


Minimum-Classification-Error (MCE) and Discriminative
Training

« A Primary Problem with the Conventional Training Criterion : Confusing sets
find A such that P(X|AM) is maximum (Maximum Likelihood) if X C;

— This does not always lead to minimum classification error, since it doesn't consider the
mutual relationship among competing classes

— The competing classes may give higher likelihood function for the test data
» General Objective : find an optimal set of parameters (e.g. for recognition
models) to minimize the expected error of classification
— the statistics of test data may be quite different from that of the training data
— training data is never enough
« Assume the recognizer is operated with the following classification principles :
{C;, i=1,2,...M}, M classes
A0: statistical model for C;
A={00}_, ;. the set of all models for all classes

X : observations
g;(X,A): class conditioned likelihood function, for example,
gi(X,A) = P (X]A1)
- C(X)=C; 1f gi(X,4) = max; g;(X,1) . classification principles
an error happens when P(X|1.() = max but X ¢C,



Minimum-Classification-Error (MCE)
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Minimum-Classification-Error (MCE) Training

* One form of the misclassification measure
0,(x,4)=-g,(x.A)+| L w g (xA) | xec

— Comparison between the likelihood functions for the correct class and the
competing classes

a=1 all other classesincluded and averaged with equal weights
a — o only the most competing one considered

d.(X )>0implies a classificaion error
d.(X )< 0implies a correct classificaion

* A continuous loss function is defined
1L(X,A)=1(d.(X,A)), X eC,
1(d)= , sigmoid function
1+ exp[—y(d —0)]
— 1(d) -0 when d —-0
1(d) —1 when d —©
0: switching from O to 1 near 0
v. determining the slope at switching point
* Overall Classification Performance Measure :

L(A) = B, L, A= SILOG A = ST (X, A)]

X i=1 XeC




Sigmoid Function

B 1
1{d) = 1+ exp[—y(d — 6)]
|(d) —»0 when d —-c0
1(d) —1 when d —
0: switching from 0 to 1 near 0
v: determining the slope at switching point
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Minimum-Classification-Error (MCE) Training

e Find A such that
A =arg min L(A)=arg min E [L(X,A)]

— the above objective function in general is difficult to minimize directly

— local minimum can be obtained iteratively using gradient (steepest)
descent algorithm
A=A —&VL(A,)
V partial differentiation with respect to all different parameters individually

t . the t-th iteration
¢ . adjustment step size, should be carefully chosen

o, OLA)
at+1 - a‘t gt aa
— every training observation may change the parameters of ALL models, not

the model for its class only

,a:anarbitrary parameterof A



Gradient Descent Algorithm
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Discriminative Training and Minimum Phone Error Rate
(MPE) Training For Large Vocabulary Speech Recognition

* Minimum Bayesian Risk (MBR)

— (A= arg mmZ R (s,10,) adjusting all model parameters to minimize the
Bayesian Risk

A {A1=1,2,. . N} acoustic models

I': Language model parameters

O, : r-th training utterance

s,- correct transcription of O,

—R (,10)=2P..u IO)LW .s,) Bayesian Risk
« u: a possible recognition output found in the lattice
* L(u,s,) : Loss function
P, (u|O,) : posteriori probability of u given O, based on A,T

O,u=s, o
— L(u,sr):{lu?&S — MAP principle

— Other definitions of L(u,s,) possible
* Minimum Phone Error Rate (MPE) Training
- (A,I) =arg maxZZP(UIOr)ACC(U,Sr)

« Acc(u,s,) : phone accuracy
— Better features obtainable in the same way
* e0. Y,=X+ Mh, feature-space MPE



Minimum Phone Error (MPE) Rate Training

* Lattice
B , Time
* Phone Accuracy
P £8 Ps
' e——r— 1 «<— Reference phone sequence
P : Pa + Pa: P3
- "HICU 1 «<— Decoded phone sequence
—— for a path in the lattice




References for MCE, MPE and Discriminative Training

* ¢ Minimum Classification Error Rate Methods for Speech
Recognition”, IEEE Trans. Speech and Audio Processing, May
1997

 “Segmental Minimum Bayes-Rick Decoding for Automatic Speech
Recognition”, IEEE Trans. Speech and Audio Processing, 2004

e “Minimum Phone Error and I-smoothing for Improved
Discriminative Training”, International Conference on Acoustics,
Speech and Signal Processing, 2002

* “Discriminative Training for Automatic Speech Recognition”,
|IEEE Signal Processing Magazine, Nov 2012



Subspace Gaussian Mixture Model

* To increase the modeling flexibility while reducing the required free
parameters

—In a triphone HMM, different states can have different number of substates

—Fixed number of | Gaussians in each substate, | = 400

— Similar to many and varying number of Gaussian mixtures in each state in
conventional HMM-GMM

— Each substate specified by a vector v,,, of S dimensions only, S = 40, while the
parameters of all Gaussians under all different triphones are determined based on
a set of shared parameters {(M;, ¥;, w;), i =1,2,--,1}

[ ( HMM State )j ]

Substate 1: V4 Substate 2 : v, Substate N; : vy,

>
>
>

[[ uelssneo
[z uelssneo
[| ueissneo
[[ uelssneo
[z ueissnen
[| ueissneo
[[ ueissneo
[z ueissnen
[| uelssneo
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Subspace Gaussian Mixture Model

* Atriphone HMM in Subspace GMM

HMM State HMM State HMM State

Gaussian

mean vector: pu,,; = M;v,,

| 1 1 1 1 1
Shared i M1 i i MZ i i MI i covariance matrix : Emi = Ef.
Ly iy oy |
Parameters i 2 :i 2:2 e i 2:I : weight : w, ;= exp (W;v,,)
W1 i W Wy Yir exp (WirVp,)

| = 400, v,,: S dimensional, S = 40
12



Subspace Gaussian Mixture Model

A triphone HMM in Subspace GMM

HMM State HMM State HMM State

Gaussian

L
M; (D xS) ['~ 400
-=- r;:r _____ : m———ee ! D =39 S =40
: M1 :: Mz o MI I Homi M, is the basis set
Shared i ¥ :i ¥ - i ¥ I (Dx1) spanning a subspace
Parameters : 1 i: 2 i : I i of mean (columns of
: Wi i W> P Ml ! mean vector : M, not necessarily

orthogonal)

13



Subspace Gaussian Mixture Model

* Atriphone HMM In Subspace GMM

HMM State HMM State HMM State

Gaussian

e i S N e ) The likelihood of HMM state j given o
‘MM, T M M I ‘
Shared | y N y. ! : y
Parameters | “1 j1 &2 oy &AL bj(0;) = ijz Wimi X NCo¢ | Wjmi ,Zi)
Wi i Wo o 1 W m1 =

j: state, m:substate, i: Gaussian

14



References for Subspace Gaussian Mixture Model

* ""The Subspace Gaussian Mixture Model- a Structured
Model for Speech Recognition", D. Povey, Lukas Burget et.
al Computer Speech and Language, 2011

« "' A Symmetrization of the Subspace Gaussian Mixture
Model", Daniel Povey, Martin Karafiat, Arnab Ghoshal, Petr
Schwarz, ICASSP 2011

* ""Subspace Gaussian Mixture Models for Speech
Recognition™, D. Povey, Lukas Burget et al., ICASSP 2010

 "'A Tutorial-Style Introduction To Subspace Gaussian
Mixture Models For Speech Recognition', Microsoft
Research technical report MSR-TR-2009-111



Neural Network — Classification Task

Features

*Hair Length
*Make-up

Classifier

Classes

16



Neural Network — 2D Feature Space

Make-Up

Male

-~ output1 - output-2 Female

linseparable
T

08

06

041

02F,

input-2
[}

-02r

041
_06 L

-08¢F

input-1

Hair Length

Voice pitch

17



Neural Network — Multi-Dimensional Feature Space

category A +

category C *
category D O

* We need some type of non-linear function!

18



Neural Network — Neurons

dendrites nucleus NEURON

/N

axon

/ axon ending (NS \
\ myelin sheath

cell body

« Each neuron receives inputs from other neurons

 The effect of each input on the neuron is adjustable (weighted)

* The weights adapt so that the whole network learns to perform
useful tasks

19



Neural Network

N f (b, + Z X Wy )

« Aot of simple non-linearity = complex non-linearity

20



Neural Network Training — Back Propagation

« Start with random weights Hidden

« Compare the outputs of the
net to the targets

 Try to adjust the weights to
minimize the error

E =5 D@y

jeoutput



Gradient Descent Algorithm

E(w,)

o

> W1

22



Gradient Descent Algorithm

Error o_i-

0.9
0.8

ok
=W, —o —

t+1 t
Updated weights I v\@\/Learning rate
Weight at t-th iteration

23



Neural Network — Formal Formulation

* Neural Network (Multi-Layer Perceptron):
—a non-linear statistical modeling tool

—architecture: input layer %, hidden layer k, and output layer y

Hidden layer (1)
Input layer (x)

h=f(Whx + bh)
y=g(WYh + bY)
f,g: non-linear functions
1 . .
(sigmoid)

1+e~2

e.g. f(2) =

g(z,) = 5o (softmax)

— W, WY: weight matrix; b", bY: bias vector

* Neural Network Training:
—with training examples (x®, D) (1®): labels)
—minimize the error function: E(W", WY,b", b¥) = ¥, ||y® — 1®)])?
— back propagation: minimizing the error function by adjusting the parameters
applied beforehand



References for Neural Network

 Rumelhart, David E.; Hinton, Geoffrey E., Williams, Ronald
J. ""Learning representations by back-propagating errors"'.
Nature, 1986.

* Alpaydin, Ethem. Introduction to machine learning (2nd
ed.), MIT Press, 2010.

« Albert Nigrin, Neural Networks for Pattern Recognition(15t
ed.). A Bradford Book, 1993.

* Reference: Neural Networks for Machine Learning course
by Geoffrey Hinton, Coursera




Spectrogram




Spectrogram

SHOULD WE CHASE

FREQUENCY (Hz)

12336 gv'qvvrrrrrnrwv‘l-rﬁ'lrn'rrlvvnrrrrrrrrv[wvvvwr]mv‘vrw-mrﬂ
| il

6168 ' 4

AMPLITUDE

—-6168 +

LLL[AALMAH'MZ;LM‘&;’JLM&L&LMMJIJJIJA ’ T
0.0 0.2 0.4 0.6 0.8 1.0

TIME (sec)
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Gabor Features (1/2)

1

2O fO¢

G(t, f) = ;——exp [‘(f A ‘“‘Z")Zl expliwg (f = fo) + iwy (¢ = £)]

Zajzc 20¢

« 2-dim Gabor filters
— 2-dim Gaussian multiplied by 2-dim sine waves
— 2-dim convolution with the 2-dim (mel-) spectrogram

* Gabor Features
— a whole set of features defined by (fy, to, afz, of, Wr, W)
— some of them simulating human perception to some degree
— spectrogram can be read by human expert in the past

— how these features are related to sounds represented by speech
signals can be learned by machine



Gabor Features (2/2)

Auditory Spectrogram

20 40 60 80 100 120 140

(a)

Cortical Spectrograms

(b)

29



Integrating HMM with Neural Networks

« Tandem System

— Multi-layer Perceptron (MLP, or Neural Network) offers phoneme
posterior vectors (posterior probability for each phoneme)

— MLP trained with known phonemes for MFCC (or plus Gabor)
vectors for one or several consecutive frames as target

— phoneme posteriors concatenated with MFCC as a new set of
features for HMM

— phoneme posterior probabilities may need further processing to be
better modeled by Gaussians

* Hybrid System
— Gaussian probabilities in each triphone HMM state replaced by

state posteriors for phonemes from MLP trained by feature vectors
with known state segmentation



Phoneme Posteriors and State Posteriors

« Neural Network Training

Hidden layer (1) Phone State
Input layer (x)

Output layer (5) Posterior Posterior
P(alx) P(b-a(1)-t|x)

P(b|x) P(b-a(2)-t|x)

o

77777722

L
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Integrating HMM with Neural Networks

« Tandem System

— phoneme posterior vectors from MLP concatenated with MFCC as
a new set of features for HMM

Input
speech

Feature
Extraction

MFCC

Y

Gaborl, J

MLP

|

v

concatenation

,| Decoding and output
search
1 4
| ! |
Acoustic . Language
Models Lexicon Model
HMM
Training
y Y

32



Integrating HMM with Neural Networks

« Tandem System
— phoneme posterior vectors from MLP concatenated with MFCC as

a new set of features for HMM

Input
speech

— ' >
Extraction I

Feature MFCC

7/}

Gaborl, J

MLP

|

concatenation

,| Decoding and output
search
| tt
|

Acoustic . Language
Models Lexicon Model
HMM
Training

A

33



References

* References for Gabor Features and Tandem System

— Richard M. Stern & Nelson Morgan, “Hearing Is Believing”, IEEE
SIGNAL PROCESSING MAGAZINE, NOVEMBER 2012

— Hermansky, H., Ellis, D.P.W., Sharma, S., “Tandem Connectionist
Feature Extraction For Conventional Hmm Systems™, in Proc.

ICASSP 2000.

— Ellis, D.P.W. and Singh, R. and Sivadas, S., “Tandem acoustic
modeling in large-vocabulary recognition”, in Proc. ICASSP 2001.

— “Improved Tonal Language Speech Recognition by Integrating
Spectro-Temporal Evidence and Pitch Information with Properly
Chosen Tonal Acoustic Units”, Interspeech, Florence, Italy, Aug
2011, pp. 2293-2296.



Deep Neural Network (DNN)

* Deep Neural Network (DNN):
— Neural network with multiple hidden layers
—architecture: with input x, N hidden layers and output y

hidden layers

h(D = f(Wo1x + bg 1)

input layer
outputlayer  pm) = F(W,_, Jh™ D + b,y )
}7 = g(WN,N+1h(N) + bN,N+1)
3 y
AR
* Property:

—able to deal with huge and complicated structure of data

« Difficulties:
— large quantities of labelled data needed for training
—very long training time needed
—solution: Restricted Boltzmann Machine for initialization



Restricted Boltzmann Machine

Restricted Boltzmann Machine (RBM):
—a generative model for probability of visible examples (p(v))
—with a hidden layer of random variables (h)

—topology: undirected bipartite graph
hidden layer: h

1
p(v,h) = - e 5D

E(v,h) = —av — bT™h — vTWh

—W: weight matrix, describing correlation between visible and hidden layers
—a, b: bias vectors for visible and hidden layers

— E: energy function for a (v,h) pair

—RBM training: adjusting W, a, and b to maximize p(v)

Property:
—finding a good representation (h) for v in unsupervised manner
— Using large quantities of unlabelled data



RBM Initialization for DNN Training

« RBM Initialization

—weight matrices of DNN initialized by weight matrixes of RBMs

—after training an RBM, generate samples in hidden layer used for next layer of
RBM

— steps of initialization (e.g. 3 hidden layers)

1. RBM training 5. RBM training

input samples

SO
ANSARL
WO

AKX RAX 73
KRR/

7. back propagation

DNN



Deep Neural Network for Acoustic Modeling

* DNN as triphone state classifier
— Input: acoustic features, e.g. MFCC
—output layer of DNN representing triphone states
—fine tuning the DNN by back propagation using labelled data

« Hybrid System
—normalized output of DNN as posterior of states p(s|x)
— state transition remaining unchanged, modeled by transition probabilities of

o' HMM
DNN
MFCC frames .‘/“\Q{i“\\\'lh\

_ «Qfl «0» “’?
)]

ORRS/




Bottleneck Features from DNN

P(alxi) P(b|xi) P(c|xi)

Size of output layer

I
: I
i 1 ! = No. of states
: —
i |
DNN | | | '
i —— new feature x;
: —1
I 1 :
: I
— L J— l

Acoustic feature X .



References for DNN

» Context-Dependent Pre-trained Deep Neural Networks for Large
Vocabulary Speech Recognition
— George E. Dahl, Dong Yu, Deng LI, and Alex Acero
—IEEE Trans. on Audio, Speech and Language Processing, Jan, 2012
« A fast learning algorithm for deep belief
—Hinton, G. E., Osindero, S. and Teh, Y
—Neural Computation, 18, pp 1527-1554, 2006
» Deep Neural Networks for Acoustic Modeling in Speech Recognition
—G. Hinton, L. Deng, D. Yu, G. Dahl, A.Mohamed, N. Jaitly, A. Senior, V.
Vanhoucke, P. Nguyen, T. Sainath, and B. Kingsbury
— IEEE Signal Processing Magazine, 29, November 2012
« Deep Learning and Its Applications to Signal and Information Processing
— IEEE Signal Processing Magazine, Jan 2011
« Improved Bottleneck Features Using Pretrained Deep Neural Networks
—Yu, Dong, and Michael L. Seltzer
— Interspeech 2011
 Extracting deep bottleneck features using stacked auto-encoders
— Gehring, Jonas, et al.
—|CASSP 2013



Convolutional Neural Network (CNN)

* Successful in processing images
e Speech can be treated as images

R Spectrogram

: .f'f:"f " '

vt
A .‘n:,

Frequency

Time
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Convolutional Neural Network (CNN)

* An example

a
Max < '

a
Max 2
pooling
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Convolutional Neural Network (CNN)

* An example

C; S| C; S; m n
mput feature maps  feature maps feature maps feature maps output
oy \'S g
3 ==, NG =T
\ o \ \ i \ \
3 B | H [ NN N\
5x5 2x2 5x5 AN %o\ N
2x2 O\
convolution \ subsampling convolution 2x2 \ \ O fully \
N\ subsampling \\ connected _
feature extraction classification
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Convolutional Neural Network (CNN)

* An example c B L
mput feature maps  feature maps feature maps feature maps output
32x32 e _28_)_(_2.8_ _li_xli_ _E)_‘I-O_ 5x5 feiiey
":\/o e, ”
i L /) M\ =

y ] -1 ':_.7‘ 0 \ \ \,\..\. . A. % ) \ \ N

= = N\ s
N T NN\ o4 N

5x5 2x2 5x5 (o))

convolution \ subsampling convolution 2x2 \ \ O fully \

Pro b a b I | 1ties of states feature extraction classification

CNN Replace DNN by CNN
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Long Short-term Memory (LSTM)

Other part of the network

Special Neuron:
4 inputs,
1 output

Signal control
the output gate

(Other part of
the network)

Output Gate

“ Forget

Input Gate

Signal control
the forget gate

(Other part of
the network)

Signal control
the input gate
(Other part of

the network)
Other part of the network

45



_ong Short-term Memory (LSTM)

|

a=h(c)f(z,)

ZO% multipl
‘/f- Output Gate p y

h(c’)

f(2,)

f(z)

| 9(z)f(z;)
“ _'@—>, multiply

Input Gate

g9(z)

@ Block

Activation function f(:) is
usually a sigmoid function

between 0 and 1 for

opening and closing the gate

¢ = g(Df @) + of ()




_ong Short-term Memory (LSTM)

« Simply replacing the neurons with LSTM

—original network

Input



_ong Short-term Memory (LSTM)

4 times of parameters | X; X; | Input

48



References

Convolutional Neural Network (CNN)

e Convolutional Neural Network for Image processing
— Zeiler, M. D., & Fergus, R. (2014). “Visualizing and understanding convolutional
networks.” In Computer Vision—ECCV 2014
e Convolutional Neural Network for speech processing
— Toth, Laszlo. "Convolutional deep maxout networks for phone recognition."
Proc. Interspeech. 2014.
e Convolutional Neural Network for text processing
— Shen, Yelong, et al. "A latent semantic model with convolutional-pooling
structure for information retrieval." Proceedings of the 23rd ACM International
Conference on Conference on Information and Knowledge Management. ACM,
2014.

Long Short-term Memory (LSTM)

* Graves, N. Jaitly, A. Mohamed. “Hybrid Speech Recognition with Deep
Bidirectional LSTM”, ASRU 2013.

* Graves, Alex, and Navdeep Jaitly. "Towards end-to-end speech recognition
with recurrent neural networks." Proceedings of the 31st International
Conference on Machine Learning (ICML-14). 2014.



Neural Network Language Modeling

* Input words represented by
1-of-N encoding
[\OOO---OlOO---O)]

|
vocabulary size

« Qutput layer gives the
probabilities of words given
the history

Prob [wjz I ‘hj]
« Example:
P=120, H=800

« Continuous space language
modeling

Neural Network

P(w;=1|h;) P(w;=i|h;) P(w;=n|h;)

t)

output
® N | lai)'o.l-l'
non—linear second
probability H hidden
estimation layer

projection

e J P L. _ layer

shared // / ,‘I “‘. \ \\
- : / — = )
projection / 71 T\ N
/ / | \ \\
/ / \
/ / | \ \ N .
,EI/ / v \ \ N input
S L & ] layer
0 1 0 0 1 0 0 1 0
'lb')' n-1 u"] n-+42 'lUJ 1
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Recurrent Neural Network Language Modeling(RNNLM)

Probability distribution of — T T T T T

next word, vocabulary size. - y(t): output layer
' ftmax: g(z,) = e’k T
using softmax: g (zy St _
Vv
Recursive structure preserves |
long-term historical context. [ | s(t):hiddenlayer | S
using logic unit: f(z) = 1;_2 1
- U
Previous word, using 1-of-N )
encoding - x(t):input layer
Eooo ......... 001000".! T

| —-—

Vocab. size



RNNLM Structure

s(t=-1)

50 = f (Z X(©uji+ ) si(t—1) wﬂ)
l

l

ye(®) = g (Z 5(6) vk,->

J

S L
Z) = 2 —
1 _|_ e_z , g 1 Zk ezk




Back propagation for RNNLM

1. Unfold recurrent structure
2. Input one word at a time
3. Do normal back propagation

()

> —

vV V vV Vv V¥

unfold
through time

>

>

byl




References for RNNLM

* Yoshua Bengio, Rejean Ducharme and Pascal Vincent. “A
neural probabilistic language model,” Journal of Machine
Learning Research, 3:1137-1155, 2003

* Holger Schwenk. “Continuous space language models,”
Computer Speech and Language, vol. 21, pp. 492-518, 2007

+ Tomas Mikolov, Martin Karafiat, Lukas Burget, Jan Cernocky
and Sanjeev Khudanpur. “Recurrent neural network based
language model,” in Interspeech 2010

« Mikolov Tomas et al, “Extensions of Recurrent Neural
Network Language Model”, ICASSP 2011.

* Mikolov Tomas et al, “Context Dependent Recurrent Neural
Network Language Model”, IEEE SLT 2012.



Word Vector Representations (Word Embedding)

1-of-N ?Z’]C
encoding EZEC

of the
word w, 4

—
—
—

—

—

» Use the input of the
neurons in the first layer
to represent a word w

» Word vector, word
embedding feature: V(w)
» Word analogy task: (king)-

(man)+(woman)—(queen)

Z,

A

dog rabbit
o)

(¢
(&)
cat

\

The probability
for each word as
the next word w,

J

o tree
o flower

@run
@jump
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Word Vector Representations — Various Architectures

e Continuous bag of word (CBOW) model

* Skip-gram

VT

N e —

Neural

Network |

predicting the word given its context

WwW. ...

Neural
Network

— =

— [P

predicting the context given a word
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References for Word Vector Representations

* Tomas Mikolov, Kai Chen, Greg Corrado, and Jeffrey
Dean. “Efficient Estimation of Word Representations in Vector
Space.” In Proceedings of Workshop at ICLR, 2013.

 Tomas Mikoloy, llya Sutskever, Kai Chen, Greg Corrado, and
Jeffrey Dean. ”Distributed Representations of Words and

Phrases and their Compositionality.” In Proceedings of NIPS,
2013.

* Tomas Mikolov, Wen-tau Yih, and Geoffrey Zweig. "Linguistic
Regularities in Continuous Space Word Representations.” In
Proceedings of NAACL HLT, 2013.



Weighted Finite State Transducer(WFST)

* Finite State Machine

— A mathematical model with theories and algorithms used to design computer programs
and digital logic circuits, which is also called “Finite Automaton”.

— The common automata are used as acceptors, which can recognize its legal input strings.
* Acceptor

— Accept any legal string, or reject it

EX: {ab, aab 1 ) *h initials@e flr?state
— - {ab, aab, aaab, .. Y= aa .q‘ .
 Transducer o o @

— Afinite state transducer (FST) is an extension to an acceptor

— Transduce any legal input string to another output string, or reject it

— EX: {aaa, aab, aba, abb} -> {bbb, bba, bab, baa} input  oytput
* Weighted Finite State Machine @ ab )

— FSM with weighted transition

— Two paths for “a
» Through states (0, 1, 1); cost is (0+1+2) =3
» Through states (0, 2, 4); costis (1+2+2) =5




WEST Operations (1/2)

« Composition
— Combining different levels of representation
—T is the compositionof T; and T, =T =T;° T,

— The fact that T mapping u to w, implying T; mapping u to v, and T, mapping v to

W. T c:aiC_lB
1 "./_-_\l TZ
a:b/0.1 [ 1 | aa04 —=
© B VA
w5 | 06 ] bel03 N\ abo4
. b2 _ b_b.D.b___Jl\l,_ 0 o 1)
\\\-\ B N—

{aa} - {ba}: 1.1
{ba} - {cb}: 1.4 =

{aa} - {cb}: 25



WEST Operations (2/2)

* Minimization
— The equivalent automaton with least number of states and least
transitions

* Weight pushing
— Re-distributing weight among transitions while kept equivalent to

Improve search(future developments known earlier, etc.),
especially pruned search

a/0

I _____"\/ . #_// b1 \'\
i — /_\ l}.r# ____)_ — \ pu—
L 30 ) c/4 _}/‘l“\,l e/0 _f R fo\\‘]"'|
10 \/ A__d/10 7&\1{ 1/,\\“ ) //
__ JENY o

Minimization




WEST for ASR (1/6)

« HCLG=H - C -~ L o G isthe recognition graph

— G is the grammar or LM (an acceptor)

— L 1s the lexicon

— C adds phonetic context-dependency

— H specifies the HMM structure of context-dependent phones

Input Output
H | HMM state sequence triphone
C triphone phoneme
L | Phoneme sequence word
G word word




WEST for ASR (2/6)

* Transducer H: HMM topology
— Input: HMM state sequence
— Output: context-dependent phoneme (e.g., triphone)
— Weight: HMM transition probability

B E/agg S1°E 8olE

(N

@ S-E ) 81E ; & sh-ah+n

{So S0 Sp S1S1 S2 82 52} — {sh —ah + n}: Aoooo Ao1

§



WEST for ASR (3/6)

* Transducer C: context-dependency
— Input: context-dependent phoneme (triphone)
— Output: context-independent phoneme (phoneme)

a-b+b:b

$-atb:a a-b+a:
$-atb b+ab -
a-a+b:a

I~

a-b+$:b
a-ataa

‘ S aba

$-at+a:a o ﬁ
o $-a+$:a > @ a b
o
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WEST for ASR (4/6)

* Transducer L: lexicon
— Input: context-independent phoneme (phoneme) sequence
— Output: word
— Weight: pronunciation probability

ps >@ iye

a:apeech

dh:the:

dh:the

L.k

{s,p,iy,ch} — speech
{dh,ax } - the



WEST for ASR (5/6)

* Acceptor G: N-gram models
* Bigram
— Each word has a state
— Each bigram wlw?2 has a transition wl to w2

— Introducing back-off state b for back-off estimation.

— An unseen wlwa3 bigram is represented as two transitions: an e-transition
from w1l to b and a transition from b to wa3.

Wy Wo/p(w, [ w)) F

J

(3R
%
'z
)
&




WEST for ASR (6/6)

* Acceptor U: utterance

— Transition between the state labeled t-1 and the state labeled t giving
the posterior probabilities for all HMM states given frame t

.\'1.\‘1-23 .\'1.\‘143 ,\‘1,\‘1]_]_

frame 1 frame 2 frame 3

« Decoding
—w' =argmax,, U (H>C-L-°G)

— (H - C -~ L -~ G) replacing the conventional tree structure expanded by
lexicon trees, built off-line

— U=~ (H - C- L - G)constructing a graph given U, over which all
constraints or criteria for search can be applied
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Prosodic Features (1)

« Pitch-related Features (examples in Mandarin Chinese)

— The average pitch value within the syllable
—  The maximum difference of pitch value within the syllable
—  The average of absolute values of pitch variations within the syllable

—  The difference of such feature values of adjacent syllable boundaries ( P,-P,,
d,-d,, etc.)

400

\
J

300

200

fundamental
frequency (Hz

100

1 3 5 7 9 11 13 15 17 19 21 23 25 27 29 31 33 35 37 139
frame number

— at least 50 pitch-related features
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Prosodic Features (II)

« Duration-related Features (examples in Mandarin

Chinese)
syllable boundary  pause pa‘use syllable boundary
\

l— A —1— B —l a l— Cc -l b J— D —1— E -l

t begin of utterance end of utterance—T
' o Pause duration b o Combination of pause & syllable
o Average syllable duration features (ratio or product)
| (B+C+D+E)/4 or ( (D+E)/2 + C)/2 C*b , D*b, C/b, D/b
' o Average syllable duration ratio o Lengthening C/( (A+B)/2)
:\ (D+E)/(B+C) or (D+E)/2 /C o Standard deviation of feature values

e e o e o e e e Em e e Em e Em e e e e Ee e E e e mm e e M e E e e Em e M e e E e M mm e M e e Em e e m e e e mm e e e e e e e e e e = = PP

— at least 40 duration-related features

« Energy-related Features
— similarly obtained
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Random Forest for Tone Recognition for Mandarin

e Random Forest

— a large number of decision trees

— each trained with a randomly selected subset of training data and/or a
randomly selected subset of features

— decision for test data by voting of all trees




Recognition Framework with Prosodic Modeling

« An example approach: Two-pass Recognition
Wi Wy W3 Wy Ws
I

_ 2nd pass:

Input | st pass: Rescoring Recognition
Speech Baseline with Prosodic Results

Recognition modeling

g ™~ -~ ™ ™

F&coustiﬂ Languagew {Prosodckl 7\

Model Model Model (|| X ]
~_ N o ’{i)?\ /

* Rescoring Formula:

Prosodic
SW)=logP(X|W)+24logP(W)+2, Iog nodel

A Zp+ Weighting coefficients
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Personalized Recognizer and Social Networks

* Personalized recognizer is feasible today
— Smart phone user Is personal
 each smart phone used by a single user

« user identification is known once the smart phone is turned
on

— Personal corpus is available
« Audio data easily collected at server
 Text data available on social networks



Personalized Recognizer and Social Networks

~ Client. Recognition Module in the Cloud
I Recognition Engine

Language Acoustic
Model Model
Adaptation | | Adaptation

Web ,\
Crawler
Social
Post transcriptions I Network :
User’s Wall| Personalized
facebook COUStIC Dat
| [ — -
.g, -
[~ By
H;ﬁ:w

Friend 2 /
(4% \ Friend 3
2

Social Network Cloud
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Language Model Adaptation Framework

user

Social Network

Cloud

/AN

user
1 | user

4

user

H: Personal Corpora

user
5

Collection

Ay >
u- N — I
target u COh?Ollda- 3] Intermediate
Training tion LM(s)
7 ~— _
D,: ‘ — —
. N— -
target u Maximum
Develop Likelihood le—— Background
7 Interp. LM
N— A
\ 4
N— 1 D— -
user Personalized Personalized
6 LM AM
—7 ~—— ) N— _

Recognition Engine




References for Personalized Recognizer
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Recognizing Code-switched Speech

o Definition

— Code-switching occurs from word to word in an utterance
— Example : & 4 7 £ i® Fourier Transfo
1

rm npF ik

\Z

“Host” language

« Speech Recognition
— Bilingual acoustic models, language model, and lexicon
— A signal frame may belong to a Mandarin phoneme or an English phoneme, a Mandarin
phoneme may be preceded or followed by an English phoneme and vice versa, a Chinese
word may be preceded or followed by an English word and vice versa (bilingual triphones,
bilingual n-grams, etc.)

Speech Utterance

e

\Z

“Guest” language

Code-switched System

-

—

Acoustic Model

—

v

Mandarin

English

——

I

—— Language Model 3

Mandarin English
~— Lexicon —
Mandarin English

~

Viterbi
Decoding

v

iz 1 complexity {% &
A F 7 iPadenfie i 77



Recognizing Code-switched Speech

« Code-switching issues

— Imbalanced data distribution

« There are much more data for host language but only very limited for guest
language

« The models for guest language are usually weak, therefore accuracy is low

— Inter-lingual ambiguity

« Some phonemes for different languages are very similar but different (e.qg.
7 vs. B ), but may be produced very closely by the same speaker

— Language identification (LID)
o Units for LID are smaller than an utterance

 Very limited information is available

Language Identification

=y A S Fourier Transform | e | 278
Mandarin English Mandarin

Statistics of DSP 2006 Spring

B Mandarin ™ English
15%
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Recognizing Code-switched Speech

« Some approaches to handle the above problems

— Acoustic unit merging and recovery
« Some acoustic units shared across languages: Gaussian, state, model
 Shared training data
« Models recovered with respective data to preserve the language identity
— Frame-level language identification (LID)

 LID for each frame
* Integrated in recognition

Integration of Language Identification
and Speech Recognition

- -~ N Code-mixed J )
-' o == s F
| i 1 I Bilingual [ Bilingual
: | : | Acoustic I Language
: : 1 : Model Viterbi Model
1 .
| N—_—~ Decoding SN—
I YW N KV 1T\ VYN KV N | s
: : I : Y e Procedure
| . H I ~ N
1E A E g A E | : : —
1] &G Jeennes &, 7} TIIT I a [ 7} 73 TIITT a | Language Bilingual
s R E I & 1 5118 Sh Detector  |: Bilineual .
Ll I = o I > | = o =] : : lingua Lexicon
I I I I = J: Transcription |
1 | I 1 EasssssmsmsEmEEEEEES ——/- \—JS)
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1.

“An Improved Framework for Recognizing Highly Imbalanced
Bilingual Code-Switched Lectures with Cross-Language Acoustic
Modeling and Frame-Level Language Identification”, IEEE/ACM
Transactions on Audio, Speech and Language Processing, Vol. 23, No.
7, 2015.

“Recognition Of Highly Imbalanced Code-mixed Bilin-gual Speech
With Frame-level Language Detection Based On Blurred
Posteriorgram,” ICASSP, 2012.

“Language Independent And Language Adaptive Acoustic
Modeling For Speech Recognition,” Tanja Schultz and Alex Waibel,
Speech Communication, 2001.

“Learning Methods In Multilingual Speech Recognition,” Hui Lin,
Li Deng, Jasha Droppo, Dong Yu, and Alex Acero, NIPS, 2008.



Speech-to-speech Translation

. Source Language __, . Target Language __,
Speech _ Text Text —»  Speech
( Speech ) Machine (Text—to—speech)
recognition Translation synthesis

— L, ot -

 Language difference is a major problem in the globalized world
« For N languages considered, ~ N? pairs of languages for translation
 Human revision after machine translation feasible



Machine Translation — Simplified Formulation

 Source language (Foreign) f:
—word set (dictionary): F
—a sentence: f = f,f,...f;...T,, f;,€F J: number of words

 Target language (English) e:
—word set (dictionary): E
—a sentence: e = e,e,...6;...6,, &;€E, I: number of words

« Statistical Machine Translation (SMT) task:
—model p(e|f)
—given a new source language sentence ', e’ = argmax, p(e|f’)
—e' = argmaxy s, p(elf")
Y (f'): a smaller set of e considered
—plelf) = p(fle)p(e)/p(f) x p(fle)p(e) (Bayesian theorem)
—p(e): language model
—p(f|e): translation model




Generative Models for SMT

« Language model (p(e)):
—conventional n-gram model
—recurrent neural network
—domain adaptation can be applied (corpus collection needed)

» Translation model (p(fle)):

—p(fle) = Xap(fle,a)p(a), a: alignment
—p(fle, a): unit (word/phrase) translation model

—p(a): reordering model
—Example for an alignment:

f, 6 f, f f f For this example alignment a
R p(fle,a)= p(Helftr)*p(is|2)...
& —fir 5K B 2% - p(a)=p(a: He<-->Attr, is<-->7%,....)
TS RS T All probabilities trained with parallel
bilingual corpora aligned or not



Generative Models for SMT

« Unit translation model p(fle,a):
—Based on unit translation table:

—Examples:
p(book|ZE) |0.95
p(write|&) |0.05

p(walk|E)

0.8

p(leave|iE)

0.2

—Tables can be accumulated from training data




An Example of Reordering Model

* Lexicalized reordering model:
—model the orientation
—orientation types: monotone(m), swap(s), discontinuous(d)
—EX. p(fi<-->He,j&<-->is...)=p( {{tr,He,(m)}, {%,is,(m)}/, {—fir,a,(d)},
{&R.NTU,(s)}, {HY,0f,(s)}, {F% professor,(d)} )

| } Probabilities trained with

7 -y
~ (m) parallel bilingual corpora
=
- —O~

He is a professor of NTU



Modeling the Phrases

Mary

did

not

slap

the

green

witch

Maria no dabha una =)

bofetada bruja
la T verds
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Decoding Considering Phrases

Phrase-based Translation

— first source word covered
— last source word covered
— phrase translation considered
— phrase translation probabilities trained

Maria no daba una bofetada a la bruja verde
Mary not give a slap to the witch green
did not a slap by green witch
no slap to the
did not give to
the
slap the witch
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Overview”, IEEE Transactions on Audio, Speech and Language
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