
Machine Learning Systems
Build efficient and scalable ML services through the vertical integration of 

algorithms, system software, and hardware



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.  

Acknowledgement



–Tom Jerry

What kind of workload prefers GPUs?



Workload shall have two key characteristics: high parallelism and high arithmetic intensity

What kind of workload prefers GPUs?



GPGPU as a really powerful accelerator 



Massive Parallelism 
Opportunities





–Tom Jerry

Where is the bottleneck?



1. Define CUDA Kernel

2. Allocate GPU memory 

3. Copy data from CPU to GPU

4. Launch CUDA kernel

5. Copy data from GPU back to CPU

6. Free resources

__global__ void vectorAdd(const float *A, const float *B, float 
*C, int N){…}

cudaMalloc((void**)&d_A, size);

cudaMemcpy(d_A, h_A, size, cudaMemcpyHostToDevice);

int threadsPerBlock = 256;
int blocksPerGrid = (N + threadsPerBlock - 1) / threadsPerBlock;
vectorAdd<<<blocksPerGrid, threadsPerBlock>>>(d_A, d_B, d_C, N);

cudaMemcpy(h_C, d_C, size, cudaMemcpyDeviceToHost);

cudaFree(d_A);









Kernel



–Tom Jerry

A kernel is executed by many threads; how do we determine the 
mapping between threads and the data they operate on? 



Kernel



Grids, Blocks and Threads



Grids, Blocks and Threads



Thread Organization



–Tom Jerry

Why do we need multi-level computation granularity? 



Computation vs. Memory Hierarchy





Memory Hierarchy



Memory Hierarchy



Kernel



–Tom Jerry

SIMD, SIMT, Warp



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.



Warp



Warp



SIMD, SIMT, Warp



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.

Warp Divergence: When threads within the same warp follow different execution paths due to
conditional statements (e.g., if-else branches). The warp must serialize the execution of each
divergent path, leading to reduced parallel efficiency and performance degradation.

Performance Considerations: Optimal performance is achieved when all threads in a warp follow
the same execution path.

This has profound implications: memory accesses are coalesced at the warp level, divergence 
penalties are incurred at the warp level, and scheduling decisions operate on warps rather than 
individual threads. Understanding this distinction is essential, because optimizing GPU performance 
requires aligning program behavior with warp-level execution, not just thread-level logic.



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. 



NVCC
The NVIDIA CUDA Compiler Driver

nvcc is the NVIDIA CUDA compiler driver, part of the 
CUDA toolkit. It compiles CUDA C/C++ programs 
containing both host (CPU) and device (GPU) code. Its 
job is to separate, compile, and link host and device 
code into one executable.

• Code Separation – Splits host and device code in each 
.cu file.

• Dual Compilation Paths
• Host code → compiled by gcc or cl.
• Device code → compiled by ptxas into PTX or cubin 

binaries.
• Linking – nvlink merges GPU objects with CPU objects 

into a final executable.

A host compiler (gcc / cl) for CPU code,
A device compiler (ptxas) for GPU code,
A linker (nvlink) to combine everything into one binary.





PTX (Parallel Thread Execution) is NVIDIA’s virtual GPU instruction set architecture (ISA) — an 
intermediate layer between CUDA C/C++ source code and the hardware-level SASS machine code. 

It provides a human-readable, typed, and portable representation of GPU programs, defining how 
threads, memory spaces, and arithmetic operations behave in a device-independent way. 

PTX expresses what the compiler intends the hardware to do—including data movement, parallel 
execution, and synchronization—while abstracting away hardware-specific details like pipelines, cache 
policies, and timing.

PTX (Compiler planned)



SASS (Streaming Assembler) is NVIDIA’s hardware-level GPU instruction set architecture, representing 
the actual machine code executed by the Streaming Multiprocessors (SMs). 

Each SASS instruction is a 128-bit binary operation that encodes the precise arithmetic, memory, and 
control actions the GPU performs, including fused operations, cache policies, and register usage. 

Unlike PTX, which is virtual and portable, SASS is architecture-specific (e.g., sm_80, sm_90) and reveals 
how the hardware executes a kernel—making it essential for low-level performance tuning, scheduling 
analysis, and understanding real GPU behavior.

SASS (GPU reality)



PTX and SASS



PTX ISA at a glance



SASS ISA at a glance



Registers







What is the difference between CPU thread and GPU thread? 



What is the difference between CPU thread and GPU thread? 

CPU threads are relative heavy and managed by the operating system. 

A GPU thread is a lightweight execution context that represents one instance of a data-
parallel computation. GPU threads are extremely lightweight and scheduled in groups
(warps) by hardware. Each thread executes the same program but operates on different
data, and thousands of such threads are active concurrently within a GPU.

Key idea: CPU threads carry full software-managed state; GPU threads carry minimal 
hardware-managed state.



What do we mean heavy or lightweight?



What state must be maintained per thread for correct execution?



What state must be maintained per thread for correct execution?



What state must be maintained per thread for correct execution?

Each GPU thread must maintain its own execution state, including register values, program
counters, and intermediate variables. This state ensures that each thread can proceed
independently through the program, even though threads are executed in lockstep within
a warp.

On GPU, the per-thread state is stored in SM registers, which provide the lowest-latency 
storage and are directly accessed by the SM, enabling fast and deterministic execution. 
Because GPUs rely on rapidly switching between threads to hide latency, keeping thread 
state in registers allows the hardware to resume execution of any thread with minimal 
delay.



What state must be maintained per thread for correct execution?



How many registers are used by each thread? 



PTX ISA at a glance







How many registers are used by each thread? 

The number of registers per thread is determined by the complexity of the kernel,
including the number of variables, loop unrolling, and instruction-level parallelism. The
compiler analyzes the program and assigns registers to hold intermediate values,
attempting to balance performance and resource usage.



Can threads share registers, in other words, be private or shared?



Can threads share registers, in other words, be private or shared?

Registers must be private to each thread to ensure correctness, as each thread operates 
on different data and must not interfere with others. They must also be deterministic 
because the compiler assigns specific variables to specific registers at compile time, and 
the hardware expects those assignments to remain fixed during execution. This 
guarantees predictable behavior and enables efficient instruction scheduling.



Which one has more registers, CPU or GPU?



Which one has more registers, CPU or GPU?

GPUs require many more registers because they maintain the state of thousands of
concurrent threads, whereas CPUs only manage a small number of threads per core. Since
each GPU thread needs its own register allocation, the total register file must scale with
the number of active threads. This large register capacity is what enables GPUs to sustain
massive parallelism and hide memory latency.



When is register allocation be decided, compile time or runtime?



When is register allocation be decided,  compile time or runtime?

Register allocation is decided at compile time because instructions explicitly reference
physical registers, and the execution model requires all threads in a warp to follow the
same instruction stream. Dynamic allocation at runtime would require indirection and
reconfiguration of instructions, which would greatly increase hardware complexity and
reduce performance predictability.



What happens if registers are insufficient?



What happens if registers are insufficient?

Register spilling occurs when there are more live variables than available registers. If 
registers are insufficient, the compiler spills some variables to local memory, which resides 
in global memory. Accesses to these spilled variables are implemented as memory loads 
and stores, fundamentally slower than register access.



But, wait, we have on-chip cache, right? 



But, wait, we have on-chip cache, right? 

Cache can mitigate spill cost when the spilled variables exhibit temporal locality, meaning
they are accessed repeatedly within a short time window. If the working set of spilled data
fits within L1 or L2 and is not evicted, subsequent accesses can be served from cache,
reducing latency significantly compared to DRAM.

Therefore, caches are still needed because not all access patterns can be predicted or 
explicitly managed. L1 and L2 caches provide opportunistic reuse for data that exhibits 
locality but is not explicitly staged in shared memory.



What if threads need to share data? 



What if threads need to share data? 

Shared memory exists to enable data reuse across threads within a block. While registers
are private to each thread, shared memory allows multiple threads to cooperatively load
and reuse data, reducing redundant global memory accesses and improving efficiency.



What kind of data reuse pattern requires shared memory?



What kind of data reuse pattern requires shared memory?

Shared memory is most useful when multiple threads access overlapping data regions,
such as in matrix multiplication or attention mechanisms. In these cases, data loaded once
into shared memory can be reused by many threads, amortizing the cost of global
memory access.



Is shared memory managed by software or hardware?



Is shared memory managed by software or hardware?

Shared memory is explicitly managed to give programmers precise control over data
movement and reuse. This allows optimized kernels to exploit known access patterns and
avoid the unpredictability of hardware-managed caches.



What is the key difference between cache and shared memory?



What is the key difference between cache and shared memory?

The key difference is control: shared memory is explicitly managed by software, while
caches are automatically managed by hardware. Shared memory provides guaranteed
reuse when used correctly, whereas cache provides best-effort reuse based on access
patterns.



What is the key difference between cache and shared memory?

Take-home message: GPUs combine explicit software-managed memory with implicit 
hardware-managed caching.

Shared memory is explicitly controlled by the programmer, allowing precise management 
of data reuse when access patterns are predictable. In contrast, caches are managed 
automatically by hardware, providing opportunistic reuse for irregular access patterns. 

This hybrid design reflects a key architectural philosophy: give programmers control where 
they can exploit structure, and rely on hardware where patterns are uncertain. Effective 
GPU programming requires understanding when to use each mechanism.



Which one is larger, GPU shared memory or CPU cache?



Which one is larger, GPU shared memory or CPU cache?

Shared memory is smaller because it is designed for controlled, high-efficiency reuse
rather than general-purpose caching. Its size is a tradeoff between capacity and speed,
and it is optimized for predictable access patterns rather than arbitrary workloads.



Which one is larger, GPU shared memory or CPU cache?



How large should the working set be to benefit from L2 cache?



How large should the working set be to benefit from L2 cache?

A working set benefits from L2 cache not simply by being smaller than the physical L2 
size, but by being small enough and reused quickly enough to avoid eviction under 
concurrent access. In practice, although modern GPUs have tens of megabytes of L2, the 
effective usable portion per kernel is often only a few megabytes due to sharing across 
many SMs and warps. Therefore, L2 is most effective for small, frequently reused data with 
short reuse distance, while large or streaming working sets quickly lose locality and fall 
back to global memory.



DeepSeek’s lession



How do registers, shared memory, L1, L2, and global memory interact?



How do registers, shared memory, L1, L2, and global memory interact?

These components form a hierarchy:

• Registers store immediate, per-thread data

• Shared memory stores per-block cross-thread cooperative data

• Caches provide opportunistic, irregular or unpredictable reuse

• Global memory serves as the backing store for all data regardless of reuse

Data flows between these levels depending on access patterns and locality.



How do registers, shared memory, L1, L2, and global memory interact?

Take-home message: Performance is dominated by how well data movement is 
managed across the memory hierarchy.

The GPU memory system spans multiple levels, from fast but limited registers and shared 
memory to slower but large global memory. Each level offers different tradeoffs between 
latency, bandwidth, and capacity. Efficient programs minimize expensive global memory 
accesses by exploiting locality and reuse through registers and shared memory. As a 
result, optimizing GPU programs is less about reducing arithmetic operations and more 
about structuring data access patterns to align with the hierarchy.



What decisions are made at runtime?



What decisions are made at runtime?



What decisions are made at runtime?

Take-home message: GPU execution is the result of a collaboration between compile-time 
resource allocation and runtime scheduling.

Some decisions, such as register allocation and instruction layout, are fixed at compile time to 
ensure efficient execution. Others, such as warp scheduling and block distribution, are handled 
dynamically by hardware at runtime. This division creates a two-level control system where 
performance depends on both static decisions made by the compiler and dynamic decisions 
made by the scheduler. Neither alone is sufficient; efficiency emerges from their interaction.



Computation and storage resource trade-offs?

SM occupancy reflects a tradeoff between per-thread resource 
usage, i.e., registers/shared memory for computation 
efficiency, and the number of concurrent threads for latency 
hiding and throughput.



Occupancy optimization: computation and storage resource trade-offs?

• More shared memory can improve reuse but reduces the number of blocks that can run 
concurrently, affecting occupancy.

• More registers reduce spilling and improve instruction-level parallelism, but excessive 
usage reduces occupancy. The goal is to balance these effects for maximum throughput.

• Higher occupancy is beneficial for latency-bound kernels, but for compute-bound
kernels with high instruction-level parallelism, lower occupancy can still achieve high
performance.



How do these mechanisms affect kernel design?

Parallelism is limited not by thread count but by available on-chip resources such as 
registers and shared memory.

• They require careful management of resources, balancing register usage, shared
memory, and occupancy to achieve optimal performance.

• Because predictable reuse patterns can be exploited more efficiently by software than by 
hardware.

• They lead to designs that maximize locality, minimize memory traffic, and carefully 
balance resource usage.



How do these mechanisms affect kernel design?

• 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.



Final Synthesis

Take-home message: GPU computing is about orchestrating computation, memory, and 
scheduling within a constrained and hierarchical system.

Taken together, these ideas form a unified perspective: a GPU is a resource-constrained, 
latency-hiding machine where performance depends on how well computation, storage, 
and concurrency are balanced. The programming model exposes this structure rather 
than hiding it, requiring developers to reason explicitly about hardware behavior. Mastery 
of GPU systems therefore comes not from writing parallel code alone, but from 
understanding how that code interacts with the underlying architecture.



TMEM in Blackwell — A New Data Path for Tensor Compute

Take-home message: TMEM inserts a dedicated on-chip tensor buffer between HBM and Tensor Cores, reducing 
register pressure and enabling higher utilization.

In Hopper (H100), tensor operands must ultimately reside in registers, which are limited (~256K 32-bit registers per SM) 
and shared with thread state, creating a hard tradeoff between tile size and occupancy. Blackwell introduces TMEM 
(Tensor Memory) as a new on-chip storage level designed specifically for tensor workloads. Instead of staging large 
matrix tiles entirely in registers, data can now flow through a more structured pipeline:

TMEM is optimized for high-bandwidth, warp-group-level tensor access, allowing larger tiles to be kept close to 
compute without consuming excessive registers. This enables: (1) higher effective occupancy by reducing per-thread 
register demand, (2) better data reuse across tensor operations, and (3) improved pipeline overlap between data 
movement and compute. Practically, this architectural shift helps explain why Blackwell can achieve large performance 
gains (e.g., ~50% FP4 throughput increase with only modest core count growth), as efficiency improvements come from 
dataflow and storage redesign, not just additional compute units.



From GB200 to GB300, why does FP4 performance jumps by 50% 
(from 10 to 15 PFLOPS) while the physical core count only grows by 

about 8%? 



From GB200 to GB300, why does FP4 performance jumps by 50% while 
the physical core count only grows by about 8%? 




