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Machine learning systems is a broad and rapidly evolving field. The course material has 
been developed using a broad spectrum of resources, including research papers, lecture 
slides, blog posts, research talks, tutorial videos, and other materials shared by the research 
community.

Part of the course material was created by LLM itself. 

More importantly, for each and every of us, LLM shall be heavily involved in daily learning.  
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GPGPU was born differently

• Throughput matters and single threads do not. 

• Hide memory latency through parallelism. 

• Avoid high frequency clock speed, due to power bound.



Modern GPGPU

Objective：Flexible, programming graphics and high-performance computing 

Architecture：Unified graphics and parallel computing architecture

Scalability：Parallel array of processors are massively multithreaded 

Programming Flexibility：CUDA programming model for high-performance 
GPGPU programming 

Eric Lindholm, et al., “Nvidia Tesla: A unified graphics and computing architecture, IEEE Micro, 2008



GPU: Three Generations

GPU evolution: From fixed-function accelerator to programmable processor.
Early adoption in high-performance learning: The massive parallel nature suitable for linear algebra.
GPU in the deep learning : Architecture evolution driven by rapid growth of deep learning. 



GPU is a Massive Shader

Vertex Transformation Stage: Transforms triangle 
vertices from 3D world space to 2D screen space.

Shape Assembly Stage: A fixed-function stage that 
assembles transformed vertices into geometric 
shapes, typically triangles.

Rasterization Stage: Fixed-function stage that 
converts assembled triangles into pixels or fragments.

Pixel Shader Stage: Determines the color of each 
pixel. Programmed using a pixel shader (also known 
as a fragment shader) executed once per pixel.

The graphics rendering pipeline consists of several stages, each responsible for specific tasks in 
transforming 3D models into 2D images.



Vertex Shader Engine: Handles per-vertex computations such as 
geometry transformations, vertex lighting, and vertex displacement.
• Coordinate transformations (model → world → screen space)
• Per-vertex lighting calculations
• Vertex morphing and animation

Pixel Shader (Fragment Shader) Engine: Processes individual pixels 
(fragments), handling color calculations, texture blending, lighting 
effects, and other pixel-level operations.
• Per-pixel lighting and shading
• Texture mapping, filtering, and blending
• Complex visual effects (reflections, shadows, bump mapping)

ROP (Raster Operations Pipeline): Final stage of the rendering 
pipeline, converting fragment outputs into pixels stored in the 
framebuffer.
• Depth (Z) testing and stencil operations
• Color blending and transparency
• Anti-aliasing (AA)
• Writing final pixel values to memory

Programmable GPU (GeForce 7800@2005) 



Is it really programable?
sure, it is

but… 
Is it programmer friendly?

Programmable GPU (GeForce 7800@2005) 



The Fixed Graphics Pipeline 



The Fixed Graphics Pipeline 



Data Stored as Textures



Rasterization as Parallel Iteration



Fragment Shader == Compute Kernel



Fragment Shader == Compute Kernel



Render Targets == Output Arrays



CG-Specific Memory Hierarchy



CG-Specific Compute Pipeline



Why it was Painful 





Brook for GPUs:
Stream Computing on Graphics Hardware

Ian Buck, Tim Foley, Daniel Horn, Jeremy Sugerman, Kayvon
Fatahalian, Mike Houston, and Pat Hanrahan

Computer Science Department
Stanford University
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recent trends

GPU-based SIGGRAPH/Graphics Hardware papers
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domain specific solutions

map directly to graphics 
primitives

requires extensive 
knowledge of GPU 
programming
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building an abstraction

general GPU computing question
– can we simplify GPU 

programming?

– what is the correct abstraction 
for GPU-based computing?

– what is the scope of problems 
that can be implemented 
efficiently on the GPU?
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contributions

• Brook stream programming environment 
for GPU-based computing
– language, compiler, and runtime system

• virtualizing or extending GPU resources

• analysis of when GPUs outperform CPUs
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GPU programming model

each fragment shaded independently
– no dependencies between fragments

• temporary registers are zeroed 
• no static variables
• no read-modify-write textures

– multiple “pixel pipes”
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GPU = data parallel

each fragment shaded independently
– no dependencies between fragments

• temporary registers are zeroed 
• no static variables
• no read-modify-write textures

– multiple “pixel pipes”
data parallelism

– support ALU heavy architectures 
– hide memory latency

[Torborg and Kajiya 96, Anderson et al. 97, Igehy et al. 98]
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compute vs. bandwidth

GFLOPS

GFloats/sec
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ATI Hardware
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compute vs. bandwidth

arithmetic intensity = 
compute-to-bandwidth ratio

graphics pipeline
– vextex

• BW: 1 vertex = 32 bytes; 
• OP: 100-500 f32-ops / vertex

– fragment 
• BW: 1 fragment = 10 bytes
• OP: 300-1000 i8-ops/fragment
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Brook language

stream programming model
– enforce data parallel computing

• streams

– encourage arithmetic intensity
• kernels
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design goals

• general purpose computing
GPU = general streaming-coprocessor

• GPU-based computing for the masses
no graphics experience required
eliminating annoying GPU limitations

• performance
• platform independent

ATI & NVIDIA
DirectX & OpenGL 
Windows & Linux
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Other languages

• Cg / HLSL / OpenGL Shading Language
+ C-like language for expressing shader computation
– graphics execution model
– requires graphics API for data management and shader 

execution

• Sh [McCool et al. '04]
+ functional approach for specifying shaders
• evolved from a shading language

• Connection Machine C*
• StreamIt, StreamC & KernelC, Ptolemy
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Brook language

C with streams
• streams

– collection of records requiring similar computation
• particle positions, voxels, FEM cell, …

Ray r<200>;
float3 velocityfield<100,100,100>;

– data parallelism
• provides data to operate on in parallel
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kernels

• kernels 
– functions applied to streams

• similar to for_all construct
• no dependencies between stream elements

kernel void foo (float a<>, float b<>,
out float result<>) {

result = a + b;
}

float a<100>;
float b<100>;
float c<100>;

foo(a,b,c); for (i=0; i<100; i++)
c[i] = a[i]+b[i];
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system outline

brcc
source to source compiler
– generate CG & HLSL code
– CGC and FXC for shader 

assembly
– virtualization

brt
Brook run-time library
– stream texture management
– kernel shader execution



applications

ray-tracer segmentation

SAXPY

SGEMV

fft edge detect linear algebra
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evaluation

compared against:
• Intel Math Library
• Atlas Math Library
• cached blocked segmentation
• FFTW
• Wald ['04] SSE Ray-Triangle
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evaluation
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GPU wins when…
• limited data reuse
9 SAXPY
8 FFT

Pentium 4 3.0 GHz
44 GB/sec peak cache bandwidth

NVIDIA GeForce 6800 Ultra
36 GB/sec peak memory bandwidth
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evaluation

Segment SGEMV
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GPU wins when…
• arithmetic intensity

9 Segment
3.7 ops per word

8 SGEMV
1/3 ops per word
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outperforming the CPU

considering GPU transfer costs: Tr

– computational intensity: γ

considering CPU cost to issuing a kernel

γ ≡ Kgpu / Tr
work per word transferred



efficiency
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Brook version within 80% of hand-coded 
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summary

• GPUs are faster than CPUs
– and getting faster

• why?
– data parallelism
– arithmetic intensity

• what is the right programming model?
– Brook
– stream computing
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summary

GPU-based computing for the masses

renderingbioinfomatics

simulation statistics



GPU Computing Past, Present, Future

Ian Buck, GM GPU Computing Sw



History....

GPGPU in 2004
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GPU history

translating transistors into performance
— 1.8x increase of transistors

— 20% decrease in clock rate

— 6.6x GFLOP speedup 

Product Process Trans MHz
GFLOPS
(MUL)

Aug-02 GeForce FX5800 0.13 121M 500 8

Jan-03 GeForce FX5900 0.13 130M 475 20

Dec-03 GeForce 6800 0.13 222M 400 53

NVIDIA historicals



Lush, Rich WorldsStunning Graphics Realism

Core of the Definitive Gaming PlatformIncredible Physics Effects
Hellgate: London © 2005-2006 Flagship Studios, Inc. Licensed by NAMCO BANDAI Games America, Inc.

Crysis © 2006 Crytek / Electronic Arts

Full Spectrum Warrior: Ten Hammers © 2006 Pandemic Studios, LLC.  All rights reserved.  © 2006 THQ Inc. All rights reserved.



Early GPGPU (2002)

Early Raytracing

www.gpgpu.org

•Ray Tracing on Programmable Graphics Hardware
Purcell et al.

•PDEs in Graphics Hardware
Strzodka,,Rumpf

•Fast Matrix Multiplies using Graphics Hardware
Larsen, McAllister

•Using Modern Graphics Architectures for 
General-Purpose Computing: A Framework and Analysis.
Thompson et al.



Programming model challenge

 Demonstrate GPU performace

 PHD computer graphics to do this

 Financial companies hiring game programmers

 ―GPU as a processor‖



Brook (2003)

C with streams
 streams

— collection of records requiring similar computation
 particle positions, voxels, FEM cell, …

Ray r<200>;
float3 velocityfield<100,100,100>;

— similar to arrays, but…
 index operations disallowed:  position[i]
 read/write stream operators:

streamRead (positions, p_ptr);
streamWrite (velocityfield, v_ptr);



Challenges
 Graphics API

 Addressing modes
— Limited texture size/dimension

 Shader capabilities
— Limited outputs

 Instruction sets
— Integer & bit ops

 Communication limited
— Between pixels

— Scatter  a[i] = p

Input Registers

Fragment Program

Output Registers

Constants

Texture

Registers



GeForce 7800 Pixel

Input Registers

Fragment Program

Output Registers

Constants

Texture

Registers



Thread Programs

Thread Program

Output Registers

Constants

Texture

Registers

Thread Number Features
• Millions of instructions
• Full Integer and Bit instructions
• No limits on branching, looping
• 1D, 2D, or 3D thread ID 

allocation



Global Memory

Thread Program

Global Memory

Constants

Texture

Registers

Thread Number Features
• Fully general load/store to GPU 

memory: Scatter/Gather
• Programmer flexibility on how  

memory is accessed
• Untyped, not limited to fixed 

texture types
• Pointer support



Shared Memory

Thread Program

Global Memory

Constants

Texture

Registers

Thread Number Features
• Dedicated on-chip memory
• Shared between threads for 

inter-thread communication
• Explicitly managed
• As fast as registers

Shared



Shared Memory
CPU GPGPU CUDA

GPU Computing

Multiple passes through 
video memory

Single thread 
out of cache

Program/Control

Data/Computation

Control

ALU
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CUDA: C on the GPU

 A simple, explicit programming language solution

 Extend only where necessary
__global__ void KernelFunc(...);
__shared__ int SharedVar;

KernelFunc<<< 500, 128 >>>(...);
 Explicit GPU memory allocation

— cudaMalloc(), cudaFree()

 Memory copy from host to device, etc. 

— cudaMemcpy(), cudaMemcpy2D(), ...



CUDA: Threading in Data Parallel

 Threading in a data parallel world
— Operations drive execution, not data

 Users simply given thread id
— They decide what thread access which data element

— One thread = single data element or block or variable or nothing….

— No need for accessors, views, or built-ins 

 Flexibility
— Not requiring the data layout to force the algorithm

— Blocking computation for the memory hierarchy (shared)

— Think about the algorithm, not the data



Divergence in Parallel Computing

 Removing divergence pain from parallel programming

 SIMD Pain
— User required to SIMD-ify

— User suffers when computation goes divergent

 GPUs: Decouple execution width from programming model
— Threads can diverge freely

— Inefficiency only when granularity exceeds native machine width

— Hardware managed

— Managing divergence becomes performance optimization

— Scalable



Building GPU Computing Ecosystem

 Convince the world to program an entirely new kind of 
processor

 Tradeoffs between functional vs. performance requirements

 Deliver HPC feature parity

 Seed larger ecosystem with foundational components



GPU Computing By the Numbers:

Compute Capable GPUs>350,000,000

Toolkit Downloads>1,000,000

Active CUDA Developers>120,000

Universities Teaching CUDA>450

OEMs offer CUDA GPU PCs100%



Customizing Solutions
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CUDA Math Libraries
High performance math routines for your applications:
 cuFFT – Fast Fourier Transforms Library

 cuBLAS – Complete BLAS Library

 cuSPARSE – Sparse Matrix Library

 cuRAND – Random Number Generation (RNG) Library 

 NPP – Performance Primitives for Image & Video Processing

 Thrust – Templated Parallel Algorithms & Data Structures

 math.h - C99 floating-point Library

Included in the CUDA Toolkit Free download @ www.nvidia.com/getcuda

More information on CUDA libraries:

http://www.nvidia.com/object/gtc2010-presentation-archive.html#session2216

http://www.nvidia.com/getcuda
http://www.nvidia.com/object/gtc2010-presentation-archive.html
http://www.nvidia.com/object/gtc2010-presentation-archive.html
http://www.nvidia.com/object/gtc2010-presentation-archive.html
http://www.nvidia.com/object/gtc2010-presentation-archive.html
http://www.nvidia.com/object/gtc2010-presentation-archive.html


Education & Research
Language and Compilers

Computer Science

Domain Science

Heterogeneous Architectures

http://code.google.com/p/thrust/downloads/list


In 2006, NVIDIA introduced the GeForce 8800. This design featured a “unified shader architecture” with 128 processing
elements distributed among eight shader cores. Each shader core could be assigned to any shader task, eliminating the
need for stage-by-stage balancing and greatly improving overall performance.

Tesla 2006: Unified shader architecture



Starting from now, software developers can write C code on GPU.

Tesla 2006: Unified shader architecture



Streaming Multiprocessors (SM): Each SM includes 32 CUDA
processor cores, 16 load/ store units, and four special function units
(SFUs). It also possesses a 64-Kbyte configurable shared memory+L1
cache, 128-Kbyte register file, instructions cache, and two multi-
threaded wrap schedulers and two instruction dispatch units.

CUDA Cores: Each pipelined CUDA core executes an instruction per
clock for a thread. With 32 cores architecture, an SM can execute up
to 32 thread instructions per clock. Executable instructions include
scalar floating-point instruction, implemented by floating-point unit (FP
unit), and integer instruction, implemented by integer unit (INT unit).

Special functional units (SFU): The SFUs are in charge of executing
32-bit floating-point instructions for fast approximations of reciprocal,
reciprocal square root, sin, cos, exp, and log functions. The
approximations are precise to better than 22 mantissa bits.

Load/store units: The streaming multiprocessor load/store units
execute load, store, and atomic memory access instructions. A warp
of 32 active threads presents 32 individual byte addresses, and the
instruction accesses each memory address. The load/store units
coalesce 32 individual thread accesses into a minimal number of
memory block accesses.

Fermi 2010



CUDA Cores: General-purpose shader cores in NVIDIA GPUs,
designed to handle a wide range of programmable tasks, including
graphics rendering, general-purpose computing (GPGPU), and
traditional compute workloads.

CUDA Core

Purpose: The backbone of NVIDIA’s unified shader architecture,
introduced with the GeForce 8 series in 2006. They execute a variety
of instructions, including floating-point (FP32, FP64), integer, and
bitwise operations.
Structure: Each CUDA core is a scalar processor capable of
performing one operation per clock cycle on a single data element.
Multiple CUDA cores are grouped into Streaming Multiprocessors
(SMs), which manage thread scheduling and shared memory.
Instruction Set: Supports a broad instruction set, enabling flexibility
for graphics (e.g., vertex, geometry, fragment shaders) and compute
tasks (e.g., physics simulations, ray tracing).
Precision: Primarily FP32 (single-precision floating-point) with limited
FP64 (double-precision) support, depending on the GPU generation
(e.g., higher-end GPUs like the A100 offer robust FP64).

Limitations: Less efficient for matrix-intensive operations due to
lack of specialized hardware, relying on software libraries (e.g.,
cuBLAS) to optimize such workloads.



CUDA Cores: General-purpose shader cores in NVIDIA GPUs,
designed to handle a wide range of programmable tasks, including
graphics rendering, general-purpose computing (GPGPU), and
traditional compute workloads.

CUDA Core



CUDA Cores: General-purpose shader cores in NVIDIA GPUs,
designed to handle a wide range of programmable tasks, including
graphics rendering, general-purpose computing (GPGPU), and
traditional compute workloads.

CUDA Core



Motivation: Why New GPU Unites?  



Tensor Core



Tensor Core



Tensor Core



Tensor Core



The New Bottleneck: Data Movement



Tensor Memory Accelerator (TMA)



Tensor Memory Accelerator (TMA)



Tensor Core + TMA and Beyond 



FMA: Fused Multiply-Add



HDP4: Half-Precision Dot Product



HMMA: Tensor Core Matrix Multiply



IMMA: Integer Matrix Multiply



Evolution of GPU Compute Primitives 
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NVIDIA introduced the GPU in 1999, and from 2010 to
2024 developed nine major architectures—Fermi
through Blackwell. Over 15 years, CUDA evolved into
NVIDIA’s core advantage, with key innovations like
Tensor Cores, NVLink, NVSwitch, and the Transformer
Engine, establishing the company as a leader in AI,
HPC, graphics, and autonomous technologies.



Increasing Massive Parallelism



Gains from

• Number Representation
• FP32, FP16, Int8, FP4
• (TF32, BF16)
• ~16x, 32x

• Complex Instructions
• DP4, HMMA, IMMA
• ~12.5x

• Process 
• 28nm, 16nm, 7nm, 5nm, 4nm
• ~2.5x, 3x

• Sparsity  ~2x

• Die Size 2x

• Model efficiency has also improved – 
overall gain > 1000x
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The Programming Challenge



CUDA Compute Unified Device Architecture

Programming Model: It provides a programming model 
that allows for the development of software that can execute 
parallel computations efficiently on GPUs.
Parallel Computing Platform: CUDA enables developers 
to harness the parallel processing power of NVIDIA GPUs for 
general-purpose computing tasks, facilitating significant 
performance improvements in various applications.  
API Support: CUDA offers an API that allows software 
developers to utilize NVIDIA GPUs for general-purpose 
processing, enabling the development of high-performance 
applications across various domains.  
Extensive Ecosystem: Over the years, NVIDIA has built a 
comprehensive ecosystem around CUDA, including 
specialized code libraries and AI models, making it a 
dominant platform in AI and high-performance computing. 



How to program GPGPU?



GPGPU as a really powerful accelerator 



Massive Parallelism 
Opportunities



CUDA





Kernel



Kernel



Memory Hierarchy



Memory Hierarchy



Kernel



Kernel



Grids, Blocks and Threads



Grids, Blocks and Threads



Example



SIMT
Single instruction, multiple threads (SIMT) is an execution model used in parallel
computing where single instruction, multiple data (SIMD) is combined with multithreading. All
instructions in all "threads" are executed in lock-step. The SIMT execution model is the primary
programming model for GPUs.

(SIMD) (SIMT)



SIMT



SIMT



Warp

In CUDA programming, a warp is the implementation of the Single Instruction, Multiple Threads 
(SIMT) execution model. A warp consists of 32 threads that execute the same instruction 
simultaneously, allowing for efficient parallel processing on NVIDIA GPUs.

Memory Sharing: Threads within a warp can efficiently share data using shared memory, 
which is a fast, on-chip memory accessible to all threads in the same block. Efficient use of 
shared memory within a warp can lead to significant performance improvements.
Warp Divergence: When threads within the same warp follow different execution paths due 
to conditional statements (e.g., if-else branches). In such cases, the warp must serialize the 
execution of each divergent path, leading to reduced parallel efficiency and potential 
performance degradation.
Performance Considerations: Optimal performance is achieved when all threads in a warp 
follow the same execution path. Divergence, where threads take different paths, can lead to 
performance degradation.



Warp



Warp



Warp



Divergence
Warp divergence happens when threads in the same warp take different control flow paths
(e.g., inside an if/else or loop).



Dynamic Warp Formation
Dynamic Warp Formation (DWF)
is a hardware technique to reduce
SIMT branch divergence overhead.
DWF solves wrap divergence by
dynamically regrouping threads that
share the same program counter
into new warps at runtime, allowing
them to execute in parallel again.
This improves ALU utilization and
overall throughput while preserving
the scalar-thread programming
model seen by developers.



Choosing Grid and Block Sizes in CUDA

• Use multiples of 32 threads per block (match the warp size).
• Typical block size: 128–256 threads for good SM utilization.
• Launch many more blocks than SMs to ensure load balancing.
• Match block dimensions to data layout (e.g., 16×16 for matrices).
• Be mindful of shared memory usage, which limits blocks per SM.
• Watch register usage, since high register pressure reduces occupancy.
• Ensure the grid covers the entire dataset (gridDim ≈ ceil(N / blockDim)).
• Expose enough parallelism so the GPU always has work to schedule.


