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Abstract—The establishment of network slices across multiple
network domains requires orchestrations across domains, which
is challenging due to the heterogeneity of domain-specific features
and limited visibility into each domain’s state information. Topol-
ogy Aggregation (TA) enables domains to provide aggregated
network representations in cross-domain collaborations. We pro-
pose a reinforcement learning (RL)-based framework to minimize
the deployment cost of network slice provisioning across multi-
domain networks. This framework takes the slice service request
and aggregated network state representations encoded by Graph
Neural Networks (GNNs) as input, and yields a composition
plan which consists of the construction of the network slice and
the placement of service functions. The simulation results show
that the proposed framework enables more cost-effective slice
deployment compared to a heuristic approach.

Index Terms—network slicing, reinforcement learning, service
function chain, topology aggregation

I. INTRODUCTION

To facilitate the management and allocation of network
resources, network slicing (NS), as a virtualization technology,
divides physical network infrastructures into different virtual
slices, where each slice consists of a set of virtual computing
and networking resources that are capable of meeting the
service requirements for specific applications [1]. In a network
slice, Virtual Network Functions (VNFs) are organized as a
Service Function Chain (SFC) or Forwarding Graph (FG) to
serve the applications.

As applications span wider geographic areas, it is expected
that network slices will involve the use of resources over mul-
tiple infrastructure domains. The problem of network slice pro-
visioning in a multi-domain network environment involves the
mapping of slices across domains and the placement of service
functions to satisfy the network service requirements and com-
putation requirements of the slice. Such planning tasks need
to collect computation and network state information from
each domain for calculating a cost-efficient mapping of virtual
nodes within each domain and across domains that satisfies the
overall service requirements. However, different domains may
have heterogeneous features and complex topologies, which
increase the decision space exponentially and make the global
optimal slice mapping problem intractable. Another challenge
is that some domains may avoid disclosing full intra-domain
information regarding domain resources and topology due
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Fig. 1. Path Aggregation Example for Two Slices

to scalability or privacy concerns, limiting the feasibility of
global planning.

Topology Aggregation (TA) enables domains to generate
aggregated topologies that contain abstracted information re-
garding the availability of computation and network resources.
For multi-domain slice provisioning, adopting TA can reduce
the size of the domain topology representation and hide
sensitive information of domains [2].

In this paper, we propose a reinforcement learning (RL)-
based network slice composition framework to minimize the
slice deployment cost in multi-domain networks. This frame-
work incorporates a Graph Neural Network (GNN) to encode
the aggregated network state of domains, an RL agent to
generate slice composition plans for slice path construction,
and an SFC partition algorithm to make service functions
placement decisions. To the best of our knowledge, this paper
is the first to apply a RL-based scheme for the network slice
provisioning problem in a multi-domain environment with TA.

207



The remainder of this paper is organized as follows. Section
IT introduces related works on multi-domain network slice
provisioning problem. We describe the system model and
formulate the problem in Section III. Next, we illustrate our
RL-based network slice composition framework in Section
IV. In Section V, we design experiments to evaluate the
effectiveness of the proposed scheme. Finally, we conclude
the paper in Section VI.

II. RELATED WORKS

In [2], the authors proposed a TA method for the deployment
of SFC across multiple optical networks. This work explores
the aggregation degree of nodes and links to evaluate informa-
tion compression during TA, and proposes two cross-domain
path provisioning algorithm. In [3], the authors proposed a
reliability-aware RL-based SFC scheduling plan. The authors
assume that all the SFC requests cannot be known in advance,
and the SFC is placed by finding the location each VNF in
order. In [4], the authors proposed two heuristic algorithms
for SFC placement in large scale cloud/edge environments
with cost and latency considerations. Our previous work in [5]
proposed an RL based network slice provisioning framework
to improve the system profit but did not consider how to
partition the SFC. Our framework proposed in this paper gives
a solution to this partition problem and also considers how to
determine domain sequence routing.

III. SYSTEM MODEL AND PROBLEM FORMULATION

A. Multi-Domain Network Model

The network environment can be represented as a graph
G = (D, L), in which D is a set of heterogeneous domains
connected by a set of inter-domain links L. For a domain
d; € D, its internal topology is denoted as a directed graph
G; = (Vi, E;), in which the nodes V; = V.¢ U VP consist of
computing nodes V¢ and border nodes V;? and are connected
by intra-domain links F;. The endpoints of an inter-domain
link correspond to the border nodes of two domains. Here
we consider two types of domains: edge domains and cloud
domains. Edge domains are assumed to reside near the service
users, indicating less network delay but a higher deployment
cost and fewer computation resources compared to cloud
domains.

Based on the architecture proposed by ETSI [6], we iden-
tify three key stakeholders interacting in the multi-domain
networks: slice users, domain orchestrators, and a slice co-
ordinator. The slice users request network slices to serve their
applications. They define the requirements and constraints for
their respective slices. In each domain, a domain orchestra-
tor manages physical network resources within the domain,
generates aggregated topologies, and offers the aggregated
topologies to the slice coordinator. The slice coordinator acts
as a global entity to collaborate with domain orchestrators to
generate slice composition plans for slice users.
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B. Topology Aggregation Scheme

All domains are assumed to use TA to hide their internal
topologies and only expose border nodes and aggregated
topologies to the outside. The aggregated topology can be
formed into any structure according to specific purposes. Since
the service traffic of a slice always enters and leaves at
domains’ border nodes (they form an “ingress-egress” pair)
and uses the computing and networking resources in the
domain, in this paper, we assume that all domains adopt a
linear aggregation scheme for the ingress-egress pair used by
the service. The aggregated linear path includes a virtual com-
puting node between the ingress and egress nodes, and domain
orchestrators may provide multiple candidate aggregated sub-
paths for an ingress-egress pair so that the global coordinator
can select and make an optimal E2E slice composition.

Assume that the slice coordinator inquires about aggregated
sub-paths in domain d; from u to v, u,v € V,L-B . The domain
orchestrator will find a set of intra-domain paths in G; and
map them as aggregated sub-paths in return. Assume there
are @ aggregated paths for each ingress-egress pair, the j-th
path is denoted as a virtual path P"*(5) : u—wvg —v, in which
vlc is the virtual computing node mapped from the computing
nodes on the physical path. The performance features of this
aggregation path are described as Az’j”(R/ R,,,,T), where
R/Cmp is the cumulative computation capacity of computing
nodes along the path, and R;w is the residual bandwidth
capacity, and 7 is the propagation delay of this path. An
illustrative example is shown in Fig. 1, in which the cloud and
edge domain generate aggregated sub-paths A’ and B’ for the
slice in blue and C" and D' for the slice in red. The blue slice
has a longer inter-domain delay (marked by d) than the red
slice, but its aggregated sub-paths owns higher computation
capacity (marked by o).

cmp?

C. Network Slice Composition Scheme

The network service request from slice users is assumed to
originate and terminate at specific domain border nodes and
will be served by an SFC. The i-th request is denoted as a

tuple:
SIS )

The elements in the tuple correspond to the source and des-
tination border nodes, required bandwidth, E2E propagation

{sre,dst,b, i, &, [f}, f7

i dioe
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delay bound, service duration time, and an SFC formed by
m; ordered VNFs. The r-th function in the chain requires o}
units of computing resource. To serve such request, a slice
coordinator collaborates with domain orchestrators to com-
plete the network slice composition process, which includes
the following steps:

Step 1: The slice coordinator specifies a sequence of
domains through which the service traffic will traverse, and
also determines ingress-egress pair for each domain and the set
of inter-domain links to be used. Step 2: The slice coordinator
collects aggregation sub-path sets from domain orchestrators
along the domain sequence and selects one sub-path from the
candidate sub-path set of each domain. An End-to-end (E2E)
slice path is then constructed across a sequence of domains.
Step 3: The VNFs of this SFC are expected to be deployed
along the slice path obtained. The slice coordinator needs to
find a partition plan to divide this SFC into several sub-chains,
and map sub-chains to domains. Step 4: Given the aggregation
sub-path selection and sub-chain assignment, each domain
orchestrator maps the VNFs in its assigned sub-chain to the
computing nodes using its own policy. The entire workflow of
slice composition is illustrated in Fig. 2.

D. Problem Formulation

Given a set of slice service requests S, for the i -th
request s; € S, the slice coordinator needs to make a batch
of composition decisions. Suppose that the selected domain
sequence consists of n; domains and the ingress-egress pairs
used by these domains are denoted as:

Di = [dj,d},....d}"] 2)

Ap = [(uf,0}), (Wi, v),. ., (uf o) 3)

The decision variables used to select aggregation sub-paths
in each domain is:

1
k L = ’
X('LL'Z,'U'Z) {0,

The SFC partition decision can be decomposed as a set of
VNF placement decisions denoted as:

if k — th sub-path is selected in d’
otherwise

“4)

yr = 1, if f] is. mapped to d’ ' 5)
; 0, otherwise

The slice deployment cost of s; consisting of bandwidth
cost and computation cost is denoted as follows:

n; n;—1

PV =big; ZZX DA +ZA )
G=1 k=1 e
(6)
oM ZEii L )

j=1r=1

Here in (6), )\(Lq- ) and )\1(”“ o)
cost of inter-domain links and aggregated sub-paths. In (7),

6”"” is the unit computation cost in d?. If a slice deployment

are the unit bandwidth

v1olated the bandwidth or computation constraint, extra backup
network or computation resources are activated to complete the
deployment, and the corresponding penalties are added to the
reward of this deployment. Then the cost of serving a slice
request s; is defined as:

Cost; = CEMP 4 CBW L& [ fo| 0™ + [be| "] . (8)

Here |f.| and |b.| are the amount of computing resources
and bandwidth that violate the constraints, n°™” and 7"
are the corresponding penalty factors. The objective of this
problem is to minimize the total deployment cost of all slice
requests.

min Z Cost; )

Such slice composition plans are required to meet band-
width, computation capacity, and E2E delay constraints. The
bandwidth constraint requires the network traffic of requests
loaded on inter-domain links and aggregated sub-paths of
domains cannot exceed their residual capacity. The compu-
tation capacity constraint requires the computation resource
requirement of sub-chains cannot exceed the aggregation
path’s virtual computing node’s residual capacity. The E2E
delay constraint requires the propagation delay of slice path
constructed cannot exceed the request’s delay bound 7;.

IV. PROPOSED FRAMEWORK

A. Framework Overview

We propose a RL based framework to solve the multi-
domain network slice composition problem and develop con-
crete implementations of the components used in the frame-
work. An RL paradigm must specify the state representation of
the environment, the design of decision agent, and the design
of reward function.

In each iteration of processing a slice request, the latest
aggregated topologies from domain orchestrators are used to
apply a heuristic routing strategy to find a set of candidate
domain sequences from the source to the destination. These se-
quences, along with the current state of the multi-domain net-
work and the characteristics of the slice request, are encoded to
form the environment state representation. The decision agent
employs the Deep Q Network (DQN) algorithm [7], takes the
state representation as input, and generates a batch of decisions
to complete the slice composition task. The E2E slice is
deployed on involved domains, for which the current state
of multi-domain networks are updated subsequently. Finally,
a negative reward is generated as the deployment cost of this
slice and is sent to the agent for learning.
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B. Domain Sequence Representation

Before the routing process, each domain is asked to provide
all the linear aggregation sub-paths between its border nodes
following the scheme specified in section III-B. Then an
auxiliary topology G s generated by connecting all these
aggregated topologies with inter-domain links. This global
version topology is then used for domain sequence repre-
sentation. The slice coordinator adopts the decision process
of BGP and generates a set of candidate domain sequences.
In Fig. 3, three global paths are found and denoted as the
candidate domain sequences. The aggregated sub-paths within
each domain (e.g., the sub-paths between border nodes al,
a2 and a3 in domain A) are omitted due to space limit. The
values of border nodes and virtual nodes of aggregated sub-
paths used by these domain sequences are set as 1 on G, those
unused nodes are set as 0. This graph constructed by a one-hot
encoding scheme is referred to as the Domain Sequence Graph
(DSG), which is further encoded as described in Section IV-C.

C. Environment State Representation

The observations of multi-domain networks adopted here
include two graphs based on G': Residual Computation Graph
(RCG) and Residual Bandwidth Graph (RBG), to reflect the
residual computation and bandwidth capacities collected from
domains’ aggregation sub-paths. These two graphs and DSG
belong to topological data structures. The encoding approach
that naively concatenates all the numerical values of elements
in the topology into a vector might be sensitive to the permu-
tation of nodes and edges. To ensure that the resulting vector
is more robust to different permutations, we employ three
Graph Neural Networks (GNNs) to process the information
from the residual graphs. We utilize NN4G [8] as the online
GNN encoder.

Since NN4G focuses on learning node representation, the
bandwidth information affiliated with links cannot be pro-
cessed directly and needs to be transformed as node fea-
tures. Besides, we expect RBG, RCG and DSG to share
the same topological representation. Here we add a virtual
node v, on each inter-domain link [ € L on G to achieve
such homogeneous encoding scheme. In RBG, the residual
bandwidth values of inter-domain link and aggregated sub-
path are stored in ’ul' and vlc as node features so that the
bandwidth information can be encoded by NN4G. In RCG,
residual computation capacities are stored in U/c of aggregated
sub-paths. To ensure that the values on each node have a
similar scale, we adopt the ratio of remaining resources to total
resources as the value assigned to each node. For instance, if
the total resource capacity is 10 units, the current remaining
resources amount to 7 units, then the value assigned to the
node would be 7/10 = 0.7. In DSG, with previous encoding,
if a candidate domain sequence uses an inter-domain link [, the
value of U; is set to 1 as well. Consequently, all node values
in these graphs fall within the range of 0 to 1. During training,
the gradient of the loss function, representing the difference
in Q values, is back-propagated to the GNN and the model
parameters are updated based on this gradient.

Domain Sequence:
P1:A-B-E-F
P2 - A-C-D-F
P3:ACEF

Request Feature Vector
VNF Preference

[Pur | BW [ VNF [ DUR [DELAY
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Fig. 3. RL-based Slice Composition Framework

The remaining features of the slice request are also encoded
as a feature vector. Each scalar value of the request, such as
bandwidth and duration time, is encoded by a single element.
For the CPU requirement of VNFs, we use a vector of size
m; and mark each element with the number of CPU cores
required by each VNF. By concatenating this vector with the
output from NN4G, we obtain an observation vector as the
input of the slice composition agent as shown in Fig. 3.

D. Agent Design

In Q-learning, the state s and action a serve as input,
and a reward is obtained as output. The goal is to find
the optimal policy 7 to obtain the optimal Q-value func-
tion Q*(s,a) = max;E Y3 oV resr | st = s,a0 = a, 7],
where the future rewards are discounted by 7 per time
step. After each action, a state transition experience e; =
(s¢,a¢,7t,S¢+1) can be obtained, and the Q-value can be
updated as @ (st ar) < Q(st,a) + a(yr — Q (s, ar)), in
which y; = 741 + ymax,, , Q (Si+1,a¢41), and « is the
learning rate. y; is the target and should be equal to Q (s¢, at)
if the learning process converges. DQN does not calculate Q-
values explicitly, but uses a DNN to approximate the optimum
Q-values: Q*(s,a) ~ Q(s,a;0). 0 is the weight parameter
function of the DNN. In our framework, the agent takes the
encoded state representation as input and outputs a composite
action vector to specify a set of decisions for slice composition.
The slice is then deployed along the domains according to the
action and receives a reward back to the agent to evaluate its
Q-value.

1) Action Space Design: The output of DNN is a composite
vector, which can be decomposed into three decision vectors
corresponding to domain sequence selection, aggregated sub-
path selection, and VNF preference. We use a set of action
vectors illustrated in Fig. 3 to explain the slice composition
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decisions made for a multi-domain networks consisting of 6
domains.

Assume that there are three domain sequences found as
candidates. The domain sequence selection vector contains
three elements corresponding to the three domain sequences,
P1, P2, and P3. The element with maximal value will be the
domain sequence selection result. In Fig. 3, domains A, C, E
and F are selected as the domain sequence, and the aggregation
ingress-egress pairs used in these domains are also determined.
Here, the aggregation pairs used in domains are (al, a3) for
A, (cl, c2) for C, (e3, e2) for E, and (f1, f2) for F.

Assume there are 2 aggregated sub-paths for each ingress-
egess pair. Then the dimension for the sub-path selection
vector is defined as 6 x 2 = 12 since each of the six domains
has two elements to indicate which sub-path to use for its
current ingress-egress pair if this domain is in the selected
domain sequence. Similarly, the sub-path corresponding to the
element with maximal value will be the sub-path selection
result. The numbers marked in red in the second vector
indicate that the first aggregated sub-path is selected for the
ingress-egress pairs in domains A, C and F , and the second
aggregated sub-path is selected for the ingress-egress pair of
domain E. The E2E slice path is then established based on
these two vectors.

The elements in the VNF preference vector give estimations
of each domain’s preferred deployment proportion of the total
workload of SFC. For example, assume the SFC consists of 5
VNFs and each requires 2 units of computing resources (the
total workload here is 10 units). This framework first collects
the element values of domain A, C, E and F and then calls
a softmax function to convert these values into normalized
proportion values marked in red as shown in Fig. 3. A partition
rounding function is called to find a VNF placement decisions
that closely matches the preference ratio. In this case, the 1st
VNF is deployed in domain A, the 2nd and 3rd VNFs are
deployed in domain C, and the 4th and 5th VNF are deployed
in domains E and F, respectively. In this way the VNFs of
SFC are partitioned and deployed along the domains.

2) Reward Function Design: Since the objective is to
minimize total slice deployment cost, we define the reward
received after the deployment of each slice as the negative of
the cost, which is denoted as r; = —Cost;.

V. EXPERIMENT AND EVALUATION
A. Experiment Settings

The multi-domain network topology used in the simulation
contains two cloud domains and six edge domains, as shown
in Fig. 4. An edge domain is equipped with 6 computation
nodes, each containing 10 units of computation resources. A
cloud domain is equipped with 12 computation nodes, each
containing 20 units of computation resources. The bandwidth
capacities are initialized by random selection, with intra-
domain links drawn from (10 GB/s, 15 GB/s, 20 GB/s) and
inter-domain links from (20 GB/s, 50 GB/s, 100 GB/s). The
multi-domain simulation environment generated based on such
configuration operates 400 logical time slots. The slice service

Fig. 4. Experiment Topology

requests are generated following a Poisson arrival process
with parameter A, and the service holding time follows an
exponential distribution with parameter p. For the remaining
features in the request tuple, the source and destination are
randomly selected from edge domains’ border nodes; the
bandwidth requirement is randomly selected from (200 MB/s,
500 MB/s, 1GB/s); the computation requirement of each VNF
is randomly generated within the range 1 to 4 units. We set
the RL algorithm to run for 500 episodes. In each simulation
episode, the RL agent generates slice composition decisions
for all requests arriving in the logical simulation time.

B. Baseline Algorithms

The first baseline is implemented based on a multi-domain
heuristic slice construction approach proposed in [2], in which
the domain sequence is greedily selected with the fewest
domains traversed, and the complete slice path is constructed
by choosing aggregated sub-paths with the minimum end-to-
end delay. We denote this approach as “Greedy”. To evaluate
the effectiveness of GNN encoders, we implement a second
baseline with a RL based slice composition agent without
GNN, in which the domain sequence is represented as a vector
using one-hot encoding. The residual numbers in RCG and
RBG are also naively concatenated as the state vectors. This
implementation is denoted as “Raw+RL”. With TA, our pro-
posed framework is implemented and denoted as “GNN+RL”.
Since the adoption of TA provides limited intra-domain in-
formation to the slice coordinator, our proposed framework
is further evaluated without TA to investigate its upper-bound
performance in slice composition. This implementation serves
as the third baseline and is denoted as “GNN+RL w/o TA”,
in which all domains disclose their link and node states
to construct a full observable global topology as input to
the GNN encoder. Correspondingly, the action space of the
RL agent is expanded to make concrete slice composition
decisions over intra-domain links and nodes.

C. Performance Results

We compare our proposed framework “GNN+RL” with
three baselines in terms of total deployment cost, and the result
is shown in Fig. 5. The performance of “GNN+RL” converges
when the training passes around 100 episodes, and the total
deployment cost is lower than the heuristic scheme “Greedy”
by at least 17%. “Raw+RL” yields 11% lower deployment cost
than “Greedy”, and its performance has a higher variance than
“GNN+RL”, which indicates that the encoded state represen-
tation of GNN exhibits better stability in training. “GNN+RL
w/o TA” achieves 2% lower cost than “GNN+RL”, indicating
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that more efficient slice composition decisions can be made
by learning from fully exposed topology without aggregation.

In order to explore how many aggregated sub-paths should
be generated for an ingress-egress pair, we increase the
candidate sub-path number from 1 to 5 to compare their
performance with the greedy approach. The result is depicted
in Fig. 6. As the candidate sub-paths increase to 3, the
total deployment cost of proposed framework decreases since
more candidate sub-paths give the agent more decision space
to generate better sub-path combinations and partition plan.
However, when the candidate number increases from 3 to 5,
the total deployment cost no longer decreases and yields higher
variance since the too large decision space may be overly
sensitive to noise.

Extensive evaluations are conducted with different slice
request arrival intensities A. The mean blocking rate over 10
simulation runs, with 200 requests each, is illustrated in Fig.
7(a). As X increases, the proposed “GNN+RL” achieves a
lower blocking rate than “Raw+RL” and “Greedy”, demon-
strating the more efficient composition performance under
TA. Meanwhile “GNN+RL w/o TA” further outperforms
“GNN+RL” since it can observe complete intra-domain infor-
mation and can specify more detailed VNF placement within
domains. For the accepted slice requests in the “GNN+RL”
implementation, the placement distribution of VNFs between
edge and cloud domains is illustrated in Fig. 7(b). When A
increases from 1/5 to 1/4, the proportion of placements in the
cloud domain decreases slightly because the edge domains
still have sufficient computational capacity. In this case, the
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agent tends to place VNFs in edge domains to better satisfy
delay-sensitive slice requests. However, as A increases beyond
1/4 up to 1, the resources in the edge domains are more
rapidly exhausted, leading to a higher proportion of VNFs
being placed in cloud domains.

VI. CONCLUSION

In this paper, we proposed a linear topology aggrega-
tion mechanism, upon which a multi-domain network slice
composition problem is formulated. To solve this problem,
we developed an RL based framework in which the agent
leverages a GNN-based encoder to learn an aggregated repre-
sentation of domain states. Based on this representation, the
agent makes a series of slice composition decisions, including
domain sequence routing, aggregated sub-path selection, and
SFC partitioning. Experimental results demonstrate that our
framework achieves a 17% reduction in total slice deployment
cost compared to a greedy baseline.
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