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Hr, XA T IR EE A ONN 75 0 PN IE LR IR MU (8] I DR IBE R R gEAT VAL AT &, THI A6
T ONN AMEFZE 5 AR (convolution) /R B (deconvolution) ZEREATRFHESEE 167 17 H 7
BLW I W 4G (bilinear interpolation)/JRHK (correlation) 2 251 115 3% 452 UG Ml 8] I XS B 56 2R
DAL RS TR CNN B8 Flownet 21 ), ZBAELHE 31 GB #EER:, Hut SHOE 2 g 25
BRIIEAY Alexnet B (1) 51 £%. Dy S I8 KRB TH R A3, 38 V) 75 EEHR (L T ) 3 ONIN PR i
77 FRBAT Ak

BTN TAECE X CNN BRI AR IR ANBI AL O~ 120 SR, I AR 4% 32 B4 AR 78 s b v
AR/ BRI E E, HF HIX S nig 28 AN e B A T DGR CNN I H . an SR B 10 m e
CNN LAY EEE 2H L CNN nidas b W75 28 B YL AbHE L8 (central processing unit, CPU) SRAbEE
JeAG T, FF RN AEIESS Bt AR B R, TR PSR 45182, £ CPU k
BEAT GRS BEFETT 48 LU AE I 2 B EAT B OB R R EIT 1 3 2 MER. X8
WRAE G AL THLPARIE CNN DI &5 7 >R 1 s BERCRCR. T H., BEAS S R S8 e A U TR
it

25 CNN B AF He, BRSO G HE  E FKB68 FBE O DE  01R 0 S BUSRTE. BLATR
SR T S0 09 o 7 BB IR SO, S A S R R LRI I
FUBF IR (6B R, DA I BB A B, DR I o 35 B 0 B e
AT AT S5 5 MR T AT . SRR 5 B A DY MR B2 AT B . F 3ty
WRHR 72, I BLHHA A IS 3853 5T AT LI 1) R A U SRR R 8/ JOBz 5. (LA, ol
T 2 7 B R BRI (650, SR LB 2 OB 7 SR ARG, 4% LTI, H i
AT BT A 28

S ROE A T, AR DB ONN D5 RO ALR, F9 Swan-AOE.,
Swan-AOE A HH SLIFBT ONN i B i) 4 FS0IIE 5, BIEBUR BRI MLk
SRR AT 4T3 4 02802 2 0 (0388 P B, 0 LA S PO W 1 R
0 R AR 24 20 I R 4R 0V S8 42 5 R (09 15 5 S0 EL 8
YJ, EERS 4 FOOUVBISR, REScOLRR TR RN DB AN, AT AR R L84 K/ MR R
SEIRERE — TRUNCR FUA ROK RN BRI A LR AR AR 7 %, AU RERE R AL A,
AT ERESSBUR EERE L — ITBUACE.

HT AR CONN BB PEAL 45 R B, 5 HEE RS R InTE 25 20 & sl 2 e AR L, e
HER NI 2% R SIS IR 3.54 fEERE, $2TF 27.1 [ERERURIHR E 6.7 AR AR, A B FE TTERE
gEanr:

o FEFRATFRI, AL AR IR T R GG T TR 5 27 ST s 8 e it

o AW TAENMEIADGHK CNN FTi A 4 R Z Wit 58— AN S A8 F 200, E I R R ANA
W 2% SR J= 22 1) 0 30 P 45 AR, A T AR T R B PR B DAAE [R)— R 2R P SRR AR TR R
(e

o FSEMLRACAFEE T, AT T AR RS R LR, SEBL e 70 A A B AT R R B

o RIS IR AL RERE — MARRCR, AIULAR 2 P rTREMI B it J7 58, IX 4T IR PLVR AN AERE —
TR 534, DAE Fr B GeA7 2
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-%C/ﬁ %@%l* B
.55/ - rEE]

t+1 Conv

B 1 (MERZE) LRHETRETER, 81FEH (Conv). REH (Deconv). W4iH{E (Interp) FIxEX
(Corr) B

Figure 1 (Color online) Illustration of an optical flow estimation system, which includes convolution (Conv), deconvolution
(Deconv), bilinear interpolation (Interp), and correlation (Corr) layers

(@) ia, (x, )
\tterpolate

(b)

out

|
|
! ia, W”'
|
>
4 005 [ : 11| = N
@n |c@®@®p out, " N
c= = - |
@) A , Y ; ,B .:original pixel [ /
€ - _). | | iay |__ d
cl X Ip | L
o - - -(x,-y)- () o out , | out = Conv (ia,, ia,)

B 2 (MBHREE) (a) REMHEEM (b) XKE

Figure 2 (Color online) (a) Bilinear interpolation and (b) correlation layers

2 HEARFER

2.1 MEEZRMGEITH CNN RE

K1 A @A TR AT ONN FEARESE. 2R CNN AP ANIELE 1 EBUE WO N (BD 231
TERE] ¢ A ¢+ 1 ENR), st N, CNN EEEEM (Conv). KEM (Deconv). ML
JE (Interp) MISRHER (Corr) JEAK. XU A 1 (B2 M OCHR 2 32 EEHR UM N34 22 BB ot 22 8] ) SRR SR
BN 5 b T R AETH SRR EBHG 0T & AR 4 3, HAT T 2 B T AR
ELE PR 18] AR ORRFAE 141 541, SRIRIE A 53— P T2 L I G IR P AN e 28 BB T 1 77 32 B

(a) MEMIRER. K 2(a) ARG TSR, 3 AR 55 — BRI o) Th DGR (1aq)
FHE S BB (lag) HIHRFE, 01 2(al) PR, iag APDNIEIE. M iay BAEEDNETER—MERLIE
B TARE AT (2,y). lap B 4 DMRITAEER (HMEER A, B, C, #1 D) H1 (z,y) #iE. Bl 2(a2) M
PR E L. W EE TR RN

{out(m,y) = 1—y) x (1 —z¢) x A+ a¢ x B) +ye X ((1 —z¢) x C+x¢ x D),

x¢ = fraction(x); y¢ = fraction(y),

(1)
Horb, outy ) NAREEE R, z¢ M ye 7258 o A1y B/NEER S B4, fraction(1.3) = 0.3.

(b) XKEXE. Bl 2(b) MMHRER)Z HAE 129%@%&1”57‘&%1‘2@’%%{9@ TR LT3 PSS R ot
(iaq A iag) PATBRUSE. WL (out) BA d x d AMEIE, XEEIER A AR RN d A
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BAFHAEE R ERIZSE. B RERERR G, ERAFNE S B & 7 2RI, 380t
ONEIEDEHLE) CNN St i B I, S 4 (15 A o a5 A RN & F A e 52— (il
RS RGE. 5 TR, ARWULAER 1R EEX 4 o g9 o 28 s v 55 (K F e L.

2.2 R

SCHR (18] B2 H S R PR PO RE AR Do 7 . BTz 7 &, — R bR NN AR
BIPERAE P IESS, Kb — AN T E G EREE, 55— TRz 5.

T4, W ERT LRI, Gl v I R A B AR R A R i s o ) S A AL BB T (pro-
cess element, PE) #EATTHE. Bkt 8755 A CNN AN a8 4 834 3R N (multiplication and
accumulation, MAC) H.70 58 BOWZR PG E BAE. 78 7 3 A T YR DA B HF 4 PP p R 2
ATRUT AR5 R s W EER, 4R AR B E 24T 0L

Hk, ShpEGIAAE, RIBZE THE T EINECck B A& G, T BT AIE S A 5L
FEEL BN H S ARG TG, DA IE A8 A BT Hh i 3 G IOE B, X% i T A DA F ZE M4
T E S PR AR TS MAC #84E. NI SCHRZE 5, AWUCARLE f L8247 PE (5512
(PR AE R G HOE, DA INIE 8 sef ok B AN R 22 T N Bl , SEI ST R Z 15

E, HT RN REREFEAACRMA T h R REE, ABUTAEWRE S ESRASCER. BT X
HBRZ A LB 2 AP, PR B GRS R, UHRF ML E 8 PE FEA) 1, AT
TAE ERAE IR S o S B AR RS R 2 A 5. SRS AERT NI 28 b Do B AR s s B gk 47
VAR 1002 BRARMT TAESGVE Fr ERAEIIRCE, T v B AFIIRERE — IR RCRAE IR 2541
o B A

DNSEILTH F DGR ONN S ROIE, AT AR HOR Rt 77 6. AR TUTAR i 50 4 Sty
JRARMEA R AT R R g EE R, LSRBE B B v 5 ok, She i B AR I R AR AN T AR S i, i
WV AR R A E S ) v R AR R B B AR, 3 45 B i RS R, AT AR g S
AR IR R, DA E S R B SR A BRI, A 25 PR REAE — THIFA RO B KAk,

3 Swan-AOE f@HEZ24950FE R

AR L E S G P B 0 A OB SRR AT BEUAL, A P B2t s 2 P S A AE ZR AN S s 4L A, IF
SR X BT 2% 22 1 B VAR

3.1 Swan-AOE fE{Z244

Bl 3 BT HR N A () B AR SR, i 2% B AR AN A MR AL BRI (neural
process element, NPE) il 3 A L4547 (Bin, Bout Il WB). $sh, 7610 -4EA7F NPE 2 [t £
HHI%E (MUXes) SEHU L. I 2 ik, Fr bgeqra] MR BEH T 541/ [ BRI 7 IO AL EE A 22 7,
B T X MEATE ORI E TR T R A& 4. NPE B985 3 MR PE FESI . W MEAfE
(bilinear interpolation, BI) A {FFIE 4 (controller, Ctl). PE FEFIELIEHAT MAC #AEM m x n 4>
PE. BI 5 PE FFFIBC & HAT MR MR EIZH. Blitt, PE v EEH TH{EIZH. Ctl filk NPE IE#HAT
MAC #:4E, BFERAMm A INEE] NPE, /£ PE FEZ R B47 05, JRftdm itz Iy Eg2q7. Beah, AT AE
WEREBEWNAAVIA (direct memory access, DMA) A4F, SEELE F A& FEAF A E# (dynamic
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Figure 3 (Color online) Overview of the proposed accelerator architecture

From/to buffers

Adder tree

NPE

4 (MBEZE) B m x n A PE A5#) NPE #5244

Figure 4 (Color online) Architecture of NPE composed of m x n PEs

random access memory, DRAM) 2847 2 [ f& 4 £ .

Kl 4 /r48 NPE TEPEZER), B3 PE FE5I). BI 1 Ctl 414F. PE FEFIEHE m x n DN IEESE (©),
m x n NMINER (@), n A m FAIER (@) FI—A n FIAIER (@). FeiZids A BI, Ctl FIIVES
(@) KA. B> PE 1 3feyd & 15 Ak BRI AR (@) BUimER (®) ##47 2. NPE
R 0 A m BAINER (@) Wi AR S n BIAIIER (@) DLgkTie—2 R, BURIE SR Ctl
BT, S5HT MAC 851 PE BEFIARFE, BI 44 3 BHATER 0 W ER{EIZ 5. BRI S, BI
Bt SEREL g A1 e (o Ay B0/NEIBAY) SN, SRR AR (1) B0 (1 — ), 2, (1— ) A . 2
IEEA b, NPE B A2 s ROEE] PE FESI AT NS 11 5.
3.2 FHER

5 PTG R ER. BRUZ P HERERE (out, BA M AN HEE) AR AR
E (ia, N ANMRNRE) ARESE (w) R HRIEEE B RE, SREHRI0 N 3 FiA: &
NFHEEURDIZE (N < n), BHFHEEIRADIZE (M < m) FIREEO (N >n f M >m). X=K
LRUZ A 5(a)~(c) TAbIE. B 5(a) NEEERTRABDBNFHE BRI L2 (N < n) BITE B
A FERAE A PAT R I A — AN TR mox o0 AMBEEVE RSN, RJGER m x n DM Z T,
WK 5(al) fis. ASCERE 5(al) BB, K 5(a2) SRALHH R ORI 48 0. @bk 4 (rafeikas
(©) A (@) FEAEFPIRAE L. A MBS, M MASIZEITTH m x n > PE L2,
IFH mx n MUEHEKIER] m x n A PE TR, OV MINEIANFEZ MW &g, Bl
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ia w out N ia oV out ia Y out
+ £ 7
><lr‘ B ot © (@ ) z 3
= (= A\ "l M
(al) mxn : mXxXn (bl) 1 : (cl) m : m
@ ' ®2)  Emxn I

mlim+ph 2 £m+-|
w Ax+ |[mAr{x+ m|im+p 2 im o+

[
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1 wAIX+ | mMA{x+
|Addertree I 1
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[

|
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|

|

|
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| X+ X+ mh’

} X+ X+
|

|

!

|

|

Active : @ @ Active : @ @@ Active : @ @
(a) Inactive : @ @@ : (b) Inactive : @ @ (c) Inactive : @ @@

5 (MERFE) StEREREER: (a) PERAFEE (N < n), (b) PERBEFEE (M < m)
(c) REMER (N>nF M >m). M M N SRARBAFELEE. m Fn 2504 PE EFIBITHIIS. (al)~
(c1) ABRFFH R, M (a2)~(c2) 73 NPE X RHIERRIR

Figure 5 (Color online) Schedules for convolution operations with (a) few input maps (N < n), (b) few output maps
(M < m), and (c) the middle case (N > n and M > m). M and N are respectively the input and output channels. m and

n are the row and column numbers of the PE array, respectively. (al)~(cl) are the mapping schemes, while (a2)~(c2) are
the active architectures of the NPE component

YRR BA R N RRE B, Bt g 2840 58 78 70 FI A PE BEFIEAT g o 5.

5 5(a) (A EA B NRHEEIR AR, B 5(b) /rHE R BA D RFEE (M < m)
IR EERL. LA mox n ARG TCRIBLENE NN, S8 5 TERA AT B AR le— N #p £ e, o
Bl 5(bl) Fion. NCHFERTIEH R B, 752k aRikas (©), ks (OF @) FLE NEPRE, W
Kl 5(b2) iz, m x n ML ITCHBEINE R PE FE5), PE FEFEINER A S — M. T4
ANEAWIRZ P A — AN A T, BTt IR SR 78 R PE BESI AR A /b HRRIE B 45
RE.

AR T B B g\ sl RFE IR IR, B 5(c) A aREE R MBS (N > n 1 M > m)
HIR AR T . B 5(cl) FITHE R n NMAMZE A m x n ME (m AN HEE R n AN
NIBIE) VB NN, SRIEA R m AN EAA A FEEE A 26, B 5(c2) MAMRPIN PE 324y, %42
FIHE 4 B OF OB E NSRS SZI. B 5(c) MBS SCHR [9] ML, J& & it nak 2 s
HAPPE TCHAT AT ERAE. AT TAEARF 2 ATE T, AT AR AL R & 0 B A T L & 1Y PE [
GRS AR A T S A

(a) BELMIREME AR, Bl 6 25010 T WL MEIR{E RIS 7 . PE FEF o T SCRR U
T3 F AN R T ] 5(a). HAAEREFME TG 5(a) A, B 6(a) FITH RS EITH
WAL, EEEN BI M PE FEFIDMESSGHE. BART S, AU R A A FREIER (2,y)
I m x n ANMFEBLRE TCAE RFN, W 6(a) FTR, SRJETEREN AT RIHER 2 A28 m < n N A
2270 B 6(b) /AR E TN SRR, N, £ 1 B, NPE ¥k E BL I (1 — a¢) FAIA
[ NBIER m x n A~ A BNINE] PE FEFIAT . ity (©O) MiEds (@) Bl B NTE RIS,
FFHAT MAC #4E. 3, K0 (1) 1 4 AR S0 Fm 2] PE FESI LT MAC #:4E. BT
K F A [FIAT FAT I s 42 G0 FF VA 00, 2% 18158 9 T 3 B B 1 AT N R AAE P AN TRUA T I N

(b) XEXEREH AR, B 7 250N BER SCEE LS 77 . PE BEFI T SC Rz s 77 10
TR IS SR HR LT B 5(b). {H2, 5 LIUBE ML e 4L E N NI 5(b) ARIE, B2 I AT
XTI TCH AT MAC $#AE. ZRETE AN E T (B m < n A) TENEIN, G ERBAPAT
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o iay & out Cycles  Objects Key operations

ﬂ out, = x;xB @@
i Olflto +=(1=x,) %A 00

22 out, = outyx (1-y) @

#_3 Store out,
Reload out, @@@
@ ] #6_ out, = out, +out, Xy,
x "‘: + (b) #1_ Store out,

6 (PIEIRFE) WELMHERS TR (a) BRES; (b) HEIE

Figure 6 (Color online) Mapping scheme of bilinear interpolation. (a) Mapping; (b) computing process

o PE array
T mxn

. A)
w [

out

Adder tree

ia, i’ Active : @ @ @

7 (MERRFE) KBRS 55

Figure 7 (Color online) Mapping scheme of the correlation operation

IR 2 AL N AR TT. SERRZIR L, 7 2R 4 i @, O @REFH RIS E NG ER
&, Bk, 84 PE SR m A oRi%E (O) BHBOEE] m MAAINER (@), £ Z)5, ¥ n A m
BN B 8 NIIER (@) MINFE — 215 B R 2 .

H R AN R 120 = 1) A R At s 22 ) B AT RIS R, B et DI 7 2202 = v 4 e AR
M. NSCRFIR—IIRE, Ctl & 24E MAC #HAF 2 BT A2 Ja QU IEm K Eda A . Bk =, e R
IR AL T E G I R TT, OS2 TOAR 4k F AN R B NG 3E, PRI AT BAZE AR Y
TR Z BN Y. RN PAT I, CtL SZERKRE 1, n 8 m x n MRAFIEITTRIES] PE M5 BLEET
MAC #1E. [, Ctl SRR 1, m 8 m x n DM ZITHEATAERE. 50, d T P i & 001
THEBE R, RESHEH T AP AT s Bk, D G346 28 AT LUERI AT MAC $#4F DLBET
JefTt.

4 WItTEPRE

AN BE ST B LB R E RO TS RIR R, Ll b BERE — TRRCR. AT e st
Fr B AFA B 3 ST R AAL 0 B, AR5 45 A T P IR A R AR AL 1) R i i BB i R RN,
41 BRMEUBELIEERE

A TAE LRI Z 7939 v B2 47 Bin, Bout Ml WB IR K/N: 218, zop M 2ws. ML
R R EEAFRIE N IRR 28, zos M 2we HIATREALE, IE SR RESCILR AL AERE — AR,
T 2m, zop M 2wp WA FIZE & 5 80 [ A RERE AN THIA T84, 1 LA FH A FE RN ERL A RR L A8 a 40k
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PHEZRE AR, W T 28, zos M 2we HIFTA T REA &, INE S HIBEERERE — AER IR A

min \/fgnergy(ZIBv Z0B) ZWB) + fazrea(ZIBa Z0B) ZWB)» (2)

HAEAUTAR:
2IB = 20B; (3)
1B, 208 2wB € {8, 16,32, 64,128, 256,512} kB, (4)

feneray 1 farca 73 NI 25 () BERERLS AR, 7E3C (5) A (6) Hig L. 24U (3) Al (4) G LA MR
o QK (3) WE ap BT zon. REA Bin A1 Bout ZEAEAH A H I\ H 2 0 A i 20,
o YU (4) HAE 21m, 2op H 2wp AT BAEER 025 Rt F.
3 (2) SN B AR AT R R

fenergy (ZIBa Z0B); ZWB) = fsram,energy(ZIB7 Z0B)» ZWB) + fnpe,energy + fdram,energy(ZIBy Z0B, ZWB)7 (5)

farea(21137 Z0B, ZVVB) = fsram,area<ZIB7 Z0B, ZWB) + fnpe,areaa (6)

HA foamenerays fapeenergy M faram_energy 779N _EZEA7, NPE 54 DRAM [IREFE, IXSLAEFEIR
P i IR ER AT PEAL. X (6) 1 foram area M fapearea 77 A9 EZEAFHI NPE HYTHIFR. 10 (6)
R HE DRAM RITEAR, Ko DRAM A& T hnik 2s i —#6 4y

I A AR (3 (2)~(6)), AT TAERRIR B R AL ERAF S 218, 2o M 2ws, M
FEAE AR RE A - TSR,

4.2 SEMUKRELIE

BT 2B, 2o M 2wp MIEFA R, FHEETTE RN (2)~(6) RGP AL B W R,
AL T T8 ) BN G ) ONIN AT AT 38 23 AN BEAR L 2 Al P 2 AR D RAS e (3 O REAE — THIAR L
AR TARR T 2 A A HDEH CNN B8 (CARIUTAER I 3 MURIER) CNN) #EAT i 2 MR,
IF H., BT I g B R A5 R R LT P I A T R S RPEAG. @i T A FEDER ONN BT IR R
HE, UIRHEAER 218, 20 M 2wp ZHUA, mASIMALRERE — TIAECR.

5 SCIGTRE

5.1 SLIGgE

AT TAETE Verilog HZBLFTHE H AIINESS. 15256, @ 2ET 65 nm T Z 1 Design Compiler
Xt BT SEBL N 283 AT 454, ARG 18 PrimeTime-PX PPl BT et nide 2% (1 Sh#E. A _E2247 H Memory
Compiler A2/, FAMEA7 i CACTI M) T HBEATEAL. [N, AT TAER I — A M I B E% R P
fPERE. A8 BT )G/ A CNN TS 45 Flownet 2, Spynet 4 il Pwenet ). HoH, Flownet A5 —
AN TR AL THRR BB Spynet KR BB H 52 M &I ARG &, LU
PG TH AR LAY RAT IR #. Pwenet 855 AR OCIR T %, REXUZMEAGE E AR R, LAAb
PRANEESEI G, 2 1 F1H T G ONN B (R grRR 1, A i3 S5y KITTT (19,

ARTUTAE > IS D RO g a5 BEAT VRAG . B0k, ATUTAERE T ONN SRR 0 B b 22 47 K/
BEAT OB IAR R, IR, AT AR BT B0k &8 5 s oo 2k i T Al S AL vEREAT LU L. | T
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1 ETHIR CNN B4

Table 1 Characteristics of optical flow oriented CNNs

CNNs Bilinear interpolation Correlation Total layers
Flownet [2] 0 1 27
Spynet [4] 4 0 33
Pwcnet (8] 4 5 89
2-5 .
2.0

SRE
>
20 .
) Bin/Bout: 16 kB, ®
= 1.0 WB: 256 kB
°
0.5 °
°
N ooo oo e °
0
0 10 20 30 40 50 60 70

Area (mm?)

8 (MEMFE) FRF LEFEXNT, FiRH R RERMER I HiES

Figure 8 (Color online) Energy and area trend of the proposed design under different on-chip buffer sizes

BTN AR A T O6mAS T L I 2%, AT AR R — AN B0 45 P A0 23 (1 2H & hn ik 258 2 of (HH
“Eyeriss-plus” #7R): Eyeriss MU E 10 FOREMAGREIEL 12, Eyeriss H THHEAA G BN &
L34, SRERE TS 1 B By AN A A 28 O RS R G2 AT, SEINAE2H & s 2 F i vh S RF ORI 2
TR BT SCHR [13) AZET IS AT 922 481 1R (field programmable gate array, FPGA) [fifk 77
Z, AT TAE SEI AR 484, JE b G2 A7 M afe ik 253 TR By 5 ok 25 FL A7 AH R RIUSE LIEAT AP ELAL.

52 fAELZR

(a) IITZIEHRER. AT TAERT 16 x 16 /Y PE [£51)347 B L2247 (Bin/Bout/WB) 75 A /M)
WITZRIRER. B4 ERAENE R 8 kB | 512 kB.

Bl 8 MMRIEAR  ERAT RN, B il 28 1 seRE AT AT a8 %% . TLLE H, 4 Bin = Bout
= 16 kB 1 WB = 256 kB B, AT#EH i3 AE S B REFE AN THIAR RCR i e P47, [AURE, MPTde
Wit AR /N A B AR (B AT RN P IX38), T R mAIMG FAMEAT, REFETH AR
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Figure 9 (Color online) Energy efficiency trend under different on-chip buffer sizes
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Figure 10 (Color online) Normalized performance comparison with the baseline. “Gmean” denotes the geometrical mean
of the performance
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Figure 11 (Color online) Normalized energy efficiency comparison
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Figure 12 (Color online) Normalized area efficiency comparison
* 2 RURINIERAZAALE
Table 2 Breakdown of the proposed accelerator
Technology 4 of PE Frequency  Power Area Peak performance Peak power efficiency
o S
(nm) (MHz) (mW)  (mm?) (GOP/s) (GOP/s/W)
Eyeriss 65 168 200 278 12.25 67.2 241.7
Swan-AOE 65 256 700 405.8 13.8 548.8 1352.4
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Efficient accelerator architecture for optical flow estimation
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Abstract Optical flow plays a key role in recording the movement of an object in videos to its next frame.
Estimating optical flow from a video has been widely applied in many mobile cognitive systems such as motion
estimation and robot navigation. Recent works have demonstrated that optical flow estimation can be successfully
solved by emerging convolutional neural networks (CNNs). Existing dedicated accelerators, however, cannot
support the complex computation of optical flow oriented CNNs. Specifically, these CNNs are composed of
not only the conventional convolution and deconvolution operations, but also the bilinear interpolation and/or
correlation operations, which exploit the correspondence of two consecutive image frames. To address this problem,
we propose an integrated accelerating solution called Swan-AOE aiming to tackle optical flow oriented CNNs, i.e.,
by supporting convolution, deconvolution, bilinear interpolation, and correlation layers. Swan-AOE provides a
configurable architecture together with an adaptive schedule that offers multiple types of parallelism to achieve the
optimal throughput. In addition, Swan-AOE introduces a design space exploration of the potential of available
on-chip memory resources for energy-area efficiency. Experimental results show that the proposed design can
efficiently improve the performance, energy efficiency, and area efficiency compared with a comparable combined
accelerator baseline.

Keywords accelerator, optical flow estimation, energy efficiency, convolutional neural networks
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