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Abstract—The increase of bandwidth-intensive applications in
sixth-generation (6G) wireless networks, such as real-time volu-
metric streaming, and multi-sensory extended reality, demands
intelligent multicast routing solutions capable of delivering differ-
entiated quality-of-service (QoS) at scale. Traditional shortest-path
and multicast routing algorithms are either computationally pro-
hibitive or structurally rigid, and they often fail to support het-
erogeneous user demands, leading to suboptimal resource utiliza-
tion. Neural network-based approaches, while offering improved
inference speed, typically lack topological generalization and scal-
ability. To address these limitations, this paper presents a graph
neural network (GNN)-based multicast routing framework that
jointly minimizes total transmission cost and supports user-specific
video quality requirements. The routing problem is formulated as
a constrained minimum-flow optimization task, and a reinforce-
ment learning algorithm is developed to sequentially construct
efficient multicast trees by reusing paths and adapting to network
dynamics. A graph attention network (GAT) is employed as the
encoder to extract context-aware node embeddings, while a long
short-term memory (LSTM) module models the sequential depen-
dencies in routing decisions. Extensive simulations demonstrate
that the proposed method closely approximates optimal dynamic
programming-based solutions while significantly reducing compu-
tational complexity. The results also confirm strong generalization
to large-scale and dynamic network topologies, highlighting the
method’s potential for real-time deployment in 6G multimedia
delivery scenarios.

Index Terms—Graph neural networks, multicast routing,
reinforcement learning, quality-of-service, 6G networks, video
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I. INTRODUCTION

THE advent of sixth-generation (6G) wireless networks
is catalyzing a profound transformation in multimedia

services, enabling a broad spectrum of bandwidth-intensive
and latency-sensitive applications. Emerging use cases such as
holographic telepresence, real-time volumetric video streaming,
and multi-sensory extended reality (XR) are redefining user
expectations and imposing unprecedented demands on network
infrastructures. For instance, holographic telepresence services
require traffic densities on the order of 1–10 Tbps/km2 [1],
while real-time volumetric video applications may necessitate
peak data rates exceeding 100 Gbps per user [2]. Similarly,
XR applications involve synchronized audiovisual and haptic
feedback, further intensifying the quality-of-service (QoS) re-
quirements in terms of reliability, latency, and throughput [3],
[4], particularly in mobile and densely populated environments.
This paradigm shift is further illustrated by the explosive growth
in global multimedia traffic. However, such growth also brings
substantial technical challenges. First, the network must support
heterogeneous QoS demands, as multiple users in the same
session may request vastly different resolutions—from 360p for
low-end devices to 8 K for immersive viewing experiences [5].
Second, to ensure economic viability and environmental sustain-
ability, 6G infrastructures must minimize redundant transmis-
sions and optimize flow efficiency to reduce energy consumption
and system overheads, particularly in multicast and multi-hop
scenarios [6], [7]. The dual imperatives of service differenti-
ation and flow minimization introduce significant complexity
to video transmission routing, especially under the dynamic
and large-scale conditions envisioned for 6G. This necessitates
the development of intelligent, flexible, and scalable routing
mechanisms that can simultaneously meet personalized user
demands and minimize the global transmission cost.

Despite decades of advancements in network routing, con-
ventional algorithms struggle to meet the multifaceted demands
of video transmission in 6G environments. Classic shortest-
path routing algorithms, such as Dijkstra’s or Bellman-Ford,
are effective in identifying low-cost routes between a single
source and a single destination in polynomial time. However,
when extended to scenarios involving multiple concurrent users
requesting the same video stream, these algorithms reveal signif-
icant inefficiencies. Specifically, the independent computation of
shortest paths for each user fails to exploit path reuse opportuni-
ties, resulting in redundant transmissions that inflate the overall
network flow and energy consumption [8]. This inefficiency
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becomes particularly critical as live streaming and interactive
video applications continue to proliferate, with the global live
streaming market alone expected to surpass USD 3.7 trillion by
2030 [9]. To address the path reuse problem, traditional routing
solutions often adopt multicast routing algorithms that construct
a shared distribution tree from the source to all destination nodes.
Techniques based on dynamic programming or Steiner tree
formulations aim to minimize the aggregate transmission cost by
finding a weighted minimum-cost tree. While theoretically op-
timal, these solutions are NP-hard [10], and their computational
complexity renders them impractical for real-time inference in
large-scale and highly dynamic 6G networks [11]. Moreover,
their reliance on global topology knowledge and iterative com-
putation makes them unsuitable for distributed and latency-
constrained edge environments [12], [13]. More critically, these
traditional multicast algorithms generally assume homogeneous
service demands, treating all users as requesting the same quality
of service. In real-world scenarios, however, users often demand
heterogeneous video resolutions—for example, a VR headset
may require ultra-high-resolution data while a mobile phone
only needs a low-resolution version of the same content. Con-
ventional algorithms typically construct a single delivery path
based on the highest QoS requirement, which leads to resource
over-provisioning for users with lower requirements. This not
only wastes bandwidth but also diminishes overall system effi-
ciency, especially in resource-constrained settings [14], [15]. As
6G networks evolve toward service-aware and resource-efficient
architectures, the limitations of traditional routing algorithms
become more pronounced. There is a clear need for novel
routing paradigms that are capable of accommodating user di-
versity, topological dynamics, and computational tractability—a
combination that traditional approaches are fundamentally ill-
equipped to provide. To overcome the scalability and inference
latency issues associated with traditional routing algorithms, re-
searchers have turned to neural network (NN)-based approaches
for data-driven routing decision-making. These models aim to
approximate optimal routing policies through learning, enabling
real-time inference with fixed computational complexity—an
appealing feature for highly dynamic 6G environments [16].
For instance, multi-layer perceptron (MLP)-based methods have
been proposed to map network states directly to routing de-
cisions, achieving constant-time inference once trained. These
methods can significantly accelerate the routing process in static
or moderately dynamic networks by avoiding combinatorial
searches during runtime [17]. Building on this, other studies
have incorporated convolutional neural networks (CNNs) to
capture the spatial and structural patterns of network topologies.
By representing the connection matrix of the network as an
image-like structure, CNNs can extract hierarchical features
that correlate with efficient routing paths. These models show
improved performance over basic MLPs by more effectively
learning from the topological layout of the network. Such ap-
proaches have demonstrated the feasibility of learning-based
routing, especially in simulated or small-scale networks with sta-
ble conditions. However, despite their promise, traditional NN-
based routing models exhibit critical limitations when deployed
in realistic 6G network scenarios. One major bottleneck is their

lack of structural scalability. Standard neural architectures, such
as MLPs and CNNs, require fixed input and output dimensions,
which constrains them to networks with a predetermined number
of nodes and links [18]. Any change in the number of users
or modification in the network topology necessitates retraining
the model or re-engineering the architecture, significantly un-
dermining their applicability in dynamic 6G networks where
users frequently join, leave, or move. Moreover, these models
struggle with generalization across unseen topologies. Since
their learning is often based on absolute positional or indexing
information, their inference capabilities degrade sharply when
presented with a network graph that differs from the training
data [19]. This results in poor robustness, especially when the
routing model is expected to operate across multiple regions
or deployment scenarios. Another key limitation is that many
existing NN-based methods are not inherently aware of graph-
structured data. Unlike human-designed algorithms that lever-
age the relational nature of networks, such as trees, paths, and
flows, standard neural networks treat the input as unstructured
data, failing to fully exploit the relational inductive bias essential
for networked systems [20]. Consequently, their learning and
inference efficiency is suboptimal compared to architectures
explicitly designed for structured domains. In light of these
issues, there is a growing consensus that routing algorithms for
6G networks must not only be data-driven but also graph-aware,
topology-adaptive, and scalable. These requirements point to the
need for more advanced learning architectures capable of natu-
rally handling dynamic, large-scale, and heterogeneous network
environments.

Motivated by the shortcomings of both traditional and con-
ventional neural network-based routing methods, graph neural
networks (GNNs) have emerged as a compelling alternative for
routing optimization in 6G multimedia networks. GNNs are
inherently designed to operate on graph-structured data, making
them well-suited to model the topological dependencies, node
interactions, and spatial correlations present in communication
networks [21]. Unlike MLPs or CNNs, GNNs can flexibly
accommodate variations in network size, connectivity, and user
count without requiring architectural changes or retraining,
thereby offering unprecedented scalability and adaptability [22].
One of the most salient features of GNNs is their message
passing mechanism, which allows each node to iteratively ex-
change and aggregate information from its neighbors. This
local information propagation not only mirrors the structure of
many distributed routing algorithms but also enables GNNs to
learn efficient representations of both global network context
and local path preferences [23]. Importantly, message passing
is structure-agnostic—the number of users, UAVs, or relay
nodes can change dynamically, and the same GNN model can
generalize to new topologies [24]. This contrasts sharply with
fixed-structure NNs, which are limited to static, pre-defined
graphs. In the context of 6G video transmission, where users
may request heterogeneous QoS levels and network topologies
evolve in real time, the flexibility and efficiency of GNNs be-
come even more valuable. For instance, GNNs can naturally
support differentiated routing paths that reflect user-specific
video resolution requirements, while still minimizing overall
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network cost by leveraging shared routes where appropriate [25].
Additionally, the number of trainable parameters in GNN models
is typically far lower than those in fully connected or convolu-
tional networks, enabling lightweight deployment on resource-
constrained platforms such as UAVs or edge nodes. To address
the unique challenges of on-demand, scalable, and QoS-aware
video streaming in 6G networks, this paper proposes a novel
GNN-based routing framework. Specifically, we design a rout-
ing algorithm that jointly optimizes video stream dissemination
paths and network resource efficiency, while supporting user-
specific service differentiation. The proposed method maintains
linear computational complexity with respect to the number of
users and network nodes, making it suitable for deployment in
large-scale and rapidly evolving network environments [26].
By leveraging the representational power and structural gen-
eralization of GNNs, the proposed approach bridges the gap
between routing optimality, inference efficiency, and scalability,
providing a foundational step toward intelligent, adaptive, and
service-aware video transmission in next-generation wireless
systems. The main contribution of this paper are summarized as
follows.

1) To the best of our knowledge, this work is the first to
investigate the problem of multicast routing for live video
streaming in 6G networks with differentiated user de-
mands. Specifically, we address how to construct a routing
path that connects a single source node to multiple user
nodes—each requesting different service qualities—while
minimizing the total transmission cost. We formulate this
as a minimum-flow optimization problem with inflow
constraints, capturing both path reuse and user-specific
QoS requirements.

2) A GNN-based routing framework is proposed to effi-
ciently solve the formulated problem. By integrating graph
attention mechanisms and modeling flow reuse, the al-
gorithm achieves linear time complexity with respect to
the number of nodes as O(n). Leveraging the message-
passing paradigm of GNNs, the trained model generalizes
across arbitrary network topologies without retraining,
offering strong scalability and robustness to topological
variations.

3) Extensive simulations are conducted to validate the ef-
fectiveness of the proposed method. Results demonstrate
that the GNN-based approach achieves performance com-
parable to exhaustive search methods, while significantly
reducing computational overhead. Moreover, the method
exhibits excellent scalability to large-scale networks and
strong adaptability to dynamic environmental conditions,
highlighting its suitability for real-time deployment in 6G
multimedia routing scenarios.

II. RELATED WORKS AND PRELIMINARY

A. Graph Neural Networks

GNNs have emerged as a powerful class of neural models
designed to process data represented in graph structures, which
are ubiquitous in various domains such as social networks,

knowledge graphs, molecular chemistry, and increasingly, wire-
less communication networks [27]. A graph is formally defined
as G = (V, E), where V is the set of N nodes and E ⊆ V × V
is the set of edges. Each node vi ∈ V may be associated with
a feature vector xi ∈ Rd, and the graph topology is typically
encoded in an adjacency matrix A ∈ RN×N . Early develop-
ments in GNNs were rooted in spectral graph theory, where
convolution operations are defined in the frequency domain by
leveraging the graph Laplacian [28], [29]. Given a graph with a
symmetric adjacency matrix A and a degree matrix D (where
Dii =

∑
j Aij), the normalized graph Laplacian is defined as

L = I −D−1/2AD−1/2. Spectral graph convolution can then
be expressed via the eigendecomposition ofL = UΛU�, where
U contains the eigenvectors and Λ is a diagonal matrix of
eigenvalues. For a graph signal x, the convolution with a filter
gθ is defined as follows.

gθ ∗ x = Ugθ(Λ)U�x, (1)

where gθ(·) is a spectral filter function parameterized by learn-
able weights θ. While elegant, spectral methods require the
computation of the full eigendecomposition of the Laplacian,
which is computationally prohibitive for large graphs and lacks
generalizability to dynamically changing topologies [30].

To address these limitations, message passing graph neural
networks (MP-GNNs) have become the dominant paradigm.
MP-GNNs operate directly in the spatial domain and are inher-
ently localized, scalable, and topology-independent [31], [32].
The key idea is to iteratively update each node’s feature vector by
aggregating information from its neighbors through a two-step
process: message computation and node update. At the k-th
layer, the generic update rule for node vi is given as follows.

h
(k)
i = φ(k)

(
h
(k−1)
i , ϕ(k)

({
h
(k−1)
j | j ∈ N (i)

}))
, (2)

whereh(k)
i is the hidden representation of node i at layer k,N (i)

denotes the set of neighbors of node i, and ϕ(k)(·) and φ(k)(·)
are differentiable functions which typically are neural networks.
A common instantiation is the Graph Convolutional Network
(GCN), where the propagation rule simplifies as follows.

H(k) = σ
(
D̃

−1/2
ÃD̃

−1/2
H(k−1)W (k)

)
, (3)

where Ã = A+ I as the adjacency matrix with added self-
loops, D̃ as its degree matrix,W (k) the trainable weight matrix,
and σ(·) an activation function such as ReLU. This structure
allows information to propagate across multiple hops as layers
are stacked, thereby enabling long-range dependency modeling.
Compared with traditional neural network architectures, GNNs
naturally incorporate relational inductive bias through the graph
structure, making them particularly effective in domains where
interactions among entities are as important as the entities them-
selves. In wireless communication and routing problems, nodes
can represent users, UAVs, or base stations, and edges capture
connectivity or flow constraints. Thus, GNNs offer a powerful
tool for designing adaptive, distributed, and structure-aware
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algorithms capable of generalizing across variable network
topologies.

B. Multi-Casting Routing Methods

Multicast routing has long been recognized as a critical mech-
anism in communication networks, enabling efficient point-to-
multipoint data dissemination. In traditional wired infrastruc-
ture, early approaches were built upon the theory of multicast
trees, particularly the Steiner Tree formulation, which minimizes
the total transmission cost from a single source to multiple
destinations. However, due to its NP-hard complexity, most
practical protocols opted for heuristics and approximations [33].
Protocols such as Distance Vector Multicast Routing Protocol
(DVMRP), Multicast OSPF (MOSPF), and Protocol Indepen-
dent Multicast (PIM) emerged as foundational methods in IP
multicast routing. DVMRP and PIM Dense Mode relied on
a flood-and-prune mechanism, suitable for densely populated
receiver scenarios, while MOSPF and PIM Sparse Mode in-
troduced join-based and shared-tree strategies to accommodate
sparse group distributions and improve scalability. To support
efficient delivery across provider networks, multicast was also
adapted to MPLS-based backbones through mechanisms like
point-to-multipoint Label Switched Paths (P2MP LSPs) us-
ing RSVP-TE or multipoint LDP. More recently, Bit Index
Explicit Replication (BIER) has been proposed to eliminate
per-group state in the core, offering stateless multicast through
bit-vector encoded packet headers. In wireless and mobile ad
hoc networks (MANETs), the dynamic topology and lack of
fixed infrastructure require new multicast designs. Tree-based
protocols, such as MAODV, extended unicast routing methods
to multicast delivery, while mesh-based schemes like ODMRP
provided greater resilience to mobility-induced link failures.
Other protocols, such as AMRIS and CAMP, combined tree and
mesh features to improve robustness and efficiency. Vehicular
networks (VANETs) and wireless sensor networks (WSNs) in-
troduced further specialization. VANET multicast often adopted
geocast techniques using geographic positions and road topol-
ogy to manage high mobility [34], whereas WSN multicast
prioritized energy efficiency and often leveraged group Steiner
tree heuristics under duty-cycle constraints.

With the evolution of programmable networks, software-
defined networking (SDN) has provided a centralized archi-
tecture to manage multicast more flexibly. SDN controllers
can compute optimal or near-optimal multicast trees in real
time and adjust them dynamically based on traffic and net-
work conditions. This global view enables traffic engineering,
congestion avoidance, and quality-of-service enforcement at
scale [35]. Furthermore, SDN supports innovative approaches
such as multi-group shared trees and label-based forwarding,
significantly reducing multicast state and improving adaptabil-
ity [36]. Parallel to SDN advancements, machine learning and
reinforcement learning have emerged as powerful tools for mul-
ticast optimization. Deep reinforcement learning agents have
been used to construct multicast trees that adapt to changing
topologies and traffic demands, often outperforming heuristic
methods in throughput and delay [37]. Genetic algorithms, ant

colony optimization, and other metaheuristic techniques have
also been applied to address multicast problems with multiple
conflicting objectives, such as cost, delay, reliability, and energy
consumption [38], [39]. These AI-driven approaches enable
more intelligent and context-aware routing strategies, particu-
larly in complex or large-scale networks where traditional proto-
cols may struggle. Collectively, the body of research on multicast
routing demonstrates a progressive shift from protocol-driven to
learning-driven paradigms, spanning both infrastructure-based
and ad hoc networks. However, challenges remain in achieving
low-latency, QoS-aware, and scalable multicast delivery in the
face of increasing network dynamics, service differentiation, and
resource constraints, highlighting the need for new models that
are both structure-aware and computationally efficient.

III. SYSTEM MODEL AND PROBLEM FORMULATION

In this paper, we consider a generalized minimum-cost flow
problem in which a single source node disseminates data to mul-
tiple destination nodes over a network, while satisfying hetero-
geneous flow demands across receivers. The underlying network
is modeled as an undirected weighted graph G = (V, E), where
V denotes the set of M nodes and E ⊆ V × V represents the
set of bidirectional communication links. Each edge (i, j) ∈ E
is associated with a non-negative weight e(i,j), representing the
unit transmission cost of flow between nodes i and j. The node
setV is partitioned into three disjoint subsets: the source node set
Vs, the set of destination nodes Vd, and the set of relay (routing)
nodes Vr, such that V = Vs ∪ Vd ∪ Vr. The cardinalities are
|Vs| = 1, |Vd| = K, and |V| = M . Let the single source node
be denoted by s ∈ Vs, and the destination nodes be indexed
by k = 1, 2, . . . ,K. We denote the flow variable from node i
to node j as f(i,j) ≥ 0, which represents the amount of flow
allocated along edge (i, j). The demand vector is given by
x = [x1, x2, . . . , xK ]�, where xk specifies the minimum re-
quired inflow at destination node k ∈ Vd. The decision variables
in this problem are the set of flows f(i,j)∈E that define how the
total transmission is distributed across the network links, subject
to flow conservation and demand satisfaction constraints.

The problem is formulated as follows.
Problem 1:

min
f

∑
i∈V

∑
j∈V

e(i,j)f(i,j), (4)

s.t. max
j∈V

f(i,j) ≤ max
k∈V

f(i,j), ∀i ∈ V/Vs, (4a)

max
j∈V

f(i,j) ≥ max
k

xk, ∀k ∈ Vd ∧ i ∈ Vs, (4b)

xj ≤ max
i∈V\Vd

f(i,j), ∀j ∈ Vd, (4c)

f(i,j) ≥ 0, ∀i, j ∈ V, (4d)

f(i,j) = 0, ∀e(i,j) /∈ E , (4e)

The objective in (4) is to minimize the total flow cost across all
edges of the network. Constraint (4a) ensures flow conservation
at all intermediate and destination nodes, i.e., the outgoing flow
must not exceed the total incoming flow for any node except
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the source. Constraint (4b) enforces that the total outflow from
the source is at least sufficient to meet the maximum individual
demand among destination nodes. Constraint (4c) guarantees
that each destination node receives a flow no less than its required
demand. Constraints (4d) and (4e) enforce non-negativity of
flows and topological feasibility, ensuring that flow is only
allowed on existing edges.

In our target deployment, each routing node abstracts a city-
or region-level controller in the provider core/metro network,
where link weights are administratively configured and remain
stable over minutes to hours (e.g., OSPF/IS-IS TE metrics [40],
MPLS/SRv6 path costs [41]). Hence, the unit transmission cost
e(i,j) primarily captures geography-driven transport cost, peer-
ing/egress tariff, and energy per bit; these factors vary slowly
and can be treated as fixed during a routing session.

We model the wireless access segment as piecewise-constant
over short control windows: although radio conditions fluctuate,
configurations are computed from the most recent measurements
per window and applied until the next update; thus we opti-
mize on the latest snapshot and trigger event-driven re-planning
upon significant deviations. This time-scale separation preserves
per-snapshot tree optimality, while inter-window dynamics are
absorbed by subsequent re-optimizations; snapshot-based TE
under variability follows the same regime [42]. Our sub-second
inference on practical graph sizes also ensures that such re-plans
can be executed promptly in deployment.

IV. GNN BASED MULTI-CAST METHOD

A. Problem Analysis

To gain deeper insight into the mathematical structure of
the optimization problem defined in Problem 1, we investigate
the topological and flow properties of its optimal solution. Un-
derstanding these structural characteristics not only facilitates
efficient algorithm design but also motivates the application
of graph-based learning architectures in later sections. At its
core, the optimization problem seeks to deliver flow from a
single source to multiple destination nodes, each with hetero-
geneous demand, while minimizing the total transmission cost
over a given network topology. Unlike unicast or uniform multi-
cast problems, the presence of differentiated QoS requirements
across destination nodes introduces additional complexity. Nev-
ertheless, it can be shown that the optimal solution exhibits a
highly regular topological structure that simplifies the under-
lying problem. Specifically, we establish that the set of links
carrying non-zero flow in the optimal solution forms a tree rooted
at the source node, spanning all destination nodes as leaves. This
structural insight is formalized in the following theorem.

Theorem 1: For links carrying flow, i.e., where f(i,j) > 0 and
e(i,j) ∈ E , these links form a tree structure with the source node
as the root and all destination nodes as the leaf nodes. The
flow on each link follows the direction from the root node to
the leaf nodes, corresponding to increasing depth in the tree.
The minimum flow that satisfies the outflow requirements of all
destination nodes must conform to this tree structure.

Proof: The tree structure described in Theorem 1 trivially
satisfies constraints (4b), (4d), and (4e). To satisfy constraints

(4a) and (4c), there must exist a connected path from the source
node to each destination node. The subgraph formed by the flow-
carrying links must therefore be connected. If a disconnected
subgraph exists, any component not connected to the source
node cannot deliver flow to all destination nodes. Removing such
isolated components would reduce the total cost while maintain-
ing constraint feasibility, contradicting optimality. Furthermore,
suppose the flow-carrying subgraph contains a cycle. Let v be
the node in the cycle that is closest to the source. Eliminating
the incoming link to v along the cycle preserves connectivity
and all constraint conditions, while reducing redundant flow,
yielding a lower-cost solution. Similarly, if two nodes u and v
are connected by multiple disjoint paths, any flow along one path
can be removed without violating constraints, again improving
the objective value. Lastly, if the tree includes a non-destination
leaf node, the branch leading to that node can be pruned without
affecting destination demands, further reducing cost. Thus, the
flow-carrying subgraph must be a minimal connected acyclic
structure spanning all destination nodes from the source—i.e.,
a tree rooted at the source. �

The tree structure not only ensures minimum redundancy but
also reveals how flow is shared and reused across paths toward
multiple destination nodes. To further characterize the optimal
flow allocation along shared links, we state the following lemma.

Lemma 1: In the optimal solution of Problem 1, if a link
is shared to transmit flow from the source node to multiple
destination nodes, the flow size on this link equals the maximum
outflow demand among those destination nodes.

Proof: If the flow along a shared link is less than the highest
downstream demand, then according to Theorem 1 and con-
straint (4a), the destination node with the largest demand cannot
receive a sufficient amount of flow, thereby violating constraint
(4c). Therefore, the link must carry at least the maximum de-
mand among all downstream destination nodes, and any excess
flow would violate the optimality condition. �

These structural observations play a critical role in guiding
the design of learning-based solvers. In particular, the tree-like
topology and flow propagation characteristics suggest that a
graph neural network can effectively infer link usage and flow al-
location by leveraging the hierarchical dependencies within the
network. As demonstrated in the following sections, incorporat-
ing this domain knowledge into the GNN model improves both
learning efficiency and generalization across variable network
topologies.

B. Policy-Gradient Multicast Routing Method

Building on the structural results in Section III, especially
Theorems 1 and Lemma 1, we design a reinforcement-learning
multicast routing algorithm that exploits the flow-reuse nature
of the optimal solution. Let the network be G = (V, E) with
link cost e(u, v) and user demands {xk}. Users are processed
in descending demand order, i.e., (u(1), . . . , u(K)) with x(1) ≥
· · · ≥ x(K). For k = 1, we build a minimum-cost path from u(1)

to the source. For each k > 1, we grow a path from u(k) until it
reaches any previously visited node; the newly constructed path
is then merged and downstream flow is reused. This sequential
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scheme is consistent with the tree-structured optimality and
the shared-edge maximum downstream demand property, and
it avoids redundant transmissions by construction. To account
for global cost, we cast the per-user path construction as an
episodic MDP rather than solving independent shortest paths.
Naively selecting the locally shortest route for each user can
raise the cumulative cost of later users by eliminating profitable
reuse opportunities. In contrast, our policy-gradient formulation
optimizes long-term return, explicitly trading off immediate
transmission cost and downstream reuse.

1) State: At user k and decision step t, the state is

st =
(
G, V(k)

inflow, Pt

)
, (5)

where V(k)
inflow ⊆ V collects visited/inflow-enabled nodes created

by users 1:k−1, and Pt ⊆ V is the current partial path for u(k)

whose last node is ut. The candidate set is

Nt � { v ∈ V : (ut, v) ∈ E }. (6)

2) Action: Choose the next node vt ∈ Nt ∪ V(k)
inflow. If vt ∈

V(k)
inflow, the episode terminates and the completed path Pk is

merged:

V(k+1)
inflow = V(k)

inflow ∪ Pk, (7)

Pt+1 = ∅. (8)

Otherwise, set Pt+1 = Pt ∪ {vt} and continue.
3) Reward and Objective: At each step

rt = −x(k) e(ut, vt), (9)

so the return is R =
∑

t γ
trt with discount γ ∈ (0, 1). Maxi-

mizing E[R] aligns the policy with minimizing expected total
transmission cost while preserving future reuse potential.

C. Graph Attention Based RL Method

To learn efficient routing decisions under the sequential,
demand-aware multicast formulation, we propose a graph policy
network (GPN) based on a graph attention network (GAT)
encoder and an LSTM-based path history aggregator [39], [43].
Since we apply reinforcement learning to guide node-wise rout-
ing decisions, the model cannot receive immediate feedback
after each action. The final reward—total transmission cost—is
only available after a complete path is formed. Moreover, due to
the discrete selection and max-aggregation over path lengths, the
objective function is non-differentiable with respect to the neu-
ral network parameters. Therefore, we adopt a policy gradient
method to update the GPN parameters. The GPN consists of two
primary components: a GAT-based encoder and an LSTM-based
path aggregator. The encoder is responsible for learning node
embeddings that reflect both local topology and demand context,
while the decoder uses these embeddings to guide next-hop
selection during path construction.

1) GAT Encoder: The encoder is built upon the Graph At-
tention Network (GAT), which enhances traditional GNNs by
learning attention weights for each neighbor rather than assign-
ing them equal importance. For each node i and its neighbor

j ∈ N (i), the GAT computes attention coefficients αij as fol-
lows.

eij = LeakyReLU
(
a�[Wxi, |,Wxj ]

)
, (10)

αij =
exp(eij)∑

k∈N (i) exp(eik)
, (11)

where W is a shared linear transformation, a is a trainable
attention vector, | denotes concatenation, and xi is the input
feature of node i. The updated node embedding hi is then
computed as:

hi = σ
(∑

j ∈ N (i)αijWxj

)
, (12)

where σ(·) is an activation function, such as ReLU. This mech-
anism enables the encoder to attend differently to neighbors
based on their relevance to the current graph state and demand
structure.

2) LSTM-Based Path History Aggregator: To capture the
sequential dependency of selected routing nodes, an LSTM
is used to aggregate features from previously chosen nodes.
This component allows the policy to consider the history of
decisions made, which is essential since routing is constructed
incrementally. At each routing step t, the LSTM state is updated
as follows.

ht, ct = LSTM(xt;ht−1, ct−1), (13)

where xt is the GAT-encoded feature of the t-th selected node,
and (ht, ct) denote the hidden and cell states of the LSTM,
encoding the cumulative representation of the selected path. The
initial input to the LSTM is the GAT embedding of the user node
being routed.

3) Attention-Based Decoder: The decoder computes the pol-
icy distribution over the candidate next-hop nodes based on
attention between the LSTM’s current hidden state and the
GAT-encoded candidate node features. For each candidate node
v ∈ Vnext, an attention score is computed as follows.

ptv =

{
(ht−1)� tanh(W2xv +W3h

t−1) if v /∈ Pt,
−∞ otherwise,

(14)

whereW2 andW3 are trainable weight matrices, andPt denotes
the set of nodes already in the selected path (to prevent loops).
The softmax function is then applied to normalize the scores and
obtain the probability distribution over actions as follows.

πθ(st, at) = Softmax(ptv). (15)

The next-hop node is sampled from this distribution during
training or selected greedily during inference. This selection
strategy enables the policy to balance local cost (edge weight)
and global path optimality learned through accumulated reward.

Theorem 2: On sparse graphs with |E| = Θ(|V|) and
fixed H,K, the GA-based routing algorithm is at least
Ω(GPU log |V|) times more expensive than the proposed
GPN method. If G,P are treated as constants, the gap is
Ω(|Vd| log |V|).

Proof: GPN computes one graph encoding and reuses em-
beddings; thus TGPN = O(|V|H2K + |E|HK) = Θ(|V|) when
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H,K are fixed and |E| = Θ(|V|). In our GA implementa-
tion, each generation evaluates P individuals, and each fit-
ness evaluation performs up to |Vd| weighted shortest-path
runs. Using Dijkstra, one run costs Θ((|E|+ |V|) log |V|) =
Θ(|V| log |V|) on sparse graphs. Hence over G generations:
TGA = Θ(GP |Vd| |V| log |V|), so TGA

TGPN
= Ω(GP |Vd| log |V|). If

G,P are constants, this reduces to Ω(|Vd| log |V|), where G is
the number of generations, P the population size, H the hidden
dimension, and K the number of attention heads. �

Our proposed GPN contains fewer than 3 M parameters under
our settings, resulting in a memory footprint of less than 50 MB
during inference. This compact design enables deployment on
resource-constrained edge devices (e.g., base stations or UAV
relays). Since inference only involves forward propagation with-
out iterative search, the model achieves predictable latency and
low energy cost, further validating its suitability for real-time
multicast routing in 6G environments.

V. EXPERIMENT

A. Experimental Setup

To evaluate the performance of our proposed GNN-based
multicast routing algorithm, we conduct experiments on syn-
thetic network topologies generated using the NetworkX library.
We consider two evaluation settings: (1) varying the number of
nodes and users to assess the generalization ability of the model,
and all graphs are generated with a fixed degree of 4 except the
comparison for varying fixed node degre and varying average
degree, ensuring moderate connectivity while preserving topo-
logical diversity., and (2) fixed-scale graphs with 50 nodes and
12 users, where the average node degree is controlled at 3, 4,
5, 6, and 7 to analyze performance under different topological
densities. User demand levels are categorized as high (1.0),
medium (0.5), and low (0.25), with approximately one-third of
users randomly assigned to each level in every experiment. For
each configuration, we generate 100 random graphs to account
for statistical variance and ensure robustness of the evaluation.
This simulates a realistic scenario of differentiated video service
requirements in 6G networks.

We compare our method with the following baselines:
� Shortest Path Routing (Dijkstra),
� Genetic Algorithm (GA),
� Bee Colony Optimization (BCO) [39],
� Dynamic Programming (DP), serving as a computation-

ally expensive yet theoretically optimal reference.
� Graph Attention Network (GAT) baseline with demand-

awareness, sequential routing, and flow reuse [32].
All models are implemented in Python using NetworkX and

PyTorch Geometric (PyG), and all experiments are conducted
on a workstation equipped with an Intel(R) Xeon(R) Silver
4214R CPU and an NVIDIA RTX 3090 GPU. To highlight
inference efficiency, we report the logarithm (base 10) of the
routing time for each method, as the execution times across
different algorithms vary by several orders of magnitude. This
logarithmic transformation provides a more interpretable and
visually balanced comparison on performance charts. In ad-
dition, we present qualitative visualizations of routing paths

generated by various algorithms—including our method, GAT,
shortest path, and the dynamic programming-based theoreti-
cal optimum—to intuitively illustrate structural efficiency, path
reuse, and differentiated service routing in complex topologies.
A comprehensive summary of all experimental results under
different configurations is provided in Table I.

In our experiments, we set the hidden dimensionH = 128 and
the number of attention heads K = 4, which provide a practical
balance between accuracy and efficiency. Increasing H or K
yields marginal performance gains at the expense of memory and
computation, whereas smaller values reduce the footprint but
degrade accuracy. We train with Adam (learning rate 5× 10−4),
gradient–norm clipping at 1.0, and a MultiStepLR scheduler
with milestones every 500 steps and decay factor γ = 0.96. Each
run uses a batch size of 16 for 20 epochs with 2,500 steps per
epoch. Training and validation graphs contain 30 nodes and
9 users; edges are sampled from an Erdős–Rényi model with
p=0.10 (training) and p=0.08 (validation). A fully connected
virtual hub node is included; virtual edges take an effective
cost of 10 during reward computation. User–demand weights
are {1.0, 0.5, 0.25} for the first, middle, and last third of users,
respectively, with index normalization by MAX_USER=20. In
the pointer module, logits are scaled by 10 before the softmax,
and we add 10−15 for numerical stability. Validation uses a batch
size of 8 with the same graph and user sizes.

B. Illustrative Example

Consider a source s and three destinations u1, u2, u3 with het-
erogeneous demands x = [x1, x2, x3] = [4k, 2k, 1k] (arbitrary
units). By Theorem 1, the optimal solution forms a tree; by
Lemma 1, the flow on any shared edge equals the maximum
downstream demand. As illustrated in Fig. 2, u1 and u2 share
an upstream link from s with flow max{x1, x2} = 4, while u3

is routed along a separate branch with flow x3 = 1. The total
transmission cost is

C = e(s,a) ·4 + e(a,u1) ·4 + e(a,u2) ·2 + e(s,b) ·1 + e(b,u3) ·1
= 21(k),

where the unit edge costs e(·,·) are annotated in Fig. 2.
Our formulation naturally fits production deployments span-

ning CDN/edge multicast for live and on-demand video,
5G/6G multicast-broadcast services (MBS) and campus IPTV,
XR/holographic telepresence, V2X HD map and perception up-
dates, and public-safety alerts across administrative domains,
where metro/core links are predominantly distance- and tariff-
driven and thus well modeled by fixed weights; in all cases, path
reuse across heterogeneous QoS aligns with our tree-optimality
analysis and the sequential, demand-aware routing policy, en-
abling lower total flow under practical cost/latency constraints.

C. Routing Cost Comparison Across Algorithms

To assess the routing efficiency in terms of total transmission
cost, we compare our proposed method with four baseline al-
gorithms under various network configurations. The evaluation
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TABLE I
PERFORMANCE COMPARISON UNDER VARYING GRAPH CONFIGURATIONS. A COMPOSITE COST-DELAY SCORE IS USED TO JOINTLY EVALUATE ROUTING

EFFICIENCY AND LATENCY, DEFINED AS 2× COST + log10(DELAY).

Fig. 1. Routing path comparison example under sequential user arrivals. Each row illustrates the step-by-step routing process of a different algorithm (Dijkstra
vs. GPN(ours)), with the total transmission cost accumulated across all user demands.

Authorized licensed use limited to: University of Waterloo. Downloaded on April 07,2026 at 16:11:15 UTC from IEEE Xplore.  Restrictions apply. 



5996 IEEE TRANSACTIONS ON MOBILE COMPUTING, VOL. 25, NO. 5, MAY 2026

Fig. 2. Routing example.

Fig. 3. Total routing cost vs. number of nodes (users = 12).

focuses on how the total flow cost changes with respect to
network scale, connectivity, and user group size.

1) Varying Node Count (Users = 12): We first analyze the
routing cost as the number of nodes increases from 30 to
50 in steps of 5, while keeping the number of users fixed at
12. As shown in Fig. 3, our method consistently outperforms
the shortest path and GAT-based approaches across all node
sizes. Compared to the bee colony optimization baseline, GPN
achieves similar performance, while it shows slightly higher cost
than the genetic algorithm and the dynamic programming solu-
tion. Nonetheless, our model offers significantly better inference
efficiency than these more computationally intensive methods,
making it a practical alternative for large-scale scenarios. No-
tably, the shortest path method, despite incorporating a node
reuse mechanism, still results in the highest transmission cost
throughout. This is because it treats each user independently,
failing to consider shared routes or the correlation between
destination nodes, thus leading to redundant and fragmented
paths.

2) Varying Average Degree (Nodes= 50, Users= 12): Next,
we examine the effect of increasing average node degree from
4 to 6 under a fixed network size of 50 nodes and 12 users. The
results are illustrated in Fig. 4. As the connectivity becomes
denser, all algorithms generally benefit from greater routing
flexibility, resulting in reduced overall flow cost. Consistent with
previous results, GPN outperforms shortest path and GAT by a
significant margin and performs on par with BCO. It exhibits

Fig. 4. Total routing cost vs. average degree (nodes = 50, users = 12).

Fig. 5. Total routing cost vs. fixed node degree (nodes = 50, users = 12).

slightly higher cost than the GA and DP baselines, which remain
the most cost-efficient overall. This again confirms that GPN
achieves a strong balance between routing efficiency and com-
putational feasibility. Notably, shortest path routing continues to
yield the highest cost even with increased connectivity. Although
we enhanced it with a basic node reuse mechanism, it remains
fundamentally incapable of capturing correlations among users,
leading to fragmented routing and poor overall efficiency.

3) Varying Fixed Node Degree (Nodes = 50, Users = 12):
In addition to average connectivity, we evaluate scenarios with
fixed node degrees of 3, 4, 5, and 6. As shown in Fig. 5, our
method consistently achieves competitive performance, with
routing cost comparable to BCO and significantly lower than
GAT and shortest path. It remains slightly behind GA and the
DP reference, which continue to yield the lowest cost. These
results confirm that our method maintains its effectiveness even
under strict topological constraints. The shortest path approach
again performs the worst despite the inclusion of a node reuse
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Fig. 6. Routing cost vs. number of users (1–6), nodes = 50.

enhancement. Its inability to jointly optimize routes across mul-
tiple users results in inefficient path construction, especially in
topologies with constrained degrees.

4) Small Number of Users (1 to 6): To evaluate the impact of
user count on routing performance under light multicast demand,
we test the system with a fixed network size of 50 nodes and
vary the number of users from 1 to 6. As illustrated in Fig. 6,
the total routing cost increases with the number of users for all
methods. Notably, this increase is not strictly linear, which can
be attributed to the heterogeneous service demands of the added
users. Since each new user may request a different video quality,
the extent to which their demand can be satisfied through flow
reuse varies. This leads to fluctuations in the marginal increase
of transmission cost, as observed in the figure. Our proposed
method (GPN) consistently achieves performance close to the
theoretical optimum (DP), with minimal deviation, and remains
competitive with heuristic approaches such as GA and BCO.
In contrast, GAT and shortest path routing incur substantially
higher costs, underscoring their limited capability to coordinate
multicast flows under differentiated low-demand conditions.
These results demonstrate that even with a small number of
users, GPN can effectively construct near-optimal multicast
routes that efficiently leverage shared paths.

5) Large Number of Users (6 to 15, step= 3): We further ex-
tend the evaluation to scenarios with heavier multicast demands.
The number of users is varied from 6 to 15 in steps of 3, under the
same 50-node network. The results, shown in Fig. 7, demonstrate
that GPN continues to scale effectively. While routing cost
naturally increases with more destinations, the relative perfor-
mance trends among algorithms remain consistent with previous
settings. Specifically, GPN achieves routing cost close to BCO,
and slightly higher than GA and the optimal DP baseline. In
contrast, GAT and shortest path methods exhibit significantly
steeper cost increases, reflecting their limited ability to aggregate
delivery paths. These findings confirm that GPN provides a
strong balance between efficiency and performance, making it
well-suited for dynamic and large-scale multicast scenarios.

Fig. 7. Routing cost vs. number of users (6–15), nodes = 50.

D. Statistical Comparison Under Fixed Conditions

To provide a deeper statistical understanding of each al-
gorithm’s performance under consistent network settings, we
visualize the distribution of total routing costs using violin plots.
These plots illustrate not only the mean and variance, but also
the density of results over 20 random graph instances, revealing
the stability and reliability of each method.

1) Scenario: 30 Nodes, 12 Users: As shown in Fig. 9, GPN
demonstrates a compact and low-cost distribution, with mean
performance comparable to GA and BCO, both of which also
show strong results. In contrast, the shortest path method pro-
duces much higher average cost and greater variability, as it
independently constructs routes for each user without consider-
ing the overall multicast structure. The dynamic programming
solution achieves the best performance overall, with the most
concentrated distribution and the lowest mean cost, serving as a
theoretical optimum for reference. GPN’s results closely follow
those of DP, confirming its near-optimal behavior even in smaller
topologies.

2) Scenario: 50 Nodes, 12 Users: In Fig. 10, GPN maintains
a tight and low-cost distribution in larger network settings. It
performs comparably to GA and BCO, both of which continue
to exhibit good routing efficiency and stable outcomes. Com-
pared to GAT, GPN shows a more concentrated distribution
and slightly lower average cost, highlighting its robustness and
consistent behavior. Again, the DP baseline achieves the lowest
cost with the smallest variance, and GPN remains very close in
both average performance and spread.

Under higher user demand, Fig. 11 shows that GPN maintains
strong performance. Although the routing cost increases for
all methods, GPN still achieves low mean cost and compact
variance, comparable to GA and BCO. The shortest path method
continues to perform the worst, showing both higher mean cost
and broader spread. The DP baseline remains the most efficient
and stable, and GPN’s distribution again aligns closely with it,
demonstrating the scalability and consistency of our approach
even in complex scenarios.
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Fig. 8. Routing path comparison under a fixed 50-node topology with 3, 4, and 5 users. Each column corresponds to a user configuration; each row shows the
result of a different algorithm.

Fig. 9. Routing cost distribution under 30 nodes and 12 users.

Fig. 10. Routing cost distribution under 50 nodes and 12 users.

To provide an intuitive comparison of the routing structures
produced by different algorithms, we present a visual analysis
based on several fixed small-scale networks. In this controlled
setting, we manually select three representative multicast con-
figurations with 3, 4, and 5 destination users, respectively. The
underlying graph topology and user placements are carefully
chosen to expose the strengths and limitations of each algo-
rithm’s routing behavior in a visually interpretable way. For
illustration purposes, the routing costs are generated with ran-
domness to focus on comparing the overall structure, aggrega-
tion quality, and routing strategy exhibited by each method. As
shown in Fig. 8, the shortest path algorithm consistently yields
the highest routing cost across all configurations. Its disjoint

Fig. 11. Routing cost distribution under 50 nodes and 15 users.

and greedy unicast routing strategy lacks any consideration of
shared structure or user correlation, resulting in extensive path
redundancy. While the graph attention network demonstrates
some capability for reusing intermediate nodes, it often fails
to discover globally optimal or compact routes due to limited
ability to fully capture graph-wide dependencies. Its routing
structures appear fragmented and inefficient, especially as the
number of users increases.

In contrast, our proposed GPN model exhibits robust and
coherent routing patterns that are both well-aggregated and
cost-effective. Across all three multicast settings, GPN closely
follows the routing structures produced by dynamic program-
ming, which serves as the theoretical optimum. GPN is able to
implicitly model user relationships and topological regularities,
allowing it to construct efficient routes with minimal overhead,
even without explicitly enumerating optimal paths as DP does.
This visual comparison further validates the effectiveness of
GPN in generating centralized, reusable multicast paths that
scale well with user demand, offering a practical balance be-
tween structural quality and computational efficiency.

E. Time Consumption Comparison

Inference time is a critical metric for evaluating the practical
deployment of multicast routing algorithms, especially in real-
time systems. In this section, we compare the execution time
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Fig. 12. Log10 execution time vs. number of users (1–6 and 9–15), nodes =
50.

of all methods under varying numbers of users, while keeping
the network size fixed at 50 nodes. Since the time differences
between algorithms span several orders of magnitude, we report
the results using the logarithm (base 10) of execution time.

As shown in Fig. 12, the proposed GPN model achieves
consistently low inference time across all user counts. From
1 to 6 users, GPN, GAT, and shortest path routing maintain
sub-second execution times, with only minor increases. For 9,
12, and 15 users, GPN continues to scale effectively, while
heuristic methods such as GA, BCO, and DP exhibit rapidly
increasing runtime due to their high algorithmic complexity.

Among all methods, GPN offers the best trade-off between
routing quality and computational cost. It is significantly faster
than GA, BCO, and DP, and achieves even lower routing cost
than GAT and shortest path methods. These results confirm the
suitability of our method for real-time, large-scale multicast
routing in next-generation networks.

F. Incremental Routing With Dynamic User Addition

In practical multicast scenarios, user demands may arrive se-
quentially or in bursts. Traditional algorithms, such as GA, BCO,
and even shortest path routing, must recompute the entire routing
structure from scratch whenever the destination set changes,
resulting in significant latency and computational overhead. In
contrast, our proposed GPN model supports efficient incremen-
tal rerouting: when new users are added, the model can rapidly
integrate them into the existing delivery structure by intelligently
reusing and merging previously optimized paths. This design
enables low-latency updates while avoiding redundant computa-
tion. Although graph attention networks can also support similar
sequential routing mechanisms, our experiments reveal that GAT
incurs slightly higher routing cost in the incremental setting,
indicating its limited adaptability to dynamic user updates.

To evaluate this property, we simulate dynamic user addition
on a 50-node graph. Starting from an initial routing plan for 9
users, we incrementally add 1, 2, and 3 new users and compare
the results across multiple algorithms. Figs. 13 and 14 illustrate

Fig. 13. Routing cost under dynamic user addition (initial: 9 users, nodes =
50).

Fig. 14. Log10 execution time under dynamic user addition (initial: 9 users,
nodes = 50).

the resulting changes in routing cost and execution time, respec-
tively, while Tables I summarize the statistical results. These
comparisons demonstrate that GPN not only achieves rapid
adaptation to user-set changes but also maintains low transmis-
sion cost, outperforming both traditional heuristics and neural
baselines such as GAT in terms of efficiency and scalability.

G. Ablation Study

We conduct an ablation experiment on a graph with 30 nodes
and 12 users, where the full GPN model is compared with
variants that replace the GAT encoder with a generic GNN,
remove the LSTM decoder, or substitute the attention-based
pointer with an MLP scorer. As shown in Fig. 15, replacing the
GAT with a generic GNN causes a large increase in transmission
loss, highlighting the critical role of multi-head attention in
capturing graph structure. In contrast, removing the LSTM or
replacing the attention-based pointer with an MLP only leads to
minor performance drops, indicating that these modules have a
smaller impact on overall effectiveness.
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Fig. 15. Ablation study on the 30-node, 12-user case.

VI. CONCLUSION

In this paper, we have presented a robust and scalable mul-
ticast routing framework leveraging graph neural networks and
reinforcement learning to address the critical challenges of het-
erogeneous QoS demands, network dynamism, and scalability
limitations inherent in traditional multicast routing methods.
Comprehensive experiments underscore the superior perfor-
mance in minimizing transmission costs and enhancing com-
putational efficiency for real-time deployment of our approach,
which is well-suited for future multimedia streaming applica-
tions within the evolving landscape of 6G networks. In future
work, we will explore how to extend our proposed method to
address multi-source multicast and coordinated scheduling of
multi-resolution video streams.
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