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ML System Overview

Dataflow Graph

Autodiff

Graph Optimization

Parallelization

Operator optimization/compilation

Runtime: schedule / memory



Motivating Example: we can go further

Dataflow Graph

Autodiff

Graph Optimization

Parallelization

Operator

Runtime: schedule / 

memory

• Does each step become faster than previous step?
• How does it perf on different hardware?



Motivating Example 2: Attention

Dataflow Graph

Autodiff

Graph Optimization

Parallelization

Operator

Runtime: schedule / 

memory

• Why merged QKV is faster?



Arithmetic Intensity

AI = #ops / #bytes
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Arithmetic Intensity

void add(int n, float* A, float* B, float* C) { 

for (int i=0; i<n; i++) 

C[i] = A[i] + B[i]; 

} 

Two loads, one store per math op 
(arithmetic intensity = 1/3)

1. Read A[i] 
2. Read B[i]
3. Add A[i]+B[i]
4. Store C[i]
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Which program performs better? Program 1

void add(int n, float* A, float* B, float* C) { 

for (int i=0; i<n; i++) 

C[i] = A[i] + B[i]; 

} 

void mul(int n, float* A, float* B, float* C) { 

for (int i=0; i<n; i++) 

C[i] = A[i] * B[i]; 

} 

float* A, *B, *C, *D, *E, *tmp1, *tmp2; 

// assume arrays are allocated here 

// compute E = D + ((A + B) * C) 

add(n, A, B, tmp1); 

mul(n, tmp1, C, tmp2); 

add(n, tmp2, D, E);

Two loads, one store per math op 
(arithmetic intensity = 1/3)

Two loads, one store per math op 
(arithmetic intensity = 1/3)

Overall arithmetic intensity = 1/3
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Which program performs better? Program 2

float* A, *B, *C, *D, *E, *tmp1, *tmp2; 

// assume arrays are allocated here 

// compute E = D + ((A + B) * C) 

add(n, A, B, tmp1); 

mul(n, tmp1, C, tmp2); 

add(n, tmp2, D, E);

void fused(int n, float* A, float* B, float* C, float* D,

float* E) { 

for (int i=0; i<n; i++) 

E[i] = D[i] + (A[i] + B[i]) * C[i]; 

} 

// compute E = D + (A+ B) * C 

fused(n, A, B,C, D, E);

Overall arithmetic intensity = 1/3

Four loads, one store per 3 math ops 
arithmetic intensity = 3/5



How to perform graph optimization?

• Writing rules / template

• Auto discovery

Dataflow Graph

Autodiff

Graph Optimization

Parallelization

Operator

Runtime: schedule / 

memory



Parallelization

• Goal: parallelize the graph compute over multiple devices

Dataflow Graph

Autodiff

Graph Optimization

Parallelization

Operator

Runtime: schedule / 

memory

node node

node node

Fast connections

Slow connections

How to partition the computational graph 

on the device cluster?

x MSE

y

relu matmul

w2

matmul

w1

subsub

matmul

matmul

MSE’

matmul

relu’



Parallelization Problems

• How to partition

• How to communicate

• How to schedule

• Consistency

• How to auto-parallelize?

Dataflow Graph

Autodiff

Graph Optimization

Parallelization

Operator

Runtime: schedule / 

memory



Runtime and Scheduling

• Goal: schedule the compute/communication/memory in a way

that

• As fast as possible

• Overlap communication with compute

• Subject to memory constraints

Dataflow Graph

Autodiff

Graph Optimization

Parallelization

Operator

Runtime: schedule / 

memory



Operator Implementation

• Goal: get the fastest possible implementation of

• Matmul

• Conv2d?

• For different hardware: V100, A100, H100, phone, TPU

• For different precision: fp32, fp16, fp8, fp4

• For different shape: conv2d_3x3, conv2d_5x5, matmul2D, 3D,

attention

Dataflow Graph

Autodiff

Graph Optimization

Parallelization

Operator

Runtime: schedule / 

memory



High-level Picture

Data Model Compute

𝑥𝑖
𝑛
𝑖=1

Math primitives

(mostly matmul)

A repr that expresses the
computation using primitives

Make them run on (clusters
of ) different kinds of

hardware



Next: How to make operators run (fast) on devices?

Dataflow Graph

Autodiff

Graph Optimization

Parallelization

Operator optimization/compilation

Runtime: schedule / memory

x matmul

w1



Our Goal in This Layer: Maximize Arithmetic Intensity

max AI = #ops / #bytes



Next

• How we can make operator fast in general

• Case study: Matmul

• GPU architecture and programming



How we can make operators fast in general

• Vectorization

• Data layout

• Parallelization



Using vectorized operations: array add

Float A[256], B[256], C[256]

For (int i = 0; i < 256; ++i) {

 C[i] = A[i] + B[i]

}

Why vectorized is faster than 
unvectorized?

unvectorized vectorized



Data Layout: make read/write faster

• How to store a matrix in memory

• Data in memory are stored sequentially (no tensor awareness)

• Row Major: A[i, j] = A.data[i*A.shape[1] + j]

• Column major: A[i, j] = A.data[j*A.shape[0] + i]



Be aware of your data layout

int sum_array_rows(int a[M][N])

{

int i, j, sum = 0;

for (j = 0; j < N; j++)

for (i = 0; i < M; i++)

sum += a[i][j];

return sum;

}

Assuming row-major
array

• • •

a

[0]

[0]

a

[0]

[N-1]

• • •

a

[1]

[0]

a

[1]

[N-1]

• • •

a

[M-1]

[0]

a

[M-1]

[N-1]

• • •

How to improve the above program?



MCQ Time

Data

𝑥𝑖
𝑛
𝑖=1

ML Systems Store Data in:

A. Row major

B. Col major

C. Strides format: A[i, j] = A.data[offset + 

i*A.strides[0] + j * A.strides[1]]



Strides in High-dimension

Offset: the offset of the tensor relative to the underlying storage 

Strides: strides[i] indicates how many “elements” need to be skipped in memory 
to move “one unit” in the i-th dimension of the tensor 



Strides format

• What we have when:

• A.strides[0] = 1,

• A.strides[1] = A.shape[0]?

• What we have when:

• A.strides[0] = A.shape[1]

• A.strides[1] = 1, 

• Strides offers more flexibility



Questions

• If a tensor of shape [1, 2, 3, 4] is stored contiguous in memory 

following row Major, write down its strides?



Why we bother saving “strides” when saving tensors

• Strides can separate the underlying storage and the view of the 

tensor

 

• Enable zero-copy of some very frequently used operators



Operator: Slice

• Change the offset by +1

• Reduce the shape to [3, 2]

• Note: zero copy



Operator: Transpose

• How to do Transpose? 

• Note 1: zero copy

• Note 2: underlying storage is unchanged



Broadcast

• Question: how to do broadcast?

• b.strides=[1], b.shape=[1,3], b.data=[1, 2, 3]

• After broadcast: b.shape=[4,3], b.data=[1, 2, 3], b.strides=?

• Recall the def of strides: A[i, j] = A.data[offset + i*A.strides[0] + j * 

A.strides[1]]



Home Exercise: Swapping tiles



Problems of Strides

• Memory Access may become not continuous

• Many vectorized ops requires continuous storage 

• What’s the underlying storage after slice?



Parallelization (Elementise)

• How to parallelize the loop?

vectorized Vectorized & 
parallelized

We’ll com
back to this

later



Summary

• Vectorization

• Leverage platform-specific vectorized functions

• reduce seek time

• Data layout

• Stride format

• Zero copy

• Enable fast array-manipulation: slice, transpose, broadcast, etc.

• Parallelization on CPUs



Next

• How to make operators fast in general?

•  Vectorize

•  Data layout

•  Parallelization (at the operator level)

• Matmul-specific optimization

• GPUs and accelerators

• High-level Idea

• The accelerator market

Dataflow Graph

Autodiff

Graph Optimization

Parallelization

Operator

Runtime: schedule / 

memory



What is Matmul in Code?

• What is the time complexity 
of 2D matmul?

• O(n^3)

• What is the best complexity 
we can achieve? 

• O(n^2.371552)

 



Matmul Complexity Not a good area
to do research☺



How to Make Matmul Fast

max AI = #ops / #bytes



Recall: Memory Hierarchy

• Ideally: we want everything to be local to processors (In registers)

• But registers are expensive and small, hence memory hierarhcy



Simplify It a bit

CPU ALU

Registers

DRAM

compute units

1st layer:

2nd layer:
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Recall How to Estimate AI: count loads

float* A, *B, *C, *D, *E, *tmp1, *tmp2; 

// assume arrays are allocated here 

// compute E = D + ((A + B) * C) 

add(n, A, B, tmp1); 

mul(n, tmp1, C, tmp2); 

add(n, tmp2, D, E);

void fused(int n, float* A, float* B, float* C, float* D,

float* E) { 

for (int i=0; i<n; i++) 

E[i] = D[i] + (A[i] + B[i]) * C[i]; 

} 

// compute E = D + (A+ B) * C 

fused(n, A, B,C, D, E);

Overall arithmetic intensity = 1/3

Four loads, one store per 3 math ops 
arithmetic intensity = 3/5



Review Matmul loop

Read a 

Read b

Write c

n^3

n^3
n^2

#reigsters needed:
1 + 1 + 1 =3 

Read cost:
2 * n^3 * speed(dram -> register) 



Register Tiled Matrix Multiplication

Indexing4D array A using i,k to get
a block of shape [v1, v3 ]

• Assigning the right block to a register block of shape [v1, v3]
• It should be: a[0:v1, 0:v3] = A[i][k]
• RHS is indexing, but LHS is not!



Register Tiled Matrix Multiplication

Read a 

Read b

Write c

N^3 / v_2

N^3 / v_1

N^2

#reigsters needed:
v1*v3 + v2*v3 + v1*v2

Read cost:
(n^3/v2 + n^3 / v1) * speed(dram -> register) 



Register Tiled Matrix Multiplication

• Q: is the load cost related to v3?

• Q: How to set v1 / v2?

• What are the constraints?

• Q: Why essentially can tiling reduce 

read cost?

Read a 

Read b

N^3 / v_2

N^3 / v_1

#reigsters needed:
v1*v3 + v2*v3 + v1*v2



Make it more complicated: Consider L1 cache

CPU ALU

Registers

DRAM

L1 Cache

compute units

2nd layer:

1st layer:

3nd layer:



Cache-aware tiling • We can further tile the array [b1][n] or [b2][n] 
using at the L1-> register level

• What’s the required condition?



Cache-aware tiling

Data movement path:

1.Dram

2.Dram -> l1cache (cache tiling)

3.L1cache -> register  (reg tiling)

Later we apply
register tiling
here..



Cache-aware tiling

A’s dram -> l1 cost:

 n / b1 * n * b1 = n^2

B’s dram -> l1 time cost: 

 n / b1 * n / b2 * b2 * n = n^3 / b1

Vs. previous untiled version?

s.t.

• b1 * n + b2 * n < L1 cache size



Putting Things Together

Outside: cache tiling

Inside: register tiling

• Cache tiling using b1 and b2
• DRAM→ L1 cache reads here

• Register tiling using v1 and v2
• L1→ register cache reads here

We set v3 = 1 (we know it does not
matter)



Putting Things Together

Outside: cache tiling

Inside: register tiling

Cost: dram -> l1
• n/b1*b1/v1*n*v1 = n^2 

• n/b1*n/b2*b2/v2*n*v2=n^2/

b1

Cost: l1 -> register:
• n / b1 * n / b2 * b1 / v1 * b2 

/ v2 * n * v1 = n^3 / v2

• n^3 / v1



In practice 

• On CPUs: We have disk -> dram -> L2 -> L1 -> Register

• How to choose v1, v2, b1, b2, c1, c2?

• While we are reading from dram -> L2, can we concurrently read:

• L2 -> L1

• L1 -> register

• S.t. sizes of L2, L1, registers



Why tiling works: reuse loading

Access of A is independent of 

the dimension of j

Tile the j dimension by v1 

enables resue of A for v1 times



Homework Candidate?

• Q: How to tile?

for n in range(0, N):

  for co in range(0, CO):

    for h in range(0, H):

      for w in range(0, W):

        for ci in range(0, CI):

          for kh in range(0, KH):

            for kw in range(0, KW):

              C[n,co,h,w] += A[n,co,h+kh,w+kw] x B[kh,kw,co,ci]  

Simple spatial loops. 

Reduction loop. 

Stencil computation loops. 

Reduction loops. But usually too small (<= 
5) for parallelization.


	Slide 1: CSE/DSC 291: Deep Learning Systems Spring 2026
	Slide 2: ML System Overview
	Slide 3: Motivating Example: we can go further
	Slide 4: Motivating Example 2: Attention
	Slide 5: Arithmetic Intensity 
	Slide 6: Arithmetic Intensity
	Slide 7: Which program performs better? Program 1
	Slide 8: Which program performs better? Program 2
	Slide 9: How to perform graph optimization?
	Slide 10: Parallelization
	Slide 11: Parallelization Problems
	Slide 12: Runtime and Scheduling
	Slide 13: Operator Implementation
	Slide 14: High-level Picture
	Slide 15: Next: How to make operators run (fast) on devices?
	Slide 16: Our Goal in This Layer: Maximize Arithmetic Intensity 
	Slide 17: Next
	Slide 18: How we can make operators fast in general
	Slide 19: Using vectorized operations: array add
	Slide 20: Data Layout: make read/write faster
	Slide 21: Be aware of your data layout
	Slide 22: MCQ Time
	Slide 23: Strides in High-dimension
	Slide 24: Strides format
	Slide 25: Questions
	Slide 26: Why we bother saving “strides” when saving tensors
	Slide 27: Operator: Slice
	Slide 28: Operator: Transpose
	Slide 29: Broadcast
	Slide 30: Home Exercise: Swapping tiles
	Slide 31: Problems of Strides
	Slide 32: Parallelization (Elementise)
	Slide 33: Summary
	Slide 34: Next
	Slide 35: What is Matmul in Code?
	Slide 36: Matmul Complexity
	Slide 37: How to Make Matmul Fast
	Slide 38: Recall: Memory Hierarchy
	Slide 39: Simplify It a bit
	Slide 40: Recall How to Estimate AI: count loads
	Slide 41: Review Matmul loop
	Slide 42: Register Tiled Matrix Multiplication
	Slide 43: Register Tiled Matrix Multiplication
	Slide 44: Register Tiled Matrix Multiplication
	Slide 45: Make it more complicated: Consider L1 cache
	Slide 46: Cache-aware tiling
	Slide 47: Cache-aware tiling
	Slide 48: Cache-aware tiling
	Slide 49: Putting Things Together
	Slide 50: Putting Things Together
	Slide 51: In practice 
	Slide 52: Why tiling works: reuse loading
	Slide 53: Homework Candidate?

