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Scaling Laws: More Compute + Better Algorithms + More Data = More Capabilities
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Why DSL: Research productivity + hardware efficiency

Algorithms HardwareResearch productivity 
-> better model & algo

Hardware efficiency 
-> better scaling 

Bonus: DSL + good abstractions -> easy for LLMs to generate kernels
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Kernels for AI

DSLs
Softmax example
Gemm & Attn perf

AI for Kernels

Data
Eval
Algorithms
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PyTorch

https://pytorch.org/get-started/pytorch-2-x/

https://pytorch.org/get-started/pytorch-2-x/
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Triton: Tile-based GPU kernel programming

https://openai.com/index/triton/

https://openai.com/index/triton/
https://openai.com/index/triton/
https://openai.com/index/triton/
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Cute-DSL: Cutlass C++ embedded in Python

https://www.nvidia.com/en-us/on-demand/session/gtc25-s74639/
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Cute-DSL: Expose all 4 levels of thread / memory hierarchy

Triton only exposes 
thread block & grid
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Other DSLs

Mosaic GPU
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Softmax: Torch compile
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Softmax: Triton (1)

https://github.com/linkedin/Liger-Kernel/blob/main/src/liger_kernel/ops/softmax.py
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Softmax: Triton (2)

https://github.com/linkedin/Liger-Kernel/blob/main/src/liger_kernel/ops/softmax.py

https://github.com/linkedin/Liger-Kernel/blob/main/src/liger_kernel/ops/softmax.py
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Softmax: Cute-DSL async copy
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Softmax: Cute-DSL thread reduction
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Softmax: Cute-DSL warp reduction
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Softmax: Cute-DSL thread block reduction
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Softmax: Cute-DSL cluster reduction
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Softmax: reduction from top to bottom
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Softmax: Perf

https://github.com/Dao-AILab/quack/blob/main/quack/softmax.py

Warp reduction w/o 
block reduction Cluster reduction

https://github.com/Dao-AILab/quack/blob/main/quack/softmax.py
https://github.com/Dao-AILab/quack/blob/main/quack/softmax.py
https://github.com/Dao-AILab/quack/blob/main/quack/softmax.py
https://github.com/Dao-AILab/quack/blob/main/quack/softmax.py
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https://github.com/Dao-AILab/quack/blob/main/quack/softmax.py
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How much perf do we give up by using a DSL vs CUDA C++
for more complicated kernels?
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Gemm on Hopper

https://github.com/NVIDIA/cutlass/blob/main/examples/python/CuTeDSL/hopper/dense_gemm.py
https://github.com/Dao-AILab/quack/blob/main/quack/dense_gemm_sm90.py

Pingpong to overlap epilogue

cuBLAS 13.0

https://github.com/NVIDIA/cutlass/blob/main/examples/python/CuTeDSL/hopper/dense_gemm.py
https://github.com/Dao-AILab/quack/blob/main/quack/dense_gemm_sm90.py
https://github.com/Dao-AILab/quack/blob/main/quack/dense_gemm_sm90.py
https://github.com/Dao-AILab/quack/blob/main/quack/dense_gemm_sm90.py
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Gemm on Hopper

https://pytorch.org/blog/cutlass-ping-pong-gemm-kernel/

https://pytorch.org/blog/cutlass-ping-pong-gemm-kernel/
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Gemm on Blackwell

https://github.com/NVIDIA/cutlass/blob/main/examples/python/CuTeDSL/blackwell/dense_gemm_persistent.py
https://github.com/Dao-AILab/quack/blob/main/quack/dense_gemm_sm100.py

2 acc buffer (pingpong)
to overlap epilogue

cuBLAS 13.0

https://github.com/NVIDIA/cutlass/blob/main/examples/python/CuTeDSL/blackwell/dense_gemm_persistent.py
https://github.com/Dao-AILab/quack/blob/main/quack/dense_gemm_sm100.py
https://github.com/Dao-AILab/quack/blob/main/quack/dense_gemm_sm100.py
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GEMMs are getting easier (hardware make it so).
How about GEMM + X (epilogue, attention)? 
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Gemm + Swiglu on Hopper

7-15% speedup from epilogue fusion for the most commonly used gemm

cuBLAS 13.0
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Example: headdim 128, block size 128 x 128, B200
BF16 UMMA: 8192 FLOPS/cycle -> 512 cycles per GEMM
MUFU.EX2: 16 OPS/cycle -> 1024 cycles

https://github.com/NVIDIA/cutlass/tree/main/examples/77_blackwell_fmha
https://github.com/Dao-AILab/flash-attention/blob/main/flash_attn/cute/flash_fwd_sm100.py

𝑺𝟎
𝑯 = 𝑸𝑯 ⋅ 𝑲𝟎

𝑷𝟎
𝑯 = 𝐬𝐨𝐟𝐭𝐦𝐚𝐱(𝑺𝟎

𝑯)

𝑺𝟎
𝑳 = 𝑸𝑳 ⋅ 𝑲𝟎

𝑶𝑯 = 𝑷𝟎
𝑯 ⋅ 𝑽𝟎 𝑺𝟏

𝑯 = 𝑸𝑯 ⋅ 𝑲𝟏

𝑷𝟎
𝑳 = 𝐬𝐨𝐟𝐭𝐦𝐚𝐱(𝑺𝟎

𝑳) 𝑷𝟏
𝑯 = 𝐬𝐨𝐟𝐭𝐦𝐚𝐱(𝑺𝟏

𝑯) 𝑷𝟏
𝑳 = 𝐬𝐨𝐟𝐭𝐦𝐚𝐱(𝑺𝟏

𝑳)

𝑶𝑳 = 𝑷𝟎
𝑳 ⋅ 𝑽𝟎 𝑺𝟏

𝑳 = 𝑸𝑳 ⋅ 𝑲𝟏

𝑶𝑯 = 𝑷𝟏
𝑯 ⋅ 𝑽𝟏 𝑺𝟐

𝑯 = 𝑸𝑯 ⋅ 𝑲𝟐

512 cycles

1024 cycles

512 cycles

Tensor 
Cores

Tensor 
Cores

MUFU

FlashAttention4 on Blackwell: Pipelining

https://github.com/NVIDIA/cutlass/tree/main/examples/77_blackwell_fmha
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FlashAttention 4 on Blackwell: Key Algorithmic Changes

1. Forward pass: New online softmax algo to skip 90% of output rescaling

2. Forward pass: Software emulation of exponential (MUFU.EX2) to boost 
throughput

3. Backward pass: New design with 2-CTA MMA to reduce atomic add L2 traffic
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FlashAttention 4 on Blackwell

https://github.com/Dao-AILab/flash-attention/blob/main/flash_attn/cute/flash_fwd_sm100.py

cuDNN 9.11.0
CTK 13.0

https://github.com/Dao-AILab/flash-attention/blob/main/flash_attn/cute/flash_fwd_sm100.py
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Trading off effort & perf

https://semianalysis.com/wp-content/uploads/2025/03/Blackwell-Programming-for-the-Masses-With-OpenAI-Triton-Phil-Tillet.pdf

Perf (mem-bound) Perf (compute bound) Onboarding time

Torch compile ~90% ~70-80% hours-days 

Triton ~90% ~80-90% days-weeks

Cute-DSL 100% 100% weeks-months
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Recommendation

1. Try torch compile first: 1 line. Generally great for elementwise / reduction fusion

2. Triton: Good for reduction / mem-bound kernels that require more tricks

3. Cute-DSL: Compute-bound kernels that need Tensor Cores



Outl ine
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Attention Optimization

Prefill
Decode

AI for Kernels

Inference
Long context
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Dataset: pairs of (PyTorch, Triton) programs  

https://huggingface.co/datasets/GPUMODE/pytorch_scrape_inductor_data

1. 18k pairs of (Pytorch, Triton) kernels

2. 2k of Triton kernels from permissive repos

Main challenge: how to get high quality data

https://huggingface.co/datasets/GPUMODE/pytorch_scrape_inductor_data
https://huggingface.co/datasets/GPUMODE/pytorch_scrape_inductor_data
https://huggingface.co/datasets/GPUMODE/pytorch_scrape_inductor_data
https://huggingface.co/datasets/GPUMODE/pytorch_scrape_inductor_data
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Eval: Kernel bench
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Algo: Supervised fine-tuning

https://huggingface.co/facebook/KernelLLM

https://huggingface.co/facebook/KernelLLM
https://huggingface.co/facebook/KernelLLM
https://huggingface.co/facebook/KernelLLM
https://huggingface.co/facebook/KernelLLM
https://huggingface.co/facebook/KernelLLM
https://huggingface.co/facebook/KernelLLM


36

Algo: Reinforcement Learning
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State of automatic LLM-generated kernels

1. Simple elementwise/reduction kernels: correct & fast

2. Medium-difficulty mem-bound kernels: incorrect

3. Advanced mem-bound kernels: incorrect (e.g. cp.async, TMA, pipelining)

4. Compute-bound kernels: incorrect (tensor cores)
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LLMs are (surprisingly) good at algorithmic reasoning 

https://chatgpt.com/share/68ab90b9-fd28-8012-aa20-5990499898a7

https://chatgpt.com/share/68ab90b9-fd28-8012-aa20-5990499898a7
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New abstractions needed

Open problem: what’s a good abstraction for LLMs to write kernels?
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Ingredients we need to train LLMs to write kernels

Expert-level data Tool use Abstractions
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