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>Think of AI.
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AEL.

Emotion recognition Emotion augmentation Emotion generation

Natural
Perception language
processing

Internal/external Motion and
data manipulation

emotion

Recognition Reasoning Generation

Machine General

learning intelligence Croativity

Context model

User state Interaction < System > Interaction
state state state

“The Age of Artificial Emotional Intelligence”, IEEE Computer, 2018.
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“End2You -- The Imperial Toolkit for Multimodal Profiling by End-to-End Learning”, arXiv, 2018.
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AutoML.
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“Evolving Learning for Analysing Mood-Related Infant Vocalisation”, Interspeech, 2018.



Imperial College # Classes %UA/*AUC/*CC

London Deception y) 72.1
Sincerity [0,1] 65.4*
Cha"enge_ Social Signals 2x2 92.7*

Conflict 2 85.9

# Classes %UA/*AUC/*CC
I EIGER [-1,1] 42.8*
Emotion 5 44.0
Negativit 2 71.2
# Classes %UA/*AUC/+CC
Affect: Atypical 4 45.0
Affect: Self-Ass. 68.4
INTERSPEECH Crying 78.6
COMPARE Heart Beats 56.2
Elderly A/V
Escalation
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Attention.
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“Attention-augmented End-to-End Multi-task Learning for Emotion Predicition from Speech”, ICASSP, 2019.
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Attention.
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“Hierarchical Component-attention Based Speaker Turn Embedding for Emotion Recognition”, IJCNN, 2020.

Turn embedding

Attention
Encoder

Word-level

Word embedding

Attention
Frame-level
Encoder

Word Spectra
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“Context Modelling using Hierarchical Attention Networks for Sentiment and Self-Assessed Emotion Detection in Spoken Narratives”,
submitted.
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Uncertainty.
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“Modelling Sample Informativeness for Deep Affective Computing”, ICASSP, 2019.
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London emotion:  reconstructed emotion:  reconstructed emotion:  perception
Yy feature: % Y feature: x Y uncertainty: u
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“Dynamic Difficulty Awareness Training for Continuous Emotion Prediction ”,

IEEE Transactions on Multimedia, 2019.
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== cell activations === prosodic feature
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“Affect Recognition by Bridging the Gap between End-2-End Deep Learning and Conventional Features”, ICASSP, 2018.
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Attention matrix A Probability matrix P
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“Attention-based Atrous Convolutional Neural Networks: Visualisation and Understanding Perspectives of Acoustic Scenes”, ICASSP, 2019.
“Attention-augmented End-to-End Multi-task Learning for Emotion Predicition from Speech”, ICASSP, 2019.
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London Baseline .386 478
+Confidence 450 515

Confidence.

PET .
- — g A

(d) EV) =0.69, cV) = 0.70

“From Hard to Soft: Towards more Human-like Emotion Recognition by Modelling the Perception Uncertainty”, ACM Multimedia, 2017.



Imperial College Separation SDR SAR
London Deep Clustering  0.84 2.09

—))) + N-HANS Deep Attractor 1.81 3.29
Reliable.
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“Single-Channel Speech Separation with Auxiliary Speaker Embeddings”, arXiv, 2019.
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Package Loss?

start

CCC
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Original
35% drop
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— original
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—— ConcealNet
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“ConcealNet: An End-to-end Neural Network for Packet Loss Concealment in Deep Speech Emotion Recognition”, arXiv, 2020.
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“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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Timing.
Combining a Parallel 2D CNN with a Self-Attention-DRN-CTC for Discrete Speech Emotion Recognition
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“Personalized Machine Learning for Robot Perception of Affect and Engagement in Autism Therapy”, Science Robotics, 2018.
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Timing.
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“Personalized Machine Learning for Robot Perception of Affect and Engagement in Autism Therapy”, Science Robotics, 2018.
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Timing.
Methods IEMOCAP FAU-AEC
[%] WA UA UA
CNN-BLSTM [31] 68.8 58.4 -
CNN-GRU [20] 715 64.2 -
BLSTM-CTC [10] 66.9 65.1 41.4
PCN 68.6 56.8 38.4
PCNSE 69.8 58.5 38.8
PCN-SABLSTM 70.8 62.7 39.8
PCNSE-SABLSTM 72.1 65.4 40.5
PCN-SADRN 71.1 62.5 41.1
PCNSE-DRN w/ Global max-pooling 715 62.0 38.1
PCNSE-DRN w/ Global average-pooling 71.2 62.5 39.5
PCNSE-SADRN 72.5 65.0 40.4
PCNSE-SADRN-CTC 73.1 66.3 41.1

“Personalized Machine Learning for Robot Perception of Affect and Engagement in Autism Therapy”, Science Robotics, 2018.
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Augmentation.
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“Towards Conditional Adversarial Networks for Predicting Emotions from Speech”, ICASSP, 2018. (nominated best paper)
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Train on %Micro F1  %Macro F1
London

IEMOCAP 61.6 50.4

] Converted 60.0 51.7
Conversion. Both 63.7 56.4

Results from Human Evalution

2.0 1
B Baseline
1.51 B 3-Class
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N 1.0
o
£ 0.5
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£ 0.0
g‘
K I
s —0.5 1
= —1.01
-1.5
-2.0
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Emotional pairs (source-target)

(6) happy original (f) angry converted (g) sad converted (h) happy converted

“StarGAN for Emotional Speech Conversion: Validated by Data Augmentation of End-to-End Emotion Recognition”, ICASSP, 2020.
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Embedded.
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Fully Connected Network

Equal UAR Size/MB
Uncompressed 229

Quantised 55
Pruned 48
Quantised + pruned 12

Pruned Network

Neutral

“Squeeze for Sneeze: Compact Neural Networks for Cold and Flu Recognition”, Interspeech, 2020.
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Holism.
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“Personalized Machine Learning for Robot Perception of Affect and Engagement in Autism Therapy”, Science Robotics, 2018.
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Adaptive.
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“Synchronization in Interpersonal Speech”, Frontiers in Robotics and Al, 2019.
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“Personalized Machine Learning for Robot Perception of Affect and Engagement in Autism Therapy”, Science Robotics, 2018.
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London Initial
Original Data

H Federated

Federated Learning.
@ Send partial model updates to server @ Local training
Par— e o é / \ E
.‘-—h—}.— < E . ‘,ﬁ,l " ‘.‘—..l_.. E
| \ !

@Initialize model t T

N a—1 | — Rt __________________ _____________________
L ,, ° ¥ @ Local fine-tuning

@ Send average updates back to clients

“Personalized Federated Deep Learning for Pain Estimation From Face Images”, arXiv, 2021.
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Adversarial log-Mel spectrogram
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“Speech analysis for health: Current state-of-the-art and the increasing impact of deep learning”, Methods, 2018.
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London CCC RECOLA

-Va -Ar

Monomodal 381 411
Training Support Modalities.

> |i> I_J}) > :> emotion predictions
joint training loss

forvideo: Ly + a - Ly
) ) ) ) o ) foraudio: Ly + a - Ly
video signals aligned faces video descriptors emotion
recognition
":,-' (@)
:; % % | > | - 8%0 crt?ssmodal
OgJ_ 2 ..0‘ triplet loss Ly 41
audio signals audio descriptors emotion
embeddings

“EmoBed: Strengthening Monomodal Emotion Recognition via Training with Crossmodal Emotion Embeddings”,
IEEE Transactions on Affective Computing, 2019.
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Monomodal

Trainng Support Modalities. Joint AV

X-Modal Triplet
EmoBed

*  Mono = Multimodal.
—IS Emotion Challenge task — 2 classes
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(a) early fusion (b) late fusion (c) model-level fusion (d) multi-task learning (e) joint training
© concatenation © voting m=m= shared NNs ——m== specific NNs

“EmoBed: Strengthening Monomodal Emotion Recognition via Training with Crossmodal Emotion Embeddings”,
IEEE Transactions on Affective Computing, 2019.
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Lifelong Learning

Pred Pred1 ... Predn Pred: Predt+1 Predt Predt+1

AU At
b Regularise

(a) Single-task learning (b) Multi-task learning (c) Transfer learning (d) Lifelong learning
— no penalty — EWC 0.3
0.6 '
T = T e T T B e T
0.4 0.2
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Q Q Q Q
©0.2 Oo1 UO.l 00.1
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0.0 0.0
a b c d 0.0 a b c d a b c d a b c d
(a) Audio, arousal, FR (b) Audio, arousal, GE (c) Audio, valance, FR (d) Audio, valence, GE

“Internet of Emotional People: Towards Continual Affective Computing cross Cultures via Audiovisual Signals”,
Future Generation Computing Systems, 2020.
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Modelling.
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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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Modelling EZTI R N N T
' spontaneous | | | | | aced

complex | | | | | |smple

measued | | | | |  |assessed

pivate | | | | | |socal
prototypical | | | | | |peripheral
universal | | | | | [oulturesspecic
unimodal || | | | |mutimodal

“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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Ethical, Moral.

theory

practice

Deontological (duty) theories NORMATIVE Teleological/Consequentialist
Kant: act only according to that ETHICS theories, Utilitarianism
maxim whereby you can,at the consequences more

same time, will that it should Virtue ethics favourable than

become a universal law emphasis on character unfavourable
and practical wisdom
Golden Rule APPLIED ETHICS Pripcipalism/PrincipI.ism
do as you would Beneficence, Non-maleficence,
be done by Autonomy, Justice

I Computer and information ethics ” Internet research ethics |

| Machine/Robot ethics ”(Big) Data ethics “ Bio- /Medical ethics |

ANTICIPATORY ETHICS

frequentist and probability considerations on:
right or wrong / good or bad, representativity, privacy, ...

PRIVACY

| Ethical Guidelines and Ethical Committees |

GOOD PRACTICE
| Professional/Research Ethics |

PRIVACY of individuals and groups

AUTONOMY

Prerequisites: the basics
of responsible research

|

Choosing the right data:
REPRESENTATIVITY

Keeping data comparable:
COMMON POINTS OF REFERENCE

I

Deciding on the aim:
SINGLE INSTANCE DECISION,
MONITORING, POST HOC ASSESSMENT

Understanding what you did:
INTERPRETABILITY

Communicating your results:
MEASURES OF GOODNESS,
GOODNESS OF MEASUREMENTS

“Ethics and Good Practice in Computational Paralinguistics”, IEEE Transactions on Affective Computing, 2020.

BALANCING the needs of individuals, groups, and society

BENEFICIENCE, NON-MALEFICIENCE, JUSTICE
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London Uhm, nope. I am
not feeling so well

Emotional Al? foday!

I hate that
nerd! And I
hate tax
declarations!

Computer, please
prepare my tax
declaration!
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Sensory Cortex OFC
Neuroscience.
Complex, intertwined Long Path ‘
Amygdala central to |/\
emotion Emotional Response
Multiple paths, some 2“7 . .—» Amygdala R
inhibitory e.g. OFC Short Path -e.g. hormonal

Inhibition is not
common in typical Al Y

Changes how you act
and What you remember Hypothalamus Hippocampus

“Emotion-Augmented Machine Learning: Overview of an Emerging Domain”, ACII, 2017.
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Emotional Learning.
1. Optimisation methods
2. Anatomical Models

3. Reinforcement learning (many variants)

4. Cognitive Architectures
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> Making 1t work.
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Reading the Tea Leaves...

may soon know you better than...
your spouse, family, psychologist...
Let‘s be technically prepared and

responsibly design it

——_—
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Reading the Tea Leaves...

Thank You!

may soon know you better than...
your spouse, family, psychologist...
Let‘s be technically prepared and

responsibly design it

——_—




