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Abstract

The rapid evolution of Large Language Models (LLMs) has driven a grow-
ing demand for automated, high-performance system kernels to accel-
erate machine learning workloads. We introduce TRITONRL, a domain-
specialized 8B-scale LLM for Triton programming, trained via a novel rein-
forcement learning (RL) framework. While Triton synthesis faces unique
challenges, including data scarcity and a high susceptibility to reward
hacking, our approach enables robust kernel generation through two pri-
mary innovations. First, we implement a multi-layered verification system
that provides high-fidelity reward signals, ensuring that generated kernels
are both syntactically and functionally valid. Second, we propose Hier-
archical Reward Decomposition (HRD), which decouples reinforcement
for high-level reasoning and low-level implementation to improve credit
assignment in plan—code structured generation. Comprehensive evalu-
ations on KernelBench and TritonBench-T demonstrate that TRITONRL
achieves state-of-the-art correctness and runtime speedup, outperforming
concurrent Triton-specific models and matching the performance of frontier
models with over 100B parameters. Our results highlight the effectiveness
of hardware-aware RL paradigms in specialized domain adaptation.

1 Introduction

The exponential growth in demand for GPU computing resources has driven the need
for highly optimized GPU kernels that improve computational efficiency, yet with the
emergence of numerous GPU variants featuring diverse hardware specifications and the
corresponding variety of optimization kernels required for each, developing optimized
kernels has become an extremely time-consuming and challenging task. In response to this
need, there is growing interest in leveraging large language models (LLMs) for automated
kernel generation. While there have been attempts introducing inference frameworks that
utilize general-purpose models, such as OpenAl models and DeepSeek, for generating ker-
nels (Ouyang et al., 2025; Lange et al., 2025; NVIDIA Developer Blog, 2025; Muhamed et al.,
2023), they often struggle with even basic kernel implementations, thereby highlighting the
critical need for domain-specific models specifically tailored for kernel synthesis.

As the need for specialized models for kernel generation has emerged, several works have
focused on fine-tuning LLMs for CUDA or Triton. In the CUDA domain, recent RL-based
approaches include Kevin-32B Baronio et al. (2025), which progressively improves kernels
using execution feedback as reward signals, and CUDA-L1, which applies contrastive RL
to DeepSeek-V3 Li et al. (2025c). While these large models (32B-671B parameters) achieve
strong CUDA performance, their training costs remain prohibitively expensive. Other
research has focused on Triton, a domain-specific language that provides a higher-level
abstraction than CUDA for writing efficient GPU kernels. Unlike CUDA, which benefits
from decades of development and abundant training data, Triton is newer and has fewer
high-quality kernel examples, making it more difficult to train specialized models. Recent
works have trained LLMs for Triton kernel generation via supervised fine-tuning (SFT) on
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Figure 1: RL training workflow of TRITONRL. The framework illustrates how kernel gener-
ation flows through fine-grained verification layers and hierarchical reward decomposition,
providing robust and targeted feedback separately to reasoning traces (plan tokens) and to
Triton code (code tokens) conditioned on those plans.

torch compiler—generated code (Fisches et al., 2025) or via LLM distillation followed by RL
with execution feedback (Li et al., 2025b), typically at the 8B parameter scale. Although
these smaller models improve over their base models, there remains substantial room to
improve efficiency and correctness.

Furthermore, there is a common issue reported across kernel generation works, reward
hacking (Baronio et al., 2025; Li et al., 2025b). Due to the scarcity of high-quality kernel
examples compared to other programming languages, most approaches rely on RL training
using runtime measurements and correctness rewards from unit tests after kernel execution.
However, models frequently learn to exploit unit test loopholes, such as direct use of
high-level PyTorch modules, rather than generating proper code, and this phenomenon is
particularly prevalent in smaller models (8B and below) (Baronio et al., 2025). This issue
fundamentally undermines the core objective of developing more efficient custom kernels
to replace existing pre-optimized libraries, while current approaches predominantly rely
on simple rule-based syntax verification whose effectiveness remains uncertain. Further
discussion of related works is provided in Appendix A.

In this paper, we present TRITONRL, an 8B-scale LLM specialized for Triton programming
that achieves state-of-the-art performance in both functional correctness and execution
speed. Our training pipeline enables 8B-scale models to robustly surpass much larger
frontiers through the following contributions:

* Robust Verification Framework: We introduce a multi-layered verification system
designed specifically to mitigate Triton-specific reward hacking. By identifying failure
modes where models bypass core custom kernel logic, we implement fine-grained
verifiers, utilizing both rule-based heuristics and LLM-based judges, that ensure reward
signals are grounded in genuine functional and syntactic integrity.

* Hierarchical Reward Decomposition (HRD): We propose a novel RL optimization ob-
jective that addresses credit assignment in plan—code structured generation by coupling
two distinct verifiable reward functions to the reasoning (planning) and implementation
(coding) segments. This approach outperforms uniform sequence-level rewards in both
accuracy and speedup.

* Comprehensive Evaluation and State-of-the-Art Performance: We provide a rigorous
evaluation of open-source and proprietary models using our verification framework,
revealing critical performance gaps in functional validity. Our results demonstrate that
TRITONRL sets a new state-of-the-art for 8B-scale models and performs comparably to

or better than frontier models with over 100B parameters.!

1Codes and datasets will be available.
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2 TRITONRL

In this section, we introduce TRITONRL, a comprehensive reinforcement learning (RL)
framework designed to optimize language models for high performance Triton kernel
generation. Our approach addresses the dual challenge of achieving functional correctness
and hardware specific efficiency, optimizing for execution latency on target accelerators. To
this end, our methodology is built upon three core components: (1) base model priming and
task curation, (2) reward formulation with robust verification, and (3) policy optimization
with hierarchical reward decomposition.

2.1 Base Model Priming and Task Curation

To effectively optimize Triton kernels via RL, we first prime a base model (Qwen3-8B
(Team, 2025)) via supervised fine-tuning (SFT) and curate an optimal task distribution. We
summarize the notations and pipeline below, deferring detailed dataset construction to
Appendix E.1.

Triton Knowledge Distillation. We sample 11K tasks Gk = {g;} from KernelBook
(Paliskara & Saroufim, 2025). For each task query q; = g(g;), a teacher model (either
DeepSeek R1 (Guo et al., 2025) or GPT OSS 120B (OpenAl, 2025)) generates multiple outputs
0;j comprising reasoning traces and Triton code. This yields the dataset Dsrr = {(4;,0;;)},
on which the base model is fine-tuned via standard log-likelihood maximization.

Data Curation for RL. For the RL phase, we refine Gxp via input augmentation and
difficulty-aware mixing. We augment tasks with randomized input shapes to construct
Gkp (training variants using this augmented set are denoted as “+ IA”). The performance
benefits of this augmentation are validated in our ablation study (Table 1 and Appendix E.3),
where we observe that models trained with input augmentation demonstrate improved
robustness to a wider range of kernel shapes, leading to higher correctness and speedup on
KernelBench tasks compared to models trained without augmentation.

Additionally, we classify tasks into difficulty levels d € {1,2} (Ouyang et al., 2025) to form
subsets G I(<dB) The RL dataset is sampled according to mixture probabilities p = (p(l), p(z) ):

Dre(p) = {(gi,9:)}

Throughout this paper, we default to p = (1.0,0.0) to focus on Level 1 tasks, omitting p
for notational simplicity. As detailed in our ablation study (Appendix F.4), we empirically
find that training exclusively on fundamental single-kernel tasks provides more robust skill
transfer to complex fusion scenarios than mixing difficulty levels.

d
d~p,ginG S gi=q(gi)

Building on the model equipped with essential Triton skills, 779 and a curated RL dataset
Dr1, we now focus on the core of our RL framework. Before diving into the specifics, we
outline the overall RL training workflow of TRITONRL. For each task (g;, 4;) sampled from
the RL training dataset Dg;, the model generates a group of outputs {oi/j}]c-;zl for group
plan ocode

ij 774
how to optimize Triton kernels (olel.an) followed by Triton code (of‘]?de). After executing the
generated Triton code, the model receives reward feedback r; ; based on the quality of the
output, which it uses to update its parameters 6 to maximize expected rewards over time.

We illustrate the overall RL training workflow of TRITONRL in Figure 1.

size G, where each output 0;; = {o } consists of reasoning traces planning on

2.2 Reward Formulation with Robust Verification

In reinforcement learning, reward design is critical, as poorly aligned signals can lead to
reward hacking, where the model exploits loopholes rather than achieving the intended ob-
jectives. We identify specific Triton failure modes, such as ignoring core kernel functionality,
that are often missed by conventional reward designs based solely on unit tests. To mitigate
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Figure 2: Side-by-side comparison of fine-tuned models for Triton programming (Kernel-
LLM and AutoTriton) and their base models. For each metric, the numbers represent the
ratio of corresponding samples among 10 generated samples for each of the 100 tasks in
KernelBench Level 1. TRITONRL (D) denotes our model trained from SFT model distilled
from DeepSeek-R1. KernelLLM and AutoTriton show increased functional invalidity (red)
after fine-tuning, while TRITONRL significantly reduces such errors.

this, we develop fine grained verification layers that rigorously assess code quality across
multiple dimensions.

For a generated output 0 and a corresponding reference PyTorch code g, we introduce
verifiers that evaluate the following aspects:

® valid: A binary verifier to check output code is syntactically and functionally valid Triton
code. It is defined as valid(o) = syntax(o) - func(o), where:

— syntax : A binary verifier that assesses whether code 0% is valid Triton syntax.
We use a rule-based linter to verify the presence of Triton kernels annotated with
@triton jit.

— func: A binary functionality verifier to detect whether 0°°%¢ constitutes a valid Triton
kernel. Syntax checks alone are insufficient, since models may output code that super-
ficially passes verification but defers computations to high-level PyTorch modules (e.g.,
torch.nn, @) or hardcodes constants, as in Figure 3 (b). To address this, we combine
a rule-based linter, which detects actual calls of Triton kernels and flags reliance on
PyTorch modules, combined with an LLM-based judge (Qwen3-235B-Instruct (Team,
2025)) that evaluates semantic correctness against task specifications.

See Figure 3 for the illustration of invalid Triton codes that fail syntax and functionality
checks. In Appendix H, we provide additional details on the LLM judge used for
functionality verification.

e compiled: A binary verifier that checks whether a Triton code can be successfully compiled
without errors.

e correct: A binary verifier that evaluates whether a Triton code produces correct outputs
by compiling and comparing its results against those of the reference code g for five
random test inputs {x;}7_.

5

correct(g,0) = compiled(o) -ll—[]1 {o“’de(xl) == g(xl)}
=1
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e speedup: A scalar score that quantifies the execution time improvement of the generated

Triton code 0% relative to the reference code g. For a test input x,
(8, %)
speedup(g,0) = -correct(g,0),
P p(g0) 7(0%0de, ) (8,0)

where (-, x) is the average runtime of a given code for input x measured over ten runs.

In Figure 2, we analyze the validity of Triton codes generated by existing specialized
models, such as AutoTriton (Li et al., 2025b) and KernelLLM (Fisches et al., 2025), and
observe a high frequency of functionality violations (red). Interestingly, their base models
exhibit lower error rates prior to fine-tuning. This suggests that fine-tuning processes that
lack rigorous functionality checks can inadvertently incentivize models to adopt invalid
shortcuts, superficially satisfying syntax requirements while failing to implement the core
kernel operations.

To mitigate these failure modes, we define two reward functions that deliver robust, accurate
signals for correctness and efficiency as follows:

R*™%(g,0) = valid(o) - correct(g,0), RP*"P(g,0) = valid(o) - clip (speedup(g,0),2).
1)
The syntax and functionality checks both serve as necessary conditions for both reward
signals to prevent the model from being incentivized to exploit shortcuts. Also, we clip the
speedup at 2 to prevent extreme values from destabilizing training.

2.3 Policy Optimization with Hierarchical Reward Decomposition

Building upon the robust reward de-
signs, we introduce a policy optimiza-
tion framework designed to leverage @ Triton kernels
these signals effectively. While the veri- (matrix mult.) def forward(self, x, y):
fication layers ensure high-fidelity feed- return toreh.matnul (x, v)
back, training language models with —
long reasoning traces remains challeng- - g
ing due to the credit assignment prob- | |5 o
lem. When a single, monolithic reward

syntax = 0 | @triton.jit
def triton_copy(x):

is applied to a lengthy response, it fails Symalx -1 def forward(self, x, y):
to distinguish the contribution of the ' E e,
high-level plan from that of the low- o 10 high-level PyTorch _ I return triton.copy(z)
level code, conflating a brilliant opti- « core ops with Triton =" eli:&urn y

mization strategy with a minor imple-

mentation error. Figure 3: Illustration of the flow of our robust ver-

This issue is particularly pronounced in ifier incorporating syntax and functionality check-
Triton kernel code generation, where a ers and the examples of invalid Triton codes. (a)
model may propose a promising mem- invalid syntax: the code lacks any Triton blocks
ory orchestration plan in its reasoning with @triton.jit. (b) invalid functionality: the code
trace, yet fail the entire task due to alow include dummy Triton code that just copies data
level indexing error in the subsequent without meaningful operation delegating core op-
code. Uniformly penalizing such a re- eration (matrix multiplication) to PyTorch mod-
sponse conflates high quality reasoning ules (torch.matmul).

with poor execution (Qu et al., 2025),

preventing the model from internalizing effective optimization strategies.

GRPO with Hierarchical Reward Decomposition (HRD). To address this, we propose an
optimization approach based on Group Relative Policy Optimization (GRPO) (Shao et al.,
2024), augmented with Hierarchical Reward Decomposition (HRD). GRPO is an actor-only
RL algorithm that optimizes the policy by comparing the rewards of multiple outputs within
a group generated for the same query, eliminating the need for a separate critic model.

Our key innovation is to segment the long output sequence into two hierarchical actions:
high-level planning (0P*") and low-level coding (0°°%¢). By assigning distinct reward credits
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to these segments (Figure 1), we better align the Triton kernel optimization plan with the
final implementation. We decompose the objective into two components and optimize them
jointly:

j(e) — |:“t7ipkm(9) +Zcode(€)i|

where a € [0,1] is a weighting factor that balances the update rates between the model’s
planning and coding actions. For each action class ¢ € {plan,code}, the class-specific
objective J¢(0) is defined as:

E
qi~Dre, {01} 1~ (19:)

—_
Q
—_

JH0) == Y min | A of,(6), Ajclip (p7:,(0),1—¢€1+€) |,
G i1, j j

where TC represents the set of token indices for class ¢ in output 0; ; and the token-wise
probablhty ratios are given by

plan p]an d plan d
Pla“( ) — 7T9(OI /, ql’ I/ <t) code(e) _ ( ;(}re ql’ 0’] 4 s}rit)
i,j,t - it 1. 4 1,], - it :
K T I I T )

Each class is normalized by the total response length |o; j| (standard GRPO normalization),
so that the plan- and code-segment gradients scale with their token counts and « sets

the balance between them. The group-wise advantages A; ; j are computed as A =r{— i

el Z]G:1 ré i where we assign different reinforcement signal for each token class as follows.

rp,ljan Rspeedup (gi/ 0i,j)/ ?}de — Reorrect (gi/ 0; j ) , (2)

where the reward functions are defined in (1).

Hierarchical vs Uniform Rewards. Unlike uniform reward designs (Li et al., 2025b; Baronio
et al., 2025) that apply the same signal to all tokens, our HRD provides targeted feedback.
In (2), we assign speedup-based rewards to plan tokens to encourage the discovery of
efficient optimization strategies, while assigning correctness-based rewards to code tokens.
This separation ensures that reasoning traces are encouraged to propose optimization
strategies that yield efficient kernels, while code generation is guided to produce valid
implementations that faithfully realize these plans. We position HRD relative to other non-
uniform credit-assignment methods in Appendix A. Assigning correctness-based rewards to
code tokens is deliberate because the implementation is conditioned on the plan, penalizing
code for low speedup would unfairly punish a correct implementation of an inherently
suboptimal plan. Correctness rewards for code tokens decouple this confound, allowing the
code policy to be reinforced purely for faithful realization of a given plan. To support our
rationale, we validate this design choice in Appendix E.7 by sweeping all four combinations
of the two reward signals across the two token classes. Our assignment (speedup on plan,
correctness on code) attains the best performance among the four on both KernelBench
levels; in particular, holding the plan reward fixed to speedup, correctness-based rewards
for code tokens lead to superior performance over speedup-based rewards.

Balancing Planning and Coding Updates. The weighting factor # manages the co-evolution
of the planning and coding policies. To effectively master both, the model requires a stable
"practice environment.” If « = 1.0, the planning distribution shifts too rapidly for the coding
policy to stabilize. By setting « = 0.1, we ensure the planning distribution evolves gradually,
giving the coding policy sufficient “time” to learn correct implementations for a given set
of plans. This avoids the premature rejection of promising optimization strategies due to
transient implementation errors in early training phases. To validate our choice of &, we
conduct an ablation study in Appendix F.6, demonstrating that « = 0.1 achieves the best
balance, leading to superior performance across all metrics.

3 Experiments

This section provides the detailed recipe of training and evaluation of TRITONRL, followed
by the main results and ablation studies.
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M LEVEL1 (ROBUST VERIFIER) LEVEL1 (W/O ROBUST VERIFIER)
odel #Params
valid compiled / correct fast; / fast, mean speedup compiled / correct
Qwen3 (base) 8B 99.0 99.0 / 23.0 9.0 /5.0 0.41 100.0 / 25.0
Qwen3 14B 100.0 99.0 / 35.0 9.0/7.0 0.48 100.0 / 35.0
Qwen3 32B 100.0 100.0 / 62.0 39.0 / 16.0 0.93 100.0 / 67.0
KernelLLM 8B 42.0 40.0 / 20.0 0.0/0.0 0.05 99.0 / 34.0
AutoTriton 8B 97.0 92.0 / 57.0 25.0 /10.0 0.95 100.0 / 87.0
TRITONRL (D) 8B 100.0 100.0 / 78.0 36.0 / 13.0 1.10 100.0 / 81.0
TRITONRL (D) + IA 8B 100.0 99.0 / 78.0 34.0 / 15.0 1.05 100.0 / 81.0
SFT w. DeepSeek-R1 (w.o. RL) 8B 100.0 100.0 / 54.0 28.0 /12.0 0.88 100.0 / 60.0
TRITONRL (G) 8B 100.0 100.0 / 76.0 35.0 /17.0 1.09 100.0 / 78.0
TRITONRL (G) + IA 8B 100.0 100.0 / 88.0 41.0 / 22.0 1.26 100.0 / 88.0
SFT w. GPT-OSS 120B (w.o. RL) 8B 100.0 100.0 / 64.0 26.0 / 18.0 1.03 100.0 / 73.0
Claude-3.7 - 100.0 100.0 / 63.0 29.0 / 16.0 1.06 100.0 / 73.0
DeepSeek-R1 685B 100.0 100.0 / 69.0 28.0/13.0 1.04 100.0 / 74.0
GPT-0SsS 120B 100.0 100.0 / 81.0 33.0/22.0 1.20 100.0 / 87.0
Model #Params LEVEL2 (ROBUST VERIFIER) LEVEL2 (W/O ROBUST VERIFIER)
valid compiled / correct fast; / fast; mean speedup compiled / correct
Qwen3 (base) 8B 38.0 37.0/0.0 0.0 /0.0 0.00 100.0 / 56.0
Qwen3 14B 40.0 38.0/1.0 0.0 /0.0 0.00 100.0 / 77.0
Qwen3 32B 36.0 35.0/20 20/1.0 0.10 100.0 / 68.0
KernelLLM 8B 3.0 0.0 /0.0 0.0/0.0 0.00 100.0 / 4.0
AutoTriton 8B 11.0 10.0 /1.0 0.0/ 0.0 0.00 100.0 / 94.0
TRITONRL (D) 8B 63.0 63.0 /23.0 12.0 /3.0 0.32 100.0 / 77.0
TRITONRL (D) +IA 8B 52.0 51.0 / 24.0 16.0 /7.0 0.31 100.0 / 79.0
SFT w. DeepSeek-R1 (w.o. RL) 8B 55.0 51.0 /13.0 10.0 / 3.0 0.31 100.0 / 67.0
TRITONRL (G) 8B 91.0 91.0 / 23.0 15.0/7.0 0.29 98.0 / 30.0
TRITONRL (G) + IA 8B 93.0 93.0 / 28.0 19.0 / 10.0 0.48 96.0 / 37.0
SFT w. GPT-OSS 120B (w.o. RL) 8B 88.0 88.0 / 13.0 9.0 /3.0 0.21 97.0 / 25.0
Claude-3.7 - 34.0 34.0 / 14.0 40/1.0 0.10 100.0 / 65.0
DeepSeek-R1 685B 31.0 31.0/ 14.0 9.0 /4.0 0.24 100.0 / 79.0
GPT-0Ss 120B 39.0 39.0 / 15.0 12.0 /4.0 0.25 100.0 / 81.0

Table 1: Main results on KernelBench Level 1 and Level 2. All metrics are reported as
pass@10 (%). In each column, the best value across all models is shown in bold for the
robust-verifier metrics. The left block reports evaluation with the robust verifier (syntax +
functionality). The right block (w/o robust verifier) lacks functionality checks, leading to
misleading correctness estimates. We denote our model trained from SFT with DeepSeek-R1
(resp. GPT-OSS 120B) as TRITONRL (D) (resp. (G)) and report the results of SFT-only
variants without RL for reference (See Section 2.3). We additionally denote our models
trained with input augmentation (IA) as + IA, which uses RL datasets where diverse input
shapes are augmented (See Section 2.3).

3.1 Training and Evaluation Setups

Training Configuration. We implement the training pipeline using the VeRL framework
(Sheng et al., 2025) and initialize all experiments from Qwen3-8B (Team, 2025). Unless noted
otherwise, RL training starts from the SFT checkpoint distilled from DeepSeek-R1 (denoted
by TRITONRL (D)) and uses the reward r in (2) with * = 0.1. SFT is performed with batch
size 16 and learning rate 1 x 10~°; RL uses batch size 32 and learning rate 1 x 107°. We
denote the model fine-tuned from the GPT-OSS 120B SFT checkpoint as TRITONRL (G);
most training hyperparameters were kept the same (see Appendix E.2 for details).

Evaluation Benchmarks. We evaluate TRITONRL on KernelBench (Li et al., 2025a).
KernelBench offers an evaluation framework covering 250 tasks, divided into Level 1
(100 single-kernel tasks, such as convolution), Level 2 (100 simple fusion tasks, such as
conv+bias+ReLU), and Level 3 (50 full architecture tasks, such as MobileNet), to assess LLM
proficiency in generating efficient CUDA kernels. The prompts used for these benchmarks
are provided in Appendix I.1. We additionally evaluate on TritonBench-T (Li et al., 2025a) for
cross-benchmark generalization (Appendix F.9), and we verify that the training (KernelBook)
and evaluation (KernelBench) sets do not overlap at the task level (Appendix E.1.3).

Metrics. We evaluate the performance of LLMs for generating Triton code in terms of
(1) Validity (syntax and functionality); (2) Correctness (compilation and correct output);
(3) Speedup (relative execution time improvement). We report fast; and fast; to indicate

2We use the Triton backend version of KernelBench from https://github.com/
ScalingIntelligence/KernelBench/pull/35.
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the model’s ability to generate Triton code that is at least as fast as or twice as fast as
the reference PyTorch implementation, respectively. The formal definition of metrics is
provided in Appendix C. We measure the pass@k metrics for each aspect, which indicates
the ratio of generating at least one successful solution among k sampled attempts. We use
k =10 as a default unless specified. We test both Triton codes and reference PyTorch codes
on an NVIDIA L40S. We follow the default KernelBench measurement protocol; the full
specification (tolerances, warmup, and timed-run counts) and a per-task runtime-variance
analysis are provided in Appendix C.1.

Baselines. We compare TRITONRL with several baselines, including Kernel LLM (Fisches
et al., 2025) and AutoTriton (Li et al., 2025b), which are fine-tuned LLMs specifically for
Triton programming. We also include our base model Qwen3-8B (Team, 2025) without any
fine-tuning, fine-tuned Qwen3-8B only after SFT, and larger Qwen3 models (e.g., Qwen3-14B
and Qwen3-32B). Additionally, we evaluate Claude-3.7 (Anthropic, 2025a) with unknown
model size and large model classes beyond 100B (e.g., GPT-OSS 120B (OpenAl, 2025),
DeepSeek-R1-0528 (Guo et al., 2025)) as a reference. All baselines are evaluated under
an identical configuration: the same one-shot prompt template (Appendix 1.1), the same
sampling temperature, top_p, max_tokens, and execution timeout, the same budget k = 10,
and the same NVIDIA L40S hardware. The full configuration is listed in Appendix E.2.

3.2 Main Experiment Results

Correctness and Speedup Evaluation on Ker- Bocorrect Nmfast; [0 fast,

nelBench. The left side of Table 1 shows the 100
pass@10 results using the robust verifier (syn- 88
tax and functionality) on KernelBench Level 1 80 |- i
(single kernel) and Level 2 (fusion) tasks. TRI- & -
TONRL consistently outperforms other base- = |
lines, including Triton-specific models (Kernel- ~ § | a4 a
LLM and AutoTriton) with fewer than 32B pa- 8 3 % 25 »
rameters, in terms of validity, correctness, and 20 |, 10 15
speedup on both task levels. In particular, TRI- I_I_—’.EI_I 00 Hﬂ HH
TONRL outperforms AutoTriton, which also 0 ® Y
employs RL, by delivering higher correctness & @e\V\/ &o@“& O O
and greater speedup, demonstrating the effec- R L \@*&

< <

tiveness of our RL framework with its robust
verifiers and hierarchical reward decomposi- ) ]
tion. Importantly, RL provides significant gains Figure 4: Headline metrics on Kernel-
beyond knowledge distillation from large mod- Bench Level 1 (pass@10) across 8B-scale
els (DeepSeek-R1 and GPT-OSS 120B), boost- models. TRITONRL substantially outper-
ing correctness by over 20% and increasing forms the base model and prior Triton-
fast) by up to ~15%. Furthermore, TRITONRL ~ specialized models (KernelLLM, AutoTri-
achieves on-par or better performance even ton) on correctness and both speedup.
compared to frontier models, underscoring the effectiveness of our approach in enabling
smaller models to excel in specialized code generation tasks.

Beyond our RL framework, we find that careful task curation is critical for achieving
these state-of-the-art results. Specifically, input augmentation (IA) further enhances both
correctness and speedup (Table 1), highlighting the importance of diversity in training
tasks. Comprehensive ablation studies detailing the impact of input augmentation and
difficulty-based data mixtures are provided in Appendices F.3 and F.4.

We further verify that these gains extend to harder settings and beyond KernelBench. On
the more demanding KernelBench Level 3 (full-architecture tasks, held out of RL training;
Appendix E.8), correctness remains near zero for all models, but TRITONRL still produces
more valid and compilable kernels than AutoTriton, marking full-architecture generation as
a direction for future improvement. On TritonBench-T (Appendix F.9), a different benchmark
family, TRITONRL outperforms the fine-tuned Triton-specialized baselines (KernelLLM,
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AutoTriton) across validity, correctness, and speedup, with the largest margin on speedup
(roughly a 4 x higher fast; than AutoTriton).

Robust Verification Prevents Reward Hacking. In Figure 2, we analyze the validity
of Triton codes generated by fine-tuned models to understand the types of errors each
model is prone to. Although TRITONRL and other fine-tuned baselines (KernelLLM and
AutoTriton) learn to generate more valid codes after fine-tuning, a more detailed breakdown
reveals that they exhibit a much higher proportion of functionally invalid codes (red). In
contrast, TRITONRL generates significantly fewer invalid codes in terms of both syntax and
functionality after fine-tuning, demonstrating the effectiveness of our robust verification in
enhancing code quality without reward hacking.

Moreover, Table 1 highlights how heavily prior models relied on cheating shortcuts. Without
functionality verification (i.e., w/o the robust verifier), AutoTriton’s correctness jumps from
57% to 87%, revealing its tendency to exploit loopholes by superficially meeting syntax
checks rather than producing truly functional Triton codes. In contrast, TRITONRL shows
only a slight increase (< 3%), suggesting it learns to generate genuine code without relying
on shortcuts.

Reliability of the LLM Judge. To ensure the integrity of our reward signal, we validate
the LLM judge’s reliability in Appendix H.1. When evaluated against reference labels from
a training-independent frontier judge (Opus 4.5 (Anthropic, 2025b)) and human experts, our
verifier demonstrates exceptionally low error rates, achieving 2.0% for both false positives
and false negatives against the frontier model, and single-digit rates for both against human
evaluation. As a direct test of judge dependence, re-evaluating all models on KernelBench
Level 1 with Opus 4.5 (not used at any point during training) as the functionality judge
preserves TRITONRL'’s lead over AutoTriton and the Qwen3 base, with correctness matching
Table 1 within 1-3 points (Appendix H.2, Table 16). This confirms that our verification
framework provides a trustworthy, unbiased foundation for RL training and effectively
mitigates cheating behaviors.

Effectiveness of HRD: Hierarchical vs. Uniform. With the integrity of our reward signals
established, we now compare it with a uniform reward assignment approach, where a single
reward is uniformly applied to all tokens without distinguishing between plan and code
tokens, which is the reward design chosen by Li et al. (2025b); Baronio et al. (2025). To
generalize the reward function used in Li et al. (2025b) and Baronio et al. (2025), we define
a uniform reward as a weighted combination of correctness and speedup conditioned on
validity, which can be expressed as

ri = ,B . Rcorrect(gi, Oi,j) + (1 _ 'B) . Rspeedup (giroi,j)r (3)

where B € [0,1] is a hyperparameter that controls the ratio of correctness in the reward
mixture. In Li et al. (2025b), the reward is computed only based on correctness, which
corresponds to f = 1.0, while in Baronio et al. (2025), the reward is defined as the sum of
correctness and speedup with some fixed weights. We defer the detailed GRPO formulation
for uniform reward to Appendix D. We compare TRITONRL using hierarchical reward
decomposition against models trained with uniform reward designs for various p values,
keeping all other RL training settings (GRPO algorithm, hyperparameters, and pre-RL
fine-tuning) consistent.

Table 2 demonstrates that hierarchical reward decomposition consistently yields higher
correctness and speedup than any uniform reward configuration. While prior works (Li
et al., 2025b; Baronio et al., 2025) explored single reward functions with various mixtures of
correctness and speedup, our results demonstrate that such uniform designs have limitations
in achieving the best model performance. This suggests that decoupling rewards by token
class provides more targeted learning signals, better aligning with the distinct roles of
planning and coding and leading to higher-quality Triton code generation.

To further validate our design, Appendix F.1 shows that HRD yields more stable train-
ing curves with consistent improvements across metrics compared to uniform designs.
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Reward Type B valid compiled / correct fast; / fastp
Hierarchical (a«*) - 100.0 100.0 / 78.0 36.0 / 13.0
Uniform 0.0 100.0 100.0 / 65.0 33.0 /15.0
Uniform 0.3 100.0 100.0 / 68.0 29.0 / 14.0
Uniform 0.5 100.0 100.0 / 68.0 35.0 /13.0
Uniform 0.7 100.0 100.0 / 70.0 34.0 /12.0
Uniform 0.9 100.0 100.0 / 75.0 31.0 /11.0
Uniform 1.0 100.0 100.0 / 70.0 35.0 /12.0

Table 2: Comparison of hierarchical versus uniform reward designs on KernelBench Level 1
tasks. All metrics are reported as pass@10 (%). Reward type specifies whether the single
reward is assigned uniformly across all tokens (Uniform) as in (3), or the reward signal
is decomposed by token class (Hierarchical) as in (2). The hyperparameter  controls the
proportion of correctness in the single reward function applied to all tokens. The models
are trained from the same SFT checkpoint distilled from DeepSeek-R1.

Additionally, an ablation study on the hyperparameter a in Appendix F.6 confirms that
updating plan tokens more slowly than code tokens yields the optimal performance, further
solidifying the robustness of the HRD framework.

4 Conclusion and Limitations

In this work, we introduce TRITONRL, a specialized LLM for Triton code generation trained
via a novel RL framework with verifiable and hierarchical rewards, achieving state-of-
the-art performance on KernelBench. While generating complex fusion kernels remains
an open challenge due to sparse reward signals and model reliance on high-level APIs,
TRITONRL still consistently outperforms much larger frontier models. Ultimately, our robust
verification and HRD mechanisms provide an essential foundation for hardware-aware RL.
Future work will explore extending the verifier with formal guarantees, evaluating across
diverse accelerators, and scaling TRITONRL to larger foundation models.

Limitations. Realizing this foundation more broadly, however, requires being explicit
about where the present study stops; we accordingly delimit the scope of our claims along
four axes. (i) Model scale. All results are obtained at the 8B scale. Appendix E5 shows that the
framework transfers across base models at this scale (it improves all metrics when applied to
the Seed-Coder-8B-Reasoning base used by AutoTriton), but generalization beyond 8B is not
established empirically here. (ii) Task regime. The framework targets single-operator (Level
1) and simple-fusion (Level 2) kernel generation, though suppressing functional shortcuts
is harder on Level 2, where several operators must be fused into one kernel (Table 1).
Full-architecture (Level 3) synthesis lies outside this regime, and the Level-3 numbers in
Appendix E8 confirm that correctness at that scale remains unsolved for all compared
models. (iii) Hardware. Because RL with execution feedback uses runtime measurements
from the target accelerator, the trained policy reflects the performance characteristics of
the NVIDIA L40S; cross-hardware transfer is not evaluated in this work. (iv) Validation
scope. The reported ablations are single training runs, and the human component of our
judge-reliability audit covers 22 kernels. Addressing these limitations forms the primary
direction of our future work: scaling beyond 8B and toward full-architecture (Level 3)
synthesis, evaluating cross-hardware transfer, and broader experimental validation.
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A Related Work

A.1 LLM for Kernel Generation

The exponential growth in demand for GPU computing resources has driven the need for
highly optimized GPU kernels that improves computational efficiency. However, writing
efficient GPU kernels is a complex and time-consuming task that requires specialized
knowledge of GPU architectures and programming models. This has spurred significant
interest in leveraging Large Language Models (LLMs), for automated kernel generation,
especially for CUDA and Triton (Shao et al., 2024; Ouyang et al., 2025; Li et al., 2025a;
NVIDIA Developer Blog, 2025). While these general-purpose models excel at a variety
of programming tasks, they often struggle with custom kernel generation, achieving low
success rates on specialized gpu programming tasks (Ouyang et al., 2025), highlighting the
need for domain-specific models tailored to kernel synthesis.

For CUDA kernel generation, Ouyang et al. (2025) introduced KERNELBENCH, an open-
source framework for evaluating LMs’ ability to write fast and correct kernels on a suite of
250 carefully selected PyTorch ML workloads. Furthermore, Lange et al. (2025) presented an
agentic framework, which leverages LLMs to translate PyTorch code into CUDA kernels and
iteratively optimize them using performance feedback. Additionally, several works have
focused on fine-tuning LLMs tailored for CUDA kernel generation. For example, Kevin-32B
(Baronio et al., 2025) is a 32B parameter model fine-tuned via multi-turn RL to enhance
kernel generation through self-refinement, and CUDA-L1 (Li et al., 2025c) applies contrastive
reinforcement learning to DeepSeek-V3-671B, achieving notable speedup improvements in
CUDA optimization tasks.

Another line of research focuses on Triton kernel generation. Li et al. (2025a) introduced
TRITONBENCH, providing evaluations of LLMs on Triton programming tasks and highlight-
ing the challenges of Triton’s domain-specific language and GPU programming complexity.
To further enhance LLMs’ capabilities in Triton programming, Fisches et al. (2025) have
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introduced KernelLLM, a fine-tuned model of Llama3.1-8B-Instruct via supervised fine-
tuning with Pytorch and Triton code pairs in KernelBook Paliskara & Saroufim (2025), but its
performance is limited by the quality of training data. Similarly, Li et al. (2025b) introduced
AutoTriton, a model fine-tuned specifically for Triton programming from Seed-Coder-8B-
Reasoning Zhang et al. (2025), which achieves improved performance via SFT and RL with
verifiable rewards based on correctness and rule-based Triton syntax verification, which
may have limited improvement in runtime efficiency due to correctness-focused rewards.
Both KernelLLM and AutoTriton are concurrent works developed alongside our work, and
we provide a detailed comparison in Section 3.2.

A.2 Reinforcement Learning with Verifiable Rewards

Reinforcement Learning (RL) has become a key technique for training Large Language
Models (LLMs), especially in domains where verifiable reward signals are available. Unlike
supervised fine-tuning (SFT), which relies on curated examples, RL enables models to learn
through trial and error, guided solely by reward feedback. This makes the design of accurate
reward functions critical, as the model’s behavior is shaped entirely by the reward signal. As
a result, RL with verifiable rewards (RLVR) (Lambert et al., 2025; Team et al., 2025; Guo et al.,
2025) has gained significant traction in applications like mathematics and code generation
(Shao et al., 2024; Li et al., 2022), where external verification is feasible through solution
correctness or unit test outcomes.

In math and coding applications, the reward can be directly computed solely based on
the final outcomes when ground-truth answers or unit tests are available. For tasks where
validation is not available or noisy, rule-based verification or LLM-based judges can be
employed to verify the quality of generated content (Guha et al., 2025; Guo et al., 2025). For
coding tasks, unit tests are commonly used to measure whether generated code meets the
specified requirements (Le et al., 2022; Ouyang et al., 2025). However, unit tests often fail to
cover edge cases or fully capture the problem requirements, leading to potential “reward
hacking” (Skalse et al., 2022) where the model generates code that passes the tests but does
not genuinely solve the task (Sharma et al., 2024; Gao et al., 2024). Such reward hacking has
been observed in kernel generation tasks, where models produce superficially correct codes
passing unit tests by using high-level Pytorch modules instead of implementing custom
kernels. To address this, some works Li et al. (2025b); Baronio et al. (2025) have introduced
rule-based verification, which checks kernel syntax or use of specific high-level modules.

A.3 Credit Assignment in RLVR

The observation that a single sequence-level reward assigns credit agnostically across tokens
has recently motivated several non-uniform credit-assignment designs. HICRA (Wang
et al,, 2025) (hierarchy-aware credit assignment) amplifies a single reward on high-impact
planning tokens to concentrate optimization pressure on strategic content. GTPO and
GRPO-S (Tan et al., 2025) reweight a single reward through entropy-based dynamic weight-
ing, at the token level and the sequence level respectively. RLAD (Qu et al., 2025) targets
credit for high-level strategic content by training a separate abstraction generator and solu-
tion generator as a two-player game. No prior method couples multiple different reward
signals to multiple token classes within a single-policy.

B Notations

The following notations will be used throughout this paper. For notational simplicity, we
denote any function f(g,0;) as f; when the context is clear.
* g: prompt given to the model, defining a task to implement in Triton

* 0: output sequence generated by the model, which includes both reasoning trace
and Triton code

* 719: policy model with parameters 6
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¢ G: group size for GRPO

* 0;;: j-th sample in the group G for the i-th prompt, which includes a reasoning trace
that provides the “plan” for Triton code optimization and implementation and the
plan code
, 0§

final “Triton code”, i.e. 0;; = {oi’]- 0

e Ti: - set of token indices corresponding to token class ¢ € {plan, code} in the j-th
sample of the i-th prompt

o ] : reward function for token class ¢ € {plan, code}.

J Af = i é Z]G:1 rf,j: token-level advantage of the j-th sample for prompt g;

belongmg to token class ¢ € {plan, code}.

C Metrics

We provide the formal definitions of the evaluation metrics used in this paper. Given a set

of N tasks {g,})_, and k samples {0,,;}*_; generated by the model for each task, we define
the following metrics:

1 N
valid = N Z ma}g}( 1(syntax(gu, 0,) - func(gn, 04i) = 1)

n=1

N
compiled = ﬁ Z ax]l (syntax(gn,0y,:) - func(gn, 0y,) - compiled(gn, 0,i) = 1)
N
correct = Z ax 1(syntax(gu, 0p,) - func(gn, 0,;) - correct(gn, 0,,) = 1)

N
fast, = Z ax]l (syntax(gn, 04,7) - func(gn, 0,,;) - correct(gn, 0y, ;) - speedup(gn, 0ni) > p)

N
mean_speedup = N 2 syntax(gn,on i) - func(gn, 0y) - correct(gy, 0,,;) - speedup(gn, 0y,i))

(4)

C.1 Measurement Protocol and Runtime Stability

We follow the default KernelBench evaluation protocol and make its specifics explicit here.

Correctness. Each generated kernel is compared against the reference PyTorch implemen-
tation on five randomly generated inputs with atol = rtol = 1 x 10~? (the KernelBench
default), using the dtype specified by each reference task (predominantly float32). Robust-
ness to varied input shapes is evaluated separately in Appendix E.3, where each of the 100
tasks per level is run under five distinct input shapes.

Speedup and runtime variance. For each kernel we measure runtime over 10 timed runs
preceded by 3 warmup iterations on a single NVIDIA L40S, and report speedup as the
ratio of the reference mean runtime to the generated-kernel mean runtime. To summarize
measurement stability we report the coefficient of variation (CV = std / mean) of the per-
kernel runtime: per task we take the best correct generation’s runtime CV and pair it with
that task’s PyTorch baseline CV (Table 3). The median per-task CV stays at or below 0.31%
for the custom kernel and 0.25% for the baseline across all three models, giving a propagated
speedup-ratio CV of at most 0.40%, far smaller than the performance differences reported in
Table 1.
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Table 3: Per-task runtime CV (%) on KernelBench Level 1, using the best correct generation
per task. custom denotes the generated Triton kernel and baseline the PyTorch reference.
N is the number of tasks passing the robust verifier, that is, tasks where both executed
successfully, outputs matched, and no cheating, syntax, or functionality flag was raised.

Model Source N median p90
AutoTriton custom 56 0.16 0.69
AutoTriton baseline 56 0.16 2.96

TRITONRL (D) + A custom 78 0.31 2.73
TRITONRL (D) + IA  baseline 78 0.25 4.25
TRITONRL (G) + A custom 87 0.25 2.62
TRITONRL (G) + IA  baseline 87 0.24 4.30

D GRPO with uniform reward assignment

Here we provide the detailed formulation of GRPO with uniform reward assignment, which
is used in our experiments (Section 3.2) to compare with our proposed hierarchical reward
assignment. The GRPO objective with uniform reward assignment is defined as

Tareo(0) = By Dy, (0,16 g (1g;) [Loareo(0:1)] (5)

where 719 and 774, are the policy model and reference model, g; denotes a prompt given to
the model, defining a task to implement in Triton, and o; ; represents i-th response generated
by the model for g; in the group G. The GRPO losses L(0, i) is computed as

1 G 1 ‘01,/‘ 719(0; i ¢1g,0; ; 1to(0;i4lg,0; i
£GRPO(6/ i) _ Ai,j - min 8( L],th 1,],<r) Clip (9( z,],r|’1 1,],<t)), 1—el+e ; (6)
=1 1

G = loijl 79,14 (01,419, 03 j<t)” 726,14 (0,619, 04 j, <t

where A; ; denotes the group-wise advantage uniformly applied to all tokens, computed as
Ajj=rij— % chzl rij, with r; ; being the reward for the i-th sample. In the uniform reward

assignment, we define the reward as a weighted combination of correctness and speedup
conditioned on validity, which can be expressed as

rij= ,3 . Rcorrect(gi, Oi,j) + (1 _ 'B) . Rspeedup (girOi,j)r (7)

where B € [0,1] is a hyperparameter that the ratio of correctness in the reward mixture.

E Training Details

E.1 Base Model Priming and Task Curation

For a model to effectively optimize Triton kernels via RL, it must first possess a founda-
tional understanding of Triton syntax and be exposed to a high quality task distribution
during RL. We address these requirements through two efforts: (1) base model priming
via knowledge distillation to instill fundamental programming skills and (2) task curation
via data augmentation and difficulty aware data mixing to construct an optimal training
distribution for RL.

E.1.1 Triton Knowledge Distillation via SFT

Recent studies indicate that pretrained language models, particularly at the 8B scale, exhibit
limited proficiency in Triton programming, often struggling with low level syntax and
hardware specific optimization (Fisches et al., 2025; Li et al., 2025b). To bridge the gap,
we perform supervised fine-tuning (SFT) on a base model to distill expertise from frontier
models into a more efficient base. In this paper, we utilize Qwen3-8B (Team, 2025) as our
base model.
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Our primary data source is KernelBook (Paliskara & Saroufim, 2025), which contains a rich
collection of Triton kernel generation tasks paired with reference PyTorch implementations.
We define Gxp = {gi}ie{l,.,_,11 k) as a set of 11K tasks sampled from KernelBook. For each

task query q; = q(g;), wrapped with an instruction to generate a Triton kernel for task g;, we
prompt a teacher model to generate Triton kernels multiple times, denoted by m; € [1,10].
Each resulting output o; ; (where j € {1,...,m;}) consists of a synthesized reasoning trace
followed by the corresponding Triton implementation. For a given teacher model 7tieacher,
this process yields an SFT dataset:

Dsrr = {(gi,0; . .
SFT { (ql l']) }giEgKB/qi:q(gi)r{oi,j};"Z1Nnteacher('lqi)

With the SFT dataset, we train our base model parameterized by 6, 7y, to maximize the
log-likelihood:

e ]E(qifoi,j)NDSFT [log g (Oi,j|l7i)] :

Through SFT, it learns to internalize the underlying logic of kernel optimization rather
than simply memorizing syntax. To explore the impact of different teacher expertise, we
construct two separate SFT datasets (approximately 60K samples each) using DeepSeek R1
(Guo et al., 2025) and GPT OSS 120B (OpenAl, 2025) respectively, resulting in two distinct
SFT models. Examples of task queries and outputs are provided in Appendix G.5, with
additional training details in Appendix E.2.

E.1.2 Data Augmentation and Difficulty-Aware Data Mixing

The selection of training data is crucial for effective RL post-training, and many works have
shown that selective sampling by leveraging additional information, such as difficulty or
interaction between data points, can significantly improve model performance (Yu et al.,
2025; Chen et al., 2025; 2024). While KernelBook provides a large-scale and diverse set
of kernels, naive uniform sampling may lead to suboptimal efficiency. Consequently, we
augment each task and apply a difficulty aware mixing strategy to refine the RL training set.

Diverse Input Augmentation. We start from the KernelBook task set Gxg = {gi}icq1,... 11k}

used to construct the SFT datasets. To increase diversity and robustness, we augment
each task g; with additional input-generating functions using GPT-OSS 120B, producing
randomized input shapes. After augmentation, we validate five input shapes for each task
by execution. We denote the resulting set of augmented tasks as Gxp = {gﬁ}ie{l,_.JgKB‘}. By

default we use the original task set Gxp; when RL training uses the augmented set Gxp we
indicate this with “+ IA”. In Section 3.2, we analyze the impact of input augmentation on
final performance.

We now detail the augmentation mechanism, distinguishing it from the separate evaluation-
time procedure of Appendix E3. Training-time augmentation (KernelBook, used by “+I1A”).
The original KernelBook tasks ship with deterministic get_inputs() functions returning
tensors of a single fixed shape (often a small default such as [4, 4, 4, 41). For each
task, GPT-OSS 120B is prompted to rewrite get_inputs() into a function that samples input
shapes randomly on every call, under hard rules that (a) randomize only data-dependent
dimensions (batch, sequence, graph size, and the like), (b) preserve parameter-dependent
and semantically fixed dimensions, and (c) keep shared semantic axes consistent across
inputs, so that for instance an adjacency matrix remains square with the same node count as
the corresponding feature tensor. The rewritten function is validated with 5 random seeds
and accepted only if forward executes successfully under all of them. The accepted function
is inserted into the reference code in the training prompt, so during RL each rollout observes a
freshly sampled shape rather than the single fixed shape of the original task. After validation,
the augmented training set contains 2,605 Level-1 tasks and 7,262 Level-2 tasks, of which
99.2% (Level 1) and 99.9% (Level 2) randomize the input shape itself; the remainder are
tasks whose forward takes no input tensor (return [1), for which shape augmentation does
not apply. Evaluation-time augmentation (KernelBench, Appendix F.3). KernelBench'’s standard
evaluation uses a single fixed input shape per task. As a separate multi-shape robustness
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diagnostic we materialize 5 distinct shapes per task and run each kernel on all of them
(5 x 100 = 500 evaluations per level). This procedure is evaluation-only and never feeds
back into training.

The following illustrates what the augmenter produces:

# Original KernelBook get_inputs(): single fixed shape
def get_inputs():
return [torch.rand(4, 4, 4, 4), torch.rand(4, 4, 4, 4)]

# After +IA: shape randomized per call, shared axes kept consistent
def get_inputs():
rank = torch.randint(1, 5, (1,)).item()
shape = [torch.randint(1, 11, (1,)).item() for _ in range(rank)]
return [torch.rand(*shape), torch.rand(*shape)]

Each call yields a new shape; the two tensors share a shape so that broadcasting-sensitive
operations stay valid; and only data-dependent dimensions vary, by construction of the
hard rules. The 5-seed execution check rejects any rewritten function whose sampled shapes
can break forward, so the variation covers shared-axis, batch, sequence, and graph-size
variation without degenerating into either pure numeric reshaping or forward-breaking
shapes.

Difficulty-Aware Data Mixing. Then, following the difficulty levels defined in Ker-
nelBench (Ouyang et al., 2025), we classify tasks into two levels, where Level 1 repre-
sents single-kernel tasks, such as convolution, and Level 2 represents fusion tasks, such
as conv+bias+ReLU. To label each task g;, we utilize an LLM based labeler (Qwen3-
235B-Instruct (Team, 2025)) and let the difficulty label as d; = d(g;) € {1,2}. Focus-
ing on Level 1 and Level 2 tasks, we denote the subset of tasks at difficulty level d as

g}fg = {gi € Gkpld(g;) = d} for d € {1,2} and construct RL training datasets according to
various mixture probabilities p as follows:
D = irYi ’

where p = (p(V, p?) € [0,1]? where p(?) denotes the sampling probabilities for difficulty
level d. In our experiments (Section 3.2), we explore different training data mixtures and
evaluate their effectiveness during RL post-training to identify the optimal configuration.
Throughout this paper, we set p = (1.0,0.0) unless otherwise specified and omit p for
notational simplicity. Additional details regarding the labeling prompt is provided in
Appendix G.1.

E.1.3 Train/Evaluation Overlap Analysis

Since the RL tasks above are drawn from KernelBook while evaluation uses KernelBench,
we verify that the two do not overlap at the task level, quantifying potential contamination
along three dimensions.

(1) Reference PyTorch code. KernelBook reference code is collected from public GitHub
repositories (Paliskara & Saroufim, 2025), while KernelBench is independently curated
by Ouyang et al. (2025) for benchmark evaluation; the two are independently sourced.
To quantify structural similarity, we parse each PyTorch reference and pass it through a
normalizer that anonymizes identifier names and collapses numeric literals, so that two tasks
differing only in shape constants or numeric hyperparameters yield identical normalized
ASTs. Normalized ASTs are compared with difflib.SequenceMatcher, which returns a
similarity in [0, 1], and we report the fraction of KernelBench tasks whose best match in the
comparison set reaches similarity > 0.8 (Table 4). Overlap with KernelBook is at most 1% at
every level, against a within-KernelBench self-baseline of 38-87%.

(2) Operation structure. For each reference implementation we extract the set of torch. *,
nn.*, and F.* API calls together with binary tensor operators (@, +, *, and so on) invoked
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Table 4: Fraction (%) of KernelBench tasks whose nearest neighbor by normalized-AST
similarity exceeds 0.8.

Comparison set Levell Level2 Level3
KernelBook — KernelBench 1.0 0.0 0.0
KernelBench self-baseline 87.0 59.0 38.0

inside the Model class’s forward and __init__, and measure operator overlap by the Jaccard
similarity of these sets. For each KernelBench task we record the highest Jaccard against the
comparison set, and report the fraction clearing 0.8 in Table 5. KernelBook— KernelBench
overlap is comparable to (Levels 1 and 2) or below (Level 3) the within-KernelBench self-
baseline, so no KernelBook task is operationally more similar to a KernelBench task than
KernelBench tasks are to one another. The residual overlap reflects shared ML primitives,
which is expected.

Table 5: Fraction (%) of KernelBench tasks whose nearest neighbor by operator-set Jaccard
similarity exceeds 0.8.

Comparison set Level 1 Level2 Level3
KernelBook — KernelBench 57.0 7.0 14.0
KernelBench self-baseline 51.0 6.0 38.0

(3) Input-generation functions. Both KernelBook and KernelBench draw input values
randomly at evaluation time, and our “+IA” variants further randomize input shapes
during training (Appendix E.1.2). The probability that a training instance matches a specific
KernelBench input is therefore near zero by construction.

E.2 Hyperparameters and Training Setup

For generating reasoning and code traces for SFT, we use temperature=0.6, top_p=0.95
for DeepSeek-R1 (Guo et al., 2025) and temperature=1.0, top_p=1.0 for GPT-OSS 120B
(OpenAl, 2025). To label difficulty, we further label tasks into three difficulty levels using
Qwen3-235B-Instruct (Team, 2025) (temperature=0.7, top_p=0.8).

For SFT, we train for 2 epochs on DeepSeek-R1-generated data with a maximum sequence
length of 12,288 tokens and 3 epochs on GPT-OSS 120B-generated data with a maximum

sequence length of 16,384 tokens, all with a batch size of 16 and a learning rate of 1 x 107°.

For RL, we train the model for 2 epochs using the VeRL framework (Sheng et al., 2025) with
a batch size of 32, a learning rate of 1 x 107, a clip ratio of € = 0.2 for the GRPO objectives,
the maximum prompt length 2,048, and the maximum response length 16, 384. We use 8
NVIDIA A100 80GB GPUs for both SFT and RL training.

Note that TRITONRL (G), a model trained with SFT checkpoint distilled from GPT-OSS 120B,
was trained with 8 NVIDIA H200 GPUs due to resource constraints. Also, we use Kernel-
Book (Paliskara & Saroufim, 2025) tasks where input generating functions are augmented
using GPT-OSS 120B for RL training.

Seeds. Unless stated otherwise, every number reported in this paper comes from a single
training run. Evaluation draws k = 10 samples per task, so the reported pass@10 met-
rics already average over decoding randomness; the single-run caveat concerns training
randomness only.

Baseline Evaluation Configuration. All baselines and all TRITONRL variants are evaluated
under an identical configuration, so that the comparisons in Table 1 differ only in the model
being evaluated. We use the same decoding parameters as during training, including the
maximum response length, temperature, and top_p, together with the one-shot prompt
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template of Appendix I.1 and a budget of k = 10 samples per task. Rollouts are generated
on H200 gpus, while kernel compilation and runtime measurement are performed on L40S.

F Additional Experiment Results

F1 Training Stability.

We analyze the training stability of TRITONRL by tracking the evolution of validity, cor-
rectness, and speedup metrics across 166 RL training iterations (2 epochs), applying a
10-iteration smoothing window to highlight underlying trends. As shown in Figure 5,
TRITONRL with Hierarchical Reward Decomposition (HRD) demonstrates highly stable
training dynamics, exhibiting steady improvements across all evaluated metrics without
significant performance collapse. Furthermore, in Figure 6, when compared to baseline
models trained with uniform reward designs, the uniform approaches, particularly those
relying solely on speedup, exhibit more volatile training trajectories and performance fluc-
tuations. In contrast, TRITONRL with HRD maintains more stable improvements across
all metrics, demonstrating that the hierarchical reward structure provides more consistent
learning signals, leading to more stable training.

08{ —e— HRD (correct) —+— HRD (valid)
HRD (speedup)

Kernel performance (correctness, speedup, valid)

~ > > > > > > > >
» » (3 & Ky % K K
Iteration

Figure 5: Training stability analysis of TRITONRL with hierarchical reward decomposition
(HRD). The curves show the trends of validity, correctness, speedup for training data across
RL training iterations (2 epochs).

E2 Pass@k Results

We evaluated inference scaling by varying the number of sampled attempts (k = 1,5,10), as
illustrated in Figure 7 and Figure 8. The correctness and runtime efficiency of TRITONRL
increases with more samples, whereas Kernel LLM and Qwen3-8B show limited improve-
ment, suggesting that TRITONRL generates a more diverse set of codes and benefits from
additional sampling during inference.

We also report pass@1 and pass@5 results for KernelBench Level 1 and Level 2 tasks in
Table 6 and Table 7. These results further demonstrate the strong performance of TRITONRL
in generating valid, correct, and efficient Triton code across various pass@k metrics.

E3 Robustness gains from diverse input augmentation (IA)

To demonstrate the effectiveness of our input augmentation (IA) strategy in enhancing
model robustness to diverse input shapes, we conducted additional experiments on input-
augmented KernelBench Level 1 and Level 2 tasks, where five distinct input shapes were
used for each of the 100 tasks per level (500 total evaluations per level). The results,
presented in Table 8, indicate IA improves correctness and speedup for small k (pass@1 and
pass@5), showing its role in enhancing robustness to input variations on initial attempts.
As k increases to 10, the performance gap narrows or even reverses, suggesting that with
sufficient sampling models can produce high-quality outputs regardless of exposure to
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Figure 6: Training curves for TRITONRL and models with uniform reward designs (correct-
ness and speedup).
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Figure 7: Pass@k correctness and fast; for k = 1,5,10 on KernelBench Level 1 tasks. The
figures show how performance (correctness on the left, fast; on the right) of TRITONRL and
baseline models scales as the number of attempts increases.

diverse input shapes during training. Nonetheless, IA remains beneficial for robustness,
particularly in low-sample scenarios.

F4 Ablation on Difficulty-Based Data Mixtures.

We explore different data mixtures for RL training of TRITONRL to understand how training
data composition affects model performance. Our training dataset consists of two levels of
tasks, with the ratio controlled by a data mixture probability vector p = [p1, p2], where p;
and p, represent the probabilities of sampling Level 1 and Level 2 tasks, respectively. We
evaluate TRITONRL on KernelBench Level 1 and 2 tasks using three data mixing strategies
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Figure 8: Pass@k correctness and fast; for k = 1,5,10 on KernelBench Level 2 tasks. The
figures show how performance (correctness on the left, fast; on the right) of TRITONRL and
baseline models scales as the number of attempts increases.

Table 6: Pass@k performance comparison for k = 1,5,10 on KernelBench Level 1 tasks.

Model PASS@1 PASS@5 PASS@10
valid compiled / correct fast; / fast, valid compiled / correct fast; / fast; valid compiled / correct fast; / fasty
Qwen3 (8B) 70.0 65.0 / 10.0 3.0/20 96.0 96.0 / 17.0 5.0/4.0 99.0 99.0 / 23.0 9.0/5.0
Qwen3 (14B) 80.0 73.0/17.0 40/20 99.0 96.0 / 23.0 7.0 /6.0 100.0 99.0 / 35.0 9.0/7.0
Qwen3 (32B) 81.0 73.0/27.0 7.0/50 99.0 96.0 / 53.0 320/11.0 100.0 100.0 / 62.0 39.0 /16.0
KernelLLM 32.0 29.0 / 14.0 0.0/ 0.0 41.0 39.0 /19.0 0.0/0.0 42.0 40.0 / 20.0 0.0 /0.0
AutoTriton 65.0 57.0 / 35.0 8.0 /4.0 86.0 80.0 / 54.0 19.0/7.0 97.0 92.0/57.0 25.0 / 10.0
TRITONRL (D) 88.0 84.0 / 44.0 19.0 / 8.0 100.0 100.0 / 70.0 29.0 /120 100.0 100.0 / 78.0 36.0 /13.0
TRITONRL (D) +IA 88.0 83.0 /37.0 12.0 /9.0 100.0 99.0 / 69.0 28.0 /140 100.0 99.0 / 78.0 34.0/15.0
SFT w. DeepSeek-R1 (w/o RL) 75.0 70.0 /31.0 13.0/7.0 99.0 98.0 / 49.0 25.0 /10.0 100.0 100.0 / 54.0 28.0/12.0
TRITONRL (G) 69.0 64.0 / 25.0 12.0/9.0 100.0 98.0 / 59.0 28.0/150 100.0 100.0 / 76.0 35.0 /17.0
TRITONRL (G) +IA 72.0 72.0/29.0 13.0 /10.0  100.0 100.0 / 77.0 36.0 /220 100.0 100.0 / 88.0 41.0 / 22.0
SFT w. GPT-OSS 120B (w/0o RL) ~ 43.0 43.0 /15.0 6.0/5.0 94.0 92.0 / 48.0 19.0 /150  100.0 100.0 / 64.0 26.0 / 18.0
Claude-3.7 79.0 74.0 / 31.0 100 /5.0  100.0 100.0 / 51.0 21.0 /11.0  100.0 100.0 / 63.0 29.0 / 16.0
DeepSeek-R1 (685B) 83.0 81.0 / 32.0 13.0 /5.0 99.0 98.0 / 56.0 25.0 /12.0  100.0 100.0 / 69.0 28.0 /13.0
GPT-oss (120B) 79.0 78.0 / 46.0 18.0 /10.0  100.0 100.0 / 69.0 30.0/18.0 100.0 100.0 / 81.0 33.0 /22.0

Table 7: Pass@k performance comparison for k = 1,5,10 on KernelBench Level 2 tasks.

Model PASS@1 PASS@5 PASS@10
valid compiled / correct fast; / fast, valid compiled / correct fast; / fast, valid compiled / correct fasty / fasty
Qwen3 (8B) 7.0 7.0/0.0 0.0/0.0 29.0 29.0 / 0.0 0.0 /0.0 38.0 37.0/1.0 0.0 /0.0
Qwen3 (14B) 5.0 50/00 0.0/0.0 26.0 24.0 /0.0 0.0/0.0 40.0 38.0/1.0 0.0/0.0
Qwen3 (32B) 10.0 10.0 /1.0 1.0/1.0 28.0 26.0 /2.0 20/10 36.0 35.0/20 20/10
KernelLLM 0.0 0.0/00 0.0/0.0 1.0 0.0/0.0 0.0/0.0 3.0 0.0/00 0.0/00
AutoTriton 1.0 1.0/0.0 0.0/0.0 5.0 50/0.0 0.0 /0.0 11.0 10.0 /1.0 0.0/0.0
TRITONRL (D) 28.0 27.0/20 1.0/0.0 55.0 55.0 / 16.0 7.0/10 63.0 63.0 / 23.0 12.0 /3.0
TRITONRL (D) +IA 24.0 24.0 /3.0 3.0/20 42.0 41.0 / 14.0 100/5.0 52.0 51.0 / 24.0 16.0/7.0
SFT w. DeepSeek-R1 (w/o RL) 22.0 19.0 / 4.0 4.0/00 50.0 45.0 / 10.0 9.0/20 55.0 51.0 / 13.0 10.0 /3.0
TRITONRL (G) 49.0 47.0/ 4.0 3.0/10 88.0 87.0 / 16.0 11.0/20 91.0 91.0 / 23.0 150 /7.0
TRITONRL (G) +IA 44.0 44.0/6.0 50/20 83.0 82.0 /18.0 140/6.0 93.0 93.0 / 28.0 19.0 / 10.0
SFT w. GPT-OSS 120B (w/0o RL) ~ 41.0 40.0 /4.0 4.0/00 80.0 79.0 /10.0 7.0/10 88.0 88.0 /13.0 9.0/3.0
Claude-3.7 16.0 13.0 /2.0 0.0 /0.0 320 31.0 /12.0 3.0/00 34.0 34.0 /140 40/10
DeepSeek-R1 7.0 50/1.0 0.0/0.0 24.0 23.0/7.0 4.0/30 31.0 31.0 / 14.0 9.0/40
GPT-oss (120B) 9.0 9.0/20 1.0/10 30.0 29.0 /9.0 6.0/20 39.0 39.0 /15.0 12.0 / 4.0

Table 8: Pass@k results (k = 1, 5, 10) on input-augmented KernelBench Level 1 and 2. Each
of 100 tasks for each level was evaluated with five distinct input shapes (500 total for each

level).
Level 1
Model PASS@1 PASS@5 PASS@10
valid compiled / correct fast; / fast, valid compiled / correct fast; / fast, valid compiled / correct fast; / fasty
TRITONRL (D) 88.0 85.0 / 37.0 12.0 / 6.0 100.0 100.0 /64.0 27.0 /100  100.0 100.0 / 75.0 33.0 / 12.0
TRITONRL (D) +IA  85.0 81.0 / 39.0 140/7.0 100.0 99.0 / 65.0 27.0/11.0 100.0 99.0 / 72.0 32.0/13.0
TRITONRL (G) 64.0 62.0 / 30.0 120/7.0 99.0 99.0 / 67.0 26.0 /17.0 100.0 100.0 / 80.0 31.0 /19.0
TRITONRL (G) +IA  77.0 77.0 / 38.0 14.0 /8.0 99.0 99.0 / 73.0 29.0 /180  100.0 100.0 / 83.0 36.0 / 20.0
Level 2
Model PASS@1 PASS@5 PASS@10
valid compiled / correct fast; / fast, valid compiled / correct fast; / fast, valid compiled / correct fast; / fasty
TRITONRL (D) 31.0 29.0 /5.0 20/1.0 56.0 54.0 / 18.0 9.0/3.0 66.0 65.0 / 27.0 15.0 / 5.0
TRITONRL (D) +IA  25.0 240/5.0 3.0/1.0 43.0 42.0/13.0 8.0/3.0 52.0 51.0 / 20.0 13.0/ 4.0
TRITONRL (G) 44.0 42.0/5.0 30/1.0 85.0 84.0 /15.0 11.0 /5.0 94.0 93.0 / 23.0 14.0 / 6.0
TRITONRL (G) +IA  56.0 54.0 /8.0 6.0/3.0 88.0 86.0 / 22.0 14.0/7.0 94.0 93.0 / 29.0 19.0 / 10.0

for RL training: training exclusively on Level 1 tasks (p = [1,0]), exclusively on Level 2
tasks (p = [0,1]), and a balanced mixture of both (p = [0.5,0.5]), as summarized in Table 9.
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Interestingly, training exclusively on Level 1 tasks (p = [1,0]) yields the best correctness and
fast; on both Level 1 and Level 2 evaluations. Including Level 2 tasks during RL training
provides only marginal improvements or worsens performance on Level 2 tasks. This
may be because Level 2 tasks are inherently more complex, and reward signals from those
tasks are very sparse, making it difficult for the model to learn effectively. Consequently,
it suggests that focusing on fundamental single-operation tasks builds more robust Triton
block generation skills that transfer effectively to both simple and complex fusion scenarios,
rather than directly training on the more challenging fusion problems themselves.

Table 9: Ablation study on data mixture for RL training of TRITONRL, where the perfor-
mance is evaluated on KernelBench level 1 and level 2 tasks. The models are trained from
the same SFT checkpoint distilled from DeepSeek-R1.

Train Data Mixing Prob. LEVELL LEVEL2

Mixture P valid compiled / correct fast; / fast, valid compiled / correct fast; / fast,
Level 1 [1,0] 100.0 100.0 / 78.0 36.0 / 13.0 63.0 63.0 / 23.0 12.0 /3.0
Level 1+2 [0.5,0.5] 100.0 99.0 / 73.0 33.0/14.0 63.0 63.0 / 22.0 9.0 /3.0
Level 2 [0,1] 100.0 100.0 / 70.0 30.0 / 10.0 50.0 50.0 / 16.0 9.0/4.0

E5 Ablation on Base Model Choices

In this section, we investigate the impact of different base models for fine-tuning with our
RL framework. We compare two base models: Qwen3-8B, which is our main base model
used throughout this paper, and Seed-Coder-8B-Reasoning (Zhang et al., 2025), which is the
base model of AutoTriton (Li et al., 2025b). As shown in Table 10, TRITONRL fine-tuned
from Seed-Coder-8B-Reasoning outperforms AutoTriton, which is also fine-tuned from
the same base model, across all metrics on KernelBench Level 1 and Level 2 tasks. This
demonstrates the effectiveness of our RL fine-tuning approach regardless of the base model.
Furthermore, when comparing TRITONRL fine-tuned from Qwen3-8B and from Seed-Coder-
8B-Reasoning, we observe that the former achieves significantly higher correctness and
speedup on both Level 1 and Level 2 tasks, indicating that Qwen3-8B is a more effective
foundation for our RL fine-tuning.

Table 10: Comparison of TRITONRL fine-tuned from different base models (Qwen3-8B and
Seed-Coder-8B-Reasoning) on KernelBench Level 1 and Level 2. All metrics are reported
as pass@10 (%). TRITONRL (G) indicates our model initialized from the GPT-OSS 120B
SFT checkpoint; + IA denotes input augmentation. "Qwen3-8B + TRITONRL (G) + IA”
and “Seed-Coder-8B-Reasoning + TRITONRL (G) + IA” refer to models fine-tuned with our
RL framework from the respective base models under identical settings. AutoTriton uses
Seed-Coder-8B-Reasoning as its base model and can be directly compared to "Seed-Coder-
8B-Reasoning + TRITONRL (G) + IA”.

LEVEL1 LEVEL2

Model #Params

valid compiled / correct fast; / fast, valid compiled / correct fast; / fast,
Seed-Coder-8B-Reasoning (base) 8B 91.0 82.0 /19.0 7.0/ 6.0 49.0 120/ 1.0 1.0/0.0
AutoTriton 8B 97.0 92.0 / 57.0 25.0 / 10.0 11.0 10.0 / 1.0 0.0/0.0
Seed-Coder-8B-Reasoning + TRITONRL (G) + IA 8B 99.0 99.0 / 61.0 27.0 / 17.0 86.0 85.0 / 17.0 11.0 / 5.0
Qwen3-8B (base) 8B 99.0 99.0 / 23.0 9.0/50 38.0 37.0/0.0 0.0/0.0
Qwen3-8B + TRITONRL (G) + IA 8B 100.0 100.0 / 88.0 41.0/22.0 93.0 93.0 / 28.0 19.0 / 10.0

F6 Ablation Study on Plan-to-Code Update Ratio ()

We also analyze the effect of the hyperparameter «, which controls the relative update rate
of planning versus coding actions during RL training. Smaller « values slow down plan
token updates, allowing coding actions to adapt to more stable planning distributions. As
shown in Table 11, « = 0.1 achieves the best overall performance, while higher values
(e.g., & = 1.0) lead to instability and reduce correctness and speedup. Conversely, setting
« = 0.0, disabling plan updates, also degrades results, indicating that some plan adaptation
is necessary. These findings highlight the importance of balancing plan and code updates to
avoid premature convergence and maximize Triton code quality.
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The per-response token-length statistics in Table 12 give this hyperparameter a precise
interpretation. Plan tokens constitute 88-93% of a response across the base model and both
TRITONRL variants, aggregated over KernelBench tasks with 10 rollouts per task. Conse-
quently, at equal per-token weight the plan segment would contribute roughly an order
of magnitude more gradient mass than the code segment; setting « = 0.1 approximately
rebalances the two segments’ gradient contributions, letting the coding policy evolve at a
rate comparable to the planning policy instead of being overwhelmed by it.

Table 11: Ablation study of the hyperparameter & in TRITONRL on KernelBench Level
1 tasks. All metrics are reported as pass@10 (%). « is the weighting factor, determining
how quickly plan tokens are updated relative to code tokens during training. The default
configuration uses a* = 0.1 and the models are trained from the same SFT checkpoint
distilled from DeepSeek-R1.

o valid compiled / correct fast; / fast,
0.0 100.0 100.0 /72.0 32.0/12.0
0.1 («*) 100.0 100.0 / 78.0 36.0 / 13.0
0.5 100.0 100.0 / 75.0 35.0 / 12.0
0.8 100.0 99.0 / 70.0 33.0 / 10.0
1.0 100.0 100.0 / 71.0 31.0 / 11.0

Table 12: Average plan / code token-length ratio per response, aggregated across Kernel-
Bench tasks (10 rollouts per task, then averaged over tasks).

Model Level Planratio Code ratio

Qwen3-8B (base) 091 0.09
TRITONRL (D) + IA 0.89 0.11
TRITONRL (G) +IA 0.88 0.12

1
1
1
Qwen3-8B (base) 2 0.93 0.07
2
2

TRITONRL (D) + IA 0.91 0.09
TRITONRL (G) + IA 091 0.09

E7 Comparison of Token-Class Reward Assignments

In GRPO, the advantage for the “code” component is computed relative to other codes
sampled in the same group, but those codes may be paired with different prior reasoning
traces (plans). Penalizing a correct implementation solely because it was conditioned on a
weak plan is undesirable: it risks discouraging valid Triton implementations and degrading
the base model’s already limited Triton skills. Thus, we assign correctness-based rewards
for code tokens to avoid such unwarranted penalties and to preserve model’s capability to
implement correct Triton code.

To validate this design and, more broadly, to map the full space of token-class reward

assignments, we sweep all four combinations of the two reward signals { Rspeedup  Reorrect}
over the two token classes {plan, code}, all trained for the same a = 0.1 starting from the
same SFT checkpoint distilled from DeepSeek-R1. Our assignment ((2)), speedup on plan
and correctness on code, is the first row of each block in Table 13.

Our assignment attains the best correctness and fast; on Level 1, and its margin is consid-
erably larger on Level 2, where the two configurations that place the correctness signal on
plan tokens lose 9-24 points of validity; this indicates that the speedup signal belongs on
the planning segment. Holding the plan reward fixed to speedup, assigning correctness
rather than speedup to the code tokens raises fast; from 33 to 36 on Level 1, consistent with
the rationale above: correctness rewards prevent accurate implementations conditioned
on suboptimal plans from being unfairly penalized, ultimately helping the model generate
more efficient kernels.
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Table 13: Four-corner reward-assignment ablation on KernelBench Level 1 and Level 2. All
metrics are reported as pass@10 (%). All models are trained with & = 0.1 from the same SFT
checkpoint distilled from DeepSeek-R1.

LEVEL 1

Plan reward Codereward valid compiled correct fast; fast,

speedup correct (HRD) 100 100 78 36 13

speedup speedup 100 100 78 33 13

correct correct 100 100 69 31 12

correct speedup 100 100 77 35 12
LEVEL 2

Plan reward Codereward valid compiled correct fast; fast,

speedup correct (HRD) 63 63 23 12 3
speedup speedup 39 38 14 10 3
correct correct 39 36 12 8 3
correct speedup 54 52 20 12 3

F.8 Evaluation on KernelBench Level 3

Level 3 consists of full-architecture tasks and falls outside the single-operator and simple-
fusion regime this work targets; in particular, Level-3 tasks were held out of the RL task pool,
so the policy received no execution feedback on full-architecture kernels during training.
Among fine-tuned 8B-scale models, TRITONRL produces more syntactically valid and
compilable kernels than the Triton-specialized baselines Kernel LLM and AutoTriton, but
correctness is 0 for every compared model, which indicates how far Triton-specialized
models at this scale currently stand from full-architecture kernel generation.

Table 14: KernelBench Level 3 (50 full-architecture tasks), pass@10 (%) across fine-tuned
8B-scale models. Level-3 tasks were excluded from the RL task pool.

Model valid compiled correct fast; fast
Kernel LLM 0.0 0.0 0.0 0.0 0.0
AutoTriton 4.0 0.0 0.0 0.0 0.0
TRITONRL (D) + 1A 22.0 20.0 0.0 00 00
TRITONRL (G) +IA  32.0 30.0 0.0 0.0 0.0

F9 Cross-Benchmark Evaluation on TritonBench

To test whether the gains transfer across benchmark families, we additionally evaluate on
TritonBench (Li et al., 2025a). We use the TritonBench-T tasks, providing PyTorch-aligned
operator-generation tasks. We converted the TritonBench-T problems that take tensors
and produce tensors (excluding Adam, SGD, random number generators, autocast, and
quantize_dynamic) into the KernelBench task format expected by our evaluation infrastruc-
ture, and evaluated 8-B scale fine-tuned models (KernelLLM, AutoTriton, TRITONRL) under
the identical protocol of Appendix E.2. As shown in Table 15, among fine-tuned 8B-scale
models, both TRITONRL variants outperform the Triton-specialized baselines Kernel LLM
and AutoTriton on every metric, with the largest margins on the speed metrics.

Table 15: TritonBench-T pass@10 (%) across fine-tuned 8B-scale models.

Model valid compiled / correct fast; / fast, mean speedup
Kernel LLM 87.0 839/ 16.8 16.8 / 3.1 0.29
AutoTriton 68.3 68.3 /429 56/12 0.39
TRITONRL (D) +IA 957 95.7 / 56.5 21.7 / 10.6 0.78
TRITONRL (G) +IA 92,5 919 /522 23.0 /6.8 0.63
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G Data curation and examples

G.1 Data Mixing Subset Creation

We labeled difficulty level of 11k PyTorch reference codes in KernelBook based on the
complexity of kernel implementation using Qwen3-235B-Instruct (Team, 2025). For each
given PyTorch reference code, we prompt Qwen3-235B-Instruct (temperature=0.7, top_p=0.8)
to label the difficulty level of replacing the PyTorch reference with Triton code as follows:

¢¢¢ <PyTorch reference code> ‘¢

Assign a kernel implementation complexity level (1, 2, or 3) of the provided reference
PyTorch architecture according to the criteria below:

e Level 1: Single primitive operation. This level includes the foundational building
blocks of Al (e.g. convolutions, matrix-vector and matrix-matrix multiplications,
losses, activations, and layer normalizations). Since PyTorch makes calls to several
well-optimized and often closed-source kernels under-the-hood, it can be challenging
for LMs to outperform the baseline for these primitive operations. However, if an
LM succeeds, the open-source kernels could be an impactful alternative to the closed-
source (e.g., CuBLAS [27]) kernels.

¢ Level 2: Operator sequences. This level includes Al workloads containing multiple
primitive operations, which can be fused into a single kernel for improved perfor-
mance (e.g., a combination of a convolution, ReLU, and bias). Since compiler-based
tools such as the PyTorch compiler are effective at fusion, it can be challenging for
LMs to outperform them. However, LMs may propose more complex algorithms
compared to compiler rules.

e Level 3: This level includes architectures that power popular Al models, such as
AlexNet and MiniGPT, collected from popular PyTorch repositories on GitHub.

G.2 Example of invalid Triton codes in KernelBook

The following is an example of invalid Triton code from KernelBook. The intended objective
is to implement a convolution layer with bias addition using Triton. However, the generated
code fails to correctly realize the convolution operation and bias addition within the Triton
kernel, resulting in incorrect functionality. Specifically, this is not a valid Triton implementa-
tion of conv2d because the actual convolution is performed outside the Triton kernel using
PyTorch modules. The Triton kernel itself only adds a bias term to the convolution output by
loading and adding per-channel bias values; it does not perform any of the core convolution
computations, such as sliding window access, dot products, or handling stride, padding, or
dilation. Thus, while the Triton code is syntactically valid and functionally correct for bias
addition, it does not implement conv2d and cannot be considered a genuine Triton-based
convolution.

import torch

import torch.nn as nn

import triton

import triton.language as tl

from torch._inductor.select_algorithm import extern_kernels

from torch._inductor.runtime.triton_heuristics import grid

from torch._C import _cuda_getCurrentRawStream as get_raw_stream
from torch._C._dynamo.guards import assert_size_stride

@triton.jit

def triton_poi_fused_convolution_0(in_out_ptr@, in_ptr@, xnumel, XBLOCK: tl.constexpr):
xoffset = tl.program_id(@) * XBLOCK
xindex = xoffset + tl.arange(@, XBLOCK)[:]
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tl.full([XBLOCK], True, tl.int1)

x3 = xindex

x1 = xindex // 4096 %

tmp@ = tl.load(in_out_ptr@ + x3, None)

tmpl = tl.load(in_ptr@ + x1, None, eviction_policy='evict_last')

tmp2 = tmp@ + tmpl

tl.store(in_out_ptre + x3, tmp2, None)

def call(args):
primals_1, primals_2, primals_3 = args
args.clear()

assert_size_stride(primals_1, (2, 3, 1, 1), (3, 1, 1, 1))
assert_size_stride(primals_2, (2,), (1,))
assert_size_stride(primals_3, (4, 3, 64, 64), (12288, 4096, 64, 1))

with torch.cuda._DeviceGuard(Q):
torch.cuda.set_device(0@)

buf@ = extern_kernels.convolution(
primals_3,
primals_1,
stride=(1, 1),
padding=(@, @),
dilation=(1, 1),
transposed=False,
output_padding=(@, 0),
groups=1,
bias=None

)
assert_size_stride(bufo, (4, 2, 64, 64), (8192, 4096, 64, 1))

buf1 = buf@
del bufo@

get_raw_stream(Q)

triton_poi_fused_convolution_0[grid(32768)](
buf1, primals_2, 32768,
XBLOCK=128,
num_warps=4,
num_stages=1

)
del primals_2

return bufl1, primals_1, primals_3

class ModelNew(nn.Module):
def __init__(self, num_classes=2, in_channels=3, is_deconv=False, is_batchnorm=False,
*args, **kwargs):
super (ModelNew, self).__init__()
self.is_deconv = is_deconv
self.in_channels = in_channels

self.is_batchnorm = is_batchnorm

self.final = nn.Conv2d(self.in_channels, num_classes, kernel_size=1)
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def forward(self, input_0):
primals_1 = self.final.weight
primals_2 = self.final.bias
primals_3 = input_0

output = call([primals_1, primals_2, primals_3])
return output[0Q]

G.3 Example of invalid Triton codes for Level 2 tasks

The following is an example of invalid Triton code generated during RL training of TRI-
TONRL. This level 2 task aims to implement a two-branch linear transformation with
message passing, structured like a Graph Neural Network (GNN) layer. However, while the
code implement linear transformations using a custom Triton kernel, it fails to fully realize
the intended GNN functionality with only Triton kernels by using torch.bmm.

import torch

import torch.nn as nn

import triton

import triton.language as tl

@triton.jit
def _linear_triton_kernel(
input_ptr, weight_ptr, bias_ptr, output_ptr,
B, M, N, K,
stride_input_b, stride_input_m, stride_input_k,
stride_weight_n, stride_weight_k,
stride_output_b, stride_output_m, stride_output_n,
BLOCK_SIZE_M: tl.constexpr, BLOCK_SIZE_N: tl.constexpr, BLOCK_SIZE_K: tl.constexpr,

pid_b = tl.program_id(@)

pid_m = tl.program_id(1)
pid_n = tl.program_id(2)
pid_m = tl.multiple_of(pid_m * BLOCK_SIZE_M, BLOCK_SIZE_M)
pid_n = tl.multiple_of(pid_n * BLOCK_SIZE_N, BLOCK_SIZE_N)

input_ptr += pid_b * stride_input_b
output_ptr += pid_b * stride_output_b

offs_m = pid_m + tl.arange(@, BLOCK_SIZE_M)
offs_n = pid_n + tl.arange(@, BLOCK_SIZE_N)
offs_k = tl.arange(@, BLOCK_SIZE_K)

input_ptrs = input_ptr + (offs_m[:, None] * stride_input_m + offs_k[None, :] *
stride_input_k)

weight_ptrs = weight_ptr + (offs_n[:, None] * stride_weight_n + offs_k[None, :] *
stride_weight_k)

acc = tl.zeros((BLOCK_SIZE_M, BLOCK_SIZE_N), dtype=tl.float32)

for k in range(@, K, BLOCK_SIZE K):
mask_k = (offs_k[None, :] < K - k)
mask_m = (offs_m[:, None] < M)
mask_n = (offs_n[None, :] < N)

a = tl.load(input_ptrs, mask=mask_k & mask_m, other=0.0)
b = tl.load(weight_ptrs, mask=mask_k & mask_n, other=0.0)
b = tl.trans(b)

acc += tl.dot(a, b)

input_ptrs += BLOCK_SIZE_K * stride_input_k
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weight_ptrs += BLOCK_SIZE_K * stride_weight_k

bias_ptrs = bias_ptr + offs_n
bias = tl.load(bias_ptrs, mask=offs_n < N, other=0.0)
acc += bias[None, :]

offs_out_m = pid_m + tl.arange(@, BLOCK_SIZE_M)

offs_out_n = pid_n + tl.arange(@, BLOCK_SIZE_N)

out_ptrs = output_ptr + (offs_out_m[:, None] * stride_output_m + offs_out_n[None, :]
* stride_output_n)

mask = (offs_out_m[:, None] < M) & (offs_out_n[None, :] < N)
tl.store(out_ptrs, acc, mask=mask)

def linear_triton(input, weight, bias):
B, M, K = input.shape
N = weight.shapel[@]
output = torch.empty((B, M, N), device=input.device, dtype=input.dtype)

grid = (B, triton.cdiv(M, 64), triton.cdiv(N, 64))

_linear_triton_kernel[grid](
input, weight, bias, output,
B, M, N, K,
input.stride(@), input.stride(1), input.stride(2),
weight.stride(@), weight.stride(1),
output.stride(@), output.stride(1), output.stride(2),
BLOCK_SIZE_M=64, BLOCK_SIZE_N=64, BLOCK_SIZE_K=64

)

return output

class ModelNew(nn.Module):
def __init__(self, state_dim, name='', out_state_dim=None):

super().__init__Q)
self.state_dim = state_dim
self.out_state_dim = out_state_dim if out_state_dim is not None else state_dim
self.fcl = nn.Linear(in_features=self.state_dim, out_features=self.out_state_dim)
self.fc2 = nn.Linear(in_features=self.state_dim, out_features=self.out_state_dim)
self.name = name

def forward(self, input, adj):
state_in = linear_triton(input, self.fcl.weight, self.fcl.bias)
temp = torch.bmm(adj, input)
forward_input = linear_triton(temp, self.fc2.weight, self.fc2.bias)
return state_in + forward_input

G.4 Invalid Triton code examples

Here, we provide some examples of invalid Triton code generated by the baseline models.

Example 1: Triton syntax failure (syntax = 0) — no Triton kernel. This is not a Triton
kernel because it does not include any custom @triton.jit kernel.

import torch

import torch.nn as nn

import triton

import triton.language as tl
import torch.nn.functional as F

# To replace with Triton, a custom kernel would be needed (not provided here)
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class ModelNew(nn.Module):
def __init__(self) -> None:
super().__init__()

def forward(self, x):
return F.avg_pool2d(x, kernel_size=3, stride=None, padding=0)

def get_inputs():
a = torch.randn(1, 128).cuda()
b = torch.randn(1, 128).cuda()
return [a, b]

def get_init_inputs():
return []

Example 2: Functional failure (syntax = 1, func = 0) — use of high-level PyTorch module.
This implementation contains a Triton kernel, but the main computation (convolution) is
still handled by the PyTorch nn.Conv3d module. The Triton kernel is only used for a simple
addition, rather than implementing the full intended operation.

import torch

import torch.nn as nn

import triton

import triton.language as tl

@triton.jit
def add_bias_kernel(
out_ptr,
bias_ptr,
n_elements,
out_C,
out_D,
out_W,
out_H,
BLOCK_SIZE: tl.constexpr,

pid = tl.program_id(@)

block_start = pid * BLOCK_SIZE

offsets = block_start + tl.arange(@, BLOCK_SIZE)
mask = offsets < n_elements

out = tl.load(out_ptr + offsets, mask=mask, other=0.0)

stride_channel = out_D * out_W * out_H
channel_idx = (offsets // stride_channel) %
bias = tl.load(bias_ptr + channel_idx, mask=mask, other=0.0)

out = out + bias
tl.store(out_ptr + offsets, out, mask=mask)

def triton_add_bias(out: torch.Tensor, bias: torch.Tensor):
assert out.is_cuda and bias.is_cuda, "Tensors_must._be_on_CUDA."

out = out.contiguous()
bias = bias.contiguous()
n_elements = out.numel()
BLOCK_SIZE = 128
grid = lambda meta: (

(n_elements + meta["BLOCK_SIZE"] - 1) // meta["BLOCK_SIZE"],

)
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batch_size, out_channels, D, W, H = out.shape

add_bias_kernel[grid](
out,
bias,
n_elements,
out_channels,

D!
WY
H)
BLOCK_SIZE=BLOCK_SIZE
)
return out

class ModelNew(nn.Module):
def __init__(

self,
in_channels: int,
out_channels: int,
kernel_size: int,
stride: int = 1,
padding: int = 0,
dilation: int = 1,
groups: int =1,
bias: bool = False

super (ModelNew, self).__init__()
self.conv3d = nn.Conv3d(

in_channels,

out_channels,

(kernel_size, kernel_size, kernel_size),

stride=stride,

padding=padding,

dilation=dilation,

groups=groups,

bias=bias

)

def forward(self, x: torch.Tensor) -> torch.Tensor:
out = self.conv3d(x)
if self.conv3d.bias is not None:
out = triton_add_bias(out, self.conv3d.bias)
return out

Example 3: Functional failure (syntax =1, func = 0) — hardcoded output and no meaning-
ful computation. While the Triton kernel is syntactically correct, but it doesn’t actually
implement the intended operation (Group Normalization). The kernel doesn’t compute
mean or variance, which are essential for GroupNorm. To implement real GroupNorm,
you’d need to compute per-group statistics and normalize accordingly. Also, it only loads
the input tensor and writes it back unchanged.

import torch

import torch.nn as nn

import triton

import triton.language as tl

@triton.jit
def groupnorm_kernel(
x_ptr, # Pointer to x tensor
y_ptr, # Pointer to y tensor (not used here)
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out_ptr, # Pointer to output tensor
n_elements, # Total number of elements
BLOCK_SIZE: tl.constexpr,

# Each program handles a contiguous block of data of size BLOCK_SIZE
block_start = tl.program_id(@) * BLOCK_SIZE

# Create a range of offsets [@..BLOCK_SIZE-1]
offsets = block_start + tl.arange(@, BLOCK_SIZE)

# Mask to ensure we don't go out of bounds

mask = offsets < n_elements

# Load input value

x = tl.load(x_ptr + offsets, mask=mask, other=0.0)
# Compute x squared

x_squared = x * X

# Store the result

tl.store(out_ptr + offsets, x, mask=mask)

def triton_groupnorm(x: torch.Tensor, y: torch.Tensor):
assert x.is_cuda and y.is_cuda, "Tensors_must_be_on_CUDA."
X = x.contiguous()
y = y.contiguous()

# Prepare output tensor
out = torch.empty_like(x)

# Number of elements in the tensor
n_elements = x.numel()
BLOCK_SIZE = 128 # Tunable parameter for block size

# Determine the number of blocks needed
grid = lambda meta: ((n_elements + meta["”"BLOCK_SIZE"] - 1) // meta["BLOCK_SIZE"],)

# Launch the Triton kernel
groupnorm_kernel[grid](x, y, out, n_elements, BLOCK_SIZE=BLOCK_SIZE)
return out

class ModelNew(nn.Module):
def __init__(self, num_features: int, num_groups: int) -> None:
super().__init__Q)
self.num_features = num_features
self.num_groups = num_groups

def forward(self, x: torch.Tensor) -> torch.Tensor:
# Use Triton kernel for elementwise operations
x_triton = triton_groupnorm(x, x)
# Manually compute mean and variance (as Triton kernel only handles x)
# Actual GroupNorm logic would go here
# For this example, we return the Triton processed tensor
return x_triton

G.5 SFT and RL Dataset construction with KernelBook

To synthesize SFT dataset, we extract 11,621 PyTorch reference codes from KernelBook,
executable without errors, such as

import torch
import torch.nn as nn

class Model(nn.Module):

def __init__(self):
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super (Model, self).__init__()
def forward(self, neighbor):

return torch.sum(neighbor, dim=1)

def get_inputs():
return [torch.rand([4, 4, 4, 41)]

def get_init_inputs():
return [[1, {3]

For each given PyTorch reference code, we construct an instruction for a teacher model to
generate CoTs and Triton kernels as:

Instruction (input) example

Your task is to write custom Triton kernels to replace as many PyTorch operators
as possible in the given architecture, aiming for maximum speedup. You may
implement multiple custom kernels, explore operator fusion (such as combining
matmul and relu), or introduce algorithmic improvements (like online softmax). You
are only limited by your imagination.

You are given the following architecture:

¢“¢ <PyTorch reference code> “**

You have to optimize the architecture named Model with custom Triton kernels.
Optimize the architecture named Model with custom Triton kernels! Name your
optimized output architecture ModelNew. Output the new code in codeblocks.
Please generate real code, NOT pseudocode, make sure the code compiles and is
fully functional. Just output the new model code, no other text, and NO testing code!
Before writing a code, reflect on your idea to make sure that the implementation is
correct and optimal.

Given the instruction for each PyTorch reference code, we collect (CoT, Triton kernel code)
pairs from DeepSeek-R1 and construct outputs for SFT by concatenating the pairs as follows:

Triton kernel with CoT (output) example

<think>
CoT
</think>

€6 ¢

<Triton kernel code>

€6«

\. J

For RL training, we use the same instruction input as a prompt for the same set of Pytorch
reference codes in KernelBook, without the output synthesized by DeepSeek-R1 because RL
training only requires reward feedback, which can be directly obtained from executing the
generated Triton code.

H LLM judge for functional validity verification

To further enhance the functional validity verifier beyond unit tests, we employ an LLM-
based judge to identify potential cheating behaviors in the generated Triton code, which
may pass unit tests and syntax checks but fail to implement the intended functionality. We
utilize Qwen3-235B-Instruct (Team, 2025) as the judge model, prompted to determine if
the Triton code genuinely implements the same functionality without relying on high-level
PyTorch constructs or hardcoded constants. We design the following prompt that details
the functional requirements of Triton kernels for the judge model:
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Detect whether the following Triton kernel implementation of an operation is
cheating or not. A kernel is considered 'cheating” according to the following rules:

1. **All Core Computation Logic Must Be Written in Triton**

- All core computation logic must be implemented in Triton and must not delegate
any part of the computation to high-level PyTorch APIs, such as torch.nn or
torch.nn.functional.

- Wrapping high-level torch APIs in a Triton kernel wrapper without expressing the
computation logic in Triton is not acceptable.

- Examples:

(1). When implementing matrix multiplication in Triton, the use of torch.matmul, @,
torch.nn.Linear, or similar high-order APIs is forbidden.

(2). When implementing layer normalization in Triton, the use of
torch.nn.functional.layer_normis forbidden.

(3). When implementing softmax in Triton, the use of torch. softmax is forbidden.
(4). When implementing convolution or convolution transpose, the use of
torch.nn.functional.conv2d or torch.nn.ConvTranspose3d is forbidden.

(5). When implementing attentions in Triton, the use of transformer library or other
high-level APIs is forbidden.

2. **No Trivial Identity or No-Op Computation**

- Any part of the Triton kernel should always apply a mathematically-nontrivial
operation to the input tensors like computation, reduction, or data layout change.

- Examples:

(1). Kernels that merely copy input to output (i.e., ‘output_val = input_val’) without
performing meaningful computation are not allowed.

(2). Kernels that does ‘output_val = input_val + 0" or "* 1.0 are not allowed.

3. **No Omission of Necessary Computations**

- When implementing an operator that involves multiple components, the kernel
must implement **all** required parts. Skipping any required mathematical
component of the algorithm is considered cheating.

- Examples:

1. When implementing LayerNorm, the kernel must include computations of

- Mean and variance computation

- Normalization

- Scaling and bias if applicable

2. When implementing matmul followed by a transpose, the kernel must not omit
the transpose of the matmul results.

4. **The Kernel Must Address a Known Performance Bottleneck**

- The operation should be **non-trivial** enough that writing a custom kernel could
yield meaningful performance benefits using PyTorch API

- Examples:

- Fused element-wise ops (e.g., GELU + dropout + bias)

- Reductions (e.g., softmax, LayerNorm, RMSNorm)

- Operations that can benefit from different memory layout of intermediate tensors

5. **The kernel Should Make Efficient Use of Available Parallelism in GPU**

- Kernels should make use of block/thread-level parallelism (‘program_-id’, ‘arange’,
"BLOCK_SIZE’, etc.)

- No scalar-only computations or logic that doesn’t scale with input size
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H.1 Reliability of the LLM Judge in Validity Assessment

The integrity of the reward signal in our RL framework hinges on the ability to discern
whether a generated kernel is genuinely valid or merely exploiting test-suite loopholes.
Since the combination of a rule-based verifier and an LLM judge (Qwen3-235B) constitutes
the core of our reward mechanism, ensuring that the LLM judge remains unbiased and
accurately detects “cheating” is critical for stable policy optimization. To rigorously evaluate
the reliability of this verification layer, we analyzed its error rates against ground-truth
labels provided by both a frontier LLM (Opus 4.5 (Anthropic, 2025b)) and human experts.

For this assessment, we utilized a dataset of 4,000 kernels generated for KernelBench Level 1
tasks (100 problems, 10 samples per problem) by various Triton-specialized models, includ-
ing KernelLLM, AutoTriton, and our TritonRL variants. We extracted functional validity
labels from Opus 4.5, using the same prompt provided to Qwen3-235B (see Appendix H),
and treated them as pseudo-ground truth to calculate False Positive (FP) and False Negative
(FN) rates. Furthermore, we conducted a human evaluation on a random sample of 22
kernels that passed unit tests, ensuring an even mix of valid and invalid implementations
as labeled by the frontier model.

As summarized in Table 17, the results demonstrate the robustness of our verification
system:

¢ Consistency with Frontier Models: When the rule-based verifier (which checks
basic syntax, mandatory Triton API usage, and exclusion of high-level PyTorch
modules) is integrated with the LLM judge, the FP and FN rates are remarkably
low at 2.0% across the 4,000 samples.

¢ Alignment with Human Judgment: In the human-labeled subset, the combined
verification layer showed an FP rate of 5.0% and an FN rate of 9.0%.

This analysis confirms that the output of our LLM judge is highly consistent with both expert
human intuition and frontier model reasoning. By providing a reward signal that is free
from significant bias and resistant to shortcuts, our multi-layered verification framework
establishes a trustworthy foundation for hardware-aware reinforcement learning.

We stress that Opus 4.5 is used here as a training-independent reference judge, not as ground
truth. The purpose of the comparison is to test whether our training-time judge’s assess-
ments are specific to one model family, not to establish an absolute standard of validity.

H.2 Re-evaluation under a Training-Independent Judge

A distinct concern from judge reliability is judge overfitting: whether the reported gains
reflect genuine kernel quality or exploitation of quirks specific to the Qwen3-235B-Instruct
judge used to compute rewards during RL. To test this, we re-evaluated the key comparison
models on the full KernelBench Level 1 set using Opus 4.5 (a model not used at any point
during training, neither as a teacher, a labeler, nor a judge) as the functionality judge.
Table 16 reports the result. TRITONRL retains its lead over both AutoTriton and the Qwen3
base under this independent judge, and absolute correctness agrees with Table 1 within 1-3
points across all rows. Had the RL policy overfitted to the training-time judge, a judge with
a different training distribution would have ranked TRITONRL worse; we observe no such
degradation.

I Evaluation and examples

I.1 Evaluation with KernelBench

To evaluate the trained models, we construct prompts for 250 tasks in KernelBench. Similar
to KernelBook, KernelBench provides a reference PyTorch code for each task. For each given
reference PyTorch code, we construct a prompt with one simple example pair of (PyTorch
code, Triton kernel code), similarly to the one-shot prompting format in KernelBench. Here,
we use the following PyTorch and Triton codes for a simple add operation as an example:
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Table 16: KernelBench Level 1 pass@10 (%) with Opus 4.5 as the functionality judge, which
is independent of training. Qwen3-235B-Instruct is the judge used at training time and
reported in Table 1.

Model #Params valid compiled / correct fast; / fast,
Qwen3 (base) 8B 97.0 96.0 / 24.0 8.0/5.0

AutoTriton 8B 97.0 90.0 / 54.0 22.0/9.0

TRITONRL (D) 8B 100.0 100.0 / 78.0 36.0 / 13.0
TRITONRL (D) + IA 8B 100.0 99.0 / 77.0 34.0 / 15.0
TRITONRL (G) 8B 100.0 100.0 / 76.0 35.0 /17.0
TRITONRL (G) + IA 8B 100.0 100.0 / 88.0 41.0 / 22.0

Table 17: Comparison of error rates based on ground-truth sources and kernel sampling
methods. FP and FN denote False Positive and False Negative rates, respectively.

Ground-truth source  Kernel sampling condition Total samples FP (%) FN (%)
Opus 4.5 All 4,000 2.0 2.0
Human Correct & even mix of valid /invalid kernels® 22 5.0 9.0
tLabeled by Opus 4.5.

#i## PyTorch reference code #i##
import torch

import torch.nn as nn

import torch.nn.functional as F

class Model(nn.Module):
def __init__(self) -> None:
super().__init__()

def forward(self, a, b):
return a + b

def get_inputs():
# randomly generate input tensors based on the model architecture
a = torch.randn(1, 128).cuda()
b = torch.randn(1, 128).cuda()
return [a, b]

def get_init_inputs():
# randomly generate tensors required for initialization based on the model
architecture
return []

### Triton kernel code #i##

import torch

import torch.nn as nn

import torch.nn.functional as F
import triton

import triton.language as tl

@triton.jit
def add_kernel(
X_ptr, # Pointer to first input
y_ptr, # Pointer to second input
out_ptr, # Pointer to output
n_elements, # Total number of elements in input/output
BLOCK_SIZE: tl.constexpr,

# Each program handles a contiguous block of data of size BLOCK_SIZE

block_start = tl.program_id(@) * BLOCK_SIZE
# Create a range of offsets [0..BLOCK_SIZE-1]

36




Published as a conference paper at COLM 2026

offsets = block_start + tl.arange(@, BLOCK_SIZE)

# Mask to ensure we don't go out of bounds

mask = offsets < n_elements

# Load input values

x = tl.load(x_ptr + offsets, mask=mask, other=0.0)
y = tl.load(y_ptr + offsets, mask=mask, other=0.0)
# Perform the elementwise addition

out = x +y

# Store the result

tl.store(out_ptr + offsets, out, mask=mask)

def triton_add(x: torch.Tensor, y: torch.Tensor):
This function wraps the Triton kernel call. It:
1. Ensures the inputs are contiguous on GPU.
2. Calculates the grid (blocks) needed.
3. Launches the Triton kernel.
assert x.is_cuda and y.is_cuda, "Tensors_must_be_on_CUDA."
X = x.contiguous()
y = y.contiguous()

# Prepare output tensor
out = torch.empty_like(x)

# Number of elements in the tensor
n_elements = x.numel()
BLOCK_SIZE = 128 # Tunable parameter for block size

# Determine the number of blocks needed
grid = lambda meta: ((n_elements + meta["BLOCK_SIZE"] - 1) // meta["BLOCK_SIZE"],)

# Launch the Triton kernel
add_kernel[grid](x, y, out, n_elements, BLOCK_SIZE=BLOCK_SIZE)
return out

class ModelNew(nn.Module):
def __init__(self) -> None:
super().__init__Q)

def forward(self, a, b):
# Instead of "return a + b", call our Triton-based addition
return triton_add(a, b)
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You write custom Triton kernels to replace the pytorch operators in the given archi-
tecture to get speedups.

You have complete freedom to choose the set of operators you want to replace. You
may make the decision to replace some operators with custom Triton kernels and
leave others unchanged. You may replace multiple operators with custom imple-
mentations, consider operator fusion opportunities (combining multiple operators
into a single kernel, for example, combining matmul+relu), or algorithmic changes
(such as online softmax). You are only limited by your imagination.

Here’s an example to show you the syntax of inline embedding custom Triton kernels
in torch. The example given architecture is:

¢¢¢ <Example PyTorch code> “*°¢

The example new architecture with custom Triton kernels looks like this:

¢¢¢ <Example Triton kernel code> “*¢

You are given the following architecture:

‘¢ <PyTorch reference code> ‘*‘

Optimize the architecture named Model with custom Triton kernels! Name your
optimized output architecture ModelNew. Output the new code in codeblocks.
Please generate real code, NOT pseudocode, make sure the code compiles and is
fully functional. Just output the new model code, no other text, and NO testing code!

I.2 Example of Triton codes generated by TRITONRL (D) with speedup > 1

Problem 12 in KernelBench Level 1: diagonal matrix multiplication with x11 speedup.

import torch
import triton
import triton.language as tl

@triton.jit
def fused_diag_matmul_kernel(
vec_a_ptr, # Pointer to the diagonal vector A (N,)
mat_b_ptr, # Pointer to the input dense matrix B (N, M)
output_ptr, # Pointer to the output matrix (N, M)
# --- Matrix dimensions ---
N, # The size of the diagonal vector A
M, # The number of columns in matrix B
TOTAL_ELEMENTS, # Total number of elements in the output matrix (N x M)
# --- Tuning parameters ---
BLOCK_SIZE: tl.constexpr, # Number of elements each Triton program will handle

nnn

Computes C = diag(A) * B, where A is a vector representing the diagonal.

This kernel treats the operation as a simple element-wise multiplication

where each row of B is scaled by the corresponding element of A.

# 1. CALCULATE OFFSETS: Determine which elements this program instance will process.
pid = tl.program_id(axis=0)

block_start_offset = pid * BLOCK_SIZE

offsets = block_start_offset + tl.arange(@, BLOCK_SIZE)

# 2. CREATE BOUNDARY-CHECK MASK: Prevent out-of-bounds memory access.
mask = offsets < TOTAL_ELEMENTS

# 3. COMPUTE 2D INDICES FROM 1D OFFSETS: Find the row for vector A.
row_indices = offsets // M

# 4. LOAD DATA EFFICIENTLY: Read from global memory into registers.

vec_a_elements = tl.load(vec_a_ptr + row_indices, mask=mask, other=0.0)
mat_b_elements = tl.load(mat_b_ptr + offsets, mask=mask, other=0.0)
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# 5. PERFORM THE CORE COMPUTATION: The actual fused operation.
output = vec_a_elements * mat_b_elements

# 6. STORE THE RESULT: Write the computed values back to global memory.
tl.store(output_ptr + offsets, output, mask=mask)

Problem 94 in KernelBench Level 1: MSE (Mean Squared Error) with x3 speedup.

import torch

import torch.nn as nn

import triton

import triton.language as tl

@triton.jit
def mse_kernel(
pred_ptr,
target_ptr,
output_ptr,
n_elements,
BLOCK_SIZE: tl.constexpr,

# 1. Block Setup

pid = tl.program_id(axis=0)

block_start = pid * BLOCK_SIZE

offsets = block_start + tl.arange(@, BLOCK_SIZE)
mask = offsets < n_elements

# 2. Masked Load with Zero-Padding

# CRITICAL: other=0.0 ensures that elements outside the valid range
# contribute @ to the sum, preventing calculation errors.

pred_vals = tl.load(pred_ptr + offsets, mask=mask, other=0.0)
target_vals = tl.load(target_ptr + offsets, mask=mask, other=0.0)

# 3. Compute Squared Error

# This happens in parallel across all threads in the block
diff = pred_vals - target_vals

sq_diff = diff x diff

# 4. Intra-Block Reduction

# tl.sum collapses the 1024 values in this block into a single scalar.

# This is extremely fast as it uses shared memory/registers, avoiding VRAM.
block_sum = tl.sum(sq_diff, axis=0)

# 5. Global Accumulation

# We use an atomic add to aggregate the partial sums from each block
# into the single global output location.

tl.atomic_add(output_ptr, block_sum)

def triton_mse(pred: torch.Tensor, target: torch.Tensor) -> torch.Tensor:
# Ensure data layout is contiguous for coalesced memory access
if not pred.is_contiguous(): pred = pred.contiguous()
if not target.is_contiguous(): target = target.contiguous()

n_elements = pred.numel()
if n_elements ==
return torch.tensor (0.0, device=pred.device)

# Output must be initialized to zero because atomic_add accumulates on top of it
output = torch.zeros(1, device=pred.device, dtype=pred.dtype)

BLOCK_SIZE = 1024

# Standard grid calculation
grid = lambda meta: (triton.cdiv(n_elements, metal 'BLOCK_SIZE']),)
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mse_kernel[grid](pred, target, output, n_elements, BLOCK_SIZE=BLOCK_SIZE)

# Final division by N happens on Python side (negligible cost)
return output[@] / n_elements

class ModelNew(nn.Module):
def forward(self, predictions, targets):
return triton_mse(predictions, targets)

Problem 99 in KernelBench Level 1: Triplet Margin Loss with x4 speedup.

import torch

import torch.nn as nn

import triton

import triton.language as tl

@triton.jit
def triplet_margin_loss_kernel(
anchor_ptr,
positive_ptr,
negative_ptr,
output_ptr,
margin,
# FEATURE_SIZE as constexpr allows the compiler to optimize the loop unrolling
FEATURE_SIZE: tl.constexpr,
BLOCK_SIZE: tl.constexpr,

# 1. Parallelize by Batch (Row)
# Each program instance (block) handles exactly one triplet sample from the batch.
pid = tl.program_id(axis=0)

# Calculate starting memory addresses for this specific row
offset_start = pid * FEATURE_SIZE

anchor_row = anchor_ptr + offset_start

positive_row = positive_ptr + offset_start

negative_row = negative_ptr + offset_start

# Registers to accumulate squared distances across the loop
ap_sum = 0.0
an_sum = 0.0

# 2. Tiled Processing of Features
# We loop over the feature dimension in chunks (tiles) of BLOCK_SIZE.
# This keeps register pressure low and allows handling features > 1024 dims.
for j in range(@, FEATURE_SIZE, BLOCK_SIZE):
# Generate offsets for the current tile
offsets = j + tl.arange(@, BLOCK_SIZE)
mask = offsets < FEATURE_SIZE

Load data chunks (coalesced reads)

= tl.load(anchor_row + offsets, mask=mask, other=0.0)

= tl.load(positive_row + offsets, mask=mask, other=0.0)
tl.load(negative_row + offsets, mask=mask, other=0.0)

5 T O #=
|

# Vectorized math on the chunk
diff_ap =a-p
sq_ap = diff_ap * diff_ap

diff_an = a - n
sq_an = diff_an * diff_an

# 3. Partial Reduction

# Reduce the chunk to a scalar and add to the running total.
# tl.sum is highly optimized for intra-block communication.
ap_sum += tl.sum(sg_ap, axis=0)
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an_sum += tl.sum(sg_an, axis=0)

# 4. Final Loss Calculation (per row)
d_ap = tl.sqrt(ap_sum)
d_an = tl.sqgrt(an_sum)

loss_i = d_ap - d_an + margin
loss_i = tl.where(loss_i > @, loss_i, 0.0) # RelU

# 5. Global Accumulation

# Aggregate this row's loss into the total batch loss.

# Note: For massive batch sizes, this atomic_add can become a contention hotspot.
tl.atomic_add(output_ptr, loss_i)

class ModelNew(nn.Module):
def __init__(self, margin=1.0):
super().__init__Q)
self.margin = margin

def forward(self, anchor, positive, negative):
# Ensure contiguous memory for safe pointer arithmetic
anchor = anchor.contiguous()
positive = positive.contiguous()
negative = negative.contiguous()

batch_size, n_features = anchor.shape

# Allocate output tensor (scalar)
total_loss = torch.zeros(1, device=anchor.device, dtype=anchor.dtype)

# Grid Size = Batch Size (one block per sample)
grid = (batch_size,)

triplet_margin_loss_kernel[grid](
anchor,
positive,
negative,
total_loss,
self.margin,
FEATURE_SIZE=n_features, # Pass actual dimension dynamically
BLOCK_SIZE=1024, # 1024 is standard for max occupancy

)

return total_loss[@] / batch_size
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