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Data?

e 2.0Yet?
0-1 years: 1-100 hrs ASA
2-3 years: ~1000 hrs
10-x years: ~10000 hrs ASR

R. Moore, “A Comparison of the Data Requirements of Automatic Speech
Recognition Systems and Human Listeners”, 2003.

- Recognise states/traits independent of person, content, language,
cultural background, acoustic disturbances at human parity?
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Holism.

e Multiple-Targets
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Holistic Depth.
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“Reading the Author and Speaker: Towards a Holistic and Deep Approach on Automatic Assessment of What is in
One's Words”, CICLing, 2017.
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Going Larger.

 Epilepsy, MS & Depression
Big data RMT platform
Monitoring sleep, activity, gait, speech,

social connectivity, e-health records, ... ﬁ evorsiveWedies i
Data visualisation for patients / clinicians (@})})

Real-time
100k participants in UK

e Child Language Development
Analyzing Child Language Experiences
around the World TM“?'HA
Child vocalisation maturity
Child/Adult directed speech

CHALLENGE
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Big Data.

MixedEmotions

Volume Velocity Variety
13 TB /8300 h GB/h video, audio
350 mio tweets/day real-time  diff. resol. / format
1.3 bio users crawled social data feed
_ 130 mio web pages every 48 h text
e Big Vs
Volume - e.g., 300 hours videos / min (YouTube, Dec 2014)
Velocity — e.g., 500 mio Tweets / day (Twitter, Aug 2013)

Variety — e.g., text, audio, video, sensors, diverse formats

 Challenges
Unstructured, HW limits (data: ~ x2/1.5 years, disk speed: linear...)

Scaling, Visualisation, Privacy, Ethics...
« Chances

Parallelisation (GPGPUs, multicore, etc.)
Distribution (Cloud MapReduce, Disco, Hadoop, Skynet, etc.)
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D ata target labelled
. (0)?

data (LT +#

N(Y) Y
N(Y) other labelled I.uhcllcf.l .dalu N(Y) unreliable
L EELLLELE sources available "“’“m“t'"_l_) - (R(X) is low)?
: (]-.:‘: b t])? [a”f"r <3 \ ). :
: '
: Y * data selection
| + data balancing
I Y
: Y other sources N(Y)
! available (Ds # 0)? :
I
1 1
. 1
: l\ :
I Y I
I 1
: source and target source and target :
' data unmatched data unmatched Y :
! (S £ Ty (S £ T)? * data augmentation
' < > * speech synthesis
| : N “Se LTy : * unsupervised represen-
; Y| PEAEIR 'N tation learning
I - -~ . . .
+ | e S | * active learning
* crowdsourcing * ‘ - . * semi-supervised
* spoken term detection * transfer learnmg -‘||:;15I|[|lm|1;11 machine Iearning. .
« spoken term discovery * data agglomeration learning * cooperative learning

“Efficient Data Exploration for Automatic Speech Analysis: Challenges and State of the Art”,
IEEE Signal Processing Magazine, 2017.
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Cross-Task. YUA

Extraversion
Agreeableness

 Cross-Task Self-Labelling Neuroticism
Likability

Personality

Algorithm: Cross-Task Labelling
Repeat for each task:
Repeat until I/ € {}:
1. (Optional) Upsample training set £ to even class distribution
Lp
2. Use L/Lp to train classifier H, then classify U
3. Select a subset N that contains those instances predicted
with the highest confidence values
4. Remove N from the unlabelled set U, U = U \ Nt
5. Add Ny to the labelled set £, £ = £ U N

“Semi-Autonomous Data Enrichment Based on Cross-Task Labelling of Missing Targets for Holistic Speech Analysis”,
ICASSP, 2016.
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Big Data?

Task %UA BEST

« Targeted Data Acquisition Freezing 70.2  func.
Small World Modelling: find highly related videos — ESSIe|allals RS ACHN =TeloV )Y
Local Clustering Coeff.+Maximum Clique Problem [SUEEZACEENRCCRENNNNL
Example: 3k videos for rapid training of new tasks LALCe:1E /2.6 BOAW

fm————— ) 1 Learn a Model
I a) Complex Network Analysis | 1 Machine
| Iextraction b) UAAC [ v Learning

|

|

|

|

| |
| e of Related — |
Unlabelled C = Chign Labelled !

Data Set Data Set !

|

~— I

|

|

|

YouTube]| Network * mp4 Unsupervised
- L]

APl | . * Audio
s .webm
o/a Most Analyser 1
YouTube : T_Late‘j Component 1
Source ideos \ / 1 C < Crow

Video

_ 4»;5%,.-' M
(;Ilqge ! —> . Score
Finding | I Multiple | Control —a_‘ Trusted

I Graph
|Analysing

|

|

| Consistency Labelled

1 Questions Samples |
Trustability

I Annotators Questions Annotators

Untrusted
Annotators

“CAST a Database: Rapid Targeted Large-Scale Audio-Visual Data Acquisition via Small-World Modelling of Social Media
Platforms”, ACII, 2017.
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Human-in-the-Loop. ]
e e—— THEAR (ccu
£ PLAY

Last 7 days Last 30 days All time
& The North Wind and the Sun were disputing which was the

wrapped in a warm cloak. # Username  Rank Gamerscore FAQ  Contact  YourProfie  Logout
1 Maryna
M M"W 2  max [ ——— +r 29848
‘ Alcoholic Samples
3 isa (i 22630 b
Play
‘mil Report a problem 4 zi;{ing m m
Badge Name Conditions 6 Christoph P 9075 )
.| Early Bird Answer 100 questions betwee 7 Hesy P 2552
Night Owl Answer 100 questions betwee ;
. 2 Simone m ﬂﬂ Current Multiplier
ol Expert Reach a score of 5000 Points "o
Master Reach a score of 20000 Point @ Availotle Audodsta
Powerman Collect 100 Bonus Items (in t :
Regular Customer Have a constant log-in streak ~ «> Datasetof the week @ Avae Questins
Way to go Answer 100 questions in total 3
Autobiographer Fill out own bibliography ASPA (nativeness) ———
v| Chatterbox (hidden) Used the contact form 5 time: This dataset is a collection of 30 second excerpts of
P o ST TR : various scientific talks. Here we would like to know

E_E_ awarded at March 21, 2016, 10:01 a.m.

Answered questions: 1 - how you would rate the speaker's proficiency of the
English language.

“IHEARU-PLAY: Introducing a game for crowdsource:  piay this dataset 5A, 2015.
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Big Data?

THEAR (ccy

« Cooperative Learning in aRMT m PLAY
0) Transfer Learning 66.0 .
1) Dynamic Active Learning ; .~EA.~-“‘EMEA BB E' """ Srea ‘F'
. . . g’ | 5 ______
2) Semi-Supervised Learning 64.0 i Improvement
of UA=5.0%
Labelled Newl 62.0 I I
S L L] y =B, _ .V/A""A‘\ |
data labelled R ST A
. i A = =t T A
H DR P = i 2
: 600 ot —g‘g'/ | A /,,,-—Alx"'“'“’-’-""’.’ ;
Confidence/ il
530 L 95 0% reduced
: SIB-AL -
Max of PL - =
56.0 Min of PL s |
: Mean and Stdev of PL. ——
Unlabelled 10 15 20
data

Iteration

“Cooperative Learning and its Application to ESR”, IEEE Transactions on Audio Speech and Language Processing,
2015.
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 Universum Autoencoders
Jointly minimise reconstruction error & LRec
universum (unlabelled dataset) learning loss

Whispered - TRANSFER - normal
: Decoder
GeWEC (4 class) + Unlabelled: ABC

Besvm Omsseem BB s-aE

Encoder

UAR [%]

Example

50 100 200 500 640 (All)

“Universum Autoencoder-based Domain Adaptation for Speech Emotion Recognition”,
Signal Processing Letters, 2017.
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1 H H
" ! i Intelligent Audio Analysis : -
1 H ]
1 - - --- ]
]
i Active Learning (Automatic Annotation) !
1 e — : [
; T = (4 ] : :
. Feature 1 Feature ! e -1 : EB:‘ 1
L ! (24 . L T 4
Real Ity v Extraction ! Extraction ! -E Train Set i< : !
‘. - - 3 H
jl T L ]

N

iHEARu-PLAY
Unlabelled
Data Set

 Labelled: ;
N iy Data i

Feature Model Confidence ] EData with high_|
Selection Building Measurement J ' Confidence Richly Annotated
Large-Scale Data Set

Data with low and
medium Confidence

Data Quality Management (Manual Annotation)
}ﬁ‘ : User Reliability
Y S W
iyi | Consistency | i
o Questions i

{ Annotation Reduction : : ‘

Control > - High Annotator Values,
Al i : : i—i— Agreement level reached
- (__Questions Trustability P

g )
LY Other F—
i i | Mechanisms | i

" Low Annotator Values,
Agreement level not reached
“Towards Intelligent Crowdsourcing for Audio Data Annotation: Integrating Active Learning in the Real World”,
Interspeech 2017.
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“Towards Intelligent Crowdsourcing for Audio Data Annotation: Integrating Active Learning in the Real World”,
Interspeech 2017.
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SSL.

Reconstruction

e AEs for SSL =

()
e
7
=
g
E.
=
&
— — e — &

* + 8
5 [
S RelU ReLU [
= 1 f 12
Supervised Learning: ' e Addition Addition

Keep only relevant info Weights Weights

Unsupervised AEs:
Keep al info for reconstruction

1

w/o (left) or w/ (right)

o2
—m—

skip compensation

ReLU
Weights: Weighted linear combination,
: Batch normalisation,
Rel U: Rectified linear unit,

Encoder
- - -

n: Element-wise addition.

“Semi-Supervised Autoencoders for Speech Emotion Recognition”, IEEE Transactions on Audio Speech and Language
Processing, 2017.
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SSL.

SS-AE
e AEs for SSL SS-AE-Skip
Test on FAU AEC — = SS-AE (AEC)
skip compensation = = = SS-AE-Skip (AEC)
AEC+ABC+EMO+SUSAS
44 L -
< 42 B35 olime— . _oum
S % o
o ”~
< 40 4
-
338

100 200 500 1000

# of labelled samples

“Semi-Supervised Autoencoders for Speech Emotion Recognition”, IEEE Transactions on Audio Speech and Language
Processing, 2017.
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SSL.

SS-AE DAE
e AEs for SSL SS-AE-Skip ulLSIF
Test on GEWEC SVM MGD
skip compensation
ABC+EMO+SUSAS
65
— 60
S
~
< 35
-
50
50 100 200 500 640 (All)

“Semi-Supervised Autoencoders for Speech Emotion Recognition”, IEEE Transactions on Audio Speech and Language
Processing, 2017.
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Big Data: Velocity:.

e Parallelisation

Process parallelisation

Program

Process 1

Task 1.1
Task 1.2

Task 1.n;

{

Processor 1

Process 2

Task 2.1
Task 2.2

Task 2.n,

A

Process 3

" Task 3.1

Task 3.2
Task 3.n,

Processor 2

Data bus

Process P

Task P.1
Task P.2

Task P.n,

NN

Processor K

Y

Bjorn Schuller

Data parallelisation

Database

Datasplit 1

Instance 1.1
Instance 1.2 ]

Instance 1.n,

| Datasplit 2

Instance 2.1
Instance 2.2

Instance 2.n,

Datasplit 3 V
Instance 3.1

" Instance 3.2

Instance 3.n,

Dadasplit D
Instance P.1 /

Instance P.2

Instance P.n,

“Big Data Multimedia Mining: Feature Extraction facing Volume, Velocity, and Variety”, to appear.

Processor 1

Y

Processor 2 <

Processor K

A

Data bus
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Big Data: Velocity.

RTF CPU GPU
Double 522 .068

« GPU-Preprocessing Single 937  .033

Parallel NMF Source Separation
500 x 1000 matrix
KL divergence

openBIliSSART

Separation »D rage »=  Separation - Processing

Synthesis o
yntnesis Features

—
— T
- —

1000

< single, CPU
-$- double, CPU
O single, GPU
-l double, GPU

processing time [s]

o
e (}I D D
Output Class 1 OutpulCl.d.‘ssC O O © O o o o
(e.g. Speech) (e.g. Noise) - arn 2.8 R 8

2000
5000

# of components

“Optimization and Parallelization of Monaural Source Separation Algorithms in the openBIliISSART Toolkit”,
Journal of Signal Processing Systems, Springer, 2012. 20
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Big Data: Velocity:.

e GPU feature extraction

120 111.69

100

80

40 30.04

Training Time: min.

2416

20 14.87 11.39

342 271 415 327 -
0 — I

e¢eGeMAPS (88) IS09_emotion (384)  IS13_ComParE (6 373)
CPU GPU 1 (K20) mGPU 2 (P100)

“GPU-based Training of Autoencoders for Bird Sound Data Processing”, IEEE ICCE-TW, 2017.



Imperial College

London Bjorn Schuller

Big Data: Velocity. CURRENNT

: CHIME 2 RNNLIB
e GPU-Learning

#seq. 1
10 — 1k LSTM cells, speedup (1)
2k — 4Mio parameters
GPGPU
NeuralNetwork ﬁ Optimizer 1 M DataSet j; LSTM 1000
? ; T Ti - / LSTM 500
Layer Stezp;?;[:sg;ent— DataSetFraction 30 LSTM 250
7 Q
[ ﬁJIX I 3 25 == | STM 150
InputLayer TrainableLayer PostOutputLayer ﬁ 20 . LSTM 100
7 ——
I = .' 7 s LSTM 50
Ll fecticinadl el PostDjtS:l;tLayer Classifilc:iirgl;Layer Clasrz\::fl-ilrl,::':::i;ver 10
T == LSTM 30
SoftmaxLayer —4—LSTM 10

1 5 20 100 200 500

Parallel Sequences

“Introducing CURRENNT - the Munich Open-Source CUDA RecurREnNt Neural Network Toolkit”,
Journal of Machine Learning Research, 2014.
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Big Data: Velocity:.

AlexNet VGG19
Input = RGB image
12,000 — size: 227 x 227 pixels size: 224 x 224 pixels
d Paral I 6| . 1 x Convolution 2 x Convolution
Task overview size: 11; ch: 96; stride: 4 size: 3; ch: 64; stride: 1
- 10,000 Maxpooling
Import ) : n 1 x Convolution 2 x Convolution
Audio & & & Eﬁ] 3 size: 5; ch: 256 size: 3;ch: 128
= 8,000
¥ —- S Maxpooling
> ? 1xC luti 4 x Convolution
E6.000 eonvoluhion size: 3; ch: 256
@ ’ size: 3; ch: 384 -
Raw audio = Maxpooling
to - - -
; - 4 x Convolution
specrtrogram generation .
S 4,000 1->< Conyolution size: 3; ch: 512
=4 size: 3; ch: 384 -
Maxpooling
1 x Convolution 4 x Convolution
21000 size: 3; ch: 256 size: 3;ch: 512
_ Maxpooling
i " | 0 —e Fully connected fc6 layer, 4 096 neurons
! ; : = Fully connected fc7 layer, 4 096 neurons
: — E v Fully connected 1 000 neurons
E . . ined
i._c;;f;,iﬁ_tg;j?;};?g;;a::ﬂie_ _ _: Output = Probabilities for 1 000 object classes through soft-max

“Big Data Multimedia Mining: Feature Extraction facing Volume, Velocity, and Variety”, to appear.
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Speech Analytics.

« The “Traditional” Engine

Learnt
Model

—

I Transfer |
" L H

I earning

-lllll}lllllll

= Feature-level
Fusion

.......‘......:

Bjorn

Optimisation I
I--- ---I
F--}---
I Off- / Online |
Learning |

Decision |-

Schuller

Decision-level
Fusion

F L N !_ L N
I Confidence
Estimation

“Speech Emotion Recognition: 20 Years in a Nutshell, Benchmarks, and Ongoing Trends”, Communications of the ACM,

2017.

j:::]___|
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Speech Analytics 2.0.

e The “Modern” Engine?

Human-
Computer
Interface

‘ Mic/
Analyser peaker

Audio
)

“Speech Emotion Recognition: 20 Years in a Nutshell, Benchmarks, and Ongoing Trends”, Communications of the ACM,
2017.
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Feature Extraction.

 Brute-force
High-Dim. Space - Basis for selection

Online update

Energy Extremes
- Harmonicity Moments
S| Fund. Freq. o| 2 ST
(g Deriving é é Segments Deriving
% L |G Spectral
N
TF-Transform Regression

Filtering

“Recent Developments in openSMILE, the Open-Source Multimedia Feature Extractor’, ACM Multimedia, 2013.
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Functionals. openSMILE:)

RTF Intel HTC Galaxy
« On-device Feature Extraction (#eat) i7_OneM9 S3

Fast computation

Timestamp [ms]
200 220 40 60 gp 100 120 140 1gp 180

Level

I is [ [ |
Cross-signal B b = {_
Ibp_hist[255] L § |
frames[0..799] |z
. mfce[1] - I
Energy/speed-aware selection bl = | ™ -
- '.I' 7Y ; cFramer, mifcc[12] I
3 cFFT, —
zomssom cMfcc, Fo -
cPitchShs, R
X 60 I I J L ' : . L
= ——Desktop Architecture | sliding- ]
o 4 window mfcc[1] mean
g 40 ——Mobile Architecture || Functionals miccf1] stddev
=
o 20
£
8 0 - ] I
CR,, Clig CW; CT,, CREMa; M5, CAq Cep CPR; €ne,Copn
Amey ctof;é’ndowansfo T,ha Soecr Cf ps’fufl;fhﬂl oy 0y g
’r@e er ,"[n Fﬁ?h m 0
Mpp s Othe
as/g r

“Recent Developments in openSMILE, the Open-Source Multimedia Feature Extractor”, ACM Multimedia, 2013.
(2nd place ACM MM Open Source Software Competition in 2010 and 2013, >1k citations for 3 papers)
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Bag-of-"X"-Words.

LLDs over

time l

P . Codebook Postprocessing
reprocessing: generation: Vecto.r . « Histogram

. glfoirfglsisatlon — . K-means — quzasr}:llglztlllazl:ﬁ —_ Lnoogrr%aélisation
(online) ) Rand?m assignment weighting

sampling k- IDF-weighting j

openXBOW —|)-> BoXW

https://github.com/openXBOW/openXBOW
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Bag-of-"X"-Words. openXBOW —[)>

vector quantisation

NN
22211113314454

LLD x ' ' " ',‘!“_.,... -
1:5 XXXXX
2.3 XXX
= 3:2 XX
= 4:3 XXX
0 .
< 55 b o 5:1 X
= from top: Gender, Intelligibility
50 1 Emotion, Intoxication, Age
LLD 1 45 L _ apcamESE
dictionary 10 T histogram
10 100 1000

Bandwidth (bit/s) (log(x-axis))

“openXBOW - Introducing the Passau Open-Source Crossmodal Bag-of-Words Toolkit”,
Journal of Machine Learning Research, 2017.
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Bag-of-"X"-Words. e

« Bags-of-X-Words
SEWA, openXBOW —|)=>

Numeric : : VO & £
input Pre- ' Codebook ! Q 7
> ! : | Histogram 2 - =
processing I generation ! . S o =
| ' generation g ™ % 2
! : | : S 5
--------- & C.—-D - p—
Jv i CTT T T T T T T ] 7'_. 0;-‘ ] g s g
ES}-mbollc | | el ?& = ? oo
mput ' Dictionary ! Histogram SR =) 8
> NLP —>! . — . = 02 L
: generation : generation S
b ooe e : 7
Modality Arousal (test) | Valence (test)

Acoustic A70 426

Visual 314 .344

Linguistic 293 .320

Crossmodal (early fusion) 432 .509

Crossmodal (late fusion) 499 .523

“openXBOW - Introducing the Passau Open-Source Crossmodal Bag-of-Words Toolkit”,
Journal of Machine Learning Research, 2017.
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Convolutional Neural Nets.

Convolution
operation

Pixel -~ Receptive Activation
matrix Field Kernel value

Feature extraction

"‘-..\_a. LJ'I m ‘;_.-"'-I.}

IDYIEN D

i |w o

operation

Classification

Alphabets
Building
Flower

People
Car

Convolutional neural network
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Deep Recurrent Nets.

Output layer @ @ @ @
W AT
Hidden layer @ unfold =~ Wl Acy W A WY (A WY

NG/
U U U U
Input layer @ @ @ @

ATAR2RY
+ it

| B0
- +) ©-ft

W W, W W)

|

+

t A typical LSTM Cell A typical GRU Cell

®Multiplication @Addition @Subtract from 1 @Apply function f —a = Multiply by weight A
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End-to-End Arousal

Baseline
ezZe

e CNN+LSTM = CLSTM ?

P | IR i
N Time _
o -
- e 32 2
8% 28 i o i e e ] T B o
? _5 3 i w I | -
L 1 =
85 cg
83 o & [ T T
- E L -
convolutional layer convolutional layer i
Raw waveform at 16 kHz F x 5ms filters M x 500ms filters Recurrent LSTM layers Ilr i
(=]
Max / Mean / Last v

T T

h
—t )
/_—‘N_ﬁ_ E /—/%
| G_'T P v [ '_O_.,'.”..
HES p . -
g
Time g

“Adieu Features? End-to-End Speech Emotion Recognition
using a Deep Convolutional Recurrent Network”, ICASSP, 2016.
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End-to-End.

e Black Box?

gain derivative for t;q

Bknz

—— [
% aa y

—

o "
Raw waveform at 16 kHz Ci olutional layer convol
X 5ms filters. Aavolutional Iayer
M x 500ms fiiters Recurrent LSTM iayers

energy range (.77) -

loudness (.73)
FO mean (.71)

= cell activations === prosodic feature

115 2:30 3:45
Time {mins)
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End-tO-End _ Speech under Cold %UA

func 70.2
. BoAW 69.7
e e2e + functionals + BoAW?
v eZe 60.0
A | T ) func + BoAW 70.1
) SR S R 15 S < 2c + func 64.8
mmﬁ;]""r 8 - “a*' g - e2e + BoAW 62.5
oy weawefonm & z £ x Sms illers M x 500ms fiters RecunantLSTH yers a” (Conf) 707

all (maj. vote) 71.0

bp_hist]0]

cPitchShs,

uuuuuuuuu

“The INTERSPEECH 2017 Computational Paralinguistics Challenge: Addressee, Cold & Snoring”, Interspeech, 2017.
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AVEC 2015/16 Task

Speech Network

ajuajep
|esnouy

2 Layer LSTM

10103A =injea) P-0¢ol

1280 features

jood xew

"Op ‘AUOD OPXT

A

jood xew

b 'AU0d 0ZXT

40 features

e

Visual Network

E

|ood Bae

8F0Z 'AUOD TXT
Z16 'AU0D EXE
ZTG ‘AU0D TXT

x3

\ﬂmoﬂ ‘Auod ﬁx._”

_ Ue
| 957 'AUOD EXE

/.mmN ‘AUDD ﬁx._”

—!

/7 2TS ‘AUod TXT N,
[ szrnuoogxg |
./mm._” 'AUQD Hxﬁ\x

w 967 'AUOD TXT

[ 9 'AUOD EXE __
9 ‘AUO TXT

x3

|ood xew

" b9 ‘MU0 gxL

“End-to-End Multimodal Emotion Recognition using Deep Neural Networks”, submitted / arxiv.org.
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Multi-target.

Task 1 Task 2 Task 3 Task N

Q00 OO0 OO -+ 0O - 000

e

Q0O - 00

Shared Hidden Layers < Feature Transformations

Q0O - 00
QO - 00

Input Layer:

“Multi-task Deep Neural Network with Shared Hidden Layers: Breaking down the Wall between Emotion
Representations”, ICASSP, 2017.
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Pre-Training.

« Emotion with Image Nets
IS Emotion Challenge task — 2 classes

Spectrogram Speech Signal

o

o))

o’
I

1x Conv.
| size: 11; ch: 96; stride: 4

| maxpooling

|

1x Conv.
size: 5; ch: 256

g

maxpooling

|

3 x Conv. Layers
1-size: 5; ch: 384
2 -size: 5; ch: 384
3 - size: 5; ch: 256

d

maxpooling

0.66

o

o

»
|

AlexNet

o

(o)

N
\

Unweighted Average Recall (UAR)

o

»

o
I

[ -

eGeMAPS ComParE BoAW Deep Spectrum 4096 Dimensional

Deep Spectrum Features
“An Image-based Deep Spectrum Feature Representation for the Recognition of Emotional Speech”,
ACM Multimedia, 2017.
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Synthesis? % UAR

SVM 42.83

e GANS GAN 44.06

Generator & discriminator competing against each other in
Zero-sum / Min-Max “game” framework

random n01sem
Generator ( G) e real/fake
Objective

Discriminator (D)
real data

 Example: Autism Diagnosis from Speech
CPESD database: 4 classes, children

“Speech-based Diagnosis of Autism Spectrum Condition by Generative Adversarial Network Representations”,
ACM Digital Health, 2017.
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Deep Context Modelling.

» exclude predicted word from conditional dependence

» cBLSTM: modified architecture, contextual dependence

» predict conditional probability p(w, w/"' w .)

» CURRENNT toolkit http: //sourceforge .net/p/currennt

Target Words < S > W Wj </s >

Backward Layer e

Forward Layer e\

Inputs Words < s > wy 2 W, </s>

“Contextual BLSTM Language Models: A Generative Approach to Sentiment Analysis”, EACL, 2017.
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Deep Embedding.

e Seamless Holism

slolid
T 19346

 Horizontal:
Signal Enhancement
Feature Extraction
Feature Enhancement
Feature Transfer
Feature Alignment
Feature Selection (Bottleneck)
Classification / Regression
Language Modelling
 Vertical:
Multitarget
w/ Confidences (e.g., agreement)

Evolving

Deep
CRNN w/ memory
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Personality
Likability

Intelligibility
Intoxication
Sleepiness
Age
Gender
Interest
Emotion
Negativity

Addressee
Cold

Snoring
Deception
Sincerity
Native Lang.
Nativeness
Parkinson’s
Eating
Cognitive Load
Physical Load
Social Signals
Conflict
Emotion
Autism

Bjorn Schuller

# Classes %UA/*AUC/*CC
2 70.6

2 72.0

4 70.5

2 72.1

[0,1] 65.4+
11 82.2
[0,1] 43.3+
[0,100] 54.0*
62.7

61.6

71.9

92.7*

85.9

46.1

69.4
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Diarisation. System FA sperr DER
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“A Paralinguistic Approach To Holistic Speaker Diarisation”, ACM Multimedia, 2017.
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Rett & ASC.

Rett Syndrome

ASC
 Rett & ASC Early Diagnosis

16 hours of home videos
6-12 / 10 months

Vocal cues: e.g., inspiratory vocalisation

8000 =
6000 | — =
4000 = =
2000 = == = = |
0 — —— e —--—-—-.—_-_ T

“A Promising Novel Approach for the Earlier Identification of Rett Syndrome", Rett Syndrome Europe, 2016.
“Earlier Identification of Children with Autism Spectrum Disorder: An Automatic Vocalisation-based Approach”,
Interspeech, 2017.
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Products.
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Snoring.

CNN+LSTM

Functionals
VOTE classification Deep Spec

(site of vibration)

---------------------------------- 1
|

snore samples spectrograms I a) Pre-trained CNN Feature Extraction : 1 b) Classification
1 . 4096 Ne Y decision
| features SVM | (VOTE)
N— 1
I decision
" (V,0,TE)
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(b) Oropharyngeal lateral walls

PR SRR | | |

Al s

(d) Tongue
“Classification of the Excitation Location of Snore Sounds in the Upper Airway by Acoustic Multi-Feature Analysis",
IEEE Transactions on Biomedical Engineering, 2017.

(a) Velum
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Animal Paralinguistics? Recognition

Emotion
Context

e Bark Context & Emotion

Mudi, a Hungarian Herding Dog
226 Bark Sequences, 12 different dogs, 6 annotators
5 point likert scale per emotion > max emotion

Aggression. Despair. Fear. Fun. Happiness.

Alone. Ball. Fight. Food. Play. Stranger. Walk.

“Classifying the Context and Emotions of Dog Barks: A Comparison of Acoustic Feature Representations”, SAS, 2017.
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Abstract

With two years, one has roughly heard a thousand hours of speech - with ten years, around ten thousand. Similarly,
an automatic speech recogniser's data hunger these days is often fed in these dimensions. In stark contrast, however,
only few databases to train a speaker analysis system contain more than ten hours of speech. Yet, these systems are
ideally expected to recognise the states and traits of speakers independent of the person, spoken content, language,
cultural background, and acoustic disturbances at human parity or even super-human levels. While this is not reached
at the time for many tasks such as speaker emotion recognition, deep learning - often described to lead to "dramatic
improvements” - in combination with sufficient learning data satisfying the "deep data cravings" holds the promise to
get us there. Luckily, every second, more than two hours of video are uploaded to the web and several hundreds of
hours of audio and video communication in most languages of the world take place. If only a fraction of these data
would be shared and labelled reliably, "x-ray"-alike automatic speaker analysis could be around the corner for next
gen human-computer interaction, mobile health applications, and many further benefits to society.

In this light, first a solution towards utmost efficient exploitation of the "big" (unlabelled) data available is presented.
Small-world modelling in combination with unsupervised learning help to rapidly identify potential target data of
interest. Then, gamified dynamic cooperative crowdsourcing turn its labelling into an entertaining experience, while
reducing the amount of required labels to a minimum by learning alongside the target task also the labellers’
behaviour and reliability. Then, increasingly autonomous deep holistic end-to-end learning solutions are presented for
the task at hand. Benchmarks are given from the 15 research challenges organised by the speaker over the years at
Interspeech, ACM Multimedia, and related venues. The concluding discussion will contain some crystal ball gazing
alongside practical hints not missing out on ethical aspects.
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