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X 1 I3D network architecture [4].
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ST-GCNs

2 An overview of ST-GCN network architecture [24].
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3 Overview of the proposed method.
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4 An example of face and both hands bounding boxes extrac-
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5 27 keypoints inputted to ST-GCN in Skeleton Stream. 5
keypoints refer to body and 11 keypoints refer to each
hand [17].
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FEBUSIREREN 1 2OT7 AV S FFHHEL2EH UL
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121X MS-ASL100, MS-ASL200, MS-ASL500, MS-ASL1000
EWVWISH Ty MRHY, BV Ty MADHBOTIEZD
Y7y MIEENE I T AFERT. Zho0Y Ty b
BETFT—XtEy MZBWT, 77 A% 0 OBWBH»SL \VE
225 A %Y —b L ED LN K REDZ S ATHES N
%. ZZ7T, WLASL (Z® L Ti% K = {100,300, 1000, 2000},
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# 1 Details of datasets. We use #Class, #Video and #Signer
to denote the numbers of classes, videos and signers, re-
spectively. Column “Mean” denotes the average number
of videos per class. The numbers in parentheses denote the

relative size of the dataset we obtained compared with its

original.

Subset #Class #Video Mean #Signer
WLASL100 [2] 100 2,038 20.4 97
WLASL300 [2] 300 5,117 17.1 109
WLASL1000[2] 1,000 13,168 13.2 116
WLASL2000[2] 2,000 21,083 10.5 119

4,315 43.2 163
MS-ASL100 [3] 100 .
(-25%) (-25%) (-26 signers)

4.2 EE M@

AREBRTOFEROT A~ DEEFHHEZ (2], 3] 1/, T4
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M7 LV —2zx LT, ik YOLOv3[26] ik - T, #&&IX
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ZULTC, NUVT 4V TRy 72 ADORMAY 1 XH 256 ¥ %
MWD EIIZET V=%V A AU, NV VT4 VT
Ry 7 2% E LTz 256 x 256 ¥ 27 2ILVDIEHEZ2E]0 Hd.
BN 7R T — ZILRD 2012, FE Tz — AT, 7V —»4
MoV A XN 224 x 224 ¥ 7 R IVDIEHBHEGE Sy F2 50 X
2z L, 512, 0.5 ORERTT Vv X LIZKERADK
BAERZTS. 7AVAFFIIBEWT, #E5LTHFFOEKE
BEbDL SN, ZDRD, ZONKERELEIZ, &5 5DERH
WEMNETED LS ICEYTHIEVHNTHS. LT, K
M7 7 — RYEER D 7212, i 64 7L — L% TV X LIZH)
WA SERT S, 2L, 64 7L —L K0 ADRWEEIZHN LT
X, BEOBRYIPRBEDOEL SN 1 TV —0% TV X LTER
ULTHEBTZZ LT, BYBVWa%EMS. 13D 2 FHT 211,
I LA 1073, weight decay DFEAHY 1077 O Adam %
W3, ST-GCN %27E 3 281%, #WHZEE LD 0.01, weight
decay DA 107* @ Adam ZHW5E. TRTOEFILIFNG
NOTF—XREy bTH 200 TRy 7EETE. TAMEE, )
HOETLV—LEETVIZANTS.

ARERTI, REFEOMELZIMT 572012, 2 20—
ATAVEHEKTS. 1 DHOR=ZAT 1 ViE, &FEGHD
AEANIZHANS I3D TH 5. Zhix, Li 5[2], Joze 5 [3]
OMETHN SN, HiHIE WLASL T, #%#I% MS-ASL T
state-of-the-art ZZEK L T35, 2 DHDOR—ZXF1 Vi, A
Tz KEG e A 7T 4 1)V 7 a—iE %z HW 5 Two-stream
I3D TH5. 20, M3ADR—AA N —LDEHDHE
BEALEZETLTHSE. ZN5 2DDR—ATA1 VE2TNTEN,
Baselinel, Baseline2 ¥ IEX. 7z, FFE{GEA MY —LDH
K, BN —LAOEEDOTRTOMAGELETEREITL,
INSDANY) —ARFERBEEOM LIZETHENE S
PEEPD L. RETFEOREINICIEX, Top-N classification
accuracy Zfi\3d. ZZT, N={1,510} &3 5.

WLASL ® 4 20% 7ty b TOEBRIEREZE 2 1ITRT.
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# 2 Recognition accuracy (%) on four subsets of WLASL dataset. Columns

“FIOW,”

“Local” and “Skeleton” denote optical flow images, local image patches and skeletal

information, respectively.

WLASL100 WLASL300 WLASL1000 WLASL2000
Model Flow Local Skeleton Top 1 Top 5 Top 10 Top1 Top b5 Top 10 Top1 Top5 Top 10 Top1 Top 5 Top 10
Baselinel [2] 65.89 84.11 89.92 56.14 79.94 86.98 47.33 76.44 84.33 32.48 57.31 66.31
Baseline2 v 77.55 91.25 94.92 66.96 87.61  92.03 56.35 83.03 88.77 38.67 68.43 76.39
Oursl v 76.60 89.13  92.80 66.34 88.46  92.43 56.91 84.55 89.83 41.01 74.46 81.85
Ours2 71.07 90.13  93.42 65.10 85.49  90.64 53.75 80.01 86.56 37.65 67.61 75.97
Ours3 77.48 92.38 95.72 69.99 89.91 93.50 60.85 86.98 91.41 45.12  79.17  85.65
Ours4 80.38 93.38  95.97 73.07 90.85 94.44 62.76 88.02  92.32 45.30 79.63  85.75
Oursb 78.05 91.63 95.42 69.77 88.61 92.33 58.68 84.05 90.25 41.94 73.16 81.68
Ours6 v v 81.38 94.13 96.05 73.43 90.19 94.83 63.61 88.98 92.94 47.26 81.71 87.47

# 3 Recognition accuracy (%) on MS-ASL100.

MS-ASL100
Model Flow Local Skeleton Top1l Top5 Top 10
Baselinel 73.69 91.38 93.87
Baseline2 v 82.46 94.66 96.61
Oursl v 75.12  91.33  93.87
Ours2 v 75.61 92.38  95.07
Ours3 v v 76.69 92.65 95.35
Ours4 v v 83.84 94.69 96.18
Oursb v v 84.22 94.77 96.48
Ours6 v v v 83.86 94.86 96.66

# 2 @ Baselinel & Baseline2 OFER» S, 7571 L7
—EBEEMTMA B721F T, FERTFIE 2] OREZ LRE->TW
5203 h5b. Zhid, RGB HROMEIERZIT TIIIRZ &
NRVEE DN REFET 52 LW FREHERRICAENTH S
FHERT. ZO X5 RERIIMTEREO 2251 5 Carreira
SOWMSE[4] TERINTWVWS. 51T, £ 25,5, WLASL
DFRTOH Ty MIBWT, A7F 177 u—H, B
FriEsiEi Ry F, BIE#RZ AW Z Ours6 23 H H WD
RBEEEEZEDLZLDBDNE. ZDZLhE, R=AF71 VD
ETUPRA SN WTFFERME, RETFECRFETESZ
EWMEIPD ST, RIT, RFTEE R N Y — AOHHE (BIZIE,
Baselinel & Oursl X, Baseline2 & Ours4) % [biKd 5 &, »
TNOT Ty MIBWTH, RFTEERA M) —LDHBET
WD FHBRBREED N & WD FERLBE S5 N7z (Baselinel &
Oursl DHIKIZBWT, HlZ1X WLASL100 @ Top-1 A% i
65.89% 715 76.60%(Z 10.71%M LU 72). ZOFEEM S, HEE
VARV DFFERHICENT, BADPRET DRATEEA Y —
LIBEITH B D05, X517, BEAN) —L0DE
it (il 21X, Baselinel & Ours2 %, Baseline2 & Oursb) %
HET 5. BATEGA MY =L %2 MA -8 EORED EA
VIR T 52, BEA MY =Lk 20RO EZFDL
£5H00, BHEANY —LOEAZ L0 RMEEIZR EL

(Baselinel & Ours2 O IRIZE T, #lZ1EX WLASL100 O
Top-1 B 65.89% 5 5 71.07%IZ 5.18% M EL 7). i
L0, BEAN) —LDMELFFERBICB VWA LFET
HBHIEBRRINT-.

WLASL B D F— & & v MZB T BIREFEOE I % 1
M B7-HIZ, MS-ASL #HWTEERZ1T->7-. MS-ASL100
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