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- MResNet #] Transformer
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- Software 1.0 -> 2.0
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ResNet

G I o el R R e LR e el Rl e N P o
4xF2d4x] x2 ®x3 x5 3
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MobileNet

Input Depthwise separable convolution
224 x 224 x 3 _ ) .
Cl: DW2: PW2: F15: layer
2@112x 112 32@112x 112 64@112x 112 1024
PW3: PW13: PW14: — Output
128@56 x 56 1024@7 x 7 1024@7 x 7 classes

7
I
\ 11
\ 11
\ 1
|‘ I;
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\ 1
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V4
v/
/
/
/
1!
" I
!
;!
!
rl"
’I
’I
/

3 | . d.
1 -—--:'-:::'5--3 64 17 Pl
=~ 4 N 3 _- -
RS 1 3 1024 S

NINI 3128

3 !

|| Depthwi bl Global average

. T epthwise separable ;
_ Depthwise Pointwise Depthwise separable convolution pooling Full

Convolution convolution  convolution convolution

connections
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EfficientNet

¥ 1 i ¥ 2 X2 i ¥ 3 X3

o w
o P

— W

1]

o -
o

i

o M
o

Input

(224, 224, 3) (112, 112, 32) (112, 112, 16) (56, 56, 24) (28, 28, 40) (14, 14, 80) (14, 14, 112)

& [egmgm s |

(7,7, 192) (7,7, 320) (7, 7, 1280) (1. 1, 1280) h

(1, 1000) Ny
xR . @
(oeeonr ) = [ b (e b }
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Transformer

Encoder ‘ Decoder
The encoder ou(pur is a continuous

vector representation of the inputs

dynodet = 512: length of the longest sentence in our training dataset [
h = 8: number of heads ( Layer 6 | .
. W ith highest

dy.: dimension of query Q and key K f Output Prabablities ————> orpr:;abllltgy o
d,: dimension of value V' You can stack the encoder layer n times [ Layer 5 ]

to further encode the information, where m
dy. = dy = dypodet /1 = 64 each layer has the opportunity to learn T
N length of input different attention representations, Layer 4 ]

therefore potentially boosting the T

predictive power of the transformer

network ( Layer 3 )

t Layer 6 ]
( Layer 2 | 1

Layer 5 ]

S
—{

{ '-avTer 4 J
—{
S

| | MultiHead(Q, K,V) = 2. WY
Linear ultitead(Q ) S

ERN*hmodet ERMe* oot T
Layer 3 ]
MatMul -
Concat Z = concat(head, . .., heady,) € RY¥*hd FFN(X) = Wae (1) T
Layer 2 ]
head, head), ¢ RN ~dr Auto-regressive
until <eos>

Layer 1

Add & Norm LayerNorm(X + Attention(X))

Add & Norm

Scaled Dot-Product

Scaled Dot-Product

Attention

Attention

Multi-head

( Q1=Q- W,Q RY*% 5 ¥, Qn € RNxdh Attention

Vi J K )
S i, T (R o (i) c
VoK Q R 3# ﬁm“ o L ) 5
Attention(Q, K, V) = s.uftm'a.x[‘)_;r W T Tr f J Attention
e
head; = Attention(Q;, K;, V;) V K Q N ! - ¢

Positional input
embedding X'

Masked Multi-head
Attention

Positional input embedding X € RN *dmostt

Positional Encoding 4’(?
PE(pos,2i + 1) = cos( ot )

Positional Encoding

100007 Fmode

Qutput
Embedding

Qutputs
Input of length N (shif:aguﬂghﬂ h

AR IR TR 2 EH A\ AR NiD A'**‘*%W“E%

Input
pos ) Embedding

PE(pos, 2i) = sin( T
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o Al FEEH Sk B 2

* Convolution -> Conv/Matmul/Reshape/Layernorm/Transpose/--

* NEFMITERE I AIF K
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» Transformer{zEY

« RNRETensorit®&E
* Vector: Elementwise
* Softmax, LayerNorm
* Reshape, Transpose
© I EIATEL
* GPTRESRE | —MEAFRNITELFLL
* GPGPU B AXEEZMITE (EERvector) BEE— N AHIkemnel
«  NPU: 3911 E, FIAHASRAMFR NEEEF
* Reshape / Transpose
- Btk
©  RMEZTEIHER
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Software 1.0 -> 2.0

1980s Today
t 0 More . Machine Learning
I
1  Compute :
I
i A I
. |
> ' !
&) ' I
o : |
= |
3 : : Conventional algorithms SSECE
<
I

Data size, model complexity

Adapted from Jeff Dean
HotChips 2017
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Dccupancy  Moving Objects
- !

e EU—
J GENERATION

Physics Based Numerical Meural Planner
Optimization

Human-like Discriminaior
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« ETHMNEYHAS -> LIRIKEN RV E M2
© A=
- REVEIEALTE
- IRBIEREX

N[ AA —
. S >
© BRHITENNARE
« FRBEILTOH AL -> Task Graph Compiler & Runtime
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Horizon Journey3 (BPU® Bernoulli)

Instruction set with complete toolchain:

BPU Bernoulli 2.0 Core

«  Multi-Instruction Multi-data processor

«  Compiler, Linker, Simulator

Efficient performance

« Achieving much higher FPS than competitors on efficient
networks: MobileNet v1/v2, EfficientNet lite

Optimized DDR bandwidth

« High SRAM utilization

+ Co-optimization from hardware and software

«  Saving 50~80% DDR bandwidth relative to a competitor

IPU

Performance profiler and debug system

ARG R £ @B N SR DD A'**‘*f’*ﬁ*ﬁ“*‘% 7
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Horizon Journey5 (BPU® Bayes)

High Performance

« Achieving higher FPS than a competitor (Orin-X) on object
detection

« About 10~ 25x performance boost compare with BPU Bernoulli
2.0 on typical models

New design for MAC array and memory hierarchy

«  Reduce the requirement of DDR bandwidth and increase
efficiency

Improved flexibility at hardware level

« Flexible element-wise unit

« Data reshape unit

«  Domain Specific Unit, Pooling, Warping, Resizing

#NEFHRTL

AR N ER iR &2 < T it

Cfg&State Register

Parallel Compute Units

Load-
Store
Unit

Flexible
Element-wise
Unit

Domain-
Specific
Unit

Data-
Reshape
Unit

MAC Systolic Unit X2

Decompress
/Compress

LO Buffer

LO Buffer

2-priority task
switching)

Y Sparsity Filter

Instruction Deliver

LO Feature Buffer

Task Decoder (support

LO Buffer

LO Buffer

Inter-Core Task

Ultra-high memory interconnect for parallel data access -
omm.

PPMU
(Power&Perf
Management Unit)

SMU
(Safety Management
Unit)

DD A" mq:aﬁaaw $‘%‘.
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Horizon Journey5 (BPU® Bayes)

- Ultra-high Bandwidth Interconnect

2-D Memory Array
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Next Generation -- BPU® Nash

=RFIELRN
BB A RO BT
R ABI

RiEHSIZEEE RN
=ee. KETOA

ZHKENIL T INES (2

EMEFNTE

SRR R REL R IE

4L Virtualization

ERIVRF S ESFITAERE

SRS [EE

RiEZFTransformerfl/NEF

FREIENNERETT
B, R
*XRETEERR

Z SRR
A, . HIRRS R A e
S, RERG

HAEIXNINFEUL
TR M B EIE ST RS,
PE{ERINFE30%
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Next Generation -- BPU® Nash

2-D Memory Array
Storaging
Flexible Datal ayout
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Tensor + Vector + Scalar

. AR

Bt REB I E R TR A O A AT
BEREELZEE, RAEENE

Tensor Core

Convolution, Matmul, XX />ER5HEOP
Vector Core

Elementwise, & fAUER L, AttentionZ5195E
Scalar Core

%85, dETensor/VectorfJOP, B BEXOPE
FFETTE R

SIUAUEERE, MK EMEERNE ZOP
NoC: &% B BX

AR SN R (4R &2 = EE N\ SF R
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SRiFRAiiIL 7

TS 8RS

BISIHFEEFNERkernelttitEiRS, wmiFETLA
ERIERIRTE, BRSIANFCEIEE, BAY
EHTH, SHERRENS.
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Scheduler

BSaMFHTREARE

RFRLMAIABRERIRFTKLEENK, ERESRIEE, EATHESFHIE, BIR
EMRSD BRIENMEHZER TR ETRESER, BLARKETEMESAERZ, Tl
RABFRCHPRIGEFTESRT, FTHT.

LDi .0 CONVi_0
LDi_1

reorder I
4 source op info: id=285, cid=97, name=pl.conv2d
pool tensor def-use cid: def=97, use=[101, 98]
CONVi 4 t info: id=t286,
won |[D IIH MO MIA B NN N IIRNIE IR I DOE DO DO D B .
o AN N I I A 0 L1 ]
725,684 cycles 4,000,000 cycles 4,500,000 cycles 5,000,000 cycles 5,500,000 cycles 840,436 cycles
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Fusion ‘

I E T L —

itERa

mEFRANEEIL/LFBENMHEME, BREXE
FitRIFSHESHITHML, HITERANTREIFSH
E, WOBEHERE.

On-Chip Computation

mmmmmmmmmm

Spill-To DDR

j |

2mie
> omie
\\\\\ group T |!I i!l MR S A A A |!I |!I | iH ] i!l ] ‘ || | | | | | ‘ ‘ ‘
T T T T T T YT T T TT R TT
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Tiling + Fusion + Schedule

A

REE F713 72 H{N3XDDRI [d]

G L
B Tiling i HIERIBEFER N, BHE

HEHTSESRE
N A | e FICONVIT BRI B

ResNet101 with 720P Input Inference TimeLine

AR SHEREETR & © N\ SR AT L DD A'Wﬁﬁ* 2



» AIREIEIE

RESCABHRE -> BENEZK

ERNARRRZEINI: AR LEE—1ETANBMLAIEREE,
 DP+ BRABREMNTE
« HETmEHYEEGHCost Model
« RBQGRERE -> HiEH g
o FEEIE N2 K Fusion & Tiling & Schedule {1 3% == |g]

- EREME I BEEXTE, FEEK
« SRRMERE BERMMHEEZSE

« FHERTEFR
« AR RI02, O3, Ofast
o HEREZEFERIEFREE (8

Compiling ..
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ARSI -> SHEIREN(ImEFS) -> BAEFS
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AN -> SEIREN(ImEFS) -> BAEFS

AR ZHER R & S E i\ SRR NDD AtgfmEszEs



> ARG

AN -> SEIREN(ImEFS) -> BAEFS
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ANISEIL -> SHRIR(HEFS) -> BUFES
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[Reinforcement]
OptimizationJ {Optimization} Leamlng
Data Strategy

Sresmeaton —= [ wmcTs | ==

DataSet

- History Optimization Data
- Compiler Optimization Strategy
- Hardware Specification

AR SN R (4R &2 = EE N\ SF R

Optimized
Code

AlphaGo
L

AlphaGo Zero
mr

MuZero

ins Knowledge
Human  Domain Known
Go data  knowledge rules

®06

AlphaGo becomes the first program to master Go using
neural networks and tree search
(Jan 2016, Nature)

Known
Go rules
AlphaGo Zero learns to play completely on its own,
without human knowledge
(Oct 2017, Nature)
Known
Go Chess Shogi rules

@

AlphaZero masters three perfect information games
using a single algorithm for all games
(Dec 2018, Science)

Go Chess Shogi Atari

MuZero learns the rules of the game, allowing it to also
master environments with unknown dynamics.

(Dec 2020, Nature) .
* e From Google DeepMind
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Load Load Load
Conv St+1 Conv St+2 el Conv
+ > + > 25%5% 0%5ER, +
at+1 a2 B TS
Eltwise Eltwise Eltwise
Store Store Store
Action: Load(weight, 25%) Action: ReLU(relu, 25%) Action: Conv(conv, 50%)

A|3|X z—;jJ Eﬁ‘#ﬁ&éEﬁAﬁi"’t Hj'f‘% / ‘“D ﬁ!:jﬁgﬁfﬁfgﬂ%iﬁ%,
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AMISEHY -> HHRIKFN(EEFS) -> BUFS

Heuristic Policy Network o 352 5 e 4 1 O
) ‘e EBF
Dynamic Programming Dynamic Programming % F IR 3R T X
Policy Network Policy Network
N | — Value Network MER R R AR T > 2 O %
Dynamic Programming Monte-Carlo Tree Search
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DataSet

AR SN AR iR & 2 T HE N EF RS X

Model

il
40 g

Learning

[ Reinforcement )

= | =
LI

LiLl
4 1k

Evolutionary

Ll
= L | =

Optimizers

= | =
LILLIL

Optimized
Architecture

NDD A sieszas



» BFRLAYGEIFINIL

AR SN R (4R &2 = EE N\ SF R

‘Reinforcement

Learning

MCTS

Optimized
Code

JDD Ars#mEETER

re,Devi ent Digital stmmit - .
) . - p » -



» NAS: $FECH LRIANEEISE

model architecture

Z A .

- N o A S
: Performance :

Search Space —>» Search Strategy . |

; Estimation :

- J ' - J J !
| performance

estimation of A
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BIAREISH BPUZRMIZ R
BR (ML)

ARTEZRMI(A

HFA

[ RLZRIFNAL

AR R E £ @i N BZ UK /DD A'**i*"ﬂf@’??ﬂ?rﬁa



NiDD A semenzss




	幻灯片 1
	幻灯片 2
	幻灯片 3: 演讲嘉宾
	幻灯片 4
	幻灯片 5
	幻灯片 6: AI芯片上的神经网络算法
	幻灯片 7: AI芯片上的神经网络算法
	幻灯片 8: AI芯片上的神经网络算法
	幻灯片 9: AI芯片上的神经网络算法
	幻灯片 10: AI芯片上的神经网络算法
	幻灯片 11: Transformer模型
	幻灯片 12: AI芯片上的应用软件
	幻灯片 13: AI芯片上的应用软件
	幻灯片 14: AI芯片上的应用软件
	幻灯片 15
	幻灯片 16: 地平线车载智能芯片架构
	幻灯片 17: 地平线车载智能芯片架构
	幻灯片 18: 地平线车载智能芯片架构
	幻灯片 19: 地平线车载智能芯片架构
	幻灯片 20: 地平线车载智能芯片架构
	幻灯片 21: AI芯片架构的演进
	幻灯片 22
	幻灯片 23: AI编译优化
	幻灯片 24: AI编译优化
	幻灯片 25: AI编译优化
	幻灯片 26: AI编译优化
	幻灯片 27: AI模型编译
	幻灯片 28: 编译器的进化
	幻灯片 29: 编译器的进化
	幻灯片 30: 编译器的进化
	幻灯片 31: 编译器的进化
	幻灯片 32: 基于ML的编译优化
	幻灯片 33: 基于RL的编译优化
	幻灯片 34: 编译器的进化
	幻灯片 35: 编译器的进化
	幻灯片 36
	幻灯片 37
	幻灯片 38: 基于ML的BPU架构探索
	幻灯片 39: 基于RL的编译优化
	幻灯片 40: NAS: 特定芯片上最优的模型结构
	幻灯片 41: 软硬件协同、数据驱动的AI系统设计
	幻灯片 42

