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The Emotion Machine, Marvin Minsky

In this mind-expanding book, scientific pioneer 
Marvin Minsky continues his groundbreaking 
research, offering a fascinating new model for 
how our minds work. He argues persuasively 
that emotions, intuitions, and feelings are not 
distinct things, but different ways of thinking. 



20 Big Questions about the Future of Humanity

1. Does humanity have a future beyond Earth?
2. When and where do you think we will find  

extraterrestrial life?
3. Will we ever understand the nature of  consciousness?…

15.Will we use wearable technologies to detect our 
emotions?

19.Will gender equality be achieved in the sciences?
20.Do you think we will one day be able to predict 

natural disasters such as earthquakes with warning 
times of  days or hours?

…

September 1, 2016



Responder：Picard, M.I.T. Media Lab.

 “Emotions involve biochemical and electrical signals 
that reach every organ in our bodies—allowing, for 
example, stress to impact our physical and mental 
health. 

 Wearable technologies let us quantify the patterns in 
these signals over long periods of time. 

 In the coming decade wearables will enable the 
equivalent of personalized weather forecasts for our 
health。

 Over the next 20 years, wearables, and analytics derived 
from them, can dramatically reduce psychiatric and 
neurological disease.”

Rosalind Picard
MIT
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Gartner Hype Cycle
for Emerging 
Technologies
2019
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 Artificial emotional intelligence, which is also known as emotion AI
or affective computing, is already being used to develop systems and 
products that can recognize, interpret, process, and simulate human 
affects. 

 In psychology, an “affect” is a term used to describe the experience of  
feeling or emotion.

Artificial Emotional Intelligence or Emotion AI
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Affective Brain-Computer Interaction (aBCI)

 A brain-computer interface (BCI) is a direct 
communication pathway between a brain and an 
external device. 

 A brain-computer interaction does not only rely on 
direct measurement of  brain activity, but also 
includes signals from other physiological activity 
such as EOG, EMG, or ECG.

 Affective Brain-Computer Interaction (aBCI) 
aims to enhance brain-computer interaction 
systems with the ability to detect, process, and 
respond to users affect, emotion or mood.



BNCI 
Horizon 2020
Roadmap of 
BCI
(http://bnci-horizon-2020.eu/)

(15 Jan. 2015)



BNCI 
Horizon 
2020
Roadmap 



Germanwings Flight 9525: Emotion AI is demanded!

 On 24 March 2015, the aircraft, an Airbus A320211, 
crashed 100 kilometres northwest of  Nice in the 
French Alps. All 144 passengers and six crew 
members were killed!

 The crash was deliberately caused by the copilot, 
Andreas Lubitz, who had previously been treated 
for suicidal tendencies and been declared "unfit to 
work" by a doctor.

 The European Federation of  Psychologists' 
Associations (EFPA) issued a statement supporting 
psychological testing in the selection of pilots.



What is an Emotion?

 An informal definition: 
Emotion is a set of complex interactions between subjects 
and objects, which is regulated by nervous system and 
hormone. These interactions can trigger some emotional 
feelings or produce some cognition.

 Classic model: 
The classic model divides emotions into a group of different 
and discrete emotion state sets, such as anger, fear, sadness, 
happiness, surprise, disgust etc.

 Dimension Model
Arousal refers to the quantitative activation level ranging 
from calm to excited; Valence represents the quality of an 
emotion ranging from unpleasant to pleasant; Land’s Model: Two-dimensional 

emotion model



Spatiotemporal Extent of an Emotion State  

Adolphs & Anderson, The Neuroscience of Emotion, 2018
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Emotion Can be Inferred from Various Data  

Adolphs & Anderson, The Neuroscience of Emotion, 2018
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Emotions are Functional States  

Adolphs & Anderson, The Neuroscience of Emotion, 2018
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Limitations of Face, Voice and Gesture Measures 

 Sometimes the emotional states remain internal and cannot be detected by 
external expression. 

 Considering extreme cases where people do not say anything but actually they 
are angry, even smile during negative emotional states due to the social 
masking.

 In these cases, the external emotional expression can be controlled subjectively 
and these external cues for emotion recognition may be in inadequate.
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Emotion Recognition Using Physiological Signals

D. Ravì, D. et al, 2017

 Human brains are 
difficult to measure “in 
real life”. Behavior is 
often used as a proxy for 
physiological processes.

 Physiological signals can 
be employed as Ground 
Truth Data to validate 
behavioral algorithms



Multimodal Emotion Recognition

EEG 

Physiological 
Signals :

EOG,SC, etc.

Visual Signals :

Facial Expression



Framework of Multimodal Emotion Recognition



Emotion Recognition Using EEG and Eye Movement Data

Zheng, Dong & Lu, EMBC2014; Lu, Zheng, Li, and Lu, IJCAI'15, 2015



Why We Choose EEG and Eye Movement Signals?

 Single modal may not work well.

 The signals from different 
modalities have complementary 
information of emotions.

 Combining EEG and eye 
movements respectively from 
internal cognitive states and 
external subconscious behaviors 
can probably enhance the 
performance of emotion 
recognition.

 The more information, the better.



 We extract 33 eye movement features in total.

Feature Extraction for Eye Movements



Experiment Setup for Eliciting Three Emotions

Positive Neutral Negative



Data Fusion Strategies and Recognition Accuracy

 Modality Fusion Strategies
 Feature level fusion (FLF): concatenating two feature vectors

 Decision level fusion (DLF): maximal rule, sum rule, fuzzy integral

 SVMs with linear kernel are used as classifiers

Lu, Zheng, Li, and Lu, IJCAI'15, 2015



Complementary Characteristics of EEG and EM (1)

 Eye movement modality is not 
so good at classifying happy 
state as EEG modality.

 Neutral and sad states can be 
recognized with higher 
accuracy in eye movement 
modality than in EEG 
modality.

 Fuzzy integral is much better 
at classifying neutral and sad 
states.

Lu, Zheng, Li, and Lu, IJCAI'15



Complementary Characteristics of EEG and EM (2)

Zheng, Liu, Lu, Lu, and Cichocki, IEEE Transactions on Cybernetics, 2019. Li, Liu, Zheng, and Lu, IEEE NER, 2019.
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Identifying Stable Patterns of EEG over Time

 Various findings of activated patterns associated with different emotions have 
been reported.

 The stability of neural patterns over time has not been fully investigated yet.
 Identifying neural patterns that are both common across subjects and stable 

across sessions can provide valuable information for emotion recognition
 Are there any stable EEG patterns or brain regions for representing emotions? 



Stable Neural Patterns over Time for Three Emotions

 The lateral temporal areas activate more for positive emotion than 
negative one in beta and gamma bands.

 Neural patterns of neutral emotion are similar to that of negative 
emotion.

Zheng, Zhu, and Lu, IEEE Transactions on Affective Computing, 2017



Demo of Stable Neural Patterns over Time

Positive Negative

Eye Tracking



Stability of Emotion Recognition over Time
 A comparative mean classification accuracy of 79.28% is achieved with training and 

test datasets from different sessions.
 The performance of the emotion recognition model is better with training data and 

test data obtained from sessions performed in nearer time.
 The relation between the variation of emotional states and the EEG signals is stable 

for one person in a period of time.



Our Results on MIT Technology Review



Investigating Critical Channels

Zheng, Liu, Lu, Lu, and Cichocki. IEEE Transactions on Cybernetics, 2019



Data Shortage in EEG-based Tasks

 Comparing with images and speech signals, it is hard to collect large-
scale EEG data.
 The prices of  EEG acquisition devices for research are quite high.
 These experiments can not last for a long time because the subjects may feel 

uncomfortable with wearing EEG acquisition device.
 The raw EEG data is usually mixed with noise and various artifacts, and 

researchers have to discard some bad channels and data.
 It is difficult to collect precise labeled data since the subjects may not evoke 

emotion well in emotion recognition experiments.

~40,000$



A Framework for EEG Data Augmentation 



Two Data Augmentation Stratigies



Three Indicators for Assessing the Quality of Data 

 In computer vision, the qualities of generated images 
can be assessed directly by users. However, the qualities 
of the generated high-dimensional EEG data are 
impossible to be visually evaluated.

 We use three indicators to evaluate the qualities of 
generated EEG data:
 Discriminator loss: The loss of discriminator represents 

EMD between Xr and Xg when the network converges.

 Maximum Mean Discrepancy (MMD): MMD is 
frequently used as a measurement of the distance 
between two distributions .

 Two-dimensional mapping: The high-dimensional Xg are 
mapped into two-dimensions by t-SNE.



Two-dimensional Mapping of  Generated Data

 Two-dimensional visualizations of the real and generated DE data of one subject in 
SEED dataset. 

 Data points with red, green and blue colors represent three emotions of negative, 
neutral and positive, respectively. The lines represent the real data and the thin 
points represent the generated data.

Real Data

Generated Data



Experimental Results

 The experimental results demonstrate that using the EEG data generated by 
CWGAN significantly improves the accuracies of emotion recognition models.



Confusion Matrix

 The confusion matrixes (SEED dataset) trained by (a) original training set and 
(b) appended training set (1 time).



(a) Real Data (b) Generated Data

Visualization of Generated Data for Positive Emotion
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(a) Real Data (b) Generated Data

Visualization of Generated Data for Negative Emotion
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Personalizing Affective Models with Transfer Learning

The feature distributions of EEG data 
of source subjects and target subjects 
are not independently and identically 
distributed (i.i.d.) due to:

 The structural and functional 
variability between subjects

 The non-stationary nature of EEG 
signals

 The inherent changes of 
environmental variables



Transfer Learning Framework 



Domain Shift and Domain Adaptation

 Training data are drawn from source domain {𝑋𝑋𝑠𝑠,𝜑𝜑𝑠𝑠}, and test data are drawn from 

target domain 𝑋𝑋𝑡𝑡 ,𝜑𝜑𝑡𝑡 . 

 Both domain have the same set of features (𝑋𝑋𝑠𝑠,𝑋𝑋𝑡𝑡 ∈ 𝑅𝑅𝑚𝑚).

 Domain shift (𝑃𝑃(𝑋𝑋𝑠𝑠) ≠ 𝑃𝑃(𝑋𝑋𝑡𝑡)) makes ordinary learning methods degenerate.

 We can use domain adaptation methods to eliminate or reduce the domain shift.

Source Domain

Target Domain



Transductive Parameter Transfer

Sangineto, Zen, Ricci, and Sebe. ACM MM, 2014



Experimental Results on Three Emotions

Zheng and Lu, IJCAI 2016



New Domain Generalization Methods
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Other Research Work Performed in my Lab

 Gender Differences in Emotion Recognition 

 Ethnicity Differences in Emotion Recognition 
(Chinese；German；Frenchman）

 Emotion Recognition under Sleep Deprivation
 Object Assessment of Sleep Quality Using EEG
 Multimodal Fatigue Driving Detection Using EEG and EOG



SJTU Emotion EEG Dataset (SEED)

http://bcmi.sjtu.edu.cn/~seed/index.html

 Publicly available emotion dataset: EEG and eye tracking data
 No. experiments: 45, No. Channels: 62
 Three emotional states (happy, sad, and neutral)
 Total number of applications: 558 (Oct. 2019)

Wei-Long Zheng, and Bao-Liang Lu, "Investigating Critical Frequency Bands and Channels for EEG-based Emotion Recognition with Deep 
Neural Networks", IEEE Transactions on Autonomous Mental Development, 2015

http://bcmi.sjtu.edu.cn/%7Eseed/index.html


SJTU Emotion EEG Dataset (SEED-V)

http://bcmi.sjtu.edu.cn/~seed/index.html

 Publicly available emotion dataset: EEG and eye tracking data
 No. experiments: 45, No. Channels: 62
 Four emotional states (happy, sad, fear, disgust, and neutral)
 Total number of applications: 110 (Oct. 2019)

Tian-Hao Li, Wei Liu, Wei-Long Zheng and Bao-Liang Lu, Classification of  Five Emotions from EEG and Eye Movement Signals: 
Discrimination Ability and Stability over Time, Proc. of  NER 2019

http://bcmi.sjtu.edu.cn/%7Eseed/index.html


Vigilance Estimation Dataset (SEED-VIG)

http://bcmi.sjtu.edu.cn/~seed/index.html

 Publicly available multimodal dataset: EEG and forehead EOG
 No. experiments: 23 (11 males, 12 females)
 Released: April 2017
 Total number of applications: 50 (Oct. 2019)

Wei-Long Zheng and Bao-Liang Lu, A Multimodal Approach to Estimating Vigilance using EEG and Forehead EOG. 
Journal of  Neural Engineering, 14(2), 2017.

http://bcmi.sjtu.edu.cn/%7Eseed/index.html


Statistics of Citations of SEED Data Sets 
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Shanechi, Nat Neurosci 22, 1554–1564 (2019) 
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Motor BMI Mood BMI

Brain-Machine Interface from Motor to Mood 
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Comparison of Challenges in Motor and Mood BMIs 



“This book tries to explain how minds work. 
How can intelligence emerge from non-
intelligence ? To answer that, we’ll show that you 
can build a mind from many little parts, each 
mindless by itself”

How Minds Work ?



Toward Emotion AI: Four Phases

1

Logical intelligence

No any emotion AI

2

Emotion quantization 
and modeling human 

emotion

Emotion recognition 
and emotion 
regulation

3

Self learning and 
emergence 
mechanism

Comprehensive 
perception of the 
objective world

4

Formation of 
selfhood and values

Consciousness and 
creativity



 Alpha-GO has powerful logic intelligence, but it doesn’t have any Emotion AI!

 Unlike industrial robots, service robots must have ability to interact with 
humans and have emotion AI

 AGI should combine logic Intelligence and emotion AI 

Artificial General Intelligence (AGI)



Summary

 Multimodal approaches are effectiveness for emotion recognition

 Identifying stable neural patterns over time for positive, neural, and 
negative emotions.

 Tackling individual differences with transfer learning.

 GAN-based data augmentation method can improve the accuracy 
of  emotion recognition models.

 Challenge:  from emotion recognition to emotion regulation

 Toward Emotion AI: Four Phases



Will Robots Ever Have Emotions ? YES ! 
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Thank you for your attention!
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