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LLM-enabled agentic DRL for generic-specialized visual GenAl collaboration

in edge—cloud computing networks

Moxia Li, Jiangtian Nie, Jianhang Tang =, Guoquan Wu, Yang Zhang, Celimuge Wu, Jiawen Kang, Zehui Xiong

Abstract Visual Generative Artificial Intelligence (GenAl)
has emerged as a promising solution to deliver visually stun-
ning content. To achieve seamless synergy between the generic
and specialized GenAl models, edge-cloud collaborative net-
works require an adaptive framework that integrates real-time
perception, continual learning, and autonomous optimization.
In this work, we develop an Agentic Deep Reinforcement
Learning (DRL) framework, where a Large Language Model
(LLM)-enabled agent perceives network states and allocates
resources contextually. Next, we formulate a joint optimiza-
tion problem of inference scheme selection and resource
orchestration, aiming to minimize time-average inference
latency subject to the inference task queue stability constraint.
Based on Lyapunov optimization, we first transform the origi-
nal long-term optimization problem into several deterministic
sub-problems. Then, a DRL-based Inference Task Scheduling
(DRL-ITS) algorithm is developed to solve the sub-problems
in each time slot, where an LL.M-enabled agent provides
rich prior knowledge and accurate semantic interpretation for
resource allocation. Finally, we provide theoretical and simu-
lation evaluations to demonstrate that the DRL-ITS algorithm
can obtain faster convergence and reduce inference latency
by comparing it with other benchmark schemes.
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1 Introduction

Visual Generative Artificial Intelligence (GenAl) has ad-
vanced visual creation by enabling the generation of visually
stunning images and facilitating wider applications through
precise control [1]. The visual GenAl models (e.g., Stable
Diffusion and DALL-E 3) demonstrate exceptional gener-
alization capabilities across diverse domains by leveraging
deep and robust encoding structures. However, relying solely
on generic large generative models poses a critical challenge
to ensuring task-oriented adaptability, as these centralized
architectures struggle to incorporate private, timely, and per-
sonalized edge knowledge required for diverse scenarios [2].
To address this, specialized small generative models pro-
vide customized intelligence that complements the global
generalization of the core cloud. Therefore, establishing a
collaborative synergetic mechanism between generic large
generative models and specialized small generative models is
of paramount importance.

The collaboration of edge and cloud computing emerges
as the pivotal paradigm to achieve hierarchical GenAl collab-
oration, where resource-abundant cloud servers host generic
large GenAl models, whereas the resource-constrained edge
accommodates specialized small GenAl models closer to
end-users [3]. By integrating the global generative capabili-
ties of large models with the specialized expertise of small
models, the edge-cloud collaborative framework facilitates the
seamless transition of GenAl from generic generalization to
customized service provision. Nevertheless, cloud-edge col-
laboration necessitates navigating the intricate dependencies
inherent to generative inference, particularly within the highly
dynamic and heterogeneous nature of network environments.

The traditional cloud-edge collaborative networks typi-
cally rely on static models with limited cognitive autonomy,
which struggle to adapt to the varying resource require-
ments of GenAl inference tasks [4]. Via continuous per-
ception—reasoning—action loops, Agentic Al is becoming a
promising paradigm for the resource orchestration of cloud-
edge collaborative networks with dynamic GenAl service
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requests [5]. The continuous cognitive cycles empower Al
agents to actively perceive multimodal task requirements and
reason contextually about how to allocate edge and cloud
computing resources for the collaborative inference of generic
large and specialized small models.

To implement such autonomous loops, Agentic Deep Re-
inforcement Learning (DRL) has been introduced as a key
enabling technology, allowing agents to optimize complex re-
source orchestration via continuous and iterative interactions
with the dynamic environments. Via trial and error, the DRL
scheme can enable the agent to learn optimal resource alloca-
tion policies. However, the intrinsic trial-and-error mechanism
of DRL leads to poor sample efficiency and a lack of seman-
tic awareness [6], making it difficult for agents to interpret
high-level task requirements or leverage prior knowledge.
Moreover, without sophisticated cognitive guidance, Agentic
DRL often converges slowly and struggles to maintain queue
stability under the diverse, multi-modal constraints of visual
GenAl tasks.

Addressing the semantic deficits of pure trial-and-error
DRL necessitates the integration of an Large Language Model
(LLM). The LLM serves as a sophisticated cognitive engine
that bridges the gap between low-level environmental states
and high-level semantic intents. In particular, by serving as
an advanced semantic parser, the LLM is capable of distilling
intricate task constraints and visual GenAl requirements,
which fundamentally augments the contextual representa-
tion for the DRL agent [7]. Such context-aware supervision
explicitly compensates for the lack of prior knowledge and
significantly accelerates policy convergence. Additionally, the
LLM’s multi-step reasoning empowers the agent to interpret
complex system constraints and devise proactive orchestration
strategies [8]. Consequently, the LLM acts as an indispensable
cognitive core, upgrading traditional reactive DRL into a self-
evolving, semantic-aware Agentic Al tailored for dynamic
GenAl workloads.

In this work, we develop an LLM-enabled Agentic DRL
structure tailored for generic-specialized generative visual
model collaboration in edge computing. In contrast to tradi-
tional static schemes, the proposed framework empowers an
intelligent agent with LLM-driven autonomous reasoning and
powerful self-evolving capabilities, which can proactively co-
ordinate the collaboration between large generic models and
specialized small models with significantly improved GenAl
inference performance. Our contributions can be summarized
as follows.

* We develop a novel LLM-enabled Agentic DRL frame-

work that establishes autonomous perception-reasoning-
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action loops for the collaboration of generic-specialized
visual GenAl models. The LLM-enabled DRL agent
can achieve a dynamic serial-parallel collaborative in-
ference scheme, allowing the network to autonomously
select the optimal inference modes and resource alloca-
tion schemes according to GenAl task requirements and
available resource states.

* We formulate the inference mode selection and resource
orchestration problem as a time-averaged stochastic opti-
mization problem, aiming to minimize execution latency
subject to task queue stability constraints. By applying
Lyapunov optimization technique, the original stochastic
optimization problem is decomposed into determinis-
tic per-slot Mixed Integer Non-Linear Programming
(MINLP) sub-problems.

* A DRL-based Inference Task Scheduling (DRL-ITS)
algorithm is developed to solve the per-slot MINLP
problem. An LLM-enhanced Twin Delayed Deep Deter-
ministic Policy Gradient (TD3) method is investigated to
derive the optimal inference mode and aggregation loca-
tion selection decisions, leveraging the LLM knowledge
base for context-aware reasoning, where the closed-form
numerical solutions reduce the action space dimen-
sion to accelerate the learning convergence. Meanwhile,
the optimal allocation solutions for computation and
communication resources are derived based on Karush-
Kuhn-Tucker (KKT) conditions.

* Extensive simulation experiments and theoretical anal-
yses are provided to evaluate the superiority of our
DRL-ITS algorithm. Simulation results indicate that,
relative to the benchmark schemes, the DRL-ITS algo-
rithm attains faster convergence, higher rewards, and
reduced steady-state latency.

In Section 3, we discuss the previous works most relevant
to this work. In Section 4, we present the LL.M-enabled
Agentic DRL architecture and propose the long-term resource
allocation problem. In Section 4, our DRL-ITS algorithm is
proposed in detail. We provide several simulation results and
experimental discussions in Section 5. Our work is concluded
in the last section.

2 Related Work

2.1 Collaborative Inference of Large and Small Mod-
els

Relying exclusively on massive, monolithic LL.Ms for high-
throughput applications often incurs unsustainable financial
costs and significant energy consumption, necessitating ef-
ficient orchestration mechanisms among models of varying
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sizes. To address the prohibitive inference latency and finan-
cial overheads inherent in Large Language Models (LLMs),
Chen et al. [9] investigated a resource management framework,
aiming at minimizing financial costs under the constraints
of model accuracy requirements, thereby facilitating an op-
timal trade-off between performance and expenditure. Li et
al. [10] designed a training-free Contrastive Decoding (CD)
strategy, where a large expert model is coordinated with a
small amateur model. By leveraging the maximization of
log-probability differences subject to plausibility constraints,
the proposed method effectively mitigates failure modes, i.e.,
repetition and incoherence, thereby improving inference effi-
ciency and achieving superior performance compared to the
expert model alone. Fu et al. [1 1] proposed a Collaborative
Decoding via Speculation (CoS) strategy, aiming to signifi-
cantly accelerate token generation while maintaining output
quality. In the proposed framework, an alternate proposal
mechanism is adopted to coordinate a small proposer model
and a large verifier model, thereby improving the inference
efficiency. Zimmer et al. [12] investigated a ‘Mixture of At-
tentions’ architecture where activations from a server-hosted
large model are used to guide a local small model. Owing to
the transmission of compressed activation tensors rather than
raw data, this approach attains state-of-the-art latencies across
varying network environments (e.g., 4G and 5G), which veri-
fies the effectiveness of splitting inference workloads based
on resource constraints. Fang et al. [13] developed a unified
training framework based on DRL to facilitate autonomous
decision-making for on-device LLMs regarding query of-
floading. By leveraging the DRL agent to adaptively decide
the task execution locations, the proposed approach achieves
a balance between local efficiency and global capability.
Recently, acceleration strategies have been investigated to
obtain efficient solutions for specific modalities, which pave
the way for optimizing models ranging from text-based LLMs
to image-based diffusion models via speculative decoding or
feature caching. However, these algorithms generally treat
collaboration as static offloading mechanisms, which are
hard to achieve an adaptive synergy between broad-spectrum
intelligence and domain-specific expertise. In this work, a
generic-specialized GenAl collaboration framework is pro-
posed in edge-cloud computing networks. The cloud-hosted
Generic Generative Visual Model (gGVM) is in charge of
providing foundational knowledge, whereas the Specialized
Generative Visual Models (sGVMs) deployed at the edge
execute industry-specific refinements. By leveraging this hi-
erarchical collaboration, the proposed framework can bridge
general capabilities with domain precision to optimize infer-

ence efficiency.

2.2 Agentic Al for Resource Allocation

Recent studies have leveraged agentic Al to optimize re-
source management and task scheduling in dynamic network
environments. Dev et al. [14] developed an advanced frame-
work for next-generation wireless networks integrated with
Agentic Al. By deploying intelligent agents across the Con-
trol and User planes for real-time learning, this framework
achieves efficient allocation of computational resources and
energy while reducing operational expenditures. Addressing
the constraints of edge computing, Zhang et al. [5] explored
a framework for Edge General Intelligence (EGI) enabled by
agentification, which utilizes decentralized task allocation
and multi-agent collaboration mechanisms to effectively adapt
to heterogeneous and dynamic edge resource environments.
Mei et al. [15] designed AIOS, an LLM-enabled agent oper-
ation framework that uses a specialized kernel to isolate and
manage agent resources. The kernel employs an agent sched-
uler and memory manager to resolve resource contention
issues during concurrent agent execution for enhanced global
execution efficiency. Amayuelas et al. [16] investigated the
capabilities of LLMs in self-resource allocation, focusing
on internal task distribution within multi-agent systems. A
Planner-based approach outperforms a single Orchestrator
in handling concurrent operations, enabling more efficient
task assignment and improved agent utilization. Tong et al.
[17] introduced the WirelessAgent framework. WirelessAgent
simulates human cognitive processes, including perception,
memory, planning, and action, to autonomously interpret
user intent and optimize slice resource allocation for higher
bandwidth utilization compared to traditional prompt-based
methods.

The aforementioned literature demonstrates the potential
of Agentic Al in automating complex network operations.
However, prevalent Agentic Al frameworks primarily rely
on standard DRL-based decision engines where the intrin-
sic trial-and-error mechanism often results in poor sample
efficiency and a profound lack of semantic awareness. To
address these issues, we study an LLM-enabled Agentic DRL
framework tailored for generic-specialized generative visual
model collaboration in edge computing, where a LLM-based
agent with powerful context-aware reasoning capacity is used
to eliminate semantic ambiguity and facilitate intelligent syn-
ergy between generic cloud-based and specialized edge-based
models by a knowledge base. A detailed comparison high-
lighting the differences between our approach and the main
related schemes is provided in Table 1.
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Table 1 Differences Between Our Approach and The Main Related Schemes

+ Related Works Visual GenAI  Generic-Specialized LLM-enabled Resource Long-Term
Context Model Synergy Semantic Awareness Orchestration Stability
[5] X v v v X
[9] X v X X X
[11] X v v X X
[13] X v X v v
[14] X v v v X
[16] X X v X X
[17] X X v v X
Our Approach v v v v v

3 System Model and Problem Formulation
3.1 Systemic Architecture

As depicted in Fig. 1, we develop an LLM-enabled Agentic
DRL framework for generic-specialized GenAl collabora-
tion in edge computing. By establishing a loop integrating
perception, memory, cognition, and action modules, the
proposed framework empowers the collaborative computing
systems with autonomous decision-making capabilities, en-
abling it to proactively orchestrate generic-specialized model
collaboration and optimize resource allocation in dynamic
environments. Based on the closed loop, the agent first es-
tablishes situational awareness by continuously monitoring
environmental states and interpreting task semantics via LLM.
Subsequently, the LLM-enabled agent integrates Deep Rein-
forcement Learning (DRL) policies with numerical solvers to
execute stability-aware decisions. Agentic DRL transcends
the static nature of conventional models, enabling the sys-
tem to autonomously adapt to stochastic generative inference
demands through self-reflection and proactive reasoning fa-
cilitated by the internal LLM knowledge base.

The LLM-enabled Agentic DRL framework comprises four
core modules working in concert to achieve the closed-loop
optimization:

* Perception Module: Perception module establishes
environmental awareness by continuously monitoring
stochastic system conditions via the Perceive Resource
State interface. To support situational analysis, the mod-
ule synthesizes dynamic metrics, including task queue
backlogs, generated content size, and real-time compu-
tational capacities, into a comprehensive state vector.

* Memory Module: Memory module maintains the Expe-
rience Memory reservoir to record historical transitions,
including states, actions, and rewards, using a replay
buffer mechanism. This component breaks the tempo-
ral correlation of training data, thereby stabilizing the
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learning process and enabling policy refinement based
on long-term feedback.

Cognition Module: Cognition module serves as the
central Cognitive Core supported by an LLM Knowl-
edge Base. Specifically, the Cognitive Core leverages
the LLLM’s contextual reasoning capabilities to inter-
pret the prompt context and provide prior knowledge to
the DRL agent. To minimize computational overhead,
we deploy a lightweight LLM as the cognitive module.
Typically exhibiting fewer than 7 billion parameters,
lightweight LLMs optimize structure and computational
efficiency. The optimized architecture allows for main-
taining performance levels while significantly reducing
the demand for computing resources and storage space.
Consequently, lightweight LLMs are highly effective in
resource-constrained applications, ensuring the system
meets the strict real-time and low-power constraints of
dynamic networks. Recent frameworks demonstrate the
feasibility of using lightweight models for semantic ex-
traction and task scheduling [1&]. Since the cognitive
engine is exclusively tasked with processing short textual
prompts to extract semantic embeddings, the execution
latency and resource consumption incurred by the ded-
icated semantic extractor are negligible compared to
visual GenAl inference tasks. By combining the derived
semantic understanding with resource states, the Cogni-
tive Core dynamically reasons to select between parallel
or serial inference schemes and determines the optimal
aggregation location.

Action Module: This module performs resource orches-
tration by translating cognitive decisions into precise op-
erations via a Numerical Solver. Leveraging KKT-based
closed-form solutions, the solver optimizes transmission
rates and frequency allocations, subsequently perform-
ing GenAl inference on physical hardware to close the
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Fig.1 System architecture of the Agentic DRL framework for generic-specialized GenAl collaboration in edge computing.

autonomous loop.

In this work, we consider an edge-cloud collaborative in-
ference network including a set of edge servers and a central
cloud, where Specialized Generative Visual Models (sGVMs)
are deployed on edge servers and a generic Generative Visual
Model (gGVM) is deployed in the central cloud. The set
of edge servers is denoted by V' = {1,2,..., N}. Without
loss of generality, edge-cloud collaborative inference network
operates in discrete time slots 7" = {0,1,...,7 — 1}. At the
start of each time slot, .4,,(¢) denotes the set of newly arrived
inference tasks at edge server n. For GenAl inference task
k € A,(t), the Agent selects a parallel scheme by setting
the binary variable I,, () = 1, or a serial scheme by setting
I, 1 (t) = 0, as specifically detailed in the task execution
flow in Fig. 1. In the parallel mode, the Agent addition-
ally determines the aggregation location via O,, 1,(t), where
Oy, 1(t) = 1 denotes edge aggregation and O,, 1 (t) = 0 de-
notes cloud aggregation, constrained by I, 1 (t) > O, 1 (%).
The Agent’s objective is to minimize inference latency while
ensuring service continuity. To facilitate the subsequent prob-
lem formulation, the key notations used in this paper are
summarized in Table 2.

3.2 GenAl Task Model

The visual GenAl inference tasks uploaded by users can be
offloaded to the edge layer or the cloud layer. In time slot ¢,
the data size of the generated image of GenAl inference task
k on edge server n can be represented as,

nk(t) = B g (1), (1)

where 3 denotes the bit depth of the generated image (i.e., the
storage space occupied by each pixel, measured in bits/pixel)
[19] [20] [21], and g,, & (¢) (in pixels) is the computational
resolution of the image generated by GenAl inference task k
on edge server n, and the total number of pixels of the image
is denoted as gik(t).

When the GenAl application specifies the image quality,
the data size of the intermediate generation results transmitted
between the edge and cloud layers is essentially the same as

that of the final generation results, which can be expressed as
Sn,k (t) .

3.3 Communication model

The maximum transmission rate of the wired link connecting
edge server n and the central cloud is represented by R,, ;. In
time slot ¢, let v, 5.1 (¢) denote the edge-to-cloud transmission
rate allocated to GenAl inference task k arriving at edge server
n. Thus, we can calculate the transmission time for sending
the generation result of GenAl inference task k£ from edge

server n to the cloud as,

Cn,k(t)
Tk, ()

The transmission resources of edge server n allocated to

Tn ka1 (t) = 2

GenAlinference task k are subject to the following constraints,

3)
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Table2 Summary of Key Notations

Notation Description Unit
N ={1,2,...,N} Index set of edge servers N/A
T Total number of discrete time slots N/A
T={0,1,... T -1} Index set of discrete time slots N/A
An(t) Set of newly arrived GenAl inference tasks at edge server n in time slot ¢ N/A
In k(1) Binary indicator for inference scheme (1 for parallel, O for serial) N/A
O,k (t) Binary indicator for aggregation location (1 for edge, O for cloud) N/A
Sn,k (1) Data size of the generated image of task & on edge server n bits
8 The bit depth of the generated image bits/pixel
n,k (%) Computational resolution of the generated image pixels
Ry, Rn2 Maximum transmission rates of the edge-to-cloud and cloud-to-edge links bps
Tk, (8), Tnke,2 (F) Allocated transmission rate for task k (edge-to-cloud and cloud-to-edge) bps
Trk1 (), Tnk,2(t) Transmission delay for task k (edge-to-cloud and cloud-to-edge) S
Cn, k(%) Computation requirement for generating task & FLOPs
Uo Computation intensity (FLOPs required per bit) FLOPs/bit
e (t)y fk,g1(t) CPU and GPU capacities allocated to task & on edge server n FLOPS
Frk,e2(t), frk,g2(t) CPU and GPU capacities allocated to task & on the cloud server FLOPS
Fn,es Fn,g Total available CPU and GPU capacities of edge server n FLOPS
Fe, Fy Total available CPU and GPU capacities of the cloud server FLOPS
%n,m (t), #n,k,2(¢) Fraction of workload assigned to the CPU on edge server n and the cloud N/A
Dik1(t), Dnk,2(t) Computation time of executing task k on edge server n and the cloud S
Qn( ), Qc(t) Computational backlog of the task queue at edge server n and the cloud bits
Un (), e (t) Task workload entering the edge and cloud task buffers in time slot ¢ bits
tn (1), e (t) Service capacity of the edge and cloud servers in time slot ¢ bits
T Time slot duration S
Xagg Aggregation cost ratio relative to single-image generation N/A
D% (), D%, (1) Total response time for the aggregation process on the edge server and the core cloud s
Trkep(£), Trke,s (t) Computation delay of the parallel and serial inference schemes S
Mo k() Overall inference time of task k S
1% Lyapunov control parameter balancing delay and queue stability bit? /s
s(t) Network state in time slot ¢ N/A
w(t) Discrete scheduling action in time slot ¢ N/A
¢(t) Reward function evaluated by the LLM-enabled Agent N/A
6F, 661 , 952 Network parameters of the primary actor and twin critic networks N/A
6T, 951 , 952 Network parameters of the target actor and twin critic networks N/A
¥, w, € Discount factor, soft update weight, and delayed update interval for DRL-ITS N/A
R,J Experience replay buffer and mini-batch size for sampling N/A
and It is worth noting that r,, 1, 2(¢) has the following constraints,

Z Tn,k,l(t)

ke A, (t)

< Rn,1~ (4)

Similarly, the maximum transmission capacity from the
central cloud to edge server n is denoted by R,, o. Based
on the cloud-to-edge transmission rate 7, j 2(t) assigned to
generation task k at edge server n, we can determine the
following transmission delay,

gn,k(t)

Tng2(t) = rora®)’

o)
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0< Tn,k,2(t) < Rn,27 (6)
and
S rana(t) < Rpz¥neNteT. (D)
k€A, (L)
3.4 Computation Model

Leveraging data parallelism [19],[22],[23], we distribute the
image generation workload of the edge and cloud servers

across their CPU and GPU resources to enable concurrent
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processing. The computation requirement for generating task
k of edge server n is formulated as,

Cni(t) = Uy X 6 1(2), ®)
where Uy (t) denotes the computation intensity floating-point
operations (FLOPs) per bit on edge server n.

The GenAl inference tasks are performed locally on edge
servers or transmitted to the central cloud for remote process-
ing. The former involves the execution of generative tasks on
edge servers, whereas the latter involves execution on cloud
server.

1) Generative Task Computing Delay on Edge Server:
Edge server n divides the image-generation workload of task
k between the CPU and GPU. The parameter s, j 1 (t) rep-
resents the fraction of the workload assigned to the CPU,
while the remaining portion is executed on the GPU. This
allocation strategy is motivated by the observation that the
CPU demonstrates enhanced performance in logical reasoning
tasks. Accordingly, the CPU and GPU are assigned workloads
of size s, .1(t) X pk(t) and (1 — 20, 51(2)) X Sni(t),
respectively. In time slot ¢, let f,,  1(t) and f, k. 41(t) repre-
sent the computation capacities of CPUs and GPUs allocated
to GenAl inference task & on edge server n. The computation
time of executing inference task k£ on edge server n is given
by the maximum of CPU and GPU parallel processing times,

Dn,k,l(t)
— max { 301 (DCn ke (8) (1= 300,101 (£)Ci (1) }
fn,k,cl (t) ’ fn,k,gl(t) '

©))
By distributing the image-generation workload across CPU
and GPU resources for concurrent processing, the total infer-
ence latency is determined by the maximum execution time
of the two parallel paths [24].

The total CPU and GPU computational capacities of edge
server n are denoted as F,, . and F,, 4. Constrained by the
total computational capacities of edge server n, the CPU and
GPU allocations fy, i.c1(t) and fy, 1 41(t) must satisfy the
following conditions,

0< faker(t) S Fnen €NEEA(t),t €T, (10)

Z fn,k’,cl(t) < -/T'.n,c,vn S N,t € T, (11)

ke Ay (t)
and

0< fukg(t) < Fung,VneN ke A,(t),teT, (12)

Z fn,k,gl(t) < Fn,g-

keAn(t)

13)

2) GenAl Inference Task Execution Time on Cloud
Server: During time slot ¢, the cloud server partitions the

image generation workload of task k into two components
for parallel execution. The allocation ratio s, j 2(t) specifies
the portion of the workload handled by the CPU, while the
2 1.2(t)) is offloaded to the GPU. As a
result, the CPU and GPU are assigned workload amounts of
%, 1,2 (t) X G 1 (t) and (1 — 32, 1 2(1)) X S 1 (t), respectively.

Let fpn k,c2(t) and f,, i 42(t) represent the CPU and GPU
computational capacities, measured in floating-point opera-
tions per second (FLOPS) [
in time slot ¢ to task k from edge server n. Similar to the

remaining (1 —

], allocated by the cloud server

edge computation model, the cloud partitions the workload
into CPU and GPU components based on the allocation ra-
tio s¢,, 1, 2(t). Then, the total computation time of executing
inference task k on cloud server n can be obtained from,

Dn,k,Q(t)

e { #nke,2(1)Cn i (t) (1= 560, 1,2(1))Cn k(1) }
Jng,e2(t) T k,g2(1) '

14

Here, Fc and F g denote the total available CPU and GPU

computational capacities (in FLOPS) of the cloud server.

The allocated CPU and GPU capacities are subject to the
following resource constraints,

0< furea(t) < Fo, (15)

S fakelt) < F (16)
k€A, (t)

0 < fukga(t) < Fy, a7

> furaga(t) < Fy (18)

ke Ay, (t)

3.5 Task Queueing Model

Based on the task queuing model in [25], we establish a task
buffer at each edge server to manage the stochastic requests.
Let )., (t) denote the computational backlog of the task queue
at edge server n, measured in terms of the equivalent data size
(in bits) required to be processed. Initialized with Q,,(0) = 0,

the queue dynamics follow the standard evolution equation,
Qn(t+1) = max{Qn(t) — pin(t),0} + Pn(t), (19)
where  ¥n(t) = Yica, T Onk(BO)rnra(t)) +

I, k(1) (Sn,k(t)] denotes the task workload entering the edge-
side buffer in time slot ¢. The service capacity can be achieved
as pn(t) =72 e, (il (fak,er (O)+ frp,g1(t)/Uo+(1—
I, 1:(t)On 1 (t))7n. k1 (f)], where T represents the length of
the time slot ¢. As a result, (1 — I, x(£)Op k()70 k1 (%)
indicates the edge-to-cloud uplink transmission that migrates
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workload from the edge task buffer to the cloud in the parallel
mode with cloud-side aggregation.

Analogously, the evolution of the cloud-side task backlog
is captured by Q.(t). With the initial condition Q.(0) = 0,
the update rule for Q.(t) is formulated as follows,

Qe(t +1) = max{Qc(t) — pe(t),0} + ¥e(t),  (20)

where e(t) = 011 SheallnsBoni(t) + 7 -
In k() (1 = On k@) rn k1 (8) + 7+ (L= Lok (8))70n,5,1(2)]
represents the cloud-side workload volume admitted in time
slot ¢. Moreover, p.(t) = 7 - Zﬁle 2orea, ol (frpe(t) +
frk,g28))/Uo +1In 1 (t)On ik (t)rn k,2(t)] denotes the the
computation capacity of the core cloud in terms of data
bits per time slot.

Based on Equation (19) and (20), to ensure the stability
of the edge-cloud collaborative network and keep the GenAl
inference task backlogs bounded, we enforce the following
strong stability constraint on all task queues,

T-1 N
limsup% 3 E[Z Qnlt) + Qu(t)] <o0. (21
t=0 =1

T—o00

This constraint requires the Agentic Scheduler to learn a
policy where the average service rate is sufficient to han-
dle the average arrival rate of inference requests. Consistent
with recent studies on edge-cloud collaborative scheduling
[26], enforcing this Lyapunov-based queue stability con-
straint ensures that the GenAl inference task backlog remains
bounded over time, thereby preventing system congestion and
guaranteeing service continuity [27].

3.6 Problem Formulation

Execution delay is an important metric for the inference of
GenAl inference tasks and will be adopted to optimize the
inference scheme of the edge—cloud collaborative system.
Owing to the distinct execution characteristics of parallel
and serial inference schemes, the corresponding latency must
be analyzed for each scheme individually. Accordingly, the
processing delay of task & under each inference scheme can
be derived.

1) Computation Delay of Parallel Inference Scheme:
When I, ;(t) = 1, the inference of GenAl inference task k
follows a parallel scheme, where both the edge server n and
the core cloud receive the textual prompts and independently
generate intermediate results. The computation delay is de-
termined by the maximum processing time between the edge
and the core cloud. Following this, the intermediate results
are aggregated either at the cloud or the edge, depending on
the aggregation indicator O,, j(t).

it | Sci@pen

» If O, x(t) = 0, aggregation is completed on the core
cloud. Initially, the edge server n sends its generated
intermediate result to the core cloud. Since aggregation
mainly involves lightweight feature fusion or joint rea-
soning, its computational cost is significantly smaller
than that of single-image generation [28]. Let X444 de-

note the aggregation cost ratio. Accordingly, the total

computation delay for this aggregation process is ex-

pressed as,

Di,ng,z (t) = Xagg Dy, k,2(t), (22)

where 0 < X444 < 1. Eventually, the final aggregated
result is transmitted back from the cloud to the edge
server n.

* If O, 1 (t) = 1, edge server n performs the aggregation
process.Then, the core cloud should send the interme-
diate results of GenAl inference tasks to edge server n.
The total response time for the aggregation process is
given by,

DZ,gkg,l(t) = Xagg * Dy ke (t)- (23)

In the considered generative tasks, the size of the initial
textual prompt or control signal is significantly smaller than
the generated visual content and intermediate representations.
Consequently, the transmission latency for dispatching the
prompt from the user to the servers is considered negligible.
As a result, the computation delay of the parallel inference
scheme can be obtained by,
7:%/%17 (t) = maX{Dn,k,l (1), Dik2 ()}

+ On () [T ,2(t) + D% 1 ()]

+ (1= On k(D[ T k1 () + D 5 (8) + T g 2(8)],

24

where the max(-) operator identifies the concurrent execution
bottleneck as the parallel latency is governed by the slower
of the two processing paths, while the remaining terms ac-
count for the location-dependent transmission and lightweight
aggregation overheads determined by O,, ().

2) The Computation Delay of Serial Inference Scheme:
In time slot ¢, when I, ;(t) = 0, the edge server n first
generates an intermediate result upon receiving the textual
prompt. Subsequently, edge server n uploads the intermediate
results of GenAl inference tasks to the core cloud. Finally, the
final generated result is transmitted back to the edge server n.
The computation time of executing GenAl inference tasks on
edge server n can be given by

7:L,k,s(t) - D7L,k,1(t) + ﬁz,k,l(t) + Dn,k,Q(t) + 7;L,k,2 (t)
(25)
In summary, the overall inference time of GenAl inference
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tasks during the time slot ¢ can be achieved by,

Mn,k'(t) = n,k(t)%,k,p(t) + (1 - I7L,k(t))7;n,k,s(t)-
(26)
Finally, to minimize the total response time of GenAl inference
tasks, problem P; can be obtained by,
T-1 N

P71 :min 151(1)0— Z Z Z k(t)] 27
t=0 n=1 ke A, (t)
1.(3), (4),(6), (7), (10), (11), (12), (13),
(1 ), (16), (17), (18)
nk (), Onk(t) € {0,1}, (28)
OM(t)é L, 1 (t),Yn € Nk € A, (2). (29)

Constraint (3) ensures that the allocated transmission rate
Tn.k,1(t) does not exceed the total available transmission rate.
Constraint (4) ensures that the aggregate of allocated transmis-
sion rates does not exceed the total available edge-to-cloud
link capacity R, 1(t). Constraint (6) represents the value
range of 7, 1, 2(t). Constraint (7) restricts the total rate alloca-
tion such that it does not exceed the aggregate cloud-to-edge
link capacity R, 2(t). Constraint (10) defines the admissi-
ble CPU resource range for the edge server. Constraint (11)
states that, during the time slot ¢, the aggregate computa-
tional demands of all tasks on edge server n do not exceed
the server’s maximum CPU capacity. Constraint (12) speci-
fies the corresponding GPU resource range. Constraint (13)
imposes a CPU-like requirement on the cumulative GPU
computational resources, with these cycles being less than
or equal to the edge server’s total GPU capacity. The value
range of available computing resources for the cloud server’s
CPU and GPU is constrained. Specifically, it is restricted by
Constraints (15) and (17). Constraint (16) mandates that the
computation capacities allocated to all tasks on the cloud
server can not exceed the total available CPU frequencies of
the central cloud. Constraint (18) dictates that the GPU fre-
quencies shared by all tasks operating on the central cloud do
not exceed the total available GPU frequency. In addition, the
zero-one indicator constraints are defined by Constraint (28),
while Constraint (29) imposes stricter limitations to narrow
the feasible region of the optimization problem.

3.7 Problem Transformation

Equations (19) and (20) facilitate the definition of a Lyapunov
function, expressed as

1Y 1
=5 > QA+ 5Qe(®);
n=1

where O(t) is the vector of physical task queues tracking the

(30)

accumulated data backlog.

To characterize the variation in the queue accumulation over
two consecutive time slots, we have the following Lyapunov
drift function,

A(O(1) = E[L(O( + 1)) — L(O(1)[O(1)].
Specifically, the Lyapunov drift A(©(¢)) represents the ex-

€2y

pected growth of task backlogs. By minimizing this drift, the
system effectively suppresses queue accumulation, which,
according to Little’s Law, reduces the long-term cumulative
queuing delay.

To strike an optimal balance between the cumulative queu-
ing delay and the immediate inference latency, we formulate
the drift-plus-penalty function GK(t) as

gK(t) = A(B(1))

N
+V. ]E[Z Z Mn,k(t)‘@(t)}?

n=1keA,(t) )

where V' > 0 is a non-negative weight constant that balances
the trade-off between decreasing the response time of GenAl
inference tasks and stabilizing the physical task queues. Then,
we have the following lemma and theorem with respect to
Laypunov parameter V.

Lemma 1. The upper bound of GK(t) can be expressed as

GK(t) < B+V- ]EZ > Mai(t)|O)]
n=1keA,(t)
+ Z Qn(t) [0 (t) — pn ()] + Qc(t) [Ve(t) — pe(t)],
(33)
where B is a constant,
N 2 2 2
_ n,max + HTL,TYLGE c,max + lU'(/ max

B= nz::l 5 + 5 (34)

Proof. See Appendix A.
Theorem 1. The time-averaged expected inference delay is
bounded by

Tl B
T~>oo Z Z Z Mnk ¢ +V7

t=0 n=1keA,(t)

(35)

where C* is the theoretical minimum inference delay.
Proof. See Appendix B.

Theorem 2. The time-averaged expected total physical queue
backlog is upper bounded by a value proportional to V,

satisfying
T-1 N ,
.1 B+ VMmex
_ < - 7
Am = ?:o: E L§_1 Qu(t) +Qc(t)| < - ,

(36)
where € > 0 is a strictly positive constant representing the
system stability margin (Slater condition), and M™?? is the
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maximum possible total inference delay in a time slot.
Proof. See Appendix C.

The performance bounds in Theorems 1-2 are derived for an
ideal opportunistic controller that performs per-slot minimiza-
tion of the Lyapunov drift-plus-penalty upper bound (equiva-
lently, minimizes Z(t) in (37) given the queue state Q(t)),
which is standard in Lyapunov optimization. In implementa-
tion, our proposed algorithm uses a trained DRL policy to ap-
proximate this per-slot minimization for the inference-scheme
selection subproblem. Therefore, Theorems 1-2 should be
interpreted as theoretical benchmarks/design guidance for the
proposed framework, rather than strict guarantees for every
learned policy realization. Note that B can be determined
at the beginning of time slot ¢ and remains unaffected by
the inference scheme selection within the same time slot.
Consequently, we aim to minimize the following equation,

N
= Qu(®)[¥n(t) = ()] + Qe(®) [t (t) — pe(?)]
" N
n=1keA,(t)
(37)

To maximize per-slot inference efficiency, Problem P;
is equivalently converted into the subsequent optimization
model,

Py :min Z(t

)
t. (21),(3), (4), (6), (7), (10), (11), (12), (13),
(15), (16), (17), (18)

Constraint (21) ensures the stability of the physical task
data queue, thereby guaranteeing that all arriving inference
requests are processed within a finite time delay.

Here, the queuing delay refers to the waiting time induced
by the computational backlogs Q,,(¢) and Q.(t), while the
per-slot service time M, j(t) accounts for computation and
transmission delays under the selected inference scheme.
Specifically, the drift term A(©(¢)) minimizes queue back-
logs to implicitly reduce the queuing delay based on Little’s
Law, whereas the penalty term V' - Zle ke, ) Mnx(t)
explicitly minimizes the execution delay by optimizing re-
source allocation and inference scheme selection.

4 Problem Transformation and Design of Re-
sources Allocation

Based on the constructed DRL agent, we design a DRL-
based Inference Task Scheduling (DRL-ITS) algorithm to
address the problem Ps. First, problem P is decomposed into
multiple sub-problems, where numerical methods are applied

it | Sci@pen

to solve the resource allocation sub-problems. Subsequently,
a DRL approach is employed to address the inference scheme
selection sub-problem. Specifically, the DRL agent is trained
with the per-slot objective Z (¢) in (37) as the reward surrogate,
aiming to approximate the ideal opportunistic minimization
policy.

4.1 Design of Resource Allocation

Problem Ps is characterized by non-convexity and mixed-
integer nonlinear structures. Due to this complexity, solving
it optimally within polynomial time is extremely challeng-
ing. Therefore, we decompose problem P5 into several sub-
problems to better handle its complexity, where DRL is
employed to determine the GenAl inference scheme, and fast
numerical methods are incorporated to optimally solve the
remaining components.

Provided that the inference scheme has been determined,
we can derive an expanded form of the objective function in
‘P> by substituting the relevant formulations from Sections
III and 1V,

N N
ey Y Mug®) + ) Qu(®)[n(t) — pa(t)]
n=1keA,(t) n=1
+ Qe(t)[Ye(t) — pe(t)]
v (S 5 [0 na00u =]
n=1keA,(t) " " k1 (?)
partI
N S
+Z Z Snk(t) +Z Z Y,k (t) D g1 ()]
n=1keA,(t) Tn k2 n=1keA,(t)
part IT part ITI
N
+3° 3 Fas®Dara(t)]
n=1keA,(t)
part IV

SN

n=1keA,(t)
+ Z Qn(B)[wn(t)
(38)

where Y k(t) = Xagglnk(t)Oni(t) — Ink(t) + 1 and
ka(t) = Xaggln,k(t)(l — On,k(t)) +1—- In,k(t)- It can
be observed that problem P inherently has a decompos-

t)(max{Dy k,1(t), Dn k,2(t)})] } }

fin ()] + Qe (t)[Ye(t) — pe(t)],

able nature with respect to the variables r, ;1 (t), 7 k.2(t),
Dy, 1,1(t) and Dy, i 2(t). In particular, P2 can be broken down
further into 4 parts (labeled part I to IV in (38)), with each
part corresponding to a separate sub-problem.
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1) Edge-to-cloud Transfer Rate Allocation: Based on
part I of Equation (38), we can construct the transmission
resource allocation problem of edge server n as follows,

. nk(t
P51 :min Z J;n,k(t):;fl((i)

0< Tn,k,l(t) < xn,k‘(t)Rn,MVk € An(t)7 (39)

where ., ;(t) = 1 — I, k()0 1 (t). In this context, Con-
straint (39) dictates that the assigned transmission rate
Tn,k,1(t) must stay within the available limit and is based on
Constraint (3). Meanwhile, Constraint (4) further specifies
that the sum of all such rates cannot exceed the total capac-
ity of the edge-to-cloud link. Note that when z,, 5 () = 0,
constraint (39) enforces 7, x.1(¢) = 0, and the corresponding
term %y, 1 (t)Sn k() /70 k.1 (t) is defined as zero.

Next, Lemma 2 derives and proves the optimal transmission
rate 7, ;. 4 (t).
Lemma 2. Under the specified constraints, i.e., (4) and (39),
the optimal r,, 1. 1 (¢) in sub-problem P ; can be explicitly

’f‘* (t) _ Rn,l mn,k(t)gn,k(t) (40)
n,k, - .
N Y ean ) VI D5 @)

T, (t)sn,;(t) > 0, the capacity

formulated as,

Moreover, if > c 4 (1)
constraint is tight, i.e., 35y c 4 ) k1 (0) = Ry
Proof. See Appendix D.

2) Cloud-to-edge Transfer Rate Allocation: Moreover,
the transmission resource allocation problem from the core
cloud to edge server n is derived from part II of Equation
(38) as follows,

. Sn k(t)
P32 :min Z [l AN
]CE.A”(t) r'nwk’z(t)
s.t. (6),(7)

Similar to the derivation of 7, ; ,(¢) in Lemma 2, by
exploiting the convex structure of problem P, 5 and satisfying
the KKT conditions, the analytical expression of the optimal
transmission rate 7, ; ,(t) is derived as,

* Rn,Q vV Cn,k(t)
rmk,?(t) = . (4])
ety Veni(t)

3) Edge Computing Resource Allocation: Drawing upon

the analysis in part III of Equation (38), we formulate com-
putation resource allocation problem of edge server n as
follows,
Pasimin Y ynr(t)Dnka(t)
ke Ay (t)
s.t. (10), (11), (12), (13).

To avoid resource under-utilization, the computation time
allocated to CPU and GPU for each task should be balanced
[19]. Thus, we introduce the following constraint to ensure
that their execution durations are approximately synchronized,

s k1 (t) 1= st 1 (1)

= , 42
Foket®  Furgr () “2)
where
fn k,cl (t)

" t) = = . 43
* 7k)1( ) fn,k,cl (t) + fn,k,gl(t) ( )

Substitute (43) back into (9),

Cni(t

Dy e (1) () (44)

B fn,k:,cl (t) + fn,k,gl (t) .

The optimal frequency allocation for CPU and GPU under
the delay-only objective is derived in Appendix E using KKT
conditions, where the total computing frequency is allocated
proportional to the square root of the weighted workload of
each task. Accordingly, the optimal resource allocation on the
edge server n in time slot ¢ can be written as,

Fn,c ynk(t)cn,k(t)

Faker(t) = (45)

Zje.An(t) V/Yn,i (t)Cn,; (1) 7

and

Fn,g V Yn,k (t)cn,k(t) ) (46)
2 jen ) VUn,i(t)Cn;(t)

4) Cloud Computing Resource Allocation: Guided by

fakg1(t) =

the analysis in (38), Part IV, the edge resource allocation task
for the cloud server is characterized as follows,
Py 4 :min Z Zn,k(t)Dn,k,Q(t)
keA, (t)
s.t. (15), (16), (17), (18).

Constraints analogous to those of edge servers are applied to
prevent resource underutilization and to align their execution

durations,
n t 1— s, t
Znk2(t) 1 — s po(t) 7
Jrk,c2(t) Jrk,g2(t)
Similarly, we have,
Cpi(t
Dy jea(t) = () (48)

 fake2(t) + fakg2®)
Similar to the proof in Appendix E, the optimal CPU and
GPU frequency allocation under the delay-only objective is
obtained via the KKT conditions, with the total computing
frequency allocated dynamically based on the square root
of the weighted task workload. In time slot ¢, the optimal
allocation results of the core cloud can be described by,

For/zn 1 (8)Chni(t
Freea(t) = k) E) @

JEAL(t) V #n,j (t)Cn,;
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and
Fg Zn,k(t)cn,k(t)

> jenty Vani(t)Cn,;(t) .

4.2 DRL-based Inference Task Scheduling Algorithm

(50)

Fak,g2(t) =

To solve problem Py with high computation complexity, our
DRL-ITS algorithm leverages an LLM-enabled Agentic DRL
framework, built upon an extended Twin Delayed Deep Deter-
ministic Policy Gradient (TD3) [
agent transcends passive execution by integrating an LLM-

]structure. Specifically, the

based knowledge base to interpret complex task semantics
and environmental context, providing informed priors for
decision-making. To maintain differentiability in the discrete
action space for inference scheme selection, we integrate the
Gumbel-Softmax reparameterization into the actor’s output
layer. Furthermore, to ensure fast convergence and avoid local
optima, orthogonal initialization is applied to the weights of
actor and critic networks. This approach ensures the Agentic
Scheduler effectively learns the optimal serial-parallel in-
ference mode and aggregation location decisions, while the
remaining resource orchestration sub-problems are solved
by efficient KKT-based numerical methods. An overview of
the proposed DRL-ITS algorithm is provided in Fig. 2. It
highlights how the LLM-enabled agent synergizes seman-
tic reasoning with deep reinforcement learning to achieve
autonomous coordination.

Task Inference Scheme Selector: Solving the rate and
resource allocation sub-problems through numerical ap-
proaches yields the optimal 7., 1 (t), 7,71, o (t), D;; 1 1 (2),
and Dj, ; »(t). By substituting these variables into P,, the
residual decision problem reduces to the GenAl inference
scheme optimization, expressed as,

Po.5 :min Z(t)
s.t. (21), (28), (29)

This sub-problem is modeled as a Markov Decision Process
(MDP) [30] and solved by TD3. The MDP formulation is
given as follows,

1) State: The network state in each time slot is represented by
an observation vector describing its features and conditions.
In each time slot, we denote the network state as s(t) =

{{QuO}AQe®)} {nk ()}, Bt B2, Fes Fongs Fos
For-

2) Action: Since the transmission rates and computing re-
source allocations are already obtained via numerical meth-
ods, the action set only includes GenAl inference scheme
selection, denoted as

(1) = {1.x(1). 0}
it | Sci@pen

(5D

3) Reward: The reward ((t) is defined based on the drift-
plus-penalty objective in (37),

((t) = =2(1). (52)
Maximizing the reward function is equivalent to minimizing
the Ps objective. Here Z(t) jointly accounts for the system
latency cost and the Lyapunov drift associated with physical
queue stability. Consequently, the reward function intrinsi-
cally incorporates system stability constraints through the
drift-plus-penalty framework, rendering additional heuristic
penalty shaping unnecessary.

To address the MDP formulation, the TD3 algorithm uti-
lizes a primary actor network 7(s(t) | L) to generate the
optimal action cw(t) based on the environmental state s(t) for
determining the GenAl inference scheme. A core mechanism
of this framework involves the use of two critic networks to
independently evaluate Q-values, where the system selects
the minimum estimate as the update target to reduce bias.
These critic networks are parameterized by 65 and 6F,
respectively, providing estimates for the Q-value y(t) based
on the current state and action. To enhance training stability,
the algorithm incorporates target networks 7*(s(t) | 671),
Qi (s(t),m(t) | 05,), and Q3(s(t), w(t) | 63,) correspond-
ing to the primary models. Furthermore, an experience replay
buffer is implemented to archive historical transition tuples
(s(t),w(t),(t), s(t + 1)) at each time slot ¢ for subsequent
learning.

The primary actor network 7 outputs the action zo(t) from
the state s(t¢), where exploration noise o sampled from a
truncated normal distribution A/(0, 17 is added to enhance
scheme selection. The perturbed policy 7 (s(t)) is expressed

as,

(s(t) = 7(s(t) | 07) + 0P (53)

For each training step, the parameters {67 051 , 952} for
the actor and two critics are adjusted using J transitions
randomly sampled from R. Following the methodology in
[31], the sampled policy gradient update rules are formulated

as follows,
J
07 =07 = 237 (Va@F (s(), m(s0)) | 06,
i=1
Vorn(s(i) | 07)), (54)
and
J
05, =05, — %2>~ (200) — Qu(s().ali) 1 65,))
j=1
Vg, Qils(i).ali) 65)).i € {1.2},
’ (55)
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where p, and pg denote the learning rates associated with
6F and the critic networks Q1 and Q2, respectively. To derive
the target Q-value v(¢), the lower estimate of Q7 and Q3 is
adopted, with additional perturbation introduced by noise
drawn from a truncated normal distribution 7. The resulting
expression of v(t) is,
v(t)
= y(t) + min Q3 (s(t + 1), 7" (s(t + 1)) + 07 | 63,),
| (56)

where ~y denotes the discount factor, and ()} represents the
Q-value estimated by the target critic network. Similarly, the
policy output 7*(s(t + 1)) is perturbed by o7, sampled from
a truncated normal distribution N'(0, n7).

The parameters 6/, and 05, are optimized by minimiz-
ing the Temporal-Difference (TD) error [
L(6§,) and L(0F, ), expressed as,

£(05,) =E((v(t) - Qu(s(t),=(1) | 65))°). 67

The values of parameters 67

] loss functions

s 951 , and 952 are updated via
the following equations [33],

0L = wol + (1 —w)or, (58)
05, = wbh, + (1 —w)b., (39)

where w € (0, 1) represents the soft update weight. With
w very close to 1. The target network parameters are up-
dated using a weighted average of their past values and the
corresponding primary network parameters.

4.3 Algorithm Description

We outline the procedure of the DRL-ITS algorithm as
follows.
e Step 1: Initialization.
The initialization phase begins by assigning random
weights to the primary actor and twin critic networks
within the DRL-ITS framework. Subsequently, the target
networks are instantiated as replicas of their primary
counterparts to stabilize training. We also establish an
empty experience replay buffer to archive transition data.
The training regime is organized into a series of episodes,
where the simulation environment is re-initialized to its
starting configuration at the onset of each episode.
¢ Step 2: Action Generation and Reward Evaluation.
In time slot ¢, the interaction between the LLM and the
TD3 core operates as a closed-loop pipeline. Specifically,
the LLM parses inference task prompts into semantic
embeddings, which are concatenated with raw environ-
mental states to obtain network state s(t). Guided by
context-aware network state, the TD3’s primary actor

network produces a discrete scheduling action w(t),
which determines the GenAl inference scheme selection
for all tasks in the system. Based on the action output,
the closed-form solvers are invoked to obtain the trans-
mission rates and the CPU/GPU frequency allocation
for both edge and cloud servers. Then, substituting these
decisions into the system model, the LLM-enabled agent
evaluates the reward ( (t) following the drift-plus-penalty
design.

* Step 3: Experience Storage.
Following the action execution, the system transitions
to a new state s(¢ + 1), and the corresponding tuple
(s(t),@(t),C(t),s(t + 1)) is archived in the replay
buffer. To maintain a fixed buffer size, the algorithm
evicts the most antecedent data entries whenever the
storage limit is saturated.

¢ Step 4: Network Optimization.
For network optimization, a mini-batch of experiences
is randomly sampled. The critic networks function to
minimize the temporal-difference error, while the actor
network is updated periodically (every & steps) using
the deterministic policy gradient. Concurrently, the tar-
get networks undergo a soft update process to ensure
convergence stability.

* Step 5: Real-time Execution.
After the learning process finalizes, the actor network
acts as a real-time decision-maker to select the appro-
priate inference schemes. Substituting this decision into
the closed-form solvers yields the optimal transmission
rates, CPU/GPU resource allocations, and overall task
scheduling policy.

4.4 Complexity Analysis of the DRL-ITS Algorithm

As aforementioned in Section IV-C, the proposed DRL-ITS
algorithm is composed of three cascaded functional modules.
Based on the execution flow in Algorithm 1, the complexity
analysis is detailed as follows:

1) Cognition Module (Step 5): At the beginning of the
time slot (line 1-5), the LLM processes the textual prompts of
arriving tasks to extract semantic context. Let L., denote the
average sequence length and d,;,,q¢; be the model dimension.
Therefore, processing all GenAl inference tasks incurs a
complexity of Oppn = O(Kyor - Lgeq “dmodel)

2) Task Inference Scheme Selector (Step 6): The en-
vironment state vector s(¢) aggregates the queue states and
semantic embeddings of all tasks. Consequently, the input
dimension of the primary actor network is scaled linearly with
the total number of tasks, i.e., input size oc K;o;. Assuming

y i #4% mt | Sci@pen
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the actor network consists of A fully connected layers with H
hidden units, the complexity of the first layer is O( Ko - H),
while subsequent layers incur O(H?). Thus, the complexity
for the DRL inference is Oprr, = O(Kior - H + A - H?).

3) Resource Orchestration (Steps 7-9): Once the infer-
ence schemes are determined, the transmission rates and
computing resources are computed using the closed-form
solutions derived in Section IV-B. These calculations, along
with the reward evaluation, involve linear arithmetic op-
erations over the task set. Therefore, the complexity is
ONum = O(Kor) = OWK).

4) Overall Complexity: As summarized, the total per-
slot computational overhead of the DRL-ITS algorithm is
Orotat = ONK - (L2, dmoder + H 4+ 1) + AH?), which
scales linearly with the number of tasks (M K) and ensures

high scalability. Although the LLM-based cognition module

2

introduces a quadratic term Lg,,,

its practical impact is
marginal as average prompt lengths are significantly smaller
than high-intensity visual payloads. Given the fixed DRL
architecture (A, H) during inference, the algorithm maintains
a constant execution overhead per task, satisfying the real-
time requirements for edge-cloud resource orchestration.
Beyond computational efficiency, the LL.M-enabled agent
provides context-aware prior knowledge that prunes the action
search space, thereby accelerating policy convergence. Such
synergy allows the DRL-ITS algorithm to reach optimal states
more rapidly, effectively offsetting initial reasoning costs and
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minimizing the long-term average inference latency.

5 Performance and Discussion

This section presents a comprehensive set of simulations
to assess how effectively the proposed DRL-ITS algorithm
performs. We first describe the parameter settings, followed
by convergence analysis, and then present the simulation
results and corresponding discussions.

5.1 Parameter Settings

To investigate the effectiveness of our DRL-ITS algorithm,
extensive numerical simulations are carried out. In the ex-
perimental setup, and based on [19],[30],[24], the simulation
parameters are set as follows. A set of 40 inference tasks
is produced and then randomly dispatched to N = 4 edge
servers. To better reflect real-world application scenarios, the
resolution g, x(t) of the generated images is directly specified
by the user and set to 600 [

image ¢, 1 (t) = 32 x 6002 bits. Note that for clarity of pre-

]. Then the size of the generated

sentation in the simulation results, data-related metrics such
as queue lengths and the Lyapunov parameter V" are scaled
to Megabits (Mbit) and Mbit* /s, respectively. We set the
cloud—edge transmission rate to 100Mbps. Each edge server
is equipped with a total CPU capacity of F,, . = 1 x 10!
FLOPS and a GPU capacity of ,, , = 100 x 3 x 10° FLOPS,
respectively. The cloud server is provisioned with substan-
tially higher computational resources, including a total CPU
capacity of F, = 16 x 10*! FLOPS and a GPU capacity of
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Algorithm 1 LLM-Enhanced Agentic DRL for
Inference Task Scheduling

Input: Initial primary networks 6%, 65, , 0/, , target
networks 977; , 051 , 052 , replay buffer R, batch
size J, discount factor -y, soft update weight w,
learning rates pr, pq, exploration/smoothing
noises ", n”', and the update interval €.

Output: Trained policy 7(s|6L) and optimal

decisions {w™*,r*, f*}.
1 Initialize R and synchronize target networks: 6* <+ 0;

2 for each episodee =1,..., E do

3 | Initialize task queue Q(0) = 0 and observe initial

system state;

4 fort=1,...,7 do

Invoke the Cognitive Module to extract
semantic embeddings and combine them with
resource states to construct s(t);

6 Execute inference scheme w(t) via 7(s(t))
using Gumbel-Softmax for discrete action
mapping;

7 for each selected task k do

8 Compute optimal transmission power r*

and CPU frequency f* using closed-form
solvers derived in Eq. (40)—(50);
9 end for
10 Apply {w(t),r*, f*} to induce a state
transition to s(¢ + 1), and compute reward
((t) = —2(t);
1 Update physical task queues Q (¢ + 1) based
on actual processed data and arrivals via Eq.
(19)—(20);
12 Store transition (s(t), @ (t), {(t), s(t + 1)) in
R;
13 A sub-batch of J transitions is randomly
sampled from R;
14 Update Critic 6, by minimizing the TD error
via Eq. (55) and Eq. (57);
15 if t (mod &) == 0 then
16 Update Actor 6, via deterministic policy
gradient via Eq. (54);
17 Perform soft update of target networks via
Eq. (58)-(59);
18 end if
19 end for
20 end for

21 return Optimized policy 7y and final scheduling
decisions {ww*, r*, f*} for execution.

Fy = 18576 x 102 FLOPS, to accommodate more intensive
computation during task transmission. Based on the com-
putational load formulation in [19] [35] and the reference
EfficientNet-B7 model, the per-bit computation cost is set to
Uy = 6.4 x 103 FLOPs/bit, which is adopted in our experi-
ments. As for the aggregation latency, since there is no prior
work explicitly quantifying it at the system level, we adopt a
conservative range for the aggregation cost ratio xqg44 (€.g.,
Xagg € [0.01,0.05]). This setting is based on the fact that
aggregation is a lightweight operation compared to full image
inference. Notably, we have verified that our experimental
conclusions remain unchanged across this range.

In this work, it holds that (p, = 1 x 1075) and (pg = 1 x
10~?). The noise coefficients n* and T are both configured
to 0.1, and the discounting factor is fixed at v = 0.99. We
set the soft update coefficient w to 0.995 and the update
interval ¢ for both the primary actor and target networks
to 3. The actor produces logits for the discrete scheduling
actions {I, x(t), On x(t)}. The critic adopts the standard
TD3 structure and outputs two Q-values through a linear,
non-activated final layer. The training procedure runs for 500
episodes, with 300 time slots per episode. The replay buffer
capacity is 10000, and the batch size is fixed at 256.

We select four representative algorithms as baselines for
performance evaluation. The implementation details of all
baseline schemes are summarized as follows.

* Stochastic Inference Algorithm (SIA): As a baseline
strategy, the system selects serial inference or parallel in-
ference with equal probability for each task, without con-
sidering network conditions, computational resources,
or inference quality.

* Deep Deterministic Policy Gradient (DDPG) [36]: The
DDPG-based scheme aims to minimize the long-term
inference latency by modeling the edge—cloud cooper-
ative inference as a continuous-action MDP. A model-
free actor—critic agent observes task queues, system
resource states, and virtual queues, and outputs continu-
ous decisions on inference splitting ratios and compu-
tation/communication resources, which are updated via
deterministic policy gradients.

¢ Double Deep Q-Network (DDQN) [37]: The DDQN-
based scheme discretizes the joint decision space of
inference modes and resource levels and formulates a
finite-action MDP. A dueling Double DQN with on-
line and target networks, together with an experience
replay buffer, is employed to estimate the Q-values of all
candidate scheduling actions, where the task offloading
resource allocation decisions are determined by selecting
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the candidate action with the highest Q-value, thereby
reducing the long-term inference latency under dynamic
task arrivals and time-varying system conditions.

The evaluation metrics employed to assess the proposed
Agentic DRL framework include the average reward, GenAl
inference time, and GenAl inference task queue length. The
average reward serves as a comprehensive indicator of the
Agent’s long-term performance, which can be quantified
by Equation (52), which jointly reflects the optimization of
execution latency and the stability of physical queues. The
total GenAl inference delay is determined by the sum of
computation and transmission latencies for all generative
tasks within an episode, as formulated in Equation (27),
directly measuring the timeliness of edge-cloud collaborative
generation. Additionally, the task queue length is utilized
to quantify the stability of the GenAl inference task queues
within the edge-cloud system. A bounded and stable queue
backlog indicates that the service rate is sufficient to handle
the stochastic arrival rate of inference requests, illustrating
the Agent’s capability to ensure service continuity and satisfy
the long-term stability constraint defined in Equation (21).

5.2 Theoretical Verification and Convergence Analysis

First of all, Fig. 3 plots the convergence performance of the
cumulative reward. As shown in Fig. 3(a), the proposed DRL-
ITS algorithm converges fast after approximately 150 episodes
to the highest stable reward, significantly outperforming the
pure DRL-based baselines. This is because DRL-ITS lever-
ages a hybrid architecture to decouple resource allocation
via efficient numerical methods, which reduces the DRL
action space and enhances learning efficiency. In contrast,
the stochastic SIA scheme fluctuates at a low level with-
out effective optimization. As observed from Fig. 3(b), the
total delay achieved by the DRL-ITS algorithm decreases
sharply as training progresses and stabilizes at a minimum
of approximately 140s. The reason is that the DRL-ITS
algorithm obtains optimal resource allocation through closed-
form solutions, avoiding sub-optimal configurations caused
by continuous exploration in DDPG or discretization errors
in DDQN. Consequently, the proposed algorithm achieves a
lower steady-state delay compared with DDPG and DDQN.
Finally, Fig. 3(c) illustrates that the DRL-ITS algorithm main-
tains a low and stable task queue backlog of approximately
600 Mbit, validating its ability to satisfy long-term stabil-
ity constraints. Conversely, SIA results in consistently high
backlogs. DDPG and DDQN yield higher average queue
lengths than that of the DRL-ITS algorithm due to less ef-
ficient policy learning. The proposed DRL-ITS algorithm

it | Sci@pen

outperforms all benchmark policies as it efficiently generates
optimal decisions to improve resource utilization.

Fig. 4 illustrates how varying the control parameter (V)
balances the objectives of minimizing GenAl inference time
and maintaining GenAlI task queue stability. Specifically, the
experimental results reveal that, as the value of Lyapunov
parameter V' increases, the total GenAl inference delay of
the DRL-ITS algorithm decreases approximately in inverse
proportion to (V) and eventually converges to the optimal
value. In contrast, the GenAl inference task queue backlog
increases linearly with the value of V. Consequently, Fig. 4
verifies the [O(1/V'), O(V)] trade-off theoretical results in
Theorem 1 and Theorem 2. Accordingly, the value of Lya-
punov parameter V' can be adjusted to balance the achievable
GenAl inference time and the task queue backlog.

5.3 Performance Evaluation

Fig. 5 evaluates the impacts of different GenAl task numbers
on performance metrics. As shown in Fig. 5(a), the total
inference delay rises with task load due to limited resources.
Nevertheless, the DRL-ITS algorithm outperforms all bench-
marks by leveraging agentic DRL and numerical methods
for optimal resource orchestration. Specifically, under the
peak workload of 60 tasks, the proposed DRL-ITS algorithm
reduces the total GenAl inference delay by approximately
9.43%, 17.35%, and 31.45% compared with DDPG, DDQN,
and STA schemes, respectively. A similar increasing trend
in queue backlog with growing traffic is shown in Fig. 5(b).
Notably, the DRL-ITS algorithm maintains a substantially
lower backlog than the other schemes. For instance, at the
same peak load, reductions of 10.42%, 24.51%, and 38.21%
in task queue length are achieved by the DRL-ITS algo-
rithm compared to DDPG, DDQN, and SIA, respectively.
This demonstrates that the agentic DRL agent effectively
learns to balance the trade-off between minimizing delay and
stabilizing queues, even under heavy traffic conditions.

In Fig. 6, we evaluate the impacts of varying generated im-
age resolutions on system performance. As shown in Fig. 6(a),
the total inference delay rises sharply as resolution increases.
This is because the data volume grows quadratically with res-
olution, increasing transmission and computation overheads.
Notably, at 800 pixels, the proposed DRL-ITS algorithm
reduces delay by approximately 8.24%, 9.43%, and 25.17%
compared with DDPG, DDQN, and SIA, respectively, owing
to its optimal resource allocation strategy. Fig. 6(b) illustrates
that task queue length increases linearly with resolution.
The reason is that heavier computational workloads saturate
limited edge resources. In contrast, the DRL-ITS algorithm
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effectively mitigates this backlog. Specifically, at 800 pixels,
it reduces the queue backlog by roughly 9.53%, 17.61%, and
42.16% compared to DDPG, DDQN, and SIA. This demon-
strates the agent’s effectiveness in stabilizing queues under
high data-intensity conditions.

Finally, we investigate the impacts of available edge com-
puting resources on system performance. Intuitively, Fig. 7(a)
plots the downward trend of total GenAl inference delay
as the edge computing capability scaling factor rises from
20% to 100%. The reason is that enhanced computational
capacities at the network edge allow for accelerated execution
of generative tasks, thereby significantly reducing processing
latency. Specifically, when the edge computing capability
scaling factor is set to 20%, the proposed DRL-ITS algorithm
can reduce the total GenAl inference delay by approximately
8.84%, 17.97%, and 50.12% by comparing it with DDPG,
DDQN, and SIA schemes. Similarly, the task queue back-
logs exhibit a monotonic decrease with the augmentation
of computing capabilities, as observed from Fig. 7(b). In
this case, the sub-optimal solutions cannot fully explore the
benefits of increased computing power to clear accumulated

backlogs rapidly, resulting in slower queue dissipation. For
instance, with the scaling factor of 20%, the DRL-ITS algo-
rithm reduces the task queue length by 5.75%, 14.93%, and
33.25% compared with DDPG, DDQN, and SIA algorithms.
Consequently, the DRL-ITS algorithm achieves the lowest
queue occupancy and outperforms all benchmark policies,
validating its robustness in effectively orchestrating dynamic

resources to maintain system stability.

6 Conclusion

In this work, we investigate an LLM-enabled Agentic DRL
framework in edge-cloud computing networks, where a pow-
erful LLM-enabled agent orchestrates the synergy between
cloud-based generic and edge-based specialized visual GenAl
models for efficient inference. Consequently, a long-term exe-
cution latency minimization problem involving serial-parallel
inference scheme selection and resource orchestration is for-
mulated and subsequently transformed into deterministic
per-slot sub-problems by leveraging Lyapunov optimization.
Then, a novel DRL-ITS algorithm is proposed to obtain opti-
mal resource allocation solutions in each time slot, where a
TD3 approach is used to generate discrete inference scheme
selection decisions with the aid of KKT-based closed-form
numerical solvers for continuous resource allocation. Finally,
we provide extensive theoretical and simulation evaluations
to investigate the effectiveness of the DRL-ITS algorithm.
To further support multi-agent 6G scenarios, our framework
can be extended by integrating decentralized coordination
paradigms and hierarchical topologies. Such an architec-
ture ensures that inter-agent negotiation remains localized
and computationally efficient, providing robustly scalable

performance in dynamic 6G environments.
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Appendix A: Proof of Lemma 1

Based on the generic structure max{! — p, 0} + ¢ observed in
Equations (19) and (20) for all queues within ©(t), we leverage
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the inequality (max{l—p,0}+¢)? < 2 +p*+¢*>+2l(p—q)
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to derive the following bound,

Qn(t+1) QL) + ¥ (t) + pn(t)

(AD)
+2Qn () [Yn(t) — pn(t)],
2 2 2 2
Qc(t+1) <QI(t) + e (t) + pe(t) A2)
+2Qc () [Ye(t) — pe(t)]-
Then, according to Equation (31), we have
L(O(t+1)) - L(O(1)

N

N
_;{;Qi(zH—l Z QX (t+1)— Qi(t)}

N

<D QuOa() = (0] + Qe(D)We(t) = pe(t)]
N 2 2 2 2
N

<D QuWa() = ()] + Qe(D)[We(t) — e (b))
N

+ z_:l 72L,ma:v ;_M%,max + wg,mam ;_ lu‘g,ma:v7

(A3)
where V1, mazs tn,maz> Ye,maz, a0d e maq are the upper
bounds of the new inference data arrival and the service
capacity for edge server n and the cloud server, respectively.
Specifically, 1c maqz is the maximum total data size trans-
mitted from all edge servers, while fi¢ nqz 1S the maximum
processing rate of the cloud server. The term B is a con-

stant independent of the current queue vector Q(t), which is

derived as,
N
B _ Z %,mam ;_ u%,mam + wg,max ;—/”Lg,maa: ) (A4)
n=1

Applying conditional expectation to both sides of Equa-

tion (A3) and incorporating the penalty term, we can derive,

A(O®)) < B+

Z Qn (1)t (t)

= tn ()] + Qe(t)[the(t) —
(A5)

The proof is completed.

fhe(t)]-

Appendix B: Proof of Theorem 1

Based on the drift-plus-penalty upper bound derived in

Lemma 1, for any feasible control policy, we have:

N
N+VED . Y Maux(®)O)]

n=1keA,(t)

N
<SBHVED | > Mux(t)0()]

n=1keA, ()

N
+ D Qu(O)Wa(t) = (D] + Qe(D)We(t) — ne(D)].

B1)

Define C* as the optimal value of problem P4, i.e., the

infimum time-average expected total processing delay over
all stabilizing policies:

T N

C’*émf hmsu Z Z Z Mj @),

t=0 n=1keA, (t)

(B2)
where 11 denotes the set of all admissible control policies that
keep all queues strongly stable.

Based on the Lyapunov optimization theory [38], for any
0 > 0, there exists a stationary randomized policy 7* such

that,

E[vr 1) —up (0] <0,va, B3
E[vI () -uI 0] <0, B4

N
E Z Z MIL()| <C*+o. (B5)

n=1keA,(t)

Since the ideal opportunistic controller chooses the action
that minimizes the right-hand side (RHS) of the drift-plus-
penalty bound in (B1) for the current state. Therefore, the
value achieved by our algorithm must be less than or equal to

the value achieved by the stationary policy 7*,

AQ +VEZZMnk NEG

n=1keA,(t)
<B+VE Z > M6 (B6)
n=1keA,(t)
+ Z Qu(OE[Yy (8) — pp, (H)]O(1)]

+QOEWRT (1) — uf (1)O)).
By substituting the properties of 7* into the above inequality,
the terms multiplied by Q.,(¢) and Q.(t) become < 0 and
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can be removed to yield a tighter upper bound. We obtain

N
O +VED. 3 Muslt)]

< B+ V(C* +9).

n=1keA,(t)
(B7)
Now, we sum the above inequality over the time slots ¢ €
{0,1,...,7 — 1}. By applying the law of telescoping sums
to the drift term A(O(t)) = E[L(O(t + 1))] — E[L(O(1))],
we have
T-1
(E[L(O(t +1))] — E[L(6(1))])
=0
T-1 N
+V Y ED M., (B8)

t=0 n=1keA,(t)

=
L
\"

V(C* +0).

t=0 t=0
Simplifying the telescoping sum EZ—:_OI (E[L(B(t+1))] —
E[L(O(t))]) = E[L(T)] — E[£(©(0))], the inequality be-
comes

E[L(O(T))] - E[£(©(0))]

Y S S M)

(B9)
t=0 n=1keA,(t)
<TB+TV(C* +9).
Rearranging the terms to isolate the inference delay
vSES S A
= n=1keA,(t)
STB+TV(C*+46)+E[L(O(0)] —E[L(B(T)))]
(B10)

Since the Lyapunov function £(O(¢)) is non-negative (i.e.,
E[L(©(T))] > 0) and assuming the initial queues are empty
(i.e., E[£(©(0))] = 0), we can drop these terms for the upper

bound:
T-1 N
VY E Z Z M,k ()] < TB+ TV (C* +9).
t=0 n=1
(B11)
Dividing both sides by VT, we get
B
TZ Z S Mot SC +i+ 5. B12)

=0 n=1keA,(t)
Since § > 0 is arbitrary, letting 6 — 0 yields (35), which
completes the proof.
The proof is completed.

Appendix C: Proof of Theorem 2

To prove the O(V') bound on the queue length, we utilize the
concept of Strong Stability based on the Slater condition.

(1470 | Sci@pen

Assumption 1 (Slater Condition): We assume there exists a
stationary randomized policy 7 that chooses actions indepen-
dent of the current queue backlogs, satisfying the following

conditions:
The system is strictly stable with a slackness parameter ¢ > 0:
Elpn(t) —pn(®)] < —e, neWN,
E[yz (t) — pe ()] < —e,

The expected inference delay under this policy is bounded by

(ChH

a finite constant M™:

ZZM” )Oe(t)

n=1keA, (t)

= M"T < M (C2)

Proof: Recall the drift-plus-penalty upper bound derived
in Lemma 1 (Eq. 33). Our proposed algorithm (denoted as
alg) minimizes the RHS of the drift-plus-penalty bound in
each time slot. Therefore, the value of the drift-plus-penalty
expression achieved by our algorithm is less than or equal to

that achieved by the stationary policy 7:

N
AOM) +V-E[Y > MU0

n=1keA,(t)

N
<B+V-ED. Y. M (t)0)

n=1keA, (t)
+ZQn — Hn (O] + Qe(OEWE (1) — pi (8)]-

(C3)
Substituting the Slater conditions from Assumption 1 into

the inequality:

A(@(t))+V-]EZ Z M (1) |O(t)]

n=1kecA,(t) (C4)

<BHVM™ + Z Qn(t)(=€) + Qc(t)(—6).

n=1
Rearranging the terms to isolate the queue backlog term on
the left-hand side:

ZQn +Qc(t ]

<B+V/W"‘”” (CS5)
—VEZ >, MUE@e)] - AO(®)
n=1kcA, (t)
Since the inference delay is non-negative (i.e.,
M9(t) > 0), we can simply remove the term

—V]E[Zﬁle ZkeAn(t)M‘”g(tﬂ@(t)] to obtain a looser
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upper bound:
ZQ,, +Qc( )]
< B + VM —E[L(O(t+ 1)) — L(O(1))|O(¢)].
(Co)

Next, we sum the above inequality over the time slots ¢ €

{0,1,...,Tf1}:
€ZE ZQH +Qc )]

<T(B+VMmar)_

=

(E[L(O(t +1))]

t

I
=

(C7)
Using the telescoping sum property for the Lyapunov drift

term:

eZE ZQ ) + Qc(t)
< T(B + VM’"“) +E[L(6(0))] — E[£(O(T))].

Dividing both sides by T'e and assuming finite initial queues

(C8)

(i.e., E[£(©(0))] < o0) and non-negative Lyapunov function
values (i.e., E[L(O( ))]
-

N
Z Qn(t) )1
RRIEIUN

Te
Finally, taking the 11m1t as 7 — oo, we have

E[L(©(0))]/Te — 0. We obtain the following bound,

(C9)
Mmax

B+VMmaa:

€

<

(C10)
Since B, M™% ¢ are constants, the average queue length is
bounded by O(V'). The proof is completed.

Appendix D: Proof of Lemma 2

The convexity of Problem Ps 1 stems from the convex nature
of the objective function relative to r, j 1 (¢), combined with
an affine and compact feasible set determined by (4) and
(39). Consequently, the KKT conditions serve as the unique
necessary and sufficient criteria for the optimal solution.
We introduce a Lagrange multiplier o > 0 for the inequality
constraint (4). The inequality constraints (39) are considered

in the KKT verification later. The Lagrangian function is

—E[L(©@)]).

constructed as,

Sn k'(t)
£1 — Z xn,k(ﬂ’*
k€A, (t) Tk (1)
(D1)
+ a Z rn,k,l(t) - Rn,l

ke A, ()
Taking the partial derivative of £, with respect to r, 1 1(¢)
and setting it to zero,

851 Tn k(t)gn k:(t)
=—— : +a=0. (D2)

I k1 (¢) [Pk 1 (D)2

Solving the above gives,
nk(L)Gn k(T

g (1) = L2t ona0), (D3)

e
When > 4 1) V@n,j(t)sn,;(t) > 0, the objective

is strictly decreasing in 7,4 1(t) for those k with
T,k () Sk (1)
(4) is tight at optimum,
R, 1. Thus,
o (Srea i Tha(t) = Ray) = 0 holds, with a > 0
when the constraint is tight. Substitute the expression into

> 0, hence the capacity constraint

D kednt) T (t) =
the complementary slackness condition

constraint (4),

2
C(Xjeanw) Vi ()sni(t)
B Rn,l

Substitute « back into (D3),

Rn,l xn,k(t)gn,k(t)
2 jean(t) VEni(t)sn;(t) .

I£3 e, () VEn,j(t)sn,;(t) = 0, a valid optimal solution is

1 (t) = 0forall k € Ay (t), and the capacity constraint
is not tight (thus o = 0).
To confirm the global optimality of the obtained r;; . , (%),

(D4)

Tk (t) = (D5)

we verify its adherence to the KKT conditions. Since problem
], the
KKT conditions serve as both necessary and sufficient criteria

P2.1 is strictly convex and satisfies Slater’s condition [
for optimality [40]. It can be readily verified that the derived
solution strictly resides within the interior of the feasible
region, perfectly satisfying primal feasibility, stationarity, and
complementary slackness (with inactive bound multipliers
set to zero), thereby guaranteeing its global optimality.

The proof is completed.

Appendix E: Optimal CPU and GPU Frequency Allo-
cation Via KKT Conditions

With the CPU and GPU capacities of edge server n being
predetermined, the objective shifts to the minimization of
cumulative GenAl inference latency. Based on equation (44),
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sub-problem P- 3 can be further expressed as,

. Cn k(t)
Pa.3.1 :min Z Yn k(1) :
reA (D) Frteer(8) + fr g1 (2)

s.t. (10), (11), (12), (13),

(ED)

Note that the objective depends on ( fy, x,c1(t), fr,k,q1(t))
only through their sum s, x(t) £ frr.c1(t) + fakg1(t)-
Moreover, by summing constraints (11) and (13), we obtain an
aggregated capacity constraint 3, . 4 ;) Snk(t) < Fpe +
Fry.

We construct the Lagrangian function with multipliers v
associated with the total CPU and GPU constraints:

. yn,k(t)cn,k’(t)
‘62 B Z(t) fn,k,cl (t) + fn,k,gl(t)

keAn

+v Z (fn,k,cl(t) + fn,k,gl(t)) - (-Fn,c + -Fn,g)
keA, (t)
(E2)

Applying the KKT conditions, we compute the partial
derivatives with respect to the decision variables,

Lo
6(fn,k,cl (t) + fn,k,gl (t))
() ) B
(fmk,cl (t) + fn,k:,gl(t))2 '
Then, we obtain,
n C’I’L
Frer(t) & Fggn (0 = 1 bt = gy

Based on the fact that the aggregated capacity con-
straint is tight at optimum (otherwise increasing some
Sn.k(t) would strictly decrease the objective), we have
2re, ) frket () + forgi (1) = Fne + Fng. Hence,

1 Focaln,g

Vv S ieanty VYni(0)Cn () ()
Substituting (ES) into (E4),
e (8) = fo k1 (8) £ f g g1 (£)
_ (Fae+ Fag) Vuna)Cni(t)  (E6)
B ZjeAn(t) Yn,i (1)Cn,j(t)

Hence, the optimal solution ensures that the total computing
capacity allocated to each task is proportional to the square
root of the weighted workload.

Existence and Uniqueness of the Optimal Solution:

The objective function in (E1) is convex with respect to the
aggregated variables s, ;(t) = fn k.c1(t) + fnk,g1(t) Over
the domain s, (¢) > 0, and the aggregated constraint is
affine. Thus, the KKT conditions are necessary and sufficient,
and the optimal aggregated allocation {s}, ; (¢)} exists and is

it | Sci@pen

unique when y,, 1 (t)Cy, 1 (t) > 0. However, the decomposi-
tion of s, ; (t) into CPU and GPU parts may be non-unique;
any feasible split satisfying (10),(11),(12),(13) is optimal.
Closed-form Optimal Solution:

The optimal CPU and GPU computing capacities for each
task k € A,, are given by:

Jrn,c yn,k(t)cn,k?(t)

fokeat) = . (ED
Y ety Vi (Cn 5 (1)
and
Fr o/ Un b (O)Cn i (
f;,k,gl(t) _ aVy ,k( ) ,k( ) (ES)

> jen iy Vni(0)Cn s (8)

The proof is completed.
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