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Abstract

Future sixth-generation (6G)-oriented networks require programmable control that can
adapt routing to latency and congestion without unsafe online exploration. This study
evaluates offline multi-agent deep deterministic policy gradient (MADDPG) with behavior-
adjusted training rewards for latency-aware path control in software-defined networking
(SDN). Each traffic pair is modeled as an agent selecting one of three retained candidate
paths, while centralized critics learn coordinated decisions from topology-specific Ryu–
Mininet transition datasets. Nine policies are compared using ten paired seeds on fat-tree,
mesh-grid, and WAN-corridors topologies under a deployed utilization–latency weighting
of 0.60/0.40, together with flow-completion, latency, congestion, architectural-comparison,
sensitivity, robustness, statistical, and controller-overhead analyses. The utilization-aware
path heuristic achieves the strongest overall reward ranking. MADDPG is the strongest
learned policy on fat-tree, is not significantly outperformed by any evaluated policy on
mesh-grid, and remains statistically tied with completion-matched policies on WAN-
corridors. Behavior adjustment is topology-dependent rather than uniformly beneficial.
The exported policy requires approximately 52µs per joint decision, whereas complete
control-loop timing is dominated by network-statistics polling. These results support
offline multi-agent SDN control as a competitive, low-overhead option when interpreted
jointly with topology structure, flow completion, and strong heuristic baselines.

Keywords: software-defined networking; offline reinforcement learning; multi-agent
reinforcement learning; MADDPG; traffic engineering; path control; latency-aware routing;
6G network softwarization

1. Introduction
Sixth-generation (6G)-oriented networks are expected to combine connectivity, compu-

tation, artificial intelligence (AI), sensing, and service-aware control within programmable
infrastructures [1–3]. In this paper, 6G-oriented refers primarily to the softwarized trans-
port, edge, and service-network layers that support heterogeneous and latency-sensitive
applications rather than to the physical radio interface itself. Edge intelligence, tactile
communication, industrial automation, autonomous systems, and distributed sensing
strengthen the need for control mechanisms whose decisions are executable, measurable,
and safe under changing network conditions [4–7].
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Although the present experiments isolate the programmable path-control layer, reliable
higher-layer control ultimately depends on information obtained from the underlying
communication system. This coupling is particularly relevant to near-field extremely large-
scale multiple-input multiple-output (XL-MIMO) systems, where channel estimation under
low signal-to-noise ratio (SNR) conditions remains challenging and enhanced polar-domain
estimation methods are being developed [8]. Integrating physical-layer estimates with SDN
path control is outside the scope of this study; the Ryu–Mininet environment is instead
used as a reproducible abstraction of the programmable transport and edge-control layer.

Software-Defined Networking (SDN) provides the architectural basis for this form of
adaptive control by separating forwarding from logically centralized decision-making [9,10].
OpenFlow exposes programmable flow-table operations [11], allowing a controller to collect
network measurements, select paths, and install forwarding rules. This capability has sup-
ported adaptive traffic engineering in both research systems and operational wide-area net-
works, including B4 and SWAN [12–14]. In the present study, Ryu provides the OpenFlow
controller framework and Mininet provides executable hosts, links, and switches [15,16].
SDN is therefore not merely the evaluation platform; it is the mechanism through which
learned path decisions are executed in a closed control loop.

Path selection becomes non-trivial when several feasible routes share network re-
sources. Multi-rooted data-center fabrics such as VL2 and fat-tree expose substantial path
diversity [17,18], and dynamic traffic-engineering systems have shown that this diversity
can be used to respond to changing demands [19,20]. In lower-diversity networks, how-
ever, additional hops may increase latency without producing sufficient congestion relief.
The evaluation therefore includes a path-diverse fat-tree, a lower-diversity mesh-grid, and a
larger WAN-corridors topology to examine whether learned control remains competitive
under structurally different routing opportunities.

Reinforcement learning (RL) is a natural candidate for adaptive SDN path control
because it treats control as a sequential decision problem: an agent observes the current
state, selects an action, and improves its policy according to a reward signal that reflects
the quality of the resulting behavior. In routing, this framing is attractive because a path
choice can affect not only the current packet delay, but also later congestion, bottleneck
utilization, and path stability. Deep deterministic actor–critic methods such as Deep
Deterministic Policy Gradient (DDPG) provide one foundation for learning control policies
from experience [21], while multi-agent actor–critic methods extend this idea to systems in
which several decision-makers interact through a shared environment [22]. More broadly,
machine learning and deep reinforcement learning have been studied for networking tasks
such as routing optimization, traffic engineering, resource management, and quality-of-
service prediction [23–26]. However, the same interaction that makes RL powerful also
makes it difficult to deploy in networks. A controller that explores directly in a live SDN
environment may install poor forwarding rules, overload shared links, increase round-trip
time, or create transient packet loss before the policy improves. These risks are part of
the broader real-world RL challenge, where safety, limited exploration, non-stationarity,
and evaluation under constrained data are central obstacles [27]. Offline RL addresses this
issue by learning from previously collected transitions without requiring additional online
exploration during training [28,29].

Offline learning, however, introduces its own unresolved problem. A learned policy
can select actions that are weakly represented or absent in the logged dataset, causing the
value function to extrapolate beyond reliable evidence. This difficulty has been studied
in fixed-batch and offline RL, where behavior-constrained and conservative methods aim
to reduce extrapolation error and stabilize value learning under distribution shift [30–32].
For SDN, this problem is not abstract: an unsupported action corresponds to a real path-
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selection decision that may alter load, latency, and forwarding behavior in the emulated
or operational network. Network softwarization and slicing research emphasizes pro-
grammable, service-aware control for future networks [33,34], and knowledge-defined
networking similarly argues for combining SDN, analytics, and machine learning to sup-
port data-driven control decisions [35]. Yet these perspectives do not by themselves resolve
how an offline learned controller should coordinate multiple simultaneous traffic-pair
decisions over shared links while remaining close enough to the logged behavior to avoid
unsupported actions. This is the specific gap addressed in the present study.

Prior research spans several related but distinct control settings. Online RL-based SDN
routing can adapt through continued environment interaction, but exploratory actions may
alter forwarding behavior and degrade live-network performance. Single-agent offline
RL reduces this exploration risk but does not explicitly represent simultaneous per-traffic-
pair decisions coupled through shared links. General multi-agent reinforcement-learning
studies have demonstrated coordinated control for communication problems such as
generalized wireless medium access control (MAC) protocols and massive machine-type
random access [36,37], but they do not address executable offline SDN path installation.
Recent project-level studies have also examined kernel-based reinforcement learning and
log-driven proximal policy optimization for adaptive SDN control [38,39]. The contribution
of the present work is not a new reinforcement-learning algorithm. It is the integrated
formulation and evaluation of offline multi-agent SDN path control using topology-specific
logged data, per-pair actors, centralized critics, behavior-adjusted training rewards, fixed-
size candidate-path catalogues, and live Ryu–Mininet forwarding-rule installation.

This study addresses the above problem through offline Multi-Agent Deep Deter-
ministic Policy Gradient (MADDPG) with behavior-adjusted training rewards for SDN
candidate-path control. Each traffic pair is represented as an agent and selects one of K = 3
paths retained by a pruned breadth-first candidate-generation procedure. The controller
then installs the resulting forwarding decisions through the SDN control loop. The practical
specificity of the method is deliberately narrow: the learned controller does not synthe-
size arbitrary routes at inference time, but chooses among executable path alternatives
that can be installed by the controller and evaluated using measured network behavior.
A behavior-deviation adjustment is applied once through the training reward, discourag-
ing actor outputs that depart substantially from the logged action representation without
adding a supervised behavior-cloning term to the actor loss. This design differs from
purely simulated routing learners because the policy is evaluated as an executable control
component in a Ryu–Mininet loop, using both scalar reward and physical measurements. It
also differs from heuristic path selection because it can learn topology- and load-dependent
trade-offs among utilization, latency, and path cost rather than applying a fixed rule such
as always choosing the shortest path.

Accordingly, the aim of this study is to determine whether offline MADDPG with
behavior-adjusted training rewards can provide competitive, latency-aware SDN path
control when routing decisions are constrained to executable candidate paths and eval-
uated in a live controller–emulator loop. The study is guided by six research questions.
First, how does MADDPG compare with eight learning-based and heuristic baselines,
including Conservative Q-Learning (CQL), Batch-Constrained Q-learning (BCQ), and the
utilization-aware path heuristic (Util-aware SP), across fat-tree, mesh-grid, and WAN-
corridors topologies? Second, how do topology structure and flow-completion differences
explain the observed reward, utilization, and round-trip time (RTT) outcomes? Third,
what roles are played by the centralized critic, the per-pair multi-agent decomposition,
the behavior-adjusted training reward, and the selected learning hyperparameters? Fourth,
are the principal conclusions stable under alternative utilization–latency scalarizations and
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hop/switch-penalty multipliers applied to the same deployed trajectories? Fifth, how does
the controller respond to bursty and mixed traffic, link-down and packet-loss conditions,
and an Equal-Cost Multi-Path (ECMP) forwarding reference? Finally, what are the isolated
policy-inference cost, complete SDN control-loop timing, and computational scaling as the
numbers of agents and candidate paths increase?

The principal conclusion is deliberately bounded. Util-aware SP achieves the strongest
overall reward ranking, placing first on fat-tree and WAN-corridors and second on mesh-
grid. MADDPG is nevertheless the strongest learned policy on fat-tree, no evaluated
policy significantly outperforms it on mesh-grid, and it remains statistically tied with the
completion-matched policy group on WAN-corridors. The mechanism analysis shows
that the fat-tree advantage of Util-aware SP is primarily associated with lower bottleneck
utilization at comparable completion, RTT, and path length, whereas WAN-corridors
requires reward comparisons to be qualified by delivered traffic. Behavior adjustment is
also topology-dependent rather than uniformly beneficial. The study therefore supports
offline MADDPG as a competitive and executable learned controller, but not as a universal
replacement for topology-aware routing heuristics. Its relevance to 6G lies in the AI-
assisted network-softwarization layer, where learned decisions must be assessed jointly
with topology, reliability outcomes, and complete controller overhead.

The remainder of the paper is organized as follows. Section 2 describes the Ryu–
Mininet control architecture, the three evaluated topologies, the offline datasets and
candidate-path construction, the reward formulation, the offline MADDPG training pro-
cedure, the eight comparison policies, the evaluation metrics, and the auxiliary traffic,
fault, ECMP, timing, and scalability experiments. Section 3 reports the primary reward
and rank comparisons, flow completion, RTT and utilization measurements, architectural-
variant and hyperparameter analyses, reward and penalty sensitivity, routing behavior,
paired statistics, auxiliary traffic, fault, and ECMP tests, controller overhead, scalability,
and operating-envelope results. Section 4 interprets the topology-dependent mechanisms
and implications for 6G-oriented network softwarization, and Section 5 summarizes the
bounded conclusions and future work.

2. Materials and Methods
This section describes the experimental system, learning formulation, and evaluation

protocol used to assess offline multi-agent reinforcement learning for SDN path control.
The methodology has four main parts. First, logged SDN interactions are collected from
a Ryu–Mininet environment and converted into an offline transition dataset. Second,
an MADDPG controller with behavior-adjusted training rewards is trained using central-
ized training with decentralized execution, where each traffic pair acts as a routing agent
over a fixed-size candidate-path action space. Third, the trained policy and eight compari-
son policies are deployed in live SDN evaluations on the fat-tree, mesh-grid, and WAN-
corridors topologies under matched topology, offered-traffic profile, and seed conditions.
Finally, the resulting trajectories are analyzed through reward re-scoring, architectural-
variant and behavior-adjustment analyses, hyperparameter sensitivity, policy-behavior
metrics, flow-completion analysis, paired statistics, and controller-overhead measurements.
Auxiliary experiments evaluate bursty and mixed traffic, link-down and packet-loss con-
ditions, ECMP forwarding, full control-loop timing, policy-decision scalability, and the
MADDPG operating envelope across three offered-traffic profiles. All methodological
details reported below correspond to the implementation used to generate the results in
Section 3.
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2.1. SDN Control-Loop Architecture

The experimental system follows a software-defined networking architecture in which
forwarding decisions are made by a logically centralized control plane and then installed
in the data plane through flow rules. This design is consistent with the OpenFlow model of
programmable forwarding control [11]. In the implementation used in this study, the control
plane is built around the Ryu SDN framework [15], while the data plane is emulated
in Mininet [16]. Mininet provides the controlled live-emulation environment in which
the path-control policies are evaluated under matched topology, offered-traffic profile,
and seed conditions.

The experimental environment should be interpreted as a programmable-network
control testbed for the softwarized infrastructure layer of 6G-oriented systems. It does not
emulate a complete 6G radio-access network. Rather, it isolates the path-control problem
that can arise in programmable transport, edge, and service-network segments supporting
latency-sensitive traffic. This abstraction allows the learning and deployment properties of
the controller to be evaluated under controlled topology, offered-traffic profile, and seed
conditions while preserving executable SDN forwarding behavior.

Figure 1 summarizes the control-loop architecture used throughout the study.
The workflow has two stages. In the offline stage, Ryu–Mininet interactions generated
under a behavior policy are logged and converted into an offline transition dataset. This
dataset is then used to train an MADDPG controller with behavior-adjusted training re-
wards under centralized training with decentralized execution. In the deployment stage,
the trained controller is exported as a compact path-selection policy and executed inside
the closed-loop SDN evaluation.

Figure 1. Offline training and closed-loop deployment workflow for the proposed SDN path-control
policy. Logged SDN interactions are converted into an offline transition dataset, used to train
an MADDPG controller with behavior-adjusted training rewards, and exported as a deterministic
argmax path-selection policy for live Ryu–Mininet evaluation.

During live evaluation, each control step begins with a state observation collected by
the SDN controller. The deployed policy then selects one candidate path for each traffic
pair from the current K = 3 candidate catalogue. The selected paths are translated into
forwarding decisions and installed in the emulated data plane through the controller. Traffic
is then forwarded over the installed paths, and the resulting performance measurements
are logged for analysis. The measured quantities include bottleneck utilization, RTT, hop
count, selected-path changes, packet-drop information, and flow-completion outcomes,
which are subsequently used for reward computation, policy-behavior analysis, completion
qualification, and statistical evaluation.
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The controller implementation was also instrumented to distinguish isolated policy
inference from complete control-loop latency. For one control interval, the elapsed time is
represented as

Tloop = Tpoll + Tstate + Tdecision + Tinstall + Tbarrier + Tother,

where Tpoll is the network-statistics polling time, Tstate is the state-construction time,
Tdecision is the controller-side path-selection time, Tinstall is the forwarding-rule installation
time, Tbarrier is the OpenFlow barrier-synchronization time, and Tother contains the remain-
ing controller and emulator operations within the measured interval. The isolated NumPy-
policy benchmark measures only actor evaluation and candidate-path selection, whereas
the full-loop measurement includes the surrounding monitoring and rule-update workflow.

This architecture separates learning from deployment. The policy is trained offline
from previously logged transitions, so no exploratory reinforcement-learning actions are
required during live evaluation. At the same time, deployment remains closed-loop: the
trained controller observes the current network state, selects paths, installs forwarding
rules, and receives new performance measurements at subsequent control steps. This
separation is central to the experimental design because it allows learned path control to be
evaluated in a live SDN emulator while avoiding online exploration inside the network
under test.

2.2. Network Topologies and Traffic Setting

The first topology is a fat-tree fabric with k = 4, representing a path-diverse data-
center-style network. Fat-tree networks were originally proposed as scalable commodity
data-center architectures with multiple alternative paths between hosts [18]. This structure
tests whether a path-control policy can exploit route diversity to reduce congestion rather
than selecting alternatives uniformly.

The second topology is a 4 × 4 mesh-grid. It provides shorter feasible routes and less
useful path diversity than the fat-tree, making shortest-hop routing a strong topology-
specific reference. This setting tests whether learned controllers suppress unnecessary
detours when alternative paths provide limited congestion relief.

The third topology is WAN-corridors, a larger configuration containing 26 switches
and N = 4 controlled traffic pairs. Its candidate paths follow corridor-like structures in
which alternative routes can remain dependent on shared network segments. This topology
extends the evaluation beyond the two compact fabrics and tests the controller under longer
paths, shared corridor bottlenecks, and a structurally different wide-area SDN setting.

The primary comparison uses the validated offered-traffic profile with ten paired
seeds for each topology and policy. Policies evaluated with the same topology, offered-
traffic profile, and seed form matched comparisons for the reward and statistical analyses.
The separate operating-envelope experiment evaluates MADDPG only using a uniform
3 topologies × 3 offered-traffic profiles × 3 matched seeds design. The three nominal
profiles are moderate-low, validated, and heavy: moderate-low denotes the lower con-
figured offered-traffic profile, validated denotes the primary configuration used for the
main policy comparison, and heavy denotes the highest configured profile. These labels
describe traffic-generator settings rather than topology-normalized realized load levels;
consequently, their realized utilization can differ across fabrics.

Figure 2 summarizes the evaluation and analysis pipeline. The topology, offered-
traffic profile, seed, and policy configurations define the live Ryu–Mininet evaluations.
The resulting trajectories contain selected paths, controller-side observations, and mea-
sured performance outcomes used for reward re-scoring, architectural-variant analysis,
hyperparameter sensitivity, policy-behavior analysis, flow-completion qualification, paired
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statistics, and controller-overhead evaluation. Separate three-seed auxiliary experiments
examine bursty and mixed traffic patterns, link-down and packet-loss conditions, and an
ECMP forwarding reference.

Figure 2. Evaluation and analysis pipeline. Topologies, offered-traffic profiles, seeds, and path-
control policies define the live Ryu–Mininet evaluations. Logged trajectories and measured out-
comes are used for reward re-scoring, architectural-variant analysis, sensitivity analysis, policy-
behavior and flow-completion analysis, paired statistical testing, and controller-overhead evaluation.
Auxiliary experiments examine bursty and mixed traffic, link-down and packet-loss conditions,
and ECMP forwarding.

Table 1 summarizes the topology and offered-traffic coverage. The ten-seed validated-
profile evaluation is used for the main nine-policy comparison, RTT and behavior measure-
ments, flow-completion analysis, and paired statistics. The uniform three-seed MADDPG
grid is reported separately as a single-method operating-envelope analysis and does not
replace the primary comparison. The bursty, mixed-traffic, fault, and ECMP conditions are
auxiliary three-seed evaluations reported in their corresponding results subsection.
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Table 1. Topology and offered-traffic coverage. The main comparison evaluates nine policies with ten
paired seeds per topology; the operating-envelope analysis evaluates MADDPG with three seeds per
offered profile.

Topology and Structural Role Main Comparison MADDPG Operating Envelope

Fat-tree (k = 4); path-diverse
fabric

Validated profile; 9 policies;
10 paired seeds

Moderate-low, validated,
and heavy; 3 seeds per profile

Mesh-grid (4 × 4);
lower-diversity fabric

Validated profile; 9 policies;
10 paired seeds

Moderate-low, validated,
and heavy; 3 seeds per profile

WAN-corridors (N = 4,
26 switches); corridor-like
network

Validated profile; 9 policies;
10 paired seeds

Moderate-low, validated,
and heavy; 3 seeds per profile

The primary policy set is identical across the three topologies and contains nine con-
trollers. The proposed method is compared with two architectural variants. Independent
Deep Deterministic Policy Gradient (IDDPG) trains the traffic-pair agents independently
without centralized joint-action evaluation, whereas Single-DDPG replaces the per-pair
multi-agent decomposition with one learned controller. CQL and BCQ provide additional
offline reinforcement-learning baselines. The heuristic set contains Round-robin, Shortest-
hops, Min-switch-cost, and Util-aware SP. Util-aware SP selects the retained candidate
path with the lowest currently observed bottleneck utilization. This policy set compares
centralized multi-agent control with architectural variants, offline reinforcement-learning
baselines, and topology-specific routing heuristics while preserving the same K = 3 action
cardinality and candidate-generation procedure.

2.3. Offline Dataset and Logged Transition Structure

The learning problem is constructed from logged SDN controller interactions rather
than from online exploration during evaluation. Each logged sample corresponds to one
control step in the Ryu–Mininet environment and records the observed network state,
the joint candidate-path action, the per-agent training rewards, the subsequent network
state, and supplementary measured reward ingredients. We represent each transition as

τt = (st, at, rt, st+1), rt = (r1,t, . . . , rN,t),

where st is the full controller-side state observation at control step t, at is the joint vector of
logged discrete candidate-path indices selected for the traffic-pair agents, rt is the per-agent
reward vector used during MADDPG training, and st+1 is the next full state observation.
During MADDPG training, the logged action indices are converted to the bipolar critic-
action representation described in Section 2.6. The scalar controller reward Rt defined in
Section 2.5 is reconstructed from the logged reward ingredients and is used for episode-level
evaluation, reward re-scoring, and policy ranking. A separate offline dataset is generated for
each topology under the validated offered-traffic profile using the same random behavior
policy and three collection seeds. At each control step, the behavior policy selects one
of the K = 3 candidate paths for each traffic-pair agent, the joint selection is installed by
the controller, and the resulting measurements and next observation are recorded. This
procedure produces 2067 transitions for fat-tree, 1833 for mesh-grid, and 2725 for WAN-
corridors. Policy training samples only from these fixed topology-specific datasets and
performs no interaction with the Ryu–Mininet environment or online exploration.

The controller state comprises a shared network-summary block and candidate-path
feature blocks. The shared block contains aggregate utilization, traffic-control, latency,
and previous-action information. Each candidate-path block contains a feasibility indicator,
bottleneck and mean path utilization, normalized hop count, and normalized switch cost.
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For N traffic pairs, K candidate paths per pair, a shared-block width G = 7, and five features
per candidate, the full state supplied to each centralized critic has dimension

d(s) = G + 5KN.

The decentralized observation supplied to agent i contains the shared block and only the
candidate-path block associated with its own traffic pair:

d(oi) = G + 5K.

With N = 4 and K = 3, the critic receives a 67-dimensional state and each actor receives a
22-dimensional observation.

Table 2 summarizes the observation layout, transition fields, reward ingredients,
and supplementary per-flow records used by the offline learning and analysis pipeline.
The scalar reward is not treated as an opaque value. Instead, the underlying reward
ingredients are logged so that the reward can be recomputed during analysis. This enables
the ex post reward-weight and hop/switch-penalty sensitivity experiments reported later
in the paper.

Table 2. State and transition structure used for offline learning.

Component Contents Role

Shared network block
Aggregate utilization,
traffic-control, latency,
and previous-action features

Common network context
available to all agents

Candidate-path block
Feasibility, bottleneck utilization,
mean utilization, normalized hop
count, and normalized switch cost

Describes one retained routing
candidate, including its
feasibility state

Global state st
Shared block and candidate blocks
for all traffic pairs

Input to the centralized critics
during training

Local observation oi,t
Shared block and candidate blocks
for traffic pair i

Input to actor i during training
and deployment

Joint action at
One candidate-path index per
traffic pair

Determines the paths installed by
the SDN controller

Per-agent reward vector rt
One base training reward per
traffic-pair agent

Used to form the
behavior-adjusted MADDPG
training rewards

Reward ingredients Utilization, drop-related, latency,
and path-cost terms

Support scalar reward
reconstruction and
sensitivity analysis

Next state st+1
Subsequent state in the same
representation

Completes the offline
transition tuple

Missing or infeasible candidates are encoded as infeasible with maximal normalized
path costs rather than as zero-valued paths, preventing padding from being interpreted as
an attractive routing option.

Flow completion is derived from the per-flow traffic logs rather than from the per-step
link-drop field. For each evaluation episode, the traffic-dispatch records are matched by
timestamp to the episode timestamp interval in the evaluation trajectory. The associated per-
flow records are then selected, and completion is computed as the fraction with successful
process termination status equal to zero. Timestamp matching is required because the
traffic-validity logs are append-only and can contain retries or separate launches under the
same topology, policy, and seed identifiers.
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For the main validated-profile evaluation, each topology is evaluated with ten paired
seeds. Per-episode reward is computed after removing the initial 10% warm-up portion of
the episode, and the reported policy score is the mean over the retained steps and then over
seeds. This warm-up removal prevents the initial transient controller state from dominating
the episode-level score.

Reward reconstruction from the logged ingredients was verified to numerical precision
before the ex post sensitivity analyses. A data-hygiene check also identified four evaluation
files containing a stale partial append followed by a complete rerun under the same run
identifier. The analysis retained the final complete episode without overwriting the source
files; this correction did not change any reported policy ranking. These checks support
the analyses in Sections 3.7 and 3.8, which re-score fixed logged trajectories rather than
collecting new Mininet runs.

2.4. Problem Formulation

The SDN path-control problem is formulated as a discrete candidate-path selection
problem with multiple routing agents. Let P = {1, . . . , N} denote the set of traffic pairs
controlled by the SDN controller. Each traffic pair i ∈ P is represented by one routing
agent. At each control step t, the controller observes the network state st, and each agent
selects one candidate path for its corresponding traffic pair.

For each traffic pair i, the controller maintains a candidate-path set of fixed cardinal-
ity K,

Ci = {ci,1, ci,2, . . . , ci,K}.

The controller constructs each candidate set from the topology discovered for the
relevant data-collection or live-evaluation run. Each retained path connects the designated
source and destination, is loop-free, and is distinct from the other candidates for the same
traffic pair. Candidate generation uses a pruned breadth-first expansion and terminates
when the first K = 3 complete paths admitted by that procedure have been found; no rank-
ing over the complete feasible path set is performed. The retained catalogue is therefore
not guaranteed to contain the K globally shortest paths. After truncation, the retained
paths are sorted by hop count and node-identifier sequence to assign stable action indices
within that catalogue. Because the reported runs used dynamic topology discovery without
explicitly sorting adjacency insertion order before generation, exact catalogue membership
can depend on topology-discovery order across separate runs. Nominal changes in uti-
lization and latency affect path selection but do not regenerate the catalogue, whereas a
detected topology change, such as link removal, can trigger candidate-path recomputation.
All evaluated policies use the same generation procedure and the same K = 3 action
cardinality, although independently discovered runs are not guaranteed to retain identical
node sequences.

The local action of agent i is therefore a discrete candidate-path index,

ai,t ∈ {1, 2, . . . , K}.

The joint routing action at control step t is

at = (a1,t, a2,t, . . . , aN,t),

and deployment maps this joint action to one selected path per traffic pair:

πdeploy(st) =
(

c1,a1,t , c2,a2,t , . . . , cN,aN,t

)
.
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The selected paths are then installed by the SDN controller as single-path forwarding
decisions for the current control interval.

The learning problem is defined over logged transitions

τt = (st, at, rt, st+1),

where st is the controller-side state observation, at is the joint candidate-path action, rt =

(r1,t, . . . , rN,t) is the per-agent reward vector used during offline training, and st+1 is the
next observed state. The behavior-adjusted per-agent rewards used by MADDPG are
defined in Section 2.6. Policy performance is evaluated using the scalar controller reward
Rt defined in Section 2.5, with the corresponding objective

max
π

E
[

T−1

∑
t=0

γtRt

]
,

where T is the episode length and γ is the discount factor.
The multi-agent structure is important because the routing decisions for different

traffic pairs are coupled through shared links. A path selected for one traffic pair can
change the bottleneck utilization and latency experienced by another. Therefore, each agent
executes a local path-selection decision, but training can use information about the joint
state and joint action. This motivates the centralized-training/decentralized-execution
formulation used by MADDPG: during training, each critic can evaluate coordinated joint
actions, while during deployment, each traffic-pair agent contributes to the selected joint
routing action through the learned policy.

This formulation keeps the deployed control action simple and SDN-compatible.
During nominal operation, the controller does not synthesize arbitrary routes at each
decision step; it uses the current observation to select among the retained candidates
and installs the corresponding forwarding rules. Candidate paths are recomputed only
when topology discovery reports a structural change. The learned and heuristic controllers
therefore use the same candidate-generation procedure, action cardinality, and Ryu–Mininet
control loop, while differing in how the current network state is mapped to a candidate-
path index.

2.5. Reward and Cost Function

The controller is evaluated using a scalar reward constructed from measured network
quantities. The reward is defined as the negative of a routing cost, so higher reward
corresponds to better performance and zero is the best attainable value. At control step t,
the cost is

Ct = wuUt + wdDt + wl Lt + Pt,

and the reward is
Rt = −Ct = −(wuUt + wdDt + wl Lt + Pt),

where Ut is the bottleneck-utilization term, Dt is the drop-related term, Lt is the normalized
RTT-related loss, and Pt is the realized gated hop/switch penalty. The scalar reward Rt is
used for episode-level evaluation, reward re-scoring, and policy ranking, whereas MAD-
DPG training uses the corresponding per-agent rewards and their behavior-adjusted forms
defined in Section 2.6. The quantity Dt is a per-step link-drop term derived from controller-
side measurements; it does not measure end-to-end flow completion. Because wd = 0 in
the deployed reward, policy comparisons on WAN-corridors are interpreted jointly with
the separately measured flow-completion rate.
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The deployed reward used in the primary validated-profile experiments is parameter-
ized by

wu = 0.60, wd = 0, wl = 0.40.

This configuration assigns greater weight to bottleneck utilization than to normalized
latency loss while retaining latency as a substantial component of the routing objective.

Table 3 summarizes the reward terms and their roles. The utilization term penalizes
routing decisions that place traffic on highly loaded bottleneck links. The RTT-related loss
penalizes high end-to-end latency. The per-step link-drop term is retained in the objective
definition, although its weight is zero in the deployed configuration and it is not used as a
proxy for end-to-end flow completion. The hop/switch penalty discourages unnecessary
detours and path changes through a gated excess path-cost term.

Table 3. Reward and cost terms used for offline scoring and sensitivity analysis.

Term Meaning Role in Objective

Ut Bottleneck utilization Penalizes congested selected paths

Dt Per-step link-drop term Retained in objective; wd = 0; does
not measure flow completion

Lt Normalized RTT-related loss Penalizes high end-to-end latency
Pt Realized hop/switch penalty Penalizes gated excess path cost

For an episode of length T, the reported episode-level reward is computed after
removing the initial warm-up portion of the trajectory. Let I denote the retained set of time
steps after the 10% warm-up skip. The episode score is

R̄episode =
1
|I| ∑

t∈I
Rt.

Policy-level scores are then obtained by averaging episode scores across the evaluated
seeds within each topology.

The same logged reward ingredients are also used for ex post objective sensitivity
analysis. For a general utilization–latency trade-off with wd = 0, the re-scored reward is

Rt(wu, wl) = −(wuUt + wl Lt + Pt), wl = 1 − wu.

This re-scoring does not retrain the policies; it evaluates the same logged trajectories under
alternative scalarizations of the measured quantities. Therefore, the sensitivity analysis
tests whether the observed ranking is stable under alternative reward interpretations of the
same deployed behavior.

The hop/switch penalty sensitivity is computed in the same ex post manner. Let λ

denote a multiplier applied to the realized combined hop/switch penalty. The re-scored
reward is

Rt(λ) = −(wuUt + wdDt + wl Lt + λPt),

with wu = 0.60, wd = 0, and wl = 0.40. The evaluated penalty multipliers are

λ ∈ {0, 0.5, 1, 2}.

The deployed reward corresponds to λ = 1. This formulation tests whether the qualitative
conclusions depend on the exact magnitude of the realized hop/switch penalty while
keeping the physical trajectories fixed.
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Reward reconstruction from the logged ingredients was verified numerically before
the ex post weight and penalty sensitivity analyses, which re-score fixed logged trajectories
rather than collecting new SDN evaluation episodes.

2.6. Offline MADDPG with Behavior-Adjusted Training Rewards

The proposed controller uses Multi-Agent Deep Deterministic Policy Gradient (MAD-
DPG) with centralized training and decentralized execution (CTDE). Deep Deterministic
Policy Gradient (DDPG) provides the deterministic actor–critic foundation in which a
parameterized actor produces continuous action scores and a critic estimates their action
value [21]. In the present implementation, these scores are converted to a discrete candidate-
path decision by an arg max operation at deployment. This preserves a differentiable actor
representation during training while producing an executable discrete SDN action. DDPG
also provides a shared actor–critic basis for comparison among the implemented MAD-
DPG, IDDPG, and Single-DDPG architectures. MADDPG extends DDPG through CTDE,
allowing each traffic-pair agent to execute its own policy while its critic is trained using
joint information from the multi-agent system [22]. This structure is appropriate because
routing decisions are executed per traffic pair but remain coupled through shared links
and congestion.

In this study, each traffic pair is modeled as one routing agent. Agent i has an actor
µi(oi; θ

µ
i ), where oi denotes its local observation and θ

µ
i denotes the actor parameters.

The actor produces a continuous K-dimensional action-score vector

ui,t = µi(oi,t; θ
µ
i ) ∈ [−1, 1]K.

For MADDPG training, the logged discrete candidate-path index ai,t is represented by the
bipolar vector

bi,t,j =

+1, j = ai,t,

−1, j ̸= ai,t,
j ∈ {1, . . . , K}.

Thus, exactly one component of bi,t equals +1, and the remaining components equal −1.
This bipolar representation, rather than the integer index, is supplied as the logged action to
the critic. During deployment, the continuous actor output is converted back to a discrete
candidate-path index by

ai,t = arg max
k∈{1,...,K}

µi(oi,t; θ
µ
i )k.

The selected indices form the joint routing action and are mapped by the SDN controller to
one installed path per traffic pair.

During centralized training, each agent has a critic that evaluates the global state and
the joint continuous action representation. Let

ut = (u1,t, . . . , uN,t),

and denote the critic of agent i by

Qi(st, ut; θQ
i ).

For logged transitions, the critic action input is the corresponding joint bipolar action vector
bt = (b1,t, . . . , bN,t).
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Because training is performed from a fixed dataset, the implementation discourages
deviations from the logged behavior through the reward used in the Bellman target rather
than through an additional supervised actor loss. For agent i, the behavior-deviation term is

di,t =
1
K

K

∑
j=1

(
ui,t,j − bi,t,j

)2.

The reported models use the per-agent behavior-adjusted reward

rBR
i,t = ri,t − βdi,t = ri,t −

β

K

K

∑
j=1

(
ui,t,j − bi,t,j

)2.

The selected configuration uses β = 0.1, while the β = 0 sensitivity variant removes the
behavior-deviation adjustment without changing the remaining MADDPG architecture.

The critic is trained using the standard mean-squared Bellman error

LQi = E(s,b,r,s′)∼D

[(
Qi(s, b; θQ

i )− yi

)2
]

,

with the unprojected target

ỹi = rBR
i + γQ′

i

(
s′, u′; θQ′

i

)
,

where
u′ =

(
µ′

1(o
′
1; θ

µ′

1 ), . . . , µ′
N(o

′
N ; θ

µ′

N )
)

.

Here, Q′
i and µ′

i denote the critic and actor target networks, respectively, and γ is the
discount factor.

When target projection is enabled, the implementation defines the empirical interval

Y = [qmin, qmax],

where

qmin = min
(

rmin,
rmin

1 − γ

)
, qmax = max

(
rmax,

rmax

1 − γ

)
,

and rmin and rmax are the empirical minimum and maximum of the per-agent reward array
used in the corresponding training run. The projected target is then

yi = projY (ỹi).

When projection is disabled, yi = ỹi. The interval is motivated by the discounted-
return envelope for bounded per-step rewards under 0 ≤ γ < 1.

Target projection was disabled for the primary fat-tree and mesh-grid MADDPG
models and enabled for the primary WAN-corridors model. IDDPG and Single-DDPG
used the same empirical projection rule on all three topologies, whereas CQL and BCQ
did not use target projection. Projection settings were matched within each behavior-
adjustment comparison: projection was disabled for both β variants on fat-tree and mesh-
grid and enabled for both variants on WAN-corridors. The learning-rate, discount-factor,
and hidden-width sensitivity runs on fat-tree did not use target projection.

The actor objective remains the standard deterministic MADDPG objective:

Lµi = −Es∼D
[

Qi

(
s, u1, . . . , µi(oi; θ

µ
i ), . . . , uN

)]
.
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No supervised behavior-cloning term is added to either the actor or critic loss; β influences
learning only through the behavior-adjusted reward entering the Bellman target.

Table 4 reports the selected training configuration and the single-parameter alterna-
tives evaluated in the sensitivity analysis. Each alternative changes only the indicated
parameter while preserving the same offline dataset and 30,000-step training budget.

Table 4. Selected MADDPG training configuration and tested alternatives.

Parameter Selected Value Tested Alternatives

Learning rate 10−3 2 × 10−4, 5 × 10−3

Discount factor γ 0.99 0.90, 0.995
Hidden units per layer 128 64, 256
Behavior-adjustment weight β 0.1 0
Training iterations 30,000 Not varied

Algorithm 1 summarizes the training and deployment workflow. The key design
choice is that learning is performed offline from logged Ryu–Mininet transitions, whereas
deployment uses only deterministic path selection from the trained actors. Therefore,
the deployed controller does not explore inside the live network. It observes the current
state, selects one candidate path per traffic pair, installs the corresponding forwarding rules,
and logs the resulting performance measurements for evaluation.

Algorithm 1 Offline MADDPG with behavior-adjusted training rewards for SDN path control

Require: Offline transition dataset D; traffic-pair agents i = 1, . . . , N; candidate-path sets
Ci with K = 3; behavior-adjustment weight β

1: Initialize actor networks µi, critic networks Qi, and corresponding target networks
2: for each offline training iteration do
3: Sample a mini-batch (s, b, r, s′) containing bipolar logged-action vectors and per-

agent rewards
4: Compute current actor outputs ui = µi(oi) for the sampled states
5: Compute di = K−1∥ui − bi∥2

2 and form rBR
i = ri − βdi

6: Compute target actor-score vectors u′ and form ỹi
7: Set yi = projY (ỹi) when target projection is enabled; otherwise set yi = ỹi
8: Update each centralized critic Qi by minimizing LQi using yi
9: Update each actor µi using the standard deterministic critic objective Lµi

10: Update target networks
11: end for
12: Export the trained actors as the deterministic argmax candidate-score policy
13: for each live SDN control step do
14: Observe the current controller-side network state st
15: for each traffic pair i do
16: Select ai,t = arg maxk µi(oi,t)k
17: Map ai,t to candidate path ci,ai,t
18: end for
19: Install the selected paths through the SDN controller
20: Log measured network metrics for evaluation
21: end for

2.7. Baselines and Architectural Variants

The proposed controller is compared against learning-based and heuristic path-control
policies. The learning-based variants and offline reinforcement-learning baselines test
alternative learned formulations, while the heuristic baselines represent deployable routing
strategies that do not require offline training. All policies operate over the same candidate-
path abstraction: for each traffic pair, one path is selected from the retained K = 3 candidates
and installed by the SDN controller.
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Table 5 summarizes the nine policies used in the main ten-seed comparison. IDDPG
trains each traffic-pair agent independently without centralized joint-action evaluation.
Single-DDPG replaces the per-pair multi-agent decomposition with one learned controller
for the joint path-control decision. These two methods provide implementation-level archi-
tectural comparisons with MADDPG; because target-projection settings are not matched
on every topology, they are not interpreted as perfectly isolated one-factor ablations.

Table 5. Policies used in the main validated-profile comparison.

Policy Type Purpose in Evaluation

MADDPG Proposed method Multi-agent controller with centralized critics and behavior-adjusted
training rewards

IDDPG Learning variant Trains traffic-pair agents independently without centralized
joint-action evaluation

Single-DDPG Learning variant Replaces the per-pair multi-agent decomposition with one
learned controller

CQL Offline-RL baseline Applies conservative Q-value regularization to per-agent discrete
candidate selection

BCQ Offline-RL baseline Restricts per-agent candidate selection using a learned
behavior-support model

Round-robin Heuristic baseline Cycles through the retained candidates

Shortest-hops Heuristic baseline Selects the feasible retained candidate with minimum hop count

Min-switch-cost Heuristic baseline Selects the retained candidate with minimum switch cost

Util-aware SP Heuristic baseline Selects the retained candidate with minimum observed
bottleneck utilization

Conservative Q-Learning (CQL) and Batch-Constrained Q-learning (BCQ) provide ad-
ditional offline reinforcement-learning references using the same topology-specific datasets,
22-dimensional local observations, and K = 3 candidate-action abstraction as the decentral-
ized MADDPG actors. CQL applies conservative Q-value regularization with αCQL = 1.0
and selects the maximum-valued candidate at deployment. BCQ uses a learned behavior-
support model with relative-support threshold τBCQ = 0.3 and selects the highest-valued
supported candidate. Both use the raw logged rewards, without the MADDPG behavior-
deviation reward adjustment or target projection. These baselines test whether the proposed
multi-agent formulation remains competitive with established offline-RL alternatives under
the same local observation and candidate-action abstraction.

The heuristic baselines provide non-learning reference points. Round-robin cycles
through the retained candidates and therefore tests whether unconditioned path variation
is sufficient. Shortest-hops selects the feasible retained candidate with minimum hop count
and is expected to be strong when topology structure favors direct routes. Min-switch-cost
selects the retained candidate with minimum switch cost and provides a second topology-
aware heuristic. Util-aware SP selects the retained candidate with the lowest observed
bottleneck utilization and provides a congestion-aware heuristic reference. These baselines
are important because a learned SDN controller should be compared not only with other
learned formulations but also with simple, deployable routing rules.

The behavior-adjustment sensitivity variant, denoted MADDPG β = 0, is not part of
the nine-policy primary comparison. It preserves the MADDPG architecture but removes
the behavior-deviation adjustment from the training reward. The comparison uses three
matched seeds on fat-tree and mesh-grid and ten matched seeds on WAN-corridors. It
is therefore used to assess the direction and magnitude of the behavior-adjustment effect
rather than as an additional policy in the main ranking.

This comparison set addresses three questions. First, comparison with IDDPG and
Single-DDPG evaluates alternative actor–critic architectures. Second, comparison with
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CQL and BCQ evaluates established offline-RL formulations under the same local state
and candidate-action abstraction. Third, comparison with Round-robin, Shortest-hops,
Min-switch-cost, and Util-aware SP tests whether learned control improves upon simple
heuristic path-selection rules under the same SDN deployment conditions.

2.8. Evaluation Metrics and Statistical Analysis

The evaluation uses reward, physical network measurements, policy-behavior metrics,
and paired statistical tests. The primary scalar metric is the episode-level reward defined
in Section 2.5. Higher reward is better, and policy rankings are computed independently
within each topology and evaluation setting. Because the reward is a scalarization of
multiple measured quantities, the analysis also reports reward-independent outcomes,
particularly end-to-end RTT, bottleneck utilization, and flow completion.

Flow completion measures the fraction of dispatched flows that terminate successfully:

Completion =
#{dispatched flows with exit code 0}

#{dispatched flows} .

This metric is reported separately from the per-step drop-related reward term. It is used
to qualify reward comparisons when policies carry different realized traffic volumes,
particularly on WAN-corridors.

For each of the three topologies, the primary validated-profile comparison uses ten
paired seeds for MADDPG and the eight comparison policies. A seed is paired across
policies when they are evaluated under the same topology and offered-traffic profile. This
pairing is used whenever seed-level inferential comparisons are reported. For a comparison
policy b, the paired reward gap on seed i is defined as

∆(b)
i = R̄MADDPG

i − R̄b
i ,

where R̄MADDPG
i and R̄b

i are the episode-level rewards of MADDPG and comparison policy
b on the same seed. A positive value therefore indicates that MADDPG achieved a higher
reward on that seed. The mean paired gap is

∆̄(b) =
1
n

n

∑
i=1

∆(b)
i ,

where n = 10 for the main validated-profile paired comparisons.
The primary ten-seed MADDPG–comparison-policy reward analysis reports several

complementary quantities rather than relying on a single p-value. A percentile bootstrap
95% confidence interval for the mean paired reward gap is computed from 10,000 resamples
of the seed-level gaps [40]. The exact two-sided paired permutation test evaluates all 2n

sign assignments of the paired gaps [41]. An exact two-sided sign test is also reported,
with zero differences excluded from the effective sample size. Finally, Cliff’s δ is reported
as a non-parametric dominance effect-size estimate [42]. These quantities are interpreted
conservatively as evidence about effect direction, uncertainty, and seed-level consistency
rather than as proof of universal dominance.

Additional paired tests are used for selected physical-metric, sensitivity, and aux-
iliary comparisons. Paired two-sided t-tests and paired Wilcoxon signed-rank tests are
reported for flow completion, bottleneck utilization, RTT, and the ten-seed WAN-corridors
behavior-adjustment comparison. The Wilcoxon signed-rank tests are two-sided, with zero
paired differences omitted. Paired two-sided t-tests alone are used for the three-seed
fat-tree and mesh-grid behavior-adjustment comparisons, the three-seed learning-rate,
discount-factor, and hidden-width sensitivity tests, and the three-seed ECMP comparison.
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The bursty-traffic, mixed-traffic, link-down, and packet-loss experiments are summarized
descriptively without inferential testing. All reported p-values are nominal and unadjusted;
no multiplicity correction is applied, and results based on n = 3 are treated as exploratory.

In addition to reward and paired statistics, the evaluation includes policy-behavior
metrics that describe how each policy routes traffic. The average hop count measures the
mean selected path length. The longer-than-minimum-hop selection fraction measures
how often the selected candidate has a larger hop count than the retained minimum-hop
candidate for the same traffic pair. The path-switch frequency measures the fraction of
control steps in which a selected path changes relative to the previous step. The normalized
path-selection entropy measures how widely a policy distributes selections across the K = 3
candidate paths:

Hi = − 1
log K

K

∑
k=1

pi,k log pi,k,

where pi,k is the empirical probability that traffic-pair agent i selects candidate path k.
The reported entropy is averaged across traffic pairs. Values near zero indicate nearly
deterministic path selection, while values near one indicate broad use of the candidate-
path set.

Controller deployability is evaluated at three levels. First, the isolated NumPy-policy
benchmark measures the time required to select paths jointly for all controlled traffic pairs,
reporting the mean, median, and 95th-percentile decision time. Second, the instrumented
full control loop reports the total elapsed interval and its principal stages: network-statistics
polling, state construction, policy decision, forwarding-rule installation, and OpenFlow
barrier synchronization. This distinction prevents isolated neural-network inference time
from being interpreted as complete controller latency. Third, a scalability microbenchmark
varies the number of traffic-pair agents up to N = 64 and the number of candidate paths up
to K = 10, recording the joint policy-decision time for each configuration. Model parameter
count and serialized model size are reported alongside these timing measurements.

Table 6 summarizes the metrics and their role in the evaluation.

Table 6. Evaluation metrics and their roles in the study.

Metric Group Role in Evaluation

Mean episode reward Primary scalar objective; higher values indicate lower evaluated routing cost

Rank and average rank Descriptive cross-topology rank profile across the three evaluated fabrics

RTT and bottleneck utilization Reward-independent latency and congestion measurements

Flow completion Fraction of dispatched flows terminating with exit code 0; qualifies comparisons at unequal
delivered traffic

Hop count and longer-than-minimum-hop fraction Selected-path length and use of candidates longer than the retained minimum-hop candidate

Path-switch frequency and entropy Temporal stability and distribution of selections across the candidate catalogue

Paired reward gap Seed-matched MADDPG–comparison-policy reward comparison

Bootstrap confidence interval Uncertainty of the mean paired reward gap

Permutation and sign tests Paired significance and seed-level win consistency

Paired t- and Wilcoxon tests Selected physical-metric and behavior-adjustment comparisons; three-seed analyses use the
paired t-test only

Cliff’s δ Non-parametric effect-size estimate

Isolated policy timing Mean, median, and 95th-percentile joint path-selection latency

Full-loop stage timing Polling, state construction, policy decision, rule installation, barrier synchronization, and total
elapsed interval

Scalability timing Joint decision latency as the numbers of agents N and candidate paths K increase

Model size Parameter count and serialized policy footprint
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For the cross-topology rank analysis, each policy receives one rank per topology under
the deployed validated-profile reward configuration. The average rank of policy p is
computed as

AvgRank(p) =
1
|T | ∑

τ∈T
Rankτ(p),

where
T = {fat-tree, mesh-grid, WAN-corridors}

and |T | = 3. This rank-based summary is useful because the three topologies have
different structures and absolute reward scales. Average rank is interpreted descriptively
as a compact cross-topology profile rather than as evidence of statistical dominance.

2.9. Auxiliary Evaluation Protocols

The auxiliary evaluations examine traffic-pattern sensitivity, link failure, packet loss,
and an ECMP forwarding reference on the fat-tree topology. Each condition uses three
matched seeds and the same candidate-generation procedure and K = 3 action cardinality
as the corresponding live evaluation. Table 7 reports the protocol for each condition.
The traffic, link-down, and packet-loss results are interpreted descriptively because their
three-seed sample sizes are not intended to support the ten-seed inferential claims of the
main comparison.

Table 7. Protocols used in the auxiliary fat-tree evaluations. Each condition uses three matched seeds.

Condition Evaluation Protocol

Bursty traffic

User Datagram Protocol (UDP) traffic with elephant rates of 6–9 Mbit/s, durations of
4–6 s, and inter-arrival gaps of 10–14 s. The traffic-shock probability is 0.15, with a
rate multiplier sampled from 2.0–3.0. This condition changes the stochastic
flow-generation distributions rather than imposing a fixed burst start time, duration,
or period.

Mixed traffic

Two UDP flow components are used. Mice flows have rates of 0.5–2 Mbit/s,
durations of 2–4 s, and inter-arrival gaps of 1–3 s. Elephant flows have rates of
3–4 Mbit/s, durations of 30–60 s, and inter-arrival gaps of 10–20 s. The elephant
probability is 0.35, and the maximum number of concurrent flows is 10.

Link down

One bidirectional fat-tree fabric link is disabled at t = 200 s and remains unavailable
until the end of the episode. The switches remain active, and the resulting
topology-discovery event causes the controller to update the topology and recompute
candidate paths.

Packet loss A 1% packet-loss rate is applied bidirectionally to every switch-to-switch fabric link
from t = 60 s until the end of the episode.

ECMP
Static per-flow ECMP assigns each flow to one of the feasible retained candidates
using a destination-port-based hash. The assignment remains fixed for the duration
of the flow.

These tests do not implement explicit application service classes, switch failure, link
jitter, packet-level multipath, or learned cooperative multipath control.

Complete controller latency is measured separately from isolated policy inference.
One instrumented run is collected for each topology, recording network-statistics polling,
state construction, policy decision, forwarding-rule installation, OpenFlow barrier syn-
chronization, and total control-loop elapsed time. The measurement is used to identify
whether policy computation or the surrounding SDN workflow dominates the practical
control interval.
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Finally, an offline scalability microbenchmark varies the number of traffic-pair agents
and candidate paths according to

N ∈ {2, 4, 8, 16, 32, 64}, K ∈ {3, 5, 10}.

For each configuration, the benchmark measures the latency of one joint policy decision
across all agents. It excludes topology discovery, network monitoring, candidate-path
generation, and forwarding-rule installation, and therefore isolates the computational
scaling of the deployed policy-decision stage.

3. Results
This section evaluates the proposed offline MADDPG controller with behavior-

adjusted training rewards in terms of comparative routing performance, sensitivity across
operating conditions, and practical deployability. Unless stated otherwise, the main
validated-profile comparison uses ten paired seeds per topology and the reward con-
figuration wu = 0.60, wd = 0, and wl = 0.40. The analysis compares MADDPG with eight
learning-based and heuristic comparison policies on the fat-tree, mesh-grid, and WAN-
corridors topologies, and complements scalar reward with flow-completion, round-trip-
time, policy-behavior, architectural-variant, sensitivity, and paired statistical analyses.
Additional experiments examine traffic-pattern variation, link-down and packet-loss condi-
tions, single-path and static per-flow ECMP forwarding, controller-loop overhead, scalabil-
ity, and the operating envelope across offered-traffic profiles. The results do not support
universal superiority of MADDPG: it is the best-performing learned policy on the fat-tree
topology, no evaluated policy significantly outperforms it on the mesh-grid topology, and it
remains statistically tied with the completion-matched policy group on WAN-corridors,
whereas the utilization-aware path heuristic provides the strongest overall reward ranking.

3.1. Main Validated-Profile Performance

Figure 3 summarizes the validated-profile reward results for the nine evaluated poli-
cies on the fat-tree, mesh-grid, and WAN-corridors topologies. Reward is reported on its
original scale, where higher values are better and zero is the best attainable value. The re-
sults are topology-dependent. Util-aware SP obtains the highest mean reward on the fat-tree
and WAN-corridors topologies, while Shortest-hops obtains the highest mean reward on
the mesh-grid topology. MADDPG ranks second on fat-tree and is the best-performing
learned policy on that topology, but it does not obtain the highest point-estimate reward on
mesh-grid or WAN-corridors.

MADDPG
IDDPG

Single-D
DPG CQL

BCQ

Round-ro
bin

Short
est

-hops

Min-sw
itch

-co
st

Util-
aw

are
 SP

−0.7

−0.6

−0.5

−0.4

−0.3

−0.2

−0.1

0.0

Re
wa

rd
  (

w_
u=

0.
60

, w
_d

=0
, w

_l=
0.

40
)

Fat-tree (k=4)

MADDPG
IDDPG

Single-D
DPG CQL

BCQ

Round-ro
bin

Short
est

-hops

Min-sw
itch

-co
st

Util-
aw

are
 SP

−0.6

−0.5

−0.4

−0.3

−0.2

−0.1

0.0

Re
wa

rd
  (

w_
u=

0.
60

, w
_d

=0
, w

_l=
0.

40
)

Mesh-grid (4x4)

MADDPG
IDDPG

Single-D
DPG CQL

BCQ

Round-ro
bin

Short
est

-hops

Min-sw
itch

-co
st

Util-
aw

are
 SP

−0.8

−0.6

−0.4

−0.2

0.0

Re
wa

rd
  (

w_
u=

0.
60

, w
_d

=0
, w

_l=
0.

40
)

WAN-corridors (N=4, 26 sw)

Figure 3. Validated-profile reward by policy on the fat-tree, mesh-grid, and WAN-corridors topologies.
Bars show the mean episode reward and error bars show one standard deviation over ten matched
seeds. Rewards were computed with wu = 0.60, wd = 0, and wl = 0.40; higher reward is better and
zero is the best attainable value.
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The corresponding mean rewards and point-estimate ranks are reported in Table 8.
On the fat-tree topology, Util-aware SP obtains the highest mean reward, −0.527, followed
by MADDPG at −0.592. MADDPG nevertheless outperforms every other learning-based
policy in this topology: IDDPG, Single-DDPG, CQL, and BCQ obtain mean rewards of
−0.612, −0.623, −0.667, and −0.674, respectively. Thus, the extended comparison supports
the narrower conclusion that MADDPG is the strongest learned controller on the path-
diverse fat-tree, rather than the strongest policy overall.

Table 8. Validated-profile mean reward and point-estimate rank for the nine evaluated policies.
The rank within each topology is shown in parentheses; rank 1 is best. Average rank is calculated
across the three topologies.

Policy Fat-Tree Mesh-Grid WAN-Corridors Average Rank

MADDPG −0.592 (2) −0.472 (4) −0.753 (7) 4.33
IDDPG −0.612 (3) −0.498 (6) −0.738 (3) 4.00
Single-DDPG −0.623 (4) −0.484 (5) −0.731 (2) 3.67
CQL −0.667 (8) −0.535 (8) −0.752 (6) 7.33
BCQ −0.674 (9) −0.548 (9) −0.740 (4) 7.33
Round-robin −0.633 (7) −0.523 (7) −0.751 (5) 6.33
Shortest-hops −0.629 (6) −0.460 (1) −0.834 (8) 5.00
Min-switch-cost −0.628 (5) −0.470 (3) −0.852 (9) 5.67
Util-aware SP −0.527 (1) −0.467 (2) −0.641 (1) 1.33

On the mesh-grid topology, Shortest-hops has the highest point-estimate reward,
−0.460, followed by Util-aware SP at −0.467, Min-switch-cost at −0.470, and MADDPG at
−0.472. These four policies form a closely spaced group, and the subsequent paired analysis
shows that none significantly outperforms MADDPG on this topology. On WAN-corridors,
Util-aware SP obtains the highest mean reward, −0.641. MADDPG has a point-estimate
rank of seven with a mean reward of −0.753, but the policies occupying ranks two through
seven span only 0.022 reward units and are interpreted jointly with paired significance and
flow-completion results in the subsequent analyses. Across the three topologies, Util-aware
SP has the best average rank, 1.33. The main validated-profile comparison therefore does
not support describing MADDPG as a universally superior or robust-generalist policy; it
instead shows that its relative performance depends on topology and on the comparison
with topology-aware heuristics.

3.2. Cross-Topology Rank Profile

Figure 4 presents the validated-profile reward-rank profiles of the nine evaluated
policies across the fat-tree, mesh-grid, and WAN-corridors topologies. Lower ranks indicate
higher mean reward within a topology. The profiles provide a descriptive summary of
how policy ordering changes across network structures; they do not establish statistical
separation between adjacent ranks, which is assessed using the paired seed-level analysis
reported later in this section.

Across the three topologies, Util-aware SP has the strongest descriptive average rank
(1.33), followed by Single-DDPG (3.67), IDDPG (4.00), and MADDPG (4.33). These averages
summarize point-estimate ordering only and do not account for paired uncertainty or differ-
ences in flow completion. MADDPG is the strongest learned policy on fat-tree, no evaluated
policy significantly outperforms it on mesh-grid, and the WAN-corridors ordering must
be interpreted jointly with flow completion. The cross-topology rank profile therefore
indicates topology-dependent policy effectiveness rather than uniform dominance.
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Figure 4. Validated-profile reward-rank profiles across the fat-tree, mesh-grid, and WAN-corridors
topologies. Rank 1 indicates the highest mean reward within a topology. The ranks are descriptive
point estimates; statistical separation is evaluated using paired seed-level comparisons.

3.3. Completion and Utilization Qualification

The scalar reward does not directly account for the fraction of dispatched flows that
complete successfully. In particular, the validated configuration uses wd = 0, and the
drop-related reward ingredient is distinct from end-to-end flow completion. A policy may
therefore obtain a higher reward by operating under lower realized traffic, even when
the reduction results from fewer completed flows. For this reason, reward differences are
interpreted jointly with flow completion and bottleneck utilization, especially on the WAN-
corridors topology. Flow completion is treated as an observed outcome of the closed-loop
traffic process rather than as a matched input condition.

Figure 5 shows the relationship among mean flow completion, bottleneck utiliza-
tion, and reward on WAN-corridors. The six policies comprising MADDPG, IDDPG,
Single-DDPG, CQL, BCQ, and Round-robin form a completion-matched group with mean
completion between 89.5% and 91.9%. Within this group, none of the five comparison poli-
cies has a statistically significant reward advantage over MADDPG. In contrast, Util-aware
SP, Shortest-hops, and Min-switch-cost complete substantially less traffic than MADDPG.

Table 9 reports the corresponding WAN-corridors measurements. MADDPG com-
pletes 90.2% of dispatched flows with a mean bottleneck utilization of 0.759. Util-aware
SP obtains the highest reward and the lowest utilization, but its completion falls to 76.3%,
a paired deficit of 13.9 percentage points relative to MADDPG. Shortest-hops and Min-
switch-cost complete 72.5% and 73.3%, respectively, while also obtaining lower rewards
than MADDPG. The completion deficits of these three policies relative to MADDPG are
significant under both paired tests. Thus, the WAN reward differences involving these
policies do not represent comparisons at matched delivered load.

The mesh-grid results in Table 10 show a different pattern. Shortest-hops, Util-aware
SP, and Min-switch-cost have higher point-estimate rewards than MADDPG, but none
significantly outperforms MADDPG in the paired reward analysis. No evaluated policy
also differs significantly from MADDPG in mean completion or bottleneck utilization.
The comparatively low mean completion of Shortest-hops, 79.8%, is driven by high seed-
level variability, with a standard deviation of 25.7 percentage points and a minimum
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episode-level completion of 33.8%, whereas MADDPG has a minimum of 93.3%. The mesh-
grid ordering should therefore be interpreted as a statistically unresolved near-top group
rather than as evidence that one of these policies consistently dominates MADDPG.
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Figure 5. Flow completion and bottleneck utilization on WAN-corridors under the validated-profile
setting. Each point represents the mean over ten matched seeds, and point color indicates the mean
reward computed with wu = 0.60, wd = 0, and wl = 0.40. Higher completion and lower utilization
are preferable. Numbered markers are identified in the accompanying key.

Table 9. Flow completion, bottleneck utilization, and reward on WAN-corridors under the validated-
profile setting. Values are mean ± standard deviation over ten matched seeds.

Policy Completion (%) Bottleneck Utilization Mean Reward

MADDPG 90.2 ± 4.2 0.759 ± 0.084 −0.753
IDDPG 89.8 ± 5.2 0.741 ± 0.070 −0.738
Single-DDPG 90.3 ± 3.8 0.734 ± 0.060 −0.731
CQL 91.9 ± 4.7 0.765 ± 0.059 −0.752
BCQ 90.9 ± 4.3 0.749 ± 0.077 −0.740
Round-robin 89.5 ± 4.5 0.776 ± 0.079 −0.751
Shortest-hops 72.5 ± 11.5 0.817 ± 0.082 −0.834
Min-switch-cost 73.3 ± 9.4 0.839 ± 0.062 −0.852
Util-aware SP 76.3 ± 9.3 0.593 ± 0.054 −0.641

Table 10. Flow completion, bottleneck utilization, and reward on the mesh-grid topology under the
validated-profile setting. Values are mean ± standard deviation over ten matched seeds.

Policy Completion (%) Bottleneck Utilization Mean Reward

MADDPG 95.5 ± 1.6 0.735 ± 0.054 −0.472
IDDPG 95.9 ± 1.2 0.719 ± 0.050 −0.498
Single-DDPG 96.3 ± 0.9 0.722 ± 0.040 −0.484
CQL 92.7 ± 5.1 0.744 ± 0.095 −0.535
BCQ 92.5 ± 4.7 0.755 ± 0.095 −0.548
Round-robin 95.5 ± 0.7 0.750 ± 0.041 −0.523
Shortest-hops 79.8 ± 25.7 0.722 ± 0.037 −0.460
Min-switch-cost 90.6 ± 14.4 0.720 ± 0.068 −0.470
Util-aware SP 92.5 ± 5.2 0.677 ± 0.068 −0.467

The completion qualification does not alter the fat-tree comparison. MADDPG and
Util-aware SP have statistically indistinguishable completion on fat-tree (90.2% and 89.0%,
respectively) under both paired tests. Their reward difference is therefore evaluated at
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comparable delivered load and is examined through the policy-behavior and reward-
component analyses reported below.

3.4. Reward-Independent RTT Validation

The reward comparisons in Sections 3.1–3.3 are complemented by a reward-independent
physical metric: measured end-to-end round-trip time (RTT). Unlike the scalar reward,
RTT does not depend on the selected reward weights or on the hop/switch-penalty cal-
ibration. Figure 6 reports the mean RTT of all nine policies on the fat-tree, mesh-grid,
and WAN-corridors topologies.
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Figure 6. Mean end-to-end RTT under the validated-profile setting on the fat-tree, mesh-grid,
and WAN-corridors topologies. Values are averaged over ten matched seeds; lower RTT is better.
MADDPG and Util-aware SP are highlighted, while the remaining policies are shown as compari-
son policies.

The corresponding values and point-estimate RTT ranks are reported in Table 11.
On the fat-tree topology, MADDPG obtains the lowest mean RTT, 31.0 ms, followed closely
by Util-aware SP at 31.2 ms and Single-DDPG at 32.9 ms. The paired analysis shows that
the RTT difference between MADDPG and Util-aware SP is not statistically significant.
Consequently, MADDPG provides the lowest measured latency on fat-tree, but its lower
RTT does not explain the reward advantage of Util-aware SP, which is examined through
the utilization and policy-behavior analyses below.

Table 11. Mean end-to-end RTT and point-estimate RTT rank under the validated-profile setting. Val-
ues are averaged over ten matched seeds; lower RTT and rank are better. The number in parentheses
preceded by # is the point-estimate RTT rank within that topology.

Policy Fat-Tree Mesh-Grid WAN-Corridors

MADDPG 31.0 (#1) 20.1 (#2) 56.9 (#7)
IDDPG 33.1 (#4) 26.2 (#6) 56.6 (#6)
Single-DDPG 32.9 (#3) 23.3 (#4) 55.6 (#3)
CQL 38.4 (#8) 29.3 (#8) 55.9 (#5)
BCQ 39.1 (#9) 30.6 (#9) 55.9 (#4)
Round-robin 33.8 (#6) 27.2 (#7) 54.2 (#2)
Shortest-hops 33.7 (#5) 19.2 (#1) 70.7 (#8)
Min-switch-cost 34.1 (#7) 21.4 (#3) 74.2 (#9)
Util-aware SP 31.2 (#2) 25.2 (#5) 49.4 (#1)

On mesh-grid, Shortest-hops obtains the lowest mean RTT, 19.2 ms, followed by
MADDPG at 20.1 ms and Min-switch-cost at 21.4 ms. This ordering is consistent with the
limited path diversity of the topology, where direct routes provide a strong latency reference
and additional detours offer little measured benefit. On WAN-corridors, Util-aware SP
obtains the lowest mean RTT, 49.4 ms, while MADDPG records 56.9 ms. This WAN latency
advantage must, however, be interpreted together with the completion analysis: Util-aware
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SP completes 13.9 percentage points less traffic than MADDPG. Shortest-hops and Min-
switch-cost also complete substantially less traffic, but nevertheless produce the two highest
WAN RTT values, 70.7 ms and 74.2 ms, respectively. The RTT results therefore confirm that
the latency outcome is topology- and policy-dependent, rather than providing uniform
physical validation of the scalar reward ranking.

3.5. Architectural Variant Comparison

The full MADDPG controller is compared with the implemented IDDPG and Single-
DDPG variants under the validated-profile setting. IDDPG trains traffic-pair agents in-
dependently without centralized joint-action evaluation, whereas Single-DDPG uses one
learned controller for the joint path-control decision. The target-projection configuration is
not identical across all variants: IDDPG and Single-DDPG use empirical target projection on
all three topologies, whereas the primary MADDPG model uses it only on WAN-corridors.
These comparisons are therefore treated as implementation-level architectural variants
rather than as perfectly controlled one-factor ablations. Figure 7 reports the paired reward
difference between each variant and MADDPG. Negative values indicate that the variant
obtains lower reward, whereas positive values indicate a higher point-estimate reward.
Behavior adjustment is examined separately in Section 3.6.
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Figure 7. Implementation-level architectural comparisons under the validated-profile setting. Bars
show the mean paired reward difference relative to MADDPG over ten matched seeds, and error
bars show one standard deviation of the paired differences. Negative values indicate lower reward
than MADDPG. IDDPG uses independent traffic-pair critics, whereas Single-DDPG uses one joint
controller; target-projection settings are not matched on fat-tree and mesh-grid.

The numerical paired differences between the implemented variants and MADDPG
are reported in Table 12. On fat-tree, IDDPG and Single-DDPG obtain point-estimate differ-
ences of −0.0204 and −0.0317, respectively, relative to MADDPG. On mesh-grid, the corre-
sponding differences are smaller: −0.0252 for IDDPG and −0.0121 for Single-DDPG. These
values describe the implemented configurations and should not be interpreted as isolated
causal effects because target projection is unmatched on these two topologies.

The WAN-corridors topology does not show the same direction. IDDPG and Single-
DDPG obtain point-estimate reward differences of +0.0148 and +0.0226, respectively,
relative to MADDPG. The subsequent paired statistical analysis does not separate either
variant significantly from MADDPG on this topology. This comparison is less affected
by the target-projection qualification because projection is enabled for MADDPG, IDDPG,
and Single-DDPG on WAN-corridors. The results therefore do not support a topology-
independent claim that the implemented IDDPG and Single-DDPG variants improve or
degrade reward consistently. They show lower point-estimate rewards than MADDPG on
fat-tree, smaller and less uniform differences on mesh-grid, and no established separation
on WAN-corridors. Because target-projection settings are unmatched on fat-tree and
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mesh-grid, these differences cannot be attributed exclusively to centralized training or
multi-agent decomposition.

Table 12. Implementation-level architectural comparisons under the validated-profile setting. The re-
ward difference is computed within each matched seed as the variant reward minus the MADDPG
reward. Negative values indicate lower reward than MADDPG.

Topology Implemented Variant Mean Difference Standard Deviation Seeds

Fat-tree IDDPG (independent traffic-pair critics) −0.0204 0.0265 10
Fat-tree Single-DDPG (one joint controller) −0.0317 0.0380 10

Mesh-grid IDDPG (independent traffic-pair critics) −0.0252 0.0311 10
Mesh-grid Single-DDPG (one joint controller) −0.0121 0.0405 10

WAN-corridors IDDPG (independent traffic-pair critics) +0.0148 0.0257 10
WAN-corridors Single-DDPG (one joint controller) +0.0226 0.0388 10

3.6. Behavior-Adjustment and Hyperparameter Sensitivity

The architectural comparisons in Section 3.5 are complemented by an analysis of
behavior adjustment and the main training hyperparameters. The selected configuration
uses a learning rate of 10−3, a discount factor of γ = 0.99, 128 hidden units per layer,
a behavior-adjustment weight of β = 0.1, and 30,000 training steps. Each sensitivity
variant changes one parameter while retaining the same offline dataset, training budget,
and reward configuration wu = 0.60, wd = 0, and wl = 0.40. The architecture sensitivity
changes only the hidden-layer width; the number of hidden layers is not varied. Target
projection is held fixed within each β comparison: it is disabled for both variants on fat-tree
and mesh-grid and enabled for both variants on WAN-corridors.

The clearest behavior-adjustment effect is observed on WAN-corridors. Figure 8
compares MADDPG with the selected β = 0.1 configuration and with the behavior-
deviation reward adjustment removed, β = 0, using the same ten matched seeds. Reward,
flow completion, bottleneck utilization, and RTT are reported jointly because a WAN
reward improvement would be ambiguous if it resulted from carrying less traffic.
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Figure 8. Paired WAN-corridors comparison of MADDPG with the selected behavior-adjustment
weight β = 0.1 and with the behavior-deviation reward adjustment removed, β = 0. Thin lines
connect matched seeds, and the black line shows the mean. Green lines denote seeds that moved in
the preferred direction of the plotted metric, and red lines denote seeds that did not. Higher reward
and completion are better, whereas lower bottleneck utilization and RTT are better. Target projection
is enabled for both variants.

Table 13 reports the corresponding paired values. Removing the behavior-deviation
reward adjustment improves all four WAN measurements in the same direction. Mean
reward increases from −0.753 to −0.681, while flow completion increases from 90.2%
to 94.3%. At the same time, mean bottleneck utilization decreases from 0.759 to 0.676,
and mean RTT decreases from 56.9 ms to 49.6 ms. The reward improvement is therefore not
produced by traffic shedding: the β = 0 controller completes more traffic while operating
at lower utilization and latency.
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Table 13. Paired WAN-corridors comparison of MADDPG with β = 0.1 and β = 0. The difference is
computed as the β = 0 value minus the β = 0.1 value. “Improved seeds” accounts for the preferred
direction of each metric. The displayed pt values are from two-sided paired t-tests.

Metric β = 0.1 β = 0 Difference Paired t-Test pt Improved Seeds

Reward −0.753 −0.681 +0.072 0.0024 8/10
Flow completion (%) 90.2 94.3 +4.1 0.0083 9/10
Bottleneck utilization 0.759 0.676 −0.082 0.0035 8/10
RTT (ms) 56.9 49.6 −7.3 0.0084 8/10

This result is interpreted as a within-method sensitivity result rather than as an
additional policy ranking. The β = 0 MADDPG variant is not compared against policies
that retained their selected β = 0.1 configurations. Within each topology, the two β variants
use matched target-projection settings: projection is disabled for both fat-tree and mesh-
grid variants and enabled for both WAN-corridors variants. Across topologies, the paired
reward difference between β = 0 and β = 0.1 is −0.043 on fat-tree (pt = 0.133, n = 3),
+0.000 on mesh-grid (pt = 0.996, n = 3), and +0.072 on WAN-corridors (pt = 0.002,
pW = 0.010, n = 10). Here, pt denotes the two-sided paired t-test and pW denotes the
two-sided Wilcoxon signed-rank test. Only the WAN-corridors comparison establishes a
significant behavior-adjustment effect; the fat-tree and mesh-grid results are exploratory
three-seed comparisons without significant separation.

Figure 9 extends the analysis to learning rate, discount factor, and hidden-layer width.
These parameters are evaluated on fat-tree with three matched seeds, while the behavior-
adjustment comparison is shown on all three topologies. Each plotted value is the paired
reward difference relative to the selected configuration. Table 14 reports the corresponding
numerical values.
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Figure 9. Sensitivity of MADDPG to learning rate, discount factor, hidden-layer width, and behavior-
adjustment weight. Values show the paired reward difference relative to the selected configuration
under wu = 0.60, wd = 0, and wl = 0.40. A value of zero denotes the selected configuration. The
black star marks the selected configuration in each panel. Filled markers with an asterisk indicate a
nominal two-sided paired t-test result of pt < 0.05.
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Table 14. MADDPG hyperparameter sensitivity. Each variant changes one parameter relative to
the selected configuration. The difference is the variant reward minus the selected-configuration
reward on the same matched seeds. For the three-seed comparisons, pt denotes the two-sided paired
t-test. For the ten-seed WAN-corridors behavior-adjustment comparison, both the paired t-test pt

and Wilcoxon signed-rank test pW are reported.

Parameter Value Topology Mean Reward Standard Deviation Seeds Difference and Paired Test

Learning rate 10−3 Fat-tree −0.605 0.013 3 Reference
Learning rate 2 × 10−4 Fat-tree −0.742 0.041 3 −0.137, pt = 0.030
Learning rate 5 × 10−3 Fat-tree −0.751 0.065 3 −0.146, pt = 0.083

Discount factor 0.99 Fat-tree −0.605 0.013 3 Reference
Discount factor 0.9 Fat-tree −0.709 0.041 3 −0.103, pt = 0.055
Discount factor 0.995 Fat-tree −0.756 0.081 3 −0.151, pt = 0.073

Hidden units 128 Fat-tree −0.605 0.013 3 Reference
Hidden units 64 Fat-tree −0.745 0.025 3 −0.140, pt = 0.022
Hidden units 256 Fat-tree −0.711 0.024 3 −0.106, pt = 0.022

Behavior adjustment β = 0.1 Fat-tree −0.605 0.013 3 Reference
Behavior adjustment β = 0 Fat-tree −0.648 0.022 3 −0.043, pt = 0.133
Behavior adjustment β = 0.1 Mesh-grid −0.497 0.061 3 Reference
Behavior adjustment β = 0 Mesh-grid −0.497 0.042 3 +0.000, pt = 0.996
Behavior adjustment β = 0.1 WAN-corridors −0.753 0.062 10 Reference
Behavior adjustment β = 0 WAN-corridors −0.681 0.034 10 +0.072, pt = 0.002, pW = 0.010

On fat-tree, none of the tested learning-rate, discount-factor, or hidden-width pertur-
bations improves the point-estimate reward relative to the selected configuration. The al-
ternative values reduce mean reward by approximately 0.10–0.15. The paired differences
are nominally significant for the learning rate 2 × 10−4 and for both alternative hidden
widths, although these comparisons contain only three matched seeds and are therefore
interpreted cautiously. The discount-factor variants and the learning rate 5 × 10−3 show
the same negative direction without significant separation.

The results indicate that each tested learning-rate, discount-factor, and hidden-width
perturbation produces a lower fat-tree mean reward under the same data and training
budget. However, these comparisons use only three matched seeds and are interpreted
as exploratory. The architecture analysis varies hidden-layer width only and does not
evaluate network depth. The behavior-adjustment effect is less uniform: removing the
adjustment has no measurable effect on mesh-grid, produces a non-significant reward re-
duction on fat-tree, and significantly improves reward, completion, utilization, and RTT on
WAN-corridors. The influence of β is therefore topology-dependent rather than uniformly
beneficial across the evaluated environments.

3.7. Reward-Weight Sensitivity

The validated reward configuration uses wu = 0.60, wd = 0, and wl = 0.40, giving
greater weight to bottleneck utilization than to latency. To test whether the policy ordering
depends on this specific scalarization, the same validated-profile trajectories were re-scored
ex post under wu ∈ {0.2, 0.4, 0.5, 0.6, 0.8}, with wd = 0 and wl = 1 − wu. No policy
was retrained: the measured utilization, latency, and realized hop/switch-penalty terms
remained fixed, and only their relative weighting changed. The analysis covers all nine
policies and all three topologies. Figure 10 shows the resulting mean rewards for every
tested weighting.

The corresponding point-estimate ranks are reported in Table 15. On fat-tree, the lead-
ing order is unchanged across all five weight settings: Util-aware SP remains rank 1 and
MADDPG remains rank 2. The difference between these two policies is not statistically
significant at the latency-dominant settings wu = 0.2 and wu = 0.4, but becomes significant
at the deployed setting wu = 0.6 and at wu = 0.8. Thus, the fat-tree ranking is stable with
respect to the tested utilization–latency trade-off, but the analysis does not support the
previous claim that MADDPG is the highest-ranked policy.
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Figure 10. Reward-weight sensitivity under ex post re-scoring of the validated-profile trajectories.
The utilization weight wu is varied while wl = 1 − wu and wd = 0. The deployed configuration is
wu/wl = 0.6/0.4. All nine policies are evaluated on the fat-tree, mesh-grid, and WAN-corridors
topologies; higher reward is better.

Table 15. Reward-weight sensitivity ranks under ex post re-scoring. Rank 1 indicates the highest
mean reward within a topology and weight setting. The deployed configuration is shown in bold.

Topology wu /wl MADDPG IDDPG Single CQL BCQ RR SH MSC UASP Best policy

Fat-tree 0.2/0.8 2 3 4 8 9 5 7 6 1 Util-aware SP
Fat-tree 0.4/0.6 2 3 4 8 9 6 7 5 1 Util-aware SP
Fat-tree 0.5/0.5 2 3 4 8 9 7 6 5 1 Util-aware SP
Fat-tree 0.6/0.4 2 3 4 8 9 7 6 5 1 Util-aware SP
Fat-tree 0.8/0.2 2 3 5 8 9 7 4 6 1 Util-aware SP

Mesh-grid 0.2/0.8 2 6 4 8 9 7 1 3 5 Shortest-hops
Mesh-grid 0.4/0.6 2 6 5 8 9 7 1 3 4 Shortest-hops
Mesh-grid 0.5/0.5 2 6 5 8 9 7 1 3 4 Shortest-hops
Mesh-grid 0.6/0.4 4 6 5 8 9 7 1 3 2 Shortest-hops
Mesh-grid 0.8/0.2 5 6 4 8 9 7 2 3 1 Util-aware SP

WAN-corridors 0.2/0.8 7 5 2 6 4 3 8 9 1 Util-aware SP
WAN-corridors 0.4/0.6 7 4 2 6 3 5 8 9 1 Util-aware SP
WAN-corridors 0.5/0.5 7 3 2 6 4 5 8 9 1 Util-aware SP
WAN-corridors 0.6/0.4 7 3 2 6 4 5 8 9 1 Util-aware SP
WAN-corridors 0.8/0.2 5 3 2 6 4 7 8 9 1 Util-aware SP

RR: Round-robin; SH: Shortest-hops; MSC: Min-switch-cost; UASP: Util-aware SP.

The mesh-grid point-estimate ordering changes as utilization receives greater weight.
Shortest-hops is rank 1 for wu ≤ 0.6, while Util-aware SP becomes rank 1 at wu = 0.8.
MADDPG ranks second at wu = 0.2, 0.4, and 0.5, fourth at the deployed wu = 0.6, and fifth
at wu = 0.8. These rank changes do not represent statistically established separations: at
every tested weight, the paired comparison between MADDPG and the point-estimate
winner is non-significant. The mesh-grid result should therefore be interpreted as move-
ment within a statistically unresolved leading group rather than as evidence of a significant
reward-weight-induced reordering.

On WAN-corridors, Util-aware SP remains rank 1 and Single-DDPG remains rank 2
under every tested weighting. MADDPG remains rank 7 for wu ≤ 0.6 and moves to
rank 5 at wu = 0.8, but it is never statistically tied with Util-aware SP. This WAN reward
separation must still be interpreted together with the flow-completion qualification in
Section 3.3, because changing the utilization–latency weights does not correct differences
in delivered traffic.

Overall, MADDPG does not become the highest-ranked policy on any topology under
any tested reward weighting. Util-aware SP remains rank 1 on fat-tree and WAN-corridors
across the complete sweep and also becomes rank 1 on mesh-grid when utilization is
weighted most heavily. The sensitivity analysis therefore shows that the revised main con-
clusions are not artifacts of the deployed 0.6/0.4 weighting: the fat-tree and WAN leaders
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remain stable, while the mesh-grid point-estimate ordering changes without statistically
significant separation from MADDPG.

3.8. Hop/Switch Penalty Sensitivity

The reward includes a realized gated hop/switch penalty term that discourages
unnecessary detours and path changes. To test whether the results depend on its calibration,
the same validated-profile trajectories were re-scored ex post while keeping wu = 0.60,
wd = 0, and wl = 0.40 fixed. The realized penalty was multiplied by m ∈ {0, 0.5, 1, 2},
where m = 1 is the deployed configuration. No policy was retrained, and the utilization
and latency measurements remained unchanged. The m = 1 re-score reproduces the main
validated-profile results exactly, so only the penalty magnitude changes in this analysis.
Figure 11 shows the re-scored mean rewards for every tested multiplier.
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Figure 11. Hop/switch-penalty sensitivity under ex post re-scoring of the validated-profile trajectories.
The reward weights remain fixed at wu = 0.60, wd = 0, and wl = 0.40, while the realized penalty
is scaled from 0× to 2×. The deployed configuration is 1×. All nine policies are evaluated on the
fat-tree, mesh-grid, and WAN-corridors topologies; higher reward is better.

Table 16 reports the corresponding point-estimate ranks. On fat-tree, Util-aware SP
remains rank 1 and MADDPG remains rank 2 at every tested multiplier. Scaling the penalty
changes the reward level and some middle-ranked positions but does not alter the leading
order. In particular, Min-switch-cost moves from rank 7 at 0× and 0.5× to rank 5 at 1×
and rank 3 at 2×, consistent with its direct preference for low switch cost. IDDPG and
Single-DDPG each fall by one rank at 2×. The significant fat-tree separation between
Util-aware SP and MADDPG therefore persists across the tested penalty range.

Table 16. Hop/switch-penalty sensitivity ranks under ex post re-scoring. Rank 1 indicates the highest
mean reward within a topology and penalty setting. The deployed 1× configuration is shown in bold.

Topology Penalty MADDPG IDDPG Single CQL BCQ RR SH MSC UASP Best Policy

Fat-tree 0× 2 3 4 8 9 6 5 7 1 Util-aware SP
Fat-tree 0.5× 2 3 4 8 9 6 5 7 1 Util-aware SP
Fat-tree 1× 2 3 4 8 9 7 6 5 1 Util-aware SP
Fat-tree 2× 2 4 5 8 9 7 6 3 1 Util-aware SP

Mesh-grid 0× 4 6 5 8 9 7 1 3 2 Shortest-hops
Mesh-grid 0.5× 4 6 5 8 9 7 1 3 2 Shortest-hops
Mesh-grid 1× 4 6 5 8 9 7 1 3 2 Shortest-hops
Mesh-grid 2× 4 6 5 8 9 7 1 3 2 Shortest-hops

WAN-corridors 0× 7 3 2 5 4 6 8 9 1 Util-aware SP
WAN-corridors 0.5× 7 3 2 6 4 5 8 9 1 Util-aware SP
WAN-corridors 1× 7 3 2 6 4 5 8 9 1 Util-aware SP
WAN-corridors 2× 6 3 2 7 4 5 8 9 1 Util-aware SP

RR: Round-robin; SH: Shortest-hops; MSC: Min-switch-cost; UASP: Util-aware SP.
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The mesh-grid ordering is unchanged across the complete multiplier range. Shortest-
hops remains rank 1, Util-aware SP rank 2, Min-switch-cost rank 3, and MADDPG rank 4.
The mean rewards vary by at most approximately 0.001 between 0× and 2×, indicating that
the realized gated penalty is close to zero for all mesh-grid policies. Moreover, the leading
Shortest-hops, Util-aware SP, Min-switch-cost, and MADDPG group remains statistically
unresolved. The stable point-estimate order therefore reflects the small realized penalty
rather than sensitivity to its calibration.

On WAN-corridors, Util-aware SP remains rank 1, Single-DDPG rank 2, and IDDPG
rank 3 at every multiplier. MADDPG remains rank 7 through the deployed 1× setting and
moves to rank 6 at 2×. This change is only a swap within the closely spaced Round-robin,
CQL, and MADDPG group and does not represent a statistically established improvement.
The WAN reward ordering also remains subject to the flow-completion qualification in
Section 3.3.

Overall, the leading conclusions are invariant over the tested 0×–2× range. Util-aware
SP remains first on fat-tree and WAN-corridors, Shortest-hops remains first on mesh-grid,
and MADDPG does not become rank 1 under any multiplier. The hop/switch penalty
affects reward levels and selected middle-ranked positions, particularly on fat-tree, but it
does not determine the leading policy ordering.

3.9. Policy-Behavior Mechanism Analysis

The preceding comparisons establish the relative performance of the evaluated policies
but do not explain the routing behavior that produces these outcomes. We therefore analyze
mean hop count, the longer-than-minimum-hop selection fraction, bottleneck utilization,
RTT, path-switch frequency, normalized path-selection entropy, and flow completion.
Figure 12 summarizes the first four metrics, while Table 17 reports the complete behavioral
profile. The results reveal three distinct mechanisms: utilization-driven path switching on
fat-tree, convergence toward near-shortest-path behavior on mesh-grid, and a completion–
utilization trade-off on WAN-corridors.

Table 17. Policy-behavior metrics under the validated-profile setting. Values are means over ten
seeds. “Longer-path fraction” denotes the fraction of selections longer than the retained minimum-
hop candidate, and completion is the percentage of dispatched flows that terminate successfully.

Topology Policy Hops Longer-Path Fraction Util. RTT (ms) Switch Entropy Completion (%)

Fat-tree MADDPG 4.137 0.161 0.721 31.031 0.360 0.814 90.208
Fat-tree IDDPG 4.301 0.252 0.741 33.134 0.464 0.918 90.031
Fat-tree Single-DDPG 4.392 0.290 0.748 32.862 0.329 0.775 88.515
Fat-tree CQL 4.402 0.304 0.791 38.365 0.504 0.962 90.879
Fat-tree BCQ 4.361 0.288 0.793 39.134 0.521 0.967 92.391
Fat-tree Round-robin 4.506 0.332 0.762 33.830 0.370 0.999 88.263
Fat-tree Shortest-hops 4.000 0.000 0.744 33.670 0.000 0.000 78.000
Fat-tree Min-switch-cost 4.000 0.000 0.772 34.101 0.000 0.000 91.832
Fat-tree Util-aware SP 4.021 0.041 0.600 31.232 0.783 0.734 88.954

Mesh-grid MADDPG 2.174 0.048 0.735 20.063 0.067 0.180 95.510
Mesh-grid IDDPG 3.383 0.570 0.719 26.207 0.476 0.940 95.896
Mesh-grid Single-DDPG 3.016 0.368 0.722 23.270 0.292 0.829 96.272
Mesh-grid CQL 3.406 0.587 0.744 29.345 0.599 0.990 92.710
Mesh-grid BCQ 3.370 0.567 0.755 30.555 0.503 0.984 92.467
Mesh-grid Round-robin 3.442 0.593 0.750 27.239 0.370 0.999 95.463
Mesh-grid Shortest-hops 2.000 0.000 0.722 19.166 0.000 0.000 79.848
Mesh-grid Min-switch-cost 2.300 0.075 0.720 21.381 0.000 0.000 90.619
Mesh-grid Util-aware SP 2.898 0.331 0.677 25.202 0.602 0.764 92.526

WAN-corridors MADDPG 8.018 0.320 0.759 56.877 0.524 0.951 90.150
WAN-corridors IDDPG 8.081 0.357 0.741 56.626 0.575 0.981 89.820
WAN-corridors Single-DDPG 8.050 0.316 0.734 55.598 0.592 0.978 90.300
WAN-corridors CQL 8.042 0.339 0.765 55.896 0.612 0.993 91.860
WAN-corridors BCQ 8.022 0.325 0.749 55.852 0.596 0.992 90.850
WAN-corridors Round-robin 8.044 0.336 0.776 54.246 0.370 0.999 89.540
WAN-corridors Shortest-hops 7.934 0.000 0.817 70.727 0.000 0.000 72.500
WAN-corridors Min-switch-cost 7.933 0.000 0.839 74.191 0.000 0.000 73.270
WAN-corridors Util-aware SP 8.254 0.320 0.593 49.379 0.990 0.999 76.270

https://doi.org/10.3390/technologies14080468

https://doi.org/10.3390/technologies14080468


Technologies 2026, 14, 468 32 of 51

On fat-tree, MADDPG and Util-aware SP select paths of comparable mean length,
4.137 and 4.021 hops, respectively, and obtain statistically indistinguishable RTT values of
31.031 ms and 31.232 ms. Their flow-completion rates are also statistically indistinguishable,
at 90.2% and 89.0%, under both paired tests. The main difference is bottleneck utilization:
Util-aware SP maintains a mean utilization of 0.600, compared with 0.721 for MADDPG.
It also changes paths more frequently, with a switch frequency of 0.783 compared with
0.360. Because Util-aware SP selects the candidate path with the lowest observed bottleneck
utilization at each decision step, this behavior directly targets the reward component
receiving the largest weight.
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Figure 12. Policy-behavior metrics under the validated-profile setting on the fat-tree, mesh-grid,
and WAN-corridors topologies. Bars show means over ten matched seeds and error bars show one
standard deviation. The rows report mean hop count, longer-than-minimum-hop selection fraction,
bottleneck utilization, and RTT. Lower values are preferable except where additional path diversity
intentionally supports congestion avoidance.

The fat-tree reward difference between MADDPG and Util-aware SP is decomposed
in Table 18. The total paired reward gap is

RMADDPG − RUASP = −0.0647.

The utilization term contributes −0.0726, corresponding to 112.4% of the net gap because the
latency and penalty terms offset a small part of the utilization disadvantage. The utilization
difference is significant (pt < 10−4), whereas the normalized latency-loss and hop/switch-
penalty differences are not significant under the paired t-tests. The fat-tree result is therefore
explained by lower instantaneous bottleneck utilization, not by lower latency, shorter paths,
lower penalty, or reduced flow completion.
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Table 18. Decomposition of the fat-tree reward gap between MADDPG and Util-aware SP. Component
differences are computed as MADDPG minus Util-aware SP, and reward contributions follow R =

−(0.60U + 0.40L + P).

Component MADDPG Util-Aware SP Difference Reward Contribution Paired t-Test pt

Bottleneck utilization U 0.721 0.600 +0.121 −0.0726 0.00008
Latency loss L 0.245 0.249 −0.004 +0.0017 0.88638
Hop/switch penalty P 0.061 0.068 −0.006 +0.0063 0.11136

Total reward gap RMADDPG − RUASP −0.0647 —

The mesh-grid topology exhibits a different mechanism. MADDPG converges toward
near-shortest-path behavior, selecting paths longer than the retained minimum-hop can-
didate in only 4.8% of decisions with a mean length of 2.174 hops. In contrast, IDDPG,
Single-DDPG, CQL, and BCQ use paths longer than the retained minimum-hop candi-
date in 36.8–58.7% of decisions and incur higher RTT. Despite these substantially different
routing choices, no evaluated policy differs significantly from MADDPG in bottleneck
utilization or mean flow completion on mesh-grid. The additional detours therefore change
path length and latency without establishing a measurable congestion advantage. This
explains why the leading reward differences on mesh-grid remain statistically unresolved:
the topology provides alternative paths, but those alternatives do not materially change
the shared bottleneck conditions.

WAN-corridors must be interpreted jointly with flow completion. Util-aware SP re-
duces mean bottleneck utilization from 0.759 to 0.593 and RTT from 56.9 ms to 49.4 ms,
but its completion rate falls from 90.2% to 76.3%. Shortest-hops and Min-switch-cost also
complete substantially less traffic, at 72.5% and 73.3%, yet produce higher utilization and
RTT than MADDPG. The three policies with statistically significant reward differences rela-
tive to MADDPG are therefore also the three policies with significantly lower completion.
Among the completion-matched policies—IDDPG, Single-DDPG, CQL, BCQ, and Round-
robin—none has a significant reward, utilization, or RTT advantage over MADDPG.

The behavioral evidence consequently does not support a single mechanism that ap-
plies across all topologies. On fat-tree, the utilization-aware heuristic gains an advantage by
switching frequently and directly minimizing bottleneck utilization at comparable latency
and completion. On mesh-grid, MADDPG approaches shortest-path behavior because
additional detours do not provide measurable congestion relief. On WAN-corridors, scalar
reward must be qualified by delivered traffic. These mechanisms explain the topology-
dependent performance observed in the main comparison without attributing the results
solely to the scalar reward ranking.

3.10. Paired Statistical Analysis

The preceding subsections compare mean rewards, ranks, and routing behavior. To test
whether these differences are consistent across seeds, we performed paired seed-level
comparisons between MADDPG and each comparison policy. For each topology and
comparison policy, the paired reward gap is defined as

∆i = R̄MADDPG
i − R̄comparison

i ,

where i indexes the matched evaluation seed. Positive values therefore indicate that
MADDPG achieved a higher reward on the same seed. The expanded analysis covers
eight comparison policies on the fat-tree, mesh-grid, and WAN-corridors topologies, using
ten matched seeds and rewards computed with wu = 0.60, wd = 0, and wl = 0.40. We
report the mean paired gap, a bootstrap 95% confidence interval for the mean gap [40],
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an exact paired permutation p-value based on all 210 sign flips [41], an exact two-sided
sign-test p-value, the number of seed-level wins, Cliff’s dominance statistic [42], and the
median paired gain. Figure 13 visualizes the paired mean gaps and bootstrap confidence
intervals. The ten individual seed-level gaps for each comparison are available from the
corresponding author with the supporting analysis outputs.
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Figure 13. Paired reward gaps between MADDPG and each comparison policy under the validated-
profile setting on the fat-tree, mesh-grid, and WAN-corridors topologies. Positive values indicate
higher reward for MADDPG, while negative values indicate higher reward for the comparison policy.
Error bars show bootstrap 95% confidence intervals for the mean paired gap across ten matched seeds.
Filled markers indicate intervals that exclude zero; open markers indicate intervals that include zero.

Table 19 reports the numerical comparisons. On fat-tree, the bootstrap confidence
interval is positive and excludes zero for IDDPG, Single-DDPG, CQL, BCQ, Round-robin,
Shortest-hops, and Min-switch-cost. The exact permutation test is significant for six of
these seven comparisons; the IDDPG comparison has a positive bootstrap interval but a
permutation p-value of 0.0586. The largest mean gains are obtained against BCQ (+0.0825)
and CQL (+0.0758). Util-aware SP is the only fat-tree comparison policy with a negative in-
terval excluding zero: the mean gap is −0.0647, the bootstrap interval is [−0.0941,−0.0261],
and MADDPG wins on 2/10 seeds. Thus, MADDPG outperforms the other learned policies
on fat-tree but is significantly outperformed by the utilization-aware heuristic.

On mesh-grid, MADDPG has positive bootstrap intervals excluding zero against
IDDPG, CQL, BCQ, and Round-robin. The intervals include zero against Single-DDPG,
Shortest-hops, Min-switch-cost, and Util-aware SP. In particular, the three policies with
higher point-estimate mean reward than MADDPG—Shortest-hops, Min-switch-cost,
and Util-aware SP—have mean paired gaps of −0.0128, −0.0024, and −0.0052, respectively,
with all confidence intervals crossing zero. No evaluated policy therefore significantly
outperforms MADDPG on mesh-grid, despite differences in descriptive rank.

On WAN-corridors, MADDPG is statistically tied with IDDPG, Single-DDPG, CQL,
BCQ, and Round-robin because all five bootstrap intervals include zero. It has positive
intervals excluding zero against Shortest-hops and Min-switch-cost, with mean gaps of
+0.0813 and +0.0988, respectively. Util-aware SP significantly outperforms MADDPG,
with a mean gap of −0.1121, a bootstrap interval of [−0.1365,−0.0862], and MADDPG
wins on 0/10 seeds.

The WAN separations require the completion qualification established in Section 3.3.
Shortest-hops, Min-switch-cost, and Util-aware SP complete 17.6, 16.9, and 13.9 percentage
points less traffic than MADDPG, respectively. Consequently, the two positive MADDPG
gaps and the negative Util-aware SP gap are not comparisons at matched delivered load.
The five comparison policies statistically tied with MADDPG form the completion-matched
comparison group.
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Table 19. Paired seed-level statistical comparisons between MADDPG and the eight comparison
policies under the validated-profile setting. Positive mean gaps, median gains, and Cliff’s δ values
favor MADDPG.

Topology Comparison Policy Mean Gap Bootstrap 95% Interval Permutation p Sign-Test p Wins Cliff’s δ Median Gain

Fat-tree IDDPG 0.0204 [+0.0043,+0.0370] 0.0586 0.3438 7/10 0.52 0.0118
Fat-tree Single-DDPG 0.0317 [+0.0073,+0.0535] 0.0410 0.3438 7/10 0.62 0.0461
Fat-tree CQL 0.0758 [+0.0409,+0.1117] 0.0039 0.0215 9/10 0.78 0.0639
Fat-tree BCQ 0.0825 [+0.0490,+0.1192] 0.0020 0.0020 10/10 0.94 0.0568
Fat-tree Round-robin 0.0413 [+0.0207,+0.0634] 0.0059 0.0215 9/10 0.86 0.0396
Fat-tree Shortest-hops 0.0370 [+0.0173,+0.0587] 0.0078 0.1094 8/10 0.74 0.0328
Fat-tree Min-switch-cost 0.0365 [+0.0097,+0.0614] 0.0352 0.1094 8/10 0.52 0.0403
Fat-tree Util-aware SP −0.0647 [−0.0941,−0.0261] 0.0156 0.1094 2/10 −0.62 −0.0821

Mesh-grid IDDPG 0.0252 [+0.0056,+0.0437] 0.0449 0.3438 7/10 0.46 0.0346
Mesh-grid Single-DDPG 0.0121 [−0.0137,+0.0356] 0.3906 0.7539 6/10 0.44 0.0214
Mesh-grid CQL 0.0627 [+0.0226,+0.1043] 0.0195 0.3438 7/10 0.42 0.0587
Mesh-grid BCQ 0.0761 [+0.0318,+0.1278] 0.0098 0.0215 9/10 0.66 0.0563
Mesh-grid Round-robin 0.0508 [+0.0130,+0.0777] 0.0234 0.0215 9/10 0.72 0.0585
Mesh-grid Shortest-hops −0.0128 [−0.0347,+0.0085] 0.3047 0.3438 3/10 −0.08 −0.0132
Mesh-grid Min-switch-cost −0.0024 [−0.0294,+0.0271] 0.8613 1.0000 5/10 0.02 −0.0026
Mesh-grid Util-aware SP −0.0052 [−0.0431,+0.0350] 0.7910 0.7539 4/10 −0.08 −0.0025

WAN-corridors IDDPG −0.0148 [−0.0303,+0.0021] 0.1250 0.3438 3/10 −0.24 −0.0194
WAN-corridors Single-DDPG −0.0226 [−0.0455,+0.0029] 0.1133 0.3438 3/10 −0.40 −0.0369
WAN-corridors CQL −0.0013 [−0.0226,+0.0217] 0.9121 1.0000 5/10 −0.04 0.0036
WAN-corridors BCQ −0.0130 [−0.0353,+0.0086] 0.3066 0.7539 4/10 −0.12 −0.0105
WAN-corridors Round-robin −0.0019 [−0.0216,+0.0174] 0.8652 0.7539 4/10 0.00 −0.0032
WAN-corridors Shortest-hops 0.0813 [+0.0382,+0.1222] 0.0137 0.1094 8/10 0.62 0.0954
WAN-corridors Min-switch-cost 0.0988 [+0.0696,+0.1265] 0.0020 0.0020 10/10 0.78 0.1043
WAN-corridors Util-aware SP −0.1121 [−0.1365,−0.0862] 0.0020 0.0020 0/10 −0.84 −0.1196

The expanded paired analysis does not support describing MADDPG as the most
robust cross-topology controller. It significantly outperforms most comparison policies on
fat-tree but loses to Util-aware SP, is significantly outperformed by no policy on mesh-grid,
and remains tied with all completion-matched comparison policies on WAN-corridors.
The supported conclusion is that MADDPG remains competitive across the evaluated
topologies without being uniformly superior.

3.11. Auxiliary Traffic, Fault, and ECMP Tests

The main evaluation is complemented by three groups of auxiliary fat-tree tests
addressing traffic-pattern variation, link-down and packet-loss conditions, and an ECMP
forwarding reference. These experiments use three seeds and the reward configuration
wu = 0.60, wd = 0, and wl = 0.40. The traffic-pattern and fault-condition results are
reported descriptively, whereas the ECMP comparison uses an exploratory paired test.
These limited-sample results do not replace the ten-seed validated-profile comparison.

3.11.1. Traffic-Pattern Variation

Table 20 reports the three-seed results for the bursty and mixed traffic profiles defined
in Section 2.9. MADDPG obtains mean rewards of −0.595 under bursty traffic and −0.602
under mixed traffic, both close to its three-seed validated-profile reference of −0.605. Util-
aware SP obtains the highest point-estimate reward in both conditions. Under bursty traffic,
Shortest-hops also exceeds MADDPG by point estimate, whereas under mixed traffic
MADDPG ranks second among the five evaluated policies. These values are descriptive
means over three seeds, and no inferential tests are assigned to these comparisons.

The proximity of the MADDPG results across the validated, bursty, and mixed profiles
indicates no marked point-estimate degradation under the two tested changes to UDP
mice and elephant traffic generation. This descriptive result does not establish superiority
under altered traffic mixtures, because Util-aware SP remains stronger by point estimate in
both conditions.
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Table 20. Fat-tree reward under bursty and mixed traffic patterns. Values are mean ± standard
deviation over three seeds; higher reward is better.

Traffic Pattern Policy Reward Seeds

Bursty MADDPG −0.595 ± 0.019 3
Bursty IDDPG −0.618 ± 0.026 3
Bursty Round-robin −0.638 ± 0.028 3
Bursty Shortest-hops −0.580 ± 0.024 3
Bursty Util-aware SP −0.493 ± 0.025 3

Mixed MADDPG −0.602 ± 0.045 3
Mixed IDDPG −0.616 ± 0.030 3
Mixed Round-robin −0.665 ± 0.029 3
Mixed Shortest-hops −0.673 ± 0.023 3
Mixed Util-aware SP −0.536 ± 0.049 3

3.11.2. Tested Link-Down and Packet-Loss Conditions

Table 21 reports the three-seed results for the link-down and packet-loss conditions
defined in Section 2.9. MADDPG obtains a mean reward of −0.713 under link down and
−0.672 under packet loss, compared with the three-seed validated-profile reference of
−0.605. The corresponding decreases are 0.108 and 0.067, respectively, with the larger
point-estimate degradation occurring under the tested link failure. These comparisons are
descriptive and are not assigned inferential p-values.

Table 21. Fat-tree reward under the tested link-down and packet-loss conditions. Values are
mean ± standard deviation over three seeds; higher reward is better. The results are descriptive.

Condition Policy Reward Seeds

Link down MADDPG −0.713 ± 0.060 3
Link down IDDPG −0.708 ± 0.042 3
Link down Round-robin −0.734 ± 0.032 3
Link down Shortest-hops −0.733 ± 0.058 3
Link down Util-aware SP −0.560 ± 0.056 3

Packet loss MADDPG −0.672 ± 0.012 3
Packet loss IDDPG −0.700 ± 0.040 3
Packet loss Round-robin −0.669 ± 0.012 3
Packet loss Shortest-hops −0.758 ± 0.035 3
Packet loss Util-aware SP −0.577 ± 0.058 3

Util-aware SP has the highest point-estimate reward under both tested conditions.
MADDPG remains above Round-robin and Shortest-hops in the link-down experiment
and above IDDPG and Shortest-hops in the packet-loss experiment. These three-seed
descriptive results do not establish general fault tolerance or superiority. They cover one
persistent link failure and one fabric-wide packet-loss condition; switch failure and link
jitter are not evaluated.

3.11.3. Single-Path and ECMP Forwarding

The static per-flow ECMP reference defined in Section 2.9 is compared with the
deployed single-path MADDPG controller on fat-tree. Table 22 shows that ECMP obtains
a mean reward of −0.688, compared with −0.605 for single-path MADDPG. The paired
difference is −0.083, with a nominal two-sided paired t-test value of pt = 0.0116.
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Table 22. Single-path MADDPG and static per-flow ECMP forwarding on fat-tree. The difference is
computed as ECMP minus single-path MADDPG; higher reward is better. The three-seed pt value is
from a two-sided paired t-test and is interpreted as exploratory.

Forwarding Mode Mean Reward Difference Paired t-Test pt Seeds

MADDPG single-path −0.605 Reference — 3
ECMP per-flow −0.688 −0.083 0.0116 3

The ECMP comparison therefore does not show an advantage for the tested static per-
flow allocation under the evaluated fat-tree condition and scalar objective. This exploratory
three-seed result does not establish that single-path forwarding is generally superior to
multipath scheduling. It shows only that this destination-port-based ECMP reference does
not improve upon the deployed MADDPG policy in the reported experiment. The com-
parison does not evaluate learned inter-agent coordination, traffic-class-aware splitting,
or flowlet scheduling.

3.12. Controller Overhead and Scalability
3.12.1. Isolated Policy Inference

The computational cost of the learned decision module was first measured indepen-
dently of the surrounding controller operations. Each exported, torch-free NumPy policy
was evaluated over 1500 logged routing decisions after a 50-call warm-up. One joint
routing decision selects one candidate path for every controlled traffic pair. This bench-
mark isolates policy evaluation and therefore excludes state polling, Ryu event processing,
forwarding-rule installation, and barrier synchronization. Figure 14 reports the median
and 95th-percentile inference times for MADDPG and its two architectural variants on all
three topologies.
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Figure 14. Isolated inference time of the exported NumPy policies on the fat-tree, mesh-grid,
and WAN-corridors topologies. One measurement covers path selection for all controlled traffic pairs.
Bars show the median and 95th-percentile times over 1500 logged decisions.

Table 23 reports the corresponding model footprints and timing statistics. MADDPG
and IDDPG each contain 79,372 parameters and occupy 318.8 KB, while Single-DDPG
contains 91,660 parameters and occupies 367.3 KB. MADDPG has median inference times
of 52.0µs, 52.4µs, and 52.3µs on fat-tree, mesh-grid, and WAN-corridors, respectively. Its
95th-percentile times remain between 55.4µs and 59.7µs.
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Table 23. Isolated policy-inference overhead and exported model footprint. Timing was measured
over 1500 logged all-pairs routing decisions.

Topology Policy Parameters Size (KB) Mean (µs) P50 (µs) P95 (µs)

Fat-tree MADDPG 79,372 318.8 52.6 52.0 57.0
Fat-tree IDDPG 79,372 318.8 52.9 52.2 57.1
Fat-tree Single-DDPG 91,660 367.3 34.1 33.2 38.3

Mesh-grid MADDPG 79,372 318.8 53.6 52.4 59.7
Mesh-grid IDDPG 79,372 318.8 52.8 52.2 56.4
Mesh-grid Single-DDPG 91,660 367.3 35.3 34.2 40.6

WAN-corridors MADDPG 79,372 318.8 52.8 52.3 55.4
WAN-corridors IDDPG 79,372 318.8 53.0 52.4 55.9
WAN-corridors Single-DDPG 91,660 367.3 33.8 33.7 34.8

The isolated timing is consistent across the three topologies because the deployed actor
layout and the number of controlled traffic pairs are unchanged. Single-DDPG is faster in
this benchmark because it performs one joint forward pass rather than one actor evaluation
per traffic pair. All three learned controllers nevertheless complete an all-pairs decision in
less than 60µs at the 95th percentile. These values characterize only the exported decision
module and must not be interpreted as full SDN control-loop latency.

3.12.2. Full Controller-Loop Timing

To address the distinction between isolated inference and deployed controller opera-
tion, the live Ryu–Mininet loop was instrumented for one MADDPG run on each topology.
The recorded stages include network-statistics polling, state construction, policy decision,
forwarding-rule installation, barrier synchronization, and the complete elapsed control
interval. Table 24 reports the mean stage times from the instrumented runs.

Table 24. Mean full-loop timing breakdown for the instrumented MADDPG run on each topology. All
values are in milliseconds. The complete elapsed interval includes operations outside the individually
instrumented stage timers.

Topology Polling State Decision Installation Barrier Loop Elapsed

Fat-tree 486.784 0.146 2.078 3.886 7.165 575.791
Mesh-grid 512.570 0.166 0.386 3.825 7.185 617.239
WAN-corridors 509.489 0.172 0.809 7.467 8.613 562.030

The complete measured control interval ranges from 562.030 ms on WAN-corridors to
617.239 ms on mesh-grid. Network-statistics polling is the dominant explicitly timed
stage, requiring approximately 487–513 ms. State construction remains below 0.2 ms,
the controller-side decision stage remains below 2.1 ms, forwarding-rule installation re-
quires 3.8–7.5 ms, and barrier synchronization requires 7.2–8.6 ms. The full-loop measure-
ments therefore confirm that the approximately 52µs exported-policy inference cost is not
the dominant contributor to deployed controller latency. The limiting cost in the present
implementation is monitoring and the surrounding controller workflow.

3.12.3. Decision Scalability

A separate offline microbenchmark evaluates how joint policy-decision time scales
with the number of controlled traffic pairs N and the number of candidate paths K. The state
and local-observation dimensions grow as

ds = 7 + 5KN, do = 7 + 5K.
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The benchmark evaluates N ∈ {2, 4, 8, 16, 32, 64} and K ∈ {3, 5, 10}. Figure 15 shows the
resulting joint decision latency.

2 4 8 16 32 64
Traffic pairs (agents)

0.0

0.1

0.2

0.3

0.4

0.5

Jo
in

t p
ol

icy
-d

ec
isi

on
 la

te
nc

y 
(m

s)

Candidate paths
K = 3
K = 5
K = 10

Figure 15. Offline joint policy-decision latency as the number of traffic-pair agents N and candidate
paths K increases. Each measurement includes action selection for all N agents.

Table 25. Joint policy-decision latency in the scalability microbenchmark. Values are in milliseconds
and include action selection for all traffic-pair agents.

Traffic Pairs N K = 3 K = 5 K = 10

2 0.0191 0.0134 0.0137
4 0.0258 0.0262 0.0267
8 0.0515 0.0535 0.0554

16 0.1056 0.1087 0.1128
32 0.2207 0.2239 0.2328
64 0.4452 0.4639 0.4887

Table 25 reports the corresponding measured latencies. Joint decision latency grows
approximately linearly with the number of traffic pairs. At N = 64, the measured latency
is 0.4452 ms for K = 3, 0.4639 ms for K = 5, and 0.4887 ms for K = 10. Increasing the
candidate-path count has a smaller effect than increasing the number of agents: the per-
agent observation dimension rises from 22 at K = 3 to 57 at K = 10, while the corresponding
actor parameter count rises from 19,843 to 25,226. The complete joint decision remains
below 0.5 ms throughout the tested range. This synthetic scaling result concerns policy
computation only and does not include topology discovery, candidate-path generation,
monitoring, or forwarding-rule installation.

3.13. Operating Envelope

The preceding analyses use the validated offered-traffic profile for the main policy
comparison. To examine the operating envelope of the proposed controller without mixing
policy sets or unequal seed counts, this analysis reports MADDPG alone across three topolo-
gies and three nominal offered-traffic profiles. The moderate-low, validated, and heavy
labels describe the configured traffic profiles rather than topology-normalized realized
load levels. All nine topology–profile combinations use the same three seeds, allowing
the measurements to be compared on a uniform 3 topologies × 3 profiles × 3 seeds × 1
policy design.
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Figure 16 reports reward, realized bottleneck utilization, and end-to-end RTT. The fig-
ure does not rank MADDPG against other policies; the validated-profile policy comparison
is reported separately in Section 3.1.
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Figure 16. Operating envelope of MADDPG across three nominal offered-traffic profiles on the
fat-tree, mesh-grid, and WAN-corridors topologies. The rows report reward, realized bottleneck
utilization, and end-to-end RTT. Values are means over the same three seeds in every condition,
and error bars show one standard deviation. The profile labels denote configured offered-traffic
settings; realized utilization differs by topology.

Table 26 reports the corresponding measurements. Under the heavy offered-traffic
profile, MADDPG obtains its lowest mean reward on each topology: −0.717 on fat-tree,
−0.674 on mesh-grid, and −0.792 on WAN-corridors. The heavy profile also produces
the highest mean realized utilization and RTT within each topology. Fat-tree RTT rises to
47.9 ms, mesh-grid RTT to 35.2 ms, and WAN-corridors RTT to 67.7 ms.

Table 26. Operating envelope of MADDPG across three topologies and three nominal offered-traffic
profiles. Values are mean ± standard deviation over the same three seeds. The drop column reports
the mean logged per-step drop fraction.

Topology Offered-Traffic Profile Reward Bottleneck Utilization RTT (ms) Drop Seeds

Fat-tree Moderate-low −0.633 ± 0.019 0.741 ± 0.019 33.6 ± 2.7 0.014 3
Fat-tree Validated −0.605 ± 0.013 0.759 ± 0.046 30.4 ± 2.1 0.009 3
Fat-tree Heavy −0.717 ± 0.028 0.783 ± 0.025 47.9 ± 5.8 0.023 3

Mesh-grid Moderate-low −0.523 ± 0.006 0.789 ± 0.011 22.2 ± 1.3 0.005 3
Mesh-grid Validated −0.497 ± 0.061 0.783 ± 0.066 19.7 ± 2.8 0.008 3
Mesh-grid Heavy −0.674 ± 0.054 0.853 ± 0.079 35.2 ± 0.9 0.019 3

WAN-corridors Moderate-low −0.729 ± 0.026 0.715 ± 0.039 54.6 ± 2.4 0.008 3
WAN-corridors Validated −0.749 ± 0.091 0.757 ± 0.130 57.2 ± 8.8 0.012 3
WAN-corridors Heavy −0.792 ± 0.021 0.783 ± 0.035 67.7 ± 0.8 0.014 3
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The moderate-low and validated profiles do not produce the same realized-load
ordering on every topology. On fat-tree, realized utilization increases from 0.741 under the
moderate-low profile to 0.759 under the validated profile. On WAN-corridors, it similarly
increases from 0.715 to 0.757. On mesh-grid, however, the moderate-low profile produces
a slightly higher mean utilization than the validated profile, 0.789 compared with 0.783.
The profile labels must therefore be interpreted as offered-traffic configurations rather than
as directly comparable realized congestion levels across topologies.

The consistent result is the degradation under the heavy profile. Reward decreases,
realized utilization reaches its maximum, and RTT increases on all three topologies. Nev-
ertheless, mean bottleneck utilization remains below 0.86 in every condition, and the
controller continues to produce executable routing decisions. The operating-envelope anal-
ysis therefore identifies increased traffic pressure as a clear performance limitation, while
avoiding claims about comparative policy rank outside the validated-profile experiments.

4. Discussion
The results support a bounded interpretation of offline multi-agent reinforcement

learning for SDN path control. MADDPG remains competitive across the evaluated settings,
but its relative performance depends on topology structure, reward scalarization, coverage
of the logged behavior data, and whether policies are compared at matched flow completion.
It is the strongest learned policy on fat-tree, no evaluated policy significantly outperforms
it on mesh-grid, and it remains tied with the completion-matched policy group on WAN-
corridors, while Util-aware SP achieves the strongest overall reward ranking. The following
discussion interprets these findings in relation to topology-dependent routing mechanisms,
behavior adjustment, objective sensitivity, controller overhead, and the requirements of
6G-oriented network softwarization.

4.1. Interpretation of the Fat-Tree Result

The strongest relative result for MADDPG is observed on the fat-tree topology, where it
is the highest-ranked learned policy but is outperformed by Util-aware SP. This is consistent
with the working hypothesis that learned path control is most useful when the topology
provides sufficient path diversity for congestion-aware routing decisions. Fat-tree data-
center designs were introduced to provide scalable bandwidth using commodity switches
and multiple alternative paths between communicating hosts [18]. In such multi-stage
fabrics, static shortest-path or switch-cost heuristics may fail to use the available path
diversity effectively when traffic concentrates on particular links. Prior work on data-center
flow scheduling has similarly shown that dynamic path selection can improve utilization
of multi-stage switching fabrics when traffic placement matters [20]. The revised results
extend this interpretation to offline multi-agent reinforcement learning while also showing
that a utilization-aware heuristic can exploit the same path diversity more directly under
the deployed objective.

The validated-profile comparison places Util-aware SP first on fat-tree with a mean
reward of −0.527, followed by MADDPG at −0.592. MADDPG nevertheless remains the
best-performing learned policy and outperforms IDDPG, Single-DDPG, CQL, and BCQ.
The difference between MADDPG and Util-aware SP is not explained by flow completion,
path length, or latency. Their completion rates are statistically indistinguishable, at 90.2%
and 89.0%, respectively, under both paired tests; their mean path lengths are 4.137 and
4.021 hops; and their RTT values, 31.031 ms and 31.232 ms, are also statistically indistin-
guishable. The principal difference is bottleneck utilization: Util-aware SP maintains a
mean utilization of 0.600, compared with 0.721 for MADDPG, while switching paths more
frequently (0.783 versus 0.360).
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The reward-gap decomposition confirms this mechanism. The utilization term con-
tributes approximately 112% of the observed reward gap of −0.0647, because the latency
and hop/switch-penalty terms offset a small part of the utilization disadvantage. The uti-
lization contribution is statistically significant, whereas the latency and penalty contribu-
tions are not. Since the deployed reward assigns its largest weight to bottleneck utilization,
wu = 0.60, Util-aware SP has a structural per-step advantage: it selects the retained candi-
date with the lowest currently observed bottleneck utilization. MADDPG, in contrast, must
recover this behavior from transitions generated by the logged random behavior policy
without online exploration.

The sensitivity analyses show that this ordering is not caused by one narrow reward
calibration. Util-aware SP remains rank 1 and MADDPG remains rank 2 on fat-tree across
all tested utilization–latency weightings and all tested hop/switch-penalty multipliers.
The reward gap between them is not statistically significant in the most latency-dominant
settings, but it is significant at the deployed wu/wl = 0.6/0.4 configuration and when
utilization receives greater weight. The paired seed-level analysis gives the same bounded
result: MADDPG has bootstrap confidence intervals favoring it against the other seven
comparison policies, whereas Util-aware SP is the only policy with an interval that signifi-
cantly favors the comparison policy. The stable conclusion is therefore that MADDPG is
the strongest learned fat-tree controller, while the utilization-aware heuristic is strongest
under the evaluated scalar objective.

The implemented architectural variants obtain lower point-estimate rewards than
MADDPG on fat-tree: IDDPG differs by −0.0204, and Single-DDPG differs by −0.0317. Be-
cause target-projection settings are unmatched on this topology, these differences cannot be
attributed exclusively to centralized joint-action evaluation or the per-pair multi-agent de-
composition. The behavior-adjustment result is less conclusive on this topology: removing
the behavior-deviation reward adjustment changes reward by −0.043, but the three-seed
paired comparison is not statistically significant (pt = 0.133). The tested learning-rate,
discount-factor, and hidden-width perturbations also produce lower point-estimate re-
wards than the selected configuration, although these sensitivity experiments contain only
three seeds. The fat-tree evidence therefore supports the usefulness of the MADDPG archi-
tecture as an offline learned controller, but it does not justify attributing its performance
to uniformly beneficial behavior adjustment or claiming superiority over a heuristic that
directly minimizes the dominant per-step reward component.

4.2. Mesh-Grid as a Structural Boundary

The mesh-grid result should be interpreted as a structural boundary rather than as
a failure of the learned controller. Unlike the fat-tree topology, where multiple alterna-
tive paths can be exploited to avoid congested links, the mesh-grid topology evaluated
in this study has limited useful path diversity and short feasible paths. In this setting,
the shortest-hop heuristic is already a strong topology-specific policy. The validated-profile
point estimates reflect this structure: Shortest-hops obtains the highest mean reward,
−0.460, followed by Util-aware SP at −0.467, Min-switch-cost at −0.470, and MADDPG
at −0.472. However, the paired comparisons do not significantly separate any of these
three policies from MADDPG. The RTT measurements show a similar descriptive order-
ing, with 19.166 ms for Shortest-hops and 20.063 ms for MADDPG. The mesh-grid result
should therefore be interpreted as a statistically unresolved leading group rather than as a
significant degradation of the learned controller.

The policy-behavior metrics explain this boundary. On mesh-grid, MADDPG selects
paths with an average length of 2.174 hops and selects a candidate longer than the retained
minimum-hop candidate in only 4.8% of decisions. This behavior is much closer to Shortest-
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hops than to the other learned controllers. IDDPG and Single-DDPG select a candidate
longer than the retained minimum-hop candidate in 57.0% and 36.8% of decisions and
obtain mean RTT values of 26.207 ms and 23.270 ms, respectively; CQL and BCQ also select
a candidate longer than the retained minimum-hop candidate in more than half of their
decisions. Despite these substantial behavioral differences, none of the evaluated policies
differs significantly from MADDPG in bottleneck utilization or mean flow completion
on mesh-grid. The additional detours therefore increase path length and latency without
establishing measurable congestion relief. MADDPG instead suppresses most unnecessary
detours and converges toward near-shortest-path behavior.

The sensitivity analyses support the same bounded interpretation. Across the reward-
weight sweep, MADDPG ranks second at wu ∈ {0.2, 0.4, 0.5}, fourth at the deployed
wu = 0.6, and fifth at wu = 0.8. Shortest-hops has the highest point-estimate reward for
wu ≤ 0.6, while Util-aware SP leads at wu = 0.8. Nevertheless, MADDPG is not signifi-
cantly separated from the point-estimate winner at any tested weight. The hop/switch-
penalty sweep is also stable: Shortest-hops, Util-aware SP, Min-switch-cost, and MADDPG
retain ranks one through four, respectively, for every multiplier from 0× to 2×. The realized
penalty is close to zero for all mesh-grid policies, and this leading group remains statistically
unresolved. The mesh-grid conclusion is therefore not determined by a particular reward
weighting or penalty calibration.

The paired statistical analysis further supports this conclusion. MADDPG signif-
icantly outperforms IDDPG, CQL, BCQ, and Round-robin, with mean paired reward
gaps of +0.0252, +0.0627, +0.0761, and +0.0508, respectively. It is statistically tied with
Single-DDPG, Shortest-hops, Min-switch-cost, and Util-aware SP. In particular, the mean
gaps against Shortest-hops, Min-switch-cost, and Util-aware SP are −0.0128, −0.0024,
and −0.0052, respectively, and all corresponding bootstrap confidence intervals include
zero. No evaluated policy therefore significantly outperforms MADDPG on mesh-grid.

This result is useful for deployment because it identifies when learned path control
should and should not be expected to provide a gain. In topologies with limited useful
path diversity, a simple shortest-hop heuristic may already provide a strong reference
policy for latency-sensitive routing. The relevant result is not that MADDPG significantly
outperforms Shortest-hops, but that it avoids the extensive detouring observed in several
weaker learned policies while remaining statistically tied with the leading topology-specific
methods. Combined with the fat-tree result, the mesh-grid analysis identifies a structural
limitation of adaptive path selection: offline multi-agent control provides clearer benefits
when alternative paths can materially change bottleneck utilization, whereas its advantage
is reduced when different routing choices leave congestion conditions largely unchanged.

4.3. WAN-Corridors Interpretation

The WAN-corridors topology produces a different evaluation issue from the fat-tree
and mesh-grid cases because reward differences coincide with substantial differences in
completed traffic. Util-aware SP obtains the highest mean reward, but its flow-completion
rate is 76.3%, compared with 90.2% for MADDPG. Shortest-hops and Min-switch-cost
similarly complete only 72.5% and 73.3% of dispatched flows. Because the deployed
objective uses wd = 0, these reward comparisons are not comparisons at matched delivered
load and must be interpreted jointly with completion.

The paired analysis separates the WAN policies into two groups. Util-aware SP
significantly outperforms MADDPG in scalar reward, whereas MADDPG significantly
outperforms Shortest-hops and Min-switch-cost. However, all three policies also have
significantly lower completion than MADDPG. In contrast, IDDPG, Single-DDPG, CQL,
BCQ, and Round-robin have completion rates comparable to MADDPG, and none shows
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a statistically significant reward advantage over it. The appropriate WAN conclusion is
therefore that MADDPG belongs to a completion-matched statistical tie group rather than
that its descriptive reward rank alone represents a clear performance ordering.

The behavioral measurements further distinguish traffic shedding from effective rout-
ing. Util-aware SP operates at lower bottleneck utilization and lower RTT than MADDPG,
but it also carries 13.9 percentage points less traffic. Shortest-hops and Min-switch-cost shed
comparable amounts of traffic yet obtain higher utilization and substantially higher RTT,
showing that reduced completion alone does not guarantee a favorable reward. Neverthe-
less, the WAN results demonstrate that scalar congestion and latency objectives can favor
policies operating under different realized traffic volumes unless completion is reported as
an accompanying outcome.

WAN-corridors also provides the clearest evidence that behavior adjustment is
topology-dependent. Removing the behavior-deviation reward adjustment increases MAD-
DPG reward from −0.753 to −0.681, increases completion from 90.2% to 94.3%, reduces
bottleneck utilization from 0.759 to 0.676, and reduces RTT from 56.9 ms to 49.6 ms. Be-
cause completion improves rather than decreases, this within-method gain is not explained
by traffic shedding. The corresponding behavior-adjustment effects on fat-tree and mesh-
grid are not statistically significant, so the evidence does not support treating a fixed
positive β as uniformly beneficial across network structures.

The WAN-corridors result therefore narrows the deployment claim in two ways.
First, comparisons based on the present scalar reward require a matched-completion
qualification. Second, the behavior-adjustment weight must reflect how well the logged
behavior distribution supports useful routing decisions in the target topology. Offline
MADDPG remains competitive among policies carrying comparable traffic, but neither
the selected behavior-adjustment weight nor its descriptive reward position should be
generalized across topologies without this qualification.

4.4. Implications for 6G-Oriented Network Softwarization

The results are relevant to 6G-oriented network softwarization because they address
three requirements that are repeatedly associated with future programmable networks:
adaptive control, low-latency operation, and AI-assisted management. 6G visions empha-
size that future networks will need to support heterogeneous latency-sensitive services,
integrate communication with computation, and rely increasingly on intelligent control
mechanisms [1]. Edge-intelligence studies make a related point from the computing side:
artificial-intelligence and machine-learning functions are expected to move closer to the
edge, where network management and real-time decision-making must operate under
tighter delay and resource constraints [4]. In this context, SDN path control is a useful
abstraction because it exposes the forwarding decision to software while preserving a clear
deployment path through the controller.

Although the present study focuses on the softwarized network-control layer, the relia-
bility of higher-layer routing decisions ultimately depends on the quality of measurements
obtained from the underlying communication system. This coupling is particularly relevant
to near-field extremely large-scale multiple-input multiple-output (XL-MIMO) systems,
where channel estimation under low signal-to-noise ratio (SNR) conditions remains chal-
lenging. Recent enhanced polar-domain channel-estimation methods illustrate ongoing
efforts to provide more reliable physical-layer information in such environments [8]. In-
tegrating this information with SDN path control is outside the scope of the present
experiments, but it represents a relevant direction for cross-layer AI-assisted 6G control.

The proposed controller contributes to this softwarization setting in a specific way.
It does not require online reinforcement-learning exploration in the deployed network;
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instead, it is trained from logged Ryu–Mininet transitions and exported as a deterministic
argmax path-selection policy. This separation avoids exploratory routing actions during de-
ployment, where unsupported decisions could directly affect latency, utilization, or service
continuity. However, the behavior-adjustment results show that proximity to the logged
behavior is not uniformly beneficial. Removing the behavior-deviation reward adjustment
has no significant effect on mesh-grid, produces a non-significant reduction on fat-tree,
and significantly improves reward, completion, utilization, and RTT on WAN-corridors.
Behavior adjustment should therefore be treated as a topology- and dataset-dependent
design choice rather than as an inherently beneficial property of offline deployment.

The literature on software-defined networking, network function virtualization (NFV),
and network slicing has long treated programmability as a key enabler for flexible service-
specific networking [33,34]. The present study does not implement full network slicing
or NFV orchestration, but it addresses a lower-level control primitive that such systems
depend on: selecting latency-aware paths under changing load. The experimental results
show that this primitive can support competitive offline multi-agent control, but its benefit
depends on topology and on the available heuristic alternatives. MADDPG is the strongest
learned policy on fat-tree, no evaluated policy significantly outperforms it on mesh-grid,
and it remains tied with the completion-matched policy group on WAN-corridors. Util-
aware SP nevertheless achieves the strongest overall reward ranking. The contribution is
therefore not a universal replacement for topology-aware routing rules, but an executable
offline-learning framework whose relative advantages and limitations can be measured
under different network structures.

The controller-overhead measurements distinguish isolated policy inference from com-
plete SDN control-loop operation. The exported MADDPG policy contains 79,372 parame-
ters, occupies 318.8 KB, and has median all-pairs inference times of approximately 52µs
across the three evaluated topologies, with 95th-percentile times below 60µs. The instru-
mented live control loop is substantially slower, with complete mean intervals of approxi-
mately 562–617 ms. Network-statistics polling alone requires approximately 487–513 ms,
whereas state construction remains below 0.2 ms, policy decision below 2.1 ms, forwarding-
rule installation between 3.8 and 7.5 ms, and barrier synchronization between 7.2 and
8.6 ms. The learned decision module is therefore not the dominant source of controller
latency; monitoring and the surrounding controller workflow determine the practical
control interval.

The broader implication is not that one MADDPG controller is sufficient for all 6G
network-control problems. The mesh-grid and WAN-corridors results show that policy
effectiveness depends on topology structure, logged-data coverage, and whether compar-
isons are made at matched delivered traffic. The operating-envelope analysis further shows
that the heavy offered-traffic profile degrades reward and increases realized utilization
and RTT on all three topologies, while the moderate-low and validated profiles do not
produce a uniform realized-load ordering across network structures. This bounded be-
havior is valuable for 6G-oriented systems because future networks are expected to be
heterogeneous rather than uniform. A practical AI-assisted controller should therefore
expose its operating envelope, report reliability outcomes such as flow completion along-
side scalar reward, and retain topology-aware heuristics when they provide a stronger or
simpler control rule. The results of this study support that operating-regime-aware view of
network softwarization.

4.5. Limitations and Future Work

This study has several limitations that define the scope of the reported conclusions.
First, the evaluation uses three emulated topologies—fat-tree, mesh-grid, and WAN-
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corridors—within a Ryu–Mininet SDN environment. These topologies provide path-
diverse, lower-diversity, and corridor-like routing structures, but they do not reproduce the
hardware, protocol heterogeneity, traffic scale, or operational constraints of industrial data
centers, wide-area networks, or 6G edge-slicing deployments. The results should therefore
be interpreted as evidence from controlled executable emulation rather than as universal
performance claims for programmable network infrastructures.

Second, the main validated-profile comparison uses ten matched seeds for each of the
three topologies, whereas most auxiliary traffic-pattern, fault, ECMP, and hyperparameter
experiments use three seeds. The behavior-adjustment comparison uses ten seeds on WAN-
corridors but only three seeds on fat-tree and mesh-grid. The full control-loop timing is
based on one instrumented run per topology. These smaller auxiliary samples establish
effect direction and implementation behavior, but they provide less statistical resolution
than the main paired comparison and are interpreted as exploratory where inferential tests
are reported.

Third, the reward-weight and hop/switch-penalty sensitivity analyses are ex post re-
scoring experiments. They evaluate identical deployed trajectories under alternative scalar-
izations and therefore test whether the interpretation of the recorded behavior depends
on the objective specification. They do not show how policies would change if retrained
directly under each reward configuration. Future work should retrain the controllers un-
der latency-dominant, utilization-dominant, reliability-aware, and service-class-specific
objectives and compare the resulting deployed behavior.

Fourth, the offline dataset is generated using a random behavior policy. Although this
procedure provides broad candidate-action coverage, the learned controller remains con-
strained by the states and actions represented in the logged transitions. The topology-
dependent behavior-adjustment result illustrates this limitation: the selected β = 0.1
configuration is not significantly separated from β = 0 on fat-tree or mesh-grid, while
removing the behavior-deviation reward adjustment significantly improves reward, com-
pletion, utilization, and RTT on WAN-corridors. Future work should investigate dataset-
coverage diagnostics and online-safe fine-tuning that permits bounded adaptation without
unrestricted exploration in the operational network.

Fifth, the deployed reward uses wd = 0, and the logged drop-related term does not
measure end-to-end flow completion. Scalar reward comparisons can therefore be mislead-
ing when policies carry different amounts of traffic, as observed on WAN-corridors. Flow
completion must be reported together with reward, utilization, and RTT whenever deliv-
ered load is not matched. In addition, the moderate-low, validated, and heavy operating-
envelope labels denote configured offered-traffic profiles rather than topology-normalized
realized load levels. The standardized envelope shows that the heavy profile degrades
reward and increases utilization and RTT on all three topologies, but the moderate-low and
validated profiles do not produce a uniform realized-load ordering across fabrics.

Sixth, several comparisons remain incomplete. CQL, BCQ, and Util-aware SP broaden
the baseline set, but the evaluation does not include a mathematical optimization solver
or a more advanced SDN-specific multi-agent reinforcement-learning method. The hyper-
parameter analysis varies hidden-layer width but not network depth. The architectural
comparisons are also qualified by a target-stabilization asymmetry: IDDPG and Single-
DDPG use empirical target projection on all three topologies, whereas MADDPG uses it
only on WAN-corridors. Consequently, these variants should not be interpreted as per-
fectly isolated one-factor ablations. The fault experiments cover one persistent link failure
and one fabric-wide packet-loss condition but do not evaluate link jitter or switch failure.
Finally, the ECMP experiment uses static destination-port-based per-flow assignment and
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does not evaluate learned inter-agent coordination, traffic-class-aware splitting, flowlet
routing, or cooperative multipath scheduling.

Finally, the controller selects one path from K = 3 retained candidates for each traffic
pair during each control interval. In the reported runs, the topology graph was obtained
through dynamic link-layer discovery, and the pruned breadth-first generator retained
the first K admitted paths without explicitly sorting adjacency insertion order beforehand.
Exact candidate-catalogue membership can therefore depend on topology-discovery order
across separate runs. Future implementations should persist authoritative candidate cata-
logues or impose an explicit graph-ordering rule before path generation. The scalability
microbenchmark evaluates larger values of N and K, but it measures policy computation
rather than topology discovery, candidate-path construction, or forwarding-rule instal-
lation. Future work will focus on four concrete extensions: evaluation on hardware or
containerized multi-controller testbeds; online-safe policy fine-tuning under bounded op-
erational constraints; traffic-aware dynamic candidate-path generation with reproducible
catalogue construction; and learned service-aware multipath control for heterogeneous 6G
network slices.

5. Conclusions
This paper presented an offline multi-agent reinforcement learning approach with

behavior-adjusted training rewards for latency-aware SDN path control in 6G-oriented
network softwarization. The proposed controller uses a centralized-training/decentralized-
execution MADDPG formulation in which each traffic pair acts as an agent and selects
one of K = 3 candidate paths. The policy is trained from logged Ryu controller transitions
and deployed for live evaluation in a Ryu–Mininet SDN environment. This design avoids
online exploration during deployment while preserving adaptive path-selection capability
inside a software-defined control loop.

The expanded evaluation covers nine policies on the fat-tree, mesh-grid, and WAN-
corridors topologies. Util-aware SP provides the strongest overall reward ranking, placing
first on fat-tree and WAN-corridors and second on mesh-grid. MADDPG ranks second on
fat-tree and is the best-performing learned policy on that topology, while also obtaining the
lowest measured fat-tree RTT. On mesh-grid, no evaluated policy significantly outperforms
MADDPG despite differences in point-estimate rank. On WAN-corridors, MADDPG is
statistically tied with the policies that achieve comparable flow completion, whereas the
significant reward differences involving Util-aware SP, Shortest-hops, and Min-switch-cost
coincide with substantially lower completed traffic.

The mechanism analysis shows that these outcomes arise for different reasons across
the three topologies. On fat-tree, the advantage of Util-aware SP is explained by lower in-
stantaneous bottleneck utilization at comparable flow completion, RTT, hop count, and path
cost; its frequent path switching directly targets the reward component with the largest
weight. On mesh-grid, MADDPG converges toward near-shortest-path behavior, while
the additional detours selected by several other learned policies increase path length and
latency without producing measurable congestion relief. On WAN-corridors, scalar reward
must be interpreted jointly with flow completion because policies operating under different
delivered traffic volumes are not directly comparable.

The architectural-comparison and sensitivity results do not support a topology-
independent benefit for every implemented design variant. IDDPG and Single-DDPG
obtain lower point-estimate rewards than MADDPG most clearly on fat-tree, while their
differences are smaller or reversed in direction on the other topologies. Because target-
projection settings are not matched on fat-tree and mesh-grid, these differences cannot be
attributed exclusively to the centralized critic or the per-pair multi-agent decomposition.
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Behavior adjustment is also topology-dependent: removing the behavior-deviation reward
adjustment has no significant effect on mesh-grid, produces a non-significant reward re-
duction on fat-tree, and significantly improves reward, completion, utilization, and RTT
on WAN-corridors. The reward-weight and hop/switch-penalty sweeps do not make
MADDPG the highest-ranked policy on any topology, but they show that the revised
leading-order conclusions are not artifacts of one scalarization or penalty calibration.

The exported MADDPG decision module remains computationally lightweight,
with 79,372 parameters, a 318.8 KB footprint, median all-pairs inference times of approxi-
mately 52µs, and 95th-percentile times below 60µs across the three topologies. The com-
plete instrumented controller interval is substantially longer, approximately 562–617 ms,
and is dominated by network-statistics polling rather than policy evaluation. The scalability
microbenchmark further shows that joint policy computation remains below 0.5 ms for
up to 64 traffic-pair agents and 10 candidate paths, although this benchmark excludes
monitoring, candidate-path construction, and forwarding-rule installation.

The main conclusion is therefore bounded. Offline MADDPG with behavior-adjusted
training rewards is not a universal replacement for topology-aware routing heuristics,
and the selected behavior-adjustment weight is not uniformly beneficial across network
structures. It is nevertheless a competitive and diagnostically characterized learned con-
troller: it is the strongest learned policy on fat-tree, is significantly outperformed by
no evaluated policy on mesh-grid, and remains competitive with completion-matched
policies on WAN-corridors. Future work should evaluate the controller on hardware or
containerized testbeds, investigate online-safe fine-tuning, develop reproducible traffic-
aware candidate-path generation, and examine learned service-aware multipath control for
heterogeneous 6G network slices.
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The following abbreviations are used in this manuscript:

6G Sixth-generation networks
AI Artificial intelligence
BCQ Batch-Constrained Q-learning
CQL Conservative Q-learning
CTDE Centralized training with decentralized execution
DDPG Deep Deterministic Policy Gradient
ECMP Equal-Cost Multi-Path
IDDPG Independent Deep Deterministic Policy Gradient
MAC Medium access control
MADDPG Multi-Agent Deep Deterministic Policy Gradient
NFV Network function virtualization
RL Reinforcement learning
RTT Round-trip time
SDN Software-defined networking
SNR Signal-to-noise ratio
UDP User Datagram Protocol
XL-MIMO Extremely Large-Scale Multiple-Input Multiple-Output
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