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<+ field programmable gate array (FPGA)7} 7HA|1 3+
Aag&d¥ 498 s=qel AAVE Jhsette dexE el

YEJIES T
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T e EHFCR 7ty Qloh AFEAFE Intel
AFE] Altera, Xilinx AF2] Vivado 52| FPGA A7 E& o]&sfo] sh=4of
F9 ¥ FPGA Ho] As: AAES FEstol Hedo diks

T st=dels AAE & Ao TEstaA sk HEd

CNN& FPGAZJelA 7F5A17]7] 18k A &gk ddshA o] F
A 31 9lt}. Convolution layer®] 42 input feature map® 7=, A=,
channel®} 72 o2 dimension® loop7} WHEETA MAC <AAHS
FaetAA sttt webA Sl MAC ARS FPGA AeollA Fdsh=
ZolA  input?} parameter datas 2F WEZ oA load$t save:
23 st= dataflow?] Ao uwebA  convolution layer® % £E7F
G A "l Y AAE F3 CNNE dA| layers T-EobH HF
A3E AEAE = Ak

etk CNN 7FE7]e] st A9t classification network 9]FE
o]Fo]# Qlt}t. Network®] output®Z A =g E FE o]
U2+ classification network TF o= @] HAA imageo] A H=E
29 index’} ¥ ¥+ segmentation networke 7HF wpA| R
convolution layer©] image$} < sizel] output®] EEEojof 3}V
o & Fx27F th=u uwpebi] FPGA ArollA]  segmentation networkE

5et7] $1e stmdlel P& 9 dataflows] 9 Ed @ str,
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=w-oA = segmentation network® FPGA A2 A ste
T2 st =9 & FF2E AQFsit}. Segmentation networkT
feature map size®] W37} theFstr] wiitoll theFE size feature mape
convolution Alell Fdsk A Aess A F e Fx7F asith
T3t DSP, Block ram (BRAM)Z} 72 A 3tEo] Q& FPGA AHYES
gyH o=z AMEEY] parameter?} feature map®] o] T large size?
CNNS 758 4 Q= 27 Hasith o]2 ¢3] Convolution layer?]
752 X3 2491 loope] & +AFE HAlsto] Z74o] s wet
455 FPGAS] BRAM¥ o wRee]l H 3¢ Hlasho]
segmentation networks & &40 % F5& £ Sl HAO schemes
Zt=t}. slld scheme & row-based weight reuse scheme-> feature map¥}
convolutions row WO 7 Z&3 o] F t}S channelo] tslA
H&Yshi= W2 o2 thE scheme¥ Y| A] input data®] BRAM A F 9}
QI WB g Hto] iAo E Ao large size®] CNN& 75 F U+
scheme®|t}, & =iolX+= 3 schemes segmentation network?]
TEo AlgstdaA LA latency FAIS BAE olE dAs)]
$3ll Adaptive-row based reuse W& A|Qtstt) dd WA FPGA7}
2| 3k= BRAMSE| =ZL7]¢t T-&3FalA Sl convolution layer®] feature
sizeo Wb 32 row”} obd multiple row?] A2 E st} s
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82

WAlS F35t] convolution layer®] 7] ATFS WA
T+9 operation 555 HATHEA &9 row’} oFd multiple rows
A st7] wtel o W A g g

AQbel= WA tl3E A<l segmentation network U-Net [6]S

TE37] 98 AL 0 o Xilink KCU 1500 boardES thA o2 3 5o
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2.1 CNN9 FPGAIA Y 7147 T4

< FPGA7} 7HA L Q= AL A Angy AAQ AFE o

CNN 7]_.:47]‘?‘ /\-174]0]_01 ’5‘]— ] ‘ﬂ@' ?_?7]' ﬁ‘gﬂl 9;1]\‘;}' [7]' [8]' [9]’

[10], [11], [12], [13] [14], [15], [16]. Convolution layer®] FPGA’doll A <]

T%< input data®l weight dataE load 3tod MAC A4bs 3y sh=
Process element (PE)°l| inputdte] A4S Xdst= g HEE O R
o]Fo] Htl 18k FPGA WH-9 A4 convolutions &Y 3H=

2= input?t weight datas A& 5 7] wiigel o F-H R el

]

=

W}HgogE oF o weEbAs FPGA7} Al¥-3F= BRAMS =7]%}

1z

#9) data® BRAMe] load 3ol #I% data® WEato] Abgehi-

computation AJ5& & 3}0] data IH9] tiles loaddte] PE®] input
st WA AF7F AT [7]. E38F 71 convolution layerg= * 2]
Alell gl shute] layers =AM HE A 2lshM LSS intermediate
data®] Aol FPGA Age W& overheadE A4 stthE HAES
WA SEo] input data’} BRAMOl| A %38t= A& WA ske] U5 CNN
layer= 2] intermediate datas caching 3}°] multiple layers " d 4 =2
A2t = Q1= layer fused W2 B AQFE Q) [8]. Convolution A4HE]
e 2FA e

multiplication & FrAA|Z] W2 sk AQE = ATk [9].
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MAC 94bs 43 Al winograd ¢iEl5s 2 8A1A

ol

g whalo =g
Aol Hamol A ow ATt CNNO A2 & B3 F7stA
31tk CNN 7}%57] % 39

input datas # 23} slo] W R 29 overheads #AA|7]A} Sk AT

sk 23 H Stk convolutions %13 Al weighto] kS URHA <1 32bit



floating pointolA4]  1bit®] binary bit® W3t FLIL A
HogFds wRege A &§FE A2 st=de 727t
A ke Sitt [10]. BESH 9 F wlRElo]A FPGA S = datas load Al
data width®} loadd}i= burst lengtho]l W} effective bandwidth”}
Y= JAS &85t vwEF YA dataE load S latencyE
43l st dataflows AlgHsE A w3 QA [11]. 284y ST
A5 EF ResNet [17], AlexNet [3]¥} %2 classification networks
Tsat7] st Agsoly Ay A E3 Y network thd A E

HE AAskaL 3l

2 .2 Semantic segmentation &1

ImageE 45 Aol Wiel = AAFY cassE 3L sid A9

i’y

flo

T-8F= segmentation networki ©|v]x]o] A wkS 2=

classification, 24| 2] $] %] & ZF+= detection network H.t} Wo|E7} =&

o

Aol weEkA network® output HESF classification, detection X
A717F AAA @} classifications T 8FaLAF Sk classe] RS
outpute =37 ¥ I detection class®] FoF A At s FH
Aol 9] ARE EZH | okstty. 124 segmentation networki input
3Fi= image?] size®] FA $IA|vlt} classifications 3 dF= A 0] 7]
g Zol FA YA ulth classg WHE Y outputs FEE|okdtth ¥ 2.1
Z}7} o] application HZE th3% %2l network® output 773 F5 YERLL
21T}, Classification network= ResNet [17], detection network®] 73-%- YOLO
2 [18], Segmentation< SegNet [19]%] output 7w¥ 5 YERHIL SIth
Z}7t network™ = training 3} dataset¥} input &Fi= image® =717}

JolaA gt A output sizeE class HE T3l SegNet®] output
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¥ 2.1 Application ¥ W 3E network® output 74 <

Classification[17] | Detection[18] [Segmentation[19]
Input =17] 224 x 224 416 x 416 360 x 480
Class <7 1,000 20 11
Output 77& 1,000 21,125 1,900,800

T3l segmentation networke A REA Q1 classification network$} Th&

decoder Q& o7

(@]
o
=
<
=3
c
=)
@]
=
ftlo

T A (6],

&t Al 7] image size H.UF 22 feature map sizes A3t THA]

19], [20], [21]. Encoder <% convolutions
[

decoder o] 3lld featureE expand 3JFHA 7]E2S] image size2}

Y3 A7]9] segmentation map= AT I1¥H 2.1

AT

segmentation
network®] TtH3EZ <l 21t} U-net®]
T
A7 HA]

3 A

U-netl] %5 HOF1

convolution?} max-poolings §35}t®] feature map sizeE

decoder &3 A convolution<

=470

up-convolution}
feature map size% w3t encoder 2] feature
map?} decoder G elA TAS= FAF feature map= concatenates
g o]
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256x256 Encoder | Decoder
b [ b | [
64 ch i
3 1 *
128x128 D‘D‘D 1 I:D"D"D
128 ch - : L
64x64 " == Convolution
256 ch D‘D’D H [:H:H:' == Up-Convolutoin
32x32 e = Maxpool
512 ch == Concatenate

% 2.1 U-net] MEYA 7%

Decoder oA feature map sizeEs S7HA717] SlEA
convolution?} TF= A7 9] layerE AFE-3tt} U-net [6]9] -l Up-
convolution layerE &3l%] expandE ZI3J3}H SegNet [19]9] 7%
Upsamplings &3}%] feature map expandE 383ttt whelx] FPGAE
E35t%] segmentation networkE T53}7] $3A = convolution layer
Brto] ol feature map< expand 3hi layer®] A7 w3t 3 Q shth

Segmentation networks FPGA oA F&A17]|1LAF sl A5 HE3H
AL vk [22], [23], [24]. U-Net networkE T-5A]717] <l
transposed convolution= st=9ol 2 FH3F7] $Jl @32 ©=F process
element®] dataE load 3}7] 9|3t dataflow= A|QtsE A7 Aok [22].
g8y dld A= convolution¥} transposed convolutions T-E 8=
process element”} Ztzt 2] o] x3sto] g o] e uw thE
%2 EASHA kol resource ARG SHOlA G&F oA kvt FESE U-
Net networkE pruning 71'HS F3}9] channel % ZAAIA Z2
AMFoR  FEaty] wiwed Y 7FEVIE A large  sizef]
networkE 753}/l ©]§ Tt} Uni-OPU [23]% transposed convolution®]]
E3l9 7F%5 7] 2 U-Net2 ¥33 transposed convolution layerE ARg-&F=
12| network® A g3dtil Qlt;. A Y3stE=  networki= DCGAN [25],
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DiscoGAN [26]2} %2 GAN A2 2] network®]™ transposed convolution:
feature map= expand A A= Wl ¥ 092 A 9+= zero-based
transposed convolution, =+ 7] feature map2] element® -9~ NN-
based transposed convolutions X7 Aty 7121} segmentation
network ¥RF ofbd GAN 92 networkE A HstHA WHEZQI
dataflows A &3te] St=dolE  7HESES7] Wil segmentation
network®] 54& 1Est @& 7% Q1 =99l resource AFg-o] 1LE A
oottt uwEbA segmentation®] 5 S 1E e @3}A<Ql dataflow H

St=dlo) = F3  dd networkd Aess FATI= Fo|

k=

2.3 Loop Interchange scheme

Convolution layerE 3t=gojolx] F5317] 9841 convolution?]
ALt #g20 loop? interchangeE F3t FHAstE s A7t ok
[13], [27], [14]. Smartshuttle [13]<> layer '} = donate 3}+= data®] &/ 7}
e Aol ZASFY] dataZ7b AAMEEE AL, reusability’l @eblE
gelatqint. o] 5 Eall 217t layer’t 22 dataflowS ZHAl HW 9
H2e o] A S 28 wAlE 247 layer "M E loop interchange
WaS g2 sk 7H571E 7Skt Smartshuttle [13]2 VGG16
[28]% Alexnet [3]S 7% Al°ll output channel loopE WA &3
output feature map reuse oriented (ORO) W23} feature map®] width®}
height loopE ™A -5 3Fi= weight reuse oriented (WR0O) "2]-& layer
HE adaptive 3tAl 283t o™ o2 <13 DRAM access volumes 7h4~
Al ZAT). EESE object detection networkE FPGAY| T-&3l7] 93l layer

dZ U2 dataflows A% AT [27]% weight blocko] Xt

¥ oy 1
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range®l kA SFtE] rowel] tidll A convolutions %133k row-based
reuse 2] 7} feature map size Aol tis|A] convolutions %33t full
reuse WAS layer HE A L3S dld W22 layer 'ME  input
feature map®} weight®] volumeo] Eebgle] uwhebx oJF wH2le] HE
315=9} on-chip buffer® =Z7|S Hz23F sl7] 9 Ao,
Convolution®] loop 412 TIE°] loop unrollings &3+ ®HH A4
HA S st A4~ EI FFHGAT [14]. AT ATelA =
unrolling= %18 3sk= loopell wWebA 23S Process element (PE)<]
TZ2E AljetH Loopel X3 A9 tiling factorel] whepa WAISH=
IF-H g ¢t on-chip buffer® FH+ IAFE FAs0T HFHoE
AAG st=go] oA+ input channel®] loopE WA 335} tiling
factor®] 74-¢ feature map® row W AE on-chip buffero A& 3=

25e war
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A 3% Loop Interchange ¥4

3.1 Loop Interchange?] thokst 44

2 =S e E Skl 9l FPGAS] A1$H4 <1 resources 7HA L

i TC = o] = 2 F3yA o X3k 2=

feature map size i= channel®] & networkE® #a o= FF5T F
Uee FRE S vk o Aol A 3k Zl3k o] FPGA AdellA

9% HR R daaE load St Qe BE YA 2mA 7]

ay 4ol olE A EFACRE 33 9= FPGAS] on-chip bufferE
Hojgt &t Zlo] Hasit.

71#4 92  convolutions ZI33t7] Q&4 input feature data®}t

o

weight= MAC <4F (Multiply and Accumulation)= *133}+= Process

O

Elemento] ]2 ¥ oo 3t} Input feature map® dimension width2}
height, input channel©o]™ Z}7}°] dimension®] tilings &3 loops
=St Al o]o] g3k weight tile?} &7 MAC IAHS Y3
o]¢} &7 output channel®] loopE Z3 3stWA HFZHOR 3FL}o

layer®] output feature map= ¢+ g+l

flo
2
i)

33, convolution®] #13Y
Aol weba] theFst TRkl o] Ths/do] dth o] £k 2] convolutions

3 8k= loope] =45 WA 3Sk= 7<= Loop interchangeztil 3hm &

2459 dimension®] ¥ loop

=i~ g loop interchange®] TFYSH schemeel| wElA]  FPGAZ
st=9e] A1 S resource AFE-¥ oF wlEE el HTE +=ostaxt
stoy, 1% 31914 @l Loop interchange® 127}#¢] schemes
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(j) Scheme 10

(k) Scheme 11

(1) Scheme 12

1% 3.1 Loop Interchange?] 127}%]¢] =2

=219 #HoE 9314 convolution®] kerneltjolA a3t

loop+

kernel®] sizeZ7} UWHFA O R 3 L= 52 22 F7]o]7] wEo| kernel

loop®ll th3dl tiling> kernel size?} 5L A7]= A3} input feature
map¥} output feature map size:= LI FHOZ 714, stride= 1%
44 st} Feature map®l size:= FAMZLE o2 Ed width®l height

715 7 ok 7Hg gk

Loop interchange®| U}t wWhH o7 <2lslo] o w22 data
load?} save 37} A A #HAvh % 3.1 779 schemeo| wh
input data, weight data®] load, outputdata®] WX 2] A3 55 A A s},

12 ]"E



¥ 3.1 Loop Interchange scheme®]| W& 9% H g HL 34

Scheme Input Load 5~ Output Save T weight Load 5~

1 out_ch/To in_ch/Ti 1

2 out_ch/To in_ch/Ti 1

3 out_ch/To in_ch/Ti y/Ty

4 out_ch/To in_ch/Ti y/Ty

5 out_ch/To in_ch/Ti y/Ty

6 out_ch/To in_ch/Ti y/Ty

7 out_ch/To 1 x/Tx*y /Ty
8 1 in_ch/Ti x/Tx*y /Ty
9 out_ch/To 1 x/Tx*y /Ty
10 1 in_ch/Ti x/Tx*y /Ty
11 out_ch/To 1 x/Tx*y /Ty
12 1 in_ch/Ti x/Tx*y /Ty

7| EA o7 datal load T & data® dimension¥ F-#3F
loop®] 9A|e wetA] A4 Hrh wheF data®l dimension? 733 loop
A 7} loop U T 71F ebZFel 9AEte] AL WA Hed e A

data’7} A loop® <I3lA ©A] load A &7 wiZel 1HR

1o
i

B2 oA load ¥w weF ¥ X] kS Aol Y loop AS] HE
s A data7b 21 W R oA REESIA load EHojoF FHTE
& E° input data®l 7% 3| datam= width® height, input
channel= /% o] 317] wiol output channel loop= input data®}
F#3t loopolth WEkA output channel loop”} 7 WH-o $1 X3t loop
interchange scheme 7-%-¢| input data®] load = 1¥o]n 18X
As AFel= dlE loopsl ZL7]el tile® ozl SlgwbE HEES| A
load St} weight data™ v}%F7FA]Z  input channel, output channel®
TAAE Q7] wWZel 3ld loopE A8gE width, height loop7t 7+

13 ; ."i . !..;



QoA WA i Eojof o wE o] JoadE 1M OE AT
lom 12 o2 4% input channel?} output channel loop2] H}Z
U= loope] WHE 315wk load 7} A7 ¥t

o]Z F3)|A4] scheme 8, 10, 127} output channel®] loop7} 7} WA
FAE JF wREE A load ¥ input data tile®] output channel
AAloll tisiA] reuse ¥7] wiitel 1HRE o]F WX A loaddHTh=
AL &g 4 gk o] 219 scheme> output channel loop?] Wk
3121 outy, /T, ¥5 input data’} reload ¥ Tt} Scheme 1, 2°] 73-%-
output channel¥} input channel loop”} 7}F& ¢]F-o 231 weighte} F#3t
width, height loop7} 7F¢ ®A  F3E7] wFo] weighte] o]
w2 2] o] A ] loadi= 1|t} Scheme 3, 4, 5, 6= input channel¥} output
channelloop?] &4l heightloop7} 8171 wi&ell 3l heightloop®] W
sl y/Tya W o] load ¥t

o]¢} ©BlEo] convolution Al &S] outputS A3 HEiA
Y& input channel® multiplication Z2¥E accumulation & °F3s}7]

MEo] 2o ARE Wre 4] oS WEs ] ladE o

S

o]l Hastr) o] W wek output feature map dimension¥} 5% 4
input channel loop”} 7Hg WA 3 u = 5o 25 wEg oA 1Rt

saves X8k FHAI TERA S

ol

$-¢l input channel loop%] W&
Al "rt webA scheme 7, 9,
11°] 7% input channel loop7} 7F& WA F3H7] wifo] JF
H 29 saveZ} 19YE dojdria @

we2kA scheme 13 29 7
sy&l7] Wil weight data’} “d ] input feature map®| thal| 4] reuse
1=

55F scheme8,10,12°] 7-9-ol|= load?t inputdatatile®] A A output

3149l ing,/T; " load®} saves W!

e

+
20,
i3

$o= width®} height loopE WA

RO
ol

Ik W21 weight full reuse 2] [29], [27] ©l&ta 2t}

3 ) i §
14 A1 = TH <!

|
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channel®] tia|A

loopE T35}

el siEehs tileol gk

2= weightoll thall A reuse ¥ T} 3ld W42 input data full reuse 32

ojgfal FET},
output data®] 7

bufferel]  #] %= %]

accumulation 7 -&

full reuse H2lo]|g}tal

w52 Aol 2y

ol

+ MAC A4b #gelA A E kol Y9AIE on-chip
2 sd 99X output A HQI TE

WA12 output data

& = otk g 32 output data’} 1] 9%

= Scheme 7,9,11°] ©]¢]| a3tk

3.3 On-chip B9 24

CNN Network®] FPGAS] 7} o]AFA¢
1k Ay 5o Zolt}y,  upgba 27t

design®ll w2kX FPGA’Y2] on-chip H¥ ¢ 7|5 X435t 7} input ¥

save’} 1Wgk operations 33}t

-

weight data®] load$} outputdata®] A st Wlo= Astd = Qi)
ek g Q@4 ‘A’ 9 dimension¥} 33 loop BE V]TOE
ol 3+ loop? tiling factor”} 31E loop WAl =71} #A Hrpd,
= ‘A9 buffer sizeE A A7IE AASorA UF loop= H ol
=% ¢k on-chip bufferol 4 load & <
Q- wlEel oA 19Tt load SHAl ¥t} wekAl inputdatal] 2] w R

Eat=1
T =

A7) el A f4e

load

<

st o2 A $st7] 184+ input data dimension¥} 3
output channel®] loop?] Wl loop¥ tiling factor’} a4 L4° A
A719F FLafoFstt). weight®] 7 -$-oll= width®} height loop”} weight
dimension®} F#3st7] wizel G loopE 7IFEOE U Fol EAst=
loop9 tiling factor”} 3l 249 A 7|9} &Ll okstth

o5 +=° Scheme 3°lA] o wRF oA 1T

input datax
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load3}”7] $l&ll4l= output channel loop”} input data®] dimension¥}
F#3k loopol”] wlatell T loopd WH loop? tiling factor’} A
Q40 9} FYUd|oksttt = input channel loop$®} width loop?] tiling
factor’} Z}Z} input channel, width A7} = ojof str}, welbA  input
buffer?] size™ xxT,xing, &= AT F US™ weight datas &H
w2l oA 1Y load 3171 138141+ height loop7t 7Hd vRZel Q17
el sl loop W2l output channel? input channel loop?] tiling
factor?} sld 249 =ZAV|7F FUsfordttt. WA weight buffer?)
A7 K xKyxingxouty, = A8 5 9l

Convolution ©]% output data®ll thajA] &5 wlEZE &3 load$}
accumulation®] @2 39 ARE E#do7|7] W] DMAE E3H
output data®] 2| w|EE° A Fo] 1WoE
& output buffer®] 7] e FZrlEo] QF W EE o AHAE)7)
o] A2 FHZE output < on-chip buffero] EF AFE & Qlojof It}
w24 output feature data®] dimension®} 33t input channel loops
71222 U5 loopY tiling factorE 3 Q49 HAl 279 LA

4%

ro
o

& =9 Scheme 32 7% outputchannel dimension¥} 33+ input
channel loop?] X2 <2la|A 31T loope W<l width loop? tiling
factor’} width A =717} FHojof st} wpabA dld scheme®] output
buffer sizet= xxTyxT,2 24 5 Ut

U 3% 3.22 7} scheme°| W2l input data®} output data, weight

data®] loadE 1H O = A|stslr] fls] & 3t buffersizes YEFHATE

16 -':lx_i "'I:' 1..5



¥ 3.2 Loop Interchange scheme ¥ 2% WEg HIE 1Ho=R
A gksl7] $)s) = &% On—chip buffer 37|

Scheme Input buffer Output buffer weight buffer
1 XXYXing, XXYXT, Ky XKy XT;XT,
2 XXYXT; XXYXout, Ky XKy XT;XT,
3 XXTyXing, XXT,XT, Ky XKyXing, Xoutg,
4 XX Ty XT; XXTyXout,y Ky XKyXing, Xoutg,
5 XXYXing, XXTyXT, Ky XKy Xing, X T,
6 XX Ty XT; XXYXout, Ky XKy X T, Xout,
7 Ty X Ty Xingy, Ty XTyXT, KxXKyXing, Xoutg,
8 Ty X Ty XT; Ty X Ty Xouty, KxXKyXing, Xoutg,
9 XXYXing, Ty XTyXT, Ky XKy Xing, X T,
10 Ty X Ty XT; XXYXout, Ky XKy XT,Xouty,
11 XXTyXing, Ty XTyXT, KyXKyXing, Xout,
12 Ty X Ty XT; XXTyXouty KxXKyXing, Xoutg,

3.4 Latency 2% &4

FPGASIA CNN MESAE & W H2 Ay FEE 7]
A= convolution®] Aol thi-E-& A= MAC AARe] FHofjsh
g83st= Aol FQasith o5 384l FPGAlA] Al¥3k= resource®s
gg3le] Hojd 2 multiplications A sjjof av o] 9} FAlol EF

Sl el st

o] 9#I&lA convolutions 3He] tileo] thsliA A= A
o tilex &% WEEelA on-chip buffer=¢] load7} =+ =7F
T Atk =,

convolution® operation A]7Fo] Tha tileo] tdt load Al R} Zof

Hojof HtE v tileo] tHalA]  convolutions X3

ok

i Algkel A Z overlap  EHojoF 3ty wElA]  convolution
computation?} data transfer®] overlap®] 7] 93t =S ofe] 24

GB.1)$H #oh _ :
17 A =2TH




Conv. Operation Time > Next data tile load time (3.1)

Conv. operation time<> on-chip®l4 MAC <AAS  Z Y3 okst=
convolution tile volume®]| el FAlo 2T 4 Q1= parallel factors
oo & e okst= AAakake| H] 831, Next data tile load time=

o tiled] A4S Pl 9 mIE2|olA load SHoFsti tilef] 714}
FPGA°l A A ¥3}i= data transfer bandwidthel] H]&|trt, weba 2

B.1)< 24 (3.2),(33), (3.4)9 #& wow AAker £ Q)

Conv. Volume X MAC op.time + latency

> Effective BW X Data Volume (3-2)
T, T T, T T; T
Conv.Volume = —Xx X x KXy k¥ L0
P." P P Py PP (3.3)
Data Volume = (T, X T, X T;) + (Ty X T}, X T,)
(3.4)

+ (Tx X Tiexe X T; X Tp)

w2l A] FPGAOIA A3t 2w 2] oA on-chip® 2] data A%
effective bandwidth”} 178 % o] At} 7 A& ul tiling factore] wheh
A 9] convolution operations 9|8t latency WAl HASE ol -

ATt
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3.5 FPGA?] W& Hardware design A€

A =903t &S EE 717+ schemeo] ™WE FPGAS] on-chip
buffer®] ARE-3 21 wR2 e HZe dotd & Qlvh o] W Brlow
3l FPGA X.=7} 7}A]3L Sl on-chip buffer®] A|sto] Q17] ujZof
T-5°] 7}5 %t Schemed] 70| F o strh

Scheme 13} 29 7% weightZ input feature map Ao ol
reuses 3}7] W&ol weight buffer®] & sizes Q7-5HA ¥etvh 18y
input data®} output data®] &JF wlE# HITES HASIE HsA Qs
buffer sizei= inputZ} output feature map AA| 7] disiA B Q317

tjit-oll feature map size”} T layerel] talA =23t schemeo]gtil &

Scheme 7%} 82] 7 -%-¢l input channel loop$} output channel loop=
7Hd WA 3str] wiEel 3l scheme®] input data load 5=+ output
data®] loadi= 717t 1¥Hol™ o]eof| wWE input?} output buffer®] =L7]=
feature map size?| tile sizeQ! T,, TRt 238tk 12 1} weight®] load
T+ reuse %A 93l A feature map sizeol| THSIA] &) H R ] of A
reload = ojof 3}7] witel ©o]& 1S = load 5 Fast7] HalAe=
weight buffer®] =717} A weight data®] A7|v+F A3 HojoF &17]
o weight®] 7|7} feature map® A7|Ht} Aoz & A5
RNoJA A gsl7] o2l Schemeoletal 3 4 Slth.

Scheme 33} 4¢] 73-%-°l input channel loop%} output channel loop=
width$} height loopAtolell 3% = scheme©|t}. webA| input data%}
output data®] buffer sizei= layer® width Z7|9E A %™  input
channel loop®} output channel loop?] =4l wekx Z}Z} Scheme 3+
input buffer”} input channel 7 #]%, Scheme 4+ output buffer”} output

.
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=

channel A#| A7]1&5 Q= 3t}

Scheme 52} 6% 7% inputchannelloop”’} ™ # 43 %= Scheme 5=
input bufferE )| feature map Ao tfall T Q% 3} output channel
loop7} A 3 == Scheme 62] 7d-%-°li= output buffers | feature
map AAo] djs) Ze= g}

Scheme 99} 109 “4-$-91% channel loop% <=Alel upzbr A
feature map®] 7%+ 2] on-chip buffer sizeE Z Q= 3HA|T 1 9]¢
buffer®] 749 39 tile size®] buffer sizetts I FE = Ao
scheme 5, 67}2] *}o] o]t}

Scheme 113} 129 73-%- weight®] buffer®] =7]7} 4| weight data
A7lel thalA A Eolof et scheme 119 73-F-°l:= input buffer?]
A7]E AA input feature map? width®} input channel®] t3}A]
A3 output bufferi= output tileo] tisliA A7 3k}t scheme 129
749 output buffers output feature map® width®} output channel®]
th3llA A3l inputbufferi= input data tile®]] T34 A7 st}

A HAS EUE %3t At Sk CNN Network®] 7} layer

feature data®} weight data® 7|5 EUZ HQ=Z 3} buffer sizex

AL 4 Sty UREA 9% CNN network® &2 39 layer®
FANE P57 dFol] AA NetworkES 753171 Y8 layer H
Q2 3t buffer size FollA 7 T size®l buffer= A7 3o sir.

wepa] 23k o] FPGA 7FE57] A7l Al layer ' input, output, weight

buffer®] = 7]E AAF 3 Z} buffer 2 o 712 sizeE A= st}

Size(Buffer[i]) = min (Size{Buffer[i]})

layer

(i = Input, Output, Weight)
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S 13 3.2 txE Al Auto-encoder 7-F9 CNN &¢1d& U-
nets &5t/ 98 F 19709 layerol tidl 7t scheme H®E EQ3h
A A buffer sizeS Ve vl EoA maxs ZF scheme HE 1971 9]
layers T&3t7] $1$ Ul buffer sizes EFHTE

120 I )

limit

100

2
~ 80

H ) buffer
o =] 3 )
~ EEEEEEaEEE
w -
~ B
.
o BT
.
w B
© B
B
=

19 3.2 Scheme ¥ Q7 buffer 7]

% 32004 st=gol HAAE @ 7 scheme ME max buffer
sizeE 2213} scheme 1°] 7} &2 buffer sizes TR Z 3t} o]}
BE°] input¥} output buffer sizeE feature map AA A7|Z A3t
scheme 1,2, 5,6,9,10©] £ buffer sizeE Z Q=% 3t}

g AoE EUE EPIOR S FPGA HIEoA AlFEh= on-
chip buffer size®] & W3l schemes A E3te] CNN HIES A
&l AL g Uk 2 =elM TEskalak sk FPGA Xilinx KCU
1500 R.Eo|t}, sl BEolx A|Fstil Q1= On-chip bufferi= 75.9Mb
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o]t} U-Net U EYAE 3l FPGA Ko 753514 ©thH scheme 1,2,
|

. WEkA] scheme 3, 4, 7, 8, 11, 122 Al83to] F53t= Ao
ack

2

, 9—
7}53)
3=

to] +&3H1L row-based reuse W22 47 A =2l gt

2

ok
ol

12 = buffer size A|eHS @] A Ho] FF0]

olr

o

iCha

jur]
o
N

"|_

=34+ 1 % row-based reuse W21l scheme 32

)
ofo
ol

22 A 21



A 4 & Adaptive Row-based reuse 2] A<t

4.1 7] Row-based reuse W29 A4

Row-based reuse "2 tiling= &3t convolution Z13] A]ol weight
block?] reuse 2|7} 3kt rowel A|gtE = H-Aojt} [29], [27]. Weight
blocke row W&O 2 convolutions ZH&& b 32l rowel

a4 computation°o] $HEEHW AER weight blocko] FUTH row

(6=

A2 th T channel?] data®ll )34 computations %13 st

Slide Row
direction

Ti

In channel Input Buffer 3x3 Data window

d =X

19 4.1 Row—based reuse W42 input data

I9 412 row-based reuse WAS S8 Ao o]F st

rlr

St=glofoll A 9] input data®] data flows R.oJ51L Slt}. Input feature
map< Z 23k rowell th3lA Tt input bufferel]l #7&¥ 9 weight block¥}
37| load o] MAC 9AAFS €%t Process Element(PE)o] & ¥t} aid
rowe] ™34 convolutions Z13stHA] o]9} FAle] weight buffer=
convolutions  X133t7] g+ A|ZE T; channel®] weight block=
load $ttt-

s

flo

kAl #2413t loop interchange®] W=  convolution

Aol row loopE WA *2]d & ThE input channel® loopE *] &3k

23 ,Jﬂ S-tjj &+



Scheme 3¢l 3|33l ™ input bufferol] #73l= Tiled A7+ T, 9 A5
input feature map®] width, Ty = convolutions Z13et™ d}to] rows
A7) w10t

AT W22 input buffer® Z17]E feature map A 7|7} ofd
shte] rowe] A7)l stgol AAE ¢ Qlo] vhE WA HuwFls o
FPGA “JolA 2l buffers Wol AA8HA ¢hthe Helx Fe4e
12 o] o},

Ty Slid Aol AFE-o QlojA] Tiling factorQl Ty & g2
ol ofyel feature map® width@ X &WAl  convolution F&j o
A elA

ARE o712 o Atk

rlo

Layer 1 (Width 256)

Load next Weight tile ] [ Load next Weight tile ]
Conv row 0 I Conv next Tile
>
Layer 8 (Width 32)
Load next Weight tile I Load next Weight tile ]
Conv row 0 ]‘E‘:’[ Conv next Tile ] Time X

2 4.2 Width7F 2F2 layerol A 9] convolution %38

o8 1% 4.29)4 U-Net U E Y I 7} row-based reuse W2S E3}9]

A

23]

ol
e

Ew)
ke

Al layer 13 g¥leol %7] XS Hola Ul F
layer®] o] A& convolutions X123 E input feature map®| size’} 217}
2563 322 Zo] ZwoA guf Aol7} Y= Folth wEkA row-based

reuse FAE AEL3HA EHW Input buffero]l AF3dh= data®] o]

-

24 -':lx_i —- 1.55
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wok ekt 18y Al 22 weighttileS load SHHA A2 QFH = A7
A gty wpebA wek feature map size’} 2> layer= A 3HA HW
convolutions €% 3 Fell%E E7-3F1l weight load A|ZFC. = Ql3|A]
o2 tileoll Wt convolutions Al &34 x5hAl Tk

Y3t row-based reuseE &3 d=9o] AA Ale| input buffer2t
output buffer, weight buffer®] =ZL7|E ZAA3|FojoF Bt=dl o]=
TEataAl sHE CNN 2uEE9 EE layers 2 & v A=
AAsforstrt. webA 7} layers TEshtl QS buffer 27 5 7HE
& sizeE buffer size= Ao st} o9} e Ao QlojA TP &

sizeE 7FA & layer ©]2]19] layergE T&3%k= -9 bufferel #73h=

data®] <Fo] ol | buffers T3] utilizedt®] @A He= A7
Ay st}
800 u Input buff size
Maximum Input buffer size B Qutput buffer size
500 | o e == S — i —
= 400 Not Utilized
4
[(=]
o0
§ 300 Maximum Output buffersize
E S S
=
© 200
100 I l
0 |
e} e‘> ?5 e‘

3’

@& @ \'5"‘ & \'5\ \'3\ \’5\ NN \rs\z \?;\ \fr?\e

>
oS
i L 3
2 ?, < 2 %
NG \7:‘\ \,5\ & @ \fs\

19 4.3 Layer ¥ Z Q& buffer A7)

g 1% 432 U-Net dg)E5S F5at=td olA ZF layer 4
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i)

2 Q% input, output buffer sizeg YEF L Slth ©17]A] input buffer=
I input feature map® row®} T rowe] A channel sizeE
Axrsl7] Y& AA-E A7]o]™ output bufferi= output feature map9]
st rowRts Aelr] Qs A ® A7]olth U-Net dig|&&
feature map size’} #4238tk thA] 5718k Auto-Encoder 329 X2 &

ZEAIAL Q17] wiitell B Q3% output buffer size 3 FHASTE ThA]

ofN
~
ol
o
rlr
ofl

FEE Holi Utk I¥ 43004 HoF= A A T
A1} o] buffer sizeE layer & 71 T buffer sizes EUE A4 3517
el YA layers 7% Aol A3 buffers 23] utilize 314

%A "k ol =99 resource?] dH|2} A designe] A

4.2 Adaptive row-based reuse 2] A<t

A =2 row-based reuse WA TAEAES sAsy] $IE1A]
adaptive row-based reuse W& A|Qtst) i =0 £% & feature map
size7}  ©FeFetAl W3 StE Auto-encoder  FEJS]  CNN  Network®
resource®] dH] glo] EH{AO® FFA717] fgel™ 7]E row-based
reuse W2 o A HolF= AL feature map size’} Z-> layers -5
Aol weight®] load A]7FC] convolution computation A|ZFell hide”} %]~
5-3to] convolutiono] ¥&3HAl YA %Skl latency’} Ao th=
dolrt. ol & aldstr] 918 27HA19 WHe A4 & ¢ ded shve
weight®] load Al7H2 9] computation A]7Fel hide 2
Aol Y 3 computation AZHSE 58 12 A0 weight load
A ZHS hide 3= WWolth o] w weight?] load AlZFS FAaA7]=

W2 weight] tile sizew tiling factor Ao % W3t 314 U
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7Hstal o]F 7kA27] $18 FPGA board®] Bandwidth X3¢t W3} A7)
T 7] el g He == F5e] WY E S
Weight load AlZF& hide 3s17] 9%t HA BH S Z convolution

Al

Y

Ly

=
S E9E AL AL # Sded dld A7) feature map size”}
2F2 input?] 3FYe] rowE computation Sl WAYSH= LA 0]7]

| Fof] computations A& E= rows st obd g Y rows

Aeksl= WA =919 input®} output buffer 7]l BEFo]
3Fte] weight tile convolutions A2l 4 &= FH U multiple row?)

TE et g U row WO Z 2] convolutionS %133k}

Input buf fer size  Output buffer size

Multi Row = mln(In width X [ing/T.] " Out width ) (4.1)

Convolution= F & &F= multiple row? i 2] (4.1)3% o] input
buffer®} output bufferel] 7tz HolZ2 AFT & A= rows & F
HA#e EUE AAS Input bufferdl= A channel?] row7}
A2E 7] wZel Input buffer size®ll width®} input channel size®] 4!
#e YrolE # S = multiple rows A3 output bufferolli= T;
channel ¥+3°] row”}F A% 7] Wil output buffer sizeol widths
ol #EO.E multiple rows A ST o] & F @& F o &S @
# % multiplerow® A7d3Fo] a9 layere] tfs] AAHS H i)

= on-chip buffer®] #]73}+= tiling factor Ty & T&3tA} 3F=
layer®] width®] =72 d743tHA on-chip buffer®] =Z7]E 7]FC=

Tyo] #ko] layereol webr 7pA A o7 WH3lshA woh
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surrert ([ L
1
)

Buffer2 [ :

L
Buffer3 | | _IJ ]

Bufferd Line 3 Line 4

Buffer5 Line 4 Line 5
(a)

Bufferl Line 0 ' Line 32

BuﬁerZ[ | I |
Buﬁer3[ l _[ j ]

(b)

I9 4.4 (a) 95749 rowE buffere] A& A A& buffer, (b)
a3k 7+42 zt= rowE buffero]l A& A E L buffer

On-chip bufferell #%43l+= Row® <Al feature map®| heightE
o s dAs +4ES F3 load 3] computations 3y str) 1+
444 input bufferel A &3t rowd TAE AFHOE AAFSh=
A9k AEs Fa AFskeE AE vlustth 2% (a)v buffer 19
row 0%} row 15 #3} buffer 2= row 13} row 2&, buffer 3o = row
29} row 35 #173Fo] on-chipl Al 270¢] rowE computation 3}7] 9] $t
data windows A= oay 22 Ao =wE AstA =HWE o
convolutions X3 &t7] £t row 37 row 45 F7F4<2A b
zolop &t7] uwiiteol 2709 buffer’t © FQsHA o 1Hy 19
(b)oll A= buffer 1¢] row 09 row 325 #7443t T3 convolution]

23S 28 row 33 row 352 A f1sA F7H2Q1 buffer7t 17149k

: DR



Fe3stA ®rh ©]i= multiple rowel] W34 convolutions 3 k=]

ftlo

circular buffer’dol4 overlap ¥+ row’} FEFHF AMEE rows

loadsl”] $3t F7F4<1 buffer’t S7Fgel wEolth. whEkA  rowl

VA4S 1 convolutions A 2]dk=  Ao] buffer ARl Slo]A]
AARolgta 3 4 Qlk wEbA Sl bufferel A FEE rows
A A4S 7H rowso]l AFEES dth @Y bufferol] A Fste

rows2] Load interval> 2] 4.29} 70| feature map®| height %tell
multiple row factorE Ysr #t S = feature mape | rows S multiple

row factor Y5 #383}lo] buffero]] A &sl= on| 2 A s 4 Qi)

In height

Load Interval = Multi Row 4.2)

o]& H}E O Z Input buffere] # %%+ multiple rows] R&52 13
459 #t} & =9 Input feature map size’} 256°]3. multiple row
factor”} on-chip buffer size®} input channelel Wz} 4= AYG=HNS o
atuho] bufferell 4712] row7} A17g® k. o] w] a2 buffere] A %= =
rows 9 Load interval<> feature map height 256 multiple row 4= Y=+
647} v bufferel 642 +AS 2t rowss AT wEbd I
459] buffer 1°+ row 02} row 64, row 128, row 1927} A& o]

o tiled] HYL3H 21x12] row”} input buffere #%¥ T} Convolutions

rﬁ

gl

Olr

F= &Qtolli= kernel sizeZ7} 39 -5l 3709 bufferelA] input
datas load 3} data windows A|Z3stH 1 219 bufferol A ths
rows 2|5 W EZ A load 3+ A 3] S row?] convolutions
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]

N
o
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3x3 Sliding Data window

Tile 1 generate Tile 2
7
Buffer0 Row63 Row127 Row1Y1
Buffer1
Buffer2
Buffer3 Row2  Rowé6 ' Row130

b Atthe same time, Load from external mem.

1% 4.5 Adaptive row—based reuse 2] A€ A] Input buffer

4.3 A #A 2] thE dataflows}e] Bl

2 =i A AlS Adaptive row-based reuse scheme 3&}= o]
A Al 73 on-chip buffer®] sizeo] W3] CNN2| layer ¥ = feature
sizeol] A& 4 Q= HU datags Aok Wlolth o] d bufferel

A743k= input data tile T, 2] 73 feature data®] A row ZHojo|w

L

745 layer '=E adaptived}Zl W 23l= multiple row factor®]|t}.
Sl dataflow= E} ATg-olA #A|AIg dataflowe} HlwE & Sl
Smartshuttle [13]°llA4] #|A]$t dataflowi= CNN layer "M% input data%}
weight data®l ™2tA] loop interchange schemes ThE7] 24 -g-3fo] &%
| 52 ezl wAolny ady dfd WA 9
] AES HAaAN717] Yl layer®® 2 dataflows
3} AT on-chip buffer®] #|3+E 7)o thdt 12l el 3| buffers

=2 &83sl7] 93t dataflow?] %82 F=3th H=3F convolutions

i)

A [e)
. O]:

ko
o

=,
3!
1o

|
S

ofo

i

3y 3}+= tiling factor®] 7% T, & feature map®| width®.t} 22 o=
AAsto] T, & feature map width® A3t 2 A9 dataflow . th
loopE Wl T HHE3ofgitt,

Row-based reuse scheme¥} full reuse schemes layer W=
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adaptivestZ] 483 dataflow®] 73 [27], weight®} feature data®]
A7lell webA F dataflows A EEHe] convolutions 13 FTh 1L
row-based reuse scheme¥} full reuse scheme?| tiling factor Ty7} Z+7r 1
T+ HA| feature height -+ factor=%+ A H7] difel ¥ AFHT}
layer '8 adaptive¥dt dataflow”} #|gt2olt}t. £ A"+ on-chip buffer$}
layer®] feature map size®] WA T, gtol AAEHY] wjEo] Folxl

bufferE 7}A1l BE layerol] 4* Ho oS 1Y 4 3tk
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A5 AL B A A 75 78

ol oAM= B =4 ALt dataflow W22l Adaptive row-
based reuse 219 FPGA “FellA el F&ol Hsto] e slorst= AMata)

A AA el d WS A

5.1 7k&7] 2A ARl

CNN HEHAE 7I&5710A F&3t7] fleiAd= CNN UEQA 7
layer "}t}9] input, output feature map =17]%} weight®] H7|& 117t
on-chip buffer size A7do] A3 ofo} st} & =FolA FE A}
st MIEY A+ U-Net ©]7] wlZel dld HEYAS layer 8 A7 E
glsto] sl layers =27] 918t 2 datadl sizes RIS

U} ¥ 5.1 Semantic segmentation®] thX A<l YIE A U-Net?
layer ¥ input?} output feature map®| size®} channels “}ERY I It} U-
Net> A A3t 3 o] feature map size’} Encoder GHollA]
waedtt thA] Decoder WollX FrbehE FHIE Holar vk ESH
i

= 7F*71™ Encoder &4 2] feature map¥} Decoder o4 9] feature

ol

feature map 715 <7HA717] $84  Up-convolutions &-&

map= concatenateE 3}

rir

24g Bolx Ytk
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¥ 5.1 U-Net UEYZ layer ¥ input, output =7]

Input Output
Layer Type W H C WH C
1 Conv 256 3 256 64
2 Conv 256 64 256 64
3 Conv 256 64 128 128
4 Conv 128 128 128 128
5 Conv 128 128 64 256
6 Conv 64 256 64 256
7 Conv 64 256 32 512
8 Conv 32 512 32 512
9 Up 32 512 64 256
10 Conv 64 512 64 256
11 Conv 64 256 64 256
12 Up 64 256 128 128
13 Conv 128 256 128 128
14 Conv 128 128 128 128
15 Up 128 128 256 64
16 Conv 256 128 256 64
17 Conv 256 64 256 64
18 Conv 256 64 256 2
19 Conv 256 2 256 1

Row-based reuse 2] oA Input buffer®] =17]:= input feature map 2]

width®} %A input channels tiling factor® U= 3k #4418 &38ho]

A4S output buffer®] = 7]i= output feature map®] widthE

ARty weba U-Nets 7535

bufferi= 512, output bufferi= 256°]t}.

o] ¢}

sAlell

FPGA 3t=9ofellA  on-chip?l

23t HA bufferd A7|+&=

A28k datal <

F3to]

input

o

A7 b= tiling factors A7 alloFStTt. FPGACN A Al|&-3F= AXI Bus®| data

width+= 512, data bitE 8bit=

3}l line S =

)
e
B 4

£2)
o

ATt

A3

95t

of A &) wEZ el output data
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=
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]

63%1

data’} 64%] data’}
T 3lo] data transfer A2 bit <+ GHE
W3t layer-by-layer W2 0% 3} layer® A8k
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layerol| A AFg3lokst7] W&ol input¥} output tiling factors & L3}
647 283t}

On-chip°l A buffere]l A%+ o] Sl= dataE load 3} -EA
computationS 718 &= parallel factorS A 7 &l oFgtt}. U-Net2 % 3}7]
$]3t layer 5 convolution layeri= kernel size 3x3= AF23Fi=d| W3l Up-

convolution layer<= kernel size 2x25 A3t} webx] F 79 layers

o T
29357 21314 kernel sizedl] 7} o7 T8 4 Qw2 HA ST}
webA on-chipoll Al & #3k= parallel factor P8} P& 27 12 AA gt}

5.2 Convolution 94F 7}&

Convolution®] A4HE 913+ 7457] 2+ ths 19 513 Zth on-
chip buffero]l #7= o] ¢l input¥} o] t]-§-3l= weight data’} MAC
A4ES 913l Process Element®l]l %2 =™ Process element®l Al multiply S

7185k H Al partial sum bufferol] Z3F A5 A 4skc)

Po
Multi Row )7 ! '

Input Size PE 9

=IE g

® * E €D+ Partial Sum s

Adaptive " MAC E ‘r > z;n

Controller| || £ s Adder Tree [ Batch o
o5 Norm A B

= o B
Addr. *

DRAM
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Adaptive row-based reuse 2ol A Convolution®] A4S weight]
kernel =717} 3x3 ©]7] w&¢l| computations ¢34 = rows A ek
input buffer’} 371 o]4to] H Qsirt wekA 3719 input buffers &3}
convolution &4 & Q3 input datas load 3t ©]2t F Al tha
row?] input dataE A&7l 9lE  buffer sHHE Frlste]  S]F
W 224 loadsli= A]7FS convolution operation A]7Fell hide s+ 4
o] 2719]

buffer?} A= input data®s #°&3t buffers F3t°] TS rowelA 9

AE= st} el rowell thdlk convolutions €% sHA 7|

r

convolutione X183t Y= ste] buffers ©]-&3t] AEZ2 row
dataZ input buffere] #%stc},

Process element®] ] ¢] MAC 14F2 input buffer?} weight buffer o] A]
3x3 kernel size®] convolutions ¢l3l] 7} 1% ¥H=E sAU=E F 92
multiplyS X8 stth. o]8} FAlol| registers ©]&3ste] Y A=
accumulations %1335t o] FHF 9WE multiplyE HEokA HH

adder treeE E3d T, channel®] outputs S} Ao

T MAC AiEs HEESPHA EE input  channelo] U &
convolution®] ¢& ¥ <& output> batch normalization 55 A% %
o] DMAE &3t ¢ WEZE HdEHES 7|vE A

¥t} output buffer HoF oF WEZ RS HFI}  on-chipel A2

output bufferel] # 7%

convolution 14+ A|7Fe] hideE $13Fo] 2702] output buffers ¢ ping-
pong FAoz % wWRYZS AFI on-chipellAe A= AF=

Soniaide

T
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5.3 Batch Normalization 2 Input Quantization

CNN HEHAE T537] Y3 convolution layere} 3$H7 = Qs
7} layeri= batch normalization¥} activation layer®]T}. Batch
normalization layer [30]% 7|4 S = convolution ©]%°] outputs

Ed® Bt F58AE AdS os Ss3delld 7% alphas} beta

e FAT SIS E3H] output datad SHE HER wWasts

14 . Yy Xu
Scale = , Bias = ———————
g% +e€ d g?+e€ G.1

a8y st=9o] Aol A convolution output® B3} HAHS 3=

e resourcel] AMES HQ sty welbd B =FEoA =

re
o>
flo

off,
4
i)
M
¢

kel Al A S training Aol A3 training datal] ©]%

15 2abs olgat ikl golgs fdlA dld gkt batch

ol
LY
)

(0]

normalization®] alpha®} beta #t& ZAEslo] 24 (5.1)% Zo] scaled}
bias #Co = W33l o]E %3}9] batch normalize®] A output
channel dimension®l] tj3A s+ W] multiply?t 3 MO addition® =
A= & Atk

FPGA “&oll* convolution 7}57]1& A7 A &3tz sk= CNN
YELYA 4 Aee A databit®] width £3F 3123 oFstry,

= AFelA A3 CNN  7H57]E U-Nets T&ot7] $18<dd

vy

A E o] A AlE
st TR Aes 942 F U FAsisith wEkA

weight®} datai= 8 bit length®ll fractional bit= Z}Z} 4bit, 8bit ©]™, batch

jlo] A A3} data®} weightE 8 bit fixed-point=

3T
ar

g

normalization®| 4] A}8-3}+= scale¥} biasi= X+ 16 bit lengthol 8 bit

3 ey ] 1
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fractional bit= A4 == A A5} T
B =FoA F&3 CNN 7}4%7]2] Convolution €4F 42 o}z
2] (5.2)8 2t

{(I x 2%« (W x 28)} x(scazl—fzxzs)

output X 2% =
(Bias x 28) ©-2)

Convolution ¥4HS vkl & ZF output datas 4 bit factional bit=
AA35L7] 93t quantization ¥ batch norm X &4 bit shiftE
Foted FdE 4 Atk Convolutions 9l3F%] weight$} input data®l
multiplicationS & &A H™ Z}Z} 4bite} 8bit] fractional bitE 714 1L
A7l wiZel HFE  12bite] fractional bitE  7HAA "ok Y
multiplication #k< ©]% batch normalization®] scale #< #3354
scale®] fractional bit7} 8bito]7] wZol HFE 20 bite fractional bitE
7hRtk o] % bias® HAle X3Aetr] SleiM = Hstaiat Sk datal)
fractional bit length7} F3dloksl7] wiFol bit shifts Sk H
output®] fractional bitE 8bit® Y3Fo] Fo] bias® HIAlS XSy,
u}A] 2} batch normalization7}A] €5 ¥ & output> THA] 4bit fractional
outputs 93l bit shifts E3t%] 4 fractional bit= o] F=m

DA A overflowS Holste] 8bite] W o] dataD o] =

rir

7

£3)

fijo

AT

gkt
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5.4 Range-based Weight Quantization 73

Weight®] quantizationS &3l weight®] 8bit fixed point #t& = F
ATE 71EA 02 weight®] fractional bitE 8bit= 73] CNN 7}57]

Ao A 9] inferenceE 3T 4 AA|TF FEtax}; sl UEY A B

et

el mEtA £ o Judt weight®] S F3t inferences %1
F9a7h St

714 <1 weight quantization ™% range-based quantization® =
T&oFLAF 3= layer®] weight distribution®] range® EU|E S}
bitd tl-§3t step sizeE AAFSES] 7} floating point #k©] fixed point

estes AAskAl frh ey Abst 7HE7]ol M 9] weight=
8bit fractional pointE 7] 02 714 3l7] wfjiol 39 bitd o35+
step size”} 12 o] Itk 2] (5.3)2 range-based quantization®] 1 bit®]
e doti= step sizesE WEFH™ 2] (5.4)<> 4 bit fractional bitE &3St

quantizationA] 1 bitel] 3|33l step sizes YERHTE

2 X max(abs(weight))
StePrange-based = on _ 1 (5.3)

1
Step4frac—bit = 24 (5.4)

4 bit fractional bitE &3t quantizationA] quantizations F13Y 3J}=
weight®] distribution 3t 1A Eo] Q7] wiLol layer'® weight?]
distributionS % tf-&3}#] FE3tc}.

kA AjbsleE sF=dle]l A ollA weight value®] range-based

quantizatione  A-83}l7]  $d  weight®} batch normalization ]
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parameterE  quantizationsS X3 A]e]  weighti=  range-based
quantizations Z1 33t * 3| quantization scale<- batch normalization
scale®] folding 3ato] st WAS AEsith. o 24 (5.5
weight®] range-based quantizations 483t 45 ©] 83t convolutions

b ot

)
ol

3

29
(SB X S_ X 28)

output X 2* = [{(1 x 2*) » (W x Sy)} X 2—1(22 + (5.5)

(Bias x 28)

Weight data:™ range-based quantizationS % &3}  batch
normalization®]| A 127 ¥ bit shift #to] FFS WX 7] $I38to] batch
normalization®] scale #t¥} quantization®] scale #t= folding &}o1 33
%S batch norm 5.E°lA multiplications %18 dtt},

AT WS F3lo] input feature map®| convolution< weight?]

range®l fit ¥ quantization 3t ©]8-3}% convolutions X &YstA Hrh

5.5 Up-Convolution 7&

U-Net &arg]FolA AFE-3F= up-convolution 3F4+2] input data”}
2x2 weight®} multiplyS #&3}o] 2x2 outputS A3 o] 3 input
channel®] W34 summation= %8 3}= convolution®|Th. & =30l 4]

Atet= 7H571= F7F8<Ql resource?] ARS8l FYUS  process

element”} up-convolutions #| ¥ gt}
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(a) (b)

13 5.2 (a) Convolution 214+ X8 34 (b) Up—convolution
A sy 9

1% 523 Up-convolution® <AA4F 8ol #3}o] convolution¥}2]
2ol S HolF=11 ) Convolution 3x32] input data’} Z}7] &
weight kel o583} multiplyE F 3 3FA 5+ Up-convolution & 3ot
data”} WHE3lo] 2x29] weight #kell of-&-3F¢] multiplys *l3jstrt, 3t
convolution<> 3x3xInput channel®] data”’} 3}}2] outputs A4 sFA vk
up-convolution<> 1x1xInput channel®] data’} 2x2¢] outputs 374 3s}7]
el 2 Q3 buffer size®] =7]+= input Xt} output buffer”} ] =t}

slite]  weight kernelE ©]g3to] 2708 rows A @ofsty]
o] rowE A ZE= output buffer7t 271 HQsith webs ew
7}4571=  convolution®] A4 Alelli= ping-pong FAOE F&SHE
output buffer X5 A}£3t%] on-chip®] output datas 271% output
bufferel #7gstm o]% o wlEg el 2701 output bufferel A7 o

S+ outputs Ao}



5.6 Memory Arrangement

2 HoA & convolutions X133t7] £13Fo] input data®} weight

data®s Q|4 "Rl AA3t7] $3t address mapping?} Adaptive row-

based reuse B2l oA Q] W Ry Lo #3dtoe] =23t}

Row =0 _
Row = 1 Row =20
Load
* Interval
LIER
Row=1

in channel

71¥ 5.3 Feature data® 4% W Eg AF w24

% 53014 slue] feature data’l 2] W EE| oA A7FEoO] =
TS HojFx Uty ZEFeR of dvREg oA 512bite] data
widthE 7}# 3L 3= T, channel®] input data’} rowell disliA A s}
o] & & rowel S T, channel?] input data’} AZEHE A4S
7EA 3L itk al rowell thall A o] ¢R¥H™ U rowsl AFE=
A= 7HA AL QT

Adaptive row-based reuse 2] convolution Al°| multiple rowE

FAll A7) wEe] R WA multiple row? o]

1 = A2t &k



I et} kA A5 AP o] multiplerows load interval 7+ = o] %]

= row©|”7] wtel SF rowE loadst”’] $%F addressi= 2] (5.6)3

Address Space = width X Input tiles X Load Interval (5.6)

w24 input datai= Ty channel®] 3F9] rowell tdA] load &
53 ¥ address apace R HojX rowE load &F°] input buffer]
A t}.

- wRg oA A oksti= datai= input data®} output data,

+

ON
ro

12]3l weight data®]t}. on-chip®lA] convolutions *2]& w 24
W22 9] input data’} AFEHo] = YA elA dataE load 3ot
o]9} F Al output data’} AEHo] = A||A output dataE save
dopgtl. upeb 2 7FE7]= 2709 v EE] addressE 53l input data
load®} output data saveE X33t Bl layer’} & EH™ ThS layer
o= ping-pong H2OZ 2702 address?] TS wkste]
By S HHg i)

U-Net MEHAE F&53t7] el 22 layerol A convolutions
Aglst7] 98l 271¢] feature map= concatenatest= o] & Q3irl,
o5 ¢8| decoder oAl concatenate® F 3T feature mape
BEFoksttt, 184 ping-pong 2] ©F addressE mapping St A
B E3)| okl feature data’} layerS Z3Y3}HA A2 datas saveds|/|
ol A LA A #rh wWEkA concatenate®ll AFE-% = feature data:

MER #WEE addressE sto] Ao
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A6F Y At % 24

2 FoA= Ui =93t adaptive row-reuse W29 A A FPGAS]

T4 A

=
o

olef thst FA-& sttt 2 7}57]= System Verilogs

Z3 TdEAoH Xilink KCU 1500 H.E=oA] 150Mhzol A T-E3tE2=
A H ATt U-Net HEHYTS] %52 93}9] Tensorflow= =3 model
trainings AR O™ Y weight®} parameter FH> A =2l T

Y2 Z+2F 8 bitel 16 bit® quantizations T3 5Fe] FPGA Aol A]
ARt

6.1 7] Row-based reuse B4 7}9] v]1L

WA 2 =74 A3t adaptive row-reuse ®2 ¥ 7] row-based
reuse ‘W2 7o) H|wE &SI TE 7]<E row-based reuse ®4-> on-chip

buffer®] feature map 3F42] rowE loaddl®] convolutions %38 3F=

a9 6.1914 7] row-reuse W23} adaptive row reuse W29

GOPSE H| w3kt AF 7} convolution layer®] 73-¢-of tjiF]

layer”} adaptive-row reuse W2ls A& o2H v > AA A=
o

7 & #QlEd 4 Itk EESE up-convolution layer®] 74-9-o| %= adaptive

row-reuse ‘F2lo] 7]£°] row-reuse HWAIHT} 287}

ot
e
rlo
[op)]
o
3
i
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JHFMEZ 2} on-chip ZF8] data® transfer S YERU=
bandwidth® oA % adaptive row-reuse W2]o] 7|EHT ¢ =

A= Holil Atk 7| row-reuse W2 weight tile®] 3}t rowel
thal A reuse A convolutions 3 3FA|TF  adaptive-row reuse
W22 multiple rowell a4 weight tile®] reuse 7] wliEol weight
blocks 2|5 wR e oA load 3t 37F ¥ #obdth 1¥ 6.2904
Al A5 B3 led A P2 bandwidthFo] 5.7 Gb/soll A 2.7
Gb/s® 2¥|7FF ZHAskith. E3F convolution layer ¥ 5F o}y 2}l up-

convolution layer]| 4] = data®] bandwidth7} 7+438rS gelsh 4= Qi)

6.2 On-chip buffer 7)o W& A5 W3}

Adaptive row-reuse S AEF-S W on-chipell A convolutions
8 3st= multiple row® % buffer size® 7] wek A o
wekA buffer sizel] 7] WS multiple row?] 8 old wE A

Wk Agshavh.
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135 e = U A| ZF o multirow 18
130 16
— 14 E
£ 125 12 s
~J =
< 120 10 %
i 8
W 115
<+ — el
6 T
110
4
105 )
100 0
512 1024 2048 4096

Buffer Size (Input buffer)

as

1% 6.3 Buffer size°l] W 3 A7 W3

1% 63914 FPGAS] on-chip buffer size7} <7}2%  on-chip®l

Y

ok

F e rowst B7keks] WEe] 471k BarE o

]

=
multiple row ESH AFsith T2t st O] olm[AE At T
o
=]

ON

AZHZ buffer size7} S7FetHERE vlE|ste] FFASHA ¥ B

EO

o

o] = buffer size®] S7}2} &7 on-chipel|l # %3l oFst+= input feature
map® row 53t F71el7] Wi convolutions Al ZEE7] fE] 9]
W2 oA load dloksti=  datal] Yol  FUbskAl €Tk o]+
convolution® multi row?s] Arte =z dA HeE AHEHLEe ols5HT
3|3 inputdataE on-chip bufferel] #173}7] $38t latency’} B =LA o

AA A2l Fieel dd= 7124 "k
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6.3 CPU, GPU%}9] H]w

B =Roa Fd#3F FPGA CNN 71%7]9 A#}E 78S U-Net
networks  TESFR S Aol CPUSE GPU  EHEolA el Ast
v w3l th CPUSL GPUE CNN HEYAE TS5l Fo ZHE
tensorflow®} 72 A3ty ded =9 wdoer 2 FE8A4S
7FA) 3L ST,

12 2 7}&%719F CPUSH GPUS A5 Bla

2
(ih)
)
K
o
gt

kH
(o))

7F5717F cPUgl 8 £ WA wg w2 oS Holal low
AL powers AH|FOTHM ox e FHo] Erh GPUS BE &
7P BT =S Fuel WHA Y Aate] 53lE 8 Al7ke] Afolr)
1 = R R

48 SN B Sk o 22 AnE moln

olet.
% 6.1 ¥ 714719 CPU, GPU] A5 vl
Resource CPU GPU FPGA
Device Intel Xeon Titan XP KCU 1500
Frequency 3.5Ghz 1.5Ghz 150Mhz
Execution Time (ms) 1046.5 7.41 73.94
Precision 32-bit Float 32-bit Float 8-bit Fixed
Power (W) 193.25 238 33.28

6.4 B A7248 Blw

2 =14 A3t adaptive row-reuse W22 7]E¢]| segmentation

0

networks FPGA°| &3t B A9} vlu s 3 eksl

3§ 53 17
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b

6.2 & 75719 BF deke] Wl

TRETS [22] MDPI [31] Ours
Arria-10
FPGA ZC77045 GX1150 XCKU115
Clock (Mhz) 200 202.08 150
Precision 16-bit fixed 8-bit dynamic 8-bit fixed
Network U-Net SegNet U-Net
CNN Size (GOP) 59 61.37 73.55
Image Size 512x512 486x360 256x256
BRAM 364 1703 796.5
DSPs 900 1515 4367
125 (CONV)
GOPS 29 (DECONV) 432.8 994.74
0.14 (CONV)
GOPS/DSP 0.033(DECONY) 0.285 0.180

Bl A5 5 U-Net HES A} LT segmentation #1534 3st=
Auto-encoder architecture?! SegNet2 T-&3st ATE Hlwsisth A
A¥} [22]914 FF3F U-Net pruningS 53t channel &5 FAAI7]
HERAZ T dabzko] Avh Ty & 7F5717F %S GOPSE
Hola glom 3shte] psp @ AieEE YERHE  GOPS/DSP
AZME O FHold Hea Holal Utk SegNets &35k [31]3%

HW Al [31]2 SegNet network”’} up-convolution®] o}d ©] &2

resources F QL F 3} up-sampling layer® A &35t e A,
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Abstract

Efficient Resource Utilization
for an FPGA Implementation of

U—Net

Hyeonseung Je
Electrical and Computer Engineering

The Graduate School

Seoul National University

There is an increasing need and research to implement the
Convolutional Neural network with an FPGA thanks to its design
flexibility to design any form of hardware and low power consumption
over GPU and CPU. However, most FPGA CNN accelerator studies
are targeted at classification networks. Therefore, considering the
recent use of segmentation networks in various areas such as
autonomous driving and medical services, it is also necessary to
research the operation of the segmentation network on the FPGA.
Convolution on FPGA is composed of multiple loops, and the output
is calculated through MAC operation with repetition of multiple loops.
The order in which loops are performed determines the required on—
chip buffer size and the amount of data movement between on—chip
and external memory. Therefore, it is necessary to select the
suitable loop interchange scheme considering the consumption of the
hardware resource in target FPGA.

In this paper, the Adaptive row—based reuse scheme is proposed that

resolves the problem from original row—based reuse scheme, one of
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the existing loop interchange schemes. The proposed scheme
determines the maximum number of rows of feature map that can be
stored in on—chip buffer based on the input and output buffer size.
This method allows maximum data to be stored in on—chip buffer
without being affected by the feature map size which is different by
layers. Also, the latency caused by load time of weights used in next
tile is solved by expanding the range of the convolution.

This paper also implemented the hardware design on FPGA to deploy
u—net, the representative segmentation network, by applying the
proposed adaptive row—based reuse scheme. Convolution and Up—
convolution were designed to be operated in the same process
element to prevent waste of resources in FPGA. It maintains the
segmentation performance even with the 8 bits of weight and data by
folding the weight quantization scale and batch normalization scale in
batch normalization module.

In this study, tiling factor is set for width of the input feature map
and multiple row so that enable to efficiently use of the on—chip
buffer making difference from the existing research. The proposed
design is implemented with a Xilinx KCU 1500 board, and the design
achieves robust computational performance regardless of the input
feature map size, and 1.2x performance increase comparing original
row—based reuse scheme. Also, with the expansion of computation
range, the require bandwidth between DRAM and on—chip is double

decreased.

Keywords : FPGA, Segmentation network, U—Net, Loop Interchange
Student Number : 2019—-26808
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