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About Me

| am now machine learning system researcher scientist at ByteDance. | am in TopSeed
program. | completed my Ph.D. in the School of CS at Peking University, where | was advised
by Prof. Yun Liang. | also worked with Professor Luis Ceze on LLM serving and optimization
from September 2023 to January 2024 as visiting Ph.D. in SAMPL at the University of
Washington. My recent publications investigate new algorithms, abstractions, and frameworks
for efficient code generation on CPU and GPU. My research has been recognized with MICRO,
ASPLOS, ISCA, HPCA, TPDS, DAC, and MLSys. | received my B.S. degree in the department
of Computer Intelligence Science at Peking University. | am PC member of ChinaSys; reviewer
of TPDS and TACO; sub-reviewer of MICRO, PPoPP, MLSys, ICS, and ICCAD.

Selected Publications

[MICRO 2023] Size Zheng, Siyuan Chen, et al. TileFlow: A Framework for Modeling Fusion Dataflow via Tree-
based Analysis

[DAC 2023] Size Zheng, Siyuan Chen, et al. Memory and Computation Coordinated Mapping of DNNs onto
Complex Heterogeneous SoC.

[HPCA 2023] Size Zheng, Siyuan Chen, et al. Chimera: An Analytical Optimizing Framework for Effective
Compute-intensive Operators Fusion

[ISCA 2022] Size Zheng, Renze Chen, et al. AMOS: Enabling Automatic Mapping for Tensor Computations On
Spatial Accelerators with Hardware Abstraction .

[TPDS 2021] Size Zheng, Renze Chen, et al. NeoFlow: A Flexible Framework for Enabling Efficient Compilation for
High Performance DNN Training

2 [ASPLOS 2020] Size Zheng, Yun Liang, et al. FlexTensor: An Automatic Schedule Exploration and Optimization
Framework for Tensor Computation on Heterogeneous System



Background

« Al Chip
« Al Algorithm

« Al Compiler

Techniques

« Compiler for
DNN Graph

« Compiler for
Operator

« Compiler for
Distributed

Future Work

e Triton-CuTe

« LLM for
Compiler



The Golden Age of Compilers

pattern-matching passes

1 expert-defined optimizations {
Two Streams of polyhedral model
Techniques : .
9 user-defined optimizations: compute-schedule decomposition
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Previous Projects

DNN
Graph

Operator

NeoFlow framework
(TPDS 2022 paper)

Model DSL Type System
L Autograd Convertor
( .
Graph IR Fusion
L Substitution Distribution
(" "
Loop IR Tiling
Polyhedral Transform
g
(| . .
Instruction Tensorize
Vectorize Selection
\_

Chimera (HPCA 2023 paper) TileFlow &
Domino
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SuSy (ICCAD 2020 paper)
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Compiler for DNN Graph

Chimera COMB
@HPCA’23 @DAC’23

Fusion
Optimizations

Operator
Mapping




New Operator Support Challenge

1. Kernel Implementation for both forward and backward
2. Generalized fusion optimization with other operators

0~ i | shape | Batch | In.C | OutC | Height | Width | Capsules |
1 64 256 28 28 8

9 Input placeholder

I I
I I
I I
I I
o label placeholder [ I PyTorch TensorFlow NeoFlow
_ I I
@ weight placeholder I [ Latency 1.529 ms 4.192 ms 0.451 ms
I I
I I Launch Overhead 0.473 ms 0.717 ms 0.007 ms
=== === = === S R Ty R AN : Kernel Overhead 0.899 ms 2.532 ms 0.390 ms
L _ _ forwardpart |
......................................... Utilization 65.5% 77.9% 98.2%
: loss part :
| backwardpart | | express new operators with existing
| operators can be inefficient
func1: grad MSE for ReLU I
func2: grad ReLU for Mul . > gradient W2
func3: grad Mul for Conv I
func4: grad Mul for weight 2 . \ ) i
func5: grad Conv for weight 1 |_ o imcS_ 1 gradient W1

.g., add : .o . .
9 © gapasmen(ezgvn?,p C[b: kapa g, 7’:.7] — A[ba C,p* 2+ T,q* 2+ S, 1, k] * B[k, c,7,s, k},j],



NeoFlow Framework

Two Techniques:
Graph & | Model | Expression 1. Expression-based Autodiff
Expressions Transform Autodiff . .
.......................................................... lower- ... odel-def 2. Generalized Fusion
Compile Round ¥
Code Kernel Scope Tensor Declaration Op1l: Padding

B[n, c, h, w] = Select(
h>2 && h<226 && w>2 &8& w<226,
Aln, ¢, h-2, w-2], 0)

C =tensor([64, 3, 3, 3])

Generation Partition
A =tensor([1, 3, 224, 224])
/ B = tensor([1, 3, 228, 228])

Code latency Auto

D =tensor([1, 64, 112, 112])

I
|
I
I
I
I
: > : |
Evaluation feedback Scheduling E = tensor([1, 16, 224, 224]) | Op2: Dilation Conv
. . - ’ ’ 1 I
...... T e compilation F =tensor([1, 19, 224, 224]) | DIn, k, p, g] = ReduceAdd({r, s},
hlgh-perfhb ....................... I B[n’ CI p*2+r*2) q*2+s*2]
Graph A Saved Graph Structure : *Clk, ¢, T, s)
Execution Library I
| Op3: Depth2Space

| EIn, ¢, h, w] = D[n, c*4+h%2*2+w%2, h//2, w//2]

I
Weights Trained : Op4: Concatenation
Train Iteration Update Model execution I tensor : F[n, ¢, h, w] = Select(c<3

|
|

EO op A[nl c, hl W]l E[nr c-3f hl W])

Overview of NeoFlow
10 Tensor Expression



Expression-based Autodiff

Insight: Autodiff for an expression is to get the reversed mapping of index
B[;El, co ,J?N] — FR:
(Al[fll(.fcl, cery TN T1y eeny TL), .. ,flbl (:l?l, ceey LNy T1y ooy ?”L)],
A2 [f12(.’L'1, ceiy NS T1, ey T'L), .. ,ffh (1131, cees LNy T1y eeey T'L)],

.oy

Reverse mapping of:
AK[flK(Scl,...,:EN,Tl,...,’I"L),...,fﬁK(ml,...,SCN,T‘l,...,?"L)]) pp g

1. computation operation
F (easy)

dA;[Z,.... 2 1 =Hp_rv
#o - Fad = et } 2. index mapping f (hard)

(dBlg1(Z; - -+ Zhg>Ths s T) s - 0 ON (205 oo 205 T s TP
AL[hi (2, 2 T oo D)y oy By (2o 2y, T o 7))
9

Ag[hE(2, ... 1YL Ty % hf,_,K(zi, s 2 T e T)]),s

11



Solution for Affine Transformations

Insight: For affine index transformation, the problem is reduced to solving a
linear (or affine) system problem

f{(.’l’:l, ey TN, T, ...,?"L) — 21,
e

f;v_rz ('7:17 cery TNy T1yeeny TL) — ZM@:

linear (or affine) system
X are unknowns, z are constants

12

transformation
matrix

1l
X

for quasi-affine cases:

. find or create quasi-affine sub-

expression pairs

. substitute quasi-affine sub-

expressions with new variables



Running Example

Out|b,k,p,q]l += In[b,c,p *2 +1,q/2 + s] * Weight[k,c,r,s]

Z
b b 100 000 0 i
4 1 00 00 0 0 k k 000 0100 2
Zy 000010 0 p ‘p*_O()lOO—lO Z3
zz ~ 0020010 X g solvethe .= 000100 -1 X z
Z4 0 001 0 0 1 c linear . 0 1.0 0 0 0 O fi
system 0 00 0 0 1 0 2
r r 000 00 0 1
S S f3
q*=q/2 p*:p*z
fa = qmod 2 p=p/2
q=q**2+f, construct expressions accordi‘ f1, f2, f3 are free variables for reduction
to the inverse

dInlzy, 2, 23, 24| += dOut|zy, f1, (z3—12) /2, (24 — f3) * 2 + fu] * Weight[f1, z3, f2, f3]

13



Generalized Fusion

Insight: Co-optimize both forward and backward graph

1. Four Patterns
2. Cost Model
3. Coupled effect

14

Many + Many _8 T~ Ts 0Pt 0P , | Many+One ol
Py 173 P P, B.
o (A ]
e ()
a [D]
[ D]
forward backward forward backward forward backward forward backward

Data transfer: 3T, + 3T + 6T, + 3T, + 3Tz

Data transfer: 3T, + 3T + 4T, + 4T¢

Data transfer: 3T, + 3Tg + 5T + 2Tp

Data transfer: 3T, + 3T; + 3T,
Op; + Op, +20p; +

Computation: Op, + Op2 + O0pz + Computation: 20p, + Op +20p; + Computation: Op, + Op2 + Ops + Computation:
Op, + 0ps + 0ps Op, + Ops + Op, . Ops + 0ps L3 Op, +0ps
#Kernel: 6 #Kernel: 4 AKarne’. #Kernel:
One + Many g=Ts_ 0P , | One+One -2
P, P F,
[CA] -e- [8A]
- - @
[D]
forward backward forward backward forward backward forward backward

Data transfer: 2T, + 5T + 3T, + 3T,

Op,; + Op, +0p5 +

Computation:
Op, + 0ps

#Kernel: 5

Data transfer: 2T, + 3T + 3T

Computation: 20p; + Op; + Op3 +
Opy + Ops

Data transfer: 2T, + 4T + 2T
Computation: Op, + Op, + Op; + Op,

#Kernel: 4

#Kernel: 3

Data transfer: 2T, + 2T,
Computation: 0p, + Op, + Op; + Op,

#Kernel: 2




Performance

Evaluate some special networks with customized operators

AL nhnll

ResNet-50 CapsuleNet ShuffleNet MI-LSTM SCRNN subLSTM LLTM

Speedup
ORRNWPRUOON®R

Relative Performance
O wW R~ 000

bl b16b32b64 bl b16b32b64 bl ble b32 b64 bl bleb32b64 bl bl6b32 b64 bl ble b32 bed

CapsuleNet ShuffleNet MI-LSTM SCRNN subLSTM LLTM
Bbl6 Bb32 O be4 E TensorFlow O XLA E NeoFlow

Training: 1.92x to CuDNN and 2.43x to XLA

16 a) Inference Performance (LLVM backend)

: -—J J —] J
4
bl bl6 bl bl6 bl bl6 bl bl6 bl bl6 bl bl6

CapsuleNet ShuffleNet MI-LSTM SCRNN subLSTM LLTM
@PyTorch OTensorFlow @XLA @ PyTorch+CuDNN @ NeoFlow

15 Inference: 6.72x to CuDNN and 4.96x to XLA

Relative Performance
co



Aggressive Fusion Challenges

Compute-intensive operators chains are hard to fuse

spatial cores
SUNPY SUINPY SUIPY SYIIPY

Tensor B

Shapes:
Tensor A: [M, K]

Tensor B: [K, L]

TensorC  Tensor C: [M, L]
Tensor D: [L, N]

Tensor E: [M, N]

Tensor A

sdals uoInNIaxXa

Decompose:

M->M/Tm, Tm v .
Tensor D Example execution order: mink

N->N/Tn, T
" Iterate along k-dim
K>K/Tk, Tk first, then n-dim,
L>LTI, TI then I-dmp finally,
m-dim

16



Chimera: Analysis Technique

Three insights:

1. Loop variables that are absent in tensor access won’t cause
data movement

2. When inner loops cause data movement, outer loops will
also cause data movement

3. Loops that are private to producer operators won’t cause
data movement for consumer operators

17



Running Examples

Insight 1: Loop variables that are absent in tensor
access won’t cause data movement

L
.I'—'A'ﬁ
[

B

| wip
G M
|
D [ —
|

o} wip

order:m, k, I, n . " di,:n. . am
for m in range (0,M, Tm) : <« reuseB,D,replaceA,C,E M{"?"? f §|_Ei_
for k in range (0,K,Tk): < reuseC,D,E,replaceA,B * e
for 1 in range (0,1, Tl) : & reuse A, D, E, replace B, C
Clm:m+Tm,1:1+T1]+=A[m:m+Tm, k:k+Tk]Q@B[k:k+Tk,1:1+T1]
for 1 in range(0,L,Tl): <« reuseA,B,E,replaceC,D
for n in range(0,N,Tn) : & reuse A, B, C replace D, E

Em:m+Tm,n:n+Tn]+=C[m:m+Tm, 1:1+T1]@D[1:1+T1l,n:n+Tn]

18



Running Examples

Insight 2: When inner loops cause data movement,
outer loops will also cause data movement

_;II

order:-m, k, I, n

| wip

o wip

=
_A._3

| |
for k in range (0,K, Tk) : « reuseD,E,replaceA,B,C ~1 —

K N

I
B
I
dim k dim | dim n
I
c
I

for m in range (0,M, Tm) :< replace A, B, C,D, E M]I '

for 1 in range (0,1, Tl) : &reuseA, D, E, replaceB, C
Clm:m+Tm,1:1+T1]+=A[m:m+Tm, k:k+Tk]Q@B[k:k+Tk,1:1+T1]
for 1 in range (O,Lr T1) : < reuseA, B, replace C,D, E
for n in range(0,N,Tn) : <&reuseA,B,CreplaceD,E
Elm:m+Tm,n:n+Tn]+=C[m:m+Tm, 1:1+T1]@D[1l:1+T1l,n:n+Tn]

19



Running Examples

Insight 3: Loops that are private to producer operators won’t
cause data movement for consumer operators

_aﬁll

order: m, k, |, n

| wip

B

) wip

I
dimk dim!| dimn

for m in range (0,M, Tm) :

: Private loops, have [ ./
for k in range (0,K,TK): | noinfluence on the M{_'?'"g T 3|_Ei_
for 1 in range (0,5, Tl) : | consumer operator ¢ e
Clm:m+Tm, 1l:1+Tl]+=A[m:m+Tm, k:k+Tk]dB[k:k+Tk, 1:1+T1]

for 1 in range(O,L,Tl).
for n in range (0,N,Tn) :
Elm:m+Tm,n:n+Tn]+=C[m:m+Tm, 1 :1+T1]@D[1:1+T1,n:n+Tn]

20



Minimize Data Movement Volume

Use Lagrange Multiplier method: —— |
% B % n° N
Use GEMM chain as an example (mikn) o e R
. : : 5 T T =
A B C D E M{_. pgin | g |
DM | MK[+1 | KL[7 -1 | O NL[ -1 | MN[7] 5 | 3|
"DF | TyTxk TTr, TymTr | ToTN ThTN T i N
Constraints:
DVGEmM chain = DMa + DMp + DMc + DMp + DME Total memory footprint
M2+ ko2 v M+ w2 should not exceed
T T T Tt

memory capacity

21



Performance

8 8

(0]

c

o 6 6

£ 4 4

=]

|5

a 2 2

(]

E 0 0 L _
L Gl G2 G3 G4 G5 G6 G7 G8 GY G0 Gl1 G122 GEO Gl G2 G3 G4 G5 Ge6 G7 G8 G9 G110 G1l1 G12 GEO
7]

o a) Batch GEMM fuse batch GEMM b) Batch GEMM fuse softmax fuse batch GEMM

o 8 8

o

% 6 6

£

S 4 4

T

7]

g ri' f" :

(]

>

'r-l_a-r 0 0 l
] Cc1 c2 Cc3 o} C5 Ce Cc7 c8 GEO Cc1 c2 Cc3 C4 C5 Cé6 Cc7 c8 GEO
e c) Conv fuse Conv d) Conv fuse RelU fuse Conv

[@ PyTorch M TASO [ Relay [ Ansor [ TensorRT [ TVM+Cutlass Il Chimera

GEMM + GEMM, Conv + Conv, 2.77x to PyTorch on CPU and
5.79x to PyTorch on GPU

22



Operator Mapping Challenges

Design space formalization and exploration

Hardware Resource Spatial Sharing Routing Distance in Mapping
Map more layers at the same time to hardware The bandwidths between different accelerators are not the same
@ @ @ Layer L1 | L2 | L3 | L4 | L5 | L6 @ @ @ Layer L1 | L2 | L3 | L4 | LB | L6
Dataflow OS | WS | 0S | WS |WS | WS Dataflow 0S | WS | 0S | WS | WS | WS
Resource (unit) | 3 4 | 3 4 4 | 3 Resource(unit) | 3 | 4 | 3 | 4 | 4 | 3
a) Sub-graph to schedule b) Layer-wise optimal dataflow and resource usage a) Sub-graph to schedule b) Layer-wise optimal dataflow and resource usage
accl acc2 acc3 accl acc2 acc3 accl acc2 acc3 accl acc2 acc3
(L {s{W U 0 41 @ =[O =lr3) eqsj TS S @S] L[S T 1o [WS
High-BW High-BW Low-BW
c) Dataflow-optimal mapping d) Spatial sharing mapping (not dataflow optimal)

Computation and Memory Coordinated Mapping

How to achieve better mapp"'g? Consider both resource sharing and routing bandwidth
R accl acc2 acc3 accl acc2 acc3
1. generate the design space (oo 0 5T s [0 (o0 =[5 s
2. explore the design space
accl acc2 acc3 » accl acc2 acc3
A(E; = =(“S 0s] | = =0
T > = v Reduced latency
acc acc v' Less data transfer
| (0S) [( Vo igh utilizati
23 data tm:ﬂinsmr ; E(I)%\?;Jr;[glrgtf;nsumption




COMB: Space Design and DSE

Heterogeneous DNN and Heterogeneous SoC

Properties of DNN and SoC

Explanation

Get the predecessor layers of layer L € V'

Data transfer volume for outputs of layer L

Get the dataflow group of layer L

Get the number of PEs of accelerator acc

Get the scratchpad capacity of accelerator acc

Get the dataflow of acceleraotr acc

DNN Graph
G = (]/, E) Name |
DNN Related Methods

Multi-DNN Graph P];%d(%)
GroupOf(L)

g = (G1=G2a s G ) SoC Related Methods
NumPE(acc)

Hetero. SoC MemCap(acc)

H = (A, Net) Dataflow(acc)

A = {accq, acca, ..., accy } Comm(acey, accz, V)

The cost of transferring data of volume V'
from accy to accy according to Net

Net = {(acc;,accj, cost)|l < i,57 < N}

Mapping Multi-DNN Graph to Heterogeneous SoC

Graph Grouping
Dy XDy %--- XDk where D; ={Lj,L5,...Lp}
D;ND; =0 Vi#4i,(D1U..UDg)= (V1 U..UVy)
Lie(Viu..uVy) 1<i<K, 1<j<P

The Optimization Problem

Group Mapping
Map : {Dl, Do, ...,DK} — A
Time: {D1,D2,...,Dg} - R

Constraints

> PEUsage(L}, Dataflow(Map(D;))) < NumPE(Map(D))

m?.x{Time(Di) + Cost(D;)}

J
min M Li,D Map(D;))) <M Map(D;
D, X...XDg,Map,Time ZJ: emUsage(Lj, Dataflow(Map(D:))) < MemCap(Map(D:))

Time(D;) > Time(D;) + Cost(D;), ¥D; < D; and D; 4 D,

24

(ole]ele])
= (A00 O
S OlO

a) Multi-DNN example
(a local part)

b) Different Dataflow Grouping Choices

The layers in the same group will use the same dataflow

Different Mapping Choices

acc2 | acc2 [ i D2 accl | acc3
» L D3
accl D4 DS acc2 | acc2
—{_ D6 ]

mapping mapping

Different Accelerator Mapping Choices (left: 5 hops, right: 3 hops)

The layers communicate with each other via:
1) intra-accelerator communication (on-chip memory)
2) inter-accelerator communication (routing)



DSE Algorithm

The Steps in Algorithm Generate New Grouping Choices

Step 1: Random Grouping Get the initial population rom

I [eXe)ele) QOO Q| ramer
, .00 Olx -  Gane
Step 2: Greedy Mapping Map the groups to SoC O OO0 © O . From
Mother
@ Crossover to Generate New Grouping Choices
Step 3: Evaluation for Fithess Check performance, resource, etc.

g

Step 4: Crossover & Mutate Generate new population

Algorithm Skeleton: Minimize communication for each group Generate New Grouping Choices

for each group 2
Map[/] = None; Time[ ] = inf;

foraccinA: o [Q QIO O ] ‘\g’éi‘,f
end_time = 0; Get the finalize time of the group [Q CI@ Q ] » e
for each layer L in : @ OI OJ [O OI 9

start_time = Max(acc.cur_time, end_time_of_preds(L) + transfer_overhead)
comp_time = ComputelLatency(L, acc)
end_time = max(end_time, start_time + comp_time)

if end_time < Time[/]: _
Map[ /] = acc; Time[ ] = end_time; | Greedy mapping

d) Mutate to Generate New Grouping Choices




Performance

Speedup to H2H: 1.23X -1.91X Geometric Mean Speedup to H2H: 1.38X
Latency Results Speedup to MAGMA: 1.21X - 1.84X Latency Results Geometric Mean Speedup to MAGMA: 1.28X
2 o3 Low BW 018 Low BW z 03 High BW 010 High BW
g o3 Small SoC 014 Large SoC 2 0% Small SoC 012 Large SoC
Q - 0.12 2 02 0.1
© 02 ot ® 0.15 0.08
0.15 : 0.06
N TN TY £ A L) 5 ]
S oL ’_% 0.02 IE g o e 0 E
o) L ~ . o x o Q™ ‘\ S & D 2 O
i (\'\}é? :2‘65\ ¢$}®¢g)6’\.§§ ¢ (\’\.ﬁ;\ K‘dg\ "22}@0&69@? & G _00’\’\%(\‘3@ Q"%\:} ®\>¢f+®3*‘\ > . o°'\>¢0 (\2?‘@(0 (@@%Gb’\% zb'é\ 6:2@'
& 4\'@“’0 N2 & W & \'\éa\"o N & N @ @ VS W NIRCS MR &
Hardware Utilization 1.28X to H2H and MAGMA
504
® 0.2
N
..'_:
D
o
2
=
©
26 T
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Compiler for Operator

FlexTensor
@ASPLOS’20

General
Auto-
Scheduling

AMOS
@ISCA’22 In Progress

Special
Tensorization

Template
Generation

28



General Auto-Scheduling

Auto-Scheduling: creating passes with composable schedule primitives

Assumptions:
1. Schedule primitives WaUclelfisalig Optimization Source Code
are general enough '

for hardware
2. Itis possible to

produce comparable EQ@ {Manual} @{ Auto } @{ Auto }

performance using
schedule primitives

EQ focus on algorithm

These assumptions are true for pre- Eﬁ&' hide hardware details from
Volta NV GPUs and other GPUs that 2 Usfrs fse in alaorith
are similar to NV GPUs e Y SFPETHSE N AIGOTIERM

29



FlexTensor: Space Formalization and DSE

. analysis
description )@ structural >pace space
Info

explore
FlexTensor  repeat
evaluate
@ \
generate generate :
Soucrjce low-level scheduling El
COaeE source code | < sequence .
{ Eﬂ schedule conﬂg/

=, : _ (Dstatistical info( ™ generate Y \
- compute static ) | schedule ﬁ-:schedule

30



Space Reorganization

Insight: Most design points are similar, the design space has locality

start optimial

0. 0000 00000®  ,...600 _,_,Q_Qj.....
transform to higher l according to E’ ‘@’
dimension structural similarity start
® ® ® & rcarrange to high-
similar to sees dimensional space
each other - [. . .] can potentially
O . . . ] shorten the path
[ [C) . ] O . from starting point
O . .J S optimial to optimal point
eoo0e

Reorganize the space into high-dimensional space enables efficient DSE

31



DSE with RL and Heuristic

@0 o)
Use Simulated Annealin
. R g O [C> . . J choose from 1, 2, and 3
to find start points oX X)) known value: v1. o2, 2%
XE XK ;‘ptimim the best one known:EI

choose according to possibility:

N —Vi)

eV v [i=1,23
allow choosing multiple points

1. keep record of visited
points: discard @

2. use DQN algorithm to
predict Q-value of each
direction: q1, ¢%, ¢3

® ® ® @ optimial 3. choose the largest one:

q* = max(q'),i=1,2,3

Use Q-Learning to predict
modification direction of
current point

32



V100

0.75
0.5
0.25

P100

0.75
0.5
0.25

Titan 1
0.75

0.5

0.25
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Performance

B PyTorch @ cuDNN M FlexTensor

GMV GMM BIL C1D TiD C2D T2D C3D T3D GRP DEP DIL GEOMEAN
GMV GMM BIL C1D TiD C2D T2D C3D T3D GRP DEP DIL GEOMEAN
GMV GMM BIL C1D TiD C2D T2D c3D T3D GRP DEP DIL GEOMEAN

only use CUDA Cores on GPUs:

P100 1.68x to CUDNN
V100 1.83x to CuDNN
Titan 1.71x to CuDNN

Tensor Computations

Operator Abbr.

GEMV GMV

GEMM GMM
Bilinear BIL

1D convolution CiD
Transposed 1D convolution | TiD
2D convolution Ccz2D
Transposed 2D convolution | T2D
3D convolution C3D
Transposed 3D convolution | T3D
Group convolution GRP
Depthwise convolution DEP
Dilated convolution DIL
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Al Chips are Increasingly Customized

Core 0O Core 1 Core 2 Core -

o —1FPRER | [P P [
3 S < N
o |l =]
3 )L \\
v4 v+ spatial architecture

Global Memory (L2)

Level O: Scratchpad + PE Array
Level 1: Shared Memory + Sub-cores

] ] Level 2: Global Memory + Cores
Use dataflow architectures for higher performance and lower energy

Challenge: optimization beyond the scope of general scheduling
__m512d mm512 add pd (_ mb5l2d a, = m512d b)

Add two vectors Left 0p¢erand Right of)erand

wmma: :mma sync(c_frag, a frag, b frag, d frag)

Matrix multiplication Accumulator Operand A Operand B Accumulator



AMOS: Generalize Intrinsic Mapping

Insights:
1. Most intrinsics just represent BLAS semantics
2. Operator expression can be factorized into smaller BLAS operations

(High-level Software _IJefinition
* |terations
_Scalar Program e Tensor A (
S ensor Access ) ‘ SW-HW Mapping

Q " Hardware Abstraction ) ' Generation }
Low-level o« Compute ~
HW Intrinsics . * Memory y

[ Implementation 1 ( SW-HW Mapping 1 ( SW-HW Mapping J,

J L Exploration J L Validation

vt vt
(Perf. Model ][ Learn Algo. |
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Most intrinsics just represent BLAS semantics

36

c[i] = ali]l*b[1i]

a0 [ al | a2 | a3 | a4 | ab
X

bO | bl | b2 | b3 | bd | b5
I

a0+ |[al*x | a2+ |[a3* | ad* | abx

b0 bl B2 b3 b4 b5
Level 1

Vector Operations

cli] [1, k] *b[k]
cO a00 | a01 | a02 | a03 b0
c1 | | al0|al1|a12 | a13 bl
c2 a20 | a21 | a22 | a23 b2
c3 a30 [ a3l | a32 | a33 b3

Level 2

Matrix-Vector Operations

c[i,J] = ali,k]l*blk,]]
b00|b01|b02[b03
b10|b11|b12(b13
b20|b21|b22[b23
b30[b31{b32(b33

a00]a01|a02({a03 c01(c02|c03
alOlalll|al?2|al3 cll|cl?2|cl3
a20(a21|a22|a23 c21l(c22|c23
a30[a31|a32(a33 c31(c32|c33

Level 3
Matrix- Matrix Operations




Matching Intrinsic and Expression

Example 1 g

Example 2 g

Mapping
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Performance

Mali GPU: Bifrost architecture with dot intrinsic

cl0] += alk]*b[k] convolution data layout transformation R

"inline void "

] " 1 ##
a0 al az a3 1 2 3 4 ! z = > 8 17 |° 10 AL ‘ arT;":OZZZ fn;"' =2
5 |16 |7 2 |3 (4 |6 |7 (8 |10f11]12 " for (prefix char xend :
X 9 101112 ‘ 5 |6 |7 |9 [10]|11] 1314 15 " acc += arm_dot(x(pret
' %C += acc;"
bO | bl | b2 | b3 13114 15| 16 6 |7 |8 |10]11|12]1415] 16 ——
1|
Y.ai*bi 4x4 Tile 4x9 matrix code with dot
intrinsic
g 10000 F=rr=——r—x ey 927 802 g1 158 g5
'IE E 100 = 30 17 el
2 N
2 1 1 =
& comw2dl 2 3 4 5 6 7 Depthwise1 2 3
Mali G76 GPU resutls ™WM [ AutoTVM AMOS To AutoTVM, an order of

magnitude speedup
38



Performance

AVX-512 CPU: with VNNI instructions

c[1] += ali,k]*b[1, k]

PoLr_rTeguitiion = Lve.Lar.cann

Convolution data layout transformation -1z,
“Llve. x86, avxS12.paaddubs . w. 5127,
aO al a2 83 a4 a5 a30 a31 R tva.tir.const(0, “uint32"),
112 |3 |4 1 {23 |5 |6 [7 |9 [10]n2 —)
X 5 |6 |7 |8 2 [3 04 |6 |7 |8 [10[11]12 ;m i e s
1 2 4 b30 | b31 hxineg .tir.call_llve_pure_intri
sl Ml Ml Ml Bl M SEUENEAL g EEEEER 0 R e S
“ 131141151 16 6 7 8 10|11 | 12 | 14 | 15 | 16 tva. tir.const(9, “uint32"),
cO cl c2 c15 4x4 Tile 4x9 matrix _ |
a0+b0+al+bl a2+b2+a3+b3 ad*b4+ab*b5  330«b30+a31+b31 generated code
with VNNI
H 2 = \q o] -2.4)
2 £ | - S v NN RN . WM
2 E1 [N 3 % R % N % N R
< O NI EN N EN EN EN EN EN ENEN EN EN 3
' [mdimi i =
EE{} k\g NN PN N PN EN PN TN EN PN ER
CO C1 C2 €3 C4 (5 C6 C7 C8 C9 C10 Cl1 GEO
Xeon(R) Silver 4110 CPU results To TVM speedup: 1.37x
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Performance

Nvidia Tensor Core GPU: with WMMA intrinsic

Convolution data layout transformation

LT BUSRL__ VRIE COTAULT_TURCTION ARrPeLINILTe
POUSa! el T raguent Nyt gl tarrel tacounyiater, 5, 1

C[llj] = a[l/k]*b[k/j]
b00|b01(b02(b03
b10|b11|b12[b13 NERERP
b20|b21|b22|b23 = ls |
b30|b31|b32[b33 TR
13|14 | 15| 16
a00|a01{a02]a03 c01(c02|c03
al0lal1la12la13 cl1|c12|c13 4x4 Tile
a20(a21|a22|a23 c21|c22|c23
a30(a31|a32|a33 c31(c32|c33
Two different Tensor Core GPUs
a8
6 I ai V100 BS=1
4 9
b = N NN m
ﬂ r.-‘.a. ’.‘r.‘-a. fa ’.
= O o o o o <2 o o U=
3388~ 3383865¢8

7 Shered__ half Pad vesp_iros_comp_trowt _shared|1538);
1 2 3 S 6 7 9 10 | 11 Shared__ Malf B_vaap_lnput_onap_lrout_sharedifivd];
2 |3 |4 |6 )7 |8 [10]11]12 ooy gy
SN EEE L ettt
6 7 8 10 11 12 14 15 16 ! imn h.!'.'A BLe_outer suter « 3 rs_rala maln ot
4x9 matrix generated code with
Tensor Core
PyTorch AMOS To PyTorch 2x speedup
10 - |
: & |b) A100 BS=1 3 |
----- v \ |
""" N 2 N :
0
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Background

« Al Chip
« Al Algorithm

« Al Compiler

Techniques

« Compiler for
DNN Graph

« Compiler for
Operator

« Compiler for
Distributed

Future Work

e Triton-CuTe

« LLM for
Compiler



Challenge

ion

imizat

d
Q,
O
| -
O
=
©
e
c
-
=
=
O
O

o
=
£

Tra

T RN
AR Iy
AN

o

A
AR I HHHIRRTT TR
AN\

s
- AlUU PCle TP communication

A Y
RN

- HB00 NVL TP communication

BN Al100 NVL TP communication
// Rest

/,
N

//////////V//////////////////////////////
AN

T I m m m i
A AR R AR
AR

A
A R AR
AR

A T T T n i
AN

A H i  ..2)gg
SN

A T T T T H

Y

A R R

Decode 64 Decode 64 Decode 512 Decode 512

Training Prefill Prefill

GPT3 1758 Llama2 70B GPT3 1758 Llama2 70B GPT3 175B Llama2 70B GPT3 175B LlamaZ 70B
Training

= o o =+
—~ (] = (=]
DWI| pazZi|ewlioN

0.2+

0.0-

e
IS
18 R| = =
S|o| .| | 3 2
ElL|S|D ml LS|
SEIEIE: EEIE
O|lm | t |1 Bl V| D
O
+—
o
-
I Ak
IS =N RsY el S R
Ol < | t |1 e—wﬁra\/n./_
X7
€| O < | &
L = olI| 3
ol|l=|= () o> >
2212] 5| |B|Z|2
| I
siglgl €| |3lgls
— | | OO o OOOO
| <<| I

model, phase

tion lowers overall compute util

IcCa

ion

izat

Bubble caused by commun

42



43

Computation

/
J
I s |
| / |
I
1

. . | | /
Communication // . .

/
4 I

/ TR y4 |
Non-Overlap, utilization‘is only 50%
/ . ' katency increased
because of

inte:rference

initial latency

|
time $aved

A

Latency increased because of interference

Overlapped, utilization raises to 75%

rank O

Overlapping Compute and Communication

rank 1 rank 2 rank 3

All Gather

) g
= B
= B

GEMM




Different Methods

Method 1: Operator Decomposition

computation

e

communication

Method 2: Fine-grained Barrier

computation

e

communication

44

I computation

communication

sync

tiles of computation

barrier

<j | \barrierl barriel| barrier

tiles of communication

computation

communication
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Original

Overlapped

Operator Decomposition

s )

Partition 0 AllGather Einsum([AD, A1), BO) -= [C00, C10]
Partition 1 AllGather Einsum([AQ, Al], B1)-> [CO1,C11]

- J

Async Send A0 Dynamic Update AsyncRecv Al  Dynamic Update
to Partition 1 Slice [C00,0]  from Partition1  Slice [CO0, C10]

Y " v

Partition 0 I Einsum(AO, BO) I Einsum(A1, BO) Time Saved

Partition 1 I Einsum(Al, B1) I Einsum( AO, B1)

} t !

AsyncSend Al Dynamic Update Async Recv AD  Dynamic Update

\_ to Partition O Slice [0,€11]  from Partition O Slice [C01, C11] .

Issues:

1. Low resource utilization
2. Quantization inefficiency
3. Stream uncertainty
Advantages:

1. Easy to implement

O Partial wave

Original Motmul
[ Symchronization nynel Rabm

LAO Al42,43] @ B | |

Naive Impiementation

Wait for Al Wait for A2 Wait For A3

wemmo[  wes ||| wes ]| _wmes []] =5 ]

Stream 1 smtmsmm| SenlAOReavAal sammuﬂ

D Partial wave

Os + Al‘te,mo«ting Streom
lfnclnroniza ion

Stream 0 AD @ B |F'¢l’-dn Aﬂl A2 @ B |
Stream 1 PostAO”Fet-.hMl Al @B |F¢t-:h45|| A3 @B I—l
Barﬁ‘er Barn'er

[1] Overlap Communication with Dependent Computation
via Decomposition in Large Deep Learning Models

[2] PyTorch Async-TP:
https://discuss.pytorch.org/t/distributed-w-
torchtitan-introducing-async-tensor-
parallelism-in-pytorch/209487



Fine-grained Barrier

Barrier on Device

AllReduce Buffer Tile 1 AllReduce Buffer Tile 2 AllReduce Buffer Tile 1 AllIReduce Buffer Tile 2
,, - e e
(R, R R, R, R, Ry Ry R, \I : R, R, R, R, I'/R1 R, Ry R, Ry R R, R \I f/ R, R, R, R
f |
5 G, C € € ¢ ¢ ¢ ¢ |6 ¢ ¢ c s |G G G G ¢ ¢ ¢ ¢ 1,¢ ¢ ¢ ¢
= ' b= |
:l' ! . %_---"- -.-I.-"' l-.-.--""' ,i-l- . :l\ ! ' %_II T e !
[ii] ——— — — — ——-— —_ o —— gy ——————— @\ == o — —_— e e ey e e
g i ot Mgy L Mg Wagg & i ”’a& “’axre
=] 1 " " [ =] 1
 moEmE o | o@m.oE.E
i T i r
E ' . Wait. Wait Wait Wait | E : Warl' Wait Wait . Walt
. | ! : : |
=0 ® ® ® ® ® -0 0 ® @ ® @
(a) Workflow of overlap on rank 0. Rank 0 starts with chunk 0. (b) Workflow of overlap on rank 1. Rank 1 starts with chunk 1.

[1] Breaking the Computation and Communication
Abstraction Barrier in Distributed Machine

Learning Workloads Example code in CUDA

#if {__CUDA_ARCH__ == T8@)

Issues: T g e S
1. hard to implement 1m volatile (*1d.global.acquire. o632 M8, [VIIA\R" 1 “sr(state  *"(ptri);
2. resource conflict Static void veit_eqlvold slock ptr, int thresd_idx, int flsg e, ¥ vol = 1
Advanta ges: 1 wflag ptr = retmterpret_castetis{lock ptr} + flag_idw;

1. fine-grained control T

2. better performance eareome uareLl 1

while{ld_acquire(flag_ptr) != val] {}

46 Synciisyncl);
}




FLUX

Opensource: https://github.com/bytedance/flux

AG+Gem
m
(A800)

4096

12288

49152

2.438ms

0.662ms

3.099ms

2.378ms

0.091ms

2.469ms

Gemm+RS
(A800)

4096

49152

12288

2.453ms

0.646ms

3.100ms

2.429ms

0.080ms

2.508ms

AG+Gem
m
(H800)

4096

12288

49152

0.846ms

0.583ms

1.429ms

0.814ms

0.143ms

0.957ms

Gemm+RS
(H800)

4096

49152

12288

0.818ms

0.590ms

1.408ms

0.822ms

0.111ms

0.932ms

Use fine-grained barrier method.

Give the best performance on GPUs so far.

47
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Triton-FLUX

Use Compiler for Compute-Communication Overlapping

Mostly focus on barrier-related semantics

Related Work:

[1] Breaking the Computation and Communication Abstraction
Barrier in Distributed Machine Learning Workloads

[2] Overlap Communication with Dependent Computation via
Decomposition in Large Deep Learning Models

[3] Triton All Gather GEMM: https.//github.com/yifuwang/symm -

mem-recipes/tree/main

Triton: code-gen for computation part

Triton

This is the development repository of Triton, a language and compiler for writing highly efficient custom Deep-
Learning primitives. The aim of Triton is to provide an open-source environment to write fast code at higher
productivity than CUDA, but also with higher flexibility than other existing DSLs.

The foundations of this project are described in the following MAPL2019 publication: Triton: An Intermediate
Language and Compiler for Tiled Neural Network Computations. Please consider citing this work if you use Triton!

The official documentation contains installation instructions and tutorials. See also these third-party Triton
puzzles, which can all be run using the Triton interpreter -- no GPU required.

Triton, CUTLASS, CuBLAS

1.2

0.8

XS PERE

0.4

0.2

- - - - - .
PeNo =R e RRRRREBBHBTILLRE

~ o [S- R To B SN e B
NN B O 0w o ©

Triton has achieved comparable
performance for computation (GEMM)
to hand-optimized libraries (CUTLASS)


https://github.com/yifuwang/symm-mem-recipes/tree/main
https://github.com/yifuwang/symm-mem-recipes/tree/main

Support Communication Instructions

Intra-GPU and Inter-GPU: synchronization and barrier
sync within threadblock

def syncthreads () :

inline asm(“bar.sync0;”)

load barrier
def 1d acquire(ptr, scope):
return inline asm (“ld.global.acquire.{ }.b32 SO, [{ptr} ;")

increase barrier

def red release(ptr, scope, value):
inline asm(“red.release.{ }.global.add.s32 [{ptr}], { 5

spin lock

def wait eq(ptr, value):
while (ld acquire(ptr, Y“sys”) != wvalue):
49 pass
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High-level Primitives

Block-level Communication primitives: for peer-to-peer or producer-
consumer communications

block-level producer push scatter all

def producer block push scatter all(block id, data):
for dst rank in range (WORLD SIZE) :
dst ptr = retrieve dst ptr(block id, dst rank)
store (dst ptr, data)

block-level producer push signal and consumer wait signal

def producer push signal (block id):

1f tid(axis=0) ==
red release (barrier ptr, “sys”, 1)

def consumer block wait(block id, data):
barrier ptr = retrieve barrier ptr (block id)
1if tid(axis=0) ==
walt eq(barrier ptr, 1)

___syncthreads () ‘///’//
barrier ptr = retrieve barrier ptr (block id)

___syncthreads ()

Pointer-control: Get remote
pointers from only rank_id and
block_id



Triton Extension

Enhance Triton Compiler: Compute-Communication within one Triton kernel

All Gather Kernel Implementation
@ jit

@sc.jit(backend= ) sc.jit: Python AST transformation
kernel producer_all_gather_all2all_push( before triton.jit

local_tensor_ptr,allgather_tensor_group,m,n,stride_m,stride_n,
BLOCK_SIZE_M: tl.constexpr,
BLOCK SIZE N: tl.constexpr,

block channel: scl.BlockChannel2D, block channel is a data

): ’ 0 structure that encapsulates the
pid = tl.program i

offs_m = (pid * BLOCK_SIZE_M + tl.arange(0, BLOCK_SIZE_M)) % m mapping among block_id,

n_idx (0, tl.cdiv(n, BLOCK_SIZE_N)): rank_id, remote_pointers, and
offs_n = n_idx * BLOCK_SIZE_N + tl.arange(0, BLOCK_SIZE_N) barriers
mask = offs_n| ,:l<n
local_ptrs =local_tensor_ptr + (
offs m[;, ] * stride_m + offs_n| , :] * stride_n
)
row_data = tl.load(local_ptrs, mask=mask, other=0.0)
.oroducer_block_push_scatter_all(
block_channel,allgather_tensor_group,row_data,pid,n_idx,m,n, e e
stride_m,stride_n,BLOCK_SIZE_M,BLOCK_SIZE_N,t| float16,) use primitives to complete

.oroducer_block_push_signal(block_channel, pid, n_idx) communication




Triton Extension

Enhance Triton Compiler: Compute-Communication within one Triton kemnel
Consumer of All Gather: Just Standard GEMM Implementation with Communication Primitives

offs_am = tl.max_contiguous(tl.multiple_of(offs_am, BLOCK_SIZE_M), BLOCK_SIZE_M)
offs_bn = tl.max_contiguous{tl.multiple_of(offs_bn, BLOCK_SIZE_N), BLOCK_SIZE_N)

offs_k = tl.arange(®, BLOCK_SIZE_K)

a_ptrs = a_ptr + (offs_am[:, Nonel * stride_am + offs_k[None, :] = stride_ak)

b_ptrs = b_ptr + (offs_k[:, None] % stride_bk + offs_bn[Mone, :] % stride_bn)

accumulator = tl.zeros((BLOCK_SIZE_M, BLOCK_SIZE_N), dtype=tl.float32) A S"‘Q'e line of code added to
scl.consumer_block_wait(block_channel, pid_m, 0) < previous GEMM kerne'

for k in range(®, tl.cdiv{K, BLOCK_SIZE_K)):
a = tl.load(a_ptrs, mask=offs_k[Mone, :] < K - k * BLOCK_SIZE_K, other=9.@)
b = tl.load({b_ptrs, mask=offs_k[:, None] <« K - k * BLOCK_SIZE_K, other=0.8)
accumulator = tl.dot{a, b, accumulator)
a_ptrs += BLOCK_SIZE_K =* stride_ak
b_ptrs += BLOCK_SIZE_K # stride_bk

if (e_ptr.dtype.element_ty == t1.float8ednv):
¢ = accumulator.to(tl, float8ednv)

else:
¢ = accumulator.to(tl.floatls)

offs_em = pid_m = BLOCK_SIZE_M + tl.arange(®, BLOCK_SIZE_M)

offs_en = pid_n * BLOCK_SIZE_N + tl.arange(®, BLOCK_SIZE_N)

c_ptrs = ¢c_ptr + stride_cm * offs_cml[:, None] + stride_cn * offs_cn[None, :]
c_mask = (offs_cm[:, None] < M) & (offs_cn[None, :] < N)

52 tl.storelc ptrs, c, mask=c mask)



Performance

upport TP-MLP, TP-MoE, SP-Attention

Performance Comparable or Better than Hand-Optimized Code

Table 4. Benchmark Shapes. § is sequence length, H is hidden
dimension length, / is intermediate size, £ is number of experts.

Relative Performance

Configurations of MLP
Name S H I Source Model
MLP-1 8192 4096 11008 LLaMA-7B
MLP-2 8192 4096 14336 LLaMA-3.1-8B
MLP-3 8192 3584 14336 Gemma-2-9B
MLP-4 8192 4608 36864  Gemma-2-27B
MLP-5 8192 8192 28672 LLaMA-3.1-70B
MLP-6 8192 8192 29568 Qwen-2-72B
Configuration of MoE
Name S H I E topk
MoE-1 8192 2048 1536 8 2
MoE-2 8192 2048 1536 32 2
MoE-3 8192 2048 1536 32 5
MoE-4 8192 4096 2048 8 2
MoE-5 8192 4096 2048 32 2
MoE-6 8192 4096 2048 32 5
Configuration of self-attention
Name heads headdim sequence length choices
Attn-1 32 128 16k, 32k, 64k, 128k
Attn-2 64 128 16k, 32k, 64k, 128k
53

Relative Performance  Relative Performance
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BlcuBLAS+NCCL EAsync-TPTorch @FLUx o OUTS
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Different SeqlLen for Attn-2
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Group GEMM+Scatter+Topk Reduce+RS
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MOE-1 MOE-2 MOE-3 MOE-4 MOE-5 MOE-6 GEOMEAN

O cuBLAS+NCCL B CUTLASS+NCCL @EvilM-Op O

8xHB00

ours

ours
O

[T Torch 16xH800

2

15

1
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Triton-CuTe From Triton Language to CUDA source code generation
Triton Performance Issue:

1. Performance is bad for some operators (e.g., GroupGemm)

2. Rigid pipeline control and resource control

Triton-CuTe Plan:
1. CUDA source code generator
2. Generate code using CuTe templates

LLM for Compiler LLM as Compiler and LLM —guided Code-gen
Manually-designed Passes are Hard to Generalize:
1. Generalize to new Ops (e.g., MMA pipeline for load with barrier)

2. Generalize to new language (e.g., pipelines for CUDA transferred to
other languages)
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