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For the sake of simplicity, let us present here the case where one is interested in
modeling the joint probability of 2 asynchronous sequences, denoted =7 and yF with

S < T without loss of generality®.

e(i.t) = P(

Ti—1=s — L.qi=i, 2%, y5)

he probability that the system emits the next observation of sequence y at time ¢
while in state 7. The additional hidden variable 7; = s can be seen as the alignment

etween y and ¢ (and 2 which is aligned with ¢). Hence, we model p(aT, y5, ¢f , 71 ).
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i=1
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p(.x'{.;/f) = Zp(qq—:z‘.TT:S. .x'{.yls
i=1
N
= > a(i.ST1).
i=1

(;1(1'_ s, 064, 8,t)
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audio
¢ 12 channels, 48 kHz
« 1 microphone array Pustiipunt
_ Ol o 1O
video -y . O .
* 3 cameras O
all synchronized 9
Lepel Mesting Table
Microphone
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Expriment setup
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idian.ch » decompose the recognition problem
mmm.iciap.¢  both layers use HMMs
— individual action layer: I-HMM: various models
— group action layer: G-HMM
multi-modal turn-taking example
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multimodal feature extraction: video

- =

recognition with two-layer HMM

-

compared with single-layer HMM

— smaller observation spaces

- |I-HMM trained with much more data

- G-HMM : less sensitive to feature variations
— combinations can be explored

models for -HMM

* multi-stream (Dupont, TMM 2000)

HMM per stream (a or v), trained independently
decoding: weighted likelihoods combined at each frame
little inter-stream asynchrony

multi-band and a-v ASR

« asynchronous (Bengio, NIPS 2002)
— aand v streams with single state sequence
— states emit on one or both streams, given a sync variable
— inter-stream asynchrony

linking the two layers
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experiments: data + setup results: individual actions

43000 frames

- %

« visual-only - audio-only ‘ audio-visual
« asynchronous effects between modalities
* accuracy: speaking: 96.6 %, writing: 90.8%, idle: 81.5%

mmm.idiap.ch

results: group actions

multi-modality
outperforms single
modalities

two-layer HMM
outperforms single- O
layer HMM for a-

only, v-only and a-v K
best model: A-HMM 7
soft decision slightly k2
better than hard ,/
decision .

k.-

8% improvement
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