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Three-Dimensional Convolutional Vision Transformer for
Sign Language Translation

Horyeor Seong’ + Hyeonjoong Cho'"

ABSTRACT

In the Republic of Korea, people with hearing impairments are the second-largest demographic within the registered disability
community, following those with physical disabilities. Despite this demographic significance, research on sign language translation
technology is limited due to several reasons including the limited market size and the lack of adequately annotated datasets. Despite
the difficulties, a few researchers continue to improve the performacne of sign language translation technologies by employing the recent
advance of deep learning, for example, the transformer architecture, as the transformer-based models have demonstrated noteworthy
performance in tasks such as action recognition and video classification. This study focuses on enhancing the recognition performance
of sign language translation by combining transformers with 3D-CNN. Through experimental evaluations using the PHOENIX-Wether-2014T
dataset [1], we show that the proposed model exhibits comparable performance to existing models in terms of Floating Point Operations

Per Second (FLOPs).
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Fig. 1. Translation Performance(BLEU) over Computation
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Feature Extractor, VFE)Ol YZsto] A|Z+d &
o} 2 F BRI ol Sole] 401 4Closy S BRl
olak g o] TIo] Solo] ot 24 o

T WA dAoA = F2H Fo] B B SolAE ¥
mdo] QJgo® ggsto] H7t dlojE AATTE 4o Y
2 A 849 A 84 JYS AMESH | HZo] ASE
H| Fopo]7| = SA|RE, f=ofofl A X7t Qloj&2 W As= 7]
A WMF9] gt Ropo|7|= s}, o]gt o]fE WY RE=R
NMT(Neural Machine Translation)o]l AFEE+= 2E-S 2=
Aow Llst s Aol Qo] it

A7] 71€5 A HA DAl VFESlE= CNN 718 st
WAZH 79k HHo] Qlrh. CNN o] &A1 9 E4
Agstel 7+ £ WolA Al EAZ RIHoRE &
2= 9Jtk. CNNL 814 &xvt wiay 24 JHE & 3§
= ool itk ¥hd HjH ERAZTHE P AT E %]
4 Z o] ofglA(Attention)S B3 S FE3=T,
CNNejl H|sf M4 221 A] JHE wotsl= o A& o[},
3, ol F 7€y F™E FHolux CNNI ERAZHE
883t CvT(Convolutional vision Tansformer) [8]7} & &

7= ot

Sign Video
Fig. 2. The Common Structure of Sign Language Translation Models

Vision Feature
Feature
Extractor

0 HAS LI

w
Rall
rio
m
[T
R
rx
o
[l
m
r

>
=t
=]
5

HIA EHAZH(VIT) [7]19] EA] o]F, hFEY] AFE H
A GGl ViT 7|9t Hdo] 543, 719 CNN 7|5t =
A3} s HollA BAE 5ka Utk £5], ¥te folHE
5t melo] AL AR SoTA(State of The Art) Z&-& CNN
[15,16]°] o}d ViTE w2 o2 A}g3lt} I8y Ha7A e
o] Q14 o4& CNN 7|9t VFEE F=2 AREs| ot
(2,5,6].

EWAZHE F=0] Q147 HAo|| E-85}7] ol 712
2 1T A2 AZHH o R Hoke o] BE9 EAS &
Z3jloF gtk Holt}, sEAIEL, ViT, OvT 52 oju|#] A2 &
g2 AAE o] AES et Hole 5% HEE &=
o] SA7F Ao
2 =EoAEs GTE AR £o& ggsto] fro] 49
A& aitHog &3/ 93t 3D-CvTE Atsth &,
3D-CvI7} dlo]E]Al PHOENIX-2014T [1]°] tisl o H& 4
AFFHFLOPS) S 2 7]& SoTA RA¥ SARRE A5S Hol:
BEAQ nEdS AFHoz Fysict AF Axke= I9.1
2 Q9Fst £ Qg AQF 2do] 7|&E SoTA EE(MMTL)O
H A2 AAFXFH)ORELE 7|EF} H3 WY H5(YF)
< HYS & S Stk

2 =2 tha3 Zo] A= 2780 g0l &
A A S AW EL A= A 7I&, 3D-GTE
FAHoRE Aty J8a, 4oAe AEE B9l 3D-
CvI9 452 71€ 7«3 vwgteh upxeto g s3gofA &
=59 2ES Yt

¢

¢

Am

N
e
r
ra

__I.l.

2.1 0 HA 2F

o] Bd= duto g Fig 29 #o] BjH &4 &7
(VEE)9F 119 e, 7 7H4] 74 84% v & Sl

WA VFE= $20] H[HQ Yo RHE fo0]9] EAS =&
ol BR7]= 29 o] EFZ 7|HeE FojAE A
gt} o] BT Q7L g0 BHCoRE FAHH HHRQl B
Connectionist Temporal Classification(CTC Loss) [91& A}

—_—

oX

SL

Translation
Model



142 HEX2EE| ==X 133 H35(2024. 3)

3D-CvT

L Stages

N Layers

Convolutional D o
u
N IR -Convol J_.
token‘ Projection Norm
embedding

T é
Multi-Head Norm = mLP +

Attention

Fig. 3. The Structure of 3D-CvT

&oto] ola9] M-S 5T 5 Stk VFEZ} AJZ} #oket
W g ndl zpdo] XZ(NLP)Y A4 714 1Y (NMT)
Fopolr}, MY LHEofAE RNN, CNN, o=l4(Attention)
oyt 22 NMTE 2EdS EJsto] AREsl ftoh 420 ¥
HdojA ERMARHE ARESH] AIRRE A2 Camgoz &
(2020)°] SLT 218 S o] RET}

b

2.2 0 Y A &5 3 [O| sk

AP &5 (Pretraining) @ o] Sh5(Transfer learning)<
HalE g EdolA F83 F 7HA] 7ol ohafdt &Y
oAl BEO] J5& FIA7I= Hl AT 5= Slt}. Chen &
(2022)0] A&7igt MMTL (Multi-Modality Transfer Learning)

o] g0 MY A5 F=0f Hlo[EAe] RZ o= Qlsf
NMTel Bls) @A5] DojHct ¥FH MMTLS 711 AR
k& o] S5 Bl ol M9 s A R

F|2oll= MY R theo] WY 2l mBART (1315 &
25l= Ago] ot mBART (multilingual Bidirectional and
o] WY
Sk&A)71 Bdoltt, MMTLS CC25 EX 2 AR
%% mBARTE PHOENIX2014T <=0] Hlo]EAE AH&S
o] Gloss2Text2 SH5Fch nlx|ato & VFES] meju|g & 1
Aot Sign2TextE TR AAH R THAI ojdf &
Al 3F=(Loss)= Sign2Gloss?] CTC (Connectionist Temporal
Classification) £48H=¢} Sign2Text®] Cross-entropy &4
2 Aslolo] ARRSIT)

el

Auto-Regressive Transformer)= BART [19]1&
s4o

2.3 ZERME HIM ERHALN
CNNo| FFold AFH HIA &Aoo ViT7t 5443t o]F
oA Q4] HF & g Zd fjFEo] VITE WEoZ
ARESE7] A& SHHE, CNN# ViTe 25 158 A
ol Y=tl, HFEFA HH EHAZH(CvI)= CNNY| 3
(of: Shift-Invariance)2 ViT F+20] EYst= SAJo] EHA
I 9] AA(q]: Global correlation awarenessyS -3-A 3t}
CvTE ViTe Zo] 4 o|u|R& A& Eadsto] mfx] |
3= AT o, AEFH 59 &9l #9, 71, @<= 84
T oj"lAE Y ?l“:}. S w20 ARt A4bet=
V1T9} 98 OTe 2 A4kE Agoto] gatHoR &2

H3
s
A4

AHRE A 2 9lom 7= ViTHT} 2L mtatu|E e}
S JAEHFLOPS)CEE £ A5S Hol7|k 3ith

3. Hoh U

3.1 Why CvT?

HHQ EHARH [15-18= 7|22 02 VIiT 7|t K]
o} ViTe 2 Y& 4 49 HX & ZehA ARSE L, o]
A dibs Bof ZE XS AW AAE ol Fig.
4= 52 914 o] AlQl Kinetics400 (1113 423} o] €Al
1 PHOENIX2014T [119] Z#¥42] o AJoltt. Kinetics4002]
AL S8 A He 552 A4 el &, AFREY 5
%, A Wil thst Jrr}t "R, PHOENIX2014TC]
A% 3R] A=, &, 2| gxe Z2 24 FuIL A
Zoz ¢ 3301'74] 1}0 Qe weEbA] o] ALY EHS B
HHog 2&317] A8, WA GYE Lo 5Z5H= VTR
t}, Ao ARE AHHOR HEF & i ABRA AL
ViToll =38t CvTE AREsh= Aol Rastt.

ViTE 948 oln|x|E Y22 U1 FHeksK(Flatten)3t 2t
Y2E AHESt] #He, 7], WRE BT CvTI= HAE
Al 4 HlolE & AHdstal HEFAS 5o He, 7], ¥
75 AR oA Aozt Ak CvTeE fARE 25
7H »de CMT (Convolution Meets Transformer)[20]21
9], CMT FA] o|u|A & A2 il AEFHE ARSIt
CMTE vt fAKSE 29l 22 =o] SIX|ut, mhahale e}
AAEFE E0)7] Yol Aa4os FHgstE "ol §HA|

Fig. 4. Sample Frames of PHOENIX2014T (left) and
Kinetics400 (right).



gk, om|A] AFE s AFete CMT ZEg By HolH
of Aoz H{L FF AAR] W JHE 7R By
Q0] H3t 14 A5 A #EL + Aol A7 IME G TE
718 2dz AR

3.2 3D-CvT

CvTollAe shvte] =9l HERto R AERH EJS &
8 7], A2, WHE PARoU, 3D-GvTolAE vt 4
< Ast7] Yol 71 2D-CNNS 48 Ao whet 3D A&
24& AL3F 3D-CNNL.&2 HWAs) 3D-CvTe AA L&
+= Fig. 33 &t} 3D-CGvI= L7H-»] A (Stage) & FAIE 11,
Zr A= ALEA WD (Conv. Embed) ZET N9 &
(Layen 2.2 45} 7t 52 AEFAH £Y(Conv. Proj),

g = odA(MHSALE 9 & =Fol4+= 3719
A} ZF GAEE 1, 2, 6709] Sol U&= 3D-CvT-(1,2,6) &
A3} 4710 TALE 72t GAEE 1, 2, 3, 2719 Fo] U=
3D-CvT-(1,2,3,2) &S AQstc & Aot mdo] xpA|sH
F-2E Table 10 YA

7 GA O] HEFA dHg EEollie A 5dGoER
B A7t o2 Hols JEE FH55H] ) AltEo R 2
3k 3D AdE AHESt=tl, A Azt 9] 27]= 19A !9
Ae 7, YA dANA = 3& AMSEitE ZF ©A|9] MHSA

0] HAS fIeF 3XMH HEFH HIY EHAEDY 143

A4S 8l 3D-CvTe AEFH 59 B9 A9, 7] ¥F
Z< Fig. 59 Zo] ALt AEFH 542 Y X (€ R
ool AY O, AE|E((1,1,1), (2,2,1) ¥pol ot
o33 22 e H £ Qo

Q = 3D-CNN(X, K, 1,1,1) 6)
K,V =3D-CNN(X,K;,.2,2.1) @)

webd, Felo] FA)E TxCxHXW, 719 WRe] 7%
TxCx(H/2)x(W/2)&2 ZAHct. ALtd 7], Fe, RS
EARD0] Qe o ABHE ofHA AA-E 5
Huos WYL, ohg HHos A,

3D-CvT #2325 HASke7| Yol 2 452 Table 13
2ol FoZA AAREAY. 1GA A= AE AEZ0|E
£ 22 4%stel A Q4] Lo| TR T/22 EU 15
9} 224 Atololl= 3D &7 (Max-Pooling)& A&t T/2&
T/AZ &R0t o]} o] At&o 2 54 HE 278 &
Qlozn w71 53 IS Yoz A8 % s ol

2 7|dg 4= ok EX Wo] X= 9 Y20 79| 7|5 9]
7] 9180, 194 FEFA dHigolldE X, YO AEZo|EE
41 )% ABRA QP NE AEstolES 22 4
gt

o 1|

|t

Table 1. The Detailed Structure of 3D-CvT. Input: T*3*224*224 (T: The Number of Frames), Conv. Embed.: Convolution Embedding,
Conv. Proj.: Convolution Projection, MHSA : Multihead Self Attention, H : The Number of Heads, D : Feature Dimension

Output Size Modules 3D-CvT (1,2,6) & 3D-CvT (1,2,3,2)
(TxDxHxW) (Proposed)
T/2 x 64 x 56 X 56 Conv. Embed Kernel : 7 x 7 x 7, #Channel : 64, Stride : 4 x 4 x 2
Stage-1 Conv. Proj Kernel : 3 x 3 x 3 Kernel : 3 x 3 x 3
T/2 x 64 X 56 x 56 MHSA H=1 D =064 H=1 D =64
#Layers x1 x1
Pooling T/4 x 64 x 56 x 56 3D Max Pooling, Stride : 1 X 1 x 2
T/4 x 192 x 28 x 28 Conv. Embed Kernel : 3 x 3 x 3, #Channel : 192, Stride 2 x 2 x 1
Stage-2 Conv. Proj Kernel : 3 x 3 x 3 Kernel : 3 x 3 x 3
T/4 x 192 x 28 x 28 MHSA H=3 D=192 H=3 D=192
#Layers X2 X2
T/4 x 384 x 14 x 14 Conv. Embed Kernel : 3 X 3 x 3, #Channel : 384, Stride 2 x 2 x 1
Stage-3 Conv. Proj Kernel : 3 x 3 x 3 Kernel : 3 x 3 x 3
T/4 x 384 x 14 x 14 MHSA H=6 D =38 H=6 D =38
#Layers x6 x3
Kernel : 3 x 3 x 3,
T/4 x 768 x 14 x 14 Conv. Embed #Channel : 768, Stride : 1 x 1 x
1
Stage-4 -
Conv. Proj Kernel : 3 x 3 x 3
T/4 x 768 x 14 x 14 MHSA H =12, D = 768
#Layers X2
T/4 x 768 x 1 Mean
Head
T/4 x 1066 Linear 1066
GFLOPs 94.8 90.5
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Table 2. Performance Comparison on PHOENIX2014T. The Performance of 3D-CvT is Comparable to the SoTA Models, Two-Stream
(RGB and Landmark Inputs) and MMTL (RGB Inputs). The Best Performance is Marked in Bold and the Second Best Performance
is Marked Underscored for Each Column.

. Dev Test
Hogel sizgz | Dodally BLEU-1 ~ BLEU-4 BLEU-1 ~ BLEU-4
2018 | NSLT [11] 4288 | 3030 | 23.02 1848 | 4329 | 3039 | 22.82 18.13
2020 SLT [2] - 4729 | 34.40 | 27.05 | 2238 | 46.61 3373 | 2619 | 21.32
2020 | STMC [3] y 4827 | 3520 | 2747 | 2247 | 4873 | 3653 | 29.03 | 22.40
2022 | MMTL [5] 53.95 | 4112 | 33.14 | 2761 53.97 | 4175 | 33.84 | 2839
2022 Two RGB. 1 5430 | 4199 | 3415 | 2866 | 5490 | 4243 | 3446 | 2895
Stream [6] Skeleton
1,2,6 5335 | 4056 | 32.61 27.02 | 5355 | 4078 | 3278 | 27.13
3D-CvT (ours) RGB
1,2.3.2 53.49 | 4072 | 3294 | 2723 | 53.72 | 40.92 | 33.08 | 27.35

Table 3. FLOPS Comparison with the SOTA Models. 3D-CvT Shows Lower FLOPs than MMTL.

Model VEFE Stage Modality VFE FLOPs (100 frames)
MMTLI5] S3D RGB 250G
Two Stream [6] S3D RGB, Skeleton -
1,2,6 94.8G
3D-CvT (ours) RGB
1,2,3,2 90.5G
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