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Speech Transmission
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Holistic mediums from speaker to listeners

Sublayers

Uncertainty

Possibilities

Subject’s subjective Consciou. 100% Infinite A kid or an old lady, or a goat... Infinite
Character 10% Indefinite Spectrum of persona
External Stimuli 20% Indefinite Affective environment
Speaker : :
Active Emotion 40% Small Happy, Sad, Angry
Lexicon 40% Infinite
Intensity-Direction 20% Small e.g., Distance, volume, angle
Environment 5% Indefinite Noise, weather, etc.
Intermediate : :
Language Barrier 0% Small e.g., accent mismatch
Listener-Env Barrier 10% Indefinite Affective environment
Sensitivity 10% Small Audibility
Listener - .. L
Biases 10% Indefinite e.g., Prejudices
Perceiver’s subjective Conscio. 100% Infinite A kid or an old lady ... Infinite




Vocal Tract AFEE
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Parts of Speech

phoneme is an indivisible unit of sound in a
given language a phoneme is an abstraction of
the physical speech sounds (phones) and may
encompass several different phones



Phoneme Classification Chart
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Formants 3
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Phonetic Example F F> F3
Symbol Word (Hz) (Hz) (Hz)
/ow/ bought 570 840 2410
/oo/ boot 300 870 2240
Ju/ foot 440 1020 2240
la/ hot 730 1090 2440
/uh/ but 520 1190 2390
Jer/ bird 490 1350 1690
/ae/ bat 660 1720 2410
le/ bet 530 1840 2480
i/ bit 390 1990 2550
liy/ beet 270 2290 3010
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Vowel Formants jt&itiRIE
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Clear pattern of variability
of vowel pronunciation
among men, women and
children

Strong overlap for different
vowel sounds by different
talkers => no unique
identification of vowel
strictly from resonances
=> need context to define
vowel sound
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Separating Vowels & Consonants
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Diphthongs &

* Gliding speech sound
that starts at or near the
articulatory position for
one vowel and moves to
or toward the position for
another vowel

— /AY/ in buy
— /AW/ in down
— [EY/ in bait

— /OW/ in boat (usually
classified as vowel, not
diphthong)

— /IY/'in you (usually
classified as glide)
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Nasal Sounds E3%
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Nasal Spectrograms
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Unvoiced Fricatives &3 B
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Unvoiced Fricatives Spectrograms
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Voiced Stop Consonant
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Unvoiced Stop Consonants
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Human Auditory System

N Auditory

>
Acoustic System Psychophysical
Signal Observations




Hearlng and perception
T h5HRw

* Correspondences between sound intensity and
loudness, and between frequency and pitch are
complicated and far from linear.

* Attempts to extrapolate from psychophysical
measurements to the processes of speech
perception and language understanding are, at
best, highly susceptible to misunderstanding of
exactly what is going on in the brain
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Filters that match Human Ear
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The Cochlea

Malleus Ossicles
Incus (Middle Ear Bones)
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‘rAuditory nerves
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Abstract Ear IR
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Cochlea and Basilar Membrane
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. oudness Level

 Loudness Level (LL) is equal to the IL of a 1000 Hz tone that is
judged by the average observer to be equally loud as the tone
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Pitch perception

* Pitch and fundamental frequency are not the same
thing.

* Pitch is a perceived quantity while frequency is a
physical one.

» Relationship between pitch and fundamental
frequency is not simple, even for pure tones.
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Pitch (Mels)
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Pitch (mels) =3322log,,(1+ f /1000)
Alternatively, we can approximate curve as:
Pitch (mels)=11271og, (1+ f /700)
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Auditory Masking I #si#k
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Level (dB)

Using Masking to Separate Noise
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Psychophysmal Tuning

IR
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Psychophysical

uning Curves (PTC)

* Masking for calibrating the auditory nerve response
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AMPLITUDE RESPONSE, dB
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Spectral Analysis

distinctive
spectrum features??
analysis
sound | Cochlea Event Bhongs s
~ | Processing Detection *| Syllables -> Words 7
//
place location
speech

understanding 34
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Compression
by LPC

e Linear Predictive
Coefficient

* 5--8 polynomials
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Spectral Context 1B

 The acoustic realization of a phoneme depends strongly on
the context in which it occurs

AFrequency

BEATEN
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Compression into 12 parameters
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Parameter Discrimination &%

Noticeable Difference by Humans

* Fundamental Frequency: 0.3-0.5%
* Formant Frequencies: 3-5%
* Formant bandwidth: 20-40%

e Overall Intensity: 1.5 dB

IX]
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Future Research
Directions



Time-Domain Analysis K

i Y

* High quality sound synthesis using Time-domain

analysis

https://deepmind.com/blog/article/wavenet-generative-model-raw-audio

1 Second

— |

100 BN S
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https://deepmind.com/blog/article/wavenet-generative-model-raw-audio

TinyML

* A lot of potential applications in speech
interactable medical assistive technology.
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Stereo Analysis S {E 4T

* Intensity (DB) is an unreliable source of feature
extraction.

* It can be solved by analyzing stereo audio.
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Phoneme Sub-Classes
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Current Progress
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The ongoing work

Utterance
Segmentation
and buffer

Formants and
composite pitch

Transformations

NN or Classifier
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Formants and Composite Pitch
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Abdul Rehman @ Fl#g< 2020
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Transformation Examples

Parabolic curvature 180

0; = arctan(fc(o,i) — fe(l1, z))—

) ) Noise
Unvoiced but not sﬂent*
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Experiments

Transformation Functions 1
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W vrrrrrerrrrerrediverrerrrrrrrererrivorrrrrrrerrrrrred Air Bands In(t), sn(t) 6
£ Silence (Pauses) Ju(l) 1
Transformation Formant Harmonic Ratios Iu(t) 4
Coofficients Formant Energy Ratios In(t),pa(t) 1
3 Noise Filter S0, p(t,l) 1
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Experiments

* Feature means for 4 emotions, 2 sexes

Energy
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Preliminary results

Table 2 RMSE and R? of Gaussian Process Regression pre-
diction when trained with annotation on continuous (-2 to 2)

Arousal and Valence scales.

MSP-Improv
Arousal Valence

IEMOCAP
Arousal Valence
RMSE 0.50 0.75 0.71
R? 0.54 0.47 0.56

0.49
0.58

Table 3 UAR% of the SVM prediction of 3 classes (High, Low
and Medium) of Arousal (A) and Valence (V) for different

training and testing sets.

Test set
Train sot IEMOCAP | MSP-Improv
A \'% A V
IEMOCAP 71.0 653 | 44.2 489
MSP-Improv 54.6 41.6 | 69.7 674

Residual Valence of Prediction
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Current Challenges

* Holistic speaker modeling

* Consider other states and traits that temporarily impact
on the voice production.

* In other words, “one is not only emotional, but also

potentially tired, having a cold, is alcohol intoxicated, or,
sounds differently because being in a certain mood.”
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Current Challenges

* Robustness across cultures and languages as one of the
major white spots in the literature.

* A number of studies show the downgrades one may
expect when going cross language.

e Cross-cultural studies are still particularly sparse.
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Fallacy of Generalization

Speech Feature
Value

Co-dependent

—

Probability of a
certain speaker

Probability of a
certain emotion

| Overall probability of
an emotion

In?@dent

Changing the speaker (or domain) changes the probability of any given emotion within it.

Assuming the Naive Bayesian assumption makes the task easy but overly generalized.
As its difficult to estimate the Non-Naive Bayesian Bias with just 5 seconds of speech.
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Mean Smoothness_Index

Generally: Ignoring Speaker Differences
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Learning the domain-emotion covariance

Voice Smoothness

Change in probabilities of
emotion with the change
in domain

Emaotion
— Anger
— Fear
= “Happy
—==Surprised
= = Disgust
—= Sad
== Meutral
—— Calm
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Mean Smoothness_Index

Speakers’ Personality Terrain
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rF 1+ 1 1V 11+ + & ~1© 1 1 1 1°T 17T © 17 ©" "1 1]
2 10 23 22 3 21 17 16 24 8 13 1 7 12 11 4 6 19 20 14 5 18 9

Speaker_ID
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Trouble with the traditional generalization
strategy

Voice Smoothness

2]

Good

Emaotion
— Anger
—= Fear
= “Happy
—Surprized
= = Disgust
—= Sad
== Neutral
— Calm

Pauses per second

1.40-
1,30
1,20
110+
4
1.00- >< -~
N
0,90
~
~,
o
0.80 -
0.70 " .
F M
Sex

Emotion

— Anger
—= Fear

= “Happy
—==Surprised
= = Disgust
== Sad

== Neutral
— Calm
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Mean Smoothness_Index

Sparse Autoencoding (Emotion-to-emotion)

10.0

6.0
4.0

2.0

1.0

0.6
0.4

0.1

Unknown Emotional State
(missing anger data can be predicted using Neutral)

s

Because ‘Neutral’ is linear across speakers

\

Emotion
— Anger
—Calm
Disgust
—Fear
Happy
— Neutral
~——Sad
Surprised

rF— "1 1T 1T 11T 1T 1T 1T 1T 1" 1©T 1T 1T T T "©T "7 "T "1
15 2 10 23 22 3 21 17 16 24 8 13 1 7 12 11 4 6 19 20 14

Speaker_ID

I
5

I
18

I
9
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Active learning
solutions

* Long-term
Short-term
Decision Trees.

* Long term Entropy

* Inference engine for
cross-tree pattern
recognition

Speech Segments

.................................................................................................... Achve
| | ' v
C1 C2 C3 C4
l Long-term C$ster Entropy l
A 4
: Emotion Emotion Emotion : Emotion
Tree Tree Tree Tree
Entropy: 1 Entropy: 0.5 Entropy: 0.6 | : Entropy: 0.1
! ! ' :
H:0.25, S:0.25, H:0.5, S:0.16, H:0.4, S:0.20, H:0.9, §:0.03,
A: 0.25, N:0.25 A:0.16, N:0.16 A: 0.20, N:0.20 A:0.03, N:0.03

Short-Term Drcision Trees

l

Min (Entropy)

Max (Probability)

Long-Term Cluster: C2
Short-Term Emotion: H
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Finding
Explainable Patterns




Quick Syllable Segmentation

* Change in power variance:
* dV(t) = d Var(Power(t)) dt

* Peaks = relative maxima of dV (t)

* Valleys = relative minima of dV (1)

* Instant changes in power mark the change of syllable:

Peaks and valleys

400000

300000 A

200000 -

100000 +

0 4

—100000 -

—200000 A

~300000 -

®- Peaks

constant AP e~ Valleys
between peaks and valleys f ke




4000

Quick Syllable Segmentation

3000 A

2000 A

1000 -

sample value [-]
o

—1000 ~

—2000 -

-3000 -

400000

0.0 0.5 1.0 15 2.0
time [s]
Peaks and valleys

300000 -

200000

100000 -

0 4

—100000 -

—200000 +

—300000 -

K -®- Peaks
-@- Valleys

Constant AP segments




Polar Coordinates

e 7= x + ly — P(S) ei(fO(S)_6O)

* Where
* (S) is the iterator of segment/syllable
* fo is the most fundamental frequency of the syllable S
* P(S) is the average power of the segment S



Temporal Sequence

Actor, 1.Sex:MEmotion N Int:1 Words:1,Try:2

Fo and P of a syllable



Explainable Patterns: Surprise

120
% 0
150 e
180
210
240
Speaker 1 :
120
150
180
210
240

25

270

300

Sugprise

20

60

o

W
5

270

330

30

120 a 80 120
3 <
150 0‘ 30 150
eNg 10
[ ]
180 (% L 0 180
<
(.}
© e
210 330 210
v
9
240 300 240

Speaker 2 : Surpogisl?sg0
120 % ﬁé . 60 120

c
150 30 150
S - 10 L]
‘ . "
9
180 0 180 ®
c
®
20 © 330 210
240 300 240

270

300

Speaker 3 : Surfise
25

20-Ro

¥ ‘_
°,. 2

v

270

QO

$
10

5

80



Aclorod.Sex:F.Emotlom H.I%51.Words:1 Try:1
60

Explainable Patterns: Happy

Actoros,Sex:F

120

150
[
¢ g2

180 @

210

4
Insert

View

,Emotion:H,Int:1,Words:1,Try:1

0 25
20
15
& 30
® 10
5
9
0
o 330
®
240 300
270

Help

Desktop  Window

Tools

Actoroz,Sex:F,Emoﬂon:H,lr&w,Words:1,Try:1
120
150 3 20 30 20
y ® e
+ c9 150 e L] 30
10 €o 10
o
¢ g ° 5
° 0 180 0
9
. . o
Distant Points-,
210 330
210 6 330
240 300
270
o
it View Inset Tools Desktop Window Help ~ File Edit View Inset Tools Desktop Window Help
de | @ 0E| [E Nede S (08| kE
Actoruz,Sex:F,EmotlomH,lr&toﬂ,Words:1,Try:2 i Actor°4,Sex:F,Emouo;uH.lr&toﬂ,Words:1,Try:2
120 60 120 e Y 60
20 ® 20
o
150 [ 30 150 30
L 10 10
]
[ 5 o ®
]
@
w@w L]
180 0 180 0
%’
v
=) ith ¢ 2
210 330 210 330
] o
Q w
300 240 300
270

240
270

File Edit

Jdde

=

-

Actoros.Sex:F.EmotlomH,lr&toﬂ.\Nords:1,Try:2
60

120
20
150
)
¢ ® 10
'3
° °
180 €€ €
P N
210
2 9
2
9
240
270

300

33



Explainable Patterns: Sad

Actorod,Sex:F,Emoﬁon:S, Int:1.Words:1,Try:1

Actor6,Sex:F,Emotion:S, Int:1,Words:1,Try:1

Actoruz,Sex:F,Emotion:S,Int:1,Words:1,Try:1
0 25 80 25
120 60
20 120 55 60
15 15 %0 15
150 L] 30 150 30 120 60
°W 10 Q’ 10 10
& 5 L] 150 30
() L] 8 5 5
© L) ¢ ;9
T
180 0 180 L 0 180 % 0
®Congested Points o o
g o
210 9 330 210 330 240 300
2 270
240 300
270
. # Figure -
Insert Tools Desktop Window Help ¥ File Edit View Inset Tools Desktop Window Help
NDede (08 |k E
Actoros,Sex:F,Emotlon:S,Int1,Words:1,Try:2

View

iew Inset Tools Desktop Window Help e File Edit
@08 KE ldde | & 08| K [E
Actor,2 Sex:F,Emotion:S, Int:1,Words:1,Try:2 Actoru-s,Sex:F,Emotlon:s.l%1.Words:1,'rry:2
90 o5
120 60
20 150 20
15
150 B 30
© 10
“en a2 °
L ) 5
e [} ©
[ v
180 0 180
(14 i
)
[9
210 %5 330 "]
® 2%
300 210 e =

240
270

30
% 15
120 60
10
150 o 30
o >
0 180 ¥ 0
A
°
210 330
240 300
270
330



Explainable Patterns: Fear

Actoroz.Sex:F,Emotion:F.Im:1 Words:1,Try:1

Actorod,Sex:F,Emoﬁon:F,lnM Words:1,Try:1

Actor6,Sex:F,Emotion:F,Int:1,Words:1,Try:1

90
. 40 20 40 %0 25
20 60 120 60 120 60
30 30 20
4 15
150 o 30 150 20 30 150 30
10
10 o
1" Co 5
(] “0
180 0 180 0 180 c ©
High freq % S
b 2 "
o w °
2
210 & ? 330 210 L 4 L] 330 210 330
8 o
o 3 0
240 300 240 300 240 300
C ted Point
& .
fiew Insert Tools Desktop Window Help File Edit View Inset Tools Desktop Window Help o File Edit View Insert Tools Desktop Window Help
y B 0&E| K (E N de (2|08 KE Nede S 08| &E
Actoroz,Sex:F,Emotion:F,Inm,Words:1,Try:2 Actor°4,Sex:F,Emotion:F.lnM.Words:1.Try:2 ActorDS,Sex:F.Emotion:F,lnt:1.Words:1.Try:2
N 40 90 40 0 25
120 80 120 60 120 60
30 30 20
15
150 20 30 150 20 30 150 30
10
10 10 o
LS 5
(=]
180 0 180 0 180 o
L ] o's’
< e 9
ey 2 @
2 ¢ [ ]
2 Q » Zi 210 2 ? 330 210 330
g E) . 39 ®
240 300 240 300 240 300
270 270 270




Explainable Patterns: Different words

Actoroz.Sex:F.Emotion:F.lnl:1,Words:1,Try:1 Actor,4,Sex:F,Emotion:F,Int:1,Words:1, Try:1 ActorOG.Sex:F.Emotion:F.Im:1,Words:1.Try:1

0 40 0 40 0 25
120 60 120 60 120 80
30 30 =
15
150 e 20 30 29 150 30
10
10 10
180 0
o
210 ° ) 330
& g
o
240 300
270
|
* 4 Figure 6 - [
w Inset Tools Desktop Window Help > File Edit View |Inset Tools Desktop Window Help ™ File Edit View Insert Tools Desktop Window Help
A DE|LKE NEds | & 08| RE NSde @ 08| h[E
Actor2,Sex:F Emotion:F,Int:1,Words:2,Try:1 Actor 4,Sex:F Emotion:F Int:1,Words:2,Try:1 Actor 6,Sex:F,Emotion:F,Int:1,Words:2,Try:1
90 4 0 40 %0 3p
120 60 120 60 120 60
30 30
20
150 e 20 30 20 150 P 30
LT
10
o
180 0 180 = 0
& o
® 9
o‘
5} @
Oe" 0
210 Py ? 330 210 @ 330
Yo @ 9
240 300 240 300
270 270
270

270



Males,Sad,Words:1-2,R:1

In words:

Frequency: Low

Power: Low

Jumps: Small

Bandwidth: Narrow

ot}

\s..“a.é ,_Q,..;.

e  ~
‘ )

150

180

330

210

240

270



Males,Happy ,Words:1-2,R:1

%347 4% JYMPs: Big

o e g ¢ Bandwidth: Wide

® 270



Males,Surprise,Words:1-2,R:1

Power: High

| Frequency: Wide

N 6 \Jumps: Very Big
": ~ 99  Bandwidth: Wide



dow Help

Males,Fearful, Words:1-2,R:1

=3
)
—
-
o
=3
o
o

Frequency: Low

Jumps: Big

Bandwidth: Wide

270



180

150

210

240

Males,Sad,Words:1-2,R:1

® Ln

Power: Low

Frequency: Low

330



Females,Sad,Words:1-2,R:1

Power: Low
Frequency: High
Jumps: Small
s Bandwidth: Narrow




Females,Happy,Words:1-2,R:1

920
40
120 60

0 Power: High
o, ode!f/ £ 2 Frequency: High

b ZE AR 5'4 &7 | 21 Jumps: Big
l‘; ' b e ' .‘ \C g /’

Bandwidth: Wide

180

[
v —

7\
.k

-

_,.,;.1
7
s

L\
£
‘\I :

210

240 300



Females,Anger,Words:1-2,R:1

m ® Power: Low

Frequency: High
Jumps: Very Big
Bandwidth: Wide

150

¢ , § \
o o ST S 2 31
el e 6
‘..;‘.a-"m“'gﬁ ey
b N # "‘/‘."
: .nl."“ "“‘; L—

\

SR S : 4
T " \" g:\" : " R b f
210 , : S " A NS = : 550
e ¢ / . e -
240 5

270



Females,Fearful, Words:1-2,R:1

90
40
120 60
Power: Low
‘ p~ Frequency: Very High
- ‘yili; Jumps: Small
"..;(:gf‘ N Bandwidth: Wide
o 4, /.
'f \“k . QO
e | 2
180 o
k i
Z
210 ‘ E 530
.'.'?5.3- S “ ;
g /
, 9

240

270



‘o

,Words:1-2,R:1

Males,Fearful
¢

Power: Low

Jumps: Big

Bandwidth: Narrow

o

180

270



Thanks

* Try codes:

* https://github.com/tabahi/SpeechNotebooks/tree/main/Chapter01
* https://github.com/tabahi/formantfeatures

* Image sources for ears and auditory perception:

* https://ocw.mit.edu/courses/electrical-engineering-and-computer-science/6-345-
automatic-speech-recognition-spring-2003/lecture-notes/

e http://www.speech.cs.cmu.edu/15-492/
e https://www.inf.ed.ac.uk/teaching/courses/asr/lectures-2020.html
e https://www.cse.iitb.ac.in/~pjyothi/cs753/index.html

* https://web.ece.ucsb.edu/Faculty/Rabiner/ece259/speech%20recognition%20course
.html
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