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Temporal Relation Guided Knowledge Distillation for Continuous Sign Language Recognition

XIAO Zheng-ye' , LIN Shi-quan' , WAN Xiu-an' ,FANG Yu-chun' and NI Lan®
1 School of Computer Engineering and Science, Shanghai University,Shanghai 200444 ,China

2 College of Liberal Arts,Shanghai University,Shanghai 200444 , China

Abstract Previous researches in continuous sign language recognition mainly focus on the RGB modality and achieve remarkable
performance on real-world and laboratory datasets, but they usually require high computation intensity. On the other hand. the
skeleton is a modality with small input data and fast computation speed,but poor at the real-world datasets. This paper proposes
a cross-modal knowledge distillation method named temporally related knowledge distillation( TRKD) to alleviate the contradic-
tion between RGB and skeleton modality in performance and calculation speed. TRKD utilizes the RGB modality network as a
teacher to guide the skeleton modality network for fast and accurate implementation. We notice that the teacher’s understanding
of sign language context is worth learning by student. It proposes to employ the graph convolutional network(GCN) to learn and
align the temporally related features of teacher networks and student networks to achieve this goal. Moreover, since the super-
vised information from the teacher network is not available for traditional loss functions due to the learnable parameters of GCN
in the teacher network,we introduce contrastive learning to provide self-supervised information. Multiple ablation experiments on
the Phoenix-2014 dataset demonstrate the effectiveness of the proposed method.

Keywords Knowledge distillation, Graph convolutional network, Sign language recognition
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Table 1 Results of ablative experiments on adjacency matrices
AL 20D
Pseudo-label Validation
Methods Test WER
Accuracy WER
AP 54.9 37.3 35.9
A’ 54.7 37.1 36.1

pA” +A” 56.9 35.8 34.9
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Cb) 21 0 5 oy 3 9T 404 1
Pl 3 1 3 I AR 4 M T Ak
Fig. 3 Visualization of adaptive adjacency matrices
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Table 2 Results of ablative experiments on loss function

€ SV

By Pseudo-label Validation Test WER
Accuracy WER

0,0,0 48.5 46.2 45.0
1.0,0 50.9 41.9 40. 4
0.1,0 54.7 37.8 36.3
0,0,1 52.7 40. 4 38.0
0,1,1 56.9 35.8 34.9
1.1.1 56.9 35.0 34.7

N T Y8 UE I OB RR AL A 45 8 R 2 A AR AE T B0 ) 45
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Fig. 4 Loss change curve
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Table 3 Results of distillation experiments from STGT-Net to STGT
CHAT 2 95)
Methods Pseudo-label Valid?tion Test WER
Accuracy WER

STGT w/o distillation 48.5 46. 2 45.0
KDL13] 50.9 41.9 40. 4
CRD[¢] 54.4 37.8 36.3
AugmentRGBH?! 55.4 36.7 36.4
TRKD 56.9 35.0 34.7
STSG-Net(Teacher) — 26.3 25.9
I3D(RGB)L17] — 35.2 35.3
2DCNN+1DCNN(RGB) 33.6 32.5

4.5.2 2DCNN+1DCNN—>STGT # 4% 4

2DCNN-+1DCNN—>STGT 7 1T 45 1 52 56 45 SR n 3% 4
FRF ., AR LA ] STSG-Net £E Ry #0045 , 2DCNN+ 1DCNN
R SEmE R M R 5 — 2k Rl R 70300, R, &
SRR 2 )5 2 A M RE A 22 R AL 220, XUl A
TE (YRR ST v T AR HG O 45 E B, AH HO R S 0 A
;. TRKD D5 (9 32 308 7R T s P G BB R AiF X6 55 % 2 3
BB A B B AR R BB,

# 4 2DCNN+1DCNN—>STGT ZE 11T 45 iy 55 0 45 3R

Table 4 Results of distillation experiments from 2DCNN-+1DCNN

to STGT
BT %)
Methods Pseudo-label Validation Test WER
Accuracy WER

STGT w/o distillation 48.5 46. 2 45.0
KDL3] 50.9 41.5 40.9
CRDM 53.5 10.2 38.7
AugmentRGB!2 54.6 39.0 37.4
TRKD 55.3 37.6 36.6
2DCNN+1DCNN( Teacher) — 33.6 32.5

4.5.3 STSG-Net—>ST-GCN #4181+ 4

STSG-Net—>ST-GCN ZE WAL 55 M 45 R n 3k 5 T 5], #
Fe i B STGT A2 M4 . ST-GCN By R IR 2 — 1k,
X % B 2 2 I 2% 5 ) 6 SR 2 0 10 RO A S L T AT 1
HHRZE B BEX NG FRCR A A T, RS
R ZEM T B 200 STGT M ST-GCN By = BLA I , 54554 40
WZE G STGT Al LLTE 47 3l DA 000 I 2% 2 > I )5 G Bk R AR
e WA B AT R I, W] RE 7E 25 Fi R ZE 48 5 i th TRKD B
157 I d 1 30, TR B IR T 1k 2 A T 4% DA 00 19 4% 2% 3] I
TOCESE TR,

# 5 STSG-Net—ST-GCN ZE 18 4E 55 1 52 46 2%

Table 5 Results of distillation experiments from STSG-Net
to ST-GCN
(L2 )
Methods Pseudo-label Validation Test WER
Accuracy WER

ST-GCN w/o distillation 40. 3 46. 7 45.7
KDM13) 15.2 12.5 41.7
CRD' 16. 3 39.6 38.5
AugmentRGB!2 47.4 39.4 39.4
TRKD 46.1 39.2 38.2
STSG-Net(Teacher) — 26.3 25.9
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4.5.4 2DCNN4+1DCNN—>ST-GCN %M 4E 4

2DCNN-+1DCNN— ST-GCN 7% 18 1T 45 Y 52 56 45 31 4
%6 T3, 7EX 95, AugmentRGB (12 LW OB 14 1
TRKD, XA AERTEIZAEMAE S . Uy ZH M R E N
R, PR G IRAS T R R

# 6 2DCNN-+1DCNN—>ST-GCN 7 i 4T 55 52 56 45 5
Table 6 Results of distillation experiments from 2DCNN-+1DCNN

to ST-GCN

Pseudo-label Validation . .
Methods Test WER
Accuracy WER
ST-GCN w/o distillation 40. 3 46.7 45.7
KD 43.3 12.0 41.0
CRDM] 44,0 41.4 40.8
AugmentRGB! 2 46.5 40. 6 39.3
TRKD 45.0 40.9 39.7
2DCNN+ 1DCNN(Teacher) — 33.6 32.5
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