HEEIINERS Al compiler 43

Author: JackonYang
Email: i@jackon.me

Link: https://dwpléxgouw.feishu.cn/docx/XFY6dIOAYo3UVmMxLNOtc8XK3nFg

B 15

1. FEMILE: THE ai compiler WEARAR. BAFE N,
2. Al k3B BEAREIE T —LEZ2 AT papers
3. EEiViL deep learning IHEIHIHEIE (inference) o

Al MIFERE X . REZSS5IREINIGRLEHIEEE,
RERtt4

1. ZREMNA—TIFR. Eit,
2. WrsERRETIE. BEF AR,


https://dwpl6xgouw.feishu.cn/docx/XFY6dlOAYo3UVmxLNOtc8XK3nFg

BEENE-20min

HENREFREF I, AIREERMTA

| REZFIXMR A 46 E lim o Hk ik

ERIIS
TTEHER

PRI

EEEEE
HEEMTE

ke R
E=EEE

HB: https://www.modb.pro/doc/48500 k3 : JEF =SSN FRAEZSI TS -BEH_BE

RENIZRBVIRE - from paper

Model Name

Transformer

BERT

BERT

XLNet

Resnet50

Resnet50

GPT

Training
Time

12h
81.4h
76 min
2.5days
2.2 min
75s

month

B &)

2017.06

2018.10

2019.4

2019.6

2018.11

2019.3

2018.6

Hardware

8 P100 GPU

16 TPU

1024 TPU

512 TPU v3 chips
TPU v3 Pod
2048 GPU v100

8 GPU

Data size

37000 token
3.3B word corpus
3.3B word corpus
32.89B

ImageNet
ImageNet

BooksCorpus 800M words
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22days
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2weeks

2019.2
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2019.7

2018.2

256 of Google's Cloud
TPU v3

TPU v3 Pod

336GPU

1024 v100

3GTX 1080
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Unified Da Vinci architecture for all Ascend chips
Ascend T, f—IA75 3R |

Scalable cube: 18x16xN, N=16/8/4/2/1 T RCube: 16x16xN, N=16/8/4)

Multiple precision: int8/int32/FP16/FP32 £ 3 Int8lint32/FP16/FP32
Multiple Compute units:
Tensor/Vector/Scalar

Vector System Current control in picoseconds

Cuba Cache/ Hardware-assisted task scheduler
sl Buffer

Cache/Buffer

Dedicated & distributed, tiling-friendly, FEAIIISTEEY, Tiling-Friendly, T
explicit memory design  1Z=EIRIAEFS7 t
4 TByte/s L2 buffer 4 TBytels L2
1.2 TByte/s HBEM
FHD Video Image

i Peripherals/ DDR/HBM
Codec

Ultra-high bandwidth mesh network  H EEEF EMeshFISE
on chip

TensorFlow yTarck PaddlePaddle

Python

TE interface

Huawei-developed | %£AHF & Non-Huawei developers | JEHERF L One DSLinterface | #H—DSL¥EO TVM-supported | ZHFTVM
Extreme performance | HEIIERE Auto optimization | BaIE Tt
Auto generation | BEIEFLM
Auto tuning Bah & -Fii

38 https://www.mindspore.cn/tutorial/zh-CN/r1.2/introduction.html
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=EeeitE, FEHXNEFEITE., ARZOENFEIE nested loops.
HMETENRR, BRENHIEEE -> K& nested loops

L€ nested loops WFER, TERHITITE,

FH1TiHE S 4(or many) £t

1. {u#k (bit) -- CPU 52 £&[A 7T 8bit, 16bit, 32bit, 64bit,

2. ILP #¥§%$4k (instruction level Parallel)
a. LARISC 1ffl, T imKkek, AREZEL L.
b. Z4tYRI¥ B MEHERZFRTVAY ILP,

3. DLP #i#E4k (data level Parallel)
a. tban: SIMD (B£15< Z#R), GPU., BN TFEIGAIE. REFS,
b. Al compiler EX—E % 7.

4. £554% (task) o ZEZAIESE, REFERERXE. £ZEREF, H0HARF. 72 HFE
a. TLP %24k (Thread level Parallel)
b. RLP request £k
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Amdahl's Law BE T [R@MIE (H8=2) F%, Lfhrt, MEXRMNBEXENNRE, TERMISES
EINFFEVITEFERHAR, A TR,

Eltk, FAEERFFITHILEIZRS, FEEREAIRERIGE, SNRAFZSDARENR W, B/,

Roofline Model paper
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streetlight 755%

A policeman sees a drunk looking under a streetlight,
and asks what he is looking for.

The drunk says he has lost his keys.

The policeman can't find them either,

and asks if he lost them under the streetlight.

The drunk replies:

"No, but this is where the light is best."
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b. BHARJLATF , bug Lt feature RAIERIME LT, ai compiler B RIFAIIEZET,

c. BEIRERAL, DSA SR, MHERANERFIEE, 8% REIENEEIRRIKITIIR
TSI ED, https://arxiv.org/abs/2002.11054 MLIR: A Compiler Infrastructure for the
End of Moore's Law

3. MEZ 4N, ai compiler BEHEENIHSEH AL,
a. on-device learning, ttgA, iPhone k fine tune B2 ARFBIRE, HEHIELZTELER,
b. DLIEZRKZ, FAT. ALEEEMNER—MERENEN, F— TR T,

B Al compiler RSN T—1H# Al £ 7 daRYM?

REFIREBIINEFER - 5Smin

REEIRRT - DAG
Deep learning & Fi 2 — DAG & Directed acyclic graph, BELIFE.

BIERE:
Node: operator (T8, tHERIEAE, FLEK20)

Edge: Tensor (3kE, BN, #iE. HISEM, MERXAVWMASENBELUE, —MREEEL, R
XZT—TEREHEN)

AIAIL TR https://github.com/lutzroeder/netron

S—1ER caffe TH: https://dgschwend.github.io/netscope/#/preset/inceptionv4


https://arxiv.org/abs/2002.11054
https://github.com/lutzroeder/netron
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SNENEAR AR AV IR

THELE, B2 21 layer WI{E:
1. BE. kb,
a. ZETHERE, RETHEEM, PREERTERERARL,.
b. 3k better ¥a#bF, REHITE,
2. BFR.
a. BYNBEFHER, bl GEMM HKMEMRRINR, BFHESERS,
b. AfESmIFHENIEMLRMLTT E,

‘RiZ2R 1K loop optimization =R 7:



1. Fusion
2. Tiling

3. vectorization
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(a)

Transformer ZEIEE A9 INE

I %, M https://scale.com/blog/pytorch-improvements

2B

1. M LSTM Zl transformer B951F, Ff+4 transformer 8EB%[B1EE1E NLP, {BEE#E CVFLIE T,


https://scale.com/blog/pytorch-improvements

2. LLM (NLP KiE8Y) 4 token (XF) BMESEHMAMXR,

Transformer ZR¥JH9E H4FIE

Attention Is All You Need Arxiv
[Z=5A%515] https://www.bilibili.com/video/BV1pu41107BE
EbIESCEYFIER blog: The Annotated Transformer
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http://arxiv.org/abs/1706.03762
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http://nlp.seas.harvard.edu/2018/04/03/attention.html

"Unrolled"” RNN Recurrent Neural Network

CNN 2214
fc_3 fc_4
Fully-Connected Fully-Connected
Neural Network Neural Network
Conv_1 Conv_2 RelU activation
Convolution Convolution | K—M
(5x5) kernel Max-Pooling (5x5) kernel Max-Pooling (with

valid padding (2x2) valid padding (2x2)

INPUT nl channels nl channels n2 channels n2 channels "-‘_"‘-"

(28 x 28 x 1) (24 x 24 x n1) (12 x12 xn1) (8x8xn2) (4x4xn2) | OUTPUT

n3 units

CNN #0 transformer, #SF—445F948[EE weight REIRY block £F 3,
block ZBIfEEAR#KH, FILA parallel $11T.

LSTM 79f{ZREY RNN, #BZE sequential IR, &—1 block FZE#ZUHIF block BY output, F1EEK
EAF, REEHIT,

TERERE . https://voidful.medium.com/why-transformer-faster-then-lstm-on-generation-
c3f30977d747

gt

ISNEO .


https://voidful.medium.com/why-transformer-faster-then-lstm-on-generation-c3f30977d747

LSTM —E#®E N8 7TF I8/, MK transformer Lfg, FIENIMBET o
CNN #®ENFERILLIREE, REMLRBRNREE T

F cache fiE transformer

KWEE:
https://github.com/alex-matton/causal-transformer-decoder

https://github.com/hpcaitech/CachedEmbedding

B2IAfEFE . decoder BY, &R 1 Mait token BYEHE, MY timestep,

1. encoder output #1 decoder ] AFH1Tit+E,

2. Decoder BY2BE[E)IN, WNREEMIF cache, BBA, &1 decodetimestep REE
a. IE# token (LE— timestep B9%AIH) B9 embedding.
b. ItE# token FHEfth token BY attention

Input sequence length M, decode N tokens,

BfjE] &2, input * output self-attention + output * output self-attention
1L EI: O(MN? + N3)

ffifbia: O(MN + N?)

KIRLER
We compare our three different implementations

* The most naive Pytorch implementation (defined in the first piece of code), which uses
nn.Transformer

e The Pytorch encoder-decoder implementation (second piece of code).

* Qur CausalTransformerDecoder (third piece of code).


https://github.com/alex-matton/causal-transformer-decoder
https://github.com/hpcaitech/CachedEmbedding

Time spent decoding a sentence in a translation setting

—— Regular Transformer, bsz=8
20 4 Encoder-Decoder, bsz=8
- Causal Encoder-Decoder, bsz=8
154
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[%2]
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04

1 1 I I 1
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Number of decoded tokens (same number of input tokens)
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FAMNAA: https://mlc.ai/summer22/schedule

TVM Stack
Al compiler SN{AIIEfEIZEL?

TVMEZEZ: 74E IR
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Multi-Level IR Design in Apache TVM

Graph-Level IR Graph-level IR to Represent ML Models

Tensor-Level IR

Hardware-Level IR LLVM Customized IR

N

Tensor-Level IR for Tensor Computing {Speraters}

From https://zhuanlan.zhihu.com/p/613611390
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1. 85 3 siATLASZBNRERL 2

2. B3ZEmE S5, W2 # 5B alive 7£ cache B
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BIKEBR:
1. AFRZ2EZERMEY DAG B9 Fo


https://zhuanlan.zhihu.com/p/613611390

2. H7 cache 74k, B EZRIITEREE R cache £, @EEBHM,
3. Hitt, RERINFHERRE: RNEEREFSE

A TFLite AR5 ZR 76,

£ 2% Paper: https://arxiv.org/abs/2001.03288

FZTA9IBIRE . Mobile and embedded device: inferior physical memory
B#%: Smaller memory footprint

£58 . 11% smaller memory footprint than the state-of-the-art

R -

1. YEh7S shape BIAME, ATEERFXKITo

2. ®&BEE cache hit rate B9F20,

BENZOHER, ST pipeline AW 4 4> stage, &%) t o] AT 1 1> stages

- L(load) : load data from LLB->L1

- R(Compute): compute on L1

- S(Store): store result from L1->LLB
- F(Free): free dataon L1

RAIEIERT 2 AR

o ETMINEIC: (B &MY, skl RS RUE.
o ETFREREZX BEFXRHFER. BRAAEZEEF. 2R&MN. F2BRM.
o (RIK3) BARIBIREE, B, ALFEE,

BB A motion planning, R4 SHIATE)L:
1. #BFRRNE, NREMMEL, B—TERNIEEEANIRE, EHEARE,

2. ShSMR + ZXRMEIER. 90 FMR, KRRt T EIMN =B EMBEVRFIRE, 1%L 2 ME4ERIIE
LRI, BRRT RYER,

3. BR (BARIFF) NE. EFEBIINRZMEE, AepMIRE, BEFXRiFr, B8ES1E bug.


https://arxiv.org/abs/2001.03288

PMAIERE:
1. Y@ EBELn, *RRMEMHE, BRAFHE—RERE,
2. FmAE, RERLAZEGALLRERE, — KRBT, —REARZRREHLBERM,

AL AEEFRIF: An Introduction to Optimization

TensorIR 1LY+

7£ 2-3 2, loop optimization =1 #:
1. Fusion
2. Tiling

3. vectorization

From https://mlc.ai/summer22/slides/2-TensorProgram.pdf P12 TTHAE

Key Elements of a Tensor Program

from tvm.script import tir as T

(Multi-dimensional) buffers that

@T.prim_func holds the input, output, and
def main(A: T.Buffer[128, "float32"], / intermediate results.

B: T.Buffer[128, "float32"],
C: T.Buffer[128, "float32"]):
for i in range(128):
with T.block("C"):

Loop nests that drive compute iterations.

vi = T.axis.spatial(128, i) Computations statement.
Clvil = Alvil + Blvi] /

A typical tensor program abstraction contains multi-dimensional buffers, loop
nests that drive compute iterations and finally computation statement itself.

AR INTE, From https://zhuanlan.zhihu.com/p/613611390
BEZEAIUES, NVIAEFSRKT resnet50 # bert, 18 mobilenet LKA,


http://www.lewissoft.com/pdf/INTRO_OPT.pdf
https://mlc.ai/summer22/slides/2-TensorProgram.pdf
https://zhuanlan.zhihu.com/p/613611390

Auto-Tensorize Evaluation On RTX-3080

. AMOS mm Ansor W PyTorch = TensorRT = TensorlR m AMOS  mmm Ansor = PyTorch mm TensorRT == TensorlR

Batch size =1 Baich size =1
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" Roli b 6ua MVERE ROEN RulEE Rrold ol 0z =il
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We achieves similar or better throughputs on popular networks compared

with the inference libraries on GPUs. Ia

MLIR codegen arxiv SR, Ba:

- Tile Tilgd Vectorized
Strustured IR R —)l Tilaed Structured IR vw;ml — -:RI>
L-Rm;l%l Loops + Vectors Ie Pﬁt&' = Host / Accelerator je-rp Binary L Execution

Fig. 1. Bird’s eye view of structured and retargetable code generation.

p
Async dispatch Fi:2 split BZ % block, #1T task parallel 89117, £ GPU, NPU LR=E MW,
Blockwise I58, RE elementwise BY, BE 3T Blockwise IZBE M split BY, —REBMIBIHIEES

8]

Conv EFHIHIF


https://arxiv.org/abs/2202.03293

Kernel

Convolution
product
OxF+0x7+1x5
-1x7+0x4-1x8
+0x6+0x2+1x%x9

v

El

B osplit 2fa, MmO EIEERE. S task parallel BIEE %%,
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https://www.youtube.com/watch?v=FmpDIaiMIeA&t=1099s
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.« TVM:

o Apache TVMEE=HEiFsE, TLISEZfMELE (BfFTensorFlow, MXNet, PyTorch, KerasFICNTK) 1%
MEE SIS (B15CPU. BBSEEGPU. ARM, x86. BERIGPUINETFPGARINNESS) BRAEHA.
o TVMBERAITEENME), BRI EHtkEIOPass, SHESIKAMELHRE,

o TVMRMWLLERESZDIIERY, BFRULIRET RS ERSFTREL.
« MLIR:

o EChris Lattner (LLVMAYEIIEE) TGoogleFaF A, IIEREFLLYMEEE,
o FE—MEREN THEIES, ME—IikiEsE, BHTTEE EESNEMIEM,
o ILUE{TEMR, SFETVMAIRFILLYM IRFOTensorFlowE,

XLA

XLA BEF LLVM HEZRFARY, miimBYIINE Graph, Film&EE Graph ¥ 9 LLUM IR
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1. Theano ZEME 1 1 ML-compiler,

2. Compiler Hli&&—* operation K52 semantics, operation set #fi/9 HLO, FMME:
a. WEMSEW, BETIRE, ME, FAERNMRRT.

b. IIE##H perfect knowledge of operation semantics, SEEEZ, EHEEES operation
B9 semantic ERHHE 2 F/EREER, LUl fuse pass.
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F%ZE, TPU # GPU kRZsH:&%8 share %’ code, -- XLA &IEEEEH—1 compiler &1,

FEEEF TVM A MLIR, xla mi@— M RHNEKRER,
1. &IEigit. MEFEAR shi LA,

2. XLA fERRHARY ai compiler 472, BAFIESIEXR A,

Fusion is XLA's single most important optimization

1 def model_fn(x, y, z):

2 return tf.reduce_sum(x + y * z)



1. without XLA, the graph launches three kernels: one for the multiplication, one for the
addition and one for the reduction.

2. XLA "fusing" the addition, multiplication and reduction into a single GPU kernel.

MLIR

£#F: Multi-Level Intermediate Representation

Chris 4% LLVM. ClLang. Swift Z/5% 4 N EREIH. BH Google HH.

The “multi-level” aspectis very importantin MLIR: adding new levels of abstraction is
intended to be easy and common. Not only this makes it very convenient to model a specific
domain, it also opens up a lot of creativity and brings a significant amount of freedom to play
with various designs for your compiler: it is actually a lot of fun!

MLIR v.s. TVM
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SOMEIAI] - 5min

BE, AR EXLES:
1. RIFREBEXPEE
a. CS1434mi*RIE, https://www.bilibili.com/video/BVINE411376V/


https://web.stanford.edu/class/cs143/
https://www.bilibili.com/video/BV1NE411376V/

b. BRF: EHRFFHRITSEM
c. kB wEFFRIE
d. Engineering a Compiler, Second Edition.pdf
e. The SSA Design Book.pdf
2. (RREMERX
a. Computer Architecture - A Quantitative Approach
b. Computer Organization and Design RISC-V edition.pdf
3. RIFHEXRZHILX
a. The Compiler Design Handbook, 2nd Edition (Dec 2007).pdf
b. PLDII£X

c. ISCAILX
d. CGOIEX

4. LLVM HBXZFS)PEE, low-level IR, optimization, and code-generation
a. Getting Started with LLVM Core Libraries.pdf
b. LLVM Cookbook.pdf
c. LLVM Essentials.pdf

#hFEiER -
L. BLEME, BEAX N T EIER S 3,
2. &EFRIRT . BAUREEY, BEFEREBET—F,

SRR, B 1 FRARTRINT, BriEHE 50%, =HERKR.

1. FE7 ai compiler
a. TVM
b. MLIR, XLA
2. Deep Learning #E%2
a. Tensorflow, Pytorch
b. Onnx, Tensorrt
c. Oneflow, paddle
3. deep learning &2,



a. CV. NLP. #Z . HENFHETR

b. Transformer SR \IEfi#

c. EEMUMEIBFES. BUFES. ERE

. cH R

a. EH95H TVM # tensorrt 55 KB c++ feature
b. AT L4IZ. &1ERENE batch BT

. (EGRIRES,
a. stanford CS1434RiXRIE
b. REH

c. LLVM tutorial

. HPC RH4RiZ & H1TitH.

a. GEMM ff—i&

b. RRLEEN, RESH BB
c. CUDA HYZmiZt&EE


https://web.stanford.edu/class/cs143/

B ARITR - 2022-09-29

Q.

i ':-._, A SN llero



