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Introduction

Al Applications

AArtificial intelligence (Al) has become deeply integrated into our daily lives, enhancing various aspects

of our routines and activities.
A Ex) Personal Assistance, Smart Home, Online Shopping, Education, Healthcare, Transportation,
Language/Communication, Financial Management, Fithess and Wellness, Content Moderation
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Introduction

Injecting User Contexts into Al Applications

AEffective prompt design significantly influences the performance of these models, transforming

general - purpose Al into domain -specific assistants capable of nuanced problem

The Structure of an Al Prompt

Please do a|comical play on the lyrics ——> Format

-

of Holy by Justin Bieber | > Reference

but|center the song on Mr. Smith, ——— > Request
(poem about my dog)

(my dog. He is a Coton De Tulear. His )

[girlfriend is our other dog, Baby jane,H Framing

(who is a Lhasa Apso.J

nnerourcom NN /g

Standard Prompting

Q: Roger has 5 tennis balls. He buys 2 more cans of
tennis balls. Each can has 3 tennis balls. How many
tennis balls does he have now?

A: The answer is 11.

Q: The cafeteria had 23 apples. If they used 20 to
make lunch and bought 6 more, how many apples

do they have?

.

-solving.

Chain-of-Thought Prompting

=

Q: Roger has 5 tennis balls. He buys 2 more cans of
tennis balls. Each can has 3 tennis balls. How many
tennis balls does he have now?

he answer is 11

Q: The cafeteria had 23 apples. If they used 20 to
make lunch and bought 6 more, how many apples
do they have?

A: The answer is 27. x )

Figure 1: Chain-of-thought prompting enables large language models to tackle complex arithmetic,
commonsense, and symbolic reasoning tasks. Chain-of-thought reasoning processes are highlighted.



Introduction

Why is Human -Al Collaboration Challenging?

4

A Limitations of Al capability and performance
A Difficulties in clearly expressing user intentions
A Disparity between user language and Al understanding

A B V4



Introduction

Communication Has Always Been Challenging!

AThe challenges we face with Al are notnew  we've already been navigating the complexities of
communication among ourselves.
A People often struggle to fully express their thoughts or intentions.
A Misinterpretations arise due to differences in perspective, language, or cultural context.

A Understanding hidden or implicit contexts requires effort and active listening.
A Building mutual understanding takes time, trial, and error.

-y



Introduction

Strategies for Better Human -to-Human Communication

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

Observing Asking Demonstrating
Understanding through careful Clarifying intentions and Using examples, visuals, or actions
listening and non-verbal cues uncovering hidden contexts to make ideas clearer



Introduction

Research for Better Human -Al Collaboration

Asking

Observing

Demonstrating

Human - Al Collaboration



Research for Better Human Al Collaboration
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[Observing] Robust Eye Blink Detection Using Video Vision Transformer

Eyeblink detection and its applications

- - A=

Wheelchair _JES
Control Unit

Mental condition detection Eye health monitoring system Human behavior Assistant
N.¢oa., =~ oA ¢d a ~ ~ 0 a-’ DiagnosisAfdiy eye syndrome, Communication tool, device
level and stress. computer vision syndrome control for disorders

[Cho 2021, Phan 2021, Jyotsna 2018] [Sharmila2019, Mohanakrishnan2013] [Luo 2021, Francis 2021]



[Observing] Robust Eye Blink Detection Using Video Vision Transformer

Existing approaches for eyeblink detection

Image Processing Deep Learning

Motion vector Thresholding
(Phuong et al., 2022) (Wu et al., 2008)

ia) Aspect ratio of cyes when open (b) Aspect ratio of cyes when closed

EAR (Eye Aspect Ratio)
(Phuong et al., 2022) Ensemble networks( Cortacero et al., 2019)




Potential problem:

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

Eyeblink8 ¢a aA Tia, = 1 pqiu mEBAL HUST-LEBW
[Pan, 2007] [Fogelton, 2016] [Drutarovsky, 2014] [Daza, 2020] [Hu, 2019]

o /

Most previous studies do not specifically account for conditional factors




Objective

Develop a Highly Robust
Eyeblink Detection Method

The main contributions of this work include :

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.



[Observing] Robust Eye Blink Detection Using Video Vision Transformer

DE-VIVIT : Dual Embedding VIVIT

Overview
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[Observing] Robust Eye Blink Detection Using Video Vision Transformer

Tubelet embedding of DE-ViviT

A Modified traditional tubelet embedding to include overlapping stride operations
A Allows effective capture of global contextual information

A Useful in situations where rapid movement is present in image sequence

Original 40 x 128
input sequence

I
I
1 10 frames
I
I

|
|
|
|
mep 3D Conv =m) |
|
|

_________________ Tubelet Embedding



[Observing] Robust Eye Blink Detection Using Video Vision Transformer

Residual embedding of DE-ViViT

A Modified residual embedding by using pixel subtraction between the original input and key frame to
leverage residual information .
A Enables capture of micro -variations within sequence

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

1 | I
I ! I
¥ - il | | 40 x 128 |
jLES R p :
. —) - : - 9 | - 3D COI‘IV ‘ |
I - | o !
% 10 E 4 channel ,
I - T sequence |
I ! I
| [



[Observing] Robust Eye Blink Detection Using Video Vision Transformer

Evaluation

A Performance under in-the-wild conditions with public dataset
A Dataset: HUST-LEBW

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

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

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



[Observing] Robust Eye Blink Detection Using Video Vision Transformer

Datasets

HUST-LEBW MAEB

A Video frames that are captured from movies A Specifically tailored to capture wide variety of camera

(unconstrained conditions). angles, with other environmental conditions kept constant

A Each blink sample covers one whole eyeblink process that A Structure of each data sample similar to HUSTLEBW

P> a Istu > a"a >la' a"a 1¢> a a°

a >1a!

Dataset Non-blink Blink Total

Dataset Non-blink Blink Total
HUST-LEBW (Train) 740 983 1,723

MAEB 720 720 1,440
HUST-LEBW (Test) 392 497 889

HUST-LEBW samples and statistics MAEB samples and statistics



[Observing] Robust Eye Blink Detection Using Video Vision Transformer

Datasets

MAEB (Multi Angle Eye BIink)

A 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
A Sequential images with diverse blinks of 20 subjects from9 different camera perspectives.

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

Data collection procedure



[Observing] Robust Eye Blink Detection Using Video Vision Transformer

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

Proposed Method+Baselines

Metric 3DCNN CNNLSTM CNNLSTM2 P2B2 P2B3 P3B3 ORG VIVIT T-ViViT DE-ViViT
Precision .809 .691 .856 .796 .814 75 .689 .861 .851
Recall .828 .760 .849 .839 .838 .810 776 817 .858
F1-score .818 124 .852 .815 .825 .789 .730 .837 .853
el g g
Baseline models Proposed model ablation
A 3DCNN: VGG16network modified for 10-frame sequences A ORG VIVIT: original ViViT model architecture
A CNNLSTM an implementation of Dazaet al., A T-VIViT original ViViTwith tubelet embedding

2020 with 2 different learning rates
(CNNLSTM 0.0001,CNNLSTM2 0.001)

A PBBN pyramid bottleneck network from Bekhouche et al., 2022 with three
different block/branch variations

A DEVIVIT: ProposedViViT network with tubelet and residual embedding



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

Right .302 576 .396
Left 241 .892 674

[Hu et al., 2019]
Right 444 767 .563

Blink ion+ [Ph
Ink detection+ [Phuong, Both 590 801 679

2022]
InstBlink [Zeng, 2023] Both 976 566 A17



[Observing] Robust Eye Blink Detection Using Video Vision Transformer

Performance on MAEB (with different camera angles)
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Overall, all methods show
performance drop in corner camera

angles (especially cameras 1,7,9)

Proposed DE-ViViT shows highest
average accuracy, with relatively
consistent performance across

camera angles



[Observing] Other Ongoing Projects

Chain - of - Emotions (Compound Facial Expression)

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

ASequential uses of VLM can capture diverse aspects of the facial image.

AChain-of-Emotions outperforms SOTA models in RAF -DB compound label dataset, including
models trained on external datasets

IChain of Affect Process I

' Prompting: predict Prompting: predict
e { primary emotion secondary emotion
y VLM VLM Final prediction:
* “Happily Surprised”
Input image _ _ _ _
Predicted emotion: Predicted emotion:
“Happy” “Surprised”

Angrily Disgusted ~ Sadly Angry



[Observing] Other Ongoing Projects

RespireSegNet (Sleep Breathing Pattern)

AAnalyzing breathing sounds during sleep can help understand individual health contexts, but the
signals are weak and easily affected by various environmental factors.

ARespireSegNet, a non-invasive deep audio segmentation method, analyzes respiratory patterns
during sleep (Breathing frequency and cycle length).

Step 1. Audio Preprocessing Step 2. Respiratory Segmentation Step 3. Respiratory Analysis

Next Token Prediction
Raw Audio Signal [0 [ e o | o oo | 0 [ Single Breath
z 0 4 it [ — [ 1
4 Encode » i
P o e w e Framrrien Blod(r > ;i l | | THO l <|76]> | inhale ‘ <|304]> [ <|304]> ‘ exhale ‘ <|543]> | ..
E Cross .
Sampling Split Audios : Attention : Segmentation Results
Sleep-stages Into 20 Sec Encoder Decoder
Block
Sampled Audio Signals Sinusoidal Encoder Decoder ‘
5 05 Positional Block
£ o ‘——‘-’-‘—-‘—4—‘—# Encoding
5 . . .
“T Fra— @—’G_B Breathing Rate and Length Calculation
‘‘‘‘‘‘‘‘‘‘‘‘‘ Learned
Positional
Token
Log-Mel 2 x downsample Encoding Embedding
Spectrogram 2 x Conv1D + GELU J— . ) i
o [ ot | st | o | s | o | o | - BreathingRate = num(onsetypare)
-~
Sampled Spectrogram r
80
|_ A Ho A 8.3 BreathingLength = median(of fset.xpaie; — ONSClinpaie)
e #H oA - L 2,000 ! Abdominal Respiratory
Log-Mel Spectrogram Effort sensor
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AAl as an autonomous observer: extracting insights from sensor data

A~ mA TLa ato ¢ >12ar” Aru T a., Aaiv Ao > o pA T a

A Learns patterns without human prompting
A Frees operators to focus on decision-making, not constant monitoring

AThree real -world case studies
A Smart-Meter Water-Use Clustering ¢ -&lex France, France;SEDIF
A Odor & Corrosion Prediction (Chicago, USA; MWRD)
A Leak Detection via Acoustic Sensors {Vashington, D.C., USA; DC Water & FIDO Al
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Smart-Meter Water -~ & F 6. ~ -de-Rranag, Fraice SEDIF)

AGoal: Identify household consumption profiles for demand management

(a) 5 : Clusfer 1: 1 5.4 % >
AData: Hourly smart - meter readings (seasonal & weekday/weekend) g YV VY WL
-2 _g\/\/a

- . 2 Cluster 3: 15.8 % >
AAIl Techniques: | [Va
A Fourier decomposition of time-series E Ao (B

A Functional K-means clustering & mixture regression 13 Cluster 5: 16 % F

_i : CIp;ier 6‘: 9.9% _§
AOutcome: ': _Cluster7: 6.4 % _ '2\/\’
A Five distinct usage clusters (e.g. daytime vs. nightime peaks) AN G —
A Enables anomaly detection (e.g. leaks) and tariff optimization & PR VY s

24 48 72 96 120 144 168 1 6 12 18 24
Time (hours)

1

Cheifetz, N.etal . (2017). rModeling and cl ust e-worldgmartvaeeteer demand g
data.R Drinking Water EniB2neering & Science, 10, 75
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Odor & Corrosion Prediction (Chicago, USA; MWRD)

>A¢G }> atrA" - h Arl0 S} caoc ac¢ "~ > 1 _ao a’'" >10:
ANA~ A F>:1" ¢+ > 7 T ar’ o> 7 ¢ A"~ oam A ¢
AAI Techniques:
A Data preprocessing & cleaning

A Model comparison: LSTM, Random Forest, SVM
A LSTM selected for time-series accuracy

AOutcome:

A Early wamning of high risk conditions

A "~ >oA at 0> o+ d o ar” oA p >

Yang, S.eta | . (2021) . r Machine Learning for Odor and Corrosion

Proceedings.
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Leak Detection via Acoustic Sensors  (Washington, D.C., USA; DC Water & FIDO Al

AGoal: Locate hidden leaks in aging transmission mains
AData: Night™ ¢ ma AT > ~ "~ ¢1 = a:'’

AAI Techniques:
A Cloud-based audio pattern classification
A PAll¢o:d >p cahAs L > 1>

AOutcome:
A No 7> a. " >bp A MGDloss/dayA ¢
A Two additional leaks found and repaired
A Significant water recovery and infrastructure protection

Water leak
detection § '«
technology

FI DO Tech |/ DC Water (2022). 71D
Leaks on Transmission Mains Us|



Research for Better Human Al Collaboration

& S
INDEX rye

I'm not sure about Silhak.

@ Can you kindly clarify in detail?

‘ Observing

Okay! I'll explain it to you:)

In the late Joseon Dynasty, Silhak
was presented as a solution to a
variety of pressing societal issues.

’ Asking

And, Bukhakpa said to make the
country prosperous by promoting
commerce and industry and
developing technology.

‘ Demonstrating

’ Conclusion

StuBot: Learning by Teaching a Conversational Agent
Through Machine Reading Comprehension
Findings of EMNLP 2022

P HANYANG UNIVERSITY Human-Al Interaction Lab

http://haihanyang.ac.kr




ading Comprehension

Learning by teaching is a teaching method that enables students fo feach other students .

Many studies have revealed the effectiveness of learning by teaching from diverse perspectives.
A Long-term learning (Fiorella and Mayer, 2014)
A Motivation and self-esteem (Wagner and Gansemer-Topf, 2005)

A Communication skills Stollhans, 2016)
A Abilities to gather and structure information (Grzegaandh 1 « ,72@G08)


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

[Asking] StuBot: Learning by Teaching

Agent - based systems are widely used for learning.

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

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



Interactive learning with virtual agents using a learning by teaching approach are proposed.
We present a new conversational agent that provide adapfive feedback.

Stubot

Sorry, | can’t
understand..
Can you explain
more in detail?

Non-structured
The first Olympics were held in Paris. | pu » Y 4

Sorry, | can’t
understand..
Can you explain
The first Olympics were held in Athens. more in detail?

(<))
Q.
>
e
c
.9
)
©
i)
Q
v
v
| -
a.

|
[
|
|
|
I
|
|
I
I
|
i
|
|
|
I
|
|
I

The first Olympics were held in Paris.

1
Feedback type >

Provide Provide
limited feedback adaptive feedback

Structured




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

StuBot

AA text-based conversational agent that promotes learning by teaching
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StuBot
o=
- M 00| Al Bl o s""
Alsto B o171 4 80 St ‘
datel ois il
o Ol B WL ) 48t0] SV E WD MEIKHEO| T LIS CHsH HAY 4 2Uct ‘ I'm not sure about Sithak.
=
Aol §% 24 Foloh A8 AAA W clato] A% Aelsjole} @ canvouknay iy n ot
B R Aol Eeiwdch, Zeiu gl ARk I Ay F
L} n eos 3 o 05121 SELAIE In the late Joseon Dynasty, Silhak
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12 AEERl o ek AAIBtalct. of 3EelM Aol A 13 focused on agriculture and reform
™ 7| % stedct, theories that emphasized
- commercial.

Wow..

Extracted topic from
an incorrectly-answered exercise

Thank you sirl!

But | don't still ufiderstand

Could you explain it to me in other terms?

The Qing introduced branch of
Confucianism known as Gojeu

which placed an emphasis on objective and empirical study methods.
End

Content window

StuBot’s first message
(Predefined)

Request to explain a material content

User’s explanation

Adaptive feedback

« StuBot' questions about

insufficient parts
« User’s further explanation

Textbox for user input

E=E T17%0)
StuBot

Question Answer Correct

During the latter part of the Joseon
1 Dynasty, what solution did pecple
find to the difficulties that plagued

actual society?

Shilhak o

What was it that stressed the use of
unbiased and empirical study
2 methods as a branch of Gojeunghak o
Confucianism that introduced
through the Qing?

What were the individuals who
insisted on advancing trade and
3 industry while altaining a Bukhakpa o
technologically powerful and rich
nation?

Who condemned the noblemen's
4 inefficiency and hypocrisy while Pak Ji-won o
emphasizing the usage of money,
ships, and carts?

What is the theory Yi Ik insisted for
delermining the minimum quantity of
5 land required for a livelihood
maintenance before doing business
and for making the sale illegal?

Hanjeon
Theory

What did scholars of Silhak and
intellectuals of the lale Joseon
Dynasty focus their attention on
6 studying at a time when an Gukhak o
environment was being cultivaled to
citique a worldview that was based
on China?

What is the theory Yu Hyung-won

insisted for allocating property to Hani X
7 everyone based on rank and .m“’“" (Kyunjeon
resvaluating the costs of taxes and ooty theory)
military service?
What is the theory for Jeong Yak-
yong's -claim that collectively held x
8 farms in each village should be Hanjeon (Yesjeon
farmed and the harvest should be Theory n sérv)
divided according to the quantity of
labor?
9 What is the original legitimacy of Ahn Dongsa °
Jung-bok's compilation of our history?  gangmok
10 What was Lee Jung-hwan's Dongsa x
-compilation of humanistic geography?  gangmok (Taekrij)

‘ Sir, | got 70 points.

If I study a bit more, | believe | can get
better a score!

StuBot’s exam results

« After several iterations of
explanations, StuBot finally
takes an exam.

« The user checks which parts
are insufficient.

StuBot’s final message
(Predefined)



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

Learning by teaching StuBot

Preparation

<
KX

The user studies a learning material and
prepares to teach StuBot.

Presentation

The user explains key topics of the learning
material to StuBot by typing explanation texts.

The user reviews the material to supplement the previous explanation.

Feedback

N m “Can you explain
@ il [TOPIC] further?”
v

« StuBot internally solved exercise problems
by analyzing the user explanation texts.

+ It then asks the user for further explanation
about incorrectly answered exercises.




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

Internal Workflow of

StuBot

Step |. Answering

Step Il. Self-Grading

Step lll. Messaging

IN ( Explanation texts ) ( Exercise question ) IN ( Actual answer ) ( Predicted answer ) IN ( Incorrectly-answered e)(erdse)
<Message template>
g Machine learning mode/ ., e
. . . } Teacher, it is difficult to understand
ﬁ—- Machine Reading Comprehension L Jaccard Similarity Firstly [TOPIC]. Can you explain it further?”
L . . L
h- KOrBERT (embedding, Reasoning, Predicting) L Confidence score Adai “Sorry... it is still difficult to understand.
gain , ”
Please explain further.
ouT ( Confidence score ) ( Predicted answer) ouT (0 (incorrect) or 1 (correcy) ouT ( StuBot’s question message )




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

Step 1: Answering

Input explanation Answer selection & Feature generation

@ Sirl!
Okay! I'll explain it to you:) Joseon Dyndsty, whet solaion did Silhak. 0.986
' eople find to the difficulties that 1nna .
@ I'm not sure about Silhak "? the late Joseon Dynasty, z.'a:uedactuafsociety? t ’ }
Silhak was presented as a
solution to a variety of g —
i ifyv i i1? Q2 : Who wanted make the country
@ Can you kindly clarify in detail? pressing societal issues. prosperous through the promotion of { Bukhakpa, 0.975}
Bukhakpa said to make the commerce and industry and the —-
development of technology?
Okay! I'll explain it to you:) country prosperous by .
In the late Joseon Dynasty Silhak promOting commerce and Q3 : Who argued that professional
e : . i ieved in order for Bukhakpa, 0.432
was presented as a solution to a industry and developing e et oo desctars. L KorBERT (Embedding, { P }
variety of pressing societal issues. technology. = Reasoning, Predicting)
And, Bukhakpa said to make the C : User’s explanation Q : Pre-define Created answers by MRC
country prosperous by promoting context exercise problems . and
commerce and industry and Confidence value
developing technology.
IN MRC(C,Q) OouT
I L a a asalcAl A" ¢>! MR& model generates an appropriate arnswer A

inputted to the server by receiving a context C and a related question Q
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Step 1: Answering

StuBotadoptsa / 7 € =~ A¢ - LEARLRRY L >04c¢
that adopts KorBERT(Korean Bidirectional Encoder Representations from Transformers),
an extension of BERT7(Devlin et al., 2018).

——————————————————————————————————————————————————————

%@ MRC System
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|
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: En(ljg)e d(elings Context Features :
—_— > > |
2 Context ! . Feature Context-Question !
@D | Embeddings . . |
- | Extraction Interaction !
Question —— Quest > > |
uestion :

! . uestion Features |
| Embeddings Q !

I
| [
| |
I |
\/ ! l
) : Interaction Information !
A | Answer Between Context and Question |
Answer «— . . ~ |
| Prediction !
|
I .
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Step 2: Self -grading

A StuBot self-grades the answer text using the machine learning model by comparing it with its actual answer value corres
ponding to a question.
A We trained a model of support vector machine by using two input features: (1) Jaccard similarity (i) the confidence score



