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Abstract—Deploying Generative AI-as-a-Service (GenAIaaS)
at the network edge enables ubiquitous intelligence but faces
severe stability challenges, primarily stemming from the lack of
cognitive awareness regarding stochastic inference latency spikes
and the coordination complexity of interdependent microservice
chains. To bridge these gaps under strict Quality of Service (QoS)
constraints, we propose value-adaptive multi-agent proximal pol-
icy optimization (VAMAPPO) as a novel cognitive orchestration
framework. Unlike centralized approaches, VAMAPPO treats
orchestration as a decentralized cognitive decision process. It
integrates a variational inference-based uncertainty quantifica-
tion mechanism, empowering agents to perceive environmental
volatility and dynamically optimize learning steps to prevent
performance degradation. To further solve the ambiguity in
distinguishing individual contributions within sequential service
chains, we design a coordinated advantage function (CAF). By
utilizing counterfactual baselines to estimate marginal impacts,
CAF effectively disentangles complex inter-agent dependen-
cies. Extensive experiments on real-world network topologies
with trace-driven workloads demonstrate that our cognitive
framework significantly outperforms state-of-the-art baselines.
Specifically, VAMAPPO achieves up to a 97.0% service success
rate and reduces response latency by 24.2% while satisfying
stringent service level agreement (SLA) constraints, exhibiting
superior robustness in zero-shot generalization across unseen
edge environments. Code and data are available at https://
github.com/gymorsiback/Value-Adaptive-Multi-Agent-PPO

Index Terms—Generative AI services, service orchestration,
multi-agent reinforcement learning, quality of service, edge
networks.

I. INTRODUCTION

IN RECENT years, the paradigm of Artificial Intelligence
has shifted from monolithic model deployment to Genera-

tive AI-as-a-Service (GenAIaaS) [1]. This paradigm [2] allows
mobile users to access foundation models via APIs for diverse
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applications, ranging from text generation to image synthesis
[3]. Unlike traditional inference tasks, real-world GenAIaaS
requests typically manifest as complex workflows [4] requiring
the composition of multiple interdependent microservices [5].
For instance, generating an illustrated storybook involves a
chain: a large language model (LLM) first structures the
narrative, followed by prompt refinement agents, and finally,
a text-to-image model synthesizes the visual content. Orches-
trating these heterogeneous components demands cognitive
intelligence—specifically, the capacity to perceive environ-
mental states, reason about uncertainties, and autonomously
adapt strategies—to ensure precise coordination.

While cloud-centric frameworks [2], [6] demonstrate the
feasibility of multi-model collaboration, migrating these ser-
vices to the network edge offers significant advantages,
including reduced end-to-end latency and enhanced user pri-
vacy [7]. Consequently, deploying GenAIaaS at the edge has
become a critical trend. However, this transition introduces
severe challenges. Edge environments are resource-constrained
and bandwidth-limited, an infrastructure that lacks scalability.
Crucially, the inference latency of GenAI services is highly
stochastic, heavily depending on the fluctuating length of input
tokens and the decoding complexity [8]. In distributed edge
environments, this uncertainty, coupled with dynamic network
conditions, makes static scheduling algorithms ineffective.

Recent research has explored resource scheduling for gen-
eral edge tasks. Works such as EdgeShard [9] and EdgeAIBus
[10] have optimized distributed inference for specific LLM
layers. Similarly, multi-agent reinforcement learning (MARL)
approaches have been applied to UAV trajectory design [11]
and intent-driven task scheduling [12] for 6G networks. While
providing methodological baselines, these general-purpose
works do not address the stochastic nuances of GenAIaaS.
Despite these advancements, existing approaches face two
main cognitive limitations in the context of GenAIaaS:
• Lack of cognitive uncertainty quantification: Most

methods [11], [12] assumed deterministic computational
models, failing to quantify the decision risk caused by the
stochastic nature of GenAI workloads. This inability to
perceive uncertainty often leads to policy instability and
service level agreement (SLA) violations during runtime
latency spikes.

• Inefficient credit assignment in service chains: In a
multi-stage service workflow, traditional MARL struggles
to identify the distinct impact of individual microservices
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on the aggregate service utility. This ambiguity results in
suboptimal coordination and misaligned local objectives.

To bridge these gaps, we propose a cognitive orchestration
framework powered by value-adaptive multi-agent proximal
policy optimization (VAMAPPO). This framework treats the
orchestration of interdependent GenAI services as a decen-
tralized cognitive decision process. At its core, VAMAPPO
introduces a variational inference-based mechanism to endow
agents with cognitive awareness, allowing them to explicitly
quantify the uncertainty in policy evaluation. By modeling
network parameters as probability distributions, agents can
dynamically adjust their learning steps based on environmental
perception, thereby guaranteeing robustness against latency
volatility. Parallel to uncertainty management, to solve the
coordination challenge in service chains, we design a coor-
dinated advantage function (CAF) that utilizes counterfactual
reasoning to distinguish and optimize the impact of each
agent on the global service utility. The main contributions are
summarized as follows:
• We propose VAMAPPO, a novel framework that inte-

grates variational inference into multi-agent policy opti-
mization. By introducing stochastic parameterization, the
framework enables agents to perceive and robustly adapt
to the stochastic variability in inference latency, pre-
venting performance degradation in highly dynamic edge
networks.

• To resolve the complexity of interdependent microservice
chains, we design a coordinated advantage function.
Utilizing counterfactual reasoning, CAF disentangles the
specific contribution of each agent from the global service
utility. This mechanism effectively supports the resolution
of the credit assignment problem in sequential workflows,
ensuring that upstream decisions are optimized in concert
with downstream outcomes.

• To ensure efficient and stable cognitive learning in
bandwidth-constrained edge environments, we introduce
an adaptive clipping mechanism coupled with gradient
compression. This approach minimizes communication
overhead while dynamically adjusting the trust region
based on historical policy updates to balance exploration
and stability.

• We evaluate our framework using trace-driven work-
loads derived from real-world cluster data and profiled
GenAI model characteristics. Extensive experiments
across diverse network topologies demonstrate that our
approach reduces response time by 24.2% and maintains
a 97.0% service success rate under stringent SLA con-
straints, outperforming state-of-the-art baselines.

The remainder of this paper is organized as follows: Sec-
tion II reviews related work; Section III models the system;
Section IV details the VAMAPPO framework; Section V
analyzes experimental results; and Section VI concludes.

II. RELATED WORK

This section reviews recent advancements in two key areas:
the orchestration of Generative AI services at the edge and
intelligent service scheduling in next-generation networks. To

clearly distinguish our contributions, we provide a comprehen-
sive functional comparison between the proposed VAMAPPO
framework and existing state-of-the-art approaches in Tab. I.

A. Edge Intelligence Services

As LLMs and AIGC models become ubiquitous, orches-
trating them as services has attracted significant attention [16].
Early frameworks [2], [6] utilize LLMs as central controllers to
dispatch tasks to expert models. However, these cloud-centric
approaches often incur high latency. To address this, recent
research focuses on collaborative edge-cloud inference.

EdgeShard [9] proposes a collaborative edge comput-
ing framework that optimizes LLM inference by sharding
model layers across distributed devices, significantly reducing
memory footprints. Similarly, EdgeAIBus [10] introduces an
AI-driven framework for joint container management and
model selection, enabling efficient provisioning of heteroge-
neous edge services. In the context of complex workflows,
Navardi et al. [17] propose a meta-reasoning approach
for edge-cloud collaborative LLM planning, focusing on
autonomous navigation tasks. Furthermore, Yao et al. [13]
present a diffusion-based MARL approach to enhance the QoS
of LLM services through edge-cloud collaboration, addressing
the high-dimensional action space in service dispatching [18].

While these works have successfully optimized resource
allocation for specific AI tasks, e.g., layer offloading or
container placement, they predominantly focus on static or
predictable workload models. Most existing frameworks lack
explicit mechanisms to quantify the runtime uncertainty inher-
ent in GenAI inference, e.g., token-length dependent latency
variations, which is critical for maintaining strict SLA guar-
antees in dynamic edge environments.

B. Intelligent Service Scheduling in Edge Networks

Beyond AI models, the broader problem of intelligent task
scheduling in 6G and edge networks provides the foundational
methodology for our work. MARL has emerged as a powerful
tool for solving decentralized resource allocation problems.

Recent studies have demonstrated the efficacy of MARL in
diverse network scenarios. Guan et al. [11] utilize a Multi-
Agent PPO method to optimize cooperative UAV trajectories
for emergency communications, demonstrating robust coordi-
nation capabilities. For intent-driven networks, Wang et al.
[12] propose an adaptive task scheduling framework for 6G.
Specific to edge computing orchestration, Han et al. [14]
applied MAPPO to manage communication-dependent com-
puting tasks, establishing a strong baseline for decentralized
decision-making with continuous action spaces. Further-
more, addressing the dynamics of augmented reality (AR)
applications, Qian and Coutinho [15] proposed the META
(METAPPO) orchestrator, which incorporates task migration
mechanisms to optimize resource utilization across networked
edge servers. In the domain of network function virtualization,
Wen et al. [19] develop an orchestration strategy for network
function chains, while Zhang et al. [20] focus on resilient task
scheduling in vehicular edge computing.
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TABLE I
FUNCTIONAL COMPARISON OF THE PROPOSED VAMAPPO WITH STATE-OF-THE-ART APPROACHES

Fig. 1. Overview of the QoS-aware GenAIaaS orchestration framework. User
requests from diverse terminals (i) are modeled as interdependent microservice
chains. The data flow (ii) is orchestrated by distributed VAMAPPO agents co-
located with edge nodes. Agents take actions (iii) based on local states and
coordinate via lightweight CAF messages. The environment provides feedback
on stochastic latency spikes (iv), closing the RL loop and ensuring QoS-aware
results are delivered back to users (v). Offline QoS registries are utilized to
minimize runtime profiling overhead.

Although methods like MAPPO and METAPPO demon-
strate the superiority of MARL in managing network
resources, they typically rely on deterministic policy evalu-
ations or standard advantage functions. In the specific context
of GenAIaaS microservice chains, traditional MARL struggles
to: 1) adapt quickly to the high variance of generative tasks,
the stability issue, and 2) accurately assign credit to individual
microservices within a sequential chain, the coordination issue.
Our VAMAPPO framework addresses these limitations by
integrating variational inference for uncertainty quantification
and counterfactual baselines for precise credit assignment.

III. SYSTEM MODEL AND PROBLEM FORMULATION

We consider a collaborative edge computing environment
designed for GenAIaaS. The system orchestrates complex
content generation requests from mobile users by composing
distributed GenAI microservices.

A. Heterogeneous Service Network Model

Fig. 1 illustrates the proposed GenAIaaS orchestration
architecture. Unlike centralized cloud paradigms, the system
comprises a set of geographically distributed edge service
nodes, denoted as S = {1, . . ., S}. These nodes form a
heterogeneous network topology graph G = (S, E), where

E represents the set of communication links enabling inter-
service data transmission.

Each edge node s ∈ S is characterized by its specific
hardware configuration, e.g., tensor cores and VRAM capacity,
and a service capability set, denoted as Ms ⊆ M. Here,
M = {1, . . .,M} represents the universal set of GenAI service
types, e.g., LLaMA-7B, Stable Diffusion, or ControlNet. A
binary indicator I(m ∈Ms) equals 1 if service instance m is
deployed and active on node s, and 0 otherwise.

From the user’s perspective, a request is modeled as a
sequential microservice chain, represented by an ordered set
of stages I = {1, . . ., I}. As shown in Fig. 1, stage i ∈ I
corresponds to a specific generative sub-task that transforms
an input tensor of size D(i)

in into an output tensor of size D(i)
out.

The orchestration objective is to map these interdependent
stages onto appropriate edge nodes while satisfying strict
SLA constraints under environmental uncertainty. For reader
convenience, Tab. II provides a comprehensive list of notations
used throughout this paper.

B. Communication Model

The execution of a microservice chain involves continuous
data transmission between edge service nodes. We adopt a
directed link-based transmission model to strictly avoid the
redundant delay calculation observed in prior works. Let
binary decision variable xi,s ∈ {0, 1} indicate whether service
stage i is assigned to edge node s. The communication latency
for stage i, denoted as T (i)

comm, is defined specifically as the
time required to transmit the output data of the predecessor
stage i− 1 from its host node to the node assigned for stage
i. Mathematically, this is expressed as:

T (i)
comm =

∑
s∈S

∑
s′∈S

xi−1,s · xi,s′ ·
D

(i−1)
out

Rs,s′
, ∀i ∈ {2, . . ., I},

(1)
where D(i−1)

out represents the output data size of the previous
stage, and Rs,s′ denotes the effective average data transmission
rate between node s and node s′. We consider two special
boundary cases:

Initial upload (i = 1): T (1)
comm represents the transmission

latency for uploading the user’s initial request data, e.g.,
prompt text or reference image, to the first edge node.
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TABLE II
SUMMARY OF KEY NOTATIONS

Co-location (s = s′): If consecutive microservices are
orchestrated on the same edge node, the data transfer occurs
via intra-node memory copy, e.g., GPU VRAM copy. Since
this speed is orders of magnitude faster than network trans-
mission, we assume T (i)

comm ≈ 0 in such cases.
This model simplifies the physical layer complexities, e.g.,

channel fading, into an effective bandwidth abstraction Rs,s′ ,
allowing the orchestration framework to focus on logical data
flow optimization.

C. Profiling-Based Computation Model With Uncertainty

Unlike traditional web services often modeled by M/M/1
queuing theory [21], the inference latency of GenAI services
is computationally intensive and highly dependent on input
characteristics, rather than following simple exponential dis-
tributions. To capture this reality, we propose a Data-Driven
Computation Model grounded in offline profiling.

Let binary decision variable yi,m ∈ {0, 1} indicate whether
microservice stage i utilizes GenAI model m. We model the
computation latency T (i)

comp as a composite of a deterministic
baseline and a stochastic runtime variance.

1) Deterministic Baseline: First, the baseline inference time
is determined by the specific complexity of model m and the
input workload size D(i)

in (where D(i)
in = D

(i−1)
out ). We define

a profiling function Fm(·) derived from offline benchmarks:

T
(i,m)
base = Fm(D

(i)
in ), (2)

where Fm captures the heterogeneous characteristics of dif-
ferent GenAI tasks. For example, for LLMs, Fm is typically
linear regarding the number of input tokens and generated
tokens; for diffusion models, it correlates with image reso-
lution and denoising steps.

2) Stochastic Runtime Uncertainty: In real-world dis-
tributed edge environments, inference performance is subject
to significant fluctuations due to background process inter-
ference, thermal throttling, and resource contention [8]. To

address the reviewer’s concern regarding “runtime spikes,” we
explicitly model this service uncertainty:

T (i)
comp =

∑
s∈S

∑
m∈M

xi,s · yi,m ·
[
T

(i,m)
base · (1 + δs,t)

]
, (3)

where δs,t ≥ 0 represents the runtime noise factor on node s
at the current scheduling time step t. This factor is modeled
as a time-variant stochastic variable to simulate sudden spikes
in GPU usage.

The introduction of δs,t transforms the scheduling problem
from a deterministic optimization into a stochastic decision
process, necessitating the uncertainty-quantification mecha-
nism in our proposed VAMAPPO algorithm.

3) Total Response Latency: Finally, the total response
latency for stage i, denoted as Ti, is the sum of the data arrival
time and the service execution time:

Ti = T (i)
comm + T (i)

comp, (4)

note that T
(i)
comm accounts for the data transfer from the

previous stage, ensuring a logical sequential execution flow.

D. Service Capability Profiling and Registration

To enable intelligent model selection without incurring pro-
hibitive runtime overhead, we decouple the quality evaluation
from the online scheduling process. We propose a two-phase
mechanism: offline profiling and online registration.

1) Offline Capability Benchmarking: Upon service
onboarding, each GenAI model m ∈M undergoes a rigorous
evaluation using standardized datasets to derive a unified
quality score Qm ∈ [0, 1]. We employ specialized metrics
tailored for different service modalities:

Text-to-Text services: We adopt the Bradley-Terry (BT)
model to estimate the intrinsic strength of LLMs [22] based on
pairwise preference data. As utilized in Chatbot Arena [23],
the win probability between model mi and mj is modeled as
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P (mi � mj) = eξi

eξi+eξj
, where ξ is the capability coefficient

fitted via maximum likelihood estimation.
Text-to-Image services: We utilize vision-language models,

e.g., MiniGPT-4, as automated evaluators to assess generated
images across three dimensions: fidelity, text-image alignment,
and aesthetics [24].

Image-to-Video services: We employ physics-aware metrics,
using SSIM for frame fidelity and RAFT optical flow algo-
rithms to quantify motion smoothness and consistency [25].

The raw metrics from these evaluations are normalized to
the unit interval [0, 1] to ensure comparability across hetero-
geneous tasks.

2) QoS Registry and O(1) Lookup: The computed scores
are stored in a lightweight QoS registry table replicated
across edge nodes. Let Qm denote the registered quality
score of model m. During the online orchestration phase, the
VAMAPPO agent retrieves Qm directly from the local registry
when evaluating action probabilities.

This design reduces the evaluation complexity to O(1),
effectively addressing the potential bottleneck of evaluating
complex generative models in real-time. Consequently, the
orchestration latency depends solely on the inference table
lookup, independent of the complexity of the underlying
GenAI models.

E. SLA-Based QoS Utility Formulation

To quantify the trade-off between inference quality and
response timeliness, we model the system objective using
utility theory.

1) Quality Utility: The inference quality of a microservice
stage is determined by the capability of the selected GenAI
model. Leveraging the offline QoS registry, the quality utility
for stage i, denoted as U (i)

qual, is defined as the normalized
score of the deployed model:

U
(i)
qual =

∑
s∈S

∑
m∈M

xi,s · yi,m ·Qm, (5)

where Qm ∈ [0, 1] is the registered capability score.
2) Latency Utility and End-to-End SLA: While the ultimate

user experience depends on the end-to-end latency Te2e =∑
i∈I Ti, optimizing a sparse terminal reward in multi-agent

reinforcement learning often leads to slow convergence. To
facilitate stable distributed learning, we decompose the global
SLA requirement into stage-wise soft deadlines T (i)

max. The
latency utility for stage i is defined as a sigmoid function:

U
(i)
lat =

1

1 + exp
(
κ · (Ti − T (i)

max)
) , (6)

where Ti is the stage response latency derived in Eq. (4),
and κ > 0 controls the penalty steepness. Maximizing the
cumulative stage-wise utility aligns with satisfying the global
SLA, while providing dense reward signals for the agents.

3) Composite Service Utility: The comprehensive QoS util-
ity for stage i is formulated as the weighted sum of quality
and latency utilities:

U (i)
total = ω · U (i)

qual + (1− ω) · U (i)
lat, (7)

where ω ∈ [0, 1] is a preference parameter. This utility function
serves as the reward ri in the VAMAPPO formulation.

F. Problem Formulation

Based on the defined models, we formulate the QoS-aware
GenAIaaS orchestration problem. Our objective is to find the
optimal service composition policy {X,Y} that maximizes
the cumulative service utility across the entire microservice
chain, subject to resource and deployment constraints.

The optimization problem is formulated as follows:

P1 : max
X,Y

∑
i∈I

Eδ
[
U (i)
total

]
(8a)

s.t.
∑
s∈S

xi,s = 1,
∑
m∈M

yi,m = 1, ∀i ∈ I, (8b)

xi,s · yi,m ≤ I(m ∈Ms), ∀i, s,m, (8c)
xi−1,s · xi,s′ ≤ I((s, s′) ∈ E), ∀i, s, s′, (8d)∑
i∈Iactive

xi,s · Rreq(m) ≤ Ccap(s), ∀s ∈ S,

(8e)
xi,s, yi,m ∈ {0, 1}, ∀i, s,m. (8f)

1) Constraint Analysis: The constraints defined above
enforce the physical and logical feasibility of the orches-
tration plan. Specifically, (8b) enforces assignment atomicity
by mapping each microservice stage to exactly one edge
node and one specific GenAI model instance. (8c) dictates
service availability, restricting task dispatch to nodes where the
required service m is explicitly active in the local capability
set Ms. (8d) guarantees topological connectivity, requiring
valid communication links in graph G whenever consecutive
stages are assigned to different nodes. (8e) imposes resource
capacity limits, ensuring that the aggregate demand of active
microservices on node s does not exceed its physical threshold
Ccap(s). (8f) restricts the decision variables to binary values,
characterizing the discrete nature of the selection problem.

2) Complexity and Solution Strategy: Problem P1 con-
stitutes a stochastic combinatorial optimization problem that
generalizes the NP-hard multidimensional knapsack problem
(MKP). The computational intractability stems from two pri-
mary challenges. First, the system suffers from combinatorial
explosion, where the search space expands exponentially with
the number of service nodes and model variants (O(SI ·M I)).
Second, (8a) incorporates inherent stochasticity through the
expectation Eδ over the runtime uncertainty factor δs,t (as
defined in Eq. (3)). Consequently, traditional static solvers,
e.g., mixed-integer linear programming (MILP), are ill-suited
to adapt to these dynamic environmental spikes. To address
these limitations, we transform P1 into a decentralized Net-
worked MDP and propose the VAMAPPO algorithm to learn
a value-adaptive policy robust to system stochasticity.

IV. VALUE-ADAPTIVE MULTI-AGENT PROXIMAL
POLICY OPTIMIZATION

To effectively tackle the stochastic combinatorial nature of
Problem P1, we propose the VAMAPPO framework. Unlike
traditional heuristic scheduling, VAMAPPO transforms the
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Fig. 2. The schematic workflow of the proposed VAMAPPO framework.

static orchestration problem into a dynamic networked MDP.
Central to this framework is the value-adaptive mechanism,
which fundamentally shifts the learning paradigm from static
updates to uncertainty-aware modulation. This mechanism
empowers agents to autonomously gauge the “value” of cur-
rent experiences—dynamically amplifying learning intensity
for high-confidence, high-advantage transitions while damp-
ening updates during stochastic latency spikes to prevent
overfitting to noise. By integrating this adaptive capabil-
ity, VAMAPPO enables decentralized agents to learn robust
orchestration policies that maximize long-term service utility.
As illustrated in Fig. 2, the VAMAPPO framework operates
as a hierarchical closed-loop system.

A. MDP Formulation for Service Orchestration

We decompose the global microservice chain orchestra-
tion into decentralized sequential decision-making tasks. Each
microservice stage i ∈ I is managed by an orchestration agent
ai. The MDP tuple 〈S,A,R,P, γ〉 is defined as follows:

1) State Space Mapping: The state sat for agent a (respon-
sible for stage i) at time step t encapsulates local service
requirements and global environmental awareness. To support
value-adaptive learning, we design a composite state vector:

sat = {oareq,otnet,otprev}, (9)

where oareq = {D(i)
in , T

(i)
max,Mreq} characterizes the current

microservice request, including input tensor size D
(i)
in , SLA

soft deadline T (i)
max, and the set of compatible GenAI models

Mreq . otnet = {Ms, Qm, R̂s,s′}∀s,m represents the system
observability, containing the service capability SetMs of each
edge node, the quality scores Qm retrieved from the offline
registry, and the estimated link bandwidth R̂s,s′ . Finally,
otprev = {xi−1,s′} denotes the decision of the predecessor
agent, which is critical for calculating communication latency
T

(i)
comm. This design ensures agents have sufficient information

to trade off between communication overhead otprev and
inference quality Qm.

2) Action Space Transformation: The continuous decision
variables in P1 are mapped to a parameterized policy output.
The action space Aa is defined as a joint distribution over

edge nodes and service instances:

Aa =

{
(anode,aserv) |

∑
s∈S

asnode = 1,
∑
m∈M

amserv = 1

}
,

(10)
where anode and aserv correspond to the probability distribu-
tions for variables X and Y, respectively.

To guarantee valid orchestration, we enforce action mask-
ing: probabilities are set to zero if service m is not deployed
on node s or if node s is unreachable from the predecessor.

3) SLA-Aware Reward Function: The reward function
drives the agent to optimize the composite utility defined in
Eq. (7). Unlike prior works using heuristic metrics, we align
the reward strictly with the SLA Utility:

rat = U (i)
total −

∑
k

ηk · Pk, (11)

where U (i)
total is the weighted sum of quality and sigmoid-based

latency utility. Pk represents penalty terms for soft constraint
violations (e.g., extreme load imbalance), and ηk is the penalty
coefficient. Crucially, the latency utility U (i)

lat in U (i)
total provides

a dense, differentiable signal that naturally penalizes SLA
violations, e.g., Ti > T

(i)
max, without requiring hard clipping,

facilitating stable gradient descent.

B. Coordinated Advantage Function for Microservice Chains

In decentralized orchestration for interdependent microser-
vice chains, standard independent advantage estimation fails
to capture complex inter-agent dependencies. A latency spike
in an upstream service, e.g., prompt engineering, can cascade,
causing SLA violations in downstream services, e.g., image
generation, even if downstream agents act optimally locally.
This leads to the severe credit assignment problem, where
agents cannot distinguish their actual contribution to the global
service utility.

To address this, we propose the coordinated advantage func-
tion (CAF). Unlike traditional approaches, CAF incorporates a
“social influence” term derived from counterfactual reasoning.
Formally, the coordinated advantage for agent a at time t is
defined as:

Aacoord(st,at) = (1− λ)Aalocal(st, a
a
t )

+ λ
∑

b∈Nout(a)

ωa→bA
a→b
inf (st,at), (12)
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Algorithm 1 Calculation of Coordinated Advantage Function
(CAF)
Require: Current state st, joint action at, agent index a
Require: Local rewards rat:T , Centralized Critic Qb for suc-

cessor b
1: Hyperparameters: Coordination factor λ, GAE parame-

ter λGAE , Discount γ
2: Compute TD errors: δak = rak +γVφa(sak+1)−Vφa(sak) for
k ∈ [t, T ]

3: Estimate local advantage: Aalocal(st, a
a
t ) =∑T−t−1

l=0 (γλGAE)lδat+l
4: Identify successor agents Nout(a) in the microservice

chain
5: for each successor b ∈ Nout(a) do
6: Get structural weight ωa→b based on chain dependency
7: Counterfactual Reasoning:
8: Sample baseline action: āat ∼ Eā∼πa [ā|sat ]
9: Estimate influence using Centralized Critic Qb:

10: Aa→binf = Qb(st, a
a
t ,a
−a
t )− Eā[Qb(st, ā,a

−a
t )]

11: end for
12: Aacoord = (1− λ)Aalocal + λ

∑
b∈Nout(a) ωa→bA

a→b
inf

13: Return: Coordinated advantage estimate Aacoord

where Aalocal(st, a
a
t ) is the standard generalized advantage

estimation (GAE) based on agent a’s own SLA utility reward
rat , Nout(a) denotes the set of immediate successor agents
in the microservice chain I, λ ∈ [0, 1] is the coordina-
tion factor controlling the balance between self-interest and
social welfare. Crucially, ωa→b denotes the dynamic structural

weight defined as ωa→b = tanh

(
D

(a)
out

R̂sa,sb τ

)
, where D

(a)
out

represents the transmission data size, R̂sa,sb is the real-time
link bandwidth, and τ is a time normalization constant. The
pseudo-code is provided in Alg. 1.

C. Distributed Implementation and Stability Mechanisms

To deploy VAMAPPO in bandwidth-constrained edge net-
works, we address two practical challenges: communication
overhead during gradient synchronization and training insta-
bility caused by latency stochasticity.

1) Counterfactual Influence Estimation: The innovation
lies in the influence term Aa→binf , which measures the marginal
contribution of agent a’s action aat to agent b’s cumulative
reward. We quantify this using a counterfactual baseline:

Aa→binf (st,at) = Qb(st, a
a
t ,a
−a
t )︸ ︷︷ ︸

Actual Value

−Eā∼πa
[
Qb(st, ā,a

−a
t )
]︸ ︷︷ ︸

Counterfactual Baseline

,

(13)
where Qb is the centralized critic evaluating agent b’s long-
term utility. The first term represents the estimated value for
agent b given agent a’s actual action, while the second term
estimates the expected value if agent a had acted according to
its average policy, keeping other agents’ actions a−at fixed.

In our implementation, the counterfactual baseline
Eā∼πa [Qb(st, ā,a

−a
t )] is estimated using a single-sample

approximation by directly feeding the mean action of the
current policy āat = E[πa(·|sat )] into the centralized critic.

This serves as a powerful variance reduction technique by
isolating the marginal contribution from the global joint action
space. Notably, we do not maintain separate, standalone critic
networks for Qb. Instead, VAMAPPO reuses the successor
agent b’s existing critic network Vφb , approximating the value
via the TD target Qb ≈ rbt + γVφb(s

b
t+1). Consequently,

CAF introduces zero additional network parameters or
memory footprint, adding only one critic forward pass per
successor.

By comparing the actual outcome against this counterfactual
baseline, CAF effectively isolates agent a’s specific impact on
downstream performance, enabling precise credit assignment
even under stochastic latency spikes. The computed Aacoord is
subsequently used to calculate the policy enhancement weight
wat in the value-adaptive update phase.

D. Value-Adaptive Policy Network Design

To capture the stochasticity of GenAI inference latency and
enable robust decision-making, we redesign the traditional
actor-critic architecture using a Bayesian [26] perspective.

1) Uncertainty-Aware Network Architecture: We employ a
specialized neural architecture capable of processing the het-
erogeneous state information defined in the previous section.

Input embedding: The composite state sat is split into
service requirements oreq and network status onet. These are
projected into high-dimensional embeddings.

Attention-based encoder: To capture the complex dependen-
cies between the microservice chain and the topology graph,
we utilize a multi-head attention mechanism. It computes
the relevance between the current service request and the
capabilities of distributed edge nodes, effectively filtering out
irrelevant nodes, e.g., those lacking the required GenAI model.

Stochastic parameterization: To accommodate the stringent
computational and memory constraints of edge environments,
we implement approximate variational inference via Monte
Carlo (MC) Dropout, which avoids the parameter doubling
required by explicit Bayesian formulations. We impose an
isotropic Gaussian prior p(θ) = N (0, λ−1I) on the network
weights. Specifically, stochastic parameterization is restricted
to the uncertainty estimation branch corresponding to the
Critic’s value output. We apply a hierarchical decaying
dropout structure (p = 0.4 → 0.3 → 0.2 → 0.1) to capture
multi-scale epistemic uncertainty, while shared feature extrac-
tors utilize a standard dropout (p = 0.1) for regularization.
The reparameterization trick is inherently realized as Wl =
Ml ·diag(zl), where the dropout mask zl,j ∼ Bernoulli(1−pl)
acts as the injected noise ε, and Ml is the deterministic
weight representing the variational mean µ. This formulation
guarantees that the loss remains differentiable with respect to
Ml.

2) Adaptive Update Mechanism: Standard PPO updates
often fail in dynamic edge environments because they assume
a stationary transition capability. To address this, we propose
a value-adaptive update rule that dynamically calibrates the
learning step based on three defined real-time metrics:

Decision Uncertainty (Uat ): Quantified via T = 3 stochastic
MC forward passes. It is computed as the sum of the mean
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softplus outputs and half of the predictive variance, i.e.,

Uat =
1

T

T∑
τ=1

f(sat ; θ̂τ ) +
1

2
Var
[
{f(sat ; θ̂τ )}Tτ=1

]
+ ηmin(k),

(14)
where ηmin(k) is a progressively annealed lower bound to
prevent premature convergence.

Environmental Volatility (∆a
t ): Computed as the Euclidean

distance ||sat −sat−1||2 in the state embedding space (the output
of the shared feature layer), effectively capturing semantic
shifts in network load rather than raw observation noise.

Inter-Agent Consistency (Cat ): Defined as the cosine sim-
ilarity between the compressed gradients of adjacent agents,
i.e., cos(g̃a, g̃b). In our asynchronous parameter-server setup,
Cat calculation piggybacks directly on synchronized gradients,
introducing zero extra communication steps.

These metrics are fused into a dynamic adaptive factor
αat ∈ (0, 1]:

αat = σ(β1U
a
t + β2∆a

t + β3C
a
t ), (15)

where σ(·) is the sigmoid function and β are learnable
coefficients.

Furthermore, to prioritize high-value experiences in the
replay buffer, we introduce a enhancement weight wat . It scales
the gradient magnitude based on the coordinated advantage:

wat = exp

(
γ · |Aacoord|

τ

)
, (16)

where τ is a temperature parameter controlling the sensitivity
to advantage values.

3) Modified PPO Loss: Integrating the adaptive mecha-
nisms, the final loss function for agent a becomes:

La(θ) = Et
[
αatw

a
t LCLIPt (θ)− c1LV Ft (φ)

+ c2S[πθ]− λKLDKL
]
, (17)

where LCLIP is the standard PPO clipped objective, LV F
is the value function error, S is entropy, and DKL is the
KL divergence term required for variational inference regu-
larization. The adaptive factor αat acts as a gate, dampening
updates during periods of high uncertainty or volatility to
prevent catastrophic forgetting, while wat accelerates learning
from high-quality transitions.

4) On-Policy Rollout Buffer and Priority Sampling:
We emphasize that VAMAPPO adheres to PPO’s on-policy
paradigm. The experience buffer, denoted as D(πk), functions
exclusively as a temporary on-policy rollout buffer. During
each iteration, agents collect a trajectory batch using the cur-
rent policy πθold . Upon the completion of the gradient updates,
D(πk) is entirely flushed; no historical data persists. Fur-
thermore, the proposed priority sampling mechanism operates
strictly within this current on-policy minibatch. Transitions are
sampled non-uniformly with a probability proportional to the
policy enhancement weight wat = exp(γ ·|Aacoord|/τ). Because
the behavioral policy and the target policy are identical during
sample collection, no off-policy bias is introduced, rendering
offline corrections unnecessary.

Algorithm 2 Value-Adaptive Bayesian Policy Update
Require: Batch B sampled from D via priority sampling
Require: Current VI parameters (µa, σa) and critic parameters

φa

Require: Coordinated Advantage estimates Aacoord (from Alg.
1)

1: Hyperparameters: Learning rates ηµ, ησ, ηφ; Coeffi-
cients β, γ, τ, c1, c2, λKL

2: for epoch e = 1, . . ., Eppo do
3: for minibatch M⊂ B do
4: Calculate Decision Uncertainty Uat from variance
σa

5: Measure Environmental Volatility ∆a
t = ||st −

st−1||2
6: Assess Inter-Agent Consistency Cat via gradient

similarity
7: Adaptive Factor: αat ← σ(β1U

a
t + β2∆a

t + β3C
a
t )

8: Enhancement Weight: wat ← exp(γ · |Aacoord|/τ)
9: Compute components: PPO objective LCLIP , Value

loss LV F , Entropy S, KL divergence DKL
10: Formulate composite Bayesian loss:
11: Latotal = EM[αatw

a
t LCLIP − c1LV F + c2S −

λKLDKL]
12: Update parameters via gradient descent on Latotal:
13: (µa, σa)← Optimizer(∇µ,σLatotal)
14: φa ← Optimizer(∇φLatotal)
15: end for
16: end for
17: Return: Updated parameters (µa, σa), φa

5) Communication-Efficient Synchronization: We adopt an
asynchronous parameter server [27] architecture. To minimize
the data transfer of high-dimensional gradients, we implement
Top-k gradient compression. Instead of transmitting the full
gradient vector g, each agent only uploads the top k% elements
with the largest absolute magnitudes. The sparse gradient g̃ is
defined as:

g̃ = TopK(g, ρ∗ · |g|), (18)

where ρ∗ ∈ (0, 1] is the compression ratio. The parameter
server aggregates these sparse updates and broadcasts the
global gradient, ensuring synchronization efficiency without
significant accuracy loss.

6) Adaptive PPO Clipping: In standard PPO, a fixed clip-
ping parameter ε restricts the policy update step. However,
in our stochastic GenAIaaS environment, fixed clipping can
be either too conservative or too aggressive. We propose an
adaptive clipping mechanism that modulates εt based on the
variance of historical updates:

εt = εmin + (εmax − εmin) · exp (−η · Var(∆θt−w:t)) , (19)

where Var(∆θt−w:t) measures the stability of policy updates
over a sliding window w. When the policy oscillates (high
variance), εt tightens to ensure safety; when stable, it relaxes
to accelerate learning. The pseudo-code is provided in Alg. 2.
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E. Online Execution Workflow and Deployment Assumptions

To bridge the gap between the theoretical MARL formu-
lation and physical system deployment, VAMAPPO operates
on a per-stage” logical binding rather than a per-node” basis.
Each microservice stage i ∈ I is managed by a corresponding
orchestration agent ai. Physically, these agents are instantiated
as lightweight daemons co-located with the edge network
controllers. This design ensures that scalability is strictly
bounded by the microservice chain depth |I| rather than the
physical edge node count |S|.

The online execution forms a closed-loop control cycle:
(i) the agent observes the state and estimates Bayesian epis-
temic uncertainty; (ii) the CAF computes the coordinated
advantage; (iii) the policy selects the target edge node and
model; and (iv) the action is enforced on the microservice
instance, followed by reward collection. During the online
inference phase, agents execute a single forward pass per
microservice request stage.

F. Convergence and Complexity Analysis

In this subsection, we provide a analysis of the convergence
properties of VAMAPPO and evaluate its computational com-
plexity in the context of edge service orchestration.

1) Theoretical Convergence: Standard PPO is known to
maximize a surrogate objective function subject to a trust
region constraint. We analyze how the introduction of the
value-adaptive mechanism affects this property.

Theorem 1 (Convergence to Stationary Point): Under
standard assumptions (Lipshitz continuity of the policy
and bounded variance of advantage estimates) [28], the
VAMAPPO algorithm with adaptive modulation factor αat and
coordinated advantage Aacoord converges to a stationary point
of the expected service utility function J(π), provided that the
adaptive factor is strictly bounded (0 < εα ≤ αat ≤ 1) and the
coordination weight λ ensures bounded advantage variance.

Proof: We rely on the monotonic improvement property of
trust region methods. The standard PPO lower bound on policy
improvement depends on the expected advantage and the KL
divergence penalty. In VAMAPPO, the parameter update direc-
tion is scaled by the factor αat ·wat . Since αat is generated by a
sigmoid function, it acts as a dynamic learning rate scheduler
constrained within (0, 1). When epistemic uncertainty is high,
αat decreases, implicitly tightening the trust region to prevent
destructive updates that would violate the KL constraint.
Furthermore, the coordinated advantage Aacoord modifies the
variance of the gradient estimator without introducing bias
to the local expectation, provided the counterfactual baseline
is unbiased. Consequently, the sequence of value-adaptive
updates generates a monotonically non-decreasing sequence
of lower bounds on the objective function J(π), ensuring
asymptotic convergence to a stationary point. �

2) Computational Complexity: We analyze the runtime
efficiency of VAMAPPO compared to traditional optimiza-
tion methods. The per-step decision complexity is primarily
dominated by the actor network execution. Specifically,
the multi-head attention mechanism over S edge nodes
scales quadratically O(S2) (or linearly O(S) with sparse

implementations). Crucially, thanks to the proposed offline
QoS registry, fetching quality scores Qm is reduced to a
constant-time O(1) lookup operation, successfully avoiding
the prohibitive cost of runtime model evaluation. Regarding
inter-agent coordination, calculating the CAF requires query-
ing the centralized critic for immediate successors. Since the
microservice chain depth I is typically limited, this coordina-
tion overhead remains linear O(|Nout|). In stark contrast to
global combinatorial solvers, e.g., MILP, which suffer from
exponential complexity O(SI · M I), VAMAPPO maintains
polynomial time complexity, thereby ensuring scalability for
real-time orchestration in dense edge networks.

V. EXPERIMENTAL ANALYSIS

A. Experimental Setup

1) Trace-Driven Evaluation Environment: We establish a
high-fidelity trace-driven evaluation platform based on Gym-
nasium [29]. By integrating real-world network topologies
with industrial workload traces, this platform captures the
stochastic resource demands of GenAI microservices, with
state spaces mapped directly to the MDP formulation. The
experiments are executed on a computing cluster equipped
with four NVIDIA RTX 3090 GPUs. The implementation is
managed via Anaconda, utilizing PyTorch with CUDA accel-
eration for deep reinforcement learning. Standard libraries,
including NumPy, Pandas, and Matplotlib, are employed for
numerical computation, data processing, and visualization.

2) Dataset and Workload Description: To comprehen-
sively evaluate VAMAPPO, we construct a realistic evaluation
benchmark by integrating real-world network topologies with
industrial workload traces.

On GPU-accelerated edge nodes, single-stage inference
for these architectures typically ranges from 50 to 300 ms.
For communication delay, intermediate tensors (0.1–10 MB)
transmitted over edge links up to 1 Gbps yield delays in the
tens of milliseconds.

Physical network topology: We utilize the Spatio-Temporal
Edge Computing Dataset [30] to model the underlying infras-
tructure. We selected four representative topologies with
distinct scales and geographical characteristics:
• S1 (Switzerland): A regional edge network comprising

25 heterogeneous service nodes (avg. capacity 34.6) with
sparse connectivity (degree 3.2), representing a small-
scale deployment.

• S2 (UK): A national-scale network with 51 nodes, char-
acterized by medium density and moderate resource
heterogeneity.

• S3 (Germany): A large-scale complex environment with
101 nodes, serving as the primary testbed for scalability
and stability analysis.

• S4 (Milan): A dense urban edge network (31 nodes),
reserved exclusively for zero-shot generalization testing
to evaluate cross-environment adaptability.

Trace-driven workload generation: To capture the stochastic
nature of GenAIaaS traffic, we move beyond synthetic poisson
distributions. We derive service request patterns from the
Alibaba cluster trace [31], preserving real-world characteristics
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TABLE III
HYPERPARAMETER SETTINGS FOR VAMAPPO AGENTS

such as bursty arrival spikes and diurnal load variations.
Specifically, we extracted trace segments to form training
sets (1,000 requests) and testing sets (200 requests) for each
topology. Each request is instantiated as a 5-stage microservice
chain, e.g., Prompt → LLM → Refine → ImgGen → Output.
Crucially, the inference latency for each stage is not random
but determined by our offline profiling of real models, super-
imposed with a stochastic noise factor δs,t to simulate runtime
resource contention.

3) Experimental Configuration and Hyperparameters: The
training process is executed over 1,000,000 time steps. We
adopt a strict Train-Test Split strategy: the first 80% of the
trace duration is used for training, while the remaining 20%
is reserved for evaluation. The VAMAPPO agents are imple-
mented with the hyperparameters detailed in Tab. III. These
values were rigorously determined via a coarse-to-fine grid
search strategy to ensure optimal performance. Specifically, the
learning rate was empirically set to 3× 10−4 after evaluating
the range [10−5, 10−3]; this value was found to offer the best
trade-off between convergence speed and training stability
in our stochastic edge environment. Similarly, the PPO clip
range and entropy coefficients were tuned to prevent premature
convergence while maintaining sufficient exploration.

4) Baselines: To validate the superiority of the proposed
framework, we compare VAMAPPO against four representa-
tive algorithms, covering state-of-the-art DRL, optimization-
based, and heuristic approaches:

• MAPPO: [14] A state-of-the-art multi-agent PPO algo-
rithm originally designed for communication-dependent
task orchestration. We adapt it to the GenAIaaS context as
the primary DRL baseline. It shares the centralized train-
ing, decentralized execution (CTDE) architecture with
our method but relies on standard advantage estimation,
lacking the value-adaptive mechanism to handle inference
latency stochasticity.

• METAPPO: [15] An advanced optimization-based
method originally proposed for edge AR rendering. It
features a task migration mechanism to dynamically
release resources. We include it as a representative
dynamic scheduling baseline to evaluate whether
traditional resource-aware migration strategies can
cope with the bursty computation patterns of GenAI
microservices.

• Greedy: [32] A heuristic strategy that adopts a myopic
optimization approach. For each microservice stage, it
selects the edge node with the highest immediate resource
availability, e.g., maximum available VRAM, to minimize
local latency, disregarding global chain dependencies and
future load spikes.

• Random: [33] A lower-bound baseline that assigns
microservices to available edge nodes uniformly at
random. This serves to benchmark the fundamental com-
plexity of the orchestration problem and quantify the gain
of intelligent decision-making.

5) Ablation Study Design: To rigorously quantify the con-
tribution of each algorithmic component to the orchestration
robustness, we designed an ablation study with five configura-
tions. All variants were trained and evaluated in the standard
S2 environment:

• Full VAMAPPO: The complete framework integrating the
Bayesian policy network, multi-Head attention encoder,
and CAF. It utilizes both the adaptive modulation factor
αat and enhancement weight wat .

• w/o Attention: Replaces the multi-head attention mech-
anism with standard fully connected layers for state
encoding. This variant tests the importance of captur-
ing topological dependencies between service nodes and
microservice requirements.

• w/o Enhancement: Disables the policy enhancement
weight mechanism (setting wat = 1). This variant evalu-
ates the impact of prioritizing high-advantage transitions
derived from the CAF.

• w/o Uncertainty: Replaces the Bayesian policy net-
work with a standard deterministic actor network.
This eliminates the variational inference mechanism
and the adaptive factor (αat ), testing the system’s
resilience to stochastic latency spikes without uncertainty
quantification.

• Minimal Model: A vanilla Multi-Agent PPO implemen-
tation that simultaneously removes the attention encoder,
uncertainty-aware adaptation, and coordination mecha-
nisms, serving as a baseline for fundamental complexity.

Each configuration was evaluated over 100 independent test
episodes using identical Alibaba trace segments to ensure
statistical rigor and comparability.

6) Performance Metrics: To rigorously evaluate the GenA-
IaaS orchestration performance, we employ the following key
metrics. Note: In our experimental figures, we utilize standard
RL terminology to denote these service-oriented metrics:

• Average service utility: The cumulative composite utility
Utotal obtained by the agent per episode. Since this
utility constitutes the immediate optimization objective.
Higher utility indicates a better trade-off between infer-
ence fidelity and SLA compliance.

• SLA satisfaction rate: The percentage of microservice
requests successfully completed within the soft deadline
Tmax. This metric reflects the reliability of the orches-
tration framework in meeting strict QoS guarantees.

Authorized licensed use limited to: TIANJIN UNIVERSITY. Downloaded on May 30,2026 at 07:56:52 UTC from IEEE Xplore.  Restrictions apply. 



GAO et al.: COGNITIVE GenAIaaS ORCHESTRATION IN EDGE NETWORKS 8425

Fig. 3. Convergence of average service utility across three network topologies
(S1, S2, S3) over 1M training steps.

• Response latency: The end-to-end delay encompass-
ing both computation and communication across the
microservice chain.

• Communication overhead: The total time consumed by
intermediate tensor transmission between distributed edge
nodes. This captures the efficiency of the topological
routing strategy.

• Node resource usage diversity: Quantified by the coef-
ficient of variation of edge node usage frequency. This
metric evaluates the load balancing characteristics: a
lower value implies a more balanced distribution, while
a higher value suggests resource concentration.

• Loss & learning rate: We monitor the actor and
critic losses to verify policy convergence. Additionally,
the adaptive learning rate trajectory reflects how the
VAMAPPO agent modulates step sizes (αat ) in response
to environmental volatility and epistemic uncertainty.

B. Basic Performance Evaluation

1) Training Phase Convergence Analysis: We evaluated
the training dynamics of the VAMAPPO framework across
three representative network topologies. Fig. 3 illustrates the
convergence of the average service utility over 1 million
timesteps. The results exhibit characteristic reinforcement
learning behavior, featuring rapid initial improvement followed
by gradual stabilization. Specifically, in the S1 topology (25
nodes), the framework achieved a 163% performance gain,
rising from an initial utility of 2.32 to a final stable value of
6.10. The S2 topology (51 nodes) attained the highest conver-
gence value of 6.34, representing a 3.9% improvement over
S1, which highlights the orchestration advantages inherent in
its network structure. Although the S3 topology (101 nodes)
converged to a slightly lower utility of 5.76, it demonstrated
minimal fluctuation during the late training phase, indicating
superior stability in learning complex orchestration policies
under stochastic trace-driven workloads.

Fig. 4 presents a comparative analysis of the Actor network
loss, revealing effective policy optimization. The S2 network
achieved the most efficient policy learning, with the Actor
loss converging to 0.022, while S1 and S3 stabilized at
0.023 and 0.024, respectively. Similarly, Fig. 5 illustrates the
Critic loss comparison, where all three topologies converged
to approximately 0.020, indicating consistent value function
approximation. Notably, the S3 network exhibited the fastest

Fig. 4. Comparison of actor network loss across topologies.

Fig. 5. Comparison of critic network loss across topologies.

Fig. 6. Evolution of adaptive learning rate schedules during the training
process.

convergence rate and smoothest descent curves, reflecting
the scalability of our VAMAPPO algorithm in large-scale
heterogeneous resource environments.

Fig. 6 depicts the adaptive learning rate adjustment process.
The results indicate that all networks employed similar decay
strategies: maintaining higher learning rates during early train-
ing to accelerate exploration, then gradually reducing them to
ensure stability. The S3 network demonstrated the smoothest
adjustment curve, avoiding drastic fluctuations. This validates
that the adaptive factor αat effectively modulates learning
steps in response to the environmental volatility introduced
by the trace data, preventing policy collapse in complex
environments. While S1 and S2 exhibited similar patterns, S2
showed more responsive adjustments during the intermediate
phase, adapting to its specific topological complexity.

2) Inference Phase Performance Evaluation: Fig. 7 illus-
trates the distribution of inference service utilities across 200
test episodes using trace-driven workloads. The results clearly
demonstrate that the S3 network achieved the highest average
utility of 32.64 with the smallest standard deviation, exhibiting
a highly concentrated normal distribution that reflects excep-
tional QoS consistency. The S2 network attained an average
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Fig. 7. Statistical distribution of inference service utilities across 200 test
episodes for three network topologies.

TABLE IV

PERFORMANCE COMPARISON UNDER REAL-WORLD TOPOLOGIES

utility of 32.48, marginally higher than S1’s 32.22. Signif-
icantly, the S3 network exhibited the smallest interquartile
range and fewest outliers, further confirming its robustness
in handling runtime latency spikes.

Fig. 8 presents the communication efficiency characteristics
by analyzing the relationship between communication over-
head and achieved utilities. Fig. 8a shows that the S1 network
exhibits a strong negative correlation between overhead and
utility. Fig. 8b demonstrates that the S2 network shows rel-
ative advantages in communication efficiency with a 7.1%
improvement, reflecting structural benefits in distributed data
transmission. Fig. 8c illustrates the characteristics of the S3
network, positioning it between S1 and S2.

3) Comprehensive Performance Summary: Tab. IV sum-
marizes the comparison results. Regarding reliability, the S3
network (101 nodes) achieved a perfect 100% SLA satisfaction
rate, significantly outperforming the S1 network (98%) and
S2 network (97.5%). For average service utility, performance
improved with network scale: S3 led with 32.64, followed
by S2 at 32.48 and S1 at 32.22. Standard deviation analysis
reveals that S3 achieved the minimum value of 1.21, indicating
optimal performance consistency.

Communication overhead analysis reveals the impact of
network topology on distributed communication efficiency.
The S2 network demonstrated the best efficiency with the
lowest overhead of 1.31 seconds. Notably, considering the S3
network’s 100% SLA satisfaction, its communication overhead
represents significant cost-effectiveness advantages. Regarding
resource utilization, as network scale increased, the relative
proportion of active nodes decreased (S3: 31%), indicating
efficient resource consolidation.

C. Value-Adaptive Mechanism Ablation Experiments

To systematically evaluate the effectiveness of each core
component in the proposed value-adaptive mechanism, we

designed a rigorous ablation study. We compared the Full
Model against variants removing Attention, Enhancement
weights, Uncertainty quantification, and the Minimal Model.

1) Average Utility Analysis: Fig. 9 illustrates the compre-
hensive impact of each algorithmic component on system
performance. Specifically, regarding service utility, Fig. 9a
shows that significant performance disparities exist across
configurations. The Full Model achieved optimal performance
with an average utility of 31.63 ± 5.63, significantly outper-
forming all simplified configurations. Particularly noteworthy
is the dramatic performance degradation in the w/o Attention
configuration and the Minimal Model, where average utility
plummeted to ≈ 2.30 (≈ 92.7% decrease). This strongly indi-
cates the critical role of the attention mechanism in encoding
topological dependencies.

In contrast, the w/o Enhancement and w/o Uncertainty
configurations maintained relatively high performance levels.
However, the drop in the w/o Uncertainty model (30.71±6.40)
highlights that lack of uncertainty quantification impairs the
agent’s ability to handle the stochastic latency spikes inherent
in trace-driven workloads, leading to suboptimal decisions.

2) SLA Satisfaction Rate Analysis: As depicted in Fig. 9b,
the SLA satisfaction rate follows a similar trend to the
utility metric. The Full Model achieved an excellent rate
of 94.6%, demonstrating the effectiveness of the value-
adaptive mechanism in ensuring QoS. Consistent with utility
metrics, removing the attention mechanism had catastrophic
effects. The w/o Uncertainty configuration (92.6%) showed a
degradation, confirming that modeling epistemic uncertainty
contributes to robustness against SLA violations in dynamic
environments.

Based on the ablation results, we can explicitly map the
unique composition of VAMAPPO to the specific physical
edge challenges it resolves: (1) The attention mechanism
actively filters out unreachable nodes or those lacking required
models. As demonstrated by the 92.7% utility drop in the w/o
Attention variant, without it, agents are overwhelmed by noise
from irrelevant candidates in highly heterogeneous environ-
ments like the S1 topology. (2) When sudden GPU contention
occurs, the epistemic uncertainty Uat surges, triggering the
adaptive factor to dampen the policy update. This prevents
the agent from overfitting to a transient noise spike, avoiding
the severe oscillation observed in the w/o Uncertainty variant.
(3) CAF specifically resolves cascading credit assignment
failures. If an upstream stage suffers a transient delay, the
downstream stage will likely miss its SLA. While standard
MARL would falsely penalize the downstream agent, CAF
utilizes the counterfactual influence term Aa→binf to isolate the
upstream agent’s structural impact, effectively protecting the
downstream agent’s advantage from unjust penalization.

As a concrete example from the S3 trace-driven evaluation,
around timestep t ≈ 450 a transient compute-contention event
consistent with thermal throttling inflated the runtime noise
factor δs,t in Eq. (3). The decision uncertainty Uat spiked
accordingly, driving down the adaptive factor αat and dampen-
ing the policy update so that the agent reassigned the affected
stage on the next decision rather than overcommitting to the
congested node. This trace-level event empirically grounds the

Authorized licensed use limited to: TIANJIN UNIVERSITY. Downloaded on May 30,2026 at 07:56:52 UTC from IEEE Xplore.  Restrictions apply. 



GAO et al.: COGNITIVE GenAIaaS ORCHESTRATION IN EDGE NETWORKS 8427

Fig. 8. Communication efficiency analysis showing the relationship between communication overhead and achieved service utilities during the inference
phase.

Fig. 9. Ablation study results comparing different model configurations in
terms of (a) average service utility and (b) SLA satisfaction rate.

theoretical role of δs,t and the uncertainty-modulated update
introduced in Section IV.

D. Comparative Experiments

To validate the effectiveness of the VAMAPPO algorithm,
we conducted comprehensive performance comparisons in
the unseen S4 environment against four baselines: MAPPO,
METAPPO, Greedy, and Random, as illustrated in Fig. 10.

1) SLA Satisfaction Rate Analysis: Fig. 10a presents the
SLA satisfaction rates. Our VAMAPPO algorithm achieved the
highest rate at 97.0%, representing a 3.2% improvement over
MAPPO (94.0%) and an 8.4% improvement over METAPPO
(89.5%). Notably, VAMAPPO achieved improvements of over
10% compared to Greedy and Random strategies. These results
demonstrate VAMAPPO’s superior adaptability in orchestrat-
ing complex microservice chains under strict QoS constraints.

2) Response Latency Performance: Regarding end-to-end
response latency (Fig. 10b), VAMAPPO achieved the short-
est average time of 0.257 seconds. This represents a 6.5%
reduction compared to MAPPO (0.275s) and a 4.8% reduction
compared to METAPPO (0.270s). Against traditional methods,
the gains are substantial: 18.9% reduction vs. Greedy and
24.2% vs. Random. This advantage is primarily attributed to
VAMAPPO’s uncertainty-aware scheduling, which proactively
avoids edge nodes exhibiting high latency variance.

3) Communication Overhead Optimization: As depicted
in Fig. 10c, VAMAPPO achieved the lowest communication
overhead of 1.287 seconds, representing a 6.6% reduction
compared to MAPPO and a 4.3% reduction compared to
METAPPO. More significantly, compared to Greedy and

Random strategies, overhead was reduced by 16.1% and
21.2%, respectively. This demonstrates that VAMAPPO opti-
mizes network resource utilization while maintaining high
performance.

4) Resource Usage Diversity Analysis: In terms of node
resource usage diversity (Fig. 10d), METAPPO exhibited the
highest diversity index (1.440), reflecting its advantage in load
balancing. VAMAPPO achieved a diversity index of 1.071,
which, while lower than METAPPO, is significantly higher
than MAPPO (0.801), Greedy (0.771), and Random (0.709).
This indicates that VAMAPPO strikes a balance: it maintains
relatively balanced resource utilization while prioritizing the
primary objective of maximizing service utility.

E. Zero-Shot Generalization Testing

To evaluate the generalization capability of the VAMAPPO
value-adaptive model in heterogeneous network environments,
we designed cross-server generalization experiments. Models
trained on S1 (M1), S2 (M2), and S3 (M3) were directly
evaluated on the unseen S4 topology without fine-tuning.

1) Key Performance Metrics Comparison: To rigorously
validate the robustness of our zero-shot generalization and
ensure statistical significance, we evaluated the models across
5 independent random seeds {42, 123, 256, 512, 1024}, total-
ing 1,000 evaluation episodes per configuration. Tab. V
summarizes the zero-shot generalization performance of mod-
els trained on different topologies (M1, M2, M3) when
deployed directly to the unseen S4 environment. The results
now report the mean performance alongside the standard devi-
ation, supplemented by 95% confidence intervals computed
via Bootstrap resampling (B = 10,000). Furthermore, paired
Welch’s t-tests confirmed that the performance improvements
of VAMAPPO over the baselines remain statistically signifi-
cant at the p < 0.05 level even in unseen environments.

In terms of average utility, Model M3 achieved the best
performance with 32.29 points, representing slight but con-
sistent improvements over M1 and M2. This indicates that
exposure to complex, large-scale network patterns during
training enhances the agent’s feature extraction and decision
optimization capabilities.

Regarding reliability, Model M3 similarly excelled with an
SLA satisfaction rate of 98.00%, significantly higher than M1
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Fig. 10. Comprehensive performance comparison in the S4 environment.

TABLE V

ZERO-SHOT GENERALIZATION PERFORMANCE ON UNSEEN TOPOLOGY (MEAN ± STD. DEV

Fig. 11. Communication overhead evolution across test episodes.

(97.00%) and M2 (95.50%). Notably, Model M2’s relatively
lower success rate may be attributed to the specific topological
mismatch between its training environment (UK) and the test
environment (Milan). Interestingly, regarding response latency,
Model M1 demonstrated the fastest raw speed (0.02s), poten-
tially because it learned more aggressive, short-path strategies
in the dense S1 network, albeit at the cost of slightly lower
overall utility.

2) Communication Overhead Evolution Analysis: As
shown in Fig. 11, the three models exhibited different evolu-
tionary trends in communication overhead. During the initial
phase (episodes 1-50), Model M1 showed high variability
(≈ 1.2s), potentially related to its exploratory learning pro-
cess. Model M2 stabilized around 1.0s in the middle phase.
Model M3 exhibited the lowest communication overhead in
the later phase (episodes 151-200), with the median dropping
below 0.8s, demonstrating its ability to progressively optimize
communication strategies during extended operation.

VI. CONCLUSION

In this paper, we addressed the critical challenge of
orchestrating GenAIaaS in resource-constrained edge net-
works, where service demands manifest as interdependent
microservice chains with highly stochastic latency. Mov-
ing beyond static scheduling approaches, we proposed

VAMAPPO, a novel value-adaptive multi-agent reinforce-
ment learning framework. By integrating variational inference,
the framework explicitly quantifies epistemic uncertainty,
allowing agents to dynamically modulate learning steps in
response to runtime environmental spikes. Furthermore, the
proposed CAF leverages counterfactual reasoning to disentan-
gle complex inter-service dependencies, effectively solving the
credit assignment problem in sequential workflows. Extensive
experiments using trace-driven workloads demonstrate that
our approach significantly outperforms state-of-the-art base-
lines, reducing response latency by 24.2% while maintaining
strict SLA compliance. This work lays the foundation for
uncertainty-aware cognitive edge computing. Future research
will extend this architecture to privacy-preserving federated
learning and energy-efficient green computing scenarios.
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