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AI Applications
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Introduction

ÁArtificial intelligence (AI) has become deeply integrated into our daily lives, enhancing various aspects 
of our routines and activities. 
Å Ex) Personal Assistance, Smart Home, Online Shopping, Education, Healthcare, Transportation, 

Language/Communication, Financial Management, Fitness and Wellness, Content Moderation



Injecting User Contexts into AI Applications
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Introduction

ÁEffective prompt design significantly influences the performance of these models, transforming 
general -purpose AI into domain -specific assistants capable of nuanced problem -solving.



Why is Human -AI Collaboration Challenging?
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Introduction

ÁLimitations of AI capability and performance
ÁDifficulties in clearly expressing user intentions
ÁDisparity between user language and AI understanding



Communication Has Always Been Challenging!
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Introduction

ÁThe challenges we face with AI are not new we've already been navigating the complexities of 
communication among ourselves.
Å People often struggle to fully express their thoughts or intentions.
Å Misinterpretations arise due to differences in perspective, language, or cultural context.
Å Understanding hidden or implicit contexts requires effort and active listening.
Å Building mutual understanding takes time, trial, and error.



Strategies for Better Human -to -Human Communication

Research for Better Human-AI Collaboration

Introduction

ÁThe following strategies reflect the effort we put into improving mutual understanding.

Observing
Understanding through careful 
listening and non-verbal cues

Asking
Clarifying intentions and 

uncovering hidden contexts

Demonstrating
Using examples, visuals, or actions 

to make ideas clearer



Demonstrating
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Introduction

Human -AI Collaboration

AskingObserving
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Robust Eye Blink Detection Using Video Vision Transformer
IEEE/CVF WACV 2024



Eyeblink detection and its applications
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Mental condition detection
N˲ɸͦȧ˲ ́ ɒǞ̑ɸɗ̦ȧ ̦́̑ȕȧʴ̑́ Ǟ̑̑ȧʴ̑ɸ˃ʴ

level and stress.
[Cho 2021, Phan 2021, Jyotsna 2018]

Eye health monitoring system
Diagnosis of dry eye syndrome, 

computer vision syndrome
[Sharmila2019, Mohanakrishnan2013]

Human behavior Assistant
Communication tool, device 

control for disorders
[Luo 2021, Francis 2021]

[Observing] Robust Eye Blink Detection Using Video Vision Transformer



Existing approaches for eyeblink detection
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Image Processing

Thresholding
(Wu et al., 2008)

Motion vector
(Phuong et al., 2022)

EAR (Eye Aspect Ratio)
(Phuong et al., 2022)

MS-LSTM (Hu et al., 2019)4D model (Jahan et al., 2023)

Ensemble networks( Cortacero et al., 2019)

Deep Learning

[Observing] Robust Eye Blink Detection Using Video Vision Transformer
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Potential problem: 

highly sensitive to environmental conditions (lighting, camera angle, etc.)

ZJU
[Drutarovsky, 2014]

ěȧ́ȧǞ˲ȋɩȧ˲ ́ ʴɸɗɩ̑
[Fogelton, 2016]

Eyeblink8
[Pan, 2007]

mEBAL
[Daza, 2020]

HUST-LEBW
[Hu, 2019]

Most previous studies do not specifically account for conditional factors



Develop a Highly Robust
Eyeblink Detection Method

V Newly proposed dual embedding based video vision transformer ( ViViT)
for robust eyeblink detection.

V Created the MAEB dataset reflecting components of real -life situations
to validate the proposed approach.

The main contributions of this work include :  

Objective



DE-ViViT : Dual Embedding ViViT
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Overview

[Observing] Robust Eye Blink Detection Using Video Vision Transformer



Tubelet embedding of DE-ViViT
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ÅModified traditional tubelet embedding to include overlapping stride operations

ÅAllows effective capture of global contextual information

ÅUseful in situations where rapid movement is present in image sequence

[Observing] Robust Eye Blink Detection Using Video Vision Transformer



Residual embedding of DE-ViViT
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Å Modified residual embedding by using pixel subtraction between the original input and key frame to 

leverage residual information . 

Å Enables capture of micro -variations within sequence

Å Useful when a blink sequence has clear pixel difference between beginning, central, and end frames

[Observing] Robust Eye Blink Detection Using Video Vision Transformer



Evaluation
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ÅPerformance under in- the-wild conditions with public dataset
Å Dataset: HUST-LEBW

Å Models: Proposed model, ablation study variants, baseline models, SOTA models

ÅExploring change in model performance with camera angle variation
Å Dataset: MAEB (Multi Angle Eye Blink) - Newly collected for this study

Å Models: Proposed model, ablation study variants, baseline models

[Observing] Robust Eye Blink Detection Using Video Vision Transformer



Datasets
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HUST-LEBW MAEB

Å Video frames that are captured from movies  

(unconstrained conditions).

Å Each blink sample covers one whole eyeblink process that 

ȋ˃˲˲ȧ́˩˃ʴȕ́ ̑˃ ȧ΅ȧ ˃˩ȧʴ ȧ΅ȧ ȋʛ˃́ȧ ȧ΅ȧ ˃˩ȧʴ.

Å Specifically tailored to capture wide variety of camera 

angles, with other environmental conditions kept constant

Å Structure of each data sample similar to HUST-LEBW

Dataset Non-blink Blink Total

HUST-LEBW (Train) 740 983 1,723

HUST-LEBW (Test) 392 497 889

HUST-LEBW samples and statistics

Dataset Non-blink Blink Total

MAEB 720 720 1,440

MAEB samples and statistics

[Observing] Robust Eye Blink Detection Using Video Vision Transformer



Datasets
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MAEB (Multi Angle Eye Blink)

Å In order to extensively explore the impact of camera angle variation on blink detection, data from multiple camera 

angles was collected for the same subject

Å Sequential images with diverse blinks of 20 subjects from 9 different camera perspectives.

Å A total of 1,440 sequence data was used for the test.

Data collection procedure

[Observing] Robust Eye Blink Detection Using Video Vision Transformer



[Observing] Robust Eye Blink Detection Using Video Vision Transformer

Performance on HUST -LEBW dataset (in - the -wild condition)

Baseline models Proposed model ablation

Å3DCNN: VGG16network modified for 10-frame sequences

ÅCNNLSTM: an implementation of Dazaet al., 
2020 with 2 different learning rates 
(CNNLSTM: 0.0001, CNNLSTM2: 0.001)

ÅPBBN: pyramid bottleneck network from Bekhoucheet al., 2022 with three 
different block/branch variations

ÅORG-ViViT: original ViViTmodel architecture

ÅT-ViViT: original ViViTwith tubelet embedding

ÅDE-ViViT: Proposed ViViTnetwork with tubelet and residual embedding

Proposed Method+Baselines

Metric 3DCNN CNNLSTM CNNLSTM2 P2B2 P2B3 P3B3 ORG-ViViT T-ViViT DE-ViViT

Precision .809 .691 .856 .796 .814 .775 .689 .861 .851

Recall .828 .760 .849 .839 .838 .810 .776 .817 .858

F1-score .818 .724 .852 .815 .825 .789 .730 .837 .853

Research for Better Human-AI Collaboration



[Observing] Robust Eye Blink Detection Using Video Vision Transformer

Performance on HUST -LEBW dataset (in - the -wild condition)

SOTA Models

Method Eye Recall Precision F1 score

[Soukupova and Cech, 2016]
Left .361 .647 .463

Right .302 .576 .396

[Hu et al., 2019]
Left .541 .892 .674

Right .444 .767 .563

Blink detection+ [Phuong, 
2022]

Both .590 .801 .679

InstBlink [Zeng, 2023] Both .976 .566 .717

Research for Better Human-AI Collaboration



Performance on MAEB (with different camera angles)

Research for Better Human-AI Collaboration

Å Overall, all methods show 

performance drop in corner camera 

angles (especially cameras 1,7,9)

Å Proposed DE-ViViT shows highest 

average accuracy, with relatively 

consistent performance across 

camera angles

[Observing] Robust Eye Blink Detection Using Video Vision Transformer



Chain -of -Emotions (Compound Facial Expression)

Research for Better Human-AI Collaboration

[Observing] Other Ongoing Projects

ÁIdentifying the emotion of a facial expression from an image with multiple emotional labels.
Å e.g. happily surprised, sadly fearful)

ÁSequential uses of VLM can capture diverse aspects of the facial image. 
ÁChain-of-Emotions outperforms SOTA models in RAF -DB compound label dataset, including 

models trained on external datasets



RespireSegNet (Sleep Breathing Pattern)
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[Observing] Other Ongoing Projects

ÁAnalyzing breathing sounds during sleep can help understand individual health contexts, but the 
signals are weak and easily affected by various environmental factors.
ÁRespireSegNet, a non-invasive deep audio segmentation method, analyzes respiratory patterns 

during sleep (Breathing frequency and cycle length).



 ˩˩ʛ΅ɸʴɗ ̑ɩȧ ïȂ́ȧ˲ͦɸʴɗ ĥ̑˲Ǟ̑ȧɗ΅ ɸʴ ţǞ̑ȧ˲-Resource AI

Research for Better Human-AI Collaboration

ïȂ́ȧ˲ͦɸʴɗ  ˩˩ʛ΅ɸʴɗ ̑ɩȧ ïȂ́ȧ˲ͦɸʴɗ ĥ̑˲Ǟ̑ȧɗ΅ ɸʴ ţǞ̑ȧ˲-Resource AI

ÁAI as an autonomous observer: extracting insights from sensor data
Å  ´ ͫǞ̑ȋɩȧ́ ȧʴͦɸ˲˃ʴʭȧʴ̑ Ǟʴȕ ̦́ȧ˲ ȂȧɩǞͦɸ˃˲ ͦɸǞ ́ȧʴ́˃˲́
Å Learns patterns without human prompting
Å Frees operators to focus on decision-making, not constant monitoring

ÁThree real-world case studies
Å Smart-Meter Water-Use Clustering (¹ʛȧ-de-France, France; SEDIF)
Å Odor & Corrosion Prediction (Chicago, USA; MWRD)
Å Leak Detection via Acoustic Sensors (Washington, D.C., USA; DC Water & FIDO AI)



Smart -Meter Water -ľ́ȧ Fʛ̦́̑ȧ˲ɸʴɗ ¹ʛȧ-de-France, France; SEDIF)
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ÁGoal: Identify household consumption profiles for demand management
ÁData: Hourly smart -meter readings (seasonal & weekday/weekend)

ÁAI Techniques:
Å Fourier decomposition of time-series
Å Functional K-means clustering & mixture regression

ÁOutcome:
Å Five distinct usage clusters (e.g. daytime vs. nighttime peaks)
Å Enables anomaly detection (e.g. leaks) and tariff optimization

Cheifetz, N. et al. (2017). ŗModeling and clustering water demand patterns from real-world smart meter 
data.Ř Drinking Water Engineering & Science, 10, 75ŕ82.

ïȂ́ȧ˲ͦɸʴɗ  ˩˩ʛ΅ɸʴɗ ̑ɩȧ ïȂ́ȧ˲ͦɸʴɗ ĥ̑˲Ǟ̑ȧɗ΅ ɸʴ ţǞ̑ȧ˲-Resource AI



Odor & Corrosion Prediction (Chicago, USA; MWRD)
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Á¡˃Ǟʛ }˃˲ȧȋǞ́̑ ¬ ĥ Ǟʴȕ Ş} ʛȧͦȧʛ́ ̑˃ ˩˲ȧͦȧʴ̑ ˃ȕ˃˲ Ǟʴȕ ˩ɸ˩ȧ ȋ˃˲˲˃́ɸ˃ʴ
ÁNǞ̑Ǟ F˃ʴ̑ɸʴ̦˃̦́ ́ȧʴ́˃˲́ ɸʴ ͫǞ́̑ȧͫǞ̑ȧ˲ ̑˲ȧǞ̑ʭȧʴ̑ ¬ ĥ Ş} 

ÁAI Techniques:
Å Data preprocessing & cleaning
Å Model comparison: LSTM, Random Forest, SVM
Å LSTM selected for time-series accuracy

ÁOutcome:
Å Early warning of high-risk conditions
Å  ̦̑˃ʭǞ̑ȧȕ ȕ˃́ɸʴɗ ͦȧʴ̑ɸʛǞ̑ɸ˃ʴ ȋ˃ʴ̑˲˃ʛ́ ˲ȧȕ̦ȋȧȕ ȋ˃ʭ˩ʛǞɸʴ̑́ Ǟʴȕ ȋ˃́̑́

Yang, S.et al. (2021). ŗMachine Learning for Odor and Corrosion Control in WRRFs.Ř WEFTEC Conference 
Proceedings.

ïȂ́ȧ˲ͦɸʴɗ  ˩˩ʛ΅ɸʴɗ ̑ɩȧ ïȂ́ȧ˲ͦɸʴɗ ĥ̑˲Ǟ̑ȧɗ΅ ɸʴ ţǞ̑ȧ˲-Resource AI



Leak Detection via Acoustic Sensors (Washington, D.C., USA; DC Water & FIDO AI)
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ÁGoal: Locate hidden leaks in aging transmission mains
ÁData: Night -̑ɸʭȧ Ǟȋ˃̦́̑ɸȋ ́ȧʴ́˃˲́ @̦ɗ ȕȧͦɸȋȧ́ ˃ʴ ͦǞʛͦȧ́

ÁAI Techniques:
Å Cloud-based audio pattern classification
Å ÞǞ˩˩ɸʴɗ ˃ɒ ʛȧǞʒ ɩ˃̑́˩˃̑́ ɒ˃˲ ɒɸȧʛȕ ȋ˲ȧͫ́

ÁOutcome:
Å Nɸ́ȋ˃ͦȧ˲΅ ˃ɒ Ǟ ʭǞɸʴ ʛȧǞʒ Ǟ̑MGD loss/day
Å Two additional leaks found and repaired
Å Significant water recovery and infrastructure protection

FIDO Tech / DC Water (2022). ŗDetecting Unseen Water 
Leaks on Transmission Mains Using AI.Ř Case Study.

ïȂ́ȧ˲ͦɸʴɗ  ˩˩ʛ΅ɸʴɗ ̑ɩȧ ïȂ́ȧ˲ͦɸʴɗ ĥ̑˲Ǟ̑ȧɗ΅ ɸʴ ţǞ̑ȧ˲-Resource AI
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StuBot: Learning by Teaching a Conversational Agent 

Through Machine Reading Comprehension 
Findings of EMNLP 2022



https://www.pexels.com/ko -
kr/photo/3182745/

Learning by teaching is a teaching method that enables students to teach other students .

Many studies have revealed the effectiveness of learning by teaching from diverse perspectives.
Å Long-term learning (Fiorella and Mayer, 2014)
Å Motivation and self-esteem (Wagner and Gansemer-Topf, 2005)
Å Communication skills (Stollhans, 2016)
Å Abilities to gather and structure information (Grzega and ĥȋɩˏʴȧ˲, 2008)

[Asking] StuBot: Learning by Teaching a Conversational Agent Through Machine Reading Comprehension 

https://www.pexels.com/ko-kr/photo/3182745/


Agent -based systems are widely used for learning.

Facilitating school administrative services
ÅFAQ chatbot for academic requirements (Bhavikaet al., 2017).
ÅCourseQfor assignment or events reminder (Guillemet al., 2018).

Improving knowledge of a specific subject
ÅMathBot for learning mathematical concepts (Grossman et al., 2019).
ÅMassistant for helping users to build their own concept graphs (Jiang et al., 2019).

[Asking] StuBot: Learning by Teaching a Conversational Agent Through Machine Reading Comprehension 
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Interactive learning with virtual agents using a learning by teaching approach are proposed.
We present a new conversational agent that provide adaptive feedback.



StuBot
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ÁA text-based conversational agent that promotes learning by teaching

[Asking] StuBot: Learning by Teaching a Conversational Agent Through Machine Reading Comprehension 



Learning by teaching StuBot
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[Asking] StuBot: Learning by Teaching a Conversational Agent Through Machine Reading Comprehension 



Internal Workflow of StuBot
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[Asking] StuBot: Learning by Teaching a Conversational Agent Through Machine Reading Comprehension 



Step 1: Answering
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ıɩȧ ̦́ȧ˲ ́ ȧͽ˩ʛǞʴǞ̑ɸ˃ʴ ̑ȧͽ̑́ Ǟ˲ȧ
inputted to the server

MRC model generates an appropriate answer A
by receiving a context C and a related question Q

[Asking] StuBot: Learning by Teaching a Conversational Agent Through Machine Reading Comprehension 



Step 1: Answering
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StuBot adopts a ]ıě´ ́ ̑˲Ǟɸʴȧȕ ÞěF ʭ˃ȕȧʛ(ETRI, 2021) 
that adopts KorBERT(Korean Bidirectional Encoder Representations from Transformers), 

an extension of BERT(Devlin et al., 2018).

[Asking] StuBot: Learning by Teaching a Conversational Agent Through Machine Reading Comprehension 



Step 2: Self -grading
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Å StuBot self -grades the answer text using the machine learning model by comparing it with its actual answer value corres
ponding to a question.

Å We trained a model of support vector machine by using two input features: (i) Jaccard similarity (ii) the confidence score .

[Asking] StuBot: Learning by Teaching a Conversational Agent Through Machine Reading Comprehension 


