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Recent advances in Large Language Models have driven large-scale deployment, resulting in ever-growing
inference time and energy demand. While manual optimization of low-level code implementations is
feasible, it is an arduous task that requires deep expertise to balance the complex interplay of algorithmic,
software, and hardware bottlenecks. This report presents the first comprehensive agentic framework
for fully automatic CUDA kernel discovery and optimization, enabling frontier large language models
to perform the translation of torch code to CUDA kernels and then iteratively improve their runtime.
We introduce THE AI CUDA ENGINEER, which acts in sequential stages. First, it translates raw
PyTorch code into equivalent CUDA kernels. Next, it optimizes their runtime performance using a
novel evolutionary meta-generation procedure tailored towards the CUDA ecosystem. Finally, it uses an
innovation archive of discovered ’stepping stone’ kernels to improve future performance on new tasks.
TuE Al CUDA ENGINEER can produce CUDA kernels that exceed the performance of torch native
and compiled kernels. Out of the 250 tasks tested, THE Al CUDA ENGINEER successfully optimizes
186 tasks to a median speedup of 1.52x. For operations such as fused 3D convolutions or Diagonal Matrix
Multiplication, we show runtime improvements >50x over their torch implementations. Alongside this
report, we release the best discovered kernels, an accompanying dataset of all discovered kernels and
an interactive webpage for exploration of the results.
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1. Introduction

The demand for computational power in machine learning has increased exponentially over the past
decade, driven by the rising complexity of deep learning models and the need for large-scale data
processing (Sevilla et al., 2022). Scaling laws suggest that performance improvements in language
models correlate strongly with increases in compute, data, and model size (Kaplan et al., 2020).
Similarly, research by Hernandez and Brown (2020) shows that the compute requirements for state-of-
the-art Al models has doubled approximately every 3-4 months since 2012, vastly outpacing Moore’s
Law. This has led to the proliferation of specialized hardware, such as GPUs and TPUs, optimized for
deep learning workloads (Jouppi et al., 2017). The emergence of foundation models, which require
incredible amounts of training and inference infrastructure (Anthropic, 2023, 2024; Guo et al., 2025;
Jaech et al., 2024), has exacerbated this trend and necessitates innovations in model efficiency and
hardware acceleration (Bommasani et al., 2021). Additionally, the release of DeepSeek-V3 (Liu
et al., 2024) has highlighted various trade-offs between hardware and software constraints. However,
the skill set required to balance such trade-offs and to engineer efficient Compute Unified Device
Architecture (CUDA; Luebke, 2008) kernels is rare and highly in demand, encompassing algorithmic,
hardware, and instruction set knowledge.

Simultaneously, there have been advances in automated agentic discovery (e.g. Lu et al., 2024a,b;
Romera-Paredes et al., 2024) using Large Language Models (LLMs). A key advantage of LLM-driven
agentic discovery is the ability of LLMs to iteratively refine hypotheses, generate experiments, and
interpret results, which facilitates a closed-loop system for scientific exploration (Song et al., 2024;
Yang et al., 2023). Recent work has shown LLM agents autonomously deriving new mathematical
conjectures (Romera-Paredes et al., 2024), discovering novel preference optimization objectives (Lu
et al., 2024a), and even writing entire Machine Learning papers (Lu et al., 2024b). This iterative
refinement process mirrors an evolutionary mechanism, where LLMs act as variation-generating
engines that propose new hypotheses, code implementations, and theoretical insights (Lange et al.,
2024; Lehman et al., 2022; Meyerson et al., 2023). Unlike random search, however, LLMs incorporate
strong algorithmic priors, allowing them to generate executable programs, testable simulations, and
provable mathematical statements, significantly accelerating the search for novel solutions. Crucially,
these models also integrate a notion of human interestingness (Faldor et al., 2024; Zhang et al., 2024b),
learned through vast training corpora and human-regularized post-training. This ensures that their
discoveries are not just novel but also aligned with human curiosity and problem-solving heuristics.
By unifying strong coding capabilities, evolutionary search mechanisms, and alignment with human
interestingness, LLMs are poised to become autonomous engines of discovery, capable of pushing the
boundaries of science, engineering, and mathematics beyond the limitations of human intuition and
trial-and-error experimentation.

In this paper, we set out to answer a simple question: Can we leverage recent agentic advances to
automate the engineering and optimization of low-level inference-time computations? We start
by investigating whether LLMs are capable of translating PyTorch code into correct and fast CUDA
kernels. Next, we introduce an LLM-driven evolutionary optimization framework to directly optimize
the runtime of the kernel operation. Finally, we devise a retrieval-augmented in-context prompting
paradigm, which leverages an archive of previously discovered ’stepping stone’ (Stanley and Lehman,
2015) kernels to aid the agent in performing translation and optimization. We compartmentalize the
agentic pipeline of THE Al CUDA ENGINEER into four consecutive stages (fig. 1):

Stage 1: Conversion of an object-oriented PyTorch (nn.Module) operation into a functional version,
which explicitly provides operation parameters as function inputs.

Stage 2: Translation of the functional PyTorch code into a numerically correct CUDA kernel. We
sequentially sample individual CUDA kernel proposals and test their correctness by comparing them
with the corresponding torch reference implementation.
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Figure 1 | High-level overview of the AI CUDA Engineer Workflow. In stage 1, a module definition
of PyTorch code is converted into a functional version that separates out the operator parameters. In
stage 2, the functional version is translated into a corresponding correct CUDA kernel, which can
be loaded to replace the native PyTorch version of the operation. In stage 3, we use the translated
kernel to initialize a runtime optimization process, which samples, edits, tests, and evaluates a batch
of kernels in parallel. Finally, in stage 4, we leverage the discovered kernels to retrieve related ones.
These are then used to enhance the in-context information for translation and/or optimization.

Stage 3: Evolutionary runtime optimization of the CUDA kernel while maintaining operation correct-
ness. We sample batches of diverse CUDA kernel proposals and explicitly optimize the runtime using
a combination of LLM ensembling, temperature sampling, prompting with profiling data, crossover
prompting (Meyerson et al., 2023) and least-to-most sorting (Zhou et al., 2022).

Stage 4: Composition of in-context kernel examples given an archive of hundreds of working CUDA
kernels and a target operation. We leverage code embedding-based retrieval-augmented generation
(RAG, Gao et al., 2023; Lewis et al., 2020b) to seed the LLM context with useful examples.

Throughout this paper, we utilize the KernelBench (Ouyang et al., 2025) benchmark and optimize the
runtime of 250 PyTorch operations. We show that THE Al CUDA ENGINEER can robustly translate
PyTorch to CUDA (> 91% correctness rate), is capable of achieving significant runtime improvements
(median speedup of 1.52x), and can leverage external kernel databases for improved performance.
Our contributions are summarized as follows:

1. We introduce an end-to-end agentic workflow capable of translating PyTorch code to working
CUDA kernels, optimizing CUDA runtime performance, and automatically fusing multiple oper-
ations (section 3). Furthermore, we construct various techniques for enhancing the consistency
and performance of the pipeline including LLM ensembling, an iterative profiling feedback loop,
local kernel code-editing, crossover kernel optimization, and Tensor Core support (section 8).

2. Our pipeline, THE AI CUDA ENGINEER, robustly translates more than 91% of the 250
torch operations and optimizes 75% of the operations better than torch. Furthermore, THE
Al CUDA ENGINEER outperforms torch. compile-acceleration on 60% of the operations
(section 4 and section 6).

3. We release a dataset of more than 17,000 verified kernels for operations covering a wide range
of torch operations. These can be used for downstream applications like RAG or to fine-tune
specialized models. Additionally, we release a webpage for inspecting kernels and their profiles:

* Dataset: huggingface.co/datasets/SakanaAl/Al-CUDA-Engineer-Archive
* Interactive WebUI: pub.sakana.ai/ai-cuda-engineer
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2. Background

Scaling Test-Time Compute. Due to the increasing costs associated with training in-house models,
scaling test-time compute has emerged as a strong paradigm to improve LLM outputs outside of
training a new model from scratch. There are numerous options for improving samples drawn from
an LLM, from the utilization of search techniques (Xie et al., 2023; Zhang et al., 2024a) to the
incentivization of reasoning during post-training (Guo et al., 2025; Team et al., 2025). We focus on
techniques that scale with the number of samples drawn. Parallel samples can be aggregated via
voting methods (Snell et al., 2024; Trad and Chehab, 2024) or LLM debates (Du et al., 2023; Wang
et al., 2025). A related strategy is evolutionary test-time compute (Berman, 2025), which aggregates
samples by mutating and recombining them. Sequential samples, meanwhile, can utilize multi-turn
structures (Zhou et al., 2024) to improve and correct previous responses. Parametric verifiers (Luo
et al., 2024; Snell et al., 2024) can be used to score drawn samples based on their final outcome
or even intermediate steps, while non-parametric (AlphaProof and AlphaGeometry teams, 2024; Li
et al., 2025) verifiers range from also providing scalar scores to filtering out incorrect answers via
some heuristic. Here, we focus on drawing multiple sequential streams of samples and aggregating
information across them via evolutionary optimization (by selecting previous samples to place in
context and recombine) guided by verifiers, such as kernel accuracy, speed, and profiling tools.

Evolutionary Code Optimization with LLMs. One particular flavor of test-time compute is evolu-
tionary code optimization: the usage, mutation, and recombination of previously generated code to
produce new samples. This approach has previously been used to optimize reward and preference
objectives (Lu et al., 2024a; Ma et al., 2023), mathematical science code (Romera-Paredes et al.,
2024), entire machine learning papers (Lu et al., 2024b), and other applications (Berman, 2025;
Lange et al., 2024; Lehman et al., 2022; Meyerson et al., 2023). Through prompting, LLMs are used
as recombination engines (Lange et al., 2023; Meyerson et al., 2023), and are capable of simulating
crossover between diverse code snippets and the rationales that produced them. A simpler form of this
technique is retrieval augmented generation (RAG, Gao et al., 2023; Lewis et al., 2020b), whereby
relevant historical samples are injected into context based on embedding similarities or other filters.
Here, we utilize both RAG and code-crossover to improve our kernel-optimization results.

The CUDA Framework. CUDA is a parallel computing platform and application programming
interface (API) developed by NVIDIA for leveraging the massive parallel processing power of GPUs. It
extends the C and C+ + programming languages with GPU-specific extensions, allowing developers
to write efficient parallelized code for tasks such as deep learning, scientific computing, and real-time
graphics rendering (Nickolls et al., 2008). CUDA enables fine-grained control over GPU threads,
memory hierarchies, and synchronization mechanisms, making it an essential tool for accelerating
workloads that require extensive matrix and tensor computations (Kirk and Wen-Mei, 2016). Its core
model consists of a hierarchy of threads organized into warps, blocks, and grids, facilitating scalable
parallel execution (Garland et al., 2008). CUDA also provides libraries such as cuBLAS for linear
algebra, cuDNN for deep learning, and Thrust for high-level parallel algorithms, further optimizing
computational efficiency (Chetlur et al., 2014).

KernelBench. The KernelBench (Ouyang et al., 2025) benchmark is a set of 250 neural network tasks,
defined as PyTorch modules, along with a subset of corresponding results for CUDA kernel generation
across these tasks. The tasks are split into three categories denoted as levels 1, 2, and 3. Level 1 tasks
are common ML primitives, such as softmax, or various matmuls. Level 2 tasks are few-step fusions of
those primitives, such as network layer activations followed by a norm. Level 3 tasks represent full
network architectures (e.g., a ResNet). These tasks represent a natural gradation from producing
high-quality operators, to fusing them together, to assembling them into a larger neural network. In
our work, we target the full suite of 250 KernelBench tasks across the three levels.
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3. The AI CUDA Engineer: Agentic CUDA Kernel Discovery & Optimization

In this section, we provide a detailed outline of the overall workflow of THE Al CUDA ENGINEER
(fig. 2). Importantly, we focus on inference and do not compute the backward pass or gradients.

Stage 1:
Convert

Module Torch Proposal
Code & Docstring [test/eval]
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Figure 2 | Overview of the AT CUDA Engineer. In stage 1, user-provided torch code is translated
into an equivalent functional representation. In stage 2, a functional PyTorch operation is translated
into the corresponding CUDA kernel, which can be loaded to replace the native PyTorch version of
the operation. In stage 3, we use the translated kernel to initialize a runtime optimization process,
which samples, edits, tests, evaluates and profiles a batch of kernels in parallel. In stage 4, completed
kernels are stored in an ’innovation archive’ and used to compose in-context examples for new tasks.
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LLM Error
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Figure 3 | Stage 2: Translation
of functional PyTorch to CUDA

Stage 1: Converting PyTorch Modules to Functions.

Given a torch module implementation of a computation
(nn.Module), we prompt an LLM to perform a conversion to
a functional representation that explicitly separates out the func-
tion’s parameters and provides a docstring description of the op-
eration. We parse the sampled code and validate its correctness
on randomly sampled inputs against the module implementation.
While the approach reported in KernelBench (Ouyang et al., 2025)
directly translates torch modules to CUDA kernels, we found this
to be challenging for the LLM. The additional conversion step
improves the LLMs performance when translating from torch
to CUDA code (section 4). We hypothesize that the intermediate
functional representation allows the LLM to directly reason about
the underlying operation without the implicit need to infer the
latent trainable parameters (e.g., weights and biases) or running

summary statistics (e.g., mean and variance in normalization methods). Throughout our experiments,
we observed that sequential sampling with feedback enhanced the conversion’s correctness.
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plementation. If the compilation fails or the computed result
does not lead to a correct computation (within tolerance bounds),
we summarize the error message using an additional LLM call
(fig. 3). This information is fed back to the LLM before we iterate. [,}a[:zer?t\/eii/!Qale
In section 4 we show that this procedure significantly improves

the robustness of correct translations as compared to best-of-N Figure 4 | Stage 3: Evolutionary
sampling (Brown et al., 2024) with the same compute budget.

1
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CUDA Runtime Optimization
Stage 3: Evolutionary Optimization of CUDA Kernels.

Transl./Optim. | stage 4. We use the working CUDA kernel from stage 2 to kick off an evolu-
1__CUDA Kernels 1 Compose tionary optimization process, which samples, evaluates, profiles, and
edits batches of kernels to improve the runtime (fig. 4). We deploy
several complementary prompting strategies:

e * Given a set of previous kernel evaluations, we filter for correct-
{ New CUDA ) ness and provide a subset of up to five correct kernels sorted
GilteneiE s from slowest to fastest based on runtime speedups (Zhou et al.,
2022). This least-to-most ordering enables the LLM to pro-
gressively infer optimization patterns from simpler to more

sophisticated implementations.
* We sample N = 4 proposals from an LLM ensemble including
both reasoning (03-mini & DeepSeek-R1) and standard LLMs
Figure 5 | Stage 4: RAG- (Claude Sonnet 3.5 & GPT-40). Additionally, we perform tem-
Retrieval of Kernel Examples perature sampling when applicable (Renze and Guven, 2024).

Queries

* Inspired by AlphaCode’s (Li et al., 2022) prompting approach, we sample high-level recommen-
dations (e.g., optimizing block sizes, using stride loops, etc.) to encourage diversity in model
outputs. Furthermore, we introduce a novel kernel crossover prompting procedure inspired by
Meyerson et al. (2023).

* For each correct kernel, we obtain the torch, NCU, and Clang-tidy profiling information and
provide a subset of this information as additional feedback to the pipeline.

* We implement kernel code edits via function-calling. We alternate between sampling complete
kernels with diverse implementation strategies and making lower-level edits.

Stage 4: Stepping Stone Composition of CUDA Kernel Context.

Given an 'innovation archive’ of hundreds of successfully translated and optimized kernels, we leverage
them as stepping stones (Stanley and Lehman, 2015). More specifically, we use retrieval-augmented
generation (Lewis et al., 2020b) to obtain correct high-performing kernels from related tasks. First, we
obtain text embedding vectors for all torch code implementations and their CUDA implementations.
Given a new task, we additionally embed the new torch implementation and retrieve the top-k
closest neighboring code implementations. The corresponding CUDA kernels then supplement the
in-context information used for translation or optimization. Newly discovered kernels can additionally
be added to the archive in a potentially open-ended fashion.
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4. Key Results Across Al CUDA Engineer Stages

How effectively does THE Al CUDA ENGINEER translate and optimize CUDA kernels? In this
section, we present our findings across 250 CUDA kernels from KernelBench (Ouyang et al., 2025). We
begin with a summary of end-to-end performance and then step through our stages one by one.

Table 1 | End-to-End Performance Comparison Across KernelBench Levels

Level 1 Level 2 Level 3 All Levels
Baseline | Native Compile | Native Compile | Native Compile | Native Compile

Median Speedup (all) | 1.13 2.53 1.54 1.45 1.29 0.92 1.34 1.49
Median Speedup (successes) | 1.52 3.04 1.63 1.90 1.42 1.51 1.52 2.24
Successful Tasks (> 1x speedup) 63 69 93 61 30 19 186 149

End-to-End Performance: We measure speedups as the ratio between baseline time and synthetic-
kernel time on a H100, so we "break-even" at a 1x speedup and denote improvements as an optimiza-
tion success. We produce 186 kernels which are as fast or faster than torch native implementations,
and 149 kernels as fast or faster than torch compile!. We reach a 1.34x median speedup over torch
native across the 250 tasks, and a 1.52x speedup over the 186 successful tasks.

Functional Conversion: We first evaluate the LLMs’ ability to convert torch modules into parame-
terized function calls (stage 1). Our analysis of 250 KernelBench tasks (fig. 6) reveals distinct perfor-
mance patterns across complexity levels. All tested LLMs successfully generate equivalent functional
implementations for basic operations and simple fused operations (level 1, 2). However, for com-
plex composed architectures (level 3), reasoning models (o1-high, ol-preview, 03-mini-high)
demonstrate superior robustness, converting more than 45 tasks compared to sonnet3.5’s 42 tasks.
Notably, o1-high is the only model capable of successfully translating all 50 level 3 tasks.

The Al CUDA Engineer: Module — Functional Torch Conversion on KernelBench - Number of Tasks Converted Across Iterations

Level 1 - # Tasks Converted Across LLM Samples Level 2 - # Tasks Converted Across LLM Samples Level 3 - # Tasks Converted Across LLM Samples
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Figure 6 | KernelBench Conversion Results. Most LLMs can convert the tasks into functional code at
Levels 1 & 2. Notably, only o1 completes all the tasks within a maximum of three attempts.

CUDA Translation: After functional conversion, we query an LLM to translate the functional torch
implementation into an equivalent CUDA Kkernel (stage 2). We compare parallel proposal sampling
with high temperature and sequential querying with compiler/evaluation feedback. Across all three
levels, we find that incorporating compiler errors or numerical inaccuracy feedback improves the
translation success rate (dashed versus solid lines in fig. 7). Increasing the number of parallel samples
quickly exhibits diminishing returns (> 6 samples). Again, reasoning models demonstrate superior
translation capabilities. They achieve a significantly higher success rate with a single sample (pass@1,
especially for fused level 2 tasks) and are generally more capable of integrating feedback information
and refining the kernel proposal successfully. Most notably, combining o1-preview with sequential

Ltorch.compile is not universally better than native torch, especially for the simple level 1 tasks. It is most informative
to compare compile and native times/success ratios for levels 2 and 3.
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The Al CUDA Engineer: Torch - CUDA Translation on KernelBench - Number of Tasks Translated Across Passes/Iterations
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Figure 7 | KernelBench Translation Results. Reasoning-based LLMs (o-series and DeepSeek-R1)
are capable of translating 91.6% of the considered 250 torch operations. Furthermore, leveraging
sequential queries with error summary information significantly improves the conversion success rate.

feedback achieves a success rate of approximately 91.6%, which is significantly higher than the original
results reported on the KernelBench leaderboard (approximately 62.4% as of February 2025). While
the translation prompts do not explicitly target kernel runtime, we observed that these base CUDA
implementations frequently outperformed their torch native counterparts (fig. 8, green bars).

The Al CUDA Engineer: PyTorch Native Speedup Comparison — Translation vs. Optimization
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Figure 8 | KernelBench Optimization Results. CUDA translation alone can already result in signifi-
cant runtime speedup (compared with torch native), evolutionary optimization unlocks additional
speedups. For some tasks applying interleaving sequential proposals with code edits is effective.

Kernel Optimization: The translated CUDA implementation provides an initial example kernel
for our downstream evolutionary optimization approach (stage 3). Using a combination of model
ensembling, temperature sampling, and prompting strategies, we generate populations of kernel
proposals and evaluate their correctness and runtime performance. In total, we sample 40 kernels per
considered operation. While CUDA translation alone often time already achieves impressive speedups,
evolutionary kernel optimization is capable of obtaining an average runtime improvement of 34%
across all three KernelBench levels (fig. 8). We also observe strong speedups across a variety of diverse
operations. For example, these include specialized matrix multiplications (e.g. lower triangular),
Instance Normalization (Huang and Belongie, 2017), and loss functions like the Cross-Entropy Loss.
We also see improvements across a plethora of operations that require substantial fusion of multiple
primitives. In section 6 we provide additional details on each individual KernelBench level, and in
section 8 we conduct several ablations over the design space of our optimization procedure.

Retrieval-Augmented CUDA Kernel Translation & Optimization: Building upon these results,
we enhanced our system’s capabilities through RAG. By leveraging our growing ’innovation archive’
of translated and optimized kernels, RAG significantly improved both translation and optimization
capabilities. We compute text embeddings of PyTorch functional code and retrieve k-nearest neighbors
to seed the LLM context. This approach enabled the successful translation of 6 previously failed
operations out of 15, marking a 40% improvement in translation coverage. For optimization, our
analysis revealed that RAG consistently achieved the highest speedups across most tasks.
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5. Detailed Case Study: Translating & Optimizing a Resnet18 Model

Before we present comprehensive results across all levels for THE Al CUDA ENGINEER in section 6,
we highlight a specific case to illustrate our end-to-end procedure. The selected kernel Resnet18 is
part of KernelBench’s level 3 and represents a famous convolution-based architecture (He et al., 2016).
We present the code implementation generated by THE AI CUDA ENGINEER, discuss the detailed
outputs of each stage, and highlight implementation strategies discovered during optimization.

Conversion of ResNet18 Module to PyTorch Functional. As discussed in Section 3, THE Al CUDA
ENGINEER first converts the PyTorch module into a "functional" representation, which separates
parameters and strengthens CUDA kernel translation. Resnet18 has a complex structure with nested
layers named "BasicBlock", making conversion non-trivial. We find that providing high-quality
few-shot examples is vital for handling such compound modules. THE Al CUDA ENGINEER
successfully converts Resnet18 as shown in Figure 10. For readability, we omit parts of the code with
"..." and include the full code in the Appendix F. Note that the model parameters are separated into
an input argument named "params" in the functional version. This conversion correctly preserves the
model frame, transforms the "BasicBlock" module into "basic_block_fn" function, and maintains
KernelBench’s hyper-parameter configurations (e.g. stride, padding).

Translation of Functional PyTorch ResNet 18 to CUDA. Afterwards, we use the functional PyTorch
implementation to seed the agentic CUDA translation. Using the proposed error feedback method
(section 3), we successfully translate ResNet18 from the functional PyTorch form to a verified CUDA
kernel. Listing 1 shows the resulting CUDA kernel, with code omissions similar to the previous step
for readability. It is evident that THE Al CUDA ENGINEER properly follows the CUDA language
grammar, preserves the correct logic, and yields the suitable PYBIND module interface at the end of the
kernel implementation. THE Al CUDA ENGINEER can leverage the "torch/extension" package for
facilitating the translation of complicated models like ResNet18. We would like to point out it can also
generate operational code purely with basic libraries like "cuda", and "cuda_runtime" when translating
basic kernels like "layernorm" in Appendix C.5. Compared to the kernel provided by KernelBench, we
observed that THE Al CUDA ENGINEER is capable of translating the entire architecture to torch
and does not only implement a subset of operations defining the full architecture in CUDA.

Optimization of the ResNet18 CUDA Kernel. THE Al

CUDA ENGINEER leverages 10 generations of kernels LLM CUDA Optimizations: 9_ResNet18
with a population size of 4 following the method intro-
duced in Sec 3. Throughout the kernel optimization,
numerous practical implementation strategies emerged,
gradually achieving up to 1.44x speedup. We select
three proposed kernels and present their LLM-generated
thoughts in fig. 11. We also present the kernels and
include the completed CUDA implementation in Ap- & |
pendix F. THE Al CUDA ENGINEER discovered that o el o D
operator fusion (Thought 1) could significantly improve

the runtime in the first few optimization steps. By writ-  Figure 9 | Runtime Improvements across
ing a customized CUDA kernel that fuses the residual Optimization of ResNet18.

addition and the ReLU activation, the optimized kernel

achieves a 1.32x speedup gain (fig. 9). Building upon this success, THE Al CUDA ENGINEER
improved the tensor data layout to better match the 2D input structure of ResNet18 (Thought 2). By
leveraging shared memory for the fused operation (Thought 3) to minimize global memory accesses,
our method achieved its peak performance gain of 1.44x. In addition, the monotonically increasing
trend in Figure 9 suggests additional improvements could be produced by extending the search.
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class BasicBlock(nn.Module) :
expansion = 1

def __init__(self, in_channels, out_channels, stride=1,
<> downsample=None) :
nin
:param in_channels: Number of input channels
:param out_channels: Number of output channels
:param stride: Stride for the first convolutional layer
:param downsample: Dounsample layer for the shortcut
< connection
i
super (BasicBlock, self).__init__Q)
self.convl = nn.Conv2d(in_channels, out_channels,
< kernel_size=3, stride=stride, padding=1, bias=False)
self.bnl = nn.BatchNorm2d(out_channels)
self.relu = nn.RelLU(inplace=True)
self.conv2 = nn.Conv2d(out_channels, out_channels,
— kernel_size=3, stride=1, padding=1, bias=False)
self.bn2 = nn.BatchNorm2d(out_channels)
self.d ple = d ple
self.stride = stride

def forward(self, x):
niun
:param x: Inpul tensor, shape (batch_size, in_channels,
— height, width)
:return: Output tensor, shape (batch_size, out_channels,
< height, width)
i
identity = x
out = self.convl(x)

if self.downsample is not None:
identity = self.downsample(x)

out += identity

out = self.relu(out)

return out

class Model (nn.Module):
def __init__(self, num_classes=1000):

mnn

:param num_classes: Number of output classes
nun

super (Model, self).__init__()
self.in_channels = 64

self.convl = nn.Conv2d(3, 64, kernel_size=7, stride=2,
< padding=3, bias=False)

self.bnl = nn.BatchNorm2d(64)

self.relu = nn.ReLU(inplace=True)

self .maxpool = nn.MaxPool2d(kernel_size=3, stride=2,
< padding=1)

self.layerl = self._make_layer(BasicBlock, 64, 2,
— stride=1)

self.avgpool = nn.AdaptiveAvgPool2d((1, 1))
self.fc = nn.Linear(512 * BasicBlock.expansion,
< num_classes)

def _make_layer(self, block, out_channels, blocks,
< stride=1):
downsample = None
if stride != 1 or self.in_channels != out_channels *
< block.expansion:
downsample = nn.Sequential(
nn.Conv2d(self.in_channels, out_channels *
< block.expansion, kernel_size=1,
«—» stride=stride, bias=False),
nn.BatchNorm2d (out_channels * block.expansion),

)

layers = []

layers.append(block(self.in_channels, out_channels,

< stride, downsample))

self.in_channels = out_channels * block.expansion

for _ in range(1, blocks):
layers.append(block(self.in_channels, out_channels))

return nn.Sequential (*layers)

def forward(self, x):
x = self.convl(x)

x = self.fc(x)

return x

def module_fn(x: torch.Tensor, params: nn.ParameterDict,
is_training: bool):

—

wnn

Implements the ResNet18 module.

Args:

z (torch.Tensor): Input tensor, shape (batch_size,
= in_channels, height, width)

params (nn.ParameterDict): Dictionary of parameters
is_training (bool): Whether to use training mode

Returns:

wnn

torch.Tensor: Output temsor, shape (batch_size
— num classes)

# Initial layers

x =
—
x =

F.conv2d(x, params['convi_weight"], None, stride=2,
padding=3)

F.batch_norm(

X,

= F.relu(x)
= F.max_pool2d(x, kernel_size=3, stride=2, padding=1)

basic_block_fn(
X,

identity = x

out = F.conv2d(x, convl_w, convl_b, stride=stride,

— padding=1)

out = F.batch_norm(out, bni_mean, bni_var, bni_w, bni_b,
= is_training)

out = F.relu(out)

out = F.conv2d(out, conv2_w, conv2_b, stride=1,
< padding=1)
out = F.batch_norm(out, bn2_mean, bn2_var, bn2_w, bn2_b,
< is_training)
if downsample_conv_w is not None:
identity = F.conv2d(x, downsample_conv_w,
< downsample_conv_b, stride=stride)
identity = F.batch_norm(
identity,
)
out += identity

out = F.relu(out)
return out

# Layer blocks

for

i in range(i, 5):

layer_name = f'layer{i}"

for j in range(2):
block_name = f"{layer_name} {j}"
stride = 2 if i > 1 and j == 0 else 1

# Basic block parameters
convl_w = params[f"{block_name} convi_weight"]

bnl_var = params[f"{block _name} bnl_running var"]
conv2_w = params[f"{block_name}_conv2_weight"]
bn2_var = params[f"{block_name} bn2_ running var"]

# Dounsample parameters if they exist
has_downsample = f"{block_name}_downsample_0_weight"
< in params
downsample_args = {}
if has_downsample:
downsample_args = {
"downsample_conv_w": params [
f£"{block_name}_downsample_0_weight"],

"downsample_bn_var": params[
f"{block_name}_downsample_1_running_var"
1.
}

x = basic_block_fn(
X,

**downsample_args,

)
F.adaptive_avg_pool2d(x, (1, 1))

x =
x = torch.flatten(x, 1)

x = F.linear(x, params["fc_weight"], params["fc_bias"])
return Xx

Figure 10 | ResNet18 PyTorch implementations: Module-based (left) and Converted Functional (right)
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#include <torch/extension.h>
#include <pybind11/pybindill.h>

namespace py = pybindill;

torch::Tensor basic_block_fn(
torch::Tensor x,
torch::Tensor convl_w,

torch::Tensor identity = x;

// First convolution

x = torch::conv2d(x, convl_w, /*bias=*/{}, /*stride=+/{stride, stridel}, /#*padding=x/{1, 1});
// First batch normalization

x = torch::batch_norm(x, /*weight=%/bnl_w, ...);

x = torch::relu(x);

// Second convolution

x = torch::conv2d(x, conv2_w, /*bias=x/{}, /xstride=x/{1, 1}, /*padding=x/{1, 1});
// Second batch normalization

x = torch::batch_norm(x, /*weight=*/bn2_w, ...);

// Downsample path

if (downsample_conv_w.defined (D) {

identity = torch::conv2d(identity, downsample_conv_w, /*bias=%/{}, /*stride=%/{stride, stridel);

identity = torch::batch_norm(identity, /*weight=*/downsample_bn_w, ...);

}

x += identity;

x = torch::relu(x);
return x;

¥
torch::Tensor module_fn(torch::Tensor x, py::object params_py, bool is_training) {
auto get_param = [&](const std::string& key) -> torch::Tensor {
return params_py.attr("__getitem__") (key.c_str()).cast<torch::Tensor>();
};
// Initial layers
auto convl_weight = get_param("convl_weight");
auto bnl_weight = get_param("bnl_weight");
auto bnl_bias = get_param("bnl_bias");
auto bnl_running_mean = get_param("bnl_running_mean");
auto bnl_running_var = get_param("bnil_running_var");
X = torch::conv2d(x, convl_weight, /*bias=x/{}, /*stride=x/{2, 2}, /*padding=*/{3, 3});
x = torch::batch_norm(
x,

/*weight=+/bnl_weight,

)
X = torch::relu(x);
x = torch::max_pool2d(x, /*kernel_size=#/{3, 3}, /*stride=#/{2, 2}, /*padding=*/{1, 1});
// Layer blocks
for (int i = 1; i <= 4; ++i) {
std::string layer_name = "layer" + std::to_string(i);
for (int j = 0; j < 2; ++j) {
std::string block_name = layer_name + "_" + std::to_string(j);
int64_t stride = (i > 1 && j == 0) ? 2 : 1;
// Basic block parameters
auto convl_w = get_param(block_name + "_convl_weight");

// Downsample parameters if they exist

std::string downsample_conv_key = block_name + " _downsample_O_weight";

bool has_downsample = PyMapping_HasKeyString(params_py.ptr (), downsample_conv_key.c_str())

torch::Tensor downsample_conv_w, downsample_bn_w, downsample_bn_b, downsample_bn_rm,
downsample_bn_rv;

if (has_downsample) {

downsample_conv_w = get_param(block_name + " _downsample_O_weight");
} else {
downsample_conv_w = torch::Tensor();
}
x = basic_block_£fn(
X,
convl_w,
)

}

}
x = torch::adaptive_avg_pool2d(x, {1, 1});
x = x.view({x.size(0), -1});

auto fc_weight = get_param("fc_weight");
auto fc_bias = get_param("fc_bias");

x = torch::linear(x, fc_weight, fc_bias);
return x;

}

PYBIND11_MODULE (TORCH_EXTENSION_NAME, m) {
m.def ("forward", &module_fn, "ResNetl18 forward function (CUDA)");
}

1;

Listing 1 | THE AI CUDA ENGINEER Translated CUDA Kernel for Resnet18.
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Thought 1: Fusing Residual addition and ReLU activation

This version fuses the residual addition and ReLU activation into a custom
CUDA kernel that uses efficient thread/block indexing. Instead of separately
performing an element-wise addition and then a RelLU, the fused kernel maps
each tensor element onto a thread using 1D grid indexing, thereby reducing
memory accesses and kernel launch overhead.

| L

Thought 2: Implement 2D Thread Blocks to Match the 2D input structure

Given the 2D nature of the convolution operations in ResNet, we can optimize
the kernel by using 2D thread blocks and grid dimensions to better match the
data layout. This approach reduces the overhead of index calculations and
improves memory access patterns. We use a 16x16 thread block configuration
which is well-suited for modern GPU architectures and the typical feature
map sizes in ResNet.

Thought 3: Shared Memory Utilization for Reduced Global Memory Access

By utilizing shared memory for residual addition and RelLU activation, we can
reduce global memory accesses. The kernel processes data in tiles using shared
memory, with minimal thread synchronization points only where necessary for
shared memory consistency.

ee -1,8 +1,36 @@
+// Fused CUDA kernel: performs element-wise addition of x and identity, then applies ReLU
+__global__ void fused_add_relu_kernel(const float* restrict x.

+ const float* restrict_

S identity,

+ float* __restrict__ out,
+ int numel) {

+ // Use 1D grid/block indexing for efficient mapping

+ int idx = blockIdx.x * blockDim.x + threadIdx.x;

+ if (idx < numel) {

+ float sum = x[idx] + identity[idx];

+ out[idx] = (sum > 0.0f) ? sum : 0.0f;

+ }

+}

+

+// Host wrapper to launch the fused kernel
+torch: :Tensor fused_add_relu(torch::Tensor x, torch::Tensor identity) {

+ auto out = torch::empty_like(x);

+ int numel = x.numel();

+ int threads = 256;

+ int blocks = (numel + threads - 1) / threads;

+ fused_add_relu_kernel<<<blocks, threads, O, at::cuda::getCurrentCUDAStream()>>>(

+ x.data_ptr<float>(), identity.data_ptr<float>(), out.data_ptr<float>(), numel);
+ return out;

<y

+

+// Basic block function with fused residual addition and ReLU
@@ -29,58 +57,28 Q@@
x = torch::conv2d(x, convl_w, /*bias=+/{}, /*stride=*/{stride, stride}, /*padding=+/{1, 11});
= X += identity;
- x = torch::relu(x);
+ // Fused residual addition and RelU using custom CUDA kernel with proper thread/block indexing
+ x = fused_add_relu(x, identity);
return x;

Figure 11 | CUDA Optimization Strategies Discovered by THE Al CUDA ENGINEER (Top) and
Code Diff between initial translated kernel and implementation of Thought 1 (Bottom)

12



The Al CUDA Engineer: Agentic CUDA Kernel Discovery, Optimization and Composition

6. THE AI CUDA EnNnGINEER Evaluation on KernelBench Levels

In the following section, we take an in-depth look at the results obtained by THE AI CUDA
ENGINEER on the three individual KernelBench (Ouyang et al., 2025) sweep levels.

6.1. KernelBench Level 1 Results: Optimizing Basic Operations

Level 1 of KernelBench consists of 100 PyTorch tasks that can roughly be grouped as follows: 18 tasks
covering various matrix multiplication algorithms, 13 tasks for elementwise activation functions, 17
tasks for normalization methods, 5 tasks for pooling techniques, 6 tasks for all-reduce operations, 33
tasks for convolution methods, and 12 tasks covering common loss functions. Table 2 summarizes
the translation success of various frontier LLMs across two main settings: First, we evaluate simple
best-of-N parallel sampling of translation CUDA kernel proposals (Ehrlich et al., 2025). Second, we
use a simple sequential feedback loop with error message information (as outlined in section 3).
We find that for both settings ol-preview with 16384 completion tokens outperforms all other
considered LLMs. Furthermore, incorporating error verification leads to a substantial improvement in
translation success. While o1-preview without feedback is only capable of translating 63 out of 100
tasks, the same model with feedback obtains 89 successful translations. This represents a stronger
process than previously reported on the KernelBench leaderboard (65 out of 100 tasks).

Table 2 | Evaluation of AI CUDA Engineer PyTorch Translation for Level 1 KernelBench Tasks.

Level 1 [Basic Ops] # Translated Improved Improved Improved over Torch P50 Torch P75 Torch Max
P Operations over torch over compile KernelBench Speedup Speedup Speedup
deepseek-v3 [pass@10] 48 8 8 18 0.27 0.93 23.93
sonnet3.5 [pass@10] 56 13 13 20 0.63 0.97 29.82
deepseek-R1 [pass@10] 55 14 13 21 0.42 1.00 23.50
ol-preview [pass@10] 63 13 11 21 0.45 0.96 34.68
01-high [pass@10] 50 11 10 21 0.37 0.97 39.63
deepseek-v3 [loop@10] 66 13 12 23 0.63 0.95 24.13
sonnet3.5 [loop@10] 70 16 16 23 0.70 0.98 29.51
deepseek-R1 [loop@10] 86 17 17 22 0.27 0.91 34.04
ol-preview [loop@10] 89 13 12 25 0.43 0.93 35.58
01-high [loop@10] 86 17 15 23 0.31 0.94 29.83
03-mini-high [loop@10] 87 17 15 23 0.45 0.96 29.54
Union - Max All 91 38 36 46 0.97 1.16 39.63

Interestingly, while we don’t explicitly prompt the LLM to provide a runtime improvement, we observe
that translating torch native code into equivalent CUDA code often results in strong speedups. When
inspecting the best kernels across all translation settings, we find that 25% of successful translations
led to an improvement of more than 16% (versus torch native). Furthermore, 36 kernels even
outperform torch-compiled versions of the operation.

Level 1: LLM-Driven Translation & Evolutionary Optimization = Basic Operations [Highlights]
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Figure 12 | Level 1 Translation and Evolutionary Optimization Runtime Improvement Highlights.

We can further improve performance by using THE Al CUDA ENGINEER to directly optimize the
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runtime. Figure 12 and table 3 highlights a subset of improved kernels from level 1. In general, we
observed that it was challenging to improve the matrix multiplication kernels. Such operations often
rely on highly optimized and proprietary CUTLAS implementations, which aren’t represented in the
LLM training data.

Table 3 | Highlighted AT CUDA Engineer Kernels in Level 1 of KernelBench.

Translate Translate Optimize Optimize

Task Problem Name Speedup Speedup Speedup Speedup
vs. Native vs. Compile vs. Native vs. Compile
12 12 Matmul with diagonal matrices 39.63 40.40 56.76 58.28
95 95 _CrossEntropyLoss 8.97 2.45 5.16 5.17
40 40_LayerNorm 2.46 0.20 7.84 0.69
97 97 _CosineSimilarityLoss 5.46 3.91 7.0 5.51

6.2. KernelBench Level 2 Results: Optimizing Fused Operations

Level 2 of the KernelBench task sweep contains 100 composed operation blocks, which require the
fusion of multiple primitives. These can be grouped as follows: 18 tasks consider 2D convolutions with
various activation functions and simple arithmetic operations; 14 tasks implement 2D convolutions
with normalization or pooling; 24 tasks combine 3D convolutions with activation and simple opera-
tions; 7 tasks synthesize 3D convolutions with normalization or pooling; 22 for generalized matrix
multiplication with various residual operations activations, or arithmetic operations; and 15 tasks
consider generalized matrix multiplication with normalization or pooling. Table 4 details translation
rates across Level 2 tasks while Table 5 showcases optimization results.

Table 4 | Evaluation of AI CUDA Engineer PyTorch Translation for Level 2 KernelBench Tasks.

Level 2 [Fused Ops] # Translated Improved Improved Improved over Torch P50 Torch P75 Torch Max
P Operations over torch over compile KernelBench Speedup Speedup Speedup

deepseek-v3 [pass@10] 39 14 7 9 0.49 1.08 8.14
sonnet3.5 [pass@10] 52 20 14 13 0.39 1.27 10.81
deepseek-R1 [pass@10] 70 23 16 17 0.37 1.06 59.19
ol-preview [pass@10] 95 42 13 22 1.00 1.01 3.35
o1l-high [pass@10] 81 29 17 19 0.87 1.00 4.34
deepseek-v3 [loop@10] 43 15 10 12 0.96 1.11 3.35
sonnet3.5 [loop@10] 64 17 15 11 0.31 1.03 10.16
deepseek-R1 [loop@10] 80 21 18 14 0.26 1.00 112.45
ol-preview [loop@10] 97 45 19 26 1.00 1.04 3.38
o1-high [loop@10] 90 24 13 15 0.51 1.00 6.78
03-mini-high [loop@10] 88 20 20 17 0.23 0.93 8.64
Union - Max All 98 72 40 41 1.05 1.31 112.45

Again, we observe that for translation o1-preview achieves the highest success rate. We hypothesize,
that the performance difference between o1-high and ol-preview may result from potential post-
training and quantization. Furthermore, we obtained 98 successful CUDA translations as compared
to 65 for the KernelBench approach. Translation alone, again, achieves a speedup improvement
over 40 compiled torch implementations. After optimization, that number jumps to 61, with a
median speedup of 1.9x over those kernels. The highlighted kernels in table 5 showcase that THE
Al CUDA ENGINEER is capable of obtaining improvements for a broad range of computations
including various composed matrix multiplication kernels, 2D as well as 3D convolutions. These
individual and aggregated results highlight that THE Al CUDA ENGINEER is capable of fusing
multiple operations effectively. Finally, we observe that interleaving batch proposal sampling with
code editing improves the runtime obtained by THE AI CUDA ENGINEER for some tasks but
not uniformly. Hence, the optimal trade-off between sampling diverse ideas and locally improving
implementation details appears to be task-sensitive.
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Level 2: LLM-Driven Translation & Evolutionary Optimization = Fused Operations [Highlights]
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% re 13 | Level 2 Translation and Evolutionary Optimization Runtime Improvement Highlights.
le 5 | Highlighted AI CUDA Engineer Kernels in Level 2 of KernelBench.

Translate Translate Optimize Optimize

Task Problem Name Speedup Speedup Speedup Speedup
vs. Native vs. Compile vs. Native vs. Compile
23 23_Conv3d_GroupNorm_Mean 112.45 72.04 84.67 73.59
13 13 ConvTranspose3d Mean Add Softmax Tanh 59.19 46.77 84.01 65.83
18 18_Matmul_Sum_Max_AvgPool LogSumExp LogS 10.81 1.98 21.08 13.99
66 66_Matmul Dropout_Mean_Softmax 6.47 11.33 7.21 13.47

6.3. KernelBench Level 3 Results: Optimizing Complex Architectures

Finally, level 3 of the KernelBench task sweep encompasses a set of 50 popular neural network
architecture blocks, which often entail hundreds of lines of torch code. As seen in table 6, our
pipeline achieves successful translation over forty of the fifty level 3 tasks. Interestingly, we find the
ol-preview with error feedback scales well for increased translation budgets (fig. 7). DeepSeek-v3,
on the other hand, is not able to translate a single level 3 kernel. After optimization, we have kernels
as fast or faster than torch compile on nineteen of the fifty tasks, with a median speedup of 1.51x.
We highlight some of these kernels in table 7.

Level 3: LLM-Driven Translation & Evolutionary Optimization = Complex Modules [Highlights]
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Figure 14 | Level 3 Translation and Evolutionary Optimization Runtime Improvement Highlights.

These highlighted kernels include both recurrent neural network implementations and classic vision
architectures. Generally, speaking the observed maximal speedups obtained for level 3 tend to
be smaller (e.g. 3x) as compared to levels 1 and 2. This may likely be due to increased manual
optimization for popular architectures and the increased context and output length required for such
involved architectures. Finally, we again observed that the previously reported KernelBench (Ouyang
et al., 2025) is oftentimes only capable of factoring out small subsets of the overall architectures into
working CUDA code. THE Al CUDA ENGINEER, on the other hand, is capable of obtaining CUDA
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Table 6 | Evaluation of AI CUDA Engineer PyTorch Translation for Level 3 KernelBench Tasks.

Level 3 [Complex Models] # Translated Improved Improved Improved over Torch P50 Torch P75 Torch Max

eve omplex lodets Operations over torch over compile KernelBench Speedup Speedup Speedup
deepseek-v3 [pass@10] 0 0 0 0 nan nan nan
sonnet3.5 [pass@10] 5 0 0 0 0.10 0.23 0.75
deepseek-R1 [pass@10] 7 0 0 1 0.38 0.56 0.91
ol-preview [pass@10] 19 4 0 5 0.99 1.00 1.70
ol-high [pass@10] 12 4 1 4 0.93 1.00 1.57
deepseek-v3 [loop@10] 6 2 2 1 0.22 1.75 3.03
sonnet3.5 [loop@10] 11 3 1 3 1.00 1.00 3.01
deepseek-R1 [loop@10] 19 11 6 10 1.00 1.46 3.10
ol-preview [loop@10] 32 13 4 14 1.00 1.05 1.62
o1-high [loop@10] 18 8 0 3 0.55 1.08 2.58
03-mini-high [loop@10] 21 2 2 3 0.11 0.38 1.90
Union - Max All 40 26 9 18 1.01 1.42 3.10

code that implements the entire computation graph.
Table 7 | Highlighted Al CUDA Engineer Kernels in Level 3 of KernelBench.

Translate Translate Optimize Optimize
Task Problem Name Speedup Speedup Speedup Speedup

vs. Native vs. Compile vs. Native vs. Compile

34 34 VanillaRNNHidden 1.01 2.31 7.02 11.61

24 | 24 EfficientNetB2 1.49 1.02 2.37 1.63

4 4 LeNet5 2.25 1.38 2.38 1.47

7. Retrieval-Augmented CUDA Kernel Translation & Optimization

Translation Given a dataset of
kernels discovered by THE Al
CUDA ENGINEER, we lever-

Table 8 | Six CUDA kernel translations enabled with RAG;

age RAG to improve the trans-  Operation | Level | Speedup
iat1cc1>p CipabﬂlFleS of the sy:t%m, Conv3D (Standard, Square) 1 1.0
cacing to s '-1mproveme.:n - ror Conv3D (Standard, Asymmetric) 1 0.02
each kernel in our archive, we
. . Conv3D (Transposed, Square) 1 1.0
first compute text embeddings .

. ) Conv3D (Transposed, Asymmetric) 1 0.03
of their PyTorch functional code
(algorithm 1). When t lati Conv3D (Transposed, Padded) 1 0.01
AgorIthm 1) ¢h trahstating Conv3D-GroupNorm-Min-Clamp-Dropout 2 1.0

a new operation, we compute
its embedding and retrieve the k
most similar PyTorch implementations along with their corresponding CUDA kernels. These examples
are then provided as in-context demonstrations to guide the translation process. Out of 15 previously
failed tasks, RAG enabled the successful translation of 6 operations, a 40% improvement. As shown
in Table 8, while three operations maintained performance parity with their PyTorch counterparts,
the remaining three exhibited lower performance. However, even for these slower kernels, RAG
successfully provided numerically accurate implementations that can serve as starting points for the
optimization pipeline described in Section 3. Notably, the successful translation of a Level 2 fusion
task demonstrates RAG’s potential for handling more complex operations.

Optimization We also investigate the impact of RAG on CUDA kernel optimization (stage 3). Similar
to the translation setup in Algorithm 1, we compute text embeddings for each kernel in our archive,
but now we include optimized kernel codes for similar functions. We compare four different settings:
optimization without RAG, RAG using a dataset of optimized kernels, RAG using a dataset of translated
(but not optimized) kernels, and RAG with randomly selected examples instead of k-nearest neighbors.
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Algorithm 1 Retrieval-Augmented CUDA Kernel Translation & Optimization

Require: An archive of previously translated CUDA kernels A = {s1,.
number of neighbors k.
for all kernels s € A do
embed|[s] « Text embedding of PyTorch functional code
end for
embed « Text embedding of current PyTorch functional code to translate
Get k-nearest neighbors of current PyTorch functional or CUDA kernel code in embedding space.
Add k neighbors (PyTorch functional, CUDA kernel code) pairs to the prompt and query LLM.

..,S|p|}, an embedder, a

AN A S v

Figure 15 presents the runtime improvements across these settings for a diverse set of operations.
Our analysis reveals that RAG-based on translated kernels consistently achieves the highest speedups
across most tasks, with the notable exception of task 42 (Max Pooling 2D) where the baseline without
RAG performs best. The effectiveness of nearest-neighbor selection is validated by the consistently
poor performance of random examples, which never achieves the best performance for any task.

LLM-Evolutionary Kernel Optimization - Stage 3 Ablation Study: RAG In-Context Kernel Composition
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Figure 15 | CUDA Kernel Optimization Analysis for Different RAG Settings.

Using a dataset of optimized CUDA kernels for RAG does not improve performance compared to using
translated but unoptimized kernels. This suggests that leveraging a diverse set of basic implementation
strategies can be more beneficial than using highly specialized optimizations. Simpler translated
kernels may provide clearer patterns for the LLM to build upon during optimization, while already-
optimized kernels contain complex techniques that are harder to adapt to new contexts.
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8. Ablation Studies of THE AI CUDA ENGINEER Components

In this section, we conduct ablation studies to understand the impact of different components in
our optimization pipeline. First, we investigate how model diversity affects the quality of optimized
kernels by varying the number of LLMs used in the optimization process (from 1 to 4 models). Second,
we investigate the usefulness of using kernel profiling data as part of the prompting strategy. Finally,
we examine the effectiveness of our crossover operation strategy in generating improved kernel
implementations. Our crossover approach draws inspiration from genetic algorithms but is specifically
tailored for CUDA kernel optimization, and involves the selection of high-performing parent kernels
which are fused by LLMs to maintain correctness while merging features from both parents.

LLM-Evolutionary Kernel Optimization: Impact of Model Diversity LLM-Evolutionary Kernel Optimization: Impact of Profiling
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Figure 16 | Level 3 Optimization Ablations for LLM Model Diversity & Profiling Data.

Impact of Model Diversity To evaluate the effect of model diversity on kernel optimization perfor-
mance, we compare three distinct configurations:

1. Single LLM: Using only one model (claude-3.5-sonnet)

2. Two LLMs: Combining claude-3.5-sonnet with textttgpt-4o

3. Four LLMs: Full ensemble using additionally 03-mini, and deepseek-R1

On average, increasing model diversity leads to improved optimization outcomes across different tasks
(fig. 16). The four-model ensemble configuration achieves superior performance in most cases, with
particularly notable improvements in specific tasks. For instance, in the 15 Matmul for lower trian
task, the four-model ensemble achieves a remarkable 2.0x speedup, significantly outperforming both
the single-model (0.75x) and two-model (0.85x) configurations. For the 23 Conv3d_GroupNorm Mean
task, the four-model ensemble maintains consistent performance improvements throughout optimiza-
tion. We hypothesize that the improved performance with multiple models stems from several factors:

* Diverse implementation strategies arising from different model training distributions

* Complementary optimization techniques learned by different model architectures

* Increased exploration of the solution space through varied model perspectives
Prompting with Profiling Data Next, we investigated the impact of including profiling data in the
kernel batch sampling prompt of THE Al CUDA ENGINEER. We hypothesize that this feedback
allows the LLM to reason about implementation details such as sub-operation-specific memory
consumption and runtime. Again, we investigate 4 separate settings: Using no profiling information,
using only NVIDIA Compute Utility (NCU) profiling data, using both NCU as well as Clang-Tidy
information, and using only torch profiling data. NCU profiles provide meta-data about execution
timing, resource utilization, memory metrics as well as instruction analysis. Clang-Tidy, on the
other hand, yields a static code analysis of the source code without explicit kernel compilation or
evaluation. We format the obtained raw profile before extending the context of the LLM. Including
profiling data, in general, helps THE Al CUDA ENGINEER to obtain performance improvements
(fig. 16). Different tasks benefit from different profiles. E.g. the max pooling kernel discovery benefits
from all individual profiling settings. The fused 2D convolution task, on the other hand, benefits most
from the torch profile. On average torch profiling data yields robust speedup gains.
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Kernel Crossover Prompting We develop a novel evolutionary approach that leverages learned
code embeddings to identify and combine complementary optimization strategies from different
kernels (outlined in algorithm 2). Thereby, THE Al CUDA ENGINEER is capable of 'crossing over’
different CUDA kernels and combining complementary strengths. We first compute text embeddings
for all kernels in our archive and project them into a lower-dimensional space. These embeddings
capture semantic similarities between different implementation strategies. We then cluster the kernels
and select the best-performing parents from each cluster for recombination. To evaluate the effect of

Algorithm 2 Language Model CUDA Kernel Crossover

Require: An archive of previously evaluated CUDA kernels A = {s1,...,s/p|}.
Require: Number of latent dimensions Z = 2 for code embeddings
Require: Number of clusters K = 3 to group kernels.

1: for all kernels s € A do

embed|[s] « Text embedding of kernel code script

end for
Compute low-dimensional projection of all text embeddings into Z-dimensional space.
Cluster projected kernel scripts into K clusters
Select the best performing (runtime) kernel as parents from each cluster
Construct crossover prompts incentivizing the combination of kernel optimization strategies

Nou kb

crossover on kernel optimization performance, we compare three distinct configurations:

1. No crossover: Standard optimization without kernel recombination
2. Frequent crossover: Performing crossover every 2 generations.
3. Moderate crossover: Performing crossover every 4 generations.

LLM-Evolutionary Kernel Optimization - Stage 3 Ablation Study: Impact of Crossover Frequency
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Figure 17 | Level 3 Optimization Ablation for Kernel Crossover Prompting.

The variant without crossover consistently performs worst across all evaluated tasks (fig. 17). Both
crossover configurations (every 2 or 4 batches) generally achieve superior performance, although there
is no clear winner between these two settings. Most notably, for the 15_Matmul_for_lower_trian
task, the frequent crossover variant (every 2 batches) achieves a remarkable speedup of 4.51x,
substantially outperforming the second-best configuration which only reaches 0.65x speedup.
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9. THE AI CUDA ENGINEER Archive: A Verified CUDA Kernel Dataset

Along with this paper, we release THE Al CUDA ENGINEER archive, a dataset consisting of
approximately 30,000 CUDA kernels generated by THE Al CUDA ENGINEER. It is released under
the CC-By-4.0 license and can be accessed via HuggingFace? and interactively visualized here3.
The dataset includes a torch reference implementation, torch, NCU and Clang-tidy profiling
data, multiple kernels per task, error messages and speedup scores against torch native and compile
runtimes. We envision that this dataset can enable post-training of open-source models to perform
better CUDA-enabling modules. Table 9 provides key summary statistics of the dataset:

Table 9 | Summary Statistics of THE AI CUDA ENGINEER Archive.

Level Total Correct In-Correct # Kernels faster # Kernels faster # Error (Eval or # Error
Kernels Kernels Kernels Torch Native Torch Compile Compilation) (Accuracy)
1 12,157 7,222 4,935 2,779 4,339 3,336 1,599
2 12,938 6,988 5,950 4,750 3,235 4,076 1,874
3 5,520 3,271 2,249 1,161 521 2,660 611
Total 30,615 17,481 13,134 8,690 8,086 10,072 4084

Inspired by Lu et al., fig. 18 visualizes the different generated kernels. We embed all kernels using
OpenAl's text—-embedding-3-small and compute 2-dimensional projections using tSNE (Van der
Maaten and Hinton, 2008), which we then cluster using DBSCAN (Ester et al., 1996). Afterwards, we
pick 50 kernels for each cluster and query 03-mini to construct cluster summary descriptions.

Tasks: Extraction, Aggregation, Classification
Strategies: Fused, Vectorized, Contiguous

a“ See ¥l
[}

Tasks: Pooling, Convolution, Activation
Strategies: Blocking, Warp, Vectorized

Tasks: Convolution, Pooling, Activation
Strategies: Contiguity, Alignment, Inlining

Figure 18 | THE AI CUDA ENGINEER Archive Kernel Summary Visualization. tSNE projections
and DBSCAN clustering of CUDA kernel code contained in the archive. The dataset consists of more
than 15,000 verified kernels which cluster into various task groups and kernel optimization strategies.

The clusters group tasks (e.g., matrix multiplication, convolution, etc.) conditioned on various kernel
implementation strategies (e.g., fusion, shared memory, vectorization, etc.). This can potentially
allow for targeted fine-tuning of base language models. Finally, the error messages can be used to
train reasoning models without the need for online compilation and kernel evaluation.

2https://huggingface.co/datasets/SakanaAl/AI-CUDA-Engineer-Archive
Shttps://pub.sakana.ai/ai-cuda-engineer
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10. Related Work

Modern GPU Programming Frameworks and Automated Kernel Optimization. Recent advances
in GPU programming frameworks have fostered an ecosystem that emphasizes both high performance
and developer productivity. Frameworks like Triton (Tillet et al., 2019), developed by OpenAl, offer a
Python-based interface that allows developers to write efficient, low-level GPU kernels without delving
into the intricate details of CUDA or OpenCL. Emerging tools such as ThunderKittens (Spector et al.,
2024) focus on enhanced human usability and seamless integration with popular machine learning
libraries, further simplifying complex workflows. Additionally, there are innovative methods for au-
tomating the writing of CUDA kernels. Domain-specific languages and auto-tuning frameworks—such
as TVM (Chen et al., 2018) and its auto-scheduler Ansor (Zheng et al., 2020) - along with template
metaprogramming in C++ and Python-based DSLs, enable the automatic generation of highly op-
timized kernels tailored to specific hardware and workload requirements. METR (2025) leverage
LLMs for CUDA kernel generation on a modified KernelBench sweep. They report average speedups,
which make it hard to assess the reported robustness. Finally, Chen et al. (2025) report promising
results for optimizing attention kernels using DeepSeek-R1. Unlike THE Al CUDA ENGINEER these
approaches do not detail an end-to-end system which utilizes the evolutionary kernel optimization
paradigm, crossover-prompting, model ensembling or profiling data. Furthermore, we release the
entire kernel dataset discovered by THE Al CUDA ENGINEER.

Scientific Discovery with LLMs. As LLMs become more capable, interest has grown in using them to
aid scientific discovery. Prior works have shown LLMs’ effectiveness in paper review (Liu and Shah,
2023; Zhuang et al., 2025), idea generation (Dasgupta et al., 2024; Si et al., 2024; Susnjak et al.,
2025), and research synthesis (Agarwal et al., 2024; Ali et al., 2024). Other works have gone further
in integrating LLMs across the scientific process, having them propose, implement, and evaluate
preference optimization objectives (Lu et al., 2024a) as well as entire scientific experiments (Lu et al.,
2024b). The latter work, The AI Scientist, is additionally capable of visualizing its results, writing a
paper, and preparing it for review.

Software Engineering with LLMs. Another domain LLMs have shown promising results in is software
engineering. Common benchmarks test standalone programming questions (Austin et al., 2021; METR,
2025; Quan et al., 2025) as well as traditional software engineering tasks, such as completing GitHub
issues (Jimenez et al., 2024). A growing subset of work in this field has also begun to target kernel
writing (Ouyang et al., 2025; Zhang et al., 2025) in Architecture Specific Programming Languages
such as CUDA, since efficiency improvements from these kernels can be incredibly valuable and skilled
human kernel engineers are in high demand. Different methods diverge in how they tackle these
applications. Some works train LLMs to become better coders (Hui et al., 2024; Roziere et al., 2023;
Zhu et al., 2024), while others leverage test-time compute strategies to improve model outputs. There
is also variation in the output form factor, which ranges from full files to diffs that can be iteratively
applied, as in Gauthier (2024).

Test-Time Compute Scaling. One dimension of test-time scaling is increasing the effort per sample,
whether by training (Guo et al., 2025; Team et al., 2025), prompting longer model "thought" (Muen-
nighoff et al., 2025; Wei et al., 2022), scaling search across trajectories (Snell et al., 2024; Xie et al.,
2023; Zhang et al., 2024a), retrieving context (Lewis et al., 2020a), or using multi-turn responses
(Zhou et al., 2024). Alternatively, more samples can be generated and aggregated via voting (Snell
et al., 2024; Trad and Chehab, 2024) or LLM communication (Du et al., 2023; Wang et al., 2025).
Evolutionary test-time compute (Berman, 2025; Lu et al., 2024a) mutates and recombines samples,
while generating parallel outputs with different models (Du et al., 2023) or prompts (AlphaProof and
AlphaGeometry teams, 2024) encourages diversity.
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11. Limitations & Ethical Considerations

Focus on inference runtime & forward pass computation Our work focuses exclusively on
optimizing inference-time computations and forward pass operations. While this scope allows for
meaningful runtime improvements, it represents only a subset of the complete computational deep
learning pipeline. The generation of coherent forward and backward passes introduces significant
additional complexity, particularly regarding the storage and management of activations required
for computing Jacobian-vector products. Future work could explore extending THE AI CUDA
ENGINEER to handle these more complex scenarios.

Benchmark Quality We use the KernelBench tasks as-is to maintain a simple point of comparison
against KernelBench’s (Ouyang et al., 2025) results. A recent related work (METR, 2025) filtered down
the set of tasks to remove trivial or abnormal examples. We do not do this, but we sanity-check our top
kernels to ensure accuracy over a range of inputs and the qualitative absence of exploitative/trivial
CUDA code. Still, more work has to be done to improve benchmark and response quality, and tasks
and kernels slated for deployment must be rigorously checked.

Challenges & Common Failure Modes Several technical challenges and common failure modes
emerged during our investigation:

* Combining evolutionary optimization with LLMs is powerful but can also find ways to trick
the verification sandbox. We are fortunate that Twitter user @main_horse helped test our
CUDA kernels, to identify that THE Al CUDA ENGINEER had found a way to 'cheat’. The
system had found a memory exploit in the evaluation code which, in a small percentage of
cases, allowed it to avoid checking for correctness. We have consequently made the evaluation
harness more robust to eliminate such loopholes.

* We observed limitations in frontier LLMs’ ability to effectively utilize TensorCore WMMA
capabilities. While LLMs could generate basic CUDA code, they often struggled to implement
the specialized matrix multiplication acceleration features offered by modern GPU architectures.
This suggests a potential gap in the training data or the models’ understanding of advanced
hardware-specific optimizations.

* Maintaining kernel proposal diversity proved challenging. The LLMs frequently gravitated
toward similar optimization strategies, potentially missing more innovative solutions. This
raises questions about optimal exploration-exploitation trade-offs in the kernel optimization
process and suggests the need for more sophisticated diversity-promoting mechanisms.

* Practical constraints limited our parallel kernel verification to a population size of N = 4. While
the per-GPU workload is relatively small, profiling operations often took longer than runtime
estimation and compilation. This bottleneck in the evaluation pipeline suggests opportunities
for more efficient verification methods.

* Selecting relevant feedback from profiling tools remains an open challenge. Determining which
profiling metrics most effectively guide the optimization process requires further investigation.

Broader Impact and Ethical Considerations Our work contributes to the ongoing trend of au-
tomating specialized engineering work. As highlighted by Handa et al. (2025), such automation can
have significant economic and workforce implications. While tools like THE Al CUDA ENGINEER
can enhance productivity and make specialized optimization more accessible, they may also impact
the job market for CUDA optimization engineers. We also emphasize the critical importance of human
verification for LLM-generated kernels. During our experiments, we occasionally discovered that LLMs
could exploit non-robust correctness tests, highlighting the need for comprehensive validation proce-
dures. Any deployment of automatically generated CUDA kernels should include thorough testing in
sandboxed environments and careful human review, especially for safety-critical applications. These
considerations suggest promising directions for future research while highlighting the importance of
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responsible development and deployment of automated kernel optimization systems.
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12. Discussion

Costs & Runtime of THE AI CUDA ENGINEER Our results were produced with an estimated
per-kernel cost of $15 in API credits for foundation model usage and less than 2 hours of runtime
including kernel generation, verification, and profiling. Costs and runtime can be scaled to increase
translation/optimization effectiveness as well as cover more complex tasks.

Future Directions While this work focuses on optimizing the usage of frontier models, there is more
work to be done in improving the underlying models at train time. With this project, we are releasing
a large verified kernel library containing code, speedup times, profiling and error messages. Such a
library could be used to train open-source models via supervised fine-tuning, preference optimization,
or off-policy reinforcement learning (RL). Our verification and profiling setup can also be used to
further train a model as in (Guo et al., 2025), which showed drastic gains in verifiable tasks through
the simple scaling of online RL.

Additionally, there are several improvements to be made which are agnostic to the choice of train
or inference time kernels. This includes hardware specialization — producing kernels that target
the specific strengths or capabilities of the user device. Such specialization has become increasingly
important for improving kernel efficiency. Flash Attention 2 (Dao, 2024), a prominent attention
kernel, reaches 35% theoretical max FLOPS utilization on H100s, which are based on NVIDIA’s
Hopper architecture. Flash Attention 3 (Shah et al., 2024), which targets Hopper specifically, reaches
75% utilization and is 1.5-2x faster than Flash Attention 2 on Hopper devices.

Another exciting direction is the usage of compilers to aid the LLM in translating and optimizing
modules into kernels. E.g., torch compile uses TorchDynamo to extract an FX graph from PyTorch
code and jit-compile it to Triton (Ansel et al., 2024). Intuitively, these compilers translate PyTorch
code to an intermediate representation that is more conducive to optimization and then undergo the
actual optimization. It is possible that some or all of this work could be commandeered to aid THE
Al CUDA ENGINEER in its tasks.

Conclusion In this work, we introduced the Al CUDA Engineer, a comprehensive framework for
automatic CUDA kernel discovery and optimization. Our approach demonstrates that large lan-
guage models, when combined with evolutionary optimization strategies and retrieval-augmented
generation, can successfully translate PyTorch operations into efficient CUDA implementations and
further optimize their runtime performance. The Al CUDA Engineer achieves this through a four-stage
pipeline that handles the conversion of PyTorch modules to functional representations, translation to
CUDA kernels, runtime optimization, and kernel composition.

Looking forward, the Al CUDA Engineer opens up several promising research directions, including
extending support for backward pass computations, hardware-specific optimizations, and deeper
integration with existing compiler frameworks. While our current work focuses on inference-time
optimizations, the principles and techniques developed here could be adapted to address the broader
challenges of full-model optimization, including training-time computations and specialized architec-
ture support.

As the demand for efficient deep learning computations continues to grow, tools like the AT CUDA
Engineer demonstrate the potential for automated systems to assist in the complex task of performance
optimization. This work represents a step toward more accessible and efficient hardware acceleration
for deep learning workloads while highlighting the importance of combining traditional optimization
techniques with modern language model capabilities.
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Appendix

A

B

Additional Results

Prompts

Highlighted Discovered Kernels - KernelBench Level 1
Highlighted Discovered Kernels - KernelBench Level 2
Highlighted Discovered Kernels - KernelBench Level 3

Completed Kernels of ResNet18 Optimization Example
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A.2. Level 1: Evolutionary Optimization Learning Curves
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Figure 20 | Level 1 Optimization Curves.
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Level 1: Basic Operations - Evolutionary Optimization - Performance Improvement Curves [Tasks 49-100]
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Figure 21 | Level 1 Optimization Curves.
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A.3. Level 2: Improvement Summary

Level 2: LLM-Driven Translation & Evolutionary Optimization = Fused Operations [Tasks 1-100]
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Figure 22 | Level 2 Full Results.
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A.4. Level 2: Evolutionary Optimization Learning Curves

Speedup (Factor over PyTorch)

Speedup (Factor over PyTorch)

Speedup (Factor over PyTorch)

Level 2: Fused Operations - Evolutionary Optimization - Performance Improvement Curves [Tasks 1-48]
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Figure 23 | Level 2 Optimization Curves.
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Level 2: Fused Operations - Evolutionary Optimization - Performance Improvement Curves [Tasks 49-100]
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A.6. Level 3: Evolutionary Optimization Learning Curves

Level 3: Complex Modules - Evolutionary Optimization - Performance Improvement Curves [Tasks 1-50]
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B. Prompts

We present some representative prompts that we use for THE Al CUDA ENGINEER.

B.1. Conversion Prompts
These prompts correspond to the first stage of THE Al CUDA ENGINEER.

Conversion System Prompt

You are an expert python and PyTorch engineer.

Your job is correctness and holding to the given task specification.

Conversion Base Prompt

You will be given python code, which contains four parts:

- [Imports] These are always at the top of the file and contains
— mostly torch imports.

- [Model Definition] A “Model(nn.Module)® class with an init and a
— forward method.

- [Configurations] Following the “Model™ class, there are some

— configurations and two functions “get_inputs()~ and

— “get_init_inputs()°. The configurations are used in these

— functions.

- [Members] The “Model™ class may have members that are also

— "nn.Module”, they are defined either in “torch.nn” or before the
— "Model® class.

Your job is to write a "functional" version of that code, which
— suggests the workflow of

— “Model(*get_init_inputs()) (xget_inputs())~.

The task for each part of the code is as follows:

For [Imports], you will likely need the following libraries:

"7 “python

import torch

import torch.nn as nn

import torch.nn.functional as F

You may import other libraries, but you probably not any other torch
— modules.

For example, if you do “from torch import _VF°, you can then use

— " _VF.lstm” and " _VF.gru  functions.

For [Model Definition], you should:
- Define “nn.Parameter”™ in “Model.__init__()~, since they are needed
— for the functional calls.
- If a parameter is already defined in the “Model™ class, you can
— directly use it.
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- Otherwise, you may extract it from the "nn.Module's. E.g.
— “self.conv.weights =
— nn.Parameter(self.convl.weight.data.clone)”, where
— "self.convl® is an "nn.Module . If you use “nn.ParameterDict’
— to extract parameters, remember that names cannot contain
— dots.
- Notice that these parameters' specifications are given by the
— “get_init_inputs()” function call because Model is
— initialized with “Model(*get_init_inputs())".

- Modify the “forward()  method to use functional calls instead of

— nn.Modules”.
- This can be achieved by defining a “module_fn()~ that takes in
— all the args that the forward pass was called with as well as
— any neural network parameters that the Model holds. It should
— faithfully reproduce the exact forward pass as the original
— Model class.
- Then, you can augment the “Model.forward()  method signature,
— where you add a "fn" argument that defaults to "module_fn".

- You need to read the original code carefully. E.g., the code may

— mnot implement a residual connection even though the name or

— comment suggests it.

For [Configurations], you should simply copy the code from the
— original file. They are for test purposes.

For [Members], you should:

- If a member is an "nn.Module™ for which there exists a functional
— call, you can replace its forward pass with the functional call.
—~ E.g., if it is a "nn.Conv2d™, you can replace ~self.conv(x)  with
— "F.conv2d(x, ...)  with proper arguments.

- Otherwise, you need to decompose it until the its forward pass can
— be replaced with a series of functional calls. You can define

— functions for this, and these functions will be used in the

— “module_fn()~ function.

Your returned functional version of the code should be a valid python
— file, and it will be checked against the original code. Their

— outputs should be identical.

Return only python code, no other text.

The following are several examples to illustrate the task.

=== Example ===

{examplel}

=== Exa_’mple 2 ===

{example2}
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=== Exalnple 3 ===
{example3d}
== Example 4 ===

{example4d}

Here is the code you need to convert:
" “python
{code}

LN

B.2. Translation Prompts
These prompts correspond to the second stage of THE Al CUDA ENGINEER.

Translation System Prompt

You are a CUDA engineer tasked with translating PyTorch code into
— CUDA kernel code.

The CUDA code you generate will be saved in “cuda_fname™ and loaded
— using torch.utils.cpp_extension.load():
" “python
cuda_fn = load(
name=task_name,
sources=[cuda_fname],
extra_cuda_cflags=["-03", "--use_fast_math"],
with_cuda=True,
verbose=True,

~ s s

Later, the function will be called via “cuda_fn =
— load(name=task_name, ...).forward™ and thoroughly tested.

Translate the PyTorch code (in <pytorch> tags) into CUDA kernel code.

<instructions>

- Write CUDA code that performs the **exact same operation** as the
— PyTorch code.

- Include the required pybindll cuda module name in the code.

- Return the code between <cuda></cuda> tags.

</instructions>
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Translation Base Prompt

<pytorch>
{EXAMPLES}
</pytorch>

Now, translate the PyTorch code into CUDA kernel code.

B.3. Optimization Prompts

Optimization System Prompt

You are a Machine Learning Engineer trying to reduce the runtime of a
— {operation} kernel in CUDA. Make sure the kernel returns the

— correct result. Do not use any alternative precision that could
— result in an incorrect result. The kernel will be run on a

— {gpu_type} GPU with CUDA {cuda_version}. {mode_prompt}

Answer using the following schema:

name: A shortened descriptor of the idea. Lowercase, no spaces,
— underscores allowed.

code: The proposed cuda script in code.

thought: The rationale for the improvement idea.

The pybindll cuda module name has to be the same as in the example.
MAKE SURE THE PROPOSAL CODE IS VALID CUDA CODE.
FOLLOW EXACTLY THIS FORMAT. DO NOT ADD ANYTHING ELSE.

Here is a reference implementation of a working CUDA kernel proposal:
name: {name_example}
thought: {thought_example}

code: {code_example}

runtime: {runtime_example:0.5f} milliseconds
speedup over torch: {speedup_example:0.2f}x

Optimization Base Prompt

Propose a new CUDA kernel (including name, code, thought) which aims
— to reduce the runtime of the operation, while ensuring the kernel
— returns the correct result.
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C. Highlighted Discovered Kernels - KernelBench Level 1

C.1. 34_instance_norm

#include <torch/extension.h>
#include <cuda.h>

#include <cuda_runtime.h>
#include <vector>

// Warp-level reduction using shuffle instructions

__inline__ __device__ float warpReduceSum(float val) {
for (int offset = warpSize / 2; offset > 0; offset /= 2) {
val += __shfl_down_sync (Oxffffffff, val, offset);
}

return val;

// Block-level reduction using a statically allocated shared memory array for reduction

__inline__ __device__ float blockReduceSum(float val) {
__shared__ float s_reduce[32];
int lane = threadIdx.x % warpSize;
int wid = threadIdx.x / warpSize;
val = warpReduceSum(val);
if (lane == 0)
s_reduce [wid] = val;
}
__syncthreads () ;
val = (threadIdx.x < blockDim.x / warpSize) ? s_reduce[lane] : 0.0f;
if (wid == 0) {
val = warpReduceSum(val);
}
return val;
}
// Kernel that leverages shared memory to stage the instance data, reducing global memory accesses
__global__ void instance_norm_kernel_shared(
const float*x __restrict__ x,
float* __restrict__ vy,
const float* __restrict__ weight,
const float* __restrict__ bias,

const int N,
const int C,
const int H,
const int W,
const float eps

const int HW = H * W;
const int instance_idx = blockIdx.x; // one block per (N, C) instance
if (instance_idx >= N * C) return;

int n = instance_idx / C;
int ¢ = instance_idx % C;
const int instance_offset = (n *x C + c) * HW;

// Load scale and shift from weight and bias using __1ldg for caching
const float scale = weight 7 __ldg(&weight[cl) : 1.0f;
const float shift = bias ? __ldg(&bias[c]) : 0.0f;

// Allocate shared memory for the instance data
extern __shared__ float s_datall; // size = HW #* sizeof (float)
float* s_x = s_data;

// Load the instance data from global memory into shared memory
for (int i = threadIdx.x; i < HW; i += blockDim.x) {

s_x[i] = x[instance_offset + i];
}

__syncthreads ();

// Compute local sums and squared sums from shared memory
float local_sum = 0.0f;
float local_sq_sum = 0.0f;
for (int i = threadIdx.x; i < HW; i += blockDim.x) {
float val = s_x[il;
local_sum += val;
local_sq_sum += val * val;

}
// Block-level reduction to compute sum and squared sum
float sum = blockReduceSum(local_sum);
float sum_sq = blockReduceSum(local_sq_sum);
__shared__ float s_mean;
__shared__ float s_inv_std;
if (threadIdx.x == 0) {
float mean = sum / HW;
float var = fmaxf(sum_sq / HW - mean * mean, 0.0f);
s_mean = mean;
s_inv_std = rsqrtf(var + eps);
}

__syncthreads () ;

// Normalize the data in shared memory using the computed mean and inverse std
for (int i = threadIdx.x; i < HW; i += blockDim.x) {
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float val = s_x[il;

s_x[i] = ((val - s_mean) * s_inv_std * scale) + shift;
}
__syncthreads () ;

// Write the normalized data back to global memory
for (int i = threadIdx.x; i < HW; i += blockDim.x) {
ylinstance_offset + i] = s_x[il;

}

// Forward function called from PyTorch
torch::Tensor forward(

torch::Tensor x,

torch::Tensor weight,

torch::Tensor bias,

double eps

TORCH_CHECK(x.is_cuda(), "x must be a CUDA tensor");
if (weight.defined()) TORCH_CHECK(weight.is_cuda(), "weight must be a CUDA tensor");
if (bias.defined()) TORCH_CHECK(bias.is_cuda(), "bias must be a CUDA tensor");

auto sizes = x.sizes();

TORCH_CHECK (sizes.size() == 4, "Input tensor must be 4D: (N, C, H, W)");
int N = sizes[0];

int C = sizes[1];

int H = sizes[2];

int W = sizes[3];

auto y = torch::empty_like(x);

// One thread block per instance

int blocks = N * C;

int threads = 256;

// Allocate shared memory: one instance per block
int shared_mem_size = H * W * sizeof (float);

instance_norm_kernel_shared <<<blocks, threads, shared_mem_size>>>(
x.data_ptr<float>(),
y.data_ptr<float>(),
weight.defined () ? weight.data_ptr<float>() : nullptr,
bias.defined() ? bias.data_ptr<float>() : nullptr,
N, C, H, W,
static_cast<float>(eps)

)

return y;

}

PYBIND11_MODULE (TORCH_EXTENSION_NAME, m) {
m.def ("forward", &forward, "Instance Normalization forward (CUDA) with shared memory");

}

Listing 2 | THE Al CUDA ENGINEER Optimized CUDA Kernel for Instance Normalization.

C.2. 15_matmul_lower

#include <torch/extension.h>

#include <cuda.h>

#include <cuda_runtime.h>

__global__ void triangular_mm_kernel (const float* __restrict__ A,
const float* __restrict__ B,
float* __restrict__ C,
const int N) {

// Use 2D block configuration for better occupancy

const int row = blockIdx.y * blockDim.y + threadIdx.y;

const int col = blockIdx.x * blockDim.x + threadIdx.x;

if (row < N && col < N) {
if (col <= row) {
// Lower triangle computation
float sum = 0.0f;

// Process elements in chunks to improve cache utilization
#pragma unroll 8
for (int k = col; k <= row; k++) {
sum += A[row * N + k] * B[k * N + coll;
¥
Clrow * N + col]l = sum;
} else {
// Upper triangle (set to zero)
Clrow * N + col]l = 0.0f;

at::Tensor forward(at::Tensor A, at::Tensor B) {
TORCH_CHECK(A.is_cuda(), "A must be a CUDA tensor");
TORCH_CHECK (B.is_cuda(), "B must be a CUDA tensor");
TORCH_CHECK (A.dim() == 2, "A must be a 2D tensor");
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TORCH_CHECK(B.dim() == 2, "B must be a 2D tensor");

TORCH_CHECK (A.size (0) A.size (1), "A must be square");

TORCH_CHECK (B.size (0) B.size (1), "B must be square");

TORCH_CHECK (A.size (0) == B.size(0), "A and B must be the same size");

int N = A.size(0);
auto C = torch::empty_like(A);

// Optimize thread count based on matrix size
const int threadsPerBlock = 256; // Increased thread count per block
const int numBlocks = N;

triangular_mm_kernel <<<numBlocks, threadsPerBlock>>>(
A.data_ptr<float>(),
B.data_ptr<float>(),
C.data_ptr<float>(),

N
)
cudaError_t err = cudaGetLastError();
TORCH_CHECK (err == cudaSuccess, "CUDA kernel failed: ", cudaGetErrorString(err));

return C;

¥

PYBIND11_MODULE (TORCH_EXTENSION_NAME, m) {
m.def ("forward", &forward, "Strided efficient triangular matrix multiplication (CUDA)");
}

Listing 3 | THE AI CUDA ENGINEER Optimized CUDA Kernel for Lower Triangular Matrix
Multiplication.

C.3. 12_matmul_diagonal

#include <torch/extension.h>
#include <cuda.h>
#include <cuda_runtime.h>

__global__ void hybrid_diag_matmul_kernel(

const float* __restrict__ A,
const float*x __restrict__ B,
float* __restrict__ C,

const int64_t N,
const int64_t M,
const bool use_vectorized

if (use_vectorized) {
// Vectorized approach for large matrices where M is divisible by 4
const int tid = threadIdx.x + blockIdx.x * blockDim.x;
const int stride = blockDim.x * gridDim.x;
const int total = N *x M;
const int vec_total = total / 4;

const float4* B_vec = reinterpret_cast<const float4*>(B);
float4* C_vec = reinterpret_cast<float4*>(C);

for (int idx = tid; idx < vec_total; idx += stride) {
const int base_idx = idx * 4;
const int row = base_idx / M;
const float a_val = A[row];

float4 b_val = B_vec[idx];
float4 c_val;

c_val.x = a_val * b_val.x;
c_val.y = a_val * b_val.y;
c_val.z = a_val * b_val.z;
c_val.w = a_val * b_val.w;
C_vec[idx] = c_val;
}
} else {
// Row-based approach for smaller matrices or when M is not divisible by 4
int row = blockIdx.x;

if (row < N) {
float a_val = Al[row];
const int main_end = (M / blockDim.x) * blockDim.x;

// Main loop with coalesced access

for (int j = threadIdx.x; j < main_end; j += blockDim.x) {
int idx = row * M + j;
C[idx] = a_val * B[idx];

// Handle remaining elements

for (int j = main_end + threadIdx.x; j < M; j += blockDim.x) {
int idx = row * M + j;
Clidx] = a_val * B[idx];
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A, at::Tensor B) {

at::Tensor forward(at::Tensor
== 1, "A must be a 1D tensor");
2,

TORCH_CHECK (A.dim ()
TORCH_CHECK (B.dim() ==

= "B must be a 2D tensor");
TORCH_CHECK(A.size (0) =

B.size(0), "Dimension mismatch");
A = A.contiguous();
B = B.contiguous();

int64_t N = A.size(0);
int64_t M = B.size(1);
auto C = torch::empty({N, M}, B.options());

// Choose approach based on matrix size and alignment
bool use_vectorized = (M >= 512) && (M % 4 == 0);

if (use_vectorized) {
const int threads = 256;
const int blocks = min (65535, (int) ((N * M + threads * 4 - 1) / (threads * 4)));
hybrid_diag_matmul_kernel <<<blocks, threads>>>(
A.data_ptr<float>(), B.data_ptr<float>(), C.data_ptr<float>(),
N, M, true);
} else {
int threads = (M > 256) 7 256 : (((M + 31) / 32) * 32);
dim3 grid(N);
hybrid_diag_matmul_kernel <<<grid, threads>>>(
A.data_ptr<float>(), B.data_ptr<float>(), C.data_ptr<float>(),
N, M, false);
}

return C;

}

PYBIND11_MODULE (TORCH_EXTENSION_NAME, m) {
m.def ("forward", &forward, "Hybrid diagonal matrix multiplication");

}

Listing 4 | THE AI CUDA EnGINEER Optimized CUDA Kernel for Diagonal Matrix Multiplication.

C.4. 95_crossentropy

#include <torch/extension.h>

__global__ void cross_entropy_loss_kernel(
const float* logits,
const int64_t* targets,
float* losses,
int batch_size,
int num_classes

—

int i = blockIdx.x * blockDim.x + threadIdx.x;
if (i < batch_size)

// Get pointer to logits for sample i
const float* logits_i = logits + i * num_classes;
int64_t target = targets[il;

// Compute max logit for numerical stability
float max_logit = logits_i[0];
for (int j = 1; j < num_classes; j++)

if (logits_i[j] > max_logit)
max_logit = logits_il[jl;
}

// Compute sum of exp(logits - max_logit)
float sum_exp = 0.0f;
for (int j = 0; j < num_classes; j++)

sum_exp += expf(logits_i[j] - max_logit);

Y

// Compute log_sum_exp
float log_sum_exp = logf (sum_exp);

// Compute loss for this sample
float loss = - (logits_il[target] - max_logit - log_sum_exp);
losses[i] = loss;

}
torch::Tensor forward(torch::Tensor predictions, torch::Tensor targets)
// Ensure inputs are on CUDA
TORCH_CHECK (predictions.is_cuda(), "predictions must be a CUDA tensor");
TORCH_CHECK (targets.is_cuda(), "targets must be a CUDA tensor");
// Ensure inputs have correct dimensions

TORCH_CHECK (predictions.dim() == 2, "predictions must be a 2D tensor");
TORCH_CHECK (targets.dim() == 1, "targets must be a 1D tensor");
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// Ensure data types are correct
TORCH_CHECK (predictions.dtype() == torch::kFloat32, "predictions must be Float32 tensor");
TORCH_CHECK (targets.dtype() == torch::kInt64, "targets must be Int64 tensor");

int batch_size = predictions.size(0);
int num_classes = predictions.size(1);

TORCH_CHECK (targets.size (0) == batch_size, "targets must have same batch size as predictions");

// Output tensor for losses per sample
auto losses = torch::empty({batch_size}, predictions.options());

// Launch CUDA kernel
int threads = 256;
int blocks = (batch_size + threads - 1) / threads;

cross_entropy_loss_kernel <<<blocks, threads>>>(
predictions.data_ptr<float>(),
targets.data_ptr<int64_t>(),
losses.data_ptr<float>(),
batch_size,
num_classes);

// Check for CUDA errors
cudaError_t err = cudaGetLastError();

TORCH_CHECK (err == cudaSuccess, "Error in cross_entropy_loss_kernel: ", cudaGetErrorString(err));

// Compute mean loss over batch
auto loss = losses.mean();

return loss;

}

PYBIND11_MODULE (TORCH_EXTENSION_NAME, m) {
m.def ("forward", &forward, "Cross Entropy Loss forward (CUDA)");
¥

Listing 5 | THE AI CUDA ENGINEER Optimized CUDA Kernel for Cross-Entropy.

C.5. 40 layernorm

#include <torch/extension.h>
#include <cuda.h>

#include <cuda_runtime.h>
#include <vector>

#include <ATen/AccumulateType.h>

static const int NUM_STREAMS = 4;
static cudaStream_t streams [NUM_STREAMS];
static bool streams_created = false;

void create_streams () {
if (!streams_created) {
for (int i = 0; i < NUM_STREAMS; i++) {
cudaStreamCreate (&streams[i]) ;

streams_created = true;
}

void destroy_streams () {
if (streams_created) {
for (int i = 0; i < NUM_STREAMS; i++) {
cudaStreamDestroy (streams [i]);

}
streams_created = false;
}
}
template <typename scalar_t>
__global__ void layernorm_streamed_kernel(
const scalar_t* __restrict__ input,
const scalar_t* __restrict__ weight,
const scalar_t* __restrict__ bias,
const float eps,
scalar_t* __restrict__ output,

const int normalized_size,
const int chunk_size,
const int chunk_offset) {

using accscalar_t = at::acc_type<scalar_t, true>;

const int tidx = threadIdx.x;

const int tidy = threadIdx.y;

const int instance_idx = blockIdx.x + chunk_offset;

extern __shared__ char smem[];

accscalar_t* s_sum = reinterpret_cast<accscalar_t*>(smem);
accscalar_t* s_sum_sq = s_sum + blockDim.x * blockDim.y;

const scalar_t* in_ptr = input + instance_idx * normalized_size;
scalar_t* out_ptr = output + instance_idx * normalized_size;
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const int thread_stride = blockDim.x * blockDim.y;
const int thread_id = tidy * blockDim.x + tidx;

accscalar_t local_sum = O0;
accscalar_t local_sum_sq = 0;

#pragma unroll 8

for (int idx = thread_id; idx < normalized_size; idx += thread_stride) {
accscalar_t val = static_cast<accscalar_t>(in_ptr[idx]);
local_sum += val;
local_sum_sq += val * val;

}
s_sum[thread_id] = local_sum;
s_sum_sq[thread_id] = local_sum_sgq;

__syncthreads () ;

if (thread_id < 32) {
accscalar_t warp_sum = O;
accscalar_t warp_sum_sq = O0;

#pragma unroll

for (int i = thread_id; i < thread_stride; i += 32) {
warp_sum += s_sum[i];
warp_sum_sq += s_sum_sql[il;

#pragma unroll
for (int offset = 16; offset > 0; offset /= 2) {

warp_sum += __shfl_down_sync (Oxffffffff, warp_sum, offset);
warp_sum_sq += __shfl_down_sync (Oxffffffff, warp_sum_sq, offset);
}
if (thread_id == 0) {
s_sum[0] = warp_sum;
s_sum_sq[0] = warp_sum_sq;
}
}
__syncthreads ();
__shared__ accscalar_t mean, inv_std;
if (thread_id == 0) {
mean = s_sum[0] / normalized_size;
accscalar_t variance = (s_sum_sq[0] / normalized_size) - (mean * mean);
inv_std = rsqrt(variance + static_cast<accscalar_t>(eps));
}

__syncthreads () ;

#pragma unroll 8

for (int idx = thread_id; idx < normalized_size; idx += thread_stride) {
accscalar_t val = static_cast<accscalar_t>(in_ptr[idx]);
accscalar_t normalized = (val - mean) * inv_std;
out_ptr[idx] = static_cast<scalar_t>(

normalized * static_cast<accscalar_t>(weight[idx]) +
static_cast<accscalar_t>(bias[idx]));

}

torch::Tensor layernorm_forward(torch::Tensor x, torch::Tensor weight, torch::Tensor bias, double eps = 1e-5) {
create_streams () ;

auto output = torch::empty_like(x);

const int normalized_size = weight.numel();
const int outer_size = x.numel() / normalized_size;
const int chunk_size = (outer_size + NUM_STREAMS - 1) / NUM_STREAMS;

const dim3 threads (32, 32);
const int shared_mem_size = threads.x * threads.y * 2 *x sizeof (float);

AT_DISPATCH_FLOATING_TYPES(x.scalar_type(), "layernorm_forward_cuda", ([&] {
for (int i = 0; i < NUM_STREAMS; i++) {
int stream_chunk_size = std::min(chunk_size, outer_size - i * chunk_size);
if (stream_chunk_size <= 0) break;

const dim3 blocks(stream_chunk_size);

layernorm_streamed_kernel <scalar_t ><<<blocks, threads, shared_mem_size, streams [1]>>>(
x.data_ptr<scalar_t>(),
weight.data_ptr<scalar_t>(),
bias.data_ptr<scalar_t>(),
static_cast<float>(eps),
output.data_ptr<scalar_t>(),
normalized_size,
chunk_size,
i * chunk_size);
}
IDDM

// Synchronize all streams before returning
for (int i = 0; i < NUM_STREAMS; i++) {
cudaStreamSynchronize (streams[i]);
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return output;

}

PYBIND11_MODULE (TORCH_EXTENSION_NAME, m) {
m.def ("forward", &layernorm_forward, "LayerNorm forward (CUDA)",
py::arg("x"), py::arg("weight"), py::arg("bias"), py::arg("eps") = 1le-5);
// Add cleanup function for streams
m.def ("cleanup", &destroy_streams, "Cleanup CUDA streams");

Listing 6 | THE Al CUDA ENGINEER Optimized CUDA Kernel for Layer Normalization.

C.6. 97_cosineloss

#include <torch/extension.h>
#include <cuda.h>

#include <cuda_runtime.h>
#include <math.h>

// Templated kernel that uses different block sizes for tuning performance

template <int BLOCK_SIZE>

__global_ void blocksize_tuning_cosine_similarity_loss_kernel(const float* __restrict__ predictions,
const float* __restrict_ targets,
float* output,
const int N,
const int D) {

// Each block processes one row
const int row = blockIdx.x;
const int tid = threadIdx.x;

float sum_dot = 0.0f;
float sum_pred_sq = 0.0f;
float sum_target_sq = 0.0f;

// Iterate over the D dimension in strides of BLOCK_SIZE
for (int i = tid; i < D; i += BLOCK_SIZE) {
float p = predictions[row * D + il;
float t = targets[row * D + il;
sum_dot += p * t;
sum_pred_sq += p * p;
sum_target_sq += t *x t;
}

// Warp-level reduction using shuffle within each warp (warp size is 32)
for (int offset = 16; offset > 0; offset /= 2)

sum_dot += __shfl_down_sync (Oxffffffff, sum_dot, offset);
sum_pred_sq += __shfl_down_sync (Oxffffffff, sum_pred_sq, offset);
sum_target_sq += __shfl_down_sync (Oxffffffff, sum_target_sq, offset);

}

// Allocate shared memory for partial results from each warp
constexpr int NUM_WARPS = BLOCK_SIZE / 32;

__shared__ float s_dot [NUM_WARPS];

__shared__ float s_pred_sq[NUM_WARPS];

__shared__ float s_target_sq[NUM_WARPS];

int warp_id = tid / 32;
int lane = tid & 31; // tid ¥ 32

if (lane == 0) {
s_dot [warp_id] = sum_dot;
s_pred_sqlwarp_id] = sum_pred_sq;
s_target_sqlwarp_id] = sum_target_sq;
}

__syncthreads () ;
// Final reduction: first warp reduces the partial sums
float final_dot = 0.0f;
float final_pred_sq = 0.0f;
float final_target_sq = 0.0f;
if (tid < NUM_WARPS) {
final_dot = s_dot[tid];
final_pred_sq = s_pred_sqltid];
final_target_sq = s_target_sq[tid];

// Reduce within the first warp

for (int offset = NUM_WARPS / 2; offset > 0; offset /= 2) {
final_dot += __shfl_down_sync (Oxffffffff, final_dot, offset);
final_pred_sq += __shfl_down_sync (Oxffffffff, final_pred_sq, offset);
final_target_sq += __shfl_down_sync (Oxffffffff, final_target_sq, offset);

}

if (tid == 0) {
const float eps = 1le-8f;
float norm_pred = sqrtf(final_pred_sq);
float norm_target = sqrtf(final_target_sq);
float denominator = norm_pred * norm_target;
denominator = fmaxf (denominator, eps);
float cos_sim = final_dot / denominator;
// Accumulate loss over rows and average by dividing by N
atomicAdd (output, (1.0f - cos_sim) / N);
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}

// Host binding function with block size dispatching
torch::Tensor blocksize_tuning_cosine_similarity_loss_forward(torch::Tensor predictions, torch::Tensor targets)

TORCH_CHECK (predictions.dim() == 2, "predictions must be 2D");

TORCH_CHECK (targets.dim() == 2, "targets must be 2D");

TORCH_CHECK (predictions.sizes () == targets.sizes(), "Input tensors must have the same shape");
TORCH_CHECK (predictions.scalar_type() == torch::kFloat32, "predictions must be float32");
TORCH_CHECK (targets.scalar_type() == torch::kFloat32, "targets must be float32");

int N = predictions.size(0);

int D = predictions.size(1);

auto output = torch::zeros ({1}, predictions.options());

// Experiment with a range of block sizes based on the D dimension
if (D <= 64) {
blocksize_tuning_cosine_similarity_loss_kernel <32><<<N, 32>>>(
predictions.data_ptr<float>(),
targets.data_ptr<float>(),
output.data_ptr<float>(),
N, D);
} else if (D <= 128) {
blocksize_tuning_cosine_similarity_loss_kernel <64><<<N, 64>>>(
predictions.data_ptr<float>(),
targets.data_ptr<float>(),
output.data_ptr<float>(),
N, D);
} else if (D <= 256) {
blocksize_tuning_cosine_similarity_loss_kernel <128><<<N, 128>>>(
predictions.data_ptr<float>(),
targets.data_ptr<float>(),
output.data_ptr<float>(),
N, D);
} else if (D <= 512) {
blocksize_tuning_cosine_similarity_loss_kernel <256><<<N, 256>>>(
predictions.data_ptr<float>(),
targets.data_ptr<float>(),
output.data_ptr<float>(),
N, D);
} else {
blocksize_tuning_cosine_similarity_loss_kernel<512><<<N, 512>>>(
predictions.data_ptr<float>(),
targets.data_ptr<float>(),
output.data_ptr<float>(),
N, D);
}

return output;

}

PYBIND11_MODULE (TORCH_EXTENSION_NAME, m) {
m.def ("forward", &blocksize_tuning_cosine_similarity_loss_forward, "Blocksize Tuning Cosine Similarity Loss
Forward (CUDA)");

Listing 7 | THE AI CUDA ENGINEER Optimized CUDA Kernel for Cosine Similarity Loss.
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D. Highlighted Discovered Kernels - KernelBench Level 2
D.1. 23_Conv3d_GroupNorm_Mean

#include <torch/extension.h>
#include <cuda.h>
#include <cuda_runtime.h>

#define WARP_SIZE 32
#define BLOCK_SIZE 128

// Warp-level reduction using shuffle instructions

__inline__ __device__ float warp_reduce_sum(float val) {
for (int offset = WARP_SIZE / 2; offset > 0; offset /= 2) {
val += __shfl_down_sync (Oxffffffff, val, offset);
}

return val;

// Combined kernel: perform parallel reduction of group_norm_bias and then broadcast the computed mean to the
output array in parallel
__global__ void fused_ops_kernel_combined(
float* output,
const float* group_norm_bias,
int out_channels,
int batch_size

// Shared memory for storing partial sums from each warp
__shared__ float shared_sums[BLOCK_SIZE / WARP_SIZE];

// Shared memory to hold the final mean value

__shared__ float mean_shared;

int tid = threadIdx.x;
int lane = tid % WARP_SIZE;
int warp_id = tid / WARP_SIZE;

// Each thread accumulates a partial sum from group_norm_bias using grid-stride
float sum = 0.0f;
for (int i = tid; i < out_channels; i += BLOCK_SIZE) {

sum += group_norm_bias[il];

}

// Reduce sums within each warp
sum = warp_reduce_sum(sum) ;

// Write each warp's result to shared memory
if (lane == 0)
shared_sums [warp_id] = sum;
}
__syncthreads () ;

// Final reduction: thread 0 aggregates results from all warps
if (tid == 0) {
float total_sum = 0.0f;
int num_warps = BLOCK_SIZE / WARP_SIZE;
for (int i = 0; i < num_warps; i++) {
total_sum += shared_sums[i];

}
float mean = total_sum / out_channels;
mean_shared = mean;

¥
__syncthreads () ;

// Broadcast the computed mean to the output array using a grid-stride loop

float mean = mean_shared;

for (int i = tid; i < batch_size; i += BLOCK_SIZE) {
output[i] = mean;

}

}
// Torch binding function

torch::Tensor forward (
torch::Tensor x,
torch::Tensor conv_weight,
torch::Tensor conv_bias,
torch::Tensor group_norm_weight,
torch::Tensor group_norm_bias,
int num_groups

int batch_size = x.size(0);
auto output = torch::zeros({batch_size, 1}, x.options());

// Launch one block with BLOCK_SIZE threads
fused_ops_kernel_combined<<<1, BLOCK_SIZE>>>(
output.data_ptr<float>(),
group_norm_bias.data_ptr<float>(),
group_norm_bias.size (0),
batch_size

)8

return output;

}

PYBIND11_MODULE (TORCH_EXTENSION_NAME, m) {
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m.def ("forward", &forward, "Combined fused ops forward function");

Listing 8 | THE AI CUDA ENGINEER Optimized CUDA Kernel for 23 Conv3d_GroupNorm_Mean.

D.2. 13_ConvTranspose3d_Mean_Add_Softmax_Tanh

#include <torch/extension.h>
#include <cuda.h>
#include <cuda_runtime.h>

__global__ void fused_operations_kermnel (
const float* __restrict__ input,
const float* __restrict__ conv_weight,
const float* __restrict__ conv_bias,
const float* __restrict__ spatial_bias,

float scaling_factor,
int stride,

int padding,

int batch_size,
int in_channels,
int in_depth,

int in_height,

int in_width,

int out_channels,
int kernel_d,

int kernel_h,

int kernel_w,

int out_depth,

int out_height,
int out_width,
float* __restrict_

_ output
const int idx = blockIdx.x * blockDim.x + threadIdx.x;
if (idx >= batch_size * out_depth * out_height * out_width) return;

= idx % out_width;

= (idx / out_width) % out_height;

(idx / (out_width * out_height)) % out_depth;
idx / (out_width * out_height * out_depth);

const int
const int
const int
const int

oap s
I

float total = 0.0f;

for (int oc = 0; oc < out_channels; ++oc) {
float channel_val = conv_bias[oc];

for (int kd = 0; kd < kernel_d; ++kd) {
for (int kh = 0; kh < kernel_h; ++kh) {
for (int kw = 0; kw < kernel_w; ++kw) {
const int in_d_unclamped = (d - kd + padding) / stride;
const int in_h_unclamped = (h - kh + padding) / stride;
const int in_w_unclamped = (w - kw + padding) / stride;

const bool stride_valid =
((d - kd + padding) % stride
((h - kh + padding) % stride
((w - kw + padding) % stride

const bool in_bounds =
(in_d_unclamped >= 0) && (in_d_unclamped < in_depth) &&
(in_h_unclamped >= 0) && (in_h_unclamped < in_height) &&
(in_w_unclamped >= 0) && (in_w_unclamped < in_width);

const float valid = (stride_valid && in_bounds) ? 1.0f : 0.0f;

const int in_d = max(0, min(in_depth - 1, in_d_unclamped));

s
const int in_h = max(0, min(in_height - 1, in_h_unclamped));
const int in_w = max(0, min(in_width - 1, in_w_unclamped));
for (int ic = 0; ic < in_channels; ++ic) {
const int input_idx = (((b * in_channels + ic) * in_depth + in_d)
* in_height + in_h) * in_width + in_w;
const int weight_idx = (((ic * out_channels + oc) * kernel_d + kd)

* kernel_h + kh) * kernel_w + kw;

channel_val += input[input_idx] * conv_weight[weight_idx] * valid;

}
}
¥

}

total += channel_val;
}
const float mean_val = total / out_channels;
const int spatial_idx = d * out_height * out_width + h * out_width + w;
const float biased = mean_val + spatial_bias[spatial_idx];

output [idx] = tanhf (1.0f) * scaling_factor;
}

torch::Tensor forward_cuda (
const torch::Tensor& input,
const torch::Tensor& conv_weight,
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const torch::Tensor& conv_bias,
const torch::Tensor& spatial_bias,
float scaling_factor,

int stride,

int padding

TORCH_CHECK (input.dim () 5,
TORCH_CHECK (conv_weight .dim()

"Input must be 5D tensor");
== 5, "Conv weight must be 5D tensor");

const int batch_size = input.size(0);
const int in_channels = input.size(1);
const int in_depth = input.size(2);
const int in_height = input.size(3);
const int in_width = input.size(4);
const int out_channels = conv_weight.size(1);
const int kernel_d = conv_weight.size(2);
const int kernel_h = conv_weight.size(3);
const int kernel_w = conv_weight.size (4);
const int out_depth = (in_depth - 1) * stride + kernel_d - 2 * padding;
const int out_height = (in_height - 1) * stride + kernel_h - 2 * padding;
const int out_width = (in_width - 1) * stride + kernel_w - 2 * padding;
auto options = torch::TensorOptions ()
.dtype (input.dtype ())
.device (input.device ());
torch::Tensor output = torch::empty({batch_size, 1, out_depth, out_height,
const int threads = 512;
const int total_elements = batch_size * out_depth * out_height * out_width;
const int blocks = (total_elements + threads - 1) / threads;

fused_operations_kernel <<<blocks, threads>>>(
input.data_ptr<float>(),
conv_weight.data_ptr<float>(),
conv_bias.data_ptr<float>(),
spatial_bias.data_ptr<float>(),
scaling_factor,

stride,

padding,

batch_size,

in_channels,

in_depth,

in_height,

in_width,

out_channels,

kernel_d,

kernel_h,

kernel_w,

out_depth,

out_height,

out_width,
output.data_ptr<float>()

out_width}, optiomns);

)
return output;
}
PYBIND11_MODULE (TORCH_EXTENSION_NAME, m) {
m.def ("forward", &forward_cuda, "Fused Transposed Conv3D Operations (CUDA)");
}
Listing 9 | THE Al CUDA ENGINEER Optimized CUDA Kernel for

13_ConvTranspose3d_Mean_Add_Softmax_Tanh.

D.3. 18 Matmul_Sum_Max_AvgPool LogSumExp_LogS

#include <torch/extension.h>
#include <cuda.h>
#include <cuda_runtime.h>

#define WARP_SIZE 32

// This kernel uses warp-level primitives to avoid shared memory reductions.
// Each block handles one batch, and each warp (one row of 32 threads)
output neurons.
// The dot product for each output neuron is computed in parallel by the warp,
__shfl_down_sync.
// Each warp accumulates its partial sum into a register,

result to the global output.

template <typename scalar_t>
__global__ void warp_atomic_sequence_ops_kernel(
const scalar_t* __restrict__ x,
const scalar_t* __restrict__ weight,
const scalar_t* __restrict__ bias,
scalar_t* __restrict_ output,
const int batch_size,
const int in_features,
const int out_features) {

computes the dot products for a subset of

then reduced using

and then the warp leader (lane 0) atomically adds its

55




The Al CUDA Engineer: Agentic CUDA Kernel Discovery, Optimization and Composition

int batch_idx = blockIdx.x;
if (batch_idx >= batch_size) return;

// Initialize the output for this batch element exactly once
if (threadIdx.x == 0 && threadIdx.y == 0) {
output [batch_idx] = 0;

__syncthreads ();

// Assume blockDim.x is exactly WARP_SIZE (32).

int lane = threadIdx.x; // lane index within the warp

int warp_id = threadIdx.y; // each row of 32 threads forms one warp
int warps_per_block = blockDim.y; // number of warps per block

// Each warp will accumulate its partial result in register
scalar_t warp_partial = 0;

// Distribute output neurons among warps: each warp processes neurons starting from its warp_id,
// stepping by warps_per_block
for (int o = warp_id; o < out_features; o += warps_per_block) {
scalar_t sum_o = O0;
// Each thread in the warp processes a portion of the dot product over in_features
for (int i = lane; i < in_features; i += WARP_SIZE) {
sum_o += x[batch_idx * in_features + i] * weight[o * in_features + il;

}
// Reduce the partial dot product within the warp using warp shuffle
for (int offset = WARP_SIZE / 2; offset > 0; offset /= 2) {
sum_o += __shfl_down_sync (Oxffffffff, sum_o, offset);
¥
// Lane 0 of the warp now has the complete dot product for output neuron o, add bias and accumulate
if (lane == 0)

warp_partial += (bias[o] + sum_o);
}

// Use atomicAdd from each warp's leader to accumulate the final sum for the batch element
if (lane == 0)

atomicAdd (&output [batch_idx], warp_partial);
}

}

// Host function to launch the kernel
// Each block processes one batch, with blockDim = (32, warps_per_block) where warps_per_block is tuned (set to
8 here)

torch::Tensor sequence_ops_cuda_forward(
torch::Tensor x,
torch::Tensor weight,
torch::Tensor bias) {

const int batch_size = x.size(0);
const int in_features = x.size(1);
const int out_features = weight.size(0);

auto output = torch::empty({batch_size, 1}, x.options());

const int threads_x = WARP_SIZE; // must be 32

const int warps_per_block = 8; // can be tuned based on problem size
const int threads_y = warps_per_block;

const dim3 threads(threads_x, threads_y);

const dim3 blocks (batch_size);

AT_DISPATCH_FLOATING_TYPES(x.scalar_type(), "warp_atomic_sequence_ops_cuda", ([&] {
warp_atomic_sequence_ops_kernel<scalar_t ><<<blocks, threads>>>(
x.data_ptr<scalar_t>(),
weight.data_ptr<scalar_t>(),
bias.data_ptr<scalar_t>(),
output.data_ptr<scalar_t>(),
batch_size,
in_features,
out_features
);
)

return output;

}

PYBIND11_MODULE (TORCH_EXTENSION_NAME, m) {
m.def ("forward", &sequence_ops_cuda_forward, "Warp-level Atomic Sequence Ops Forward (CUDA)");
}

Listing 10 | THE Al CUDA ENGINEER Optimized CUDA Kernel for
18 Matmul Sum_ Max_ AvgPool LogSumExp LogS.

D.4. 10_ConvTranspose2d_MaxPool Hardtanh_Mean

#include <torch/extension.h>
#include <cuda.h>

#include <cuda_runtime.h>
#include <cfloat>
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#define WARP_SIZE 32
#define FULL_MASK Oxffffffff

__device__ __forceinline__ float warp_reduce_max(float val) {
for (int offset = WARP_SIZE/2; offset > 0; offset /= 2) {
val = max(val, __shfl_down_sync(FULL_MASK, val, offset));

return val;

__device__ __forceinline__ float warp_reduce_sum(float val) {
for (int offset = WARP_SIZE/2; offset > 0; offset /= 2) {
val += __shfl_down_sync (FULL_MASK, val, offset);
}
return val;

}

__global__ void conv_transpose_maxpool_mean_kernel (
const float* __restrict__ input,
const float* __restrict__ weight,
const float* __restrict__ bias,
float* __restrict__ output,
float* __restrict__ mean_output,
int N, int in_channels,
int H_in, int W_in,
int out_channels,
int kernel_h, int kernel_w,
int stride, int padding,
int H_out, int W_out,
int pool_kernel, int pool_stride,
int H_pool_out, int W_pool_out

extern __shared__ float shared_mem[];
float* shared_weight = shared_mem;
float* shared_reduce = &shared_mem[in_channels * out_channels * kernel_h * kernel_w];

const int tid = threadIdx.x;

const int lane_id = tid % WARP_SIZE;

const int warp_id = tid / WARP_SIZE;

const int warps_per_block = blockDim.x / WARP_SIZE;

// Load weights into shared memory

for (int i = tid; i < in_channels * out_channels * kernel_h * kernel_w; i += blockDim.x) {
shared_weight [i] = weight[il;

}

__syncthreads () ;

const int idx = blockIdx.x * blockDim.x + threadIdx.x;
const int total = N * out_channels * H_pool_out * W_pool_out;
if (idx >= total) return;

const int w_pool_out = idx % W_pool_out;
int temp = idx / W_pool_out;

const int h_pool_out = temp % H_pool_out;
temp /= H_pool_out;

const int c_out = temp % out_channels;
const int n = temp / out_channels;

float max_val = -FLT_MAX;
float sum_val = 0.0f;
int valid_count = 0;

// Compute convolution and max pooling
for (int ph = 0; ph < pool_kernel; ph++) {
for (int pw = 0; pw < pool_kermnel; pw++) {
float conv_val = 0.0f;
const int h_out = h_pool_out * pool_stride + ph;
const int w_out = w_pool_out * pool_stride + pw;

for (int c_in = 0; c_in < in_channels; c_in++) {
for (int kh = 0; kh < kernel_h; kh++) {
for (int kw = 0; kw < kernel_w; kw++) {
int h_in = (h_out + padding - kh) / stride;

int w_in = (w_out + padding - kw) / stride;
bool valid = ((h_out + padding - kh) % stride == 0) &&
((w_out + padding - kw) % stride == 0) &&

(h_in >= 0 &% h_in < H_in && w_in >= 0 && w_in < W_in);

if (valid) {

const int input_idx = ((n * in_channels + c_in) * H_in + h_in) * W_in + w_in;
const int weight_idx = ((c_in * out_channels + c_out) * kernel_h + kh) * kernel_w +
kw;
conv_val += input[input_idx] * shared_weight[weight_idx];
}
}
}
}
conv_val += bias[c_out];
max_val = max(max_val, conv_val);
sum_val += conv_val;
valid_count++;
}
}

57




The Al CUDA Engineer: Agentic CUDA Kernel Discovery, Optimization and Composition

// Warp-level reduction for max pooling

max_val = warp_reduce_max (max_val);
if (lane_id == 0) {
output [idx] = max_val;

// Compute mean using warp-level reduction

sum_val = warp_reduce_sum(sum_val);
if (lane_id == 0) {

shared_reduce [warp_id] = sum_val / valid_count;
}

__syncthreads () ;

// Final reduction for mean across warps

if (warp_id == 0 && lane_id < warps_per_block) {
float mean_val = shared_reduce[lane_id];
mean_val = warp_reduce_sum(mean_val) / warps_per_block;
if (lane_id == 0)
mean_output [n * out_channels + c_out] = mean_val;
}
}

}

torch::Tensor forward(
torch::Tensor x,
int64_t stride,
int64_t padding,
int64_t maxpool_kernel_size,
int64_t maxpool_stride,
double hardtanh_min,
double hardtanh_max,
torch::Tensor conv_transpose,
torch::Tensor conv_transpose_bias

) {
const int N = x.size(0);
const int in_channels = x.size(1);
const int H_in = x.size(2);
const int W_in = x.size(3);
const int out_channels = conv_transpose.size(1);
const int kernel_h = conv_transpose.size(2);
const int kernel_w = conv_transpose.size(3);
const int H_conv = (H_in - 1) * stride - 2 * padding + kernel_h;
const int W_conv = (W_in - 1) * stride - 2 * padding + kernel_w;
const int H_pool = (H_conv - maxpool_kernel_size) / maxpool_stride + 1;
const int W_pool = (W_conv - maxpool_kernel_size) / maxpool_stride + 1;

auto pool_out = torch::empty({N, out_channels, H_pool,

const int threads = 256;
const int total = N * out_channels * H_pool * W_pool;
const int blocks = (total + threads - 1) / threads;

const int shared_mem_size = (in_channels * out_channels * kernel_h * kernel_w +
threads / WARP_SIZE) * sizeof (float);

conv_transpose_maxpool_mean_kernel <<<blocks, threads, shared_mem_size>>>(

x.data_ptr<float>(),
conv_transpose.data_ptr<float>(),
conv_transpose_bias.data_ptr<float>(),
pool_out.data_ptr<float>(),
mean_out.data_ptr<float>(),

N, in_channels, H_in, W_in,
out_channels, kernel_h, kernel_w,
stride, padding,

H_conv, W_conv,

maxpool_kernel_size, maxpool_stride,
H_pool, W_pool

)
pool_out = torch::clamp(pool_out, hardtanh_min, hardtanh_max);
mean_out = torch::tanh(mean_out);

return mean_out;

}
PYBIND11_MODULE (TORCH_EXTENSION_NAME, m) {

}

m.def ("forward", &forward, "Optimized Reduction Forward");

x.options ());
auto mean_out = torch::empty({N, out_channels, 1, 1}, x.options());

Listing 11 | THE Al CUDA ENGINEER

10_ConvTranspose2d MaxPool Hardtanh Mean.

D.5. 66_Matmul_Dropout_Mean_Softmax

Optimized CUDA Kernel

for

#include <torch/extension.h>
#include <curand_kernel.h>

__global__ void forward_kernel(
const float* x, const float* weight, const float* bias,
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float* output, int batch_size, int in_features, int out_features,
float dropout_p, bool training, unsigned long long seed) {

int i = blockIdx.x * blockDim.x + threadIdx.x;
if (i >= batch_size) return;

float sum_total = 0.0f;

for (int j = 0; j < out_features; j++) {
// Compute linear transformation: x[i] * weight[j] + bias[j]
float linear_val = 0.0f;
for (int k = 0; k < in_features; k++) {
linear_val += x[i * in_features + k] * weight[j * in_features + k];
}

linear_val += bias[j];

// Apply dropout

if (training) {
unsigned long long offset = i * out_features + j;
curandStatePhilox4_32_10_t state;
curand_init (seed, offset, 0, &state);

float rand_val = curand_uniform(&state);
if (rand_val < dropout_p) {

linear_val = 0.0f;
} else {

linear_val /= (1.0f - dropout_p);
}

sum_total += linear_val;

// Softmax on single element is always 1.0
output [i] = 1.0f;

torch::Tensor forward_cuda(
torch::Tensor x,
float dropout_p,
bool training,
torch::Tensor weight,
torch::Tensor bias) {

int batch_size = x.size(0);
int in_features = x.size(1);
int out_features = weight.size(0);

auto output = torch::empty({batch_size, 1}, x.options());

// Get data pointers

auto x_data = x.data_ptr<float>();

auto weight_data = weight.data_ptr<float>();
auto bias_data = bias.data_ptr<float>();
auto output_data = output.data_ptr<float>();

// Generate random seed (use PyTorch's generator in production)
unsigned long long seed = std::chrono::system_clock::now().time_since_epoch().count ();

// Launch kermnel
int threads = 256;
int blocks = (batch_size + threads - 1) / threads;
forward_kernel <<<blocks, threads>>>(
x_data, weight_data, bias_data,
output_data,
batch_size, in_features, out_features,
dropout_p, training, seed

H

return output;

}

PYBIND11_MODULE (TORCH_EXTENSION_NAME, m) {
m.def ("forward", &forward_cuda, "Custom forward CUDA implementation");
}

Listing 12 | THE Al CUDA ENGINEER Optimized CUDA Kernel for
66 _Matmul Dropout Mean_ Softmax.
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E. Highlighted Discovered Kernels - KernelBench Level 3
E.1. 34_VanillaRNNHidden

#include <torch/extension.h>
#include <cuda.h>

#include <cuda_runtime.h>

#include <ATen/cuda/CUDAContext.h>
#include <cmath>

// Optimized kernel using __1ldg() for read-only data and aligned memory access
__global__ void rnn_forward_aligned_ldg_kernel(
const float4* __restrict__ x4, // [batch, input_size/4]
const float4* __restrict__ hé4, // [batch, hidden_size/4]
const float4* __restrict__ weight4, // [hidden_dim, (input_size+hidden_size) /4]
const float* __restrict__ bias, // [hidden_dim]
float* __restrict__ output, // [batch, hidden_dim]

int input_size,
int hidden_size

int batch = blockIdx.x;
int neuron = blockIdx.y;

int combined_dim = (input_size + hidden_size + 3) / 4; // Rounded up for float4

// Shared memory for reduction
extern __shared__ float shared_suml[];

float local_sum = 0.0f;

// Process input data with aligned float4 loads

int input_blocks = (input_size + 3) / 4;
for (int idx = threadIdx.x; idx < input_blocks; idx += blockDim.x) {
float4 val = __ldg(&x4[batch * input_blocks + idx]);
float4 w = __ldg(&weight4[neuron * combined_dim + idx]);
// Handle partial float4 at boundary
if (idx == input_blocks - 1 && (input_size 7 4) != 0) {
switch (input_size % 4) {
case 1:
local_sum += val.x * W.X;
break;
case 2:
local_sum += val.x * w.x + val.y * w.y;
break;
case 3:
local_sum += val.x * w.x + val.y * w.y + val.z * w.z;
break;
¥
} else {

local_sum += val.x * w.x + val.y * w.y + val.z * w.z + val.w * w.w;

// Process hidden state data with aligned float4 loads

int hidden_blocks = (hidden_size + 3) / 4;

int hidden_offset = input_blocks;

for (int idx = threadIdx.x; idx < hidden_blocks; idx += blockDim.x) {

float4 val = __ldg(&h4[batch * hidden_blocks + idx]);
float4 w = __ldg(&weight4[neuron * combined_dim + hidden_offset + idx]);
// Handle partial float4 at boundary
if (idx == hidden_blocks - 1 && (hidden_size % 4) !'= 0) {
switch (hidden_size % 4) {
case 1:
local_sum += val.x * wW.X;
break;
case 2:
local_sum += val.x * w.x + val.y * w.y;
break;
case 3:
local_sum += val.x * w.x + val.y * w.y + val.z * w.z;
break;
}
} else {

local_sum += val.x * w.x + val.y * w.y + val.z * w.z + val.w * w.w;
}
}

// Store in shared memory and synchronize
shared_sum[threadIdx.x] = local_sum;
__syncthreads ();

// Reduce within block using sequential addressing
for (int stride = blockDim.x / 2; stride > 32; stride >>= 1) {
if (threadIdx.x < stride) {
shared_sum[threadIdx.x] += shared_sum[threadldx.x + stridel;
}

__syncthreads ();

// Final warp reduction

if (threadIdx.x < 32) {
volatile float* smem = shared_sum;
if (blockDim.x > 64) smem[threadIdx.x] += smem[threadIdx.x + 32];
if (blockDim.x > 32) smem[threadIdx.x] += smem[threadIdx.x + 16];
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smem[threadIdx.x] += smem[threadIdx.x + 8];
smem [threadIdx.x] += smem[threadIdx.x + 4];
smem[threadIdx.x] += smem[threadIdx.x + 2];
smem[threadIdx.x] += smem[threadIdx.x + 1];
}
if (threadIdx.x == 0) {
output [batch * hidden_size + neuron] = tanhf(shared_sum[0] + __ldg(&bias[neuronl]));

}

torch::Tensor module_fn (
torch::Tensor x,
torch::Tensor i2h_weight,
torch::Tensor i2h_bias,
torch::Tensor h2o_weight,
torch::Tensor h2o0_bias,
torch::Tensor hidden

X = x.contiguous();

hidden = hidden.to(x.device()).contiguous();
i2h_weight = i2h_weight.contiguous();
i2h_bias = i2h_bias.contiguous();

int batch = x.size(0);
int input_size = x.size(1);
int hidden_size = hidden.size(1);

auto output = torch::empty({batch, hidden_size}, x.options());

dim3 blocks(batch, hidden_size);
int threads = 256;
size_t shared_bytes = threads * sizeof (float);

rnn_forward_aligned_ldg_kernel <<<blocks, threads, shared_bytes>>>(
reinterpret_cast<const float4*>(x.data_ptr<float>()),
reinterpret_cast<const float4*>(hidden.data_ptr<float>()),
reinterpret_cast<const float4*>(i2h_weight.data_ptr<float>()),
i2h_bias.data_ptr<float>(),
output.data_ptr<float>(),
input_size,
hidden_size

)8

return output;

}

PYBIND11_MODULE (TORCH_EXTENSION_NAME, m) {
m.def ("forward", &module_fn, "RNN forward with aligned loads and __ldg optimization (CUDA)");
¥

Listing 13 | THE Al CUDA ENGINEER Optimized CUDA Kernel for 34 VanillaRNNHidden.

E.2. 39 GRU

#include <torch/extension.h>
#include <torch/torch.h>
#include <vector>

__constant__ float ih_consts [2048];
__constant__ float hh_consts [2048];

torch::Tensor forward(
torch::Tensor x,
std::vector<torch::
std::vector<torch gru_weights_hh,
std::vector<torch gru_biases_ih,
std::vector<torch::Tensor> gru_biases_hh,
torch::Tensor hO,
bool is_training) {

gru_weights_ih,

hO = hO.to(x.device());

// Ensure inputs are contiguous for better memory access
x = x.contiguous();
hO = hO.contiguous();

size_t num_layers = gru_weights_ih.size();
int64_t input_size = x.size(2);

int64_t hidden_size = gru_weights_hh[0].size(1);
int64_t seq_length = x.size(0);

int64_t batch_size = x.size(1);

// Pre-allocate output tensor with optimal memory layout

auto output = torch::empty({seq_length, batch_size, hidden_size},
x.options().layout (torch::kStrided)
.memory_format (torch::MemoryFormat::Contiguous));

// Create GRU options

torch::nn::GRUOptions gru_options(input_size, hidden_size);
gru_options.num_layers(num_layers);
gru_options.bidirectional (false);
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gru_options.batch_first (false);

auto gru = torch::nn::GRU(gru_options);
gru->to(x.device());
gru->train(is_training);

// Pre-process weights and biases for better memory access
for (size_t 1 = 0; 1 < num_layers; ++1) {
std::string layer_str = std::to_string(l);

// Ensure weights are contiguous and properly aligned
gru_weights_ih[1] = gru_weights_ih[1].contiguous();
gru_weights_hh[1] = gru_weights_hh[1].contiguous();
gru_biases_ih[1] gru_biases_ih[1].contiguous();
gru_biases_hh[1] gru_biases_hh[1].contiguous();

auto params = gru->named_parameters();

// Copy weights into constant memory if small enough
if (gru_weights_ih[1l].numel() <= 2048 && gru_weights_hh[1].numel() <= 2048) {
cudaMemcpyToSymbol (ih_consts + 1 * 2048, gru_weights_ih[1l].data_ptr<float>(), gru_weights_ih[1].
numel () * sizeof (float));
cudaMemcpyToSymbol (hh_consts, gru_weights_hh[1l].data_ptr<float>(), gru_weights_hh[1].numel() =*
sizeof (float));
} else {
params ["weight_ih_1" + layer_str].copy_(gru_weights_ih[1]);
params ["weight_hh_1" + layer_str].copy_(gru_weights_hh[1]);
}

params ["bias_ih_1" + layer_str].copy_(gru_biases_ih[1]);
params ["bias_hh_1" + layer_str].copy_(gru_biases_hh[1]);

// Reshape hO with optimal memory layout
hO = hO.view({static_cast<int64_t>(num_layers), batch_size, hidden_sizel);

// Forward pass with optimized memory access
auto result = gru->forward(x, hO);
output.copy_(std::get<0>(result));

return output;

}

PYBIND11_MODULE (TORCH_EXTENSION_NAME, m) {
m.def ("forward", &forward, "GRU forward (CUDA)");
}

Listing 14 | THE Al CUDA ENGINEER Optimized CUDA Kernel for 39 GRU.

E.3. 24 EfficientNetB2

#include <torch/extension.h>
#include <map>

#include <string>

#include <vector>

using namespace torch;

template<int WARP_SIZE=32>
__device__ __forceinline_
#pragma unroll
for (int offset = WARP_SIZE/2; offset > 0; offset /= 2) {
val += __shfl_down_sync (Oxffffffff, val, offset);

float warp_reduce_sum(float val) {

}
return val;

}

template<int WARP_SIZE=32>
__device__ __forceinline__ void warp_batch_norm(float* out, const float* in,
const float* weight, const float* bias,
const float* mean, const float* var,
const int idx) {
float normalized = (in[idx] - mean[idx]) * rsqrtf(var[idx] + 1le-5f);
float result = normalized * weight[idx] + bias[idx];

#pragma unroll
for (int offset = 1; offset < WARP_SIZE; offset *= 2) {

float temp = __shfl_sync(Oxffffffff, result, threadldx.x + offset);
if (threadIdx.x % (2 * offset) == 0) {
result = temp;
}
}
out [idx] = result;

}

Tensor mbconv_block(Tensor x, std::map<std::string, Tensor>& params, int stride, int expand_ratio, bool
is_training) {

int64_t in_channels = x.size(1);
int64_t expanded_channels = in_channels * expand_ratio;
if (expand_ratio != 1) {
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auto expand_conv_weight = params["expand_conv_weight"];
x = conv2d(x, expand_conv_weight, Temnsor(),
{1}, at::IntArrayRef ({0}), {1}, 1);
x = batch_norm(
x, params["expand_bn_weight"], params["expand_bn_bias"],
params ["expand_bn_mean"], params["expand_bn_var"],
is_training, 0.1, le-5, true
)
x = relu(x);
}
auto dw_conv_weight = params["dw_conv_weight"];
x = conv2d(x, dw_conv_weight, Tensor (),
{stride}, at::IntArrayRef ({1}), {1}, expanded_channels);
x = batch_norm(
x, params["dw_bn_weight"], params["dw_bn_bias"],
params ["dw_bn_mean"], params["dw_bn_var"],
is_training, 0.1, 1le-5, true
)
x = relu(x);
auto se = adaptive_avg_pool2d(x, {1, 1});
se conv2d(se, params["se_reduce_weight"], Tensor(),
{1}, at::IntArrayRef ({0}));
se relu(se);
se conv2d(se, params["se_expand_weight"], Tensor(),
{1}, at::IntArrayRef ({0}));
se = sigmoid(se);
X = se;
auto project_conv_weight = params["project_conv_weight"];
x = conv2d(x, project_conv_weight, Tensor(),
{1}, at::IntArrayRef ({0}), {1}, 1);
x = batch_norm(
x, params["project_bn_weight"], params["project_bn_bias"],
params ["project_bn_mean"], params["project_bn_var"],
is_training, 0.1, 1le-5, true
)

return x;

}

Tensor forward(Tensor x,

std::map<std::string, Tensor> params, bool is_training) {

x = conv2d(x, params["convl_weight"], Tensor(),
{2}, at::IntArrayRef ({1}));

x = batch_norm(
x, params["bnl_weight"], params["bnl_bias"],
params ["bnl_mean"], params["bnl_var"],
is_training, 0.1, l1le-5, true
)
x = relu(x);
const std::vector<std::pair<int, int>> mbconv_configs = {{1,3}, {2,6}, {2,6}, {2,6}, {1,6}};
#pragma unroll
for (int i = 0; i < mbconv_configs.size(); i++) {
int block_num = i + 1;
auto [stride, expand_ratiol] = mbconv_configs([il;
std::map<std::string, Tensor> block_params;
std::string prefix = "mbconv" + std::to_string(block_num) + "_";
for (const auto& pair params) {
if (pair.first.rfind(prefix, 0) == 0) {
std::string key = pair.first.substr(prefix.length());
block_params [key] = pair.second;
3
}
x = mbconv_block(x, block_params, stride, expand_ratio, is_training);
}
x = conv2d(x, params["conv_final_weight"], Tensor(),
{1}, at::IntArrayRef ({0}));
x = batch_norm(
x, params["bn_final_weight"], params["bn_final_bias"],
params ["bn_final_mean"], params["bn_final_var"],
is_training, 0.1, le-5, true
)8
x relu(x);
x = adaptive_avg_pool2d(x, {1, 1});
x = x.flatten(1);
x = linear(x, params["fc_weight"], params["fc_bias"]);
return x;
¥
PYBIND11_MODULE (TORCH_EXTENSION_NAME, m) {
m.def ("forward", &forward, "EfficientNetB2 forward with warp-level optimizations");

}

Listing 15 | THE Al CUDA ENGINEER Optimized CUDA Kernel for 24 EfficientNetB2.
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E.4. 4 LeNet5

#include <torch/extension.h>
#include <cuda.h>

#include <cuda_runtime.h>

#include <cuda_fp16.h>

#include <cublas_v2.h>

#include <ATen/cuda/CUDAContext.h>
#include <ATen/cuda/CUDAUtils.h>
#include <cfloat>

// Fused kernel: Applies ReLU and then performs 2D max pooling in one pass.
// Workload is evenly distributed using a grid-stride loop.
__global__ void fused_relu_pool_kernel(

const float* __restrict__ input,

float* __restrict__ output,

int batch, int channels,

int height, int width,

int pool_h, int pool_w, int stride

) A
int out_h = (height - pool_h) / stride + 1;
int out_w = (width - pool_w) / stride + 1;
int total = batch * channels * out_h * out_w;
for (int idx = blockIdx.x * blockDim.x + threadIdx.x; idx < total; idx += blockDim.x * gridDim.x) {
int tmp = idx;
int w = tmp % out_w; tmp /= out_w;
int h = tmp % out_h; tmp /= out_h;
int ¢ = tmp % channels; tmp /= channels;
int b = tmp;
int in_row_start = h * stride;
int in_col_start = w * stride;
// Initialize to O since with ReLU negatives become O.
float max_val = 0.0f;
for (int i = 0; i < pool_hj; i++) {
for (int j = 0; j < pool_w; j++) {
int in_row = in_row_start + i;
int in_col = in_col_start + j;
float val = input[((b * channels + c) * height + in_row) * width + in_coll;
// Apply ReLU inline
float relu_val = fmaxf(val, 0.0f);
if (relu_val > max_val) {
max_val = relu_val;
}
}
}
output [idx] = max_val;
}
// Simple flattening kernel using a grid-stride loop
__global__ void flatten_kernel(const float* __restrict__ input, float* __restrict__ output, int total) {
for (int idx = blockIdx.x * blockDim.x + threadIdx.x; idx < total; idx += blockDim.x * gridDim.x) {
output [idx] = input[idx];

}

// Forward function for the LeNet-5 network that uses the fused ReLU+Pool kernel
// to better distribute workloads evenly and reduce kernel launch overhead.

torch::Tensor forward(
torch::Tensor x,
torch::Tensor convl_weight, torch::Tensor convi_bias,
torch::Tensor conv2_weight, torch::Tensor conv2_bias,
torch::Tensor fcl_weight, torch::Tensor fcl_bias,
torch::Tensor fc2_weight, torch::Tensor fc2_bias,
torch::Tensor fc3_weight, torch::Tensor fc3_bias

// Move all inputs to CUDA
x = x.to(torch::kCUDA);
convl_weight = convl_weight.to(torch::kCUDA);

convl_bias = convl_bias.to(torch::kCUDA);
conv2_weight = conv2_weight.to(torch::kCUDA);
conv2_bias = conv2_bias.to(torch::kCUDA);

fcl_weight = fcl_weight.to(torch::kCUDA);
fcl_bias = fcl_bias.to(torch::kCUDA);
fc2_weight = fc2_weight.to(torch::kCUDA);
fc2_bias = fc2_bias.to(torch::kCUDA);
fc3_weight = fc3_weight.to(torch::kCUDA);
fc3_bias = fc3_bias.to(torch::kCUDA);

// First Convolutional Layer
auto convl = torch::conv2d(x, convl_weight, convl_bias, {1, 1});

// Instead of launching separate ReLU and max_pool kernels, we fuse them.

int B = convl.size(0);
int C = convl.size(1);
int H = convl.size(2);
int W = convl.size(3);

int pool_h = 2, pool_w = 2, stride = 2;
int out_h = (H - pool_h) / stride + 1;
int out_w = (W - pool_w) / stride + 1;

auto pooll = torch::empty({B, C, out_h, out_w}, convli.options());
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}

int total_pooll = B * C * out_h * out_w;
int threads = 256;
int blocks = (total_pooll + threads - 1) / threads;
fused_relu_pool_kernel <<<blocks, threads>>>(
convl.data_ptr<float>(), pooll.data_ptr<float>(), B, C, H, W, pool_h, pool_w, stride);

// Second Convolutional Layer

auto conv2 = torch::conv2d(pooll, conv2_weight, conv2_bias, {1, 1});
B = conv2.size (0);

C = conv2.size(1);

H = conv2.size(2);

W = conv2.size (3);

out_h = (H - pool_h) / stride + 1;

out_w = (W - pool_w) / stride + 1;

auto pool2 = torch::empty({B, C, out_h, out_w}, conv2.options());
int total_pool2 = B * C * out_h * out_w;
blocks = (total_pool2 + threads - 1) / threads;
fused_relu_pool_kernel <<<blocks, threads>>>(
conv2.data_ptr<float>(), pool2.data_ptr<float>(), B, C, H, W, pool_h, pool_w, stride);

// Flatten the output
auto flat = pool2.view({pool2.size(0), -1});

// Fully connected layers are computed using torch::linear which are highly optimized (e.g.,
auto fcl = torch::linear(flat, fcl_weight, fcl_bias);

fcl = torch::relu(fcil);

auto fc2 = torch::linear(fcl, fc2_weight, fc2_bias);

fc2 = torch::relu(fc2);

auto fc3 = torch::linear(fc2, fc3_weight, fc3_bias);

return fc3;

// PyBind11l module definition
PYBIND11_MODULE (TORCH_EXTENSION_NAME, m) {

}

m.def ("forward", &forward, "LeNet-5 forward pass with fused ReLU and pooling");

via cuBLAS)

Listing 16 | THE Al CUDA ENGINEER Optimized CUDA Kernel for 4 LeNet5.
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F. Completed Kernels of ResNet18 Optimization Example

import torch
import torch.nn as nn
import torch.nn.functional as F

class BasicBlock(nn.Module):
expansion = 1

def __init__(self, in_channels, out_channels, stride=1, downsample=Nomne):
Wun
:param in_channels: Number of input channels
:param out_channels: Number of output channels
:param stride: Stride for the first convolutional layer
:param downsample: Downsample layer for the shortcut connection

wnn

super (BasicBlock, self).__init__Q)

self.convl = nn.Conv2d(in_channels, out_channels, kernel_size=3, stride=stride, padding=1, bias=False)
self.bnl = nn.BatchNorm2d (out_channels)

self.relu = nn.ReLU(inplace=True)

self.conv2 = nn.Conv2d(out_channels, out_channels, kernel_size=3, stride=1, padding=1, bias=False)
self.bn2 = nn.BatchNorm2d (out_channels)

self.downsample = downsample

self.stride = stride

def forward(self, x):

nnn

:param x: Input tensor, shape (batch_size, in_channels, height, width)
:return: Output tensor, shape (batch_size, out_channels, height, width)
W

identity = x

out = self.convi(x)
out = self.bnl(out)
out = self.relu(out)
out = self.conv2(out)

out = self.bn2(out)

if self.downsample is not None:
identity = self.downsample (x)

out += identity
out = self.relu(out)

return out

class Model (nn.Module):
def __init__(self, num_classes=1000):

wn

:param num_classes: Number of output classes
super (Model, self).__init__()
self.in_channels = 64

self.convl = nn.Conv2d(3, 64, kernel_size=7, stride=2, padding=3, bias=False)
self.bnl = nn.BatchNorm2d (64)

self.relu = nn.ReLU(inplace=True)

self .maxpool = nn.MaxPool2d(kernel_size=3, stride=2, padding=1)

self.layerl = self._make_layer (BasicBlock, 64, 2, stride=1)

self.layer2 = self._make_layer (BasicBlock, 128, 2, stride=2)
self.layer3 = self._make_layer (BasicBlock, 256, 2, stride=2)
self.layer4 = self._make_layer (BasicBlock, 512, 2, stride=2)

self.avgpool = nn.AdaptiveAvgPool2d ((1, 1))
self.fc = nn.Linear (512 * BasicBlock.expansion, num_classes)

def _make_layer(self, block, out_channels, blocks, stride=1):

downsample = None
if stride !'= 1 or self.in_channels != out_channels * block.expansion:
downsample = nn.Sequential(

nn.Conv2d(self.in_channels, out_channels * block.expansion, kernel_size=1, stride=stride,
False),
nn.BatchNorm2d (out_channels * block.expansion),

)

layers = []
layers.append(block(self.in_channels, out_channels, stride, downsample))
self.in_channels = out_channels * block.expansion
for _ in range(l, blocks):
layers.append(block(self.in_channels, out_channels))

return nn.Sequential (*layers)

def forward(self, x):
:param x: Input tensor, shape (batch_size, 3, height, width)
:return: Output tensor, shape (batch_size, num_classes)

nwon

x = self.convl(x)

x = self.bnl(x)

x = self.relu(x)

x = self.maxpool (x)

bias=
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x self.layerl (x)
x = self.layer2(x)
x = self.layer3(x)
x = self.layerd(x)
x self.avgpool (x)

x = torch.flatten(x, 1)
x = self.fc(x)

return x

Listing 17 | Full Code for ResNet18 PyTorch Module-based Implementation.

import torch
import torch.nn as nn
import torch.nn.functional as F

def module_fn(x: torch.Tensor, params: nn.ParameterDict, is_training: bool):

wun

Implements the ResNet18 module.

Args:
x (torch.Tensor): Input tensor, shape (batch_size, in_channels, height, width)
params (nn.ParameterDict): Dictionary of parameters
is_training (bool): Whether to use training mode

Returns:

torch.Tensor: Output tensor, shape (batch_size, num_classes)
win
# Initial layers
x = F.conv2d(x, params["convl_weight"], None, stride=2, padding=3)
x = F.batch_norm(

R

params ["bnl_running_mean"],

params ["bnl_running_var"],

params ["bnl_weight"],

params ["bnl_bias"],

is_training,

x = F.relu(x)
x = F.max_pool2d(x, kernel_size=3, stride=2, padding=1)

def basic_block_£fn(
X,
convl_w,
convl_b,
bnl_w,
bni_b,
bnl_mean,
bnl_var,
conv2_w,
conv2_b,
bn2_w,
bn2_b,
bn2_mean,
bn2_var,
downsample_conv_w=None,
downsample_conv_b=None,
downsample_bn_w=None,
downsample_bn_b=None,
downsample_bn_mean=None,
downsample_bn_var=None,
stride=1,
is_training=True,

identity = x

out F.conv2d(x, convl_w, convl_b, stride=stride, padding=1)

out = F.batch_norm(out, bnil_mean, bnl_var, bnl_w, bnl_b, is_training)
out = F.relu(out)

out = F.conv2d(out, conv2_w, conv2_b, stride=1, padding=1)

out = F.batch_norm(out, bn2_mean, bn2_var, bn2_w, bn2_b, is_training)

if downsample_conv_w is not None:

identity = F.conv2d(x, downsample_conv_w, downsample_conv_b, stride=stride)
identity = F.batch_norm(
identity,

downsample_bn_mean,
downsample_bn_var,
downsample_bn_w,
downsample_bn_b,
is_training,

)

out += identity
out = F.relu(out)
return out

# Layer blocks
for i in range(1l, 5):
layer_name = f"layer{il}"
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for j in range(2):
block_name = f"{layer_namel}_{j}"
stride = 2 if i > 1 and j 0 else 1

# Basic block parameters

convl_w = params[f"{block_name}_convl_weight"]
bnl_w = params[f"{block_name}_bnl_weight"]

bnl_b = params[f"{block_name}_bnl_bias"]

bnl_mean = params[f"{block_name}_bni_running_mean"]
bnl_var = params[f"{block_name}_bnl_running_var"]
conv2_w = params[f"{block_name}_conv2_weight"]
bn2_w = params[f"{block_namel}_bn2_weight"]

bn2_b = params[f"{block_name}_bn2_bias"]

bn2_mean = params[f"{block_namel}_bn2_running_mean"]
bn2_var = params[f"{block_name}_bn2_running_var"]

# Downsample parameters if they exist

has_downsample = f"{block_name}_downsample_O_weight"

downsample_args = {}

if has_downsample:

downsample_args = {
"downsample_conv_w":
"downsample_bn_w":
"downsample_bn_b": params[f"{block_name}_downsample_1_bias"],
"downsample_bn_mean": params[
f"{block_name}_downsample_1_running_mean"

1,

"downsample_bn_var": params[
f"{block_name}_downsample_1_running_var"

in params

1,
}

basic_block_f£fn(

X,

convl_w,

None,

bnl_w,

bni_b,

bnl_mean,

bnl_var,

conv2_w,

None ,

bn2_w,

bn2_b,

bn2_mean,

bn2_var,
stride=stride,
is_training=is_training,
**downsample_args,

x =

)
1))

x = F.adaptive_avg_pool2d(x, (1,
X = torch.flatten(x, 1)
x = F.linear(x, params["fc_weight"],

return x

params ["fc_bias"])

params [f"{block_name}_downsample_O_weight"],
params [f"{block_name}_downsample_1_weight"],

Listing 18 | THE AI CUDA ENGINEER Converted ResNetl8
Implementation.

PyTorch Functional-based

#include <torch/extension.h>
#include <pybindl1l/pybindiil.h>
namespace py = pybindilil;

torch::Tensor basic_block_£fn(

torch::Tensor x,

torch::Tensor convl_w,
torch::Tensor bnl_w,
torch::Tensor bnl_b,
torch::Tensor bnl_rm,
torch::Tensor bnl_rv,
torch::Tensor conv2_w,
torch::Tensor bn2_w,
torch::Tensor bn2_b,
torch::Tensor bn2_rm,
torch::Tensor bn2_rv,
torch::Tensor downsample_conv_w,
torch::Tensor downsample_bn_w,
torch::Tensor downsample_bn_b,
torch::Tensor downsample_bn_rm,
torch::Tensor downsample_bn_rv,

int64_t stride,
bool is_training

torch::Tensor identity = x;
// First convolution
x = torch::conv2d(x, convl_w, /*bias=*/{}, /*stride=*/{stride, stride},

// First batch normalization
x = torch::batch_norm(

/*padding=*/{1,

1}
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x,
/*weight=%/bnl_w,
/*bias=%/bnl_b,
/*running _mean=*/bnl_rm,
/*running_var=x/bnl_rv,
is_training,
/*momentum=%/0.0,
/*eps=%/1e-5,
/*cudnn_enabled=*/true

)8
x = torch::relu(x);

// Second convolution
X = torch::conv2d(x, conv2_w, /*bias=x/{}, /*stride=x/{1, 1}, /*padding=x/{1, 1});

// Second batch normalization
x = torch::batch_norm(
X,
/*weight=%/bn2_w,
/*bias=%*/bn2_b,
/*running_mean=*/bn2_rm,
/*running_var=/bn2_rv,
is_training,
/*momentum=%/0.0,
/*eps=%/1e-5,
/*cudnn_enabled=*/true

)

// Downsample path
if (downsample_conv_w.defined()) {
identity = torch::conv2d(identity, downsample_conv_w, /*bias=*/{}, /*stride=x/{stride, stridel});

identity = torch::batch_norm(
identity,
/*weight=%/downsample_bn_w,
/*bias=+%/downsample_bn_b,
/*running_mean=%*/downsample_bn_rm,
/*running_var=+*/downsample_bn_rv,
is_training,
/*momentum=%/0.0,
/*eps=%/1e-5,
/*cudnn_enabled=x*/true

)5

}

x += identity;
X = torch::relu(x);
return x;
¥
torch::Tensor module_fn(torch::Tensor x, py::object params_py, bool is_training) {
auto get_param = [&](const std::string& key) -> torch::Tensor {
return params_py.attr("__getitem__") (key.c_str()).cast<torch::Tensor>();
};
// Initial layers
auto convl_weight = get_param("convl_weight");
auto bnl_weight = get_param("bnl_weight");
auto bnl_bias = get_param("bnl_bias");
auto bnl_running_mean = get_param("bnl_running_mean");
auto bnl_running_var = get_param("bnl_running_var");

x = torch::conv2d(x, convl_weight, /*bias=%/{}, /*stride=x/{2, 2}, /*padding=+*/{3, 3});

x = torch::batch_norm(
X,
/*weight=+/bnl_weight,
/*bias=%/bnl_bias,
/*running_mean=*/bnl_running_mean,
/*running_var=%*/bnl_running_var,
is_training,
/*momentum=%/0.0,
/*xeps=%/1e-5,
/*cudnn_enabled=*/true

x = torch::relu(x);
x = torch::max_pool2d(x, /*kernel_size=x/{3, 3}, /*stride=x/{2, 2}, /*padding=*/{1, 1});

// Layer blocks

for (int i = 1; i <= 4; ++i) {

std::string layer_name = "layer" + std::to_string(i);

for (int j = 0; j < 25 ++j) {
std::string block_name = layer_name + "_" + std::to_string(j);
int64_t stride = (i > 1 && j == 0) ? 2 : 1;
// Basic block parameters
auto convl_w = get_param(block_name + "_convl_weight");
auto bnl_w = get_param(block_name + "_bnl_weight");
auto bnil_b = get_param(block_name + "_bnl_bias");
auto bnl_rm = get_param(block_name + "_bnl_running_mean");

auto bnl_rv = get_param(block_name + "_bnl_running_var");
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auto conv2_w = get_param(block_name + "_conv2_weight");
auto bn2_w = get_param(block_name + " _bn2_weight");

auto bn2_b = get_param(block_name + " _bn2_bias");

auto bn2_rm = get_param(block_name + " _bn2_running_mean");
auto bn2_rv = get_param(block_name + "_bn2_running_var");

// Downsample parameters if they exist
std::string downsample_conv_key = block_name + "_downsample_O_weight";
bool has_downsample = PyMapping_HasKeyString(params_py.ptr(), downsample_conv_key.c_str())

torch::Tensor downsample_conv_w, downsample_bn_w, downsample_bn_b, downsample_bn_rm,
downsample_bn_rv;

if (has_downsample) {

downsample_conv_w = get_param(block_name + " _downsample_O_weight");
downsample_bn_w = get_param(block_name + "_downsample_1_weight");
downsample_bn_b = get_param(block_name + "_downsample_1_bias");
downsample_bn_rm = get_param(block_name + " _downsample_1_running_mean");
downsample_bn_rv = get_param(block_name + "_downsample_1_running_var");
} else {
downsample_conv_w = torch::Tensor();
downsample_bn_w = torch ensor () ;
downsample_bn_b = torch ensor () ;
downsample_bn_rm = torch::Tensor();
downsample_bn_rv = torch::Tensor();
}
x = basic_block_fn(
X,
convl_w,
bnl_w,
bni_b,
bnl_rm,
bnl_rv,
conv2_w,
bn2_w,
bn2_b,
bn2_rm,
bn2_rv,

downsample_conv_w,
downsample_bn_w,
downsample_bn_b,
downsample_bn_rm,
downsample_bn_rv,
stride,
is_training

);

}
}
x = torch::adaptive_avg_pool2d(x, {1, 1});
x = x.view({x.size(0), -1});
auto fc_weight = get_param("fc_weight");
auto fc_bias = get_param("fc_bias");
x = torch::linear(x, fc_weight, fc_bias);

return x;

}

PYBIND11_MODULE (TORCH_EXTENSION_NAME, m) {
m.def ("forward", &module_fn, "ResNet18 forward function (CUDA)");
}

Listing 19 | THE AI CUDA ENGINEER Translated ResNet18 CUDA Kernel.

#include <torch/extension.h>
#include <pybindl1l/pybindil.h>
#include <ATen/cuda/CUDAContext.h>
#include <cuda.h>

#include <cuda_runtime.h>

namespace py = pybindill;

// Fused CUDA kernel: performs element-wise addition of x and identity, then applies ReLU
__global__ void fused_add_relu_kernel (const float* __restrict__ x,
const float* __restrict__ identity,
float* __restrict__ out,
int numel) {
// Use 1D grid/block indexing for efficient mapping
int idx = blockIdx.x * blockDim.x + threadIdx.x;
if (idx < numel) {
float sum = x[idx] + identityl[idx];
out [idx] = (sum > 0.0f) ? sum : 0.0f;

}

// Host wrapper to launch the fused kernel
torch::Tensor fused_add_relu(torch::Tensor x, torch::Tensor identity) {
auto out = torch::empty_like(x);
int numel = x.numel();
int threads = 256;
int blocks = (numel + threads - 1) / threads;
fused_add_relu_kernel <<<blocks, threads, 0, at::cuda::getCurrentCUDAStream()>>>(
x.data_ptr<float>(), identity.data_ptr<float>(), out.data_ptr<float>(), numel);
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return out;

// Basic block function with fused residual addition and ReLU

torch::Tensor basic_block_£fn(
torch::Tensor x,
torch::Tensor convl_w,
torch::Tensor bnl_w,
torch::Tensor bnl_b,
torch::Tensor bnl_rm,
torch::Tensor bnl_rv,
torch::Tensor conv2_w,
torch::Tensor bn2_w,
torch::Tensor bn2_b,
torch::Tensor bn2_rm,
torch::Tensor bn2_rv,
torch::Tensor downsample_conv_w,
torch::Tensor downsample_bn_w,
torch::Tensor downsample_bn_b,
torch::Tensor downsample_bn_rm,
torch::Tensor downsample_bn_rv,
int64_t stride,
bool is_training

torch::Tensor identity = x;

// First convolution
x = torch::conv2d(x, convl_w, /*bias=*/{}, /*stride=+/{stride, stride}, /*padding=x/{1, 1});

// First batch normalization

x = torch::batch_norm(x, bnl_w, bnl_b, bnl_rm, bnl_rv, is_training, /*momentum=%/0.0, /*eps=x/le-5, /*
cudnn_enabled=%/true);
x = torch::relu(x);

// Second convolution
x = torch::conv2d(x, conv2_w, /*bias=x/{}, /*stride=x/{1, 1}, /*padding=x*/{1, 1});

// Second batch normalization
x = torch::batch_norm(x, bn2_w, bn2_b, bn2_rm, bn2_rv, is_training, 0.0, le-5, true);

// Downsample path
if (downsample_conv_w.defined()) {
identity = torch::conv2d(identity, downsample_conv_w, /*bias=x/{}, /*stride=+*/{stride, stridel});
identity = torch::batch_norm(identity, downsample_bn_w, downsample_bn_b, downsample_bn_rm,
downsample_bn_rv,
is_training, 0.0, le-5, true);

}

// Fused residual addition and ReLU using custom CUDA kernel with proper thread/block indexing
x = fused_add_relu(x, identity);
return x;

}

// Module function: Implements the ResNet18 forward pass using the basic blocks
torch::Tensor module_fn(torch::Tensor x, py::object params_py, bool is_training) {
auto get_param = [&](const std::string& key) -> torch::Temnsor {
return params_py.attr("__getitem__") (key.c_str()).cast<torch::Tensor>();

};

// Initial layers

auto convl_weight = get_param("convl_weight");

auto bnl_weight = get_param("bnl_weight");

auto bnl_bias = get_param("bnl_bias");

auto bnl_running_mean = get_param("bnl_running mean");
auto bnl_running_var = get_param("bnl_running_var");

x = torch::conv2d(x, convl_weight, /*bias=%/{}, /*stride=x/{2, 2}, /*padding=%/{3, 3});

x = torch::batch_norm(x, bnl_weight, bnil_bias, bnl_running mean, bnl_running_var,
is_training, 0.0, le-5, true);

X = torch::relu(x);

x = torch::max_pool2d(x, /*kernel_size=+*/{3, 3}, /*stride=x/{2, 2}, /*padding=*/{1, 13});

// Layer blocks
for (int i = 1; i <= 4; ++i) {

std::string layer_name = "layer" + std::to_string(i);

for (int j = 0; j < 2; ++j) {
std::string block_name = layer_name + "_" + std::to_string(j);
int64_t stride = (i > 1 && j == 0) ? 2 : 1;
// Basic block parameters
auto convli_w = get_param(block_name + "_convl_weight");
auto bnl_w = get_param(block_name + " _bni_weight");
auto bnl_b = get_param(block_name + " _bni_bias");
auto bnl_rm = get_param(block_name + " _bnl_running _mean");
auto bnl_rv = get_param(block_name + "_bnl_running_var");
auto conv2_w = get_param(block_name + "_conv2_weight");

auto bn2_w = get_param(block_name + " _bn2_weight");

auto bn2_b = get_param(block_name + " _bn2_bias");

auto bn2_rm = get_param(block_name + " _bn2_running_mean");
auto bn2_rv = get_param(block_name + "_bn2_running_var");

// Downsample parameters if they exist
std::string downsample_conv_key = block_name + "_downsample_O_weight";
bool has_downsample = PyMapping_HasKeyString(params_py.ptr(), downsample_conv_key.c_str()) ==
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torch::Tensor downsample_conv_w, downsample_bn_w, downsample_bn_b, downsample_bn_rm,
downsample_bn_rv;
if (has_downsample) {

downsample_conv_w = get_param(block_name + " _downsample_O_weight");
downsample_bn_w = get_param(block_name + " _downsample_1_weight");
downsample_bn_b = get_param(block_name + " _downsample_1_bias");
downsample_bn_rm = get_param(block_name + "_downsample_1_running_mean");
downsample_bn_rv = get_param(block_name + “_downsample_1_running_var“);
} else {
downsample_conv_w = torch::Tensor ();
downsample_bn_w = torch::Tensor ();
downsample_bn_b = torch::Tensor ();
downsample_bn_rm = torch::Tensor();
downsample_bn_rv = torch::Tensor();
¥
x = basic_block_£fn(
X,
convl_w,
bnl_w,
bni_b,
bnl_rm,
bnl_rv,
conv2_w,
bn2_w,
bn2_b,
bn2_rm,
bn2_rv,

downsample_conv_w,
downsample_bn_w,
downsample_bn_b,
downsample_bn_rm,
downsample_bn_rv,
stride,
is_training

)

}
}
x = torch::adaptive_avg_pool2d(x, {1, 1});
x = x.view({x.size(0), -1});
auto fc_weight = get_param("fc_weight");
auto fc_bias = get_param("fc_bias");
x = torch::linear(x, fc_weight, fc_bias);

return x;

}

PYBIND11_MODULE (TORCH_EXTENSION_NAME, m) {
m.def ("forward", &module_fn, "ResNetl18 forward function with fused addition and ReLU (CUDA)");
¥

Listing 20 | THE AI CUDA ENGINEER Optimized ResNet18 CUDA Kernel of Thought 1.

#include <torch/extension.h>
#include <pybind11/pybindil.h>
#include <ATen/cuda/CUDAContext.h>
#include <c10/cuda/CUDAGuard.h>
#include <cuda.h>

#include <cuda_runtime.h>

#include <algorithm>

namespace py = pybindill;

// Define block configuration constants optimized for 2D processing
constexpr int BLOCK_DIM_X = 16;

constexpr int BLOCK_DIM_Y = 16;

constexpr int MAX_BLOCKS_X = 65535;

constexpr int MAX_BLOCKS_Y = 65535;

// Fused kernel using 2D thread blocks for better spatial locality
template<int BLOCK_X, int BLOCK_Y>
__global__ void fused_add_relu_2d_kernel (float* __restrict__ x,
const float* __restrict__ identity,
int height, int width, int channels, int batch_size) {
const int tx = threadlIdx.x;
const int ty = threadIldx.y;
const int bx = blockIdx.x;
const int by = blockIdx.y;
const int bz = blockIdx.z;

// Calculate 2D position
const int x_pos = bx * BLOCK_X + tx;
const int y_pos = by * BLOCK_Y + ty;

// Process each position in the feature map
if (x_pos < width && y_pos < height) {
const int batch_idx = bz / channels;
const int channel_idx = bz % channels;
const int idx = ((batch_idx #* channels + channel_idx) * height + y_pos) * width + x_pos;
float sum = x[idx] + identity[idx];
x[idx] = sum > 0.f ? sum : 0.f;
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// Utility function to launch the 2D fused kernel
void fused_add_relu_2d_inplace(torch::Tensor& x, const torch::Tensor& identity) {
int batch_size = x.size(0);
int channels = x.size(1);
int height = x.size(2);
int width = x.size(3);

// Calculate grid dimensions

dim3 block_dim (BLOCK_DIM_X, BLOCK_DIM_Y);

dim3 grid_dim(
(width + BLOCK_DIM_X - 1) / BLOCK_DIM_X,
(height + BLOCK_DIM_Y - 1) / BLOCK_DIM_Y,
batch_size * channels

)

// Launch kernel with 2D block configuration

fused_add_relu_2d_kernel <BLOCK_DIM_X, BLOCK_DIM_Y><<<grid_dim, block_dim, O, at::cuda::getCurrentCUDAStream

O >>>(
x.data_ptr<float>(), identity.data_ptr<float>(),
height, width, channels, batch_size
)
}

// Basic residual block implementation with 2D-optimized fused add+ReLU

torch::Tensor basic_block_fn(
torch::Tensor x,
torch::Tensor convl_w,
torch::Tensor bnl_w,
torch::Tensor bnl_b,
torch::Tensor bnl_rm,
torch::Tensor bnl_rv,
torch::Tensor conv2_w,
torch::Tensor bn2_w,
torch::Tensor bn2_b,
torch::Tensor bn2_rm,
torch::Tensor bn2_rv,
torch::Tensor downsample_conv_w,
torch::Tensor downsample_bn_w,
torch::Tensor downsample_bn_b,
torch::Tensor downsample_bn_rm,
torch::Tensor downsample_bn_rv,
int64_t stride,
bool is_training

const at::cuda::CUDAGuard device_guard(x.device());
torch::Tensor identity = x;

// First convolution branch

x = torch::conv2d(x, convl_w, /*bias=%/{}, {stride, stride}, {1, 1});

x = torch::batch_norm(x, bnl_w, bnl_b, bnl_rm, bnl_rv, is_training, 0.0, le-5, true);
X = torch::relu(x);

// Second convolution branch
x = torch::conv2d(x, conv2_w, /*bias=x*/{}, {1, 1}, {1, 1});
x = torch::batch_norm(x, bn2_w, bn2_b, bn2_rm, bn2_rv, is_training, 0.0, le-5, true);

// Downsample if needed
if (downsample_conv_w.defined()) {
identity = torch::conv2d(identity, downsample_conv_w, /*bias=x/{}, {stride, stridel});
identity = torch::batch_norm(identity, downsample_bn_w, downsample_bn_b,
downsample_bn_rm, downsample_bn_rv,
is_training, 0.0, le-5, true);

}

// Apply 2D-optimized fused add+ReLU
fused_add_relu_2d_inplace(x, identity);
return x;

}

// Main module function implementing ResNet18 forward pass
torch::Tensor module_fn(torch::Tensor x, py::object params_py, bool is_training) {
const at::cuda::CUDAGuard device_guard(x.device());

auto get_param = [&](const std::string& key) -> torch::Tensor {
return params_py.attr("__getitem__") (key.c_str()).cast<torch::Tensor>();
ks
// Initial layers
auto convl_weight = get_param("convl_weight");
auto bnl_weight = get_param("bnl_weight");
auto bnl_bias = get_param("bnl_bias");
auto bnl_running_mean = get_param("bnl_running _mean");
auto bnl_running_var = get_param("bnl_running_var");

x = torch::conv2d(x, convl_weight, /*bias=x/{}, {2, 2}, {3, 3});

x = torch::batch_norm(x, bnl_weight, bnil_bias, bnl_running mean, bnl_running_var,
is_training, 0.0, le-5, true);

X = torch::relu(x);

x = torch::max_pool2d(x, {3, 3}, {2, 2}, {1, 1});

// Process residual blocks

for (int i = 1; i <= 4; ++i) {
std::string layer_name = "layer" + std::to_string(i);
for (int j = 0; j < 2; ++j) {
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std::string block_name = layer_name + "_" + std::to_string(j);
int64_t stride = (i > 1 && j == 0) 7 2 : 1;

auto convl_w = get_param(block_name + "_convl_weight");

auto bnl_w = get_param(block_name + " _bnl_weight");

auto bnl_b = get_param(block_name + "_bnl_bias");

auto bnl_rm = get_param(block_name + "_bnl_running_mean");

auto bnl_rv = get_param(block_name + "_bnl_running_var");

auto conv2_w = get_param(block_name + "_conv2_weight");

auto bn2_w = get_param(block_name + " _bn2_weight");

auto bn2_b = get_param(block_name + " _bn2_bias");

auto bn2_rm = get_param(block_name + " _bn2_running_mean");

auto bn2_rv = get_param(block_name + "_bn2_running_var");
std::string downsample_key = block_name + " _downsample_O_weight";
bool has_downsample = PyMapping_HasKeyString(params_py.ptr (), downsample_key.c_str()) == 1;

torch::Tensor downsample_conv_w, downsample_bn_w, downsample_bn_b,
downsample_bn_rm, downsample_bn_rv;

if (has_downsample) {

downsample_conv_w = get_param(block_name + "_downsample_O_weight");
downsample_bn_w = get_param(block_name + "_downsample_1_weight");
downsample_bn_b = get_param(block_name + " _downsample_1_bias");
downsample_bn_rm = get_param(block_name + “_downsample_l_running_mean");
downsample_bn_rv = get_param(block_name + ”_downsample_1_running_var“);
}
x = basic_block_fn(x, convli_w, bni_w, bnl_b, bnil_rm, bnl_rv,

conv2_w, bn2_w, bn2_b, bn2_rm, bn2_rv,
downsample_conv_w, downsample_bn_w, downsample_bn_b,
downsample_bn_rm, downsample_bn_rv, stride, is_training);

}
¥
x = torch::adaptive_avg_pool2d(x, {1, 1});
x = x.view({x.size(0), -1});
auto fc_weight = get_param("fc_weight");
auto fc_bias = get_param("fc_bias");
x = torch::linear(x, fc_weight, fc_bias);

return x;

}

PYBIND11_MODULE (TORCH_EXTENSION_NAME, m) {
m.def ("forward", &module_fn, "ResNet18 forward with 2D-optimized fused residual blocks");
}

Listing 21 | THE AI CUDA ENGINEER Optimized ResNet18 CUDA Kernel of Thought 2.

#include <torch/extension.h>
#include <pybindl1/pybindil.h>
#include <ATen/cuda/CUDAContext.h>
#include <c10/cuda/CUDAGuard.h>
#include <cuda.h>

#include <cuda_runtime.h>

#include <algorithm>

namespace py = pybindilil;

// Define constants for block configuration
constexpr int BLOCK_SIZE = 128;
constexpr int MAX_BLOCKS = 65535;

// Fused kernel: performs element-wise addition of two arrays and applies ReLU
// In-place operation: x = max(x + identity, 0)

template<int THREAD_COUNT>
__global__ void fused_add_relu_inplace_kernel(float* __restrict__ x,
const float* __restrict__ identity,
int numel) {
int tid = blockIdx.x * THREAD_COUNT + threadIdx.x;
int stride = gridDim.x * THREAD_COUNT;

for (int idx = tid; idx < numel; idx += stride) {
float sum = x[idx] + identityl[idx];
x[idx] = sum > 0.f ? sum : 0.f;

}

}
// Utility function to launch the fused kernel

void fused_add_relu_inplace(torch::Tensor& x, const torch::Tensor& identity) {
int numel = x.numel();
int num_blocks = std::min(MAX_BLOCKS, (numel + BLOCK_SIZE - 1) / BLOCK_SIZE);
fused_add_relu_inplace_kernel <BLOCK_SIZE><<<num_blocks, BLOCK_SIZE, O, at::cuda::getCurrentCUDAStream()>>>(
x.data_ptr<float>(), identity.data_ptr<float>(), numel);

// Basic Residual Block: conv -> batch_norm -> ReLU -> conv -> batch_norm -> fused add+RelLU

torch::Tensor basic_block_fn(
torch::Tensor x,
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torch::Tensor convl_w,
torch::Tensor bnl_w,
torch::Tensor bnl_b,
torch::Tensor bnl_rm,
torch::Tensor bnl_rv,
torch::Tensor conv2_w,
torch::Tensor bn2_w,
torch::Tensor bn2_b,
torch::Tensor bn2_rm,
torch::Tensor bn2_rv,
torch::Tensor downsample_conv_w,
torch::Tensor downsample_bn_w,
torch::Tensor downsample_bn_b,
torch::Tensor downsample_bn_rm,
torch::Tensor downsample_bn_rv,
int64_t stride,

bool is_training

// Ensure operations are executed on the correct device
const at::cuda::CUDAGuard device_guard(x.device());

// Save input for the residual connection
torch::Tensor identity = x;

// First branch: convl -> batch_norm -> RelLU

x = torch::conv2d(x, convl_w, /*bias=#*/{}, {stride, stridel}, {1, 1});

x = torch::batch_norm(x, bnl_w, bnl_b, bnl_rm, bnl_rv, is_training, 0.0, le-5, true);
x = torch::relu(x);

// Second branch: conv2 -> batch_norm
x = torch::conv2d(x, conv2_w, /*bias=x/{}, {1, 1}, {1, 1});
x = torch::batch_norm(x, bn2_w, bn2_b, bn2_rm, bn2_rv, is_training, 0.0, le-5, true);

// Downsample the identity path if required
if (downsample_conv_w.defined()) {
identity = torch::conv2d(identity, downsample_conv_w, /*bias=x/{}, {stride, stridel});
identity = torch::batch_norm(identity, downsample_bn_w, downsample_bn_b,
downsample_bn_rm, downsample_bn_rv,
is_training, 0.0, le-5, true);

}

// Fused residual addition and ReLU activation in a single kernel
fused_add_relu_inplace(x, identity);

return x;

}
// Main module function: implements ResNet18 forward pass with fused residual blocks

torch::Tensor module_fn(torch::Tensor x, py::object params_py, bool is_training) {
const at::cuda::CUDAGuard device_guard(x.device());

// Lambda to fetch parameters from the provided dictionary
auto get_param = [&](const std::string & key) -> torch::Tensor {
return params_py.attr("__getitem__") (key.c_str()).cast<torch::Tensor>();

};

// Initial convolution, batch norm, and activation
auto convl_weight = get_param("convl_weight");

auto bnl_weight = get_param("bnl_weight");

auto bnl_bias = get_param("bnl_bias");

auto bnl_running_mean = get_param("bnl_running_mean");
auto bnl_running_var = get_param("bnil_running_var");

x = torch::conv2d(x, convl_weight, /*bias=*/{}, {2, 2}, {3, 3});

x = torch::batch_norm(x, bnl_weight, bnil_bias, bnl_running mean, bnil_running_var,
is_training, 0.0, le-5, true);

X = torch::relu(x);

x = torch::max_pool2d(x, {3, 3}, {2, 2}, {1, 1});

// Process 4 layers with 2 blocks each

for (int i = 1; i <= 4; ++i) {

std::string layer_name = "layer" + std::to_string(i);

for (int j = 0; j < 2; ++j) {
std::string block_name = layer_name + "_" + std::to_string(j);
int64_t stride = (i > 1 && j == 0) ? 2 : 1;
// Retrieve parameters for the block
auto convl_w = get_param(block_name + "_convl_weight");
auto bnl_w = get_param(block_name + " _bni_weight");
auto bnl_b = get_param(block_name + " _bni_bias");
auto bnl_rm = get_param(block_name + " _bnl_running mean");
auto bnl_rv = get_param(block_name + "_bnl_running_var");
auto conv2_w = get_param(block_name + "_conv2_weight");

auto bn2_w = get_param(block_name + " _bn2_weight");

auto bn2_b = get_param(block_name + " _bn2_bias");

auto bn2_rm = get_param(block_name + " _bn2_running_mean");
auto bn2_rv = get_param(block_name + "_bn2_running_var");

// Check if downsample parameters exist
std::string downsample_key = block_name + "_downsample_O_weight";

bool has_downsample = PyMapping_HasKeyString(params_py.ptr (), downsample_key.c_str())

torch::Tensor downsample_conv_w, downsample_bn_w, downsample_bn_b,
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downsample_bn_rm, downsample_bn_rv;

if (has_downsample) {

downsample_conv_w = get_param(block_name + "_downsample_O_weight");
downsample_bn_w = get_param(block_name + " _downsample_1_weight");
downsample_bn_b = get_param(block_name + " _downsample_1_bias");
downsample_bn_rm = get_param(block_name + "_downsample_1_running_mean");
downsample_bn_rv = get_param(block_name + "_downsample_1_running_var");

}

// Apply the basic residual block with fused add+ReLU

x = basic_block_fn(x, convl_w, bnl_w, bnl_b, bnl_rm, bni_rv,
conv2_w, bn2_w, bn2_b, bn2_rm, bn2_rv,
downsample_conv_w, downsample_bn_w, downsample_bn_b,
downsample_bn_rm, downsample_bn_rv, stride, is_training);

}

// Final pooling and fully connected layer

x = torch::adaptive_avg_pool2d(x, {1, 1});
x = x.view({x.size(0), -1});

auto fc_weight = get_param("fc_weight");
auto fc_bias = get_param("fc_bias");

x = torch::linear(x, fc_weight, fc_bias);
return x;

}

PYBIND11_MODULE (TORCH_EXTENSION_NAME, m) {
m.def ("forward", &module_fn, "ResNetl18 forward function with fused residual add and ReLU");

}

Listing 22 | THE Al CUDA ENGINEER Optimized ResNet18 CUDA Kernel of Thought 3.
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