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Psybernetics (PsyberLab)

• Psychological Cybernetics 
• Expanding the controllable domain of Cybernetics, popularized by 
Norbert Wiener, not only to information space and physical space, but 
also to psychological space (human emotions, knowledge states, etc.)

Physical spaceInformation space Psychological space

Controllable Wiener's boundary

Uncontrollable



Physical Activity 
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Iceberg Model of Activity Recognition
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Iceberg Model of Activity Recognition

Cognitive and 
Affective State 
interest, workload, 

confidence, fatigue, ...



Making people smarter... What does "smart" mean?

PsyberLab defines intelligence as the ability of learning, reasoning, and communicating
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Augmented Positive Learning Cycle

Lecture and textbook Questions (test)Daily habits and curiosity

Which question should be reviewed  
carefully? (considering priority & leakage)

Can AI understand interest of students 
and nudge them to learn voluntarily?
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Daily habits and curiosity



Sleeping

Walking

Attending a lecture

Reading a book

Watching a movie

Eating

Understanding Daily Activities, from Physical to Cognitive

Wearable device [Bulling, et al.]

Smart eyewearCommercially available activity trackers Students' daily activities

A. Bulling, et al. Eye movement analysis for activity recognition using electrooculography. IEEE Transactions on Pattern Analysis and Machine Intelligence, 33.4 (2010): 741-753. 
J. Steil & A. Bulling. Discovery of everyday human activities from long-term visual behaviour using topic models. Proc. UbiComp 2015, pp. 75–85, 2015. 
S. Ishimaru, et al. Smart Eyewear for Interaction and Activity Recognition. CHI 2015 Extended Abstracts, pp. 307–310, 2015.

・
・
・
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JINS MEME Electrooculography (EOG) Glasses

Electrooculography
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Wordometer



EOG + Head motion based Activity Classification
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EOG and head (Acc.: 72%) 
majority vote -> 100 %

• There were frequent characteristic 
patterns on EOG while reading or 
eating. EOG based approach could 
classify them.

S. Ishimaru, et al. “Smarter Eyewear: Using Commercial EOG Glasses for Activity Recognition”. Proc. UbiComp '14 Adjunct, pp. 239–242, 2014.
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EOG and head (Acc.: 72%) 
majority vote -> 100 %

• There were frequent characteristic 
patterns on EOG while reading or 
eating. EOG based approach could 
classify them. 

• Typing and talking were often mis-
classified in the EOG-based approach 
(similar eye move patterns). But the 
combination with head motion solved 
this problem.

S. Ishimaru, et al. “Smarter Eyewear: Using Commercial EOG Glasses for Activity Recognition”. Proc. UbiComp '14 Adjunct, pp. 239–242, 2014.



• Four features (the numbers of forward/ backward-saccades, mean EOG while the saccades) 
could estimate the number of read words. 

• Word count estimation error: 3% in user-dependent, 11% in user-independent approach 
(evaluated in an experiment with 5 participants read 38 documents).

Wordometer System Overview
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Recording EOG signals Detecting forward/backward-saccades Support Vector Regression

S. Ishimaru, et al. "The wordometer 2.0: estimating the number of words you read in real life using commercial EOG glasses." UbiComp '16 Adjunct, pp. 293–296, 2016.



Wordometer: Estimating the number of read words

Implicit feedback

+

Explicit feedback

read!

Nice condition. Read 
 one paragraph more!

There are interesting 
articles for you.

S. Ishimaru, et al. The Wordometer 2.0: Estimating the Number of Words You Read in Real Life using Commercial EOG Glasses. Proc. UbiComp 2016 Adjunct, pp. 293–296, 2016. 
S. Ishimaru, et al. Reading Interventions: Tracking Reading State and Designing Interventions. Proc. UbiComp 2016 Adjunct, pp. 1759–1764, 2016.



Shin’ on kei (心温計)
An app that quantifies and displays mental states 
based on daily activity logs recorded by sensors.



Correlation between depressed moods and sensor data
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S. Ishimaru and K. Kise.“Quantifying the Mental State on the Basis of Physical and Social Activities”. Proc. UbiComp '15 Adjunct, pp. 1217–1220, 2015.



Estimating mental states based on changes in daily activity levels
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Input Output

Mood

SVR

Physical activities

Cognitive activities

Social activities

Sleep

Features

Energy

iPhone, AppleWatch

Fitbit

JINS MEME

Twitter, Facebook

RescueTime

Model



(Not-well-evaluated) experimental results 
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Master thesis presentation (w/o system) MITOU final presentation (w/ system)

The user avoided high-stress by checking the system regularly.



Augmented Positive Learning Cycle

Questions (test)Daily habits and curiosity

Which question should be reviewed  
carefully? (considering priority & leakage)

Can AI understand interest of students 
and nudge them to learn voluntarily?

Lecture and textbook



Sensor-Based Cognitive State Recognition

Interest Comprehension Cognitive load

Eye tracker

Thermal camera

Saccades Face temperatureFixations

S. Ishimaru, et al. Cognitive State Measurement on Learning Materials by Utilizing Eye Tracker and Thermal Camera. Proc. ICDAR HDI 2017, pp. 32–36, 2017. 
S. Ishimaru, et al. Augmented Learning on Anticipating Textbooks with Eye Tracking. Positive Learning in the Age of Information (PLATO), pp. 387–398, 2018.



HyperMind





Eye gaze

Document

Cognitive states 
(interest & 
comprehension)

 
Please summarize the following text.  
Note that the reader is interested in ... 

LLM Prompt

System Architecture



Experimental Design
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Attention Analysis
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Cognitive and Affective State Recognition



Comprehension Recognition

31

Feature representation of all participants' data  
in subsequences (1min.) based approach.

• 70% accuracy for classifying  
expertises into three classes  
(user-independent training)

Cognitive and Affective State Recognition

S. Ishimaru, et al. "Augmented learning on anticipating textbooks with eye tracking." Positive Learning in the Age of Information. Springer VS, Wiesbaden, 2018. 387-398.
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Comprehension Recognition
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Feature representation of all participants' data  
in subsequences (1min.) based approach.

• 70% accuracy for classifying  
expertises into three classes  
(user-independent training) 

• Novice students read a  
textbook slowly with small steps. 

• Expert students sometimes skip  
their eyes on the text and focus on  
the content they are interested in.

Cognitive and Affective State Recognition

S. Ishimaru, et al. "Augmented learning on anticipating textbooks with eye tracking." Positive Learning in the Age of Information. Springer VS, Wiesbaden, 2018. 387-398.



Experimental Design
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• 13 university students read  18 newspaper articles (555 ± 70 words) 
• Device: SMI REDn scientific 60Hz eye tracker 
• Calibrate the device → Rest (20 sec.) → Read a document → Answer surveys

S. Jacob, et al. "Gaze-based interest detection on newspaper articles." Proceedings of the 7th Workshop on Pervasive Eye Tracking and Mobile Eye-Based Interaction. 2018.



Interest Recognition Overview and Result
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Forward saccade
Regression

Feature calculation SVM

S. Jacob, et al. "Gaze-based interest detection on newspaper articles." Proceedings of the 7th Workshop on Pervasive Eye Tracking and Mobile Eye-Based Interaction. 2018. 
J. Santhosh, et al. “Multimodal Assessment of Interest Levels in Reading: Integrating Eye-Tracking and Physiological Sensing”. IEEE Access, pp. 93994–94008, 2023.
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In user-dependent evaluation (leave-one-document-out cross-validation in a participant), 
SVM classified interests into 4 levels with 44% accuracy, CNN-LSTM classified with 78% acc.

CNN-LSTM



Augmented Positive Learning Cycle

Lecture and textbookDaily habits and curiosity

Which question should be reviewed  
carefully? (considering priority & leakage)

Can AI understand interest of students 
and nudge them to learn voluntarily?

Questions (test)



CoALA: Confidence-Aware Learning Assistant

CorrectIncorrect

Confident

Unconfident

1

2 3

Multiple-Choice Question



Gaze-Based Self-Confidence Estimation

Decision with confidence Decision without confidence

S. Ishimaru, et al. Gaze-Based Self-Confidence Estimation on Multiple-Choice Questions and Its Feedback. CHI 2015 Extended Abstracts, p. 8, 2020. 
S. Ishimaru, et al. Confidence-Aware Learning Assistant. In arXiv preprint arXiv:2102.07312, 2021





CoALA





System Overview
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Preprocessing 
fixation/saccade detection

Feature calculation Classification

We utilize the following five effective features selected by Forward-stepwise feature selection. 
f5 sum of fixation durations on Choices, f13 variance of x coordinate of fixations 
f19 the number of saccades between choice areas, f21 sum of saccade durations, f29 reading-time.

• Binary classification 
• Support Vector 
Machine (SVM) 

• RBF kernel, 
• C=1,γ=0.125

S. Ishimaru, et al. Gaze-Based Self-Confidence Estimation on Multiple-Choice Questions and Its Feedback. CHI 2015 Extended Abstracts (Asian CHI Symposium), p. 8, 2020.



Research Hypotheses
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• RH1: Correct answers without confidence (vague knowledge) tend to 
be incorrectly answered when asked again compared to correct 
answer with confidence. 

• RH2: Incorrect answers with confidence (misunderstanding) tend to 
be mistaken again compared to incorrect answers without confidence. 

• RH3: Estimating self-confidence from learning behaviors and giving 
feedback (e.g., adding questions to a review list, highlighting them 
while reviewing) avoids the scenarios outlined in RH1 and RH2.

S. Ishimaru, et al. Gaze-Based Self-Confidence Estimation on Multiple-Choice Questions and Its Feedback. CHI 2015 Extended Abstracts (Asian CHI Symposium), p. 8, 2020.



Experimental Design
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• (1) and (2a): How often answers without confidence are forgotten. 
• (2a) and (2b): How CoALA is effective in a such condition. 
• (3) and (4a): How often answers with confidence are incorrectly answered again. 
• (4a) and (4b): How CoALA is effective in a such condition.

Comparison of...



Experimental Results
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• RH1: Correct answers without confidence tend to be incorrectly 
answered when asked again compared to answer with confidence. 

• Supported. (2a) dropped 16% compared to (1) (p < 0.01) 
• RH2: Incorrect answers with confidence tend to be mistaken again 
compared to incorrect answers without confidence. 

• Not supported. No significant difference between (3) and (4a) 
• RH3: Estimating self-confidence from learning behaviors and giving 
feedback (e.g., adding questions to a review list, highlighting them 
while reviewing) avoids such scenarios. 

• Supported. Comparisons between (2a) vs (2b), (4a) vs (4b).

(1) (2a) (2b)
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(1) corr. w/ conf.
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(2b) corr. w/o conf. => feedback

** *

(3) (4a) (4b)
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S. Ishimaru, et al. Gaze-Based Self-Confidence Estimation on Multiple-Choice Questions and Its Feedback. CHI 2015 Extended Abstracts (Asian CHI Symposium), p. 8, 2020.
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Making people smarter... What does "smart" mean?

PsyberLab defines intelligence as the ability of learning, reasoning, and communicating



Learning Cyclotron

Perceive 
Lecture, Textbook

Master 
Exercises, Experiment

Transfer 
Presentation, Discussion

Typical experimental setup



Meeting Activity Analysis

Detecting talking, nodding, smiling 
(F1-score: 0.94, 0.79, 0.71)

The level of Engagement into three classes 
(Mean f1-score: 0.92)

Chen, et al. Quantitative Evaluation System for Online Meetings Based on Multimodal Microbehavior Analysis. Sensors and Materials 34 (8), pp. 3017–3027, 2022. 
Watanabe, et al. EnGauge: Engagement Gauge of Meeting Participants Estimated by Facial Expression and Deep Neural Network”. IEEE Access, pp. 52886–52898, 2023. 



Estimating the level of engagement level in a video conference

K. Watanabe, et al.EnGauge: Engagement Gauge of Meeting Participants Estimated by Facial Expression and Deep Neural Network”. IEEE Access, pp. 52886–52898, 2023.

High-engage role 
without distractor

Mid-engage role 
required to type meeting notes

Low-engage role 
required to read a document  
and type its summary

• We involved 24 participants and divided them into 8 groups (=3 members). 
• We assigned 3 different roles to the participants: high, middle, low-engage 
• We asked participants to rotate the roles and perform 3 * 2 times in total.



Approaches and Results

K. Watanabe, et al.EnGauge: Engagement Gauge of Meeting Participants Estimated by Facial Expression and Deep Neural Network”. IEEE Access, pp. 52886–52898, 2023.
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Random Forest 
(existing, F1: 0.46)

CNNベース深層学習  
(ours, F1: 0.92)

0.895

• Existing approach: Facial landmarks + Random Forests 
• Proposed approach : Convolutional Neural Network 
• Result：F1-score increased from 0.46 to 0.92

Proposed network architecture



Discussion Jockey (DJ)
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BGMなし BGM固定 BGM動的 
(提案システム)

We developed an online meeting 
system where each participant's PC 
BGM dynamically changes based on 
the amount of speak.

H. Suzawa et al.Supporting Smooth Interruption in a Video Conference by Dynamically Changing Background Music Depending on the Amount of Utterance.  UbiComp '22 Adjunct

Experiments have demonstrated that 
our system can control the amount of 
speak implicitly.



Summary
• This talk presented some psyber systems that recognize human 
internal states and provide optimized actuations towards making 
people smarter (Wordometer, HyperMind, CoALA, EnGauge, etc.). 

• Cognitive augmentation is still challenging field, by considering user-
dependencies, hardware limitations, and data-labeling issues.

Contributions to AI-Physical Systems
• Investigating cognitive/affective layer (workload, engagement, etc.) 
• LLM and AI-agent modeling
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