Programming Techniques for
Optimizing ML on GPUs

Zhihao Jia

Computer Science Department
Carnegie Mellon University

8/23/2025 CataIySt https://catalyst.cs.cmu.edu/



What are the fundamental driving forces
behind the success of ML?
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Scaling Law in ML
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ML Hardware is Massively Parallel, Highly Heterogeneous

High Performance Network
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Cores

100s streaming % 128 CUDAcores = 10M-1B CUDA cores
multiprocessors 4 tensor cores —  400K-40M tensor cores
(SMs)

1K-100K GPUs X



ML Hardware is Quickly Evolving

Shared Memory

Tensor CUDA
Cores Cores

NVIDIA A100 GPU (2020)
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Distributed Memory Shared Memory
Processing Cluster - Tensor CUDA
Cores Cores

NVIDIA H100 GPU (2022)




New hardware layer to Specialized accelerator

manage parallelism for memory access

Tensor Memory
Accelerator




CMU Automated Learning Systems Lab
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Key Challenges for Optimizing ML on GPUs

@ Billions of compute units on How can we find the best way to
Massively modern ML hardware parallelize ML computation?
Parallel
‘: CUDA cores, tensor cores, How can we handle different
_ tensor memory accelerators, accelerator types and complex
Increasingly |, ,cessing clusters, and more memory hierarchy?
Heterogeneous

@ New generation every 2-3 years; How can we deal with the rapid
but building high-quality systems evolution of ML hardware?

Rap'qu & compilers takes much longer
Evolving



Two Key Techniques for ML Training/Inference

Parallelization: optimize inter-device performance

Kernel Fusion: optimize intra-device performance
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Two Key Techniques for ML Training/Inference

Parallelization: optimize inter-device performance

™~

Many ways to parallelize ML across devices <

~ « Data Parallelism
* Model Parallelism
* Pipeline Parallelism
* Sequence Parallelism
 Attribute Parallelism
* Reduction Parallelism
« Expert Parallelism

\. - mon
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Data Parallelism

e

Vi Mode! Gradients

Data

_—||_| Parallelism

Aggregation

1. Partition dataset into batches 2. Forward/backward of each 3. Aggregate gradients

batch on a GPU across GPUs .



Data Parallelism for Transformer
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Model Parallelism

» Split a model into multiple subgraphs and assign them to different devices

|
i
S ‘

ML Model Model | Transfer
{ ~intermediate
Parallelism results
| between
devices

Dataset
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Pipeline Model Parallelism for Transformer




Tensor Model Parallelism for Transformer
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Important to Combine Different Parallelization Strategies

m Model Parallel ®m Model + Data Parallel
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Scale to 512 GPUs by combining data and model parallelism

Megatron-LM: Training Multi-Billion Parameter Language Models Using Model Parallelism. 17



3D Parallelism for LLM Training

Pipeline Model Parallelism
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Best Way to Parallelize ML Training/Inference?

‘we'se  Model S

4

.. N
9

Parallelization « 0
Strategy .

- Hard to manually design
- Suboptimal performance
- Limited portability

« Data Parallelism

* Tensor Parallelism

* Pipeline Parallelism

» Sequence Parallelism
 Attribute Parallelism

* Reduction Parallelism
* Expert Parallelism

Parallelization|
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FlexFlow: Automatically Optimizing DNN Parallelization

Computation Graph Hardware Topology

Cor)cat

J

A= Candidate

— Parallel Strategy
4 Execution

Simulator

Search
Engine

Simulated
Performance  (Cost Model)

l =| Best Found Parallel Strategy

Distributed Runtime (Legion/Realm)
W,

1. FlexLLM: Token-Level Co-Serving of LLM Inference and Fine-Tuning with SLO Guarantees. NSDI'26

2. GraphPipe: Improving Performance and Scalability of DNN Training with Graph Pipeline Parallelism. ASPLOS’25

3. TopoOpt: Optimizing the Network Topology for Distributed DNN Training. NSDI'23

4. Unity: Accelerating DNN Training Through Joint Optimization of Algebraic Transformations and Parallelization. OSDI'22
5 Bevond Data and Model Parallelism for Deep Neural Networks. MLSvs’ 19

FlexFlow

Better Performance

Up to 10x faster than
manually designed strategies

Fast Deployment

Minutes of automated search to
discover performant strategies

No Manual Effort

Automatically find strategies for new
models or hardware platforms
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N Meta

Train Large-Scale Recommendation Models in Production

4-Data Parallelism Model Parallelism -©-FlexFlow
200000

180000
160000
140000
120000

100000

Training Throughput

(#samples / second)

l¢— 10x speedup —Ppj

20000

—__I- =

1 2 6 12 24 48 96

Number of GPUs

21

1. Software-Hardware Co-design for Fast and Scalable Training of Deep Leaming Recommendation Models. ISCA'22



perspecta

Reduce Al4Science Model Training from Days to Hours
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—&— TensorFlow
—— FlexFlow

w
o
1

N
o

FlexFlow scales to 768
GPUs and|reduces
training time by 15x

Per-Epoch Training Time (hours)

1.5 1.2
1]
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1. Unity: Accelerating DNN Training Through Joint Optimization of Algebraic Transformations and Parallelization. OSDI'22 22




FlexFlow: Joint Research Effort Across Institutes

https://flexflow.ai

FlexFlow

Automatically Discovering Fast Parallelization Strategies for
Distributed Deep Neural Network Training

Roc
. 4 . 4 4

https://flexflow.ai

Latest release r20.08

& Install now

Performance Autotuning Keras Support

FlexFlow accelerates DNN training by automatically FlexFlow provides a drop-in replacement for
discovering fast parallelization strategies for a TensorFlow Keras and requires only a few lines of
specific parallel machine. changes to existing Keras programs.

Learn more Learn more

Large-Scale GNNs

FlexFlow enables fast graph neural network
training and inference on large-scale graphs by
exploring attribute parallelism.

Learn more

ﬁ%ﬁ%‘;{%‘e @ 1 A o m Metq fj%ﬁlgmgg IIIII ’ perspecta @ catalyst

Jl-l'\\o
UnlverSIty NVIDIA. LABORATORY

— EST.1943 ——
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Two Key Techniques for ML Training/Inference

Kernel Fusion: optimize intra-device performance

24



What is a Kernel?

Programming
Abstraction

Hardware
Architecture

Thread block O

GPU Kernel

Thread block 1

Thread block N

Tensor Memory Accel.

Shared Memory

Tensor Memory Accel.

Shared Memory
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Tensor Memory Accel.

Shared Memory
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Existing Kernel-Per-Layer Approach

GPU

Model Architecture

MatMul
Kernel

Attention g

ML Systems

Attention

Kernel

AllIReduce
Kernel

MatMul
Kernel

-
-
-

-
-

-

@triton.jit
def matmul_kernel(

a_ptr, b_ptr, c_ptr,

M, N, K,

stride_am, stride_ak, #

stride_bk, stride_bn, #

stride_cm, stride_cn,

BLOCK_SIZE_M: tl.constexpr, BLOCK_SIZE_N: tl.constexpr, BLOCK_SIZE_K: tl.con
GROUP_SIZE_M: tl.constexpr, #

ACTIVATION: tl.constexpr #

""Kernel for computing the matmul C = A x B.

A has shape (M, K), B has shape (K, N) and C has shape (M, N)
pid = tl.program_id(axis=@)

num_pid_m = tl.cdiv(M, BLOCK_SIZE_M)

num_pid_n = tl.cdiv(N, BLOCK_SIZE_N)

num_pid_in_group = GROUP_SIZE_M * num_pid_n

group_id = pid // num_pid_in_group

first_pid_m = group_id * GROUP_SIZE_M

group_size_m = min(num_pid_m - first_pid_m, GROUP_SIZE_M)
pid_m = first_pid_m + ((pid % num_pid_in_group) % group_size_m)
pid_n = (pid % num_pid_in_group) // group_size_m

offs_am = (pid_m % BLOCK_SIZE_M + tl.arange(@, BLOCK_SIZE_M)) % M

offs_bn = (pid_n * BLOCK_SIZE_N + tl.arange(®, BLOCK_SIZE_N)) % N

offs_k = tl.arange(®, BLOCK_SIZE_K)

a_ptrs = a_ptr + (offs_am[:, Nonel % stride_am + offs_k[None, :] * stride_ak)
b_ptrs = b_ptr + (offs_k[:, None] * stride_bk + offs_bn[None, :] % stride_bn)

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

for k in range(@, tl.cdiv(K, BLOCK_SIZE_K)):
a = tl.load(a_ptrs, mask=offs_k[None, :] < K - k % BLOCK_SIZE_K, other=0.0)
b = tl.load(b_ptrs, mask=offs_k[:, None] < K - k % BLOCK_SIZE_K, other=0.0)
accumulator = tl.dot(a, b, accumulator)
a_ptrs += BLOCK_SIZE_K x stride_ak
b_ptrs += BLOCK_SIZE_K * stride_bk

if ACTIVATION == "leaky_relu":
accumulator = leaky_relu(accumulator)

c = accumulator.to(tl.float16)

offs_cm = pid_m * BLOCK_SIZE_M + tl.arange(@, BLOCK_SIZE_M)

offs_cn = pid_n * BLOCK_SIZE_N + tl.arange(@, BLOCK_SIZE_N)

c_ptrs = c_ptr + stride_cm * offs_cm[:, Nonel + stride_cn * offs_cn[None, :1
c_mask = (offs_cm[:, None] < M) & (offs_cn[None, :] < N)

tl.store(c_ptrs, ¢, mask=c_mask)

26



Existing Kernel-Per-Layer Approach
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Limitations of Kernels

Attention Reduce MatMul AllReduce
Kernel Kernel Kernel Kernel
Attention MatMul | MatMul B AllReduce
Attention MatMul | MatMul @4 AllIReduce

Attention MatMul AlIReducejAllReduce
Attention MatMul AlIReducejAllReduce
\ J

Y
Each LLM forward pass launches 100s-1000s kernels

No Inter-Layer Pipelining
Kernel barriers prevent software
pipelining across kernels

No Overlapping
Coarse-grained dependency
prevents comp. & comm. overlap

Limited Dynamism
Rely on CUDA graphs to reduce
kernel launch overhead
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Kernel Fusion

Fuse multiple kernels into one

* Reduce kernel launch overhead
* Pipelining across layers

* Reduce device memory access

RMSNorm MatMul

Kernel

Kernel

G

MG
Vi = 1 Z; = z Wik Yk
NZJ' sz k

X
G

RMSNorm + MatMul

Kernel

B 2k Wik Xic Gk

Zj
/1 2
N2 %
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Can We Fuse Everything in a Single Kernel?

A LLM forward pass launches 100s-1000s kernels

A
( \

Attention : : MatMul ¥ AlReduce
Kernel | | Kernel | Kernel

| | |
| | |
| | |

Attention I | MatMul [ MatMul @ AllReduce
| |
| |
| |
| |

Attention

 Matul
] AiiReduce § AliReduce

I
I | AllIReduce @ AllIReduce

v No kernel barriers
v Operator reordering

Mega-Kernel

/ "
Attention MatMul | AllReduce | MatMul | AllIReduce Load balancmg
Attention MatMul § AllReduce
Attention MatMul § AllReduce
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Advantages of Mega-Kernel

Attention MatMul AlIReduce
Kernel Kernel Kernel Kernel | t L P | i
niter-Layer ripelining
ASEET MatMulf MatMul All layers are fused in the same
Attention MatMul | MatMul mega-kernel

.
Overlapping Comp/Comm

‘ Fine-grained dependency +

operator reordering
Mega-Kernel

Dynamic Workloads
No need for CUDA graphs +
load balancing
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Key Challenges

1. How to manage dependency?
—

No kernel barriers in mega-kernel

2. How to handle dynamism?
—

Continuous batching, prefill/decode,
paged/radix attention, speculative decoding

3. How to optimize performance?

—
Existing compilers target individual kernels

* Mirage: A Multi-Level Superoptimizer for Tensor Programs. OSDI’25.

Task Graph

In-Kernel
Parallel Runtime

Mirage Superoptimizer®
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Mirage Persistent Kernel:
Compiling LLM Serving into a Mega-Kernel

A
o B 2B

* Low engineering effort: a few dozen lines of Python code to mega-
kernelize an LLM

« Better performance: outperform existing systems by 1.2-6.7x
» Day-0 support for new models: do not rely on manual implementation

Highly Optimized

Mega-Kernel

33



MPK Overview

Serving config (batching, paging
speculative decoding, etc)

i}

Task graph

User requests

34



Task Graph

—(= & Interleave tasks and events
B task: '
- task: a unit of workload on one SM
BACa AR o
P} - event: synchronization among tasks
OB . task—event: notify event once task is done

-0l event—task: launch task once event is triggered

-6

Be o AR |
BaEa AR
BaLEa AR
eﬂ - Comm. Task on an SM
% —>G—>m - Compute Task onan SM  ——+ Task Launch
Event between tasks ——+ Event Notification
o ® .




Task Graph vs. CUDA Graph

Task graph is a “lower-level” CUDA graph

« Capture sub-kernel dependency

 Static, immmutable

» Constructed once and replayed many times

CUDA Graph: nodes are kernels on GPUs

Task Graph: nodes are tasks on SMs

Ll Pl P B P P P P=
A|AD|AO |00 0|00
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The MPK Compiler

» Optimize layer-to-task decomposition based on available SMs
» Add synchronization events to capture precise task dependencies
» Generate high-performance CUDA implementation for each task

» MPK »
Compiler

A P P P P P P P=
A|AD|AO0|0| 00|00
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MPK Overview

Serving config (batching, paging,
speculative decoding, etc)

-,

Task graph

T

Requests
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The MPK Runtime

Each scheduler runs on one warp Each worker runs on one SM

PCI Express 5.0 Host Interface

GigaThread Engine with MIG Control

Memory Controller
Iajjonuo) Aloway

Memory Controller
19]jo11u0) Aoway

Memory Controller
J2jjonuo) Aloway

Memory Controller
13jjonuo) Alowaly

Memory Controller
J3jjouo) Kiowapw

Memory Controller
J2jjonuo) Alowa

SECES

High-Speed Hub
h 23 o h 3
NVLink NVLink NVLink NVLink NVLink NVLink NVLink NVLink NVLink NVLink NVLink NVLink NVLink NVLink NVLink NVLink NVLink




Task-Based Parallel Runtime

@ Task queue
Worker O
- Task queue
Worker N
Repeatedly

1. Fetch a task from its queue
2. Execute the task
3. Trigger the completion event

@ Event queue
Scheduler 0
@ Event queue
Scheduler M
Repeatedly

1. Dequeue fully triggered event

2. Launch all tasks depending on
the event
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Event-Driven Execution

Scheduler
on a warp

Scheduler
on a warp

Worker on
an SM

Worker on
an SM

Worker on
an SM

Worker on
an SM
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Event-Driven Execution

Scheduler
on a warp

Scheduler
on a warp

Worker on
an SM

Worker on
an SM

Worker on
an SM

Worker on
an SM

Attention

Attention

Attention
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Event-Driven Execution

Scheduler
on a warp

Scheduler
on a warp

Worker on
an SM

Worker on
an SM

Worker on
an SM

Worker on
an SM

£

Attention

Attention

Attention

43



Event-Driven Execution

Scheduler
on a warp

Scheduler
on a warp

Worker on
an SM

Worker on
an SM

Worker on
an SM

Worker on
an SM

Attention 4

Attention

Attention
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Event-Driven Execution

Scheduler
on a warp

Scheduler
on a warp

Worker on
an SM

Worker on
an SM

Worker on
an SM

Worker on
an SM

Attention 4

Attention

Attention

MatMul

MatMul
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Event-Driven Execution

Scheduler
on a warp

Scheduler
on a warp

Worker on
an SM

Worker on
an SM

Worker on
an SM

Worker on
an SM

o
Attentions MatMujl
\ |
Attention 4 Mgt‘l’/lul
Attention
Attention

MatMul
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Event-Driven Execution

Scheduler > 1
. LLLLT ) on a Warp Ev E,
Scheduler
on a warp B &
.- Worker on |
E an SM Attention | MatMuI \ AllIReduce AllIReduce
..  Workeron l
E an SM Attention & MatMuI AllIReduce
-+~ Workeron
E an SM Attention MatMul > MatMul
-—-  Worker on _
E an SM Attention MatMul MatMul
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Pushing LLM Inference Latency Towards HW Limits

* Reducing Qwen3-8B per-token latency from 14.5ms to 12.5ms
« Approaching theoretical bound of 10ms

Qwen3-8B (BF16); single-batch; A100 GPUs

PyTorch VLLM SGLang MPK
200

150

100

Decoding iterations / second
19)]
o

1 GPU 2 GPUs 4 GPUs
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MPK: Compiling LLMs into a Mega-Kernel

LLM

https://github.com/mirage-project/mirage/ ©uvmaten 22 -

-
, J

% Fork 108 Starred 1.7k

1. A Compiling LLMs into a MegaKernel: A path to low-latency inference (zhihaojia.medium.com)

134 points by matt_d 4 hours ago | hide | 30 comments

12 points by dahrkael 1 hour ago | hide | discuss

ELLON
& S v
UNIVERSITY of

2. A Literate programming tool for any language (github.com/zyedidia)

24 points by LorenDB 1 hour ago | hide | 8 comments
3. AShow HN: I wrote a new BitTorrent tracker in Elixir (github.com/dahrkael)

NVIDIA WASHINGTON

SO\

Ll
A NIVER S
& Sy
/)

/LLM

o v catalyst
PRRYE together.ai

UNIVERSITY

.,
''''''
-----
.........
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Backup Slides
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Open Questions

E

MPK

Compiler

How to decompose layers into tasks?

Currently rely on heuristics + profiling-based tuning

Optimized for A100, H100, B200

Users want portability across diverse GPUs
Need more automated methods
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Open Questions

A
é ‘ MPK
Compiler
LLM

How to schedule tasks across workers?

o o
("% Round-Robin — Dynamic Scheduling
<« HE N
no adapt to runtime load
synchronization with
workers

X coordination
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