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Introduction

Project Overview
● Comparing Triton and CUDA
● Implementing Conv2D

Key Questions:
● How does Triton achieve CUDA performance
● What are differences in implementation and 

optimization



Methodology
Compare performance of similar algorithms in Triton 
and CUDA, Convolutional Neural Network (ConvNN) 
in particular.

● Implement ConvNN in both CUDA and Triton.
● Benchmark performance.
● Analyze generated PTX to understand optimization 

differences.
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Triton Motivation

● Cuda is hard to write
○ Memory management
○ Thread level parallelism

● Triton does this for you

● Single-threaded “tile” level 
programming



Triton

● Language system built 
around Triton-IR

● Tile-Level analysis
● Auto-Tuning

● Python -> Triton-IR -> PTX



Triton Jit
The goal of Triton-JIT is to simplify and 
compile Triton-IR programs
● hierarchical tiling
● memory coalescing,
● Shared memory allocation
● shared memory synchronization



Memory Coalescing

● Triton-IR programs are 
single-threaded and auto parallelized

● Compiler Back-end orders threads 
internally within micro-tile



Shared Memory optimizations

● For tile level ops with high AI. eg. dot.
● When/where should a tile be stashed 

in this space?
● Linear-time storage allocation
● Mem synch by inserting barriers, 

preventing RAW/WAR hazards



Pythonic / Torch-like vector operations
● Higher-level language compared to 

CUDA
● Low-level semantics such as memory 

management, coalescing, 
synchronization hidden from user



2D Convolution Explained
● Kernel Size: The dimensions of the 

kernel (e.g., 3×3, 5×5).
● Stride: The step size for moving the 

kernel.
● Padding: Adding extra rows/columns 

to the input to control output size.
● Output Dimensions: Depend on the 

input size, kernel size, stride, and 
padding.



CUDA benchmark



cuDNN benchmark
● Descriptors: Define the shape, layout, 

and data type of tensors (input, output, 
kernel) and convolution parameters (e.g., 
stride, padding).

● Workspace: Temporary GPU memory 
used for intermediate results, enabling 
faster execution of advanced 
convolution algorithms.

● Convolution Algorithm: cuDNN selects 
the fastest algorithm (e.g., GEMM, FFT, 
Winograd) based on the descriptors and 
hardware.

● Memory Management: GPU memory is 
allocated for tensors and workspace, 
with data copied between CPU and GPU 
as needed.



Triton (Python) benchmark

Single-Threaded “tiles”
Concise ~20 LOC



CUDA PTX

● Very simple 
translation to PTX

● Lots of 
jumps/branches

● Works on 1 value at 
a time



Triton PTX
● Heavy use of 

predication
● Operates on up to 8 

values per thread
● 128 cooperative 

threads (16 warps) per 
cluster (tile/block)
○ High coalescing (8 

fully saturated 
cache line requests)



Experimental Setup

● GPU: All code was run locally on a laptop NVIDIA RTX 4060
● CPU: Intel Xeon (host processor for data preparation and non-GPU operations)
● Triton packages were downloaded using WSL
● Python 3.12.3

○ Dependencies: Triton, PyTorch
● C++ with CUDA extensions

○ GPU Libraries: CUDA toolkit, cuDNN
○ Compiler: nvcc, Clang

● Benchmarks: Triton @triton.testing.perf_report framework was used for performance 
benchmarking and comparison with PyTorch's native implementations.



Runtime of Algorithms
The graph shows that cuDNN and torch is the 
fastest due to its highly optimized 
implementation. Shared Memory (Strategy 1) 
outperforms Global Memory and Shared 
Memory (Strategy 2), showcasing efficient 
memory usage. Triton achieves similar 
performance to Strategy . Overall, cuDNN 
dominates, while Shared Memory (1) and 
Triton offer competitive alternatives.

Note that this graph was edited such that the 
timing data was only for the kernel launch so 
different implementations are now directly 
comparable.



Runtime of Algorithms

Obviously, the CPU performs way worse.



(Our) Triton vs Torch



Optimising CUDA code
3 versions were implemented
1. Global Memory (Coalesced Access):
Direct implementation using only global memory, optimized for coalesced memory access.
2. Shared Memory (Strategy 1):
The shared memory tile matches the output tile size.
Multiple steps are used to load input tiles into shared memory.
3. Shared Memory (Strategy 2):
The shared memory tile size matches the input tile size, leading to some idle threads during 
computation.
Input tiles are loaded into shared memory in a single step.
4. cuDNN Convolution:
NVIDIA’s optimized cuDNN library implementation for convolution.



CUDA Shared Memory

● Strategy 1: Focuses on output 
tiles; multiple steps load input tiles, 
optimizing output writes but 
increasing input memory accesses.

● Strategy 2: Focuses on input tiles; 
loads the entire input tile in one 
step, but some threads may remain 
idle during output computation.

● Strategy 3: Balances shared 
memory usage; only loads the 
core of input tiles while accessing 
halo (boundary) cells directly from 
global memory.



CUDA Shared Memory
Strategy 1: Block Size Matches Output Tile Size
● Tile Size and Memory Layout:

○ The shared memory tile is sized larger than the block output 
tile by the mask size for halo regions.

○ Threads load data into shared memory in two steps because 
the shared memory area exceeds the block size.

● Execution:
○ Each thread loads at most two elements from global memory 

into shared memory.
○ The convolution is computed after all threads synchronize 

(__syncthreads()).
● Advantages:

○ Allows a compact mapping of threads to output elements.
○ Each thread is responsible for a single output, ensuring a 

balanced workload.
● Disadvantages:

○ Requires two load steps from global memory, adding 
complexity and potential inefficiency.

○ More shared memory usage compared to simpler strategies.



CUDA Shared Memory v2
Strategy 2: Block Size Matches Input Tile Size
● Tile Size and Memory Layout:

○ The block size matches the entire shared memory input tile, 
including halo regions.

○ Threads load data from global memory to shared memory in a single 
step.

● Execution:
○ Threads calculate outputs within the central region of the shared 

memory tile (TILE_WIDTH × TILE_WIDTH).
○ Threads at the borders are "turned off" during output calculation to 

avoid invalid writes.
● Advantages:

○ Simpler memory loading: shared memory is populated in one step.
○ Avoids redundant data movement compared to Strategy 1.

● Disadvantages:
○ Some threads remain idle during computation, leading to 

underutilization.
○ Thread-block size is larger, potentially leading to fewer concurrent 

blocks on the GPU.



Comparing CUDA Implementations
● GPU - Shared Memory refers to 

Strategy 1
● GPU - Shared Memory v2 refers to 

Strategy 2

As expected, cuDNN has the lowest runtime 
due to its highly optimized implementation 
tailored for Nvidia GPUs. The shared memory 
Strategy 1 implementation performs well, as it 
effectively utilizes shared memory to minimize 
redundant global memory access while 
maintaining high thread utilization. In contrast, 
Strategy 2 performs worse than the version 
with just global memory coalescing, likely 
because many threads remain idle during 
output computation, leading to underutilization 
of resources. Additionally, the larger thread 
block size in Strategy 2 may reduce the number 
of concurrent blocks, further impacting 
performance.



Notes on Shared Memory Implementation

● The input matrix requires padding to account for the halo regions defined by the 
kernel's size. Note that padding wasn’t used in the results of the previous section.

● Each thread block is designed to calculate an output tile of size TILE_WIDTH × 
TILE_WIDTH.

● To compute these outputs, the shared memory tile must include the halo regions, 
making its size (TILE_WIDTH + Mask_width - 1) × (TILE_WIDTH + Mask_width - 1).

● Why two loadings are needed in Strategy 1: 
○ Since the shared memory area is larger than TILE_WIDTHxTILE_WIDTH and 

assuming that it is smaller than 2xTILE_WIDTHxTILE_WIDTH,
○ Then each thread should move at most two elements from global memory to 

shared memory
● For some reason, TILE_SIZE = 16 was the one that worked at the end.



Most difficult parts of the project
● Understanding how Triton works

○ Reading the original Triton paper
○ Programming in the new “tile” paradigm (extremely hard to shift 

perspectives, whole new way of thinking)
● Understanding optimizations in PTX
● Figuring out the shared memory implementation of the 2D 

convolution
○ Took forever to understand that it wasn’t working because the 

implementation needed padding
○ Had to play around with the TILE_SIZE and input matrix sizes

● Setting up the virtual environment (WSL) to run Triton



Github Repositories

● Cuda code
● Triton code

https://github.com/tarunyaa/cuda_cnn_from_scratch
https://github.com/lohpaul9/triton-v-cuda
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