A Compressive Sensing Perspective of
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Automatic Speech Recognition (ASR)

* Given acoustic observation X = [X;, X, ..., X7] , goal of ASR is to find a word sequence

W =[w,, W,, ..., W] that has Maximum a Posteriori probability P(W|X)

X, :spectral features qi: phones w,: words t: time
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Exploiting Posterior Features

*  Given phone posterior probability p(q,|xX,) for phone q, at frame X, the word level posterior
probabilities can be generated by marginalization over L hidden variables w; :

P(qil|x:)
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A Compressive Sensing Approach
Phones to Word Posteriors

L
p(axlx) = ) p(@elwopwilx) whereL> k
=1
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p(q2|r:) p(g2lwr) -+ plg2lw) - plga|wr)
. = : : X p(wz|$t)
plgl|ze)]  [p(gx|wi) -+ plgg|w) -+ plgx|wr)
—_—— v - Lp(wi|z:).
———
YA Dictionary Matrix: D a

ASR can be cast as recovering high-dimensional sparse word posteriors
from low-dimensional (phonetic) observations
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A Compressive Sensing Approach
Phones to Word Posteriors
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p(axlx) = ) p(@elwopwilx) whereL> k
From DNN Qutput =1
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ASR can be cast as recovering high-dimensional sparse word posteriors
from low-dimensional (phonetic) observations
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Modeling Word Manifold (Sub-dictionaries)

word w,
i - _ [plwifze)]
p(gilz:) p(q1|wr) .
p(qz|re) p(g2|wr) :
. = x | plw|z;)
gk |2e)] pgr |wr)_ -
— - Lp(wr|ze)
| —
VA Dictionary Matrix: D

a

 Aword w lies in a complex non-linear manifold.
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word w,
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7 Manifold of a word W,
modelled by union of
subspaces in sub-dictionary:
 Aword w lies in a complex non-linear manifold defined by w

* Sub-dictionary D,, models the word manifold as a union of subspaces (called subwords)
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Modeling Word Manifold (Sub-dictionaries)
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7 Manifold of a word modelled
(04 by union of subspaces in sub-

dictionary: DW
« A word w lies in a complex non-linear manifold defined by

* Sub-dictionary D,, models the word manifold as a union of subspaces (called subwords)

e Sparse recovery chooses a low-dimensional union of subspaces from an exponentially large number of
such unions.
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Dictionary Learning

e Dictionary Learning: Finding an over-complete basis set for sparse representation

—— Dictionary | I
Training Data Learning ittt (e i I
L 6 J
* Each sub-dictionary can be learnt Independently here
t
A . 1 1, w 2
D, =arg min § E :(EHZ’& — Dgil[5 + Allewill;)
=1

Prominent methods include Online algorithm (Mairal,2009), K-SVD algorithm (Aharon and Elad, 2005).
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Sparse Recovery

* Sparse Recovery: Solving |, (or |;)-norm sparse recovery minimization for a.

Sparse f/’\'}‘o’i ;e
I i if i il Recovery Posterior
Phone
Posterior
D

Given
e z:aphone posterior vector

D :anover-complete dictionary matrix for words
a sparse word posterior (X is obtained

a = argmc%'n ||Z—Da||z +/1||cz||1

by solving the Lasso /,-norm minimization problem.
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Sparse Recovery

* Sparse Recovery: Solving |, (or |;)-norm sparse recovery minimization for a.

H Sparse Sparse
il me T Recovery T | pogenor
Phone
Posterior
, - ,
Given
e Z:aphone posterior vector How to handle
* D :anover-complete dictionary matrix for words sequential information
a sparse word posterior & is obtained inherent in Speech
signals ?

a = argmc%'n ||Z—Da||z +/1||cz||1

by solving the Lasso /,-norm minimization problem.
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Capturing Sequential Information

Contextual Embedding: Phone posterior
feature vectors are used in the framework
after appending a context (vertically
concatenating adjacent frames)

Concatenate Adjacent Frames
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Contextual Embedding: Phone posterior
feature vectors are used in the framework
after appending a context (vertically
concatenating adjacent frames)

Concatenate Adjacent Frames
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|
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e Structured Sparsity: presence of group and
hierarchical sparsity can be exploited using
techniques like Collaborative-Hierarchical Lasso
Sprechmann (or C-HilLasso) [Sprechmann, 2011].
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Posterior-based Sparse Modeling for ASR

(a) (b)

>
@&

(a) Graphical model for
the conventional acoustic
modeling

(b) Graphical model for
posterior-based sparse
modeling framework.
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Experimental Results

Effect of Increasing Context Size on Performance

e s Isolated Word Recognition (Accuracy %)

v 1 Task DTW Compressive
g = ] Sensing
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Digit Sequence 0-2-1-4-4 Connected Word Recognition (100- Word Error Rate %)
oh
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Conclusions

v' We propose a compressing sensing based alternative to traditional HMM for ASR.
v" Working in posterior domain directly gives word sequence posteriors.

v Learning a dictionary alleviates the need of huge database of exemplars needed in previous
sparse representation approaches.

v" Sequence Information can be tackled with variants of Lasso that enforce group and collaborative
sparsity.

Future Work:
# Evaluate the approach on Large Vocabulary continuous speech recognition (LVCSR) tasks.

# Improving sequential information processing by integrating Language Modeling.
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