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Outline: Kernel Autotuning

* triton.autotune: template + search
* AutoTVM: template + learning-based cost model
« Ansor: sketch generation + annotation search



Autotuning in Triton

- triton.autotune: whenever the values of keys change, evaluate all
configurations

@triton.autotune(configs=[
triton.Config(kwargs={'BLOCK SIZE': 128}, num_warps=4),
triton.Config(kwargs={'BLOCK SIZE': 1024}, num_warps=8),
I,
key=['x_size'] # the two above configs will be evaluated anytime
# the value of x _size changes

)
@triton.jit
def kernel(x ptr, x size, BLOCK SIZE: tl.constexpr):



Autotuning Matrix Multiplication

def matmul get configs():
return [triton.Config({'BLOCK SIZE M': BM, 'BLOCK SIZE N': BN, "BLOCK SIZE K": BK, "GROUP_SIZE M": 8},
num_stages=s, num_warps=w)
for BM in [128]
for BN in [128, 256]
for BK in [64, 128]
for s in ([2, 3, 4])
for w in [4, 8]
] ' -
gtriton. autotune( Python annotations: easy to use
configs=matmul get configs(),
key=["M", "N", "K"],
)

@triton.jit() T .
def matmul kernel(a ptr, b ptr, ¢ ptr, M, N, K, Issue: time consuming to enumerate

BLOCK_SIZE M: tl.constexpr, a” Conflg uratlons
BLOCK _SIZE N: tl.constexpr,

BLOCK_SIZE K: tl.constexpr,
GROUP_SIZE M: tl.constexpr,):



Outline: Kernel Autotuning

* triton.autotune: template + search
 AutoTVM: template + learning-based cost model
« Ansor: sketch generation + annotation search



TVM: A Learning-based Compiler for Deep Learning

Explosion of models and frameworks

Goal: efficiently deploy deep learning on modern hardware platforms

Explosion of hardware backends

* Slides from Tiangi Chen



Challenge: Billions of Possible Optimization Choices in
the Search Space

conv3x3 Matmul
y l
\

, C = tvm.compute((m, n),
lambda y, x: tvm.sum(Alk, y] % B[k, x], axis=k))

conv3x3

m Search Space of Possible Program Optimizations

Low-level Program Variants

inp_buffer AL[8][8], BLI[8][8] for yo in range(128):

acc_buffer CL[8][8] for xo in range(128): for y in range(1024):

for yo in range(128): Clyo*8:yo*8+8] [x0%8:x0%8+8] = 0 for x in range(1024):
for xo in range(128): for ko in range(128): ClylIx] = @

¥dla-fl¥1-zer°‘m . for yi in range(8): for k in range(1024):

or ko in range(128): S )
vdla.dma_copy2d(AL, Al[kox8:kox8+8] [yo*8:yo*8+8]) for xi in range(8): Clyl[x] += A[kl[yl * BI[k] [x]
vdla.dma_copy2d(BL, B [|(<o*8 : ko*8+8§ [x0*8:x0*8+8]) fOE [;;*gzyﬁ?gsigi;i] N
vdla. fused_gemm8x8_add(CL, AL, BL =

vdla.dma_copggd(C[yo;B:yo*8+8,x0*8:xo*8+8], cL) Alkox8+ki] [yox8+yi] * Blkox8+ki] [xo*8+xi]

* Slides from Tiangi Chen



TVM: Learning-based Compiler for Deep Learning

Hardware-aware Search Space of Optimized Tensor Programs

Machine Learning based Program Optimizer




Hardware-aware Search Space

Input

conv3x3

Tensor Expression Language (Specification)

e e e

v

conv3x3

I Hardware

* Slides from Tiangi Chen

—
Matmul | W) | - tvm.compute((m, n), :
| I

I

| lambda y, x: tvm.sum(Alk, y] * B[k, x], axis=k))

___________________________________

Define search space of hardware aware
mappings from expression to hardware program

Based on Halide’s compute/schedule separation

_____________________________________
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Hardware-aware Search Space

Compute Primitives Memory Subsystem
EEEEEEEE EEEN EEEEEEEE EEEN -
EEEEEEEE EEEE EEEEEEEE EEEE L3
EEEEEEEE EEEN EEEEEEEE EEEN
EEEEEE . ® BN EEEEEEE ® .

i ms  mem am  TOOU O
L1D|(L11 jL1D| L1l
scalar vector implicitly managed

Loop Cache D
: : Vectorization
Transformations Locality
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Hardware-aware Search Space

Compute Primitives Memory Subsystem
GPUs - .
ENEEEEEE EEEE EEEEEEEs Emmm ! 1
ENEEEEEE EEEE ENEEEEEE EEEE 2 .
EEEEEEEE EEEE ENEEEEEE EEEE
ENEENEEN , DEEE EENEENEE EEEE 1 1
ENEEEEEE * EEEE EEEEENEE * BN
ENEEEEEE EEEN EEEEENEE EEEE 1 |
ENEEEEEE EEEE ENEEEEEE EEEE
EEEEEEEE EEEE EEEEEEEE EEmE ! 1
scalar vector : :
i ]

Shared memory among
compute cores

Use of Shared Thread
Memory Cooperation




Hardware-aware Search Space

TPU-like Specialized Compute Primitives
Accelerators EEEmESEE =EEE

:i;jj i FE ENEEEEEE EEEE

Ao LR EEEEEEEE EEEE

= LS EEEEEEEE EEEE

tensor

Memory Subsystem

explicitly managed
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Tensorization Challenge

ENEEEEEE EEEN EEEEEEEE EEEE EEEEEEEE EEEN
ENEEEEEE EEEN EEEERNEE NEEEN ANEENEEE NEEEN
Compute ENEEEEEE EEEN EEEEEEEE EEEE ENEEEEEE NEEEN
EEEEEEEE BEEN EEEEEEEE , EEEE ENEEEEEN , BN
imitives AENEEEEEN ° EEEN ENEEENEN ° EREN ENEEEEEN ° EEEN
primi EEEEEEEE EEEE EEEEEEEE EEEE EENEEEEE EEEN
ANEEEEEE EEEN ENEEENEE EEEN ANEEEEEE EEEN
EEEEEEEE EEEEN EEEEEEEE EEEE EEEEEEEE EEEN
scalar vector tensor
Hardware designer: Tensorize:
declare tensor instruction interface transform program
with Tensor Expression to use tensor instructions
w, x = t.placeholder((8, 8)), t.placeholder((8, 8)) .
k = t.reduce_axis((0, 8)) declare behavior
y = t.compute((8, 8), lambda i, j: — EEEEEEEE EEEE
t.osum(wli, k] * x[j, k], axis=k)) ANEEEEEE EEEN
lowering rule to generate ======== ====
def gemm_intrin_lower(inputs, outputs): b ]
ww_p'tr = inputs [0] _access_ptr(" r) hardware Intl’lnSICS tO Cal’l‘y ======== ====
xx_ptr = inputs[l].access_ptr("r") t th tati AEEEEEEE EEEN
72 ptr = outputs[0].access ptr(mw) < Cu-mnecompuiation EEEEEEEE EEEE
compute = t.hardware_intrin("gemm8x8", ww_ptr, xx_ptr, zz_ptr) /
reset = t.hardware_intrin("fill_zero", zz_ptr) Scaiar

update = t.hardware_intrin("fuse_gemm8x8_add", ww_ptr, xx_ptr, zz_ptr)
return compute, reset, update

gemm8x8 = t.decl_tensor_intrin(y.op, gemm_intrin_lower)



Hardware-aware Search Space

Tensor Expression Language

C = tvm.compute((m, n), :
|
I

: lambda y, x: tvm.sum(A[k, yl * B[k, x], axis=k))

Loop Thread Cache
Transformations Bindings Locality
New primitives for GPUs
: ’ Thread Latency
Accelerators

I Hardware

— — m— m— m— m— m— m— — m— m— o - e e e e e e e e e e e e e e e e e e e e e e e o e e m—— m— e

Primitives in prior work:
Halide, Loopy
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Hardware-aware Search Space

Tensor Expression Language

C = tvm.compute((m, n), :
|
I

: lambda y, x: tvm.sum(A[k, yl * B[k, x], axis=k))

————-—————-——_——_\

Loop Thread Cache |

Transformations Bindings Locality |

\

il Tensorization Latency ) |
Cooperation Hiding "

—_——_————————————

I Hardware

— — m— m— m— m— m— m— — m— m— o - e e e e e e e e e e e e e e e e e e e e e e e o e e m—— m— e

Billions of Possible |
Optimization Choices in i
/
\

the Search Space
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TVM: Learning-based Compiler for Deep Learning

Hardware-aware Search Space of Optimized Tensor Programs

Learning based Program Optimizer

20



Learning-based Program Optimizer

candidate
programs

Tensor operator Program Optimizer

Code Generator —

Runtime performance

Issue: high experiment cost, each trial takes seconds

21



Learning-based Program Optimizer

program
Tensor operator Program Optimizer Code Generator —>

Learning-based Learning - > <

Cost Model —

Runtime performance

Training dataset

Adapt to hardware by learning, make prediction in milliseconds

22



Efficient ML-based Cost Model

Relative Speedup

1.50 A

1.25 ~

0.75 7

0.50

One Conv2D Layer of

0.25 ResNet18 on Titan X

\

000 1 1 1 1 1 1 1
0 100 200 300 400 500 600
Number of Trials

700

800

AN

)

TVM: ML-based Model

100 4= e D

TVM: Random Search

Baseline: CuDNN
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End-to-end Inference Performance

1 Tensorflow EEApachemxNet | TVM: without graph optimizations

B Tensorflow-XLA B TVM: all optimizations
0.9

X
o

Competitive on

0.8 —standard models
0.7

o
o

o
o

0.6
£40 0.5
(] /
E ]
= 3.0 0.4
0.3- _
2.0 0. Bigger gap on
1.01 01 ___less conventional
' models
00 ResNet-18  MobileNet  °°  LSTM LM DQN DCGAN
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Outline: Kernel Autotuning

* triton.autotune: manual template + search
* AutoTVM: manual template + learning-based cost model
 Ansor: sketch generation + annotation search
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Main Issues with TVM and Triton

Templated-guided search

« Manually-written templates to define a
search space

Drawbacks

» Not fully-automated -> requires huge
manual effort

 Limited search space -> suboptimal
performance

Ansor: Generating High-Performance Tensor Programs for Deep Learning. OSDI 2020

jel
n Parameter Serach
l

Fixed Manual Templat
for i.0 in range(/7%]):
for j.0 in range(
for k.0 in range([f]):
for i.l1 in range()l;
for j.1 in range([gl):
Cl...] += A[...] * B[...]
for i.2 in range(Jid):
for j.2 in range():

D[...] = max(C[...], 0.0)

(a) Template-guided Search

26



Ansor’'s Approach

Challenge 1. How to build a large

search space automatically?

* Hierarchical search
(sketch + annotation)

Challenge 2: How to search
efficiently?

« Sample complete programs and
fine-tune them

Ansor: Generating High-Performance Tensor Programs for Deep Learning. OSDI 2020

Jy High-level structure generation

Jv Low-level detail sampling

Complete Programs
for i.0 in range(64):
for j.0 in range(64):

for k.0 in range(512):
for i.1 in range(8):
for j.1 in range(8):
D[...] = ...

Jy Evolutionary fine-tuning

Better Programs I

(c) Ansor’s Hierarchical Approach

27



Deep Learning Models

Ansor’s Overview

» » Partitioned subgraphs
Task Scheduler

+ Inputs: set of DNNs =

 Partitioned into small subgraphs +» One subgraph

Program Sampler

- Three components

 Task scheduler
* Program sampler
 Performance tuner

W A batch of initial programs

Performance Tuner

Evolutionary Search Learned Cost Model

A batch of optimized programs

Measurer

Intel CPU ARM CPU NVIDIA GPU _

Execution time of programs
(training data for future iterations)

Ansor: Generating High-Performance Tensor Programs for Deep Learning. OSDI 2020 28



Program Sampling

« Goal: automatically construct a large search space and uniformly sample
from the space

Approach: two-level hierarchical search space
» Sketch: a few good high-level structures
« Annotation: billions of low-level details

« Sampling process:

Rule-based Sketch Sketch 1

Computation e S Random Annotation Complete
Graph A Programs

Ansor: Generating High-Performance Tensor Programs for Deep Learning. OSDI 20
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Sketch Generation Example 1/2

Derivation:
Example Input 1:

* The mathmetical expression:

Input 1 —6(So,i = 4) ~0 6(S),i = 3) by
Rule 1 Rule 1

6(S3,i=1) — Sketch 1

Cli,j] = ZA[i,k] x B[k, j] Generated sketch 1
k

D[i,j] = max(C[i, j], 0.0) for i.0 in range(TILE I0):
where 0 <i,j,k < 512 for 3.9 1n.range(TILE_J0):

» for i.1 in range(TILE Il):
* The corresponding naive program: T

for i in range(512):
for j in range(512):
for k in range(512):
Cri, jl += A[i, k] * B[k, J]
for i in range(512):
for j in range(512):
D[i, j] = max(C[i, J], 0.0)

* The corresponding DAG:

A,
c —D
B —

Ansor: Generating High-Performance Tensor Programs for Deep Learning. OSDI 2020

for j.1 in range(TILE Jl):
for k.0 in range(TILE KO):

for i.2 in range(TILE I2):
for j.2 in range(TILE J2):
for k.1 in range(TILE Il):
for i.3 in range(TILE I3):
for j.3 in range(TILE J3):
C[...] += A[...] * B[...]

for i.4 in range(TILE I2 * TILE I3):

for j.4 in range(TILE J2 * TILE J3):
D[...] = max(C[...], 0.0)

“SSRSRSS” multi-level tiling + fusion 30



Sketch Generation Example 2/2

Example Input 2:

* The mathmetical expression:
Bli, ] = max(A[i, 1],0.0)

.1 _ )Bli,k], k<400
Clik] ‘{ 0, k=400

Eli,j] = Z Cli, k] X Dk, ]
k

where 05i<8, 0<5)<4,
0<k<512,0<1<400

* The corresponding naive program:
for i in range(8):
for 1 in range(400):
B[i, 1] = max(A[i, 1], 0.0)
for i in range(8):
for k in range(512):

C[i, k] = B[i, k] if k < 400 else 0

for i in range(8):
for j in range(4):
for k in range(512):
E(i, j] += C[i, k] * D[k, J]

* The corresponding DAG:

)

Generated sketch 2

for i in range(8):
for k in range(512):
C[i, j] = max(A[i,k], 0.0) if k<400 else 0
for i.0 in range(TILE_IO):
for j.0 in range(TILE_JO0):
for i.1 in range(TILE Il):
for j.1 in range(TILE J1):
for k.0 in range(TILE KO):
for i.2 in range(TILE_I2):
for j.2 in range(TILE_J2):
for k.1 in range(TILE_Il):
for i.3 in range(TILE I3):
» for j.3 in range(TILE_J3):
E.cache[...] += C[...] * D[...]
for i.4 in range(TILE_I2 * TILE I3):
for j.4 in range(TILE J2 * TILE J3):
E[...] = E.cache[...]

Generated sketch 3

for i in range(8):
for k in range(512):
C[i, k] = max(A[i, k], 0.0) if k < 400 else 0
for i in range(8):
for j in range(4):
* for k_o in range(TILE_KO0):
for k_i in range(TILE_KI):
E.rf(...] += C[...] * D[...]
for i in range(8):
for j in range(4):
for k_i in range(TILE_KI):
E[...] += E.rf[...]

Ansor: Generating High-Performance Tensor Programs for Deep Learning. OSDI 2020

Input 2 —6(So,i = 5) 223 6(8y,i = 5) et
0(S2,i =4) 2L, (85,0 = 3) Rl

0(Ss,i =2) 22 (85,0 = 1) 2L Skerch 2

Input 2 —6(So,i = 5) 28, 5(s,,i = 4) 2l
O'(Sz,l'=3) Rule 1 G(S3,i=2) Rule 2
Rule 1

6(S4,i = 1) % Sketch 3
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Random Annotation Examples

for i.0 in range(TILE _IO0): parallel i.0@j.0@i.1@j.1 in range(256):
for j.0 in range(TILE JO0): for k.0 in range(32):
for i.1 in range(TILE TI1): for i.2 in range(1l6):
for j.1 in range(TILE J1): unroll k.1l in range(1l6):
for k.0 in range(TILE KO0): * unroll i.3 in range(4):
for i.2 in range(TILE I2): vectorize j.3 in range(1l6):
for j.2 in range(TILE J2): Clesee] = A[lees] * B[oe.o.]
for k.1 in range(TILE Il): for i.4 in range(64):
for i.3 in range(TILE I3): vectorize j.4 in range(1l6):
for j.3 in range(TILE J3): D[...] = max(C[...], 0.0)
Clee+] #= A[...] * B[...]
for j.4 in range(TILE J2 * TILE J3): : :
D[...] = max(C[...], 0.0) parallél 1:2 in range(1l6):
for j.2 in range(128):
for k.1 in range(512):
for i.3 in range(32):
vectorize j.3 in range(4):
C[le+.] += A[...] * B[...]
parallel i.4 in range(512):
for j.4 in range(512):
D[...] = max(C[...], 0.0)

Sampled program 1

Ansor: Generating High-Performance Tensor Programs for Deep Learning. OSDI 2020
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Performance Fine-Tuning

Issue: Random samplings does not guarantee high performance

for i.0 in range(TILE_IO): parallel 1.0@j.0@€i.1€j.1 in range(256):
for j.0 in range(TILE_JO0): for k.0 in range(32):
for i.l in range(TILE_Il): for i.2 in range(16):
for j.1 in range(TILE_J1): unroll k.1 in range(16):
for k.0 in range(TILE_KO0): * unroll i.3 in range(4):
for i.2 in range(TILE_I2): vectorize j.3 in range(l6):
for j.2 in range(TILE J2): C[...] += A[...] * B[...]
for k.1 in range(TILE_Il): for i.4 in range(64):
4 for i.3 in range(TILE_I3): vectorize j.4 in range(16):
for j.3 in range(TILE_J3): D[...] = max(C[...], 0.0)

C[...] += A[...] * B[...]
for i.4 in range(TILE_I2 * TILE I3):
for j.4 in range(TILE_J2 * TILE_J3):
D[...] = max(C[...], 0.0)

Solution: Perform evolutionary search with learned cost model (AutoTVM)

 Randomly mutate tile size
« Randomly mutate parallel/unroll/vectorize factor and granularity

Ansor: Generating High-Performance Tensor Programs for Deep Learning. OSDI 2020
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Ansor Automatically Finds High-Performance Kernels

M PyTorch MM TensorFlow M TensorRT-TF B AutoTVM I Ansor (ours)

Batch size =1
1.0-
15
€ 0.4-
S oel
S_L'J ' ResNet-50 Mobilenet V2 3D-ResNet DCGAN BERT
8 Batch size = 16
N 1.0
© 0.8
€ 0.61
© 0.41
< 0.21
0.0-

ResNet-50 Mobilenet V2 3D-ResNet DCGAN BERT

Ansor: Generating High-Performance Tensor Programs for Deep Learning. OSDI 2020
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Ablation Study

Ansor

16 /_ . Ansor w/o task scheduler
2 1.4 < Ansor w/o fine-tuning
© 1.2 -
)
&1.0; S— Baseline (AutoTVM)
506! Ansor w/o large search space
€ 0.4 |

0.2 Mobilenet V2

0.007 3000 6000 9000 12000 °* The mostimportant factor is the search space

# Measurement trials * Fine-tuning improves search results

« Match AutoTVM'’s performance with 10x less time
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Comparing Triton, AutoTVM, and Ansor

_ Search Space Search Algorithm

triton.autotune Manual template Exhaustive
AutoTVM Manual template Learning-based cost
model
Ansor Sketch generation + Learning-based cost
random annotation model

36
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