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Motivation

Why Keyword Spotting?

m Motivation 1: Humans detect keywords in speech. Once important
keywords are detected, decoding the entire speech can become trivial.

m Motivation 2: Applications like (indoor automation, human
machine interface etc.)

Motivation 3: Searching for one word or a phrase over 100 hrs of data
(e.g.: from You-tube) just like searching a text document for words!

m Motivation 4: Numerous Cyber-Physical System applications, e.g.
telemedicine, smart security etc.
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Section 2

Short Review of Point Process Models (PPM)
m Training: Generating phonetic events from posteriorgrams and their modelling
m Decoding: Keyword searching with Poisson Process Models
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Motivation

Short Review of Point Process Models (PPM)
m Training: Generating phonetic events from posteriorgrams and their modelling

Discriminative Training of PPM

Unsupervised Online Training of Point Process Models

Posteriorgram Filtering based Keyword Spotting

I Adaptive Matched Filtering Based Fully Unsupervised KWS
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Training: Generating phonetic events from posteriorgrams and t

Generating phonetic events from posteriorgrams

Phonemes
-

352,07 F 0T, 2,

»

5 zn
Frame Number

m Select a threshold &, which is typically of the range 0.2 — 0.5

m  Threshold the posteriorgram to get the sparse phonetic events

« But how do we model these sparse events?
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ng: Generating phonetic events from post r modelling

PPM with piecewise-constant \
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Flgu [€: Posteriorgram and phonetic events for an instance of greasy

= Maintain 61 X 10 counters C' counting the number of event occurrences for each section and each realization of greasy &
counter T" accumulating the total time of all the training instances
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= Maintain 61 X 10 counters C' counting the number of event occurrences for each section and each realization of greasy &
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Flgu [€: Posteriorgram and phonetic events for an instance of greasy

= Maintain 61 X 10 counters C' counting the number of event occurrences for each section and each realization of greasy &
counter T" accumulating the total time of all the training instances

i _ _C
m  The lambda matrix A = T/10

= This is the solution of A obtained my MLE estimation
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Decoding: Keyword searching with Poisson Process Models

Word Duration Model P(T'|w)

m Obtain all keyword durations
from the training set

m Fit a Gaussian distribution to
the obtained keyword duration

data 1
m If p is the mean duration, we I
take 4 probable durations of s
keyword p + [—1,0,1,2]o for -
deCOding at eaCh tlme instant Figure: Word duration model for keyword greasy
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Discriminative Training of PPM

Change in Objective Function

Original ML optimization problem:

R D (K w) 7w
>\(w> = s n(la)% log H H H (A(p’ug)"rp,d exp <7>\§)wd) 7) (1)

pEP, 1<d<D al) Kw=1peP d=1 ’ D

Discriminative optimization problem:

1
- (Kw) %
/ (Kw) K
<Hlf§fﬁ=1 Mpep R OSP4 exp (_A;wtg TTw))
i(pwd) = arg ma); log
peP,1<d<D Ap“’d (Ky) Kl Twel
) (w)\" « )T(Ku) Y
Mycw, <HKy=1 [per Hd 14 kS a exP( A;,Ud

s K, is the number of keyword training samples for the keyword
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Discriminative optimization problem:
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s K, is the number of keyword training samples for the keyword

(Kg)
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] is the count of phoneme p in the dth segment of the training sample number K, for keyword =
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Discriminative Training of PPM

Change in Objective Function

Original ML optimization problem:

R D (K w) 7w
,\<“’> — arg max log II TII H(,\;wg)np,d exp<7)\(w)7> (1)

p,d
pEP, 1<d<D Al Kw=1peP d=1 D

Discriminative optimization problem:

1
w) K K
<HKw e T2 G4 oxp (20 750 )) i
)\(wd) = arg max log T
pEP,1Kd<D ) ) e L\ Twel
(w)\7 (w) 7\ Fy) Ky Yy
[yew. <HKy=1 [pep ITE- 1(Ap ) d exP( Ap,d ))
)
s K, is the number of keyword training samples for the keyword
0 n( :r)

is the count of phoneme p in the dth segment of the training sample number K, for keyword =

m w, is the set of competing words for the keyword w
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Discriminative Training

Solving the Maximization Problem

From First Order Condition:

nEw) 1 Ky)
ZKU,—I p,d mzyewc Z =i p7 ]

S _ —= p 1 (3)
D [Fw ZKZ:l THw) — Twe] ZyEwC ZKy_1 )}
From Second Order Condition:
1 Ko Ky
K Z ]w\ Z Z p,dy (4)
w K,=1 YEWe =1

The second order conditions depend strongly on the data, we have
to put in more control
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Discriminative Training

Modified Objective Function:

1

) =
w (" +Ky ) w) p(Kw) Ky
() <ka71 pep ITE- 1(>‘( D T ( )‘; pRass )) )
o\

= arg rrzaﬁ log .
pEP, dE{l 2,..D} Ap“’d X - P =
7 Ky w w) 7(Ky) Ky
Myew, (HK;:l [lyer Hle()\( )) p.d exp (7)‘;@) Ty ))
(5)
o (Ky)
$(w) Z =il ”( ) - \wlc\ Y yecwe EKy_l ny ] + Yp,d o
- 6
p,d
% [ & Thu- = St w0

m 7yp 4 is the stabilizing factor required for the optimal solution to satisfy the second order optimality condition
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Modified Objective Function:

1

"L ) & U
( +Kuwp,d) exp ( )\;)wd) T(Il;w) )) 3
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A(w> = arg max log
1

1

(w)
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’ K, w w) p(Ky) Ky
Myewe | Mx’mn Mpep T2 OFD" pid exp (-am =52 )
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Koy (Kw) K, (Kqy)
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= 6

( ) —
p.d 2
1 1 Koy Kw) — Z (Ky)
[ wEKw T(Kw) \w|§ ygw(( Ky7 T(Ky))
m 7yp 4 is the stabilizing factor required for the optimal solution to satisfy the second order optimality condition
m A suitable value of v, g is selected for each phoneme p and segment d for each keyword such that the solution eq. (6)

is the optimal solution
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Modified Objective Function:
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()
peEP, dE{l 2,..D} A ) W) S
' K, w w) (Ky) )
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(®)
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1
= Twe] XyEwe
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(
p,d >
1 1 Koy Ku) _ (Ky)
|25 =fe_, 70w - g Sy € we(g TR, TEW)|

Vp,d is the stabilizing factor required for the optimal solution to satisfy the second order optimality condition

L]

m A suitable value of v, g is selected for each phoneme p and segment d for each keyword such that the solution eq. (6)
is the optimal solution

m  The stabilizing factor vy,, 4 can be interpreted as a boost in the number of phonetic event count n “’) by an extra

Yp,da number of phonetic events
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Combination of PPM and DPPM

PPM-DPPM Detector Combination

m DPPM suppresses false alarms very well, however, DPPM also
misses some true keyword locations.
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m DPPM suppresses false alarms very well, however, DPPM also
misses some true keyword locations.

m We propose a combination of the detector functions obtained

from PPM and DPPM (ngPPM)(t) and dSUDPPM)(t) respectively) for
keyword w to utilize the merits of PPM & DPPM
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Discriminative Training of PPM

Combination of PPM and DPPM

PPM-DPPM Detector Combination

m DPPM suppresses false alarms very well, however, DPPM also
misses some true keyword locations.

m We propose a combination of the detector functions obtained
from PPM and DPPM (ngPPM)(t) and dSUDPPM)(t) respectively) for
keyword w to utilize the merits of PPM & DPPM

m We obtain dSUPPM_DPPM) as

dPPM) (#) for dPPPM) () >
(DPPM) (#) for d(PPPM) )

dq(UPPMfDPPM) (t) _ { (7)

Qo
< Oy

m The value of «y, is chosen according to the best performance
achieved on a development set for each keyword w.
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Experimental Setup

Experimental Setup

m 14 keywords chosen from TIMIT (dark, suit, greasy, wash, water, year, carry, oily, always, about, through, enough,
every, children) and the Boston University Radio Speech corpora (boston, city, committee, government, hundred,
massachusetts, official, percent, president, program, public, thousand, year, yesterday)
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m 14 keywords chosen from TIMIT (dark, suit, greasy, wash, water, year, carry, oily, always, about, through, enough,
every, children) and the Boston University Radio Speech corpora (boston, city, committee, government, hundred,
massachusetts, official, percent, president, program, public, thousand, year, yesterday)

= TIMIT:
4620 sentences in the TIMIT training set for training PPM as well as DPPM.

Test and development set of 740 sentences consisting of all the sentences of 24 speakers from TIMIT core test
set (24 X 10 = 240 sentences) as well as all the speakers in the development set used by Kaldi TIMIT recipe
(50 x 10 = 500 sentences). Half of these sentences is used for development and the remaining half is used for
testing purposes.
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4620 sentences in the TIMIT training set for training PPM as well as DPPM.

Test and development set of 740 sentences consisting of all the sentences of 24 speakers from TIMIT core test
set (24 X 10 = 240 sentences) as well as all the speakers in the development set used by Kaldi TIMIT recipe
(50 x 10 = 500 sentences). Half of these sentences is used for development and the remaining half is used for
testing purposes.

= BURS:
All sentences spoken by the speakers F1A, F2B, M1B, M2B, M3B for training
The development set and the test set consist of the sentences spoken by the speakers F3A and M4B respectively
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Discriminative Training of PPM

Experimental Setup

Experimental Setup

m 14 keywords chosen from TIMIT (dark, suit, greasy, wash, water, year, carry, oily, always, about, through, enough,
every, children) and the Boston University Radio Speech corpora (boston, city, committee, government, hundred,
massachusetts, official, percent, president, program, public, thousand, year, yesterday)

= TIMIT:
4620 sentences in the TIMIT training set for training PPM as well as DPPM.

Test and development set of 740 sentences consisting of all the sentences of 24 speakers from TIMIT core test
set (24 X 10 = 240 sentences) as well as all the speakers in the development set used by Kaldi TIMIT recipe
(50 x 10 = 500 sentences). Half of these sentences is used for development and the remaining half is used for
testing purposes.

= BURS:
All sentences spoken by the speakers F1A, F2B, M1B, M2B, M3B for training
The development set and the test set consist of the sentences spoken by the speakers F3A and M4B respectively

m  Performance Measures:
AROC = % where A is the area under the ROC curve upto a false alarm rate of f

Figure of Merit (FOM) score - average of detection probabilities at 1,2, . .. 10 false alarms/keyword/hour.
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Results of DPPM

DPPM Supresses False Alarms
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Results of DPPM

DPPM Supresses False Alarms
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Comparison of PPM, DPPM and PPM-DPPM

TIMIT BURS

Keyword PPM DPPM__|PPM-DPPM| PPM DPPM _|PPM-DPPM|  Keyword PPM DPPM | PPM-DPPM | PPM DPPM __|PPM-DPPM
about 60 0 60 98.54 81.53 98.93 boston 68.96 63.75 68.96 92.63 89.91 92.63
always 50 60 50 94.35 70.69 94.35 city 7.86 11.43 7.86 90.98 77.68 90.98
carry 96.58 96.84 96.58 95.65 88.54 95.68 i 61.67 65 61.67 97.57 96.74 97.57
hildren 100 66.67 100 98.64 65.63 98.64 [¢] 35.41 16.49 35.41 77.27 64.91 77.27
dark 97.11 97.11 97.11 94.76 83 94.82 hundred 54.58 41.88 54.58 86.7 71.62 85.65
enough 100 100 100 100 100 100 massachusetts | 80.26 80.26 80.26 97.54 97.54 97.54
every 63.33 83.33 63.33 92.09 91.85 92.09 official 44.8 57.6 57.4 61.75 90.51 90.31
greasy 97.3 97.3 97.3 94.63 77.29 94.63 percent 56.67 56.25 56.67 95.89 95.95 95.89
oily 95.41 94.05 95.41 97.34 93.45 97.34 president 46.88 3.75 46.88 90.15 51.52 90.15
suit 94.86 93.24 94.86 96.45 86.61 96.48 program 67.61 53.89 67.61 94.15 88.26 94.09
through 33.33 86.67 33.33 96.82 90.2 96.97 public 14 9.2 14 74.79 52.74 74.79
wash 97.3 96.76 97.3 95.45 77.6 95.45 43.89 40.56 43.89 81.45 87.19 81.45
water 96.84 97.11 96.84 95.63 82.31 95.64 year 77.83 77.83 77.83 96.12 96.12 96.12
94.1 94.62 94.87 89.92 84.08 90.44 esterda 33.18 45 33.18 85.06 88.64 88.56
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Section 4

Unsupervised Online Training of Point Process Models
m Proposed Learning Algorithm
m Experimental Setup
m Results
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H(Kstart)

m Initialize a PPM with parameters learnt from Kgigrt

training samples of a keyword
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Unsupervised Online Training of Point Process Models

Proposed Learning Algorithm

Initialization

start) Jaarnt from Katart

= Initialize a PPM with parameters 0.
training samples of a keyword

m Estimtae an initial keyword detection threshold (K1)

m Initial learning factor /(K sqr¢) is taken to be 1, assigning full

confidence on the K¢ initial samples
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Unsupervised Online Training of Point Process Models

Proposed Learning Algorithm

Initialization

start) Jaarnt from Katart

= Initialize a PPM with parameters 0.
training samples of a keyword

m Estimtae an initial keyword detection threshold (K1)

m Initial learning factor /(K sqr¢) is taken to be 1, assigning full
confidence on the K¢ initial samples

m Ko = 10

SPIRE LAB, IISc, Bangalore



Unsupervised Online Training of Point Process Models

New Location and Duration Hypothesis

m ~(k — 1) be the determined threshold after the (k — 1) e

3 ()
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Input speech [A] Compute the detection
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Proposed Learning Algorithm

New Location and Duration Hypothesis

m ~(k — 1) be the determined threshold after the (k — 1)

. . -
keyword detection ° oY
0 q . k k . .
= k" sample is detected in the region [7—1( ), ré )] where : Input speech [A] Compute the detection
dyw (t) > v(k—1) o function d, ()
i ldum
LoAk-1)
. 4 [B] Determine the location ¢*)and
N ° ) duration 7% of new keyword
. b

(t, 7))

[D] Update
learning factor

[E] Update PPM
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Proposed Learning Algorithm

New Location and Duration Hypothesis

m ~(k — 1) be the determined threshold after the (k — 1)

keyword detection : o1
m k" sample is detected in the region [Tl(k) s rék)] where :  Inputspeech [A] Compute the detection
@y (t) > ’Y(k — 1) o function d, (1)
m End location t(¥) of the k' keyword is determined as i ldw(t)
T ak-1)
(k) ; 4 [B] Determine the location ¢*)and
t Sewg o EEE day (t). : L) duration 7% of new keyword
SR .

(t, 7))

[D] Update
learning factor

[E] Update PPM

o)
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Unsupervised Online Training of Point Process Models

Proposed Learning Algorithm

New Location and Duration Hypothesis

m ~(k — 1) be the determined threshold after the (k — 1)

keyword detection

Kkth

sample is detected in the region [T

1

doy (t) > v(k — 1)

(k) (k)]

k) where

m End location t(¥) of the k' keyword is determined as

m Also, let the

t(k) = arg ( max
k
Ty T <t<Tg
Br = max
T£"’)<t<75k)
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Unsupervised Online Training of Point Process Models

New Location and Duration Hypothesis

m ~(k — 1) be the determined threshold after the (k — 1) e -
keyword detection . 0%

= k" sample is detected in the region [Tl(k) s rék)] where : Input speech [A] Compute the detection
dyw (t) > v(k—1) o function d, (1)
m End location t(¥) of the k' keyword is determined as ‘ ld“‘(t)

Lok-1)
(k) ; 4 [B] Determine the location ¢¥)and
t = arg max do (t). : L) duration 7% of new keyword
B cpor (R !

(15, 1)

m Also, let the

Br = max dyy (t).
(B cp e r ()

[D] Update
learning factor

» Duration T(5) of the kt" keyword occurring at time t(F)

T(k> = arg

k k—1)) v
ne{flfgm}P(Ouw+mu, ™) | + now, 6 ))5 (F] Update PPM

B (k)
X B(pw + noy|w) % nocococcnccconcans O

(8)

where P(O (t)) is the event/observation at time ¢ for a
duration T'.
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Unsupervised Online Training of Point Process Models

Updating v(k) After k' Detection

u After kth keyword detection, obtain the set I P

o1
k) & . '
MF) () = 1<k <k 9 Input speech [A] Compute the detection
< ) {Bk ‘ - - } ( ) B 5 function d,, (1)
i ldum
Lok-1)
. 4 [B] Determine the location ¢*)and
N ° ) duration 7% of new keyword
. -y

(t, %)

[D] Update
learning factor

[E] Update PPM

o)
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Unsupervised Online Training of Point Process Models

Updating v(k) After k' Detection

u After kth keyword detection, obtain the set I P l .
gl
(k) = - <k< : Input speech [A] Compute the detection
M (w) {Bk‘l <k <k} 9) Lo fl:mcuonu,.m I
" _ ' a.(0)
m Update (k) after k*" keyword detection i 1)
. 4 8] Delermlne the location ¢(*) and
(k) B 0.1 % median(M(k) (w)) for k = Kotart : :'y(k) duration 7 of new keyword
v ~ 0.5 x median(]w(k) (w)) for k > Kstart : (), 7))
(10) : :
0L = (S =AY + A= akDhpa
|p€P,1<d< D}
[D] Update
- learning factor
k=1 (R
a(k) = ﬁ (12)
23 (k)
i T i

[E] Update PPM

o)
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Unsupervised Online Training of Point Process Models

Updating the Model and Learning Factor a(k)

m Parameter set before k'" detection e

o1
k—1) (k—1) : .
0 ={x €P,1<d<D 13 © Inputspeech|  [A] Compute the detection
w p,d P == - ( ) . — ™ function a,,(r)
i l du(t)
LoAk-1)
. 4 [B] Determine the location ¢*)and
N ° ) duration 7% of new keyword
. -y

(t, 7))

[D] Update
learning factor

[E] Update PPM

o)

SPIRE LAB, IISc, Bangal



Unsupervised Online Training of Point Process Models

Updating the Model and Learning Factor a(k)

m Parameter set before k'" detection e l e
=
olk—1) — {,\“””*1)‘ €P,1<d<D} 13 * Inputspeech|  A] Compute the detection
w p,d P == - ( ) . — ™ function a,,(1)
o du(t)
m  Obtain the parameters of the k" sample i 1)
. 4 [B] Determine the location ¢*)and
A ] np,dD : o duration 7 of new keyword
b= {Spa="Li-|peP1<d<D}} (1) G

(t9, 7))

[D] Update
learning factor

[E] Update PPM

o)
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m Parameter set before k'" detection

=1 {,\;’f;”‘pep,lgng} (13)

m  Obtain the parameters of the Kth sample

A Q ny aD
Ow = ¢ Apd = T |P €P,1<d< D} (14)
m Update the model as

(k) _ (k) _ (k—1) _ 3
00 = O =@UNAT Y+ - at)Apa
|p€P,1<d< D}
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Unsupervised Online Training of Point Process Models

Updating the Model and Learning Factor a(k)

m Parameter set before k'" detection e l -
=
olk—1) — {,\“””*1)‘ €P,1<d<D} 13 © Inputspeech|  A] Compute the detection
w p,d P == - ( ) . — ™ function 4, (1)
o | du(t)
m  Obtain the parameters of the k" sample i 1)
. 4 [B] Determine the location ¢*)and
A ] np,dD : o duration 7 of new keyword
buw={Apa=T5|PEP1<d< D}, (14) O

(t9, 7))

m Update the model as

olF) = {>\<k) f(a(k))x(’“*“ +(1—atk)ipa D] Update

(15) learning factor
|lp€eP,1<d< D} :
ofk)-
= Update learning factor (k) as . [E] Update PPM
a(k-1)
(k)
Z,f,l @ ~ ececccccoscccssces O
a(k) = ﬁ (16)
i T
Zk:l
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Unsupervised Online Training of Point Process Models

Experimental Setup

Motivation

Short Review of Point Process Models (PPM)

Discriminative Training of PPM

Unsupervised Online Training of Point Process Models

m Experimental Setup

Posteriorgram Filtering based Keyword Spotting

I Adaptive Matched Filtering Based Fully Unsupervised KWS

Future Scope of Work
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Unsupervised Online Training of Point Process Models

Experimental Setup

= Use eight keywords obtained from the TIMIT [?] SA1 and SA2 sentences, namely greasy, water, dark, wash, carry, oily,
suit, year
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Unsupervised Online Training of Point Process Models

Experimental Setup

= Use eight keywords obtained from the TIMIT [?] SA1 and SA2 sentences, namely greasy, water, dark, wash, carry, oily,
suit, year

m TIMIT training set consisting of 4620 sentences is used for training as well as the online learning corpus

SPIRE LAB, IISc, Bangal



!Unsupervised Online Training of Point Process Models
Experimental Setup

Experimental Setup

Use eight keywords obtained from the TIMIT [?] SA1 and SA2 sentences, namely greasy, water, dark, wash, carry, oily,
suit, year
TIMIT training set consisting of 4620 sentences is used for training as well as the online learning corpus

Test set has 740 sentences comprising of all the sentences of 24 speakers from TIMIT core test set (24x10=240
sentences) as well as all sentences of 50 speakers from the development set used by the Kaldi TIMIT recipe (50x10=500

sentences)
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Unsupervised Online Training of Point Process Models

Experimental Setup

= Use eight keywords obtained from the TIMIT [?] SA1 and SA2 sentences, namely greasy, water, dark, wash, carry, oily,
suit, year

m TIMIT training set consisting of 4620 sentences is used for training as well as the online learning corpus

m  Test set has 740 sentences comprising of all the sentences of 24 speakers from TIMIT core test set (24x10=240
sentences) as well as all sentences of 50 speakers from the development set used by the Kaldi TIMIT recipe (50x10=500
sentences)

where A is the

m  The performance measure is the percentage area under the ROC curve given by PAroc = %

are under the ROC curve upto a false alarm rate of f, then
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Unsupervised Online Training of Point Process Models

Results

Comparison of PPM and Online PPM (1/2)

m PPM is trained with ground truth
occurrences of the keyword
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!Unsupervised Online Training of Point Process Models

Results

Comparison of PPM and Online PPM (1/2)

m PPM is trained with ground truth
occurrences of the keyword

m Online PPM is trained using our
algorithm

SPIRE LAB
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!Unsupervised Online Training of Point Process Models

Results

Comparison of PPM and Online PPM (1/2)

m PPM is trained with ground truth
occurrences of the keyword

m Online PPM is trained using our
algorithm
m Even with 1% of the training

samples, online PPM eventually
catches up with PPM trained with
ground truth training samples.
Average final drop in PAroc
performance is 2%
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Unsupervised Online Training of Point Process Models

Comparison of PPM and Online PPM (2/2)

m Online PPM correct detections and o0 o0
400 400
false alarm counts wrt. number of .
200 dark 200 suit
training sentences from the online 0 0
0 1000 2000 3000 4000 5000 0 1000 2000 3000 4000 5000

of Keywords __ — False alarms by online PPM

learning corpus oo &
400 400
200 greasy 200 wash
0

Number of False Alarms/Correct Detections

0
0 1000 2000 3000 4000, 5000

aily

year

0 1000 2000 3000 4000 5000

0 _1000 2000 3000 4000_5000
Number of Training Sentences

600 600
2
& | 400 400
3
e
3| 200 water 200 carry
F
£l o [
3 0 1000 2000 3000 4000 5000 01000 2000 3000 4000 5000
B | [twumoeror — Actual by onine PPM
E | 600 00
K
<
8| 400 400
<
&
S| 200 200
3
3
€
5
2

0
0 1000 2000 3000 4000, 5000

Number of Training Sentences

SPIRE LAB, IISc, Bangalo



Unsupervised Online Training of Point Process Models

Comparison of PPM and Online PPM (2/2)

m Online PPM correct detections and
false alarm counts wrt. number of

training sentences from the online

learning corpus

m Conclusion: Provided enough
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Posteriorgram Filtering based Keyword Spotting

Section 5

. Posteriorgram Filtering based Keyword Spotting
m Matched Filter
m Level Discriminative Optimal (LDO) Filter
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!Posteriorgram Filtering based Keyword Spotting

Motivation

SPIRE LAB
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m  Aim at using the excess information in the posteriorgram for better keyword spotting
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Frame Number
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Phonemes

m  Aim at using the excess information in the posteriorgram for better keyword spotting

= 2-D matched filters can be used to detect keyword locations which matches with keyword locations
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!Posteriorgram Filtering based Keyword Spotting

Motivation
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Frame Number

Phonemes

m  Aim at using the excess information in the posteriorgram for better keyword spotting

= 2-D matched filters can be used to detect keyword locations which matches with keyword locations

m Infinitely many possible posteriorgram filters

Matched Filter
Level Discriminative Optimal Filter
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Posteriorgram Filtering based Keyword Spotting

Matched Filter

Motivation

Short Review of Point Process Models (PPM)

Discriminative Training of PPM

Unsupervised Online Training of Point Process Models
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m Matched Filter

I Adaptive Matched Filtering Based Fully Unsupervised KWS
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Posteriorgram Filtering based Keyword Spotting

Matched Filter

Training

m From N training examples of keyword w obtain a set of
posteriorgrams X' (%) = {Xi(w)\z' =1,2,...N}
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Posteriorgram Filtering based Keyword Spotting

Matched Filter

Training

m From N training examples of keyword w obtain a set of
posteriorgrams X' (%) = {Xi(w)\z' =1,2,...N}

m The posteriogram Xi(w) has a dimension p x K;w) (p = number of
phonemes [typically 48 or 61] and K(*) = number of frames)
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Posteriorgram Filtering based Keyword Spotting

Matched Filter

Training

m From N training examples of keyword w obtain a set of
posteriorgrams X(®) = {X(")|i =1,2,... N}

m The posteriogram Xi(w) has a dimension p x K;w) (p = number of
phonemes [typically 48 or 61] and K(*) = number of frames)

m Normalize the posteriorgrams to a common dimension p X KW)
where K®) > maz{K{") K{") | K](\?U)} and hence obtain a

normalized set of posteriorgrams X#;’,?m = {Xi(w)\i =1,2,...N}.
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Posteriorgram Filtering based Keyword Spotting

Matched Filter

Training

From N training examples of keyword w obtain a set of
posteriorgrams X () = {Xi(w)\z' =1,2,...N}

The posteriogram Xi(w) has a dimension p x KZ.(w) (p = number of
phonemes [typically 48 or 61] and K(*) = number of frames)
Normalize the posteriorgrams to a common dimension p X KW)
where K®) > maz{K{") K{") | K](\?U)} and hence obtain a
normalized set of posteriorgrams X#;’,?m = {Xi(w)\i =1,2,...N}.
Average matched Filter M) for w is obtained as

) 1 Y ox (17)

| Xrorm| ¢ o)
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Posteriorgram Filtering based Keyword Spotting

Level Discriminative Optimal (LDO) Filter

Motivation

Short Review of Point Process Models (PPM)

Discriminative Training of PPM

Unsupervised Online Training of Point Process Models

Posteriorgram Filtering based Keyword Spotting

m Level Discriminative Optimal (LDO) Filter
I Adaptive Matched Filtering Based Fully Unsupervised KWS

Future Scope of Work
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Posteriorgram Filtering based Keyword Spotting

Level Discriminative Optimal (LDO) Filter

Training (1/2)

= Maximize a suitable objective function with respect to the filter parameters that assigns a higher level to the keyword
locations and a lower value to a set of competing keyword locations.
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Posteriorgram Filtering based Keyword Spotting

Level Discriminative Optimal (LDO) Filter

Training (1/2)

= Maximize a suitable objective function with respect to the filter parameters that assigns a higher level to the keyword
locations and a lower value to a set of competing keyword locations.

m  Objective function to train a p x K dimension filter M (%)

(18)

1 2 X w w
O(M(w)) = W Z (Z Z ( L) [z, y]]W( )z yl -V
1

wpeL(w) \#=1y=

2
1 p K (o) w o
‘L(w)l Z( ) (Z Zl PXLK] T, y]JV[( )z y] +g; M( )z y]>
Wy €L w

z=1y
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Posteriorgram Filtering based Keyword Spotting

Level Discriminative Optimal (LDO) Filter

Training (1/2)

= Maximize a suitable objective function with respect to the filter parameters that assigns a higher level to the keyword
locations and a lower value to a set of competing keyword locations.

m  Objective function to train a p x K dimension filter M (%)

(18)

1 2 X w w
O(M(w)) = W Z (Z Z ( L) [z, y]]W( )z yl -V
1

wpeL(w) \#=1y=

2
1 p K (o) w o
‘L(w)l Z( ) (Z Zl PXLK] T, y]JV[( )z y] +g; M( )z y]>
Wy €L w

z=1y

m  Convex Optimization Problem :
™ = arg min O(M(w)) (19)
M (w)
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Posteriorgram Filtering based Keyword Spotting

Level Discriminative Optimal (LDO) Filter

Training (1/2)

= Maximize a suitable objective function with respect to the filter parameters that assigns a higher level to the keyword
locations and a lower value to a set of competing keyword locations.

m  Objective function to train a p x K dimension filter M (%)

1 P K
oM™ _ x(wr) {(w) _v 18
( ) \L(“’)\ Z 21 21 [pr][z y| M (18)

,wLeL(w) rz=1y=

L w5 KO8 i) 4 S S, g
\L(“’)l o=1y=1 PXXI . . T .
P, EL<w) =EE=
m  Convex Optimization Problem :
™ = arg min O(M(w)) (19)
M (w)

s X7 is the posteriorgram of the w  -th keyword example from a set of L(w) keyword examples, p is the number

X K) :
of phonemes. Similarly, X "L

[PX K]

K is the normalized filter dimension and V is the parameter which sets to a high level

is the posteriorgram of the 0 -th competing keyword example from the set L(Cw).
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Posteriorgram Filtering based Keyword Spotting

Level Discriminative Optimal (LDO) Filter

Training (2/2)

m Taking the derivative of the objective function O with respect to all filter coefficients results in a set of p X K linear
equations in p X K unknowns.

p K
S5 ¢larb o, BYM [ b) = y(e, f) for 1 Sa < pand 1 < f < K (20)
a=1b=1
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Posteriorgram Filtering based Keyword Spotting

Level Discriminative Optimal (LDO) Filter

Training (2/2)

m Taking the derivative of the objective function O with respect to all filter coefficients results in a set of p X K linear
equations in p X K unknowns.

p K
S5 ¢larb o, BYM [ b) = y(e, f) for 1 Sa < pand 1 < f < K (20)

a=1b=1

| ]
_ 1 (wr,) (wp,)
¢(a, b, a, B) = W Z X[pr[ b]X[ x K] [e, B] (21)
wLeL(w)
1

> XpE) e bX (5 (e, B+ 6(a - ab = B)

PRI W [px K]

SPIRE LAB, IISc, Bangalo



Posteriorgram Filtering based Keyword Spotting

Level Discriminative Optimal (LDO) Filter

Training (2/2)

m Taking the derivative of the objective function O with respect to all filter coefficients results in a set of p X K linear
equations in p X K unknowns.

p K
S5 ¢larb o, BYM [ b) = y(e, f) for 1 Sa < pand 1 < f < K (20)
a=1b=1
| ]
_ 1 (wr,) (wp,)
¢(a, b, a, B) = W Z X[pr[ b]X[ x K] [e, B] (21)
wLeL(w)
4 ! Z xL) 14 5)xPL) [, 8] + 6(a — a, b — B)
L8] Sy BXEES T k) '
€L
| ]
Ve )=V 3 XL (o f] (22)
wLEL(w)
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Posteriorgram Filtering based Keyword Spotting

Level Discriminative Optimal (LDO) Filter

Training (2/2)

m Taking the derivative of the objective function O with respect to all filter coefficients results in a set of p X K linear
equations in p X K unknowns.

p K
S5 ¢larb, o, )M (a,b] = y(a,B) for L < a < pand1 < B < K (20)
a=1b=1
L]
1 w "
¢(a, b, a, B) Al > X[<p><LK[ b]X[( ><LI)< [, 8] 1)
w eL(’—U)
1 () (o) 7 3
\L(w>| > X i1 VX gyl Bl 4 0(a = a, b = 6)
Ler(®
) (wr)
— wr,
VeB)y=V 3 X 5 lefl (22)
wr,eL(w)
L]

1, fa=aandb=p

23
0 else (23)

5(a—a,b—6)={
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Posteriorgram Filtering based Keyword Spotting

.. w
Obtaining I ‘

m  Train a set of non-discriminative filters for each keyword w by minimizing the objective function

2
5 1 9 "
]\47(;;))7[) = arg min W Z < Z Z (u L) [z y]]\/f(l ) [z, y] — ) (24)

M (w) wyeL(w) \z=1y=1

+ ZZ(MW)[z,y])Q]
z oy
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Posteriorgram Filtering based Keyword Spotting

Level Discriminative Optimal (LDO) Filter

Obtaining ng)

m  Train a set of non-discriminative filters for each keyword w by minimizing the objective function

) 1 , )
™ o= arg mil | S § § (: L;q @, y] MW [z, y] — (24)
M wLEL(w) z=1y=1

+ Mz, y))?
z oy

[] ]\/[S{?_D is used to search for the keywords w in a development set dev to obtain a set of keywords and false alarm
locations
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Posteriorgram Filtering based Keyword Spotting

Level Discriminative Optimal (LDO) Filter

Obtaining ng)

m  Train a set of non-discriminative filters for each keyword w by minimizing the objective function

5 1 9 "
D D b Z x(on) e Ml y) )
Mm(w) | LW =
WL,

er(w)

+ Mz, y))?
z oy

[] ]\/[S{?_D is used to search for the keywords w in a development set dev to obtain a set of keywords and false alarm
locations

m  The threshold is varied as a percentage of the maximum value of the correct detector plots to generate lists of

competing words Lg“’)
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Posteriorgram Filtering based Keyword Spotting

Level Discriminative Optimal (LDO) Filter

Obtaining ng)

m  Train a set of non-discriminative filters for each keyword w by minimizing the objective function

- (w) X 1
M = arg min | ———
ne=b & ar(w) PACN
DL,

> (= Z x(on) e Ml y) (24)
z=1y

er(w)

+ Mz, y))?
z oy

[] ]\/[S{?_D is used to search for the keywords w in a development set dev to obtain a set of keywords and false alarm
locations
m  The threshold is varied as a percentage of the maximum value of the correct detector plots to generate lists of
. 2 (w)
competing words L.

m The list L(Cw) giving the best performance on dev is defined to be the list of competing words ng)
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Posteriorgram Filtering based Keyword Spotting

Level Discriminative Optimal (LDO) Filter

Decoding

m  Decoding using any posteriorgram filter is performed in the same manner
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Decoding

m  Decoding using any posteriorgram filter is performed in the same manner

m Sample the word duration model N (k|u, o) at four points, S = {u + no|n = —1,0, 1, 2} to obtain a set of
sampled values £ = {N'(u + nolp,o)|n = —1,0,1, 2}

SPIRE LAB, IISc, Bangal



Posteriorgram Filtering based Keyword Spotting

Level Discriminative Optimal (LDO) Filter

Decoding

m  Decoding using any posteriorgram filter is performed in the same manner

m Sample the word duration model N (k|u, o) at four points, S = {u + no|n = —1,0, 1, 2} to obtain a set of
sampled values £ = {N'(u + nolp,o)|n = —1,0,1, 2}

m  The detector function:

P t
o e (w) s
du(® = max Z _ > Kteat M (i noy [l — ¢+ + nolN (u + nolu, o)
6% i=1j=t—p—mno+1
(25)
. . . (w) . ) .
where Xt is the posteriorgram of a given test sentence and ILI[pX (o] is the matched filter obtained for

keyword w, normalized from (p X R(w)) to (p X (u + no)) and ¢ is the frame number
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Posteriorgram Filtering based Keyword Spotting

Level Discriminative Optimal (LDO) Filter

Experimental Setup and Results

m  The algorithm is tested using 14 keyword from the TIMIT database
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Level Discriminative Optimal (LDO) Filter

Experimental Setup and Results
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m  The algorithm is tested using 14 keyword from the TIMIT database
m Figure shows the average Receiver Operating Curve (ROC) for 14 keywords. for PPM, LDO and matched filtering.
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Level Discriminative Optimal (LDO) Filter

Experimental Setup and Results
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m  The algorithm is tested using 14 keyword from the TIMIT database
m Figure shows the average Receiver Operating Curve (ROC) for 14 keywords. for PPM, LDO and matched filtering.

Algorithm Average Area Under ROC
. PPM 0.992990

MF-KWS 0.988951

LDO-KWS 0.994549
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Adaptive Matched Filtering Based Fully Unsupervised KWS

Section 6

E Adaptive Matched Filtering Based Fully Unsupervised KWS
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Adaptive Matched Filtering Based Fully Unsupervised KWS

The Problem Statement

Given only a handful (= 5) of cut-out snippets of the acoustic sample
(keyword/phrase/sound) to search for and a small un-annotated dataset
consisting of only speech files spoken by a set of speakers, design a KWS

algorithm with the limited resources.
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Adaptive Matched Filtering Based Fully Unsupervised KWS

Baseline System!

m Segmental Dynamic Time Warping (sDTW) based KWS using
Gaussian Posteriorgram features in a completely unsupervised
paradigm of KWS exactly in the same setting as described in the
posed problem statement

m Local sDTW Conditions:

Adjustment window condition: The DTW path restricted to a fat
diagonal from the starting point such that the difference in x and y
coordinates i, and 7, do not exceed a parameter R, i.e., iz — zy| <R

Step length of start co-ordinates: A R frame step jump based DTW
computation.

i Zhang, Yaodong, and James R. Glass. " Unsupervised spoken keyword spotting via sesgmental DTW on Gaussian posteriorgrams.”

|IEEE Workshop on Automatic Speech Recognition & Understanding, 2009.
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Adaptive Matched Filtering Based Fully Unsupervised KWS

The Proposed Adaptive Matched Filtering Algorithm

SPIRE LAB

m Initialization: Initial matched filter Ajz‘(:t)i)t for w obtained with 5 samples of w and Gaussian posteriorgram (GP)
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The Proposed Adaptive Matched Filtering Algorithm

SPIRE LAB

m Initialization: Initial matched filter Ajz‘(:t)i)t for w obtained with 5 samples of w and Gaussian posteriorgram (GP)

m  Consider matched filter Nlliw) after detection of k keywords and peak(k) be the set of maximum values of the
detector output at the keyword locations
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The Proposed Adaptive Matched Filtering Algorithm

SPIRE LAB

m Initialization: Initial matched filter Ajz‘(:t)i)t for w obtained with 5 samples of w and Gaussian posteriorgram (GP)

m  Consider matched filter Nlliw) after detection of k keywords and peak(k) be the set of maximum values of the
detector output at the keyword locations

m  First level verification: Decode through test sentences using the filter M)iw> and use a very low threshold
0.2 X max(peak(k)) to get a preliminary location of keyword. If a probable location of the keyword is obtained, the
end and duration of the keyword is hypothesized as for Online Learning of PPM
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The Proposed Adaptive Matched Filtering Algorithm

SPIRE LAB

m Initialization: Initial matched filter Ajz‘(:t)i)t for w obtained with 5 samples of w and Gaussian posteriorgram (GP)

m  Consider matched filter Nlliw) after detection of k keywords and peak(k) be the set of maximum values of the
detector output at the keyword locations

m  First level verification: Decode through test sentences using the filter M)iw> and use a very low threshold
0.2 X max(peak(k)) to get a preliminary location of keyword. If a probable location of the keyword is obtained, the
end and duration of the keyword is hypothesized as for Online Learning of PPM

= Second level verification: Average DTW distance D4 g is computed between the detected keyword and the five
keyword templates provided. A threshold D, .. = 2X the inter DTW score between the five known templates is
set and the first level hypothesized keywords having Dgvg < Dipresh is assumed to be surely a keyword location.
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The Proposed Adaptive Matched Filtering Algorithm

SPIRE LAB

m Initialization: Initial matched filter Ajz‘(:t)i)t for w obtained with 5 samples of w and Gaussian posteriorgram (GP)

m  Consider matched filter Nlliw) after detection of k keywords and peak(k) be the set of maximum values of the
detector output at the keyword locations

m  First level verification: Decode through test sentences using the filter M)iw> and use a very low threshold
0.2 X max(peak(k)) to get a preliminary location of keyword. If a probable location of the keyword is obtained, the
end and duration of the keyword is hypothesized as for Online Learning of PPM

= Second level verification: Average DTW distance D4 g is computed between the detected keyword and the five
keyword templates provided. A threshold D, .. = 2X the inter DTW score between the five known templates is
set and the first level hypothesized keywords having Dgvg < Dipresh is assumed to be surely a keyword location.

m G Ppeqw be new keyword GP feature, then matched filter ]\4,51)1 is obtained as

(w) _ _k (w) X
Mk+1 = ka +mGPnew (26)
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Adaptive Matched Filtering Based Fully Unsupervised KWS

Experimental Setup

m 8 keywords are chosen from the TIMIT database SA1 and SA2
sentences, namely greasy, water, dark, wash, carry, oily, suit, year
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Experimental Setup

m 8 keywords are chosen from the TIMIT database SA1 and SA2
sentences, namely greasy, water, dark, wash, carry, oily, suit, year

m Out of 4620 training sentences, 5 sentences containing a keyword are
used to train the initial model M Fj,;;. The remaining 4615 sentences
are used as the adaptation corpus for updating the model using the
proposed adaptation method
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m 8 keywords are chosen from the TIMIT database SA1 and SA2
sentences, namely greasy, water, dark, wash, carry, oily, suit, year

m Out of 4620 training sentences, 5 sentences containing a keyword are
used to train the initial model M Fj,;;. The remaining 4615 sentences
are used as the adaptation corpus for updating the model using the
proposed adaptation method

m Performance quantified by the PQN measure which is the number
of correct keyword detections (P) out of the highest scoring N
number of detections, where N is the number of ground truth
keywords present in the test corpus
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Adaptive Matched Filtering Based Fully Unsupervised KWS

Experimental Setup

8 keywords are chosen from the TIMIT database SA1 and SA2

sentences, namely greasy, water, dark, wash, carry, oily, suit, year

m Out of 4620 training sentences, 5 sentences containing a keyword are
used to train the initial model M Fj,;;. The remaining 4615 sentences
are used as the adaptation corpus for updating the model using the
proposed adaptation method

m Performance quantified by the PQN measure which is the number
of correct keyword detections (P) out of the highest scoring N
number of detections, where N is the number of ground truth
keywords present in the test corpus

m The GMM for generating the Gaussian posteriorgram features is

trained using 462 random sentences from the TIMIT train corpus with

5 X 61 mixture components.
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Adaptive Matched Filtering Based Fully Unsupervised KWS

Results

Keyword | MFipit | MFadapt | GPpase
dark 0.8889 0.5205 0.5088
suit 0.6667 0.3631 0.5774

greasy 0.5298 0.2917 0.6012
wash 0.8631 0.7917 0.7976
water 0.8059 0.5059 0.6000
carry 0.7929 0.5148 0.6391
oily 0.6190 0.5179 0.4940
year 0.8701 0.7797 0.8305
Average 0.7545 0.5356 0.6310

m The average PQN performance for the 8 keywords improved from 0.5356 to 0.7545
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m  The initial average PQN for the baseline system G Py, s with 5 templates is better than that of M F};,, ;4 trained
with 5 templates
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Results

Keyword | MFipit | MFadapt | GPpase
dark 0.8889 0.5205 0.5088
suit 0.6667 0.3631 0.5774

greasy 0.5298 0.2917 0.6012
wash 0.8631 0.7917 0.7976
water 0.8059 0.5059 0.6000
carry 0.7929 0.5148 0.6391
oily 0.6190 0.5179 0.4940
year 0.8701 0.7797 0.8305
Average 0.7545 0.5356 0.6310

m The average PQN performance for the 8 keywords improved from 0.5356 to 0.7545

m  The initial average PQN for the baseline system G Py, s with 5 templates is better than that of M F};,, ;4 trained
with 5 templates

= However, the PQN performance of M Fg4p¢ improves over the baseline G Py 5 system to 0.7545
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Future Work

m Multi-modal KWS: Fusion of auditory, visual and articulatory data
for KWS
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external disturbances
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Future Scope of Work

—
Future Work

m Multi-modal KWS: Fusion of auditory, visual and articulatory data
for KWS

m Robust KWS: KWS systems robust to noisy environment and other
external disturbances

m KWS System Combination: Combination of ASR and non-ASR
based KWS techniques
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Future Scope of Work

Thank You!
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