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Optimization Strategies Evolve, Slow Forward Progress

FLASHATTENTION-2:
Faster Attention with Better Parallelism and Work Partitioning

July 18, 2023

~1 year

FlashAttention-3:
Fast and Accurate Attention with Asynchrony and Low-precision

July 16, 2024
~1 year
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Previously

Libraries

(CuDNN, CuBlas)

Cuda C

DSLs

(Triton)

C header

(CUTLASS)

Triton IR

NVCC Compiler

PTX

SASS

Are all the layers necessary?

4 <ANVIDIA I



Objective:Improve GPU Programmingith Agentic Flow

Many CUDA librarieeccuDNN cuBLASccl,
CUTLASSUTeetc) are highly layered, not organized

for easy LLM consumption.

The abstraction stack makes it hard for LLMs and even

Libraries

(CuDNN, CuBlas)

Cuda C DSLs
(Triton)
C header -
(CUTLASS) Triton IR

experienced kernel developers to reason about-end

to-end behavior.

The real performance questions live acr@d4DA C++,

PTXand the generated machine code.

NVCC Compiler (nwvm/LLVMIR)

PTX

SASS
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Challengestmprove CUDA coding with Al

Recent models can reliably prodwdenost correct

But are the generated CUDA C++ code performant?

(i.ewith productionlevel efficiency)

KernelBlaster

Challenges:
CUDA software and hardware changes frequently: NVCC Compiler awvm/ivmir)
Changes in CUDA API dwd archaffect freshness PTX
Domain-specific Knowledgeparallel programming, SASS

generate architecturespecific kernel variants

Are all the layers necessary?
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KernelBlaster
Memory-Augmented |IRContext Reinforcement Learning




Related Work

LLM-driven Code
Optimization
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Key Contributions

An InContext Reinforcement Learning (ICRL) Framework for CUDA Optimizations:

Formulate CUDA code optimization problem as a reinforcement learning problentexitial gradient updates
capturing rich semantic information from profile data and enabling inferetimoe learning.

A compact, reusable CUDA Optimization Skill:

Aggregate experience from past optimization attempts intrmwledgeBasdata structure, enabling efficient
traversal of optimization candidates compared to prior static solutions. A hierarchical representation that categorizes
code instances into performance states, resulting in a scalable structure that efficiently utilizes model context.

A Framework for Longerm Crosdask Learning:

The system simultaneously generates optimized kernels while aggregating knowledge across problems, producing a
reusable artifact that enables faster convergence on new problems and GPU hardware platforms. Can be specialized
for distinct application domains and specific GPU architect(gas, NVIDIA Ampere vs. Hoppenabling effective

transfer to unseen tasks.

Rewardguided Discovery of Nev@ptimizations
Rewardguided ICRL approach goes beyond simply selecting the best existing implementations:
Innovatingnew optimization techniques

Discoveringnovel sequences of techniques
Rewardguidedsearch learning from lorgerm memory
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Skill
How to Constructthe Skill?

How to Usethe Skill?
How to Updatethe Skill?
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Memory Limited
States

the Skill

Knowledga
Base

Compute Bound
States

Mixed/Hybrid
States

State 1: Memory

State 2: Memory

State 3: Memory

State 1: Compute

State 1. Memory Complllte

Latency Bound Bandwidth Bound Bank Conflicts Throughput Bound Imbalanced
Opt 1: 1.2x Opt 1: 0.7x Opt 1: 2.3x Opt 1: 0.3x Opt 1: 1.4x
Opt 2: 0.6x Opt 2: 1.3x Opt 2: 1.1x Opt 2: 2.1x Opt 2: 2.2x
é é é
Opt ki 0.8x Opt ki 1.2x Opt k: 0.3x Opt ki 1.1x Opt ki 0.8x
Opt k+l: ? x Opt k+1l: ? x Opt k+l: ? X Opt k+1l. ? x Opt k+1l:. ? x

K-V Pair Iatries: <state, optimization, score>
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Updatethe Skill
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Y SNY St .lrinér and SuNaRZoop

Details in Paper
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SpeedupAchieved byKernelBlaster




Evaluation Setup

Metric

wKernel Performance Metric:
wfasty(r) score
w System Metric:
wConvergence Rate:
Time per iteration and number of iterations at inference time
wSample efficiency
wCost savings 0API usage cost (hnum of token)

Benchmark

" wTensorbased datasets (DNN): A

wKernelBench
w SOLExecBench

wCudaKernel3k CUDA C problems from op@ource repos
KernelBookTransformerscrawland CudaQuestionBank

wNon-Tensorbased datasets (scientific computirgjc)
wParEval
wCompute Eval
wCUDA samples
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https://gitlab-master.nvidia.com/atlas/cudabench/-/blob/main/prompts.jsonl?ref_type=heads
https://gitlab-master.nvidia.com/atlas/cudabench/-/blob/main/prompts.jsonl?ref_type=heads
https://github.com/NVIDIA/SOL-ExecBench
https://github.com/NVIDIA/SOL-ExecBench
https://github.com/NVIDIA/SOL-ExecBench
https://github.com/NVIDIA/SOL-ExecBench
https://gitlab-master.nvidia.com/atlas/cudabench/-/blob/main/prompts.jsonl?ref_type=heads
https://gitlab-master.nvidia.com/atlas/cudabench/-/blob/main/prompts.jsonl?ref_type=heads
https://huggingface.co/datasets/GPUMODE/KernelBook
https://gitlab-master.nvidia.com/atlas/datasets/transformers-crawl
https://gitlab-master.nvidia.com/atlas/datasets/transformers-crawl
https://gitlab-master.nvidia.com/atlas/datasets/transformers-crawl
https://gitlab-master.nvidia.com/atlas/datasets/cudaquestionbank
https://github.com/parallelcodefoundry/ParEval/tree/develop/drivers/cpp/benchmarks
https://github.com/parallelcodefoundry/ParEval/tree/develop/drivers/cpp/benchmarks
https://github.com/NVIDIA/compute-eval/tree/main/data
https://github.com/NVIDIA/compute-eval/tree/main/data
https://github.com/NVIDIA/cuda-samples/tree/master/Samples
https://github.com/NVIDIA/cuda-samples/tree/master/Samples

Evaluation Setup

System Agent’s Models Hardware Setup Dataset Hyperparameter Test Harness

Ours GPT-4.1 and NVIDIA A6000, KernelBench 10 iterations, 10 rollout steps per Functionality Check: Passing kernels are compiled

(CUDAPILOT) GPT-5.0. A100, H100, L40S Level 1-2 iteration and executed on GPUs; their outputs are compared

GPUs. Subset of to PyTorch baselines with multiple randomized
Level 3 seeds to ensure correctness and prevent overfitting.

AI CUDA O4-mini, Claude 3.7  NVIDIA H100 KernelBench 10 generations; 10 proposals LLM Soft-Verification: The LLM scans each

Engineer Sonnet, Gemini 2.5 GPUs. Level 1-2 sampled per generation; top 4 kernel for likely compilation, memory, or numerical
Pro, GPT-4.1, and evaluated. errors, filtering out bad code before GPU execution.
03.

ML Compiler N/A. NVIDIA A100 and KernelBench -03 optimization level with Kernels are profiled via NCU by wrapping the

(IREE) A6000 GPUs. Level 1-2 LLVMGPU passes iree-run-module command, executing VMFB

modules with randomized inputs to capture
execution traces and performance metrics.

19 NVIDIA



% of kernels with speedup = r

100

401

201

Evaluation on H100
Our vs Al CUDA Engineer

Level 1

Level 2 250

1.03

I Al CUDA Engineer

H100 Level 1

1.43

——— Al CUDA Engineer (Sakana)

— QOurs %
= Qurs (w/ cuDNN)

5 10 15
r (x speedup over PyTorch)

20

100

Ours %

1.89

B Ours (w/ cuDNN)

H100 Level 2

80 1

——— Al CUDA Engineer (Sakana)
— QOurs x
= Qurs (w/ cuDNN)

5 10 15 20 25
r (x speedup over PyTorch)
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% kernels = r

100

Evaluation on Different Arch of GPUSs

80 -

60 -

levell level2
—— A6000 levell —— A6000 level2
H100 levell H100 level2
—— L40S levell —— L40S level2

—

10°

10! 100
r (X faster)

Tor 1
r (X faster)
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Ablation Study




Terminology: Search Length & Width

Trajectory Length

1 Q Q
Search Width =< .
~OX@-©O

TuningHyperparameters
A Breadth vs. Depth
A Convergence/Termination heuristics
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Impact of Search Width & Length

Speedup over Baseline (log scale)

Performance Improvement Across Num Trajectories (All GPUs)

6x 10°

4x10°

3x10°

2x10°

100 4

m— AG000
= H100
= L40S

Iteration Threshold

Perfowlnance Distribution Across Trajectory Lengths (Continuous Percentile Bands)

5-95 percentile
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o
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1
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o
o
1

Speedup over Baseline (log scale
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Change in Pevl.r.t Trajectory Length
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Learning Rate Various with Skill Complexity

Optimization Exploration Comparison
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6000
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Empty Initial
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Takeaway From CUDA Knowledgebase



Distribution of Optimization Usage

Distribution of Individual Optimization Applications
Grouped by State (Total: 1,589 applications)

Other small opts

grid size opt | vectorized processing

\ kernel fusion .
cache blocking algorithms
algorithmic ¢changes

workload restructuring
register blocking

prefetching strategies

warp level primitives
predicated execution

work per thread increase

thread coarsening
work distribution opt

persistent kernel pattern memory compute overlap

cooperative groups

adaptive tiling

algorithmic register r...
variable scoping opt

— launch bounds tuning

State Groups
Insufficient Parallelism (5 opts)
Hybrid Bound (3 opts)
Compute Throughput Saturated (5 opts)
Memory Bandwidth Saturated (5 opts)
Low Occupancy Shared Memory (3 opts)
Low Occupancy Register Pressure (5 opts)
Memory Compute Balanced (3 opts)
Thread Divergence High (4 opts)
Memory Latency Bound (4 opts)
Latency Memory Bound (2 opts)
High Level Inefficiency (1 opts)
Cache Inefficient (4 opts)
Api Overhead Dominant (3 opts)
Instruction Mix Suboptimal (1 opts)
Memory Bank Conflicts (2 opts)
Unknown (1 opts)

SIMD operations register pressu

shared memory «

block size adaptation
algorithmic opt

adaptive block sizing
vectorized memory access

instruction level para... memory coalescing opt

/

specialied ingtructio.. shared memory tiling
Vectonzea'Dperationstensor core utilization

Used for training SFT on open model + Use Nemo RL for GRPO 7 @



Geometric Mean of Positive Speedups

What optimizations bring the most speedup?

. Geometric Mean of Improvements Only (Speedups > 1.0)

Api Overhead Dominant
Cache Inefficient
Compute Throughput Saturated
High Level Inefficiency
Hybrid Bound
Instruction Mix Suboptimal
Insufficient Parallelism
Latency Memory Bound
Low Occupancy Register Pressure
™ Low Occupancy Shared Memory
Memory Bandwidth Saturated
Memory Bank Conflicts

rﬂj‘ Memory Compute Balanced
o ' Memory Latency Bound
[ Thread Divergence High
N Unknown
=== No Improvement
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Successful Optimization Applications
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Question & Critique




Impact of the longterm memory

Critigue
The compact 50KB Skill stores learned optimizations, but there's no evaluatofdetart performanceon
entirely new kernel types.

20.0 1

Coldstart performance: 17.5
we isolate the effect of KB by comparing 150 -
against ano_mem_agenthat has access to
full Nsight profiling but operates with an
empty Skill and no stateonditioned reuse.

M Ours
mam Simplified Agent

=
N
w

Speedup over PyTorch
—
o
o

7.5 1
Theno_mem_agentinderperforms our full
system, achieving 1.&&lower results and
2.4x more tokens

2.5 1

0.0 -

Causes:
1.Without access to a Skill and a guided reasoning process, the agent must devote more tokens up front to
reason about optimizations.

2.The minimal agent requires more retrieval steps for correctness, achieving only pe3t&dmance
improvement per token. Furthermo@|UDAPiloachieves better performance in 71% of cases compared to
the simplified agent
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Adaptivity

Critique
The compact 50KB Skill stores learned optimizations, but there's no evaluation stax!d
performance orentirely new kernetypes.

Level 3 is entirely new kernel types aRernelBlasteget 1.5« on KernelBench.evels 3

KernelBlasteapplies the KB discovered at Level 1 and Level 2 to Level 3. In particular,
the agent performs croslayer fusion to reduce kernel launch overhead, improves
memory locality by reusing activations across consecutive linear layers, and applies
algebraic and structural simplifications that reduce redundant memory traffic. Beyond
crosslayer fusion, algebraic simplification, and memory locality, these optimizations are
learned in Level 1 and Level 2 and transferred to Level 3 kernels.

For example: From Level 2 problems, KB learned optimizing-fagedsubblocks.

this improve the endo-end model performance
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Evaluation Fairness
Our vs Compiler

While token consumption is reported, therai® cost comparison against baselinésmakes it unclear whether 10
iterations of LLMdriven optimization is economically competitive withe-time compiler tuningor manual expert

effort? _
Fast_pis a performance metria/rt cost
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