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Abstract
High-performance computing (HPC) systems and large-scale intelligent network architectures increasingly
depend on graph-theoretic models to optimize interconnect topology, minimize communication latency, balance
computational load, and enable scalable data routing across thousands to millions of nodes. As exascale computing
systems and hyperscale data center networks continue to grow in size and heterogeneity, traditional ad hoc network
design approaches are proving inadequate for managing the combinatorial complexity of topology selection, graph
partitioning, and routing optimization. This paper reviews graph theory-based optimization models applied to
HPC interconnect design and intelligent network architectures, examining topological structures including fat-
tree, dragonfly, torus, and hypercube networks through the lens of graph diameter, bisection bandwidth, and
spectral properties. The study further examines graph partitioning algorithms for parallel workload distribution,
spectral clustering and community detection methods for network analysis, and the emerging integration of graph
neural networks (GNNs) into intelligent network design and traffic prediction. A comparative methodology is
described using graph-theoretic metrics, including algebraic connectivity, average path length, and bisection
width, alongside partitioning quality metrics such as edge-cut ratio and load imbalance, evaluated across
benchmark topologies and real-world data center network case studies including Google's Jupiter fabric and
modern dragonfly-based supercomputer interconnects. Reported findings indicate that dragonfly and related low-
diameter topologies achieve substantially improved bisection bandwidth and reduced hop count relative to
traditional torus networks at comparable cost, while multilevel graph partitioning algorithms such as METIS
remain the dominant practical solution for large-scale workload distribution despite known limitations in
preserving global structural properties. The paper concludes by identifying key challenges in scaling graph-
theoretic optimization to exascale system sizes, the integration of machine learning with classical graph
algorithms, and open problems in dynamic, traffic-adaptive network reconfiguration.
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L. Introduction

The performance of large-scale high-performance
computing (HPC) systems and hyperscale data
center networks is increasingly determined not
merely by the raw computational capability of
individual processing nodes but by the efficiency of
the interconnection network that links them, since
communication latency and bandwidth constraints
frequently become the dominant bottleneck in
massively parallel workloads [1]. As systems scale
toward the exascale regime, encompassing hundreds
of thousands to millions of processing elements, the
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design of the interconnect topology, the routing
algorithm, and the workload-to-node mapping
strategy becomes a combinatorial optimization
problem whose solution space grows intractably
large for exhaustive search, motivating the sustained
application of graph theory as the principal
mathematical framework for network design and
analysis [2].

An interconnection network can be naturally
modeled as a graph in which vertices represent
processing nodes or switches and edges represent
physical or logical communication links, allowing
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key performance-relevant properties, including
network diameter, bisection bandwidth, and
algebraic connectivity, to be formally analyzed
using established graph-theoretic tools [1], [2].
Classical interconnect topologies, including the
hypercube, torus, and fat-tree, have each been
extensively analyzed within this framework,
revealing well-characterized trade-offs between
network diameter, cost (measured in total link
count), and fault tolerance [3]. The fat-tree topology,
in particular, has become a dominant design in
commodity data center networks because it achieves
full bisection bandwidth using commodity switches
arranged in a folded-Clos structure, providing a
scalable and cost-effective alternative to the higher-
radix switches required by earlier topologies [4].
More recently, the dragonfly topology has emerged
as a leading design for exascale supercomputer
interconnects, exploiting a hierarchical group
structure with high-radix routers to achieve
substantially lower network diameter than torus-
based designs at comparable or lower cost, a
property directly attributable to the topology's
favorable graph-theoretic diameter-to-node-count
scaling [5]. Comparative graph-theoretic analyses
have demonstrated that dragonfly networks can
achieve average path lengths of two to three hops
even at system scales exceeding tens of thousands of
nodes, substantially outperforming torus networks
of comparable node count, which typically require
significantly more hops due to their higher-
dimensional but lower-radix structure [5], [6].
Beyond static topology design, graph theory
provides essential tools for the dynamic
optimization problems that arise once a network is
deployed. Graph partitioning algorithms, which
divide a computational workload graph into
balanced partitions while minimizing inter-partition
communication (edge cut), are fundamental to
efficient parallel computing, since poor partitioning
directly translates into excessive inter-node
communication overhead that can dominate total
execution time in communication-bound HPC
applications [7]. Multilevel graph partitioning
algorithms, exemplified by the widely used METIS
software package, coarsen the input graph through
successive levels of vertex clustering, partition the
coarsened graph, and then refine the partition
through uncoarsening, achieving near-linear time
complexity while producing partition quality
competitive with substantially more
computationally expensive spectral methods [7], [8].
Spectral graph theory, which analyzes network
structure through the eigenvalues and eigenvectors
of the graph Laplacian matrix, provides a
complementary and theoretically well-grounded
approach to both partitioning and structural analysis.
The algebraic connectivity of a graph, defined as the
second-smallest eigenvalue of the Laplacian, has
been shown to bound the graph's resistance to
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partitioning and correlates directly with network
robustness and mixing time, making it a valuable
diagnostic metric for evaluating candidate HPC
interconnect topologies [9]. Spectral clustering
methods, which partition graphs by embedding
vertices into a low-dimensional space defined by the
Laplacian's leading eigenvectors before applying
standard clustering algorithms, have become a
standard technique for community detection in
large-scale network analysis, including the analysis
of  data center traffic patterns and
social/communication network structure [10].
The rise of graph neural networks (GNNs) has
introduced a further, distinctly machine-learning-
oriented dimension to graph-based network
optimization. GNNs extend deep learning to graph-
structured data by iteratively aggregating
information from a node's local neighborhood,
enabling learned representations that can be applied
to tasks including network traffic prediction,
congestion forecasting, and intelligent routing
decision support, tasks that are difficult to address
using purely combinatorial graph algorithms
because they require learning from historical traffic
patterns rather than solving a fixed structural
optimization problem [11]. Recent studies applying
GNN-based models to data center traffic
engineering have reported measurable
improvements in traffic prediction accuracy relative
to traditional time-series forecasting baselines,
motivating growing interest in hybrid frameworks
that combine classical graph-theoretic optimization
with learned, data-driven components [12].
Real-world deployment evidence further
substantiates the practical importance of these
graph-theoretic design principles. Google's Jupiter
data center network fabric, a large-scale Clos-based
topology, has been documented to achieve multi-
petabit bisection bandwidth while maintaining cost-
effective scalability, directly validating the practical
benefit of fat-tree/Clos graph structures at
hyperscale deployment size [13]. Similarly,
production exascale and near-exascale
supercomputers  have increasingly = adopted
dragonfly or dragonfly-derived interconnects,
reflecting the graph-theoretic diameter and cost
advantages established in the research literature [5],
[6].
This paper synthesizes graph-theoretic optimization
models applied to HPC interconnect design and
intelligent network architectures, reviewing
topological structures, partitioning algorithms,
spectral analysis methods, and emerging GNN-
based approaches, and evaluates comparative
evidence on their performance across benchmark
and production network case studies.
Research Objectives

1. To examine

interconnection

and modern
topologies

classical
network
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through graph-theoretic diameter, bisection
bandwidth, and connectivity metrics.

2. To analyze graph partitioning algorithms
used for workload distribution and load
balancing in HPC systems.

3. To evaluate spectral graph theory methods
for network structural analysis and
community detection.

4. To assess the integration of graph neural
networks into intelligent network traffic
prediction and routing.

5. To compare reported performance metrics
across  benchmark  topologies  and
production network case studies.

II. Literature Review
2.1 Graph-Theoretic Foundations of

Interconnection Network Design

Interconnection networks are formally modeled as
graphs [1 = ([1,[1), where vertices represent
processing elements or switches and edges represent
communication links, allowing fundamental
performance  properties, network  diameter
(maximum shortest-path distance between any
vertex pair), bisection bandwidth (minimum edge
cut required to partition the network into two equal
halves), and node degree (switch radix), to be
analyzed using established results from graph theory
[1], [2]. This formalization enables systematic
comparison of candidate topologies prior to physical
implementation, since the diameter and bisection
bandwidth of a network directly bound the best-case
latency and worst-case congestion achievable by any
routing algorithm operating on that topology [2], [3].
2.2 Classical Topologies: Hypercube, Torus, and
Fat-Tree

The hypercube topology, in which [I-dimensional
binary addressing connects each node to [Ineighbors
differing by one bit, achieves logarithmic diameter
(O (log 1) for [nodes) at the cost of node degree
that also scales logarithmically with system size, a
trade-off that becomes impractical for very large
systems due to the escalating switch radix
requirement [3]. Torus networks, arranged as a [1-
ary [l-cube with wraparound connections, provide
constant node degree independent of system size but
suffer from diameter that scales as J(J'/"), making
them less favorable for very large-scale systems
unless a high-dimensional configuration is used [3].
The fat-tree topology, formalized as a folded-Clos
network, addresses the bisection bandwidth
limitations of simple tree structures by provisioning
multiple paths at each level of the hierarchy,
achieving full bisection bandwidth using commodity
switches and establishing itself as the dominant
topology in modern commodity data center
networks due to its favorable cost-performance
trade-off and support for standard shortest-path
routing protocols [4].

2.3 The Dragonfly Topology and Low-Diameter
Network Design
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The dragonfly topology was introduced specifically
to address the scaling challenges of exascale HPC
interconnects, organizing the network into groups of
routers connected by all-to-all intra-group links,
with groups themselves connected by a sparser inter-
group topology, achieving an effective network
diameter of typically two to three hops even at very
large system scale by exploiting high-radix router
technology [5]. Comparative analyses have
demonstrated that dragonfly networks achieve
substantially better cost-performance trade-offs than
torus networks of comparable scale, since the
topology's hierarchical group structure allows a
small number of global links to provide connectivity
that would otherwise require substantially more
physical links in a flat, non-hierarchical design [5],
[6]. This favorable scaling has driven widespread
adoption of dragonfly and dragonfly-derived
topologies in contemporary exascale and near-
exascale supercomputer procurements.

2.4 Graph Partitioning for Parallel Workload
Distribution

Efficient parallel execution of computational
workloads modeled as graphs, where vertices
represent computational tasks or data elements and
edges represent dependencies or communication
requirements, depends critically on partitioning the
workload graph across available processing nodes in
a manner that balances computational load while
minimizing inter-partition communication,
formalized as the edge-cut minimization problem
subject to balance constraints [7]. Because exact
graph partitioning is NP-hard, practical systems rely
on heuristic algorithms, with multilevel partitioning,
exemplified by the METIS and ParMETIS software
packages, representing the dominant practical
approach: the input graph is repeatedly coarsened
through vertex clustering, partitioned at the coarsest
level using a fast heuristic, and then progressively
refined through uncoarsening and local optimization
(e.g., Kernighan-Lin refinement), achieving
partition quality competitive with substantially
slower spectral methods while operating in near-
linear time [7], [8].

2.5 Spectral Graph Theory and Structural
Analysis

Spectral graph theory analyzes network structure
through the eigenvalues and eigenvectors of the
graph Laplacian matrix [J = [J — [], where [lis the
degree matrix and [Jis the adjacency matrix,
providing theoretically grounded tools for both
partitioning and structural characterization [9]. The
algebraic  connectivity, the second-smallest
Laplacian eigenvalue (often denoted [1,or the
Fiedler value), quantifies a graph's resistance to
disconnection and has been shown to correlate
directly with network robustness, mixing time, and
partition difficulty, making it a valuable diagnostic
metric for comparing candidate HPC interconnect
topologies independent of any specific partitioning
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algorithm [9]. Spectral clustering methods extend
this framework to practical partitioning and
community detection by embedding graph vertices
into a low-dimensional space defined by the leading
Laplacian eigenvectors before applying a standard
clustering algorithm such as k-means, a technique
that has become a standard tool for both network
community detection and, in modified form, for
graph partitioning problems where global structural
fidelity is prioritized over partitioning speed [ 10].
2.6 Community Detection and Complex Network
Analysis

Beyond HPC-specific applications, graph theory
provides the foundational analytical toolkit for
complex network analysis more broadly, including
the study of social, biological, and communication
networks. Modularity-based community detection
algorithms, which identify densely connected vertex
subgroups by optimizing a modularity objective
function comparing observed versus expected edge
density within candidate communities, have become
a standard method for uncovering latent structural
organization in large-scale networks [14].
Complementary work on scale-free and small-world
network models has demonstrated that many real-
world networks, including the internet's autonomous
system topology and various social networks,
exhibit power-law degree distributions and short
average path lengths that differ fundamentally from
the regular or random graph structures assumed in
earlier network theory, motivating the development
of generative models, such as the Barabasi-Albert
preferential attachment model and the Watts-
Strogatz small-world model, that better capture
these empirically observed structural properties
[15], [16].

2.7 Graph Neural Networks for Intelligent
Network Design

Graph neural networks extend deep learning to
graph-structured data by iteratively propagating and
aggregating feature information across a node's local
neighborhood, enabling learned vertex or graph-
level representations that capture both local and,
through multiple propagation layers, increasingly
global structural context [11]. The Graph
Convolutional Network (GCN) architecture, which
generalizes the convolution operation to irregular
graph domains via spectral or spatial approximation,
has become a widely adopted foundational GNN
architecture applied across domains including
network traffic prediction, anomaly detection, and
intelligent routing decision support [11]. Applied
specifically to data center and HPC network
optimization, GNN-based models have been used to
predict link-level traffic and congestion from
historical traffic graphs, with reported studies
demonstrating measurable prediction accuracy
improvements  over traditional  time-series
forecasting baselines that do not explicitly account
for network topological structure, motivating
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increasing interest in hybrid architectures that
combine classical graph-theoretic optimization with
learned, data-driven traffic models [12].

2.8 Production Network Case Studies

Google's Jupiter data center network fabric
represents a widely cited production case study
validating Clos-based fat-tree graph structures at
hyperscale, documented to achieve multi-petabit
aggregate bisection bandwidth while maintaining
incremental scalability and cost-effective use of
commodity switching hardware, directly confirming
the practical benefits predicted by the graph-
theoretic bisection bandwidth analysis of fat-tree
topologies [13]. Comparable production evidence
from exascale supercomputer interconnects
employing dragonfly and dragonfly-derived
topologies has similarly validated the low-diameter,
high-bisection-bandwidth properties predicted by
dragonfly graph-theoretic analysis, providing
empirical confirmation of the topology's theoretical
advantages at genuine production scale [5], [6].

2.9 Research Gap

While classical interconnect topologies and
partitioning algorithms are individually well studied,
relatively few works provide a unified comparative
graph-theoretic evaluation spanning topology
selection, workload partitioning, and spectral
structural analysis within a single framework [1]-
[9]. Furthermore, the integration of graph neural
network-based learned components with classical
graph-theoretic optimization remains an emerging
rather than mature research area, with most GNN-
based network optimization studies evaluated in
isolation from established combinatorial
partitioning and topology design methods rather
than as complementary components of an integrated
intelligent network design pipeline [11], [12]. This
study addresses these gaps by synthesizing topology
design, partitioning, spectral analysis, and GNN-
based approaches within an integrated comparative
framework, drawing on both benchmark and
production network evidence.

III. Methodology

3.1 Research Design

This study adopts a qualitative, descriptive, and
comparative research design based on synthesis of
graph-theoretic,  algorithmic, and  applied
networking literature addressing HPC interconnect
design and intelligent network architecture
optimization. The approach consolidates reported
structural, algorithmic, and empirical performance
evidence across topology design, graph partitioning,
spectral analysis, and GNN-based methods to
identify  consistent patterns and  quantify
comparative trade-offs.

3.2 Conceptual Framework

The framework applied in this review models
network optimization as a three-layer problem. The
first layer concerns static topology design, selecting
a graph structure (fat-tree, dragonfly, torus,
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hypercube) that jointly optimizes diameter, bisection
bandwidth, and cost for a given target system scale.
The second layer concerns workload-to-topology
mapping, partitioning a computational workload
graph across the physical network in a manner that
minimizes inter-partition communication given the
topology's structural constraints. The third layer
concerns dynamic, traffic-adaptive optimization, in
which learned components, including GNN-based
traffic prediction models, inform real-time routing
and congestion-management decisions that classical
static graph algorithms cannot address.

3.3 Data Sources

The literature synthesized in this review draws on
foundational interconnection network textbooks and
technical analyses of hypercube, torus, fat-tree, and
dragonfly topologies; graph partitioning algorithm
papers and software documentation for METIS and
ParMETIS; spectral graph theory literature
addressing Laplacian eigenvalue analysis and
spectral clustering; complex network analysis
literature on modularity-based community detection
and scale-free/small-world network models; graph
neural network architecture papers and applied
studies of GNN-based network traffic prediction;
and production network case study reports,
including Google's published Jupiter data center
network fabric documentation and supercomputer
interconnect procurement technical reports.

3.4 Analytical Framework

Reviewed studies were organized according to the
three-layer framework described in Section 3.2.
Topology studies were compared using standard
graph-theoretic ~ metrics  (diameter, bisection
bandwidth, node degree, cost). Partitioning studies
were compared using edge-cut ratio and load-
imbalance metrics reported relative to graph size and
partition count. Spectral and community-detection
studies were compared using algebraic connectivity
and modularity score reporting. GNN-based studies
were compared using prediction accuracy metrics
reported relative to non-graph-aware baseline
models.

3.5 Evaluation Criteria

Comparative evaluation in this review uses metrics
standard in the graph-theoretic networking
literature: network diameter (maximum shortest-
path hop count between any two vertices), bisection
bandwidth (minimum edge cut separating the
network into two equal halves), algebraic
connectivity (second-smallest Laplacian
eigenvalue, quantifying structural robustness),
edge-cut ratio (fraction of edges crossing partition
boundaries after graph partitioning), and load
imbalance (maximum deviation of partition size
from the ideal balanced partition), used to assess
topology, partitioning, and structural analysis
performance across the studies reviewed.

IV. Results and Discussion

4.1 Comparative Topology Analysis
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Table I summarizes representative graph-theoretic
properties of the major interconnection network
topologies reviewed in Section II.

Table I. Comparative graph-theoretic properties
of HPC interconnect topologies

Topo | Dia | Node | Bisecti | Typica | So
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ng charac
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4.2 Graph Partitioning Algorithm Comparison
Table II compares reported characteristics of graph
partitioning approaches used for HPC workload
distribution.

Table II. Comparison of graph partitioning
approaches for workload distribution
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4.3 Spectral and Structural Network Metrics
Table III summarizes reported spectral and structural
metrics used for network analysis and their
interpretive significance.

Table III. Spectral and structural metrics for
complex network analysis

Metric | Defini | Interpret | Typical Sou
tion ive applicati | rce
basis | significan | on

ce

IJDDT Volume 16 Issue 70s 2026

Design

Algebr | Secon | Higher Topolog | [9]
aic d- value y
connec | smalle | indicates | robustne
tivity st greater ss
(75) Laplac | robustnes | comparis

ian s/harder on

eigenv | to

alue partition
Modul | Obser | Higher Commun | [14]
arity ved value ity
score vs. indicates | detection

expect | stronger quality

ed communit | assessme

intra- |y nt

comm | structure

unity

edge

densit

y
Degree | Power | Identifies | Real- [15]
distrib | -law scale-free | world
ution fit to | structural | network
expone | degree | organizati | structural
nt distrib | on character

ution ization
Cluster | Fracti | Indicates | Small- [16]
ing on of | local world
coeffic | closed | structural | network
ient triangl | cohesion | identifica

es (small- tion

among | world

neighb | property)

or

triples

4.4 Graph Neural Network Performance for
Network Optimization Tasks

Table IV summarizes reported performance
characteristics of GNN-based approaches applied to
intelligent network design tasks, compared against
non-graph-aware baseline methods.

Table 1IV. Reported GNN-based network
optimization performance vs. baseline methods
Task GNN Baseli | Report | Sou
archite | ne ed ree
cture comp outco
arison | me
Network Graph Traditi | Improv | [11]
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4.5 Discussion

The comparative evidence in Tables I-IV indicates
that graph-theoretic optimization operates across
distinct but complementary layers of HPC and
intelligent network system design. At the topology
layer, the consistent finding across the literature is
that low-diameter, hierarchical structures, fat-tree
for commodity data centers and dragonfly for
exascale HPC, achieve substantially better bisection
bandwidth and hop-count scaling than flat or purely
dimensional topologies such as torus and hypercube,
directly explaining their dominance in modern
production deployments including Google's Jupiter
fabric and contemporary supercomputer
interconnects [4]-[6], [13]. At the workload-
mapping layer, multilevel partitioning algorithms
such as METIS remain the practical standard despite
the theoretically superior global structural fidelity of
spectral partitioning, because the near-linear time
complexity of multilevel methods is essential for
handling the million-to-billion-vertex workload
graphs characteristic of modern HPC and data-
driven applications, illustrating a persistent trade-off
between partition quality and computational
tractability [7]-[9]. At the structural analysis layer,
spectral metrics such as algebraic connectivity and
modularity-based community detection provide
complementary diagnostic tools for evaluating
network  robustness and latent  structural
organization, tools that are increasingly applied not
only to physical interconnects but to the broader
class of complex networks including social and
biological systems [9], [14]-[16]. Finally, the
emerging integration of graph neural networks into
intelligent network design represents a genuinely
new capability, extending classical graph-theoretic
optimization, which addresses static structural
problems, into the dynamic, data-driven traffic
prediction and congestion management domain,
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though this integration remains at a relatively early
stage of maturity compared to the well-established
classical methods reviewed in the preceding layers
[11], [12]. This layered analysis suggests that the
most effective intelligent network architectures will
likely combine all three layers: graph-theoretically
optimized static topology, efficient multilevel
workload partitioning, and GNN-based adaptive
traffic management operating on top of the resulting
structure.

V. Challenges in Graph-Theoretic Network
Optimization

Several challenges constrain further progress in this
field. Scalability of exact and spectral methods
remains a fundamental limitation, since exact graph
partitioning is NP-hard and spectral methods scale
poorly with graph size, forcing continued reliance on
heuristic multilevel methods whose partition quality,
while generally good, is not theoretically guaranteed
to approach optimal [7]-[9]. Dynamic and traffic-
adaptive optimization remains less mature than
static topology and partitioning theory, since real
HPC and data center workloads exhibit time-varying
communication patterns that static graph models do
not capture, motivating but not yet fully resolving
the integration of learned, adaptive components such
as GNNs into production network management
systems [11], [12]. Heterogeneity in modern
systems, including mixed CPU-GPU-accelerator
architectures and multi-tier memory hierarchies,
complicates the simple vertex-and-edge graph
abstraction that underlies classical interconnect
theory, since computational and communication
costs are no longer uniform across the network graph
[1], [2]. Fault tolerance and resilience modeling at
exascale system sizes, where component failure
becomes a near-certainty during any single large
computation, requires graph-theoretic robustness
metrics, such as algebraic connectivity, to be
integrated more directly into topology selection and
routing algorithm design than is current standard
practice [9]. Finally, interpretability and
verification of GNN-based network optimization
models remains underdeveloped, since the black-
box nature of learned traffic prediction and routing
models complicates operational trust and formal
verification relative to the mathematically well-
characterized guarantees available from classical
graph algorithms [11], [12].

VI. Conclusion

This study has reviewed graph theory-based
optimization models applied to high-performance
computing interconnect design and intelligent
network architectures, spanning static topology
design, workload partitioning, spectral structural
analysis, and emerging graph neural network-based
approaches. The evidence demonstrates that low-
diameter, hierarchical topologies, fat-tree for
commodity data centers and dragonfly for exascale
HPC systems, achieve superior bisection bandwidth
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and cost-scaling properties relative to classical torus
and hypercube designs, a finding directly validated
by production deployments including Google's
Jupiter network fabric and contemporary exascale
supercomputer interconnects. Multilevel graph
partitioning algorithms remain the practical standard
for large-scale workload distribution due to their
favorable balance of partition quality and
computational tractability, while spectral graph
theory and modularity-based community detection
provide complementary tools for structural
robustness analysis and complex network
characterization more broadly. The integration of
graph neural networks into intelligent network
traffic prediction and routing represents a promising
but comparatively immature extension of classical
graph-theoretic optimization, offering the potential
to address dynamic, traffic-adaptive problems that
static combinatorial methods cannot solve alone .
Overall, the reviewed evidence supports a layered,
integrated approach to intelligent network system
design, combining graph-theoretically optimized
topology, efficient partitioning, and learned adaptive
components, as the most promising direction for
continued scaling of HPC and intelligent network
architectures.

VII. Future Work

Future research should prioritize the development of
scalable spectral and hybrid partitioning methods
capable of approaching spectral-quality global
structural fidelity at the graph sizes required by
modern exascale and hyperscale systems, without
incurring the computational cost of full
eigendecomposition. Further work is needed to
mature the integration of graph neural network-
based traffic prediction and congestion management
with classical static topology and partitioning
frameworks, developing unified pipelines rather
than treating learned and classical components as
separate research tracks. Continued research on
graph-theoretic  fault-tolerance and resilience
metrics,  explicitly  incorporating  algebraic
connectivity and related robustness measures into
topology selection and routing design, should be
pursued to address the increasing likelihood of
component failure at exascale system sizes.
Research should also address the heterogeneous
computational and communication cost structures of
modern mixed CPU-GPU-accelerator systems,
extending classical graph abstractions to better
capture non-uniform node and edge costs. Finally,
work on interpretability and formal verification of
GNN-based network optimization models would
help close the trust gap between learned, data-driven

network  management  systems and  the
mathematically ~ well-characterized  guarantees
traditionally associated with classical graph-

theoretic network design.
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