 3× 10−3 to 30 seconds.

V. ALGORITHMS

A. Algorithm Settings

In edge-based LLM inference systems, resource utilization is
highly dynamic, and system states are often partially observable,
making it difficult to extract informative representations from
noisy, high-dimensional data. To address this issue, we formulate
WPDS problem as a Partially Observable Markov Decision
Process (POMDP), which captures partial observability and
temporal state transitions to support informed scheduling and
workload balancing decisions.

This formulation consists of the following 7-tuple compo-
nents:{S,A,O, T ,Z, r, γ}, whereS represents the set of states;
A is the set of actions; O is the set of observations of the
GPU resource utilization of the LLM deployments, collected
at different time intervals; T (s′|s, a) is the transition model
specifying the probability of moving from state s to state s′

under action a; Z(o|s′, a) is the observation model specifying
the probability of receiving observation o given state s′ and
action a; r(s, a) is the reward function defining the expected
immediate reward for executing action a in state s; γ ∈ (0, 1) is
the discount factor. The details are as follows.

Compositional state space (S): The state space of WPDS
problem is composed of the status of LLM deployments slt,
request characteristics skt , and the resource predictive encoding
representations snt . The state slt at time t includes the following
components: the deployment IDs L, the model lengths �l, the
lengths of processing queues |Ql(t)|, the GPU resources ml(t)
and cl(t), as well as the health statusHl(t) and the restart count
Bl(t) of all LLM deployments in the environment, which is
defined as:

slt = {L, �l, |Ql(t)|,ml(t), cl(t), Hl(t), Bl(t)}

=
{
l1, . . . , l|L|, �l1 , . . . , �l|L| , |Ql1(t)|, . . . , |Ql|L|(t)|,

ml1 , . . . ,ml|L| , cl1 , . . . , cl|L| , Hl1 , . . . , Hl|L| ,

Bl1 , . . . , Bl|L|

}
, (9)

where Hl(t) represents the health status of the LLM deploy-
ment monitored through the Kubernetes watching function. This
health status can be categorized into two types: ”running,” which
indicates that the service is operating normally, and ”failed,”
which indicates that the LLM deployment has encountered a
fault that needs to be addressed. Bl(t) denotes the number of
restarts that the LLM deployment has undergone during its
operation.

Moreover, the state of the current processing request skt en-
compasses the characteristics and completion costs associated
with the request, which can be denoted as:

skt =
{
ki, hki , zki , Ciacki (t), Cqueki

(t), Cinfki
(t), Ctskki (t), alj

}
,

(10)
where ki represent the ID of request and alj , 1 ≤ j ≤ |L| is the
assigned LLM deployment.

To sum up, the total state at time t can be denoted as :

st =
{
slt ∪ skt ∪ snt

}
∈ S. (11)

Based on the dynamic state, a feature extraction and concate-
nation network is used to capture the intricate relationships in
request scheduling for subsequent decision-making processes.
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Fig. 4. The overview of WPDS algorithm.

Action space (A): The action space A is defined by the set
L, where each action at ∈ A corresponds to selecting an LLM
deployment from set L at time t. Formally, an action at is
represented as a vector in a discrete space R

|L|, where each
element corresponds to an LLM deployment l ∈ L to which a
request ki is assigned for scheduling.

Observation space (O): The observed data of resource uti-
lizing states for four different time intervals is denoted as
O ∈ R

|L|×N×4, where |L| is the number of edge-based LLM
deployments which capturing the dynamic temporal utilization.
N is the length of each sequence. The dimension 4 corresponds
to the time intervals of 30 seconds, 1 minute, 5 minutes, and
30 minutes. The 30-second interval aims to capture the charac-
teristics of short-term LLM deployment initialization costs or
restarts, while the one and five-minute intervals aim to reflect
the average load characteristics of the time taken to process
incoming requests. The 30-minute interval represents the overall
load characteristics of the system from a longer perspective.

Reward function (r): The goal of the agent is to maximize
the reward function rt ∼ r(st, at), where the reward depends
on the current state st and the action taken at. The reward can
be expressed as rt = −C(t), indicating that it is derived from
the negative value of the cost C(t) at time t.

B. Workload Predictive Encoding

To capture the dynamic relationship between resource uti-
lization and future trends in edge-based LLM deployments,
we extract latent predictive features from multi-dimensional
time-series data and combine them with request priority scores
that assess the importance and urgency of each request. This
approach optimizes scheduling by improving resource efficiency
and timely request processing.

To extract informative time-series resource features from
partial observations and predict future resource utilization, we
design a temporal fusion encoder network, illustrated in Fig. 4.
This network employs a Transformer-based Encoder [42] to
effectively process partial data and derive meaningful repre-
sentations. Using self-supervised learning, it captures latent

representations across four time dimensions for integration into
the state space.

1) Multi-Dimensional Temporal Workload Merging: For
multi-dimensional time-series features, feed-forward networks
(FFNs) is applied to update the Transformer-based En-
coder blocks for each temporal input. This allows the
network that receives four-dimensional sequences O =
{O30 s,O1m,O5m,O30m}, for each in R

N×|L|, to capture the
raw features of different temporal patterns. These partial ob-
servations are fed into multi-headed self-attention network to
learn feature representations. For each temporal dimension input
On, where n ∈ {30 s, 1m, 5m, 30m}, a set of triplet tuples
consisting of queries Q

(h)
n , keys K

(h)
n , and values V

(h)
n that

obtained through linear transformations. The self-attention value
is computed as follows:

AT (h)
n = OL−1

n + softmax

(
Q

(h)
n (K

(h)
n )�√

do

)
V(h)
n . (12)

The FFN block then independently processes the attention out-
puts AT (h)

n at each time step. This block consists of two fully
connected layers with the ReLU activation function:

F (h)
n = ReLU

(
AT (h)

n W
(h)
1 + b

(h)
1

)
W

(h)
2 + b

(h)
2 , (13)

where W
(h)
1 ∈ R

|L|×df and W
(h)
2 ∈ R

df×|L| are weight

matrics. b(h)1 and b(h)2 are biases, and df is the dimension of
the intermediate FFNs layer. Then, the hidden representations
from different time dimensions are combined to form the final
predictive state representation, which is denoted as:

MAT
(
OL−1
n

)
=
[
F

(1)
30s;F

(2)
30s; . . . ;F

(h)
30s , F

(1)
1m ; . . . ;F

(h)
30m

]
Wo,

(14)
where Wo ∈ R

hdo×dout , and dout is the output dimension. The
MAT layer aggregates the hidden features across multiple time
scales.

2) Predictive Encoder Representations: We utilize inputs
from four-dimensional temporal series to obtain the current
representations of the predictive encoder layer, denoted as:

Ûn = ReLU (FnW
p
n + bpn) , (15)

where Fn = [F
(1)
n , . . ., F

(h)
n ]Wf represents the concatenation

of all attention heads followed by a linear transformation layer
for integration. Wp

n ∈ R
dout×|L| is the n-th temporal dimension

weight matrix, and bpn is the bias term. This allows us to capture
specific features at different time scales. The loss function be-
tween the predicted values ûl,n and the real values ul,n for each
time dimension n is defined as:

Jf,n = Jn (ûl,n,ul,n) = ‖ûl,n − ul,n‖2

+ β

|L|∑
i

|L|∑
j

max
(
0,
(
ûli,n − ûlj ,n

) (
uli,n − ulj ,n

))
,

(16)

where β is a hyperparameter to balance the weight of regression
loss and the LLM deployment ranking loss. The aim for the
predicted resource utilization rates is to accurately reflect the
relative utilization levels among different LLM deployments.

Authorized licensed use limited to: Beijing Normal-Hong Kong Baptist University. Downloaded on September 05,2026 at 03:39:46 UTC from IEEE Xplore.  Restrictions apply. 



MOU et al.: ADAPTIVE REQUEST SCHEDULING AND LOAD BALANCING FOR EDGE DEPLOYED LLMS 941

Algorithm 1: The WPDS Algorithm.

3) Policy Training: The WPDS algorithm is based on soft
actor-critic policy optimization of the reinforcement learning
(RL) agent [23]. This approach enables the agent to adaptively
learn scheduling policies to maximize long-term rewards, such
as resource utilization and request features. To achieve this, the
RL agent integrates multi-dimensional encoder representations
with the state of incoming requests and LLM deployments
into a unified state space. The integrated latent state, denoted
as st = Concat(slt, s

k
t , s

n
t ), where snt =MAT (OL−1

n ), is fed
into actor and critic networks to facilitate the decision-making
process. The critic network learns the soft Q-function Qψ(s, a)
by minimizing the soft Bellman residual, enabling gradient
propagation and joint training of predictive coding and policy
learning. The critic loss function is obtained as:

min
ψ

E(st,at,rt,s′t)∼D

[
1

2

(
Qψ (st, at)− Q̂ (st, at)

)2]
, (17)

where the calculation of expectation based on a mini-batch that
samples from the replay buffer D, and the target value Q̂(st, at)

Algorithm 2: Training of WPDS Algorithm.

is defined as:

Q̂ (st, at) = rt + γEa∼πθ
(Qψ′ (st+1, at+1)

−ε log πθ (at+1 | st+1)) , (18)

where θ andψ represent the parameters of the actor network and
critic network, respectively. ε > 0 is the temperature parameter
that balances reward maximization and policy entropy. For up-
dating the policy network with parameter θ, the loss function is
defined as:

min
θ

Es∼D,a∼πθ
[Qψ(st, at)− ε log πθ(at | st)] . (19)

The WPDS training process optimizes the policyπθ for select-
ing the best edge server for each arriving request, as illustrated in
Fig. 4, with further details provided in Algorithm 2. It begins by
initializing trajectories ν0. During each epoch, it first collects the
state features of both the requests ki ∈ K and the LLM li ∈ L.
With the current policy running, the resulting trajectories are
stored in the replay buffer D. When stored trajectories reach
a multiple of the batch size, a batch of trajectories is sampled
and used to compute the loss and update the parameters θ. This
process iteratively improves the policy until it converges to an
optimal policy.

C. Request Rescheduling and Inference Recovery

In the WPDS systems, maintaining reliable inference services
is critical for ensuring consistent user experiences and system
efficiency. The Request Rescheduling and Inference Recovery
(RRIR) mechanism, as shown in Algorithm 3, plays a pivotal
role in managing unresponsive or overloaded deployments. The
mechanism iterates through all LLM deployments, assessing
their health status at the current timestamp. If a failure is
detected, the affected deployment undergoes recovery, which
includes rescaling its capacity. This ensures that the deployment
can resume serving requests as soon as possible. Meanwhile, the
mechanism retrieves the request queue for the failed deployment,
marks the affected requests as failed, recalculates their queuing
and running times, and updates their status. The affected requests
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Algorithm 3: The RRIR Mechanism.

are promptly evicted and rescheduled with updated queue pri-
orities and arrival times, then processed by Algorithm 1. This
process not only ensures fairness by recalibrating computing
times but also minimizes the impact of failures on the overall
system throughput.

D. Computational Complexity Analysis

The analysis of computational complexity primarily involves
three operations. As shown in Algorithm 1, the request queue
Q1,2,...,|L| is initialized with |K| requests. The complexity of
the state for requests obtained by (10) is O(|L||K|). The pol-
icy πθ is queried for action selection, which has a constant
complexity Ot. Adding requests to queue Qi has complexity
O(log(|Qi|)) for each insertion. Therefore, the sequential pro-
cessing for |K| requests results in total complexityO(|K|(|L|+
Ot + log(|K|))). In parallel processing, each thread processes
requests from its priority queue Qj . Fetching and executing a
request, as well as updating the pod state, are O(1) operations.
The parallel loop runs for |K| iterations, resulting in total
complexity O(|K|) for parallel execution. Hence, the WPDS
algorithm operates in polynomial time.

For Algorithm 2, the training process involves storing tra-
jectories and updating the policy network. Assume the num-
ber of epochs is E, the batch size is B, and the number of
requests is |K|. Generating trajectories by running the policy
πθ over requests in K has complexity O(E|K|Ot), where Ot
is the policy evaluation complexity. For each batch of size B,
computing the advantage function has a complexity of O(B).
The policy network update depends on the number of weights
and dimensions of the network. Using FLOPs as the metric,
the complexity of a fully connected layer is O(DinDout) for
each layer. The total complexity for updating the policy and
value networks in each batch is O(BDinDout). Thus, the total

training complexity of WPDS algorithm overE epochs and |K|
requests is O(E|K|Ot + E(B +BDinDout)).

As shown in Algorithm 3, the RRIR mechanism focuses on
monitoring and rescaling failed LLM deployments. Assume the
number of deployments is |L| and the number of requests is |K|.
Checking the status of all deployments Hli(t) has a complexity
of O(|L|). For each failed deployment, requests are fetched
from the queue Qi and updated with a complexity of O(1).
Assuming all requests are rescheduled, this contributes O(|K|)
to the complexity. The RRIR mechanism has a total complexity
of O(|L|+ |K|) per iteration, which is linear in the number of
deployments and requests.

VI. PERFORMANCE EVALUATION

A. Experimental Settings

We developed a distributed edge-based LLM inference system
using the Kubernetes scheduling framework [43], deploying the
WPDS algorithm on the control plane node. The API Server
receives user requests and assigns them to edge servers selected
by WPDS scheduling strategies through Kubelet. Each edge
server processes its assigned requests and maintains network
communication through Kube-proxy. If an LLM deployment on
an edge server fails, the Controller Manager notifies the Sched-
uler with an unprocessed request ID, prompting rescheduling
through a new scheduling decision. The system persistently
stores the state of nodes, LLM deployments, resource usage,
and scheduling data in etcd, and monitors runtime resource
and performance metrics via the Prometheus API, providing
real-time data to optimize WPDS scheduling.

We train the WPDS algorithm using between 500 and 10,000
requests, implemented in Python. The cost scaling constants α
and ε are set to 2 and 0.01, respectivelty. The value α amplifies
queueing cost in the reward function to prioritize reducing
request waiting time. The parameter ε scales the GPU utilization
metric obtained from Prometheus as a percentage to align its
magnitude with other time-based cost terms, ensuring balanced
gradient contributions during training. Learning rates for policy
and value networks are1× 10−4, the discount factorγ is 0.9, and
the soft update value is 0.1. Our model includes four multi-head
attention layers with a dimension of 128. Both the actor and
critic networks have two fully connected layers: the first with
64 units and the second with 256 units. We update the network
parameters at the end of each epoch, using a batch size of 256.
We compare the performance of our WPDS algorithm against
several baselines.
� RR [18]: The Round Robin (RR) algorithm is a default

load-balancing algorithm on the Kubernetes platform that
sequentially assigns each incoming request to LLM ser-
vices equally.

� RA [11]: The Random Algorithm (RA) is a load-balancing
method that randomly distributes incoming requests to
available LLM service instances.

� DRL [44]: The Deep Reinforcement Learning (DRL) base-
line uses a traditional actor-critic algorithm without incor-
porating resource utilization predictions.

� SIA [45]: The Sequential Inference Algorithm (SIA) pro-
cesses requests on a single instance of the SLM deployment
without distributed execution and model RRIR mechanism.
It represents a naive, non-scalable baseline for request
handling.
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Fig. 5. Training performance of rewards and losses.

� SPA [20]: The Split Phase Algorithm (SPA) segments long
requests into smaller chunks processed sequentially while
distributing short requests in parallel across multiple LLM
services.

� SAS: The Static-Aware Scheduling (SAS) adopts a sim-
plified scheduling policy from [19], where requests are
assigned to nodes with lower resource utilization solely
based on their priority.

B. Experimental Results

Performance of the WPDS algorithm: To evaluate the effec-
tiveness of the WPDS algorithm, we conduct training experi-
ments comparing it to several baseline algorithms (Fig. 5). The
average training performance ranks as WPDS > DRL > SPA
> SAS > RR > RA > SIA shown in Fig. 5(a), with WPDS
achieving the highest and most stable rewards after convergence.
The WPDS, DRL, and SIA algorithms undergo a training phase
consisting of 400 episodes. Initially, the WPDS algorithm goes
through an exploration phase where actions are selected ran-
domly, leading to fluctuating rewards. As a result, during this
initial stage, the rewards for the remaining algorithms except
the SIA algorithm are relatively similar. As training progresses,
the performance of RL-based algorithms like WPDS, DRL, and
SPA algorithms significantly improves. Their rewards increase
steadily and eventually converge, with WPDS achieving higher
and more stable rewards than the other algorithms. This indicates
that WPDS effectively learns and optimizes the scheduling poli-
cies that balance workloads across edge devices to maximize re-
wards. In contrast, the SAS algorithm relies solely on local queue
priorities and real-time resource utilization, without exploiting
global and historical system states, which limits its scheduling
performance. RR and RA algorithms follow predefined rules
without learning from request characteristics and the environ-
ment. This lack of adaptability means they cannot optimize
for varying request patterns or resource utilization, leading to
consistently lower rewards over time. The SIA algorithm, due to
its inability to support distributed inference, achieves the lowest
system rewards. This reflects the lower bound of the overall
inference system’s performance. Despite their simplicity, these
heuristic algorithms serve as important baselines to highlight the
superiority of WPDS in terms of adaptability and performance.

Fig. 5(b) and (c) further support the convergence of the
WPDS algorithm. In Fig. 5(b), the policy loss rapidly decreases

within the first 100 episodes. This reduction indicates that the
algorithm efficiently learns to optimize its policy parameters.
Similarly, Fig. 5(c) shows the convergence of the critic loss. As
training progresses, the critic loss steadily decreases, indicating
that WPDS effectively refines its ability to assess the value of
different actions. Overall, the rapid and stable reduction in both
losses confirms that WPDS efficiently learns and optimizes its
scheduling strategy, leading to superior performance compared
to other algorithms.

Ablation study on key components: To quantify the contribu-
tion of each core component, ablation experiments of WPDS-
w/o-P without the predictive network and WPDS-w/o-R with-
out the recovery network are conducted, as shown in Fig. 5.
Specifically, WPDS-w/o-P achieves only performance compa-
rable to heuristic methods like SPA and SAS, indicating that
the predictive encoder representations are essential for effective
state observation. Without them, the agent can only rely on
raw resource metrics and request features, limiting its ability to
reflect workload dynamics. Moreover, WPDS-w/o-R exhibits a
significantly lower average reward after convergence, demon-
strating that the recovery mechanism is critical for handling
LLM service failures. The WPDS model, by integrating both
components, achieves stable training and superior long-term
scheduling performance.

Performance of different numbers of user requests: Fig. 6
show the performance of each algorithm across different num-
bers of user requests. Fig. 6(a) illustrates the completion delays
associated with request processing across different algorithms.
The WPDS algorithm maintains low completion delays as re-
quest volume increases, significantly outperforming RR, RA,
and SIA algorithms. These heuristic algorithms fail to achieve
fine-grained, request-aware scheduling and effective load bal-
ancing across edge-based LLM services, resulting in higher
average completion delays. In contrast, RL-based algorithms
dynamically adapt to the edge inference environment and con-
sistently achieve lower request completion delays. Notably, the
SPA algorithm performs best under low request concurrency
due to its hybrid strategy that segments long requests and paral-
lelizes short ones. However, its adaptability degrades as request
volume increases. In contrast, WPDS jointly considers dynamic
edge LLM load and request characteristics, enabling assign-
ment to the most suitable LLM services for faster inference.
As a result, WPDS maintains relatively stable and low infer-
ence delays under higher loads and outperforms SPA in more
congested scenarios. Compared to DRL, SPA, and SAS algo-
rithms, WPDS reduces completion delay by 20.3%, 46.3%, and
37.9%, respectively, demonstrating its effectiveness in handling
increasing request volumes while maintaining lower inference
overhead.

As shown in Fig. 6(b), this figure shows GPU utilization
on edge devices under different algorithms as request volume
increases. High utilization indicates efficient LLM inference,
which is critical given the heavy computational demands of
LLMs. Methods such as RR, RA, SAS, and SIA ignore real-time
and historical GPU usage and rely on fixed rules, resulting in sub-
optimal utilization. In contrast, RL-based algorithms (WPDS,
DRL, and SPA) adapt to system dynamics and achieve higher
GPU utilization. Among them, WPDS performs best by more
effectively balancing workloads and allocating GPU resource
usage. This high utilization is a result of WPDS’s ability to
intelligently allocate resources and balance the workload across
available GPUs.
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Fig. 6. Performance metrics for different numbers of user requests.

Fig. 7. Performance metrics for different numbers of LLM services.

Despite variations in request scheduling and inference mod-
els, Fig. 6(c) and (d) demonstrate that WPDS maintains accuracy
consistently close to top-performing baselines, while enabling
significant gains in inference efficiency. This minimal accu-
racy trade-off underscores WPDS’s practical balance between
precision and system performance in real-world deployments.
Furthermore, Fig. 6(d) highlights the stability of WPDS’s perfor-
mance as the number of requests increases. Baseline algorithms
such as RR, RA, and SIA exhibit a notable decline in system
reward under higher loads. This degradation primarily stems
from their inability to adapt to dynamic resource availability
and heterogeneous request characteristics. These methods often
lead to node overloading or inefficient request allocation. In
contrast, WPDS leverages workload prediction and an RL-based
framework to proactively balance edge resources, consistently
achieving high system rewards even under heavy workloads. As
a result, WPDS consistently maintains high system reward and
robust performance even under increasing workloads, demon-
strating its effectiveness in managing complex and dynamic edge
inference environments.

Performance of different numbers of LLM services: Fig. 7
provide a performance comparison across different numbers
of LLM services. As the number of LLM services increases,
the complexity of managing these services and their associated
requests increases significantly. Fig. 7(a) shows the completion
delays associated with varying numbers of LLM services. The
RL-based algorithm achieves substantially lower completion
delays compared to heuristic algorithms as LLM service count
grows. The WPDS algorithm consistently maintains acceptable
completion delays in a dynamically expanding edge environ-
ment, demonstrating strong scalability and robustness in envi-
ronments with fluctuating demand and system capacity. The
ability to scale effectively while maintaining performance is
crucial for ensuring reliable and efficient operation.

Fig. 7(b) and (c) indicate that the WPDS algorithm achieves
high GPU utilization while preserving stable accuracy scores,

showcasing its capability to manage workloads across LLM
services effectively. High GPU utilization signifies that WPDS
efficiently allocates user requests, ensuring that each LLM
service operates at optimal performance levels. This effective
workload distribution prevents resource idling and maximizes
the utilization of computational power. Moreover, despite in-
creased system complexity from scaling LLM services, WPDS
maintains stable accuracy scores, highlighting its ability to bal-
ance scheduling efficiency and service quality under varying
demands. Overall, WPDS demonstrates robustness in adapting
to varying demands while optimizing performance across the
system.

Fig. 7(d) presents the overall reward rankings for different
algorithms across various metrics. The results show that the
WPDS algorithm outperforms all baseline algorithms, achiev-
ing the highest rewards. Specifically, the reward rankings are:
WPDS>DRL>SAS>SPA>RR>RA>SIA.These findings
demonstrate WPDS’s superior adaptability and performance,
effectively balancing multiple objectives.

Performance of different request distributions: Fig. 8
illustrates an overview of the GPU utilization, queue delays,
completion costs, and accuracy scores under different request
distributions. Specifically, Fig. 8(a) and (e) focus on GPU
utilization performance of different algorithms. The WPDS
algorithm consistently maintains high GPU utilization across
workloads, demonstrating its efficiency in scheduling user
requests under Normal or Pareto distributions. By dynamically
adjusting to varying request patterns, WPDS ensures that GPU
resources are fully leveraged. In contrast, other algorithms
exhibit lower resource utilization, especially under the Pareto
distribution, where the variability in request-arriving frequencies
poses a greater challenge. WPDS’s ability to adapt and optimize
resource utilization under diverse conditions underscores its
efficiency in GPU usage.

Fig. 8(b) and (f) indicate the queue delays experienced by
different algorithms. The WPDS algorithm stands out for its
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Fig. 8. Performance metrics for different workload distributions.

TABLE II
COMPUTATION RESOURCES FOR EACH DECISION-MAKING

effectiveness in reducing queue delays. Compared to DRL, SPA,
and RA, WPDS achieves reductions of 2%, 16%, and 11%,
respectively. Shorter delays enable faster request processing
and improved system performance. WPDS achieves this by
intelligently distributing tasks across LLM services, ensuring
that requests are promptly processed without overloading any
single service.

Fig. 8(c) and (g) show completion costs across different al-
gorithms. While DRL, SPA, and SAS achieve lower completion
costs compared to heuristic algorithms, they still fall short of
WPDS’s performance. WPDS consistently demonstrates the
lowest completion costs, reflecting its adaptive scheduling and
balanced workload distribution. Finally, Fig. 8(d) and (h) exam-
ine accuracy scores of different algorithms. Despite variations
in request patterns, all algorithms largely maintain similar accu-
racy scores. However, WPDS’s consistently better performance
across multiple metrics translates into a more reliable and effi-
cient service experience.

Computational complexity and execution resources: As
shown in Table II, we use torch.profiler [46] to measure Random
Access Memory (RAM), Video RAM (VRAM), and execution
time for each algorithm during decision-making. RR, RA, and
SIA algorithms achieve the shortest execution times due to their
simple rule-based policies without modeling real-time system
states. Compared to other deep learning-based methods, WPDS
incurs only a moderate increase in execution time (6.5x) while
enabling significantly better scheduling decisions. This over-
head is justified by the significant performance gains, which

Fig. 9. Queue length distribution across edge servers.

outweigh the millisecond-level latency. Moreover, WPDS con-
sumes negligible computational resources on edge servers and
can be further accelerated via model quantization or inference
optimization.

Load distribution performance: To provide a more compre-
hensive understanding of load distribution across edge servers,
queue length distributions across five edge nodes at a fixed point
in time under different scheduling algorithms are presented in
Fig. 9. The RR algorithm serves as a baseline for fair load
distribution, indicating its ability to achieve relatively balanced
task distribution. SIA, as a single-instance algorithm, assigns
most tasks to one node, causing extreme imbalance despite
low absolute queue lengths. In contrast, algorithms such as
RA, SPA, and SAS show higher variability in queue lengths,
suggesting uneven task allocation and potential bottlenecks. The
WPDS algorithm achieves low median queue lengths across all
nodes, demonstrating load-balancing capability. This indicates
that WPDS not only reduces overall system latency but also
effectively prevents any single node from becoming overloaded.

VII. CONCLUSION

In this paper, we propose WPDS, a workload prediction
and dynamic request scheduling algorithm that improves LLM
inference on edge devices under large-scale user requests. By
leveraging a Transformer-based predictive network, WPDS cap-
tures temporal patterns and high-volume request characteristics
typical of edge environments. It then employs a soft actor-critic
reinforcement learning-based framework to learn an adaptive
scheduling policy that reduces inference latency and balances
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workload across edge nodes. We evaluated WPDS’s perfor-
mance on a real-world edge system, and experiments show that
it outperforms baseline algorithms by up to 16.6% under the
tested conditions. However, our current implementation assumes
homogeneous LLM models and a moderate-scale edge cluster.
Scalability to heterogeneous LLM systems with thousands of
nodes remains an open challenge. Future work will explore
stateful request scheduling and caching strategies to further
enhance inference efficiency, with a focus on extending WPDS
to more heterogeneous and large-scale edge deployments.
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