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Motivation

-

o While LLMs are increasingly adopted across applications, most users cannot directly influence the
quality of training data or the decoding process and also often lack the ability to mitigate hallucinations.
Therefore, external fact-checking tools provide a more feasible approach.

o Although various fact-checking methods have been proposed to reduce hallucinations, many rely solely
on LLMs, overlooking the quality and sufficiency of the retrieved evidence. This highlights the need for
mechanisms to identify accurate and relevant evidence for verification.

Example: A failure case in fact-checking

Claim:
John John Florence is an American professional surfer born 13 October 1992 won the Rip Curl Pro Portugal.

Retrieved Evidence Sentences
John John Florence (born 18 October 1992) is an American professional surfer.
Meo Rip Curl Pro Portugal formerly known as “Rip Curl Pro Portugal™.
The defending champion is the 2016 WSL champion, John John Florence who Meo Rip Curl Pro Portugal in 2016.
...... (more sentences)

Q Fact-checking result: : : 10
£ Factuality: True. Based on the provided evidences, the claim can be supported. p X incorrect fact-checking result/
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U Experiments
Case Study Case Information (1/5)

Patient Initial Information: A 23-year-old African American G1P0 woman at 18 weeks
estimated gestational age presents with fatigue and lethargy.

Question: Which of the following is the most likely diagnosis in this patient?
= Options:

A. lron deficiency anemia

B. Beta-thalassemia trait

c. Alpha-thalassemia trait (correct)

D. Folate deficiency anemia

14



Options:
(A) Iron deficiency anemia

D EXpe I‘I me ntS (B) Beta-thalassemia trait

(C) Alpha-thalassemia trait (correct)

Case Study Exploration Stage (2/5) (©) Folate deficiency anemia

Turn O: Initial State
Initial Information: A 23-year-old African American G1P0 woman at 18 weeks
estimated gestational age presents with fatigue and lethargy.
Confidence:{A:4, B:3, C:2, D:2}
1 Decision: ASK
Turn 1:

Expert Question: Can you describe when you first noticed the fatigue and
lethargy?

Patient ResponseThe patient presents with fatigue. The patient presents with
lethargy. The symptoms onset gradually about 1 week ago.
Confidence:{A:4,B:2, C:2, D:2}

1 Decision: ASK
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Options:
(A) Iron deficiency anemia

D EXpe I‘I me ntS (B) Beta-thalassemia trait

(C) Alpha-thalassemia trait (correct)

Case Study Exploration Stage (3/5) () Folate deficiency anemia

Turn 2:
Expert Question: Have you noticed any other symptoms such as dizziness,
shortness of breath, palpitations, headaches, or changes in your appetite or weight?

Patient ResponseThe patient cannot answer this question.
Confidence:{A:4,B:2, C:2, D:2}

1 Decision: ASK
Turn 3:

Expert Question: Can you tell me about your diet and nutrition over the past few
months?

Patient ResponseThe patient cannot answer this question.
Confidence:{A:4, B:2, C:2, D:2}
1 Decision: ASK

16



Options:
(A) Iron deficiency anemia

D EXperI mentS (B) Beta-thalassemia trait

(C) Alpha-thalassemia trait (correct)

Case Study Differentiation Stage (4/5) (o) Folate deficiency anemia

Turn 4.
Expert Question: Have you ever been treated with iron supplements, and if so,
did you notice any improvement in your symptoms of fatigue and lethargy?

Patient ResponseThe patient is empirically started on ferrous gluconate tablets.
Five weeks later, the patient shows no improvement in her hemoglobin level.
Confidence:{A:1, B:4, C:3, D:2}

J Decision: ASK
Turn 5:
Expert Question: Have you undergone a hemoglobin electrophoresis test, and if
so, what were the results, particularly regarding the levels of hemoglobin A2?

Patient ResponseThe patient's hemoglobin electrophoresis is normal.
Confidence:{A:1, B:1, C:4, D:1}

1 Decision: ASK

17



Options:
(A) Iron deficiency anemia

- (B) Beta-thal ia trait
D EX p e 'm e f tS © Alepﬁa-t;l;::;nrlrﬁarf:;it (correct)
. ) (D) Folate deficiency anemia
Case Study Confirmation Stage (5/5)

Turn 6:

Expert Question: What is the mean corpuscular volume (MCV) from the
patient's recent complete blood count (CBC) test?

Patient ResponseThe patient's mean corpuscular volume (MCV) is 76 pum3.
Confidence:{A:1, B:1, C:5, D:1}

| Decision: ANSWER
Final Answer: C. Alpha-thalassemia trait (correct)

18
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Problem Formulation
Task

Our goal is to design a prediction model to predict the
probability of revisiting ED of the patients, achieved by
training the model to learn the classification task.

Binary Classification Task 1:
label=1 : Potential patients who will revisit to ED.
label=0 : non-revisit patients.

Binary Classification Task 2:
label=1 : Potential patients who will revisit to ED with
high-risk.
label=0 : Other patients without high-risk revisiting.
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Experiment
Dataset

Internal Validation:

NTUH ED dataset

A ED admissions at the National Taiwan University Hospital between 2016 and 20109.
A ED admissions at the National Taiwan University Hospital between 2020 and 2022.

revisit revisit = 11,150 (4.42%) revisit = 7,707 (5%)
non-revisit = 241,021 non-revisit = 129,025
high-risk revisit high-risk revisit = 275 (0.11%) high-risk revisit = 281 (0.2%)
9 other patients = 251,896 other patients = 136,451
Sequence Length of
Vital Signs (Median) 2 (hours) 1 (hour)

;ﬂ_.,c; @ i % e‘j*a x %:,




M eth Od O I Ogy TCN = Temporal Convolution Network
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Introduction

Background (1/2)

Dementia is an irreversible neurodegenerative condition affecting over 55 million people.
As the global aging, this number is expected to double every 20 years 1,

Mild Cognitive Impairment (MCI) is a precursor to dementia, but its subtle symptoms are

often overlooked until dementia becomes severel2!,

Early detection at the MCI stage can delay progression, improve care, and reduce

healthcare burden.

[

A

per

Nor mal Agi

Preclinical

Mild Cognitive
Il mpai r(Méht

Cognitive

Dementi a

v

Ti me
,i. C--”; ,]51 [1] Peng, Y. et al. (2024). Blocking progression from intervenable mild cognitive impairment to irreversible dementia, what can we do? BioScience Trends.
) j * 3 [2] Carbajal, A. B. et al. (2024). Psychometric properties of the Memory Alteration Test using a confirmatory factor analysis and a Rasch model. 31
National Taiwan University Al zhei mer 0s. & Dementi a




Data Description
Reminiscence Test Rnerion ™ e

Recall Briefly share a significant story from their life in a few minutes.
J

—

—

Probing The interviewer will delve deeper into key details of the story based on its

content, with the session lasting up to 30 minutes.
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Problem Formulation
Longitudinal Setting

Each AM dataset is collected at different time-points (visits), and subjects may

provide multiple story narratives during a single visit

The data from different visits for the same subject are composed to create
longitudinal input samples.

The model’s goal is to predict whether the subject is classified as HC or MCl in the

final visit based on these longitudinal input samples.

Dat a Dat a Data Dat a
@ @ @ @ Due to data limitations, there
are only four visits currently.
vigit VI§ItVI§It"' VI$It
\ i mel i e / AData, : AM data from T-th visit.

G B 225 %%

Lot o d . . . .
%%  National Taiwan University




Experiment
Datasets Unit: audio file

NTUAM-CS NTUAM-LG

A Language: Chinese A Language: Chinese

A For cross-sectional setting A For longitudinal setting
A AM task A AM task

A 2 class: HC / MClI A 2 class: HC / MClI

Dataset
HC MCI HC MCI HC MCI HC MCI HC MCI

NTU-AM-CS 181 152 159 128 124 100 50 33 514 414

NTU-AM-LG 45 40 69 39 63 42 60 48 237 169

A& 2 F %% -

National Taiwan University




Experiment

RGSU It Of NTU'AM'LG Subject-level soft voting

Comparing our longitudinal model with different models.

Method Accuracy F1-score Precision Recall AUROC  Specificity
e all Da a
Baseline 0.83 0.67 0.65 0.70 0.75
Change t .[lla | 0.66 0.64 0.74 0.67 0.63 0.65
Liaol?] 0.82 0.71 0.82 0.66 0.82 0.80
rs 0.90
r i Da a
Baseline 0.80 0.65 0.63 0.70 0.85 0.90
Liaol?] 0.83 0.67 0.80 0.61 0.83
rs 0.75

[1] Ho-Ling Chang et al. (2025). A Dual-Modal Fusion Framework for Detection of Mild Cognitive Impairment Based on Autobiographical Memory. IEEE

Ny
_i o * JZ’ Journal of Biomedical and Health Informatics.
- \j ;

[2] Yu-Shan Liao (2024). Dual-modal Longitudinal Cognitive Impairment Detection System based on Autobiographical Memory Test. Mas t er 6 s t h 8% |
National Taiwan University National Taiwan University.
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JorJin Smart Glasses

0 JorlJin Hand Gesture control:

ol

o 8x8 depth matrix

o triggers 6 discrete keycodes
6 Unity template available

J-Reality J7EF Gaze

@ Up/Down A
@ Left/Right

IR ToF HD Camera
depth camera

Data Type : Medium Range >

& Colored Range:0-4000 >

| Gaze
nvert Colors
Tracker

| (EYCODE_DPA®, LEFT presseqy
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Hardware Overview

Hardware Software
Python based RL system
— ‘ i ‘ Edge Server N
S Gaze ‘ User 8 s \{/
5 = Data intentio
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@ unity based AR app
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Gazin Aurora 2 for gaze tracking
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Image source: DALLIE 3 in copilot

Introduction
Background

e AR/VR technology has gained much attention In recent years due to its potential

applications such as education, social activities, digital entertainment, and remote
collaboration.

o A 3D human avatar is needed to represent each user in the virtual space.

a7


https://copilot.microsoft.com/

AR/VR based Multi-user Virtual Collaboration




AR Research Background

U Among the technological developments in related AR applications, the positioning
algorithm that can understand spatial information and track the user's pose
while using only RGB images is critical.

)il

A Understand spatial information
V Scene understanding using deep neural networks.

A Track the s e postse

V Simultaneous localization and mapping (SLAM).
49



| Tele-conferencing application (2/2)

U Demo Video




ARM -RSPA: AugmentedReality Meeting with RealTime
Summarization and Playback Assistant

AR



Methodology
Object Manipulation (1/4)

e Ina virtual environment, enhancing user immersion and facilitating deeper interaction
requires well-designed interaction mechanisms.

o Hand Pose DetectionWe utilize MediaPipe [1] to detect hand poses for
manipulating virtual objects.

o Interaction Mechanism: We introduce an interaction box around objects, enabling
users to translate, rotate, and scale them.

[1] Zhang, F., Bazarevsky, V., Vakunov, A., Tkachenka, A., Sung, G., Chang, C.-L., & Grundmann, M. (2020). MediaPipe Hands: On-device Real-time Hand Tracking.
arXiv:2006.10214. Retrieved June 01, 2020, from https://ui.adsabs.harvard.edu/abs/2020arXiv200610214Z 52



Methodology
Object Manipulation (2/4)

Translation . Rotation




Methodology
Social Interactions

e Social interactions are a critical component of communicationand collaboration in any
multi-user collaborative system. We integrate three types of social communication

methods:
-l»; E|
/ Agora Server } Q
8‘6RTC WebRTC&
T | |
Voice Communication Text Message Avatar Animation

54
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Methodology e L
Meeting Assistant T == |
=
e B ’ ......... ‘

e The Meeting Assistantmodule supports users during meetings by receiving instructions and
providing appropriate responses. It consists of three components:

o Instruction Receiver: Handles user queries.
o Action Replayer: Plays back interaction history.

o Summary Displayer. Presents summarized information.

You can enter instruction such as, "What are the instructions?" or "Show me the green
ball movement in past 10 minutes"




MAC -RAD: Modular Avatar Composition via
Reusable Assets Disentanglement from RGB Video
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Experiments
Dataset

0 Our main evaluation is conducted on the People Snapshot dataségfl]. Each subject contains:
U Monocular RGB Video
U Person Mask
U SMPL Shape & Pose
U Camera Intrinsic & EXxtrinsic

[1] T. Alldieck, M. Magnor, W. Xu, C. Theobalt, and G. Pons-Moll. Video based reconstruction of 3d people models. In IEEE/CVF Conference on Computer Vision and Pattern Recognition (CVPR), pages 8387-8397, Jun 2018. CVPR
Spotlight Paper.
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Experiments

Qualitative Results (1/2)

U Qualitative results of f4c’s person with f3C’s upper garment.

f4C’s person

M3D-VTON [22]’s result GALA [8] ’s result Ours result

f3C’S upper garment [8] T. Kim, B. Kim, S. Saito, and H. Joo. Gala: Generating animatable layered assets frqm a single scan. In CVPR, 2024. . ' 60
[22] F. Zhao, Z. Xie, M. Kampffmeyer, H. Dong, S. Han, T. Zheng, T. Zhang, and X. Liang. M3d-vton: A monocular-to-3d virtual try-on network. In Proceedings of the
IEEE/CVF International Conference on Computer Vision (ICCV), pages 13239-13249, October 2021.



Experiments

Qualitative Results (2/2)

U Qualitative results of f6p’s person with f4C’s upper garment.

f6p’s person

M3D-VTON [22]’s result GALA [8] ’s result reesult

f4C’S upper garment [8] T. Kim, B. Kim, S. Saito, and H. Joo. Gala: Generating animatable layered assets frqm a single scan. In CVPR, 2024. . ' 61
[22] F. Zhao, Z. Xie, M. Kampffmeyer, H. Dong, S. Han, T. Zheng, T. Zhang, and X. Liang. M3d-vton: A monocular-to-3d virtual try-on network. In Proceedings of the
IEEE/CVF International Conference on Computer Vision (ICCV), pages 13239-13249, October 2021.



Methodology
SystemOverview
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Computer Vision Research
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Methodology

Inputs i BPANet
Body Part Image Backbone Model )
7 E | —
1 - N (2] < n
: N P mage o< 0|l 0o 0o @ § E: oll—
g ] reprocessing g 8 g g E E g’ 5l
: » Ol b b g|
: )
: - - N
' Fusion Attention
Demographic Variable
‘Gender’: ‘F’ : ﬁ
‘Age’: 69 ' ’ ’ X ) X .
Body Part Tag : one-hot o )
1 encoding
‘Conjunctiva’ ;

IR A

National Taiwan University

----------------------------------------------------------------------------------------------

FC Layers

¢ CSA: Channel-Spatial Attention Module

e FC: Fully Connected Layers

----------------------------------------------------------------------------------------------

U U




Experiments

Dataset (3/3)
A NTUH Dataset

. Example images

Conjunctiva

Tongue
. //v ‘
Palm :
‘ EF S




SA: Spatial-Attention Module

SySte m Ove r'v i eW FC: Fully Connected Layers

Indicator: Specify whether a patient has ECG data available
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Experiments
Dataset (1/2)

A NTUH dataset
, Collected from 118 patients in the emergency room of NTUH.

, Videos of patients breathing in realistic scenarios, and ECG images extracted from ECG

reports containing complete 12-lead tracings, with each lead recorded for ten seconds.

70




Smart Vehicle System




Motivation
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Background (2/2)

A 3D occupancy prediction:to estimate both the occupancy statusand
semantic categoryof each voxel within a 3D voxel space using sensor data,
IS a critical task In the perception systems of autonomous vehicles.

Figure : 3D occupancy prediction(i]

[1] X. Tian et al., "Occ3D: A Largecale 3D Occupancy Prediction Benchmark for Autonomous Driving," p. arXiv:2304.14365doi: 10.48330/AMD4865. 75
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Qualitative result
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Different Viewpoint
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