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Introduction

L] What does a continuous sign language recognition (SLR) system do?

word vocabular—y: apple, sun, today, catch, you ......
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Introduction

[ 1 Evaluation on Continuous SLR
®  Word Error Rate (WER)

#sub + Fdel + #Fins
Hwords in reference

WER =

For example,
prediction: | (have) a cat tkat named Jerry.
groundtruth: I have a cat named Tom.

1+1+1:0.5

Calculate the WER:



Introduction

L] Continuous SLR is weakly-supervised
[ f#R Continuous SLR [B] &R AY 3 7 B K
B FZIEFIRITEE A WE—MIRA, AHER
v" Connectionist Temporal Classification ( CTC)
v~ CNN-RNN-CTC framework
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Introduction
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Graves A, Fernandez S, Gomez F, et al. Connectionist temporal classification: labelling unsegmented sequence data with 5
recurrent neural networks. ICML 2006
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Framework : Spatio-temporal CNN - BLSTM - CTC

X Feature learning with Sequence learning from
End-to-end learning

alignment proposal representations

Fine-tuned

Alignment feature
P T e
Input video sequence Feature sequence

& Gloss-level segments &

A
A 4

VETZT] _ [WETTER] - WETZT] |WETTER] -
Label sequence Categorical distribution Label sequence

Figure 1. This is the overview of our staged training approach: (1) end-to-end-training the full architecture with feature and sequence
learning components to predict the alignment proposal; (2) training the feature extractor with the alignment proposal; (3) training sequence
learning component with the improved representation sequence as input, which is given by the fine-tuned feature extractor.



Recurrent Convolutional Neural Networks for Continuous Sign
Language Recognition by Staged Optimization [CVPR 2017]

|
L1 Stepl: end-to-end learning

Spatio-temporal feature extractor
CNN (VGG-S / GoogleNet) ConvlD: ;V&HTJ.IEMEE% |
convID-3-1024
maxpool1D-2
convlD-3-1024 N
maxpool1D-2 Pr(nle) = [ Pr(mnla) = H n (6)
dXN n=1
Recurrent neural net Priyle) = Y Pr(rle), 7
BLSTM-512 meB~1(y)
Lore(x,y) = —log Pr(y|z). (8)
fully connected layer
softmax A 1
L= wl*+ T Y Lere(z,y). 9)
(K+1) XN (@.y)eS
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Recurrent Convolutional Neural Networks for Continuous Sign
Language Recognition by Staged Optimization [CVPR 2017]

(1 Step2: Feature learning with alignment proposal
® alignment proposal: output of BLSTM
W to finetune the spatio-temporal feature extractor

Spatio-temporal feature extractor

CNN (VGG-S / GoogLeNet)

convlD-3-1024
maxpool1D-2

convlD-3-1024
maxpool1D-2

Recurrent neural net
BLSTM-512

fully connected layer
softmax
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Recurrent Convolutional Neural Networks for Continuous Sign
Language Recognition by Staged Optimization [CVPR 2017]

L1 Step3: Sequence learning from representations

N
Spatio-temporal feature extractor 2 = Z Pg, - Pi,. (13)
CNN (VGG-S / GooglLeNet) n=1
convlD-3-1024
maxpool1D-2 Lii(@,y) = > log(l—z)+ > logzp.  (14)
conv1D-3-1024 kEA\Y key
maxpool1D-2
Recurrent neural net Detection net A 1
BLSTM-512 conv1D-2-256 L=l + g (mges(ﬁm t pLaet)(x.y), (15)

conv1D-2-256
fully connected layer | fully connected layer
softmax softmax
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Recurrent Convolutional Neural Networks for Continuous Sign
Language Recognition by Staged Optimization [CVPR 2017]

L1 Experimental results

Input images

Our-end2end S =
Oursw/odetnet HH = = EH =EsS = BEBSE BE B = ==
OQurs Il ' '
Groundtruth Y I N  EOEe B O O =EBE O BBDBE
HEUTE NACHT ODER FLUSS NOCH SCHNEE SCHNEIEN SUEDWEST AUCH TEIL REGION SCHNEESCHNEIEN
Validation Test

Model setup del /ins/ WER | del /ins / WER

Our-endZend 163/67/462 | 15.1/74/7469

RNN 19.6/5.4/45.0 | 18.1/6.2 /448

LSTM 18.1/57/433 | 17.1/6.6/43.6

BLSTM 14.9/67/41.4 | 151/7.1/41.9

BLSTM+detnet | 13.7/7.3/394 | 12.2/7.5/38.7

Table 3. Recognition results for sequence learning stage on
RWTH-PHOENIX-Weather 2014 multi-signer dataset in [%]. We
assess the performance of different recurrent models and our pro-
posed detection net. “BLSTM+det net” stands for the employed
model with bidirectional LSTM and detection net, and “Our-
end2end” for the full model with best performance in the stage
of end-to-end training.
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Recurrent Convolutional Neural Networks for Continuous Sign
Language Recognition by Staged Optimization [CVPR 2017]

L1 Comparisons

Extra Modality Validation Test

Model setup supervision | r-hand traj face | del/ins WER | del/ins WER

HOG-3D [16] v 258/42 609 | 232/4.1 58.1
[16] CMLLR v v v |218/39 550 |203/45 530
1-Mio-Hands [18] v v 19.1/4.1 516 | 17.5/45 502
1-Mio-Hands [18]+[16] v v vV v | 163/46 471 | 152746 45.1
CNN-Hybrid [19] v v 12.6/5.1 383 | 11.1/57 388
Our-end2end v 163767 462 | 151/74 469
Ours v 13.7/7.3 394 | 122/75 387

Table 4. Performance comparison of different continuous sign language recognition approaches on RWTH-PHOENIX-Weather 2014 multi-
signer dataset in [%]. “r-hand” stands for right hand and “traj” stands for trajectory motion. “Extra supervision” imported in [ 18] contains
a sign language lexicon mapping signs to hand shape sequences, and the best result of [19] uses [18]+[16] as the initial alignment.
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Recurrent Convolutional Neural Networks for Continuous Sign
Language Recognition by Staged Optimization [CVPR 2017]

L1 Motivated by this paper...

® alignment proposal: probability distribution -> argmax-> word
W astaged optimization -> more staged optimization
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Connectionist Temporal Fusion for Sign Language
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Connectionist Temporal Fusion for Sign Language
Translation [MM2019]

L1 Temporal COV
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Figure 2: Illustration of temporal convolution opera-
tions in the TCOV module. With the filter number
chy and chs, we learn the feature embedding trans-
formation with twice 2-gram (2-item) temporal con-
volution operations.
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Connectionist Temporal Fusion for Sign Language
Translation [MM2019]

L1 Optimization

L = p1Lerc(tecov) + p2Lore(bgru) + psLeora(fl) (8)

L1 Decoding
W argmax-> delete blank -> delete continuous repetitions
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Connectionist Temporal Fusion for Sign Language
Translation [MM2019]

L1 experimental result

WER
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Figure 4: The Performances on hyper-pamamter ps;.
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Connectionist Temporal Fusion for Sign Language
Translation [MM2019]

L1 experimental result
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Ground-truth | MITTWOCH | WECHSELHAFT | AUCH | DONNERSTAG | WEITER | WECHSELHAFT |

. VAL TEST
Fusion Module Set  —a— —<rErT 0l s WER
{TCOV] 14.9 6.3 426 | 144 65 41.6
{BGRU} 108 7.3 397 | 98 81 399
(FL} 115 58 391 |11.1 64 394
{TCOV, BGRU} | 13.3 5.5 382 |12.0 59 38.1
{(TCOV, FL} 135 54 391 | 129 54 389
{BGRU, FL} 11.6 5.8 382 |10.7 6.5 385
{TCOV, BGRU, FL} | 12.8 5.2 37.9 | 119 56 37.8
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Connectionist Temporal Fusion for Sign Language
Translation [MM2019]

L1 Comparisons

Table 6: Compared with other existing methods on RWTH-PHOENIX-Weather Dataset.

Method Extra Modality VAL TEST
o supervision | r-hand traj face | del /ins WER | del /ins WER
HOG-3D [18] Vv 258 /4.2 609 |23.2 /41 58.1
CMLLR [18] v v v |21.8/39 550 [203/45 53.0
1-Mio-Hands [19] v v 19.1 /41 516 | 175 /45 50.2
1-Mio-Hands [18, 19] v Vi JooV 163 /46 471 | 152 /46 45.1
CNN-Hybrid [20] Vv v 12.6 /5.1 383 |11.1 /5.7 388
Staged Optimization [5] Vv 13.7 /7.3 394 | 122 /75 387
SubuNets [2] Vv 14.6 /4.0 40.8 | 14.3 /4.0 40.7
Dilated CNN [26] 83 /48 380 | 7.6 /48 37.3
LS-HAN [16] - - - 38.3
OUR CTF 128 /52 37.9 |11.0 /56 378
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