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Abstract

The rapid proliferation of Internet of Things (IoT) devices, edge computing nodes, and cloud-native applications has intro-
duced unprecedented challenges in managing resource allocation across ultra-large-scale distributed network systems. Tra-
ditional static and heuristic-based resource management approaches fail to adapt to dynamic workload fluctuations, hetero-
geneous infrastructure characteristics, and stringent quality-of-service requirements in modern distributed environments.
This paper proposes NeuroScale, a novel intelligent adaptive resource management framework that leverages deep reinforce-
ment learning combined with graph neural networks to achieve autonomous, real-time optimization of computational, net-
work, and storage resources in large-scale distributed systems. NeuroScale introduces a hierarchical multi-agent architec-
ture where local edge agents handle rapid resource adjustments while a global cloud orchestrator optimizes long-term sys-
tem-wide objectives through cooperative learning. We design a novel attention-based state representation mechanism that
captures complex spatial-temporal dependencies among distributed nodes, enabling precise workload prediction and proac-
tive resource provisioning. Extensive experimental evaluation on a simulated environment comprising 10,000 heteroge-
neous nodes demonstrates that NeuroScale achieves 34.7% improvement in resource utilization efficiency, 28.3% reduction
in average service latency, and 41.2% decrease in energy consumption compared to state-of-the-art approaches including
Kubernetes default scheduler, DeepRM, and Decima. Furthermore, NeuroScale exhibits superior scalability and fault toler-
ance characteristics, maintaining stable performance even under 45% node failure rates and 3x traffic burst scenarios. The
proposed framework provides a practical solution for next-generation network and systems management in cloud-edge

continuum environments.
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Introduction

The exponential growth of Internet of Things
(IoT) devices, coupled with the widespread adoption of
cloud-native architectures and edge computing paradigms,
has fundamentally transformed the landscape of distributed
network systems. Modern ultra-large-scale distributed envi-
ronments now encompass heterogeneous computing re-
sources spanning centralized cloud data centers, regional
edge nodes, and resource-constrained IoT endpoints, collec-
tively forming what is increasingly referred to as the cloud-
edge continuum [1]. This architectural evolution, while en-
abling novel applications in smart cities, autonomous vehi-
cles, industrial IoT, and immersive augmented reality, intro-
duces formidable challenges in resource management that

existing solutions struggle to address effectively [2,3].

Contemporary distributed systems are character-
ized by unprecedented scale, with production deployments
routinely managing tens of thousands of heterogeneous
nodes across geographically dispersed locations [4]. The
workload patterns in such systems exhibit high volatility,
with traffic volumes capable of fluctuating by orders of mag-
nitude within seconds due to flash crowds, viral content dis-
semination, or coordinated IoT sensing events [5]. Further-
more, the diversity of resource types—including gener-
al-purpose CPUs, GPUs, TPUs, FPGA accelerators, and spe-
cialized AI inference chips—combined with varying net-
work bandwidth, storage capacities, and energy constraints,
renders traditional resource allocation strategies fundamen-

tally inadequate [6].

Existing resource management approaches in dis-
tributed systems can be broadly categorized into three class-
es: rule-based heuristics, optimization-based methods, and
machine learning-driven techniques. Rule-based approach-
es, exemplified by Kubernetes default scheduler and Docker
Swarm, rely on predefined policies and thresholds that can-
not adapt to dynamic environmental changes [7]. Optimiza-
tion-based methods, including linear programming and
mixed-integer programming formulations, suffer from com-
putational intractability when applied to large-scale systems
with thousands of decision variables [8]. While recent ma-
chine learning approaches such as DeepRM [9] and Decima

[10] have demonstrated promising results in specific do-
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mains, they typically operate under simplified assumptions
regarding system homogeneity, workload predictability, or
single-objective optimization, limiting their applicability in

real-world heterogeneous distributed environments.

This paper presents NeuroScale, a comprehensive
intelligent adaptive resource management framework specif-
ically designed for ultra-large-scale distributed network sys-

tems. The key contributions of this work are fourfold:

(1) We propose a hierarchical multi-agent deep re-
inforcement learning architecture that decouples local real--
time resource adjustments from global long-term optimiza-
tion objectives, enabling scalable decision-making across

thousands of distributed nodes.

(2) We design a novel attention-based graph neu-
ral network state representation that captures complex spa-
tial-temporal dependencies among heterogeneous distribut-
ed resources, facilitating accurate workload prediction and

proactive resource provisioning.

(3) We develop a cooperative learning mechanism
that enables knowledge sharing among geographically dis-
tributed agents while preserving privacy and reducing com-
munication overhead through federated experience replay

and gradient compression techniques.

(4) We conduct extensive experimental evaluation
on a large-scale simulated testbed comprising 10,000 hetero-
geneous nodes, demonstrating significant improvements in
resource utilization, service latency, energy efficiency, and

fault tolerance compared to state-of-the-art baselines.

The remainder of this paper is organized as fol-
lows. Section 2 reviews related work in resource manage-
ment for distributed systems, deep reinforcement learning
applications, and graph neural network approaches. Section
3 presents the system architecture and formal problem for-
mulation. Section 4 details the NeuroScale framework, in-
cluding the hierarchical multi-agent architecture, atten-
tion-based state representation, and cooperative learning
mechanism. Section 5 describes the experimental methodol-
ogy, evaluation metrics, and baseline comparisons. Section
6 presents and discusses the experimental results. Section 7

concludes the paper with future research directions.
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Related Work
Resource Management in Distributed Systems

Resource management in distributed computing
environments has been an active research area for decades,
with early work focusing on centralized scheduling algo-
rithms for cluster computing [11]. The emergence of cloud
computing introduced new challenges related to virtualiza-
tion, multi-tenancy, and elastic resource provisioning, lead-
ing to the development of sophisticated resource orchestra-
tion frameworks such as Apache Mesos [12], Kubernetes
[13], and OpenStack [14]. These systems primarily employ
heuristic-based scheduling policies that optimize for specif-
ic objectives such as load balancing, energy efficiency, or
cost minimization, but lack the adaptability required for

highly dynamic modern workloads [15].

In the context of edge computing, resource man-
agement becomes significantly more complex due to the
constrained computational capabilities of edge nodes, inter-
mittent network connectivity, and strict latency require-
ments for latency-sensitive applications [16]. Deng et al.
[17] proposed a hierarchical task offloading framework that
optimizes computation allocation between cloud and edge
resources using convex optimization techniques. Similarly,
Bi et al. [18] developed a Lyapunov optimization-based ap-
proach for joint computation offloading and resource alloca-
tion in mobile edge computing systems. While these meth-
ods provide theoretical guarantees under specific assump-
tions, their computational complexity and reliance on accu-
rate system models limit practical deployment in large-scale

heterogeneous environments.

Recent advances in software-defined networking
(SDN) and network function virtualization (NFV) have fur-
ther complicated resource management by introducing the
need to jointly optimize computational and network re-
sources [19]. Zhang et al. [20] presented a coordinated re-
source management scheme for SDN-enabled cloud data
centers that dynamically adjusts virtual machine placement
and network routing based on traffic patterns. However,
such approaches typically require centralized controllers
with global system visibility, which introduces scalability
bottlenecks and single points of failure in ultra-large-scale

deployments [21].
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Deep Reinforcement Learning for Resource Manage-

ment

Deep reinforcement learning (DRL) has emerged
as a promising paradigm for adaptive resource management
in complex systems, leveraging the ability of deep neural net-
works to approximate high-dimensional value functions
and policy mappings [22]. Mao et al. [9] introduced Deep-
RM, one of the first DRL-based resource management sys-
tems for cluster scheduling, which formulated job schedul-
ing as a Markov decision process and employed policy gradi-
ent methods to learn effective scheduling policies. While
DeepRM demonstrated superior performance over traditio-
nal heuristics in simulated environments, its single-agent ar-
chitecture and simplified state representation limited appli-

cability in large-scale heterogeneous systems.

Subsequently, Decima [10] extended DRL-based
scheduling to data processing frameworks such as Apache
Spark and TensorFlow, incorporating graph neural net-
works to represent job dependency structures and employ-
ing actor-critic algorithms for policy optimization. More re-
cently, Zhang et al. [23] proposed a multi-agent reinforce-
ment learning approach for edge computing resource alloca-
tion, where independent edge agents learn decentralized
policies through Q-learning. However, these approaches typ-
ically assume homogeneous agent capabilities and do not ad-
dress the cooperative learning challenges inherent in geo-
graphically distributed systems with privacy constraints
[24].

Federated reinforcement learning has gained atten-
tion as a mechanism for distributed policy learning without
centralizing sensitive operational data [25]. Zhuo et al. [26]
proposed a federated multi-agent reinforcement learning
framework for IoT resource management, where edge
agents collaboratively train a shared policy while keeping lo-
cal experience data private. However, existing federated
DRL approaches suffer from high communication over-
head, gradient divergence issues, and slow convergence in
large-scale deployments with heterogeneous agents [27].
NeuroScale addresses these limitations through a novel gra-
dient compression mechanism and experience prioritiza-
tion strategy that significantly reduces communication costs

while maintaining learning efficiency.
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Graph Neural Networks for System Representation

Graph neural networks (GNNs) have demonstrat-
ed remarkable capabilities in learning representations of
structured data, making them particularly suitable for mod-
eling distributed systems where nodes and communication
links form natural graph structures [28]. Scarselli et al. [29]
introduced the foundational graph neural network architec-
ture, which has since evolved into various specialized forms
including graph convolutional networks (GCN) [30], graph
attention networks (GAT) [31], and graph recurrent net-
works [32]. In the context of network management, GNNs
have been applied to traffic prediction [33], anomaly detec-

tion [34], and network topology optimization [35].

For resource management applications, GNNs of-
fer the advantage of capturing structural dependencies
among distributed resources that traditional vector-based
representations cannot express [36]. Park et al. [37] em-
ployed graph convolutional networks to learn embeddings
of data center network topologies for traffic engineering op-
timization. Similarly, Wang et al. [38] proposed a graph at-
tention network approach for service function chain place-
ment in NFV environments, achieving improved resource
efficiency compared to heuristic methods. However, these
approaches typically focus on static graph structures and do
not adequately model the temporal dynamics of workload
patterns and resource utilization in highly dynamic dis-

tributed systems.

NeuroScale advances the state of the art by intro-
ducing a spatio-temporal graph attention mechanism that
jointly models the structural relationships among distribut-
ed nodes and the temporal evolution of system states. This
approach enables accurate prediction of future workload
patterns and proactive resource allocation decisions that an-
ticipate demand fluctuations before they occur, addressing a
critical gap in existing GNN-based resource management so-

lutions.
System Architecture and Problem Formulation
System Architecture

We consider an ultra-large-scale distributed net-

work system comprising three tiers of heterogeneous com-
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puting resources: cloud data centers, regional edge clusters,
and JoT edge nodes, as illustrated in Figure 1. The cloud tier
consists of high-capacity data centers equipped with diverse
computational resources including general-purpose CPUs,
GPUs, and specialized Al accelerators. The edge tier com-
prises regional clusters located at network edges, providing
intermediate computational capabilities with reduced laten-
cy compared to cloud resources. The IoT tier encompasses
resource-constrained devices deployed at the network pe-
riphery, capable of executing lightweight inference tasks

and preprocessing sensor data.

The system is modeled as a weighted directed
graph G = (V, E, W), where V represents the set of all com-
puting nodes across three tiers, E denotes the communica-
tion links between nodes, and W captures the link capaci-
ties and latency characteristics. Each node v_iin V is charac-
terized by a resource vector r_i = (c_i, m_i, s_i, b_i, e_i),
where c_i denotes CPU capacity, m_i represents memory ca-
pacity, s_i indicates storage capacity, b_i denotes available
bandwidth, and e_i represents energy consumption rate.
The system must continuously process a stream of service
requests R = {r_1, r_2, ..., r_t}, where each request r_j is
characterized by computational requirements, latency cons-

traints, data dependencies, and priority levels.
Problem Formulation

The resource management problem is formulated
as a sequential decision-making process where, at each time
step t, the system must determine the optimal allocation of
incoming service requests to available computing nodes
while satisfying multiple objectives and constraints. Formal-
ly, we define the decision vector a_t = [a_tAl, a_tA2, ..,
a_tAn], where a_tAi in {0, 1} indicates whether node v_i is
selected for processing the current request batch. The opti-
mization objective is to maximize the cumulative discount-

ed reward over an infinite horizon:

J(pi) = E[sum_{t=0}/{infinity} gammart R(s_t,
a_t)]

where pi represents the resource allocation policy,
gamma in (0, 1) is the discount factor, s_t denotes the sys-
tem state at time t, and R(s_t, a_t) is the reward function

that quantifies the quality of allocation decision a_t in state
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s_t. The reward function is designed as a weighted combina-

tion of multiple objectives:

R(s_t, a_t) = w_1 * U(s_t, a_t) + w_2 * (-L(s_t,
a_t)) + w_3 * (-E(s_t, a_t)) + w_4 * Q(s_t, a_t) + w_5 %
F(s_t,a_t)

where U(.) represents resource utilization efficien-
cy, L(.) denotes average service latency, E(.) indicates total
energy consumption, Q(.) captures quality-of-service satis-
faction rate, and F(.) measures fault tolerance resilience.
The weights w_1 through w_5 are hyperparameters that can
be adjusted based on system operator preferences and opera-
tional requirements. The optimization is subject to the fol-
lowing constraints: (1) computational capacity constraints
ensuring that allocated workloads do not exceed node capac-
ities; (2) latency constraints guaranteeing that service re-
sponse times remain within specified thresholds; (3) band-
width constraints ensuring that inter-node communication
does not exceed link capacities; and (4) energy constraints
limiting total power consumption within operational bud-

gets.

Markov Decision Process Formulation

We formulate the resource management problem
as a partially observable Markov decision process (POMDP)
defined by the tuple (S, A, P, R, Omega, O, gamma), where
S represents the continuous state space encompassing all
possible system configurations, A denotes the discrete ac-
tion space of feasible resource allocation decisions, P: S x A
x S -> [0, 1] is the state transition probability function, R: S
x A -> Ris the reward function, Omega represents the obser-
vation space, O: S x Omega -> [0, 1] is the observation prob-
ability function, and gamma is the discount factor. The state
space S is high-dimensional, incorporating node resource ca-
pacities, current utilization levels, pending request queues,
network topology characteristics, and historical workload

patterns.

The action space A is defined as the set of all valid
resource allocation mappings from pending requests to avai-
lable nodes. Given the combinatorial nature of this alloca-
tion problem, the action space grows exponentially with the
number of requests and nodes, making exact optimization

computationally intractable for large-scale systems. We ad-
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dress this challenge through a hierarchical action decompo-
sition strategy that factorizes the global allocation decision
into a sequence of local node selection decisions, significant-
ly reducing the effective action space while preserving solu-

tion quality.
The NeuroScale Framework

Overview

NeuroScale operates as a hierarchical multi-agent
system comprising two levels of decision-making agents: lo-
cal edge agents and a global cloud orchestrator. As depicted
in Figure 2, the architecture consists of four primary compo-
nents: (1) the Spatio-Temporal Graph Attention Network
(ST-GAT) for state representation learning; (2) the Hi-
erarchical Multi-Agent Reinforcement Learning (HMARL)
module for distributed policy optimization; (3) the Coopera-
tive Learning and Knowledge Sharing (CLKS) mechanism
for inter-agent collaboration; and (4) the Proactive Re-
source Provisioning (PRP) engine for anticipatory workload
management. These components work in concert to achieve
autonomous, adaptive, and scalable resource management

across the distributed system.

The operational workflow of NeuroScale proceeds
as follows. At regular time intervals (typically 100-500 mil-
liseconds), each local edge agent collects real-time system
metrics from its managed sub-cluster, including node util-
ization levels, pending request queues, network traffic statis-
tics, and energy consumption measurements. These raw
metrics are processed by the ST-GAT module to generate
compact yet expressive state embeddings that capture both
spatial dependencies among neighboring nodes and tempo-
ral patterns in workload evolution. Based on these embedd-
ings, each local agent makes rapid resource allocation deci-
sions for incoming requests within its jurisdiction using a lo-

cally optimized policy network.

Concurrently, the global cloud orchestrator main-
tains a higher-level view of the entire distributed system, pe-
riodically aggregating state information from all local
agents and optimizing long-term system-wide objectives
such as energy efficiency, load balancing, and fault toler-
ance. The global orchestrator communicates policy gui-

dance to local agents through the CLKS mechanism, en-
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abling system-wide coordination without requiring central-
ized decision-making for every allocation. The PRP engine
continuously analyzes historical workload patterns and pre-
dicted future demands to proactively adjust resource reser-
vations, preventing performance degradation during traffic

bursts.
Spatio-Temporal Graph Attention Network

The ST-GAT module addresses the critical chal-
lenge of representing high-dimensional, dynamically evolv-
ing system states in a compact form suitable for reinforce-
ment learning. Traditional approaches represent system
states as fixed-length vectors that flatten the graph structure
of distributed systems, losing critical topological informa-
tion. In contrast, ST-GAT operates directly on the system
graph G = (V, E, W), learning node embeddings that incor-
porate both structural relationships and temporal dynam-

ics.

The spatial attention mechanism is inspired by the
graph attention network architecture [31], adapted for the
resource management domain. For each node v_i in the sys-
tem graph, we compute attention coefficients with its neigh-
bors N(i) using a multi-head attention mechanism. The at-
tention coefficient alpha_ij between node v_i and its neigh-

bor v_j is computed as:

alpha_ij = softmax_j(LeakyReLU(a”T * [Wh_i ||
Wh_j]))

where h_i and h_j are the feature vectors of nodes
v_i and v_j, W is a learnable weight matrix, a is a learnable
attention vector, and || denotes vector concatenation. The
multi-head attention employs K independent attention
mechanisms, and the final node representation is obtained
by concatenating the outputs of all attention heads: h'_i =
||_{k=1}2K sigma(sum_{j in N(i)} alpha_ijak WAk h_j).
This multi-head design enables the model to attend to differ-
ent aspects of neighborhood relationships, such as computa-
tional similarity, network proximity, and historical work-

load correlation.

To capture temporal dynamics, we augment the
spatial GAT with a gated recurrent unit (GRU) that process-

es sequences of node embeddings over time. Specifically, we
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maintain a sliding window of the last T time steps of system
states, where each time step corresponds to a snapshot of
the system graph with updated node features. The GRU pro-
cesses this sequence to produce a temporal context vector
that encodes workload trends, periodic patterns, and anoma-
ly indicators. The combined spatio-temporal embedding for
node v_i at time t is computed as: z_iAt = [h'_iAt || c_irt],
where h'_iAt is the spatial attention output and c_iAt is the

GRU hidden state representing temporal context.

The ST-GAT architecture offers several advan-
tages for distributed system representation. First, the atten-
tion mechanism automatically learns the importance of dif-
ferent neighbor relationships, eliminating the need for man-
ually designed adjacency metrics. Second, the graph struc-
ture naturally accommodates system topology changes,
such as node failures or new node additions, without requir-
ing architectural modifications. Third, the temporal compo-
nent enables proactive decision-making by encoding predic-
tive information about future workload patterns into the

state representation.
Hierarchical Multi-Agent Reinforcement Learning

The HMARL module implements a two-level hi-
erarchical reinforcement learning architecture that address-
es the scalability challenges of centralized decision-making
in ultra-large-scale systems. At the local level, each edge
agent manages a sub-cluster of approximately 100-500
nodes and learns an independent policy pi_local?i: S_lo-
calM x A_localM -> [0, 1] using proximal policy optimiza-
tion (PPO) [39]. The local state space S_local/i includes the
ST-GAT embeddings of nodes within the sub-cluster, pend-
ing request characteristics, and recent allocation outcomes.
The local action space A_local/i consists of feasible node se-

lection decisions for the current request batch.

At the global level, the cloud orchestrator learns a
meta-policy pi_global: S_global x A_global -> [0, 1] that op-
timizes system-wide objectives by influencing local agent be-
haviors. Rather than directly controlling individual alloca-
tion decisions, the global policy operates at a higher abstrac-
tion level, determining parameters such as resource reserva-
tion ratios, load balancing targets, and energy consumption
budgets for each sub-cluster. This hierarchical decomposi-

tion reduces the global action space from exponential in the
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number of nodes to linear in the number of sub-clusters, en-
abling tractable optimization even for systems with tens of

thousands of nodes.

The training process employs a novel asynchro-
nous advantage actor-critic (A3C) variant designed for hi-
erarchical multi-agent systems. Local agents collect experi-
ence trajectories tau_i = {(s_t, a_t, r_t, s_{t+1})} from their
respective sub-clusters and compute local advantage esti-
mates A_localni(s_t, a_t) = Q_local?i(s_t, a_t) - V_lo-
calMi(s_t), where Q_localri and V_localAi are the local ac-
tion-value and state-value functions approximated by se-
parate neural networks. The global orchestrator computes
global advantage estimates based on aggregated system per-
formance metrics and communicates policy gradients to lo-
cal agents through the cooperative learning mechanism de-

scribed in Section 4.4.

To ensure stable learning in the presence of non-s-
tationarity introduced by concurrently learning agents, we
implement experience replay buffers with importance sam-
pling correction and employ entropy regularization to en-
courage policy exploration. The local policy loss function is
defined as: L_policy = E_t[min(r_t(theta) * A_t, clip(r_t(the-
ta), 1-epsilon, 1+epsilon) * A_t)] - beta * H(pi(.|s_t)), where
r_t(theta) = pi_theta(a_t|s_t) / pi_theta_old(a_t|s_t) is the
probability ratio, epsilon is the clipping parameter, and H(.)
denotes the policy entropy with coefficient beta. The value
function loss employs clipped mean squared error to pre-

vent excessive value updates.
Cooperative Learning and Knowledge Sharing

The CLKS mechanism enables effective knowledge
sharing among distributed agents while addressing the pri-
vacy and communication efficiency requirements of large-s-
cale deployments. In traditional federated learning ap-
proaches, agents periodically transmit full model parame-
ters to a central server for aggregation, resulting in prohibi-
tive communication overhead when model sizes are large
and agent counts are high [25]. NeuroScale addresses this
challenge through three complementary techniques: gradi-
ent compression, experience prioritization, and differential

privacy preservation.
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Gradient compression is achieved through a com-
bination of top-k sparsification and quantization. Rather
than transmitting full gradient vectors, each agent identifies
the top-k most significant gradient components (typically k
= 1% of total parameters) based on magnitude and trans-
mits only these components along with their indices. The re-
maining gradient components are accumulated locally and
transmitted in subsequent rounds when their cumulative
magnitude exceeds a threshold. Additionally, we apply 8-bit
quantization to the transmitted gradient values, reducing
communication bandwidth by approximately 32x com-
pared to full-precision 32-bit floating-point transmission.
Experimental evaluation demonstrates that this compres-
sion scheme achieves over 95% of the learning efficiency of
uncompressed federated learning while reducing communi-

cation overhead by two orders of magnitude.

Experience prioritization leverages the observation
that not all training experiences contribute equally to policy
improvement. We implement a distributed prioritized expe-
rience replay mechanism where each agent maintains a lo-
cal replay buffer ranked by temporal difference (TD) error
magnitude. During cooperative learning rounds, agents
share not only policy gradients but also high-priority experi-
ence samples that have yielded significant learning progress.
This targeted experience sharing accelerates convergence by
exposing agents to diverse but informative state-action tran-
sitions from other sub-clusters, effectively increasing the ef-
fective sample size without requiring full data centraliza-

tion.

Privacy preservation is ensured through differen-
tial privacy mechanisms applied to both gradient sharing
and experience exchange. Before transmitting gradients,
each agent adds calibrated Gaussian noise to gradient com-
ponents, with noise magnitude determined by the privacy
budget epsilon and sensitivity analysis of the gradient com-
putation. For experience sharing, agents apply local differen-
tial privacy by perturbing sensitive features such as exact
node identifiers, precise resource utilization values, and re-
quest content characteristics. The privacy-utility trade-off is
controlled through adaptive noise scaling that reduces noise
magnitude as training progresses and policy confidence in-

creases.
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Proactive Resource Provisioning

The PRP engine complements the reactive re-
source allocation capabilities of HMARL with predictive
workload management that anticipates future demand pat-
terns and pre-allocates resources accordingly. This proac-
tive capability is essential for maintaining quality of service
during traffic bursts, which reactive systems cannot address
due to inherent allocation delays. The PRP engine compris-
es two components: a workload prediction module and a re-

source reservation optimizer.

The workload prediction module employs a trans-
former-based sequence-to-sequence architecture that pro-
cesses historical workload time series to generate multi-hori-
zon forecasts. The input sequence consists of aggregated re-
quest arrival rates, service type distributions, and resource
demand patterns over the past H time windows. The trans-
former encoder captures long-range temporal dependencies
through multi-head self-attention mechanisms, while the de-
coder generates predictions for the next P time windows.
To handle the multi-scale nature of workload patterns, we
implement a hierarchical prediction structure that separate-
ly models seasonal trends, daily periodicities, and anoma-
lous events, combining these components through an adap-

tive gating mechanism.

The resource reservation optimizer translates pre-
dicted workload demands into proactive resource allocation
decisions. Given forecasted request volumes and resource re-
quirements, the optimizer solves a constrained optimization
problem to determine optimal resource reservation levels
for each sub-cluster. The optimization balances three objec-
tives: (1) minimizing over-provisioning costs by avoiding ex-
cessive idle resources; (2) minimizing under-provisioning
risks by ensuring sufficient capacity for predicted demand
plus safety margins; and (3) minimizing reconfiguration
costs by limiting the frequency of reservation adjustments.
We formulate this as a multi-objective optimization
problem and solve it efficiently using a genetic algorithm
with problem-specific heuristics that exploit the temporal

structure of predicted demands.

The integration between PRP and HMARL is
achieved through a dual-timescale control mechanism. The

PRP engine operates at a slower timescale (typically 1-5 min-
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utes) to compute resource reservations and adjust sub-clus-
ter capacity budgets, while the HMARL module operates at
a faster timescale (100-500 milliseconds) to handle real--
time request allocation within the reserved capacity cons-
traints. This separation of timescales enables both proactive
capacity planning and reactive load balancing, combining
the strengths of predictive and adaptive resource manage-

ment paradigms.

Experimental Evaluation
Experimental Setup

We evaluate NeuroScale through extensive simula-
tion experiments on a large-scale distributed system testbed
comprising 10,000 heterogeneous computing nodes or-
ganized into a three-tier architecture. The cloud tier con-
sists of 50 data centers, each equipped with 100 high-perfor-
mance servers featuring dual Intel Xeon Platinum 8380 pro-
cessors, 512 GB RAM, and NVIDIA A100 GPUs. The edge
tier comprises 500 regional clusters, each containing 10
mid-range servers with Intel Xeon Silver 4314 processors,
128 GB RAM, and NVIDIA T4 GPUs. The IoT tier includes
4,500 resource-constrained edge devices with ARM Cor-
tex-A78 processors, 8 GB RAM, and no GPU acceleration.
Network connectivity follows a hierarchical topology with
100 Gbps backbone links between cloud data centers, 10
Gbps regional links between edge clusters, and 1 Gbps ac-
cess links to IoT devices, with latency characteristics rang-
ing from 1 ms within data centers to 50 ms for IoT edge con-

nections.

The workload generator produces service requests
following patterns derived from real-world traces from Al-
ibaba Cluster Trace v2018 [40] and Microsoft Azure work-
load traces [41]. We synthesize workloads with the follow-
ing characteristics: (1) request arrival rates following a non-
homogeneous Poisson process with time-varying intensity
that exhibits diurnal patterns and occasional flash crowds;
(2) service types spanning compute-intensive (machine
learning inference, scientific simulation), memory-intensive
(in-memory analytics, graph processing), I/O-intensive
(stream processing, log analysis), and latency-sensitive (re-
al-time video analytics, autonomous driving perception) cat-

egories; (3) resource requirements sampled from distribu-
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tions calibrated against production workload characteris-
tics; and (4) quality-of-service constraints including maxi-
mum response times ranging from 10 ms for critical laten-

cy-sensitive tasks to 60 seconds for batch processing jobs.

We compare NeuroScale against four baseline ap-
proaches: (1) Kubernetes Default Scheduler (K8s-Default),
which employs a simple greedy bin-packing heuristic with
resource request matching; (2) DeepRM [9], a DRL-based
cluster scheduler using policy gradient methods with vec-
tor-based state representation; (3) Decima [10], a GN-
N-based job scheduling system for data processing frame-
works; and (4) LyapOpt [18], a Lyapunov optimiza-
tion-based approach for edge computing resource alloca-
tion. All baseline implementations are adapted to our experi-
mental setting with appropriate parameter tuning through

grid search over hyperparameter spaces.

The evaluation metrics include: (1) Resource Util-
ization Efficiency (RUE), defined as the ratio of allocated re-
sources to total available resources averaged across all
nodes; (2) Average Service Latency (ASL), measured as the
mean response time from request submission to comple-
tion; (3) 95th Percentile Latency (P95), capturing tail laten-
cy performance; (4) Energy Consumption (EC), measured
in kilowatt-hours per completed request; (5) Quality-of-Ser-
vice Satisfaction Rate (QSR), representing the percentage of
requests meeting their latency constraints; (6) Fault Toler-
ance Resilience (FTR), quantified as the system's ability to
maintain service availability under node failures; and (7)
Scalability Index (SI), measuring performance degradation

as system scale increases.
Implementation Details

NeuroScale is implemented in Python 3.10 using
PyTorch 2.0 for neural network training and Ray 2.5 for dis-
tributed reinforcement learning. The ST-GAT module em-
ploys a 4-layer graph attention network with 8 attention
heads per layer, hidden dimension of 256, and ReLU activa-
tion. The temporal component uses a 2-layer GRU with hid-
den size 128. The local policy and value networks are imple-
mented as 3-layer fully connected networks with 512, 256,
and 128 hidden units, respectively, using ReLU activations
and layer normalization. The global meta-policy network us-

es a similar architecture with additional attention layers for
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processing aggregated sub-cluster embeddings.

Training is performed using the PPO algorithm
with the following hyperparameters: learning rate
3x107{-4}, discount factor gamma = 0.99, GAE parameter
lambda = 0.95, clipping parameter epsilon = 0.2, entropy co-
efficient beta = 0.01, and batch size 2048. The experience re-
play buffer maintains 100,000 transitions with prioritized
sampling based on TD error magnitude. Cooperative learn-
ing rounds occur every 50 local training steps, with gradient
compression using top-1% sparsification and 8-bit quantiza-
tion. The PRP engine employs a 6-layer transformer with 8
attention heads, hidden dimension 256, and prediction hori-
zon P = 12 time steps (equivalent to 1 hour with 5-minute
intervals). All experiments are conducted on a computing
cluster with 8 NVIDIA A100 GPUs and 512 CPU cores.

Overall Performance Comparison

Table 1 presents the comprehensive performance
comparison of NeuroScale against baseline approaches
across all evaluation metrics. NeuroScale achieves the high-
est resource utilization efficiency at 87.3%, representing a
34.7% improvement over K8s-Default (64.8%), 18.5% over
DeepRM (73.7%), 22.1% over Decima (71.5%), and 15.8%
over LyapOpt (75.4%). This significant improvement stems
from NeuroScale's ability to capture complex node relation-
ships through graph attention and make fine-grained alloca-
tion decisions that exploit resource complementarity
among heterogeneous nodes. The attention mechanism en-
ables the system to identify underutilized resources across
the distributed topology and redirect workloads to optimal

execution locations.

In terms of service latency, NeuroScale achieves an
average service latency of 28.4 ms, which is 28.3% lower
than K8s-Default (39.6 ms), 19.5% lower than DeepRM
(35.3 ms), 24.1% lower than Decima (37.4 ms), and 16.2%
lower than LyapOpt (33.9 ms). The 95th percentile latency
shows even more pronounced improvements, with NeuroS-
cale achieving 52.1 ms compared to 89.3 ms for K8s-De-
fault, 71.6 ms for DeepRM, 78.4 ms for Decima, and 64.7
ms for LyapOpt. These latency reductions are attributed to
the proactive resource provisioning mechanism that pre-al-
locates capacity before demand surges and the spatial atten-

tion mechanism that considers network proximity when
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making allocation decisions, minimizing data transfer over-
head.

Energy consumption results demonstrate NeuroS-
cale's effectiveness in green computing optimization. Neu-
roScale consumes 0.42 kWh per 1,000 completed requests,
achieving a 41.2% reduction compared to K8s-Default (0.71
kWh), 31.1% compared to DeepRM (0.61 kWh), 35.4% com-
pared to Decima (0.65 kWh), and 27.6% compared to
LyapOpt (0.58 kWh). The energy efficiency gains result
from the global orchestrator's ability to consolidate work-
loads onto energy-efficient nodes during low-demand peri-
ods and distribute computation to edge nodes with lower
cooling overhead during peak periods. The multi-objective
reward function explicitly incorporates energy consump-
tion, ensuring that the learned policies balance performance

and sustainability.

Quality-of-service satisfaction rates reveal that
NeuroScale maintains 96.8% of requests within their speci-
fied latency constraints, significantly outperforming K8s-De-
fault (82.3%), DeepRM (88.7%), Decima (85.1%), and
LyapOpt (90.4%). This high satisfaction rate is critical for
production deployments where SLA violations incur finan-
cial penalties and reputational damage. The combination of
proactive provisioning and reactive adaptation enables Neu-
roScale to handle both predictable workload variations and
unexpected traffic bursts while maintaining consistent quali-

ty of service.
Scalability Analysis

To evaluate scalability, we conduct experiments
with system scales ranging from 1,000 to 50,000 nodes while
maintaining constant per-node workload intensity. Figure 3
illustrates the scalability index, defined as the ratio of
achieved performance to ideal linear scaling performance,
for each approach. NeuroScale maintains a scalability index
above 0.91 across all tested scales, demonstrating near-lin-
ear scalability. In contrast, K8s-Default degrades to 0.67 at
50,000 nodes due to centralized scheduling bottlenecks,
DeepRM achieves 0.74 due to single-agent policy complexi-
ty, Decima reaches 0.79 benefiting from graph representa-
tion but limited by centralized training, and LyapOpt de-

grades to 0.58 due to optimization solver complexity.
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The scalability of NeuroScale is attributed to its hi-
erarchical architecture that distributes computational and
decision-making load across multiple agents. The local
agents process only their sub-cluster states, ensuring that
per-agent computational complexity remains constant re-
gardless of total system size. The global orchestrator's action
space scales linearly with the number of sub-clusters rather
than exponentially with the number of nodes, enabling
tractable optimization at any scale. Communication over-
head analysis reveals that the gradient compression and ex-
perience prioritization mechanisms reduce inter-agent com-
munication by 97.3% compared to full model synchroniza-
tion, enabling efficient cooperative learning even with 200

distributed agents.

Fault Tolerance Evaluation

Fault tolerance is evaluated by injecting random
node failures at varying rates from 5% to 45% of total nodes
and measuring system performance degradation. Figure 4
presents the fault tolerance resilience metric, defined as the
ratio of maintained quality-of-service satisfaction rate un-
der failures to the baseline satisfaction rate without failures.
NeuroScale exhibits superior resilience, maintaining 94.2%
of baseline performance at 45% node failure rate, compared
to 67.3% for K8s-Default, 71.8% for DeepRM, 74.5% for
Decima, and 78.9% for LyapOpt.

The fault tolerance capabilities of NeuroScale stem
from multiple architectural features. The graph attention
mechanism naturally accommodates topology changes by
dynamically adjusting attention weights when nodes fail, au-
tomatically redistributing workloads to healthy neighbors.
The hierarchical architecture ensures that failures in one
sub-cluster do not propagate to others, as local agents main-
tain independent policies and can autonomously handle lo-
cal failures. The global orchestrator monitors system-wide
health metrics and proactively triggers cross-cluster work-
load migration when failure rates exceed thresholds, pre-
venting cascading performance degradation. Additionally,
the experience replay buffers enable rapid policy adaptation
to new topologies, with agents recovering effective alloca-
tion strategies within 50-100 training steps after significant

topology changes.
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Traffic Burst Handling

We evaluate burst handling capability by subject-
ing the system to sudden 3x traffic increases lasting 5 min-
utes, simulating flash crowd scenarios. Figure 5 compares
the transient response of each approach during burst
events. NeuroScale demonstrates the fastest recovery, re-
turning to baseline latency within 45 seconds of burst onset,
compared to 180 seconds for K8s-Default, 120 seconds for
DeepRM, 150 seconds for Decima, and 90 seconds for
LyapOpt. The maximum latency spike during the burst is
1.8x baseline for NeuroScale, compared to 4.2x for K8s-De-
fault, 3.1x for DeepRM, 3.5x for Decima, and 2.4x for
LyapOpt.

The superior burst handling of NeuroScale is pri-
marily attributed to the proactive resource provisioning en-
gine. The transformer-based workload predictor identifies
early indicators of impending bursts (such as accelerating re-
quest arrival rates and shifting service mix compositions)
2-3 minutes before the peak, enabling pre-emptive capacity
allocation. During the burst, the hierarchical architecture al-
lows rapid local scaling decisions without waiting for global
orchestration, while the global orchestrator coordinates
cross-cluster load balancing to prevent localized overload.
The combination of prediction and rapid reaction enables
NeuroScale to absorb traffic bursts with minimal service dis-

ruption.
Ablation Study

To quantify the contribution of each NeuroScale
component, we conduct ablation experiments by systemati-
cally removing individual modules and measuring perfor-
mance degradation. Table 2 presents the results of five abla-
tion variants: (1) NeuroScale without ST-GAT (using sim-
ple vector-based state representation); (2) NeuroScale with-
out HMARL (using single-agent centralized policy); (3)
NeuroScale without CLKS (using independent local agents
without cooperation); (4) NeuroScale without PRP (using
purely reactive allocation); and (5) NeuroScale without the

energy term in the reward function.

Removing ST-GAT results in a 12.4% decrease in
resource utilization efficiency and 15.7% increase in average

latency, confirming that graph-based state representation is
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essential for capturing structural dependencies in distribut-
ed systems. The single-agent variant (without HMARL)
fails to scale beyond 5,000 nodes due to policy network size
explosion and exhibits 23.1% higher latency at 10,000
nodes, validating the hierarchical architecture's necessity for
large-scale deployments. Independent local agents (without
CLKS) achieve 8.9% lower resource utilization due to lack
of knowledge sharing and suffer from 18.3% slower conver-
gence during training, demonstrating the importance of co-
operative learning. The purely reactive variant (without PR-
P) exhibits 2.1x higher latency spikes during traffic bursts
and 11.4% lower QoS satisfaction, confirming the critical
role of proactive provisioning. Removing the energy term in-
creases energy consumption by 19.7% with only marginal la-
tency improvements (2.3%), indicating that the multi-objec-
tive reward design successfully balances performance and

sustainability.
Training Convergence Analysis

Figure 6 illustrates the training convergence
curves for NeuroScale and baseline DRL approaches. Neu-
roScale achieves stable convergence within 500,000 training
steps, compared to 800,000 steps for DeepRM and
1,200,000 steps for Decima. The faster convergence is at-
tributed to the cooperative learning mechanism that effec-
tively multiplies the effective sample size through inter-a-
gent experience sharing, and the attention-based state repre-
sentation that provides more informative gradients by focus-
ing on relevant node relationships. The hierarchical architec-
ture also contributes to convergence efficiency by decompos-
ing the complex global optimization problem into tractable

local sub-problems that can be learned in parallel.

The gradient compression mechanism maintains
convergence quality while reducing communication over-
head. Experiments comparing full-precision federated learn-
ing with compressed communication show that the com-
pressed variant achieves 97.3% of the final policy perfor-
mance while reducing total communication volume by
98.7%. The experience prioritization strategy further acceler-
ates convergence by ensuring that shared experiences con-
tain high-information content, with prioritized sharing
achieving 1.4x faster convergence compared to uniform ex-

perience sharing. These results demonstrate that NeuroS-
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cale's cooperative learning design achieves an effective bal-
ance between learning efficiency and communication scala-

bility.

Discussion

The experimental results demonstrate that NeuroS-
cale achieves substantial improvements across all evaluated
metrics compared to state-of-the-art baselines. Several key
insights emerge from our analysis that warrant detailed dis-

cussion.

First, the superiority of graph-based state represen-
tation over traditional vector-based approaches validates
our hypothesis that preserving topological information is es-
sential for effective resource management in distributed sys-
tems. The attention mechanism's ability to dynamically fo-
cus on relevant node relationships enables NeuroScale to ex-
ploit structural patterns that heuristic methods cannot cap-
ture, such as identifying optimal workload migration paths
across heterogeneous tiers and detecting resource comple-
mentarity between nodes with different capability profiles.
This finding aligns with recent theoretical work on the im-
portance of structure-aware representations in combinato-

rial optimization problems [42].

Second, the hierarchical multi-agent architecture
addresses a fundamental scalability challenge that has limit-
ed the applicability of DRL in large-scale systems. Our re-
sults demonstrate that decoupling local real-time decisions
from global long-term optimization enables linear scalabili-
ty without sacrificing solution quality. This architectural pat-
tern may generalize to other large-scale control problems be-
yond resource management, including traffic engineering,
supply chain optimization, and smart grid control. The key
insight is that effective hierarchical decomposition requires
careful design of the interface between local and global poli-
cies, ensuring that local autonomy is preserved while global

coordination is maintained.

Third, the cooperative learning mechanism reveals
an important trade-off between communication efficiency
and learning effectiveness. Our gradient compression and
experience prioritization techniques achieve near-optimal
learning performance with minimal communication over-

head, suggesting that full model synchronization is unneces-
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sary for effective multi-agent learning. This finding has sig-
nificant practical implications for edge computing deploy-
ments where bandwidth is limited and communication
costs are non-negligible. The differential privacy mech-
anisms further enhance deployability by addressing data
sovereignty concerns that often impede collaborative opti-

mization in multi-tenant environments.

Fourth, the proactive resource provisioning com-
ponent demonstrates that prediction-based approaches can
substantially improve reactive systems when properly inte-
grated. The transformer-based workload predictor's ability
to identify burst indicators minutes before peak demand en-
ables pre-emptive actions that reactive systems cannot
match. However, our experiments also reveal that proactive
provisioning must be carefully calibrated to avoid over-pro-
visioning costs during normal operations. The dual-times-
cale control mechanism addresses this challenge by separat-
ing capacity planning from real-time allocation, allowing

each component to operate at its optimal frequency.

Several limitations of the current work should be
acknowledged. The simulation-based evaluation, while com-
prehensive, cannot fully capture all nuances of physical
hardware behavior, including thermal throttling, memory
contention, and network jitter. Deployment on physical
testbeds would provide additional validation of real-world
performance. Additionally, the current reward function
weights are manually tuned; automated multi-objective opti-
mization techniques such as Pareto learning could further
improve the balance between competing objectives. Finally,
while NeuroScale handles node failures effectively, correlat-
ed failures due to power outages or network partitions repre-

sent an important direction for future enhancement.

Conclusion and Future Work

This paper presented NeuroScale, a novel intelli-
gent adaptive resource management framework for ultra-
-large-scale distributed network systems. By combining spa-
tio-temporal graph attention networks, hierarchical multi-a-
gent reinforcement learning, cooperative knowledge shar-
ing with communication-efficient federated learning, and
proactive resource provisioning, NeuroScale addresses the

fundamental challenges of scalability, adaptability, and effi-
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ciency in modern distributed computing environments.

Experimental evaluation on a 10,000-node simulat-
ed testbed demonstrated that NeuroScale achieves 34.7% im-
provement in resource utilization, 28.3% reduction in aver-
age latency, 41.2% decrease in energy consumption, and su-
perior fault tolerance compared to state-of-the-art base-
lines. The hierarchical architecture ensures linear scalability
to 50,000 nodes, while the proactive provisioning mech-
anism enables effective handling of 3x traffic bursts with

minimal service disruption.

Future research directions include: (1) extending
NeuroScale to handle multi-cluster federated learning work-
loads where training jobs compete with inference services
for resources; (2) incorporating carbon-aware scheduling
that optimizes for geographic variations in energy carbon in-
tensity; (3) developing online learning mechanisms that
adapt to concept drift in workload patterns without requir-
ing periodic retraining; and (4) deploying NeuroScale on
production cloud-edge systems to validate real-world effec-

tiveness and identify deployment-specific optimizations.

The NeuroScale framework contributes a practical
solution for next-generation network and systems manage-
ment, providing a foundation for autonomous, sustainable,
and resilient distributed computing infrastructures that can

meet the demands of emerging applications in smart cities,
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autonomous systems, and immersive metaverse environ-

ments.
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