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Abstract: To address the challenge of aligning multimodal data and improving the slow translation speed in
sign language translation, a Transformer Sign Language Translation Non-Autoregression (Trans-SLT-NA) is
proposed in this paper, which utilizes a self-attention mechanism. Additionally, it incorporates a contrastive
learning loss function to align the multimodal data. By capturing the contextual and interaction information
between the input sequence (sign language videos) and the target sequence (text), the proposed model is able to
perform sign language translation to natural language in s single step. The effectiveness of the proposed model
is evaluated on publicly available datasets, including PHOENIX-2014-T (German), CSL (Chinese) and
How2Sign (English). Results demonstrate that the proposed method achieves a significant improvement in
translation speed, with a speed boost ranging from 11.6 to 17.6 times compared to autoregressive models, while
maintaining comparable performance in terms of BiLingual Evaluation Understudy (BLEU-4) and Recall-
Oriented Understudy for Gisting Evaluation (ROUGE) metrics.
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W FETTA, AT TR SRR A IR S
AE. RMARTHRES, THEMIEXTEEASE
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LR T 4B R4 N 2 (Two-Dimensional-
Convolutional Neural Network, 2D-CNN)I, %4
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BT 1E BRI
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it BEN AR T ERED RS ER, A
B AN P SCART 2T 51, T LI RS 1 5
PR ) T RS SCRFAE AR AN BT SE B R EL
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THE B BE ) SCAR A BUEE AT FER R, o T
TG ZE LT, — MR AE B A

(2) $ 2= T B 2 ST 40k R B A SO %
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(3) FEAEIE . oI B s A B SRIESS
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B8 b5 (BiLingual Evaluation Understudy,
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JrEE, SRR e TR BB, RN 7 SRR
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AL 8 TR L 2 T R B 2R 22 Dy i R 8- iR T 5 A5
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B EABA 5T . GuiE NP et 7 A ar A
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ar- R ARAE LY, 5 2L B b Tk 8 T H bR
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2 [ If TE] ZRAE A [RGB B R 1ok
A LSBT ER . FIER B 48 (Sign Lan-
guage Translation Transformer, SLTT) N J #5
SLRTHIbR G AR B f o 1 G 8) 1, HAEH
ERE R A LR, MSLRTHSLTT H i
B E RN R TR A A TR TR AL 45 i 25 ) 25
TR I, A S5 A0 A H bR P 51 2 18] )
Wit ABATIAEAE S S B RS SR B = B X E i
AR,

R BFRTAY = { y1, 92, yn} Ko
FIHEAIV X SCA, oy, 28 BIAME S EH)
H A L] fEJE T Transformer (13 45 T8 11
AFIRH B IEAS , ARSCH bR TR B S S A
F, @ - SCAX (VE YR AR IR, 2
S FAEA B ARE T B R BRI HREE B BRI
ZAeEe Sy, /)

Y = F(V]0) (1)
Horb, oA ZSE. N7 RICE & i
A, BAFRBESKEBIRAR KR, ALGIANT
o b 27 2 451 2K R B TR S B 5 SOAR S 2
I HN 5. T FIRNE, 1M THEE BEFER
PERLA (Transformer Sign Language Translation
Non-Autoregression, Trans-SLT-NA), 154114
REEFI I E 27 o
3.2 EEEVAFIBEIFIRE Trans-SLT-NA

AE B 18] T 15 B0 PR A 32 4 A
SR ARG E . SCARGRAD A . XT EUAEE DL A fi
s . HIRTFIEMME I 2 Blembedding % 1 N FF
fEME T, SRR AL 25 7 A AT b, 2
SIS B SCE R, FE AR A 0] EE iR

M. SCARYRID ESTE VIR X0 H bR 7 53617 %%
TN R 3C2E 2], H HIRBUERAE SCANGE U5 B s
PRI TR o A 88 0 Y L) 5 IR AR AR AE 5 SO AR R
AEAS A YRR WU AT A B, AT A i 3 e
BISCAS o X S A b AT L RN () B A0 S AR
FER RN ) S BEAT XS SR A, Gl T SR LA K bR
B RO R ) PR B T, SO I ) R
B, NI I s X S

(1) ARG 28 o FRA G B 25 FH T 06 T 15 LA
HATHRASHHE 2] E R UER, e —hiEGg i
NEE BN UE B RIRHE & . 2B PR
B, a3 A A AR 2 Y 4% 2 R ) 2 [l embed -
ding#B 43 Al TransformerZ A% 28 2 5 I 245 2 2R
7y, anEBHETR.

XTFAEMIV ={x1, zo, -+, @} € RPCHIDW,
7% [Alembedding /= SE & S0 H A0 S m) & 7 1)

S = {s1,892,, 87} =SE(V) (2)

Mo, s; =SE(x;) € R R 5 Wi % 418 25 1)
NJERIAE, S e RT*C RoRMMiR N A5 i
Fealo AEAHETE T SE NI ZR I Efficient Net-BOASE
A, T HREEUR I RRE

B P 4 A5 30 43 f. Bl Transformer g i% 25 2H 5,
T2 3080 E T XERE. B AR EHIER
EESCARA BT 20 PR R AR 2 ST IR 7R HR )l
SR T 100 H AR A KB, Bt DAE S A\ 2w D
a5 [0 7 A O SR 7 B AR F 81K BE 8RR B ) &
len]. HAREILHEN

{plena papcon} = fv ({[len] ; 81,82, ", 8T, [COII]}) (3)
ﬁ\:l:':] , P= {plap2a '"apT} S RTXC/ y‘jéﬁﬁg"}a B/‘J@_IL‘
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B % O AR X T — AN 1 FE AR
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BRI H AR
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Y, SERRIAIR R T B 3 4 4k
L =X Leon+ Ap - Lpred + M - Lien (12)
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4.2 BYRE RITEIERR
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1T, VI %88 N5e-4, FFH#Hwarm-up
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WN16. SLIGIELfi 28 Nvidia RTX 3090 GPU
HEAT IIE Y S5
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ZAE FH K 4E R BLEU-40-24, S ANMd H 8 b5 A
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AR ESREEN,
4.3 SFTEESOTALER
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R, HhewEHHEEE L, LR ZTrans-
formerZE M AR SLTR-T N3 U, AR HH
Trans-SLT-NAM R ) HEFE S FFHE 17 11.6 15, #H
EE T Al B 15003 75 200 B B0 v S T
B ZE T (3R P TS T RE X EL B DR IR A AR S 5T R TR
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R AEBLEU-4AMROUGE A5 FI R 2
i FRNN-based 8!, b a] LUE H H E = HLH]
TEXT 5 B i FR A AR TR IR M 4% . ik
[, Trans-SLT-NATEFgbr - B ARBSAR T HAh 1)
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FEA BT 7 T AN G0 B BABEAL, R PR E ] A
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