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Automatic Speech Recognition




Automatic Speech Recognition

e Mismatch issues may come from
- Speaker (age, status, gender)

- Environment (distance, microphone, noise)
 All of these issues may happen together
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Baseline 99.64 | 95.09 [ 85.59 65.14 36.51 14.85 59.44
MMSE 99.61 | 96.38 | 90.38 7.3 52.72 24.62 68.28
MLSA 99.66 | 95.37 | 87.58 70.87 43.95 17.81 63.12
MAPA 99.64 | 96.45 | 90.44 77.11 52.25 24.21 68.09
GMAPA 99.67 | 96.97 | 92.28 80.38 56.87 217.79 70.86
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Speech Translation System

0 yo intemational airport.

K A5 8 sown |
Blikaln 0 to 1KY i al %

- Speech-to-speech translation (voice)

- Speech-to-speech translation (text)



Speech Translation on IPhone (VoiceTra4U)

iPhone S&E#0:R

munications Technology

- Speech-to-speech translation (voice)

IZAZEREEEE http://www.doraemon-miraiten.jp/intro/index.html



U-STAR Project

http://www.ustar-consortium.com/members.html
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Speech-related Applications

Education Chatbot

: Bio-acoustics
Forensics

Ay S
s>  Health Care
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| Dense Unit-level Multimodal Feature Extraction l l Session-level Feature Encoding
Baseline SVR Binary-SVR Proposed Binary-SVM
Audio Video Multimodal | Audio Video Multimodal | Audio Video Multimodal
Dim;, | 0.316 0.398 0.445 0.382 0.423 0.495 0.391 0478 0.534
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12 level Behavior Profiles”. IEEE TAC, 2017.

S.-W. Hsiao et al., “Toward Automating Oral Presentation Scoring during Principal Certification Program using Audio-Video Low-



Forensics (Speaker Recognition)
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Verification

Q: Isitreally D?
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Speaker Verification

e Detection error tradeoff curve(DET curve)

* A graphical plot of error rates for binary classification systems, plotting
false alarm rate vs. missed detection rate

— S¥M

i ______ _____ ______ ________ ______ ________ o | EER
20 _ ...... ..... ........ ..... ............ _ DNN 12.22%

11 ...... ..... ...... ........ ....... ........ ......... .....

hWlissed Detection rate (%)

1 ______ ..... ______ ........ _______ ........ ............ DNN Outperforms SVM when USing

05 _ ...... ,, ..... ........ ....... , ............ _ . .

ool ||l |l-vectorasthe feature extraction in

01 . ______ _____ ______ ________ . ________ ____________ a” Of the evaluations.

010205 1 2 & 10 20 40
False Alarm rate (%)

BrERE LRI P EAFA LR RRINLL P AE R G4 E B LS

o+



Chatbot (Distant Talking)

Poveteny (k)
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P. Lin et al., “Multi-style Learning with Denoising Autoencoders for Acoustic Modeling in the Internet of Things (loT)”. CSL, 2017.
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Health Care (Speech Emotion Recognition)

Input Utterance

/\.

Acoustic Characterlstlcs
(Fixed-length Feature)

| based on Acoustic

Acoustic Feature

Determine the category

Segment Models (ASM)

Sequence —
1 I 1 TR [asvor
Class 1
Support Vector Deep Neural Network (DNN) | | Weighted Discrete 8‘8"8
. . ~ g
Machines (SVM) K-nearest Neighbors .
(WD-KNN)
. = . s ASM of
A - 8‘8’8 Class 2
A
A ‘4 A A \--f-/
]' Integration l

System Output

* The proposed ensemble
system that incorporates
multiple knowledge
sources outperforms
individual systems

Baseline 82.4% 77.9% 40.1%
Structural SVM 83.2% 76.9% 45.0%
DNN 87.7% 81.2% 47.6%

KNN 82.4% 52.4% 40.1%

ASM 72.9% 66.3% 22.4%
Ensemble 88.2% 84.1% 49.4%

* unweighed average recall
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f . Determine the category
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Acoustic Characteristics Acoustic Feature Segment Models (ASM) ® T h e p rO p O S e d e n S e m b I e

(Fixed-length Feature) Sequence
Ty

: | 1 1 008 s | SYstem that incorporates

K-nearest Neighbors ——

Class 1
Support Vect i i 8—8—8 i d
e oy | | Pt Neual Nework x| | Weghted Discrte || (O-0-0 ) multiple knowledge

(WD-KNN)
N ||| BBE s | sources outperforms
R | individual systems

Integration

System Output

Baseline 92.8% 52.4%
Structural SVM 93.2% 56.2%
DNN 94.4% 57.5%

KNN 84.1% 51.7%

ASM 70.2% 32.9%
Ensemble 94.5% 57.8%

H.-y. Lee et al., “Ensemble of Machine Learning and Acoustic Segment Model Techniques for Speech Emotion and Autism Spectrum
Disorders Recognition”. Interspeech 2013.
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Detected duration (min)

Bio-acoustics (Biology Monitoring]
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““Improving biodiversity assessment via unsupervised separation of biological sounds from long-duration recordings”.
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Soundscape: data science of ecosystem

e Biophony: biodiversity
e Geophony: geophysical events and weather conditions
 Anthrophony: impacts of human activities on ecosystem




Large-scale soundscape projects

* Big data: large-scale, long-term monitoring

e Interdisciplinary integration: sensor network, signal
processing, ecological research e |

Be connected to a remote forest
by live sound
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Concept of passive acoustics-based
biodiversity monitoring

S C/aSSI:fication —

g animals . Statistical modeling

v

Biodiversity Dynamics of biodiversity

Image courtesy of WWF



Searching based on existing information

Choose targets Rule-based detectors

Spectrogram of a recording clip

Year-round presence of
toothed whales

) ey e . Oct 11 g -
i“o'i(.?_),“;y i il _ LI - = R
3304;\'!:1:!‘ {1 iR g i =
TR Dec 1 = =
& 20F - ect 1= T
S5 n =— o
Faiiid Jan12=
g 10 : an go
I ok < kb = kS
0 1 2 3 4 Feb12 === -
Time (sec) Mar12 | 8
(%]
Apr12 ~
i C
Detection result of tonal sounds vay12 .5
N +—
T | I I ‘ ©
E 40 -(b) a Jun12 S
> 30¢ o T~ T 3
o - > & - - -
SN 2 = NENR 3
= - .f.—-.\ - — 5-\:,/-. Aug12 -
g N $ ==== Sunset
L o ' = = A Sep12 9 .
’ 1 2 N 4 > - Q@ wes Sunrise
Time (sec) Oct12 S
Hour (GMT+0)

Lin et al. (2015) PLOS ONE



Challenge in soundscape analysis

Precision of acoustical analysis il
— Noise interference ' '

— Simultaneous sound sources

Low precision may lead to a biased
ecological interpretation

(Bioacoustics approach)

Target source 1 Detectors & classifiers ~ Target source 1
Target source 2 Target source 2
Noise 1

_ — Field recordings —
Noise 2

Unknown sources

~ Spectral & temporal

Soundscape indices complexity
(Ecoacoustics approach)



Source separation may improve the analysis of
soundscape

e Supervised approach
— Model building based on training data
— Powerful but require labeled and clean data

e Unsupervised approach (blind source separation)
— Dictionary learning

;.. t Source 1 Source 2 ﬂ
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Non-negative matrix factorization (NMF)
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Decomposition of a non-negative matrix (spectrogram)

— Basis matrix (W) : spectral feature (bricks)

— Encoding matrix (H) : temporal information (number of bricks)
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Self-learning of NMF

e |nitialize by random values or prior knowledge

e Update the basis matrix (W) and encoding matrix (H) through
iterations

Update procedure:

40
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Sparsity constraint
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e Estimate basis weights by multiple layers of NMF or CNMF
e Learn the encoding information of k sources by the sparse layer

Basis matrix

Input spectrogram

e R R 5 i S AR R S

5

H,

NMF {(CNIMF)

H,

i
! ?
L= ;, E:! .
AR AT
i s i
L ) i ]
K Lol .
: -, | k
L3 |
WL "
==1- e s "
i .
2 4 6 8 10
Feature

NMF (CNMF)

10 15 20 25
Time (sec)

Encoding matrix

0 T
P
,”/’ -
.
.
g
Eol
=]
Il
5

] \| CWLI \‘ M |20|" | ~|25 | ||| ‘

1
Time (sec)



Objectives

e Applying the MLNMF to

— Separate soundscape components from long-duration recordings

ies of animal vocalizations

ifferent spec

— Separate d

— Search target signals from noisy recordings




Fish chorus

l Envirdnmental noise

SEPARATION OF SOUNDSCAPE
COMPONENTS



Visualization of long-duration recordings

e Visualization of marine soundscape using a long-term
spectrogram
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BSS of biophony and anthrophony

Recordings collected near by the Mailiao industrial harbor,

Yunlin County

— Fish chorus

— Shipping noise

— Snapping sshri1mp sounds
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BSS of biophony and geophony

Frequency (kHz)

Recordings collected near by Waisanding sandbar, Yunlin
County
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— Current noise
— Fish chorus

— Snapping shrimp sounds
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SEPARATION OF SPECIES-SPECIFIC CALLS



Separation of different bat echolocation calls
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Reference calls of 13 bat species, that differed in spectral and

temporal features
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Deep NMF-BSS outperformed NMF-based SS

e Supervised NMF

Training stage . . Testing stage .
— Referencecalll ------------------------ > Basis matrix 1 » Separation result 1
High-pass filtering Supervised source
Feature learning by NMF separation
— Referencecall2 --—---------------mmmmm- > Basis matrix 2 » Separation result 2
Mixture

e MLNMF-4L (pre-trained)

Referencecalll — _ . . . — Separationresult 1
Mixture Blind source separation

Spectrogram prewhitening

Reference call 2 — —> Separation result 2

Feature learning
Reference calls -----------------------oooom

MLNMF-4L Pre-trained 4L

Distribution of
AUC scores

Better
performance!

. 0 05 1 0 05 1
AUC (S2) AUC (S2) AUC (S2)



Examples of separation result
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SEARCHING IN A NOISY SOUNDSCAPE
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Frequency (kHz)

Bird calls in a subtropical forest
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Dusky fulvetta (Schoeniparus brunnea)

— Common species < 2000 m elevations

Field recordings from 5 AM — 7 AM
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Data collected by National Museum of Natural Science, Taiwan



Performance of “audio search”

Prior knowledge based on the MLNMF model trained by 50 sec

!

Pre-trained R Adapted
basis matrices " basis matrices

Adaptive learning in Reconstruction of

Encoding matrices with  new testing data Adapted target source
random initials encoding matrices

v

Separation performance of Detection performance of 10
using different iterations iterations of adaptive learning
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Spatial-temporal distribution of bird calls

e MLNMF model perform well in searching the target bird call
by using a small training data (unlabeled!)

* Noise types not encountered in the training data can also be
separated effectively

30 30 30
L%
N 8
T w 20 20 20
x o
> @
5 £ 10 10 10
: = L1 1) [l
= 0 0 0
0 S ; : ; 0 1 2 0 1 2 0 1 2
17 17.2 17.4 17.6 17.8 18
Time (min)
30 30 30
-
x 20 20
2}
&
=1 10 10
o
- |
0 0
17 17.2 17.4 17.6 17.8 18 0 1 2 0 1 2 0 1 2

Time (min) Time (hr) Time (hr) Time (hr)



Improving biodiversity monitoring using SIR

 Reduce the difficulty of acoustical analysis for ecologists

— Effective blind source separation
* Soundscape components on a long-term spectrogram
e Animal vocalizations with different spectral and temporal characteristics

— Efficient supervised separation by using a small training data

Long-duration recordings

Domain knowledge Domain knowledge

Recognition database Visualization of soundscape

Supervised learning Unsupervised classification Source separation

Biological sound

Behavior of soniferous animals

Predictive modeling\

‘ | Environmental sound
Predictive modeling Anthropogenic sound

Dynamic of biodiversity



Future integration of deep learning and SIR

e Unsupervised learning (Deep AE, Variational AE)

— Improve NMF-based blind source separation

— Facilitate the collection of labeled
data with minimum manpower?

blog.fastforwardlabs.com .

e Supervised learning (CNN, RNN...) Hinton & Salakhutdinov (2006) Science
— Identification of species by learning from a large amount of training data
— Identification of behavior or individual?

0 4L IEEY

adeshpande3.github.io - el

convolution + pooling layers fully connected layers ~ Nx binary classification



Welcome for collaboration!
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Visualization of long-term spectgoram

e Reduce the redundant information by measuring

the median power spectrum
Time Domain

Spectral
Median

45



Visualization of PCNMF

e Terrestrial in noisy

Matrix decomposition

Original data

Basis clustering

Periodicity matrix
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Visualization of PCNMF

e Terrestrial in quiet
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