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£ A5+ 2-bit multiplications ©$] 2 = multi-precision 3} = € ]
7F4:7] core?! BitBlade ©}7] €l *]f convolution decomposition2]
ololt]jo] & sl A g3 1-bit multiplication—% TG =2 3o binary
neural network %! 1-bit precisions A ¥t 4= 3li= multi-precision 3= o]
7}47] coreE A|QFSHTE. Convolution decomposition< =& BNN] in-
memory computings 15+ XNOR-net®] NAND-net® = ©] conversione
A&l AAE A o] 5 FE3Fo] 1-bit precisions A Y37 $138+e] xnor
gate®} and gate®] A4t A IE muxing 3t A ] oFd and gateRt
AFE-E = bitbrick 7E2E AT 7 JEF ST Loyt Ak S-S
1 3te] logice U5 optimizedt™ &A3H 9 latency S 2 g &%
AALE 8FE% 27FA] dynamic terme $F W o)l AAFS= logics
bkt ar, 1 A3 @342l resource reduction®©] ¥zHE QAT
=2 latency @} throughput, “12] 37 resource 5.7 overhead $1°]
multi-precisions A QFski= =] 7FE57] core F@ tigh Y&
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A1ZdA 2

A1 2 AT 97

25 Artificial Intelligence(Al)«= FHIFE vl 54 <14 9 ®HY 5
teFst Vles ek Stk Al B2 Agr W Ay % FEs A
A7l @4 T U= Deep Neural Network(DNN)S] AQFo]th DNN2 ]
Aro ZtEAE wotel ¥ ARE AAretal o] HEsh= perceptrons
@9l Z skl thF perceptron layer TFE ZHAIW ARES] lossg S 2
7Vt gEHEs A Stk 53] 2D Images &3t AIFE B[A

59 okl 1% Convolution 7°] 2-8% = Convolutional Neural Network(CNN)©]

1 YEYALTE v W2 implicit information®] &% HA ¢
s Al He Aol e, oldd wep REe] A7)t

7 v QAatgo]l vl Helv & Rds
AL AqUAE ARSI RS train timeY} inference
Al HEAAE T2E AREska, ZHel 7]eshA]
s o AL bR BHI}E

quantizations Fd E9S B3 steje AlE7E olFolA L Qluh o]efst
SWHl HF Y& Central Processing Unit(CPU) Xt} W HZAQ <lAilo]
7Fsdt 7159 Graphic Processing Unit(GPU)E &-&3FA1 SWHQI H o B
HAslE st=dlo] 7H571E AFSShE HWARD HEE FAlel o] Fojx 1 gt

Quantization®] AE%¥ =Zdol AL CPUY GPUE At &9 9 bit 7}
aA= Qlo] AEAl S3kE st=de] 7HEUlE EeR sk A9 Bk
olglgt st=So] THETle QT HE Vs F ostue Bl web dA|F Q)
A &9 bit F7F FebA AL DNN| 7} layerntt} 7hs gt #H40) A4k ‘;quﬂ
bit 7} EEFA = ‘multi-precision WEH 7} H& A$E EF AL
3l Zlo|t}. Binary Neural Network(BNN)ol| AF25 = 49 1-bito 4] FH ] 8-bit
T I ol #F wota ¥ 4 e = computing cores B QE k=

10]t,

o H

Multi-Precisions A ¥3F=  cores  d  2-bit Y E multiply-and-
accumulate(MAC) <1A4H7] 2 shifter’} & witE TAE /NFE T3 input?}
weight®] precision®] W} unitsS B8k BitFusion T7-37F AE Wl Slth
a8y o] FFol= EE unit vlth shifterl EFEH PR WS resource:
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ARGSHAl = ar o]e] W power overhead”7} EASHTE o] & S Ast7] & unite]
Faol s el shifter?t QIEF Sk fAd¥ BitBlade TER7FOA|IRFE ST
SHAIRE  FF B 1-bit] binary precision 9ARS 1 #SHA] ok, ¢4 Ak
o) 7b 2-bitHE] A QEHEE 1bite] A9 2-bitE FHFske] AAls|oob & A]
BNN2 A-&stvpd A8 £57) 24 -2 X, binary precision & & 23+ xnor
Arks A kA ket

BNN| A4 ] binary precision®| A& (0, 1)0] 2t} (-1, +1)& u|st7] w ol
wAlo] and7b obd xnor AAtCE EHETH o]efdt Ao]HOE ISt binary
precision?t 1123t 7}E57IU 2-bit ©]AFS] precision FE] AAF 75 d multi-
precision 7}4 7|7} A|QFH T} Binary precisions 1L88h= 7d-$ bit-serial 3t MAC
unitS AHESFH, and AAF7]2F xnor AAV]IE EF unit Yol 3 muxingdhe
Wro] At ATt Ty o] gt 739 unitvlt}h shifter’t EFHE M and gate}
xnor gateE Aol AFE-3FE 2 resource overhead”} A thi= o]

2 A A = binary precisionA 9 xnor H A4S and A
decompose F°] xnor gate $l°] and gate¥rO.Z MAC uwnits TS AE
A|QF8F= AND-net 73 E BitBlade T-32° % -83}o] shifter?} xnor gate@ <13t
overhead”} $li= bit-parallel3+ computing core logicq! BitBAND %5 A<t} aLA}
gttt ©o]= Fall binary precision-E %4t 7 ¥ multi-precision  7F57]

sedole FAstaA gk
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i
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A2Ad AT Y&

£ AF-o A= in-memory computation(CIM)= $]3ll xnor gate”} ©}'d nand gate
THS &-82-3t binary precision MACS $]3ll A|<tE NAND-net 32| multiplication
decomposition Y& ©]&3)] BitBlade 739 unit?l bitbricks 71E2] 2-bit
@o7b obyd Ibit 9% inputd} weightS WO m HU| 4-bit * 4-bit AALO]
st = 5 A A S T, 2-bit precision ©]H-E sign bit7} EAES 7188 sign
bit7} input®. 2 )+ bitbrickTte] obd sign bitE inputl.ZE ZX] = A #H
bitbrick 7+ 7FAE U2 ¥ X3} resource overheadEs & TE ol st FH A 317}
BF ALHAS wol% xnor gateE muxingdtA] %+ BIitBAND T%7F 71
A& resource ¥ power overhead® ZFIth= AS Xilinxk AlEHCo|lHORE
gelatint.
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A 1A AP AF

e UEHAE Fo1% inputel] o3l weightE wata Ze] wep v]dg
StE TS & olF output®E Sk perceptrons 7| FERE ST [1]
o] 23t perceptrons©] Ui layers: A FTOZF WfXFFe] I layer® output©]
U2 layer®] output® ® FEE = multi-layer perceptron®] DNNO| 7]& 30|t}
Train oA AE Fgkat vwste] lossE AlAbskal, o]o oidll gradient
descent 5% analytic computation= 3] weight®] 3ZtS XSt iteration=
HEESlH, g Sl 1A HE weight #C =2 AZL inpute] U3 outputS
= &%k inferences SHAl ®tk A3 Z2 layers 7FA implicit$t informations
U5 % 318k DNN R o] whdstiA oS w23 kst 75Fe vjd 9
2ol Ay ofZgAlel A sdto] 7hs3trt. Virtual Reality(VR)Z augmented
reality(AR)= Al HatAY SAolY FH A S A st doldE tutol A7t
olgst V=& vt Oo® gt (2]

o]

AFEH vldel A9 EAl A2 (object recognition) H &
classification)®] 2 task7} 1™ o]F HEHo|X = image] F%
gR1gt 4 S8l convolution AAFe] ARE-¥ITH [3, 4] WeERA ©]EE& CNNO®
AR 7% sk oY M layerZ o] Fo% blocks RFEAOZ AMG-EHaL,
block®] inputS output®} augment 3}AH Y 71E 2] pre-trained NN modelS &-8-3}+
Y AEE T3 HEE A HEQ mean average precision(mAP)7} 80% ©]7<]
Rdo] FAsta Au/HAE W Feoll Atk [5] HFel= CNNo| o zpeio]
Ao AFEEWE transformer BE@S 7]WFC 2 3k vision transformer(ViT) F 20|

H =2 A4S Hola St [6]

o 709 weight parameterS 2t VIT REES &8, CNN REdE% B2
matrix multiplications E Q% 3} Giga scale®] Fd A4 AAK(floating-point
operations per second, FLOPs)©| & Q3}t}, Parameter =9} AAFFS] F7F=2 Ash
memory bottleneck¥} training 2 inference AlZFE Z°]7] 3t pruning?
quantization®] =2 A3} 7|WHo] A= AT Pruning training g ol A
weight #ol €74 FF o]kl connections A|A3TFA] 09 oz 1AHsHA,
THA]l trainingS 8FH o]l ZE IS REEE] 7hsdt A connections
Zte = sl o]l [7] Quantization training®] €5 ¥ FU training &
parameters 2] X & T3t bit FE Folv HOE  HA=  post-training

quantization(PTQ), A= quantization-aware training(QAT)l| 3@ ¥t} PTQS}
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QATE 717t

I FAo] @Eetd], 571241 training time $1©] quantizatione
g8kl gk

d

o

W PTQ%E, quantizationS 122 St training time overhead & 753}l
=

B =2 A& Foud QATE AEst= Aol A Asht}. Layer whtt
input =2 weight®] bit &5 %' parameter® AFE-3H= QAT WH &2 EE,
PTQ WHE Z} layere] # A3t quantization WS AFE3S] layermt =

quantization®] g2 < S\t [8,9]

2d AEstel gEo] Ede wA AAR st=dol 7S] ARE9
T80 F7ksta Qlvk fleld Awd DNN Ed #d =EeEk B
CPUR.T} GPU”Z} matrix multiplication s°| 3ldstes %S ko] AAb
A== star vk [5-7] Welr}, quantizations e EFo] 7] 32-bit A
obd 574 bitwidth®] FE Wt Hohe dAdES sl AsiA e
GPURTH a&4< st=dlo] 75715 Zo= gy oA A& npsp ol
29 vt} quantization Ho] Y2 3t Fd YoM T Z} layert} channel ©lCh
bit-width7} ThFol% o5 M & 4 1o 21™ multi-precision =90 7}571&

HQ 7 oA

Input?} weight X quantization 3h= 725 UASHE  multi-precision
A5 1L98te] bit-paralleldt Al A4S o<1 BitFusion ©F7]E1 A7} state-
of-the-art® A|AIE  H} Qlth [10] ©]& HIE o=z AFA AtE  BitBlade
o}7] ¥ %] = BitFusion®] MAC unitQ! bitbrick"} T} -2 area % resource overhead=
oF7] k= shifter logicol Slo] A7]i= overheadE A A3H7] $18Fe] bit-parallel 3t
AAdE T A #E shift He AA @S BT U3 F ol 1 shift
S & 3o 41%9] area reduction ' 36% ©]72] energy reductions E/J 5}t
[11] Figure 1.914 5 o}7]¥1x X5 shared input® = 72 FE S dataflows
AFE-3F 0™, input?} weight®] multiplicatione =3 3F= unit?l bitbrick®] 2-bit
multiplications  3}™ bitbrick &= processing element(PE)E -/J3til, PEE PE
array’b 7/338t, AE & weight vith o] gt PE arrayE SIS
gle 4= Sltk. BitShiftell A BitBlade= 2] conversions &3l input ¥ weight®]
UhFst precision 4955 1L# 3  bit-serial 47| BitShift o7 E A K.t}
8

[e]
221 area®}t powers 7HA T U= Holth
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F (Shared) Feed 20| Feed 1 Feed #15

=¥ PE Array #15 (PE #240-255) 1 it AiNetcn Weight | Weight] ~~ Weight
PE Array #1 (PE #16-31) g o (Shared) Feed #0| Feed #1 Feed #15
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Example Configurations

Case A. 2-Bit x 2-Bit Case B. 4-Bit x 2-Bit Case C. 8-Bit x 8-Bit

B [EEE] | e

ias 7
Frdrd -] ?H?“? _
¥ F-pe o b b
ErdE-g g | | o —
16x 8x x Feature #0 | Feature #1 Feature #15
(2. 4, 8-Bit Input) x (2, 4, 8-Bit Weight) = 9 cases are supported.

BitBricks within each PE have different shift-left parameters. All BitBricks within each PE have the same shift-left parameters.
(a) Baseline design (Bit Fusion) (b) BitBlade

Figure 1. &2 dataflow o4 2] (a) BitFusion¥} (b) BitBlade®] o}7| €A W] 1.

@9 33 Zo] inputd} weight?] bit-widtho] 22H o w2} bit-parallel FA Z+z}oj

== bitbricke] A= HAE E3 inputd weight®] multi-precisions X st}
BitFusion®] 73-% PE W& Z bitbrickv}t} ©2 9% 9] multiplication®] doj'd 5

RN (ZEZFAH =@ Fo] EA) shifter logics T3l QlE whE,

BitBlade®] 7-% bitbrick W olE shifter logico] $1o2™ 22 $1X 2] multiplication 2 I&
63 & PE © 17} QU+ shifter logicO.Z shiftE 3t}

F-pE || F-PE

il

H, o7 el Al Fanks FHsko] {-1, +1} %= quantizations 3Fil ©]
7] 918 1-bite AFEsHE BNN Relo] kel vl Utk AlexNet T8
2 A A3 uv] A=t 16% olWl® 48t memory ARE-o] 32u)

T ool A4 HEE osgE] WA= Adrh =EEAT [12] 1-bit
quantization®] ¢ (-1, +1)&] kol AAb logicoll Al ZHz; (0, 1) .2 mapping =
(~L+1x (-1, +1} o 0,1 x (0,12 Ul 7k FA A97} {(+1,-1,-1,+1} o
(1,0,0,1)© 2 mapping ¥ = 2 1-bit precision®| A= F410] 2:1 xnor gate2} FL 3+
7I's& st Eoh

A
o

S
met o Ok o

A 2

ok
= 7

sz HAEZE =40 Al A tre esvd, ZEAAY
2 <At computing boundH T} ZEAM|A ] F3 memory bandwidth®=
FA] %3k= memory bound® QIS SHAIZF tF%™ memory UM%
computings 3t=E 3k CIM 7]&0] F59k3 Itk [13] BNNS 6T cell 7]5H2]
SRAMO]U} high densityS 2+E= DRAMS| wRe] Aoa CIMOZ train %
inferenced}7] $ 3 A= 8T cell®] xnorZ 2| conversion®] = Q3FAL single cycle
el xnor gate AAHE AT = vk olE A3t A 7 (HH 2
convolution decomposition ©. % BNN-2 XNOR-net®] ¢} NAND-net® = conversion
et WRlo] AQEE ST [14]

02 oX
oo off
ol I o

Iyx Wy = (Ip + 2I¢) * (W, + 2W})
=Ly * Wy +2(1p * Wy + I x Wp,) + 4l « Wy ... (1)



Figure 2.914 9} #o] T E element’} -19] base termo] +12] A7t +19]
elementE 2t filtered terme 2¥] ©letd 7]EH 22 termo] HM o]gA
decomposed ¥ convolution term<> xnor’} ¢}l and gateE ©] 83l A4tE = QA
#th. 53] inference Al input feature:= "|2] 1 & & F S dynamicol A
kernel weight™= constant® AJZ} %= = %2 BF-BK term¥} BF-FK2] term+> pre-compute
ako] bias w3 FH A F Sk

EEIE El EIEIE B
“1(-1|-141 “Al-1]-1 11|11 1 1
“1[-1|fa| & [a]afa] = -1 -] ]| & 1 =
EIEIEIE] E] ElE] EIEIEIE -
Base Feature map Base Kemel BF-BK Base Feature map Filtered Kemel BF-FK
“II Eh. .+++ = E
El ks 1 o [ Ixa
i I ] ) =i [Eupst BF-BK BF-FK FF-BK FF-FK  Partial sum of Output
] EIEIE -1 EIRE
= B - & - = X2 : Left-shift by 1-bit
- 1| @ [=]=a=] = =] ] 1 1| & 1 = (e) %4 : Lef-shift by 2-bit
EINE ElIEIE Bl EIRE 1
Fiterad Feature map Base Kemel FF-BK Filered Feature map Filtered Kemed FF-FK
©) (d)

Figure 2. Convolution Decomposition®] £ 3} (a) BF-BK (b) BF-FK (c) FF-BK (d) FF-FK term
© Z term AFA (1,2,2,49H)F Fotn Bt £&3 partial sum.

Kernel size®l| &} (a)PJ Zko]l B3N A M constantl! Kkernel weight9~] X wet (b)9J
ol AHAEZ F k2 statictermO. 2 AAZE 4 T} Input feature] EF o w2}
ol 28 A+= ()% (d)= dynamic term.E AZE = Q).

CIM %k ofyzg} st=9lo] 7F&7] ARl o]2]gt ofo|rjoj & o] &35
1-bit precision?} 1 ©]4+¢] precisions 3 3t7] $18Fe] multiplications =3 s
MAC unit %= PEQ| sub-unit 4] xnor gate®l and gateE &7 FiL 1-bit
precision®] ™ xnor gate®] ZAIE 0] LI EF muxingdti= 7Y WHEG
whds 4 Qls Ao ogHrt [15] =, and gateVFO. Z= % multiplication©]
7FsstP 2 area 3! resource overheadE =9 power overheadE o} & Q)
Aoz 7l st} w3k, 1-bit precisions A YEHA] %+ BitBlade R Ut & &7
BNN F3o] 7}sa Zlolt},

O o



A2 A AT Y

2 Aol <k 7]E9] BitBlade ©F7]E]AE o]£3}9] YOLOv3-tiny &&
inference§ Figure 3.9} #2 overall o}7|€x]E Zl= =99 7145715 Zyne
UltraScale+ MPSoC ZCU102 K. =9 ?ﬁﬁ}oﬂlﬂr 2-bit, 4-bit, 8-bit®] input?} weight
bit-widthell 3l all-layer test® &S AN, PTQE A -E3Fo] INTS
precision © 2 quantized ¥ mAP 79.35%2] YOLO R @& H = oAl oF 20FPS9]
£z A% £ Qedu 2 AFelAR o] ZEAEA  ALEelld
dataflows 7143}, bias®} weight & BRAM buffer2} ©]¢] logic, result saver
logic®] 1-bit, 2-bit, 4-bits A Yst=F AFA AAE coredl Al re-design
Hol® ©l &2 bit-width®] dataE THFEE resource 5| overhead7} =4
%35 7HY3skal BitBlade2t ©]2] W ¥ core®l logicihS HlwE Flo|th

— |[FM Dataflow  — Weight/Bias Dataflow — OFM Dataflow

DDR4 || MG e AXI BitBlade Core Result
Memory Interconnect (MAC/Act Quant/Pool) Saver

Figure 3. YOLOv3-tiny inference 3I=o] 7147]¢] overall architecture. BitBlade core=
o] &3 33} 2.1, weight, bias, initial image data’} DDR4 memoryZ%E DMAZE Z+Z}
BRAMZS! weight buffer, bias buffer, IFM(Input Feature map) buffer®ll 32t} Z} buffer
logic®] coreol A3 datald A|F-3}H, result saver= A4t 235 OFM(Output Feature
map) buffero] A 73T}, Box recognition¥} classification®] 23t 53 layer? output
output saverS %3] THA] memoryE HWEZH T}

BitBlade ©}7]1®1* 2] bitbrick unit®] logice 2-bit multiplication®l 4] 1-bit
multiplication .= 3= %5 WMAH T ], XNOR-net 7S I3l and gate®} xnor
gates muxingdt :[11%— BitXNORZ A 3}3. AND-net 7&dS $13] and
gate"HS Zt= X E BitBANDZE A3 & Zlo]t}l. BitBANDS 7% NAND-net2)
convolution decomposmong o] 232 2 input B weight”} 1-bit precision & )
kA A3t wRel o] Filtered Feature?} Base Kernel 5=+ Filtered Kernel]
multiplication?! dynamic term ThS ZAlAFSEAL biasell static term©] XFE S-S

7Hd g



Figure 4.2} 7F°] BitBlade®] bitbrick®|A] 2-bit multiplication= <+ w] 2-bit KT}
=2 precision®] AAFO|A input i weight®] MSB 2-bits X33l ¢ 1-bit
extensions o] AAFS Tk = sign bit 5,5, 5 EFSI] AAAC R 3-bitd}
3-bit multiplicatione k= logics Zti=th ©]9} W3t Figure 5.8} 7ol
BitXNOR¥} BitBAND: ¥ %52 ° & [-bit multiplications T3}  bitbrickS
A2 unitS = 7FA =, 1-bit precision Xt} =2 precision®] AAMNA input?]
MSB 1-bitE AAteh= A5 $130 1-bit extensions 3Fo] A2FS 3t} =, signed
bits xgrele] AAAOR 2bit # 1-bit {FS] multiplications 3= logics
zh=t}. 1-bit &9 bitbrickol A= oA ¥ input TFO] sign bitE: X $Hel= O] f=
multiplication overflow7} J =] oAl 3 o input®] MSB7} #3llzl A} bitHh
signed extension= 3|4 Tt 7] wjitolth

PE #0 PE #1 PE #2 PE #3 5=0101

T I I T X3=0011 -
; Tt gt ot 0101
X11
11 X11 X00| 01 )3111 oo
'luJ_l Q?J QEJ xoolxoo|
— :
Psum 1}

Figure 4. BitBladeol| 4] 4-bit precision?] input¥} weightE AAFg wf| 2-bit multiplication©]
Z}Zt pitbrickell EFE I, 2 AR (@Z-S shift g2 ZHE) bitbricko] 4714 2o
3o PES o]F 1 Uth. 7 bitbrickS input =X weight®] MSBE 3= A4S
#13t4] sign extension bit s,,s,7} E3E 3-bit multiplications 3= logico] .

= oo
= (@) - o

X3=00112 ,-

7
’

XiYw

sign extension(00..0) fox [ 1x1]0x1|1x1

\

(00..0) fox " |1x1|0x1|1x1 \

(00..0) [ox | 1x0|0x0] 1x0 v

(00..0}|0x0 1x0|0x0{1x0 \

A
A

Figure 5. BitBAND 2} BitXNOR®JA] 1-bit multiplication®] Z}Z} bitbricks] FF ).

Z} bitbrick= input] MSBE X3+ H$+E 93+9 sign extension bit 5,5 L § 3}
2-bitZ} 1-bitS multiply 3} logico] T} BitXNORS] 7-% 1-bit precision! X o] W&} xnor
A7 ¢ and 237F mux B

A o}71¥l A T S core throughput= 2= PE array?} Z} PE array U] 2]
PE %5 167012 sd3tA 243303, input?} weight”} FH Ul 8-bit precisions
7™ 870 €] bitbricke] 3F+e] PEE ©]F+ BitBladeo| A dFt2] PE array & vl
cyclet}t} 3270 2] (4-bit, 4-bit) parallel multiplication®] 7} 322 input} weight”}
o 4-bit precisions 7FAi= BitBANDY BitXNOROIA = 32702 bitbrick©]
stihe] PEE o] F =% sFSith oA F IL-bit bitbrick TIAFRIO] £ Al 3 WA

approach® & T Slth.



F WA approach@ A A A|Z sign extension®] L3I+ H-$-= input®] 2-bit
o]%+9] precision®l] dEstE A4ke] MSB7F Al HE ASLES o] &ste] s
PE array 9] 167012 PE 5 8702 PE°l 3| @3Fi= bitbrick< sign bits X3}l
ym 2] 8712 PEC] 333t bitbrick<> sign bit $1©] true 1-bit multiplication?] and
gate ZFF o] Fo]%l logico] HEF SIUTE ol& input¥ weight’} R 2-bit
precision® ™ sign extension®] H Q¥ AARS = PEZF 87171 ¥ 7| wiiEolth
upga] A A bitbrick->- Figure 6.9 2Tk T8k, 7} 799 PEC] tha] 23 bit-
width®] bitbrick A%E& Uoh= adderg ZPES 3FQITh o] A7 2-bitol A 1-bit
bitbrick ©. 2 2] conversion 7 | 4] bitbrick = 49 S7FSFA|RF 6-input logicoll A
3-input logic¥} 2-input logic® ZFTOZ unit®] area L resources 4H] o]

A7¥Fsto] power reductions 71t 4 QU
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1

1
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1

ixw [ ixw ixw|i :

ixw |ixw ixw|i :

= = 1

1

1

| + | i
Psum

Figure 6. BitBAND$} BitXNOR$] 2714 bitbrick logic. Sign extension®] & 2 3t 2-bit
o]&¢] precision®l X AF8-E = PEO| @3l bitbrick® sign bitZ input>Z -},

XiYw

! ixXw | ixw . ixw | ixw BItBAND BltXNOR

npx]e o 2 BitBANDO| = BitBladet} BitXNOR+&= Q13+, dynamic term
27FA1 5 3k Wol A7) 9% logico]l F7HH o ® F Q3T Input¥ weighto)
precision®] wWa} 3}t multiplication & FH o 2702 dynamic term©] & &
Sl=dl, 2701¢] dynamic terms 2 cycle &<+ A4ttt BitBladett BitXNOR H.Th
28] latencys AQ8k= FolEE 2709 dynamic terms 3 cycle del]
AArstr] f18ll 2F PEvE; @& & adder logics ool @Al t]zpQlstoiof iy,

Figure 7.7 %©] NAND-neto| 4] A At convolution decomposition®l] T3k
g3d s AdEE 7 vk 4 input® weight7b BT 1-bit Q1 B¢
271¢] dynamic term©] sk ZHZE 1-bit, 2-bite] left shift7} 2 2 3}, WeightTh
1-bit?l A% 2709 dynamic term©] LA ZFZE 0-bit, 1-bite] shift7}
I 23}, Input?t 1-bit] 7 -$-oli= Base feature 2} weight®] H©°] static term©®] 2.2
171¢]  dynamic term©] A3} 1-bit shift7} skt vFA YO R input}
weight7} E5 2-bit ©]/4FQ] ¢ BitBlade?t #o] ©AsE dynamic term=
AAberA #Att ojul, dynamic term®l| THF shifte= el A A &3 TS 99
bitbrick A4t A5 K7 Tlsto] shifts FE 4 ol del HAYsk= shift = A
olof thst logicte 712 shiftere} vHxE7FA] 2 7} PEwith 3= adder logicell
7R A Al A
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LW, +2 (W, wwo) 1.1, - wW,)
moEE ) G
L2 U1 Ix2 x4 HE

Io* Wy =1 * (W, +2Wp) I, « W, + 21, Wy
BF-BK BF-FK FF-BK FF-FK Partial sum of Output
Static Term (Merged to Bias) Dynamic Term ’ Iu * Wu ([h +2 If) Wu z lf WD

Figure 7. Binary precision ©]%3¢ 73-$5& X &3l= &ZE convolution decomposition F2].
BiasZE merge @ &= $lE static term3} core logico| A AAFElo]oF &= dynamic term©]
ZtZy F2q5 Brao 2 FxEHF

1-bit precision®] °}'d input = weight= decomposition®] Yo% ¢k MSBS 7-¢
sign bitE Zt7] ® Y. Decomposition©] YR T 2t% input B2 weight 3 1-bit
precision®] 1THA dynamic term®] | FH o] shift7} I Q 3}

()

(@

Dynamic term©] 27 o]’ S48t A+ weight’} 1-bitd wo] ™, (filtered)
input feature?} filtered kernel®}2] multiplication®] (filtered) input feature 2} base
kernel 72| multiplications Tl3l|Fo]oF dtt}. o], base kernel> K= element”} -
191 window® I E o] QI3 (filtered) input core® S 2+ #o|BE Hr}
dynamic¥l Feature-FK term-> bitbricke] 3t@sto] Axbsttk T2j31 ZF PE
array"}t} bitbrick®] A4t A 3}9l Feature-FK term= 55 U3l adder ¥Rt
ol inputs EF Uotal ol -12 F35+ adder® F9 Feature-BK term=

HelFEs f.

71Ee] X2 AEA ALL3F W BitBlade core® Verilog codeE Fri1dleq
£19] 37}A] approachEs <+ 3} Verilog codes 2H/J3FL, ©]E simulation® 2
A A5 AT codes /IS F, Xilink Vivado 2713 “JoflA] core logic
A A& synthesis 3F9] approach®]l ™ LUT %! FF(Flip-Flop) resource utilizationS-
H] W 3FSITF.  Resource utilization area %! power consumption®] &A=
Qaolng ebFst vlwrt = Zlo]u) synthesis Y T power reportE 53
power estimation % logic?} i/o Tl 2J¥ power breakdowns E1skSith
Throughputo] 28}7} ¥ =% bitbrick & 2814 scale-up 3t31S wWje] A=
A FRlskgltt.
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A 342 AT+ A3

BitBlade, BitXNOR, 72| BitBAND core®l t 3l Verilog code= Tl GitHub
repository®ll Al A]3}5 T}, (https:/github.com/hjeon2k/2022 GradPrj) Core logic & T=
bitbrick®] T@E adder XE, bitbrick®] A A¥E TS PEC] AR
sip_dot? pe EEo| Al of7|¥]X IF X}o] 7} et

Table 1.> Al o}71E)x 9] synthesis A3 LUTS FFe] & uYEeRT]
Throughput> Z}7z}2] o}7|€l A oAl PE T bitbrick®] & 282 3&}o] parallel
multiplication 75 2= & A7} 2xell dldstet o, A5 HHo A A&t
ulo} o] A o}7|8lx R F 1x9} 2x7]E]l 9] throughput #T}. Optimization A2}
B A A%k vkl o] 747t BitXNORY BitBAND®! 2-bit bitbrickol| A 1-bit
bitbrick © = 2]  conversionZ} AR®FS] PEol] 3Yd3Fi=  bitbrick’F  sign bt
3L ES optimize St Z& & W|3}H, Optimization Ci= BitBANDS] 794t
o)

23k 27FA] dynamic term®] AARS 93t logics F7Fe AS o m]shr,

Table 1. BitBlade, BitXNOR, BitBAND 2] synthesis 23 LUT X FF utilization 2 3},

Power consumption H]I T3l FHF ol7| €A G e JMOE FZIFIH.
BitBlade2] “3-$- throughput 1x= 8 bitbricks/PE, 2x*= 16 bitbricks/PES- & v| 3},
BitXNORZ} BitBANDE Z+Z} 32 bitbricks/PE, 64 bitbricks/PES: 2] 7] gt}

Optimization AZ 283 A sign extension bit= 33 3t bitbricke] logicz} ©]2 QA BT}
£ bit-width®] adder treeZ A3 resource overhead”} XA EE optimization BZ ©]&
$&3}stodoF 3o}, BitBANDS] dynamic term= 1123t optimization CE F £ A
resource’} S7}8FA 9k BitXNORE.T} F2 LUTE AE-3stx o

Architectures | Throughput | Optimization LUTs FFs
Ix None 38716 3005

BitBlade
2x None 67844 3277
. A 67080 2349

X

BitXNOR B 29804 1453
2x B 51912 1597
A 44780 2349
Ix B 22014 1597

BitBAND
C 27012 1597
2x C 51628 1741
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K= Bitbrick®l sign bitE inputO.® AFESheE Aok 1¥A 42 AS BT
bitbrick & 170¢] LUTE A}&3st:= HEA BitBlade® bitbrick®] 571 LUTE
ARE-8bH, bitbrick®]  FE  BitXNOR¥ BitBANDZF 4uf @Wormw o=kl
resource reduction®] oo AAZ 17382 FriskAl @ o= A
bitbrick 347} obd A4 Q1 logice synthesis3t W LUT optimization©] ¥]17]
m e Aolu, o]9} vlE o] PE mlt} £A|8}= adder treed bit-widthe 7FA 3}
PE @ bitbrick 7} 4l Folvb] IS @ clementE Ulstoiof sk
tree’} H 7] WEL ROE o Tk

Optimization BE 2 €335 W 1x throughput scale®ll ] BitBlade ©}7]€l %
thH] BitXNORS 24%, BitBAND+= 44%2] LUT reduction &37} Y. FF &
WS 47%~52% A5t Adder tree Al Tl 3= element®] bit-width”7} 6-bitol] A]
2-bit=  FFASFSlal, sign bit7}F H 28FA] 22 bitbrick®] + 2-input and gate®
A 5 A7 Wmd Zlojtt

BitBAND®I| optimization CE 4 -23}31S w| Ix throughput scale®|A] ©]7 2]
7% ¥l 23%°] LUT utilization®] S 7Fst3itt. ZF PEvFCE 17014 QW adderE
2lE wEo] 2709 dynamic terme A4 0 RS F7HAQL logics
A7 WL Aolth o] g BitBANDS FHEFZAQ ¢}7|¥X = BitBlade
] 30%°]  resource reduction® FA]Y]  1-bit precision AAFS  2u[ 9]
throughput © 2 433} 1 ©]49] precision®] DI i= L3S throughputs
ZEA A gt ®ESE o]i= BitXNOR tH] 9%°] LUT reduction &7} S1t}. Figure
8.<> optimization®] & 1x throughput scale BitBAND ©}7]81*] 2] LUT utilization
W3l 2 1x9} 2x throughput scaleo A1 8] Al o}7]€]x 9] FHFZQ LUT % FF
utilizations YEFHATE Scale-up & wl o] LUT S7F vl &o] &2 712 adder tree®)
element’} S 7Fekell whe} logicd] HiA ol F7Hetal 7] wEd Zloltt

Core Resource(LUT) During Design Optimization Core Resource(LUT & FF) of Baseline and BitBAND
80
50 44.8 - 67.8
38.7
40 60 51.9 51.6
27.0 %0
< 30 22.0 § 0 208 ;4 301 328
E 30
5 174
-2 20 145 16.0 16.0
: O
10 o
LUT(K) FF(0.1K)
0
BitBlade opt. 1 opt.2 opt. 3 W BitBlade M BitXNOR M BitBAND I BitBlade(x2) "' BitXNOR(x2) I BitBAND(x2)

Figure 8. BitBladeo| 4] BitBANDO. % ] optimization &4 w2 resource(LUT) utilization
W3} 9 BitBlade, BitXNOR, BitBAND ©}7]€]3] 9] H%AQl resource utilization 2 7},
BitXNORT} BitBANDE scale-up A] resource 5 7}&©] =Tl BitBANDS resource
utilization®] 7} o0 o]F Q1% power reductions 7| & = i
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A o}7]1E1 2 2] power consumptions H|W3}7] $]8Fe] 1x throughput synthesis
A3} F power report©|A] power estimation % power breakdowns FFQI%H A=
Table 2.2} Zoh(E$l: W). Total power’} BitBlade® Ut 21% FFAsd ou}
BitXNOR®l H]&}o] ©F 1%°] overhead”} #ZE St} ©]i= InputZ} output ports
buffer logic®] Y} result saver logic¥} assign 3l|5=%] $¥o} ¥ confidence level©] o}
HWFAY &= minor overhead ©] AW, A 493t resource utilizationo| A 13151 %
10%°l lFshi= 144712 FFE ¢ @o] Abgsta 7] wlEd 4 Slth Logic
poweri= BitXNOR thH] 54% o]4 7435 ow, BitBlade tH] 58% ©]4+

wasen.

Table 2. 1x throughput®l A 2] BitBlade, BitXNOR, BitBAND 2] synthetic power estimation
breakdown(H$]: W). Device AHFA Q1 static power} dynamic powerd] 3| 33HE ilo &
clock, signal, Z1Z] 1L logicol 23t power 2. Z breakdown 3 Z o]t} BitBANDY] logic
power7} 7} A O i/o & clock&.Z 213t overhead”} A3t}

Architecture | Static | I/O & CLK Signals Logic total
BitBlade 0.628 0.772 0.240 0.351 1.991
BitXNOR 0.625 0.542 0.153 0.234 1.554
BitBAND 0.626 0.571 0.156 0.222 1.575

HFEA o2 A o}7|EX 2] synthetic power estimation 232} LUT utilization3}
static powerS #| 2] 3+ dynamic powerS F3Fo] Bl w3t A= figure 9.9 T}
BitBAND+= BitXNORY} H] 1 3}5S 1%2] dynamic overhead WAl 9%2]

resource reduction= 7}4] ™, logic®] resource % logic power reduction®] 7}5 3}t

Synthetic Power Estimation of Resource & Power Analysis of Core Architectures
Baseline and BitBAND
55 mLUT(K) = Dynamic Power({W
, 38.7 )
0.35 032 40 08 >
15 0.24 0.23 & | N
0.15 0.16 30 | 1.36 27.0 .
1 0.77 0.54 0.57 [
20 | 0.9 !
05 0.63 0.63 0.63 . 0.93 e
0 10 | !
BitBlade BitXNOR BitBAND
0!
Static  /O&CLK ~ Signals ® Logic BitBlade BitBXNOR BitBAND

Figure 9. BitBlade, BitXNOR, BitBAND 2] synthetic power estimation®] breakdown3 LUT
utilization & Dynamic power?] B]iL. BitBAND+ BitXNOR tH] 1%<] power overhead
el A 9% resource reductions 7}X|™ o]¢] WE area reduction™ 37| 7| €T}
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A3ZFd 2

o

DNN XEdo] =& Aes gAs7] 98l parameter T2 AAbF
=7 sl A o] 9k F Al training ¥ inference timeS &°]7] 9 AF= A
AA Loy s sdx 2EE A3 S quantization 59 719
Ak ATt 1 A} layer-wise B channel-wise$t bit-widthS ZE7] ¥ 32 multi-
precision modelE= Al ¥9% 4 3li= optimized =9 7F57]E QR kil
312 BitFusion, BitBlade 52| oF7IE*7} A|Al€ v} Qlvh. ok, BNNO|A 2
binary precision<- TFE precision¥} number representation ¥ o] Th=7] wjiEol 1-
bit multiplication”7}%] A]¥4&}™ area 2 power overheadE Z°]7] 3l optimized
% multi-precision st=9o] 7145718 Atstaatb skl

i

O

Bit-parallel$t core®] 534S U2 &-83}9] shifter® <13 resource overhead &
=<l BitBlade o}F7]|EXE WlE O % BNN2| CIM FofFollA A%l convolution
decomposition®] 2] $F XNOR-neto A1 AND-net® 22| conversions ©]o] 2# &3t
core °F7]€]xQl BitBANDE A8} tt. AAbeA]l sign bite] S5AS o] &3
F&4Ql 1-bit bitbrick TFEE HAIS AL, o]Zlo] AZE BitXNORIA =
xnor¥ and’} muxing ¥ %5 3193l BitBANDO|A = 270¢] dynamic termS 22
cycle Wo <Aatgd 4 SI=% PEvlt; F71AQ adders: TRtk 1 A
BitBAND+= BitXNOR tH] 1%%] dynamic power overheadS 7FA1™ 9%2] resource
reductions €43} BitBlade T H] 1-bit precision 2F-S 28] 2] throughput © %

S35t 1 o]go] AAkS FHASE throughputs FA8HESF g 4= QAT

2 AFA = Synopsys®t S KT} optimized ¥ tool®] o} Vivado
synthesis report®] power estimations AF-8-3fo] EAEFI AL, Al A]AEe] ofd
core logicoll THa| AW synthesis 9] output portS buffer logic®]t} result saver
logic#} assign M= 4 $lo] ilo & clock powerell 3t confidence levelo] -2
A FRlsHAl H At

ARbE BitBAND ©o}7]Elx+= PE ul°lA input?t weight®] (4-bit, 4-bit)
precisions HUlZ A Yst=d, ¥ = bit-widths 2Zte dataoll olsl] 4-bit
groupC.® 7ol AZ TE PE arrayel| ©]l& ?z sto]  AAbets m&A<Q
Aol 7ted Aor Azbdrh L3k Hu HEe #4 T2 IS AFE-ERY
AdE v F s Ao J|fsit
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Abstract

This study applies the concept of convolution decomposition to the
BitBlade architecture, which is a multi-precision hardware accelerator core
that uses 2-bit multiplication units, in order to support binary neural
networks and 1-bit precision in 1-bit multiplication units. We propose a
multi-precision hardware accelerator core. Convolution decomposition was
originally proposed for converting XNOR-net to NAND-net for in-memory
computation of BNN. Using this idea, it is possible to adopt a bitbrick
structure that only uses the and gate for 1-bit precision, rather than
multiplexing the result of the xnor gate and the and gate. In addition, for
improved performance, we have added logic to optimize the logic and
calculate two dynamic terms simultaneously, resulting in accurate
calculation with the same level of latency. This resulted in an effective
reduction of resources.

This paper presents information about the implementation of a
hardware accelerator core that supports multi-precision without overhead for
latency, throughput, and resources.

Keywords: DNN, Hardware accelerator, Multi-precision, BitBlade architecture, XNOR-net
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