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CSE 234: Data Systems for Machine Learning
Winter 2025

LLMSys

Optimizations and Parallelization



Logistics Update

®* Enrollment:
* We have ~60 vacancies now, CSE will process enrollments soon
* On Thursday, we will enroll the next batch depending on

availabillity.



Last week

* We summarized our workload
* Matmul + softmax + ...
* Computational graphs
®* Nodes, edges
®* Programming
* Imperative vs. symbolic
® Static vs. dynamic

* JIT and its bottleneck



MCQ Time

You are a machine learning engineer at a company that is providing LLM
endpoints to users. Your goal is running efficient inference for these LLMs.
You are given a framework which has both symbolic and imperative APIs.

While designing your system, would you:

A. Use symbolic mode for both testing and deployment of your system.
B. Use imperative mode for development and symbolic mode for

deployment.
C. Use symbolic mode for development and imperative mode for

deployment.
D. Use imperative mode for both testing and deployment of your system.



MCQ Time

Which of the following is not true about dataflow graphse

A. Static dataflow graphs are defined once and executed many
fimes

B. No extra effort Is required for batching optimization of stafic
dataflow graphs

C. Dynamic datatlow graphs are easy to debug

D. Define-and-run is a possible way to handle dynamic datatlow

graphs



Today

A repr that expresses the
computation using
primitives

A repr that expresses the
computation using primitives

? A repr that expresses the
backward computation using
primitives



Today’s learning goals

* Autodiff
* MLSys architecture overview
* Optimization opportunities

* Operator optimization: kick-starter



Recap: how to take derivativee

Given f(6), what | S5 af ?

Problem:
0 0+e)—f(@ ’
£ = lim JM slow: evaluate t twice to gef
€ ’
f(@ +€) — ]:(9 —€) , one ng]dleﬂT
~ ¥ 0(e%) Error: approximal and

floating point has errors



INnstead, Symbolic Differentiation

Write down the formula, derive the gradient following PD rules

0(f(6) +g(8)) 0f(6) 59(9)

06 o1y, olv,

a(f(8)g(6 daf (6 0
COID) _ ) IO | 1529

0(f(g(0)) 9f(g(6)) ag(6)

00 0g(0) 90




Map autodiif rules to computational graph

y = f(x{,x,) = In(x;) + x;x, — sinx,

" e Q: Calculate the value of 5—;

’ * A:use PD and chainrules
X2 * There are two ways of applying chain
Forward evaluation trace rules

v1=X1=2
U2=x2=5

* Forward: from left (inside) to right

v3 =Inv; =In2 = 0.693 (Qu’[gide)

vy = v XV, =10 : :

Vg = Sin v, = sin5 = —0.959 ® BOCKWOI’d frOm I’IghT (OUTSlde) TO |efT
U6 — 173 ~+ U,gl, = 10.693

v, = v, — ve = 10.693 + 0.959 = 11.652 (inside)

y =v; = 11.652 * Which one fits with deep learninge



Forward Mode AD

y = f(xq,x,) = In(xq) + x;x, — sinx,

- : v,
®* Define v; = —
x1 axl
y ® We then compute each v; following
X, the forward order of the graph
Forward evaluation trace v, =1
Vi =X = 7 sz =0
V, =X, =5 V3 = Vy/v; = 0.5
=lnv1 =In2 = 0.693 U4—U1U2+U2v1 = 1xX54+0%x2=5
v, = VX v, = 10 Ve = U,c0SV, = 0Xcos5 =0
Ve = sinv, =sinb5 = —0.959 Ve =V3+1V, =05+5=55
Ve = V3 + v, = 10.693 Y, = Vs — Vs =55—0=5.5

Uy = Vg — Ve = 10.693 + 0.959 = 11.652
y = vy, = 11.652

* Finally: :;V = 1, = 5.5
1



Summary: Forward Mode Autodiff

® Starf from the input hodes
®* Derive gradient all the way to the output hodes
®* Pros and Cons of FM Autodifte
® For f:R™ — R*, we need n forward passes to getf the grad w.r.1.
each input

* However, In ML: k = 1 mostly, and n Is very large



Reverse Mode AD

| : Ce 0
y = f(x1,%;) = In(x;) + x,x, — sinx, * Define adjoint 7; = —>
i
X — e
' * We then compute each 7; in the
)4 .
reverse topological order of the graph
X5 __0y
¢ dv-
. __0v;
Forward evaluation trace vﬁzv?gz"?’”:l
Vg =Xy = 2 U5 = Tz = (-1 = -1
172=x2=5 :::%:T@X1:1
v =lnv; =In2 = 0.693 I
v3—v6ﬁ—v6x1—1
174 — le vz — 10 . _avg _51;4 L L
Ve = sin vy = sin5 = —0.959 U5 :vsa—w+v4a—w=v5xcosv2+v4xv1 = —0.284+ 2 =1.716
Vg = V3 + 1, = 10.693 v—lzm%+v—3%=v—4xvz+ v—3v1:5+%:5.5

Uy = Vg — Ve = 10.693 + 0.959 = 11.652
y =v; = 11.652

* Finally: ;’% 7; = 5.5
1



Case Study

OO0
©

How to derive the gradient of v,

T = 0y _ 0f(va,v3) 0vy n df (vp,v3) 0vs
1 6121 01}2 61)1 6173 6v1

v, | — 0vs
=Ty —2 + Vg —>
dvy O vy

For a v; used by multiple consumers:

avj

’,7’: — Z vi—>j Where ’UI_U — '17] %
l

JENnext(i)



Summary: Backward Mode Autodiff

® Starf from the output nodes
®* Derive gradient all the way back fo the input nodes
® Discussion: Pros and Cons of FM Autodiffe
* For f:R™ - R¥*, we need k backward passes to get the grad
w.r.t. each input
* InML: k =1 andnis very large

* How about other areqse



Back to Our Question

A repr that expresses the
computation using
primitives

A repr that expresses the
computation using primitives

? A repr that expresses the
backward computation using
primitives



Back to our question: Construct the Backward Graph

* How can we construct a computational graph that calculates the adjoint value®e

def gradient(out):
node to grad = {out: [1]}
for i in reverse topo order(out):
U; = XjVUis; = sum(node_to_grad[i])
for k € inputs(i):

compute vy_,; = V; Py
k

append 7,_,; to node_to_grad[k]
return adjoint of input U,y

f: (exp(v1) + Dexp(vy)



How to Implement reverse Autodift (aka. BP)

Record all partial adjoints of a

def gradient(out): /////,///”///d node

node to grad = {out: [1]}

for i in reverse_topo_order(out):
U; = LV, = sum(node_to_grad[i]) -
for k € inputs(i):

compute v,_,; = v; Py
k

- Sum up all partial adjoints to
get the gradient

. Compute and propagates
partial adjoints to its inputs.

append V,_; to node_to_grad[k]| -
return adjoint of input U,y




Start from v,

def gradient(out):
node_to grad = {out: [1]}

for i in reverse _topo order(out):
» v, = Zj U;; = sum(node_to_grad[i])
for k € inputs(i):
compute v,_,; = v;

6vi

oV

append v,_,; to node_to_grad[k]|
return adjoint of input V¢

(ZZT
node_to _grad: {

4: [v4]
}

—

exp

i = 4:v, = sum(|1])

id



i=4: v, = sum(|1]) =1

_ e 51)4 =
v,: Inspect (v,,v,) and (v,, v,) k=2: Va4 = Va3~ = Va3
_ — 5124 _ _
k=3: V354 = Vy a_ — VpVUy, V354 = Vg
def gradient(out): V3
node_to grad = {out: [1]} @
for i in reverse_topo_order(out):
v; = Zj V;; = sum(node_to_grad[i]) @

for k € inputs(i):
o (2
compute vy _,; = v; oo +
- append 7v,_,; to node_to_grad[k] @ X @
return adjoint of input U,y X

i =4
node to grad: {
\ 2: [_v2—>4]

id

4: [v,]

—




INspect v,

def gradient(out):
node to grad = {out: [1]}
for i in reverse_topo_order(out):
U; = 2jVis; = sum(node_to_grad[i])
for k € inputs(i):
compute v,_,; = v;

6vi

avk
- append v,_; to node_to_grad[k]
return adjoint of input Ui,y

i =3
node to grad: {
2: [V354, V53]
3: [73]
4: [v,]

}

—

i=3: U3 donel

— avg —_

k=2: Vyp3 = Vg 6_172 = Vs

,-d
D

on (3
| e

(") 4

(=) 0™
X

id



INnspect v,

def gradient(out):
node_to _grad = {out: [1]}
for i in reverse_topo_order(out):

M) U, = X7, = sun(node_to_grad[i])

l

|

}

node_to_grad: {

for k € inputs(i):

— 6vi
compute Vy_,; = V;

avk

append V,_,; to node_to_grad[k]
return adjoint of input U ,y;

= 2

20 [V354,V253]

3: [v3]
4: [v,]

——

I=2: V) = Uy 3 T Vpg

exp

O @

_I_

V253

id

id



Inspect (vq, v,)

def gradient(out):
node_to grad = {out: [1]}
for i in reverse_topo _order(out):
U; = XjVis; = sum(node_to_grad[i])
for k € inputs(i):
compute Vy_; = V;

6v,;

avk
- append v,_,; to node_to_grad[k]
return adjoint of input Vi, ¢

[ = 2

node_to_grad: {
1: [v4]

| 2: [Uz_)4,1)2_>3]
3: [v35]
4: [V,]

}

— i

T — ——

I=2: V) = Uy 3 T Vpg

_ —_ avz —
k=1: V152 = V; ov; v,exp(Vy),

V1 = V152




Summary: Backward AD

® Construct backward graph in a symbolic way (instead of concrete
values)

®* This graph can be reused by ditferent input values



Backpropagation vs. Reverse-mode AD

® Run backward through the forward graph ® Construct backward graph

* Caffe/cuda-convnet * Used by TensorFlow, PyTorch



Incomplete yete

* What is the missing from the following graph for ML fraininge

e
_I_
(o=
X



Recall Our Master Equation
plt+1) — f(g(t)’ V: (9(?5)’ D(t)))
L = MSE(ws - ReLU(w1z), y) 6 = {wi,ws}, D = {(z,y)}
f(0,Vy) =60—-Vp

Forward



Put In Practice
p(t+1) — f(g(t)’ V: (9(?3)’ D(t)))
L = MSE(ws - ReLU(w1z), y) 6 = {w1, w2}, D = {(z,9)}
f(0,Vy) =60—-Vp

| Operator/ its output tensor —— Data flowing direction

Forward

[ wl 1 [ W2 } [SZ] [ wl 1 w2 wl W2 y
matmul }—{ relu H matmul @ matmul H relu matmul matmul [ relu matmul MéE
[ relu’ }——[matmul Mé relu -[matmul MéE’

}%
matvmul J ma’émul mat}nul J}/ matvmul }
sLb [ sLb




Homework: How to derive gradients for

® Softmax cross entropy:

Xi

L ==t log(y;),y; = softmax(x); = YeXd



Today

* Autodiff

* Architecture Overview



MLSys’ Grand problem

* Our system goals:
e . et

@9 * Scale

| * Memory-efficient

* Run on diverse hardware

* Energy-efficient

Easy to program/debug/deploy



ML System Overview

-

SGD Trainer

N T

. :
Logit Layer =)
)

bl
-
— |
=1

Dataflow Graph

Autodiff




Dataflow Graph

Autodiff

Graph Optimization

* Goal:
®* Rewrite the original Graph G to G

® G’ runs faster than G



Dataflow Graph

Autodiff

Motivating Example: ResNet

Z(n,c,chw)=Y(n,c hw)*R(c)+ P(c)

BatchNorm

Y(n,c,hw)= (Z X(nd h+uw+v)*xW(c, d,u,v)) + B(n,c,h,w)

duv



Dataflow Graph

Autodiff

Motivating Example: ResNet

Z(n,c,hw) = (Z X(nd,h+uw+v)*xW, (c,d,u,v)) + B, (n,c,h,w)

duv

BatchNorm

Wyo(n,c,h,w) =W(n,c,h,w) * R(c)

B,(n,c,h,w) = B(n,c,h,w) * R(c) + P(c)

*  Why the fusion of conv2d & batchnorm is faster?



Dataflow Graph

Autodiff

Motivating Example: we can go further

Conv3x3
+ Relu
Conv3x3
+ Relu

I
I

T e

Fuse
conv & add

!

(Decrease performance)

*  Does each step become faster than previous step?
How does It perf on different hardware?



Dataflow Graph

Autodiff

Moftivating Example 2: Attention

attention
head
X = "that" =
I ? QI.'J q = EQW . .
- ||| T — e # Original
O weights Q = matmul(W_q, h)
*
X ) B *) ? — K = matmul(W_k, h)
Ol K = XK, . V = matmul(W_v, h)
girl > vl W > —_— &
run C.) —»
= Context = # Me FQEd OKV
T
X — q K v QKV = matmul(concat(W_qg, W_k, W_v), h)
va V = XV 2Q, * XK7T
Lo - > W softma:t:(_ - w)*XVw
- 100
©
| | |
300 wide 100 wide

Why merged QKV Is faster?



Arithmetic Intensity

Al = Hops / #bytes



39

Arithmetic intfensity

void add(intn, float* A, float* B, float* C){
for (int i=0; i<n; i++)
Cli] = Al[i] + B[i];

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

1. Read AJl]
2. Read BJi]
3. Add A[i]+B]i]
4. Store CJi]




40

Which program performs bettere Program |

void add(intn, float* A, float* B, float* C){
for (int i=0; i<n; i++)
Cli] = Ali] + B[i];
}

void mul(int n, float* A, float®* B, float* C){
for (int i=0; i<n; i++)
C[i] = A[il * B[i];
}

float* A,*B, *C, *D, *E, *tmpl, *tmp2;
// assume arrays are allocated here

// compute E =D + ((A + B)* C)
add(n, A, B, tmp1);

mul(n, tmpl1, C,tmp?2);

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



41

Which program pertforms befttere Program 2

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

// assume arrays are allocated here

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

add(n, A, B, tmp1); Overall arithmetic intensity = 1/3
mul(n, tmpl, 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]; Four loads, one store per 3 math ops
) arithmetic intensity = 3/5

// compute E =D + (A+ B)* C
fused(n, A, B,C, D,E);



Dataflow Graph

Autodiff

How to perform graph optimizatione

* Writing rules / tfemplate

* Auto discovery



Dataflow Graph

Autodiff

Parallelization

* Goal: parallelize the graph compute over mulfiple devices

How fo partition the computational graph
on the device clustere

Fast connections
[ wl W2 " Slow connections
matmul relu matmul MSE node node
[ relu’ matmul MSE’

— T

matmul} matmul

hode hode

- e Enf et Enl ol el el Bl E




Dataflow Graph

Autodiff

Parallelization Problems

* How fo partition

* How to communicate
®* How fo schedule

® Consistency

* How to auto-parallelize¢



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



Operator Implementation

* Goal: get the tastest possible implementation of
* Matmul
* Conv2de
* For different hardware: V100, A100, H100, phone, TPU
® For different precision: fp32, fp 16, P8, fp4
* For different shape: conv2d_3x3, conv2d_5&x5, matmul2D, 3D,

attention



High-level Picture

Data Model Compute

(mostl tmul) ?Make them run on (clusters
? {xi}ni=1 MO METmS of ) different kinds of
hardware

Math primitives

A repr that expresses the
computation using primitives



Next: How to make operators run (fast) on devicese

Dataflow Graph

Autodiff

@ o

Operator optimization /compilation



Our Godl in This Layer: Maximize Arithmetic Intensity

max Al = Hops / #Hbytes



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
Why vectorized Is faster than

unvectorizede
Float A[256], B[256], C[256] for (int i = @; i < 64; ++i) {
. . . . float4 a = load floatd4(A + i*4);
For (int 1 = 0; 1 < 256; ++i) { float4 b = load float4(B + i*4);
C[l] — A[l] n B[l] floatd c = add_float4(a, b);

store float4(C + i* 4, c);

unvectorized vectorized



Data Layout: make read/write faster

® How fo store a maftrix iIn memory

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

* Row Major: All, |] = A.data[i*A.shapel[l] + |]
* Column major: A[l, || = A.data[j*A.shapel0] + ]

8bytes Bbytes Bbytes Bbytes Bbytes Bbytes 8bytes 8bytes 8bytes 8bytes 8 bytes 8 bytes

Sgtniaaaann

Row-major order

Column-major order
- 5 _

- a

a
a

a
a

T

21

31

11

21

31

a
a
a

a
a
a

12

22

32

12

22

32

a
a
a

a
a
a

13

23

33

13

23

33




Assuming row-major

Be aware of your data layout

int sum array rows (int a[M] [N])

{

dalrray
a a a
[O] | « <« <« [ [O] | [1]
[0] [N-1]] [O]

int 1, j, sum = 0;

for (J = O;
for (1 = 0;
sum += a[i] []J]~

return sum;

J < N; jJ++)

i < M; i++)

How to Improve the above programe



MCQ Time

Data
ML Systems Store Data In:

A. Row major
B. Col major
? {xi}ni=1 C. Strides format: A[i, j] = A.data[offset +
I*A.strides[0] + | * 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

1 Ai0 |11 12 A internal

stride offset

10 A.strides
11 A.strides

12 A.strides

in A.strides | n

CO ~J v N H W M



Strides format

* What we have when: strides[ 1]
* Astrides[O] =1, - I
* Astrides|[l] = A.shapel0]?
* What we have when:
* A.strides[O] = A.shapell]

® Astrides[l] =1,
strides|[1] Underlying storage
® Strides offers more flexibility o _

4 5 | 6 7 8 9 10 M 12 13

strides[0] 4 5 6 7

'

14 15

o
N
w

strides|O]



Questions

* [f a tensor of shape [1, 2, 3, 4] Is stored contiguous In memaory

following row Major, write down its stridese

torch.arange reshape
print(t

print(t.stride
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