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(differentiable transient rendering)” Ol A= Sl 2| M I} A|ZHO|2f= F 71 O| 2t 2| E /0|
A 4Ol ZotE|= Z7H2 GO A H| HEHE O] 2 2H2 Al Atstgin, o|e] HalD 2 ZA|of Cf st
S& 7582 MAISIACE Eot x| 20= He| M7[E ZtEA 0| it St 2 EH 2
ANHAEIAMEHZ Bokl= HE HEHINA 22 HasF 7|8 HHES X AISHY
Ha S E 40| BtHEl x|z HA|ZHHEE 7= MERICH

= g7 24 0|20 = Ay JdcfEHA ws, A[A=) 2 =20 e X4 S5t
B7|Ho| ST S CrYot WHO = - SHA|Of 7[0St A 24210 AL

3650 - 1800 ns 1800 « 1950 ns 2250 - 3000 ns

Trarsient derivatives

H0| B A2l Z2itE(RF ¢ Thel 02t
C (= oFEh MetE Y')ol 2ot

Stokes component, Stokes componeng; Stokes component;

J%2 BYE HPYO| DT HAIZ BY AC Y| AL
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min00001@postech.ac.kr
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[CGF 2021, TOG 2022] & MNe ¢

7|8t Ol 22 of9 =t Mz2 S4S J(Ifklé Ct. fEot Y-S of

Siol A '='3P" [CVPR 2024] WES Moo, dEry 4o
b
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o
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|0 mjo ot &2 pu

i
HL .
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/ Correspondence

Yt

Texture

%

Shape from \
) )E-
@'

- —— -

Tl\u _____

SpatlotemporalTextures Reconstructlon Discontinuity-preserving Normal Integration

\

Naive

[TOG 2022, SIGGRAPH 2022] [CGF 2019, Pacific Graphics 201 9] EIEIQ‘Q_RI_\‘PrZ‘OE{!j [SIGGRAPH 2024]
\ Real Time Texture Reconstruction Global Texture Map Reconstrucnon Mesh Density Adaptation Stylized 3D Face Generator
n =] H Jd=2 0 =] d . =]
O 2N BOFMR 27 &Y =2 =5 (F U YA X =8)

~ Y Texture
h y 3 Reconstruction
y* Correspondence
Matching
(Input < Template)

Shape
Reconstruction

| Geometric Detail
from RGB (Normal)

d8 2. 59l == "HE MY-Z0| 7IHEHE 0| 8¢ 3XtE AR 52" 7R :
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2024 6l ME ALK}

2HE A (Jang, Deok-Kyeong)
dk.jang1014@gmail.com

IR SEL ElBd J|Y ZFE JaTA U ARVR AISHEOIN CIXE JH2E BNo EE
SHAAIZ|E UL SR MAl7hap Al 24 2 L AH2lE 28 SN0 FHe &0
AR TRt YLt

=2 Ay

- MOCHA: Real-Time Motion Characterization via Context Matching (Deok-Kyeong Jang, Yuting
Ye, Jungdam Won, Sung-Hee Lee / ACM SIGGRAPH ASIA 2023)

- MOVIN: Real-time Motion Capture using a Single LiDAR (Deok-Kyeong Jang, Dongseok Yang,
Deok-Yun Jang, Byeoli Choi, Sung-Hee Lee / Computer Graphics Forum, Proc. Pacific Graphics
2023)

- Motion Puzzle: Arbitrary Motion Style Transfer by Body Part (Deok-Kyeong Jang, Soomin Park,
Sung-Hee Lee / ACM Transactions on Graphics, Proc. SIGGRAPH 2022)

- Diverse Motion Stylization for Multiple Style Domains via Spatial-Temporal Graph-based
Generative Model (Soomin Park, Deok-Kyeong Jang, Sung-Hee Lee / Proceedings of the ACM
on Computer Graphics and Interactive Techniques, Proc. SCA 2021)

- Constructing Human Motion Manifold with Sequential Networks (Deok-Kyeong Jang, Sung-Hee
Lee / Computer Graphics Forum, Proc. Eurographics 2020)

- Regression-Based Landmark Detection on Dynamic Human Models (Deok-Kyeong Jang, Sung-
Hee Lee / Computer Graphics Forum, Proc. Pacific Graphics 2017)

At 4
- Postdoctoral Researcher (2023.03 — 2023. 10, KAIST): LIiDAR 7|Eto| AA|Zt 3D 2M 74K Gl
DM 0| cfst H (K| =i 0| 35| =)

- Research Science Intern (2022.05 — 2022.10, Meta Reality Lab, Redmond, USA AMAIZt 2N
ENBl DMAEIY MCIEAF Ol C}FSF Q12 MME E3F 2|EFAH E0f i3t g:rl (Advisor:

Yuting Ye)
4 AT

- 2019 ¢t= e HAoe| R =2 =X U ESI 7B I 2H 0L EE 74

(" / whn e dap S ) (",“w‘.v'\x o O ! W*\ é v FOP ‘<.’,\\
NS R R B || AU S [ [ 4 Qg
¢ = | b - ’
Ao WM UD %1 /Dl *WV?V,‘Y _ A AT 4 A7 AADR
b 2O Tof QR AN IS4 QT NIT T | e i

\_ [CGF 2017] AR [CGF 2020] VAN [SCA2021]

’?5wmm0’@% ‘f—n—E
b & N\ " \ } —re
Sy || T

\_ [TOG 2022] )\ [CGF2023] Yy, \[SIGGRAPH ASIA 2023] )
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Z| 234 (Eunsue Choi)

ches7283@postech.ac.kr

MAHDLY SHEC 2 A HFH

T8 A5t 20t dlo| nhsH
AN ot XMt 7|=2 0| 8% computational imaging
system 71l Metasurface2t €2 nano-optic end-to-end optimizationO|Ct, &
20223 20| ZS UL St 2 2 E Magna Cum Laude 2 AFEH IS SALE
F|SotGICE 271 AL 0 5 A/dot 2He| =F2 2HZ} Nature PhotonicsO| Al A £ 11
CVPR 2024 highlight2 MM E|ACH. 0= POSTECH Lt AAHY ZEYA g STl
AT Ao I ATE Sl 20243 POSTECH SHH| 7t ST LEHoE MFYERALE

-

360° structured light

Learned metasurface

(VAR ZI L LY
YNPVAL LAY
IPIVARILAL

s L — (VARZ 2L Y4
; QUi =PBlm

P2 VAR1IL%4
(VARZ L Y4
QuoImeollm

12 1. 360° structured light with learned metasurfaces [Nature Photonics], 360° structured light
7|&E AtEF YRS K, robotics, AR/VR E|HHO| & & CHot S & = 0F0l| ALE2h 4= QUL

. i = e e
212l 2. Spectro-polarimetric Real-world Dataset [CVPR 2024], Object recognition, shape
reconstruction, X O] 2{ biological applicationS0fl & & = UL}
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[ - o
S 52| (Nuri Ryu)
ryunuri@postech.ac.kr
E252| @ (Nuri Ryu, 19994 118 42 ~)2 X

OIS stHetd AFH defoA AFAo
SHAO|CH, 2022 29 ZSHZOICHSH MmO

=1
St

5ol S F St

Frol otdol = g4 20k MY RHO|H, 1FE HAE HO|HE Ydst= Z28S
&St ol S5t ULt 59|, @ 7[2F HH 2 o AT B S0 3Kt X E
=Hot= =X siZ0 7|2t Hi7F ULk FHH 2=, ACM SIGGRAPH Asia 20230]|
LHE 19 =F "360 Reconstruction from a Single Image Using Space Carved

Outpainting”2 Tt SHC=REH N2 L4 oS MEs0 3k REHS
Mdot= BEHES MAIMCHAE 1). Ol = HE GHO|M 3kt SR]ZS St=0l F7FE
Score Distillation Samplingdt= ™3] CHE ME22 HWoH0[/A2,
o+ S HAS0 o FHojld AR SR/ EEMCHAE

=
2).

Frol otd2 oxtE dd ZotoM 2Es| A4S 0|07k QUL XZ 0= M
olget =22 £& A2 T Y k2 S 2HE o 2282 225ty &4
22H0 @H2 MH 22 AEots BHS MZ0] A0 7| E2] =2 0f H|5 43
=21 £:5 FSo| TTAZ RES SR LH, = Aol 2l ¥ ACM

- iticn Update =4 e g Mask =4  Outpainting  =p 30 Model Update
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=2 (Kwan Yun)

yunandy@kaist.ac.kr

=2 (F0l: KwanYun, 1996'd 118 182 ~)2 23t7| &0 &l

HI¥°* O|C|of AtAo| MALIPY stloz, JejmA 2§

OOl M mEOo| &80|2ts FHE ALE TAHStD

UALE.

JefmA 2o & E|= Er%@ Haid 7|8t 22| 2MEE StLtel Holy &
M, © Liot7t CIOlE 7t U= H20T MBS £ JAJAE YIHSS A sHS5E
HEQIE &8l Arﬂwr 2ot WA Z 28a = UL E St= A7 E TIASIRALE.
8 19| LeGO ATl B2 05| HHS Solf AErLE| 1 OfL|HO|M 7453t A=
4 olgts deiHA S8R0 528t FHE CHED A E5| 7|E Held 7|8t
’S—E HEAS0| S ZASHK| RYUTE BAK M1t OH'—ID1IOI’\401I TN ol A/E o Tx
S Z StLte| Of Al E1|0|E1E+9§ i 2310 CVPR =& % HighlightsOf| 478 £ ATt £
& 29| StyleSketch A& ALY SEE W2 Eo| EXWZ 0|83 A= AAKE
EES7LF A2 O|CIDoHs ARE RS GO, A *”” EH'% NSO 2 A K|
20f0| ME3t0| f< X2 HOo|HEE Adt= Er%'E AAK] FEO| JtsEES

Ngez ERAC).

8 1. StLEC| HIO|H 2 st55t0] gt of LI 0| 7hs et &= Ofl 3 (CVPR 2024)

i £

J ﬁ
g
3

ﬁ,‘* =3 i 1. -v.'
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| <% A
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ClothCombo: 998 He] 3D o F 7I4ug& 9
oF I+ B5FE U

o]}, &, o]eld
AA et HFE stz
dlehgo1414@gmail.com, kdkh0508@yonsei.ac.kr, iklee@yonsei.ac.kr

ClothCombo: Modeling Inter—Cloth Interaction for 3D Virtual Try-on of
Multi-Layered Garments

Dohae Lee’, Hyun Kang, In-Kwon Lee
Dept. of Computer Science, Yonsei University

o A
T Y '6 Y

(c) (d) (e) (f) g) (h) (1) () (k)
a9 1: (a-d) " &, (e) Wi AY, (-) shEA k85t A3} () JA 2He3st 43, (k) 2 ZAd A e 2o},

N«

= 1. A&

= ?:H«l 3D o5 999 3D ofutetel o2l o= A FyolMe A oRe xS wuHlsle] 7
A AA Agshs Al 7w JHgHE AlEEeld VW sy maadon FHst: ow, 93 A9 Seo
(ClothCombo)e AQrertt. 71 3D 7MUY WMWY Zmelx e Fezxow sgwo] AFEH gos
g o5 vt Fostue] AW BE Shgo]l H88k Ropolq o#Ee 23 FAR A7Ha ok 1 A
of m&H oA Jekal, T oo oF ol e H 0 m Ropm HAe RS Fao Aldo] eI AL
A Zgshs Aol Brbeslin AlbshE 712 e oﬂﬁo E MR J)E Ed gus] drEa e,
o EEZ2AE M= 3D 9FE L AT 4 e A, A4, ayn o5 EEe %dtol the
A stel ofF TR Adgle]l BE ofd dWbHo gol mje A oW dAR oIy E} A, A3ATE
= g Ahsas, o o $EAee B wdstel o @gle) o) APt Aol S obupe] o)
o el o{E dele Al AH HEATIE Aol Hgai= AMSol AotEdot[1], oF vith AAw

7Fsattt. ClothCombo X2 ground-truth Fl°IH §1  walg af&aol sl A7 A8t £3 71ae

==

°] = 7P AR E AEEe AR BHOR sgoa oy P JFE #olojy = o] Faw
w99, o8 F79 A¥S S8 71 W A - o), o f 7Y Aaee e Easldd Oﬂ?/] EAR A
?UP qeow 0431 Aol 7Hv"el 7bede Bt g mzai @ Apo)A oy Ao oF zgi:] =
T3, M dloly Bt oyt FA olF 27 ol g wwe xﬂ?}t‘f} v gl oub[2], Abe]- u}x] 1
£ o]&% HAS T At WMol A4 oFel b siw s Aut Ag b o}ﬂ‘%, o) Fmirh %“EJ =
Augom A8 7F53S Bt A3l Aol Aastal A AN 7HsdE A
7} AT 3]
* PR t&?i, AlRbsh= WS o Fritt e 5ol e glo]
# Bom=fSe Qokef (Extended Abstract) &2, 9 =7 o] =) Ok m
SIGGRAPH Asia 2023°] x® 9 ACM Transactions on iﬂtﬂ jgﬂo;iﬂd;; O]—ﬂ%zi}zt oj]jo}? O]:f}] XE;L;
Graphics 42(6). 2023 Al A= & °
o] AT AR (& HREAR)Y AYOR FTATAY O (E" D oJAS AR gE EERX 3D FE
(No. RS-2024-00348094) % @F=As3105H3  (No. T AAFe] AW sta, o F 1He] doEEs
RNIX20230200)¢] |10 8L nagd oz 7hsalglth. oF 3D HolHE o] &3
thFst A3S Fa Albet mdo] FEf Yol H]
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per-vertex
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Embedding
Single Clothing ?
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i
4 f +
Multi-layer
Untangling
- {:E HD—D «—= Lymuni
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O U2 s BYds 30 5 AL, HAx2 A4y : : ,
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@ (b) (c) () (e)
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38 AAst),
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o= o Ho ogF 7+ AzAES =dHsr] sl
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[1] Igor Santesteban, et al. SNUG: Self-Supervised Neural
Dynamic Garments. [IEEE/CVF CVPR, 2022.

[2] Luca De Luigi, et al. DrapeNet: Generating Garments and
Draping them with Self-Supervision. ArXiv, 2022.

[3] Igor Santesteban, et al. ULNeF: Untangled Layered Neural
Fields for Mix-and-Match Virtual Try-On. NeurIPS, 2022.

[4] Nicholas Sharp, et al. DiffusionNet: Discretization Agnostic
Learning on Surfaces, SIGGRPAH 2022.
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22 7w BT oUdo|de 9% WAW 27 e PuE

Jiashun Wang®? Jessica Hodgins?, YA
4Carnegie Mellon University, "A&tjstu
4{jiashunw, jkh}@cmu.edu, “jungdam@imo.snu.ac.kr

Strategy and Skill Learning for Physics—based Table Tennis Animation

Jiashun Wang®?, Jessica Hodgins?, Jungdam Won"
4Carnegie Mellon University, "Seoul National University

g 719 AEE ofydolde ey e we w27 Alolo] gk Zfol]7l AX] RO W, HO|EHE Alol
Aog Q3 FEAMYL 2o dad o] xd s o AolE FHshA| Hsta AFE AR xdEeE B
AT AT, B 479} o] oye ExE 9A = 7t AT 5 ok &% AUIeF 2ol g &
a7] 918 thekst B2 mddor st AL ESa  FHoR HiAst BAE s|Aslof st dSelA BE &
o] m= H3(mode collapse) A= <lal A EE= A 7 HASHH, 3l shyeo] ©@Alo] AR o] FojAA|
g AT Fdsta, £ ANE 53XE GAEA ggol Folxl Fstel tia] HAH AMEYE s xdst
nath, B AFE g AU)E AldR, RE 2yE 5 A XS "ok
HHoz AAsIY FHI TS YA HNFT A
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T 4715 AR B Aol AAE sy WHES 7
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7} FAEE) QM Ssd Exto] Aa wtew wa o o FAA AR Lol FAAR FRE e dE 9
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o] ZRE Axatete 274 AR UE ¢ g (2™ F
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[1] X.B. Peng, Z. Ma, P. Abbeel, S. Levine, and A.
Kanazawa, AMP: Adversarial motion priors for stylized
physics-based character control, ACM Transactions
Graphics (TOG), 40(4):1-15, 2021.

[2] X.B. Peng, Y. Guo, L. Halper, S. Levine, and S.
Fidler, ASE: Large-scale reusable adversarial skill
embeddings for physically simulated characters, ACM
Transactions On Graphics (TOG), 41(4):1-17, 2022.

[3] Z. Dou, X. Chen, Q. Fan, T. Komura, and W. Wang,
C- ASE: Learning conditional adversarial skill embeddings
for physics-based characters, In SIGGRAPH Asia 2023
Conference Papers, pp. 1-11, December 2023.

on



mn
e
=
N
)
N
ol
ol
<l
ar
oy
r
1)
HE
o
i)
ol

KCCS$ 2024

Of L| O] O] 442

28



KCCS$202%

Generative Imagination

| 2024 9t(19]

SAME: AYEIF Hled 54 AAF1b

o] & 1) 0a

LT

A5, B, o415, A

a: A=, b: NC Research
{smileeesun, passerby98, namjohnl0, jeheel, nonaxis}@ snu.ac.kr

SAME: Skeleton—Agnostic Motion Embedding for Character Animation

Sunmin Lee®?, Tacho Kang?, Jungnam Park?, Jehee Lee™?, Jungdam Won?
a: Seoul National University, b: NC Research

a0
AR aAEs Ropld BA dolHE B8W 4%
AFNAF gtk ol

b A7 HEsiE o

288 5 e 2A dHolEe o] Frleta
dlolgAlvic} A F Aol BF thay olF T
Aaide HAZS uAEg HH3IrE dasid.
ol de s ALY ofyrold #dS Y E
43 FasA ST 5+ e ZHYYIE
Aorstch, Aol A2 mAHdolHEYE 4%
ouE ®ESE FAETIH

o
By
g

ol
-

e

Aol .
EE R

e}
fo,
B
2
offt
x
L)
2
ol of
)
S lo mlo

1. 48

A2 P dolHg 28
Fofol A 2 Aits molx
Qe mARA % 7ze)
wes) F7bsith SN HolE Anirh
AYE = e dol ditE wd
AEe] W1 Yok AT AMASS[1] HelHAL A
=24 wp7lis 29 SMPL[2]1=Z #BEgtste] theke
w4 deldE 28d dedel A Jllsgin
A, QAN A HolUAL SMPLY thE EEzA
24 AT F gk B ATE
FEsl 24 dolHE £, ¥4, ¥ A8 5 e
FAS Zad 92 E AT,

At gEel

ojumo]d dleo]Ee

0
20 S 4

Y
BN
'S

* TEE R EE

* H RO gokw=Xl (Extended Abstract) O2A], E =i9]
A =82 ACM SIGGRAPH Asia 2023 Conference
Proceedings | A4 A2

* B o= NCSOFT Al Center under Project Number

NCSOFT-2023- 1283-K<] Aol 9l 3 A .

o)l AdRl, WA A AFAs Aedsta AYdug A
FOoR AP = A, A eUista HAFEA TR AU 743}
7EARETAE D AR EA718H 7MY o] ) SICTAFAE A
A DALY o] A P& Kol AFE 5o (ITP-2023-2020-
0-01460)

29

2. Al=H" 78

SEE AMYEH 2AS =74 v9gEF AAFte=
Egste o=, FAES dole gy =79
Ao Ads= vzy, oz ZFATE A A
FstE AHEEZE v gEF oydold Ygow

T4E ZHUdHAS AT (- D).

Input Motion Output Motion

: 3

Y

e |
(Prajection)

- i

Skeleton-Agnostic
Source Skeleton  User control x

Animation Tasks
a¥ 1 A2 e

T

Target Skeleton

. AFEE4 vEF T2 I L& JFY
L aYME AF AT

Jolo] A Fxo JYEH RAS ayHoR
7] S8l AE AAAAE 2HZE TSI
Z3" 2ZA dolHE AAT7low B
4371 98] Graph Convolution® Graph
AMNES &3 gz AF AT 7
Aerste) (1782, 193).

3

000000

w w
R

[ o |

g

0y

)

3

H e Ho

A

—

convolution

— I
pooling
latent vector z

19 2 Graph convolution, graph pooling 34t

Graph Attention[3]% Graph convolution®] 4Fo =&
ol ot #AAle w FF TtEAE FJASA



KCCS$2024%

Generative Imagination

sfmasts) 2024 SOl

6‘]—/\01_‘—‘
EEZEAE sht
Graph pooling <
=R P T

m o

[
Ml o
Lo

|
J—D R

2
o
fr

o oft
o 2

Conv

GAT

" Fh

3.2. HolHA B T3
clersl AR B
BH oEQANE x1
24 dlolHE
delEE g 5
Aol Az we
]Ets]—ézs}-\:}
tlolE &
ﬂﬂae

4. AYEEA Hg2 ojmold F]
4.1 2A FEE

2 7F Aokst FZA-v]oEH EA AFAES fgzmZy
AR & JEH =4S d"Este] JlEyH BAS
deprige 4 9ltl. Aberman et al.l4]E= 73
Tzuit QEQIFLE EFolydsol k= Ao H3,
T st LEQJFY RE= Q1Y JiEEHE
YEIE S 3T 4 e Aol Atk

42 XA &7

tekst =4 x99 o]F JEH EAHS HA-H|oEH
AAFrtoz Fgsta, FAE Ay wep RS
Tk wRUIE g ¢ Uk 95% AdEY
w71 gEsksith

4.3 M@ 2H A4

Aol =4 FxEF 7K EA deolH 1He] fAIEE
Aot AL 7ibEth $Ee =4-voEd BEA
AIYHE T3 AR vy =49 RAH dolHAS
TeH FATeR Foeta, FAFEY AYE
u]ﬂ_oﬂ u]v—-dL %XLO 74/41 }Oﬂﬁr

4.4 7 IF A9 2H L

ZA-Hlo)EH RAHA  QERQIIUVR  FoAX RS
Aol AMHH=E Adste AS o, FEHE dF
AAel B mel HAd 59l A w2 Qdto]
FoAFs o AE HstAY, E&H7EA Fo3l
=AM E7EE Hdske 9 5A AAY

30

5dE 98 2dE F5 vAzAsl.

4.5 AAZ AYEH 2A Ao

=A-v o4 A Bl BAWHE 3
AREARe] el wet AYEE AATeR AT
Ak M2 HE AYH ZATIE 4lods oY
el EE dlolE S ezt doleue]az
%ﬂﬁ— 1 FEel A BAv RS st w2
27-veed dade 4 AUHE ey
Aoy 3= ﬂaﬂe»ﬂ*ﬂoﬁ.m%£%>%4.

a9 2 ZATT e mAvY A% AUHE AND
oz MAY & ok

5. 28

el EHe =43 Fadt g ovE "9
MHE =4 veled AATHS sk Aol
My B3 o] FAEs ddsFe LEdAYE
AlRkatglet. o5 S mA BF, B A, AARE
Aol gol MY ofyweld Ads AMHE =4
HolEd o £dd 5 legs B3l

spARE Th2 Holg Wk R4 Shua vy,
F-27b AlQker Al EgE Shgoll ARESE HoH A 2
P& wow, 1 yre] dntglel= ool Qv
S-glo] AL dA olF JYHE HHstn o,
@G#ﬂﬂﬂ~i%1ﬁt/WWHﬂ %, AT )7t
A= A, olel el Ade mAS s X o
e Wl AMEE 24 F2E 2 =i g6hs
e Z 7t gls Aol

e 2 mw fael udet AEHY Al
Aolgls wAAlE  HelHAE o83 Al =A
Edshs B2 ARl 7ld Aoz YRt
ZaEFH

[1] Naureen Mahmood, Nima Ghorbani, Nikolaus F Troje,
Gerard Pons-Moll, and Michael J Black. 2019. AMASS:
Archive of motion capture as surface shapes. In Proceedings of
the IEEE/CVF international conference on computer vision
(CVPR). 5442-5451

[2] Matthew Loper, Naureen Mahmood, Javier Romero, Gerard
Pons-Moll, and Michael J. Black. 2015. SMPL: A Skinned
Multi-Person Linear Model. ACM Trans. Graph. 34, 6 (Oct.
2015), 248:1-248:16

[3] Petar Velickovi¢, Guillem Cucurull, Arantxa Casanova,
Adriana Romero, Pietro Lio, and Yoshua Bengio. 2017. Graph
attention networks. arXiv preprint arXiv:1710.10903 (2017).

[4] Kfir Aberman, Peizhuo Li, Dani Lischinski, Olga Sorkine-
Hornung, Daniel Cohen-Or, and Baoguan Chen. 2020.
Skeleton-aware networks for deep motion retargeting. ACM
Transactions on Graphics (TOG) 39, 4 (2020), 62-1.



i
e
-
N
=)
N
@
ol
<l
ar
o
rl
1)
HE
wa
i)
jod

KCCS$ 2024

& &Z/0|0|X|/H|C| 2



LCC52024%

Generativé Imagination

374

A9, ol Aok, w4,

2ARE o] &3 A9 54 BIY”

HER

A gu) et
changwoon.choi00@gmail.com, {hayanz, jaesik.park, youngmin.kim}@snu.ac.kr

3Doodle: Compact Abstraction of Objects with 3D Strokes

Changwoon Choi’, Jaeah Lee, Jaesik Park, Young Min Kim
Seoul National University

Abstract

While free—hand sketching has long served as an
efficient representation to convey characteristics of
an object, they are often subjective, deviating
significantly from realistic representations. Moreover,
sketches are not consistent for arbitrary viewpoints.
We propose 3Doodle, generating descriptive and
view—consistent sketch images given multi-view
images of the target object. We express 2D sketches
as a union of view-independent and view—-dependent
components. Our pipeline directly optimizes the
parameters of 3D stroke primitives to minimize
perceptual losses in a fully differentiable manner. We
demonstrate that 3Doodle can faithfully express
concepts of the original images compared with recent
sketch generation approaches.

1. Introduction

Free—hand sketching is an effective tool for visual
communications. Previous works explore the
connection between 3D structure and conventional
sketch lines and show promising results in extracting
sketch lines from detailed 3D geometry [1]. However,
it is not trivial to formulate the exact mapping from
artistic sketch curves on-screen space to the
underlying 3D structure of the object.

In this work, we present a method to obtain 3D
geometric primitives from multi-view images which
can be rendered to 2D sketch lines from arbitrary
views.

« TE(E2H) g =R

* Bo=Ro gok=f (Extended Abstract) &ZA], ¥ =F
Y =F°S ACM Transactions on Graphics, Vol. 43, No.49]
A A = A=
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2. Sketch Representation

We propose a coherent set of 3D strokes which can
be rendered into 2D sketch lines. Parts of sketch lines
can be rendered from 3D geometric feature lines
which can be represented directly from curves that
reside in 3D space. However, 3D curves with fixed 3D
locations cannot convey the geometric structure
completely (e.g. contour lines of smooth surfaces).

To embrace different structural elements, we
separately model view—dependent and view-—
independent components:

50 = Sih U STh
The view-independent components S22  are

represented as a set of 3D cubic Bézier curves:

Sah = (B> () hin, p; = (00, pd P P7)
where N;,; is number of strokes.

Additionally, view-dependent components 830,
encapsulate the 3D volume of the given object. We use
the composition of superquadrics as a compact
parametric representation that can express various 3D

shapes.
3. Differentiable Rendering
3.1 Differentiable Rendering of 3D Bézier curves

We utilize differentiable rasterization library[2]
which is able to render 2D Bézier curve. We first
project the 4 control points to image plane, then we
approximate the rational Bézier curve to cubic Bézier
curve and draw the 2D Bézier curve with the projected
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Figure 1. Visual comparison of the volume rendered results

of different volume density function.

control points.
3.2 Differentiable Rendering of Contours

We propose a method to differentiable render the
contours given volume density. We define a surface
volume density function and view-dependent contour
volume density function and we can render the contour
by volume render the defined density. We illustrate the
rendered volume densities in Figure 1.

4, Optimization

Given the differentiable rendering pipeline, we
optimize the parameters of our sparse 3D primitives
to generate sketch images. While there exists a
significant domain gap between photo-realistic input
images and the abstract sketch, we design a loss
function to encourage a balance between structural
components and semantic perception compared to
input multi-view images. Specifically, we use LPIPS
loss [3] to capture rough geometric layout and CLIP

score [4] to maintain the high-level semantic meaning.

Then, we optimize the sketch parameters to minimize
the loss function.

5. Result

We show the reconstructed 3D sketch lines from
multi-view i1mages in Figure 2. Both in synthetic
images and real-world images (last two rows),
3Doodle can reconstruct the feature curves that
convey both geometric structures (fine structures of
sails in the boat scenes) and semantic meanings (a
wave pattern in the boat scene). Our view—dependent
components successfully represent the smooth
bounding surfaces that envelop the objects.
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video_name Left Left Right Right
toe heel toe heel
gait1_off_rear 0.76 0.76 0.79 0.78
gait2_off_front 0.75 0.73 0.68 0.67
gait2_off_rear 0.61 0.59 0.52 0.52
gait2_on_front 0.42 0.45 0.48 0.49
gait2_on_rear 0.38 0.37 0.40 0.39
walk_fast_on_rear 0.64 0.62 0.42 0.43
walk_preferred_on_front  0.67 0.68 0.68 0.71
walk_preferred_on_rear 0.61 0.62 0.65 0.61
walk_slow_on_rear 0.70 0.69 0.58 0.61
walk_stroop_on_front 0.55 0.53 0.60 0.56
walk_stroop_on_rear 0.54 0.54 0.55 0.54
walk_turn_off_front 0.56 0.58 0.54 0.53
walk_turn_off_rear 0.62 0.63 0.62 0.61
Mean 0.60 0.60 0.58 0.57
Standard deviation 0.1 0.11 0.1 0.11
B3 ozt = A Gl disid WEYST ds

Hr7te Qe G} X]Ei—‘;— GCDN9| Axpgtat &
A QA dHolEE T 22 GTak Abole] dA=E
=743t GCDNe EEre GT%;% Aelell= 58.8%]

gtk 7 A EAE@S 442t
o =22 0—];(11:”—7]_‘:'/]- o Eé& ];]]._'41]:'7’_

+ 0.11, 0.60 = 0.11,

7<1—Z)

4. 28 & @4

HYF7)E wds= UEYA] GCDNE 27H8k3
o 2 Aye BE e Aol e fAke] 1
T71E ARAHOR Hrista AHE An Afs H

sfe] Ax mael Pl HUHPe el F AL 2
ole} A7, ol Hof Wal ol AE oulo]
M, 2RE s go] thed Hoplq B8 sl

= A= 2 7HA dAAC] EAgT T Aol A
AW HZEz] 3 ground-truth (GT)E 317 93l
7dEE 7)ere] Sl HES AR5t v A
A3t AlA dolHEZRE GTE FA43H 3oy

1

.

Z XJQEOH AFgFS A O‘B}. w3 UES T 5
of AMg-E dlolE <ol A, wEhr thFe Haol
o) & *é‘a° Asske d SA7F AATh

T Aol E Hh FEe golE F4 WHE o
&3l GTY AlEAE wolal, st & R |
8 dolEE A}83le] GCDN9 A%S Az oA
ojt},
AaE3H

[1] WARMERDAM, Elke, et al. “Full-Body Mobility Data to
Validate Inertial Measurement Unit Algorithms in Healthy and
Neurological Cohorts,” Data, 7(10):136, 2022.

[2] Shin JH, Yu R, Ong JN, et al. “Quantitative Gait Analysis
Using a Pose-Estimation Algorithm with a Single 2D-Video of
Parkinson's Disease Patients,” J Parkinsons Dis, 11(3):1271-
1283, 2021.

[3] CAO, Zhe, et al. “Realtime multi-person 2d pose estimation
using part affinity fields,” Proceedings of the IEEE conference on
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Redirection Strategy Switching: Selective Redirection Controller
for Dynamic Environment Adaption
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Continuous Prediction of Pointing Target in Virtual Reality

Choongho Chung’, Sung-Hee, Lee
GSCT, Korea Advanced Institute of Science and Technology

Abstract

We present a study on continuously predicting the
direction to a pointing target in virtual environments
using motion and eye-tracker data throughout the
pointing process. We first collect and process time
series data for user motion and eye-tracker in a
cursorless, single-target pointing. Following this, we
train a recurrent neural network that feeds on sliding
window Inputs containing temporal history of input
features to predict the direction of the target at any
given time during pointing. Our results suggest that
using features from both the eye-tracker and joint
motion contributes to higher prediction performance,
as well as faster stabilization of output values at the
starting phase of pointing.

1. Introduction

User behavior before pointing fixation can be
affected by individual differences in motion and body
dimensions. This can pose challenges in formulating
an adaptive structure for a pointing prediction model.
We address this problem by leveraging a deep neural
network structure to continuously predict a pointing
target throughout the course of the pointing action.
To develop a framework that can provide accurate
predictions for various pointing states and individuals,
we first focus on identifying useful input features for
pointing targets, derived from motion[2] and gaze[3]
data. To gain insights into how a continuously

* Oral Presentation Paper

* This work is an extended abstract, originally submitted and
published at IEEE ACCESS 31(3). 2024.

* This work was supported by NRF, South Korea, under Grant
No0.2022R1A4A5033689.

Calibration and Streaming Task Recording Pointing Target Angle Prediction
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Figure 1: Overview of the Pointing Prediction System

Output
Angles

operating model should function for this application
and to come up with appropriate input features for
our prediction model, we analyze the characteristics
of these features not only at times of fixation but also
during the course of pointing.

2. Data Collection

We gather time-series data from human subjects
performing single—-target pointing tasks (gender:
male=13, female=11, age: mean=26.4, standard
deviation=2.5). The participants were divided into
two groups to record data in two target placement
scenarios (Fig.2): 1) a spherical grid target setup,
and 2) a randomized target placement setup.
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Figure 2 Data Collection Scenarios for Spherical(top),

and Randomized (down) Target Placements
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3. System
Category Features Form
Motion HMD linear, angular velocity 3x3
Features Dominant hand transform matrix
Dominant hand linear, angular velocity
Index fingertip position, linear velocity 3x1
vector
Ray-Casting | Head-Finger-RayCast (HFRC) 3x1
Features Eye-Finger-RayCast (EFRC) vector
Eye-Tracker | Gaze vector (left, right) 3x1
Features Gaze vector delta (left, right) vector

Table 1 Input Window Features for our system

The randomized target placement data were utilized
later for preventing model overfitting to uniform
target positions in the later stages.

Participants wearing Vive Pro Eye headset, motion
capture suit and manually constructed finger markers,
were Instructed to point at a single appearing target
upon audible beep signal in a 3D virtual environment
(Fig.1). The target direction, or final output for our
model is represented as azimuth and altitude angles,
with respect to VR headset position.

Based on the previous collected motion and
eyetracking data, we build a target angle prediction
model using a recurrent neural network architecture
(Fig.4), feeding on input window consisting of
multiple frames of motion features, eye-tracker
features, and ray-casting features (Tab.1).

4. Analysis and Discussion

We demonstrate the accuracy of our model in three
aspects: 1) an ablation study of input features (Fig.3),
2) performance comparisons for different neural
network structures (Fig.5), and 3) an analysis for
different input window lengths.

RMSE Distance RMSE Angle

GRU (all)

FCM {all)

ners [ail)

— G no ray-casting)

GRLU! (eye, hmd)

a4

§als

B2 N

z o S -
i}

. ! L

Progression (%

and Network Comparison results

Progression (%)

Figure 3 Ablation

To visualize the model performance, we draw a
progression error plot representation by averaging
the temporal RMSE series for all test data sequences.
Our initial baseline excluded any eye-tracker derived
data, achieving an overall deviance of 6.16¢°
(SD=3.45°) or minimum 5.0°at 80% progression.

66

The second baseline assumed an HMD equipped with
eyetracking, without controller or motion tracker
support. This model delivered a significant leap in
performance, achieving an RMSE of 1.71- (SD=1.16¢°).
The third baseline excluded only the gaze vectors,
and attained an angular deviance of 4.20° (SD=2.86¢).
The fully featured mode achieves the minimum
angular error of 1.48° (SD=0.99¢), and a faster
decrease in error values over the initial pointing
period.

Inj [ Dvop a= | Drop
FCN el SRR | J - __ch| - ¢ " mnann‘
GRU (L=1)
Input . o | [owe J
GRU oy » [Com 1 oo | o0 o ow of 1 ¥ FC P
Transformer Encoders (L=2, HeG)
Trgnsfo(;mer et | Ji " .[.. | = = L re | o
ncoder wcztclil] |

For comparing performance for different models, we
compared a) a simple double-layered Fully—
Connected-Network (FCN) with dropouts and b) a
double-stacked Transformer encoder model. Our
GRU neural network outperformed the other two
models, achieving the lowest overall RMSE value.

In analyzing the impact of window Ilength on
performance, we tested window lengths of 0.67s,
0.41s, 0.33s, and 0.17s, each corresponding to 20, 15,
10, and 5 frames at a 30 FPS input sampling rate.
The model with the 20-frame input window achieved
the highest performance and fastest saturation.

5. Conclusion

We present a prediction study on pointing target
direction during pointing progression, employing
motion and eye-tracker features. Our model shows
improved accuracy by incorporating eye-—tracking
data along with motion and ray-casting features.
Addition of motion—-based features is also found to
reduce errors at start of pointing and maximizes the
overall accuracy.
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Image-based Virtual Try-on Reflecting Wearing Style of Reference Image
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Dice, IoU(intersection over union), 181l HD95 %7}
AxE Tl 7938 A= E S48 =3 GPU

o=

m{m

map

W2 ARESS SAste] At MESAY A5s
A7}l T}
2. &5

Aetsl= WESAE ¥ 13 o] label map
localization ¥4 ROl segmentation ©A], & A=

TA % transformer 7]HF HE L Folt}, A|otsl= UE
AT+ ROI GGl tiaiAvt 9315 F8ste] @2

GPU W= Agarom olmx u mal7ze 49

F=T F JEF s,

Label map localization ©HAl= thMEEE 3D ©
N g Abgste] HE oS epEo A d9s de
Aot epllo] EAfdt: F9S F7] Al 4 o
AMEHE  omA 2R 793 & coarse
segmentation &S ] TAF BHES itk A2
ghllo] U], o], Zo] JQYxEo Huypd HAHo

2ZXE AAAA(bounding box) FHEE F=3hr}

ROI segmentation ©A = label map localization
Aol Al AL o5 AAEGA HES}F ground truth A7
A HARE AFEE TG E ow X E ZEhglo] ROI
FGol Gt olHAE vk ekl olm A= A

R
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A= S 9315 fine segmentation 2@
Qe oz Agste] T S o ebdl of
WAE e 28 2o} el gEen AHed)
£ A7l nAHY ez gy ouxAEe AV E %
A (res1ze)0}°4 A}&-3t}h, Fine segmentation 22S %
F ==" g 9y A olux Tr|9 A=
Al dHja7|2 Hdg

RO

1 | Coarse Seg X

: Model \

R — —

| BBox |

l Extraction 1

et T Origin Image

Cropping [¢—
v

Cropped Image

~
\

Label map prediction

1

1

[}

[}

1

|

| Fine Seg
1 Model
[}

1

1

1

1

1

[

! : Label Map Localization

ROI Segmentation

e = ——
-
|
|
7

S ————

a9 10 ARtk v vEN A 72

3. 43923

AMOS[2] dloJEjAe] 2, AHA,
o] %% CT o|vA& AM&3ste] A3
Aol A 49 wix=z7I2F 0.0029] Z‘ﬂ%%r
YEYIE 10003 2] epocho & 53}
oA A|etat 71¥ 3} Slim UNETRI[3]

APt Aotals WEY TS
IoU, 183 HD95 A #E=E H7}skith. Dicest
loUe F+ A Jg 2t FAIEE Hlwsts A 3golt).
HD95= 39 95% WEflrol slgdsts olnA <jZa
A 7ke] A E Axbels A Folth A RS AL 2
= X NJr %E‘r. Alrsts 712 71E 71 v
ste] 2, AHA/ A S ol ZZb Dice A ®7F
0.16%p, 137%p AL, IoU AE7F 0.02%p,
3.09%p BFAFE At HD95 A FE= 247 2.8834mm,
2.9059mm 7= ATt o= A= 7IWe] 43}
o]: s}% EH/BL ogg% ROIE 31-24/\]71 740] o]%g ®ol

Hl S

Dice,

ot webA, ActslE 71HME ROIE @y d o= 83
o 7F APA/AE CT oln|A|e] 93} dFs A
AeS & 5 ok

75

azEeemass 2024 ol

z[Hol

A Qtel= UE 439} Hlw Rl GPU vWEe AlL
% 29 YEhY 9t AekelE MEYaE FHE34
oA 7k, X*E‘H/z}% S oA ZH2d 74.36%, T4.74%

9] GPU HEY A1&#HS 931 FEIAAHNAME 44
16.37%, 10.99%7}% =<

el AHE FaH, A
s WEAZE A oA WAS Agae

A3} )
wakel mulS AE Fo=M GPU Wwe AT
Fol: A2 FAF & Yok

o 3T
ey

7] 2=

E 1: Albst= U EY A9 vl o] F7EA| %

=au
Approach Class Dice IoU HD95
7+ 0.9247 0.8633 5.6943
Slim UNETR
HAEA/Ag | 0.5902 0.4507 9.0886
zr 0.9263 0.8635 2.8109
ours
HAHA/A-g | 0.6039 0.4816 6.1827
¥ 2: A¢rst MEYFS vlu 2] GPU wWke AL
" . . GPU Memory (MiB)
roac ass
PP S&wA | 229
7t 4,314 782
Slim UNETR
APM /A 4,450 746
zr 1,106 654
ours
HAHA /A 1,124 664
4, A=
2 oATE vATRe T8kE 98] ROl 9L
At & g FgoA FHIE Tk oA HE
AIAE Actksit). Aest= MEYIE 3D olvA] 9

3} Tjr;‘éoﬂfﬂ H 2 GPU Wxels ARsh7] wZd

§ g om BopA 3D onA TdHE FaAY 5
Sl BAL 2Eed Y Ao welr 53, v

TR A4 @AM Alekst

[1] H. Chen et al., “Harnessing 2D Networks and 3D Features
for Automated Pancreas Segmentation from Volumetric CT
Images,” in Medical Image Computing and Computer Assisted
Intervention — MICCAI 2019, vol. 11769, in Lecture Notes in
Computer Science, vol. 11769., Cham: Springer International
Publishing, 2019, pp. 339-347.

[2] Y. Ji et al., “AMOS: A Large-Scale Abdominal Multi-Organ
Benchmark for \ersatile Medical Image Segmentation”, in
Advances in Neural Information Processing Systems, pp.
36722-36732, 2022.

[3] Y. Pang et al., “Slim UNETR: Scale Hybrid Trans-formers to
Efficient 3D Medical Image Segmentation Under Limited
Computational Resources”, IEEE Trans. Med. Imaging, vol. 43,
no. 3, pp. 994-1005, Mar. 2024.
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AA] 719t 2= oluA 3 7|H”

AeR0, Ay
Agehstn 2 E e
edw(0728@gmail.com, jacho.nah@smu.ac.kr

Edge—-Based Super—Resolution Image Blending Method

Dong-Yun Kim", Jae—Ho Naht
Dept. of Computer Science, Sangmyung University

Qo Agrats Wgel 1S5S 918l Urban 100 dlolE Alej

AA gt SAHS A= oY T/ SISR(single A AESs FIPsT. 1 Ay, AotetE WEe
image super resolution) Z@Eo] YolgAwt 2 ==l SwinlR9] classical @ real-world image SR 22 o] 2z}
= 47 vE Adds AL dnh & dTelA = 7zt AlFehe FE HET AWEge] FHE Al dof

SwinlRe| classical % real-world image SR 2@ ¢] 4 Y= 7oz Vet
25 dA(edge) 7IEom Agtste WS AFE
ol Zt7te]l SR A#E oA YE= oFE] H E(artifact) 2. SwinIR

£ gsfstal ojmA F4E FEAA U SwinlR[2] Swin Transformer® AF&3F x4l

olu|#] EF-(restoration) 7]*He|t}. o] W2 SR ¥
1. A& oly#} tlj-o] A (denoising) 2 JPEG 4= olE|HE 7+

el o]m A ZsH % (SISR, single image super 2o & AR 7bssio)

resolution) 7]&2 A3 dEe @ ojnx g=HE 1 SwinlR€ SRS 93&] classical, lightweight, real-
e ol A = tﬂﬁrﬁ T ZleR, AA 98, 94, world image SR A 7}A] REl& AFste=d], o] F
HAl & TR wokelld E8Ha A A ol V) dle 22 PSNRE 7HAEE FHA7]E Rdol e}
BEek CNN& 7o = 3 SISR Edse] Aol ng 5 288 Aoz, By FA Hi $3(SOTA,
ko, FHZel= GAN, Transformer & #1&HE ¢l state-of-the-art)®] d%eS AHATE AT, A3
A AlEE HolHE A e Rds o] &3 VIME A=A L (upscaling) ¥W7F Fold<4= CNN 7|4k

ol

(BSRGAN[1], SwinIR[2], Real-ESRGANI[3] 5)°] # SRy} fAleHA tha &31% Aupgol “Ed 4= gl
SHAI R ©he] wdl Ank ALEFA = T2+ BSRGANI[1]19] 93} R d(degradation model)
FFol A HAH AaE U= oJHoh S B3 THAA olgd 28 (blurring) olE|AEZ
HAAZIAT, Al Ao FE7b i = GAN of¥
E7

I~

HEZF vepd o k. o] EElk o] o SOTA® 3
= . 8= Real-ESRGAN[3]3} thdt &5 HoF3th
classical image SRe] A} o|m|A|ZFE oA wp~=
(edge mask)E AAJstaL, o] wpAAE ©]&3to] real- 3. Alst= =N E olu|x 3 7|

world image SR¢] #lo]2 o]H]X|(base image)l 2 A= SwinlRY classical¥?} real-world image
classical image SRZHE doj A F9E& AFAT.  SReo] #AdS ey 98 A4 @9 E3Hblending) W

“
Xﬂ‘ﬁl“jr. o] ¥ o] EA L classical image SR

W o
« FEUEEE, R FAZ =T ne .
RO S."kL—r(Extended Abstract) 0.2, @A AT DY w1128 NA| 9} real-world image SR A3l o]n| %
Z 9 (work in progress) 2= ¥ = 3 Al o 2L AdElsl Ao = =22 Ao
¥ B o] j]_syﬂ,\/qy—i”,j 2 Z’]E_E/\]7]§j,ﬁ7l— J,] SW= = 1= %‘ﬁ_i ‘14 ]’ lj‘ﬂO]—L_ % ]q ]a oOH ‘j_—1
A aakg el A7 AR FAHLE (2019-0-018801) Al T =3 H&S Abgske 71 WA 4] 2
LAl % - - -
Tl o5 9] shd S o] Fo WAt st
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oA AAA Ae A8 (2" 1194 #Zu 2
ATelA = GAE 23 A9 7|Eo R AAE o] &3
7] wiEell 7hd WA Aol uirrh FASHA Weke
A& Fol olF JdAZ ¥EsE] d Favt du. ol &
A 2 A= WA PSNR 719 2 dl(classical
image SR)ONIA A2 o|w[Ao] 173 F3 LE(HPF,
high-pass filter)] Sobel filterg &3 & F7}1% 0
2 B (dilate) 7IWS AE&oto] HFT Adso] Huh
A= 9d F JLEF gt o] ¢} o] whEolx oA

w35 o] &8sty F 7HA] thE SR E@(classical 2
real-world image SR) 255 wEojx AFAEES A
el BIHS FE et HE olv| A 7F S H

=~ Classical SR

Image

I )

X/

Edge mask Final Image
o(X)
Real-world SR I

Image

a9 1: Agkst= A 71wk SR o|w A &3 #A
4. 2¥ A

odge A¥s 98 SwinlRe] F 7kA SR 29
(classicalSRx4 % realSRx4)S Urbanl00 d o] Al
Agate] 4} AL LE S FRsida, 1 A (&
113 2t} H PSNR 2 SSIM 2]+ classicalSRx4
7b 7+ FAIRE, SR oA o A= o] 2] 3 | E ¥ (metric)

S 2A7k AA Abgel ol AAsE FAd Py
WA gen4] TeEE, F SR REY F1

Aes Yehd & A9 Ay o] 7 Yo 540
AR YrletH, o2 B e gA=
realSRx4° &2 77t}

¥ 1: Urbanl100 d®]o]E] Aol A
4v] SR #AE P Fo F PSNR 9 SSIM F4|

43

AHE PSNR (dB) SSIM
classicalSRx4 25.91 0.8062
realSRx4 21.46 0.6735
BoAq 23.75 0.7234
(1% 2]elA &= Al 71 diaadQl Az ojmxpEa

=24 HuE s} 390 o|r| XA classicalSRx4 3}

realSRx4= £9 A3 %A 77 =g B9 9
AR (sharpening) A3& HolFAR, B Adge o

77

T Adsy e A7
oA classicalSRx49} -
FH3Z WA, realSRx4E oS Al ow
oju] 2] ol A classicalSRx4%& %A 4 o
|-% A3}, realSRx4= A7 Mg ebA gt

5. 48 R ¥F A7

& @7 SwinlRe] F 7HA BES S A2 ofn|
ASs AA 7wtew Egteto] JidE SR AdEs o
= 7 e WHS ARSIt SwinlR2 classical %
real-world image SR #oF 5o SOTAZS &A35tg
A7) wWZell, o] 7 Edo] HoF= 7] vE s
Al WAE 2 ATt st A SHedA on Tt
ATk Azgoh 2 A5e] &3 A2 SwinlRe &
8 FEAE Y4 R FYHER g SR 2Y
A& HA & A Lol 7lesitt. FF Aol = B
2 HEAS S8l oe7kA SR o|R A 58S o
sHAl F=EekaL, YEE VIHeR v AREs =9
3 F = WHAL ool
BuEY

[1] K. Zhang, J. Liang, L. V. Gool, and R. Timofte, “Designing a
practical degradation model for deep blind image super-
resolution,” in Proc. of ICCV, 2021, pp. 4791-4800.

[2] J. Liang, J. Cao, G. Sun, K. Zhang, L. Van Gool, and R.
Timofte, “SwinIR: Image restoration using Swin Transformer,”
in Proc. of ICCV Workshops, 2021, pp. 1833—1844.

[3] X. Wang, L. Xie, C. Dong, and Y. Shan, “Real-ESRGAN:
Training real-world blind super-resolution with pure synthetic
data,” in Proc. of ICCV Workshops, 2021, pp. 1905-1914.

[4] X. Wang, K. Yu, S. Wu, J. Gu, Y. Liu, C. Dong, Y. Qiao, and
C. C. Loy, “ESRGAN: Enhanced super-resolution generative
adversarial networks,” in Proc. of ECCV Workshops, 2018, pp.
63-79.
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w2 51

o a1 1,2,
2524, AR

Off

¢

Pyoisa A skl 4 ug e E ke, Syt 0 e

yunsik.cho@hansung.ac.kr, jinmo.kim@hansung.ac.kr

Fast and Intuitive Indoor Scene Synthesis via Dynamic Programming

Yunsik Cho!, Jinmo Kim?*
Department of Information and Computer Engineering, Graduate School, Hansung Universityl,
Division of Computer Engineering, Hansung University2

2o

®ATE B4 AP olgd Ay gu
W Az o AR s A
29 AR WA A2 gL
Aol 22 BAE /0
43k AR gl B9 wAE
3o Aga 4
de, g4, 9o
whes A3 4w d4e

o g K
k fo, Ho
QL
rlr
—
o
9
)
o
=
j)

138+

rE M

2 1%

of

offt
gL (o,
ox
o
0
=
—
)
i)
ol
i

J&,Ofb‘é

1‘
o

AT (2]= FHHAJARE, o]

= ", FEAE Ysils o HAs rHEd =
g o g x| AA F7h AlgA o]

2 AdeE 74 AdHE S8 AR Al Y
Ae Ajteitt 4 AW B3 A4S 1hdE o
H e FAZ Yol F= WHolt, AHs FAsE
A wix] A MY A HA= FiE EAe HA
S 2 tigete] wEIL A Al xR A
W FAAAHRE St A2 WHE AAdH. o &
$18te] Top-Down¥ Bottom-Up ##] sjZuHo=
T = A A w A g s AT

OF=1t (Extended Abstract) 224, &
E} =3 G=EADe A& F.
(jinmo.kim@hansung.ac.kr)
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TAE ¢ & gy A=
olg 7Hto g A FA
= dag]F A7 7otk Ad
Al AW FA4S A&A Yu et al[l]

o g3l A9 7|2 &
AA e} #olobe] A,

AA et AA ko] #A, a8 AAE AtolY FH &
S AHosta, olF 7|wtoew FH AW 7w A 3
A FPddn. a9y 1L B A7l AksteE wEa
AdAQl Ay 4 S A 52 AEH 7Rk
A FAAHHe dA FR2E QoFs Aotk

2.1 Top-Down &4 312 4

Top-Down +4| 3|2 WHL & EAE 2 FA=
o] sl dsks Walolt) ol ME(Top)=H-E ALt
H AA FEes ke AA g Fx, ARE B
2 AA(Down)E AT HH 1), 2 (1)

Top-Down WA AL&¥ & Abd @AY, ¢, %
H AT, cprol B gk e

Cplorcpr) = Y lld; — dil

, — (1)
cylor ey = Y5ll6,— 6|

EE A¢tslE=E Top-Down B &3
(2)9} 2t

td _  pr pr pair ~pair
Ci" = wy Cg" +wq™ G

C(th — wg? Cepr + wg(l”‘ Cz)ll”‘_"_ wzazr Cgal’f

(2)

H| Lo O3t 7}EA =2 0.1~0.012 At}
2.2 Bottom-Up &4 32 ¢y

Bottom-Up &4 a4 WHS 22 319 EAE=Z5H
Al Zsle] Aoz F A sk Wl olt)
o= AA @9 = s|Ao] 7t THES st IA
olth(zzd 1(h). AHs +4 = Ao ts)o]
A A T AAY $A, HEHo=m 4

o
ol
1
oy

)
ol
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o pre-calculated
prior & pairwise relationship ]
bounding surface i }T
S —TRE —— select L]
= calculate — |
= Top-Down cost =
£
8 |
: | =
G,t(:rnpletecl heigluoe;;:;;aagp?r (=] ﬁ
objectarray &
I- add, - — calculate =
[ fixed object ‘ Bottom-Upcost |
Sample Scene é select e e ‘
8 addr.t:\mpletrearrar’lg‘emen‘c remove |
3 1 AlsE A AW sue] AR WA Tz
Aew gud AAGRE el s AUz,
21 (3)2 THu& # Bottom-Up H-&3HrE AAkst
= Shgelth
lp; — @l ]
= max|0,1— ——2—1,(i = j)
ZZZ b, +ady, (3)
Cbu_w C:Lc
C.= @A AA)E 7Iee=z A7t g5d s A
AGreke] U (AA 4%3F EFk)He] THE
A& At Astoln, w, = AAS] HAd B

Bottom-Up B]&3+59] 7}5%](0.05~0.1)°| T},

2.3 Process

AQret= AA A g2 AE, ", gy, a9 3

o 49 3Fo R shite] AAY e JgH

2 1o, dads 1). 19 25 Absks YW
/g A 3ot}

o A8 ke el Ay g

rf

wE AHEAl Ay g
Al Top-Down, Bottom-Up =]

o] E4 A A ARe

914

i

=y
B

(<3

e
ox !
Ir

ol 2 o

A
=

B
i

, (a) Top-Down A 3l
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exploration object array

=
==
'
™ i
|-®selection

i consider —
| priority @ move

n - movement

= | - rotation

L 1

& | ®

M @exploration sonveisece
Il calculate it
| e .I Top-Down & conditions @

s Bottom-Up cost

" Completed Scene
|

d

4, (b) Bottom-Up A a2, (c) A wix| =4

&318)& 1. Object Arrangement Process

1. procedure OBJECT_ARRANGEMENT

2. exploration object array < store the
entire objects that make up the scene.

3. completed object array <« add objects
whose arrangement has been completed.

4. fixed objects are added to the completed
object array.

5. select objects based on three conditions
defined in the exploration object array.

6. explore for current object.

7. calculate of Ci, ¢, o,

8. convergence judgment based on three
defined conditions.

9. if convergence then

10. add the current object to the
completed object array and remove it from
the exploration object array.

11. else

12. move on current object.

13. end if

14. repeat steps 5-13 until the exploration
object array is empty.

15. end procedure

AOEF
[11 LF. Yu, SK. Yeung, C.K. Tang, D. Terzopoulos, T.F.

Chan, and S.J. Osher, “Make it home: automatic optimization
of furniture arrangement,” ACM Trans. Graph, vol. 30, issue.
4, 86:1-12, 2011.

[2] J. Sun, J. Yang, K. Mo, Y. Lai, L. Guibas, and L. Gao,
“Haisor: Human-aware Indoor Scene Optimization via Deep
Reinforcement Learning,” ACM Trans. Graph, vol. 43,
2, 15:1-17, 2024.

[3] R. Bellman, Dynamic Programming, Dover Publications,
2013

issue.
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Training a Foot Contact Detection Network
From 2D Gait Video Using Fuzzy Inference System

Yeonsu Lee”, Jung Hwan Shin?, Kibeom Youn®, Ri Yu?
1Dept. of Military Digital Convergence, Ajou University
2Dept. of Neurology, Seoul National University College of Medicine
3Didim
4Dept. of Software and Computer Engineering, Ajou University

4 &3 AEEnon 45 oRE wuas] A%
o

QoF g3t 7S AASe AL gA gor, B Fio
AW} wke] AES W] Y ALdsor md EASY. o E 5o AN Ry WA wo HF o
S sHGSte AF[3ldAME S Qe HE oFE B oybdsteE b @2 o224 AAsornt s, o
AXste 7es APA R Aot ole dgtE dlo] B AFoE ZaAdd A3k FISE AAste EH=A
HE Agsirlde AdsiA] gty 2d A5 ghgol] ok JE o gHas douyith
T FFE R ol sjAdsty] HE 2 ATl =
WA FE A 2Bl(Fuzzy Inference System, ©]3} FIS) 2. v
S AES 2 HEs dd WHS Ajbstal ol & vlE o X A= Rempe et al.[1]9 AFE vigoz HFY
2 22k B A Tnkel i HE 3H JEYIE of E3td o A4 HF Wi UEYAE FgESsith
grEett. FISE B34S Agstes o 4dS 7HHH, YEHYA ghFol b3 22 U T7F9 dolgrt ALE-
gFgt 1) FRdd sl v AR Ves AAT HAat D B FFozFY FE8 ZydE ofmx|(
dQa glo] kA HFs AT & Au B A9 png), 2) 2xY #Ad 92 AH(json), 3) THUHE
aYE YT 8 Ve AT AT HASEE b A= dolE(npy), 4) B4 dolE(.bvh)
WP, B Ao e o E5E stk
2.1. B3 G ojmx] & 2z #H A F&
1. A&
He) AL g1Ey, HEFY 22 Z3E 94a 3 = AT &8 1 FA AT o o
= x5 AHE Hrlst A8 adE ERYEHsSH AlAd®E 57Fx] ®H3 do]El(normal walking, parkinson
=g 8435 &89 4 9l 719 AA] 7|8 K13 ian walking, freezing of gait, ataxic gait, asymmet
B w e A7 vaa Au] Axl 2 A4 ZFE 5 ric gaitolth. IS AWy SddA #F9Ha, 2
of B& AFte] &g Em, 54 o ARE £ Tt o= 194 3% 30x% Alojelth. F 10719 =3 o
sttkE @™ o] 9t} olo] wha) 2xF A 7wk B3 Aol o8] Openpose[2]E &85t o =g dnir} 2
A S 3T Al ] glo] okt 2ol A 2 #A4E YA E oSk
Z9y B gavtony wa BEAo] slssittes &
Aol . B3I FAA KB F7|E FHotste= AL 2.2. XA AA dolE|ZREH &9, 71&8 A4t
T8k, ol W #A-I AW 1He] HF AFE Wi
ste] & 4 AT o AEE HEA, 2D AW ke JE o5 g
EoAFog A= da A ko] HES wEHEr] 93| WS Aoqur] el "HA BA WA delE(tro)Z5-H
A Eshs w2l o g YEYIES 5372 st} sGS 93 7EES Akl 82 2 3 gls)
AalAeE HE EEe] dQsirh oo w-xW| HF A4 Zydy o)A, oS T 7+ FEFY= A9
g S Qe =4 AA dolE(tro)ol 33 #HE ¢ s 78 = B A dHolHe fpsE wote] 5
A AHE nigo R &£¥H3 ri&E S Akegit. 1y At 7HEEE ASHE 7 EE S AelE At
HASE Usr § AUES FHste] ALtekglo

T IR EE

TFE X - I1.0) — = = =

D AT st aesnEar 2 Ausgagay 20 T FEASTE T AF o 2l 4

e sweAdsAle]  dras S

Sonz-oorory | as STERE TS FISe %3448 Aeste o AgHe A%y =o
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Ol T i o

B 4 O o o £ 2 roh W rfr Jo N [of

HA g7 AFEE AT A o}
3+ Interval Type-2 function® 2 A 3le] Absta}
s T dE 59, £9 0.65, 7HE5E 00] 9
Acka s 29 19 Wy e wEw,
0.65v= ‘B’ W5l A s WA ghel 0.25, shst
Al Zko] 0.0625°0]™ ‘NB' HFo A Absk =4
0.6875, 8Fst WHA Fkol 0.75014. 7k&5E 02
WMo A WA gho] 1, ‘ST WA #W A ko] 09]
o}

9, R
il

B RT
now

Membership Function Plot

ss s N BB

Degree of Membership

0.4 0.5 0.6 0.7
Input Variable "Speed"

a9 1 &80 W AN g5

ofF, Qe ZHzte]l WAE UehE WA AL
A el Hgste]l WA =ee AH@Th K 1L
AN Abgd WA FE Axgle] WA HE

1B AT R FE A2HNA AREE HX 73
Acceleration

SS S NS NB B BB

SS| SC SC SC WC | WC | WC

S | WNC | WNC | WNC | WNC | WNC | WNC

Speed | NS | WNC | WNC | WNC | WNC | WNC | WNC
NB | WNC | WNC | SNC | SNC | SNC | SNC

B SNC | SNC | SNC | SNC | SNC | SNC
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Minseok Kim®, Wonjeong Seo, Sung-Hee Lee, Jungdam Won
Dept. of Computer Science and Engineering, Seoul National University
Graduate School of Culture Technology, KAIST

a3 1: ViSAE £9

==

=
8.9 A
& 4T il =4
B =Rl 7 S04 Bl ~HE oy Bz 5 Wl vk A, E2stel o e A4S
S AR 5 o9l A2HE ViSAS Aoksit). 93 Az 87t FHAEs ofydold Aol Al7A Bl =
9TV Z2u Mo = Abgto] b o dolzitiEsl,  dA AEAES FHEAM HEo] A= 54 AlE
o wgo]a] "WolWutEs) st YdFetm ZHel v b Aol st §hr] wioltt. oldt Aloks wiiol
TA ~HE ERE59 213 2 2= ot} ogo] Al2H AEEL oJds] A4 ~"HE ZAs %_Oé%}% Aol ¢
& 2"E o §A47F ok ¥ AkE Adew,  HE HT WHRT IFHoRE © GaHelza o
FolR Aloke FHae BYHow BIE Hxg 4 7L Ak
Aotk 2 =i A2 Faw dd 2 dF F
7Fo] Qs ABAo|m gAel HAS Edler A= 7 2 wioAE EgHoR AlEdeldd JM) ~HE
3} S A AES Aotait, o] A AES Ea Algate  HIEE ARt @R A”HE 7] gHs sk,
2R el mE $ES e 5 glon Fug g FA FeHEe] sbedh ojumeld AXE VISAS &
o= A 71 AU AL wEold 4= 9l Hrh Mgt =8 AlEdHoA BN 5 2HE ol
FojAH, ARgAE A WA QIE o] AE T AHE

1. A& Hj--o] o5 A2 1 Atole] AAE AAD 4 Sk
28 99 Axde A% 23 dae e ALexel
; SEET R wEeh BelHo v Ydelde a8
o - 5, 15 = L O H = v . 1 — o =
el e w20 qen wyan. wa @y S04 Foln A4S we
zolAel Fe3t o] dgdn AgH AFL FAd o . 2w 23 Koy _ :
- N _ o 7]__4 7]}_ 0:1:[1#_0_ m /\]7]-g fol s /\]7]— S O /\};q [13
L‘HOO quo]oz_g_o HO-I_—;—O o] & =) o o U =2 1T ==X gul =] L, /T S |
el FHY QS A3 el figel ek 1 T GIEE T A0S Sy A L AL T
= %%L% X}T %%6}%]\15 =HE xoh‘]ii% Oéﬁ}g 7L§ﬂr ;‘s—l-z: 3}A :;}\4;}‘—)\1574 E’oﬂ Ei}&] 7?5: 7]/\5
A7 L4 AERA HAL, 2-HE FWe] gl g oTF Tm v T et e T e
g2 AAEly] olEl9 Ak Al s A= ol mAel A Agre]l & BE ool o] Fo]xH,
S T T T T e A e BHor AUEe £AAY A%
,‘L‘|;1l‘11‘;£1‘,:v7‘, '6‘H]\~1 0101 %O:] ]/]‘7E]— Z': 9\}]\
w4 = Q9= (Extended Abstract) SEA], & =ito
e =2 A g e =D AT 2. Al2H 718

86



LCCS$2024%

Oeneraive Imoginalion

User Requil I

Spatial constraints

Additional reward design

(optional)
Target keyframe pose |nlerna| forces

Physics
A 4 {Joints) $|mulat|on
Force [ TOrqUE | e———f
—
Controller Perturbation Additional contact forces
(Links) Contact forces

forces/torques [by collisions)

L]

Joint PD Servo

Body and Sensory State + Rewards
.

Ballsitic Stunt Environment Setup

g 2 A28 Ae

T8 Alx="lo] AFsh= QAE T o] ~E ALESto] AFEA}
7F A FEE Aok o E
2HE #]$-9f £ AAES £33 ZEjHor AlEY
old =& ZAo] Fo]AH, /‘P&Z}” A2 9 19‘r T
AA=Z Aold 3D Ay F3hS AA g} o] o] &
stobd o2 e A3 FHE olof 71 A ﬁf‘ae *§
A ¢ = k. ZF A A3l dis] AFgAE 5
ZFA, J(root)e] W, weo] ZH45%, Hu FATH A
Y S5 AYT ¢ Aok AREATE 919 A S g8
o}ﬁ Ui, 8 A" A s stas S8l A
doldE ~"E uj$-9 Ao7|E gEFsle] EHo=
offmo] A& Ay gk,

Bde AHE

FU

—

~

|

2

>

of
mjn

7Hdel ~’E W9 7} #de]| PDEHZE FERE
Ay A Ax"ler rEy wojgln. 7|EY =8 7|
T AlEEH AEEZHO] T8 ateld F e, $E
Alz"o A NEH= HE 399 A5 (perturbation) &2
AojHrh= Aot 711 HHES PD EEO| 718te
=53 AAME B3 AMHEHE Ao} AR 2] Al

dof A= ARE7E m] %A gh 712 Q] oy Hlo] &

R
R

FA43t7] YA PD REE Abgatn, FAFA] )
14, ol BF & AFEAe] Aok gt = Age A

= 3o HE& Aoz O]—‘—_‘F‘H{”ﬂr.
HqE g dess Aodgitke otoltyole os4) g &
4f(Many-worlds browsing)oll A AF&E+= 7oA
we okt o) B & EAlE ke &
&l HL‘gﬂ AE o w2 vE&R g3 ThelE A
Aol gf=ro] AN=A & AAeA] et HES
oY AFAME FES g9 A A
A Aol 7tste] A= ‘jrE Al AlE#E o)A g FH o,
A7 Yot AREES Ad ZEHAg3]. 8=
o] Ad oz Fretelgol Al Alogict, $-2]9
7OL A 3 =

318t A 2HloA] PTo s 3 A% A =5

Lo

AL

¢

w;w

2
s
o Fslolglet,

Y, 59 @ 9@

FolAt 4% 9, 59 de 2o TAFA

4

’

a% 3 el = 5 Sk

87

spatial
constraints

linear
segments

a9 3 ~H

A FAFHE el Aggolnz, AAmt
ol A% ApiFolel nh AR e s 54
2 94 2 PD AF7E ARHAd] W]

sS4 Bl @ RSelm o Y Aedry ol

= =

sfojojo] wggl AAY el thi mAo] }et) §
2 NxEe s o A58 Bol 1T ol 3] 9

A 2Ee Fo| Beof 7}

B9o pFo] FAth.
4, 243 2 A3

< IsaacGym & AlF#olEldA o]Fo]g o
7= Prox1mal Policy Optimization (PPO) €11
3 sEHAT Y 19 1 dAA-"E (D
yUxyg Ads me =9 111347}7%‘% (2) w=
= + QEdfo|7} Ao FUl Abgho] A3 A
= 7424217%/} (3) wHojH o A DLﬁJ—L Azl =Ak
Ao FUs|AY (4) Y SAHFE dE ditel A

Hols] vig7bA] "ojx &= AYyg e 58 &3 9
o] Ajz=Hle] &8 JhsAdel tis] RSl

5. 28

>
I

m |
oo
ol
i)
% 9
)
> 2
o
e

N
X o
ol
o
=
o o>

o, 1%
(AN

deb
oo N, o 2 (T

o (o

r2 oy
i

facs

&

oy {y I T

wmﬂﬂw
gt ¢

S o,

T30
tlo

i
1 o
el

(o]
o —

2
X

x0

tlo xE & ox offt rfT
S
|
AL
Mo
O

(
==

FAEd

[1] Xue Bin Peng, Ze Ma, Pieter Abbeel, Sergey Levine, and
Angjoo Kanazawa. 2021. Amp: Adversarial motion priors for
stylized physics-based character control. ACM Transactions on
Graphics (TOG) 40, 4 (2021). 1-20

[2] Jungdam Won, Deepark Gopinath, and Jessica Hodgins.
2022. Physics-based character controllers using conditional vaes.
ACM Transactions on Graphics (TOG) 41, 4(2022),1-12

[3] Christopher D Twigg and Doug L James. 2007. Many-
worlds browsing for control of multibody dynamics. In ACM
SIGGRAPH 2007 papers. 14-es.



LCC5202%

Oeneraive Imoginalion

AeeEe ol &% ulel v B5 44"

ezl 2gold, ol &
oty HFH -2ZE ]S, 2ol 3lo] x}ur st o &3}
{jho6394, yoonsanglee}@hanyang.ac.kr, jangy@ewha.ac.kr

1

e

1

Butterfly Flight Generation Using Deep Reinforcement Learning

"Eunho Jung’, ?Yikweon Jang, 'Yoonsang Lee
1Dept. of Computer Software Engineering, Hanyang University,
’Division of EcoScience, Ewha Womans University

L9 = A9 A THEEVE e aa, Astess A
] &3 WstE SAHer g & vk HelA 7E
el vge e 2o Bl vlaste] 88 9% ggl W o) 9h. wek MBS g A% U
Aol 553 s BAvh oled Wl vdE o 2hyo io] utgslony He AdiEe &
Adstrl sl s A=sAed 545 aeshe Aol gas gye @ & gev)d, AESHoRE 2 on
ApAeolth, & AFelA= vuje] A=A 5S4+ = qug
g v 2Elsy ASAsteksy AAE S ARA
¢l o] vl S AT F UeS Holuxa o 2. UYH)9] d&d E4 @ JYE&H =4 ukg
ot
2.1. 371984 54
1. A&
o F7198-& ALte wi= Chen [3159 A7 2ol of
A7F 99 =9 FAYES AFHE AdsHe A= e tastE Zy|ds AS A&ttt
L L R | .
T 4RE LAARE olAgY. 2 SolMe= BA 1 1
— 2 — 2
M= dolEle B} AHH oz fo|d uut HEo Fure = 5pAlVil*C(@),  Farag = 5 pAlVII"Ca(a)
FANE Adse A ARl wxme v o (1, e FVIS BE Aw W @ @Rl s 4t
2]. ool mlg) 2Fo FAYLe AHer wel v AYs T (WA A, vie WA g SE
AAA kot 53 W@ TFA e A Aol G(@)¥ Cu(@)= alangle of attack)oll w2 F= Aot
3 GEAA FHAYS HolARk 7|7} 2ol A A F9 Aot 25 ¥ A& g 28357 fal, o
of oJggol k= 54 2k Chen [3] 52 wg  Hl¢k &2 A7]e] Bgem <= Aok 9 s
Aold gtAel &) vue] I3 Ave Frjgh 1% 53 Ancel [4]59 ATE Faste] T¥ 19 #ol
S ynle o wet 2dsta, 5 428 w2rs s 7S AREsksith
7Pl A& wrlel vheks WA om AAZTO R ]
Hle) F2E AAdske AT AdE g vk v s ca
2odre vad gesty 3198 288 e A 7
Eyoldu AESAH LA 7ukstel HAAH et £a
g1s
5 S o]fate] AR ynl ofjymHe]lds BT
T U A" AT AlRbet A}t sk W Eol ”‘f ]
] 20 40 60 80 .an
w7 IR, 2% (Extended Abstract) - A S Mtk - o
# B = o gok=X (Extended Abstract) 2A], B =59 oy 1: Al Ed o) Ad AEd yn|e] F7198HA 4
AR =Ee @Al B e (=R AF FF. w3 Un)b g7 dstor ol waels 599e
3 ATE ARG EEREAR AP dd A D _
o] A 9(RS-2023-00222776) X FIEAKHAY N @R 83 WRHAS Swd 5 A=, Ak ot 3
W=AE90 20200% REASDY AT A9 o] AHA YA FEH 7 BARLE JFor =4
(RS-2024-00399136) Wro} 8= S S Axkate] Al ol el #8383tk

88



LCCS$2024%

Genelative Imogination

2.2. JESAH 54

3. 7ests AA

Forewing base torque

- Left forewing offset torque ::.

Right farewing offset torque

T el bt sl FA%ls AsAY
= OFd AZSZE dAYUF AT 1 F v Y
AZEY AYUSEFS 738 23 (amplexiform coupling)
o=, shduel SdUfe] Aol HHAPoZHN Fol
AgE = WAYSES /M4 AUk Ma [5]1%52 223
Aol AgAIH M8 ThsshA N Fo) F A5/ o]
gdstA WojXitks A3 AdE Ko, AArgE @
AR 2247 Agte] 3ol Avk= S PFskrh
Y Aeks Adsty] flsl, AlEdel ol wWAl gh
FTEe ZAsIEe] Gl Sl ARCA S
Ags = JAEE S8t

UHl= S vlddollA 7 Adg dAAS Holed,
s mlgAle] G Bl A del g Roy [6] &
o A& Farste] 7 Bde] Jhs WeE A4t
=8 AlEHolMe & dFE F= 4 7YY FA =
g ol FES Vleew FAE 54T Andrew [7]
o Aol 7wkt AT vk Aol S wet
w4 3 7Ee] A Afelzh Ao fyE s tE
T At H, SR gL FYEe] b= HE 1
Hoto], APAog IF At AREsSIT

T S re— ]| .
ity e ke
% 2: Base Action Model
vHle] GRS S ol FaL, ofte] WUl 4w A
I w) BAdol &9 wtow WS wE £ uie A
ol A zretste], 18 29} 7+E& Base Action Model S A
ettt e RES Policyd] &9 Itz AR S o
of Hla] WA g AAE v 5 JA s, 3
% gebnE 549 wa 44 8 4 g
Policy®™ Y#ox H3x Aae] ozl Azet %
FAE, A Fol, TR g I EHI, o]
A ZY o9 action®} 6D rotation representation
< et gyom e #HES Ul local A
5 xyBHel Atk FaAE 23T
ghzoll o] §H = RASTE Hia A HTe Ael w
& A" ®BA, 571 AW WEol s st v|d ek

89

B 7b Ao Jheke go] F4E FEHE F& o
Uz #Hdy, 99S BAske A BAeR FAEH
=3

4, 1945

: Al

b | =2 AA
33k ol vhulel w3 ABSH 549 Gy
el g e] F714, v sk Sl el ¥
A9 A%e 2 wol vn] wa 4H gy Ans
£ 5 AN

AT

[1] Zhang, He, Sebastian Starke, Taku Komura and Jun Saito.
“Mode-adaptive Neural Networks for Quadruped Motion
Control”. ACM Trans. Graph. 37, & 4:145:1-145:11. 2018.
[2] Taesoo Kwon, Hoimin Kim, Yoonsang Lee. Control of an
Iguana Character Using Soft-Body Simulation. /EEE Access,
Volume 6, 77931-77939, December 2018.

[3] Qiang Chen, Tingsong Lu, Yang Tong, Guoliang Luo,
Xiaogang Jin, and Zhigang Deng. A practical model for realistic
butterfly flight simulation. ACM Trans. Graph., 41(3), mar 2022.
[4] Ortega Ancel, A., Eastwood, R., Vogt, D., Ithier, C., Smith,
M., Wood, R., & Kovaé, M. Aerodynamic evaluation of wing
shape and wing orientation in four butterfly species using
numerical simulations and a low-speed wind tunnel, and its
implications for the design of flying micro-robots. Interface
focus, 7(1),20160087. 2017.

[5] Ma, Y., Zhao, H., Ma, T., Ning, J., & Gorb, S. Wing coupling
mechanism in the butterfly Pieris rapae (Lepidoptera, Pieridae)
and its role in taking off. Journal of insect physiology, 131,
104212. 2021.

[6] Le Godoy-
Diana, Vincent Debat, Violaine Llaurens, Florian Titus Muijres;
of escape  flight
in Morpho butterflies living in different microhabitats. J Exp Biol,
225 (15), August 2022.

[71 Andrew K. Davis, Michael T. Holden,
Intraspecific Variation in Flight-Related Morphology of Monarch

Camille Roy, Nicolas  Silva, Ramiro

Divergence climbing performance

Measuring

Butterflies (Danaus plexippus): Which Sex Has the Best Flying
Gear? Journal of Insects, vol. 2015, Article ID 591705, 6 pages,
2015.



KCCS$2024%

Generative Imagination

90



KCCS52024%

Generative Imagination

XREANA AHgA-olutel AE28S g 24 Ju BAHAA Wy

oA Al F! om g2
oloieba Qvoiebe) 1T g, ol ohah e AL R (A FE A E S0 1)
{minjeong.hci.du, younghoon.hci.du}@gmail.com, miran@daegu.ac.kr(' 3212 z})

Speech—based Emotion Recognition Method for
User—Avatar Interaction in XR Environment

Minjeong Lee”!, Younghoon Shin', and Miran Lee®?
Graduate School of IT Convergence Engineering, Daegu University1
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Improvement of VR Interface that Reflects User’s Grip Strength

Younghoon Shin®!, Minjeong Lee!, and Miran Lee?
Graduate School of IT Convergence Engineering, Daegu University1
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VR @70 #gstad s At dasgom (6],
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A s Qs 4 Qe AFRE 4 e WY T
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Depth Supervised Dynamic NeRF: Dynamic Scene Reconstruction with Limited Cameras
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Event-based Polarimetric Reflectance Imaging for Dynamic Scene
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Abstract

Polarization delivers crucial physical properties for

understanding real-world environments such as shape,

material, and light transport. Polarimetric reflectance
imaging aims to acquire comprehensive polarimetric
info that ties both a light source and a camera.
However, this imaging requires multiple shots by
rotating the polarizers, thus requiring a long
acquisition time. In this paper, we introduce event-
based polarimetric reflectance imaging, which allows
for fast acquisition and capability for dynamic scenes.
Our proposed imaging system comprises an event

camera and continuously rotating quarter-wave plates.

Continuous  rotation enables fast polarization
modulation, and the event camera can detect these
changes as events. We introduce an image formulation
and Mueller matrix reconstruction method that is
robust to outlier events caused by sensor noise and
object movements.

1. Introduction

Polarimetric reflectance imaging aims to acquire the
comprehensive polarimetric relationship between the
light source and the camera [1]. This rich information
enables detailed and reliable polarization—-based image
analysis such as 3D shape estimation, material
actuation, light transport analysis. Unfortunately, this
imaging technique requires capture multiple images by
mechanically rotating the polarizers, leading to a long
acquisition time.

* Bom=fe @ okef (Extended Abstract)C2A & A F=aF2A
ATl
2 AFE dFdATF ZH‘/} MSITe] A4 AL (RS-2023-

00211658)o.2 G~ = 5.

99

Continuously rotate
t

5 QWP
LP

Light
source

Event camera

Acquisition setup Polarimetric reflectance

Event stream

Figure 1 Overview of our event—based polarimetric
reflectance imaging.

Event cameras asynchronously measure per-pixel
brightness changes with high temporal resolution and
have been widely used for capturing dynamic
movements. In contrast to movement analysis, recent
works utilized high-temporal resolution of event
cameras for photometric analysis by modulating light
intensity. The most relevant work is shown by
Muglikar et al. [2]. They measured the polarization
state by rotating the linear polarizer in front of the
event camera. Our work expands this concept to
polarimetric reflectance imaging by rotating the two
quarter-wave plates (QWPs) in front of the light
source and the event camera.

In this paper, we introduce event—based polarimetric
reflectance imaging for dynamic scenes. As shown in
the overview in Figurel, our method captures the
polarimetric reflectance by rotating two QWPs and
reconstructing the Mueller matrix from event streams.
This reconstruction method is strong against outlier
events caused by unexpected noise and movements of
dynamic scenes.

2. Image Formation
2.1. Polarization Measurement

In our approach, we modulate the brightness of light
by rotating two quarter-wave plates (QWPs). This
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(a) Rendered images

|-1

® Data

10

(c) Ground truth
Figure 2 Reconstructed Mueller matrix image. (a) The sequence of rendered images. (b) Generated event str
eam from rendered images. (c)-(e) Mueller matrix and plot of generated event and fitted line. (c) Ground
truth. (d) Reconstructed result with 12 norm. (e) Reconstructed result with 11 norm using IRLS algorithm. Note
that all the Mueller matrix images are normalized by mOO components.

15 20

(b) Event stream

technique is known as the dual-rotating-retarder
method, and the modulated intensity I is formulated
as follows:
1(8) = [L(0)Q(56)MpyeasQ(8)L(0)] g0,

where 6 is the angle of QWP. Here, L and Q denote
the Mueller matrix of a linear polarizer (LP) and QWP,
respectively, and M, is the Mueller matrix of the
measurement target. As indicated in the equation, the
QWP on the camera side rotated five times faster than
the one on the light source side. This ratio is well
conditioned for Mueller matrix reconstruction, and we
incorporate this ratio in our method.

2.2. Polarization Measurement with Event Sensor

We now formulate the observation of modulated light
in an event camera. Inside the event sensor, the
radiance of incident light is converted to log
photocurrent log (I) . When the change of log
photocurrent reaches a threshold C, an event e =
(x,t,p) is recorded. This event is consisted with pixel
location x = (x,y), timestamp t, and polarityp €
{+1,-1}. When the time difference At, =t, —t;_,
(where k is an index of the event at pixel x) of
adjacent two events is small enough, the derivative of
log photocurrent can be approximated according to
Taylor’'s expansion as follows:

0
log(I) dlos®) \ . C

2.3. Mueller Matrix Reconstruction

We formulate an objective function to reconstruct the

(d) Reconstructed (12 norm)

100

10 15 20 25 EX ]

(e) Reconstructed (11 norm)

Mueller matrix from the event stream as follows:

minimizez p (6 log(1) (t) — )

k=1

where p is the loss function. We employ L1 absolute
loss to be robust for outlier events. To solve the
minimization equation, we convert the above equation
to linear matrix form and use singular value
decomposition (SVD) to solve it. To solve the equation
with arbitrary loss function p, we use an iteratively
reweighted least squares (IRLS) algorithm.

3. Result

We evaluate our method using synthetic data. We
rendered the image sequence for each interval at 8 =
0.01° using Mitsuba3 and pBRDF dataset [1]. The
rendered images are converted to an event stream
using the DVS—-Voltmeter. To evaluate the robustness
of outlier noise, we randomly replaced 5% of events
with the randomly generated values. Figure2 shows
the generated synthetic data and reconstructed
Mueller matrix from events. Our method robustly
reconstructs the Mueller matrix under the outlier
events.
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Spine 4.31 Neck 1.00
Spine1 4.31 Head 4.37
Spine2 4.31 Hip 10.93
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Momentum-preserving Inversion Alleviation for Elastic Material Simulation

Heejo Jeong®?,

Korea University %, Hankuk University of Foreign Studies b,

Abstract

This paper proposes a novel method that enhances
the optimization—-based elastic body solver. The
proposed method alleviates element inversions in the

prediction stage of the prediction—projection approach,

thus enhancing stability and efficiency in the
subsequent projection stage. We introduce a velocity
decomposition method and adjust only the non-rigid
motion while preserving both linear and angular
momenta in prediction stage. Experimental results
demonstrate improvements in stability of the
simulation, particularly when large deformations
hinder the solver.

1. Introduction

In the computer graphics field, elastic body
simulations are exploited in various applications
including virtual surgery and clothing design. For such
purposes, optimization—based solvers(i.e., Projective
Dynamics(PD)[1]) are widely adopted thanks to their
stability and efficiency. In PD, time integration is
performed in two stages: prediction and projection. In
the prediction stage, the next physical state is
initialized with inertial motion. Then, in the projection
stage, the initialized state is projected onto the optimal
state, searching for the compromise between the
prediction and material properties.

However, incorrect predictions result in instability
and inefficiency in the projection stage, and this
problem may arise from element inversions problem.
To address this problem, Lee et al. [2] alleviates the
inversion at the prediction stage. However, this
method leads to losses in angular momentum and
energy.

w Bow=ILo g okwIL (Extended Abstract) S&2A], B =9
YE =58 CASA 2024 A=A

3 Ay A|EGREAE D JRFAVEHIA] v
g ICTAT-AE A LA 2 oq:r”ii}i T AU TP-
2024~ 2020-0-01460)
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In this paper, we propose a new method to alleviate
element inversions in the prediction stage. We
introduce velocity decomposition to adjust only the
non-rigid velocity, thereby preserving both linear and
angular momentum. Consequently, it effectively
represents the motion of elastic bodies and enhances
simulation stability.

2. Method
Given the current position x" and velocity v", the
problem of determining the next time step position

x"*1 using Backward Euler is reformulated as follows:
1
iilr.‘;mm—llx’”'1 - ylly + w" (D
xl‘l+1 2

Here, h is the time step size, y is the predicted
state, M is the mass matrix, f. is the external force,
and W is elastic potential. In the prediction stage, y
is predicted as y= x4 hv"+ h*M ., . After
prediction stage, the iterative projection algorithm is
performed to satisfy Eq.(1) and obtain x**'. For the
inverted elements arising in the prediction stage, our
method modifies y. We first present how to resolve a
single element inversion and then move on to the
iterative method for resolving multiple inversions.

2.1 Single inversion
Given an inverted tetrahedral element,
indices are represented as i €{1,2,3,4}.
Let us define the “predicted” velocity ¥; as follows:

its vertex

& Yi=Xi

Xi
Vv, =

h
n = Vit fet (2)

Our method decomposes the predicted velocity into
a rigid part, which has no influence on deformation,
and a non-rigid part, which deforms the element. We
adjust only the non-rigid part to preserve linear and
angular momenta.
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Let V,gq denote the rigid velocity. It involves the
linear velocity, ¥, and the angular velocity,®. The
linear velocity, ¥}, is computed as the average velocity
of the four vertices, i.e., ¥, = Y;m;¥% /Y;m;. To obtain
the angular velocity, @ , we calculate angular
momentum, L, and the inertia tensor, I as follows:

L= Y-

1= Zmi[xi — x (% — 2T

x Vi

3
4)

Where []x represents the cross product matrix and
Zz‘m‘x‘ Finally,

imj
we can evaluate the angular velocity, @ = [71L.

With the linear and angular velocities, we can define
the rigid velocity of each vertex as Vg q; =V +
[®]x[x; — x.]. Using this, we can simply define the
non-rigid velocity as Vyonrigiai = Vi — Viigidi-

Now we redefine predicted velocity of each vertex
V; as follows:

X, 1s the center of mass, that is, x, =

)

where a(€ [0,1]) represents the alleviation factor.

To find a that ensure the predicted velocity prevent
inversion, we use the signed volume J of the
tetrahedron, defined in terms of the predicted position
of each vertex §; = x; + h¥;, as follows:

J = det(F (91,92, 93,94)) (6)

where F is the deformation gradient operator and
det is the determinant operator. Note that in Eq.(6) J
i1s a cubic function of a. By solving the cubic
polynomial equation, J(a) =0, we can find a.
However, we approximate a as follows:

J(0)
1(0)—1(1)))'

Note that @ in Eq.(7) is the solution clamped
between O and 1 of J(a) =0, when J is approximated
as a linear function of a.Using a the predicted state
y is updated. Finally, the objective function of the
optimization problem in Eq.(1) is updated with §.

Vi = Vrigia,i + AVyon—rigid,i

@ = max (O, min (1, (7

2.2 Multiple inversion

In general, alleviating an element may invert its
neighbors. To address this problem, we employ a
Jacobi-style iterative algorithm. The algorithm
continues until no inversion remains or the iteration
count surpasses a predefined threshold. Also, we
monitor inversion severity using the signed volume of
tetrahedra. If the sum of absolute signed volumes of
inverted tetrahedra increases, we halt the algorithm.
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3. Results

Given PD as an underlying solver, we compare our
method with the previous inversion alleviation method,
Linear Inversion Alleviation(LIA)[2], which reverts
the inverted elements preserving their linear

motions[2].
/// >

Flg 1 The elastlc Cubes swing in an elhptlcal motion.

%107
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[ o 0.0;

] i ] il =

Frame

Fig 2: The left graph shows the norm of angular momentum
difference, while the right graph shows the total energy.

Fig 1 compares the simulation results generated
with the following three strategies; PD (in red),
PD+ LIA (in purple), and PD+ Ours (in blue). As shown
in the snapshots of Fig 1, “PD+ Ours” successfully
stabilizes the simulation, while PD fails and PD+ LIA
shows dissipative motion. The graphs in Fig 2 shows
that our method preserves angular momentum,
resulting in less energy loss.

4. Conclusion

This paper proposes a new method to alleviate the
element inversion in optimization-based simulations.
We decompose the velocity and adjusts only the non-
rigid components, preserving angular momentum and
minimizing the impact on the original motion, thereby
improving the stability of simulation and maintaining
vivid motion. Our method is performed independently
of the projection stage, making it applicable to other
method included in the prediction—-projection approach.
Applying our method to different solvers and
examining its benefits is our future work.
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MEYa, dae o A WEE olgd &zt
S48 44920
AR &k o 4y sl A8, &89
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A £7FF 52 dlolE(ground truth) 7He] £4S A}
Arbstoh, &4 e A 7HA 842 AP 2).
AT E4Le dSakE AAl gk ke B Al
2 2F(Mean Squared Error, MSE)E F743to] AAw
ZZo] AA gl 717192 H7bskeh. KLD(Kullback—
Leibler divergence)< 8ts5 % #A] A4 29} 25 A qf

KN
=
95 1000 epochs &<t SGFAFH T 2 A3, 11 39
o 4%

15%0] St 43 AE Edo] fA1E dEow
=5

X e Aol & FAst] A T3k A skt = M & 2Ases

MSESH KLD #% 7te] #8& 2dshs 7150l S olth vhA o 2 A E &k B2 A2 E2tol

olgjgt @ AES T &4& At e s 7hato] AlZbA o' AuE A, 7 40 Bol= A Y
o] &k

O (L VR N =

37k, 1A 7k Bt S HAES BAF S Al

Loss = MSE(output_finger, ground_finger) + 8 x KLD(u,log(a?))
a3 2: &2 3+ (output_finger: Tl Y ¢ &8 &7 B4

ground_finger: 2 A £712 52

3. 23

4.
B Aol VAES #§3te] A3 4L 9IS o
oo o &g &l S AAstE WHS Aok
ol sl mA AAE ol AN FH3 & 5%
a9 3 (P A e YL, (D P 2a = HlolEl S ek, oAl = dlelE Al 7]ukate]
o ] VAES eh5siqitt
E LS @95 a9 2 v el @AdoRE Tae) AtoldA &k Fard
beta hidden size | latent size | learning rate A&EAAS TR e Aotk T3 dHo]gAlo]
, A@dA ool dFd F4 A7 BAT 3
- >0 v 000! FF Arelae d¥em WA AW o, ol
validation loss test loss Zde] &£7tg 5FS Yo A" sHES AT
ol golct e, A A ol9] YA B2 FEshe
2447 2454 WS Ea) Thake ot YlolHE 2qa A 8ol
2dS g5A17]7] 98] HolHE sk, S, HXRE SRR
golgAloR 6:2:2 HEZ w35t Zdlo] Hes

[1] Mathis Petrovich, Michael J. Black and Giil Varol, Action-
ol H HH3kd sto]¥yebvH(beta, hidden size, Conditioned 3D Human Motion Synthesis with Transformer
latent size, learning rate) kS Z7] I3, VAE, International Conference on Computer Vision (ICCV),
stolmggtv]Eult VAE Edd JTAHoR wWol 2021, pp.10985-10995

AFEE T H ZEES Abdd A3 & Jtsd RE [2] S. Lu, L.-H. Chen, A. Zeng, J. Lin, R. Zhang, L. Zhang, and
%310 t)ate] mele] %S B 7}alE grid search B S H.-Y. Shum, HumanTOMATO: Text-aligned Whole-body
Motion Generation, arXiv, 2023, vol. 2310.12978
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Acceleration of 3D Surface Reconstruction using Hardware accelerated Ray—-Tracing
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2. Gol-Ed o] o] 7Ivk THAA THEA AL
Visibility-based 3D surface reconstruction process
Visibility

Delaunay

— —_—

Proposed RT-based visibility weight computation

Tet-mesh
Triangle
Divider

Build
GAS

Traverse
Cam-Vertex

Ray candidate
Generation

a9 1R N 3R B AT A
Aokahs RT-301 718 A4 A5A AR el s

a9y 18 B =gl Agshs o

El§91 NeE Ko

Eo. 339 EW ATHS duHow s At
&, 7 A AR, = Al ada w4 2
dY AR A 4], & A Y FEA

At SAE

Camera

RT-3101% 2 §3te] 7}&aoh

=== Frontface
Backface

ﬂlN

(19 2)2 94 7=
A (line-of- s1ght)—‘ W=
Mol mzaprt Aol ufn}
A% Apo] A wkEo]

el ol A ALESHE AW
+ glet. wheb,

L
waln 47t

o}, AP A o
7hsAE ALkee),

RTX ZHFAA = CPU
Aol gz 7Rk Fx2E ufE AL
2 A= AHAAE Adges st
P& 7hlo g RTX ZHEZ 9 714 %9 (Geometry
Acceleration Structure, GAS)E AAlst}, =3l 7}
Fid kel AH Alole] AE JiWEg =R E AHHEES I

PHoz gadsth awa st FRE Jute Rz BA



KCCS52024

Generative Imagination

=1 [

stazme nanAss 2024 08

1: 74A FeA AL g¢aEls 38 A (39 2)
Image Points Rays CPU RTX 2080 RTX 3080 RTX 4080
Castle—P30 636K 2.162M 13.987 0.673 0.383 0.320
Herz—Jesu—P8 1.285M 5.633M 35.140 2.275 1.026 0.794
Fountain—P11 2.225M 11.154M 102.284 6.013 2.510 1.963
Herz—Jesu—P25 4.819M 23.118M 185.006 12.888 5.533 4.096
o] watshE BE AHZMH] uigk AgE Axtsta, dld A Hdl 40.754, RTX 4080014 Hdl 52.118 4%
Aol &3 AMHAIE FAste] 2= Ve AE A FFs G 19 32 CPU ¢adg+s7 Xﬂ et
tlo]Egtrt, olelgt I Z TtFA = BE GO E T E %‘131%94 EHE A8 AIdE HolFH, 7 day
Wold 4% we shEAs} Yoluwl, Aw wwle] ohd o] FEW FAel ARE AHFES B 4 vk
WA ) e AEAE Roldeh Ao AwA olea@ ddke AshE RT-a0] Au g A
= dl e AP eR RaEEY, T AMEAZE Hek K AR daEFe] 5488 BT, RT-FoE 3xY
Fol FRE drreel AW 4+ otk webd A = AT duesel Asshs Aol H@ sHe uol
3|3 4ol T A (backface culling)S 2838t T8  F
ArkE A AT
AnEd
3. 43 ‘3‘! gj’*]’ [1] H.Pan, T.Guan, K.Luo, and J.Yu, A visibility-based surf

(a) OpenMVS (CPU) <

(b) Altat=

18]E (RT-29)

19 3: OpenMVSe RT-7]uk WS o] g-ato] 247} 7hA4
EAE ANE T, BUS AT A7 (Fountain-P11).

=

Atsl= daEFe Ades #H7FsH] 98 Strecha
ol zﬂOPL v dolg AE [5]&  AFESIiT).
OpenMVGI[6]¢} OpenMVS[4]E 3l ]U]X]E—rE |
Hd A FE55 FAAsIY Aljtele daEle2 A=

g2 M T/ RTX ZHFolA CUDA 12.3¢} OptiX
7.4.0& AHE3Y FAFEALH, OpenMVS7E A3
CPU 713 7IAA A 823 AS5S naskad)
¥ 18 Aot dxmeElEy CPU ¢ j]_ﬂz‘/] A= H)
we}, AljtskE darg]FS RTX 2080004 Q%Iw
v FHol 20.78¥ s FES dRem. RTX 3080l

g
[e)
o=

olr
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ace reconstruction method on the gpu, Computer Aided Ge
ometrice Design, 84:101956, 2021

[2] P.Labatut, J.-P.Pons, and R.Keriven Robust and efficient
surface reconstruction from range data, Computer graphcis
Sorum, 28(8):2275-2290, 2009

[3] J.Zhang, Z.Wan, and J.Liao, Adaptive joint optimization
for 3d reconstruction with differentiable rendering, /EEE Tr
ansactions on Visualization and Computer Grpahics, 29(6):
3039-3051, 2022

[4] D.Cernea, OpenMVS: Multi-view stereo reconstruction 1
ibrary, [Online] Available:https://cdcseacave.github.io/openM
Vs, 2020

[5] C.Strecha, W.Von Hansen, L. Van Gool, P.Gua, and U.
Thoennessen, On benchmarking camera calibration and mult
i-view stereo for high resoultion imagery, in 2008 IEEE co
nference on computer vision and pattern recognition, pp. 1-
8, 2008

[6] P.Moulon, P.Monasse, R.Perrot, and R.Marlet, OpenMV
G: Open multiple view geometry, in International Worksho
p on Reproducible Research in Pattern Recognition. pp. 60
-67, 2016
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Generating Pet Avatars using Image—-to—3D Techniques
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A Pilot Study on Camera—based Motion Data Extraction for Real Classroom Collaborative
Learning
Junhyeong Cho"!, Youngwug Cho?, JeongEun Bae?, Yoonhee Shin® Kwanguk (Kenny) Kim"?,
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GRS

He gGold Fold ExE IFYEY FY sl H AFold AFYH vA 7Es 88t Y 9
g5 A7 wsg Aotk e ¥ AT M = A4S FEFOEA FHA Haro] &EEHA]
AEA ATE B3 FY FHo] Fostuw FAH 2 AM FA WREo] Jtede Aldtsklth(l]
QGeFe Fri= Ao g ek el AS W M o] & 7| &R AAl Fel A EE7] o f i AR A
HolHE Ea e sty dts S Ay, = o] = 7]E self- report questionnaire ¥4 & H.ekg
Al AAl =4 SN FY Tes AT o T A, Zhelt 79k 2 A Holy & WHES AlQbe
WA sk ShEAke] w wAY, 4= A, £ s A ok AA 2 el A ghelgkell A dE 5 s =
dolg #& 7idet 7jwte g F&E3 & Qv HHE =AY, A= A, 1Y HskE B A AT
Albetazt gtk HEAE Sl 54 /A A9 2F olH & &8sl A 1F I A} LFol A 2fol 7t
apol 5 AFH o7 ZA4UL ol 5 B AAH R 7 A=A Flstarzt gt} o5 Fall AHFE Bl 7Rk =
=2, d= A, EA W dHelert ¥¥ g 4R Ee] Y g Aol €84 F A=A o A
Aol &&= 5 A=A v A8kt g T8paLA} g

2. ¥4

1. A8 2.1. 7=k
e stzolat stEASo] 3 ZAZ s AL %4 Azt 45, F 87 A (Mean age = 22.3; S.D.
o pEHE GHoR[]], ¥ ¢%4 Apad, @] = 2.9047; 5 females)?] 54 Ho|HE EMg Q). &
g, JAH w7 A g ST AN A Az 4 5ol AA AA FFdsta +HS A P8y ‘ﬂﬁur“
e Aoz e A ﬂ?oﬂ w2 As HeolE & o]&ste] £kt o, 7+ Fa; &<k 45 &9
zZhgo] gelslsol Az Qeog Wty TIF W ¥ A8 g5 APl dY g5 A /A A
T ERE 2] Al 1Ede ded S =48 Iw 2 Jue AAsislern, 7 52 4 HoeR
= 34 ¢l Socially-Shared Regulation (SSR)E A o]Fox M=E w3l x|t (2" 1)
tH2]. SSR o] @9 8hFoll A= daks sy A%
W o ® 29 E0] 7hA 3} /\1-9_3]—8.0 gtolalz] 9%k SramE T
self-report questionnaire, 7159 A3} % FHstSG 2 m@ 3 o
WZ H7etr] 93 observation-report 7} AR&-% ¢l ‘ .

[1]. 1% $#ES SFAH3s= Group Environment — Comeras for
Questionnaire (GEQ) [3] A+#], Observation-report <@ I T
WiHel = 324 9= Creative Problem Solving (CPS) comenforh  Camers forC
SEl[4] 719k B7FA] So] AREH Ao, o] &5 Tl 1w
Ao Hoag B AR 25 A o] AR S a9 19 34 MY xR
Skl

2.2. A\ AH FTA
x EAE LEEE 7t 159 wER o § A 9l zoom(Zoom Video
w Ho=RL o g ok B (Extended Abstract) & A, B =520 2024 Communication, V=) =3} T2 7S A3} ¢
W AR Baalhe] Ao s el Ads Zol WrAlGl e Ao A0S 7| =5}

ol =3 E 79 (No. RS-2024-00355411).
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Abstract

In this paper, we propose a simulation tool that uses

Generative Al to complete musical scenes based on
scenarios, character and prop placement, and user
requirements. This tool enables users to simulate
stage direction and design with Generative Al,
fostering innovative and creative execution. It
improves collaboration efficiency between directors
and stage designers in the performing arts production
process, while also enhancing user creativity.

1. Introduction

Performing arts is expanding artistic expression
through the use of various digital technologies during
stage production. Traditionally, sound and lighting
have led to new creative possibilities in the
performing arts[1][2]. Recently, Generative Al
technologies have been introduced into stage
production[3][4], showing significant potential in
enhancing creative processes and necessitating
research on its effective application.

This study explores enhancing stage production
efficiency using Al as a simulation tool. Stage
production relies on collaboration between directors
and designers, where directors provide general
ambience and symbolic cues that designers translate
into concrete designs[5]. For example, blocking
(movement), a key aspect of directing[6], may
change in stage composition. Generative Al can
enhance this process by offering pre-implementation
for stage design and blocking. Currently, no tools
allow simultaneous visualization of stage design,
blocking, and music. By using Generative Al simulat—
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ion and visualization, this research aims to improve
creative idea development and collaboration
efficiency between directors and stage designers.

2. Concept

In the performing arts, simulation tools like
SketchUp and set design transform visual concepts
into actionable plans for the stage. However, these
tools often limit free conceptualization and struggle
with dynamic coordination between blocking and
stage elements, making it challenging to visualize
changes effectively.

To address these challenges and enhance both
efficiency and creativity, we propose the introduction
of Generative Al in the stage design and direction.
This technology enables flexible creation and
adjustment of stage designs through advanced
simulation capabilities.

3. Prototype

Figure 1: Prototype Structure Diagram

We propose a tool that uses Generative Al to
facilitate integrated stage design simulations. Our
prototype features character blocking
recommendations, background scene generation, and
background music generation. As shown in Fig 1, it
uses three beam projectors to display images onto
the floor and two walls. A webcam tracks the
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positions of characters and props. The generated
music is played through speakers, and the process
starts with a button click on the user interface.

The system allows users to place characters and
props on an empty stage and input the musical’s
scenario and requirements. OpenCV detects the
positions of characters and props on the floor, while
ChatGPT analyzes the provided script to determine
how characters should interact with the props and
recommends their blocking paths.

Figure 2: Generating process of the scene from the
musical “Singing in the Rain”

For instance, as shown in Fig 2, the script of the
musical “Singing in the Rain” is input into the tool via
the user interface. The user places the character and
streetlamps on an empty stage. The output is a
completed set that includes the character’s blocking
path, background images, and background music.

For the blocking path, ChatGPT is provided with the
script and the coordinates of the character and props
to first understand the mood of the scene and the
character’s situation. Based on this, it recommends
blocking that involves interactions with the props.
The response includes explanations based on the
coordinates where the character will move. For
example, ‘1. (300, 200): Start from the center of the
stage.” Then, these blocking paths are projected onto
the floor.

The Generative Al employed state—of-the—art
models to create the background and floor images
using Stability Al's SDXL model [7], and to generate
the music with Meta's MusicGen[8]. We implemented
a dual structure of large language models (LLMs) for
generation, as the script could not be directly
inputted. To interpret the script, we utilized Meta's
Llama-2-70b-chat[9], a prominent LLM, to initially
extract the mood and atmosphere of the scene along
with potential visual elements. This information was
then provided as input to each Generative Al to
produce the images and music. The images were
displayed through the respective beam projectors,
and the music was played through the speakers. This
setup provides the director with an audio-visual
preview of the final theatre set design, enabling real-
time adjustments as necessary.
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4, Conclusion

Our prototype was successfully demonstrated,
allowing simultaneous simulation of stage design,
blocking, and music, with the capability to repeatedly
simulate various scenes. This enables directors or
designers to input scripts and directions, visually
confirming various ideas.

Although current prototype does not fully address
all aspects of stage design, further development
could make it an invaluable tool for performing arts
production, reflecting various directing and design
intentions to provide a comprehensive simulation and
visualization experience.

The first enhancement focuses on fine—tuning LLM
blocking optimization, tailoring it to theater directing
to enable realistic and detailed stage simulations.
The second enhancement involves prompt
engineering to reduce extraneous noise in automated
content generation, ensuring image and music align
with the script. The third enhancement addresses
system optimization to overcome performance
limitations from integrating multiple APIs for image
processing, music synchronization, and motion
tracking, thereby reducing processing times and
enhancing efficiency. These enhancements will
significantly improve the dynamism and executability
of the simulation tool combining Generative Al with
performing arts.
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