
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.
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CUDA Programming
Mapping High-Dimensional Workloads onto Linear & Hierarchical Hardware

Data layout mismatch: Multi-dimensional tensors must map to linear memory 

→ performance depends on coalescing and locality.

Execution mismatch: Multi-dimensional threads are executed as 1D warps → 

thread mapping determines memory access efficiency.

Communication placement: Same computation (e.g., O(N^3)) has very 

different cost depending on whether data movement happens in HBM, shared 

memory, or registers.



Thread Organization



Thread Organization



Is matrix multiplication computation bound or memory bound?



H100 SXM

Communication vs. Computation

Communication:

• 80 GB of HBM3 memory, 6.4 Gb/s per pin, 1024 pin per stack:

• HBM3 5 stacks, peak memory bandwidth

Computation: (>1 PFLOP/s theoretical)

• FP16/FP8 Tensor Core peak ≈ 1979 TFLOP/s

• FP32 Tensor Core peak ≈ 989 TFLOP/s

• FP32 CUDA cores ≈ 60 TFLOP/s



Matrix Multiplication 

C = A x B + C, with size of 4096 x 4096 

Total FLOPS: For each of the 4096² entries of C, we have to perform a dot 

product of two vectors of size 4096, involving a multiply and an add at each step. 

“Multiply then add” is often mapped to a single assembly instruction called FMA 

(fused multiply-add), but still counts as two FLOPs.

2*4096³ + 4096² = 137 GFLOPS

Total data to read (minimum): 3 * 4096² * 4B = 201MB

Total data to store: 4096² * 4B = 67MB
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Matrix Multiplication 
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Matrix Multiplication 

C = A x B + C, with size of 4096 x 4096 

• The computation time (≈2.3 ms) is ~30× larger than the pure memory-transfer 
lower bound (≈0.07 ms).

• The operation is compute-bound, not bandwidth-bound. 

• In reality, achieved bandwidth and FLOPs are a fraction of peak, but GEMM is 
very efficient, so you’ll still be dominated by compute rather than memory.



Matrix Multiplication 

Welcome to the real world!

FP32 CUDA cores offer approximately 60 TFLOP/s computing power. However, the 
actual performance is approximately 500 GFLOPS, and the run time is over 200ms. 



Do we really understand memory?



















HBM: The devil is in the details





Thread Organization
Wrap organization and its impact on memory access



Thread Organization

This is what we want



Thread Organization

This is what we wrote 



Thread Organization

This is what we get



Thread Organization

A single thread



Thread Organization

A wrap of thread (Why is this bad?)



Thread Organization

A wrap of thread (what we want)



Thread Organization



Matrix Multiplication 

Welcome to the real world!

Memory coalesce improves, so does the arithmetic intensity. 



–Tom Jerry

Lesson 1: Data stored in global memory (GMEM) should to be accessed 

contiguously for maximum bandwidth efficiency.



Where is the bottleneck now? 



Data fetched by threads are not shared.





Shared Memory
Each SM has a fast and small memory that is physically located on the chip, called 

shared memory (SMEM). Threads in its block can communicate with other threads via the 

shared memory. 



Shared Memory

Each SM has a fast and small memory that 

is physically located on the chip, called 

shared memory (SMEM). Threads in its 

block can communicate with other threads 

via the shared memory. 



Shared Memory

Step by step 

1. Determine the grid-block-thread arrangement

2. Determine the corresponding block-Matrix C matching 

3. Determine the corresponding Matrix A rows and Matrix B columns 

4. Determine the tiling arrangement in Matrix A rows and Matrix B columns

5. Copy data from global memory to shared memory 

6. Compute the tile-wise partial results of Matrix C 

7. Compute the final results of Matrix C 



1. Determine the grid-block-
thread arrangement

2. Determine the corresponding 
block-Matrix C matching 

3. Determine the corresponding 
Matrix A rows and Matrix B 
columns 

4. Determine the tiling 
arrangement in Matrix A 
rows and Matrix B columns

Shared Memory
Step by step 



Shared Memory
Step by step 

5. Copy data from 
global memory 
to shared 
memory 

6. Compute the tile-
wise partial 
results of Matrix 
C 

7. Compute the 
final results of 
Matrix C 



Matrix Multiplication 

Welcome to the real world!

Arithmetic intensity improves. 



–Tom Jerry

Lesson 2: Tiling facilitates intra-block data reuse among threads by 

exploiting the shared memory of each streaming multiprocessor 

(SM).



–Tom Jerry

Where is the bottleneck now? 



Lots of memory accesses
Still memory bound
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Lots of memory accesses
Still memory bound

The warp was stalled because the MIO (memory input/output) instruction queue was full. 

This stall reason occurs under heavy utilization of the MIO pipelines as threads in the same 

block issue lots of shared memory (SMEM) instructions.



Lots of memory accesses
Still memory bound

To reduce the number of SMEM instructions issued, we can increase the amount of work 

performed per thread—for example, by having each thread compute multiple output 

elements. This allows more computation to be done in registers and reduces reliance on 

shared memory.





1D Register tiling



1D Register tiling



Matrix Multiplication 

Welcome to the real world!

Share memory bandwidth usage has been significantly improved. 



2D Register tiling



Matrix Multiplication 

Welcome to the real world!

Share memory bandwidth usage has been improved further with 2D tiling. 



Memory access savings 



–Tom Jerry

Lesson 3: Let’s each thread do more work to reduce SMEM data 

access traffic. 



Memory Access Vectorization



Warp Tiling
Warp level computation mapping

Definition: A warp (32 threads) collaboratively computes a sub-tile of the output 

matrix instead of each thread computing a single element.

Purpose: Align computation with the warp execution unit to maximize parallel 

efficiency and reduce synchronization overhead.

Benefit: Enables data reuse in registers, reducing shared memory bandwidth 

pressure and increasing arithmetic intensity.

Key challenge: Introduces strided access patterns, which can cause shared 

memory bank conflicts and must be carefully managed.



H100 Shared Memory + L1 Cache

The devil is in the details 



CUDA Programming
Mapping High-Dimensional Workloads onto Linear & Hierarchical Hardware

Data layout mismatch: Multi-dimensional tensors must map to linear memory 

→ performance depends on coalescing and locality.

Execution mismatch: Multi-dimensional threads are executed as 1D warps → 

thread mapping determines memory access efficiency.

Communication placement: Same computation (e.g., O(N^3)) has very 

different cost depending on whether data movement happens in HBM, shared 

memory, or registers.



CUDA Programming
Mapping High-Dimensional Workloads onto Linear & Hierarchical Hardware



–Tom Jerry

Lesson 4: It’s hard to beat cuBLAS on its own turf. Is this really 

true? To be continued…
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