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Abstract—We introduce GNN4Alloc, a learning-based frame-
work for resource allocation in highly distributed Content De-
livery Networks (CDNs). Focusing on the core challenges of
content placement and routing, GNN4Alloc leverages Graph
Neural Networks (GNNs) to enhance decision-making efficiency
in dynamic and large-scale environments. Building on prior
work that employs mathematical optimization and heuristic
algorithms, we reformulate these problems using graph represen-
tation learning, leveraging the bipartite nature of content-to-node
assignment and routing decisions in CDN resource allocation. The
framework incorporates GNN-based modules – including neural
algorithm executors and constrained optimization layers – to
develop adaptive allocation policies that generalize across diverse
network topologies and demand profiles. By doing so, GNN4Alloc
aims to improve both the scalability and solution quality of
content allocation strategies, contributing to the broader goal
of advancing GNN-based control in distributed systems.

I. INTRODUCTION

Driven by the ever-increasing traffic demand for content

and low latencies, storage resources are being deployed closer

to the end users. From information-centric networks to 5G

wireless systems, caching popular content close to the network

edge can alleviate performance bottlenecks and enhance the

end-user experience [1]. This shift toward edge storage has

intensified the need for efficient resource management in large-

scale, distributed caching systems such as CDNs. As network

traffic continues its exponential growth, CDN providers face

mounting challenges in scaling storage and routing decisions

to meet demand while maintaining performance and cost-

efficiency [2]. While traditional caching mechanisms provide

worst-case guarantees (e.g., Least-Recently-Used LRU), better

techniques are needed to optimize performance on observed

traffic [1]. Furthermore, existing approaches often struggle

with scalability and adaptation to dynamic conditions [3].

Modern distributed caching systems face two core chal-

lenges: determining which content to place at which geograph-

ically distributed storage nodes, and routing user requests effi-

ciently to minimize latency and bandwidth costs. Prior efforts

such as Baiji [4] and Tero [3] have tackled these issues by

formulating optimization objectives – under billing constraints

or edge offloading scenarios – and proposing heuristic or

algorithmic solutions. While these approaches have yielded

valuable insights in terms of optimality conditions and al-

gorithmic approaches, they often fall short in scalability and

adaptability. Given the complexity and dynamic nature of the

problem, machine learning methods, particularly Graph Neural

Networks (GNNs), offer a compelling alternative by leveraging

graph-structured representations to model complex allocation

patterns [5], [6].

The resource allocation problem in CDNs often exhibits a

natural bipartite structure – linking content items with caching

nodes (e.g., PoPs or edge devices) – making it particularly

amenable to graph-based learning approaches. GNNs have

recently shown strong potential in tackling complex network

optimization tasks, and are increasingly applied to problems

involving constrained optimization [7], [8], combinatorial

search [7], and direct resource allocation [6], [9]. Particu-

larly relevant is the neural execution paradigm [10], which

enables GNNs to approximate algorithmic behavior, opening

the door to scalable, adaptive solutions that can overcome the

limitations of conventional heuristic and optimization-based

methods.

The GNN4Alloc framework tackles the challenge of CDN

resource allocation through a unified GNN-based approach

that addresses both content placement and request routing. It

leverages specialized GNN architectures tailored to bipartite

graph structures inherent in the allocation problem, enabling

efficient approximation of complex optimization objectives.

By learning from data, GNN4Alloc develops adaptive strate-

gies that generalize effectively across diverse network topolo-

gies and traffic demand patterns, offering scalable and robust

performance in dynamic environments.

II. PROBLEM FORMULATION

We model general CDN resource allocation problems using

a heterogeneous bipartite graph representation that captures

the elements relevant to both the domain allocation planning

problem – e.g., Baiji, Figure 1 – and the traffic offloading

problem – e.g., Tero, Figure 2. Baiji formulates the domain-

to-PoP allocation problem as an offline optimization task with

a nonlinear objective function based on the 95th percentile

billing model used by service providers [4]. The problem’s

bipartite graph’s nodes represent domain-area pairs and PoPs,

while the edges indicate allowable allocations. The linear

constraints involve bandwidth usage, admissible delays, and

demand conservation. Due to the computational complexity

of this allocation problem, Baiji employs multiple heuristics

and a genetic algorithm to generate high-quality solutions [4].

Tero addresses the challenge of offloading CDN traffic onto

massively distributed edge devices with limited storage and

bandwidth capacities [3]. By leveraging content popularity

forecasting, the system dynamically adapts to shifting demand978-3-903176-74-4 ©2025 IFIP
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Fig. 1. Baiji domain demand pattern to PoP placement problem.

patterns. The underlying optimization problem is formulated as

a periodic, content allocation-driven throughput maximization

task, subject to bandwidth and storage constraints. Structurally,

the problem maps naturally onto a bipartite graph and lends

itself to a Mixed Integer Linear Programming (MILP) formu-

lation.

Formally, we define a graph G = (V,E) that includes a set

of nodes V = Vc ∪ Vd representing content or domains (Vc),

and Points of Presence (PoPs) or distributed edge devices (Vd).

The set of edges E captures allowable connections between

these node types: (c, d) ∈ E =⇒ c ∈ Vc ∧ d ∈ Vd. The

core of this representation is the bipartite structure between

content/domain nodes Vc and caching nodes Vd. Node and

edge attributes encode critical information such as system

constraints (e.g., bandwidth, storage limits) and dynamic traffic

patterns (i.e., demands for content).

GNN4Alloc tackles the optimization of content placement,

determining which content should reside on which nodes,

and of request routing, i.e., deciding how user requests are

served [3], [4]. The framework supports diverse optimization

objectives, such as minimizing billing costs across Points of

Presence (PoPs), maximizing throughput at distributed edge

nodes, enforcing delivery time through local quota constraints,

and balancing cache hit rates throughout the network. While

the specific objective function varies depending on the sce-

nario, all formulations encode constraints directly into the

problem graph, allowing the formulation of the framework to

be applicable across tasks.

III. THE GNN4ALLOC FRAMEWORK

The GNN4Alloc framework addresses resource allocation

in distributed CDNs through a learning-based approach that

integrates graph structure, algorithmic reasoning, and con-

straint handling. Its three core components include Graph

Encoding – specialized message-passing operators that exploit

the inherent bipartite structure between content/domains and

caching nodes; Neural Execution Module – learns to mimic

the execution of optimization algorithms (e.g., shortest path

or bipartite matching) directly on the graph structure; Con-

strained Optimization Layer – ensures that resource allocation

decisions respect real-world constraints, enabling learning and

inference under bandwidth, storage, and demand limits.

Fig. 2. Tero CDN traffic offloading to massively distributed edge devices.

A. Graph Encoding

As we said before. node and edge attributes encode criti-

cal information such as system constraints (e.g., bandwidth,

storage limits) and dynamic traffic patterns (i.e., demands

for content). GNNs utilize message-passing to learn rich

representations of the CDN topology, content characteristics,

and demand patterns. Message passing aggregates local in-

formation, allowing nodes to learn representations integrating

their context, such as content properties and connectivity. The

message passing can be formally represented as:

h
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where h
(l)
i are node features, φ and ψ are learnable func-

tions,
⊕

is a permutation-invariant aggregation, and eij are

edge features. A central aspect is the design of specialized

message-passing operators that exploit the inherent bipartite

structure between content/domains and caching nodes.

B. Neural Execution Module

Inspired by Neural Execution of Graph Algorithms [10],

this component learns to mimic the execution of optimization

algorithms directly on the graph structure. Neural execution

combines classical algorithms with the adaptability of learning,

offering advantages for constrained optimization in CDNs by

efficiently capturing algorithmic behavior within the GNN.

The algorithmic patterns are learned by training on solutions

produced by exact solvers or heuristics applied to smaller

problem instances, enabling the model to efficiently approx-

imate complex allocation decisions at scale. The objective

is not only to replicate the optimization strategies used in

systems like Baiji and Tero, but also to enhance them through

data-driven generalization. Figure 3 illustrates the architecture

and operational flow of the neural execution module. The

central concept that enables effective learning of algorithms

with GNNs is algorithmic alignment – the degree to which

a GNN’s architecture and message-passing operations reflect

the computational logic of the target algorithm. For example,

in shortest path problems, the aggregation function ψ in Eq. 1

should implement a min operation, directly mirroring the
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Fig. 3. Neural execution architecture. Input graph features are pipelined
through encoder (fA), graph neural network processor (P ), and decoder (gA)
to produce one algorithm step output. The dashed arrow shows the iterative
feedback loop enabling multi-step algorithm execution. [10]

objective of the algorithm. When this structural alignment

is achieved, the GNN can learn more efficiently, generalize

better, and require less training data to reach high performance.

GNNs provide computational advantages over traditional

CDN optimization methods. Message-passing operations scale

linearly with network size, unlike the cubic complexity of

MILP [7]. Furthermore, the GPU-friendly nature of these op-

erations may enable parallelization-based gains. Finally, other

GNN architectures [5], [7], [11] designed to solve specific

combinatorial problems may also be used to further enhance

the solution’s space exploration capabilities.

C. Constrained Optimization Layer

Effectively managing real-world CDN constraints – such as

bandwidth limits, storage capacity, and demand conservation –

is essential for practical deployment. GNN4Alloc incorporates

differentiable optimization components to address these con-

straints within the learning process. This integration enables

the model to make allocation decisions that are not only

efficient but also constraint-aware. To achieve this, constraints

are modeled as penalty terms (soft-constraints) and embed-

ded into a carefully designed surrogate loss function. This

approach allows the model to balance objective performance

with constraints during training, realizing feasible and adaptive

solutions even in complex, large-scale environments:

L = Lobjective
︸ ︷︷ ︸

LContent utility

+
∑

c

λc · max(0, vc(X))
︸ ︷︷ ︸

bandwidth / storage / other

(2)

where C is the set of constraints, λc are learned constraint

weights (potentially dynamic), vc(X) measures the violation

of constraint c under allocation X , and X is the output of

the GNN model representing allocation decisions. With this

technique, constraints become learnable components in the

optimization.

D. Solution Approaches

GNN4Alloc learns to imitate the behavior of algorithm ex-

ecution through demonstration, multi-task learning, and algo-

Fig. 4. Reinforcement Learning enhanced optimization. In this setup, the
GNN is used to implement the Actor and Critic networks of an AAC
architecture tailored for combinatorial optimization [12]

rithmic alignment [10]. Training data is drawn from solutions

generated by the target algorithm on small instances. The

problem is proposed as a node or edge classification problem.

For the 95th percentile billing optimization [4], we explore

how GNNs can learn the concept of “affinity” between traffic

patterns, a key insight that drives effective allocation under this

billing model. The goal is to identify complementary traffic

patterns that utilize the same 5% “free” time slots.

Alternatively, to handle the dynamic aspects of traffic

offloading from Tero, we may also integrate reinforcement

learning techniques with GNN4Alloc. The problem is then

formulated as a Markov Decision Process, where the states

represent the current demands and content distribution, the

actions correspond to routing and caching decisions, and the

reward signal moves in opposition to the loss function of Eq. 2.

The actor network is trained to optimize performance

metrics through interactions with a simulated environment.

Internally, a GNN reflects the perceived system state. Then,

a trainable Critic network estimates the value of the computed

actions. Both networks operate in tandem to identify the best

possible action for each state. Figure 4 illustrates the concept.

E. Next Steps

GNN4Alloc is currently an ongoing implementation, with

the initial goal of benchmarking its performance against es-

tablished systems such as Baiji and Tero. The framework aims

to deliver several key contributions: leveraging GNNs to en-

able faster decision-making compared to traditional optimiza-

tion methods, ensuring scalability through parallel message

passing, and integrating neural execution with differentiable

constraint handling to balance performance objectives with

system limits. Its design targets the challenges of highly

distributed and heterogeneous CDN topologies, including edge

and mobile nodes, by learning generalizable allocation policies

that adapt across diverse network structures.
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