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Al 3 & Depth—wise Filter Switching Dataflow

3.1 Conventional Dataflow ¥4
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#pragma Unroll "fi”
for (ti=@; ti<IN CH; ti+=(Ti)) {

/{ iteration for (K x K} kernel
for (i=8; i<k; i++) {
for (j=8; j<K; j++) {
ofm[to][row][col] +=
ifm[ti][S*row+i][5%col+]] *
wgt[te][ti][1][]];

¥

1% 3.2 Pseudo code: KXK kernel®] tf3st ©]% iteration loop

3.2 Depth—wise Filter Switching Dataflow

3.2.1 Depth—wise Filter Switching Dataflow
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qskA "ot o]# 3k B2 input channels &3] HHEEA 9, g5
Al v =9 AWA depth® ©]-&3dko] thA] wHEEHA Hrt whebA
filter®] switching< %< depthell tisir & WHat7] &A =™ depth7}
v jeity A skA fvk webA ARbskal Qli= depth—wise filter
switching dataflow= %3l filter switching activity 3= AArsiEd

2 (3.3) ¥ o] Axkd = Sl

NFSA-proposedz H X IN_CH / (T| / 9) (33)

o]E %3& 3x3 convolutional layerel] tha] 13 3.59 o] =

#pragma Unroll "ti”
for (ti=8; ti<IN CH; ti+:(Ti/(K*K)))| {

#pragma Unroll "i" and "j"
tor (1=8; i<K; 1++) {
for (j=8; j<K; j++) {
ofm[to][row] [col] +=
ifm[ti][S*row+i][5*col+j] *
wgt[to][til1[1][]]:

}

1% 3.3 Depth—wise filter switching pseudo code

14 2 A 2] 8
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o] ALl on—chip memory, weight register W DSPo] 3l read

enable rate

9 switching activity S A2 A1Z4 4 o}

Filter Switching Filter Holding Window Sliding

_____ o

Filter Holding Filter A
during W-cycle Switching TS
for the next
Nt depth
4 - % depth 4 P
4 ""-:h '0'
= =A==
- Sy
4 ________ ""-:::h -
4 "%
3 > S
3 15t dept
3x3x4 Window IN_CH
H Sliding 1-colum
@ every cycle
W
19 3.4 Depth—wise filter switching 2!
Pixel-wise Switclling every 1-cycle
M \
IFM XHHHHHHXHHHL
registers | Input feature maps
Read Enable Rate(%) < % x 100 W-cycle Depth-wise Switclhing every W-cycle
[
— | DSPs
We|ght | Weight | vDepth [ eDepth  Jf  WeDepth  §
Buffers | load | registers [ Fiter weights -
RS EENREEREREREREN

| J
[
Zigzag Switching every 1-cycle

1% 3.5 757 UF st=sdlo] el oigt switching activity

15 ; .H -I*F,- 1_'.]'| G
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3.2.2 Filter Switching Activity &4
¥ 3.1 & depth—wise filter switchings &3l conventional 2
ti¥] Tiny YOLOv2 E=9] layerH® duph} switching activity 7} =

E=A v AL gl

¥ 3.1 Tiny—YOLOv2 E29] layer® filter switching activity

FSA® (1—frame)

Layer | Filter | In_ch® | W2 | H? sigzag | Proposed Reduced
ratio (%)

1 3%x3 3 416 | 416 | 1557504 416 99.97

2 3X3 16 | 208 | 208 | 389376 832 99.79

3 3X3 32 104 | 104 | 97344 832 99.15

4 3X3 64 52 | 52 | 48672 832 98.29

5) 3X3 | 128 | 26 | 26 | 24336 832 96.58

6 3X3 | 256 13 | 13 | 12168 832 93.16

7 3xX3 | 512 | 13 | 13 | 22815 1664 92.71

8 3X3 | 1024 | 13 | 13 | 44109 3328 92.46

9 3xX3 | 512 13 | 13 195 195 0.00

Total - - - — 12196519 9763 99.56

2 (3.1) ¥ (3.3)S E3| 24 W29 switching activityE AlAFE:

4 9lom 3x3 convolutional layerel] tjal] 7] 4] tf8] switching

@ Input channel

? Width

@ Height

@ FSA: Filter Switching Activity " )
16 ._Jx_! ©_ 1



activity S @A A #HAAIA, AA layerel Wsl] B+ 99.56%2 A
2 Yedddtl 53] YOLO R92 convolutional layer® tji-Ho]
U glo] Aljtst=

dataflowE &3l switching activity 2% 235 Zdstg 4 Q) 1

N

3x3 filter size® Ao Ho Qup= EAHES

1 convolutional layere] ®3llAli= 3x3 X (Ty/9) T4 FtdstA 1
X1xXT; PHE WA 7t538te] 7]1& A HA3 dataflowS A

@ %+ ek

3.2.3 1Y &2 &4

3.2. 194 o]o}7]5}l+= Hl9) o] depth—wise filter switching= %

& switching activity® 99.56% #AA1Z 4 Qlt}. o] A Eo| 3=
Aol uiF Ao Ay ARE 27 duks 2d F UEAE EotEE

Wy Aa =338 98 filter? weight= loaddls= register? d¥

~wE BA7] 98 $4 CMOSe A¥ 4RE Aduw A (3.4)

o

Z+o] dynamic power$} static power® W= 4 Qth

I:)total den + Pstatlc (3 . 4)

ol

X
lo
g
L
—d
>
i)
¥
S
lo

static power= dynamic power thH] %3

™ dynamic power+ (3.5) 9} o] &g 4 Stk

Payn = a0 X f % Cefi X Vg’ (3.5)

o 7]o| 4] @ += switching activity factor, {3+ switching frequency, Ceg

g L



= effective capacitance WFA| 2 2 V& supply voltageE 2] w] 3t}
metA] 2 (3.5) & Fa & ¢ kol CMOSE /4% register?] A
g A X+ switching activityd] linearst &S & 4+ . =
depth—wise filter switching= &3l o] 99.56%°l B]dsto] filter
9] weightE load 3}1 S+ register® 8 AX 9A] 99% o|A =
Sig=

FPGA®Y on—chip memory AF¥Ql BRAMSY 7-% memory cell

o] Z= 9]

o o
= T »Ru=

N

array 993 W logic 990 =2 Yz & . BRAMY Ay AF =

Xilinx Power Estimator [17] toolS ©]&3}lo] o =o] 7}53tt}. 9]

R

g s Aok 3= read enable rate @<= 7F57] mith thE7] w o

maximum (=100%), typical (=75%) 2 minimum (=50%)2] A7}

L)
P~
2!
oy
Px
fifo
tlo
2
[y
ol
2
|o
=
=

w
N

Z7o® #7384 BRAMS A
1=z
=

= 7 x4

BRAMY &g Ard 4SS Yeha ok

¥ 3.2 BRAMO #AE A1 o= 71489

Read enable rate (%) Peram (mW) ©
Cond. duced tuced
. Reduce . Reduce
Zigzag | Proposed ratio Zigzag | Proposed ratio
Max. | 100.00 0.44 99.56 7.85 0.41 94.8%
Typ. | 75.00 0.33 99.56 5.98 0.40 93.3%
Min. 50.00 0.22 99.56 4.11 0.39 90.6%

e

9 36Kb-BRAMO thal 200MHz9] F3F2 A2 &% o

® —
Pgram = Pvcant + Pvcesram i -
18 A =TH @&l



b

E 3.2004 & 4 Sl%o] BRAMO| A ARE 7|E zigzag '
thu] HA 90.6%°04 Hdl 94.8%7H] =Y F UE AE AT F
Ut
Alekst= dataflows= 18 3.53 #o| weight?] switching activity
= =92 2ZH input tensor} weighte] HAlS F33d+= DSPO
oA wAsk= glitchs Y + & @37 vk 58] 49 47 54
oA A& W, multiplieri= ISCAS’89 benchmark circuit ZollA]
glitchell 7b¢ @S Wol wh= AAkolw glitch7F WA = A5
of HMuwdE W glitche wAl AAbe] A= ARE 3.78 S7HA4 ¢
At} [18]. Depth—wise filter switchings 3 &=+ glitchg H|
&2 weight ¢ input tensor =5 8—bit o] =2, 13 3.6 2 9]
conventional 8 x 8 multiplier 7] & #4353t 8 x 8 multiplier+
870 2] half adder, 4870¢] full adder ¥ 64702 AND gate & ©]Fo] A
Qlom 7} gate count (2—input NAND gate 7]5) = 4] (3.6) ~
(3.8) 8} 7ol AAtAT
Half adder =8 x 5 =40 g/c (3.6)
Full adder =48 x 9 = 432 g/c (3.7)
AND gate = 64 x 2 =128 g/c (3.8)
C1TT

multiplier?] AFx}¢l weight 7} static 3F A% (29 3.69] YO~Y7
weight® 7F5F) AND gateolA] glitch 2A83H#] A Eth. AND

gatex 8 x 8 multiplier®] | gate count (2—input NAND gate 7]
z}A] 8k, depth—wise filter switching= E3 =9

T | =

e 1 =

°
=
=
19

) 9 21.3%
=+ switching activity ratios= 99.56% ©¢]=% 8 x 8 multiplierl A



depth—wise filter switchingS &3] 9=+ glitch® H]& 4] (3.9)

o} 7ol 21.2% 7} At

Glitch Z/2+ =99.56 x 0.213 = 21.2% (3.9)

webA] ARFE dataflows F3ll A1 AAbeA A= glitchs &Y

2 % Qe

Z3lal B, depth—wise filter switching dataflows 3l 7}47]

F 9lom R glitch® 918k DSPe dg AR AA] 7HAA

.

it st=glo] AAQl register, on—chip memory % DSP2] & AR

= Aard ol v aEs =Y 5 3 "k

“static” weight

i

NAND equiv.
[ Half Adder =|5g/c LY Y Y o 4 N
CJ Full Adder =19 g/c I 2 /m/bﬁ/w/w/wm/mmbl
7 AND Gate = 2g/c 1715

No glitch fqr
'AND| Gate|

[7)]

19 3.6 8 x 8 multiplier?] glitch ¥4

20 ' A—E k.1 E” ok il



Al 4 A YOLO CNN 7}47] Architecture

4.1 Layer—wise On—chip Memory Reuse

Filter?] weight$} feature map=S A &st7] Y38 L%+ pattern
7} 9ol t}27] wjEof 349 domain—specific 7}571= 19 4.1-
337 Z+o] weight % feature maps ZHZF Wz 83 £ Y=
buffers m= o] AAE drh ARk o] F25 o]&-3t] off—chip
memory A2 $lol7] Y3l feature maps HF A A7 o= on—
chip memory AR&Eo] WolxlE wiol ik [5]  [8]1-[10].
Feature mape®l 3] off—chip memory access& {lol7] skl 19
449 7o)l layer ZF pipeliningS 7}53dA W= streaming
architecture® €83t 75715 S8 AINE, 2 layerd8® buffers

stdalof 3= 2 on—chip memory footprint7} =o}& 4= St} [

Faralol Line Bufor 1 EatL e -
» Pamilal Line Bufler 3 Ez;::: o ata
¥ Weight Bullar — o iﬂlm i =
b
MemBD Kernel [cu1 ] [euwa| |[cus|
1 5 I
[ Lommrimu | [ a] e ]
—— Rearder/ | _
Store Logic Out Buf
] MemWR Kernel Conv Kernel

= Lina Buffer 1 -

=
Lina Buffer 2 + - I ! L

Camgparing / Selectian Logic

MaxPoaol Kernel

FPGA

19 4.1 dedicated hardware accelerator [5]

: B B



Host Control logic

[E¥00] Aowen pro9 ]

[

(e¥00] Aowaw ppd

19 4.2 A novel FPGA accelerator [8]

&

Programmable Logic (PL)
AX|
: . A
?En N Computation Engine
9 E w T
gz E pe B PE f| PE B PE
2o > R
> C AXI pe )| PE B PE |l PE
39 DMA
N Controller PE § PE §| PE | PE
¥ c pe )| Pe B pe l PE
External T
Memary E—
13 4.3 YOLO accelerator using WALLACE tree adder [10]

External memory ]

e — 3

WW,*KPF,*CPF, bits

e $

Laveri | weight buffer '\ L®eritl | weight buffer ||

r

WW,u1 *KPF,.; *CPF,., bits

Re- A
shape N
' Buffer il

19 4.4 DNN builder with streaming architecture [7]

22 i x‘i—]
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=
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ot e FAE dder] Yl 2 =1%ol layer—wise on—

2

chip memory reuse %21& Aetsit}, o] wWAlS s 18 4.5 9}
7+o] multiple banks, encoder % decoder & TAE layer—wise
reusable on—chip memory (LR—OCM) = XA 3}3it}.

YOLO E92 7% 463 7o) feature map® data volume©]
layers Ad% pooling layerel &l A ZropAAl =& whd,
weight2] 7% output channel®] 7} Z7}sl7] wj&ol weight® data
volume©o] JZ&stAl S7FskAl ©oh. webA  layer M Z on-—chip
memoryS weight®} feature map Ale]olA AALEE = AE=
AAE Y. S weight® feature mapel i 2z wE 2Ed

buffers AFEsF#A] 211 global 3t on—chip memoryE 59 layer

> Bank(l) >

> Bank(2) >
E ) i D
N | | E
C . ] C
O - . O
D - - D
E - . E
R i . R

Bank(V-1)
> Bank\V) >

On-chip Memory

1% 4.5 Layer—wise reusable on—chip memory A _
K, ) =11
23 A =—TH



Data volume per each layer(MB)

450 .
1.80
1.60
1.40
1.20
1.00 =WGT
0.80 IFM
0.60 mOFM
0.40
0.20 I I
0.00 - I (11 = | I n

1 2 3 a 5 6 7 8 9

Layer
19 4.6 Tiny—YOLOv2 R29] layer data volume

°olF &&3t V|E dAFE B AdlHe® A2 on—chip
memoryS AFE3FY] output feature map ZF on—chipol # #&3sloq,
output feature map®°l w3t off—chip memory accessE %3]
A A8FA T}, Single—layer architecture® 83 FxoA F3He BE
feature map< off —chip memory access $1¢©] on—chip memory %<
Abgste] sk Al WSl W on—chip memory AREHEE
S7st7] wiEel, o] YOLO 7H%57] dgeld= Fdd Zo] gl
oz lHAY, =, Aetslx = layer—wise on—chip memory
reuse WS AFE3}o] output feature map©l] ™a on—chip memory
S &8-3F single—layer architecture %2 YOLO 7}&7]&= B
sl A AR aEE 2w gldnh. a7 4.7 LR-0CMe

encoder, decoder % multi—bank on—chip memory = TAEH AlY

ZE ¥93ta Qlth On—chip memory 2 EE banks< encoder %

-

. B B



Multi-bank
Encoder Decoder
OCM
WGT(0)
WGT(0) WGT(0) WGT(0)
LI Bank
5 Index: 1 IFM(0 . i
werl | Weight : OFM(0) (0) : W_le_!"%ht WGT
Distributor . Gen
Layer-(i) Layer-(i)
ey L 20 weT(n-1)
| EE——
JorMto) > IFM(0)
E——
WGT(N-1) WGT(N-1)
. — E—
OFM Bank . |, Bank : Bank IFM
DMUX . OFM(N-1) Index: N IFM(N-1) i MUX
N ’
[SESEEUN D]
Layer-(i) Layer-(i)

719 4.7 Layer—wise reusable on—chip memory2] A&

decoder$} ddo] =of it}

Encoderi= external memory FI&s &3 =02+ weight
data® input® = WAl =131, Weight Distributor X< &3l weight”7}
=ulE A H™, layer indexeol w2l AE®E bank =9l weight7}
A=A @k T3 encoder? Bank DMUX #4318 S9] 2+ output
feature map (A®WA layer® 7d-%-°l+ input feature map) = row
indexel] w2} ME ¥ bank &9 A&3HA @B}t o|ZEA output feature
mape #8 AE¥E bank & AAAHA I v layer® input
feature mapS #738t1l ¢l bank® &-8-=A Hr}.

o .

Decoderi= convolution <94+ §3 weightE® A&stal Sl

bankEZHE T, 9+2 weightES Weight Tile Gen %l load d}A

¥ 31, weight register® TA¥ Weight Tile Gen 32 load ¥
weightE 7 A4F fylo] @AlE Eustay dAEsh= dds F3st)

T3t Bank MUX 32 %3l input feature map< row <oAjof W

o5 ;ﬁ'! X

3 =11 =1
|-1-'l| .J!'

L



oS Fysit). 9o 22 #2097 on—chip memorys weight 2}
feature map AFolelA layer ®HWE  AAFEo] =i, T9 4.8 7
bankE©°] oA layerd¥® AAFEo] He=A FAHOE HolFErh
A ez ¥ 4.99 o] 231WA banke] AME-Ei= dataE
BA 8 layer¥ 2 AFEHE data typeo] 7bHAQ AE o 5= gtk
LR-OCM® bank 7N Holz ARRE= layerel s A4 w4
=4, Tiny—YOLOv2 EdoA = layer—6°A4 weight bank 25671,

feature map bank 267, & 282707} AF&-E A ).

LR-OCM banks Usage for Tiny-YOLOv2

300

250 I

200

150

Bank Index

100

50

1 2 3 4 5 6 7 8 9

layer index

WGT =Void mIFMonly #®IFM/OFM mOFM only
both

1% 4.8 layer® multi—bank AFg& 2]

26 - H kl 1_'.]| [



OFMonly &5 TFV/ORM & TEM/ORM: Void
[ayer-2 ayer-3 ayer-4 ayer-5

OFM only WGt

ayer-9 layer-8 layer-7

1% 4.9 2319 bank? layer® data A}

oo
M
>~

ojde W 7HEY] Aol & g Qo] dURbAC® input ¥
output feature mapel thalA F71¢ buffers F© ping—pong
WAl o2 AAE-E 4= 9l double buffering WS A3t} b4 Rk

ZHE layeroll A 2] feature map size’} 7] W&o double buffering

WAE ¥ @S on—chip memory AMSFE Fa= 7 Huh olE
WA S8l row cAHE AYS ¢ EF AAseH, o]

w2} LR-OCM2 Z4F layerel] tfsfA] LR—OCM 2] =43} line
buffer=°l pre—fetch 3h= WAS ARESIIT 29 4103 o
input feature map< line bufferel pre—fetch 3l%] bankE H|-$

row? A3 S oA 8BlYA bankel overwrite & F UAEZ o]
feature map A&  double buffering & HQ7} FAAEF
AR 17 4.89] “IFM/OFM  both” indexi= kAl st

YR S48 bankSS UERdT) 9 $4S Eato] &ul layero]

)

8 on—chip memory AMEZ& Aokdh 4 gl ®bA Fuyo]
layer&< feature map? Alo]=7} 2Zro}l# HA on—chip memory

AHgFol F&FE FA 7] weoll double bufferingg ¥ 4 3l

rlr

7]

olr
o

A QDEAE AAEFOH, 18 4.82 layer—7, layer—8°A &

4= A5°] “OFM only”, “IFM only” €% wz A %3}= bank’} =435}

27 , _H *_ 1_'.]'| '-@1[



WGT WGT
3. Write OFM(result) to Emplty Bank | | ..... = St TIPS 2 MOVEVIFM Data to LB
Bank e
............... .-» Line Buffer
Bank
Selector
(DMUX)

Compute
Unit

719 4.10 “IFM/OFM both” bank®] A}-& w2

= A& #gagd 4 Q. Weightol] thdt off —chip memory access?]
3¢5 Fola 9 off-chip memory access W&ol AT = 9l
latency bottleneck= ¥3}7] £13to], layer—1%-¥ layer—6 744+
weightE A% on—chip memorye] A& 4= JQE= Fom o]
layerollAl  feature mape 98l AFEHEAY  bankss  AAFESH
ol on—chip memory AHEE F7F §lol 7hsetEE AAZE FHlTh
Layer—7, layer—8°|4+ weight® data volume©| 4.5 MBZ on-—
chip memoryell AF AFs7|ol= wl-$ A7) wiLol off—chip
memory®l He 94 weight volumes caching % double

buffering & 4 YE= 3k T}

4.2 BRAM—aware Memory Bank Design
FPGA+ on—chip memory 9 &% 3} block—RAM (BRAM) 9]

28 A=



Increased
We|ght parallelism
Buffer
(36Kb)
Weight Buffer (36Kb)
* BRAM efficiency: 100% * BRAM efficiency: 25%

13 4.11 Parallelism <7}l W& BRAM efficiency 4

ZASHARE - BRAMO] A ¥3k=  aspect ratiow  AldtEo] gloH
AnkA o & bit width 7} FiL depth7t 21 FelE AYx Ut} (eg.,
32Kx1, 16Kx2, 8Kx4, 4Kx9, 2Kx18, 1Kx36, 512x72). o] @
A=< 7HE7I7F B B WY dAbs 3 EFEE weightol did
on—chip memory bandwidth’} <7}st7] W&o width7}F ¥ Y&
weight bufferE Algafof dtvtm x| Asta Jqok [19]-[21]. A4t
BRAMS®| aspect ratiox= ¢lollA A8E 213 Zo] A|ekatgdo] EAfstr]
e, #2 data A% §FS Ad buffergte © HE buffer
widthE AHE 45 BRAMS] ARG#o] F7ketAl ¥+= £Ade Ay
Qlth. 18 4.11 36Kb weight bufferS widthE 4¥] =21 depthE
1/4 v =95 u 17019 BRAMOZE ARE 7153 buffer7} 4707FA]
7 & e odE HAFI Y. 5 BRAMO  efficiency &
100%lA 25%7H4 a4 + vks Ae BolEth

A Fiool stE71 Sfs " cycle mhH
weight loadE L 73%thd, memory widthE 43 bandwidth®
FoFHol st A2 E7h9sE Addoln. wheF memoryE EAA

29 i x‘:] —1_%- EH

|
L

=

=~



devhd 7H5719 throughputell F&FS A7) wiZel BRAMY
AFE-3 throughputs M2 trade—off Aol Eo]A #Hr}. T3
Aokl BRAMS] aspect ratioo] ZAAA7}F ¥st= buffer?] shapes
mapping Al71:= 2 G o dolw, 53] ¥ =iolA AlRbsh=
HRel #ol weight®} feature map= AAHE & F UEFH T
buffergb®d BRAM®] aspect ratio®] mappingdts A2 o o8&
Ao

olg|3t EA|= @3t BRAM efficiencyS 3AA717] $8fko]
=i depth—wise filter switching dataflowd o|d& A=
g3t BRAM—aware memory bankE AASS T 3% vy
0] depth—wise filter switchingS %3] ® cycle "}t} weight
loadE @78k x4 Hloju depthvith & W4 loade 4= A

dataflow 7} A A =t wabA weight bufferel]l W&l &8 band—

LV L

3[T —=de Ay

Line
Buffer

3 Sliding 1-colum
@ every cycle

read-out addr-éss
@ every cycle *

*Enam

*----------

32

1% 4.12 feature map buffer share for 1—row

30 - sH-iij



72 72
FM Buffer

Re-shape
512 — [ 416 512
832 FM

Buffer 64

Weight Weight Buffer

32

(a) (b)
19 4.13 (a) feature map buffer reshape # (b) feature map buffer

reshape &

widthE &Y F o] B ©]% wided buffers 8= 344 A Hrh
w2l BRAMo] A Q3d}= aspect ratios Hojux] k1 36Kb-—
BRAMZS] 512x729] aspect ratio®] =37 93] address@ 3x3x Wy, ”
g AT F AEF weight buffer®] widths 43ttt

Feature map buffer® aspect ratior= 3x3x4 sliding window
TxY RS Gkl HAsIATE 3x3x4 windowE ™ column
sliding 8F7] Y38+ 28 4.12 ¢} #Zo] 1x1x49] input feature map
tensor’} " cycle "}t read—out HoJoF 39, Tiny—YOLOv2

TEY 1-rows s 8329 depth7} HQA=Z 3JHA b upgbA

@ Wy, = 8-bit for weight data
31



832x32% 9] buffer aspect ratio’} Z Q&AW o= 7138 4.13() %}
2ol weight buffer®t FF & Sl shape HH, FHstdzt=
3te] BRAMS U cascadesto] ¥ fr3llof =& HlEE&24 <] BRAM
AFE-S 9 = A ¥Y. webA weight buffer®} input feature
map©| stthe] BRAMRES o]&3] A & 4 Sl bankE W=7l
9 3}o] feature map bufferE 1% 4.13(b)¢ #©] re—shape 3}

weight ¢} feature map buffer =5 36Kb—BRAMo|A AALE=E 4

AEE FAESG T o]9} o] BRAM—aware memory bank AAE
FqA 7145719 throughput £4 ¢lo] BRAMS @84S Folx

iChs

209 A§FS FA F WA ATk

4.3 Overall Architecture

75719 AREA QL architecture® X531l Qlth. 715 7]+= external
memory 8} E41S ©wdE= Direct Memory Access (DMA) Y,
input feature map? windowE A3t column WO Z sliding
e 98-S $33tE Sliding Window Gen (SWG) Y%, pooling
layer® d4bs &8k Pooling 4, 4.1°14 tE LR-OCM 12|l
convolution, accumulation, batch—normalization % activations
T33}+= Processing Elements (PEs) = /% o] Qlth

Direct memory access (DMA) 3 128-bit AXI4 busE
F3lA external memoryel] AFEHo] 3+ weight ¢ input feature
maps 9o ee IS FST. T3t layer? output feature map<

AH on—chip memory©°l A %o] ATk vpx|w layer® output feat—

® Input tensor = 8-bit

32 "-:l:" I "Nl-.|- 1_-li [£ 5



4 mw )

. IFM E
| Multi-bank OCM " WGT X

t

e

r

e OFM L

IFM L, i
. M @14 !

A M

] "

o v

. R 0

7 Gen [] BN/ | Pooling oFM - y
(SWG) conv Act y

\ J

138 4.14 AFs= YOLO 7F57]9] overall architecture

ure map< DMAE 34 external memory ©l write 7 #t}.
Line buffer 52 FA® SWG fule 17 4.159 o] 3x3x4
windowE A3 1 column? sliding 371 938 line buffer &
sequential &}l read—outdth. ¥ 3x3x4 window+ 1x1x36
Pl vectorization & PE unitel @AEstA Hrtk. SWG unitel Al
A HE feature map windows To/2 7§18l PEEA 3%, o]
mapping©| =& weight set €A LR—OCM2] decoderZ*%H 7} PEZ
Ay A Aot 29 4.162 PEC AlF block diagram< YERIL
it CONV FYl oA multiply—accumulate (MAC) AR S=315}A|
¥ 37, partial summation 94+ $3+ partial sum (Psum) buffer”}

F A8t} Input channel®] 3t Psum AAFo] vt =™ BN_ACT +F

3§ 53 17
33 A7 B =T1LH



3J/% A
3

ﬁead-out

Line
Buffer
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¥ 5.1 o] YOLO 7}&57] A-2ke] A5 vl

ICCAD'18 TCAD'19 TVLSI'19 IEEE JRTIP21 This Work
[7] [9] [6] ACESS'20[8] [5]
Platform ZC706 ZC706 VC707 Arria-10 Arria-10 GX1150 ZC706
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Architecture streaming single-layer streaming single-layer single-layer single-layer
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Power (W) N/A 9.4 8.7 27.2 26 5.05
M(eGmggé /EBngK;‘)CV 0.7 0.37 0.91 0.96 0.49 1.15
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Abstract

Filter Switching Optimization for
An Energy—Efficient YOLO
Accelerator

Kyeongjong Lim
Electrical and Computer Engineering

The Graduate School

Seoul National University

Convolutional neural network (CNN) based object detectors
such as the you—only—look—once (YOLO) achieve remarkable
performance but come with high computing complexity and a large
memory bandwidth. Therefore, it is challenging to design an
accelerator for such object detectors on edge devices, which have a
limited power budget and relatively small on—chip memory footprint.
Especially, CNN—based object detectors require frequent external
memory access for complex and periodic computation. However,
the frequent off—chip memory access is the main reason for
decreasing the performance in terms of throughput and energy—
efficiency.

To address this issue, previous works focus on the dataflow for
reduce the number of external memory access resulting in power
consumption decrease. However, it causes high on—chip memory
footprint to reduce external memory access and also the power
consumption of internal hardware resources is not investigated from

these works.
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In this paper, we propose an energy— and memory—efficient
CNN accelerator for YOLO. First, we propose a novel dataflow
which reduces the amount of filter switching by 99.56% on average.
Second, we propose a layer—wise on—chip memory reuse scheme
in which multi—bank on—-chip buffers are efficiently utilized for both
feature maps (FMs) and filters without the need to access external
memory for FMs. Third, we present FPGA BRAM—aware memory
bank design to be reused between weight and feature map across
layers. The proposed design is implemented on a Xilinx ZC706
FPGA and consumes power of 5.05W but achieves a throughput rate
of 370.5 GOPS for Tiny—YOLOvZ2 while using only 640 DSPs and
322.5 BRAMs. Our design achieves energy efficiency of 73.39

GOPS/W, thus outperforming those in previous works.

Keywords: YOLO, FPGA, Accelerator, On—chip memory, Energy
Student Number: 2020—29972
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