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Auto-Encoder on FPGA
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Abstract: A system for manipulating flexible objects with a humanoid robot using a neural network that
can be implemented on an FPGA is proposed. Manipulating flexible objects is known to be a difficult task for
robots, but recently, systems using neural networks have been put to practical use. However, these systems
rely on GPUs, making it difficult to integrate the inference system into the robot itself. In this paper, we
propose an auto-encoder where a part of the network is binarized so that it can be implemented on an FPGA
without compromising the performance. We implemented the system on Xilinx ZCU102 and demonstrated
41.1FPS at 3.1W power, which is 10x and 3.7x better than the systems implemented on Core i7 6700K and

Binary Neural Network in Robotic Manipulation: Flexible Object
Manipulation for Humanoid Robot Using Partially Binarized

RTX 2080 Ti, respectively.

1. ELHIC

KIRD & 5 RFHRI DT NE, Fex DHEETHIIB VT
HARWRIESTH 2720, ZOBDRXAZZ2HES58 Ky b
DEFICETETHEEIPEZ > TWVWS. Lo L, FHYOIE
REORY FOZ Y R 727 ZRDPBEIC I > TKRELE
b3 270, aRy MK 2EEXPREER 27 LT—
AN SN TV, ZOMBEZERT 272012, Ry b

b RBORY: REEBEGERBIARTR 5 R 7 A TEHK
2 RERY

) g-ohara@ist.osaka-u.ac.jp

b)  awano@i.kyoto-u.ac.jp

(© 2021 Information Processing Society of Japan

PANEDOHR L EE 2 BHEY¥E § % End-to-End #3575
WEINTWS (1], [2], [3]. Pin-Chu Yang 5285 L7z
FETR, 2BMEORBEFEETVREASNT. ZOET
" TIZ %3, Deep Convolutional Auto-Encoder (DCAE)
AR Z AN SAERZTTOEHRKH L Z i L, KIC Time
Delay Neural Network (TDNN) H3KIGZI D HEI{GFH & v
Ry b OBEIHEEZ RIS 2 4. COFHETIDELIE
EANERDBLIE TN L D, HEY v FOEN%Z
HET 5 GPUN—RDT Ty b7+ —AICHREINTE
D, BR Y MHAAL 72 DI/ NI B E LA
DETHZ. 2 THLAZFPGAR—ZADY AT L%k

78



DA
Design Automation Symposium

&3 %. FPGA X, CPU % GPU D & 5 BB N—2D 7
oty FERD, EHON—F Y = 7HEERIC K - THE
MENB D, TR F—WRBPREEINCH LT 2. L
L, FPGA 13 GPU IZHRTXEVEENARE SR TWS -
B, KiE#E T VEMPREL 5. ETNVEMFIED—
DT & % Binarized Neural Network (BNN) &, »$F X —
ZDKED % 2L L N— R = 7 F 20 U R e £
DI THISGNTED, MNIST % CIFAR10 D747
EWVWLKODPDRRT THRIIDBMEENATWS 5. LaL,
DCAE DO HiffiZ 2 fE{LTlE A v bV — 2 B&HE T 2 B0
DN X, T 2 EGRESEE DS Z e o
7z. % ZTH 41 Partially-Binarized DCAE (PB-DCAE)
EIEEN B E IR 2 L TFIERRE T 5. ZOFIETIE,
DCAE Oy a—XiH D7 X—RDA% 2MElLL, 7
aA—REHDRI A =ZFEBELRY. BB, 7a2—Xi
TEFE R O AMETHEGRIFICIEHIFR I N 2 729, 522
I 2 fE{t. L7z DCAE 2 U TEMD XV ZRHELE L
2V, AL OERIEILL T D@D TH 5.

o RADHIZIYD, #1HT BNN 2Ky k3EIZ5HEA
L7zt TH 5.

o NBInRy MZX2FEERYHEIED End-to-End 85 %
FHF % PB-DCAE & FEZN 2 E=—a2—F 1%y b
V- RRE L.

o Xilinx f£D ZCU 102 IZ5EE X N/AREE T U, Core
i7 6700K CPU B X TF RTX 2080Ti GPU ic5EExh
JE'ETNEHIRL T, =X =B Zzh2zn 10 f5
BIUO3 AL LI EEZRLT.

2. BIEARE

2.1 OKRY MK BYFERED End-to-End &

aRy M2 & 2YEEED End-to-End 2281, (1) 7—
ZINEE, (2) ETAVHE, B) B Ry hADETIVEHOD 3
DORPETHRENS.
211 F—2&E

oRy b RERIREST S FREREZ ML, AR 3D
SRUREENL TRy FOZY R 7 27 REHETE
5595125 5. EREEORE, ARy b OEENICED
oz Xoe, vRy rOMEIOMELERT Y
P—rhronaRy FOREEGRT .
2.1.2 ETILEE

aR v MZ X% End-to-End Y412 SZB 3 5 JAY
7z y b7 — ZRGEIR, BiRD SARRTT DR M 5
% DCAE t HGF#E & BT A DRRY 7 — % 2 THl
3 % Recurrent Neural Network (RNN) ZiAGEHOE 2 2
¥ T®H% 4], [6]. DCAEF =ra—-%x) & [Fa—-%&)
THRE NS EANMOBMKFIDOEAAAR= 2 —F )V
Ty bU—=2T, ZHliEc s h b 7). DCAE 3=~
aA—RIHGZoNTHBEZHENTE 2 X 5IXFET 2.

(© 2021 Information Processing Society of Japan

DAS2021
2021/9/2

DCAE oHfEfEx, AHBICHRT= 2 —n Y ¥ndbi
Wiz, 23 L7= DCAE &, O CInEiR D TR
BEERTE 3. 8%, 7a—XEWhrrh, > a—
ZDOMIE RNN A &h, EfEifgEE T3 5. RNN
X, EHAPHRCATE LTEZ NS =2 —F L%y
FU—ZD—FETHD, THITE D RNN ZHNERECEZ
BLRERA T — 2 %2578 - FUb S 5729, BRRENZ /7 14 X
ML TR MEEROZ KRS, 2075, RNN I
aRy FOBEICHEL TE D, i (8], HEEOMH 9], #
ATUEH [2] B DRk A R Z 27 A XN TV, RNN
BT ya—XZk-o T Ih-EGNEEY, =Ry b
OHEDMESIAENS 2 6N 5 &, KNZIT o[ ED
FHITE2 X535,
2.1.3 EFILERM

¥9, ARy MEEHICED I SN h X T OE§REY
BEADLY a—XIZ AN U ARKTORHE R T 5. X
IZZF DFRHENZ MR BEDOBFIAE L A L, RIEZIT
DOFiAE L FHT 272D RNN 125 % 3. H%Ic Tl
L7-EifaEZnRy hay bo—J X EL, EBICH
HizEiEXE2. UEDORTFy 720Ky s UKD
EETTHETHRDIRT.

2.2 Binarized Neural Networks

ETNYAXZHIBT 272012, Bl IETFTRADRS
A =R e TEHCBIBE IO b2 IRE L TWS. Tkb
b, FEOEARTEMCBEBHIE +1 7213 —1 Tl
ENB. EBDOAST VY IMELLTF OIEHEALBEECE FWT
2 fEfbEh 3.

+1 >0,
2¥ = Sign(z) = (1)
—1 otherwise.

Lo L, Sign B OMMIIFIZLTY e Ths 720, #
Mz —fEiEry b -2 HRBOKRTZHEL. ZoME
ZIRIRT 572912, [5] T, Sign BEOMWT %A SR
Vw7 Ry zy bOWMITTEEIZ S (straight-through
estimator] WO FEZHEL TV 3.

D signey =41 T @)
—Sign(x) ~

Oz 0 otherwise.

Zhick b, (Wfloatd2 2 H#Er T2 ET LI A X%
1/32 \ZHE/NTE, (2)XNOR Z—hEE Y AT VXD A
T MAC (Multiply-and-Accumulate) & ZEHTX 3.

2.3 Batch Normalization

straight-through estimator T%, BNN D8 I TLE
T, WELOBEBICIRFE T AN DH S, DT, BNNIZ
B, IEHEBEBAD ATTOEE e TEsEnZR0 &

79



DA
Design Automation Symposium

11272 % X 5 12iF%{t§ % Batch Normalization (BN) J&
HELTW3 [10]. BNEANOAN%Z z £ 35%, BN
JEIERD XS IEHHET 5.

y= vifrgfg (3)
CZTylEBNEBOHN, v & BIEFERFX—&, ub
o2 IF I =Ny FOVF L 55HEL, £ LT e 3D TR WE
BTH3.

X (3) WERE, REWHAEENT WS, BN %
BINT 2 LEEEAN— Ny = 7EFERPOHEICKRS. LI,
BNN 73 Sign BIECE 5 2 729, #ERlFD BN B, N A
TAEEY 7 b AT THEATES.

+1 w2 |- 28],

—1 otherwise,

Sign{BN(z)} = { (4)
TIT || BIKRBETH 5.

BNN (&, straight-through estimator & BN @2 & b, CI-
FARIO DX 27 CHRB/NIR E AFOUREZR2 2L
PHEINTVS 5. L L, Hiffiic DCAE % BNN ICi#E
Z 3L, it EGRORESEZEbATLES
ER3onh, G —E{Z L .

3. REVZATL
3.1 REIRTLOZMKE

LIEY R T LOLRGERLIZD DT, A X FHE{GEY
EXTCORANZ FICENT 5 PB-DCAE &, Ry b
7 — L DRI E % A 3 % Long-Short Term Memory
(LSTM) ® 2 DD =2 —FV %y N —27 THRIN 3.
LSTM DETNLH A RI2ED 1.2 NEETH 570, BT
L83 LSTM OMREZHMERF S 5. PB-DCAE 2381 F ) i
B, LSTM 2378/ MEGRTER ¥ 5 BEOEBISHIES 5
72, 75 v b7 +— 25T Zynq SoC ZHH L, PB-DCAE
I¥ programmable-logic (PL) (2, LSTM (& ARM Fut v
B Z & U 7z processing-system (PS) ICZhZNEHL
7. ZOEFNE, ¥ GPUEZHWTEEXRS. K,
PB-DCAE D85 X =& % C++ DNy X7 7 4 MTEH
L, Vivado ¥V —L & HWT lbit] 77 A MZEHLL T PL
KT 5. LSTM X, VY —RADR 67 ARM 71
oY ETRRMNTEITTE S LS Numpy 2 HWTHESE

L.

3.2 ETFILIEE

3.2.1 PB-DCAE [C& 3 ERSFEHEEES 12—
ZDETNE FPGA ICFHEET 27-0121F, AV F v I X

EVICNE S X5 ETNY A4 X2 KIBICHNT 20BN D

%. BNN X, EFVEMD =D DE MM TH S, L

L, 4BTRT &1, Ebz 2 X, i X 7= Ei5ER;

BOBHEIC O 5. ZOREEFERT 272912, il

(© 2021 Information Processing Society of Japan

DAS2021
2021/9/2

oI —fli{ft X 7z DCAE (PB-DCAE) %#1R%E ¥ 3.
ZOHETIE, Tya—KHyoEALIEECERH O
AB_fEtEND. Ta-KWHEFEEIhRVWD, 1
NTOFEN Y VU= BRI L, & HENZILRE
hEBLND. BB, 7a—-XIHFEEBTOARETH
D, #EERELRE CIkHIBR X B, L7zd - T, PB-DCAE I3,
SERIC 2 fEfb Xz DCAE L HEB LT, BIID X EY a2
MEBEE LW,
3.2.2 LSTM R—XDEMEERES 2a—IL

RNN #570121&, BRT — 2 OEMN KRG EERT
X% X517z LSTM 28 L7z, LSTM &@EWRE
OO MHAXNTWAS. R. Rahmatizadeh 513,
LSTM Z HWTHEBD XA 7 2FE BT 2KaxtorKy
b7 —2 %3 L [11], S. Funabashi 1%, CNN-LSTM
ZRWTFITH o MR 0RF2EB L7 [12]. LSTM O
A1, PB-DCAE THitH S 2B E 77D v =D
awy FEEuRy bOBESAETH D, HITEREEZ
OEifETH 5. FHlXNE 1% LSTM O A iR
MICAS T2 2T, B L=FRIATE, 25 L2 LSTM
DHEREFHIIC R § 5.

3.3 ¥H

¥EIL 2 BFEIc N TE D, £3 PB-DCAE 25 L
THOHML S N EGREESE 1%, LSTM 2%8 7 5.

PB-DCAE 0O%¥3: PB-DCAE X, =>a—&XiZ5% 5
NP ATERE TR T 2 & 51228 5%, PB-DCAE I
WREHoMEZ LTED, FHED= 2 —a VB AT
BB LD D nwEd, 2y VY — 2 3FEREE
BROAZHWTHBGZEMBK T 2. Lo TTya—Xig,
T A= XDTTOERE 5 EHITTE S X5 ANHEBKD X
h BOWEMRIAZYE T 5. 8%, 72— X FHIBRX R,
IVa—XDNRTRX—RIIEEEIND.

LSTM DEE: 5% AD PB-DCAE IZ & - Tl &
N ERRHELE, BEiAEL 7V v —Da~< Yy R G
SHAREE S —r VA X = (21,20, -+ ,xN) WKIRD. T
2T, my WERER ¢ IS B A GRS E & A E, Yy
NR—avx Y FEEGAERZ bAVTHY, NIZT—7 VAD
RXTHD. ZRERT v 7I2BWT, LSTM ZA S z; &
BEDIREE hy 22D,y EEFINIRE by &
HHF 2%, fustm(s,-) % LSTM O#{E 2 £ TBEK L 32
&, AN DOBERE {yig1, b1} = fusom(ee, hy) &
RIND. {yp1, hep} # LSTM KHRNICE 23 2 &
T, Y = (y1,92, - ,ys) BERT 5. SHEET -7 X
DOFHBENTH 270, X ¥ Y O FTREE R/
k522 TEETE. LaL, TOVLFRAT Yy 7DF
BNIEERRETH D, By —4 v A TIRBHICHEE N H
M 2D S, ZZTHEEEREEEED, 207
NAT v TeRIVFRT v 7OTHNC & 2HEEEHAED

80



DA

Design Automation Symposium

DAS2021
2021/9/2

I______________________________________________________,
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PB-DCAE: Partially binarized Deep Convolutional Auto-Encoder

Low dimensional
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J Reconstructed images
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Full-precision decoder
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Training phase
| l Training PB-DCAE with a GPU a)
| m Training LSTM-based Module with a GPU using
| trained PB-DCAE

Inference phase |
Image features are extracted from the camera image (t=T) |
b) Joint angles (t=T+1) are predicted from image features and joint |
angles (t=T) :

|

| c) Control the robot using joint angles (t=T+1)
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LUT 3IEE IR o TWE =0, HggDd 21— 7y b &
LoD "—=F7 = 7EFROMHHREEHIRT 2 & 5 5
TOMEND L. RRORGF T %K 3I1TRT. ¥,
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T YT ADOFEITRAEROMEEH T E 5. 728, EHGRHH
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I From T i
: previous — [
| layer B1nar1zed Intc?ger :
: ‘ Weight ‘ Bias I
I in BRAM in BRAM :
L

[EVE A

On-Chip Memory (BRAM)
[
[ AXI-BUS ]
[ [
l ARM Cortex-R5 Processor l l

Off-Chip Memory (DDR3) |

4 A MY —2L 2 ELEAIAAEIEE

AN CHEETES. £, BT A R 2RI
Ko TEMENTRTDARIRX =K% F >F v 7 BRAM
WETE%. LA > T, PB-DCAE OFHEHICHE Y
AR~y T EARA VT v TRXEVIREL, IR
/O 2N &RV, BEICLZ VA 7 ¥z R
ZABZEDTE KEBENTIRT LEFETT 5.

4. RE&

4.1 ERRBRRIE

EBHOTF— Xty M, A EaRT 4 7 XAE0EFR
L 7z Nextage Open % FIWTINEE L7z, Nextage Open i,
2Ry MHENCE DI SNz A X T8 7)) v =08
L2 RDfiziATE D, il 6 HHEZRD. 28
F—REIET 272512, 0Ky b OREFERERE 2 #H5R
L, A2 3D v 2% Fo TV v S—DNEZRETE
5217, ZORBTRIEENZALETRHEL X R
I RFEITL, ZOBITH X T HHUE (142x142x3=60,492 XX
JC, RGB), GO BEEiAE (6x2=12 XJT) £ 7'V v —
a< Y R (1 R0) 2tk 5 5. 2B, XANLEHH BT
BERDZ Y v —DAZHFEHLTWS. bL—=V7H
1250 > —F VR, M 25 & —F Y RADEETTE DX R
o= v RAENE L. ZORER, ETADFEITIEN
22000 A7 v 7, FHIICIE# 11000 27 v 7D F— X & A#
AL7%. & (8) D a, B, v IKFELZH0.1, 1.0, 0.1 Zfi
U7 :ET}I/O)%JEC;?E 1ITRT.

4.2 EEBRER
% 2 LD EEMRIET 272012 FF, M 51TRT &
W2, TEEIVINEL, 653 2 L, 524 2 (ko 3 FESED DCAE
@@mﬁﬁ%mﬁbt —HLEOEBIE, ZANLFTHEA
227 FATR O RONIRE Sz ANEHRTH D, o 3
D DME§IZ 3 D DCAE AEITL-EBRTHS. X5
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PSNR: 20.78

5 (a) Original and reconstructed images by (b) full-precision
DCAE, (c) fully-binarized DCAE, and (d) PB-DCAE.

&% e BN L B 9Y 2 fE(L DCAE ISR E RE W
RWVW—FT, 584 2 {6t DCAE TI3fHE L 7z EiG 03 H
ENTWS. HITERDME 2 ERINCHE ST 2720, &
AHERE 2 — 7 v 7 OEE ZRIES 5 —RIVRTED—D
T& % Peak Signal-to-Noise Ratios (PSNRs) &AL 7.
PSNR IZXOATRENB.

2

PSNR = 10log;q %. (9)
PSNR 2@ WIEEEMETH D, [13] 12k % & 20 db DLk
D PSNRFEHALTIRMETHI e EIN5. K 5ITRT
& 5 W2EFE/NEEL D DCAE @ PSNR %% 21.85 dB T
»HB—1T, 54 2 {E{t. DCAE ¥ PSNR 1% 7.164 dB
TH 5780, Bflik 2 fEIIETTEBOBRICEN 2 Z &
Worh 5. ¥£7z, PB-DCAE @4 PSNR & 20.78 dB T
Y, 57 2l DCAE L HFEDREETH 5 Z & MR
.

iz, 2 fE{LpBEFSiAE L 7Y v o—a< ¥ KO THIKE
252 285 HERT 2. ZD=DIZLSTM O<ILF A
Ty TOFTHELE L. $HOERLt = 1128 2H
G, BEAEE, 7Y vos—a<y FDoAa%R5 2, LSTM
OHNZFRINC LSTM AN T5 2Tt =2,3,--- ,N
ZTRL Y = v ARz RS 5. 1R8NNI, 524 2 A
{b, #5r 2 LD & FHEH > — &7 > 2 D %
ZEHE T2 22 2.98°, 6.32°, 3.43° THo/z. £ 1
12RT & 512 PB-DCAE T3, 51.3MB 5 2.20MB 12K
IECHIR N7 D &3, 178N DCAE & A% D
BT ED R SNz,

BRI, IRETEYL GPUR—ZADIERFIED T H L X —
R & BT %, Zynq ZCU102 R — F, CPU, GPU O
BEN%E ZhZH Maxim powertool) , [s-tui] a3~
F, Tnvidia-smi] a2~ RZHWTHEELZ. £2 212%
77 v b7 — ORI, HEES, TAX-F
ZRT. K205 ZCUL02 1IEHHD RGB AX D7 L —
LL— b EBRT®H % 30FPS iz LoD, ied BT 3
NFFIREZERLTND I EDHRTES. ZOTRIL
F—%FIE CPU D 10 1%, GPU D 3.7 {5124 5 5.

5. ¥E5R
2Ry MK BREMBEED DT, PB-DCAE & W
SBB -2 — I3y b - %RIBEL). DCAEDO T
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#F 1 Network architecture and model size.
Layer Out. In. Float-besed | Proposed
F size F maps model model
Convl 142x142 3 3.38 KB 0.105 KB
Max Pool 70x70 32 - -
Conv2 70x70 32 72.0 KB 2.25 KB
Max Pool 34x34 64 - -
Conv3 34x34 64 288 KB 9.00 KB
Max Pool 16x16 128 - -
Conv4 16x16 128 1.15 MB 36.0 KB
Max Pool 7 256 - -
FC1 1024 12544 50.2 MB 1.57 MB
FC2 64 1024 256 KB 8.00 KB
LSTM1 100 7 280 KB 280 KB
LSTM2 100 100 316 KB 316 KB
FC3 7 100 30.4 KB 30.4 KB
Total - - 51.3 MB 2.20 MB
R 2 Performance comparison.
Core i7 6700K | RTX 2080Ti | ZCU102
Preprocessing [msec] 0.759 1.47 4.45
Convl-FC2 [msec] 12.4 2.24 15.4
LSTM1-FC3 [msec] 0.420 0.315 4.48
Total [msec] 13.7 4.03 24.3
FPS [sec-1] 73.0 248 41.1
Power [W] 55.4 69 3.1
Efficiency [FPS/W] 1.32 3.59 13.3
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