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Abstract—Flexible Network Service composition is a fundamen-
tal enabler for the design of 6G networks, where network services
are modeled as ordered Service Function Chains (SFCs) with het-
erogeneous Virtual Network Functions (VNFs). However, dynamic
traffic generated by end users and dynamic network resource
infrastructure utilization make online context-aware and resource-
efficient SFC composition challenging. While Deep Reinforcement
Learning (DRL) has been explored for this task, the multimodal
nature of traffic and the variable-length inputs limit achievable
performance. To address these challenges, we propose an attention-
based actor—critic framework that integrates Transformer self-
attention and encoding to capture variable-length SFC states and
inter-VNF dependencies. The learned representations are then
used by an actor—critic policy to sequentially select resource-
aware composition actions, enabling adaptive and efficient service
chain construction under dynamic network conditions. Extensive
simulations show that our proposed transformer-augmented actor-
critic DRL achieves faster policy convergence, lower bandwidth
and computational resource consumption, and higher deadline
satisfaction rates compared to state-of-the-art baselines.

Index Terms—6G Network, Flexible Network Service Composi-
tion, Attention-Based Deep Reinforcement Learning

I. INTRODUCTION

The introduction of Network Function Virtualization (NFV)
and Software Defined Network (SDN) [1] has enabled greater
agility and flexibility in how network operators design, manage,
and deploy network services. Fixed chains of VNFs requested
by tenants result in suboptimal chain allocation, directly af-
fecting revenue and incurring high operational costs [2], as
network operators are unable to restructure the chains to fit
their network infrastructure. Given the ordering of VNFs is
not always entirely fixed, certain VNFs have strict functional
dependencies (e.g., the network flow must be decrypted before
it can be further processed), while others can be arranged
more flexibly (e.g., there is no strict dependency between
Intrusion Prevention System (IPS) and Traffic Monitoring (TM)
VNFs); therefore, multiple chains can satisfy the same Network
Service (NS). Consequently, determining the optimal chain
configuration for each NS is very important for Internet Service
Providers (ISPs).

Although several studies propose multiple Service Function
Chain (SFC) structures for a single network service through
VNF parallelization and dynamic ordering [3], determining
which SFC structure is optimal is known as the service chain
composition problem. Service chain composition refers to the

ISBN 978-3-903176-82-9 © 2026 IFIP

Original VNFs dependence
@‘N(Enc\/-ﬂLB‘ FW TM—>D€C+§T]

Optimal SFC

Possible SFC configurations

PP, AN ()
[&E>Enc)>(LB, Deg—~cH
- @ > J

“ (TM -

Composition
Orchestrator

&> Ench> LB>Tv > FW>Decs
o W U
) Network state

[ Physical Network Infrastructure

No dependancy —> Strict dependence - --»> Traffic splitting

Fig. 1: High-level policy-driven optimal network service composition.

dynamic integration, chaining, and ordering of multiple ho-
mogeneous or heterogeneous VNFs into sequential or parallel
SFC structures [4]. However, constructing an optimal, cus-
tomized, real-time SFC with multiple paths tailored to a specific
application remains an NP-hard combinatorial optimization
problem [5].

To illustrate flexible service composition, consider the sce-
nario depicted in Figure 1. End-to-end service requests that
follow Encryption (Enc), Load Balancer (LB), Firewall (FW),
TM, and Decryption (Dec) arrive at the management plane with
service specifications and logical VNF dependencies, shown as
Original VNFs dependence. By exploiting the traffic-splitting
capability of the LB VNF and the flexible ordering capability
of TM, the composition orchestrator can derive multiple feasible
SFC realizations (Possible SFC configurations) from the same
logical service specification, where certain VNF dependencies
are modeled as flexible rather than strictly sequential. The
orchestrator selects the most resource-efficient configuration
(Optimal SFC), while accounting for dependency constraints
and the network state. The composition process is further
detailed in Section III-A.

DRL methods [6], [7], [8] are widely adopted for SFC
composition due to their adaptability to dynamic networks
and their near-optimal decision-making capabilities. However,
DRL models often suffer from low sample efficiency, unstable
training, and limited robustness to abrupt changes in network
state (e.g., resource bottlenecks, node failures, or traffic surges).
Moreover, fixed-dimensional state and action representations
hinder support for variable-sized and customized multi-path



SFCs, heterogeneous requests with varying numbers of VNFs,
and unstructured data such as network intents, logs, and multi-
modal traffic [9], ultimately leading to poor generalization.

Motivated by the above limitation, this work aims to address
the following research question: How can the order of VNFs
be optimally decided in an online manner by adaptively
selecting and chaining heterogeneous VNFs under dynamic
service demands and resource utilization, to provision re-
silient End-to-End (E2E) network services while satisfying
upper-layer application performance requirements?

We propose a Transformer-Augmented Deep Reinforcement
Learning (TDRL) framework for adaptive SFC composition
decision leveraging the Transformer’s capability to capture both
local and global inter-VNF dependencies, enabling it to handle
variable-length, high-dimensional network states and heteroge-
neous VNFs. Each VNF is represented as a token, and the entire
SFC is modeled as a sequential input, allowing the framework
to learn ordering constraints and long-range interactions among
structured and unstructured multi-modal data flows, leveraging
multi-head attention. The proposed approach dynamically se-
lects resource-efficient, optimized SFC structures for informed
E2E service composition decisions. The key contributions of
this work are outlined as follows:

« We formulate the service chain composition problem as

a multi-objective, constrained combinatorial optimization
problem that considers functional dependencies while ac-
counting for computing and network resources, and we
further model it as a Markov Decision Process (MDP) to
enable online optimal service chain composition decision.

« We propose a novel TDRL architecture for SFC composi-
tion in dynamic networks, augmenting both actor and critic
networks with a decoder to capture temporally context-
dependent inter-VNF traffic processing and unstructured
multi-modal data within each VNF. Through multi-head
attention, where each head learns complementary aspects
of the optimization problem, including context-aware rout-
ing, long-range inter-VNF dependencies, position of VNF,
and the topological suitability of the underlying network
infrastructure for efficient resource allocation.

o We evaluate the performance of TDRL through extensive
experiments, achieving faster convergence and lower band-
width and compute resource consumption than state-of-
the-art approaches.

The remainder of this paper is organized as follows. Section
IT explains the related works. Section III describes flexible
network service composition in 6G, and Section IV presents
the system model. Section V introduces the proposed TDRL
approach. Section VI evaluates the proposed TDRL. Finally,
Section VII concludes the paper.

II. RELATED WORKS

The efficient NFV resource allocation problem involves three
main stages: service chain composition, SFC placement, and
SFC scheduling. Several approaches, such as exact math-
ematical optimization [10], rule-based strategies [11], data-
driven learning models [7], and Generative Al-assisted DRL

approaches [12], have been proposed for optimal SFC com-
position optimization. Ardagna et al. [13] formulate service
composition as an ILP problem; however, the problem’s NP-
hard nature leads to high computational complexity and limited
adaptability in dynamic, large-scale networks. Wang et al. [11]
adopt topology-based service composition methods with rule-
based static policies modeling, which remains unsuitable for
highly dynamic network environments.

Bian et al. [14] propose a game-theoretic learning framework
to enhance adaptability via distributed decision-making; how-
ever, its reliance on prior knowledge of the environment and
the game structure limits its applicability in highly dynamic
networks and in inter-VNF modeling. Ning et al. [6] proposed
a DRL-based framework that learns virtual link weights from
dynamic traffic to optimize latency and resource utilization.
Its fixed-state representations and limited temporal modeling
constrain scalability and generalization; to solve these lim-
itations, advanced variable-size handling learning-based ap-
proaches, such as the transformer, are needed.

Wang et al. [15] proposed graph-structured network repre-
sentations, Graph Neural Networks (GNNs), with a pointer-
network-based RL model for QoS-aware sequential composi-
tion, but graph aggregation and recurrent decoding limit long-
range dependency modeling.Heo et al. [16] propose a topology-
aware GNN-assisted DRL framework with strong generaliza-
tion; however, it is unable to model the spatio-temporal depen-
dence between VNEF. Sun et al. [9] combine Generative Al with
DRL to improve sample efficiency and generalization for adap-
tive SFC placement, but their scope is limited to placement. Hsu
et al. [12] propose a Transformer-based actor-critic framework
for sequence-aware SFC partitioning, improving acceptance
rate via self-attention; however, it assumes predefined linear
chains, whereas practical SFCs may form complex graphs with
dynamic topologies.

Although mathematical optimization guarantees optimal so-
lutions, it suffers from computational complexity and limited
adaptability in dynamic, large-scale networks. Rule-based and
heuristic methods are limited by rigidity, unable to learn, and
struggle to adapt to complex network scenarios. Conventional
data-driven models improve adaptability; however, they struggle
to capture real-time network state information during sudden
spikes or faults. Instead, the proposed TDRL leverages attention
mechanisms to model complex traffic dependencies and learn
adaptive service-composition policies in dynamic environments,
enabling efficient service-chain optimization.

III. END-TO-END FLEXIBLE NETWORK SERVICE
COMPOSITION IN 6G NETWORK ARCHITECTURE

Although Service-Based Architectures (SBAs) provide flex-
ibility in modern network design, resource-efficient network
service composition requires intelligent Al-based approaches
that enable loosely coupled VNFs to discover and interact
seamlessly, and adapt to dynamic network resource utilization
and evolving service demand. We consider a generic system-
level architecture for a 6G network over a distributed network
infrastructure, as illustrated in Figure 2. End-user devices, such



as IoT devices, third-party applications, and Augmented Reality
(AR) headsets, generate heterogeneous, dynamic traffic with
application-specific requirements.

A. Dynamic Service Chain Composition: Illustrative Example

Dynamic traffic demands are triggered by application ser-
vice requests and characterized by a set of network service
descriptors for each VNF, as shown in the illustrative example
in Figure 2 (Step (D). The service descriptors are summarized
in the table and include the following information: (i) the
initial service demand (Gbps); (ii) the set of VNFs, denoted
by {VFi Vk2 . Vil with corresponding compute demand
values of 40, 30, 50, and 60 [CPU cycles/Gbps] and data
rate ratios of 120%, 40%, 60%, and 50%, respectively, and
(iii) the functional dependency relationships among the VNFs,
as illustrated by the dependency graph. The compute demand
indicates the required processing effort per unit input traffic
[CPU cycles/Gbps]. The data rate ratio is the traffic-volume
increment factor for a VNF, defined as the ratio of its outgoing
to incoming data rates [%]. The symbol “—” indicates that the
VNFs that follow can process the data only after the preceding
VNFs have completed their processing, while the symbol “—”
indicates possible flexibility in the ordering of the VNFs.

The composition orchestrator considers high-level network
information and measures the resource requirements of each
SFC structure (Step (2)). For instance, we can drive two possible
SFC structures for a single service request as depicted in Fig-
ure 2. The bandwidth requirement of the first structure with the
link between V*1 and V'*2 is 1.2 Gbps, obtained by multiplying
the incoming load of V¥ (i.e., 1Gbps) by its data rate ratio
120%. The compute demand of V*2 is 36 CPU cycles, obtained
by multiplying its incoming traffic load (i.e., 1.2 Gbps) by its
processing requirement of 30 (CPU cycles/Gbps). Using the
same procedure, the total BandWidth (BW) and computational
demands of candidate SFC chain 1 are calculated, resulting in a
total BW requirement of 2.97 Gbps and a total compute demand
of 113 cycles. Similarly, the total BW requirement and compute
demand for candidate SFC chain 2 are 2.5 Gbps and 110 cycles,
respectively. Finally, the composition orchestrator selects the
least-resource-demanding chain (Step (3)).

B. Service Composition Workflow in 6G Network Architecture

The complete service chain composition has been proposed
as part of the 6G-Cloud architecture [17]. The service chain
composition process in service-based architectures encompasses
steps such as service request treatment, service discovery,
network service descriptors (NSD) instantiation, VNF selection,
ordering, and execution, while adapting to dynamic network
conditions. This dynamic composition is based on the use
of NSDs, which are standardized specifications that define
the structural, functional, and lifecycle properties of network
components. NSDs specify the topology of network services
composed of multiple VNFs, including their chaining, access
points, operational policies, service-flow dependencies, logical
connectivity flows, and the processing and rate of traffic volume

variation of individual VNFs to create complete E2E service
chains. The overall procedure consists of the following steps.

1) Service request and discovery: A service is requested
for a Network Service that specifies a Service Level Agreement
(SLA). The Master Service Orchestrator (MSO) identifies high-
level service requests with a given SLA. This SLA details
critical service parameters, including maximum latency, mini-
mum bandwidth, availability, security policies, and other quality
attributes. The system consults the Assets Repository (ARep)
and service registry to identify available VNFs and Network
Functions (NFs) capable of fulfilling parts of the requested
intent. This repository contains predefined catalogs of VNF,
including RAN and Core VNFs. This results in a candidate
pool of service components matching the intent’s requirements.

2) Composition logic and NSD instantiation: The rela-
tionships among selected VNFs and components are analyzed
considering dependencies between VNFs. Strong dependencies
represent mandatory, tightly coupled relationships. Weak de-
pendencies denote preferred but non-mandatory ordering or
interaction. Using dependency analysis, the VNFs are arranged
into an SFC, a linear or partially ordered sequence reflecting the
flow of traffic/services through network functions. This SFC is
then expanded into a composition structure, which may include
branching, parallelism, or optional paths based on dependencies
and intents. This results in a logical blueprint in the form of
an NSD. This descriptor guides orchestrators and management
systems on service instantiation.

3) Composition implementation: The VNFs and compo-
nents described in the Network Service Director are deployed
onto the physical or virtual infrastructure. Simultaneously, ser-
vice bus bindings are established to connect components via
APIs, message buses, or event streams, ensuring they operate
cohesively within the service chain. This results in a fully
instantiated, interconnected, and operational network service.
An advanced approach to composition involves dynamically
selecting the ordering of VNFs based on real-time resource
availability and variable resource demands, optimizing perfor-
mance and resource utilization while satisfying dependencies
and service constraints. This paper focuses on the final step in
implementing service chain composition.

IV. SYSTEM MODEL AND PROBLEM FORMULATION
A. System Model

An overview of our system model is depicted in Figure 2,
where service demands are continuously generated by users and
arrive at the orchestrator online. We consider a scenario involv-
ing an edge-cloud continuum distributed infrastructure modeled
as a connected undirected graph G = (V,E, W), where V
and E denote the sets of physical network nodes and links,
respectively. Each node v € V represents a physical network
entity, such as an extreme-edge node, an edge server, or a central
cloud server. The available CPU/GPU resources are described
as a function of time ¢ to indicate the physical server’s dynamic
resource utilization, with real-time capacity C;(¢) [cycle/s].
The weight function W : E — R™ represents the bandwidth
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Fig. 2: System model for flexible network service composition with service requests descriptors, and their dependency graph.

capacity of each link. Each link (v;,v;) € E corresponds to
a physical network link, representing a high-speed fiber link
between nodes, whose available bandwidth varies over time and
is described as a function of time B;;(t) [bit/s]. We consider
a set of end-to-end service requests F' = {fi, fo,..., fn}
arriving at the composition orchestrator over time follows a
Poisson process with mean arrival rate A\, where N denotes the
total number of SFC requests. We model a system in which a
single request is selected at a given time. We further define a
single SFC request f; with its performance characteristics as
follows.

fi = (SiaDiyKiaLiagivéiszmin7D;’naxaai)a (1)

where S; and D; denote the source and destination nodes, K;
denotes the set of VNFs, and L; denotes the set of logical
links between successive VNFs. (; is the rate of traffic arrival
intensity d; [s] is the service lifetime, BZmin [bit/s] is the
minimum throughput requirement, D;*** [s] is the maximum
tolerable end-to-end delay, and o; [cycle/s] represents the
aggregate computational demand. The structure of f; depends
on the application it supports, and can be determined by the
application type.

The ¢-th arriving SFC request specifies a set of VNFs
K; = (kia,ki2,...,kiu,), where u; denotes the maximum
number of instantiated VNFs required to provide an end-to-
end network service. Each VNF £; ; € K; represents a distinct
softwareized virtual network function with specific resources
and performance characteristics, and is capable of processing
incoming packets. We further define M as the number of VNFs
that do not have strict precedence (execution) dependencies, i.e.,
VNFs that can be freely reordered within the chain and thus
arranged arbitrarily during composition.

B. Problem Formulation for E2E Service Composition

We formulate the problem of optimal SFC composition over a
physical network, aiming to determine a resource-efficient SFC
structure that minimizes the combined bandwidth and comput-
ing resource demands. The detailed mathematical formulations

for the dependency modeling, the feasible composition space,
and the SFC composition objectives are presented below.

a) Dependency Modeling: The functional dependencies
among VNFs for request f; are conceptually represented by
a directed acyclic graph (DAG) d; = (K;, L;), where vertices
correspond to VNFs in K; and directed edges in L; encode
mandatory precedence relations. The degree of freedom (DoF)
[18] of the dependency graph is defined as D(d;) = | K;|(|K;|—

1) — |L;|, which quantifies the number of admissible ordering
relations among VNFs that are not constrained by mandatory
dependencies. A larger DoF indicates greater flexibility in
constructing feasible SFC topologies and directly impacts the
size of the feasible composition space. Despite these constraints,
the feasible composition space grows combinatorially with a
higher number of non-dependent VNFs M and the chain length
u;. In particular, the number of possible compositions is upper
bounded by (3;)M! = u;!/(u; — M)! without repetition, or
M with repetition. This rapid growth highlights the intrinsic
combinatorial complexity of the SFC composition problem.

b) Feasible Composition Space: We define T; to denote
the set of feasible SFC compositions for request f;. Each
T; € T; represents a candidate SFC topology encoding both
VNF ordering and interconnection structure. For example,
Ti = [ki1, ki 2, ki3, ki 4] denotes a linear chain of four VNFs,
whereas 7; = [(ki1,ki2), ki3, ki 4] represents a branched
topology. To preserve valid functional dependencies among
VNFs, we define a binary dependency matrix A = [amn] €
{0,1}%*% where a,, = 1 if VNF k,,, must precede k,,. For
service request f;, let A; denote the restriction of A to the
selected VNFs K. Let X; = [ b, be the adjacency matrix of
the composed chain, where z;,, =1 if VNF k; ;, precedes k; 4
in 7;. Feasibility requires ;qu ;,q >0, Vp,ge{l,...,u;}
ensuring that all mandatory dependencies defined in A; are
preserved in the composition adjacency matrix X;. In other
words, if a dependency a;q =1 (i.e., VNF k; , must precede
ki q), then the corresponding entry in the composition must
also satisfy x' =1. Otherw1se when a® = 0, the condition

Pq
remains Vahd for either !, = 0 or z!, = 1, allowing

pq pq



flexibility in the ordering of independent VNFs. This ensures
that mandatory functional constraints are strictly enforced while
preserving sufficient DoF for the optimizer to explore resource-
efficient, performance-aware SFC configurations.

c¢) SFC Composition Objective: The SFC composition
problem aims to determine the optimal service chain for each
service request by minimizing a cost function subject to re-
source constraints. The objective balances bandwidth and com-
putational resource consumption, where 5 = (1, 32) denotes
weighting parameters determined by the network administrator
according to the service provider’s business objectives. Let
D(r;) and B(7;) denote the E2E delay and achievable through-
put of the composed chain 7;, computed over all virtual links
and VNFs in the selected sequence. For every possible SFC
topology 7;, the aggregate communication resource demand is
defined as B(7:) = > . k. )er, Vi(p.a): Where b; (o) [bit/s]
denotes the bandwidth consumption on the virtual link between
two consecutive VNFs k; , and k; , after VNF processing.
Similarly, the aggregate computation demand of the chain is
defined as C(7;) = ., c, Pip, where Pip denotes the
processing demand of a single VNF k; ,.The optimal order of
the service chain composition for request f; is then given by
TF = argming eq, [B1 - B(w) + B2 - C(7;)], where 77 repre-
sents the optimized structure of the SFC that minimizes the
aggregated value of communication and computation demands.
Formally, this optimization can be expressed as

Bandwidth demand Processing demand

minimize B1 (kp%ﬁi bi,(p,q) T B2 kPGZKi Pip (2)
subject to

D(r;) < D™ (2a)
B(r) > B 2b)
X;—4;,>0 (2¢)

The constraints ensure the feasibility and correctness of the
composed SFCs. Constraint (2a) enforces the end-to-end latency
requirement by limiting the cumulative processing and transmis-
sion delay of each composed chain to the maximum tolerable
delay Dj***. Constraint (2b) guarantees service-level through-
put by ensuring that the achievable end-to-end bandwidth of the
composed chain meets the minimum requirement B, Finally,
Constraint (2c) enforces functional correctness by requiring the
composition adjacency matrix X; to be element-wise greater
than or equal to the dependency matrix A;, thereby preserving
all mandatory VNF precedence relations and ensuring that the
resulting SFC topology is semantically valid.

V. TRANSFORMER-AUGMENTED DRL FOR ONLINE
SERVICE COMPOSITION

In this section, we present a novel TDRL framework to solve
the service chain composition optimization problem described
in Section IV. The proposed framework leverages the variable-
length sequence modeling capability of Transformers and the

dynamic optimization capability of DRL through interaction
with unknown network environments. The Transformer archi-
tecture, originally developed for natural language processing
tasks, employs self-attention mechanisms to learn dependencies
among input tokens [19]. We leverage these functionalities to
embed the network state within a Transformer encoder, while
Transformer decoders implement the actor and critic networks,
enabling the learning of long-range VNF dependencies and sup-
porting adaptive, real-time service composition. As illustrated
in Figure 3, VNF requests include a source and destination
VNF, a time-to-live (TTL), generic application performance
requirements specified in a service-level agreement (SLA), and
possible SFC structures 7; and 7o. The replay buffer serves as
temporary on-policy storage, storing trajectories (states, actions,
rewards) within each update batch for gradient computation.

A. DRL Modeling of Service Chain Composition Optimization

We reformulate the service chain composition optimization
problem described in Equation 2 as Markov Decision Process
(MDP), given that the DRL agent interacts with an environment
FE at discrete time steps, aiming to learn an optimized, resource-
efficient SFC structure through experience-driven learning. At
each time step ¢, the agent observes the environment state oy,
which captures both the current SFC structure resource require-
ment and the underlying network infrastructure conditions. The
detailed formulation of the state Sy, action A;, and reward R;
is given below.

1) State Space S;: Describes the current situation of the
DRL agent in the environment. The system state is defined
as the combination of the SFC request states and the
physical network state. The system state at time ¢ is given
by S; = (Vlkg,Vlkf, . ,b“fzi_lij,fi), where Vtki indicates
that VNF k; is composed over physical network V' and
bl‘g 'illlej‘ represents the bandwidth consumption on the
physical link between source node Vs (hosting k;) and
destination node Vp (hosting |k;|). The state information
also includes the performance requirements of the SFC
request f;, the bandwidth requirement, the E2E delay
requirement, the order dependence, and the traffic change
ratios.

2) Action Space A;: The action of the DRL agent is modeled
as a multidimensional vector that generates an ordering
of VNFs to construct an E2E SFC. At each time step ¢,
the agent selects a feasible VNF composition that satisfies
both dependency and resource constraints. Accordingly,
the action space is defined as A; = {71,72,..., 77},
where the feasible set 7' is constructed based on VNF
dependency constraints. Each composition 7; consists of
an ordered (or partially ordered) set of VNFs, given by
o= {Vk (Vk2 Vks) VEa} where V*i denotes
the i-th VNF in the chain, and (V*2 V*3) represents a
branched (parallel) execution of VNFs within the service
chain.

3) Reward Function R;: The reward function evaluates
the impact of the agent’s decisions on constructing
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Fig. 3: Transformer augmented actor-critic proximal policy optimization for service composition.

an SFC structure. It is modeled as a constrained
optimization objective given by the average path
length to include branched SFC, given by R
- ZtT:O ’Yt (61 : Z(lcp,kq)en bi,(p,q) + B2 - kaeKi Pim)’
where (5 and (3, are optimization weights corresponding
to BW consumption and computational resource
consumption, respectively. The value of these weights
is determined by policymakers based on the service
provider’s goals. The maximum time step over which the
agent learns the optimal composition policy is denoted as
T, and ~y € (0,1] is the discount factor.

B. Transformer Encoder for Network State Embedding

The proposed approach specifically uses a transformer-based
Proximal Policy Optimization (PPO) for stable learning and
captures both temporal dynamics and structural dependencies
in service function chaining. While the Reinforcement Learning
(RL) agent interacts with the environment to perceive network
state information at each time step ¢, it constructs a contextual
trajectory (; = (x4, ®iy1,...,%4—1), wWhere x; = (a;, 04, 7;),
Vi € Z, represents historical action, observation, and reward
encoded to tokens with a d-dimensional space with context
length N =t — 1 — 4. The historical tokens x;,...,x;_1 are
transformed into vector representations via positional encoding
and embedding, followed by a linear transformation: &; =
ReLU(z;W1 + b1)Wy + ba, where ReLU(-) is the activation
function, Wy, Wy are learnable weight matrices, and by, by are
bias vectors. The attention layer then maps &;,...,Z;—1 into
(@, K, V) without altering dimensionality, where Q; = W,
K, = Wgk&;, and V; = Wyz;, with WQ,WK,WV as

learnable weights. The scaled dot-product attention module
concatenates the token-wise representations across the trans-
formed vectors to form Qz, = [Qs, Qit1, ..., Qi—1], Ka,
[Ki, Ki+1, ey Kt,1]7 Vi; = [V:“ ‘/i+1, ey ‘/;5,1]. Given the
above vector matrices, the attention mechanism derives the
contextual feature.

QK"
Vg
where M is the mask matrix. The resulting attention feature
o is subsequently fed into the actor-critic network, where it

serves as a contextual representation to facilitate the learning
of the SFC composition policy.

a; = Attention(Q, K, V) = softmax( + M) vV (3

C. Transformer-Augmented Actor-Critic Network

We employ a Transformer-based backbone shared by both
the actor and critic to model variable-length VNF sequences,
making it suitable for dynamic SFC composition. Conditioned
on the attention representation o generated by the encoder,
the actor selects an action while capturing temporal depen-
dencies across sequential composition decisions. The policy
is defined as a! = argmaxy: pg(Al | ay), where 6 denotes
the actor parameters and pg }epresents the conditional prob-
ability over the feasible action set A?. The actor parameters
are updated by maximizing the clipped surrogate objective

0

argmaxg B,y |70 - At(0t,at)|, where the impor-

7"9(0270‘2)

tance weight is defined as rg = clip(7r Dolal) 1—e 1+ e),
with e denoting the clipping parameter and Touq the previous
policy. The advantage estimate is computed as A;(s;,a;) =
Z;_:ll v*r¥ —Vy(st), where ¢ denotes the critic parameters and



Algorithm 1: Adaptive Network Service Composition

TABLE I: Simulation Parameters

Il'lpllt: F= (f17 f27 ey fN)’ Tmax, Glopo’ b(lu])’
// Initialize policy, value, replay buffer
Initialization: ¢, 7o, D+

// Initially randomly structure SFC

-

K; /K K;
2 S = (V0 V2,0, Glopo, i)
// Initialize the reward to zero
3 Rt +~—0

IS

for t € Ty do

/I RL Agent selects SFC topology 7;

fi — Select(T, 7'7;)

€ < MeasureComputeDemand (7;)

b <+ MeasureBandwidthDemand (7;)

| + MeasureDelayRequirment (7;)

g + MonitorsubsetofPhysicallink (G"P?)
10 a; + CalculateAttention (o)

// Translate the attributes of 7; and attention c; as the state
1 St — (l» b7 Ev 67 Glopo’ E)

/I Execute A; ~ my following current policy

Ay, A|St, A .
12 St AM St+41, Ri41 // Rebuild the structure of 7;
// Store each st, at, Rt in replay buffer

e ® 9w

13 D, e‘{s?,a?,r?,...,s%,atl,rtl..s?,a?,rf}
14 if B™*"(7;) < b(,7) then
15 At ~ (At | St, At) Exceute, Riy1,St4+1

// calculates advantage estimate
16 AT (s, a1) « L ymrE — Vy(se)

/I Update 0 and ¢ parameters

T
17 041 = arg maxy ﬁ > oreD, 2t=0
min (FAGE AT (51, 01). g(c, A7 (s, 1))
o T

18 i ¢¢41 = argming ﬁ >orep, 2i=0(Vo(se) — Ry)?
19 else

/I rebuild the topology of SFC

Ay, (Ag|St,A

2 | s t,m (At|St,Ar) Ses1

/I Select optimal structure of 7; optimally
2] ) = argming, er, [B(7:))],
2 return ¢(s¢), mg(st)

N

V(o) is the value function. The critic is trained by minimizing

the squared value loss ¢ = arg min,, (th_:ll e — V¢(st))
The overall training procedure is summarized in Algorithm 1.

D. Adaptive Network Service Composition Algorithm

The step-by-step workflow of Algorithm 1 is given as
follows. The inputs include the set of VNFs K; with their
attributes, the SFC request requirements f;, and the physical
network topology Giopo. The policy and value network parame-
ters Oy and ¢, and the replay buffer, are initialized (line 1). An
initial reward is set to R; = 0, and a random logical chaining
structure 7; is then generated, and the i (lines 2-3). Second, the
algorithm evaluates the bandwidth and computational demand
of 7;, observes the available network resources, and computes
the attention parameter ¢; (lines 4—10). Based on the current
policy g, a composition action is selected, yielding the new
state S;41; the transition (s, as, R¢) is stored in D; (lines 10—
14). Thirdly, the BW and computational demands are compared
with the available resources (i.e., B™"(7;) < b(i,5)), and
the reward R;. Third the advantage function A™: (s, a;) is
computed (lines 13-17). Finally, the parameters 6,1 and ¢y 1

Parameter Value
Number of nodes (|V]) {10, 20,...,50}
Transformer layers (¢) 6
Embedding dimension (dpyoder) 512
Number of attention heads (k) 4
Feedforward dimension (dg) 2048
Dropout rate (P) 0.1
Layer norm epsilon (€norm) 106
Maximum sequence length (|K;|) 10
Discount factor () 0.99
Clip ratio (e) 0.2
Number of epochs (Nepoch) 50

Batch size (Npacch)
Learning rate (o)

{64,128, 256}
{5x107%,1073, 3 x 1073}

are updated, and the procedure iterates until convergence to the
optimal SFC composition policy (lines 15-22).

VI. PERFORMANCE EVALUATION
A. Simulation Setup

We developed a Python-based customized simulation en-
vironment that uses NetworkX' to generate and manage the
realistic USA-NET physical network topology, consisting of
50 nodes and 200 links. For the DRL implementation, we
adopt the OpenAl Gymnasium framework’to develop a cus-
tomized RL environment and use Stable Baselines3 3to train
and evaluate a customized actor-critic RL agent. The computing
and bandwidth capacities of physical nodes and links are ran-
domly generated within the range of [50,500] CPU cycles and
[100,1000] [bit/s], respectively. We randomly generate SFC
requests composed of a heterogeneous number of VNFs in set
of {2,3,4,6,8,10} with the requests are subject to E2E delay
and BW constraints, with customized execution dependencies
among the VNFs. The computational demand of each VNF and
the bandwidth demand between consecutive VNFs in an SFC
are generated uniformly within the ranges [5,50] CPU cycles
and [5,10] [bit/s], respectively. Proper hyperparameter tuning
balances exploration and exploitation. The detailed simulation
settings are summarized in Table 1.

B. Compared Baseline Algorithms

To evaluate the performance of the proposed TDRL frame-
work, we compare it against competitive learning-based base-
line approaches, including a conventional DRL model that
encodes network states using a standard neural network and
a GNN-assisted DRL approach that leverages graph neural
networks to effectively extract features from graph-structured
data, model network topology, and VNF dependencies. Al-
though heuristic and optimization methods perform well for
static problems, we exclude them as baselines due to their
limited adaptability to dynamic environments

« MLP-DRL [6]: A DRL-based SFC composition approach
that uses an MLP with an Advantage Actor Critic (A2C)

"https://networkx.org/
Zhttps://gymnasium.farama.org/index html
3htps://stable-baselines3.readthedocs.io/en/master/
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Fig. 5: Performance comparison of the number of deadline-satisfied requests and the impact of degrees of freedom on bandwidth and

computational resource consumption.

algorithm to generate routing weights, but lacks explicit
modeling of VNF ordering, service chain topology, and
long-range dependencies.

GNN-DRL [15]: A GNN-assisted DRL approach for ser-
vice chain composition, where GNN provides topology-
aware representations of service dependencies, and a
pointer network—based DRL agent sequentially selects and
orders services to construct feasible and QoS-aware chains.

C. Performance Metrics

To evaluate the proposed TDRL approach, we consider three
metrics: Policy Learning Performance, which reflects the
ability to learn effective service chain composition decisions as
defined in Equation 2; Bandwidth Consumption, defined as
the total bandwidth used by accepted SFC virtual links relative
to the selected physical link capacity; and Compute Resource
Consumption, defined as the aggregate VNF processing de-
mand allocated during service chain composition relative to the
available infrastructure compute capacity.

D. Evaluation Results

We examine the convergence behavior and learning efficiency
of the attention-based actor—critic architecture compared to two
learning-based baselines, as shown in Figure 4a. The TDRL
model converges more rapidly and achieves higher rewards.
Although the baselines exhibit similar behavior during the
early training episodes, GNN-DRL improves performance by

capturing network topological features, achieving results com-
parable to TDRL. Moreover, the TDRL framework enhances
learning by modeling temporal context and parallelizing the
processing of tokenized VNF via an attention mechanism,
thereby improving sample efficiency.

Figure 4b presents the average BW consumption as compared
with the average VNF request size for three different meth-
ods. The BW consumption increases steadily as the number
of VNF sizes grows. However, the proposed TDRL method
consistently outperforms the baseline methods by reducing BW
consumption through sample-efficient learning of optimal SFC
composition decisions. This performance gain is attributed to
the Transformer network’s attention mechanism, which learns
inter VNF dependency for optimal composition decision over
GNN- and MLP-based feature extractors in DRL. As shown in
Figure 4c, the compute demand grows approximately linearly
with the average VNF size | K| for all schemes. When average
size of VNF | K;| = 2, the compute demand is about 25 Cycle/s
for TDRL, 40 Cycle/s for MLP-DRL, and 45 Cycle/s for
GNN-DRL; at |Kj] 10, it increases to roughly 75 Cy-
cle/s, 100 Cycle/s, and 110 Cycle/s, respectively. Hence, over
|K;| € [2,10], the total increase is approximately 50 Cycle/s
(TDRL), 60 Cycle/s (MLP-DRL), and 65 Cycle/s (GNN-DRL),
corresponding to average per-VNF increments of about 6.25,
7.5, and 8.1 Cycle/s, respectively. Therefore, TDRL achieves
the smallest marginal compute growth per additional VNEF,



thanks to the transformer’s attention mechanism.

Figure 5a illustrates the number of deadline-meeting requests
versus the number of arrived requests. As traffic arrivals in-
crease from 2 to 10, all approaches maintain nearly stable
performance, since requests are processed sequentially and the
arrival rate is independent of individual performance require-
ments. TDRL improves deadline satisfaction by approximately
57%-over MLP-DRL and 45% over GNN-DRL, respectively.
The performance gains can be attributed to Transformer self-
attention global dependency modeling and enhanced explo-
ration.

Figures 5b and 5c examine the impact of VNF dependencies
on composition optimality, measured by the average DoF. As
described in Section IV, lower DoF values indicate stronger
interdependencies among VNFs, limiting SFC composition flex-
ibility, whereas higher DoF values imply weaker dependencies
(i.e., greater flexibility in the composition space). Figure 5b
shows that BW consumption varies significantly with DoF;
as dependency decreases (higher DoF), the proposed method
consistently achieves lower BW consumption than the baselines,
demonstrating superior composition decisions under varying
dependency constraints. Figure 5c also demonstrates that, as
the degree of freedom increases, compute resource consumption
decreases, and vice versa, along with the corresponding 95%
confidence intervals.

An ablation study comparing the conventional PPO DRL
model and the TDRL can be derived from the performance
comparison metrics in Figures 4 to 5, which demonstrate
the contribution of multi-head attention to improved decision
quality. The results show reductions of 35-45% in bandwidth
consumption and 30-38% in computational demand, indicating
that attention-based approaches are robust to inter-VNF depen-
dencies modeling and sample-efficient learning.

The time complexity of GNN-DRL is O (¢(|V| - d2 + |E| -
drr) ), while TDRL incurs O((|V[2h+|V|)d),) due to attention-
based pairwise interactions. Although this introduces additional
overhead, it is offset by faster convergence and improved policy
performance, as shown in Figure 4a. In practice, the inference
stage involves a single forward pass through the trained actor
network, resulting in low decision latency per SFC request.

VII. CONCLUSION

This paper addresses the problem of network-state-adaptive,
context-aware Network Service composition in dynamic 6G en-
vironments, where SFCs are constructed under evolving traffic
demands and network infrastructure constraints. We proposed
a TDRL framework that captures inter-VNF dependencies
and variable-length service structures to enable context-aware,
resource-efficient composition decisions. The experimental re-
sults demonstrate that the proposed method improves bandwidth
efficiency, increases the number of SFC requests that meet
deadline requirements, and achieves more efficient resource
utilization compared to baseline approaches. For future work,
we plan to extend to distributed generative multi-agent RL
for scalable, efficient composition decisions across edge-cloud
continuum network infrastructures.
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