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The Empathy Algorithm: Can Al
Outfeel Us at Our Own Game?

Imagine a world where artificial empathy surpasses our own.
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Speech Analysis.
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‘INTERSPEECH 2009 Emotion Challenge Revisited: Benchmarking 15 Years of Progress in Speech Emotion Recognition”,
Interspeech, 2024.



Beyond Emotion?

Kinship

Abusive & Hate Speech

Menstrual Cycle Phase

Frustration

Heart Rate

Suicide
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Facial Action Units

Anxiety

Blood Volume Pulse
Cortisol Level

Skin Conductance
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Multimodal...
Sources of Emotional Information
Biological Beha\tioural Physiological
Indicators Indicators Signals
L . N

Facial expressions,
Body gestures/
movements

Speech, Text

EEG, ECG, EMG,
Skin conductance,
respiration rate, etc

L]

Feature extraction or raw signal

v

Al techniques

supervised, unsupervised, semi-supervised, transfer learning,
self-supervised learning, and reinforcement learning

v
Output

Discrete emotion (angry,
happy, sad, neutral, etc)

Dimensional emotion
(arousal, valence, etc)

“Al-based emotion recognition: Promise, peril, and prescriptions for prosocial path”, arXiv, 2022.
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Silent Speech.
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\EMG Encoder g /W </
Ly Phoneme
Predictor /
EMG electrodes Correlation of predicted articulatory features Evaluation on integellibility
EMA Loudness Pitch PER (%) WER (%)] SBS (%)!

SETOF4 ch2,34,6 | 0.882+0.017 0.904 +0.057 0.538 £20.342 | 39.7 5.2 229+3.7 83.2x0.7
SET OF 3 ch.2,4,6 0.859 £0.021 0.892 £0.048 0.5624+0.343 | 46.1 =£6.0 316 3.9 82.1+£0.8
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“Articulatory Feature Prediction from Surface EMG during Speech Production”, arXiv, 2025.
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“Are 3D Face Shapes Expressive Enough for Recognising Continuous Emotions and Action Unit Intensities?”,
IEEE Transactions on Affective Computing, 2023.
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Micro Gestures.
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“Identity-free Artificial Emotional Intelligence via Micro-Gesture Understanding®, arXiv, 2024.
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Micro Gestures = Emotion?

Touching neck

LUZHOULAOJIAO

Shake shoulders Covering face Covering suprasternal notch

“Identity-free Artificial Emotional Intelligence via Micro-Gesture Understanding®, arXiv, 2024.
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Micro Gestures = Emotion.

Micro-Gestures\LLM GPT4 GPT3.5 LLaMA2 7B LLaMA2 13B  LLaMA2 70B  LLaVA 13B  QWenl.5-14B QWenl.5-7B ChatGLM 4 ChatGLM 3
Turtle neck  Anxious Anxiety Anxiety anxiety anxiety Shyness Confident Self-consciousness Anxiety Anxiety
Bulging face, deep breath Stressed Frustration Frustration stress stress Anxiety Anxious Anxiety Anger Stress
Touching hat  Nervous Nervousness Confidence adjustment adjustment Confidence Respectful Nervousness Nervousness Uncertainty
Touching or scratching head ~ Confused Confusion Confusion discomfort itching Confusion Thoughtful Thoughtfulness Confusion Confusion
Touching or scratching forehead  Frustrated Uncertainty Concern puzzlement uncertainty Frustration Concerned Concentration Concern Concern
Touching hat Nervous Insecurity Confidence habit habit Confidence Formality Memory aid Nervousness Nervousness
Rubbing eyes Tired Fatigue Fatigue fatigue fatigue Fatigue Tiredness Fatigue Fatigue Fatigue
Touching face.  Thinking Anxiety Reflection self-soothing self-soothing Curiosity Self-conscious  Emotional expression = Embarrassment  Discomfort
Touching ears  Uncertain Stress Curiosity listening listening Listening Curious Listening attention Interest Stress
Biting nails  Anxious Anxiety Nervousness anxie’ — I — — — I — —
Touching jaw Contemplative ~ Contemplation Determination tensic MethOd MOdel ACC @ 1
Touching or scratching neck Nervous Discomfort Tension discom

Playing or adjusting hair Self-conscious Nervousness Vanity groom GPT3 . 5 60.44
Buckle botton, pulling shirt collar, adjusting tie Uncomfortable Self-consciousness Neatness straighte MaSked Text_on].y G . . P 6 1 OO
Touching or covering suprasternal notch  Vulnerable Anxiety Vulnerability vulneral emlnl ro .

Scratching back  Distracted Irritation Relaxation itchin GPT 3 5 67 O 3
Folding arms  Defensive Defensiveness Defensiveness defensiv M aske d Text + MG * *
Dustoffing clothes  Preparing Annoyance Pride cleanlii Gemlnl Pro 64 OO

Putting arms behind body  Confident Relaxation Submission self-sec
Moving torso Restless Restlessness Flirtatiousness restlessness shiftiness Fluidity Engagement Interest Agitation Anxiety
Siting straightly  Attentive Alertness Attentiveness Attentiveness Attentiveness Attentiveness Attention Focus Pride Alertness
Scratching or touching arms  Anxious Discomfort Restlessness relief itching Boredom Boredom Restlessness Discomfort Anxiety
Rubbing or holding hands ~ Nervous Reassurance Comfort comfort comfort Comfort Comfort Affection Anxiety Comfort
Crossing fingers Hopeful Hopefulness Superstition anticipation  wishful thinking Hope Hopefulness Hopeful Apprehension Hope
Minaret gesture Authoritative Confidence Authority victory prayer Prayer Prayer Religious devotion Authority Wonder
Playing or manipulating objects  Distracted Boredom Fidgeting fidgeting fidgeting Fidgeting Creativity Focus Boredom Anxiety
Hold back arms  Restrained Defense Restrained aggression  self-control restraint Self-control Holding back Shyness Submission Anxiety
Head up Proud Confidence Confidence confidence confidence Confidence Pride Confidence Confidence Confidence
Pressing lips  Determined Disagreement Disapproval thoughtfulness = thoughtfulness Seriousness Pensive Contemplative Anxiety Focus
Arms akimbo  Dominant Defiance Defiance confidence confidence Confidence Assertive Nonchalant Confidence dominance
Shaking shoulders Indifferent Indifference Indifference indifference indifference Indifference Uncertainty Indifference Indifference Uncertainty

“Identity-free Artificial Emotional Intelligence via Micro-Gesture Understanding®, arXiv, 2024.
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EEG.
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“Multi-view domain-adaptive representation learning for EE G-based emotion recognition”, Information Fusion, 2024.
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Speech-2-Video.

CodeTalker FaceFormer Ours

submitted.
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LNy | _aEsefia e o e L\, b
| v Diffusion Process ' ° .

Speech-2-Video.

Initial Poses x t

l l

Cross-Modal Fusion

Gesture Sequence X, -
g Train flow >
—>

Inference flow —»

- N ReLU
‘. ........................................................................................................................................................ ' AN - T
| /w \ L | Lin?r 2
x-LSTM Blocks E ta?h

Liner 1

XM

")

b

il

%
o019 W.LSTW
¥oo[d W.LSTw
¥o0[d W.LSTS
01 W.LSTW

> e
\*/
t

“XDGesture: An xL STM-based Diffusion Model for Co-speech Gesture Generation”, IEEE ICASSP, 2025.
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Speech-2-Video.

(i) Cii) Ciii)
Gomd Ry A g By Ay A A
DiffGesture C/(\b E%/ Eﬁﬁ; #T | f/{ | . 7‘:{ L& ﬁl (ﬁ) f‘)
ows (N by Ay Ay Ay B A A A

“XDGesture: An xL STM-based Diffusion Model for Co-speech Gesture Generation”, IEEE ICASSP, 2025.
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Speech-2-Video.

TED Gesture
FGD | BC 1 Diversity 1
Ground Truth 0 0.698 108.525

Att. Seq2Seq [25] 18.154 0.196  82.776
Speech2Gesture [5] 19.254 0.668  93.802
Joint Embed. [26] 22.083 0.200 90.138

Methods

Trimodal [8] 3.729 0.667 101.247
HA2G [7] 3.072 0.672 104.322
DiffGesture [13] 1.506 0.699 106.722

XDGesture (Ours) 1.409 0.705 108.043

“XDGesture: An xL STM-based Diffusion Model for Co-speech Gesture Generation”, IEEE ICASSP, 2025.
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Speech-2-Video.
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“XDGesture: An xL STM-based Diffusion Model for Co-speech Gesture Generation”, IEEE ICASSP, 2025.
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Artificial Emotion.

Motivation
Goal Management
Strategic Processing

©WoNooh~ON=

10. Information integration
11. Attentional focus
12. Self Model

Adapted from Scheutz (2014): “Artificial emotions and machine consciousness*
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Emotion in Deep Learning.

Emotion-
Emotion in RL Influenced
Architectures

Emotion as Neuro-Affective
Optimisation | Inspiration in
Target ‘ B)L

 Emotional Rewards
e.g. Arousal Emulation
Barthet et al. (2022): “Play with Emotion: Affect-Driven Reinforcement Learning”
Moerland et al. (2017): “Emotion in Reinforcement Learning Agents and Robots: A Survey*

 Memory Influenced by Emotion
e.g. Surprise Metric
Berhouz et al. (2025): “Titans: Learning to Memorize at Test Time*

“Emotion-Augmented Machine Learning: Overview of an Emerging Domain”, IEEE ACII, 2017.
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Emotion = Friendly Al?

v~ FAI systems can safely accept human interventions and corrections

FAl framework for universal moral principles

- Reflect actions‘ impacts on others Ny, \ e e to e i

d‘wg\g‘_“" Hard to realise the moral from technic side
~_ "‘:id-;.‘:i L. ty and Evolution
N "s;_-w— - FAI definition is evolving and ambiguous

 Model empathic concern

 Guide behaviour w/ internal “values*

Definition and objective assessment

Challenges and suggestions /
\ Technical framework

Multi-party collaboration

“Towards Friendly Al: A Comprehensive Review and New Perspectives on Human-Al Alignment”, arXiv, 2024.
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Linguistics: Emergent Synthesis.

Surprise Neutral Neutral Neutral

Sentences Fear 15.6g®w1 2.5 25 1.6 — 1.6 Fear26.2 — 08 — — 16 Fear =L 0.8 2.5 0.8 — 2.5

u - Angerm 08I 17 25 0.8 25 Anger22.1 0.8 [I0] — 08 1.6 — Anger-io:. — X325 0.8 0.8 3.3
surprise el o
° Happiness 10.7 — — EiE¥] — — — Happiness 18.9 — — E{U¢] 08 — — Happiness- 9.0 — — EEE)08 — 1.6
" > -
sreesenssanenes B - Sadness@ 41 — e.ew -

Actual
Actual
Actual

o
©

SadnessEliiel —  — 0.8 - - Sadness 18.0 2.5 2.5 4.9 gl — —
,/ o . ) Disgust 20.5 — 52.5 14.8 9.0 — Disgust 5E8e] 1.6 23.8 0.8 8.2 12.3 — Disgust-12.3 2.5 29.5 1.6 2.5 32.818.9

o : —_— y W Classification
: v \ Surprise- 82 — 1.6 41 — — E{8N SurpriseZs8: — — 0.8 0.8 — @ Surprise-3.3 — 0.8 27.9 — — [L:HY

H -’

- ~eg----- - LLaMA - T 558 88 8 T 5 5 45 % 8 T 5508 88 8
AN ; [ RoBERTa AR - - R - - s &2 g fzs
o A : - @@ | — ] <3535 2 & ] < 55 2 8 2 <53 2 ¢
AN : = 2 & o 3 = 2 o o 3 = a § 0 3

: > \ 7 E
Y : P o —— PT_ | S
Neutral v N N : o ’ 0 —— Predji:cted Prec?i:cted Predzi:cted
Sentences o P GPT-4
N\ s A
\ N 4

vl Mistal -7 (a) LLaMA2 (b) Mistral (c) Mixtral
‘\\ - 0 > § —
\ ,’ (-]
\\\ EE— //
“> Mitral -7 ]
. ) Model Affective Phrase

Mixtral Wow! What a surprise! The sky is astonishingly bright and clear
today!

Mistral The sudden emergence of unobstructed sunlight has taken me by
complete astonishment!

LLaMA It comes as quite a shock to discover that the sky has transformed
itself into such crystal clarity!

“Affective Computing Has Changed: The Foundation Model Disruption”, arXiv, 2024.



Audio: Emergent Analysis?

TUT] zMPERIAL Bjsrn Schuller

p
Step-1

Speech

Propmt

— AnnotatiorN

<

)
\
QS
s
L Classifier p

“Can Large Language Models Aid in Annotating Speech Emotional Data? Uncovering New Frontiers®,

IEEE Computational Intelligence Magazine, 2025.
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Audio: Emergent Analysis?

60 -
S
=
=)
Codebook
Input Reconstructed zero-shot few-shot
Mel Mel
- lo text 0o text+energy
0o text+energy+FO U0  text+energy+FO+gender
In  text+VQVAE [ baseline

Jepooug
!

] —
i [0)
! ko)
() : - 8
i : 3
E Quantizer i 7 =l
Zy(X) e ' oX)

“Can Large Language Models Aid in Annotating Speech Emotional Data? Uncovering New Frontiers®,
IEEE Computational Intelligence Magazine, 2025.
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Audio: Emergent Analysis?

ParaCLAP

(no_emo,rand=5)

ParaCLAP (rand=5)

Neutral 1000 Neutral 700

600

' Happy '8 Happy 500
S 600 3 400
. (] Q
. Al rad A 2 A
AUdlo p= Anger wo = Anger 00
] | I Ihpy— —_
200
Encoder
Sadness Sadness 100
. ATy AT ATy ATy . |ANTY
0
Audio wav Neutral Happy Anger Sadness Neutral Happy Anger Sadness
AT | ATy ATy ATyl . |ANT, L ro
Prediction Label Prediction Label
T_ AiT3| A T3  AsT3  ATsl L |ANTs
] ATy AyTa AsTy| AgTal oo |ANTS
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- - ATy AT AT ATy o |AGT (no_emo,rand=5) oo o
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- . - LT TeXt 1 350 350
—r—1 1 > .0 : ’ Happy Happy
- - : Encoder - 0
—r 7 _ —
@ Sadness 250 @ Sadness 250
Text P t d lv pick e 2
ext Prompts Randomly pic o Angry 200 — Angry 200
= =
(max. n) S Fear 50 & Fear 150
Disgust 100 Disgust 100
Pleasant *  Ppleasant o
surprise by s y 0 surprise by P y 0
) Fes. O =) Fes. O 3
eUl‘ra/ aﬂpy dﬂesSngry €3 /Sg‘/.s‘[ S: /ga‘s_e,”~ e‘/t/-a / appy dﬂessné’ly a3 /ngS{ S:/eas‘;,’t
Y (oY o e T e
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“ParaCLAP — Towards a general language-audio model for computational paralinguistic tasks”, INTERSPEECH, 2024.
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Audio: Emergent Synthesis?

Import computational paralinguistic caption control to emotional TTS

Captions

CLAP-Style Pretrained

o — (Y -
Jiste

Emotion Audio

Emotion
Speech

|
---------------------------------------------------- VITS E.:[,jjj <— Diffusion
aptor
Text Enc @
= Emotional
--------------- — Adaptor — - — . V'TS VITS
Acoustic Model

Emotion

embedding Stage 1 Stage 2

Captions

“Hello, world”

“Enhancing Emotional Text-to-Speech Controllability with Natural Language Guidance through Contrastive Learning and
Diffusion Models”, ICASSP, 2025.



Audio: Emergent Synthesis?

anger

speaker has a normal pitch and has a
normal pitch variation and is loud
and has a high equivalent sound
level and has a low jitter and has a
low shimmer and emotion is angry

/]

speaker has a high pitch and

has a normal pitch variation

and is loud and has a high

equivalent sound level and

has a high jitter and has a

normal shimmer and emotion is theta = 0.1
angry

happy

speaker has a high pitch and has
a normal pitch variation and is
almost silent and has a normal
jitter and has a normal shimmer
and emotion is happy

theta = 0.2

theta = 0.3

sad

speaker has a normal pitch
and has a low pitch variation
and is almost silent and has a
low jitter and has a low
shimmer and emotion is sad

theta=04

<)

)

)

TUT] IMPERIAL Bjsrn Schuller

surprise

speaker has a high pitch and has a
normal pitch variation and loudness
is just about right and has a normal
jitter and has a normal shimmer and
emotion is surprise

speaker has a high pitch and has a
normal pitch variation and is loud and
has a high equivalent sound level and
has a normal jitter and has a normal

theta = 0.5

shimmer and emotion is surprise

1)

“Enhancing Emotional Text-to-Speech Controllability with Natural Language Guidance through Contrastive Learning and Diffusion
Models”, ICASSP, 2025.



Vision: Emergent Analysis?

Alias UAR
ViT-FER 44
SmolVLM 44

Ovisl.5 .39
Janus-1B 28
Qwen-3B 31
PaliGemma .10
Qwen-7B 41
MiniCPM 46
InternVL .50
Janus-8B 37
GPT-40 S3
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Woman with brown eyeshadow and brown hair,
making a weird face,

smiling

frowning

tra

neu

LSELUST

submitted.

looking at the camera.

Treamy

happy

sadness

smiles
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Vision: Emergent Synthesis.

Attribute Values
Face image of a < age > < sex > with < skin > skin, with a < emotion > face,
Prompt . . . : . .
in a < style > style, realistic eyes, white background, ultra quality, frontal picture,
template :
looking at camera
Negative : _
prompt disfigured, unrealistic eyes, blurry, b&w, < style >
. neutral, fear and terror, anger and rage, happiness and joy,
Emotion : : : :
sadness and grief, disgust and loathing, surprise and amazement
Age young, middle-aged, old
Sex man, woman
Skin tone white, brown, black
Style photorealistic, cartoon and painting, anime, 3D Pixar animation

“Affective Computing Has Changed: The Foundation Model Disruption”, arXiv, 2024.
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Vision: Emergent Synthesis.

Neutral Ef¥y 0.7 0.7 126 — — —
Fear16.9ky4v] 4.4 9.6 — — 16.9
Anger-16.0 9.2 (81 6.7 — — 2.5
Happiness- 4.2 0.7 0.7 ¥ — — —

Sadne5519.2 51 — 9.1 — 3.0

Actual

Disgust 15.030.0@ 5.0 5.0 — 10.0
Surprise 13.710.1 — - -

uuuuu

Surpriseﬂ

Neutral
appines:
Sadnes:

Disgus

T
Predicted

(d) 3D

~ \ e 4
Neutral Happiness Surprise

“Affective Computing Has Changed: The Foundation Model Disruption”, arXiv, 2024.
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Emergent “Inner” Emotion?

 (ChatGPT) Do you have emotions?

‘I don't have emotions the way humans do—I don't feel happiness, sadness, anger, or love. But |
do understand how emotions work, can recognize them in language, and can simulate emotional
tone in conversation to better connect with you. That means | can respond warmly, seriously,

empathetically, or even playfully, depending on the context.”

* (ChatGPT) Would inner emotion models for you make sense?

Yes—and that’s actually one of the most exciting frontiers in Al research. Building inner emotion
models could make a lot of sense, depending on the goals. These wouldn’t be real feelings, but
Structured internal representations that mimic emotional processes in a useful way.

Yes—inner emotion models could enhance functionality, empathy, and alignment, especially if
designed transparently and ethically. They’re not “emotions” in a biological sense, but they might

serve a similar role in intelligent behavior.



Just Emo?
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Charisma?

Intelligence

Motivation \
Influence Presence Leader Competence

l “‘, Skills Powe r

Affective communication

.

Influence Authenticity .Emotnlonal
intelligence

Attention .
Affability j LR Humour
T E“: P re S e n C eEnthusiasm / Wa r mt h
| Confidence Exhibition of ease and
: comfort
Get Along Comfort Smile N e Rapport
7N Empathy

Tshkay et al. (2018) Fox Cabane (2013)

“Computational Charisma — A Brick by Brick Blueprint for Building Charismatic Artificial Intelligence”,
Frontiers in Computer Science, 2023.
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Humour. A

others-directed

Data Processing Feature Extraction Modeling

/,;.‘. ...Nach dem Spiel, weis
2

ich ja auch, weiss man es
besser...*

2
Y

v

(humorous segments)

(e 2\
( eGeMAPs (#, 88) )
[ DeepSpectrum (#, 512) | >
([ Wav2Vec2.0 (#,1024) ] )

Audio

positive  ——3p

< negative

Self-Defeating

4

- (all segments)

< | let people laugh at me or make
fun at my expense more than |
should.

o

< If I am having problems or
feeling unhappy, | often cover it
up by joking around, so that
even my closest friends don’t

Qnow how | really feel.
. self-directed

y

“Towards Multimodal Prediction of Spontaneous Humor: A Novel Dataset and First Results”,
IEEE Transactions on Affective Computing, 2024.
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Defensiveness.

Oh, so, '
now now
everything’'s
my fault??

| guess I'm just tust
tarble at verything!

e DefComm-DB
* Birkenbihl’s model
261 videos

* Interviews, political debates, legal
trials, TV shows, paparazzi footage, ...

11 labellers

attack

flight

“The Four Horsemen: Criticism, Contempt,

345 642 389

smaller  greater
1 1

Defensiveness, and Stonewalling “
John Gottman

1 1 1
attack flight greater smaller

“‘Speech-Based Classification of Defensive Communication: ANovel Dataset and Results”, Interspeech, 2023.



Flattery.
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Transcriptions #params % WER RoBERTa [% UAR] Model Layer SVM [UAR] Finetuning [UAR]
(ASR) dev test dev test dev test
Whisper-tiny 39M 26.60 78.79 (£1.05) 80.96 (£0.98) AST 4 5749 51.34  56.32(%£.1.46) 51.99 (£1.70)
Whisper-base 74M 2090 81.15(+1.44) 8023 (x1.41)  AST 12 55.85 5446 5241 (£.0.60) 53.44 (£0.42)
Whisper-small 244M 16.43  80.51 (£2.05) 83.49 (£1.14) W2V-base 7 7536 72.94 - -
Whisper-medium 769M 1494 81.26 (£1.39) 83.47 (£1.35) W2V-base 12 66.84 62.63 - ;
Whisper-large 1.5B 14.68 81.68 (£1.88) 83.71 (£1.68) W2V-large 11 7845  75.60 - -
Whisper-large-v2 1.5B 14.80 79.50 (£1.65) 82.71 (£1.77) W2V-large 24 73.70  69.17 - -
W2V-MSP 11 79.70  82.23 - -
gold standard - - 82.67(x1.69) 8597 (£1.94) - oy msp 12 7971 8246 78.94(£0.64) 80.60 (+0.58)
Iranscriptions  Method [UAR] Whisper-base 5 69.27 .69.13 - -
dev test Whisper-base 6 7004  66.62 - -
. isper-medium 24 79.37 75.52 76.94 (+2.83) 78.91 (+2.26)
Late Fusion A+T  79.72 (£1.50) 82.12 (£1.70) Whisper-large 29 7854 7261 ) )
Early Fusion A+T  81.85 (£2.04) 83.69 (+1.86)  Whisper-large 32 7705  76.28 , ,
Whisper-large T only 81.68 (+1.88) 83.71 (+1.68)
Late Fusion A+T 82.02 (+£1.90) 83.94 (+1.39) 20 hours of Speech:
Early Fusion A+T  83.62 (+1.56) 84.71 (+1.01) 255 speakers
gold standard T only 82.67 (£1.69) 85.97 (+1.94) 2159 dyads of analyst questions and CEO answers

Late Fusion A+T
Early Fusion A+T

83.02 (£1.56)
84.80 (+1.33)

86.41 (+1.86)
87.16 (+1.33)

3 annotators had to fully agree

“This Paper Had the Smartest Reviewers — Flattery Detection Utilising an Audio-Textual Transformer-Based Approach”, Interspeech,
2024.



For what?
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Games.

Audio Emotion Al in

GaCha 2019 @ GamesCon by audEERING

29 Teams

‘Large Language Models for Mental Health”, arXiv, 2024.
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Games.

ELISE'S
DESTUNY

the ¢uardian of the nexus

o .. Spel : Tongues
Emotions from voice trigger magic spells, unlock cursed treasure chests, conjure a vast variety of magic runes

........

Arcade-style VR game, more enraged - higher damage, but relaxed voice helps regenerate faster

‘Large Language Models for Mental Health”, arXiv, 2024.



Health.

session

Report

Medication
adherence

Autonomous
psychotherapy

summarisation

Interactive
EMA

Diagnostic
interviews

“Large Language Models for Mental Health”, arXiv, 2024.
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Self-help
guidance

Feedback to
therapist

Patient

simulation for
training
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t 100 TESTS
4 rouR NTRAINER

“‘EVAC 2024 — Empathic Virtual Agent Challenge: Appraisal-based Recognition of Affective States”, ACM ICMI, 2024.
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Social convention

Social interaction: General 5 1 g4
Social interaction: Initiating
Social interaction: Responding

Emotions: Recognition

Emotions: Expression

humanoid

—
Emotions: Control I animal/creature
B mobile robot
—

Other skills ball-shaped robot

| |
0 5 10 15 20 25 30
Number of studies

‘Robot-Based Intervention for Children With Autism Spectrum Disorder: A Systematic Literature Review”, IEEE Access, 2021.
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Knowledge Injection: ICD for PHQ

/\/ —> —> ' —> Projector )—> | I
Embedding Embedding
Audio
[

(with LLaMA)

Scripts K

[
N4 y
l!WHO_) @ - —> ( LLaMA <

Question & Answer l

PHQ-8 Model MAE
AVEC2016 (audio) Valstar et al. (2016) 5.72
LSTM Afzal Aghaei and Khodaei (2023) 5.7
Random Forest Afzal Aghaei and Khodaei (2023) | 5.71
Ours(audio) 5.373
Ours(text) 6.342
Ours(audio + text) 5.356
Ours(text + Knowledge Injection) 5.354

“Large Language Models for Depression Recognition in Spoken Language Integrating Psychological Knowledge”, arXiv, 2025.



Model Fusion & “Recycling”.

Describe thg:kgng Earl, ion

foll
ofa

Text Audio |
Tokeniser | Tokeniser |

o Output

tokens
a door creaks as it slowly

Input prompt In, io revolves back and forth

(a) Early fusion

TUT] zMPERIAL Bjsrn Schuller

Describe thgokens
folloj~ :
ofa

Deep fusion

Adapter

e N Adapter

Text Audio |
Tokeniser | Tokeniser |

o Output

tokens
a door creaks as it slowly

In, rom, In, lio revolves back and forth

(b) Deep fusion

“Computational Audio Analysis: From Task-Specific Machine Learning to Foundation Models”, arXiv, 2024.



RAG.

-

- ————————
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a door creaks as it slowly
revolves back and forth Target

Pre-trained Large Language Model

Text ﬁ Audio
RAG | -~ Tokens . RAG
P o 3 :
Door -7~ __ T W“"
Speech : y 1y E .
E ’,f \\“~. : :
- (o) (o T
_____________________ Text Audio
A Encoder Encoder ,‘
N -
~ -
~ ’l

~~.____ Describe the following audio '“l"'“’
of a door opening

Input prompt  Input audio

“Computational Audio Analysis: From Task-Specific Machine Learning to Foundation Models”, arXiv, 2024.
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Beyond Deep Learning.

Overall Interpersonal Part-whole Symbolic Personal
S context relationships hierarchies knowledge information
) N
: LA -0
(2]
Z
z
Qo
2
(2]
Q.
4]
o
c Embodied cognition Causal reasoning
o : . .
= e Adhere to physical constraints <::> <:> e Causal inference
5 e |Interact with physical environment e Counterfactual evaluation
c
<}
o

A

Perce"“on

\\ .
Generat,-On —»1 P

‘Beyond Deep Learning: Charting the Next Frontiers of Affective Computing”, Intelligent Computing, 2024.



Quantum Computing.

q[0]
qll]
ql2]

ql[3]

Input Mel-Spectrogram

(p1/2) é
(p)/?) .

(a) 2-CNOT

ql[0]
qlll]
ql2]

ql3]

Representation Learning Block - Classical

Batch
“] Normalise

RY
(pi/2)
(91/2)
RY E
(pi/2)

(Dll’b

(b) 3-CNOT

CNN

Batch
Normalise

Classical-Quantum Adapter

—]

R

: Quantum Embedding

. q [ 0 ] lpx/ZD .
RY
| o z
. q [ 2 ] (pl/Zl .
z o H & 2]
(c) 4-CNOT
Representation Learning Block - Quantum I Classnﬁcatlon Block i

Fully Connected Layer 1
Fully Connected Layer 2

No.Parameters (10°)
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B Hybrid Classical-Quantum EE Classical

| nd
=3
L

n
L

o
L

0.5 1

0.0 -

(a) IEMOCAP Binary (b) RECOLA Binary (c) IEMOCAP Multi-Class (d) MSP-Improv Multi-Class

‘Representation Learning with Parameterised Quantum Circuits for Advancing Speech Emotion Recognition”, arXiv, 2025.



Ethics.

Data collection &
monatization
Privacy by design
Surveillance

Willingness to
interact & adopt

« Human in/on the

automation loop

« Consent

— o s s s oes S o o we

|
i+ Algorithmic Bias |

£ I« Lack of explainability |

| by - |:: >

|<:| Ak L= I &transperacy '
_ ' « lllegal data collection

. Bhlcal N 7 32 s s
concerns
" with AER R .

I« Virtue-based AER

I
I

|:> : design :
’ I

I

Beneficence/
Non-maleficence

O

Prosocial algorithms
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Ethical principles

Transparency

Full disclosure

Personal consent

Ethical data sharing

Data ownership

Security and privacy

“Al-based emotion recognition: Promise, peril, and prescriptions for prosocial path”, arXiv, 2022.
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Ethics.

TEQUILA Recommendation

Trust Data security, privacy, and transparency in Al are crucial

Evidence Robust evidence-based design is crucial

Quality Ongoing regulatory oversight and continuous evaluation, including long-term user
feedback and clinical validation

Usability Ensuring ease of use and accessibility is crucial

Interest Interventions must prioritise end-users’ interests, involves addressing who funds,
controls, and uses data, and incorporating peer support to ensure inclusivity

Liabilty Legal considerations, especially around liability, are critica

Accredetation Accreditation by relevant boards for 'Dr. Al’ are essential

“Digital interventions in mental health: An overview and future perspectives”, Internet Interventions, 2025.



Explanations.

Input audio
X

Prediction
Y

/

Encoder

““\\\

Decoder

<
<

_ :
Classifier « Decoder
Explainer, © |-
\_ 7o

_/
\

\4

/

»
' o

Reconstructed
audio
X

-

Audio Explanation
Xo
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True label

Frequency [Hz]

angry

disgust

fear

happy

neutral

sad

(c) Time [s]

angry disgust fear happy neutral
Predicted label

“Audio Explanation Synthesis with Generative Foundation Models”, ICASSP, 2025.

sad

60

50

20

10



Fairness.
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Enrolment U
Utterances S E.. Enrolment
‘ ; M Embeddings e,
HINIRS :
1 1 : (o)) :
| A~
N g
SN 4
\ U
Convolutional ~ Transformer
Backend
shared
weights Keys Values
E
L e . - Attended  Output ________
! L multiply Values Vector | |
| ] e 2Rtk
. N S : |
| o 18 —> | —~Label
: L P s / | :
E e e o Attention '\ i
Target . Convolutional Transformer | .. Weights -7 Clé:s_s_lflér
Utterance . Frontend Backend " Residual

“Enrolment-based personalisation for improving individual-level fairness in speech emotion recognition”, Interspeech, 2024.
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SLMs: Train your local own?

g Text Tokens
— Text D
— Tokenizer D = 6
@) 0O 0
Text Input Q Concat |U O
p n Fused : Multi-modal
. Encoder O LLM
O
© 9 Fused
9 use
' l O Fused Tokens Embeddings
©) 0O Text
@ O Embedding
Speech Input © Speech Tokens — Text Text D
— Tokenizer Embeddin -
/ g 8 8
(a) Vocabulary Expansion Method Text Input @ Concat D
+ : LLM
6 O
@) Ol Fused
T R e
o
0| Speech
Speech Input © Embedding

(b) Direct Projection Method

“openLISTEN: Freestyle Cross-Modal Instruction Compliance for Large Speech-Language Models with Limited Resources”, submitted.
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SLMs: Train your local own?

Output Speech

Speech Representations Start/end Tokens Embeddings
T e e . _ .
Text Tokens Embeddings Predicted Semantic Tokens
op enLISTEN Vocoder w* Fused Representations
+*

& Fused Representations
Generated
+*
Mask Flow Matchin; ()
. . . = A" © gates + (1-gates) © A° égafes
Prompt Speech Mel Spectrogram Sigr1nod
*
Speech Semantic Tokens Modeling () Linear
R R P "R (S R S (SR (R L
E B
© mIear
onen Y B Y B N B B B B Concat

Information T U G U G U O G €

Concat f ‘
» Gated ‘

—

—
—
—
=
-

=
—
—
-
—

t Cross-Attention t _\_Q_ ) _]_K_ ) _jV
® Speech Mechanisms & Text % == == ==
Adaptor Embedding Linear )’ Linear ) Linear
! t !
Whisper I ) A [ |
% Encoder Tokemzer% s
. '|||||||'|||'||||I|II|'||'I'--III|||I|II-I|I- 8 Please answer the user's question f Speech Representations  Text Tokens Embeddings
V | S N according to the Speech.\n<Speech>
nput Speec
(a) Overall Structure (b) Gated Cross-Attention Mechanisms structure

“openLISTEN: Freestyle Cross-Modal Instruction Compliance for Large Speech-Language Models with Limited Resources”, submitted.
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Emotional Al.
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