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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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AI Infra Architect

Computer system development is workload driven. Scalability is the first principle of 
large models, therefore enabling scalable AI services the foremost responsibility of AI 
infrastructure. 

AI infrastructure, in particular the silicon, takes 2-3 years to build, large models evolve 
in months. Therefore, predicting the future workload is the ultimate challenge of AI 
infrastructure development. 

“the best way to predict the future is to invent it – Alan Kay”: Identify and then 
overcome the scalability roadblocks through model-software-hardware co-design. 

AI Infra architect wears multiple hats: mathematician, software developer, silicon 
architect & engineer; and of course, agentic AI is our best teammate.   



Today’s lecture covers GPU, or GPGPU. What we want to understand is how the 
workload evolution has been driving the transition from CPU to GPU, as well as the 

evolution of GPU architecture.



CPU Architecture for 
Instructure Level Parallelism

Workload is the king, as always



CPU: Instructure level parallelism

How to speed up the code



CPU: Instructure level parallelism



How does a CPU 
look like



Pipelining 

What is the catch? 



Branch Prediction
Avoid pipeline stalls 



Out-of-Order Execution
Hide memory latency 
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Loop Unrolling



Loop Unrolling



Vectorization

Vectorization improves parallelism by using SIMD 
registers to perform multiple loads and additions 
in one instruction. In the summation loop, AVX2 
can sum 8 integers at once, cutting loop iterations 
by 8× and reducing branch/control overhead, 
while also aligning with memory prefetching for 
high throughput.

SIMD: Single instruction multiple data



Summary



Data Locality 



Memory Hierarchy: Why does it work? 

CPU

I & D L1 Cache

Shared L2 Cache

Main Memory

Disk

Temporal Locality
•Keep recently referenced 

items at higher levels
•Future references satisfied 

quickly

Spatial Locality
•Bring neighbors of recently 
referenced to higher levels

•Future references satisfied 
quickly
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Fast & small memory caches frequent data, large 
& slow memory holds everything.  



Moving data can cost much more than 
computing

~500-1000 cycles 

~30-100 cycles 

~1-5 cycles 

AI Infrastructure



Summary











–Tom Jerry

What are the lessons learned? 



–Tom Jerry

Instruction level parallel is hard…



GPU Architecture for 
Machine Learning

Workload is the king, as always



GPU was born differently



GPU was born differently

• Throughput matters and single threads do not. 

• Hide memory latency through parallelism. 

• Let programmer/software deal with “raw” storage hierarchy. 

• Avoid high frequency clock speed, desirable for massive parallel computing 





CPU vs. GPU















1993: NVIDIA is founded by Jensen Huang, Chris Malachowsky, and Curtis Priem, focusing on graphics
processing technology.
1997: The company gains prominence in the gaming industry with the release of the RIVA series of
graphics processors.
1999: NVIDIA introduces the term “GPU” (Graphics Processing Unit) with the launch of the GeForce 256,
marking a significant advancement in graphics processing.
2000: NVIDIA acquired assets from 3dfx, a former competitor in the graphics card market, enhancing its
technological portfolio and market position.
2006: The company launches CUDA, a parallel computing platform and programming model, enabling
GPUs to be used for general-purpose processing.
2018: NVIDIA’s GPUs become the powerhouse to AI research and applications, solidifying its position in
the AI industry.
2022-now: The company’s market capitalization started to take off at the end of 2022, and surpasses $5
trillion in 2026, reflecting its leadership in AI and high-performance computing.

A 30-year Journey



A Bumpy Journey



1995: NVIDIA’s first graphics accelerator, the NV1, was designed to process quadrilateral primitives,
differing from competitors who preferred triangle primitives. When Microsoft introduced DirectX, it
exclusively supported triangles, leading to the NV1’s market failure.
1996: NVIDIA partnered with Sega to supply the graphics chip for the Dreamcast console. However,
NVIDIA’s technology lagged behind competitors, and Sega chose another vendor. Sega’s president,
Shoichiro Irimajiri, invested $5 million in NVIDIA, which kept the company afloat during this challenging
period.
2008: NVIDIA faced a significant setback due to manufacturing defects in certain mobile chipsets and
GPUs, leading to a $200 million write-down and a class-action lawsuit.
2022: The company announced the termination of its planned $40 billion acquisition of Arm Holdings,
citing regulatory challenges.
January 2025: NVIDIA experienced a substantial market capitalization loss of $589 billion following the
emergence of the Chinese startup DeepSeek, which introduced a low-cost AI model. This event marked
the largest single-day loss in stock market history.

Ups and Downs



Historical question: why is quadratic texture 
mapping bad?





–Tom Jerry

Every great technology has a humble origin





GPU V0.1: Barrel Shifter

The Memory Constraints of Early Graphics Systems. Early arcade
machines could not afford to store a full framebuffer due to cost and
space limitations.
The Solution: Instead of pre-storing the entire frame in memory,
these systems used real-time compositing where video chips
assembled graphics dynamically as the screen was being drawn (a
process called raster scan output).



GPU: Three Generations

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



Phase 1: Hardwired GPU with fixed function pipeline

1980s-2000s: GPUs were fixed-function, 
meaning all graphics tasks were hardcoded in 
hardware.
Key Limitations: No programmability; only 
predefined transformations, rasterization, and 
texture mapping.
Examples: IBM CGA (1981), NVIDIA GeForce 
256 (1999) (first consumer GPU).

A single-chip processor with integrated
transform, lighting, triangle setup/clipping, and
rendering engines that is capable of processing
a minimum of 10 million polygons per second.



GPU is a Massive Shader



Vertex



GPU is a Massive Shader

Vertex Transformation Stage: Transforms 
individual 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: Another fixed-function stage 
that converts assembled triangles into a set of 
pixels or fragments.
Pixel Shader Stage: Determines the color of each 
pixel. Programmed using a pixel shader (also 
known as a fragment shader in OpenGL and 
Metal), which is executed once per pixel.

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



MVP: Modeling-View-Projection translation

To display objects from three-dimensional space on a two-dimensional plane, they must 
undergo the MVP transformation. The MVP transformation refers to three stages: Model 
transformation (Model), View transformation (View), and Projection transformation (Projection).

• Model transformation (M): moves an object from 
its local coordinate system into the shared world.

• View transformation (V): expresses the world 
relative to the camera.

• Projection transformation (P): maps the camera-
space scene into clip space using perspective or 
orthographic projection.



MODEL

(1, 0, 0)

WORLD

(3, 0, 0)

CAMERA

(3, 0, −5)

SCREEN

(0.6, 0)

Place the object
2 units right

Camera at (0, 0, 5)
looks toward the origin

Divide x and y
by depth 5

What changes at each step

MODEL (1, 0, 0) + (2, 0, 0) = (3, 0, 0)

VIEW The vertex is 3 units right and 5 units in front of the camera.

SIGN With the usual convention, a point in front has negative z.

Perspective calculation

x_screen = 3 / 5 = 0.6

y_screen = 0 / 5 = 0

Result: the point appears right of center.

Greater depth makes screen coordinates smaller:  3 / 5 = 0.6, while 3 / 10 = 0.3.

MVP: Modeling-View-Projection translation



Modeling Translation

Model transformation is the matrix that transforms an object from local space to 
world space. This matrix changes as the object moves or transforms.



GPU is a Massive Shader



Software-Programmable GPU
2001-2010s: GPUs introduced programmable shaders, 
allowing developers to write custom graphics effects.
Key Innovations:

Vertex & pixel shaders (NVIDIA GeForce 3, 2001).
Unified Shader Architecture (NVIDIA Tesla, 2006).
DirectX & OpenGL revolutionized GPU programmability.

Examples: 
NVIDIA GeForce series
AMD/ATI Radeon series
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Software-Programmable GPU



GPU: Three Generations

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



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) 



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
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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.




