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Speech and Audio Processing

Nicholas Evans

Lecture 1: Introduction

Sound attributes:
e Physical quantity: intensity, fundamental frequency, spectral shape, onset/offset, phase
o Perceptual quality: loudness, pitch, timbre, timing, location

Phoneme: minimal unit of speech sound in a language (e.g. iy in feel and ih in fill)

The Short-Time Fourier Transform is a transform used to determine the sinusoidal frequency and phase of

local sections of a signal (Wikipedia).
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STFT{x[n]}(m, w) = X(m, w) = Z+io X [n]e=/em = 2 w(m — n)x[n]e /"

n=—oo

Wy, [n] is a window function (e.g. rectangular)

Logarithmic frame Energy:
log E = log|X[k]|*> = log (X7[k] + X7 [k])

Linear Predictive Coding (LPC)
X(z) _ 1

. . . . 1 .
Speech is characterized with an all-pole filter H(z) = E@) 15 ek a0 where p is the order of the

LPC analysis.
Starting with x[n] = Z§=1 aipx[n — k] + e[n], LPC aims to predict the next sample from previous samples
X[n] = ZZ=1 aix[n — k] where e[n] is the prediction error.

Yule-Walker equations: 25;1 a;®p[i,j] = ®p[i, 0] for i = 1, ..., p; where the correlation coefficient is defined

as ©,[i,j] = X xmn — ilx,[n —jl.
How to choose p? Larger values give lower prediction error (in practice between 10 and 14)

Cepstral Processing
This is another way (which works better in practice) to separate source and filter.

How? Homomorphic transformation to transform convolution into sum and then easily subtract e: X[n] =
D(x[n]) = D(e[n] * h[n]) = é[n] + A[n]

Real cepstrum of signal c[n] = if_”n In|X(e/®)| e/ dw

j2nnk
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For speech signals c,[n] = %Zﬁ;& In|X,[k] where X,[k] = Y N-3d x[n]e” n

Filter: what was said vs. Pitch: who said it (fundamental frequency of the speech).
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Lecture 2: Towards Modeling, Classification and Recognition
Modeling: a way to describe a collection of data.
Vector Quantization: regrouping closest vectors together, e.g. k-means . We should define a distance measure,
for example:
e Euclidean distance d(v, ;) = |[v — ;11> = (v — )" (v — w;)
e Mahalanobis distance d(v,u;) = (v — u;)"27 (v — ;) (use the information of alignment with the

covariance).

Lecture 3: Deterministic Methods of Automatic Speech Recognition

Two approaches to speech recognition (it’s important to know the difference!):
e Deterministic: dynamic time warping
e Stochastic: Hidden Markov Models

Dynamic Time Warping
An algorithm to measure similarities between two time series (Video).
Different acoustic performances are never the same: different speaking rate, rate fluctuations.

Those causes should not contribute to dissimilarities.

We will consider two speech patterns X = (xl, . xTx) andY = (yl, ey yTy) with (potentially different) lengths
Ty and T,,.
The dissimilarity between X and Y will be defined by a distance function d(ix, iy)

Alignment
Linear time normalization: i, = T—ilx and d(X,Y) = 22;1 d(iy, iy)
We use two

warping

b 2 O o functions to
2 \\\\\\\\ bl -',_- L A ¢y and ¢y, to

N R “-- L2 relate

| A indices  of

the two
speech
patterns.
Those

function will

point to the
vector that
we should be comparing.
Iy = ¢x(k) and iy, = ¢, (k) for k =1,..,T
Then a global pattern dissimilarity could be used dg(X,Y) = r_.d (qu(k), ¢y(k))

m(k)
Mg
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https://www.youtube.com/watch?v=_K1OsqCicBY&t
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m is a nonnegative path weighting the path and My is a path normalizing scheme.

Choosing the path? Test all paths and choose the one giving the min distortion d = m(gn dg

Time-normalization constraints:
e Endpoints constraints: ¢y, (1) = 1 and ¢y, (T) = Ty,
e Monotonicity constraints: ¢p(k + 1) = ¢ (k) we never go back in time
e Local continuity constraints: ¢(k + 1) — p(k) <1

Lectures 5, 6 & 7: Stochastic Methods of Automatic Speech Recognition

Given an Automatic Speech Recognition (ASR) system, we will calculate the probability of a word given an

PmP(O|IW) _
Py  — argmax P(W)P(0O|W).

P(W) is the language model and P(O|W) is the acoustic model.

observation arg max P(W|0) = arg max

Stochastic: instead of comparing instances (two time series) like in DTW, we compare an instance to a trained

model (it has mean and variance).

Hidden Markov Models (HMMs) are generative models, i.e. what is the probability that this model could

have generated the sequence of observations we have.

First order Markov chain: P(q; = jlqi—1 = i, qe—2 =k, ...) = P(q; = jlqe—q1 = 1) o mea wes
State transition probability a;; = P(q; = jlq¢—1 = i) this is the probability of going
to state j at time t from a state i at time t — 1 (independent of time!)

So given i, Yja;; =1

Hidden: we cannot observe the state sequence from the observations, but we can
infer it.

A very complex model can describe well the situation but will not generalize.

State-transition probability distribution: a;; = P(qe41 = jlqr =), 1<i,j <N
Observation symbol probability distribution: b;j(k) = P(0or = vilq, = j), 1<k <M
The initial state distribution: w; = P(q; = i)

The model A = (4, B, 1)

Example: the urn-and-ball model

URN 1 URN N
P{RED) = b4l1}) PLRED} = bal1) P(RED}  =byl1)
P(BLUE) =by(2) P(BLUE) = Dbp(2) P(BLUE)} =byl2)

P{GREEN) =Dby(3)
P(YELLOW) = b4}

P{ORANGE) = by(M)

PIGREEN) = by(3)
PIYELLOW) = by(4)

PIORANGE) = by(M)

PIGREEN) = by(3)
PIYELLOW) = by(4)

P{ORANGE) = by (M)

0= {GREEN, GREEN, BLUE, RED, YELLOW, RED, ......., sLuE}
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Problem 1 — Evaluation (estimate what the word is)

Given observations 0 and a model A, how to compute P(0|A1)?

We must consider every single state sequence (NT possible one) since we do not know the real state sequence.
For one particular state sequence q = (q; ... qr), the probability of O given q is P(0|q,A) = [1; P(0¢1q:, A)
Statistical independence: P(0|q, 1) = by, (01) ... by, (07)

The probability of a state sequence P(ql|d) = mq,aq,q, - Aqr_,qr

Joint probability P(0, q|1) = P(0|q,A)P(g|1)

Finally, we sum over all possible q: P(0|1) = X, P(0|q,D)P(q|A) = Xq,,..ar Tq,Pq,(01)Aq,q, - Agr_,qrPgr(OT)

This is so costly; we need a more efficient procedure!

The forward procedure
We consider the forward variable a.(i) = P(0; ...0:, q; = i|1), i.e. the probability of partial observation
sequence 0y ...0; and state i at time t given A to remove redundant calculations. And we solve for a;(i):

1. Initialization: a;(i) = m;b;(01),1 <i <N

2. Induction: a41(j) = [Tiar(Daij]bj(041), 1 <t <T -1

3. Termination: P(0|1) = XN, ar(i)

Benefit: we go from 2TNT to N2T calculations.

The backward procedure
In the same manner, we can consider a backward variable B;(i) = P(0¢41 ... 07|q; = i, 1), i.e. the probability
of partial observation sequence 0441 ... 07 given state i at time t and the model. And we solve for B, (i):

1. Initialization: Br(i) = 1,1 <i <N

2. Induction: B¢ (i) = ¥; a;jbj(0r41)fes1(), t =T —1,..,1and 1 < i <N

Problem 2 — Decoding / State assignment

Given observations O and a model 1, how to determine the state sequence q = (g4 ... qr) that explains 07

On solution is to choose states q; that are individually most likely. So we define the variable
P(0,q; =i|A P(0,q; =i|A a;(D)p:(
V) = Pl = ilo, 1) = PQa =D _ POa =il _ «@h®)
P(0|1) 2iP0,q. =il Xia (DB
We can solve for the individually most likely state at each time t:
qi = argmaxy,()),1<t<T
L

This does not consider the probability of sequences! Solution: find the single best state sequence.
Viterbi Algorithm: we define the quantity 6;(i) = max P(qq..q; = i,0;q ...0;]A) which is the best score
q

1rendt—1

along a single path that ends in state i. By induction we have &;41(j) = [miax 6t(i)aij] bj(0¢41)
1. Initialization: 8; (i) = m;b;(01),1 < i < N and Y;(i) =0
2. Recursion: §;(j) = miax[St_l(i)aij]bj(ot) and Y. (j) = arg miax[6t_1(i)aij]
3. Termination: P* = max 6r(i) and q* = arg max &7 (i)
4

Path Backtracking: qf = ¥;41(qi41),t =T —1,...,1

Problem 3 — Learning / Optimization / Training / Estimation
How to adjust/estimate the model parameters (4, B, 1) to maximize P(0[1)?

Problem: no closed form analytical solution.
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We define the variable {;(i,j) the probability of being in state i at t and at state j at t + 1.
P =1, =7j,0|1 a.(i)a;;b;(o ]
G:(i,)) = P(qr = i,qr41 = jlO,4) = (4 P‘(It0+|11) J.01) = 5 Zt( ) - ) (0cs1)Bes1 () -
i jat(l)aijbj(0t+1).3t+1(1)
We can write y,(i) = X;{;(i,j) the probability of being in state i at time t.

Y+ v:(i) = a quantity that describes the expected number of times state i was visited.

Y.+ (:(i,j) = a quantity that describes the expected number of transitions from i to j.

Estimate the model parameters:

; = expected frequency of in state i at time 1 = y; (i)

a;j — expected number of transition from i to j / expected number of transition from i = %
tre
7 . S . .. Ztop=v Ye(D)
bj(k) = expected number of times in j with vy / expected number of times in j = %
trt
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