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ABSTRACT

As the increasing expectations of a practical Al (Artificial Intelligence) service makes Al algorithms more
complicated, an efficient processor to process Al algorithms is required. To meet this requirement,
processors optimized for parallel processing, such as GPUs (Graphics Processing Units), have been widely
employed. However, the GPU has a generalized structure for various applications, so it is not optimized
for the Al algorithm. Therefore, research on the development of Al processors optimized for Al algorithm
processing has been actively conducted. This paper briefly introduces an Al processor especially for
inference acceleration, developed by the Electronics and Telecommunications Research Institute, South
Korea., and other global vendors for mobile and server platforms. However, the GPU has a generalized
structure for various applications, so it is not optimized for the Al algorithm. Therefore, research on the

development of Al processors optimized for Al algorithm processing has been actively conducted.
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] 7H‘:”°l mﬁﬁ}i} AnfEE FAHE0] 20194 WS mHFY APS
Ak 2 oo EF CPU 3019} GPU ©]9l9f| 9154
ieE L2491 NPU(Neural Processing Unit) S Tj5-
Ao wEsor shar, Aol FHE (form  F EJBRAL Q= Fon 2 oleke HEA
factor) 9] A|Fo] Zx| o} HBM(High Bandwidth -8 NPUZ 285} il BlA] (Tensor) 7157]2
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1 2HFY Al processor H|id

Al chips

Key Features

Apple
A13 Bionic

2x Lightning cores @2.66GHz
4x Thunder cores @1.728GHz
4x new GPU

NPU: 8—core Neural Engine
(*A12 NPU: 100 GOPS/W [1])
7nm TSMC process
LPDDR4X

EAIY 09.10.2019 [2]

Huawei
Kirin 990 5G

Tri—Cluster Octa—Core

2x Cortex—A76 @2.86GHz

2x Cortex—A76 @2.36GHz

4x Cortex—A55 @1,95GHz

Mali—G76 MP16, 700MHz

NPU: 2 + 1 DaVinci NPU

Y 16 TOPS(Asend 31022 inference)
TSMC 7nm+ EUV FinFET

LPDDR4X @ 2133MHz

Z=A|Y 09.26.2019 [3-5]

Samsung
Exynos 990

2x Mongoose 5th gen
2x Cortex—A76

4x Cortex—Ab55
Mali-G77 MP11

Dual NPU + DSP

15 TOPS

7nm EUV process
LPDDR5 @2750MHz
ZEA|Y 10.24.2019 [6,7]

Qualcomm
Snapdragon
865

1x 2.84GHz(Cortex A77)

3x 2.4GHz(Cortex A77)

4x 1,8GHz(Cortex—A55)

Adreno 650@587MHz

Hexagon 698(DSP)

Hexagon Tensor Accelerator(DSP)
15 TOPS

7nm process

LPDDR5 @2750MHz

ZEA|Y 12.04.2019 [7]
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H 2 Low Power Al chips

MediaTek
Dimensity
1000

4x 2.6GHz(Cortex A77)

4x 2GHz(Cortex A55)

Mali—G77 MP9

Hexa—core APU

(2x heavy cores, 3x medium cores, 1x
light core)

45 TOPS

7nm process

LPDDR4X@1866MHz

SN 11.26.2019 [7]

Low power
At Key Features
ARM 512/1024/2048 MAC(8x8)
Ethos—N 1/2/4 TOPS
(37/57/77) INT8 and INT16 [10]
4096 8x8 MAC
CEVA 12.5 TOPS
NeuPro-S INT8 and INT16
Memory: DDR [11]
Gyrfalcon 168x168 MAC
Ligthspeeur 2.8 TOPS, 300mW
2801s 9.3 TOPS/W [12]
cluster(8 core)
Hailo 26 TOPS, 1.7W(ResNet-50)
Hailo—8 INT8 and INT16
Memory: SRAM(32MB)[13,14]
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GPUs= Streaming Processor(SP) & SIMT (Single In—
struction Multiple Thread) 7+ 2 %2 SMES THA|
n7l|& F-0] TPC(Texture/Processor Cluster) 2 -4k
TH15,16]. TPC, SM5= Hd5h= WA 9 7ol
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20179 1SCA e}5]of| A Google> & 7H5&

3 TPU 0] hE £ H|w(17]

Feature TPUvV1 TPUv2 TPUvV3
Floating—Point Unit X 0 0
Clock(MHz) 700 700 940
TDP(Watts) 75 280 450
Die Size(mm?) (331 (661 (648
Chip Technology 28nm Y12nm Y12nm
On—chip memory 28MB 37MB 37MB
ES T x2 | sy | B

TPU v19] T2 Googleo| 4] BT o]
A BT 5 QIEHIS), 2 STt A HUE
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Ipefe] FA1 QIEjuo]2, Ul Ao 224] So=
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Synapftic Code

(optimized, Sparse) 0 Sensor

b b

Visual Intelligence Chip

‘ Perception Engine ‘
C D

‘ Localization Engine ‘

| ------------------- + Perception Stream

Mobile Platform (AP) Catt_ag.my
Position
‘ Application, API/Driver ‘
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Al

Hutd 2 (Synapse
Compiler) & 7t AlHAAHTA = AET

Compile
Constraints

- Target Accuracy

- Quantization Bit-Width
- Performance Target
- Memory Bandwidth

U

Architecture Model Neural Network
= f N Model

VGG, GoogleNet, ZF
Initial Trained Network

Y

You e

Circuits and Behavioral Model

&

Synapse Compiler

Caffe Framework Compression Extensions

Caffe Base: Layer. Net. Solver ‘ ‘ Compression Layers ‘

Catalogue

Executable: Compression

Executable: Train, Inference ‘
Pruning, Quantization,

Weight Sharing

Compressed Network protoixt, caffemodel

O 2 AdAaoiely
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Analog Neuron Circuits (ABLAC)
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‘ﬂr : 256 Synaptic Operations in Single Cycle
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gloo] 774 (Fusing) 715 5 ZRRITH 2Ehn
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3. ABLAC: OF2 1 MAT o147
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AT kel SAlel MAC AA7IE A
oz AABE] fleiA obg 21 A1 il
ABLAC(Analog Basic Linear Algebra Circuit)- 7l
it ABLACZ 2.36pJ(1.21mW, 512MSOP/s)<]

_

4 ABLAC FR 85

ABLAC core Specification

# of input ~256(Feature & Weight)
# of output 1

# of ABLAC ~512

Input: 8bits(signed)

Data Format Output: 24bits(signed)

2.36pJ(1.21mW, 512MSOPS/s)

Energy/SOP (IBM TrueNorth: 26pJ/SOP)
Area 0.005mm’
Precision ~5%(Signed Arithmetic)
Technology 40nm

g E2t A9 Helrh VICS ##2 AB—
LAC Q715 Fslo], 34 §24& 9leh A

MAC Q4718 HE3t opd1/dAg E5e)
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VICS] Ut oA Tl T4 ke
T/J%]+=1, Neural Network Processing -3} Al
Algorithm 72| FEa} JEAR] AdA|of gl f
E(Boot) AlolE @sh= Application 50|t}
RISC-V 7|9ke] CPU AH A|AHEIO 2 Application
e gHdstal, a4 dlolE A= sl 2568
=, 30|E Aze] HATRE ST AF%
9] AALS 5= Kernel PA(Neural Kernel Pro—
cessing Array), W22 ¥ 2 AESY vz
23] 0] Tdseo] e H4-S Hshe DMAC(KDI-
rect Memory Access Controller)@} A7 47| &
£ 7hA] 716 ©dh= NCU(Neural Cache Unit)
EEREES

Kernel PA= tiEF B2 Kernel Unics 2 0]59]
A ok, 24 W xe2]Ql Tiling Cache Memory2}
ABLACS Egeh= ofd=1/tHAd £F MAC
71= A= o] Ak,

Application .
(Boot, Control) Neural Network Processing
PRAM
APB/AXIT DMAC
i Neural
Peripherals CPUO 3D-BLOB Neural Cach .
(I2C/UART/SSP) Data Manager ache Unit
32bit BUS E‘
32bit BUS B 256bit BUS interconnect
‘ ‘ l E Memory
Controller Neural_ Kemel
CPU1 CPU2 Processing Array
| | | DDR/SSRAM
Al Algorithm PRAM _
(SSD., YOLO)

T2l 4 VIC L5 o7 [BllA 2=
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Neural Kernel
Processing Array

I:' o o o e e R
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KERNEL UNIT o o o o o Y
TRL i Y
Tiing Lom | / o e |
CACHE MAC O I:I O EI EI O O

Memory
e o e e

Neural Kernel PA E%!

- zero skips E &S sparse/dense GAES B5 X|Rot
= AMA HAMT| Kernel Unit

. 16 M| E(thread) HALS X|R5H=
Kernel PA

- 220 7 3D tensor 72X TZS X|Rok= DMAC,
ZIch 87 X SAl X

- H=22|9| Hl0|E] T& HS(bottleneck) H4S st
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H5 VIC X EX Q0F
VIC Key Features
Precision INTS, INT16, ...
MAC Analog/Digital Hybrid
Sparsity Sparse/Dense Dual mode
16—Thread parallel processing
Kernel PA Kernel PA
CNN Kernel Various Kernel/Stride/Pad Size,
Processing Shape, Dilation

VGG16, ResNet—101, ResNet—50,
MobileNet, GoogLeNet,
Inception—v3,

VGG16—-SSD300

(PASCAL VOC, MS—C0CO),
SqueezeNet

Neural Networks
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AZF 2578 TSMC 40nm LP 4ol 4] 3] A
Smmx5mm O & A &5kt

ABLACS 3£3tslo] 214 445 PLL ﬂ BEE
@6—}1, Q¥ 98 22l o SOMH, Ui £z Zu}
S 24 400MHzO 2 A 2= Q)T

VICZ 9] 2 ExJS goksl gHlo]2o 1 59}
2}, SSD, ResNet, MobileNet, Inception, MobileNet,
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Sl 170Gbp594 LPDDR4 A9 27|17} AF&=H,
FAE A AT BALS 915t PCle x16 Gen3 9
EoolA5 AlZe) 1 9] ONN 7]%t Al 4222
22 919 HDMIME| 2. 1%, dlo]e] A48 )
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MMo MM

— fow
- NCSEGTBL]| o Dua flow

i 128x128 -,

72! 7 STC Of7|EllX]

U 5181 SASysolc Ay, Sold A3 9
3} DC(Data Control), DMAE ¢t MM (Memory
Mover) 2} U5 A& 913+ FC(Flow Control) & -
Ajo] gieh
SA+= 1GHz2 52}8= 16—bit floating—point
MAC ¢4FE NC(Nano—Core) 50| 128x1282] sys—
tolic array -2 2 Hjx|E|o] Q131 = 32 TFLOPS]
52 7HAt}, 7 NCE= 16-bit floating—point 2
Sl (add), W] 3L(compare), 2| gk
(max) 14k A3kt ERF SA7} idle AEH Y wf

All(multiply),

A ADDR. =$_ATDER.
for(A=0; A<A_LOOP; A++)
B_ADDR. = A_ADDR;
A ADDR += A INC;
for(B=0; B<B_LOOP; B++)
C_ADDR =B_ADDR;
E_ADDR +=B_INC;
for(C=0; C<C_LOOP; C++)
D _ADDR =C_ADDR;
C_ADDR +=C_INC;
for(D=0; D<D_LOOP; D++)
E_ADDR =D_ADDR;
D ADDR +=D INC;
forE=0; E<E_LOOP; E++)
F_ADDR =E_ADDR;
E_ADDR +=E_INC;
for(F=0; F<F_LOOP; F++)
G_ADDR =F_ADIDR;
F_ADDR +=F INC;
for(G=0: G<G_LOOP; G++)
ADDRESS =G_ADDR;
G_ADDR +=G INC;

1218 AGQ| 7xIY HYIAE 2 of|A|

e APk ffsl power gating 75 AR
o}, ojuf, SAQ| power domaine 1672 o] H
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SH/ARE AS] A AR FAsRi,

DC(Data Control)= I 4Mi} gJo|EE *|A} s}
7] 918t 32MB =719] Ui SRAM} o]9] AlojE
slet 25w LAEo] Ark. sAS) 3 Aol 5
el 1287)9] WO olFolA AT, 7 HE 8
7he] &A1 256KB SRAM ¥ F (bank) 5= T4
o] glo], A1 che W10l ol 71/ read/
wi) & W02 e 4 9o, FCRRE 1)
Al 9ol Fa7} e, BE o) DCS
2 3 17)2] Blo]e] 2 NCEel B3t ol
a9 73} 2o 7 DCuleh = E579] vlojEjzt &
FEler), SR we s Wio] el
o}, ol Sof nila) 8] DCRRE s Lhe 7]
o] (n,1)ell $12IgF NCof] Ak, flojE
= 443] feed—through path 714 (1)l 91
QF NCoj| A, uA gt fo|Er} i ol
DCof| A= u2 g4} go]E 2t data size B
& FHsHA Wi Wi S aedor AR
= UL,

MM=E- 256H|E9] ¢]7]/227]5 A ¥sk= DMA
(Direct Memory Access) moduleZ4 2]4- LPDDR4/
PCIeQ} DC 7t interfaceS FSH}F MM0O= 95

e glo] S9l MABL DCo| AFIAL,
DCof| A =49 HolElE tA] = A5t
o}, MMI2 2 2HE o] ExRks ¢jo] 5o DC
of A7ttt

FCt slpanE 2uE o7 4g o)
A8 B ML NC Holg 4G
NCSEQTBL¥ DC §171/227|1& 13t 45 A4
& = AGE LAECH NCSEQTBLE 32H]E9)
NC g5 102471714 A 4= s= FIFO
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722 o|20)4 9108, NC Heokz NC7H 5
& 7fo| e}l (Pipdine) & A4 HEECE, NC ¥
012 9 2F NCo| it 2199
2 ATAT 4 2ol D FR0) Al YelE
(convolution, fully—connected, LSTM %)of tf-8-F
G otk BRTA @A) BRF DC F49 %
2L Q2 gAY, Aols 242l E(Widh),
o] (Height), 20°|(Depth) S T2I3HA % 7740l

o]S 1Elo] AGE 1% 83t Zo| 7a1e] YA
E F X (Nested loop) 2 A, FZZ0| &4}

Hog 4HE|HA] 725 FA47} U Alo]E &

74 2 (routing path)

Aol AT, ZF ApoflAl= 371 WA 2
2, offser, T2 =3 Sl4=)of Qs =4 A4 wfEd
o] 2A4==H|, 7 W= 25 programmabled} 7|
tfj<2ol] dE5k= CNN 7|8k Al ¢dale|s it
X918 2= 9l

3. AB9 #! M= Ao}

TSMC 28nm 5 of|4] & A&kt on, dieol
20 72 99} ZH} 7]X] F7|= 33x33mm?
o|th(die A2 19x26mm?), AB9L| = gate count

= 0F 2859 7|, A AYL 1V, 5&

—40~125C 0|, power/groundS Z3§}3H 9j7] 2] 9]
primary IO pin®] Z- 7i4== 1,5997f°]ct,
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NoC, Peripheral IPs

J12! 9 AB9 die microphotograph

2|3 mHlel g AP CPUS} GPU o] 2lef| 2137
2|4 Q1 NPU(Neural Processing Unit)E WA
Sh= 797F WolA|ar ik, 7k NPUE A#1g o
2 MAC 94ke ﬂiﬂ = ke S ke 1
01] e ETRL] VIC F& Aghe &4 Z‘Jiﬁ

#7104 ABLACS osﬂ z.4pJ/sop4 xﬁjﬁ =
[

AH] 2ol A= NVIDIA GPU9| L2421 H]
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