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Abstract

Abstract

For deaf-mute people, sign language is the main way to communicate inside their
group and with the outside world. Automatic sign language recognition system can
bridge the communication between deaf-mute people and hearing people, improve the
quality of life of deaf-mute people, and has important scientific research value and so-
cial impact. With the extensive study of deep learning technology, convolutional neural
networks were introduced into this field and the performance of sign language recogni-
tion has been significantly improved. Existing deep learning sign language recognition
frameworks generally need to detect and locate key areas such as hand and face, and
reduce the influence of background and other body regions on recognition. However,
this kind of methods which break down detection and recognition into several modules,
requires independent training for different modules and more preprocessing steps, is
relatively difficult, and cannot effectively share the feature information of region recog-
nition and sign language classification. Therefore, we propose to combine the identi-
fication of key temporal and spatial regions and sign language classification into one
deep learning network architecture, using attention mechanisms to focus on effective
features, and realizing end-to-end automatic sign language recognition. Our proposed
architecture can enhance the efficiency of sign language recognition and maintain a

comparable recognition accuracy with state-of-art work.

Keywords: Sign Language, Multi-task Learning, Attetion Mechanism, P3D, ChaLearn
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1.1 HRB=EEX

FHIN BT HATFHIRAEE AVLSCE Hlas Nz il s sLeh g
WAL, RN LA A GUEAS 2 1 2 iR, B, TR 2 EM AR A
NN N5 SNFASRIN B @A TSI & B sh FiRIRBI RS, REMSTE 0
NS HEWr NI, SR A o, BA R A TS AL
Y- 3

FHEGFIERRBIP KOS NARSIE AN, A2 52 Fr B A A i &l
FUEFEIARE, HinEFFEki. Fln, FAFIBSIRSZH PR IR IR
BRYH 5 JCMSEAERA RN, @ R s N AR, SRl EdE R shas
WA, P AR EhEE TR @l RS2 RE T BR
Wz A, w3 T, ARG AR RBER, fn v 74 EE
FIE TR Z S, AR TR R 270 ASCE RN B 3
F S IR EE M 2R R G, SEBUDN IR F IR A R0

FHAIBN RGBT MR EEIE R A I R R I « T, BT H
MEAE T ERETICALE KRB, FFITHHR IR R 48 (Wang et al., 2002;
Kong et al., 2008). A1, MK+ &5, HAMETEA, R 7 FERR R
GAE H TR R N H o Frlh, AL 5 F S m g ik &, M T840
AR (Wang et al,, 2010), {H RGB MUAREURAR &) 52 26 ORI S 19 520
AT T AR AN S T IR 70 FUAE B RAE . FEERI%K Kinect(Zhang, 2012) 5
RGN, WG R LB E SR TRE, iR KRG R4t ez
SMBEEE R, TR S TR RGN P RE. BT, B2 AR
WAUITE AL T A $RTHE RGB-D FBEE s ERIRAIERE, W2 EdREh A
T RAT, 45 A SCSEEG % FH A ChaLearn LAP Large-scale Isolated Gesture Dataset
(IsoGD) (Wan et al., 2016),

1.2 BERIMERIVIK

FHEFERBIMRIE EL A FITREE . B, AT 5B AT Tt
FHURFAESR BEAT PN SBLE R . B MR AR 25 PEAF AL o R UL IR
TR B G ANSIA P SRR AR, BInks /R B (HMM) (Malgireddy

1
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etal., 2013; Yamato et al., 1992), 5:-FE#11% (CRF) (Wang et al., 2006) F1zhZ5H}[H]
MEEFTE (DTW) (Corradini, 2001) 550 SMZURFAEAR , B 2 PERHERERS A T
BRSHAA, REfg EA RO AL A o I SEBFFTRER I I TR 4 A e T
JEA ) 4E45:F, G345 3D Harris corner detector (Laptev, 2005), 3D scale-invariant
feature transform (SIFT) (Scovanner et al., 2007), speeded-up robust features (SURF)
(Willems et al., 2008), 3D HOG (Klaser et al., 2008) £,

ChaLearn LAP IsoGD (Wan et al., 2016) 2 F#F1E AT EHRERHIL, MR
JE 5 S EARAETHATIER I Y 524 Tl aE. BRZERZS (CNN) BB
H 3 R s AR BS 2 SURFIE , WS | T ORI RSB ok . T
BIETER AR Y, L% NEERA RIS 2A —E R RE TN ST
FAREL . ChaLearn LAP #(32£E M J5if5 ChaLearn Gesture Dataset (CGD) %{#s£:
(Guyon et al., 2013) #HGH|, GG — 7 —LLBAREHEIERTHI0, If
F LA 7 EAEGE, 52 7 B4 249 25, SRR 1T FEBIY 1soGD A1
ConGD ¥, ATHFEEILAITHIFM TR HE 17 5.

WA, BETRE N T TIER A EEEEEIRN R Rt T —Er
BERE. HASEEE b, Nagiet al. 2011) Y RmACIIZRH T ABLSS B A T-3- 051
A4 giSHdE L. MKarpathy etal. (2014) FIREE22 I SR F0T 6 120
PR T ET RGB 5 BADET VIR IR B M 4% (Simonyan et al., 2014), PAAZG| A
IS TRVZE BE AT = 4E RN C3D (Tran et al., 2015) 55, fF50# BWIA 1 RET IR
SRR LR ERY T F, F#4£ ChaLearn LAP IsoGD A1 ConGD ##ls_E#EfT 747
W22 (Liu et al., 2017; Miao et al., 2017),

1.3 AXXHRANBEREFETH

RICET T S AT5522 ST IR S 4 B0, 14 T30 S DG B I 2 X 4 1 1)
RIA TG RS &, R AL T I 1 27 >J 25 540 Bh 2 7+ 18R
IR T o i A, AT LA AN B R B TR BRAD IR, SR THEAIR .
RETS IS ANFE 55 I RHIE S BAREE =, [ S B RAEE BB H A 4 T Hix
ESIF, ST TR R RE

RICRER T WA AERAT 5 2R G B M2 AE  NIERE LS. WS
A2 2 TAELZ S hT — 4E%5ds (Wang et al,, 2017; Fu et al,, 2017), HIE F
53, AERTEZS BZERE o ASCH I 3D FRZE45 R 2% 23 ] (Qiu et al., 2017) 4EE
TR [RIAERE 2 B e el (RIS TRAAE T RO S T, R T AT A\ ) 7

2



PERERL, $2Tt THERE.

FEZALSS A TT T, ASIRRE T AR B =466 B g5 b 5 NG A7
BRIES, O Jose AL E R 2 ) FE I R R AT, IR 2 > Y HF AT
o XIXPIRICHEAT TIEREPEAN . 04T 1A% 22 S Rl AT RE KA o

LG AL IR L], AL AR A ChaLearn IsoGD (Wan
etal.,, 2016) bikZ 75 5 {4 Al R PERE »

1.4 ZRSARZER

NEBEE XTI R A T T, 515 R A ORI IR SR I 5T
TAE, HESREEAR R BRI, SRR AT 45 TR N S AGE AR IR Jre Tt W
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B2 E R TAE

%28 MAXIE

BRFHFIERBIH RO FSLASL, ARIRBP K 1 — 2k =4 BUATR A
W2, WIARA IS Lo, BTSRRI o AR TR X e
MR TAERE T2

2.1 ZHEEFROINIR A M2

PUITRE FT A 22 WO S22 B — GRS, BT IR AR
HIG R i 2%, RIFT BTG S RO REAL BT T Al 25 BRI . — 4Bl
MWL (C3D) B L5 4R, (AN b IS RIZERE, (PR
B A AT (Rl =S 5 SR RE ST . EAGERDYS TS E i N B A TR TR
BIGEST (Tran et al,, 2015). A1, HTHAH =46, ML T 4EEMSECE
Z ., R, FHBA R EEAE LIS [R5 35 B A BER Lo 45
WSHIFIEINZR, TOER AR KRR —4E G BERE BRI e R, fiesE
PRI R R, BPERETE.

UEAESR, WA XX 11, St T & 273k iR MR RE - Qiuetal. (2017)
feth D =2E5R 2 M 2% (P3D), A5 =465 BRI 70 i SR 23 B — 4B B
A, AR IR EEARTE RO, A Al A B TR S A o 4t
st , (ERAERER T BRI, P3D LR @A 2. 1 f 7

[FIFSY], Carreira et al. (2017) $2 AU K =ZEG 4% (3D), 391 B4
¥ R E MOES: 2 W BT, & N x N 4G FUR I A4k N w2k
NXNXN Z#ER, FRSERZRIRRR L n, 158 =4GR 4 F ] 2465
BN GSHEE R, AR TR AR i e, 18 7 IERE. P3D MIZERE
T 13D [ 4%, (HiT P3D Mg BINARE Sl 45, ASGEIUT P3D MZHEN

=Y AVHINE S I
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RelLU

[53 ony]

RelLU
| [miow
@

RelLU

it con

[T com]

RelU

[ com]

RelU

e

RelU

[Gxietcony]

[ com]

RelLU

[ com]

RelLU

(353 com]

RelLU

(it com |

| 1x3x3 convl | 3x1x1 convl
ReLU

©)
[ com]

(@) (b) () (d
2.1 BRZE M % BT = SRS EEYORE (B (Qiu et al., 2017)) (a) BRZEHIT,
(b) P3D-A, (c) P3D-B, (d) P3D-C.
Figure 2.1 Bottleneck building blocks of Residual Unit and Pseudo-3D. (From (Qiu et al.,
2017)) (a) Residual Unit, (b) P3D-A, (¢) P3D-B, (d) P3D-C.

22 EBETFTERMERFER NIV

VR S22 [ 5 D AE % K SRR FE T BRI 2 S
(R4, BFSEBE B ST B 280 P UL, R4 R4 e 42
LRI, AT TETE, RS K (Wang etal,, 2017), jlijiE %
EE IR, I RIS AR T2, 51 B ARk s, (R A
T RAHIERT . B SO T UL R R A 2. 2 7«

Feature Soft attention
before mask mask

Low-level color feature High-level part feature
Sky mask Balloon instance mask

Classification

Bl 2.2 BRZEEER RSB IAERCR (B (Wang et al., 2017))
Figure 2.2 Illustration of Mask Generated from Attention Residual Learning (From (Wang
et al., 2017))

SCANA IR 3R R 2% (APN) RUPEIAE R &L M4 (RA-CNN)(Fu
etal,, 2017), ERGIARL, FFR AL EAT ROZHE, dhmifEmek



B2 E R TAE

R B, BRI E2.3, — MR A 2 RE MR LR
% (Rank Loss) AL . WE%%%H%W%#&W 228 SHIE R I HR I
F]%%é%éﬁ EiXTt¢7?ﬁEﬁEﬁtﬁffgEﬁ/\ﬁ?ﬂEﬂﬁTftb%k{/ﬁiXTﬂ:EE ZEAAR
AR X I IEE AR S 2R 5 A TR AT 1Y 79 AR5 B B TR SR Pk

AEo

(b1) 1% convolution (c1) 1% classification Yy

coarse
(4 ¥ N N\
(a1) ZH
V= 1 -
S e
Z -

scale 1

fc  softmax

(d1) APN

b2) 2" convolution c2) 2" classification -
(b2) (c2) Y@ Lrank O Painted bunting
~o O Laysan albatross
(a2) e, Los © Common yellowthroat
scale 2 Z S ——— O Red bellied woodpecker
4 - - .
/ e 2 C o
7 0 © Hooded warbler
Z , - fc  softmax © Crested auklet

2) APN

3 convolutlon 3) 3 classification  Lrank

O Painted bunting
O Laysan albatross
(as) Lo © Common yellowthroat
scale 3 . 2
© Hooded warbler
" fc soﬂmax © Crested auklet

23 PEIMERIBRMAEMEHER (A (Fu et al., 2017))
Figure 2.3 Framework of RA-CNN (From (Fu et al., 2017))

FIEPNZ T AOIGRA . S TRA R (F, 8. 5 RY%E,
g (BT EETFH) fER, BHTARER 3. B, ASGR AT
BN ZE R S IANTER MU, FRIRI R 24555 2 ST R AR SR i 2 80t
ittt o R GRR M2 ERYTER ) TAE 28T 4R R, A SCRE
AP S I BT s, A TR 248 2 A TR R 3R U T 1 A R 2l

23 REZF I THPERNFIEX 28

VA IR R DI TAE . FEZOR TP A 2 T BOs T a8 T A B E . I
PEAF AL (Liu et al., 2017), Girshick et al. (2014) [ TAE XIS &E LN %% (R-
CNN) HJA R FE 2 ST AR AR A P 1 2 /E . R-CNN #22d N -G )5, il
%Eﬁ%ﬁﬂhmmﬁwwMﬁ%hmﬁumoAT TIXEL, BREG—RE,
PG TRRHE, T HR MG EEREIH. 542 TAF Fast R-CNN(Girshick,
2015), Faster R-CNN(Ren et al., 2015) 42 H X4t (Rol Pooling) F1[X i 2E 1%,
4% (Region Proposal Network) fIIble 7 Ak s 5, JF4gm TAS . (HILRY
BORS 5 8 B TR B2 S WD AR A I 7 247 5 2 DX el A AR AR R IO 25 B, S 7R

7
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HAE RS, AEES TR AR HER T ST 2555 o AR
PRI 35 A TR T e (2 A I R8s

-

downsampling convolution upsampling
stride= 2 kernel=7 stride=2
. -
-®a "
_ E
> a -
atrous convolution .
kernel=7 o A
rate= 2 - ? -
stride=1 .

& 2.4 2 423 & RE (H (Chen et al., 2018))

Figure 2.4 Illustration of atrous convolution in 2-D. (From (Chen et al., 2018))

Input

DCNN Aeroplane Coarse
I 1 core ma
Atrous Convolution ﬁ
Final Output Fully Connected CRF Bi-linear Interpolatlon

m = =

[ 2.5 DeepLab iE X/ BIHEZRGEFER (H (Chen et al., 2018))
Figure 2.5 Framework of DeepLab Semantic Segmentation Model (From (Chen et al., 2018))

AT RGO, T8 L B S HYRE MR 55 A — @M e, #R2
Xt G R BEAT AR o AHM AR I ZRAT 55 25 M T A 8 B R b £ B
PRr TR Lo 1SRRI B B B S I . MR B, RIEXY
FMERIATIRI S Chen etal. (2018) [J DeepLab R4 TAEAEIX—{T55 LAk
T IR TAELEER RGN (LE2.4) RBURERFESUER, #
FI A B G BRSO Z AR E S R 2 E B RST . HR S PREENU I TIE IR, B
R DL 2.5, SERIIRZERE B RERE A T G PURZ Y, (615

8
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5 3 B ST MR T RS IS T iR A HEZE

F£38 SESFIERTEENEININLFERIRFIESLR

ARFEATRERT F IR AE 2R A BAR BB TR . 3. 1RoR TIZAEZR A HE AR
Tkt APUIHEZR ERAHE = T2 . Hoe, AR T 2 ZA R Y
AL ER, HINKE RGB Gl 8 AN 18 A A T 55 . A0, RATRI A EE &
RIS L5552 ST BRI 24 93 3% RGB USRI R BEAL AT T A1k
felle i, RPN I TE RO BEA T Bl & FF15 2R B FIRIRBIZE 2R

SR
" xemrexn

ZEEEA
maxy | mEws
RGB & Depth N
BENF BRI

30}
Pseudo-3D
TR 4%

— d FHEAICA%
|4

3.1 FERAHERER A E

Figure 3.1 The pipeline of the proposed sign language recognition framework

FEMNZR B, AMEZG T fe TR B9 O B A5 BAE R8s (HCHT
M T AL E AR T 2E5554 ] T2, Tkl ot — b gk, &=
T4 LR EARIE R T A B AE GRAIE—EMERERIIE DU . AR T H R T At i
AR, W T TR A B AR .

3.1 HETALIE

Liuetal. (2017) f5H1, 78 ChaLearn ¥(¥aferh FiEMSINT RGB TR 18 E
e A HORER, (HR T HISEEE N ARONR, A8 E T REHBOA 562X
7o FTLA, BATHZA ] RGB MiE AR LI TE Z [ AU XS R 2R 58, R A TE Y
BE T 2R RGB dfs o A1 i Bradski et al. (2008) AYFHBUAHERIA
KLU R [EI3.245 Y 1 BRSS9

11
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original alignment

3.2 FIEVH RGB B AR EEE X 579445 (A (Liu et al, 2017))
Figure 3.2 An example of coordinate alignment between RGB and depth channels (From (Liu

et al., 2017))

3.2 EulhiRE R Mg

E2.18 58], ASCBITHEZE A P3D k4% (Qiu et al., 2017) /E2N LA R
W2 o I P3D W45 A ARSI 1y 3 T/ 248

(Qiuetal., 2017) 32 FIAE G G5B Y 7R 745 AR 4% (ResNet)(He et al.,
2016) 5% , Wi BA TR BIT th =4E5 BT (Bottleneck) Fybide, ikl
23 [F)-HY AIARFAE . P3D WL — R AI A A P AE 25 R (R 4E LB =25 R, 4Rk
T RIAERE R AR, MRS RIZEEE R —4EE R AR TR E RIS
B, ST %k &R, AR B, R T e R P3D ¥
%

T MRYFRZEFROCALEE T MR (N BRSOt )
HUARZME B F (i S PR AR E T R ) R R U Tk -

Xt+1 = Xt + F(Xz), (3.1)

Horpox, M X 0 BIAGE ¢ BFRER TN H . 2. 1afR, 8 T (52
FUCIRIEEE R, feZERIT GEOREET) WIRAE TSz b s
BFHE R 1 x 1 BRI TRAR L R4 R BRAE . XAFIRZEFITHY 3% 3
RIS E ARG R R E R L, Bk a.

O = LG R R XA N, AT ZE BT T 2. T S — Rl
BEFT A =4 FRR 40 D9 25 TRIFIIS [R]_E PR R, @R 2228 X RS R AN 2 22
FEZERY ERRELRO MR, LUK AT R N i [ 52 AR R, BrlL (Qiu et al., 2017)
St 7 =Ry, DA EAE TR K

12



5 3 B ST MR T RS IS T iR A HEZE

(1) P3D-A ([2.1b): JXFREFHG I RIG R (T) 324E T 2 [AE () Z 5. A
NI RE R B B S RGRERRI I, A0

X1 =X + T(S(x,)). (3.2)

(2) P3D-B ([&2.1c) : IXFPEEHIIS RIS RIGFHATICE , &2
FIBCH BRR BN, Mz R EER =, A0

X1 =X, + T(x,) + S(x,). (3.3)

(3) P3D-C (J42.1d): XFh&ste 2 LR E SIS, % &S RIS RIS
IR MR, BRI RE T 2 RS RE SR N R R E s, A0

X1 = X, + T(S(Xt)) + S(Xt)- (3.4
oy Y AR Y S L N (13
Xi+1 = P3DBotlleneck(T(Xt)’ S<XZ)), (35)

:/H\:EF' P3DBotzleneck 7‘35@%‘@@@%*@2*0 (Qlu et al., 2017) ggg{ﬁ\ilE%T > Eﬁl}éﬂn: A
PEREMZEAZ . (HANRAER — D MZ R & = Fiaii @, SIEMF AR
Tho AR IGIX — B A 7 BLln) TR IR B M 2%, BIREEEES RO E I
=08

33 HWEEEIVE

FAB PN TR T 40 e il 55, Bl Fryzshid, T8, Tk
AR E S Liu et al. (2017) 2 2R FAL B BRF XU Faster R-CNN £
BT FEOAE, FFEd SR A, RE MR FR X, BEREE R
DI, /b 7RI R 5, IR, S ARAK TS R A S0 o B ARG Ty
R BB NBT T ], X — T EE S BR s 4 2RI [ . AR AT HTER
JIRLR Bt 5 Jsont g AN AR R T S B 2 X 50T, A B T I 4 e R
RUERIATIM o [FIN, BT ERINRINERAE TIRBIM S, S5EHEFIZSE
FIRT YL, REM ARG RIERFFAEII LA, DB IR R 5 o

FHEAATAS[R] Wi iy €45 5 E R AN ] o % T ChaLearn F-#RI 865K 11,
Ko FAEMAAE I GRS R, BT R RA B TR CZ T, A KR
TLAME, T FIEIN A NME. Liuetal. (2017) BS4E TAEEEHE . AT

13
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ME5IR, & CFEEIHRA R TR m LR, BTRAT R TR WUE . e
W2 AR, RN NS AHIX T iR F BN R R AL P 3R, 7
SCI A A TRV 5 | NTE R IALR D TU AR ot el o [RIRS, R0 F IR U
KRN FIA N ERRY DB, AR H B B 5 SR AL E
So ARSCR TR S I TRV 20 RE AR50, 7y 2RI H 27 ST IR BRI S o o
R E Lo

RS BT T AR SR BRI T S IR SRS B R0 DL R e = 4
(Hourglass Structure) o {hi-}-Z5 IS [F] R RILSE5H RENS A2 (I 93 (H BAT 5
KIS ERRHEE (7 B G FRES R REAS IR R BRHYARAIE . 15 RERS BETIZ
G ERIIHEN o A SCAE 2 TR AE SR (R 48 FE A BTS00 A FIATT P3D
RPEAERZS RIS S RS PG T 0 B AR, RS [ IR [ 0 ) 4
FISHIT 2 Eo 23 [RIRS [RIE T 9 AR 25 [ 4E LRI TR 4E L EA TR THoRAE,
LI i sk-4it. Wang etal. (2017) fi5H, WRER 0 A RAERDE, =&
EERE IR, FTLARH TR

X1 = (1+M(x,)) = F'(x,), (3.6)

Hot B OO R AR ZE ROTAE RERFAE . M€ [0, 1] S X BIIER 100 30. SkZEiE
BB TIRZERITHSFB ERA P, FIT AR R R4 gt TR
T PEREENE EAR S TIRATERENMZ (M = 0) . ARICRREUT 5
LR HBERI A

% /Cb Temporal Attention Hourglass
T S
< /
—{ —{ —{ )
@ /

Hourglass
Pl 3.3 =3 (]IS TRITE RS o pLibl B P3D JRs45 4 (DA P3D-A Sy fi)
Figure 3.3 P3D Bottleneck building blocks with Spatial-Temporal Attention (Taking P3D-A as

an example)
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ZEOFRZETETE SR ) P3D ARSI TE AL HIRA A
Xi11 = P3Dgosiencex (1 +Mr(x;)) * T(x;), (1 + Ms(x;)) * S(x;)), (3.7)

Horh My M1 Ms B [RIRD2S )48 BRI TS B E3.3L4 P3D-A N fil
R T ARSCEH S I RIS sty BASR B W ET4.2,

HEN_. NN N | | |
N . SRann ] B 4[|
B [ [
- | | | |
- dEEE

Wy

3.4 HHAR WAL B MRS B A IF

Figure 3.4 Combination of contiguous frames’ position-information mask

34 ZEFFEY

FTRNTFEERNER, BEAEMERN . MEAIA B2 ERE T
R, FEEFERFRFAU R i, ASCHEE 205552 R, #Liu
etal. (2017) R EINGHN FRAEMGR ., YENINGREEE, MEEIE BT —
ERELE ERA ). FIH Faster R-CNN S ka5 TR U 7 BAR 2N
CURERAE . A SCREAE— R A9 B R X A (Mask). £ P3D j)%%
2 RSN K Tx & Hx 8 W i =4Eskid. AT R B G
ot EROHEA, BEATAIARWIA T TR E R N TR e RGBT L 152 A] AT
N TR ERR

Position_Info(i, j k) € {0,1,2} (i,jk) e Tx Hx W, (3.8)

Horp {0, 1,2} 0GR “H e CERIETSE) . ™, “F7. E3.4ER T
LBMHERE A FHFHIRCR
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IR R B E R, SIARER S IR 2SR GRS .
£ ChaLearn (U T HEBIRIIEIL T . IRA S A AZHGE G, S EEUSE R
SIERE TR, N ARMEEEES T X AR (WFEL4). 5INZAEFF
> FHERIEERA S EON ARG, treps (Al WG, XPERERfE S —
TE BB PRIIE o

LG LA BRATHIIH TG A Ay By C =MES, UL
FEAR—ESRR . R MRS R I E R BT i M ST SRR,
RSN IE 3. 5ai sy, RUERATAE . AnSRAT G522 T M LIGFATRE T, (Ufdcas— LBk
filifF S, TRANIEI3.SbaiA . B A NI T2 2 A

-0
e
(a)

(b)
3.5 AR5 F AWK (a) BT, (b) AT

Figure 3.5 Mutli-task learning mode (a) serial mode, (b) parallel mode.

FEAMEZET, AR R ATREL, WA FE 2 28T TR B 52~
W7 BT EIE BN T RACEE S, Bl TR EE EX SR
ERFEHA TR, W3 TERFIE A
Position(X;) = Softmax(L(M(x,)))

Xe+1(, J, k) = F'(x:) (i, J, k) * (1 + Pposirion(Xc ) (i, J, ki, j, k area contains hand or face)),
(3.9)
Hor L O EE I ME BB ELE R SRR =2 oy “He ), “”, <7 =
AR 1Y Ix 1 E, Softmax JyH—{LE] [0, 1] JESHERIZ A REL Pposirion
MBI TR B . AEIZRRS, ¥ Position_Info YENIIZRE, FIHAL
SRS Pposition HEATF 2] o ABFESERG I B, RILAA XS FIBIRITERE 4T
P, HREIE T W T4

SRR AT, WA PR M A B 5 ) Z [ 30 BRI

Wio UG SR T EAE S Pposivion J& - FI A R B3 FE XS (o7 L
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freg 2], AR IS TR R B S BX R T IE . Sk B i =0
PEREAT WoE 52T, ARSI 4 R Ko A Wz 4.

3.5 FHIERLE

H1 T RGB B AR RS AR S BOA R 55, TACH AR 55 Bt il BEARS 1
Liu et al. (2017) i§ AN E G I FPERIR & 21— D MR T I, HiRS
JREAEEELO 2, EIARE 2 IER T AR R, A%k FrLL, &
SCHSRE T MR EUR TSR, SR B T RE R G RO A G Bl A9 7 US4
['Narayana et al. (2018), =4k 4 :

h= P3D(VRGB)

f2 = P3D<vDepth) (310)

2
F. = Z Wicfie ¢ €[1,Total Classes|,
i—1

Hrb vrgs M vpepin 79 RGB AR AN, P3D 3R T S5& R APIHANZ
5552010 P3D SRR, fi R fo 2000 0 AE RGB AR o N\ 2 > B RHIE |
FOMERJEREIRERE, TR ¢ ARAER—RKFH ERIME, wie NIZHEEZESR
R

DRIEM RN _ERONGGRI RIS . BEGRSEL g aAE,
DU B PR I A B & SRR RE.
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£4E KRS/
ARETFEEAREEN 2, HEZR Y BRSNS 5280 40 A O A SR N

4.1 HIR&E

AR F]F ChaLearn LAP IsoGD T-#43H Il 7 3782 (Wan et al., 2016)
PHTEESL, WEHREEILEL S 249 BT, RIS Milghse (35878 MUIFAI) .,
ISEEE (5784 NMATUFEH]) . MAEE (6271 MSFFH]) o i FHIYEHE [ I
i Kinect lx% (Zhang, 2012) 7[(%5/] RGB {1 Depth 18 iH éﬁl%ﬁ

& 4.1 Chalearn HI{S7 i R AL
Figure 4.1 Sample of ChaLearn LAP IsoGD Dataset

BRI AR /N 320 x 240, X555 T ARAIUES S5 — 1 32 e
4. 1R T — D EARE YIZET, 0TI 8dE, —FRSdRG =Ny
242 x 182, F—LUHIRA IR A/ N wx b w € [160,242] h € [160, 182];
—PRVEARRFT T T A, AP EBdRACH#Id CBdREHRER S THA
ZEATFH): BR BTSSRI A 160 x 160 45 AL B % . Wik
N, A RFFIERERSE . PIrAEER HEE R/ N 242 X182, AMBUK-F-H1%: , eBUE
B THET .
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R 1 A2 A, ARSCRIH] T Liu et al. (2017) 32 #9005 Faster R-CNN 42
WFACE . FHHT A Faster R-CNN AL, HORRLIEXS 55 )5 ) RGB AR E
PG F R BURFE I RS, 2 5 PR N DX AR IR XSt AL, P T SR L
NE[ENH, Z %A at gt T AR R E A6 (non-maximum suppression), 152 5%
JE IR ZE SR o 4. 2af@0R TR — D AFEG], AR AE 73480 REI A T 7 B 25
REHGFA Res 2 |2 GEMWJG—/NT) FRAEREL. Res 2 EMBAM IS I
Y2 IR, &I P RE 2 £ T A A2 A AT I AT AR N HOOS W A, KB 0 T s
B, WIKEANEALE . EAERIRET, TR B, FI, W Ty i
GIFHEER, THALE AT RE T HRER 3l A4 23 B

L!———!—:_—-_j AA AA AW
L‘!—_‘g:_—_j TR TR O ER
L?_?::j &8 88 28

e dds da o da
(a)

Bl Bl BHE HO

N 8 ! .

(b)

4.2 AL 55 A J R LR LG AT (a) YR Faster R-CNN S UL & 7™ A #EBR 1,
(b) AR I 245 SR R B T T

Figure 4.2 Visualization of multi-task learning and attetion mechanism (a) Example of mask
from 2-Stream Faster R-CNN detection results, (b) Hand & face detection and temporal

attention

42 RESELGLIGERE

IR EGE AN IMIEGE SR8, ARG TR 28580, FERIA] Py-
Torch YR L >J~F-f5 (Paszke et al., 2017) BEATFAHE . BARIIMAAZHUILEKAL, ¥
MR EIE43. FHA3Ral LUEH, O TRk lG, AW T 7 —
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gl

SEMESS: 15 Res 3-5 )2, MM TIEH—MEBENLEH, [F] Res2-4 I43 175
NEAAG L Z D BARSS I AR iiWang et al. (2017) 19 TR T I
TR AT 1A R RESREE, Rl BTSRRI i
HEATBRIK (Skip) 34, 4. 2/R7F 1 Res 3 B2 NSNS HORE, KA
25 Z A7 -

% 4.1 FHALSRI N 2% 2 500 T

Table 4.1 Parameter details of feature extractor network

Layer Ouput Size Pseduo-3D Attention Multi-task
Res 1 32x 80 x 80 1X7x7T, 64, stride 1 x2x 2
Max pooling 16 x40 x 40 2x3x3, stride 2
1x1x1, 64
S: 1x3x3, 64 Spatial Spatial & Temporal :
Res 2 16 x 40 x 40 x 3 x3 x 3
T:3x1x1, 64 Temporal 1x1x1,3
1x1x1, 256
Max pooling 8 x40 x40 2x1x1, stride2x1x1
1x1x1, 128
first sub layer stride 1 x2x 2
Spatial Spatial & Temporal :
Res 3 8 % 20 % 20 S: 1x3x3, 128 x 8 x4 x 4
Temporal 1x1x1,3
T:3x1x1, 128
1x1x1, 512
Max pooling 4x20x20 2x1x1, stride2x1x1
1x1x1, 256
first sub layer stride 1 X2 x 2
Spatial Spatial & Temporal :
Res 4 4x10x10 S: 1x3x3, 256 x 36 x 18 x 18
Temporal 1x1x1,3

T:3x1x1, 256

1x1x1, 1024

Max pooling 2x10x10 2x1x1, stride2x1x1
1x1, 512
first sub layer stride 2 x 2
Res 5 2x5x%5 x3 (Spatial) x 2 (Spatial : 1x1x1,3)x2
§:3x3, 512
1x1, 2048
Max pooling 1x5x%x5 2x1x1
Average pooling Ix1x1 1x5x5
FC, Softmax 249

WIZRIN, ASCOR AL RENLEE B R, ShEIE N 0.9, ZEHRUERE N 0.5,
FIEEIIZRF 0.0001, ARIIZE 5000 481453 FIE 0.9, FRIEERALIZRAE 80000
IS5 A, A G ZRME 10000 $E I E5 A . FUETERIY AR IR, 22 H]Qiu
et al. (2017) 1F Kinetics #1475 F 538 (Carreira et al., 2017) _EAGF)IZRE5E R .
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K42 EENEMSHORE (U Res 3 ZA1)

Table 4.2 Example of attention structure’s parameters (Taking Res 3 as an example)

Layer | Spatial Attetion Size Temporal Attention Size
1 1x1x1,32 |8x20x20 1x1x1,32 8 %20 x 20
2 Max pooling | 8 x 10 x 10 Max pooling 4x20x20
3 1x3x3,32 8§x10x10 3x1x1,32 4x20x20
4 Max pooling 8XHx5H Max pooling 2x20x20
5 1x3x3,32 8X5Hx5 3x1x1,32 2x20x20
6 Upsample 8 x10x 10 Upsample 4x20x20
7 1x3x3,32 8x10x10 3x1x1,32 4%x20x20

8 Add with layer 3 | 8 x 10 x 10 | Add with layer3 | 4 x20x 20

9 Upsample 8x20x20 Upsample 8x20x20

10 1x3x%x3,32 8x20x 20 Ix1x1,32 8 x 20 x 20

11 1x1x1,128 | 8x20x20 1x1x1,128 8 x 20 x 20

12 1x1x1,128 | 8x20x%x20 1x1x1,128 8 x 20 x 20

43 ZEFIOERAFATIRKL

T EMERH IS AR5 BAERAHUBIR (AR . 30T Res 2 20 PR AL
B I [ VR 17 T FTRLAL P 20l AR TP S0 R 7 14,2040
(LA AT IR WA R . Jrb, MR R, AT 5
AL, AHEREAES 2 S0 ST B P AR RB B R M T T AR
—FEME, TR TR, AR . SES TR
PUZERAAF o 42 FEBEARIITER S, 16 1A B 4 IR 1R T
SRR, T, SOLLE IR, SO O BERAT, L
R R ER T TR B I X3 T B, 45 R AR
BRI

44 FIEIRFISERZIMERELLE

N T BUERESE AR VE R, ARG T — RPN F ik, F1% RGB
B A HE A AR 3R4.3 M

ASCHU H AR N T ERE IR, FEORFE—ERIPERE. IrEA, FRATIE
T LONFT IR AR N TTIE L) P3D BRIVE N ELASY (Baseline model) 17
XTHo MFR4AITTHI, SIATEESINEIFIZAE55 2% (05 ReAH L B Rl R A T
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RKRIEET T

# 4.3 H#1 RGB J@EiE B HEFFR
Table 4.3 RGB Accuracy of different models

i IIFSRMER R | AR TR
Baseline 52.58% 55.96%
RTINS, Teth5] 50.43% 52.30%
T 2155 59.99% 60.53%
T85> 61.50% 63.37%

AR I PR AL e 25577, T EREAINEEIAN T2
HIZEL, AR BRIEA S i Wa TINZREE b, (ERIERE TR TTINAZALIT 22,
FREEARNZEATE TIRG, e TIPEHEIR, A T RERIRTT.

AR TP ZAR 555 ST BIMERE . BSR4 3T L, T2 T
FIRAMERES T FR AT IR0 (B IR SR80 o« AT A IR A 1.
FATRGUR , R REZREER, AN TE LSRR R RS,
Wi 20 FRBMGENMEATIE L UL, MESTHARRNRES . A
HI SRR RS, RECLE R 2522 ) BERRY R, X3RRI AR

# 4.4 FRERPEREXT

Table 4.4 Performance Comparison of mainstream models

No. Model Accuracy (Validation set) | Accuracy (Testing set)
1 Ours 66.30% 68.60%
2 Miao et al. (2017) 64.40% 67.71%
3 Liu et al. (2017) (Updated version) 66.49% 68.92%
4 | Narayana et al. (2018) (Global size input) 61.40% 67.50%
5 Narayana et al. (2018) 80.96% 82.67%

ARICEIAT2AT 55 20N, RGB A Depth 1jE @l & 5 B HET R 5 BT
FEWOTIEMAT TR, HARGER W44, J7k 2 O 2017 4E ICCV f,F1E1R A7
FERT 145 FMiao et al. (2017), 7735 3 ALiu et al. (2017) (2017 4E ICCV &4 TF1E
PUNTESEEAL) IBGIERRA , J77% 4 15 2R H A Y411 f = EREJT £ Narayana et al.
(2018). J7ik S TEEARAR/N B T A8 B R e R E . BRI BRI TR
U RGB FIRME, MHAS HmEE, ot 12 i, FrbUks] TS PERE,
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B35 HRIE

ARSCEE T BT RR B 2 ) R UIA R R LRI 2 AL 555
>, RO XA A TR A & D BRI HP R, 4 ChaLearn
PSR FAEARE Lk B 75 YT Sk A AP REZK e RS T
()R, XA A R BB S B0 ARG TA RO, T TR T T X
ZIMEORIL, S Uil BRI MG ik, A B RENS I NS AT s Tk
RERYZERE. [, I AR S AR AR 3 F S S py U L,
N2
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