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1 Introduction

Datalog is a rule-based symbolic Al language [1] well suited
for complex recursive queries across data-intensive applica-
tions. Its declarative rules have enabled advances in large-
scale data analytics [2-5], program analysis and verifica-
tion [6-9], and recently neuro-symbolic reasoning [10]. In
graph mining, canonical applications include Transitive Clo-
sure (TC), Same Generation (SG), and Connected Compo-
nents (CC), all expressible in a few lines of rules. Engines
compile these rules into relational algebra operators (joins,
projections, set differences) executed iteratively until reach-
ing a fixed point [11, 12].

Established engines such as Soufflé [13] and distributed
frameworks like SLOG [14] target multi-core CPUs. Recently,
GPUs have attracted attention due to massive parallelism and
high memory bandwidth, which align with Datalog’s itera-
tive joins, deduplication, and set operations. GPU-accelerated
engines adopt diverse strategies: cuDF-based systems [15]
leverage Python data libraries, while GPUjoIiN[16] imple-
ments custom CUDA kernels. Engines such as GPULog[17]
refine GPU data structures for state-of-the-art performance.
However, none support distributed multi-node, multi-GPU
(MNMG) platforms central to modern HPC systems. More-
over, nearly all prior work emphasizes throughput, leaving
the energy efficiency of GPU-powered Datalog largely unex-
plored.

2 Implementation

We present MNMGDATALOG [18], the first Datalog engine for
distributed MNMG environments. It addresses scalability
challenges of recursive workloads on heterogeneous clusters.
MNMGDATALOG exploits CUDA for intra-node parallelism
across GPUs and MPI for inter-node coordination. Three
innovations enable efficient fixed-point evaluation:

(1) GPU-parallel joins: essential for recursive rules over
large intermediate relations.
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(2) Scalable recursive aggregation: handling workloads
where tuple counts fluctuate across iterations.

(3) Iterative all-to-all communication: reducing synchro-
nization overhead via GPU-aware communication.

Equally critical is energy efficiency. While runtime has
long been the main metric, power consumption increasingly
limits exascale systems. GPUs provide high speedups but
draw significant power, raising efficiency concerns. Despite
widespread GPU adoption, no prior work has examined
Datalog’s energy behavior. To fill this gap, we developed
POWERLOG, the first GPU energy profiler for Datalog. It is
a lightweight user-space wrapper that runs a target binary
while sampling GPU power at fixed intervals. It aggregates
readings across devices and reports runtime, average power,
and energy consumed. Unlike FLOPS/watt used in bench-
marks such as Green500 [19], relational Datalog computation
requires a domain-specific measure. We therefore propose
tuples per joule, quantifying the number of result tuples pro-
duced per unit energy. This metric captures the cost of useful
work in recursive query processing and enables fair compar-
ison across designs.

3 Evaluation

We evaluated MNMGDATALOG on Argonne’s Polaris super-
computer, featuring AMD EPYC CPUs and NVIDIA A100
GPUs interconnected by NVLink. Benchmarks included TC,
SG, and CC, scaled from one GPU to 32 GPUs across nodes.
We compared against single-GPU, shared-memory, and dis-
tributed multi-core engines. For power profiling, we scale ex-
ecution from one to four GPUs within a single node. Datasets
are drawn from the Stanford Large Network Dataset Collec-
tion [20] and the SuiteSparse Matrix Collection [21].
Results show MNMGDATALOG gains:

e Up to 7x speedup over single-GPU engines.
e Up to 33x speedup over multicore engine (Soufflé).
e Up to 32X speedup over distributed engine (SLOG).

Energy analysis with POWERLOG reveals clear tradeoffs.
On a single node, scaling MNMGDATALOG from 1 to 4 GPUs
reduces runtime almost linearly, yet total energy consump-
tion rises. This corresponds to a 23% increase for TC and a
42% increase for SG. Our tuples-per-joule evaluation shows
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that energy efficiency consistently declines with additional
GPUs, with drops of nearly 30%. These results indicate that
throughput gains from parallelism are offset by higher per-
node power draw and communication overheads. Notably,
the relative decrease is similar for both TC and SG, suggest-
ing a hardware-driven effect rather than workload-specific
behavior. Thus, while multi-GPU runs remain advantageous
for latency-sensitive tasks, the highest energy efficiency is
achieved in single-GPU execution.

By combining performance and energy perspectives, our
study highlights the tradeoff between time-to-solution and
energy-to-solution. Future exascale workloads will demand
systems that deliver both speed and efficiency. With mn-
MGDATALOG and POWERLOG, we establish a framework for
making such informed choices.

4 Conclusion

This poster contributes along two dimensions. First, it in-
troduces MNMGDATALOG, the first MNMG Datalog engine,
which highest performant Datalog engine to date. Second, it
presents POWERLOG, the first GPU energy profiler for Datalog,
enabling benchmarking with the tuples/joule metric. These
contributions advance declarative analytics toward energy-
aware execution on heterogeneous exascale platforms. Fu-
ture work on MNMGDATALOG Will focus on adaptive load bal-
ancing, portability across HIP and OneAPI, and applications
in emerging domains such as neurosymbolic programming
and topological data analysis. In parallel, we will extend Pow-
ERLOG to multi-node environments to enable whole-system
energy evaluation of distributed GPU clusters.
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