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Abstract

High-Performance Computing (HPC) systems face an urgent sus-
tainability crisis, with leading facilities consuming 10-60 MW and
incurring multimillion dollar annual energy costs. Traditional sched-
ulers such as SLURM and PBS treat energy as secondary, leading
to energy waste of 30 to 50% above theoretical optimal levels. We
present GATSched, a multi-objective Graph Attention Network
scheduler that models HPC workloads as dynamic graphs with
specialized attention heads. Our approach jointly optimizes en-
ergy efficiency, performance, and resource utilization using four
attention mechanisms: energy, performance, balance, and temporal.
Through trace-driven simulation validation on 389,604 production
jobs in three HPC architectures, GATSched achieves a 27-35% en-
ergy reduction while maintaining substantial resource utilization.
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1 The Critical Energy Challenge

Modern HPC systems consume extraordinary amounts of energy:
Frontier operates at 29 MW, Fugaku at 30 MW, and Summit at
13 MW [2, 14, 18]. These power requirements create three critical
problems: (1) unsustainable operational costs exceeding about $30M
annually per facility, (2) significant environmental impact with

Permission to make digital or hard copies of all or part of this work for personal or
classroom use is granted without fee provided that copies are not made or distributed
for profit or commercial advantage and that copies bear this notice and the full citation
on the first page. Copyrights for components of this work owned by others than the
author(s) must be honored. Abstracting with credit is permitted. To copy otherwise, or
republish, to post on servers or to redistribute to lists, requires prior specific permission
and/or a fee. Request permissions from permissions@acm.org.

SC 25, ST, LOUIS

© 2018 Copyright held by the owner/author(s). Publication rights licensed to ACM.
ACM ISBN 978-1-4503-XXXX-X/2018/06

https://doi.org/XXXXXXX.XXXXXXX

Hongyang Sun (Advisor)
University of Kansas
Lawrence, USA
hongyang.sun@ku.edu

carbon footprints comparable to small cities, and (3) infrastructure
limitations that restrict scientific progress as power becomes the
limiting factor for future large-scale systems [15].

Traditional schedulers such as SLURM, PBS Pro, and LSF treat en-
ergy as a secondary concern, focusing primarily on computational
throughput [9]. This approach creates a fundamental mismatch:
Although these systems optimize for job completion rates, they
ignore the complex relationships between energy consumption,
job characteristics, and resource allocation that determine overall
system efficiency [3]. The result is substantial energy waste, of-
ten 30-50% above theoretical optimal consumption, which directly
impacts both environmental sustainability and the allocation of
research funding.

2 GATSched: A Paradigm Shift

GATSched introduces the graph attention network scheduler that
simultaneously optimizes three critical objectives: energy efficiency,
computational performance, and resource utilization. Our key in-
sight is that HPC scheduling can be modeled as a dynamic graph
problem where jobs and their complex interdependencies are cap-
tured through specialized attention mechanisms [19].

2.1 Technical Innovation

Our approach focuses on four breakthrough innovations. First, we
model scheduling as dynamic graphs G(t) = (V(t), E(t)) where
job nodes contain comprehensive 8-dimensional feature vectors
encoding CPU, memory, execution time, priority, deadlines, wait
time, power profiles and GPU requirements. This representation
captures the full complexity of production workloads while main-
taining computational efficiency, addressing limitations identified
in previous energy-aware DAG scheduling approaches [4, 11].

Second, we employ multi-head Graph Attention Networks with
four specialized heads: Energy Head for power optimization, Per-
formance Head for throughput maximization, Balance Head for
resource distribution, and Temporal Head for deadline manage-
ment [23]. Each head learns distinct patterns through:
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where hgl) is the feature vector of job i at layer I, a; ; are learned

attention weights for head k, and W (K) are trainable weight ma-
trices.

Third, our multi-objective policy dynamically balances com-
peting objectives through adaptive weighting, extending beyond
traditional single-objective approaches [13, 10]:
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where weights [a;, Bz, y:] sum to 1 and adjust in real time based
on the state of the system and the characteristics of the workload,
allowing optimal trade-offs as the conditions evolve.

Fourth, our constraint-aware assignment ensures that power
caps, SLA requirements, and resource limits are never violated while
maintaining sub-50ms decision latency for production deployment,
addressing critical power management concerns in modern HPC
systems [7, 1]. The GAT architecture maintains computational effi-
ciency through sparse attention mechanisms, enabling sub-50ms
decision latency for production deployment.

3 Comprehensive Validation

We conducted a rigorous evaluation using production traces from
three diverse HPC architectures, totaling 389,604 real jobs span-
ning 5+ years. The dataset includes: Polaris (241,772 jobs, NVIDIA
A100, 2023-2024), Mira (52,154 jobs, IBM Blue Gene/Q, 2018-2019)
and Cooley (95,678 jobs, Intel Haswell, 2018-2019). This represents
authentic production workloads with realistic dependencies and
resource patterns, providing more comprehensive validation than
typical synthetic workload studies [21, 16].

Our GAT architecture uses 3 layers (64-32-16 dimensions) with 4
attention heads per layer, trained on 70/15/15 splits using Adam op-
timization. We compare against four production schedulers: SLURM
with backfilling, PBS Pro with power awareness, LSF with resource
optimization, and Volcano for cloud workloads.

4 Breakthrough Results

GATSched delivers consistent, statistically significant improve-
ments in all architectures tested (p < 0.001). In Polaris, we achieve
34.87% energy reduction with 95.85% resource utilization, a combi-
nation that does not exist in current scheduler approaches. Mira
shows 27.52% energy savings with 87.62% utilization, while Cooley
demonstrates 27.33% reduction with 66.81% utilization.

The comparative analysis reveals substantial advantages: 34-57%
better energy performance than SLURM, 39-53% improvement over
PBS Pro, 44-57% better than LSF and 52-54% superior to Volcano.
Critically, we achieve these energy savings while reducing job wait
times by up to 99% (from 3.93h to 0.04h) and maintaining compu-
tational efficiency of 15.5-17.7 FLOPS/J. These results significantly
exceed the 12-23% energy savings reported in previous HPC energy-
aware scheduling studies [22, 6, 5].

Ablation studies confirm our architectural choices: GAT pro-
vides 12.3% better energy savings than standard GCN, multi-head
attention yields 8.7% improvement over single-head, and dynamic
weighting delivers 15.2% better adaptability than static approaches.

5 Transformative Impact

These results translate into transformative real-world impact. A
single major HPC facility using GATSched can achieve annual sav-
ings of $10M+ through reduced energy consumption and gains
in infrastructure efficiency. Environmental benefits include CO,
reductions exceeding 15,000 tons annually per facility, equivalent
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to removing 3,000 cars from the roads. For the broader HPC com-
munity, this enables sustainable scaling to future exascale systems
without proportional increases in power infrastructure [17].

Our open source framework provides immediate value to the
community, with portable framework integration for SLURM and
PBS systems. The 389K+ job validation demonstrates the scala-
bility and reliability essential for deployment in critical research
infrastructure.

6 Future Directions and Conclusion

GATSched establishes a new paradigm for sustainable HPC sched-
uling by proving that energy efficiency and computational perfor-
mance are not competing objectives but can be simultaneously
optimized through intelligent graph-based learning [20]. Our com-
prehensive validation across diverse architectures and massive pro-
duction workloads demonstrates both the technical feasibility and
transformative potential of this approach.

Future work includes adaptation of online learning for evolving
workloads, federated learning across multisite HPC federations,
quantum-classical hybrid scheduling integration, and real-time
workload prediction using transformer architectures for proac-
tive energy management [12, 8]. This research provides the foun-
dation for sustainable high-performance computing essential for
next-generation scientific discovery while maintaining the com-
putational excellence that drives innovation across all scientific
domains.

The combination of 27-35% energy savings, superior resource
utilization, and novel GAT-based deployment capabilities makes
GATSched not just a research contribution but a practical solution
to one of HPC’s most pressing challenges: achieving sustainability
without sacrificing scientific progress.
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