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Multi-Agent Reinforcement Learning With EAGLE

Doriana Monaco", Student Member, IEEE, Alessio Sacco, Member, IEEE, Flavio Esposito”, Member, IEEE,

and Guido Marchetto

Abstract—Network automation and data-driven solutions are
critical for modern network efficiency and resilience, especially
as traditional manual management struggles to keep pace with
increasing demands. The programmability of Software-Defined
Networks (SDN) and their integration with Machine Learn-
ing (ML) algorithms have significantly advanced this quest,
enabling data-driven network configuration. Within this context,
autoscaling network resources is essential for efficiently oper-
ating softwarized and virtualized networks. However, current
autoscaling solutions are limited by their logically centralized
nature and their poor model portability across different network
domains. To address these challenges, we propose EAGLE,
a Multi-Agent Reinforcement Learning (MARL) system that
autonomously orchestrates the scaling of network resources to
meet flow demands and reduce power consumption. Powered by
graph embedding, it generalizes to diverse network settings. We
evaluate our solution over a Mininet-based emulator and assess
its generalization capabilities on Fabric, a large-scale network
testbed. Our results show that our approach can reduce flow
completion time (FCT) by up to 40% while achieving up to 15%
power savings. In addition, we show that our trained model can
“zero-shot generalize” to unseen network topologies that share
structural or statistical similarity with the training domain, hence
reducing training time and associated energy costs.

Index Terms—Autonomous networks, reinforcement learning,
marl, graph embedding.

I. INTRODUCTION

ETWORK automation and data-driven networking solu-

tions are prominently proliferating, given the recent
advances in artificial intelligence, which enable network effi-
ciency, resiliency, and adaptive orchestration [1], [2]. This
is because traditional manual network management becomes
impractical and error-prone as the demand for seamless con-
nectivity and real-time data transmission increases.

For this reason, network autoscaling, through the
(de)activation of switches and links, is essential to ensure
that softwarized and virtualized networks can dynamically
adjust their resource consumption, such as computing power,
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bandwidth, and energy, based on fluctuating workloads and
user demands [3], [4], [5], [6]. For example, during peak
usage times or unexpected traffic spikes, the network can
autonomously allocate additional resources to temporarily
alleviate the congestion, resulting in a more resilient and
responsive network infrastructure. Similarly, idled resources
can be turned off to reduce energy consumption and minimize
carbon footprint, making the system more cost-effective while
maintaining optimal performance [7], [8].

Network automation has been favored by the advent of
Software-Defined Networks (SDN): data plane devices con-
tinuously monitor network status, which is then analyzed at
a higher level to make decisions that modify the topology
at run-time and result in new flow rules to be injected. In
such a way, autoscaling actions can be the output of Machine
Learning (ML) models [9] and Reinforcement Learning (RL)
in particular [10], [11], [12], [13], [14]. RL offers a learning-
based approach that is ideal for this problem since it uses
feedback from the network environment to refine its policy.
Its effectiveness is amplified by the robust control and observ-
ability of the SDN architecture, which allow the model to
learn the relationship between network status and autoscaling
decisions despite a complex and constantly changing network
environment.

However, current autoscaling solutions are limited by two
main factors. First, the majority of them rely on a logically
centralized process running on a single controller [10], [12],
leading to the explosion of the input space for large topologies
and a rise of the propagation delay when the network size
increases [15]. Second, all RL-based approaches are overly
tailored to the training environments (i.e., the number of
nodes and links and traffic patterns) and therefore necessitate
retraining to apply the model in new network environments
[16], [17].

To cope with such limitations, in this paper, we propose
an SDN solution that distributes the management of smaller
subnets across multiple controllers, with the global aim of
Efficient Autoscaling via Generalizable multi-agent reinforce-
ment Learning Environment (EAGLE). While defining such
a network infrastructure comprising multiple controllers, we
encountered and resolved several challenges. The main con-
tributions of the paper are:

e We propose a novel heuristic algorithm that extends

the Louvain method [18] for network partitioning. This
algorithm balances load across controllers and minimizes
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TABLE 1
COMPARISON WITH RELATED WORKS
Method Learning-based Distributed Architecture Collaboration Energy Aware Scalable Generalizable
SmartFCT [10] v X - X X X
DeepConf [12] v X - X X X
Mystique [13] v v X v v X
CATE [22] X X - v v -
EAGLE v v v v v v

controller-to-switch latency by incorporating custom
objective metrics into the partitioning process.

e We develop a fully decentralized RL framework in which
each controller runs an Actor-Critic (AC) model to pro-
vision adequate network resources while accounting for
power consumption. These agents collaboratively learn a
joint policy using a pruning-based strategy that reduces
the size of exchanged model weights and thus conserves
bandwidth.

e We enhance the generalization capability of our model by
employing graph embedding techniques to produce low-
dimensional, structurally informative representations of
network topologies and traffic patterns. This input design
is easy to interpret and enables the model to scale across
diverse and unseen network scenarios, while reducing the
MARL communication overhead.

e We extensively evaluate EAGLE in both emulated
(Mininet [19]) and real-world scenarios (FABRIC testbed
[20]). Results show that our system outperforms both
learning-based and non-learning-based autoscaling solu-
tions in terms of flow completion time, throughput, and
delay, and can reduce the resource usage, expressed
as power consumption. EAGLE outperforms the bench-
marks even in a “zero-shot generalization”, i.e., without
re-training, and even in large-scale networks as the GtsCe
[21]. By training our solution only once, we can limit the
time and costs of this process and favor the portability of
learned decisions.

The rest of the paper is organized as follows: Section II
surveys related work concerning autoscaling networks and
generalizable methodologies, Section III provides an overview
of the solution and provides the problem definition, while
a detailed description of all the components is given in
Section IV. The collaborative learning aspect is explored
further in Section V, while Section VI shows the experimental
setup and evaluation, and we draw conclusions in Section VII.

II. RELATED WORK

In this section, we provide an overview of autoscaling
methodologies, with a focus on recent ML-based techniques in
the context of SDN. Additionally, we explore the techniques
adopted to enable generalization capabilities in RL models.
We present a summary of the key differences between our
solution and similar works in Table 1.

A. Auto-Scaling Networks

Approaches used to implement adaptive network-level scal-
ing mechanisms that modify link activation, switch availability,

and routing behavior based on traffic conditions can be catego-
rized primarily as reactive or proactive. The former approach
aims to make adjustments when under-provisioning effects are
observed; of course, this may lead to service interruptions for
a certain period. A typical example of reactive approach is
the threshold-based, where the threshold can be whether fixed
or dynamic based on the application. The proactive approach
focuses on predicting the phenomenon to adapt in time, which
requires more precision, or reacting to the change before a
service disruption.

Besides several heuristics [22], [23], proactive solutions
also include the use of Machine Learning techniques for the
analysis activity and reasoning. Among these, we can cite
fuzzy learning [24], time-series [3], [4], [25], control theory
[7], [8], and genetic algorithms [26], but RL emerges as the
most employed technique by far thanks to its capacity of
learning without a-priori knowledge and the possibility to
define a multi-objective reward-based system [9], [27], [28],
[29]. Although there are various domains of application of RL
for autoscaling [9], [27], [28], [29], the most similar work to
ours is the application of RL to Software-defined networks.

SmartFCT [10] is a flow consolidation scheme designed
to satisfy QoS requirements in data center networks using
Deep Reinforcement Learning (DRL). The DRL agent receives
information about the current throughput, sends it to the neural
network, and outputs a set of link margin ratios. Based on
this ratio, flows are rescheduled following a best-fit decreasing
bin-packing algorithm. This also allows shutting down unused
links and devices. The multi-objective purpose is described by
the number of shut-down devices deducted by the number of
flows whose FCT was violated. In DeepConf [12], the authors
present a topology augmentation use case that autonomously
activates/deactivates resources based on the traffic demand.
The state input is given by the topology matrix and the traffic
matrix. The action results in a set of links to activate. The
reward function used is given by the link utilization divided
by the flow completion time of the last time step flows. Unlike
them, our RL model jointly considers throughput and power
consumption, and is deployed among multiple controllers to
make our distributed setting scalable and resilient. Although
recent multi-agent approaches are presented in [13] and [14],
the former (Mystique) trains individual policies to optimize
local networks rather than finding a global optimum, the latter
inherently achieves collaboration by sharing a global network
state and including all agent actions as input of the RL model.
Conversely, our collaborative algorithm trains a joint policy for
globally aware networked agents that share their knowledge
in a compressed format to limit communication overhead. All
the previously mentioned RL-based solutions are limited in
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TABLE I

SUMMARY OF SYMBOLS AND NOTATION USED IN THE PAPER

Symbol | Description
G Network graph
V Set of network nodes
E Set of network links
wy Capacity of link [
k Number of traffic flows
T Time step
v, Binary status of switch u (1 = on, 0 = off)
fi(7, W) | End-to-end throughput of flow i at time 7
fL(r, V) | Traffic of flow 4 traversing link [ at 7
Th Average network throughput
PC Total network power consumption
cs(u) Power consumption of switch u
Piie Idle power consumption of a switch
Piynamic | Dynamic power coefficient of a switch
Z;(u,v) | Flow i uses link (u,v)
B, Neighbors of node u
Dyv Status of link between nodes u and v
c Set of candidate controllers
n Number of nodes, n = |V|
L; Load associated with switch ¢
U; Capacity of controller j
dij Distance between switch ¢ and controller
J
Vij Switch ¢ assigned to controller j
Ul Controller j is deployed
h Detected communities (subnets)
C; Community (subnet) ¢
Y Controller capacity in community %
€ Load imbalance tolerance
o Load imbalance penalty
Qp Modularity of partition p
Z; Sum of weights incident to node ¢
C(c;i,¢j) | Nodes 4, j in the same community
AQ Modularity gain after reassignment
Z Global state embedding vector
Ty Policy with parameters 6
g Path length parameter in embedding
e Number of evaluation points in embedding
Z; Local embedding produced by agent ¢
cny Communication network among agents
N Set of learning agents (controllers)
J(0) Global long-term average return
T Reward obtained by agent ¢ at time ¢4-1
R(s,a) | Globally average reward function
R(s,a) | Local reward function of agent i
: Parameters of agent ¢’s reward estimator
Ap(s,a) | Advantage function
Vo(s;v) | State-value function parameterized by v
i Estimate of long-term average return
0; Policy (Actor) parameters of agent ¢
v; Critic parameters of agent ¢
o Local temporal-difference (TD) error
g, Policy of agent ¢

their adaptability to other contexts, as the state input design
is tailored to the characteristics of a particular network. This
implies that the model cannot be easily reused on a network
with different sizes and topologies and must be retrained. One
of the key differences in our approach is that we create a
generalizable RL. model by encoding the network topology
and traffic to represent multiple-structured and multiple-sized
topologies in a reduced state space.

B. Generalizability of Reinforcement Learning

In recent years, there has been a growing interest in devel-
oping network optimization frameworks that can generalize to
unseen data. To achieve this, researchers have explored the use
of graph embeddings and Graph Neural Networks (GNNs) for
their ability to learn from graph-structured data.

Heo et al. [30] deploys a graph gated recurrent neural
network (GG-RNN) to train their Service Function Chaining
(SFC) model to connect Virtual Network Functions (VNF) to
serve user requests. The training is performed on a dataset
containing multiple topologies and VNF placement configu-
rations, enabling generalization to random topologies at test
time, although the dataset may not fully capture the complexity
and dynamics of real-world networks.

One of the most explored scenarios is routing: [31] deploys
a GNN with the Proximal Policy Optimization (PPO) algo-
rithm. Similarly to them, we use a one-to-one mapping
of the network to a graph and incorporate network sta-
tus information through nodes and links. RouteNet [32] is
a framework for network modeling and optimization that
is trained with a message-passing GNN. The training is
performed with a dataset containing samples from three well-
known networks and generalizes to unseen networks and traffic
conditions. GNNs can capture intricate patterns in the graph,
but multi-layer message passing aggregates information from
neighboring nodes in a complex, non-linear way, obscuring the
original contributions of individual nodes. On the other hand,
graph embeddings produce fixed, low-dimensional vectors via
simpler, unsupervised methods, such as random walks [33].
These embeddings can be easily visualized using techniques
such as t-SNE, allowing us to create clear 2D or 3D plots
that reveal distinct patterns, such as clusters (see Fig. 4).
This straightforward visualization makes it particularly user-
friendly for identifying relationships and structures in the data.
An example of graph embedding utilization is provided in
GRL-PS [34], where a DeepWalk technique is used to produce
the embedding for the network status, which is used as input
for the path selection algorithm.

Unlike them, however, we adopted graph embedding to
generalize to unseen data without retraining the model and
to enable agents to collaborate efficiently. Starting from the
training topology, each controller creates a dynamic virtual
graph that captures traffic and topological details, then embeds
this graph into a compact, low-dimensional array that pre-
serves its semantic and structural properties. We leverage these
low-dimensional embeddings to share information across dis-
tributed and collaborative agents, which finally concatenate the
embeddings to create a global representation for the decision-
making module. We show that integrating graph embeddings
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creates a generalizable and interpretable collaboration system
with reduced communication overhead.

III. EAGLE OVERVIEW AND PROBLEM FORMULATION

In this section, we first motivate the need for an autonomous
mechanism for scaling network devices. We then describe the
system features and components, and finally formalize the
underlying problem.

A. Motivation and Background

Handling sudden traffic spikes, such as during a major event
like a football match or concert stream, poses a significant
challenge for network operators. During these high-demand
periods, certain routers face heavy utilization while others
remain underutilized or idle. Conversely, during off-peak
hours, traffic drops drastically, leaving much of the infrastruc-
ture consuming energy without contributing to performance.
These inefficiencies increase operational costs, waste energy,
and demand constant oversight to avoid performance bottle-
necks. Manual intervention to redistribute traffic or optimize
resources is not only impractical but also error-prone. At its
essence, determining the optimal number of devices to activate
can be modeled as a multi-commodity flow problem (formally
defined in Section III-C), which is typically addressed through
the application of linear programming (LP) solvers. While
LP solvers are capable of providing optimal solutions, they
often struggle to scale effectively in response to the increasing
complexity and size of modern networks. A fast approach is
represented by heuristics, such as threshold-based solutions
[35], [36], but they can hardly satisfy carrier-grade standards
like reliability and stability.

ML-driven autoscaling approaches emerge as a natural
solution to handle the complexity of computer networks and
meet the need for fast response to traffic spikes [10], [13],
[37]. Well-designed algorithms can identify recurring patterns
in traffic, predict future demand, and dynamically adjust
resource allocation—powering down underutilized routers dur-
ing low-demand periods and reactivating them seamlessly
as traffic rises. This automated system reduces reliance on
manual adjustments, minimizing errors and ensuring consistent
responsiveness.

B. Control Loop and System Components

Our autoscaling system operates in discrete time steps and
follows a closed-loop process comprising a telemetry phase
and a reaction phase, as shown in Fig. 1. Assuming a large-
scale network, multiple controllers are deployed to manage
smaller subnets. During the telemetry phase, each network
controller actively monitors the system to detect failures or
congestion. While in the context of an SDN topology, a
network node typically refers to a layer-2 switch, our model
functions effectively when the nodes act as either routers
or switches. To represent the current network state, each
controller collects utilization statistics from the physical infras-
tructure and constructs a weighted virtual graph, where edge
weights reflect the load on the corresponding links. This graph
is then encoded using a graph embedding technique, producing
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Fig. 1. EAGLE agents adapt to network demand fluctuations by learning from
incoming metrics and react by proactively installing new paths on demand.

a compact representation that serves as the input state for the
RL model. In this way, congestion is implicitly captured by
the information embedded in the graph representation. During
training, the RL agent explores different scaling decisions and
receives rewards that encourage congestion mitigation while
discouraging the activation of unnecessary resources. When
congestion is detected or anticipated, the system enters the
reaction phase. Based on the learned policy, the neural network
determines outputs a binary action for each controllable switch
(0 = off, 1 = on). Following any topology change, the
routing module updates the forwarding rules accordingly. In
congestion scenarios, additional switches and links can be
activated, creating new end-to-end paths between hosts. Since
routing relies on Equal-Cost Multi-Path (ECMP), the availabil-
ity of additional paths enables traffic to be distributed more
evenly across the network, thereby alleviating congestion.
After each reconfiguration, controllers exchange their updated
local views to maintain a consistent global representation
of the network state. Once congestion is mitigated and the
additional resources employed become superfluous, the system
intervenes by shutting down those assets.

In addition to congestion detection, our system also aims
to respond to the failure of a network resource, i.e., a node
or link. In such cases, a similar approach is taken, involving
the creation of one or more replacements. The system is also
resilient to misconfiguration or failure of one of the MARL
agents, as it redirects the management of its nodes to the
working controllers, ensuring the continuation of the process
without disruptions. Following the execution of these actions,
the controller continues to monitor the system to ensure the
restoration of normal traffic operation.

C. Network Model and Problem Formulation

Let the network be modeled as an undirected graph
G = (V,E,w), where V is the set of vertices (switches
or routers), F is the set of links, and w; is the capacity of
link /. As in the multi-commodity flow problem, k& flows are
identified by k; = (src;,dst;) where src; and dst; are the
source and destination of commodity <. In this setting, learning
agents (network controller) receive information on the whole
network status at each time step 7, and their goal is to mitigate
the effects of congestion while simultaneously reducing man-
agement costs. The objective function thus aims to maximize
network throughput while minimizing power consumption. For
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Fig. 2. Power consumption of a router.

a given switch u, U, is the binary operator defining its status,
i.e., on/off, while W is the vector containing status indicators
for all the switches. The end-to-end throughput of a flow
in the time slot 7 is denoted by f;(r,¥), as it depends on
the available switches, while f!(7, V) identifies the amount
of traffic flowing along the link /. We indicate the average
network throughput as follows:

k
Th=1/kY  fi(r,¥), (1)

=1

and the system power consumption PC' as:

PC = Z cs(u)W,, 2
ueV
where cs(u) is the power cost function of switches. As in other
studies in the literature, e.g., [22], we model this cost as:

CS(U) = Pidle + denamic * rate, (3)

where P;4.(W) includes a static component, i.e., not depend-
ing on the traffic, for device consumption and for each active
port, Piynamic(W/Mbps) models the energy consumption
variation per data rate, rate(Mbps) is the data rate. The
energy savings resulting from deactivating the switches is a
straightforward concept. However, as illustrated in Fig. 2, it
is equally important to recognize that turning off links—and
consequently deactivating active ports—also contributes signif-
icantly to reducing idle power consumption. It is important to
note that this power model constitutes a simplification: real
network devices may exhibit non-linear or step-based power
consumption profiles due to hardware characteristics such as
port activation thresholds, dynamic ASIC behavior, or cooling
mechanisms.

In our decentralized setting, we assign an agent n to the
management of a subnet, whose problem to solve is formalized
as follows:

maxéymize Thnor’m - aPCnorm (4)
k
s.t. > f(r, W) < wy, Vi€ BT (5)
=1
Z Zi(u,v) - fi (1, ¥) = fi(r, V), Vi, V1
I=(u,v)EE
(6)
D, < WU, Yuc V,¥be B® (7)
> Zi(u,b) <2,Yu € V,¥b € B" (8)
beBv
(I)um - (I)'U,uyv(ua U) ek (9)

¥, €{0,1},®,, €{0,1},Vu € V,¥(u,v) € E,
(10)
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where PC o is the normalized power cost and T hyorm
is the normalized throughput, ie, PChorm € [0,1],
Thyorm € [0,1] to make them comparable, « is a coefficient
that regulates the importance of the power consumption factor
over the network performance, B" is the set of vertices
connected to node wu, Z;(u,b) is a binary variable which
is 1 if flow 4 traverses the link (u,b). Focusing on the
constraints, (5)-(6) are flow conservation constraints, while
(7) reinforces that if a switch is shut down, also the associated
links are disabled. Additionally, since distributing flows across
multiple links may lead to unwanted packet reordering effects,
hindering transport-layer performance, constraint (8) imposes
that a switch receiving flow ¢, forwards it entirely to one
outgoing link, using a total of 2 attached links per flow. Finally,
we establish that links operate bidirectionally with (9): hence,
the cost of keeping a link active is incurred regardless of the
direction of the flow (uplink or downlink).

The optimal solution to this problem involves selecting the
proper number of switches to (de)activate while satisfying the
traffic constraints. However, the combination of continuous
and integer variables makes it a mixed-integer linear program.
Due to the computational complexity needed to solve such
problems, especially when dealing with large networks, we
propose to address the problem with an RL-based solution.
Thanks to its trial-and-error approach, it is able to learn
without a-priori knowledge, and after our training process, it
can be deployed in real networks and make decisions faster
than traditional autoscaling methods. Even though each agent
has its own utility function, we have developed a collaborative
learning framework in which they can share network and RL
model information, as illustrated below.

1V. EAGLE MODEL & DESIGN

In what follows, we detail the strategies employed to
overcome the main challenges posed by the problem, leaving
the details of the collaborative protocol for Section V.

A. Controller Placement Problem

An inherent challenge of our solution is the placement of
controllers and the assignment of a managing controller per
switch, which can be a major issue in SDN. The load on
the agents can be highly unbalanced, and controller-to-switch
latency seriously affects network performance, including
action execution and responsiveness to failures [15]. If this
communication suffers from high latency, the autoscaling
decisions and new routing configurations will be delayed,
making the action ineffective if traffic demand has changed.
Since we propose a solution that responds to real-time traffic
characteristics, our goal is to reduce such delays and bal-
ance controller load, as heavily loaded instances suffer from
performance degradation [38]. To do so, we partition the
network into compact structures (subnets), which we denote
as communities, using a balanced cut algorithm. A controller
is placed in each community, subject to the specific constraints
described below.

This problem can be reduced to the minimum k-median
problem, which is known to be NP-hard [39]. There-
fore, numerous heuristics have been proposed to address



6512

it efficiently. Typically, two steps are performed: network
partitioning (through community detection) and then location
selection. Given a network G(V, E,w), we first want to cut
the network into h disjoint communities c1, .., cp, such that
V = ¢ Ucs...Ucy and that ¢; N¢; = OVi # j. If the
cut is balanced, the sizes of the communities are similar.
Among community detection algorithms, the Louvain method
[18] stands out as one of the most robust and scalable
solutions. This approach is based on the concept of modularity
of a partition p, a measure of the density of links within
communities, defined as:

1 2
Qp:§%§:(wj—;2)C@m%%

2,7

Y

where m = % Z” wjj, Z; 1s the sum of the weights of edges
connected to node 4, ¢ returns 1 if ¢; and c¢; are the same
community, O otherwise. The modularity gain AQ is then
defined as the difference between the modularity of a new
partition p’ and the previous partition p, as AQ = Qp — Q).
The algorithm is composed of two phases that are iteratively
executed until no significant modularity gain is achieved. At
startup, each node is assigned to its own community. The
first phase computes, for each node, the modularity gain of
relocating it to its neighbors’ communities and moves it to
the community that maximizes this gain. A second phase of
the algorithm generates a new network that maps the identified
communities to supernodes.

While the Louvain heuristic design is sound, it is known
to produce highly variable community sizes [18]. To cope
with such suboptimality, we design a modified instance of
this algorithm that balances the partition sizes and, conse-
quently, the load on controllers. In particular, assuming that
the number of switches in a community is the variable that
contributes the most to the controller 7 — th’s load, such load
corresponds to |¢;|, and our algorithm aims to limit |¢;| below
the controller capacity, defined as ;. Meanwhile, for each pair
of communities, we define the load balancing condition as:
llei| — |cjl| < €Vi,j € h, where € is a small enough variable.
The algorithm incorporates v and e as follows: once the
best destination community is found, if the relocation doesn’t
respect the load balancing condition, it is discouraged through
a penalty term p in the modularity gain, as AQ = Qp —Qp—p.
Additionally, the node is relocated only if the load of the new
partition does not exceed ;.

Once the subnets are identified, the controller is placed on
the physical node that minimizes the average controller-to-
switch latency within each subnet, measured as the number of
nodes between the switch and the physical machine hosting
the controller functions.

We model the network as an undirected graph with V' nodes
and E edges. C identifies the set of controllers to place,
and every switch is OpenFlow-compliant, so it can host a
controller. L; is the load of a switch ¢, U; refers to the capacity
of a controller j and let PP;; denote the set of all paths between
nodes ¢ and j. Then, the hop-distance between ¢ and j, which

also determines the switch-controller latency, is defined as:
d;; = mi .
;= min Z 1 (12)
(u,v)€p
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Fig. 3. EAGLE agent is composed of an Actor-Critic (AC) model fed with
the network information encoded through graph embedding.

Let the binary variables v;; = 1 if switch ¢ is managed
by controller j, otherwise 0, and n; = 1 if controller j is
deployed. The problem is formulated in the following way
with n = |V

. 1
minimize - Z Z dijvij (13)
eV jeC

s.t. Z vij =1YieV (14)
jec
> nj=h (15)
jEC
VZJST]j,V’LEV,V_]GC (16)
> Livi; <Ujn;,Vj € C (17)
eV
Vij, M5 € [0, 1],\7’6 S V,Vy c C, (18)

where (14) establishes that every switch must be associated to
one controller, (15) limits the number of controllers placed to
h as the number of communities detected and (16) imposes
that switches are assigned only to the placed controllers. The
load balancing constraint (17) limits to exceed the capacity
of controllers in terms of the number of managed switches.
Finally, (18) enforces the binary nature of v and 7.

B. DRL-Based Network Resource Scaling

In the following section, we describe the Deep Reinforce-
ment Learning (DRL) setup to deploy agents capable of
scaling resources up and down. The DRL setup is commonly
described through a Markov Decision Process (MDP) by a
quadruple M = (S, A, P, R), where S is the state space and
represents the network environment in a certain time instant,
A is the action space, P represents the probability to transition
from a state s to a state s’, R is the reward function. DRL finds
a control policy that maximizes the long-term return by means
of neural networks. The main parameters shown in Fig. 3 are:

State space: using our defined collaborative protocol, the
agents can monitor the whole network utilization to identify
congestion or failure occurrence and react properly. Therefore,
we model the network status using a virtual network graph
G'(V',E',w"), where G’ is a 1 : 1 mapping of current active
resources in the network and each edge I’ € E’ is associated
with a weight wj, representing the utilization in a time slot 7.
To make the approach more scalable, each agent monitors a
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subnet, constructs a virtual subgraph, embeds it into a low-
dimensional array of fixed size (see Section IV-C for details),
and shares the result with other agents. After such parameter
exchange, all the embeddings are concatenated to obtain a
unique embedding Z, whose vector is then normalized and
used as input for the DRL model.

Action space: the model computes a scaling action deter-
mining which switches to activate/deactivate. The action space
is thus determined by a binary action ¥,, € A for switches
u € V. If the status of a switch changes, the corresponding
node ' is added (removed) to the virtual graph G’, and the
routing module updates the forwarding rules. Turning off a
switch also results in shutting down the connected links.

Reward: it represents the function that the agent needs to
maximize, so we directly employ the utility function, defined
in Equation (4). Since it favors actions that increase the
network throughput, it indirectly mitigates congestion.

To drive the learning process, we employ an Actor-Critic
(AC)-based model [40]. In this architecture, the Actor out-
puts the action, which is then evaluated by the Critic. This
lets us enable collaboration because our agents share the
Critic parameters and reach consensus on the global action
(see Section V). Finally, actions modify the environment,
which computes a reward signal to encourage/discourage such
actions, and updates the state representation for the next time
step.

C. Graph Embedding and Curriculum Learning for
Generalization

The state distribution is the key for generalization, as a
trained model behaves similarly across similarly distributed
data. Our goal is to establish a common data space where
different networks coexist. We define zero-shot learning as the
capacity of our RL model to respond effectively to congestion
and underutilization in previously unseen network topologies
and traffic patterns, distinct from those encountered during
training. Unlike one-shot or few-shot learning, zero-shot learn-
ing does not require any additional model updates or training:
we train the model once and apply the learned policy to new
environments [41]. To create such a generalizable model, we
use a fixed-size state representation via graph embedding and
train it via curriculum learning.

Graph embedding encodes graphs into low-dimensional
continuous vector spaces, preserving some properties such as
their structure, node proximity, and link connectivity [42]. By
leveraging graph embedding, we can ensure that networks with
varying configurations are mapped into a comparable feature
space, effectively aligning their distributions. This alignment
is crucial because it allows the model to recognize patterns
and relationships among diverse traffic scenarios, even if they
originate from different topologies. When different networks
are represented uniformly, the RL model can generalize its
learning more effectively, as it can draw on similarities
across these representations to inform its decisions in unseen
situations.

In particular, we use a Feather Graph algorithm [33],
which studies the distribution of neighborhood features in
the graph and evaluates them in some discrete points e to
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obtain an embedding. This method explores paths of length
g between pairs of nodes and iteratively chooses the next
node to visit based on the weight assigned to each edge. At
each step, it collects each node’s contribution to the studied
feature into a vector, which is then pooled using permutation-
invariant functions to obtain the whole graph fingerprint as
an embedding. This is crucial because differently ordered
nodes can still represent the same graph, and permutation-
invariant functions guarantee that the order will not influence
the resulting embedding. In this way, isomorphic graphs will
have the same representation.

Curriculum learning is an increasingly adopted technique to
facilitate the training process. Unlike traditional RL training,
which samples training environments from a fixed distribu-
tion at each iteration, curriculum learning varies the training
environment distribution to gradually increase the difficulty,
so that training will see more environments that are more
likely to improve performance. In our case, we established the
curriculum offline and defined five network traffic conditions
of increasing difficulty. Prior work utilizing RL models, e.g.,
[43], has shown the promise of curriculum learning, including
faster convergence, higher asymptotic performance, and bet-
ter generalization. This process is recognized as incremental
learning: specifically, we apply Domain Incremental Learning,
in which a domain is characterized by a particular data
distribution that can be generated by a new data source or
context.

V. COLLABORATIVE LEARNING IN EAGLE

We now detail our collaborative protocol that agents use to
train a joint policy through a consensus-based approach.

A. Collaborative AC-Marl

Multi-Agent Reinforcement Learning (MARL) studies the
interaction of multiple learning agents in a common envi-
ronment. As we want to optimize the performance of the
overall network, we deploy a collaborative MARL setting,
where agents operate for the optimization of a joint objec-
tive. In this paper, we model networked agents as part of
a time-varying communication network cn;, which they use
to exchange information with their neighbors at time ¢. By
using this (either virtual or physical) network, we reduce
communication overhead compared to a centralized approach,
and the collaborative protocol is robust to agent failures, as
operations continue without interruption by simply removing
that agent from cn;.

We design the protocol to enable collaboration towards
maximizing a global long-term return, wherein the agents base
their individual actions on a shared state space. At each time
step, each controller builds the virtual graph representing the
managed subnet, encodes it in a low-size array, and shares
the obtained embedding with other peers. This small-sized
array enables us to reduce the communication overhead while
still effectively representing each subnet feature. Indeed, each
agent can eventually concatenate all arrays and build the
shared input of the DRL models. Additionally, they commu-
nicate their local action to other peers, therefore unlocking
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global observation over actions and state through communi-
cation. The exchange of this information happens during both
the training and inference phases.

Finally, once they collect a batch of data, they also peri-
odically exchange compressed information on the local model
(see Section V-C) to reach consensus in finding the joint policy
that maximizes the globally averaged long-term return defined
as:

1 (1 ;
max J(0) = max <h%n TE (Z N Z rt+1>> , (19
t=0 iEN

where r? represents the return, i.e., reward, of agent ¢ within
the time step. Since the policy maximizes the globally aver-
aged long-term return, which is not directly available, each
agent must estimate the global reward produced by the joint
actions, as it is needed to train the policy.

B. Global Reward Estimation

Since the local r} 11 of other agents is not sampled, each
one estimates the average reward function R(s,a) in a col-
laborative way. Although many function approximators exist
in the literature [44], [45], [46], with this paper, we propose
to use feed-forward neural networks as estimators, as they are
universal function approximations (as demonstrated in [47])
that can easily scale to a large amount of data. Each agent ¢
maintains a multi-layered feed-forward neural network as an
estimator, whose set of weights is denoted by the parameter \
at time ¢. This local estimator is fed at each training step with
a concatenation of state s and actions a as input (reconstructed
through communication) and outputs the current estimated
globally-averaged reward, later used to update the policy. The
joint objective is to improve the accuracy of the estimation by
reducing the following error:

[R(s,a;\) — R(s,a)]?, (20)

varying the parameter \, where R(s,a) = Y_,. v ~ - R'(s, a),
and R'(s, a) is the reward function for agent 4, i.e., Eq. (4). To
reach this goal, once a batch of data is collected, each agent
computes the set of weights that reduce the dissimilarity with
their own reward in the following way:

A=A+ By iy — Re(AD] - VaRe(N), @D

where () is the learning rate. Finally, agents share their
estimator neural network parameters with their neighbors in
the consensus step and update their estimator:

t1 = Z ene(i, J) - A,

JEN

(22)

with eng (i, j) = d; representing the weight of the message at
time ¢ between ¢ and j if they’re connected, otherwise 0. This
allows for an estimate of the average reward.

C. Consensus-Based Gradients Update

The actor, critic, and estimator neural networks are
parametrized by 0, v, \, respectively. We define 7y, V(-;v),
and R(-;\) as our parameterized policy, state-value, and
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average reward function. We also keep track of the estimate
of the average long-term return with a scalar value p. As in
traditional AC, our algorithm consists of two phases: the critic
step and the actor step, in which the corresponding neural
networks are updated following the policy gradient principle.
In addition to these, we introduce a consensus step, in which
agents exchange their local parameters A, ji,? to train the
optimal joint policy.

Inspired by Advantage Actor Critic (A2C), we first define
the gradient of the globally long-term average return for a
multi-agent setting as follows:

Vi J(0) = ]ES7aV9¢log7réi(s, ai)Aé;(s7 a) (23)

The advantage function is typically introduced to reduce
variance and increase stability in updates. However, it requires
computing two functions (the state-action value and the
state-value functions). We then estimate the Advantage func-
tionusing the state-value TD errorr, which represents the
difference between the current estimate of the value function
and the estimate after the transition from one state to another.
For any s € S,a € A:

Ap(s,a)

=E[Fer1 — J(0) + Vo(str1) — Vo(se)|se = s, ar = a, )
24)

In the critic step, the local reward r} 41 1s initially used to
compute the state-value TD-error:

8t = riir — kg + Vi (vf) = Vi(vp) (25)

which affects the value function parameters to generate greater
values for better-rewarded states. The critic parameters are
then computed as follows:

5 = vl + By - 0LV, Vi(v]) (26)

where 3, represents the critic learning rate. The local parame-
ters 1 and A (Eq. (21)) are determined and shared in the critic
step as well:

,EL% = (1 - ﬁv) . ,Lti + Bv 'T§+1 27
In the Actor step, the policy network parameters are
updated. Following the previous assumption of estimating the
Advantage function through TD-error, the policy update is
computed in this manner:
i1 =0; + By 0f - Vgilogﬂ';% (8¢, ay) (28)
where Vg logmy(s,a) is the score function for policy 7 used
to compute a sampled measure of the gradient of the expected
return with respect to its parameters, (35 is the actor learning
rate and §! is the globally-averaged TD-error. In fact, we
cannot reuse the state-value TD-error for the policy update,
because it samples the locally defined reward. The globally
averaged TD-error is used to encourage joint actions that
transition to better states and are rewarded more than the
average. It is evaluated in the following way:

0i = Ry(N}) — i + Vi (v)) — Vi (vi) (29)
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where R;(\%) represents the output of the reward estimator at
time step t.

Finally, once both actor and critic steps are terminated, the
consensus step is performed over the shared parameters A, i, :

i =Y eny(i,g) - il (30)
JEN

Vi =Y enaliy§) - 0 (31)
JEN

In the consensus step, all agents wait to receive updates from
every active agent before proceeding to the next time stept .
This phase occurs only during training, so while waiting
for all updates is not critical, it may prolong the overall
training time.

The consensus step enables building a decentralized critic
and reward estimator, which are fundamental to finding the
optimal joint policy. Obtaining such a decentralized critic
model and reward estimator requires exchanging a scalar value
[ and the weights of two deep neural networks for each agent.
This process, though it occurs only during training, demands
significant bandwidth, as agents need to exchange large
amounts of data frequently. To mitigate this communication
overhead, we propose pruning neural network weights prior
to transmission. Specifically, the agents identify and remove
the weights with the lowest L1-norm, as they contribute the
least to the output, and transmit the remaining weights with
a bitmask so the receiver can reconstruct their positions. This
reduces the size of the data to be transferred, minimizing also
the required bandwidth. Importantly, pruning is applied only
to the weights shared between agents, while each agent’s local
model remains unaffected, thereby having minimal impact
on performance, as locally learned information is preserved.
To limit the loss in the contribution from other agents, we
impose that the agents preserve the first layer of the neural
networks, as it conveys critical information [48], while pruning
the subsequent ones. Additionally, since early pruning during
training leads to significant performance degradation [49], it
is applied after 5 epochs, i.e., communication rounds. We
apply Local Unstructured Pruning (LUP) [50] to each layer,
excluding the first one, and adopt a dynamic rate: each agent
initially prunes 30% of the weights of the selected layers, but
linearly increases the rate over training epochs up to 70%.
Once training stops, all obtained neural networks are used in
inference mode without further weight exchange.

VI. EVALUATION

In this section, we assess the performance and robustness of
our solution in our own emulator and over a large-scale virtual
network testbed. We compare EAGLE to both non-learning-
based and DRL-based autoscaling solutions. To assess the
generalization, we provide a visual representation of the graph
embedding result. Then, we demonstrate the resiliency of our
system over both data plane and control plane failures. Lastly,
we measure the overhead of our solution.

A. Settings
1) Training Setup: We implement the data plane and con-
trol plane over Mininet [19], a well-known network emulator,
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to create realistic networks. We use OVS switches featuring
OpenFlow for the data plane and Ryu [51] for the controllers.
The network used during experiments is divided into three
subnets by our community detection algorithm, with each
managed by a controller that interacts with the others for
collaborative learning. Each agent’s Actor, Critic, and Reward
estimator are multilayer perceptrons with shared hidden layers
of sizes 256, 128, and 64, differing only in their input dimen-
sions and final output layer. A pre-training phase is conducted
to build the Reward estimator, which is later used only in
inference mode. Learning rates for Actor, Critic, and Reward
estimator are 39 = 0.0001, B, = 0.001, and B, = 0.001,
respectively. The weight parameter o is set to 0.5 and the
time step 7 to 5s. This time step was chosen empirically
as a good trade-off since a high frequency can introduce
substantial overhead and excessively frequent adjustments,
leading to synchronization issues, while an excessively low
frequency can hinder the network’s ability to address issues
promptly. The partitioning variables for the training network
are p=0.01, e =2, and v = 6.!

During training, hosts replay real-world packet traces, pro-
ducing localized hotspots that can temporarily exceed link
capacities. Agents initially explore the action space using ran-
dom or partially randomized scaling actions. When switches
are activated at appropriate times-i.e., as congestion begins
to emerge-controllers update routing decisions in Mininet to
leverage newly available paths created by additional switches
and links. This leads to improved throughput, which is
reflected in a higher reward. Conversely, deactivating unnec-
essary resources is incentivized by the reward function, which
penalizes energy consumption and encourages more efficient
configurations. Each agent periodically computes gradients
and updates its local network parameters to maximize long-
term cumulative reward, thereby learning the control policy.
For our training phase based on curriculum learning, we estab-
lished 5 Training Environments (TrEnvs) with incremental
difficulty. Prior work utilizing RL models, e.g., [43], has
shown the promise of curriculum learning, including faster
convergence, higher asymptotic performance, and better gen-
eralization. Since our solution needs to respond to congestion
while simultaneously deallocating unnecessary resources, we
included congestion conditions and periods of underutilization
in the domains to learn. We manually set up these TrEnv for
our training, whereby TrEnv 1 denotes no network congestion,
TrEnv 5 represents congestion on all three subnets, and all
TrEnv in between denote congestion on specific subnets. We
replicate traffic via traces publicly available on Netresec [52],
which offers a wide list of traffic packet captures with non-
regular patterns. In particular, we use SGB TCP connections
by Digital Corpora and the Megalodon Challenge trace.

2) Benchmarks: We compared the performance of our
solution against five benchmarks: (i) DeepConf, a related
DRL-based solution to automate data center networks [12],
(ii) SmartFCT, a flow consolidation schema [10], (iii) Mys-
tiqgue an alternative MARL network management schema
[13], (iv) CollaQ, a general collaborative MARL algorithm

The code is available at https:/github.com/dahara98/EAGLE
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[53], (v) CATE, a recent heuristic aiming for carbon-aware
routing [22].

DeepConf outputs link activation states based on the net-
work topology and traffic matrix received at each step. Its
objective is to maximize the amount of data transferred while
minimizing flow duration. SmartFCT analyzes the distribution
of flows across multiple links and outputs a flow ratio. The
objective is defined through a reward function that penal-
izes the number of shut-down links while also considering
violations of flow completion time (FCT). Despite having
similar goals, we employ a multi-agent approach rather than
a centralized single agent.

Mystique deploys multiple agents that operate indepen-
dently. Their input consists of link utilization, and they
output link activation to optimize quality of experience (QoE),
fairness, and network cost management. In addition to the
distinct reward design, we differentiate by utilizing collabo-
rative agents. Moreover, our solution abstracts the network
status through an embedding whose scale is independent of
specific network characteristics. CollaQ algorithm deploys two
Deep Q-networks (DQN), where one is used to evaluate the
contribution of agents singularly, and the other evaluates the
collective impact on the Q-value function. These two terms
are then combined to compute an average agent contribution
during training updates. Since it is an RL algorithm rather
than a network scaling solution, we adopt it on top of our
framework to compare our collaborative algorithm against it.
CATE heuristic ranks links based on their carbon cost and
verifies if a viable routing solution exists after excluding
specific links at each step to deactivate them. The training
time varies across frameworks, amounting to 341 minutes for
EAGLE, 110 minutes for CollaQ, 112 minutes for DeepConf,
68 minutes for Mystique, and 71 minutes for SmartFCT.

Similar to [54], which studies the generability of RL models,
we design experiments in the evaluation to test how EAGLE
can be transferred across different topologies and network
status distributions. We summarize in Table III the settings
that determine the source domain used for training, as well as
four target topologies and four target traffic conditions. The
rationale behind this choice is detailed later in Section VI-C.

All experiments were repeated 10 times for each topology,
traffic trace, and controller configuration, and results are
reported using 90% confidence intervals.

B. Evaluation Metrics

While the reward function is typically employed to assess
the performance of RL models, the different solutions used in
our comparison use different reward functions. As such, for a
fair comparison, we base our evaluation on meaningful metrics
such as Flow Completion Time (FCT), a key performance
metric for network congestion [55], and Power Saving (PS).
For clarity, in what follows, we report the FCT gain and PS
compared to a network management schema that does not
employ any reaction or predictive logic (baseline), using these
equations:

FCT of solution

FCTgain =1 —
CTgain FCT baseline

(32)
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TABLE III
GENERALIZATION EXPERIMENTS SETUP

Network #Nodes | #Links | Key Differences
Source VO 13 16
V1 13 16 Random network with V0 node degrees
V2 13 18 Random network with more links
V3 16 22 New nodes and links expand V0
V4 149 386 Large-scale networks
Setting | Source | Target traffic
T0 T1 T2 T3 T4
Traffic capture Corpora | Corp. | Megalodon | Corp. | Corp.
Network utilization default 1 - 1T ™
Class 1 4 30{ ® TO TrEnv 1
1001® Class 2 ® 50| ¥ T1 BETEny 2 2
® Class 3 '}.': o V4 % T2 WITrEnv 3 *
501e Class 4 V2g o 0% e © 101 & T3 EETrEnv 4 ve
0o’ * T4 ETrEnv 5 °o"
°® 0 “**0
0 00,0 o3 10
sol gerenese” 20
- V0 .
‘v ~30{ & %7

—-100

—150 —100 =50 0O 50 100 150 -20-15-10 =5 0 5 10 15

(a) Different Topologies (b) Different Traffic Conditions

Fig. 4. Visual representation of MARL input. Similar networks and traffic
patterns result in embeddings close in the space.

PS—1 power consumed by solution

. (33)
power consumed baseline
To summarize these two properties, we introduce an effi-
ciency score formulating the objective to minimize the flow
completion time while using the minimum amount of neces-
sary resources:

FCTgain norm.
1-PS ’
where to simplify and make this formula more practical and
easy to understand, we normalized the FCT gain w.r.t. the
maximum value measured among all the solutions. Among
solutions with the same FCT gain, those achieving the same
performance with fewer active resources obtain a higher score.
This is a relative efficiency indicator that should be interpreted
together with FCT gain and power saving.
For an effective comparison against CATE algorithm, we
measure the carbon emissions of our solution as in [22]:

Efficiency score = (34)

14 E
Ciot = Z(Tatev - Payn, - Ciy) + Z w(ciy + ciy) (35)

v I=(u,v)

where ci is the carbon intensity and represents the amount of
carbon released for each unit of energy consumed, w is the
incremental power per active port.

C. Graph Embedding Impact

Since the state distribution is the key for RL generalization
(a trained model acts similarly over similarly distributed data),
we now study the impact in the state representation when
varying network settings, such as network size or traffic pat-
tern. We provide a visual representation of the neural network
inputs in Fig. 4a as a simple and effective way to visualize
that similar-structured networks produce similar embeddings.
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Fig. 5. Our algorithm has the best performance w.r.t. FCT and energy saving across different network conditions.

After the subnets are embedded with Feather Graph with
parameters g = 1 and e = 1 (see Sec. IV-C), the embeddings
are concatenated into one array, which is further reduced to a
2-dimensional space with t-SNE [56], a non-linear algorithm
that plots objects in a 2D plane based on their similarity.”

Starting from the original topology (Source V0), the new
set of networks is characterized by the following: (i) Class I,
randomly generated networks with the same degree distribu-
tion, (ii) Class 2, randomly generated network with the same
number of nodes but additional links, (iii) Class 3, expanded
netowrks with additional nodes and links, (iv) Class 4, large-
scale networks. The target topologies from each Class used
in the experiments are represented with bordered markers. It
is evident that the degree distribution is the most impactful
characteristic for embedding similarity: the topologies closest
to the source topology have the same degree distribution.
As we look farther away, the degree distribution is partially
different (in the case of expanded networks) and then totally
different for bigger networks. For closer networks, the relative
distance is given by a different weight distribution, as the
weight of links is fundamental to computing the Feather Graph
embedding.

The same technique has been used to produce Fig. 4b,
where we compare the embedding of different traffic patterns
over V0. The traffic observed during training (7°0) is derived
from the Corpora trace. During the capture, network utilization
fluctuates over time, so we extrapolate different time intervals
of the same trace to create unseen settings. In 7'1, the traffic
intensity is lower, while it increases in 7'3 and reaches a
heavy load in 7'4. Additionally, we use a different traffic
capture for 72. Each colored group represented in the picture
includes the embedding produced by the source (bordered
points) and unseen traffic in established TrEnvs. Note that
TrEnv 1 represents a uniformly distributed, uncongested traffic
scenario, while TrEnv 5 induces congestion across all three
subnets. Intermediate environments (TrEnv 2-TrEnv 4) gener-
ate hot spots only in selected subnets. The figure shows a clear
trend: the produced embedding varies as network throughput
increases. TrEnv 1 and TrEnv 5 are far apart, with intermediate
states in the middle. The similarity of embeddings for similar
conditions is an important result, since our model can detect

2Note that embedding plots miss axis labels because they don’t directly
represent a specific feature of the original data.

congestion in the input and apply similar actions in such
occurrences. Given this outcome, we select as target domains
four topologies at different areas of Fig. 4a, and four traffic
patterns along the main line of Fig. 4b to have a variance of
conditions during our tests.

D. Performance Over Different Network Conditions

In Fig. 5, we report the performance when running different
autoscaling schemes on the source topology V0 and source
traffic 70, i.e., the topology and traffic patterns used to
train the RL algorithms. In particular, we can observe the
performance in terms of (a) FCT gain, (b) power saving,
and (c) efficiency score of the trained algorithms over the
same conditions (TrEnvs) used during the curriculum learn-
ing procedure. While from Fig. 5a, we see that SmartFCT
can tackle congestion, it does not properly reduce power
consumption (Fig. 5b and Fig. 5c). Similarly, solutions like
Mystique can efficiently save more power (Fig. 5b), but at
the cost of higher FCT (Fig. 5a and Fig. 5c). Solutions
employing a centralized controller, such as DeepConf and
SmartFCT, exhibit quicker decision-making times because the
global information is directly available. However, the switch-
to-controller latency escalates on large-scale networks. On
the other hand, our solution reduces latency in collecting
metrics and injecting rules while also limiting communication
overhead through the exchange of compressed or pruned
information. Despite this, EAGLE consistently performs well
across all conditions (TrEnvs), providing a good trade-off
between network performance and energy savings, yielding
at least a score of 0.87 in its worst case.

The graph embedding’s role in capturing and representing
the intricate relationships within the network is crucial for the
algorithm’s robust performance across scenarios, fostering a
more comprehensive understanding of the dynamic structure.
In addition, these results validate our lightweight consensus
updates against individual decision-making (e.g., Mystique)
and alternative collaborative MARL approaches (e.g., Collaq),
which produce markedly lower scores across all conditions.

The carbon-aware heuristic shows satisfactory performance
in terms of throughput, but sometimes struggles to turn off
unnecessary resources due to its greedy approach. A detailed
comparison is reported in Fig. 6, where the carbon intensity of
nodes corresponds to regional data acquired by [57]. As shown
in Fig. 6(a-b), EAGLE can produce the same throughput as
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monitored switches (right side). (c-d) Evolution of carbon emissions (left
side) and decisions (right side).

CATE, but with switch 1 off, along with associated links, in
the first 40 seconds. The observed deviation occurs because
CATE extracts links from a cost-based sorted list and, while
scanning them iteratively, tests whether they can be removed.
This greedy approach is fast but can lead to suboptimalities.
Consequently, it can compromise its overall effectiveness
and lead to higher carbon emissions over the same period
compared to our approach (Fig. 6(c-d)).

E. Generalization Over Unseen Topologies and Traffic

We now test the generalization of EAGLE and compare it
against a subset of the benchmarks. Specifically, since we are
evaluating the generalization capabilities of machine learning
models, we do not assess CATE, as it is a heuristic method, and
generalization does not apply to it. Given that SmartFCT and
DeepConf are both learning-based, single-agent approaches,
we choose to compare EAGLE with SmartFCT, which per-
formed better in the initial set of experiments (Fig. 5c). For
these experiments, we use the eight target domains mentioned
in Table III. The target topologies and traffic patterns, although
unseen during training, span a range of distributional distances
from the source domain. Topologies vl — v3 are generated
by controlled modifications of the source topology, while v4
(GtsCe) is a structurally distinct real-world large-scale network
unrelated to the source topology. Fig. 7 shows the efficiency
score when mutating the network topologies. Since some of
the algorithms rely on network-specific features for the state
input size, we need to re-train these models when needed and
mark them with hatched bars in the graphs. We can observe
that EAGLE provides a consistent score above 1 in Fig. 7a
and Fig. 7c, which represent the most similar topologies
to the source one, as shown in Fig 4a. As for topologies
V2 and V4, shown in Fig. 7b and Fig. 7d, our algorithm
reports performance that is mostly comparable to the CollaQ
results, which, however, were specifically retrained on these

IEEE TRANSACTIONS ON NETWORK AND SERVICE MANAGEMENT, VOL. 23, 2026

topologies. For EAGLE we considered a zero-shot generaliza-
tion, as re-training a model for each new environment would be
both time and power-consuming. To further study this aspect,
we report in Fig. 9 the reward evolution over episodes in
topology V2, where dotted lines denote the training phase and
solid lines the testing episodes. We measured all algorithms
using the same reward function as in EAGLE to ensure compa-
rable values, and we plot the cumulative reward normalized by
(r—7min)/(Tmaz — "min)- These models are not the ones used
for performance experiments, where original reward functions
are deployed. This graph clearly shows how our solution can
zero-shot generalize to unseen domains without retraining,
saving time and resources.

Fig. 8 shows the same set of experiments produced over
different traffic patterns reproduced in the source topology.
We observe that EAGLE performs best in most experiments
and is the only framework whose score never drops below
0.9, maintaining stable performance across a variety of unseen
scenarios.

F. Links and Agents Failure Reaction

In this set of experiments, we test EAGLE robustness over
link failure. The tests were performed by increasing the num-
ber of link failures over the same emulated traffic and network.
Fig. 10a shows the reward distribution when increasing the
number of failed links. We can see that the more links fail,
the average reward (orange line) is maintained almost constant,
with only a little variation in the data variance (ticks). A
similar outcome is observed for packet delay (Fig. 10b), where
our re-routing strategy can react immediately to failures, thus
reducing their impact on performance.

The second set of experiments tests the robustness of the
framework over agent failure. When a controller fails, the other
controllers are in charge of handling the switches previously
assigned to the failing agent. This functionality of EAGLE
allows continuous monitoring and management of the network.
However, to enable this feature, our MARL model, designed
as a network of time-varying agents, must also respond to
failures during the consensus phase. Results of the experiment
are presented in Fig. 10c. We compare the efficiency score for
this scenario with that of the optimal scenario with no failures.
The lower scores on some tests are due to reaction time and
model alignment. However, such a score reduction is limited,
and EAGLE shows resilience, maintaining a score above 0.9.

G. Experiments Over the Fabric Testbed

To demonstrate the viability of our approach and assess its
performance over real-world networks, we test EAGLE over
the FABRIC testbed [20]. We first measure the efficiency score
of our model over an unseen network topology (NSFNET),
comparing the two testbeds (Fig. 11a). Across all the experi-
ments, EAGLE maintains a stable performance in both cases,
with a score always above 0.9. The slight differences in some
tests are due to the background traffic that is present in
FABRIC since physical links are shared among users. Despite
this unpredictable link utilization influence, the comparable
scores suggest that (1) results on Mininet are realistic and
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Fig. 9. Cumulative reward during training (dashed line) and testing (solid
line) over topology v2. Our model achieves the highest reward even without
the need to be re-trained, showing zero-shot generalization.

valid for drawing conclusions, and (2) the model learned over
Mininet can generalize even to diverse testbeds. Since such a
network used for these experiments represents a new domain,
we then test the generalization capabilities of our approach.
Fig. 11b shows the efficiency score comparison among state-
of-the-art solutions and EAGLE in FABRIC, where we need
to re-train all other models given the different-sized topology.
EAGLE has a consistent score close to or above 1.0, although
this topology and traffic data were never explored during
training. Overall, we can state that EAGLE can zero-shot
generalize and reach a similar or better performance than other
algorithms specifically trained on that environment.

H. System Overhead

We now evaluate the overhead of our solution in terms of
action latency. Measurements are repeated 25 times. At each
step of our control loop, our system first performs inference
to generate a decision. This decision is then communicated
to the controller, which updates the network accordingly. If

the configuration remains unchanged from the previous step,
no additional overhead is incurred. However, if there are
changes, certain interfaces and OVS switches may be enabled
or disabled, and new routing rules may be installed. As shown
in Fig. 12, the inference phase exhibits an average latency
of approximately 100 ms, with values ranging from roughly
10 ms to peaks around 220 ms, based on input complexity. The
overhead associated with interface management is negligible,
as both activation and deactivation times for interfaces remain
very low. In contrast, reconfiguring OVS introduces a higher
and asymmetric cost. While the average shutdown time for
OVS operations is around 50 ms, the activation process takes
notably longer, with an average latency of close to 200 ms.
Regarding routing, we measure the time required by the con-
troller to push the OF message through the network, excluding
subsequent controller-to-switch propagation, and the average
is approximately 180 ms. Overall, these results indicate that
the system introduces negligible overhead when no changes
are made. However, the costs associated with reconfigura-
tion are primarily driven by OVS updates and routing rule
installation. Despite these factors, the total latency remains
under one second, confirming the practical feasibility of this
approach for near-real-time control scenarios. Note that the
routing latency reported here does not account for controller-
to-switch propagation delay, which is expected to add a modest
additional cost depending on the underlying network topology
and controller placement.

L. Sensitivity Analysis

We study the impact of key hyperparameters, such as the
path length g and the number of evaluation points e, on
embedding quality (see Section IV-C). A greater g leads
to a higher order of neighborhoods for each node of the
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Fig. 12. The action latency is given by inference when no changes are made,
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embedding, while increasing e allows the capture of more fine-
grained information, so higher values generally enhance the
capacity to gather more information; however, it also carries
the risk of overfitting and has an effect on the embedding
size, as reported in Fig. 13a, which shows the size at varying
g and e. This size has an impact on the training time of
the RL model, since the embeddings of the subnets are later
concatenated and used as input for the model. As such, we seek
a trade-off between accuracy and the model’s input size via
cross-validation and by visually representing the embedding,
as we did in Fig. 4a. In particular, we empirically study the
effect on the embedding at increasing g and e values. As shown
in Fig. 13b, setting g = 2 and e = 1 yields local embeddings
of size 8 and a final input of size 24. Recalling how Fig. 4a was
produced with g = 1 and e = 1, we can observe little changes,
leading to the consequence that increasing the values beyond a
certain threshold does not consistently yield improved results
or provide additional information. In fact, we experimentally
observed that as the size grows, an increasing number of cells
do not convey information because their values don’t change
across TrEnvs. In conclusion, we set g 1 and e = 1,
producing a final embedding with a fixed size of 12.

Finally, we show the impact of deploying our dynamic
pruning technique in this collaborative protocol against a
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Fig. 13. Sensitivity analysis over FeatherGraph parameters.
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Fig. 14. Dynamic pruning reduces the communication overhead with limited
loss of performance.

static pruning rate. Fig. 14 shows the reward collected during
training by the two approaches w.r.t. the training without
pruning, used as the baseline. The static approach prunes 70%
of the neural network’s weights, while the dynamic approach
starts at 30% and linearly increases to 70%. While the static
method shows heavily degraded performance at the beginning,
with only occasional gains over time, the dynamic approach
maintains a reward very close to the baseline, resulting in
reduced overhead without consistent performance loss.

VII. CONCLUSION

In this paper, we presented EAGLE, a solution that allows
autonomously managing softwarized and virtualized networks
using a multi-agent reinforcement learning approach. Multiple
agents can control the subnet while sharing network infor-
mation and model knowledge with one another to create a
more reactive and intelligent management plane. Our pro-
posed model can also generalize to other network domains,
i.e., scenarios differing by the number of links and traffic
patterns, given the state space design and the training proce-
dure. Our results demonstrated the validity of this approach,
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confirming how EAGLE can jointly minimize the FCT and
reduce power consumption in a variety of contexts (includ-

ing

large and real-world networks) without the need to be

re-trained. Nevertheless, some limitations remain. In particular,
the effectiveness of the proposed approach relies on the avail-
ability of accurate and timely network telemetry. In practical
deployments, imperfect observability or delayed measurements
may lead to suboptimal or unstable decisions. Moreover, while
generalization results are encouraging, further evaluation on
a broader set of structurally diverse networks would help to
thoroughly characterize the limits of generalization.
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