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Abstract

GPUs increasingly accelerate database sys-
tems, but query-specific peak performance still
often relies on hand-written kernels. Exist-
ing LLM kernel benchmarks focus on machine
learning operators, leaving irregular, hetero-
geneous, data-movement-heavy database-style
operators untested. We introduce DataKer-
nelBench1, which translates SQL into vali-
dated PyTorch TorchPlan programs and eval-
uates LLMs that optimize either the core
tensor-bounded snippet or the full query in
CUDA or Triton through execution-guided
repair. Across ten proprietary and open-
weight models on TPC-H SF10 with an
H100 GPU, the strongest full-query CUDA
configuration achieves 2.11× speedup over
torch.compile at full pass rate. We find
that higher-performing implementations com-
monly use kernel fusion and execution-strategy
changes, stronger models benefit most from
full-query specialization, and workload con-
text matters more than hardware context. To
handle data larger than GPU memory, we
extend TorchPlan with Dask-cuDF for on-
demand partition loading on TPC-H SF100
with four H100 GPUs, achieving 2.54×
speedup.

1 Introduction
Massive AI infrastructure investments (Interna-
tional Data Corporation (IDC), 2025) have made
GPUs increasingly common in enterprise environ-
ments (Gartner, Inc., 2025). At the same time,
many analytical workloads have execution patterns
that can benefit from GPU hardware: large scans,
predicate evaluation, joins, and aggregations over
columnar data expose substantial data parallelism
and place heavy demand on memory bandwidth.
This combination makes GPU acceleration an in-
creasingly attractive direction for analytical data
1 https://kerneldf.github.io/datakernelbench

Figure 1: DataKernelBench tests LLMs on GPU ker-
nel generation for database query optimization, where
multiple models achieve 100% pass rate and substantial
speedups over the TorchPlan baseline on TPC-H SF10
with NVIDIA H100. See Table 1 and Section 4.2.

processing (Yogatama et al., 2026), especially for
frequently executed queries whose cost can justify
query-specific optimization.

One practical approach is Tensor Query Process-
ing (TQP) (He et al., 2022; Asada et al., 2022),
which maps relational operators such as joins, fil-
ters, and aggregations to tensor computations so
that database workloads can run on mature ma-
chine learning (ML) frameworks such as PyTorch.
Recent work shows that this approach supports
terabyte-scale analytics on modern multi-GPU sys-
tems (Wu et al., 2025). These trends raise a natural
question: if analytical queries can be expressed as
tensor programs, can latest code LLMs synthesize
specialized GPU kernels that outperform generic
compilation?

This question matters because generic ML com-
pilers often fall short of peak performance on an-
alytical workloads. Although torch.compile is
effective for regular, compute-bound neural op-
erators, analytical queries often involve irregu-
lar memory access, complex predicates, heteroge-
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neous operator combinations, and query-specific
fusion opportunities. Peak performance therefore
still often requires hand-written bespoke GPU ker-
nels, yet writing andmaintaining them is expensive
even when specialization pays off for frequently ex-
ecuted reporting queries (Marcus, 2023;Wehrstein
et al., 2026).

Recent progress in LLMs (OpenAI, 2023; Bai
et al., 2022; Qwen Team, 2026a; Team, 2024; Jain
et al., 2024; Liu et al., 2024) suggests a promis-
ing path toward reducing this engineering burden.
Prior work shows that LLMs can generate spe-
cialized CUDA and Triton kernels for hardware
acceleration (Woo et al., 2025; Dai et al., 2026;
Liao et al., 2025; Lange et al., 2025; Baronio
et al., 2026), and recent benchmarks such as Ker-
nelBench (Ouyang et al., 2025), TritonBench (Li
et al., 2025), andMultiKernelBench (Ouyang et al.,
2025) evaluate this capability on ML operators.
However, these benchmarks focus on regular ten-
sor computations with predictable structure. Ana-
lytical queries can instead involve substantial data
movement, combine multiple relational operators,
and require strict correctness under data-dependent
control flow. Strong performance on ML-centric
kernel synthesis benchmarks therefore does not es-
tablish that LLMs can handle database-style work-
loads.

To address this gap, we introduce DataKernel-
Bench for evaluating LLM-generated GPU kernels
for analytical query processing. For each query,
we first translate SQL into a validated PyTorch ten-
sor program, which we call TorchPlan. TorchPlan
serves as a benchmarkable intermediate represen-
tation: it preserves SQL semantics while expos-
ing a stable optimization target for kernel synthe-
sis. It separates table handling in run_query from
the tensor-intensive hot path in _query_core,
enabling controlled specialization at two levels:
core, where only the hot path may be replaced,
and full, where the full internal query implemen-
tation may be rewritten while preserving the exter-
nal API. Each baseline TorchPlan is validated by
comparing its outputs to DuckDB (Raasveldt and
Mühleisen, 2019) before kernel generation. We
then ask LLMs to inject optimized Triton or CUDA
kernels under a multi-round execution-guided re-
pair loop.

Our primary baseline is compiled TorchPlan ex-
ecution, since TorchPlan provides a validated ten-
sor reference and torch.compile is the strongest
generic baseline within this execution model. The

benchmark therefore measures the incremental
gain of bespoke LLM-generated kernels over a
strong compiled tensor baseline. We also compare
against external systems such as Sirius (Yogatama
et al., 2026) and DuckDB, but these answer a dif-
ferent systems question: how fast does an inde-
pendent execution engine run the workload? Sir-
ius is best viewed as a generic GPU-specialized
database system that provides drop-in GPU accel-
eration for existingCPUdatabase engines, whereas
ourmethod targets bespoke kernels for specific, fre-
quently executed queries.

DataKernelBench targets recurring queries such
as scheduled reports and dashboard refreshes,
where the same query template runs on refreshed
data, with different user-supplied parameters, or
both. Before specialization, a deployment can
compare predicted generation cost with the ex-
pected reduction in execution time or compute cost
over future runs. A generated kernel is adopted
only after validation and when the expected sav-
ings justify specialization; otherwise, execution
falls back to compiled TorchPlan or a general-
purpose GPU query engine. Table 1 reports one
such runtime threshold through Nsave1h. As one
possible integration path, a generated CUDA ker-
nel could be wrapped as a GPU operator in an
extensible engine such as Velox’s experimental
cuDF backend, whose DriverAdapter supports
operator replacement, fusion, and addition (Velox,
2022).

With DataKernelBench, we evaluate ten propri-
etary and open-weight LLMs across CUDA and
Triton backends and both optimization levels (Sec-
tion 4). Gains are highly query-dependent, and the
best LLM-optimized kernels complement rather
than uniformly replace a generic GPU database sys-
tem. Plan inspection attributes the largest gains to
kernel fusion and execution-strategy changes that
avoid intermediate materialization. We also pro-
vide preliminary evidence beyond a single GPU’s
memory by executing TPC-H SF100 in on-demand
Dask-cuDF partitions distributed across four H100
GPUs (Section 4.5).

This work makes three contributions. First, we
introduce, to the best of our knowledge, the first
systematic benchmark for LLM-generated GPU
kernels for database queries, as opposed to ML
operators. Second, we provide a validated SQL-
to-TorchPlan pipeline and modular Python Torch-
Plan programs that expose an LLM-friendly opti-
mization target and serve as pluggable reference



implementations for kernel synthesis. Third, our
evaluation of ten LLMs characterizes how model
strength, optimization scope, prompt context, pro-
gramming interface, and query structure affect cor-
rectness and performance, and uses plan-level com-
parisons to explain where the largest gains arise.

2 Related Work

2.1 Databases, GPUs, and Analytical
Processing

GPU-accelerated analytical processing has been
pursued through modular libraries and full
database systems. Libraries such as libcudf
and RAPIDS cuDF (RAPIDS, 2023) accelerate
dataframe-style workloads (Pandas, 2020), while
composable engines such as Velox (Velox, 2022)
explore how specialized operator libraries can be
integrated into flexible pipelines. Other work de-
velops GPU-specialized database systems such as
Sirius (Yogatama et al., 2026), Kinetica (Kinetica,
2026), and SQream (SQream Technologies, 2026).
At a lower level, Kernel Weaver (Wu et al., 2012)
shows that automatically fused GPU kernels can
substantially reduce redundant data movement
in relational workloads. These results reinforce
the value of specialization for analytical GPU
processing, but they operate at the level of a full
execution system, compiler framework, or fixed
relational primitives. In contrast, our focus is to
evaluate whether LLMs can synthesize bespoke
kernels for analytical queries within an existing
tensor-based query pipeline.

Our work is closest in spirit to Tensor Query Pro-
cessing (TQP) (He et al., 2022; Asada et al., 2022),
which maps relational operators to tensor computa-
tions on ML runtimes. Subsequent work narrows
the mismatch between SQL operators and tensor
operations (Zhang et al., 2025) and supports exe-
cution directly on compressed data (Huang et al.,
2025). Recent work also shows that tensor-based
query processing can scale to terabyte-scale multi-
GPU analytics (Wu et al., 2025) and distributed,
storage-resident OLAP (Luo et al., 2025). How-
ever, compiled tensor execution does not eliminate
the need for specialization: analytical queries often
involve irregular access patterns, heterogeneous
operators, and query-specific fusion opportunities
that expose a generalization ceiling in generic com-
pilation. DataKernelBench is designed to evaluate
whether LLM-generated kernels can close this gap.

2.2 AI and GPUs for Kernel Synthesis

Recent progress in code LLMs has led to advances
in automated kernel generation for hardware ac-
celeration (OpenAI, 2023; Bai et al., 2022; Qwen
Team, 2026a; Zeng et al., 2025). Systems such as
TritonRL (Woo et al., 2025), CUDA Agent (Dai
et al., 2026), and KernelEvolve (Liao et al., 2025)
iteratively synthesize and optimize CUDA or Tri-
ton kernels, showing that LLM-based kernel gen-
eration can be a viable path toward hardware spe-
cialization. Several benchmarks now evaluate this
capability systematically. KernelBench (Ouyang
et al., 2025), TritonBench (Li et al., 2025), and
MultiKernelBench (Wen et al., 2025)measure pass
rate and performance for LLM-generated kernels
across hardware targets and programming abstrac-
tions.

These benchmarks are an important method-
ological foundation for our work, but they are cen-
tered on machine learning operators, where com-
putations are typically dense, regular, and domi-
nated by homogeneous tensor primitives. Analyt-
ical query processing instead combines heteroge-
neous relational operators with irregular data ac-
cess and strict output semantics. DataKernelBench
builds on the evaluation style of these prior bench-
marks while shifting the target domain from ML
kernels to database-style analytical workloads.

2.3 AI and Data Systems

AI has long been applied to data systems, first
by replacing hand-designed heuristics with learned
components such as learned query optimizers
(Marcus et al., 2019) and learned indexes (Kraska
et al., 2018). With the rise of LLMs, AI in
data systems has expanded from user-facing inter-
faces such as text-to-SQL (Li et al., 2024; Gao
et al., 2024) toward automated system synthe-
sis. The closest line of work to ours is Bespoke
OLAP (Wehrstein et al., 2026), which synthe-
sizes workload-specific database engines to out-
perform general-purpose systems such as DuckDB
(Raasveldt and Mühleisen, 2019). Our work dif-
fers in both scope and interface: rather than gen-
erating a standalone database engine, we study
whether LLMs can synthesize pluggable GPU ker-
nels that accelerate specific bottlenecks within val-
idated TorchPlan pipelines.



Figure 2: From SQL to TorchPlan to an LLM-synthesized fused GPU kernel for TPC-H Q6. (A) SQL with param-
eterized literals. (B) TorchPlan, where run_query handles cuDF table processing and _query_core defines the
tensor hot path optimized by torch.compile in the baseline. (C)An LLM-generated fused Triton implementation
at the core level. The analogous CUDA example appears in Figure 5 of Appendix A; the Dask-cuDF variant of
(B), as described in Section 4.5, appears in Figure 6 of Appendix B.

3 The DataKernelBench Framework

DataKernelBench instantiates LLM-based kernel
synthesis for analytical query processing as a
two-stage benchmark pipeline: (1) construct and
validate a baseline TorchPlan for each query,
and (2) ask LLMs to inject optimized Triton
or CUDA kernels that preserve semantics while
improving runtime. Figure 2 illustrates this
SQL→TorchPlan→kernel mapping for TPC-HQ6.
While Q6 is a simple single-table query that
we chose to illustrate our approach, our bench-
mark covers all 22 TPC-H queries, including
joins, nested subqueries, and more complex hot
paths. This design cleanly separates bench-
mark construction from model evaluation: Torch-
Plans define validated task instances, while ker-
nel synthesis measures how effectively LLMs op-

timize those instances under fixed pass rate and
runtime constraints. The supplementary mate-
rial includes the prompts, validated TorchPlans,
and selected optimized CUDA and Triton imple-
mentations. We will release these artifacts and
the evaluation harness at https://github.com/
kerneldf/datakernelbench.

3.1 Benchmark Workload and Setting

Our primary evaluation uses TPC-H (Transaction
ProcessingCouncil, 2018) at scale factor 10which
contains 22 analytical queries over 8 relational
tables. We generate benchmark artifacts using
DuckDB’s tpch extension, including data, SQL
queries, and reference outputs. At runtime, tables
are loaded into cuDF (RAPIDS, 2023) dataframes
so that run_query executes on GPU-resident data.

https://github.com/kerneldf/datakernelbench
https://github.com/kerneldf/datakernelbench


3.2 TorchPlan: A Benchmarkable
Intermediate Representation

Each query is first translated by an LLM into a
TorchPlan, an executable PyTorch tensor program
that serves as the benchmark’s intermediate repre-
sentation (IR) within the TQP paradigm. Torch-
Plan preserves SQL semantics while exposing a
stable optimization target for kernel synthesis. In
this sense, TorchPlan acts as a verified contract
between declarative query logic and imperative
GPU kernel generation: it is directly executable,
amenable to differential testing against a reference
engine, and compatible with multiple optimization
backends. We do not propose a new TQP sys-
tem; rather, we use validated TQP-style tensor pro-
grams as a strong reference representation and ex-
ecution substrate, then measure how much addi-
tional performance bespoke LLM-generated ker-
nels can obtain beyond compiled tensor execution.
Each TorchPlan contains two functions:

• run_query(tables: dict[str,
cudf.DataFrame], ...), which handles
table access, joins, projections, parameter
parsing, and output formatting; and

• _query_core(...), which implements the
tensor-intensive hot path over aligned 1D
GPU tensors and Python scalars.

This decomposition mirrors the TQP design: rela-
tional preparation remains in the dataframe layer,
while the tensor-intensive hot path is isolated in
_query_core for specialization. TorchPlan also
reflects realistic analytical execution, where the
same query template may be run repeatedly with
different literals. Accordingly, run_query ex-
poses SQL literals as keyword arguments with de-
faults, while _query_core receives only aligned
GPU tensors and numeric scalars. Figure 7 in Ap-
pendix C provides a representative multi-join ex-
ample that makes this boundary concrete.

We generate baseline TorchPlans with a single
LLM (Claude Opus 4.7 in our main setup) using
a fixed prompt template provided in the supple-
mentary material. We then validate each generated
plan by executing the original SQL in DuckDB
and comparing the result to run_query on the
same input tables. Only validated TorchPlans en-
ter the benchmark, and each is held fixed across
all model, framework, and optimization-level eval-
uations. These TorchPlans serve as both the cor-
rectness reference for synthesized kernels and the

baseline execution path from which speedup is
measured. To assess how the TorchPlan genera-
tor affects final optimization, Appendix D repeats
the evaluation with GPT-5.5-generated TorchPlans.
The key findings persist, although absolute run-
times change.

3.3 Kernel Synthesis Task
Given a validated TorchPlan, the benchmark asks
an evaluated LLM to produce a faster implementa-
tion that preserves the external run_query seman-
tics. We study two optimization levels:

• core: the model may modify only
_query_core and private helper func-
tions; run_query must remain unchanged.
This keeps the optimization target close
to ML kernel benchmarks, whose inputs
and outputs are tensors and scalars rather
than complex datatypes (e.g., String and
DataFrames);

• full: the model may rewrite run_query,
_query_core, and helpers, while preserving
the external run_query API.

We support two GPU programming interfaces,
Triton and CUDA. In both cases, the model
must return one complete Python module exposing
run_query. This turns kernel synthesis into a con-
strained program-rewriting task: the model is free
to optimize the internal computation, but not to al-
ter the benchmark-facing semantics.

3.4 Prompt Design
Kernel-synthesis prompts are composed from six
markdown blocks concatenated in fixed order:
BASE, LEVEL, FRAMEWORK, GPU, ENV, and DATA.
The BASE block defines task constraints, interface
rules, and inserts the reference TorchPlan and origi-
nal SQL. LEVEL specifies the allowed optimization
scope. FRAMEWORK provides Triton- or CUDA-
specific guidance and a worked fused-kernel exam-
ple. GPU and ENV describe the target hardware and
runtime environment. DATA provides workload
metadata such as table names, dtypes, row counts,
and approximate memory footprint at scale factor
10. This modular design supports controlled ab-
lations, since workload, hardware, and framework
context can be removed independently.

3.5 Correctness and Speedup Criteria
For each generated module, we compare the out-
put of run_query against the baseline TorchPlan



on the fixed scale factor 10 tables. We report mis-
matches hierarchically: shape, column names and
order, row count, and then cell-level differences
with sampled offending values. Non-floating-point
columns (e.g., integers, strings, and dates) must
match exactly. Following prior kernel-benchmark
practice (Ouyang et al., 2025), floating-point
columns are compared using numpy.isclose
with atol=rtol=10−4 for float32 and 10−6 for
float64. Failed checks are returned to the model
as repair feedback.

We measure end-to-end run_query runtime.
Before timed measurement, we discard Nwarmup
warmup runs to amortize compilation and GPU
warm-start effects. Let Tbase denote the me-
dian runtime of the validated TorchPlan when
_query_core is wrapped with torch.compile,
and let Tcand denote the median over Ntimed timed
runs of the generated module after warmup. We
define speedup as Tbase/Tcand. A generated mod-
ule is accepted only if it is functionally correct and
achieves speedup ≥ smin. We require both cor-
rectness and a minimum speedup so that accepted
modules strictly improve on compiled TorchPlan;
otherwise the baseline remains preferable.

3.6 Execution-Guided Generation

We evaluate every combination of TPC-H query,
model, framework (Triton or CUDA), and op-
timization level (core or full) as an indepen-
dent run. For each combination, we execute a
multi-round repair loop with at most Rmax rounds.
In round 1, the model receives the composed
prompt from Section 3.4 and returns one candi-
date Python module exposing run_query. Each
later round appends feedback from the previous
candidate, including validation failures, output
mismatches, tracebacks, and measured speedup,
and asks the model to produce a revised candi-
date. We stop at the first candidate that passes
the correctness checks in Section 3.5 and satis-
fies speedup ≥ smin, or when Rmax is reached.
To bound hung executions, correctness checks
(Section 3.5) and warmup runs are terminated af-
ter max(Tmin,Mwarmup · Tbase), while each timed
run is terminated after Mtimed · Tbase. Defaults
are: Rmax=10, smin=1.05, Nwarmup=2, Ntimed=5,
Mwarmup=20, Mtimed=3, Tmin=1 minute, and
Twall=15 minutes.

4 Experiments
4.1 Experimental Setup
We evaluate ten LLMs spanning proprietary
APIs and open-weight models: GPT-5.5 (Ope-
nAI, 2026), Claude Opus 4.7 (Anthropic, 2026a),
Claude Sonnet 4.6 (Anthropic, 2026b), and
Claude Haiku 4.5 (Anthropic, 2025), Gemini
3.1 Pro (DeepMind, 2026), Qwen3.5-397B-A17B
(Qwen Team, 2026b), GPT-OSS-120B (OpenAI,
2025), DeepSeek-V4-Flash (DeepSeek-AI, 2026),
MiniMax-M2.5 (AI, 2026), and Devstral-2-123B
(Rastogi et al., 2025). All open-weight models
were served on a separate machine. For each
model, we evaluate CUDA and Triton generation,
on an H100 80GB GPU, at both core and full
levels, yielding 40 model–framework–level combi-
nations. We use the default generation settings for
each API or model checkpoint (e.g., temperature
and top-p).

Within TorchPlan, torch.compile (TC) is the
primary generic baseline, and all LLM speedups
are measured against it; we also report TorchPlan
eager execution to contextualize the strength of TC.
For LLM-generated kernels, speedup and runtime
use fallback to TC: if a generated kernel is function-
ally incorrect or fails tomeet theminimum speedup
threshold, that query is credited at the TC runtime,
since such a kernel would not be adopted in prac-
tice. We also report Sirius and DuckDB as exter-
nal DB baselines. Because these are independent
execution engines rather than in-pipeline replace-
ments, we always report their observed runtimes
directly, including cases below parity with TC. We
report the hardware and software environment de-
tails for benchmark execution, in Appendix E.

4.2 Comparative Evaluation of LLMs
Table 1 presents the main leaderboard on TPC-
H SF10 on H100. The strongest result is GPT-
5.5 with CUDA at the full level, which achieves
100% pass rate and 2.11× overall speedup over
TorchPlan-compile. This also outperforms Sirius
at 1.37×. Among open-weight models, Qwen3.5-
397B-A17B with Triton-full is strongest at
1.26×with 100% pass rate, while GPT-OSS-120B
matches the same speedup with lower pass rate.

The leaderboard shows a clear relationship
between model quality and synthesis efficiency.
Top-ranked models generally require fewer repair
rounds and fewer tokens to reach their best config-
uration, whereas weaker models spend more on un-



Model Best Pass ↑ Speedup vs. TorchPlan ↓ Runtime ↓ Mean Generation Cost
Config Rate% Overall ≥1.05× ≥1.20× ≥2× Overall (s) Nsave1h R In (k) Out (k) USD

Proprietary models

GPT-5.5 CUDA-full 100.0 2.11 100.0 95.5 45.5 0.71 4535 1.4 12.6 9.8 0.18
Claude Sonnet 4.6 Triton-full 100.0 1.54 95.5 77.3 13.6 0.98 6786 1.9 26.0 6.2 0.13
Claude Opus 4.7 CUDA-full 100.0 1.51 100.0 81.8 13.6 1.00 7116 1.0 14.0 4.7 0.14
Gemini 3.1 Pro CUDA-full 54.5 1.44 50.0 45.5 18.2 1.04 7775 1.7 13.0 14.9 0.21
Claude Haiku 4.5 Triton-full 95.5 1.30 90.9 68.2 9.1 1.16 10394 3.2 59.9 9.1 0.08
Open-weight models

Qwen3.5-397B-A17B Triton-full 100.0 1.26 86.4 72.7 4.5 1.19 11432 3.7 58.8 16.9 —
GPT-OSS-120B CUDA-full 86.4 1.26 81.8 72.7 4.5 1.19 11484 3.8 69.7 14.1 —
DeepSeek-V4-Flash Triton-core 90.9 1.23 86.4 63.6 0.0 1.22 12633 4.4 80.9 9.7 —
MiniMax-M2.5 Triton-full 81.8 1.19 81.8 68.2 4.5 1.26 14786 3.5 50.4 15.9 —
Devstral-2-123B Triton-full 45.5 1.08 36.4 27.3 0.0 1.40 33782 5.9 124.2 12.0 —

Primary baselines

TorchPlan (compile) — 100.0 1.00 0.0 0.0 0.0 1.51 — — — — —
TorchPlan (eager) — 100.0 0.88 13.6 0.0 0.0 1.71 — — — — —

DB baselines

Sirius (GPU) — 100.0 1.37 68.2 63.6 54.5 1.10 8765 — — — —
DuckDB (CPU) — 100.0 0.54 9.1 9.1 4.5 2.81 — — — — —

Table 1: DataKernelBench leaderboard results on TPC-H SF10 using an NVIDIA H100, reporting the best kernel
configuration per model. Pass Rate% denotes the percentage of queries matching the reference output. Speedup
measures performance relative to TorchPlan with torch.compile (TC), where the threshold columns indicate the
fraction of the 22 queries achieving at least 1.05×, 1.20×, and 2× speedups. Nsave1h represents the number of
repetitions required to save 1 hour of execution time relative to TC. R is the number of rounds used to get final
generation. In (k)&Out (k) denotes token usage in thousands; USD is the API usage cost. Arrows indicate higher
(↑) or lower (↓) values are better. The best results are bolded and second-best are underlined.

successful repairs. For example, GPT-5.5 reaches
the top result with only 1.4 mean rounds, while
lower-ranked open models require 3.5–5.9 rounds.
At the same time, token cost alone is not a sufficient
proxy for quality: Gemini 3.1 Pro reaches 1.44×
speedup with moderate token cost, but passes only
54.5% of queries. Appendix F analyzes all 880
generation trajectories (22 queries × 10 models ×
2 frameworks × 2 optimization levels), including
repair progression, failure modes, and query diffi-
culty.

Backend preference is model-dependent. Triton
is the best configuration for six of the ten mod-
els, while CUDA is best for four. Interestingly,
both OpenAI models achieve their best results with
CUDA, despite OpenAI’s central role in Triton’s
development. A plausible interpretation is that Tri-
ton is easier to synthesize reliably, which benefits
weaker models, while stronger models are able to
exploit the higher performance ceiling of CUDA.

4.3 Additional Correctness Validation

The primary pass rate uses output matching on
SF10 data, as defined in Section 3.5. We further

subjected all 22 GPT-5.5 CUDA-full implemen-
tations, the top-performing configuration, to two
complementary robustness checks beyond this pro-
tocol: source-code audits and held-out differential
testing.

For the source audits, GPT-5.5 pro-
duced two verdicts for each implementation.
semantic_match checks predicates, join and
group-by keys, aggregation formulas, date and
null handling, output schema, and parameter use.
no_cheating checks for hard-coded outputs,
cached or reference answers, and bypassed input
tables. For held-out testing, we used SF1 and a
perturbed SF10 dataset that preserves keys and
text identifiers while applying up to ±30% jitter
to numeric columns, shifting dates by up to ±30
days, and resampling low-cardinality values from
their existing domains. All 22 implementations
passed both source-audit verdicts and both
held-out validations. These checks provide
evidence beyond output matching on the original
SF10 data, although they do not constitute a
formal proof of semantic equivalence.



Figure 3: Per-query runtime comparison: GPT-5.5 CUDA at Full level vs. baselines. Y-axis capped at 120ms.

4.4 Understanding Performance Gains
Figure 3 shows per-query runtime for TorchPlan-
compile, Sirius, and GPT-5.5 CUDA-full. The
main pattern is strong non-uniformity: Sirius is
fastest on many queries, while GPT-5.5-generated
kernels dominate on a different subset. The ad-
vantage narrows as queries reference more tables.
GPT-5.5 is faster than Sirius on 8/13 queries ref-
erencing at most three tables, but only 2/9 queries
referencing more than three, while overall runtime
still favors GPT-5.5. This pattern is consistent with
Appendix G: all ten LLMs show negative corre-
lation between choke-point coverage and speedup,
whereas Sirius shows positive correlation.

To identify where the speedups arise, we com-
pared GPT-5.5 CUDA-full implementations with
their compiled TorchPlan baselines across all 22
queries. The dominant pattern is kernel fusion: fil-
tering, projection, and aggregation are combined
into one or a few passes, avoiding intermediate
masks, gathers, and temporary tensors. Hybrid ex-
ecution is also common: 21/22 implementations
retain cuDF for string or DataFrame operations
and use CUDA for the numeric hot path. In addi-
tion, 14/22 replace torch.unique/scatter_add
group-by pipelines with fused CUDA aggrega-
tion.

Q14 provides the clearest example of a broader
plan rewrite. GPT-5.5 builds a compact lookup
of promotional part keys and probes it while
scanning lineitem, avoiding a materialized join.
This yields 11.2× speedup, while CUDA-full al-
ternatives retaining the cuDF merge remain near
1.07×. Similar advantages appear on Q17 and
Q19. These results support a complementary in-
terpretation: bespoke LLM-synthesized kernels do

not replace generic GPU database systems on ev-
ery query, but can deliver large wins on selected an-
alytical pipelines that change the benchmark-wide
ranking.

4.5 Beyond GPU Memory: Partitioned
Multi-GPU Execution

We conducted a proof of concept for data that
does not fit in GPU memory by replacing ea-
ger cuDF tables, which are loaded in full, with
partitioned Dask-cuDF tables loaded on de-
mand (Rocklin, 2015; RAPIDS, 2023). The ex-
tended run_query uses map_partitions to in-
voke _process_partition on each cuDF parti-
tion, which converts its columns to tensors and
calls _query_core. Figure 6 in Appendix B
shows this interface for TPC-H Q6. Dask dis-
tributes these partitions across the available GPU
workers, enabling the same partitioned execution
to use multiple GPUs.

We generated partitioned TorchPlans and GPT-
5.5 CUDA-full implementations for TPC-H
SF100 and evaluated them on four H100 80GB
GPUs using 10GB chunks. All 22 optimized im-
plementations passed the correctness checks. The
complete workload finished in 36.44 s, a 2.54×
speedup over the correspondingDask-cuDFTorch-
Plan baseline. Unlike the main SF10 evaluation,
this timing includes on-demand data loading and
materialization. These results provide preliminary
evidence that the approach can extend to parti-
tioned data larger than GPU memory; Appendix H
reports how the same plans scale from 1 to 4 GPUs.



CUDA Triton
Top-5 models +0.31 +0.29
Bottom-5 models +0.02 +0.05

Table 2: Mean Speedup gains (Green denotes ≥ 0.10)
from full vs. core optimization.

4.6 Effect of Optimization Scope: core vs.
full

Table 2 compares full against core optimization
by leaderboard tier. For the top-5 models, expand-
ing synthesis from the tensor hot path to the full
TorchPlan yields mean speedup gains of +0.31 for
CUDA and +0.29 for Triton. For the bottom-5
models, the gains are only +0.02 and +0.05.

This suggests that end-to-end query specializa-
tion is an emergent capability of stronger code
LLMs rather than a uniform benefit across the
leaderboard. Weaker models can sometimes op-
timize local tensor kernels, but they obtain little
additional benefit from the broader optimization
surface exposed by full generation. In contrast,
stronger models are able to exploit opportunities
that span table handling, launch logic, and fused ex-
ecution, which helps explain why the leaderboard
is led by full-level configurations.

4.7 Prompt Ablation
Table 3 reports prompt ablations for GPT-5.5 at
the full level, comparing the complete prompt
with variants that remove either hardware context
from the GPU block or workload context from the
DATA block. The results show that while hardware-
aware prompting provides clear benefits, workload-
aware prompting is significantly more critical. In
both frameworks, omitting data characteristics de-
grades performance more severely than removing
GPU details. This impact is most pronounced un-
der CUDA, where excluding data properties trig-
gers a substantial performance drop of −0.40 com-
pared to −0.27 for GPU details. Triton exhibits a
parallel trend, showing only a minor degradation
(−0.06) when omitting GPU specifications, but a
sharper drop (−0.22) without workload data. Thus,
concrete data properties such as table sizes and
types are more vital for guiding effective kernel op-
timization than raw hardware specifications.

4.8 CUDA vs. Triton Trade-offs
Figure 4 compares CUDA and Triton across mod-
els along two dimensions: runtime gain and gener-

Config Base No GPU Prompt No Data Prompt
CUDA 2.11 −0.27 −0.40
Triton 2.05 −0.06 −0.22

Table 3: Prompt ablation for GPT-5.5 (full) showing
change in speedups. Red denotes a drop ≥ 0.10.

Figure 4: CUDA vs. Triton preference per model.
∆speedup and ∆tokens (k) measure the runtime and
token usage change between frameworks. The bound-
ary separates CUDA-preferred (P > 0) from Triton-
preferred (P < 0) regions at default λ = 10.

ation cost. We define∆speedup as the speedup dif-
ference between CUDA and Triton, and ∆tokens
as the corresponding difference in token usage
measured in thousands. To combine them into a
practical preference score, we use

P = λ (100 ·∆speedup)−∆tokens,

where λ denotes themaximum additional thousand
tokens a practitioner is willing to spend for a 1%
speedup improvement. We use λ = 10 as the de-
fault; models with P > 0 favor CUDA, while mod-
els with P < 0 favor Triton.

The resulting picture is mixed rather than ab-
solute. Several proprietary models, including
GPT-5.5, Gemini 3.1 Pro, and Claude Opus 4.7,
fall in the CUDA-preferred region, indicating that
CUDA offers better runtime at lower or compara-
ble token cost. Several open-weight models, in-
cluding MiniMax-M2.5, DeepSeek-V4-Flash, and
Devstral-2-123B, fall in the Triton-preferred re-
gion. Qwen3.5-397B-A17B sits close to the de-
cision boundary, making it the most backend-
agnostic open-weight option in our study.



Overall, the results suggest a practical rule of
thumb: CUDA provides the highest performance
ceiling for the strongest models, while Triton is of-
ten a better cost-performance choice for weaker or
open-weight models.

5 Conclusion

We introduced DataKernelBench for evaluating
LLM-generated GPU kernels for analytical query
processing. Across ten LLMs on TPC-H SF10,
GPT-5.5 with CUDA-full achieves 2.11× over
compiled TorchPlan with 100% pass rate. The
gains are query-dependent: plan inspection identi-
fies kernel fusion, fused aggregation, and broader
execution-strategy changes, while generic GPU
engines remain competitive on more complex
queries. To process data beyond one GPU’s
memory, a Dask-cuDF proof of concept executes
TPC-HSF100 in on-demand partitions distributed
across four H100 GPUs; all 22 queries pass, with
2.54× speedup over its partitioned TorchPlan base-
line. These results establish LLM-generated ker-
nels as a useful optimization path for selected re-
curring queries and DataKernelBench as a testbed
for future work on LLM-driven database and GPU
optimization.

6 Limitations

DataKernelBench is a first benchmark for this set-
ting, and its current scope is intentionally con-
trolled. First, the primary evaluation uses one fully
instrumented setting: TPC-H at scale factor 10
on a single H100 GPU. Section 4.5 provides pre-
liminary evidence at SF100 on four H100 GPUs,
but broader evaluation across workloads, hardware
generations, and data distributions is needed be-
fore drawing general conclusions about analytical
processing settings. Second, our framework is
centered on the TorchPlan execution model imple-
mented in PyTorch, with Triton and CUDA as the
main synthesis targets. Other acceleration stacks
and programming interfaces, such asNumba, CuTe
DSL, or emerging domain-specific GPU frame-
works, are not yet included. Third, the primary
pipeline assumes that the working set fits within
available device memory. The proof of concept
relaxes this assumption through partitioned multi-
GPU execution, but does not systematically eval-
uate spilling, unified memory, or scaling behavior
across cluster sizes. Finally, baseline TorchPlans
are generated and then validated before benchmark-

ing. This design is appropriate for studying kernel
synthesis conditioned on a fixed tensor program,
but it means that DataKernelBench does not evalu-
ate the full path from arbitrary SQL input to a final
optimized kernel.
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Figure 5: TPC-H Q6 Example: Fused CUDA kernel.
Like the Triton variant in Figure 2(C), _query_core
delegates to a compiled launcher whose __global__
kernel fuses filter, projection, and aggregation in one
pass over lineitem. Nested branch predicates avoid
materializing a boolean mask; l_extendedprice is
loaded only for rows that pass all filters; partial sums
are reduced in shared memory with one atomicAdd per
block.

A Fused CUDA Kernel Example

Figure 5 shows the GPT-5.5 CUDA variant for
the same TPC-H Q6 query as Figure 2. It uses
the same TorchPlan interface: run_query handles
cuDF I/O and parameters, while _query_core
delegates to a compiled launcher and fused device
kernel. We include this variant in the appendix
because the main paper highlights the Triton core
snippet in Figure 2(C).

Figure 6: TPC-H Q6 Example: TorchPlan with
Dask-cuDF. Like the eager-cuDF TorchPlan in Fig-
ure 2(B), _query_core implements the tensor hot
path. The highlighted _process_partition converts
each cuDF chunk to tensors and calls _query_core;
run_query uses Dask-cuDF map_partitions to run
those chunks on available GPU workers and sums the
partial results.

B Partitioned Dask-cuDF TorchPlan
Example

Figure 6 shows the partitioned TorchPlan for the
same TPC-H Q6 query as Figure 2(B). The tensor
hot path is unchanged; only table handling moves
from eager cuDF to Dask-cuDF so that partitions
can execute across GPUs. Section 4.5 uses this in-
terface for SF100.



Figure 7: TPC-H Q11 Example: Multi-join Torch-
Plan. Complementing the single-table Q6 example,
run_query handles cuDF table access, nation filtering,
and the highlighted multi-table joins before converting
joined columns to tensors; _query_core aggregates
supply cost by part key, applies the HAVING thresh-
old, and sorts. The core task preserves this boundary,
whereas full may change the join strategy and how
work is divided between the two functions.

C Multi-Join TorchPlan Example

Figure 7 shows the validated TorchPlan for TPC-
H Q11. As in the Q6 CUDA example in Fig-
ure 5, the interface separates table handling from
the tensor hot path: joins remain in run_query,
while grouping, thresholding, and sorting run in

Method TorchPlan generator Change
Opus 4.7 GPT-5.5

Baseline
TorchPlan-compile 1.51 s 1.74 s +15%

Optimized implementations
GPT-5.5 0.71 s 0.89 s +25%
Opus 4.7 1.00 s 0.91 s -9%

Table 4: Total workload runtime (s) for TorchPlans
from two generators. Optimized rows use CUDA-full;
changes are approximate and relative to the Opus 4.7
TorchPlans. Lower is better.

_query_core.

D TorchPlan Generator Sensitivity
Claude Opus 4.7 was used for the main bench-
mark because it produced a complete validated set
of 22/22 TorchPlans; MiniMax M2.5 produced
20/22 under the same protocol. For the sensitiv-
ity analysis, GPT-5.5 also generated 22/22 valid
TorchPlans, but their compiled workload runtime
was 1.74 s, approximately 15% slower than the
1.51 s runtime of the Opus 4.7 TorchPlans. Table 4
compares baseline and optimized runtimes across
both sets.

Absolute runtimes change, but both optimized
implementations remain faster than their corre-
sponding baselines, and GPT-5.5 remains the
strongest optimizer. Each optimizer is fastest on
TorchPlans generated by the other strong model,
suggesting that cross-model diversity may be use-
ful. Overall, the main finding is not specific to
TorchPlans generated by one model.

E Hardware and Software Environment
Table 5 reports the main software packages used
for benchmark execution and kernel evaluation. Ta-
bles 6 and 7 report the GPU and CPU environ-
ments. The LLM-generated CUDA/Triton kernels
and Sirius baseline use GPU acceleration, while
DuckDB is used as a CPU-only database baseline.

F Repair Behavior
We analyze 880 generation trajectories: 22
queries × 10 models × 2 frameworks × 2 opti-
mization levels on H100 at SF10.

• Repair effectiveness. Overall, 77.5% even-
tually produce a correct kernel with at least
1.05× speedup. Cumulative success rises
from 40% after round 1 to 57% after round 2



Package Version

Python 3.13.11
pandas 2.3.3
cuDF 26.04.000
PyTorch 2.12.0+cu130
Triton 3.7.0
CUDA 13.0
DuckDB 1.5.2

Table 5: Software environment used for DataKernel-
Bench experiments.

Field Value

GPU NVIDIA H100 SXM5
Architecture Hopper (GH100)
SMs 132
CUDA cores 16,896
Tensor Cores 528, 4th gen
GPU memory 80 GB HBM3
Memory bandwidth 3.35 TB/s
L2 cache 50 MB
Peak FP64 34 TFLOPS
Peak FP32 67 TFLOPS
FP8 Tensor Core Supported
TDP Up to 700 W
Interconnect NVLink 900 GB/s;

PCIe Gen5 128 GB/s
Warp size 32

Table 6: GPU environment used for LLM-generated
kernel evaluation and GPU-accelerated baselines.

Field Value

CPU Intel Xeon Platinum 8468
Architecture Sapphire Rapids;

4th Gen Xeon Scalable
Sockets 2
Cores 96 total, 48 per socket
Logical CPUs 96, SMT off
NUMA nodes 2
Base frequency 2.10 GHz
Max turbo 3.80 GHz
L3 cache 210 MiB total
System memory ∼2.0 TB DDR5
TDP 350 W per socket
Socket FCLGA4677, 2S platform
CPU database baseline DuckDB 1.5.2, CPU-only

Table 7: CPU environment used for CPU-side execution
and the DuckDB CPU-only baseline.

and 65% after round 3. Of the remaining tra-
jectories, 17.5% never become correct, while
5% become correct but remain below the
speedup threshold.

• Failure categories. Among round-1 failures,
approximately 38% fail to compile or import,
52% crash or time out during execution, and
9% return incorrect output, primarily wrong
values or row counts; column mismatches ac-

Figure 8: Spearman correlation between choke-point
coverage and per-query speedup. Coverage counts the
number of distinct choke-point categories assigned to
each TPC-H query. All ten LLMs show negative corre-
lation, while Sirius shows positive correlation

count for less than 1%.

• Backend differences. Approximately 74%
of CUDA failures are compilation or import
errors, whereas 79% of Triton failures are ex-
ecution errors.

• Query difficulty. Q13 is the hardest query,
with 13/40 successful trajectories. Q20, Q3,
and Q1 are also difficult, while Q6 and Q19
succeed in all 40 trajectories.

• Prompt improvements. Recurring failures
led us to pin runtime versions and add guid-
ance on separate kernel source strings and
epoch-day date representation, reducing re-
pair rounds without materially changing final
speedup.

G Choke-Point Coverage Analysis
To better understand when LLM-generated kernels
outperform a general-purpose GPU database base-
line, we define choke-point coverage as the num-
ber of distinct choke-point categories (Boncz et al.,
2013) explicitly associated with each TPC-H query.
We count only query-category assignments named
in the taxonomy, making the measure conservative:
queries may involve additional relational patterns
that are not counted in our annotation.

For each system, averaged across 4 framework-
optimization level combinations, we compute the



Figure 9: Multi-GPU scaling of GPT-5.5 CUDA-
full kernel plans versus TorchPlan-compile on TPC-
H SF100 (H100, Dask-cuDF, 10GB chunks). The
green dotted line marks the widest table partition count
(lineitem = 4). Top: runtime over all 22 queries. Bot-
tom: overall speedup versus TorchPlan. The CUDA
kernel plan advantage over TorchPlan is largest on one
GPU (3.53×) and is 2.54× at 4 GPUs.

Spearman rank correlation between the 22 per-
query coverage values and the corresponding 22
per-query speedups. Figure 8 shows that all ten
LLMs have negative correlation between coverage
and speedup, while Sirius has positive correlation.
When pooling all LLM-query pairs, the trend re-
mains negative with ρ = −0.267 (n = 220).
We also find that the head-to-head LLM/Sirius
speedup ratio decreases with coverage for all ten
LLMs. These results support the complementary
interpretation in Section 4.4: current LLM-based
specialization is most effective for narrower query
patterns, while Sirius becomes relatively stronger
on queries that combine more relational choke
points.

H Multi-GPU Scaling

Figure 9 varies the GPU count from 1 to 4 for
the SF100 setting in Section 4.5. Dask-cuDF
represents each table as partitions and, through
map_partitions, runs independent partitions
concurrently on the available GPU workers, queu-

ing any remaining partitions until a worker is free.
Under this layout lineitem has four partitions and
every other table has one, so four is the maximum
number of partitions that can run at once. We
therefore stop at four GPUs. As in Section 4.1,
queries that fail or do not reach 1.05× are cred-
ited at the TorchPlan-compile runtime. Runtime
over all 22 queries falls from 1 to 4 GPUs for
both the CUDA kernel plans (77.5 s to 36.44 s) and
TorchPlan-compile (273 s to 92.6 s).

At higher scale factors, more partitions would be
available, so additional GPUs could run more par-
titions in parallel. A possible further improvement
is to rewrite Dask-cuDF multi-GPU orchestration
with LLM-generated native PyTorch code.
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