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ABSTRACT

Efficient usage of available network resources is a crucial factor for broadband services in interconnected satellite constellations.

To meet required quality of service standards under heavy network loads, it is essential to optimize traffic distribution among the

intersatellite links. To address this challenge, we propose an adaptive traffic engineering framework based on deep reinforce-

ment learning. Our approach employs a path-based decision-making strategy, using a centralized agent to distribute incoming

flow requests on a set of candidate paths. This method approximates optimal solutions to the multicommodity flow problem with

relatively low computational complexity, making it suitable for in-space network control despite on-board processing limitations.
The performance of the proposed scheme is evaluated against state-of-the-art rule-based benchmarks in various scenarios. We
quantify the impact on performance of different candidate path sets and traffic patterns. Overall, the proposed solution presents a
viable approach for optimizing flow distribution in satellite constellation networks, suitable for the integration into the controller

logic of software-defined networks.

1 | Introduction

In recent years, low Earth orbit (LEO) satellite constellation
networks (SCNs) have experienced increasing interest, in par-
ticular in the context of broadband traffic services [1]. SCN de-
signs typically rely on intersatellite links (ISLs) to create mesh
networks, reducing the required number of ground stations and
increasing service coverage [1, 2]. Satellites thus act as routing
devices, which require configuration for efficient data trans-
mission through the resulting space-borne network. However,
depending on the routing approach, the traffic patterns result-
ing from the User Terminals (UTs) and Gateway stations (GW5s)
distributions on ground can cause bottlenecks. So, even if high-
bandwidth ISLs are considered, congestion can decrease Quality
of Experience (QoE) of users [2].

Therefore, various routing protocols tailored to the unique
characteristics of nonterrestrial networks (NTNs) have been
proposed. For instance, 6G standardization aims to seamlessly
integrate the space segment with terrestrial services [3]. To
handle the increasing number of users and broadband traffic
volume, novel routing approaches specifically tailored to SCNs
become thus more relevant. Given that 6G aims to be an Al-
native network of networks, suitable routing frameworks are of
interest.

A key paradigm in this context is software defined network-
ing (SDN). In short, it offers improved flexibility through
software and virtualization, scalability, fast reconfigura-
tion, increased resiliency, and service-aware quality of ser-
vice (QoS) handling [4, 5]. However, due to the physical size
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of the constellation networks, significant end-to-end prop-
agation delays of more than 100 ms are possible. Thus, dis-
tributed SDN-based approaches relying on in-space control
have been proposed to enable higher reactivity and localized
decision-making [6].

In order to maximize throughput by finding optimal routing
configurations, the underlying multicommodity flow problem
(MCFP) has to be solved. It formalizes the distribution of routes
for a set of commodities with varied source-destination pairs
and associated demands. The corresponding computation is
complex, the integer MCFP is NP-hard in general [7, 8]. Given
the limited on-board processing, finding optimal solutions for
in-space routing is thus impractical. As flows typically arrive
concurrently and subsequently, making meaningful step-wise
choices is advantageous.

We have previously proposed a deep reinforcement learning
(DRL)-based approach to approximate solutions to the MCFP
with reduced complexity [9]. The approach is based on a lo-
cally centralized control unit which distributes incoming flows
on sets of candidate paths. By maximizing expected future re-
wards, DRL can effectively handle the overlapping flow alloca-
tion subproblems. Therefore, it represents a well-suited method
to enable a proactive traffic distribution that anticipates poten-
tial bottlenecks. Unlike greedy approaches or heuristics, DRL
can learn from experience, adapt to changing conditions, and
discover nonobvious traffic patterns.

In this work, we extend and refine our previous architecture,
demonstrating its enhanced performance across diverse sce-
narios. Key improvements include a novel method for gathering
candidate paths and a more compact observation space repre-
sentation, resulting in improved outcomes with smaller neural
networks. Furthermore, we investigate the suitability of this ap-
proach to various heat maps and larger network topologies. The
main contributions of this work are as follows:

« We extend our previous path-based DRL approach [9] by
introducing a new, simplified observation space based
purely on aggregated path characteristics (e.g., minimum,
maximum, average, variance, normalized path length),
as well as global edge statistics (see Section 5.4). This
observation space is entirely independent of the underly-
ing graph topology, reducing complexity and improving
generalization.

« We propose a new strategy for candidate path selection
using four fixed path types: (i) shortest path (hop count),
(ii) least-congested path (minimizing total utilization), and
(iii-iv) two softmin-based selections with different vari-
ance scaling factors (see Section 5.3). This method outper-
forms the adaptive candidate selection used in our previous
work [9].

« We conduct a comprehensive evaluation of the proposed
approach across diverse network scenarios, including dif-
ferent traffic heat maps and larger network topologies. The
results show that our method is not only competitive with
state-of-the-art DRL and heuristic baselines but also resil-
ient to shifts in traffic distribution and scalable to larger
graphs.

The work is structured as follows. In Section 2, we summarize
related works in the field of routing in satellite networks. The
considered reference system and its relevant characteristics
are provided in Section 3. The DRL background and the the-
oretical framework are presented in Section 4. Subsequently,
we present the proposed architecture in Section 5. In Section 6,
the simulator environment, comparative quantitative analyses,
as well as comparisons to benchmark solutions are provided.
The strengths and limitations of the approach as well as the im-
plications for further developments are discussed in Section 7.
Finally, the paper is concluded in Section 8.

2 | Related Works

For routing in wireless communications, various machine
learning (ML)-based approaches have been explored [10],
often facilitated by SDN frameworks [11]. In the context of
SCNs, a complete centralization of network functionality
is difficult, so adapted SDN-based schemes are being inves-
tigated [12]. For reconfigurable in-space network control in
LEO constellations, distributed SDN architectures with flat
hierarchies have been proposed [6]. This framework has also
been investigated in the context of load-balancing with a focus
on rule-based path selection making use of the inherent net-
work structure [2]. In this work, we extend this architecture
by enabling the in-space controller to approximate solutions to
the MCFP via ML techniques.

In general, there is a wide array of research focusing on the
MCFP [13]. Most commonly heuristic approaches are applied
for feasible computations. This is also the case for SCNs, for
which a suitable linear programming (LP) scheme has been in-
vestigated [14]. A dynamic programming (DP) formulation of
intended MCFP optimization is provided in the derivation of our
approach.

Recently, instead of explicitly defining heuristics, ML has
been applied to directly learn characteristics of the problem in
the given scenario. Various DRL-based routing schemes have
been proposed, including hop-based deep Q-network (DQN)
methods [15, 16]. However, the need to learn stable, loop-free
paths can pose problems in terms of scalability and robust-
ness. These issues have been addressed by constraints [16] or
by hierarchical architectures [17]. Moreover, a hop-based DRL
approach has been proposed for the MCFP [18]. We adopt a
similar concept but avoid hop-based decision-making, using
paths as actions.

In this context, the size of the set of paths can become large. To
minimize overhead, K-means and cosine similarity approaches
have been proposed for creating a set of probable paths, from
which the least congested one is chosen [19]. This effective re-
duction of considered paths is applied in the proposed approach
to enable fixed-size action spaces.

A path-based approach for load-aware routing in SCNs has also
been proposed [20]. While it also utilizes clustering and path
sets within a double deep Q-network (DDQN) architecture, their
focus is primarily on QoS metrics (latency and bottleneck avoid-
ance), not the MCFP directly.
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TABLE1 | Comparison of related architectures and routing approaches including their design characteristics for LEO SCNs.

Approach category Decision Core technique Demand On-board cost References
Distributed SDN for SCNs Path Dijkstra’s, k-best paths Online Low Papa et al. [6],
Roth et al. [2]
Heuristic MCFP solutions Path LP, DP Offline High Grislain et al. [14]
Hop-based DQN Hop DQN (value-based) Online Low-medium Zuo et al. [15],
Hegde et al. [16]
Hop-based DRL for MCFP Hop Actor—critic Online Medium Tsai et al. [18]
Least-congested from set Path k-means, cosine Online Low Kumar et al. [19]
similarity
Path-based QoS-aware DRL Path DDQN Online Medium Cigliano et al. [20]
GNN-enhanced DRL Hop/path GNN and DRL Online Medium-high Geyer et al. [21],
Wang et al. [22]
Path-based Soft Actor-C ritic Path SAC, topology-agnostic Online Low Roth et al. [9]

(this work)

Various preprocessing concepts have been investigated, in-
cluding graph neural networks (GNNs), which aim to extract
structural features of the network for improved decision-
making [21]. These embeddings are typically passed to a DRL
agent as part of its observation space [22]. However, such
methods remain tightly coupled to the graph structure with
significant compute overhead. They are primarily suited to
static or fully known networks, aligning with the assumptions
of the offline MCFP.

In this work, we target online or ad-hoc routing scenarios,
where demands are not known in advance and decisions must
be made with local or partial information. Here, the MCFP
serves only as an upper bound, not as an achievable solution.
Our approach avoids expensive GNN-based feature extraction
reliant on the full graph. Instead, we utilize a simplified,
topology-agnostic observation space focusing on path states
and demand characteristics. By focusing on candidate paths
and learning to allocate flows efficiently, we demonstrate a
scalable, adaptable, and lightweight alternative well-suited for
real-world space networks.

An overview over the related works is provided in Table 1. Here,
offline means the requests are known a priori. While prior
research focused on demonstrating the feasibility of the ap-
proach [9], this work concentrates on refining the design and
evaluating its performance in diverse scenarios.

3 | Reference System

As a baseline for the considered ML-based method, we as-
sume an SDN-based network control architecture for SCNs.
The proposed approach is integrated within the routing logic
of the controller, enabling informed decision-making. While
this investigation focuses on subsequent flow allocations,

TABLE 2 | Summary of an exemplary near-polar Walker star
constellation consisting of 288 satellites [2, 23].

Space segment characteristic Example constellation

Number of satellites 288
Number of planes 12
Number of satellites per plane 24
Satellite altitude (km) 780
Orbital inclination (°) 86.4
Cross-seam planes spacing (°) 30
Corotating planes spacing (°) 15
Phase offset corotating planes 7.5
@)

Interplane ISL shut-down 80
latitude (°)

Number of ISLs per satellite 4

the approach can also be modified to apply proactive routing
configurations.

For SCNs in particular, given their physical size, distributed in-
space control has been proposed to enhance reactivity and scal-
ability [2, 5]. For this investigation, we adopt an architecture
where the network is subdivided into domains (or clusters) of 48
satellites with dedicated controllers. We focus on intradomain
routing, resulting in an environment consisting of 48 nodes. To
assess performance in larger networks, we also consider a domain
comprising 288 satellites. This is representative of a complete ex-
emplary SCN. The considered Walker star constellation [23] is
summarized in Table 2. A 48-node domain in this reference sys-
tem is illustrated in Figure 1.
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FIGURE1 | Reference satellite constellation network. A polar constellation of 288 satellites is assumed. The red area highlights a potential SDN
domain of the network in the context of a distributed in-space architecture. Each domain consists of 48 satellites [2, 24].

3.1 | Network Connectivity

We assume that each satellite of the constellation possesses four
ISLs: two intraplane ISLs and two interplane ISLs. The band-
width and availability of all ISLs are considered equal in this
work. Based on this setup, a grid network emerges. We also omit
potential seams due to counter-rotating planes and interplane
ISL shutdown latitudes.

Notably, an inherent path diversity is characteristic for larger
SCNs. For multihop transmissions, multiple viable paths of com-
parable end-to-end characteristics are oftentimes available. This
enables an efficient distribution of incoming flows based on an
understanding of underlying traffic patterns.

The ground segment impacts the intended performance evalua-
tion only indirectly. Although the heat maps used in this inves-
tigation correspond to systems consisting of both UTs and GWs,
we focus exclusively on the sampled flow requests.

3.2 | Alignment With 6G Functional Split

The deployment of 5G-RAN and 5G-core functions across
ground and space segments enables flexible routing archi-
tectures for multi-orbit constellations. A critical design
aspect is the functional split [25, 26], which governs the distri-
bution of protocol stack functions between network entities.
For 6G-NTN, this determines where routing computation
occurs [3].

Of particular interest for in-space routing, and thus for the
proposed approach, is functional split option 2. Within this
standard-compliant option, the control layer (control plane)
is generally centralized at the Central Unit (CU), while lower
layers (data plane) remain distributed. This enables a central-
ized path computation with global network visibility as well as
distributed path execution via programmable forwarding rules.
Real-time adaption through control plane signaling, as in SDN,
is possible.

However, the distributed units (DUSs), which reside on satellites
and handle data plane functionalities, can also take over some
routing-related capabilities. Therefore, they can act as distrib-
uted SDN controllers as foreseen in our architecture. Overall,
the functional split is generally suitable for ML-based routing
using centralized learning and decentralized control, where the
central entity has global knowledge of the SCN.

The proposed path-based SAC method directly integrates into
this architecture:

« Training: SAC agent is trained centrally using global state
data (topology, demands, link states)

« Deployment: Optimized policy can be deployed to on-
board SDN controllers via 3GPP control plane

« Execution: Satellites apply path selections autonomously
using:
Topology-agnostic observations (path states, demand
patterns)
Potentially local telemetry for real-time adaptation

This setup enables efficient flow distribution while maintaining
latency benefits of functional split Option 2: Ground round-trips
are avoided, and control plane overhead is minimized.

Current 3GPP work on Option 2 variants [27] explicitly support
containerized network functions for on-board ML as well as
control plane extensions for policy distribution. Therefore, our
approach complies with the direction of the standard while ad-
dressing throughput demands via optimized multicommodity
flow allocation.

3.3 | Multicommodity Flow Problem

In order to propose paths resulting in routing configurations
which enable the highest possible throughput, approaches
which solve or approximate solutions to the MCFP have to be
formulated. The MCFP provides a framework for modeling and
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solving the network flow distribution when multiple traffic de-
mands (commodities) must be routed through a network with
limited capacity.

If integer flows are considered, as in the integer multicommod-
ity flow problem (I-MCFP), the problem is NP-complete [8].
The fractional multicommodity flow problem (F-MCFP), on
the other hand, can be solved in polynomial time using LP [8].
Nevertheless, for increasingly large networks, the problem size
grows rapidly. Therefore, approximate solutions may be consid-
ered for large networks since complete LP approaches are costly.

As the overall objective is to support as many incoming flows as
possible without saturating links, we focus on a minimization of
the maximum link utilization. The utilization u(i,j) is the total
flow on the edge (i, j) divided by its capacity c(i, j):

_fG.))

)

@

There are other objectives which can be considered, such as
minimizing the average link utilization, but we will focus on
avoiding saturation as packet drops are particularly costly
in SCNs.

We omit a detailed description of the MCFP and its associated
LP constraints for static networks, as these have been covered
in our prior work [9]. Instead, we focus directly on dynamic
networks, where the set of flows is subject to a temporal order.
Accordingly, the graph is expanded over time steps ¢ to model
these dynamics. Thus, flows on edges depend on ¢:

frG,j) forteT )
Similarly, the link capacity u,(i,j) is now time-dependent. For

certain scenarios, the link capacities also change over time;
hence, we use c,(i, ).

LG@) Z(id‘)egfzk(i,j)
¢,(i,)) B ¢, (i, )

uz(i’j) = (3)

There are two options to formulate the objective function of
minimizing the maximum link utilization over time. First, by
extending the problem over all time steps. This represents the
general approach of minimizing in all time steps:

min max max u,(i,j
i (j)es () @

Or, secondly, by minimizing the time-averaged maximum link
utilization over the time horizon T:

T
min 1 max u,(i,j) ©)
& (jes

As the network states are directly impacted by the route se-
lection, any path selection effects the subsequent routing de-
cisions. So, if we want to optimize the overall performance
over time, the sub-problems of individual routing decisions
overlap. For such sequential decision-making, DP is a suitable

approach. To find solutions, good knowledge of the network
and its state evolution is required.

We denote the state variable s, describing the network state at
time t. In addition, we consider the matrix of flows 17} which
contains all flows ftk(i,j) at time t. As before, the decision vari-
ables are ft"(i,j). Moreover, a transition function between time
steps is required, which updates the current state based on the
flows.

Ser1 = O(s,, 1) 6)

To formulate a suitable policy, the value function V, is used
to evaluate potential next states. This function considers the
resulting cost, represented by a cost function C, for the cur-
rent moment in time, as well as the impact on the value of fu-
ture states. So, the value function of the current state is based
on the value function of subsequent states. Consequently,
the computation relies on solving recursive subproblems.
Leveraging the Bellman equation enables a formulation of an
optimal policy:

Vi(s) = mfin [Cels0sf) + Viaa (1) )

Given our objective function, the immediate cost function C, is
as follows:

Ci(sef) = max u,G.J) ®)

So, for the complete time horizon from time ¢ to T, the opti-
mal value function representing the minimal total cost is as
follows:

V,(s;) = min (max [max ut(i,j)} > ©)

fodfr \ 020 |Gj)E®

This DP formulation implicitly assumes several simplifica-
tions. It does not include delay functions, queuing models,
and most importantly stochastic traffic models. Therefore,
formulating and solving DP for the considered SCN scenario
are difficult [2].

In addition, using DP results in high computational complexity
due to the state of dimensionality [28]. The state space grows
exponentially with the number of input parameters. So, for large
state spaces, DP approaches may not be applicable in practice.
Given the amount of parameters, heuristics are typically consid-
ered to make the problem manageable [14].

3.4 | Approximating Least Congested Path
Computation

To approximate the least congested path, we reformulate the
classical min-max path selection problem as a differentiable
min-sum formulation. For each edge (i, j) € & with current utili-
zation u(i, j) € [0, 1], we define a nonlinear edge weight:

w,(1,J) = exp (a - u(i,j)),
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where a > 0is a scaling parameter that controls the sharpness of
the approximation.

This formulation is inspired by the log-sum-exp identity, which
provides a smooth approximation of the maximum:

10g< 2 exp (a -xi)> Amaxx; asa-— o (10)

L

a well-known technique in optimization and machine
learning [29].

Using this transformation, the cost of a path p C & becomes the
following:

Cp)= ). exp(a-ui,j)

@ij)€ep

and minimizing this cost approximates minimizing the maxi-
mum link utilization along the path:

log C(p) ~ max u(i, j)
@ij)ep

We use this formulation to compute alternative candidate paths
with varying sensitivity to congestion. These paths are included
in the set of routing options provided to the DRL agent, as de-
scribed in Section 5.3.

4 | DRL Framework

The application of DRL techniques has gained significant at-
tention in recent years, particularly in solving complex prob-
lems that are challenging for traditional heuristic methods
and DP approaches [10, 28]. For routing and network manage-
ment in SCNs, DRL is a promising solution, as it enables low-
complexity decision-making based on dynamically evolving
network states.

However, the action space definition oftentimes poses a prob-
lem in the context of routing optimization. Given that variable
action spaces are difficult to learn from, a common approach is
to define the actions as the potential next hops of each node [30].
Such hop-based methods require an additional learning the
pathfinding problem, which can introduce unnecessary com-
plexity [16]. To circumvent this challenge, we formulate an
approach which uses rule-based pathfinding algorithms to gen-
erate sets of candidate paths. This allows the DRL agent to focus
on the primary objective of approximating the MCFP solution.

Our approach is based on the assumption that an optimal
solution can be approximated by distributing incoming flows
across a limited set of such pre-computed candidate paths. By
learning the underlying traffic characteristics, the DRL agent
is supposed to anticipate potential bottlenecks and make in-
formed decisions, enabling the support of higher network
loads and improved network performance. To this end, a suit-
able framework is required, which can effectively distribute
flows on multiple candidate paths.

4.1 | Soft Actor-Critic

In order to comply with the path-based action space require-
ment and stochastic policies, we have proposed a soft actor
critic (SAC) [31, 32] architecture [9]. SAC represents an off-
policy actor-critic method which simultaneously maximizes
the expected return and entropy. This promotes exploration
and prevents premature convergence to sub-optimal poli-
cies. By learning a stochastic policy, value functions, and a
temperature parameter, SAC balances the trade-off between
exploration and exploitation. So, agents are able to navigate
complex decision-making spaces. The approach is particularly
useful in scenarios where convergence to suboptimal policies
is a concern, as it encourages the agent to continue explor-
ing and learning, rather than settling on a potentially inferior
solution.

It consists of an actor (policy) network, parameterized by 8,, and
two critic (Q-value) networks, parameterized by ¢, and ¢,.
While the original SAC formulation [31] applied a V-critic net-
work ¢y, the utilized implementation relies on the now more
commonly used twin Q-critic approach [33]. This approach can
help reduce overestimation of Q-values, improving stability.

The temperature parameter ag adjusts the weight of the en-
tropy term. It thus controls the trade-off between reward
maximization (exploitation) and entropy maximization (ex-
ploration). When the policy entropy is below the target, ag,
increases to encourage exploration. Inversely, it can also de-
crease when entropy is too high.  denotes the target entropy,
which is set to — |¢/|, so the negative cardinality of the action
space. The value is tuned automatically using the following
objective:

F(@z) = Equr, (1]~ log 7 (als) - Wy ] 11)

The objective functions Jq,(¢o;) and Jy,(¢g,) for updating the
soft Q-function parameters correspond to the minimization of
the soft Bellman residual. So, they are a measure of the differ-
ence between the current estimate of the action-value function
and its updated value based on the Bellman equation:

1 ~ 2

le(d)Ql) = Sotorm) ~D [5<Q(S;: az;(ﬁQl)_ Q(s;» ap ¢Q1)) ]
(12)

1 ~ 2

Falb)=  E [E(Q(st,at;qsgz)— Qs o) ) ]

13)

Here, & denotes the replay buffer. Lastly, the actor is updated to
maximize the expected reward plus the entropy term. The ob-
jective of the actor network is to encourage the policy to take
actions with high Q-values while maintaining diversity for ex-
ploration through entropy maximization:

0,)= [
j”( a) (84 FSt41)~D

[min (Q(s;, a;; ¢o1)s Qs s gy)) — gy log n(ayls;; 0,)] |
(14)

Egpmry, C19)
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These objective functions highlight the self-regulating design
of SAC, in terms of its exploration-exploitation trade-off. This
balancing of a primary objective, that is, reward maximization,
with a regularization term which promotes diversity represents
a formal relationship with the MCFP.

4.2 | Relationship to Multicommodity Flow
Problem

Based on the presented objective functions, a formal relation-
ship between the MCFP and the SAC framework can be estab-
lished. This connection demonstrates the theoretical viability
of SAC for the optimization problem at hand. While we derived
why DRL-based approaches are well-suited for routing, this
framework shares properties with throughput maximization
under constraints, the QoS requirements.

The distinguishing feature of SAC is its entropy regularization
term. It prevents the policy from becoming deterministic too
quickly and encourages exploration of the state space. A similar
entropy-regularization term can be introduced into the MCFP
formulation to promote flow diversity.

In the context of throughput maximization in the MCFP, the ob-
jective function can be formulated as follows:

Tuen=max 3, f50) as)

keK(ij)e&

Capacity and flow conservation constraints apply to this maxi-
mization. Using entropy regularization, a formal connection is
visible. To control the importance of flow diversity, ay is intro-
duced, and we denote the flow-specific entropy term, Z(f), by
the following:

x() ==, X fHG.)logf ) 16)

keK(ij)e¥&

Accordingly, the regularized MCFP objective function becomes
the following:

Tvcer(F)=max ¥ f{GN-ax® () g

keK(ij)e&

This formulation shares structural similarity with the SAC ob-
jective of the actor network, provided in Equation (14). In both
cases, the primary objective, throughput or expected reward, is
balanced with an entropy term that promotes diversity in solu-
tions. The temperature parameter ag in SAC serves a similar
role to ay in the regularized MCFP, controlling the trade-off
between the primary objective and solution diversity. As we
have seen, the latter is an important aspect of proactive load
balancing.

Overall, this formal relationship indicates that SAC has the
potential to adequately approximate solutions to the MCFP.
The automatic tuning of the exploration-exploitation trade-off
is considered a significant advantage, as converging towards
promising policies is nontrivial.

5 | Proposed Architecture

Based on this SAC framework, we propose a suitable DRL
architecture for the reference scenario. The components and
their interaction are summarized in the diagram shown in
Figure 2.

5.1 | Environment

The environment is defined over a grid network graph
¢ = (7, %), where each edge (i,j) € & has a capacity c(i,j) > 0
and a dynamic utilization u(i,j) € [0, c(i,j)]. At each time step
t, a new flow request must be routed through the network.
Each request is a tuple (x;,y;,d,), where x, € 7" is the source
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FIGURE2 | Diagram of proposed path-based routing architecture. A centralized agent using a soft actor—critic framework interacts with the sat-

ellite network environment.
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node, y, € 7' is the destination node, and d, € [0, 1] is the flow
demand.

The source and destination nodes are sampled according to a
fixed heat map distribution, while the demand d, is drawn from
a uniform distribution. For each request, a set of k candidate
paths from x, to y, is precomputed using efficient pathfinding
algorithms (see Section 5.3). The agent then allocates the flow
across these paths.

After allocation, link utilizations u(i, j) are updated according to
the assigned flow fractions. If the allocation would exceed the
capacity on any edge, that portion of the flow is not routed.

Termination Condition: The episode terminates when the en-
vironment becomes saturated, that is, when an incoming flow
request cannot be routed on any of the available paths without
violating link capacity constraints. This reflects a realistic fail-
ure mode in network operation due to resource exhaustion. The
overall objective of the agent is to route as much demand as pos-
sible before such a failure occurs.

5.2 | Action Space

The objective of the agent is to distribute the incoming flow
request among a set of pre-generated candidate paths. To
achieve this, we define the action space as a k-dimensional
vector over R, Here, k represents the number of computed
candidate paths.

Notably, in some cases, the set of candidate paths may contain
duplicates, for instance, when there are fewer than k viable
paths available. However, the agent should be able to learn ef-
fective policies despite the presence of such overlapping actions.
To ensure performance, a meaningful choice of k should be con-
sidered, taking into account the network topology and resulting
sets of candidate paths. For the reference scenario, a constant
value of k = 4 is assumed.

To guarantee that the agent's actions correspond to valid flow
allocations, we normalize the action vector to ensure that its en-
tries sum to 1. Such a normalization step enables the agent to
output a probability distribution over the candidate paths, effec-
tively dividing the flow proportionally among them based on the
decision of the agent. For example, for k = 4, a potential normal-
ized action vector of a’ = [0.3,0.0,0. 3,0.4]is valid.

5.3 | Set of Candidate Paths

In order for the agent to learn effective routing policies, the de-
sign of the candidate path set is critical. These paths are precom-
puted before the agent selects any action and form the available
routing options for a given flow request. While the action space
itself consists of continuous allocations over this set (represent-
ing how much of the flow is routed along each path), the quality
and diversity of the candidate paths directly impact the agent's
ability to learn meaningful decisions and observe varied reward
outcomes.

An effective set of candidate paths must strike a balance be-
tween viability and discriminability. On the one hand, it should
include high-quality paths, such as those that minimize delay
or congestion, to offer meaningful routing options. On the other
hand, the paths should overlap minimally to ensure that the
agent can distinguish their effects and learn from the resulting
performance differences.

In our previous investigation [9], the candidate paths were se-
lected using heuristics with varying degrees of overlap and cost
formulations. This approach sometimes resulted in ambiguous
behavior, as different paths could share similar characteristics
or serve overlapping roles. Consequently, the agent could not re-
liably associate a specific allocation with a clearly defined rout-
ing objective.

In this work, we introduce a revised path selection method that
improves both learning performance and interpretability. For
every flow request, we construct four distinct paths based on the
following criteria:

1. Shortest Path: path minimizing the number of hops, in-
dependent of link utilization.

2. Least Congested Path: path minimizing the sum of
utilizations,

Y, ulj).

(ij)ep

3. Softmin Path (a = 0.5): path minimizing the sum of ex-
ponential weights,

w(i, )5 = exp (0.5 - u(i,j)).

4. Softmin Path (a =10): path minimizing the sum of
sharper weights,

w(i, )1 = exp (10 - u(i, j)).

Each path is uniquely associated with a specific routing prin-
ciple, allowing the agent to interpret each action dimension as
targeting a distinct traffic behavior. This structure simplifies the
learning task and leads to improved performance, as the agent
can learn to associate traffic conditions with appropriate alloca-
tion strategies more effectively than with the more ambiguous
sets used previously.

The candidate paths are recomputed at each step based on the
current network state. The agent's action is a normalized vector
over [0, 1]%, specifying how the current demand is distributed
across the four paths. This compact formulation supports flex-
ible, adaptive behavior while maintaining semantic clarity for
each component of the decision.

In the experimental results, we refer to this new scheme as P1,
reflecting its use of four fixed and semantically distinct path
types. For comparison, the earlier version based on heuristically
generated paths with varying overlap and less clearly defined
roles is referred to as P2.

International Journal of Satellite Communications and Networking, 2026

85UB017 SUOLULIOD ARSI 3|1 [dde 3Ly Aq pausench a1 SSpIe YO 198N JO S9N 10} A%ig178UIIUO AB]IA UO (SUONIPUOD-PUR-SLLBYWI0D" A8 |1 ARe1q 1oU1JUO//SANY) SUORIPUOD PUe SIS L 8U) 89S *[9202/60/20] U0 AriqIT8uUIUO AB|IM “UBLISS Z)OoYWRH "0 Ul MUed WMey "N-|nT 4 WnIwZ yosid A £p00. TeS/200T OT/10p/u0d 43| imAriq1joul |uo//Sdny Wwouj pepeojumod ‘0 ‘T860ZrST



5.4 | State Space

We use a compact, statistical representation of the network state,
avoiding path-level structural encodings. For each of the k can-
didate paths, the following five features are included:

min (u,), max (u,), avg(u,), var(u,), ¢

p

where u, denotes the vector of link utilizations on the path p,
and 7, € [0,1] is the normalized path length (relative to the

maximum possible length).

In addition, four global features are included over all network
links:

min (u), max (u), avg(u), var(u)
whereu € [0,1]'%!is the vector of current link utilizations across
the graph.

Finally, the current flow demand d, € [0, 1] is appended.

The total observation vector is real-valued, normalized, and of size

S=5k+4+1=5k+5 (18)

5.5 | Reward

The reward reflects the amount of demand successfully routed
at each step. Let d, be the demand of the current flow request.
If the allocation is feasible (i.e., does not exceed any link capac-
ities), the agent receives a reward equal to d,. Otherwise, the re-
ward is zero:

d, if the flow is successfully routed
Y1 = (19)

otherwise

This formulation encourages the agent to maximize the total
routed demand over the episode. If no valid allocation exists,
meaning that routing the flow would exceed link capacity on
any path, the episode terminates. This reflects the saturation of
the network and enforces early stopping once no further traffic
can be accommodated.

Due to the step-wise nature of the task and the absence of long-
term shaping rewards, a high discount factor is beneficial. It al-
lows the agent to value long-term throughput and learn to avoid
early network saturation.

Alternative reward formulations, including penalties for ex-
ceeding link capacity and exponential shaping functions, were
evaluated but did not yield improved performance. The simple,
demand-based reward proved most effective for encouraging
stable and efficient routing behavior.

5.6 | Complexity

The complexity of the proposed approach after training can be
broken down into two components: the complexity of calculating

candidate paths, denoted as I €4, and the complexity of

model inference, denoted as 7 @ jpserence- This relationship can
be represented by the following:

9<€deploy = 9<€paths + g(ginference (20)

The time complexity of the k-shortest paths algorithm can be
used as a baseline for computing the candidate paths:

T € patns = O(1E| + 17| 10g| 7| + k) 1)

Here, k denotes the number of paths. 7" and & denote the sets
of vertices and edges respectively, as before. Naturally, the path
selection does not directly follow this algorithm. Instead, it is
based on a mix of pathfinding algorithms which typically results
in slightly higher complexity. Nevertheless, it is assumed to re-
main in a similar domain.

On the other hand, the inference process involves a forward
pass through the actor network. The process consists primarily
of matrix multiplications representing the layers of the trained
neural network. Its complexity in time can be represented by the
following:

g%inference = O< ZN;; 1Nyll> (22)

€L

In this context, & denotes the set of layers in the neural net-
work and N represents the number of nodes or neurons in
layer 1.

In contrast, the training complexity is significantly higher. It
can be expressed as the product of the number of iterations, de-
noted as Ny, and the time complexity associated with forward
and backward passes through both the actor network and two
critic networks, denoted as 7 € ., and I € - r€SpPeEcCtively,

9(gtraining = O(Nits (9<gactor + 2‘(}»%c:ritic)) (23)

It is important to note that increasingly large network sizes im-
pact performance. A key issue is the more expensive computa-
tion of candidate paths (7 € ). But there are further aspects
which have to be considered. These are discussed in Section 6.4.

6 | Performance Evaluation

To evaluate the effectiveness of the proposed DRL-based routing
method, we conduct simulations on different network configu-
rations under varying traffic loads. The agent's goal is to max-
imize the total amount of routed demand before the network
reaches saturation. We compare its performance to baseline
routing schemes and investigate the impact of different candi-
date path selection strategies.

6.1 | Simulator Environment

We implement the environment using the Python-based
Gymnasium library [34]. The SAC algorithm is implemented
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using the Stable-Baselines3 library [33]. Additionally, we
utilize the NetworkX library [35] to represent and manipulate
the underlying graph structure, as well as to perform pathfind-
ing routines.

We consider two grid network configurations with 8 x 6 = 48
and 12x24 =288 satellite nodes, respectively. The 48-node
setup is supposed to represent the domain shown in Figure 1.
Flows are generated by sampling source and destination nodes

Merged Source + Destination Distribution

0.05
0
0.04
0.03
0.02
0.01
0 1 2 3 4 5

Column
FIGURE 3 | Centered heat map (around center) for the 8 x 6 grid.
Brighter areas indicate higher probability of node selection for source
and destination sampling.

N [l

w

Row
Probability

o u I

~

TABLE 3 | Hyperparameters of the SAC model using the simplified
statistics-based observation space with k = 4 precomputed paths.

according to the heat map shown in Figure 3. The demand d, is
drawn uniformly from the interval [0. 1, 0. 5].

At each time step, a new flow is sampled and a set of k = 4 can-
didate paths is computed based on the current network state, as
described in Section 5.3. The agent observes path statistics and
global utilization features as defined in Section 5.4 and selects a
flow allocation accordingly.

Flow requests are continuously generated until the environment
terminates due to saturation, that is, when no feasible path allo-
cation exists without exceeding link capacities (see Section 5.1).
Thus, there is no fixed number of flows per episode. Instead, the
agent's goal is to route as much total demand as possible before
failure.

The used hyperparameters for training are summarized in
Table 3.

To investigate how different traffic patterns influence learning
and performance, we compare two heat map configurations for
the 8 x 6 grid. The first heat map emphasizes the central region
of the network, encouraging flows between nodes in the middle
area. The second heat map concentrates traffic at the edges, par-
ticularly in the top and bottom rows. The heat maps are visual-
ized in Figures 3 and 4. These configurations are used to train
and evaluate separate agents, allowing us to analyze generaliza-
tion capabilities across spatially distinct traffic distributions.

6.2 | Benchmark Comparison
To evaluate the performance of the proposed DRL-based
method, we compare it to several routing baselines in a Monte

Carlo simulation setting. For each run, flow requests are gen-
erated until the network reaches saturation, and the total

Merged Source + Destination Distribution

0 0.08
Hyperparameter Value
Algorithm SAC 1 0.07
Polic MlpPolic
y p y 0.06
State space size S =5k +5=25(see (18)) 2
Policy architecture [64, 64] 3 0.05 5
Critic architecture [64, 64] 2 %
-4 0.04 <
Action space size k=4 4 £
Activation function ReLU 0.03
5
Learning rate 1-1073
0.02
Buffer size 1, 000, 000 6
Batch size 512 0.01
7
Target update rate 0.005
T T T T T T 0-00
Discount factor 0.999 0 1 2 3 4 5
- fici A ) Column
ntropy coefficient utomatic
by FIGURE4 | Edge-focussed heat map for the 8 X 6 grid.
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successfully routed demand is recorded. This setup reflects the
primary optimization goal of maximizing throughput before
link overflow occurs (see Section 5.5).

The considered methods are as follows:

« SPF: Shortest-path-first, based on hop count.

+ LCF: Least-congested-first, minimizing the sum of current
link utilizations.

¢ SMa =0.5and SM a = 10: Softmin routing strategies based
on exponential cost transformations (see Section 5.3).

« EMP P1: Equal multipath routing using candidate path set
P1.

« SAC P1: DRL agent trained using the candidate path set P1.
« SAC P2: DRL agent trained using the candidate path set P2.

Figure 5 shows the distribution of total routed demand over
10,000 randomly sampled flow sequences on the 8 X 6 grid. The
SAC agent using the interpretable candidate path set (P1) consis-
tently outperforms all baseline approaches, including the rule-
based methods and the legacy DRL setup (P2). This highlights
the effectiveness of structured path selection for enabling better
routing decisions under high load.

To further compare both SAC agents during training, Figure 6
shows the evolution of the average reward over time. Both
agents were trained on the 8 X6 grid using a centered traf-
fic heat map. SAC P1 consistently achieves higher reward
throughout training. This may be due to the higher consistency

in performance across its candidate paths, which can simplify
the learning task. SAC P1 enforces semantic separation be-
tween paths (e.g., shortest, least-congested, softmin variants),
which may introduce more variability in action outcomes.
While P2 is explicitly designed to reduce path overlap, it can
be more challenging to learn an effective allocation policy in
such a structured setting. Nonetheless, P1 offers better inter-
pretability and shows strong inference performance under
varying conditions.

16
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FIGURE 6 | Training curves showing the average reward over time
for SAC agents using candidate path sets P1 and P2 on the 8 X 6 grid with
a centered traffic heat map. SAC P1 consistently achieves higher reward
during training, suggesting that the diverse set of candidate paths may
simplify the learning task.
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FIGURE 5 | Monte Carlo simulation: comparison of total routed demand for 8 X 6 grid.
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6.3 | Heat Map Comparison

To evaluate the robustness of the trained policy under different
traffic patterns, we compare the performance of two SAC agents
trained on different heat maps, while testing both on the same
edge-focused traffic scenario. The experiment is conducted on
an 8 X 6 grid network.

During evaluation, source and destination nodes are sampled
exclusively from the top-most and bottom-most rows of the grid,
simulating traffic concentrated at the network edges. “SAC
P1 edge” was trained on this same edge-focused heat map
(see Figure 4), whereas “SAC P1 uniform” was trained on a
uniform heat map, where all nodes are equally likely to act as
source or destination. Both models use the P1 (see Section 5.3)

Demand Routed
~
[
o
<
|

5 1 [ | T ]

re}

I I [ I I [ I
SPFLCF sM  SM  EMP SAC P1SAC P1

a=0.5 a=10 P1 edge uniform

FIGURE 7 | Monte Carlo simulation on an 8x6 grid with edge-
focused traffic (top and bottom rows only). “SAC P1 edge” is trained
on the same edge-only heat map (see Figure 4), “SAC P1 uniform” is
trained on a uniform heat map.
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FIGURES8 | Traffic heat map used for the 24 x 12 grid. Brighter areas
indicate higher probability of node selection for source and destination
sampling.

candidate path selection method, which combines shortest path,
least-congested path, and two softmin-based path variants.

Asshown in Figure 7, both SAC agents achieve comparable rout-
ing performance. This indicates that the learned policy general-
izes well to new traffic distributions and is resilient to changes
in the training heat map. The agent's ability to maintain per-
formance under shifted traffic conditions supports its scalability
and applicability to dynamic or unforeseen traffic scenarios.

6.4 | Larger Networks

While the main evaluation focused on routing within SCN sub-
networks, the proposed DRL-based method is equally applicable
to ground-based or centralized control of the full constellation.
To assess its potential in larger scale domains, we extend our
evaluation to a 24 x 12 grid topology, comprising 288 nodes. The
corresponding heat map is shown in Figure 8.

It is important to note that this configuration does not replicate
the precise layout of a Walker-type or polar-orbit constellation,
as the orientation and directionality of ISLs are simplified.
However, the grid structure provides a relevant approximation
of path diversity, scale, and congestion effects in large space-
borne or hybrid networks.

Figure 9 shows the total routed demand until saturation for differ-
ent baseline and DRL methods, using the same Monte Carlo sam-
pling procedure as in the smaller network. The SAC agent trained
with the interpretable candidate path set (P2) again achieves the
highest throughput, confirming that the approach scales well with
network size and maintains a performance advantage even under
increased path complexity and capacity pressure.

As shown, the proposed approach is scalable and can handle
large constellation sizes. The state space, which is based on a
compact, statistical representation of the network state, does not
depend on the number of satellites in the constellation. Instead,
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FIGURE9 | Monte Carlo simulation: Comparison of total routed de-
mand for 24 x 12 grid.
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it depends on the number of candidate paths (k) and the number
of features used to represent each path. This means that the ap-
proach can be applied to constellations of varying sizes without
significant modifications.

However, for much larger graphs, the number of possible
paths increases, making it more challenging to compute the
set of candidate paths. The computation required for the path
preprocessing increases significantly. In addition, with the
higher-dimensional state space, learning efficient policies be-
comes more difficult when training the agent. Finally, with
increasingly large graphs, there is more variability in the flow
distribution process. Approximating the MCFP is more of a
challenge. To counter this, the number of paths, k, can be in-
creased. This results in more expensive path computations as
well as correspondingly larger state and action spaces, and
thus larger models. Given the relatively small models used in
the simulations, increasing k can be feasible depending on the
scenario.

In summary, decreased performance gains have to be expected
for significantly larger networks. While the approach may not be
optimal for such extremely large graphs, its scalability and flex-
ibility make it a valuable tool for optimizing flow distribution in
a wide range of currently considered constellation sizes.

7 | Discussion and Implications

We proposed a novel approach for flow distribution in SCNs
using a path-based SAC solution. Our results demonstrate that
the proposed approach outperforms state-of-the-art methods in
different scenarios and can effectively distribute flows to mit-
igate potential bottlenecks. The approach is unique in its ar-
chitecture, using a SAC agent which decides how to distribute
traffic efficiently on a set of candidate paths.

In this section, we summarize the strengths and limitations of
the proposed approach and discuss its potential implications
for real-world applications, particularly in the context of 6G
networks.

7.1 | Strengths of the Proposed Method

The proposed method exhibits several key strengths that make
it an attractive solution for flow distribution in SCNs. Notably,
the approach demonstrates flexibility in learning complex traf-
fic patterns and distributing flows with foresight, allowing it
to anticipate and mitigate potential bottlenecks. The proposed
method consistently outperforms state-of-the-art methods, in-
cluding the least-congested path approach.

Furthermore, the improved performance achieved by the
method could not be replicated by mimicking its behavior with
rule-based decision-making. This demonstrates that the agent
is actually learning effective policies and not generic strategies.

In addition, the observed complexity of the approach, even
during training, poses no significant computational challenges.
Given that we were able to achieve improved performance with

smaller models indicates that further reduction of processing
needs may be possible. Moreover, the method seamlessly inte-
grates into SDN frameworks, making it a viable and practical
solution for real-world deployment.

7.2 | Limitations of Proposed Method

A key assumption underlying the approach is that distributing
flows among a set of candidate paths will result in near-optimal
performance. While the results show the capacity to route more
demands, the given sets of paths are expected to represent a
ceiling to the effectiveness of the approach. Naturally, as the
analysis indicates, the potential improvement is also strongly
scenario-dependent.

The learning of underlying traffic patterns is currently tied to
static heat maps, which may not capture the full complexity of
real-world traffic dynamics. Given the movement of the constel-
lation and dynamically changing network topology, satellites
may be faced with diverse traffic scenarios. More complex, time-
dependent environments have to be considered. While the re-
sults demonstrate some degree of robustness and generalization,
the effectiveness of the method may decrease for such environ-
ments and related models.

7.3 | Real World Application

The proposed approach has significant implications for real-
world applications, particularly in the context of 6G NTN. With
the increasing demand for high-speed and low-latency commu-
nications, 6G networks will require advanced flow distribution
methods to ensure efficient and reliable data transfer. The pro-
posed approach can be applied to 6G networks to optimize flow
distribution and mitigate potential bottlenecks. As described in
Section 3.2, it is compliant with proposed functional splits.

For example, the approach can be used to optimize flow distri-
bution in a standard-compliant 6G satellite constellation. To this
end, it can run on top of existing rule-based routing solutions.
The proposed in-space distributed SDN architecture presents
a promising baseline for autonomous satellite constellation de-
signs with fast reactivity. Depending on the cluster size, routes
can be adjusted in less than 50ms [2].

But for completely ground-based control, the proposed approach
can represent an intriguing solution for efficient decision-
making. As the results in the 288-satellite scenario show, the
approach is also applicable for a complete constellation. For
real-world application, this is particularly relevant, as operators
may want to test ML-enabled routing extensions in ground-
controlled constellations first, before committing to in-space
network control.

Operator data will then enable further improvements and re-
finements of the approach. As it is data-driven, incorporating
historical trends as inputs to improve the accuracy of traffic pre-
dictions is a logical extension. Moreover, additional advanced
machine learning techniques to capture complex network dy-
namics can be applied to the general architecture if required.
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To this end, the approach can be easily integrated with other
techniques, such as GNNs or attention-based schemes for pre-
processing, to improve its performance and adaptability. These
adaptions may be necessary given the potential challenges that
may arise when applying the approach to different scenarios,
such as handling nonstationary traffic patterns or time-varying
network conditions.

While this work specifically focuses on the MCFP, the approach
can be tailored to different objectives, such as resilient routing,
by formulating the reward accordingly. This represents a flexi-
ble low-complexity solution in inference for routing and traffic
engineering in satellite constellations.

Overall, the proposed approach represents a promising solu-
tion for optimizing flow distribution in 6G NTN. Its flexibility,
modularity, and scalability make it an attractive solution for
real-world applications, and its potential benefits in terms of in-
creased throughput make it an interesting approach for future
research and development.

8 | Conclusion

In this work, we extend the design of a SAC-based DRL ap-
proach for approximating solutions to the MCFP in SCNs, while
maintaining relatively low computational complexity. Following
a path-based decision-making strategy, a centralized agent ef-
fectively distributes incoming flow requests among a set of can-
didate paths. The approach is able to outperform rule-based
state-of-the-art approaches in various scenarios. The provided
analyses provide valuable insights into the architecture of the
method, including the composition of path sets. Moreover, we
demonstrate that the general performance improvement persists
also in larger networks. Thus, while the method is primarily de-
signed to integrate into the routing logic of in-orbit distributed
SDN, it is also viable for global ground-based control entities.
Overall, the combination of flexibility, adaptability, and perfor-
mance makes the proposed method a promising solution for op-
timizing flow distribution in SCNs.
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