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Problem Statement

Can you learn a sign model given multiple sentences
containing that sign? The model should be robust to
movement epenthesis.

In the following two sentences, the target word to learn Is

BUY. The ground truth frames representing the sign ‘BUY’

are marked in red, and neighboring signs are marked in
magenta. The frames in between indicate movement
epenthesis I.e. the transition between signs.
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Problem Formulation
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Maximize the joint probability over Set of parameters (0) defining a
the substring parameters (9) 5& of substrings (red segments)
of the set of input sentences

Some Extracted Signemes
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Algorithm Overview
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Features: Relational Distributions.

e Distribution of displacements
between edge points.

» Captures global statistics

« Can be computed efficiently by
sampling.

» Other feature choices are possible
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Edge Sequences
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Videos of N sentences with one
common sign
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Problem Solution: Iterated Conditional Modes (ICM)
comment: Chooses (aj,wy,---,a,,w,) that maximizes the distribution p(a,wi,---,a,, wy)

comment: Initialization:

0 ..,0 0 .0
0y — {aj.wy,---,a,,w,

repeat
(
for i — 0 ton

)
comment: Jointly sample a;,w;. L; is the length of sequence §;

for w;, — A to B
d for a; —Oto L;—w;+1
0
do g(aivwile(a,:,w;)) — €XP (—Bzﬁﬂd(%"aﬂf))

comment: Normalize

for w;<— A to B
for a, —0to L;—w;+1
“ { do f (@ wil8l,)) = 5 a5
aj,wi < ARG MAX (f(ai,wil04; w;)))
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http://marathon.csee.usf.edu/ASL/SignemeExtraction.html

Computed vs. Ground Truth Start and End Points
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(a) Video Start Point Estimation
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(b) Video End Point Estimation

Conclusions

Extracted sign segments (signemes) match ground truth.

No need for sign glosses.

Can be used for automated generation of training data

Demonstrated it on audio data too.
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