Sigh Language Recognition

Motivation:
« Most existing Continuous Sign Language Recognition (CSLR)

benchmarks are filmed in studios with a monochromatic background.

PHOENIX-2014 [1]

CSL [2]

How2Sign [3]

« Observation: Even the recent state-of-the art models suffer
significant performance degradation on random background videos
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« We propose an automatic benchmark dataset generation pipeline that

can be applied to any CSLR dataset (Scene-PHOENIX).

« We propose a new training scheme for CSLR, including Background
Randomization (BR) and Disentangling Auto-Encoder (DAE).

« We experimentally show that our approach effectively improves the
robustness to background shifts while maintaining the performance.

Grad-CAM [5] activation maps
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Disentangling Auto-Encoder

Disentangling Auto-Encoder
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PHOENIX-2014 Scene-PHOENIX
WER WERLSUN WERSUN
Method K Dev Test Dev Test Dev Test
VAC-Oracle [41] 0.IM+ 21.5 22.0 24.3 24.2 23.8 24.1
Baseline - 31.2 33.2 101.1 101.0 100.9 101.2
w/ pretrain - 254 26.1 71.0 76.6 69.9 727
w/ BR + DAE (Ours) 10 23.1 23.2 30.0 29.9 27.8 28.6
VAC - 21.2 22.3 65.0 68.8 66.7 67.5
w/ BR 1 21.9 22.9 30.0 32.4 30.5 30.5
w/ BR 10 21.2 22.4 30.1 32.0 29.5 30.4
w/ BR 100 21.5 21.8 30.0 31.9 31.7 30.7
w/ BR 1000 224 22.9 27.7 29.2 28.5 28.6
w/ BR + DAE (Ours) 1 20.6 21.5 26.4 27.7 26.3 26.1
w/ BR + DAE (Ours) 10 20.9 21.5 26.7 27.4 26.4 26.1
w/ BR + DAE (Ours) 100 21.5 21.9 23.7 24.0 23.3 23.6
w/ BR + DAE (Ours) 1000 20.8 21.7 22.9 23.4 22.5 23.1

VAC-Oracle: VAC model trained on all LSUN [6] background matted videos.

DAE not only improves the performance on Scene-PHOENIX,
but also achieves better performances on PHOENIX-2014

Qualltatlve Results
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I Grad-CAM comparison of the signer features and background features
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