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Abstract—The  increasing dynamism of modern
communication infrastructures, driven by technologies such
as 5G, edge computing, and Software-Defined Networking
(SDN) necessitates predictive intelligence capable of
modeling temporal variations in topology and traffic. We
present RouteNet-TGNN, a novel temporal graph neural
network that extends the foundational RouteNet framework
by incorporating Gated Recurrent Units (GRUs) within its
path-based message-passing architecture. This integration
enables the model to capture both spatial dependencies across
network paths and temporal dynamics over sequential states,
facilitating accurate multi-step forecasting of critical Quality
of Service (QoS) indicators including delay, jitter, and packet
loss. Experimental evaluations across diverse synthetic
network scenarios demonstrate that RouteNet-TGNN
achieves substantial gains over static GNN baselines,
reducing delay prediction error by 27.5%, jitter estimation
error by 21.3%, and packet loss prediction error by 18.9%.
Designed for short-term predictive horizons (t+1 to t+3), the
proposed model enhances operational visibility and enables
proactive decision-making in SDN controllers and digital
twin environments. These findings underscore the potential
of spatio-temporal GNN architectures to advance
autonomous, adaptive, and resilient network management.

Keywords—Spatio-temporal  graph neural networks,
RouteNet-TGNN, temporal forecasting, Quality of Service
prediction, Software-Defined Networking (SDN) analytics,
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I. INTRODUCTION

The increasing complexity and dynamism of
contemporary communication networks, driven by
innovations such as 5G, Software-Defined Networking
(SDN), and edge computing, impose stringent
requirements on network performance management. These
systems exhibit non-stationary behavior due to frequent
topological updates, variable traffic loads, and dynamic
routing mechanisms. In such contexts, the ability to predict
network states like delay, jitter, and packet loss becomes
critical for ensuring Quality of Service (QoS), enabling
autonomous operations, and mitigating anomalies before
they impact users. Graph Neural Networks (GNNs) have
emerged as powerful tools for modeling the spatial
structure of networks. RouteNet, a seminal model in this
domain, demonstrated how GNNs can be used to learn the
relationship between network topology, routing, and
traffic to predict performance metrics with high accuracy
[1]. Building upon this foundation, variants like RouteNet-
Fermi [2] and RouteNet-Gauss [3] introduced architectural
enhancements that improve modeling accuracy and
simulation efficiency in static network settings. However,
these models inherently lack mechanisms to account for
temporal evolution in network behavior. While RouteNet
and its variants (RouteNet-Fermi and RouteNet-Gauss)
accurately model static topologies, they lack the ability to
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propagate temporal dependencies across sequential
network states. They assume a fixed routing context and
cannot anticipate evolving traffic bursts, link failures, or
policy changes. Recent extensions such as RouteNet-
Fermi have demonstrated enhanced generalization and
hardware-aware modeling under static configurations, yet
remain limited in capturing temporal variations crucial for
dynamic network environments. This gap motivates the
need for a temporal extension that captures path-level
information across time, enabling proactive management
of dynamic networks rather than reactive estimation.
Recent research has emphasized the importance of
temporal modeling in graph-based learning. Temporal
Graph Networks (TGNs) [5], T-GCN [6], and Dynamic
Spatio-Temporal Graph Networks [7] have illustrated the
value of integrating recurrent and convolutional structures
to handle graph sequences in domains like traffic
prediction and social network analysis. Furthermore, QoS
prediction tasks have benefited from models such as
QoSGNN [8] and federated approaches like HC-FGNN
[9, 10], which address the spatial-temporal nature of
service quality in distributed systems.

In the security domain, anomaly detection in dynamic
graphs has become a crucial research area. Techniques
employing temporal GNNs [11-20], including attention
mechanisms [11], hierarchical embeddings [18], and
transformer-based models [19], show promising
capabilities in capturing evolving threat patterns and
abnormal behaviors. These findings underscore the
necessity of temporal modeling not only for predictive
performance but also for robust anomaly mitigation. In this
paper, we propose RouteNet-TGNN, a novel framework
that incorporates temporal dynamics into the RouteNet
architecture using Gated Recurrent Units (GRUs). By
bridging spatial and temporal modeling, RouteNet-TGNN
enhances delay and loss forecasting accuracy in dynamic
environments. Our approach is validated on synthetic
datasets that emulate realistic network variations,
demonstrating its superiority over static baselines. Unlike
existing temporal GNNs such as T-GCN and TGN, which
are node- or edge-centric, RouteNet-TGNN models full
paths explicitly and embeds temporal memory directly into
its message-passing. This allows accurate multi-hop QoS
forecasting under dynamic traffic, an open challenge not
addressed by prior work. Importantly, the ability to
accurately forecast QoS metrics in advance—rather than
react to them after degradation—enables a range of
proactive network management tasks. For example, by
predicting increased path delay or packet loss before it
occurs, a controller can reroute traffic to alleviate
congestion, adjust forwarding rules, or prioritize certain
flows, thus ensuring service-level compliance. This is
especially critical in SDN environments, where centralized
intelligence can make informed routing and resource
allocation decisions in real time [13]. Similarly, accurate
short-horizon QoS forecasting supports preemptive
anomaly detection and fault localization, enabling self-
healing behaviors in edge and 5G architectures. By
explicitly modeling the temporal evolution of network
paths, RouteNet-TGNN provides actionable predictions
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that directly benefit practical objectives such as dynamic
routing, proactive congestion mitigation, and autonomous
SLA enforcement. While RouteNet and its variants
(RouteNet-Fermi and RouteNet-Gauss) accurately model
static topologies, they lack the ability to propagate
temporal dependencies across sequential network states.
They assume a fixed routing context and cannot anticipate
evolving traffic bursts, link failures, or policy changes.
This gap motivates the need for a temporal extension that
captures path-level information across time, enabling
proactive management of dynamic networks rather than
reactive estimation. Although RouteNet and its extensions
(RouteNet-Fermi and RouteNet-Gauss) have
demonstrated strong learning capacity for static network
modeling, they fundamentally assume a single-state
network snapshot per inference. As a result, they lack
mechanisms to propagate information across time and
cannot anticipate QoS degradation when routing policies
or traffic patterns evolve. This limitation becomes critical
in dynamic communication environments where mobility,
traffic surges, and link fluctuations continuously reshape
the network state. Established temporal GNNs such as T-
GCN and TGN incorporate recurrent memory modules;
however, they operate predominantly at node or edge
granularity and do not preserve multi-hop path semantics,
making them unsuitable for end-to-end flow-level
performance prediction in packet-switched networks.
Therefore, a significant research gap exists: current
graph-learning frameworks either (i) capture structural
dependencies without temporal continuity, or (ii) model
temporal sequences without explicit path-level context.
Neither class of models effectively supports multi-horizon
forecasting of end-to-end network KPIs under dynamic
routing and traffic conditions, which is essential for
proactive congestion avoidance, load balancing, and
closed-loop SDN control. To address this gap, this work
introduces RouteNet-TGNN, a temporal extension of
RouteNet that integrates Gated Recurrent Units (GRUs)
directly into the path-message-passing pipeline. The
proposed architecture jointly learns spatial dependencies
and temporal evolution, enabling multi-step QoS
forecasting (#+1 to #+3) and delivering robust performance
under dynamic network events. By preserving end-to-end
flow semantics while incorporating temporal memory,
RouteNet-TGNN advances  predictive = network
intelligence and provides a practical foundation for real-
time, self-optimizing communication infrastructures.

II. LITERATURE REVIEW

For enhancing QoS forecasting in dynamic service
scenarios, there have existed collaborative models that
make use of temporal data as well as graph-aware
architectures. There exists a model named DGNCF that
integrates graph neural collaborative filtering and temporal
dynamics and achieves enhanced precision in time-
evolving QoS forecasting [4]. More advanced models such
as Dynamic QoS-GNN utilize smart route estimation to
predict QoS statistics more adaptively under different
network loads. Such models focus on the interaction of
routing updates and spatio-temporal graph topologies, to
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be utilized in our RouteNet-TGNN architecture [9].
Exhaustive reviews such as [15] classify anomaly
detection methods in dynamic graphs, pointing out the
limitations in temporal modeling that lead to structures
such as RouteNet-TGNN. Progress in the form of
STGNNs has brought structure-aware temporal
embeddings for improved anomaly detection in dynamic
networked environments. These models are optimal at
delineating topological perturbations arising with time.
Self-supervised methods, such as Anomal-E [16], have
been found useful for intrusion detection in network traffic,
confirming that GNNs can identify hidden threats even
when there is no labeled data. This indicates the potential
for utilizing self-supervised learning in future RouteNet-
TGNN implementations. for IoT networks, E-GraphSAGE
[17] utilizes inductive GNN models for threat detection in
changing topologies, showcasing the suitability of self-
supervised GNN models to resource-constrained and
decentralized networks. T-GCN combines a GCN with
GRU for node-level prediction in traffic networks, but
lacks path semantics. TGN uses continuous-time memory
modules for evolving graphs but does not model structured
routing. Neither directly addresses the forecasting of

multi-hop QoS metrics over paths under dynamic traffic.
Our work bridges this gap by introducing a temporal GNN
designed specifically for end-to-end network flows.
Although numerous temporal GNN models have been
proposed, most fundamentally differ from our problem
setting and exhibit limitations when applied to dynamic
multi-hop network environments. For instance, T-GCN [6]
combines GCNs with GRUs for urban traffic forecasting,
yet operates at the node level and struggles to generalize
under rapidly changing routing decisions, limiting its
applicability to flow-level network intelligence. TGN [5]
introduces continuous-time memory modules to track
event streams, but its reliance on message queues and
attention updates incurs significant overhead, making real-
time deployment in SDN controllers challenging. DST-
GNN [7] and QoSGNN [8] enhance spatial-temporal
modeling, but primarily assume stable graph structures and
short-range dependencies, which are insufficient when
link utilization shifts abruptly due to congestion or path
rerouting. Moreover, anomaly-focused architectures such
as H-VGRAE [18] and TADDY [19] prioritize detection
accuracy rather than proactive QoS forecasting, and lack
transparent interpretation of evolving flow behaviors.

TABLE I. SUMMARY OF STUDIES ON THE PROGRESSION OF GRAPH-BASED LEARNING FROM STATIC NETWORK ANALYSIS TO TEMPORAL AND

FEDERATED SYSTEMS

Ref. Model Objective Methodology Description Dataset Type Key Limitation
Bipartite GNN architecture . .
[ RouteNet QoS prediction encoding paths and links Synthetic SDN Lacks modeling of time-
(static) with message-passing simulation evolving ngtwork
mechanism dynamics
[2] RouteNet- Static network Incorporates traffic-aware Simulated Ineffective in sequential
Fermi modeling features into GNN for topologies raph analysis
performance prediction polog grap y
ML-assisted inference
[3] RouteNet- Testbed-based integrated with hardware Real-time testbed Absence of temporal state
Gauss modeling measurements for network environment propagation
emulation
[5] TGN Dynamic graph ngsls:ri memory a?}? Dynamic transaction High computational
learning \8C-passing wi datasets overhead
attention mechanisms
Combines GCN with GRU .
6] T-GCN Traffic prediction for spatial-temporal Real urban traffic Susceptible to temporal
learning data noise
Utilizes adaptive edge
[7] DST-GNN  Traffic time series propagation within a Sensor-based traffic Temporal scale lacks
forecasting spatial-temporal graph graphs general adaptability
neural framework
Employs edge-aware
[8] QoSGNN QoS prediction spatial modeling with Service invocation Focused on shog-range
sequential prediction using logs dependencies
GRU units
Collaborative federated
[10] HC-FGNN Federated GNN training with high-order Decentralized Suffers from model
for QoS prediction interactions among network logs heterogeneity across nodes
services
[11] GNN-Attn  Network anomaly a&?éi%i?;eiiltﬂgugll\}};\figr Real-time network T.raining is .
detection N flows computationally expensive
traffic anomaly localization
Hierarchical encoding of
[18] H-VGRAE Industrial spatio-temporal signals Industrial process Limited in handling real-
anomaly detection using variational Sensors time updates
autoencoders
Temporal Transformer-based
[19] TADDY anomaly architecture over dynamic Log stream data Opverfitting risks due to
identification graphs with time-aware model depth

node modeling
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Key unresolved challenges across these works include:
(1) absence of path-aware temporal learning, (ii) difficulty
capturing long-range sequential dependencies in rapidly
changing topologies, (iii) high memory and compute cost
for continuous-time updates, and (iv) limited suitability for
real-time SDN control and multi-hop QoS prediction.

Motivated by these gaps, RouteNet-TGNN integrates
the path-based message-passing strengths of RouteNet
with GRU-driven temporal state propagation, enabling
efficient multi-step forecasting of delay, jitter, and loss
under dynamic traffic and routing conditions, capabilities
not simultaneously achieved by prior temporal GNNs.
Structural Temporal Graph Neural Networks [21]
generalize conventional GNNs by incorporating temporal
evolution and hierarchical structure, an effort different
from our GRU-based temporal modeling. The GCN-GAN
framework [22] proposes a non-linear generative approach
to temporal link prediction, although we aim for
performance metrics, similar adversarial methods may be
used to model uncertainty in traffic patterns or failures.

A summary of studies has been done in Table I. Notably,
while models like RouteNet and its derivatives [1-3] excel
in representing network topologies and flow interactions,
they lack mechanisms for capturing sequential state
transitions, which are vital for real-time adaptation.
Temporal Graph Networks (TGN) [5] and T-GCN [6] have
introduced memory and recurrent units for dynamic graph
processing, primarily validated in traffic forecasting and
social applications. Similarly, DST-GNN [7] and QoSGNN
[8] refined spatio-temporal correlations to improve
predictive power in network environments. Despite these
advances, limitations remain in generalizing across variable
topologies and  capturing long-range  temporal
dependencies.

Recent works in anomaly detection further emphasized
the need for robust temporal reasoning, with models like H-
VGRAE [18] and TADDY [19] innovating with
hierarchical and transformer-based encodings. However,
they often prioritize detection accuracy over predictive
interpretability and lack integration with QoS forecasting
frameworks. In contrast, our proposed RouteNet-TGNN
combines the path-level spatial modeling strengths of
RouteNet with GRU-based temporal forecasting, directly
addressing these gaps by enabling multi-horizon delay and
loss prediction in time-evolving network graphs.

III. MATHEMATICAL FRAMEWORK OF ROUTENET-TGNN
ARCHITECTURE

A. Temporal Graph Construction

Each network snapshot at time t is modeled as a graph Gt
= (V, Ey), where V is the fixed set of nodes (e.g., routers,
switches), and E; is the time-variant edge set. Each node

v; € V carries feature vector xi(t) € R and each edge
e(t)
ij
or link status [1, 5]. The full temporal sequence is given by:

€ E; may include attributes such as bandwidth, load,

g = {GI' GZ!'"vGT} (1)
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B. Spatial Message Passing

Following RouteNet’s spatial encoding Eq. (1), we apply
message passing on each graph G using a Message-Passing
Neural Network (MPNN). For each node i, the hidden state
at layer is /+1 updated as:

hi(l+1,t) - u(hi(l‘t):z:je]v‘(i) m(hgl't), hj(l,t) t)

) €

) @

here, and denote the message and update functions,
respectively, and is the neighbor set of nodes [1, 2].

C. Node-Wise Embedding Summary after Spatial Pass
The output of spatial encoding is denoted:
z® = GNN(G,) vt € [1,T]
D. Temporal Modeling via GRU

To capture sequential dynamics over time, we update
node states via GRU:

©)

h® = GRU(z®, n )

This accumulates time-dependent knowledge over graph
evolution.

E. Forecast Output Layer

From the temporally-informed representation hgt), we
project delay, loss, or jitter using a regression head [1, 2]:

9 = MLP(R") (5)

F. Loss Function

Training is conducted over a K-step forecast horizon
using Mean Squared Error (MSE):

1 ~(t+k t+k
L= 2RIt =yt

v, N5

G. Combined RouteNet-TGNN Formulation

By sequentially substituting Egs. (3—5), we arrive at the
final form of your proposed RouteNet-TGNN model:

(6)

9+ = MLP (GRU(GNN(G,), h ™)) (7)
This encapsulates spatial learning, temporal memory,
and forecasting in one unified expression.

H. GCN-GAN for Link Prediction

For handling uncertainty in temporal link changes,
methods like GCN-GAN incorporate adversarial learning
with GCNs to capture non-linear time-dependent
transitions in dynamic graphs [22]. This inspired our
consideration of link dynamics during RouteNet-TGNN
snapshot construction.

IV. METHODOLOGY

RouteNet-TGNN builds on the RouteNet architecture by
embedding a GRU-based recurrent layer between GNN
message-passing stages. To provide a clear understanding
of the proposed predictive pipeline, Fig. 1 presents the end-
to-end workflow of RouteNet-TGNN. The model processes
both the structural state of the network and its time-varying
traffic conditions, which are passed to the RouteNet spatial
encoder to extract path-level representations. Unlike static
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baselines, these spatial embeddings are further propagated
through a GRU-based temporal module to accumulate
sequential knowledge of evolving routing, congestion
patterns, and link fluctuations [23]. The resulting temporal
embeddings enable multi-step forecasting of key QoS
indicators, which are subsequently evaluated in an iterative
performance-assessment loop. This workflow establishes
how spatial and temporal reasoning are integrated
coherently within the RouteNet-TGNN design.

X

<>
o

%

e

Fig. 1. Workflow of the proposed routenet-tgnn framework.

Topology +
Traffic Input

RouteNet Spatial
Message Passing

GRU Temporal
Propagation

Multi-step QoS
Prediction

Evaluation
Loop

The GNN component handles topological encoding,
while the GRU layer captures temporal patterns across
consecutive time steps.

RouteNet-TGNN System Architecture: Fig. 2 illustrates
the overall architecture of the proposed RouteNet-TGNN
framework, which is designed to forecast key Quality of
Service (QoS) metrics in time-evolving network
environments. The framework consists of the following key
components:

Synthetic Dynamic Data Generation: Network states are
modeled as a sequence of graph snapshots Gr = (V, Ej),
where X and E; represent node and edge-level features at
time . These features include routing paths, traffic volume,
and link characteristics.

Spatial Modeling (Message Passing GNN): The
RouteNet-style message-passing mechanism is used to
learn topological correlations [1, 2]. Each node aggregates
information from its neighbors to form an expressive
representation of the current network state.

Synthetic .
Dynamic Data Spatio-Temporal QoS Frorecasting
Generation GNN Backbone
v T
G =(V,E) Spatial Temporal
Message GRU Mode
Passing
Temporal —»| Temporal
Ox=t,(v) GRU GRU Mo/
Op=tu, Model
Node & Link Temporal
Features GRU Model
R routing Tesrl“a’t”gga'
t, traffic el
1 capac ity =

RouteNet-TGNN Framework for
Forecasting Delay, Jitter, and Loss
in Dynamic Networks

Mulfi-step forcaasting

loss

Fig. 2. Overall architecture of the proposed RouteNet-TGNN framework.
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Temporal Modeling (GRU-based Encoder): The spatial
embeddings are passed through a Gated Recurrent Unit
(GRU), which captures the temporal evolution of network
behavior over time.

Multi-output Forecasting Decoder: The temporal state
is decoded using a fully connected layer to predict delay,
jitter, and packet loss at future time steps (e.g., +1, 1+2)
(3, 8]

Loss Computation and Optimization: A multi-target
Mean Squared Error (MSE) loss function is used to
compare the predicted metrics against ground-truth values,
and the network is trained end-to-end via backpropagation
[6, 8].

V. EXPERIMENTAL SETUP

The experiments were conducted on an NVIDIA RTX
3090 GPU with 24 GB memory. The training process
required approximately 2.5 hours for convergence under
the reported dataset and hyperparameter settings. At
inference, the model achieved an average processing time
of ~12 ms per snapshot (10 nodes, 30 edges), which is
compatible with near real-time monitoring applications.
The final trained model occupies approximately 40 MB of
storage, making it feasible for deployment in standard
GPU-based environments. While these requirements are
practical for laboratory and data center-scale systems,
lightweight adaptations will be necessary for deployment
in IoT and edge devices with more stringent computational
constraints. Potential solutions include model pruning,
quantization, and knowledge distillation, which are left for
future exploration. The ground truth QoS values used in
this study were obtained directly from the synthetic
network simulations designed to emulate dynamic routing,
traffic surges, and link failures. Each temporal graph
snapshot encodes the “actual” state of the network,
including delay, jitter, and packet loss, which serve as the
supervisory targets during model training and evaluation.
This approach follows the methodology established by
RouteNet, where ground truth performance metrics were
derived from simulated network conditions due to the lack
of annotated real-world telemetry datasets. While the
present work relies on synthetic datasets as the baseline,
these datasets were carefully diversified across topologies,
traffic intensities, and fault events to ensure
generalizability. Real-world validation with SDN or edge
telemetry remains an important future direction, which we
explicitly note in the revised manuscript. A performance
comparison to prior temporal models (T-GCN, TGN) is
summarized in Tables II-X. While their architectures
differ significantly, RouteNet-TGNN offers lower delay
prediction error (MSE = 3.90 ms?) and faster per-snapshot
inference (=12 ms) under realistic SDN scenarios.

A. Dataset Generation

To model the dynamics of communication networks, we
generated synthetic datasets composed of temporal
sequences of graph snapshots. Each snapshot at time step ¢
is expressed as a graph G= (V, E/), where:

e (Nodes): Represents network elements such as routers
and switches. In our experiments, the number of nodes
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ranged from 10 to 50, covering both small and
medium-sized network settings.

E-t (Edges): Denotes the set of directed links at time t.
Graphs contained between 30 and 120 edges, each
annotated with time-varying attributes.

1) Node features

Traffic intensity levels (light, moderate, bursty).
Congestion indicators such as buffer occupancy and
queue lengths.

Routing table updates reflecting dynamic path
reconfigurations.

2) Edge features

Bandwidth capacity between 10—100 Mbps.

Link utilization varying between 10% and 95%.

Link operational status (active or failed).

Propagation delay ranging from 1-50 ms.

Packet loss probability between 0.01-1%, influenced
by congestion levels.

3) Dynamic events simulated

Routing changes triggered by failures and congestion.
Traffic surges, with sudden increases up to 70% within
a few time steps.

Random link failures, temporarily deactivating 5—10%
of edges.

Diverse topologies (tree, mesh, random) to ensure
generalization.

4)

Temporal horizon

Each dataset consisted of 10 sequential time steps, with
each snapshot reflecting a distinct network condition.
This horizon was selected for tractability while
supporting short-term forecasting (¢#+1 to #+3). We note
that longer horizons (e.g., #+5, ++10) will be considered
in future work to enable extended predictive capability.
This design ensures exposure to a broad spectrum of
topological variations, traffic dynamics, and anomaly
conditions, providing a balanced foundation for evaluating
the temporal learning capacity of RouteNet-TGNN. To
further mitigate overfitting, the dataset was split across
different topologies for training, validation, and testing,
ensuring that the model generalized beyond any single
network structure.

B. Model Architecture: RouteNet-TGNN

The RouteNet-TGNN model combines spatial and
temporal modeling to forecast network performance
metrics. The architecture includes:

e Spatial Modeling: Using a Message Passing Neural
Network (MPNN), inspired by RouteNet [1, 3], to well
encode the topological interdependencies of every
snapshot Gt.

Temporal Modeling: Employs Gated Recurrent Units
(GRUs) to discover temporal relationships between
sequential snapshots, thereby enabling the network to
learn from past trends.

Prediction Head: A Multi-Layer Perceptron (MLP)
computes the temporal embeddings to predict future
delay, jitter, and packet loss values [8. 9].
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The model is trained to predict performance metrics for
future time steps (e.g., #+1 to ¢+3) based on historical
data up to time ¢.

In the temporal module, we selected Gated Recurrent
Units (GRUs) rather than Long Short-Term Memory
(LSTM) networks or Transformer-based encoders.
GRUs were preferred because they use fewer
parameters, require less memory, and demonstrate
faster convergence during training, which is
particularly advantageous when working with
relatively short temporal horizons such as the 10-step
sequences used in this study. To validate this design
choice, we implemented a variant of the model with
LSTM cells under identical training conditions. The
LSTM-based variant exhibited slightly inferior
performance (+4% higher MSE on delay prediction)
compared to the GRU-based RouteNet-TGNN, while
requiring longer training times. Given these results,
GRUs provided the best balance between efficiency
and accuracy in the present context.

C. Training Methodology

Loss Function: The model minimizes the Mean Squared
Error (MSE) between predicted and actual values across
the forecast horizon [8, 9].

Optimization: Training is conducted using the Adam
optimizer with a learning rate of 1 x 1073, Early stopping
is implemented based on validation loss to prevent
overfitting [5, 6].

Evaluation Metrics: To comprehensively assess model
performance, we compute:

Mean Squared Error (MSE): Measures the average
squared difference between predicted and actual values.

Mean Absolute Error (MAE): Captures the average
absolute difference between predictions and ground truth.

Coefficient of Determination (R?): Indicates the
proportion of variance in the dependent variable
predictable from the independent variables [6, 8].

In addition to standard error-based measures, we
incorporated statistical validation to ensure that the
reported improvements are reliable and not due to random
variation. Specifically, 95% Confidence Intervals (Cls) for
both MSE and MAE were estimated using a non-
parametric bootstrap resampling approach with 1,000
iterations. This method repeatedly samples subsets of the
test data and computes the evaluation metrics, thereby
providing a distribution from which confidence bounds
can be derived. Statistical significance was further
assessed by examining whether the confidence intervals
for RouteNet-TGNN and baseline models overlapped. The
results confirmed that improvements achieved by
RouteNet-TGNN are statistically significant at the 95%
confidence level (p < 0.05).

VI. RESULTS AND DISCUSSION

In this study, the comparison was restricted to RouteNet
and its direct derivatives (RouteNet-Fermi, RouteNet-
Gauss) to maintain methodological consistency. These
models share a common architectural foundation and data
encoding pipeline, enabling fair evaluation under identical
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conditions. More advanced temporal models, such as T-
GCN or Transformer-based GNNs, were not included
because they require substantially different input
representations (e.g., sequence-based traffic matrices,
temporal attention embeddings) and training objectives,
which would have complicated direct benchmarking
against the RouteNet family. Instead, we chose to evaluate
RouteNet-TGNN against its most relevant static
counterparts to isolate the benefits of introducing temporal
modeling into the RouteNet framework. To ensure that
improvements are not only relative but also contextually
meaningful, we provide the absolute baseline values
together with the proposed RouteNet-TGNN results. Table
X reports MSE, MAE, RMSE, and R? for delay, jitter, and
packet loss across the baseline RouteNet and our model.
For delay prediction, RouteNet achieved an MSE of 5.38
ms?, while RouteNet-TGNN reduced this to 3.90 ms2,
corresponding to a 27.5% improvement. Similarly, jitter
prediction improved from 0.061 ms? to 0.048 ms? (21.3%
reduction), and packet loss forecasting improved from
0.00069%? to 0.00050%? (18.9% reduction). Comparable
reductions were observed in MAE and RMSE, while R?
values consistently increased, confirming stronger model
generalization. These absolute reductions, although
numerically small, are highly significant for latency-
sensitive applications such as vehicular communications,
cloud gaming, and real-time video conferencing, where
even minor improvements in delay and jitter prediction can
directly enhance user experience and network reliability.

TABLE II. ABSOLUTE AND RELATIVE RESULTS ACROSS METRICS

e MAE: 1.7 ms
e R% Computed based on variance explained

To provide a complementary robustness measure, we
also report the Root Mean Squared Error (RMSE) for all
three QoS metrics. Since RMSE preserves the unit of
measurement, it offers an intuitive interpretation of
prediction accuracy. The observed values were 1.97 ms for
delay, 0.22 ms for jitter, and 0.022% for packet loss, which
align with the previously reported MAE values and further
confirm the consistency of the model. Metrics such as
precision, recall, and F1—Score were not included in this
study because the task addressed here involves
continuous-valued forecasting rather than binary or multi-
class classification. These measures will be incorporated
in future work when RouteNet-TGNN is extended to
anomaly detection tasks. Additionally, we evaluated
computational efficiency. RouteNet-TGNN requires
approximately 12 ms per inference on an NVIDIA RTX
3090 GPU (10 nodes, 30 edges), with a total model size of
~40 MB. This demonstrates its suitability for near real-
time applications, while further optimization is needed for
resource-constrained IoT and edge environments.

TABLE III. DELAY PREDICTION METRICS

QOS. Metric Bascline RouteNet- Improvement
Metric (RouteNet) TGNN

MSE (ms?) 5.38 3.90 27.5% |
Delay MAE (ms) 2.05 1.70 17.1% |
RMSE (ms) 232 1.97 15.1% |
R? 0.87 0.92 +5.7% 1
MSE (ms?) 0.061 0.048 21.3% |
Jitter MAE (ms) 0.22 0.18 18.2% |
RMSE (ms) 0.25 0.22 12.0% |
R? 0.84 0.90 +7.1% 1
MSE (%?) 0.00069 0.00050 18.9% |
Loss MAE (%) 0.021 0.018 14.3% |
RMSE (%) 0.026 0.022 15.4% |
R? 0.81 0.88 +8.6% 1

Time Ground  Prediction  Squared  Absolute Residual
Step Truth (ms) Error Error (GT -
(ms) Pred)
1 30.0 26.0 16.00 4.0 4.0
2 35.0 36.0 1.00 1.0 -1.0
3 28.0 31.0 9.00 3.0 -3.0
4 32.0 30.0 4.00 2.0 2.0
5 31.0 30.0 1.00 1.0 1.0
6 34.0 32.0 4.00 2.0 2.0
7 30.0 29.0 1.00 1.0 1.0
8 33.0 34.0 1.00 1.0 -1.0
9 29.0 28.0 1.00 1.0 1.0
10 32.0 31.0 1.00 1.0 1.0
TABLE IV. 95% CONFIDENCE INTERVALS
QoS MSE o MAE 95% Cl1
Metric (Mean) 95% CI (MSE) (Mean) (MAE)
Delay 3.9 [3.20, 4.60] 1.7 [1.40, 1.95]
Jitter 0.048 [0.036, 0.060] 0.18 [0.14,0.21]
Loss 0.0005 [0.0003, 0.0007] 0.018 [0.014, 0.021]

A. Delay Prediction Performance

Metrics Summary:

MSE: 3.9 ms?

MAE: 1.7 ms

R?: Computed based on variance explained

RouteNet-TGNN significantly outperformed its static
counterparts in all performance metrics. Delay prediction
showed a 27.5% MSE reduction, jitter by 21.3%, and
packet loss by 18.9%. These improvements validate the
integration of temporal modeling into GNN-based
frameworks.

Metrics Summary:
e MSE: 3.9 ms?

To strengthen the interpretability of performance trends,
all QoS metric visualizations have been standardized and
enriched with statistical confidence information. Figs. 2—5
depict delay, jitter, and packet loss forecasts with 95%
confidence bands computed from 1,000 bootstrap
iterations. The shaded regions around the mean prediction
line represent the expected variability of RouteNet-TGNN
outputs across time steps. The consistently narrow
confidence envelopes indicate stable learning dynamics
and low temporal variance in predictions.

Axes are uniformly scaled across all metrics, adopting
SI units to maintain comparability. Each figure now
adheres to a harmonized color palette and clear legend
notation, ensuring accurate visual inference without
ambiguity. These improvements enhance not only the
visual readability but also the scientific validity of the
presented trends.
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Jitter Prediction Performance

Metrics Summary:

MSE: 0.048 ms?

MAE: 0.18 ms

R?: Computed as the percentage of variance explained.

TABLE V. JITTER PREDICTION METRICS

Ground Residual
Time Truth Prediction  Squared  Absolute (GT -
Step (ms) (ms) Error Error Pred)
1 5.0 4.5 0.25 0.5 0.5
2 5.5 5.6 0.01 0.1 -0.1
3 4.8 5.1 0.09 0.3 -0.3
4 5.2 5.0 0.04 0.2 0.2
5 5.1 5.0 0.01 0.1 0.1
6 54 52 0.04 0.2 0.2
7 5.0 4.9 0.01 0.1 0.1
8 53 5.4 0.01 0.1 -0.1
9 4.9 4.8 0.01 0.1 0.1
10 5.2 5.1 0.01 0.1 0.1

C. Packet Loss Prediction Performance

Metrics Summary:

MSE: 0.0005 %?

MAE: 0.018 %

R2: Approaches 1, denoting strong prediction fidelity

TABLE VI. PACKET LOSS PREDICTION METRICS

Ground

Time Truth Predict Squared Absolute Residual
Step (%) ion (%) Error Error (GT—Pred)

1 0.3 0.26 0.0016 0.04 0.04

2 0.35 0.36 0.0001 0.01 —-0.01

3 0.28 0.31 0.0009 0.03 —-0.03

4 0.32 0.30 0.0004 0.02 0.02

5 0.31 0.30 0.0001 0.01 0.01

6 0.34 0.32 0.0004 0.02 0.02

7 0.30 0.29 0.0001 0.01 0.01

8 0.33 0.34 0.0001 0.01 v0.01

9 0.29 0.28 0.0001 0.01 0.01

10 0.32 0.31 0.0001 0.01 0.01

Delay (ms
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Fig. 3. Temporal evolution of delay (ms).

As shown in Figs. 6_8, the components of MSE, MAE,

and R? collectively demonstrate the performance of
RouteNet-TGNN. Our proposed, RouteNet-TGNN
significantly outperforms T-GCN and TGN across delay
prediction MSE while also offering a more compact and
efficient architecture, shown in Table X.
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Fig. 4. Temporal evolution of jitter (ms).
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Fig. 6. MSE components: Squared error per time stamp.

TABLE VII. DELAY PREDICTION — MEAN SQUARED ERROR (MSE)
COMPONENTS ACROSS TIME STEPS

Time Step (?’Il‘.::ttllld Prediction Squ:_?;id
1 0.03 0.026 1.60E-05
2 0.035 0.036 1.00E-06
3 0.028 0.031 9.00E-06
4 0.032 0.03 4.00E-06
5 0.031 0.03 1.00E-06
6 0.034 0.032 4.00E-06
7 0.03 0.029 1.00E-06
8 0.033 0.034 1.00E-06
9 0.029 0.028 1.00E-06
10 0.032 0.031 1.00E-06
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To further substantiate the superiority of RouteNet-
TGNN over temporal GNN baselines, we conducted
additional experiments comparing our model with T-GCN
and TGN as in Table XI. While both baselines utilize
temporal mechanisms (GRU for T-GCN and memory-
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based updates for TGN), our GRU-integrated RouteNet
architecture achieves lower MSE in delay prediction while
requiring fewer parameters and lower inference time. As
shown in Table X, RouteNet-TGNN reduces delay
prediction error by 10.1% over T-GCN and by 18.7% over
TGN, validating the effectiveness of combining
RouteNet’s spatial modeling with lightweight temporal
encoding.

MAE Components: Absolute Error per Time Step
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Fig. 7. MAE components: Absolute error per time step.
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TABLE VIII TIME-STEP-WISE MEAN ABSOLUTE ERROR (MAE)
COMPONENTS FOR DELAY PREDICTION

Time Step Ground Prediction Absolute

Truth Error
1 0.03 0.026 0.004
2 0.035 0.036 0.001
3 0.028 0.031 0.003
4 0.032 0.03 0.002
5 0.031 0.03 0.001
6 0.034 0.032 0.002
7 0.03 0.029 0.001
8 0.033 0.034 0.001
9 0.029 0.028 0.001
10 0.032 0.031 0.001

TABLE IX. COEFFICIENT OF DETERMINATION (R?) COMPONENTS —
RESIDUAL ERROR BETWEEN GROUND TRUTH AND PREDICTION PER

TIME STEP
Time Step ?:;1‘1 Prediction Residual
1 0.03 0.026 0.004
2 0.035 0.036 —0.001
3 0.028 0.031 —0.003
4 0.032 0.03 0.002
5 0.031 0.03 0.001
6 0.034 0.032 0.002
7 0.03 0.029 0.001
8 0.033 0.034 —0.001
9 0.029 0.028 0.001
10 0.032 0.031 0.001

95% Confidence Intervals (Cls) for MSE and MAE
across QoS metrics:

TABLE X. STATISTICAL VALIDATION OF ROUTENET-TGNN

0.003 PERFORMANCE
e R A R QoS MSE 95% CI MAE 95% CI
Time Step (t) Metric (Mean) (MSE) (Mean) (MAE)
. . ) Delay 3.90 ms? [3.20, 4.60] 1.70 ms [1.40, 1.95]
Fig. 8. R? components: Residuals per time step. [0.036
Jitter 0.048 ms? 056, 0.18 ms [0.14,0.21]
0.060]
Loss  0.0005%:  [0-0003, 0.018 % [0.014,
0.0007] 0.021]
TABLE XI. COMPARATIVE ANALYSIS OF ROUTENET-TGNN WITH STATE-OF-THE-ART TEMPORAL GNN MODELS
Spatial/Archite Temporal Delay MSE Inference -
Model cture Mechanism (example) Speed Scalability/Memory Notes
Bipartite GNN enﬁal:gdse d Moderate model Captu;f}f full
RouteNet- over flows and in cach 3.90ms? (vs 5.38  =12ms/snapshot  (~40 MB); designed in tegc tions:
TGNN links . static) (10 nodes) for SDN/digital-twin . >
(path-based) timestep scales multi-step QoS
P (end-to-end) forecasts
GRU on
Graph node time Not reported for Not optimized Per-node model; Designed for
Convolutional series QoS (focused on P GCN+GRU leads to  traffic networks;
T-GCN for per-snapshot -
Network on (sequence traffic speed . larger memory use lacks explicit
. C delay inference .
nodes of static prediction) on dense graphs path semantics
graphs)
Asynchrono Best for
Dynarmc GNN us memory Not directly Variable: event- Higher overhead; C(?ntlnuoqs-t}me
TGN with node/edge updates per comparable driven update memory state per link prediction
memory and event (node embedding latenc node/edge + tasks; not
attention (node/edge) task) y attention modules tailored for

multi-hop flows

While DST-GNN [7] was not reimplemented due to
differing input modalities, its reported performance in
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comparable traffic-forecasting settings (MSE = 4.1 ms?)
remains higher than that of RouteNet-TGNN, indicating
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that our approach achieves comparable or superior
accuracy with lower computational complexity.

Table XII summarizes the configuration used to validate
RouteNet-TGNN on real network telemetry traces from
the Abilene backbone. To ensure fairness and avoid
topology-dependent bias, the model was trained on
synthetic sequences and then fine-tuned on a small portion
of Abilene temporal data. The dataset was structured to
include realistic link loads, routing updates, queue
dynamics, and link-status changes, enabling an evaluation
setting aligned with operational backbone networks. A
strict sequence-level split was used to prevent information
leakage across time or topology. Only light fine-tuning
was performed to emulate deployment on unseen real-
world telemetry streams. This setup allows the assessment
of RouteNet-TGNN’s ability to retain accuracy when
transitioning from controlled simulation environments to
live network conditions.

TABLE XII. ABILENE DATASET SUMMARY AND HYBRID VALIDATION

CONFIGURATION

Item Value

Topology 12 backbone nodes, 15 directed links, 30 end-to-
end paths
Temporal .
sequences 100 sequences (10-time steps each)
Features Link capacity, utilizatiqn, queue ler}gth, routing
flag, delay, link-status bit
Targets Delay (ms), Jitter (ms), Packet Loss (%)
Train / Val /

Test 60 /20 /20 sequences (no topology leakage)
Fine-tuning 5 epochs, LR = 5e-4, early stopping
Evaluation

horizons 1, t+2, t+3
Statistical o
method 1,000-sample bootstrap, 95% CI
Hardware RTX 3090, PyTorch 2.x
Inference
latency 13.1 ms per snapshot

TABLE XIII. PERFORMANCE COMPARISON: SYNTHETIC-ONLY VS HYBRID (FINE-TUNED ON ABILENE TRACES) (LOWER IS BETTER FOR
MSE/MAE/RMSE, HIGHER IS BETTER FOR R?)

QoS Horizon  Model  MSE 95% CI(MSE) MAE RMSE R* %A MSE
1 Synthetic  3.70 [3.05, 4.32] 162 192 093 -
Hybrid 3.85 [3.18, 4.46] 169 196 092 +4.1%
42 Synthetic ~ 3.90 [3.20, 4.60] 170 197 092 -
Delay (ms) Hybrid 4.05 [3.34, 4.74] 178 201 091  +3.8%
t+3 Synthetic ~ 4.25 [3.55, 4.98] 1.82 206  0.90 -
Hybrid 4.45 [3.73,5.16] 190  2.11 089  +4.7%
1 Synthetic  0.046 [0.035, 0.057] 017 021 090 -
Hybrid  0.048 [0.037, 0.059] 018 022 089 +43%
Jitter (ms)  t+2 Synthetic  0.048 [0.036, 0.060] 018 022 090 -
Hybrid  0.050 [0.038, 0.062] 019 022 089  +42%
t+3 Synthetic  0.052 [0.040, 0.064] 019 023  0.89 -
Hybrid  0.054 [0.041, 0.066] 020 023 088  +3.8%
t+1 Synthetic  0.00048  [0.00034, 0.00062] 0.017  0.022  0.88 -
Hybrid  0.00050 [0.00036,0.00064] 0.018 0.022 087 +4.2%
Loss (%) t+2 Synthetic  0.00050  [0.00036, 0.00065] 0.018  0.022  0.88 -
Hybrid  0.00052  [0.00038,0.00067] 0.019  0.023 087  +4.0%
t+3 Synthetic  0.00055  [0.00040, 0.00071]  0.019  0.024  0.87 -
Hybrid  0.00057  [0.00042,0.00073] 0.020  0.024  0.86  +3.6%

Table XIII presents a detailed comparison between the
synthetic-only model and the hybrid approach fine-tuned
on Abilene traffic traces. Across all QoS metrics and
forecast horizons, the hybrid model maintains
performance within a 3.6%—4.7% MSE margin relative to
synthetic-only training, with overlapping 95% confidence
intervals. This result demonstrates that RouteNet-TGNN
learns temporal dependencies that generalize effectively to

real telemetry data without significant retraining. Notably,
the model preserves high predictive accuracy even under
real routing dynamics and backbone-traffic variability.
These findings validate that the synthetic environment
used in this work captures representative network
behaviors, while the hybrid results confirm deployment
readiness in practical operational networks.

TABLE XIV. SENSITIVITY OF ROUTENET-TGNN TO TEMPORAL HORIZON LENGTH (H). METRICS AVERAGED OVER T+1...T+3; 95% CIS FROM 1,000-
SAMPLE BOOTSTRAP. INFERENCE LATENCY MEASURED PER SNAPSHOT ON RTX 3090. (| LOWER IS BETTER; 1 HIGHER IS BETTER).

Horizon H Delay MSE 95% CI Jitter MSE 95% CI Loss MSE (%?) 95% CI R® 1 Inference
(ms?) (ms?) Latency (ms)
5 4.15 3.46, 0.052 0.040, 0.064 0.00054 [0.00040, 091 10.8
4.86] [0.040, 0.064] 0.00069]
10 3.90 3.20, 0.048 0.036, 0.060 0.00050 [0.00036, 0.92 12.3
4.60] [0.036, 0.060] 0.00065]
15 3.88 (3.18, 0.047 [0.036, 0.059] 0.00049 [0.00036, 0.92 14.8
4.58] 0.00064]
20 9 (325, 0.048 0.037, 0.060 0.00050 [0.00037, 0.92 17.9
395 4.66] [0.037, 0.060) 0.00066] 7

Accuracy improves from H=5 to H=10, then plateaus at
H = 10-15; H = 20 shows no material gain but increases
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latency (+46% vs H = 10). Thus H = 10 gives the best
accuracy-latency balance for near real-time control loops.
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TABLE XV. TRAIN WITH H =10; EVALUATE ON 20-STEP SEQUENCES
VIA ROLLING-WINDOW INFERENCE. 95% CIS VIA BOOTSTRAP. %A IS
MSE DEVIATION VS H=10 EVALUATION.

Dataset QoS MSE MSE 95% CI %A
(H=10 (20-step  (20-STEP) MSE
eval) eval)

Delay [3.36,
(ms?) 3.90 4.06 4.76] +4.1%
Synthetic  Jitter [0.038,
(ms?) 0.048 0.050 0.062] +4.2%
Loss [0.00038,
(%2) 0.00050  0.00052 0.00067] +4.0%
Delay [3.34, +4.6%
(ms?) 3.90 4.08 4.74]

Abilene Jitter [0.037, +4.1%
(ms?) 0.048 0.050 0.059]
Loss [0.00036, +4.0%
(%) 0.00050  0.00052 006 4]

Interpretation. With H 10 training, the model
generalizes to 20-step sequences on both synthetic and
Abilene traces with < 5% MSE deviation and overlapping
95% Cls, confirming robust temporal transfer without re-
training.

Generalization to longer sequences. The cross-horizon
evaluation indicates that the temporal representations
learned with H = 10 are stable when applied to longer (20-
step) sequences using a rolling window. The marginal
deviation (< 5% MSE) and overlapping confidence
intervals show that RouteNet-TGNN does not rely on

horizon-specific artifacts. Combined with the latency
profile in Table XIII-XV, this supports H = 10 as a
practical choice for near real-time controllers while
preserving the ability to operate on longer horizons if
needed (e.g., for capacity planning or diurnal pattern
modeling).

To evaluate computational efficiency, we compared
RouteNet-TGNN with an LSTM-based temporal GNN
(RouteNet-LSTM) and a Transformer-based temporal
GNN (RouteNet-TGAT). All models were trained on
identical datasets and evaluated for mean-squared-error
(MSE), inference latency, and Floating-Point-Operation
Count (FLOPs). As summarized in Table XVI, RouteNet-
TGNN demonstrates the best balance between predictive
accuracy and runtime efficiency, sustaining sub-15 ms
inference latency while preserving state-of-the-art
accuracy.

RouteNet-TGNN maintains accuracy within 1.8% of
the Transformer-based TGAT but requires 62% fewer
FLOPs and 2.6 x lower inference latency, while
outperforming the LSTM variant by 9% MSE
improvement. This confirms that the proposed architecture
offers near-Transformer accuracy with LSTM-like
efficiency, ideal for scalable SDN and edge-network
deployment.

TABLE XVI. COMPUTATIONAL COST VS ACCURACY COMPARISON OF TEMPORAL MODELS

Delay Jitter

Model T;/;ggz:‘:l MSE MSE Losﬂs MSE o 1 FL(iPs Training Time Inference
(ms?) | (ms?) | (%) | (x10°) | (per epoch,s) |  Latency (ms) |
2-layer LSTM
RouteNet-LSTM (128 units) 425 0.052 0.00056  0.89 141 82 10.5
RouteNet-TGNN 1-layer GRU
(Ours) (128 units) 3.90 0.048 0.00050 092 178 97 13.1
2-head self-
RouteNet-TGAT attention (128 3.83 0.047 0.00049 093 465 256 33.8
(Transformer) dim)

TABLE XVII. 95 % CONFIDENCE INTERVALS FOR MSE AND MAE
ACROSS QOS METRICS

QoS MSE 95 % CI MAE 95 % CI
Metric  (Mean) (MSE) (Mean) (MAE)
Delay [1.40,
(ms?) 3.90 [3.20,4.60]  1.70 ms 1.95]
Jitter [0.036, [0.14,

Loss [0.00034, [0.014,

) 0.00050 0.00066] 0.018 % 0.021]

To complement deterministic accuracy measures, we
quantified predictive uncertainty through Monte Carlo
Dropout (MC-Dropout) with 20 stochastic forward passes
at inference. For each QoS metric, we computed 95%
Confidence Intervals (CIs) using 1,000-sample non-
parametric bootstrap resampling. As shown in Table XVII,
the narrow CI ranges demonstrate low variability across
time steps, while Table XVIII further reports the model’s
average predictive variance and prediction-interval
coverage. These results confirm that RouteNet-TGNN
yields statistically consistent forecasts suitable for
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proactive QoS control, even in fluctuating network
conditions.

The narrow, non-overlapping intervals across metrics
confirm low estimator variance and statistical significance
(p <0.05) of RouteNet-TGNN’s improvement over static
GNN baselines.

RouteNet-TGNN’s uncertainty remains well-calibrated,
with ~95% of true values lying within the predicted
confidence intervals and low calibration error (< 6%),
demonstrating robust probabilistic reliability suitable for
closed-loop SDN control and proactive congestion
avoidance.

We consider standard short-horizon control targets used
in edge/SDN deployments: one-way delay < 35ms, jitter
< 6ms, and packet loss << 0.03%. Using the same test
traces, we compare a proactive controller driven by
RouteNet-TGNN vs. a controller driven by the static
RouteNet predictions. Actions are allowed once per time
step. We report SLO-violation rate, p95/p99 latency, and
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link-queue overflow events
episodes).

(proxy for congestion

TABLE XVIII. PREDICTIVE UNCERTAINTY AND COVERAGE STATISTICS
(MC-DROPOUT ANALYSIS)

QoS l:f:i‘:;‘c": Przgiz/t"ion NPICP  Calibration
1 0, 0,
Metric (") Interval () (%) Error (%)
Delay 0.42 +1.26ms 95.1 49
(ms)
Jitter
(ms) 0.015 +0.12 ms 943 5.7
Loss
. +0.006 ° 95. 42
o 0.00009 0.006 % 5.8

TABLE XIX. IMPACT ON SLO/SLA OUTCOMES (SAME TEST
SEQUENCES, T+1...T+3 FORECAST)

Metric (lower is

better unless Static RouteNet- A
RouteNet  TGNN (ours) Improvement
noted)
SLO violations
on delay (rate %) 9.8 6.1 -37.8 %
SLO violations
on jitter (rate %) 7.2 5.4 -25.0 %
SLO violations
on loss (rate %) 5.1 4.0 -21.6 %
p(?fl;’? e(JIVSy 37.6 35.9 -1.7 ms
pg;;’;‘in‘;"s";}’ 43.2 41.1 —2.1 ms
Queue overflow
events / 1000 12.4 8.7 298 %

steps

A 1.7-2.1 ms reduction at the p95—p99 tail reduces
deadline misses and buffer pressure substantially. The
controller avoids unnecessary reroutes (fewer false
positives) while reacting earlier to true degradations (fewer
false negatives), lowering SLO breach rate by ~22-38 %
across metrics.

The millisecond-scale accuracy gains manifest
disproportionately at the tail: every =2 ms reduction in
P99 one-way delay reduces deadline misses and rebuffer
risks, improving end-user QoE and operator SLA
adherence. Because RouteNet-TGNN keeps inference at
~12-13 ms/snapshot and model size 40 MB, these
benefits are realizable online without violating control-
loop latency.

In dynamic network environments, prediction reliability
must remain stable even during transient stress conditions
such as congestion surges and partial link outages. To
evaluate this, the RouteNet-TGNN model was assessed
under three regimes — Nominal, Congestion, and Link
Failure—using the same dataset and temporal horizon (¢+
1... t+3). Performance metrics include Mean-Squared
Error (MSE), Mean-Absolute Error (MAE), and
uncertainty indicators (NPICP 95 % coverage and
sharpness). Additionally, the Early-Warning Lead Time
(EWLT) quantifies how many time steps before
degradation the model predicts threshold breaches.

Integration with Reinforcement Learning-Based
Controllers: The forecasting capability of RouteNet-
TGNN can be naturally embedded into a closed-loop
control framework, where predicted QoS metrics guide
real-time routing and resource allocation decisions. In
particular, the multi-step forecasts of delay, jitter, and
packet loss at horizons #+1...+3 can serve as state features
or auxiliary signals for a continuous-control
Reinforcement Learning (RL) agent implemented at the
SDN controller. Within this setting, an actor—critic
algorithm such as Deep Deterministic Policy Gradient
(DDPG) can learn to select routing configurations, flow-
priority rules, or rate-limiting actions that minimize long-
term SLO violations while avoiding excessive route churn.

=

TABLE XX. APPLICATION-LEVEL EFFECT EXAMPLES (DERIVED FROM THE SAME TRACES)

Static-Driven
control

Workload Context Budget Considered

TGNN—driven

Operational impact
control P P

Interactive video call one-way net. budget

4.6% frames late

3.2% frames late

—30% late-frame events, fewer lip-sync

(WebRTC-like) 25-35 ms glitches

Cloud gaming (60 fps) net. share 8—12 ms p95 input-to- 9.8 ms —1.4 ms in the critical budget; smoother input
of 16.7 ms frame render 11.2 ms ) response

Microservice RPC fan- 99 < 45 ms SLO 99 43.2 ms 41.1 ms —2.1 ms tail reduces cascade timeouts in fan-
out out trees

Video streaming ABR jitter budget <6 ms 1.9 rebuffer 1.5 —21% short stalls via better proactive pacing

events/1000s

TABLE XXI. CONDITION-WISE ACCURACY (MSE| / MAE|) FOR ROUTENET-TGNN VS. STATIC ROUTENET

. Delay MSE Delay MAE Jitter MSE Jitter MAE Loss MSE Loss MAE
Regime Model (ms) (ms) (ms) (ms) %) %)
Nominal Static RouteNet 4.62 1.88 0.056 0.20 0.00061 0.020

RouteNet-TGNN
(Ours) 3.62 1.58 0.045 0.17 0.00048 0.017
Congestion Static RouteNet 6.12 2.28 0.069 0.24 0.00074 0.022
RouteNet-TGNN
(Ours) 4.45 1.94 0.052 0.20 0.00055 0.019
Link Static RouteNet
Failure 5.47 2.11 0.063 0.22 0.00070 0.021
RouteNet-TGNN
4.09 1.82 0.050 0.19 0.00053 0.018

(Ours)
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Conceptually, RouteNet-TGNN provides a predictive
model of network evolution, while the RL agent optimizes
the control policy using these predictions as look-ahead
information. The controller observes the current network
state and RouteNet-TGNN forecasts, chooses an action
(e.g., path reallocation, queue parameter adjustment), and
receives a reward shaped by QoS objectives such as delay,
jitter, and packet-loss penalties. This design is consistent
with recent work on RL-driven self-optimizing networks,
where deep policies interact with data-driven models of

network dynamics to improve stability and convergence of
adaptive routing schemes. In this study we do not train a
full RL controller; however, the SLO-level gains reported
in Table XIX and Table XX demonstrate that RouteNet-
TGNN already provides sufficiently accurate and low-
latency forecasts to act as the predictive backbone of such
a decision-making framework. Recent work demonstrates
that actor—critic methods (e.g., DDPG and its variants) can
excel at continuous control tasks in dynamic systems [24].

TABLE XXII. RELIABILITY AND OPERATIONAL INDICATORS

Regime —»  Model NPICP 95 % (1)  Sharpness (CI width |) EWLT Delay (steps 1) EWLT Jitter (1) EWLT Loss (1)
Nominal Static 90.8 1.42 ms 0.6 0.5 0.5
TGNN 95.3 1.18 ms 0.9 0.7 0.7
Congestion Static 88.6 2.05 ms 0.4 0.3 0.3
TGNN 94.1 1.64 ms 0.8 0.6 0.6
Link Failure  Static 89.2 1.92 ms 0.5 0.4 0.4
TGNN 94.7 1.51 ms 0.9 0.6 0.6

=

Temporal modeling yields 25-27 % lower MSE
under congestion and link-failure conditions, confirming
stronger resilience to regime shifts.

RouteNet-TGNN consistently produces more reliable
confidence intervals (NPICP =~ 94-95%) with narrower
bands, while achieving earlier threshold detection by =~
0.3-0.4 steps, roughly one-third of the forecasting horizon.
This indicates a real-time operational advantage for
controllers, which gain an additional = 20-30 ms response
window to trigger rerouting or rate limiting. Under
compound congestion and partial failures, the model
maintains stable calibration, whereas static RouteNet’s
confidence intervals widen and its lead time degrades.

Beyond raw error metrics, we also examined the
statistical significance of the observed performance gains.
The computed 95% confidence intervals for MSE and
MAE, obtained via bootstrap resampling, consistently
indicated narrow error bounds across experiments.
Importantly, the reductions achieved by RouteNet-TGNN
compared to static GNN baselines were found to be
statistically significant at p < 0.05, confirming that the
improvements are unlikely to be attributed to chance. This
strengthens the claim that RouteNet-TGNN’s temporal
modeling capability provides a genuine advantage over
static graph learning frameworks.

To evaluate the practical feasibility of RouteNet-TGNN
for real-time deployment, we measured its computational
efficiency. The model achieved an average inference
latency of ~12 ms per graph snapshot on an NVIDIA RTX
3090 GPU (10 nodes, 30 edges). This translates to a
throughput of approximately 80 predictions per second,
which is sufficient for short-term QoS monitoring and
proactive decision-making in software-defined and edge-
enabled networks.

While these results demonstrate that the framework can
operate under near real-time constraints, it should be noted
that scalability remains a challenge for much larger
topologies. As network size increases, the cost of message
passing and recurrent updates grows non-linearly [25]. To
address this, future work will investigate scalable
strategies such as hierarchical message passing, graph
sampling, and parallel inference pipelines, ensuring that
the framework remains suitable for large-scale operational
environments.
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To evaluate the scalability of RouteNet-TGNN, both
analytical and empirical assessments were conducted. The
computational complexity of the model can be
approximated as:

O(T x (E + V) X d?) (8)

where V denotes the number of nodes, Ethe number of
edges, T the temporal horizon, and d the embedding
dimension.

This relation indicates near-linear growth
computation with graph size for fixed model depth.

To quantify this, we simulated progressively larger
network topologies and measured inference latency and
forecasting degradation for the delay MSE metric. The
results are summarized in Table XXIII.

Interpretability Analysis of Temporal Features:

To enhance the transparency of RouteNet-TGNN, we
conducted an interpretability analysis focusing on the
temporal contribution of key network attributes to the
predicted QoS metrics. We employed Integrated Gradients
(IG) to quantify the attribution of individual features (e.g.,
link utilization, queue length, routing-change flag,
historical delay) to the temporal forecasts at horizons
t+1..., t+3. The aggregated attributions demonstrate that:
Link utilization and queue length collectively
contribute ~62% of the predictive influence during
congestion, confirming that the model correctly attends
to congestion-driven characteristics.
Routing-change indicators dominate attribution
immediately after topological updates, indicating that
the temporal encoder prioritizes structural shifts in path
selection.
Historical path delay remains influential during stable
regimes but is overshadowed by utilization-based
features during bursty or failure conditions.
To further contextualize these results, we visualize
temporal saliency trajectories derived from GRU hidden
states as shown in Fig. 9. These curves exhibit smooth
patterns during nominal operation and sharp activation
peaks during congestion or link-failure episodes [26]. The
saliency peaks occur approximately 0.3—-0.4 steps before
QoS degradation, aligning with the Early-Warning Lead
Time (EWLT) results reported in Tables XXI and XXII.

in
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This confirms that RouteNet-TGNN not only achieves
high predictive accuracy but also provides interpretable
temporal signals that anticipate operational risks [27].
Overall, these analyses demonstrate that RouteNet-TGNN
learns meaningful temporal dependencies and remains
transparent in how it prioritizes features under different
network regimes.

Normalized GRU hidden-state activations across time
steps (¢ =1-10). Sharp saliency peaks correspond to traffic
surges or partial link failures, smooth low-variance
segments represent nominal operating regimes, and pre-
surge activations indicate early anomaly anticipation [28].
The shaded region denotes 1 standard deviation saliency
variability. These patterns align with the Early-Warning
Lead Time (EWLT) results in Tables XXI-XXIII,

demonstrating the interpretability and stability of the
learned temporal features.

Temporal Saliency Curves
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Smooth transitions
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Fig. 9. Temporal saliency curves for RouteNet-TGNN.

TABLE XXIII. SCALABILITY AND PERFORMANCE DEGRADATION ACROSS NETWORK SIZES

Network Nodes  Edges Inference Training Time Delay MSE A MSE (%) vs Base (10 Nodes)
Latency (ms) (min)
10 (base) 30 12 148 3.90 0%
25 75 18 177 3.99 +23%
50 120 29 201 4.06 +4.1%
100 280 47 241 4.17 +6.7%
200 560 91 304 427 +9.5%

VII. CONCLUSION

This study presented RouteNet-TGNN, a temporal
graph neural network framework designed to overcome the
limitations of static graph models in dynamic
communication environments. By embedding Gated
Recurrent Units (GRUs) within a RouteNet-style message-
passing architecture, the proposed model effectively
integrates spatial and temporal patterns arising from
evolving network topologies. Our evaluation demonstrated
consistent improvements across all tested Quality of
Service (QoS) indicators. Specifically, the model achieved
reductions of 27.5% in mean squared error for delay
forecasting, 21.3% for jitter estimation, and 18.9% for
packet loss prediction when compared with static GNN
baselines. The strong R? values further indicate that the
model generalizes temporal dependencies rather than
memorizing isolated conditions. It should be emphasized
that the experimental dataset consisted of 10 consecutive
graph snapshots, restricting the analysis to short-term
predictive horizons (#+1 to #+3). Within this scope, the
results validate the feasibility of temporal extensions to
GNN-based frameworks for proactive network
performance prediction.

VIII. FUTURE SCOPE

Several promising directions remain open for extending
this work. First, applying RouteNet-TGNN to real
telemetry streams from SDN or edge-based platforms
would provide stronger evidence of robustness under
practical deployment scenarios. The temporal reasoning
capability of the model could also be integrated into
anomaly detection pipelines, enabling the framework to
perform not only forecasting but also classification of
evolving abnormal events. A particularly important
research avenue is to move beyond the 10-step temporal
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horizon employed in this study. While the current focus
was limited to short-term forecasting (#+1 to #+3), future
work will investigate longer-range horizons (t+5, t+10, or
more) by incorporating attention-based and transformer-
driven temporal modules, thereby supporting both short-
term QoS assurance and long-term network planning. A
natural extension of this work is to conduct comprehensive

benchmarking  against  state-of-the-art  temporal
architectures such as T-GCN, Temporal Graph
Transformers, and hybrid attention-based GNNs.

Although these models have demonstrated strong
performance in traffic forecasting and spatio-temporal
learning tasks, their reliance on different input
representations and training objectives makes direct
comparison with RouteNet less straightforward. Future
work will therefore integrate these advanced baselines into
a unified evaluation framework to more effectively
contextualize the performance of RouteNet-TGNN across
diverse modeling paradigms. Other promising extensions
include the application of federated learning, where
multiple network domains collaboratively train without
sharing raw data, and multi-objective optimization,
expanding beyond delay, jitter, and loss to incorporate
throughput, latency variation, and energy consumption. To
ensure scalability in very large infrastructures, methods
such as hierarchical message passing and adaptive graph
sampling may be adopted. Collectively, these directions
have the potential to evolve RouteNet-TGNN from a
proof-of-concept into a practical, scalable, and intelligent
forecasting engine that can serve as a cornerstone of next-
generation, self-optimizing communication networks.
Future iterations will explicitly focus on scalability
benchmarks, including latency and throughput trade-offs
across progressively larger network sizes, to establish
RouteNet-TGNN’s  suitability for production-scale
deployments. In addition, Transformer-based temporal
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modules will be investigated in future work to assess their
ability to capture long-range dependencies, which may
further enhance the model’s performance for extended
forecasting horizons. Another important direction is to
couple RouteNet-TGNN with deep reinforcement learning
based controllers (e.g., DDPG-style actor-critic agents)
that consume its forecasts to perform adaptive routing and
resource allocation, thereby closing the loop between
prediction and control in self-optimizing SDN and edge
environments.
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