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Thinking v. Feeling as Opposites

More info here.

What are the Myers-Briggs Personality Types? ENERGY COGNITIVE VALUES LIFE

STYLE STYLE STYLE STYLE

Social Interaction Style EXTRAVERTS =~ SENSORS THINKERS JUDGERS

Thisdimension measures where

individuals derive their energy from.

Extraverts gain energy from external Introversion () Sensing (S)
interactionsand activities, while

introverts recharge through solitude

patterns, possibilities, and future
and internal reflection. implications.
Extraversion (E) Intuition (N)

Lifestyle and Work Approach Decision-Making Style
Perceiving (P) Thinking (T)

Thisscale assesses how people gather
information. Sensors focus on
concrete, present detailsand
experiences, whereas intuitives look at

Thisscale measures lifestyle preferences.

Judgers prefer structure, plans, and

decisiveness, while perceivers enjoy

flexibility, spontaneity, and keeping
optionsopen. Judging (J) Feeling (F)

Thisdimension evaluates decision-
making processes. Thinkers base
decisions on logic and objective

analysis, while feelers prioritize INTROVERT INTUITIVES FEELERS PERCEIVERS

personalvalues and the impact on
others.

PERSONALITY TYPE

TRUITY.COM



https://www.mentorink.com/blog/mbti-personality-test/

Facial “Expressions
of Emotion” and the
Ekman Program

* The "Ekman Program" refers to
the psychological training and
research developed by
pioneering emotion
psychologist Dr. Paul Ekman.

* |tencompasses the Facial
Action Coding System (FACS),
micro-expression recognition
training (METT), and Cultivating
Emotional Balance (CEB) to
improve emotional
intelligence, detect deception,
and regulate moods.



https://www.paulekman.com/facial-action-coding-system/
https://www.paulekman.com/facial-action-coding-system/
https://www.paulekman.com/micro-expressions-training-tools/
https://www.paulekman.com/about/paul-ekman/
https://www.paulekman.com/about/paul-ekman/

Affective Computing

* R. Picard 1997 book “Affective Computing”

* This book proposes that we give computers the ability to recognize,
express and in some cases “have” emotions. Is this not absurd?

* Now:
* |EEE Transactions on Affective Computing

* International Conference on Affective Computing and Intelligent
Interaction (ACII) > https://acii-conf.net/

* Increasing awareness that emotions play a significant role in human
intelligence

» Stilldon’t have “emotional machines” - why not?




 Sample Topic: Emotion Recognition/Classification

What Does It Mean
fora Computer to
“Recognize” Affect?

* Challenges: distribution shifts among different speakers
with different accents, from different cultural
backgrounds, etc.

(i) Acoustic Context Prompt Tuning

Tuned Params

‘ [Happy] ‘ ‘ [Neutral] ‘ . ‘ [Angry] |
| ] CLEP Frozen Params Dual Cross-Attention Fusion /), e T " (O | Criginal features
00000 > O ; il —
Text Ky O '_L'?R_""t’- lD Fused features
Encoder ' — 0 )
[VIIVal | +-+ [[Va]] [CLASS] [— Semantic ancndar'-.x [Cmaa—atlanllnn — 0
\ Q O
Class-Wise || ||“| | 8
Textural The speaker is Happy in Prompt Feature a
Description [SOUNDSCAPE] CLEP Audio I'._ ')
T Text see . Similarity Scores \')'[ Q ]_ ) 0 LLM Emati it
Encoder Acoustic ancodar | Cross-attention —» = | Emation pradiction
Context-Aware Y e 0 [LLalA) {tenct output)
. ) Emotion feature i _’{ ]_ o O
[Studio] [Talk Show] . [Podcast] OO0 000 —» O
= WU e 2eq
ii) Training a linear classifier using diverse soundscapes iii) Inference using the trained classifier f y
( ) 5 & P ( ) 8 Instruction —— Describle the speaker's emation using one word —
Arcface Loss #% Finetune
Contaxt "Thank 'g.lu:}l.!! Enjoy wour flaght
CLEP CLEP Erozen information “Yea, it was excellent” &
v | v ‘ Vv, | CLASS] ’» Text _ _ Linear __  Audio _ _ Linear Context-Aware Instruction Tuning
||.| il |- {1l | cLass [ e volang | [ il e Loy — )
Soundscape  Class label SCC};S:S Test Audio Pregiifcl:lilms

[1]1 Du, H., Lu, S., Zhou, G., & Gao, Y. (2025). EAA: Emotion-Aware Audio Large Language Models with Dual Cross-Attention and Context-Aware Instruction Tuning. In Proc. Interspeech 2025 (pp. 5433-5437).

[2] Shi, J., Zhang, Y., & Gao, Y. (2025). Clep-dg: Contrastive learning for speech emotion domain generalization via soft prompt tuning. arXiv preprint arXiv:2507.04048.



What DOeS It Mean « Sample Topic: Emotion Text-To-Speech (TTS)

fora COmpUter to * Also seen in Generative Al in Computer Vision and Natural
113 EXpreSS” AffeCt? Language Processing

1. Emotion Graph Generation 2. Response Generation
' ' g ™)
alla) PR .
~ A i . P . PTT : 7 OO © : SAE Emotion-related Latent Activations R
7 - i I l | “Wow, that's amazing news!” I - 1 I' I “Wow, that's amazing news! ' o o -
\ / [ [ ‘ : SAE Decoder Weight Vectors . P Pl
\ < ' Emotion Graph: ) ’ : 4 .
y ™ {*acoustic™: ---»  Steer Direction ] ! |
Task: Recognize the emotion with keywords in English: [{*“piteh™: “high™}, {“volume”: “loud™}, {"jitter": "low"}, (] :Speech Semantic Token ' ‘ |
in (A) Neutral (B) Happy (C) Sad (D) Surprised (E) Angr, {“shimmer™: “low™}, {"intensity”: "strong"}, — -
| fin @ (B) Happy (C) prised (E) Angry | J e ow, Partiaton e ), /7 Autoregressive Transformer ________________________ N
' " e "text": N SAE
For an audio and its associated question, generate [{"transcription": "Wow, that's amazing news!"}, - damme Decoder 1
an emotion graph in JSON format with these {"sentiment" : "positive"}, {"key word": "amazing"}|, ; ! ' Conditional flow ~ .l\"‘..
elements: “relationships™: Text: The meeting will last 2 hours. 1 i - =) | malChing (CFM}
1. Acoustic features: pitch, speech rate, and volume. [{"pitch”: {"supports": I"SE"li“_“‘m"]I}e Audio Reference i i [O 0000000000 O] :
2. Transcribed text, its sentiment, and textual {:"“:'-‘".m' ":P_tl’_‘?‘"b:: l';?“llf:‘“"l"]}}e D Style: (.., Neutral...) ! | ] Audio
Eil'l keywm'r.l \_ {"rate": {"conflicts": ["sentiment" |}}]} Y, ) Speaker Prompt .“ J} Encoder Vocoder
3. Relationships between acoustic features and [ C Given the audio and emotion graph, answer the guestion: ] o
textual sentim ent, indicating whether they support - ~< TR TN A -
or conflict emotional expression. P Task: Recognize the emotion with keywords in English: \ e emmmmmmmmmmmmeemmm—m——— .&} ...... .[5 ..... .[5
I (A) Neutral (B) Happy (C) Sad (D) Surprised (E) Angry | \ 1
Emotion Graph | L (A) (B) Happy (C) Sad (D) Surp (E) Angry | . \ )
N [ S Select the option letter from the provided choices to answer] N P "
= 4 72 — ”
Daudw [ 1 ] DSP Pout - [ 1 ][Eg] [C] [Pm][S]
P — 6 P E LI Response R — uBn
text [ in][ in] LLM M

[1]1Shi, J., Du, H., Hong, Y. A, & Gao, Y. (2026, May). Plug-and-Play Emotion Graphs for Compositional Prompting in Zero-Shot Speech Emotion Recognition. In ICASSP 2026-2026 IEEE International Conference on
Acoustics, Speech and Signal Processing (ICASSP) (pp. 17177-17181). IEEE.

[2] Sparse Autoencoders for Interpretable Emotion Controlin Text-to-Speech. - Du, H., Shi, J., Lu, S., Zhou, G., Gao, A. — Proceedings of the International Conference on Machine Learning (ICML)



What Does It
Mean for a
Computer to
“Have”
Emotion?

See Pygmalion by Jean-
Baptiste Regnault (1786).



https://www.greekmyths-greekmythology.com/myth-of-pygmalion-and-galatea/

Emotion Is Not a Bug in Intelligence

Barry Kort: Learning is the quintessential emotional experience [5].

Motivation/
Affective Action Selection
Working Memory T
\ /—' “dACC
Y
~
- DMPFC Intermediate-Level

(Whole-Body Patterns)

High-Level .—__——~ ARE < -
(Emotion Concepts) < A_;merior\
t Y  Insula

Situational o _— NMPEC) A

Appraisal Feadback

High-Level Autonomic
Regulation

\Qr;;;lstéi{

“Nuclei
A
Low-Level
(Discrete Body Features)
Body State

dACC - dorsal anterior cingulate cortex
DMPFC -~ dorsomedial prefrontal cortex
TACC - rostral anterior cingulate cortex Dashed arrows indicate that information flow is dependent
VMPFC - ventromadial prefrontal corlex on attention (or related top-down modulatory influences

associated with access consciousness)




Emotion, Decision-
Making, Learning,
and Attention

* Comprehensive illustration of
the Component Process Model.

* The model assumes that the
appraisal process is organized in
a sequence of four appraisal
objectives.

* Each appraisal outcome leads to
changes in the other emotion
components (physiology, action
tendency, motor expression, and
subjective feeling, as illustrated
by the descending arrows).

* The ongoing appraisal process
furthermore interacts with other
cognitive functions.
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:| Urgency : : :

Autonomic \ Z R 4 4 Y

physiology 4 i 4 4 i 4 i
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The Affective Loop: Sense, Infer, Respond,
Adapt

Recommender System

(Reinforcement Learning) Cloud
Microphone —
<y
Q > |: . > >
Voice samples - Events Upload

b

! ! [as vectors)
XYZ System Notify
M2G Manitoring
Svstem

Feedback th:umrm ndations Developer(s)

Continuows acoustic monitoring

Patient Caregiver

Invalid sound windows are discarded

the microphone continues listening to the environment

registered
speaker #1

registered
speaker #2

Module

vecior representation of the
calculated speaker's identity

W

Sound windows of voices of unregistered speakers are discarded

vector representation of
the mood (anger or not)
and conflict { in conflict ar
nat)
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Affective Computing Is Not Mind Reading

T S

VOICE TONE

1

BODY
POSTURE

v

PHYSIOLOGICAL

SIGNALS




Where the Field Lives: Al, HCI,
Psychology, Neuroscience
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Impact Analysis of Key Factors £*HE
|

. o MARKET INSIGHTS
Global Affective Computing Market
P Advancing technology *_
E Medium High
=
-8 Human experience-based products and _-
services Medium High
[<B Accuracy and reliability issues __
= Medium High
<
0@
&
3 Data privacy and security concerns *—
Medium High

& ntegration of offective computing win N Qe
% virtual reality and robotics = i High
2
©  Applications in automotive, retalland . Qi
& marketing industries Ton Medium High L —//‘
GQ)G ‘ww
B tow Medium B High ralion pe

Source: Primary Research, Desk Research, Paid subscriptions, CMI Data Repository

Applications: Health, Education, Entertainment, Social Interaction




€@ contextuaL

Travel delay
(worry)

@

The same expression can mean

different things in different contexts.

Performance review
(pressure)

@

Emotions change over time.

First date
(nervous)

0s 10s 20s 30s

1.0 1
0.5+ i é ;
0.0 .

Emotion
Intensity

40s

Joy
Sadness
Anger
Surprise

L <>

Affective computing needs
to make emotion
computationally tractable,
but emotion is contextual,
subjective, dynamic, and

socially interpreted.

N

AFFECTIVE COMPUTING SYSTEM
[/, FEATURES / SIGNALS
o' @ @
R ' 4
Facial Vocal Physiological ~Text/Language
Expressions Tone Signals Cues
REPRESENTATIONS EMOTION MODEL
® Joy
: ’. ® Sudicia Confidence
15 ,  ® Anger
l|Bz|u' ] ©F - 07
@ Surprise 1 o | |
® Neutral 0

Computation seeks structure and certainty.
Emotion lives in complexity.

© sussecTve

Different people can interpret the

same expression differently. =
Q)
eF =

\ B
Sees disinterest

(dismissive)

@) SOCIALLY INTERPRETED

Social norms, relationships, and culture

shape emotional meamng
She's being . Y shets She's showing

t.
po_llte‘ hesntant ' N ""fﬂef, =

A Sees concern
(caring)

Affective computing must bridge structured computation with the rich, complex nature of human emotion. J




Discussion:
Should Machines Be Emotion-Aware?

Better support? 0 Privacy risks?
More personalized &F Bias and
experiences? misinterpretation?

Improved well-being? Q Manipulation or
loss of autonomy?

POTENTIAL BENEFITS POTENTIAL RISKS

e Where should we draw the line?

’
: . ‘ L?t S e What guidelines should govern emotion-aware systems?
a8 Discuss

¢ How do we ensure technology serves human values?
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