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Cinematic XR - Teleport into the Video
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GAN Inversion for Out—-of—-Range Images with Geometric Transformations

Kyoungkook Kang"!, Seongtae Kim?, Sunghyun Cho'?
{Dept. of Computer Science and Engineering, *Graduate School of Artificial Intelligence} POSTECH

Abstract

In this paper, we propose a novel GAN inversion
approach to semantic manipulation of out—of-range
images that are geometrically unaligned with the
training images of a GAN model. To find a latent code
that is semantically editable, our approach inverts an
input out-of-range image into an alternative latent
space than the original latent space. We also propose
a regularized inversion method to find a proper
solution that supports semantic manipulation in the
alternative space. Our experiments show that our
approach effectively supports semantic manipulation
of out—of-range images with geometric
transformations.

1. Introduction

Recently, it has been shown that rich semantic
information is encoded in the latent space of GANSs,
and furthermore, that images can be effectively
manipulated in a semantically meaningful way by
modifying latent code. To enable such semantic
manipulation for real images, GAN inversion has
recently attracted much attention [3, 4, 5, 6]. GAN
inversion maps a real image into the latent space of a
pre—-trained GAN model. As shown in [3], for
successful semantic manipulation of real images, it is
critical to find an in—domain latent code of a pre-
trained GAN model.

Unfortunately, such in—domain latent codes can be
found only for a small fraction of real images that align
with the training images of a pre—trained GAN model.

*

3 RO gokleR (Extended Abstract) O 7A, B =F9
HE =52 dA € s AE

* EoATE 20219 Ay (ﬂrfﬂﬂaﬂiiﬂ el Ao A
HEA71E R 709 A€ (No. 2019-0-01906, <1-&FA]5 s
A A (2T gha)) 7} Sk :rLZH tho A1 (No.

2020R1C1C1014863)5 o} F A5

For example, most GAN models use geometrically
aligned face images as their training data for ease of
training. As a result, images with a small amount of
translation or other geometric transforms are out of
their ranges, i.e. images without the align method used
when creating the training set, and the previous GAN
inversion methods cannot find in—domain latent codes
for such out-of-range images. This severely limits the
applicability of semantic editing of real images using
GAN inversion.

In this paper, we propose a novel GAN inversion
approach to semantic manipulation of out—-of-range
images. Specifically, Our approach inverts an image
that is geometrically unaligned with the training
images for the StyleGAN [1] and StyleGANZ2 [2]
frameworks. To this end, we propose to invert an
image into another space F /W™ space. To find a in-
domain latent code in the F /W™ space that faithfully
reconstructs the input image and supports semantic
manipulation, we also propose a regularization
approach for the F /W space based on an encoder
network.

2. Our Approach

StyleGAN frameworks [1, 2] have a unique
intermediate latent space, and weW 1is fed to
multiple layers of different scales of the generator to
control the style of each scale. For StyleGAN
inversion, more extended latent space WT is
generally used to enhance the reconstruction accuracy
[4]. A wr e W* is a set of w vectors {wy,w,, ...,wy},
where each w is the input of each layer.

Nonetheless, GAN inversion to the extended latent
space W still fails to find an in—domain latent code
for out-of-range images as discussed in Sec. 1. To
overcome this limitation, we propose another latent
space F /W?* where each element w* in the space is
defined as w* = (f,wy;). Wy, is a subset of w™
which is the inputs of the layers larger than a specific



Inversion
results

Editing
results

(b) Im2s

(a) GT

Figure 1. Qualitative comparison of the reconstruction
quality and editing quality of different methods on
geometrically transformed images. We sample 50 images
from the CelebA-HQ dataset and applied different degrees
of translation, rotation, and scaling. In this example, an input
image is rotated by 20 degrees, and aging editing is applied.

Mth layer for the fine scales of the generator. f is a
coarse—scale feature map of the generator before the
Mth layer. In our experiments, we test two scales,
8 x 8 and 16 x 16, for f.

The F /Wt space provides a couple of nice
properties that enable semantic editing of out—-of-
range images. First, compared to {wy,..,wy_1}, f can
represent a wider range of images including images
with geometric transformations, as f has a greater
degree of freedom. Second, wy, is invariant to
translations of images, as it is the input of the spatially
global operation of the StyleGAN frameworks.

To enable semantic manipulation for out-of-range
images, both f and wy, must be in proper domains.
To this end, we adopt a regularized optimization
scheme both on f and wy,. For wy,, we adopt the
P —norm*t space-based regularization proposed by
Zhu et al. [5]. For f, we first find an initial latent code
f° that lies in the extended domain of f using an
encoder E and find a latent code f thatis close to f°.

For the training of the encoder, we sample latent
codes (f9,wg.) and its image I and train our
encoder E with a loss function defined as:

Lene = ”G(E(I) WM+ - 1”2

2

+1 ||F (G(E(l) wit ) - F(I)”
where A is a weight to balance two terms, and F is a
LPIPS [7] network to calculate perceptual similarity.
The encoder has a VGG-like architecture consisting
of 11 convolution blocks and three pooling layers. Our
training procedure does not use geometrically
transformed images. Nevertheless, our encoder still
performs effectively for geometrically transformed
images thanks to the spatially—invariant property of
CNNes.
3. Experimental Results

(a) Input

(b) Im2S

(c) IDinvert | g

Ours
(d) (16x16)

Figure 2. Qualitative comparison of the reconstruction
quality and editing quality of different methods on natural
images. The input images on the top row are collected from
the internet. We use StyleGAN [1] models pre-trained on
the LSUN bedroom and tower datasets.

We compare our method with recent state—of—the—
art approaches: IDinvert[3], Im2S [4], and PSP [6].
Figure 1 shows a reconstruction and editing quality
comparison. The figure shows that our 16x16
version can reconstruct input image and successfully
edit inversion result. Only Im2S shows high—quality
reconstruction results. However, due to the lacks in-
domain constraints, Im2S tends to produce out-of-
domain latent codes that are not semantically editable.

Due to the large diversity of natural images, it is
difficult to accurately reconstruct and edit a natural
image using previous GAN inversion approaches. On
the other hand, thanks to the high degree-of-freedom
of the F/W?' space, our approach is especially
effective in handling such natural images. Figure 2
shows reconstruction and editing quality comparisons.
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Accelerating Probabilistic Volumetric Mapping using Ray—Tracing Graphics Hardware
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Abstract

Probabilistic volumetric mapping (PVM) represents
a 3D environmental map for an autonomous robotic
navigational task. A popular implementation such as
Octomap relies on an octree to represent a PVM
and its main bottleneck lies in massive ray—shooting
to determine the occupancy of the underlying
volumetric voxel grids. In this paper, we propose
GPU-based ray shooting to drastically improve the
ray shooting performance in Octomap. Our main
idea is based on the use of the recent ray-tracing
RTX GPU. Our ray-shooting first maps leaf-level
voxels in the given octree to a set of axis—aligned
bounding boxes (AABBs) and employ massively
parallel ray shooting on them using GPUs to find
free and occupied voxels. These are fed back into
the CPU to update the voxel occupancy and
restructure the octree. In our experiments, we have
observed more than three-orders—of-magnitude
performance improvement in terms of ray shooting
using ray-tracing GPU over a state-of-the-art
Octomap CPU  implementation, where the
benchmarking environments consist of more than
77K points and 25AK~34 K voxel grids.

1. Introduction

3D mapping is an essential component for
autonomous navigational tasks since the accuracy
of 3D mapping significantly affects estimating the
surroundings where the robot is deployed. PVM is a
popular strategy for representing such 3D maps. As
a choice for volumetric reconstruction, an octree is
a de facto standard. Octomap[1] is a state—of-the-
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art 1mplementation for PVM using the octree
representation that consists of the following steps
to build a PVM: 1) Scan and generate a point cloud
for the environment. 2) Shoot rays toward each
point in the point cloud. 3) Find and identify free or
occupied voxels in the observed space. 4) Update
the octree with updated occupancy. Often, the
second and third steps, i.e., the ray—shooting step,
are the most time—-consuming operation. In this
paper, we perform GPU-based ray shooting to
drastically improve the ray shooting performance in
Octomap, which is the main bottleneck in octree-
based PVM. In our experiments, we have observed
more than three-orders—-of—-magnitude performance
improvement in terms of ray shooting using ray-
tracing RTX GPU over an Octomap CPU
implementation.

2. GPU-Accelerated Ray Shooting

2.1. Fast and Massively—parallel Ray Shooting on
GPU

Since ray-tracing is a computationally intensive
technique, dedicated hardware support is highly
beneficial. Timely, NVIDIA introduced and started
to mass—-produce ray tracing hardware, known as
RTX. Many RT cores installed in the RTX consist
of two units, one responsible for the bounding
volume hierarchy (BVH) traversal and the other for
ray—triangle or ray—-AABB intersection test. Also,
shader programs in the RTX pipeline are executed
in a massively—parallel fashion for all rays[2].

2.2. Mapping an Octree on CPU to AABBs on GPU

In order to leverage GPU-accelerated ray shooting
for an octree, the voxel elements of the octree
must be converted to geometric primitives that the
ray—tracing GPU such as the RTX can process,
which should be a set of triangles or AABBs in case
of RTX. In our problem, we opt for AABBs as target
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AABBs

Figure 1: (left) spatial subdivision with different labels to
represent occupied (blue), free (green), or unknown (gray) voxel
space, (right) an octree representation on CPU with leaf-level
nodes highlighted in yellow, and a set of AABBs on GPU that
correspond to the leaf-level voxel nodes on CPU.

primitives as their geometries are close to the
shape of a voxel. Specifically, we convert all leaf-
level voxels in an octree to individual AABBs.

As illustrated in Fig. 1, a leaf-level voxel is mapped
to an AABB by matching their geometries including
the position and size. After all leaf-level voxels are
converted to a set of AABBSs, they are uploaded to
the GPU, and the RTX GPU builds a bounding
volume hierarchy (BVH) of AABBs.

2.3. Massively—Parallel Ray Shooting

Once the BVH of AABB is computed on GPUs, we
set up multiple rays in the ray generation shader
and shoot them. The direction of each ray is
defined by the sensor origin (ray start) and the
position of each point (ray end) in the cloud. All
AABBs intersected with a given ray are found
within the ray's extent. When ray—-AABB
intersection occurs, determining the occupancy of
the voxel is performed in the intersection shader.

Figure 2: (left) leaf-level voxels mapped to a set of AABBsS,
(right) subdivision to the finest resolution for occupancy labeling.

We use CPU for octree and occupancy update using
Octomap, and the Octomap expects voxels of the
finest resolution in the octree as a result of ray
shooting. In order to meet this interfacing
requirement, if the size of an AABB intersected
with a ray is greater than that of a finest-resolution
voxel, we subdivide the subspace that the ray
traverses to a set of sub-voxels in the finest
resolution (typically 16) using DDA. These voxels
are labeled as free except that the voxel containing
the endpoint of the ray is labeled as occupied. Fig.
2 illustrates this situation. If the intersection of ray
and AABB no longer occurs, the miss shader is
executed to simply terminate the ray shooting.
After a set of voxels hit by rays are found, octree

-10 -

and occupancy update are executed on the CPU by
sending the voxel data back to the CPU.

3. Experiments and Results

GPU-based ray shooting for map building was
implemented on NVIDIA's RTX 2080 GPU. The
acquired point cloud data is built into an octree with
a maximum depth of 16, corresponding to 25AK~34K
leaf-level voxels.

-
(d)
Figure 3: (top) the target scene, (bottom) the corresponding hit

count of rays with voxels in the space; as the color changes
from blue to red, more voxels are intersected with rays.

(a)

()

Fig. 3 illustrates five views from different
viewpoints. Here, we shoot 320x240 rays (76,800
rays) per view to collect and identify octree cells.
Table 1 is the result of evaluating ray shooting time
for each view shown in Fig. 3. GPU-based ray
shooting can be performed three-orders—of-
magnitude faster than CPU-based ray shooting on
average excluding GPU-CPU readback. Even
though GPU-CPU readback time is included, the
performance improvement is still two—orders—of-
magnitude faster than the CPU version.

Table 1: Comparisons of Ray Shooting Performance on Octomap
(CPU) and Ours (GPU), and Timing Breakdown

Benchmarking Views (a) (b) (c) (d)

# of Free. Occupied or Unknown Voxels in Octree 25515 33,806 34,412 21,832

Octomap (CPU)  Ray Shooting (ms) 886.83 144652 1,349.87  1.294.31
Build BVH (ms) 0.59 0.63 0.58 0.55
Ours (GPU) Ray Shooting (ms) 1.42 1.67 2.07 1.14

Readback from GPU to CPU (ms) 14.19 14.63 14.39 14.23

4. Conclusions

In this paper, we propose GPU-based ray shooting
to improve the ray shooting performance, which is
the main bottleneck, in the state—of-the—-art PVM
algorithm such as Octomap. The limitation is that
the octree itself is not maintained on GPUs but CPU.
However, this can be addressed in the future using
various GPU-based octree maintenance techniques.

References

[1TA. Hornung, K. M. Wurm, M. Bennewitz, C. Stachniss,
and W. Burgard, OctoMap: An efficient probabilistic 3D
mapping framework based on octrees, Autonomous Robots,
34(3):189-206, 2013.

[2] M. Stich, Introduction to NVIDIA RTX and DirectX Ray
Tracing, https://devblogs.nvidia.com/introductionnvidia-
rix-directx-ray-tracing/, 2018



) A3F3 6;1[-%\?31—_;:

i
=

o

] 2021 g1 3] A

[e)
=4

PP 2HE AN A Tk I A4

=47, AQF, o5&
E R EIOE L R

{gwangjin, wonjong, leesy}@postech.ac.kr

Realistic Talking Head Generation from Audio Input

Gwangjin Ju, Wonjong Jang, Seungyong Lee
Graduate School of Artificial Intelligence, POSTECH

ao
2 =dAe shue o= Ay dF Ao =2HH
AP TEte das A RS Al o
Fde dm EAHS T xdow ALEsld S
d= A Alole dASY,. olE T a&FH9
encoder % decoder® TAE 4 Qlth. EISE o7]A
Alekgk StyleGANol| 7]wHgk G-%<1 StyleUNet 12
=

3 B AR S A

A ¥ o] skip-connection®
43 4

o

Y do
tlo oX, X

o A aLxp]l
3 3}aL, encoder®}t decoder
3ch, m3l StyleGAN([1]
AlQrato] = ARl skt
gt olE Fal Al
d= 2 A 2d d=
Al FEo = o] Folxit,
Audio-to-lip E& 4o
st A=

A 22 -

o

d=S A
audio-to-lip =9,
A md=z = 37}

a =

N
°,

o o N,

>
o @ e &

o
of kT oX o 1
£ 4
o 1 2 rlo I

o
2,

* TR
P B R AIEAREAT Y Ao AuEAs|dEste
o] A Y& ol FYPA A9 IITP-2020-0-01649, wleol=

TZopAlobst FEATHY Z=AE; NTP-2015-
0-00174, SW =E}=})

-11 -

S5 0 BEEA g 4 ol FolArietE A
37 B A4S gA = ok
2. ¥8& o] &3 42 ¥ Y 22
B ERdA Agtd male] AAH TR ofd 11
3 2,
)}ij’{*’
,_.,.l.I.I.,,_.,.,.,.,.l.l.ﬁ.ﬁ £ T —D
Lip landmark

Audio input displacement vectors

Frontalize &

Criver landmarks

Landmark
detection

3D landmarks

Target image

" Target image
input

input

a1 Ate 2 g2

Generated output

2.1. Audio—to-lip =&

Audio-to-lip 222 4 4 ASE o] &3t 49
BFS d5et, o] W &4 Az dSd FAAES
a5 £ xS LSTM RES o] &gkt
w4 A%+ 50mse WHAE 2 40msnith FE¢
MFCC 54 #& F=sto] 359 49 dolHzE A
ek Sh4re) AROR ARgHE gl EYHe mE
Watd | FHE B4 PR 9830 Ao §49n
BAE Aug e @ 5 sao 49 dolgHz A
gk,
=g mdo] S4% Ao R WA Fud F 9
52 588 RS g2 dYsE BEh 9 B
s Ao w ot o]¢k A audio-to-lip o] &
Aol sldete o8 dZde BAE FHoR
ATes Wtk
AFHoR g4e AT B4 F5E okt 2k

Llip =E [”Lpredict - LGT”z + ”Lpredict - Lprior||2

+ crossentropy(Pyrea PGT)]

o [e)
49, A% 49 &4

o] LGT‘—:T

2] o)

=

9/]



St e el E A e g 2021 gt g sty

olth. Lyrior = M'T _—%%Oﬂ st A de &
Z}%}O]U:] pred—l_l———‘ Oﬂt"lz_q:} —%%, PGT—I_L:‘ Xé% %%O]q—
2.2. 42 =4 A 2L

Abgto]l IS 3w 7= AAdaEE 2AYS AdSH
71 18 2 AIZRe] S F aEsteE 2]l
Transformer[2]9] FZE& o]&3le] ndS A3}
gt dolHE o8 94 dolgodA d=o AW wEk
& FEot A& gt

2.3. 42 94 AP =d

o] Y2 target encoder, driver encoder, ZL&]il

StyleGAN=S- decoder® ©|&3%t encoder—-decoder -
ZE o]&3sto] AAxE F4S g

A= GAF A IO target encoders
driver encodere AAE €= 5AH o
3o & A feature mapd ¢EH
=T}, Decoder?l StyleGANS Y+ encoderol
Y WEZEYH g4S S o o &4 ¥WH=
S5 oA JHIE & HFET) depxjn=z
encoderZ ¥ w2 @79 feature maps skip
connection® & ol Mgt &S HUgir},

A€oz 5o
2 g o
il
>
>
2. o

Mo

s
=

=

2 rlo 12

du N Y 2P g5 3dAR FAdEH. A
HA @A E=  FFHQ dataset® w|g k5

StyleGANS t)4} datasetd] fine—tuned}®] decoderZE
stttk & HA dAlolA = target  encoder$}
decoder?S ©|&3] auto-encoder®d % 3st4= g
&3t Al WA GAol A= driver encoder7bA] X33}
of AA 2SS ghEsith o] dAY FgFeAeE 22
Atehe] o2 4 271 E o] 83 self-face reenactment
o] PR gFItunR g gdo] EAlskH, ol & ol &
sk A &4 ofek )

Lface = LGAN + Apixeleixel + AperceptLpercept + AidentityLidentity

+ AlandmarkLlandmark

Lgan< adversarial loss, Lyiye o pixelwise L1 loss©]t.

[e) [e)
Lypercepes Derceptual 10ssO1™, Ligenpiy < B A2 B2
g8 ©]83F identity preservation 10ss, Lignamarcs 73
9 @AY 5AA ApolE o] &3k & o] =

o 7k Aol

2}2}

w

23

E=FEAA A d.e VoxCelebl1[4]19]
Az FAANA F=3 EHH, a8 &
ol e 2 ARE-SHr,

el =

L
1% o2
Iy o

)

3.1. Audio-to-lip 29

o] Xdo] AE o]&3}l mean squared error(MSE)
5 33 4% 012669 AHE BT

-12 -

3.2. 942 94 A8 =4

Y 2E9 g JHS A 949 peak signal-
to-noise ratio(PSNR)& A3 4-¢ 2 =& Aot

3 Rde 23642, 7]¥ face reenactment T¢I

MarioNETte[3]+= 23.244°] A3E Holw, Ay= of
g 23} g

Driver MarioNETte
0% 2 9F 9 A4 2 s vw

Ours

Target

24 NEEYE
1Zetgon o A AT G
HAds7l 98l StyleGANS 7]¥Ho 23k StyleUNet=
Akstel, Alore male g G g Algolw

AE AR Az 44T & Ak

= LSTM +%= o] &3]

e

[1] Tero Karras, Samuli Laine, Miika Aittala, Janne Hellsten,
Jaakko Lehtinen, and Timo Aila. Analyzing and Improving
the Image Quality of StyleGAN. In Proc. CVPR, 2020.

[2] Ashish Vaswani, Noam Shazeer, Niki Parmar, Jakob
Uszkoreit, Llion Jones, Aidan N Gomez, Lukasz Kaiser, and
I1lia Polosukhin. Attention is all you need. /n Proc. NIPS,
2017.

[3] Sungjoo Ha, Martin Kersner, Beomsu Kim, Seokjun Seo,
and Dongyoung Kim. MarioNETte: Few-shot face
reenactment preserving identity of unseen targets. /n Proc.
AAAI 2020.

[4] Arsha Nagrani, Joon Son Chung, and Andrew Zisserman.
Voxceleb: a large-scale speaker identification dataset. /n
Proc. INTERSPEECH, 2017.



=1

= 5

=2 A EHIA

o 3],

A74A dHlolEle] =

xRN

AN AR
dlehgol414@gmail.com, skrcjstk@yonsei.ac.kr, iklee@yonsei.ac.kr

ElE

5t3] 2021 St=th 3] t=

Rpole] A Q14"

o]elH

Fel gt

Reasoning Relationship between Entities for Physics Simulation and Mocap Data

Dohae Lee’, Young Jin Oh, In-Kwon Lee
Dept. of Computer Science, Yonsei University

act

=

MAEl M= &
Al=8 & JRA Aol
neural network 7]¥ke
olgfgt WHES o] &
MEE ofymold dHoly 5

A L BAE FESD v 532
7bhsskslth. sAIRE, ol A& ]/\1 At
A28 & A9 *’FE EEH‘/}, A 9]
olEle] #-&3}7] S R
s ZHA 5"7]'01]

2

oL
ot

A
wAE

o
27 A

o

L

L

=i

j

3

o

g oL
i e
i sy, 2
fo & >

=7 )-

rlo
rLl
2, N O

=

=

u:—'~—-
o
o A §

o,
off
-

i yo tlo

o

(]

=

T

rot
ol
i)

1 rlo o,

71E ‘ﬂ“ﬂ‘é

g Ages &

X

ry

—
X
rft

B g A 2"E JfAEe] AR
3w AEAges Azxwe oudt,
deole et AE ool d dojy 5ol
~elo] dgetid], ol5e Axtol
ol Walshe 4 ad=z yed
i;_q-& }\]/\EJ].Q_ #Hs ] =AA
q_u:] }\]/\Eﬂo )

— =
1:0]

Jefatar 7hA o] AJeastE o
Ewol & 5 Qv dE 50, 2AlEc] M=
%EW UAE Ha %iﬂ%% o, =4 I+
ofeto =M A Alx®lg ol sl |
, = Ae] T FZ.% H ggs]

0] =
PR

_i
= %0

O o
™

o rfr

0,

- — O
=w©

o

T e o o
H £

N il

=
.0_
=

x

B
ri T
E
m
rlO i;

Q OFL=JL

R RS LN

publicationol] A& F

# B AFE AR (FE|EHREAT) AYoeR SaAdFAT
o] #9943 (No. NRF-2020R1A2C2014622) #}3}7]<4 HEA 2
9 GJREFA7|EH/ ] WICTATFAH AL A AF+-2 3
= A (ITP-2021-2018-0-01419%).

f o

(Extended Abstract)2.2A, &4 t&

M

=

=

-13-

Spring

Gravity

—_

-

L

2 =TolA Acts)
429 dHH=z g
naAY #AV B3
(29 1.

3

21. 24 &

%‘

s

2.

= %’E-Eroﬂ ’\1
network
A 2

Aot
1 7IRke] AlF-
i‘ﬂ A "y,

2rde %719 graph neural
HESaZ #4539

2.1.1. &4 Q=Y
A dFZY= A AE FagE Al
Ao AElE @Este] JfA Alele] BAE
EYFolt}. WA, #A <AFEE edge?
st nf7k ¢ EFawlol A L] WAl A <]

7b edge JHIE UIClE dh= g5 Tbe

o



fsig
8l

e 12 o

TJ#F A 83] 2021 sh<rv) 3] Sk

A

=

i o g &i 1
b | | N\ / S
(a) (b) (c) (d)
a8 2: 3 A HEE 23y HH Ao B3

wf, ¢ EFA=gol A A JHA Abele] edge JE|
sf; = F(nf,nf,sfit)elth, S8e A7beet 2 =2s o3
alo] edge FEIE AUOIE g ¥ edge FEHIEFH I
A Ato] IAE FE3T} (7} edge FEIZH-EH A9
BEY¥E2 ZFH3:= d<40lx, ~7} reparameterization
tricks o]&st AMZHA o, i,jAA WA Aro]e] TA

ry~G(sf;) el Tk
2.1.2 B4 gt

A tazhe B4 dz:EdA
dAE 54 ARt Ao HAE
EfQl=gle] 58 Fof A A
olt}. K7} /WA Abole skl AAt
Ha A7 i HA A NA A
K(nf,nf,ry) ol ek, J7F AAe] el s
9 o, A Ax e e AE it =

—

X

.

=ol A Aotsts REe 371K &4 E o] &
NA e o= loss, KL divergence
loss, ZL8]a A A=A} loss. WA Al <= loss
A Yz rt A5 AL v dEiet ground
truth Ae] 7+e] A5 H 2xFeoltl. KL divergence
lossv= A WY 7} dA5e #¥7F A2 E 0
2rE fRedrh viARo . # EFAAF lossE af
vho] oA ofe] AlFte| AA F23 I WHE

T

1
R

o] EFHAXE Tt TR, 2o AAES FdHEE W
A HE Afele] ztel7l EAEEE f RS
3. 4% # 2%

3.1. glo]gAl

-14 -

i 8 : i

4 < :'- -

RS - R B
. o ' - - .. "
(a) Truth (b) NRI [2] (c) dNRI [3] (d) Ours

ECER EEREESDERE

Al oA

L. ﬂ
Fgsto] e Wl 4

=

°|H

gol A HolH

it

o] ulEA EA| Ateo] BAE FES=
stol, #A WEHE A Fast 234
o (2™ 2). 29 29 ab,c, 28
A F7F 2,34, 283 10070
A WHES XS ol
THE ov|gtt. 1y 264

sh=
AE AL Aoks =

o, X
Mmoo
o, .
NI ro,
=25
ol
B N
o

f

N
~

A

o
1

-

£

ﬂlrﬁ‘y
o

b}

2
|t
=
rlo

o ¢
2 & o

r
1o md
¥ 1k

=

@ o N
32

oll O,

o

ol
-

dlo

w
o
ta
[
A
A

(o]
0,
rot
td
e

.

2,

golEol A wael vd &
Pekoe (19 3). 1Y 3
ol o5 49 Bg] 2]
w3

of

&/

e g
|\
ol
-

ko

—

L

.
w

o fo 1o Kl o

fo o
lo

L o
&

8=

O

10, po o Ho T N
g

Bt <)

0, 3
2+

H i
flo 2 fo,

=)
o

-
f

o

i

U?H -

= T >
o B

e
K
rl

&

[1] E. Scarselli, M. Gori, A. C. Tsoi, M. Hagenbuchner, and G.
Monfardini.The graph neural network model. IEEE Transactions
on Neural Networks,20(1):61-80, 2009

[2] Thomas Kipf, Ethan Fetaya, Kuan-Chieh Wang, Max Welling,
and RichardZemel. Neural relational inference for interacting
systems. In InternationalConference on Machine Learning, pages
2688-2697, 2018.

[3] Colin Graber and Alexander G Schwing. Dynamic neural
relational inference. In Computer Vision and Pattern Recognition,
pages 8513-8522,2020.

[4] CMU. Carnegie-mellon motion
2003.URLhttp://mocap.cs.cmu.edu.

capture  database.



PointNet& ©]-&3F

a) =] 50

1T O

SRS = 2 8hE) 2021 St th 3] St A

#

AR TGt AAzE oS

o, o]l

o Aﬂq.lé‘]—_! 74
jh9604 @yonsei.ac.kr, dlehgo1414@gmail.com, iklee@yonsei.ac.kr

FE 75} 3}

Predicting Softbody Dynamics Using PointNet in Real Time

Jin—hyung Park’, Do—hae Lee, In-Kwon Lee
Dept. of Computer Science, Yonsei University

aof
[AGE ol 8stel gl Wy A= AT
so wol EAEAE, F2 CG dlolEs} 2o p

Aeld S A golo A T8 Ko & a7d

AR - A el R mA 2 o}‘:
Ak WhH e yE £3 Al A9 _1]:1_1:—]1
A gska, /\1)\]7} JAF o =o
ro g A v g o

solA FEA &8d

X

of

1. A&

ﬂllﬂ!
°
5y

7S AlAI A AAY A, 18
(particle) 52 A 93} %31 ?ﬂ’bﬁ%
2 3 AFHa 9l

A5l A9} & ?41%2 Olﬁo}@ D}CH %i
ol ARE 5T F A, NRI[3]&
OlFARE 7|Hto g A} Alele] H|AE Tié}

AR} sHAEH

=Ae] v o]FHEE 5T F

A dlo]E 7t ol A dlolH=E <AA(softbody)d] ©]

AR} PAWMSLE dS5che WHS Actd vb g
Eo4 7(4?_]

[Slde]
==

o]

0 % o
Hﬁmmm

N
-

g AN A elBAe R
= g 4 o wEa s dolEE gade
WM5E Yolale] AT 4 AL, 7 Tedww
ol m%mg— A7 setatel QiAle] gA9L
G oot 2, s deld el e A
A QA HolHE daow gleEy] wrel,

r
(o]

=2 ot
ru

£

£ 1o [
IR

e},

[>
i
E
&
I
r-{u

SR F AL =

=3(Extended Abstract)"i’ﬂ Zz7] A4+ 2

r‘rm e e K

AR (e ARB ) APoR gard At
A3 (No. NRF-2020R1A2C2014622) #3744 HEA 5
AREN7 8GN QEHCTAFAE AYAG el A3 A}
SRS (ITP-2021-2018-0-01419%).

W)(‘EE*—E**

-15-

a9 1: (@ dAe 271/4A 2, (e HFe
AL AHste] A st dAE AH FE
ste] HolElE FAsoF ek o w, A= v A1z
sldsta iAol Aol F7] wiEol Az tellM F
=3 42 07F A1 t+ 194 FER JAE S oW
Pl teH=A AT = ot F, 7 ZedE=
PAEe dsdAE Fd & g7l wEell, 4R
wAYE A5 olH

v AT 4 ZUdEE dAEY &7 FES R
Aol ol AAe] v dHE A5E + e 2l
= Aggo= oY oS sfAstt
2. Y

2.1 "oy A4

2.1.1 714 ©lolg A B =M
olH & *3“8}71 93 Box2D AlE#O]E S AL&
AAel BHE nfel 229 PAES] HF {0;11<
isn}om Boggon, |i—j| (In 2 A2 0% 0
Hge] gl &5 5 ;2 AdHo] A (¥ D).

7V A
ot

2.1.2 AAAA dolel A4 AAAA dolElE A4
71 S ofel Axsh sl A4 9 s

& Fets Bgsa, AA GFHE THFE nA
o QAT FEAT. 44T A0F TS 33

7| B9 A58t A 2 a9 cx o
we A2 (9 1.



APEED Mool
x| Y (P — - Ay Y 8Y —
—l-’ T *xz7) -
94%] 8 (Y - . )
=4 527|

Y Sy (F9) 1
=q uRicE
«E gsyeEy — A5y — (ptf)

22 B4 3%

2 AT A Alotel= WH-2 2ol dHe= YA
E9 A #BAglel LS ;e dS5ehe
PointNet[4] 7]¥ke] mdlS o]&3ict (d 2). $g
Ao A7 -2, t—-1, tY UM AAE2] 914
pt=2 pt=1 ptg Q¥ wrolx ¢+ 1Y wje] YAE9
A pHIE oS3}, o] w, 7; /\] ’ HZ A=
TA7F A2 GEA A9 ddes, 8 a2 A1)

HHE e Auvz e >

=]

9lt}. PointNetd]

25 28 54 FE70M= MLPE E& A
2 A9 5AS FE= 5 A9 #ko oA #AR

o] Fdgt ALkS s+ dl A (max pooling) & A A
Ao EA Ft2 F&l, F1E FE30} 7ZF AJZH=E
225 A9 EASL 3709 LSTM layer$t Fully-
Connected layer® TFAH oS JHAHY t+1Y9

(e} ‘] Pt+1g aﬂ_l‘—]q_.

2.3 5d &4

WA, $2e 7 delHE EES AR FHAY
S AA dolg®E R2YS v ZAH(fine—tuning) 31 TF.
M 24 Al BF FE715 AT dEelA oAF

gk A sk AR v A Al
H

el AR §1A9 welo]

Distancegs H| &%= AMEste] ZES —Er?i/\]ﬁr/}-
3. 43 2 43

T e AAE 2% R FFS FFe A 3
N ZHAE ActE Edo gt & v TS
dEstes At &3, dgsts YAE T4
P A e 8 BEY Aes dFd] A o
AEs 54 HAx, y FHx 7)o FEdA 49
W= 7)1 8 A A oS3l vlugit)

gy 3. (e 8 2y 72 £33 Aol o=
sk g Qle] Jgel wE 734 9A LAE, 19 3.
(b)E 74 FH A5 vlugk agzoelt, 9] Ak
v dAe FAXS FASE AA dAES A}
Bdo]  d gt oM JAE A}ol9]  Chamfer

i

Distance& ¢|v|stal, & 2=

-16 -

—— Ours
Baseline

0.004

—— Qurs / 0005 ]
” Baseline a
/ i |
f
f
|

0.003

Position Error
Shape Error

0.002

0001

0 10 20 30 0 s0 60 [ 10 20 ) 40 50 60

Timestep Timestep
(@) (b)
¥ 3: (= 4 BHle] d53 =z el wE A
AX o3k, (b 4 Fu o3

(@
a9 4: ()= AA

D)
A, e A )
N #8 A% e o5y

—Lg

(O

AA JAEY A 47 Aol HEF JAES
He olFsA F, AAES wEbA FAS 47 o
e W A= G995 AHES vt T A%
of W= Aoty AL E 3 Ay mde u
& AA ] 1A FAE © AHEEA oA Ft

a9 4. (v AA 94, 2893 b (o Agtd
Rz 7)E F3 AW Bdo] o3 34WA i

r}'ﬂ: 1_,n
e
riet
4

Q1)

AA €]

Aot melo] w
M Zede o A A3 ar

)

4. 28

B oA A4 AAdAe aA B
ARl vle) AHE Ao o et
Ak o2 B3 7 mogue AqE 7
9 #A47 HAGHoloE 5 A5
Azl gARNE wF Al A5
e, ke sk gl oE mad

e AZH) A8 F74H9 Agol Bast

rR oXx ok
ol g

2

st ¥

R

oo yo 10, o

i<}
N
ol

nZL'

SR |

[1] D.Mrowca, C. Zhuang, E.Wang, N.Haber, L.Fei-Fei,
J.B.Tenenbaum, D.L.K.Yamins, Flexible Neural
Representation for Physics Prediction, NIPS, 2018

[2] A.S.Gonzalez, J.Godwin, T.Pfaff, R.Ying, JLeskovec,
P.W.Battaglia, Learning to simulate complect physics with
graph networks, /CML, 2020

[3] TKipf, E.Fetaya, K.Wang, M.Welling, R.Zemel, Neural
relational inference for interacting systems, /CML, 2018

[4] C.R.Qi, H.Su, K.Mo, L.J.Guibas, PointNet: Deep Learning
on Point Sets for 3D Classification, CVPR, 2017.



BHA-BZF 718 A7) A& o) A"

ol &A° ¢9%, o]xs, o]UA
AA et A 57H st
{yoonglh, skrcjstk, dlehgo1414, iklee}@yonsei.ac.kr

Correction-Interpolation based Smoke Simulation

Yunjee Lee’, Young Jin Oh, Dohae Lee, In-Kwon Lee
Dept. of Computer Science, Yonsei University

1. A&
HEHQ =8 7IN AlE
o, Augk Algdeld 4l
jq‘ }‘]Zl' o] —‘QE.’B‘}U} —%]E‘ Correction Interpolation
A AEeo e ANFE Fol Sk Network Network
W Eo] ks A4E I
HejdS o] &sto] mf =
A4 w2 AHeAT
g AlEHoldS AT
WS ARgste] BiHg o
A vt 2]. shARE
H1 @) A2 By o Preon
Ao el e 77t A7) wiite] #E AIRE Fehe ALt a9 2 Aok W Ale
sogts Qa7 wAlSTH (11 t=4.0). wEbA o] A}
ofF RS dA e gelx® ARdeld At qg a2 geag AgdeldoR AN AnE By
Apel7h gtk weba Al Algellolde] HEs7] oY yEeegges =g o vlola® A Eyolde Axtel
o 2 Aol AlEHCIA AdE HEYder BA SAFIA R AT geow RAR zy i A
2 onshs WA om ofed AT FEEL JIE W g mye) Alelg w3 WEHAE B nigoRH
g 7Rk AlgEold WA REY o w2 gshek By I IS (frame rate)S =2t}
& A g

2.1. 2 YEH A (Correction Network)
2. By

A JEYIE Z ggxaE AEgolHde] ZAute] W
el Adehs e a9 2 el AR g g s b8 e N2 BY B BRlad A%

=

orerd EELCAECE

doldor An Astel vl

E— ;8; fﬁé dEae] F28 e dis AEd ol
* 2 =g 9ok (Extended Abstract) 224, Z7] A5 A a8 At ;é“iﬂ 7 S8 8]lojth wepA B
*iﬁ@?b ARG g1 Adez A Ad dol 53 M= p 5 F3 EF(optical flow)s &3l
of A3 (No. ;IIQF—z?(iJz?)RﬁECTzo1462;33%772%;—?5 TR nAstoRM B AusA s3] W
%8l ARy Sgsbee] teHCTAFAE A dArgl el At A, B JERe Fet 55 FE A5 F, oE v
A%z FAHAS (ITP-2021-2018-0-01419%) gog i»x 9% 0,2 9 (warping) 3},

-17 -



SHar A e e A~ 8h3] 2021 &3] Sautn s

p F l

Warp

o e b

Correction

X +

_ Network P1

Vo a

a¥ 3 24 JEYA 72 M8
0, ome Adel 58 A4F s Asd AF

e o &3t Ve oM HFHoRE AW o
A=t} BA UEYIE CNN 718 elxH -t 3y

Zo| skip-connection®Z AAFH U-Neto =
of &4 g L2 ts 2ol Aotk

N oo 2 Y

= ApLlopt ApLyp T AvLy + 4wyt AgvLyy + Ay

L, ground truth(gt) dx<ke] L1 E&2(L1 loss),
Lpe gt Bxeke] A7} E4(perceptual loss)eltt.
Ly gt %9k L1 &4, L, gt x99 A7t
Edolth L,y = gt H JHAESS] L1 &40
th L= 0,9 o AMOlE EZF MEYIE F3
st Ade} gto] L1 Aot A, .. 7
Z} 3ol ZhgA| ol

2.2. 37 Y/E9I 3 (Interpolation Network)

B UEYI=
U-Net 7]4HF 2 F
&313l o,

3. 43 2 23

MantaFlow[4]& ©o]&3}o] g
shth. 22 B2 0.5,
ARt S5 HlolE= AlF
AR g2 eBydaglon AEdoldd
2= FAHT AF delE= & 2007,
g 128 gow AT AE
2®log sk 28 A4ke & AAS Bdg vg 9B
H AWZRE gA & gdagoz ALt
A WEsiglth o] Ad3E = 7|nt
Bl sl om Aqkgk Adet Fge 9

ki3

!

e
==
o

[e]

bl
A4

Ko
=

N

-

o]
o

o 2 g

28] A5 o]

-18 -

7

pul

¥ 1: 12829 AA

_,d
o

Rix

DeepFluids
5.36

Physics—Based
6.12

ours
4.70

Time (s)

3.2. £ 4

(

1
D
Ml
.

Y A F AEE =
eepFluids[1]¢} Hlaek Az
3 Y ~(inference) A1+ A
Zpzyell el o 30%, 14%

¢

A

o g ©, T ky

o]

o

o B4 2 B3
AN AT A

N >or v

e

[1] Kim, Byungsoo, et al, Deep fluids: A generative
network for parameterized fluid simulations,
Graphics Forum, Vol. 38, No. 2, 2019.

[2] Oh, Young Jin, and In-Kwon Lee, Two-step Temporal
Interpolation Network Using Forward Advection for
Efficient Smoke Simulation,
Vol. 40, No. 2, 2021.

[3] Wang, Ting-Chun, et al, "Video-to-video synthesis."
Proceedings of the 32nd International Conference on
Neural Information Processing Systems, 2018.

[4] THUEREY N., PFAFF T.. MantaFlow,
http://mantaflow.com, 2018

Computer

Computer Graphics Forum,

URL:



A 7138 AA ZHE o)Lt

71 x4

k3] 2021 8t= 03] st A

AN FEAE fUHol A A 2w’

50 Zrhe, A

opo|staL ol shel e 43 e gl oo}
{cpls93, teddysiah, taesoo}@hanyang.ac.kr

Real-time Interactive Animation System for Low—-Priced Motion Capture Sensors

Jeongho Kim®, Daeun Kang, Taesoo Kwon
Department of Computer Science, Hanyang University Graduate School, South Korea

2

Bomge 9y 4

A A E o] g,

o

o 99 ATEs} Ge ANFWIFY) 24 7
ALgA obulERSE be] ofrbelzb
AAZFo 2 AFRLEE ofUdo]d A|AES A3s)
At AAel FANAE oA B2 dolHuo]x e
it gae Y a4 obufetsl 4837 91 et
7{]151 tﬂ EX]— “,Efg e} 6‘]—]:]- /\1}\]7]_ _,Jr?(%oﬂ}qll:— /\].%

AeE B2 % old o3t
el a4 9 A4 ol
A AReA AFHoR uyY
b, HA & o
}.}\]— o].ﬁ].]ﬂ_ EEa‘]_ Z—] x4 a‘]— \}
Fe] Bl AR
< e wads Aas

¢

=

Wl

oX, « B
o =

o 0 ©

i
A Y offl o
o
l‘

S
olo

Sk 10 ofo 02 1 2 7l 3L

TQHPF ol rg’h'>

=
X
.

p

FHZ 7P A (virtual  reality, VR)
(augmented reality, AR) 7|&S &&
b sl Sokehal glem, ol
o] & AZEo]
Awstal Aot 53] AREA7} 7‘”13
St Aoz e Zdlx E3

o

o]]]/]uﬂo]/ﬂ }\]/\Eﬂo
| ato] ALE AT AA T
tﬂ o5 IR AREstH o]
‘1% =2lo] MAHEL, o]AE
Sol A Aud ZA AA
Al BAoE Abgaeh[2]
Kinect AlAd = e 91
A &2} H T %&*
T3P gt EW% ala=s
AlZPo R ¥ gt

‘\F

ZL(motlon)a
=N TX}
7] f& 7)Ee
sko] 23 st
oA E ol &
Hho 2 AR}
At BAg &
-§-3t= vk

=

r1r£~

égs}
olute}
oA

A}
2}

-

mlo

o) 1

KN
=

;

AR =
oAl

(Extended Abstract) _O_i/ﬂ, =
]

= AL
OF L=
1

vl
= =

A ek

L

St 3 (E=aA)el AZE
SAREAR)] A OJog =t
35 (NRF- 2020R1A2C1012847)

o o
3}

o~
-

A
(348}
)

-19 -

2. AN AL Yol A2H

FHE| I (pre-process)

2EHE

(retargeting)

S35 may
(motion mapping)

AAZE 3k

(real-time process)

A2 A
87 5%

a¥ 1% ofuuo]d Al~E
a9 12 Y Al=Ho] FEshes By 558 5'-/‘]'
sk}, AlAC AHEE oA T2 dlolHulolae = Il
Y B (main character)®} ¥ 702 E{(sub character)”}
AeAgstes s4S st vk dAHE A=

A sz delele] = Ulel Ade TS 7 3 <

XEAl THH
(posture
reconsruction)

24

A (collision
(regression)

avoidance)

5 A8

101'
il

=1
= =
=

[e]

ohufete] 4857 Aek AeAY 0 F4 YRS 49
ok A el A ALE A AR Bl Agh &
A 4 2 olo] gt ¥ A Fae Aw
shol A8 @ b opilelol SA@ M4 Bl

psRags il ‘1;.;@_0_; B A3}

2.1. 42 #}A (pre-process)

® AR Uty oz oA 52 dolEHo]2e F)
gy Edy AA| 7P AREee AEH 2E
o ATz} dERR AR g2 F g ke F
AT F H&(oDE vlaste] 72t B4R E “41#’\]
71+ Aol Fasith # AFoA = AFEAE 7]EA}
M(T-pose)& Hgt 5 ofujete}l ZolE Hluste] 7}

BARIE WHAIE BHE A o] AE o §F
24 A7t E4A dEARS AT ¢ QES A

AstArh.[3]
© 53 WF: Fol oA B2 olEulo] An e F
Aeest el o walg ¥ A0 97 4R

(<3

& ALt At o= 5 AAIE A A oA
TA4E agHoR &8st dste], 2 AHE A
g5t A% FE=E Arteste dAAE Aol dA
MEE ] 52 HFEES & 139 Po] Histd W45
S zZe dsd 8 29 (simplified  physics

models) ZNEE ] tf-gste] A A LS =,
2] 7} 7|9 (k-nearest neighbor inverse distance
weighting, KNN-IDW)& A}-&3}] HItE WAS-HS =

k 4 97

= KNN-IDW+= =4 a| A Eg
(k—dimensional tree) Feje] dlo]E oA mw=A 25
st v Ay gag el felskA &8 4



2.2. Azt J—}% (real time process)

nee] oy olF
a1, 2 A 7F /\}Q_x} 012:1 2 FH 379
ﬁaxéf&‘ﬂr. UH B R | o e
W E] (feature Vectors)e
o]-g3to] Ao ¥
sl ?H%‘Eﬁ E%‘
Hy = W
2 2o “@-‘"’4 A
sho}. oAl o] EjH] o] 2~
@ﬂ”ﬂ“ uko] e el KNN- IDW
a1 H /\}ﬁo]——r o1 o)A A Aele] 7P o
o KNN-IDW =2 d-&
@ ZHA A A: 49_;}
H gadds &

Ao 5 7H‘:”E1

® FagA:

o = AAE
maAYsi, AAel
EEHE KNN IDW%

o

mﬂmMﬁﬁm

_&Dlo q
(&l

shup dE ket

2 g AGET dA AA R
& B2y AR #ES
was Aofdtth B2 W 2ol
H‘%ﬂatv>ﬂﬂﬂ-%ﬂ%ﬁiéEﬂ AEghs A
5 AAE AAsta o]
E}ﬂaazvkzﬂﬂﬂﬁﬂML

e *0’
oo

[ 4
e

s2e] mja

s A A 9
e e, AaAl A
s gerel AR B B
| sjeleulel =20 e A fak
Hale AL 3o
A 7 Agele] wolze} Edl7 o

N
Nl

ot
N
24

ftlo

=%
oIr
o 2

ot

~

R
4
f
I
L O

=L Rk it Bl Y
X

ol &
i, 2,

14
N
1o
X

1w

® F= 3]44 ﬂlﬂﬂ

A&}o % 9HE‘ Bel
B G

ﬂ>il_,o
AN
Ry
o =
o Mo
Lo}lolﬂ
d0 X Ho jo I

7yz} o}z Op— =
o] wreA] 98, o
, FEAgo] wAlslE A
effectors)@A4 ¥Wx= A A3t

N
Xy
o Y Lo

==
W
0
—_

Y
)
~

¢l

=}

g.L

o 1o
[

(o

4

f

fol

e gt X

1 s o
L

— N

O:
O
o

o~

RIS
Rueh)

18,
L NE o

(

e
- =

Lo do > 10, i

-

(inverse kinematics, IK) Zo|& whE4-dlsle] AAksh
oo w, A= AAM FAE -‘?45}04 Z} Ao
YA 4L 1em o|H=E A 33T}

3. 4847 € 48

l}/sk__
W 1

'y {

.
v

& A3 A3 (a) 2 501 AL b) 5 Fo
A (o) FlElE e QA

u g]

29 3 AAF SR B2 del diske] AgA of
HHELSE b3 olulEb AAlztom YEAgss A
sholch, AHE7t ofutere] QA e, E

3 Aol Ustel b ol w3 A3

ut
¢
i
&
f

2

0, et

ol ol

L:[H. Ol'ﬂ 2
i

]

rr fo =
L‘:“‘r ﬁ OlO O;

Lore
op -1 L

0 2 Al
T e
o, ot

—= =
My 2

o
lo,
o
.
o
b
N

o o
4

9

o AL
>
[
juti)

ot t i
offt
N
o
o
flio

=2
2
o

ok offt olft i ot rfz
ﬂﬁﬁzﬁ
e
poy
-
re
fiky ol
s
—
o BN
il
N
N
2
(o3

]
o
S
é

o] iﬁﬂﬂ o}
KNN-IDW¢} 9

R e)
o oot
i

olf re
1
o
f

lr}ﬂ:
i

ol
lo
o,
ftlo
=
=1
i)
o
o
o

2189
[1] Z. Zhang, Microsoft kinect sensor and its effect, /EEE
multimedia, 19(2), 4-10, 2012.

[2] Victor Brian Zordan and Jessica K Hodgins. “Motion
capture-driven simulations that hit and react”. In: Pro-
ceedings of the 2002 ACM SIGGRAPH/Eurographics
symposium on Computer animation. ACM. 2002,pp. 8§9-96.
[3] Hwang, J., Kim, K., Suh, I. H.,, & Kwon, T. (2017).
Performance-based animation using constraints for virtual
object manipulation. IEEE computer graphics and
applications, 37(4), 95-102.

[4] Y. Lee,, K. Wampler, G. Bernstein, J. Popovi¢, & Z.
Popovi¢, Motion fields for interactive character locomotion.
In ACM SIGGRAPH Asia 2010 papers (pp. 1-8), 2010.



QAT 10 253 2021 Sr) 8] S EA
o o *

Ad22e 93 vrg A4
RS IR E

Aeoherin e e

{shpark, jehee}@mrl.snu.ac.kr

Generating Natural Hit Reaction

Soohwan Park’, Jehee Lee
Dept. of Computer Science and Engineering, Seoul National University

o 2 off e iz
o
o275 1R
[

X
)
E‘O
)
i 1

_l

A9 1 AT v g o AE] 1ol
AEol Ay 24 mHL
Ste AdaYE e §
S Argtt gk 919
719k HES el 3

a4 wks w&e A4 @
Alz=do]l gt TR I

3
= o dAE B

Hr.
7IRko. 2 3o
o
T
S mixture of experts
dEFQ]of] HAIZFo =
NESF gt} 9= o

gl X HAs szhet

4o 44

=]
=

P
T

A

[e)
[}
=

1. A&

ged 7 ALN 914
Ttk A8 AGH Y FA

2
= 820y

12
il
lo 2 o Ot rlo

X
i

2 o)¥sle] a4
o webA Az e w
AY AdzYA B A
ge eld A4 A4 F
AZZE A A o

9,00 g
i)

-

>
= ox

zin:\é—\gr
2 e e K of
o o
N L
2, N oo ™ off
grk}uﬁi

J

o

-21-

S A% B4 FAE Aol oldh el AFA]
Mg sweR A Aene B FRE YUsE
WAE(1]] B, el Bel BH0IM N7 4L
4 AEd AN A 44 i Aol FsE
W, A% 28943 PDAES ] 2aHow Qg v
3 mme Rl zele 94 wgol YR

e A2 AYAANA del AgEE 2A 9P [2)
WA g B AL AFse] FHo B el
How AAsAA WHUA FA ARHA 0

ot AdzeE 94 vkg g AlAES Aljket &
gk, o] AlZ~®¥lS mixture of experts7] 8k U[EL] A [3]e]
ShEAIF o2 el A4l Seoh W R AR ES
A Aolrt, A|=dlS Fa 4 2 94
OlE|= Sul~Z=H Al7bol] wali=d], o] HolE= A
AMEFMA HEHZA g5 A 5 d=s: st
Al Fghet,

1

o)
Py

TR

=

d

Mo
iy

ic)
)
=

A=

o, g ofy
o
N =

[
et

o
T o

ok
2F

} O
&~

Ao A7) 4
NEBROEE

A Abgel whg

—_
o —=
o

N

T

Oms?] A|do] whAIgIC}
Qh2 Abghel oJA)7} ol
4ol AFEH, 1 o

o] YepdA =,

A

=

3
off rr off
T

ro -
O

¢

o,
o
3

(]

i et Lo, wlo
olo

AV
X

lo

%WEJ&&E

¢

(o o oo (Y
o
o 5

ofj olet

it
DU 2 Y,

-
)

M N © of 2 o of

w2y o rr

>
)

o

o I fo o

1

2o T o T )y
N
:Oé
X
d
)

]



ST 1Y 58] 2021 St ShEE R

)

=

oS Rste] TS AT =3F ¥4 wkg 3F
2 9F 167ms®EA 30hzE AHoFHE EAMo|A 532
o2 AHodr. =¥ AlEHelMo] M= Ft MY
Bl PD AEZS &3 7]&9 AAE fAHx
Sk oFsk dS ujAl ")

T4 94 dg2 £7F 974 gkg o] Fof o]ojx|=, A}
ol oo 9] F&o] AAEE FIro|gh. Al T
L AAx~HL TS YA e EE 94 F
Zto] x%E BAM dolgHHo]~E VHtow wAH wH
WA S ALESEe] F2S A Y. o7 914 A7k F
S2¥W T8 &0 AYYH AAMe 94 20S vig e
2 BA delgHo] oA 71 H3tet 94 TS ©
Agit), Bl A tdS vlasty] s A= AlEH
o] A} £, = o]HHe X9 ) 974 27
o] AhgHt}t, dolg o] 2o 7 A mHAS 3
oW AMYEHE g RHACRE BUAY Hu 28 Al

g8t EH
3. VESA &

Mixture of experts UEHI AL HL o8 T2
AR Aol FL Ao BolFa e UEYA B
dojrt. o2 79| expert UES A9} aFrte] gating Ml
Egaw 74, gating VIEY] A H& 7|wo=
experts UMIEQAS] E¥8E =9 A AT EH<
24t o] mde Y F58 e vES A
garor SFd F Slrh o] AT A9A FE
A FAES st UESI sHste s 53
2 gtv mEbA o] BElg vt WEYAS YA
et

o

ro kel

Pt = MOE(p;_y.c¢—1.-- .. Pt—n. Ct—n)
MEGIE AW nxeelsl ALy 4As 94 242
Qeow wop the xeagel AAT AT e
Blol A= A 2 2AES] 2HOA vEHAR
EEEEREE w9l A2 FAE

5

3.1. 3

oyt BapEe] Agsn o
3 Eoldr & Stk oF @
Folne W, 12RE Y4
el Fe Fu~A Az
wE gYAA e

W o, Sl olg A3
LRk

PN
= T

-22 -

Az YEE 55
AAEE 2t A 0
2ad HE P18 A9
gz Ads Hek e
AY AYF 97 2ho do
FRHE 40| dolgd

Agel ol el o)
2ol E &
ArolHg 1
ol A4 WA
AAeA = A
ARG A% A

a9

<
-
2z

—_

=

rr

WA 3 PFa

oz, e

= _
A= Pt

g

e~
rfu

®

| {g

9,

=]
(=

a9 10 94 AEl
AES)

[1] Xue Bin Peng, Pieter Abbeel, Sergey Levine, and Michiel
van de Panne, Deepmimic: Example-guided deep reinforcement
learning of physics-based character skills, ACM Trans. Graph
37(4): Article 143, 2018.

[2] Simon Clavet. 2016. Motion Matching and The Road to
Next-Gen Animation. In GDC 2016

[3] Jungdam Won, Deepak Gopinath, and Jessica Hodgins, A
Scalable Approach to Control Diverse Behaviors for Physically
Simulated Characters, ACM Trans. Graph, 39(4): Article 33,
2020.



(o
H
ol
B
o
I

2= e8] 2021 St=Th3 SR

o] M0, oM o] &$- o)A 3
Aget ARE TR
{seyounglee, sunmin.lee, yongwoo.lee, jehee}@mrl.snu.ac.kr

Learning a Family of Motor Skills from a Single Clip

Seyoung Lee’, Sunmin Lee, Yongwoo Lee, Jehee Lee
Seoul National University

29 1 ANSEE el Ax, A=, WEY, =g, A 2
7] 98 me o B2 dolgE o &) o
Qo Wit dlolelE FReE dua A =g I
a3,
Fei= gd =H PN ) AGsE 2H gug 2 ERAAT g9 24 3P4 d)) wead 2
shgets Aze daEe AAST 74 Bae 4% 99 TATe AR AT WS ANgn. s
A48 YEIR ¥AHY, A5 B e v FAAFL VIE TAe disiele] Ary x5
st Abgt de 9§74 s Aol gigste] Bel  HE FHIE OUW w4 AU w) wgshd
AEOIA AN BAS A4, BA wp) wgs A4S Ao AH MEHIR xdHn, A5 19
o} Bzt 2o A sl daE TEH & A oike BASY AREA fF B S A ZEel o
3 A7 EAS A FAAA I Sg= me Qe gkl E2 AlEdeld oA RS AYd
o BAES Ag) BE, A4 & BY X 0 @ TAALR T A 68 BAE gl . shy
2 2ol dal syl Assteel dage] sy E @8 $A4E wdse $4 Jled s Aol
o =g} e shve A& 2 s FAdste gdd =
A3zh 2ol 3 BelHoR fad WAoo HsW
1. A= B2 ek glolth mA wjs) WEE YEYAE o
NHoz FAF T AF A UESDe sy Fo 2
Agre Fold 4L e som &4/ wysa 28T AEUAM fEss Bestel FoMEdAS
= 9t} o2 SolA, A= Exfo] FolHe uw I gFshe WAo® F U] ZAE Al AT
T AT = = , i O TYIA= = 0]1‘4— O‘j/]_o/] }\Hio 01——7;!/]&_0_ S E L O "‘37,]-140
S HA= o F7)a syl A o8 o A | 2 T
Ao SA4g AN F Ak s, g g S A8Ea A9 s g e w94
el dwstels] flsME Beld @ gmery gy YT el e WS efs 4 A
o W £% ]4o] oW WMELAZ otolol shr}, TFJE UHI ﬁ%oxﬂ.?z%_&a—a ﬂH{lj E‘*;Tﬁ‘rs}oi/‘j <
RS AT PHE FF FAS dwstsy) s aw  NEES AAEe sew Aeld. e AHEs
NzE B AEYolHeA tgd 2% 7ES FaE
T 7] 918 Qe el Bk AEdold B AlolHnt
* B mEe Q9H=F (Extended Abstract) 22A], ¥ =#- _
A =%2 ACM Transactions on Graphics (SIGGRPAH 2. i3 VEYT @ 52 A7) A g
2021) ol AA A< 2
# 0] =ES 20219% ARG EFREAMY Ahow A =
HEN/EGse] A9e Wl 3" Ay
(N0.2017-0-00878, SWHF B2 A7) % k] (SW2E} A|22gl 2 7]Eo] ¥= 2 9y wis) Hgskd
2 - - —
) TE JEom Wtk (19 2 F3). A T2 A

-23-



S FE o) B A 8h3) 2021 S&u) 8 &

Tracking
controller

Base motion

energy

Generated motion

t}.
ro
T
T
h
=
<

Parameterization| |
network

gravity
Task space

D3

>
N

(b e BT

FN o2 e 2 1l R
o2 [H 1

oY

otk

st wsd kot UIES A9
oly, YES AL &L 7|E ZAH
ojtt. 7]+ EA I wiz ¥W¢s vES A9
2kQ} wi ) Al ik A R A

—_—

2z

o
==

“N' =}

1ot ®
p

o
o
4
o X
o
o T -
i
rlo
I

>,
e i
S-S
A H
ﬂmgm
il
A
i)
(g
” Lo,
>
2 B

i

FaFE %
99 MEYaE=
proximal policy
o™ Deepmimic
43 Y ES]

M

O, 1

S
O

r_“.i
o

O.

(¢

o B M N o o e 1o, z0

ofj &
e

==

o TN

>
b
)y

off

optimization [1

A

L fo offf

iy

|o
offl i
UL

N, N

f

Jr

0

Wrs MEYAE 43
2 ol Wasit) 7t Hlolg
A A AHE O ZHE
hindsight experience replay
AEEOl Bolsg AL T
o AHE gRRe) Fae
Ak Kot aAEL 9
A9g e HE 4
3 AAZ Y 24 Aol
G oo bsw Hu Edel 4
9] gF dlolHE F7] fsiA, -
AR &
dlo]E &2 A &3,

te o

]
S|

o
=
(e
ol

‘

XY

ol
28

L

N =
Al mlo

ne
<

1o o
£

% ok o
ooh

Ao

w
>
-

o tlo

Jog
Ho

a

X

A

[e

o
3

o,
4
L

rot (it
e b i

o Hl
and rﬂ
(g g
Bl
2
&
e % fH
o,
L0 (m nek 4 oo e @ rlr rlr ofn

o &
B
>
i

)

X o

3

o
4

2,
el 2

o

0
Mo 2 oft oo

to

NrE
i
o

|

o,
ofs

N
-

ol

244519 0.0

W 39 WES

2o AlEde
DARTI[4]& 7]¥
¥ Pythono Z ZAH olu# gl & 7|4k
o7 3o} &5 A AR 2 F3he] A71¢ WY
of wg} thZt}k. AMD Ryzen 93950xE Algsle o
PCol A& 12A1%oll Al 72A17ke] ZA™AT 8= 27,

HA, 7, MEY, 7tEE, A2, Al H2Z 5 uFE

&l
o

.24 -

B4 AL 49 A (1Y 3 F2). 459 )
WS B4 AR g o2 B $ele] e
Zol ool m Wl = HAL Ld TiAH )
Wael Sael vald we WelEe] Hae Ay
S oot AL A 5 gl

ag 3: M7]el dis) wiA H\as)
Al e whsf W3

2} ES

=
T L

¢

[1] John Schulman, Filip Wolski, Prafulla Dhariwal, Alec
Radford, and Oleg Klimov, 2017, Proximal Policy
Optimization Algorithms, CoRR abs/1707.06347.

[2] Xue Bin Peng, Pieter Abbeel, Sergey Levine, and
Michiel van de Panne, 2018, Deepmimic: Example-guided
deep reinforcement learning of physics-based character
skills, ACM Transactions on Graphics 37, 4, Article 143.
[3] Marcin Andrychowicz, Filip Wolski, Alex Ray, Jonas
Schneider, Rachel Fong, Peter Welinder, Bob McGrew,
Josh Tobin, OpenAl Pieter Abbeel, and Wojciech Zaremba,
2017, Hindsight Experience Replay. In Advances in Neural
Information Processing Systems, 5048—5058.

[4] Jeongseok Lee, Michael X Grey, Sehoon Ha, Tobias
Kunz, Sumit Jain, Yuting Ye, Siddhartha S Srinivasa, Mike
Stilman, and C Karen Liu, 2018, DART: Dynamic
animation and robotics toolkit, The Journal of Open Source
Software 3, 22.



7\13‘311 3t !

=5 1 A8 3] 2021 Sha B SRS

AV B3 25 Ao7]”

cwd), SHAE, ol

A T3}
ZAok Fathsti Qe el PHY~E

{sunwoo, jehee}@mrl.snu.ac.kr
{maks, sehoonha}@gatech.edu

Human Embodied Control of Legged Robots using Deep Reinforcement Learning

2o

H

R

o

Aol A= Abgre)

Aolal= RS A

E9 Ao A 17

Aol BEE 2 524

ﬂ,ng o] BlFx3H 2T Ao
Ela= A= B
obel Theks A Aol s

gl Fol7l=

= L=

g}, olgh e A

2
'
o
oEL
ot
=

Sunwoo Kim, Maksim Sorokin, Sehoon Ha, Jehee Lee
Dept of Computer Science, Seoul National University
School of Interactive Computing, Georgia Institute of Technology

X,
-0,
X0,

o
A
ol
2
e

o
ol
ol

o

0,

wdel itk AA AN

ol Aol B asit,

I
ol
O
Fl ot
(o
__)fl_,‘
2.
=2
2
o 1o

A ﬁxd EL

-

2
olth
=
2

d
pile

e

=3
ha] ﬂ

o >
—
o

o

o2 o
1t gl

+

ulgl 7|
G|

f

iz 2
o 2
s 1

N

2 %2 0 offt

B el A
37 % daw
M el A= 1

| =2 20219% A
23 7}919]

-25-

2ot A% wa 2R Az Aol PH
AFath Aol £% FAL ol gl mielsl Ae]
2EE FYJES Ak o] PUS Fa) Jee] uFFE
Ao] Wl e @A 2iel §A%e] ohd, T}
& £299 Aol sbsaRth of Ao} Axsue P

T o AFAAYL BF A P WEe Aol 3

ekato] Akalalet.

/\]—ﬁ%fﬂ %;_(}0 < ] 5]—01] /\]——'— 13l EE._J xﬂoi%
3357 93k Ao AlA~Ele tpey 7 oA
2 Microsoft Azure KinectE& ©]-83}¢] A}B‘fq 22
S A3}, Alg ZF BAd dE st A AFREE 3=
3 2 > 9] B=3 ,x}w)q 7t Bde] HEZ AFsiu
4%@ #7 wrrow x]:g}?gl-l:}' A FaE Abere] A
of geh AEma 2o AAZ uE AFAAD
= %O}'Oq *gk]—d":}‘ 0]7<Joﬂ AAE Z2Eo 24 V=S
ol &ste] dAl AAE 2R AAME HFEg FHa A
*M g 5 oles 2. A4 S Ao X

O]'—’ 7]'§]r—5]'/K 7(4]“0 o] 83l HEHow EP—./]
wrs mag Aol A% wdsl $49% 44F

Mo o 4y

O:

;

O

|

’l

>.
O

o A A2Gel Fxol, o Asde a5 9190
T oA RES Hede Bt ug A A Folok

ark A, Agrel AAo] deahs A% wa 2
AAE Salok @t o FRE SEIH AHE 1)
FAFE 4T Sk AFHoE Aol AAE A4S
wa 2ol Aol thgAA A wE 2ol By
oF & A ZEES FHA WET F WA P
23] $% QAL SHAslE BRoln, Lo AR
olf Aol mdol FUG AA WA HE AAg
webg 5 gl E Aol

A P R e
uHJJA H4210 7]%3]_‘— H]—mo] ol t}. o] H]—lﬂ



Nl
s e
T 1N oz offt o o
oX
N

AN

A}&xw 3t

ﬂﬂMﬁﬂiMﬁ

o

_4

ri

AL Abgre] AAERE A w23 A
A R o714, AP A% ng 2re P2
b gens A4AE gets A543 2Es ola]
e on)g A=
Sz e =5

EAE sty A8l ATALYL
ol AHEAT} Au 8 Fel
AP AE wg 2o A
Fabe] SFat Al 2]
1% F3 AHgA7}

S, Abge)
B3 2o ApAle & dshs
£E Aot
A e 919
stol misg& A
e B R R e |
%—% o]-§-3to] Abgh AAl
S 22X AAE AL
*d‘%”f‘f} AA el =8 A UH%OH R A
bofyzt 4
%ﬂ114%ﬂ,ﬂwcﬂ
‘ﬂ-ﬁ-@?ﬂﬁb o ﬂ

=
—

e

B3 2Xo] AME E84
A A oltt. gle] ugol A
PD(Proportional—derivative) %
—%EO ‘3*33}‘?1 T3S U= &
]ZJ O5':rL

Ol ofl

2
i

X

i

_1

o

B Az A A}
L olol weh 4
ol EE 5
oHAT F9S
A el dE
Fol A= Abgre] <A

311 %Li ZP

5. offt o il ofrt fo. rfr
d

-

N

82 rlo il o2 oy 2 o O, Okt rlo W 2
2

ot

AE Ygoe=z /%J/\—]o}oa
S 44 3 A

3Q o oX Ql

Fa AA7E 7 1EA bk
FHol Ao o

Wzt o A el

ok it o, ¢

Mo

N o
N o
ol &
2
i
i
2

.05

ol
ol
N
fz
ot
TH
o
Y, 12
f
I
o
o

Irye o
£

f
W ey
_?(_',

rlr o o, o~
IR e e
o%mj;m:mr
(]
OELJ o
o R ) o
Nlmwm{oﬂ
o Iy
>
N
q,
&‘ﬂ
flo
e A O A el 1
¥ oy ot D o2tk ml rf of

o
o
fu
o
o4
a1
o\l

~ R0
ui
*Ef
H
®
f
e
-0,
=

LS
i)y
]
oy 2
30
i)

fx

ih
i
et
X
o
ra
-

At A O (<o o A © L B <3 7 1 - T A O

1 g
15} gol +4% & At

=
T T

3 g FFolth. dAl= AR A AFA
A5t S s ZA v
, Jol & HHE a1Hg Ao E
At 71 A= AA 23 A Al

itreeA}¢] Al, Alien-go iio 0|83}
Aoz A RS Aodo] FF A &3

01-4::‘,

ol i 1%
_5 z o lo
Bl = ot o o R

¢

(o]

s

u-[o.“l

X
=)

FaEd

[1T  Y.Gong, R.Hartleyy X.Da, A.Hereid, O.Harib,
J.-K.Huang, and J.Grizzle, Feedback control of a cassie
bipedal robot: Walking, standing, and riding a
segway, American Control Conference (ACC), pp. 4559-
4566, 2019.

[2] X.B.Peng, P.Abbeel, S.Levine, and M.vandePanne,
Deepmimic: Example-guided deep reinforcement learning
of physics-based character skills, ACMTrans. Graph., vol.
37, pp. 143:1-143:14, July 2018.



o
H
b
H

B 1 A8t 3] 2021 St 3] shE RS

B B #xe] RA A dHolHEREH 254 Ed 3

b y L=

U0, A g, vk, o] A 3]

A& dstal
{zigui, sehee, jungnam04, jehee}@mrl.snu.ac.kr

Estimating A Patient's Musculoskeletal Model Only Using Mocap Data

Bumsoo Park’, Sehee Min, Jungnam Park, Jehee Lee
Seoul National University

)]

ASSE)

Y 1 B9l dlolel(obe)st ol 2 e FHH A male] ma AEdeld Ak

iy e

X pd o o}; Sl
( m?l_"

N
-

T A AEEE TEehs S AL

& gAbe] Fell viAE FAE H Ak W

AL 7=k Aotk A AA dolEe A
Aol Al 7]5% vire] 32 HAxPgsE TG
Ag hesAl wEs 7 8ae F 7HATE .

s o O g b oo KUl ko
o &

L

wae] wa AEACIHE Hotel g
oth. o] o] §3hH TR 2EA md9 nYS
HHQl B4 glo] mhE ARG £ Utk F AAE 2
4 mael v WEE g

@ HolEe] Aolgks =

Ok o H ok

021d= AR d sl fdes A
47} g A5 (No.2017-0-
AFBAALA7ENLAA (SW2E)

, th
ol
D

A
o,
_OL

o rir £ o2

iy
Ay
=
%9
D)
]
'
(o3
e
»
i)
rl
to oy
1o,
o -
fuj
Ll
o
4
(o3
2 =2

oo
N
ke
o
e
AT
ol
ol
o>

Mo 2

U
WPHoR st el FE
A2 4 BRow §7)
D eSS
Aol g 2EH 2dg
Aol AEeeld & 5
Ao AEY F Qe B
A% advks %

>~
>
oo
i
N

S,
rlo
[
(]
o

ol
o
o
rol
o
i
li&
™

o o

=]
—

lo|n

+
oz
rlo -

> o
Y
N
o

N 32T
e >
o, ol = FW
A
2
o =
U—xi
e
i M N
—m 01[-'
o

=
e
(4
o

o,

o 1
ftlo
2L 1l
AN
rot
v

e

=
‘g
—r
oty
i T

q
g,
Lo
fz
02(:11‘
0% o
£ oo
o oy
rlo rot
0 >,
— O
g
4
oX,
i, 1
ol
ol
I
mﬁﬁuﬁ

SEC DL
2 A dolEel A B mds A
e Aolth, ¥ WA= o

oA =27 wae THas 25e A

J R el -
O oo rlr (i Y > o |o

uv)

X

=2

>

Az

(o,

i

2

M oy oo s

x

o

4
ol



+3] 2021 st& o) 3 &=

[>
o
lo,
ko
uly

o8

ofo 02

) <
*FU:WE

Myl e o,
fr QY ox O

ru b &2 .>v
M g, rHT

o tlo ng, rir
2 fo
o ©

e
tlo

]:l
LN

A HE WE
AlEHolE TF
A5 o) Wes 1S e g o
\how o] 7)ok ZolE vy
t}eksl 21]?‘5&0 A Al =
R
AS 7 B
w o] 7)ol dol&
D5 E HEE
AHg g
wdlo] waPs
Bz v FAGoR, By A
Jole) =g w) WEREE
1@31101*4 ol A& A
a4 P~7wh4 23k ot
Q- zl o]l o u:],a}

T a=E

_lhi‘.u;'1

wh
Fﬂ o=
Mg

)

H

o

=2

=

oz
o,
=
g yo (&
r

>
rl
Mk

SN

o
]
>

il

il
=

x2

lm%
r

o
e

b orl o
ng, 4o g
fo 1o r[o

FoAy g Y Y DD
M,
2>
oy
fu > "
M
IS
> 0
rlr r$L
it

N YO, iy
2Ly
Nl

@,

2
=
e

+

1
R

;LI

(e
ru )

C il L
Pﬁﬁm

2
N
==

HEE 7R
AEl e wr) W

B3 AEdolHE
dolEe] ZxE ¢
4= i 54

%9 243}

o

M g

ﬁr

-
i
}\
_'_

J?i'

Floox 2> o>

o

—L

=D o e

=
==y

e rlo

A

ol
-/

uA o] 91 ) 9
=4 7= 4
i E )
W W, A

1A

ol o] Ao
193} 7401
s 3719 W

. 1A 9] Hﬂ-ﬁl

Gl
o
e

—E it

oo

%‘AE 13_}‘5\:}_
o] ¥Al= Forward Kinematics”} 2]l
A3l Ao, FAlo U] el =4
DOF(degree of freedom)e] #3siz 7k o]AFY
= “H’Eroﬂ HAs TAE o Ho s ZAs}7] e
01?5]%0] At = HolA Adgs ¥HF 1w 370
0}‘4‘}% Haeg ok HAHs T4 3ME A H,
Z}Z}% ‘ﬂdz‘—_}c} Agste] LAlE A3 o] W
AT u ‘iﬂﬂ‘ﬂoﬂ SYHoR A%
£ DOFHHE =Y & 2o
onjr

2 Ay rlo

=
=
i=]

M

AT N
2 Az

=
T

>N

o
A= SR P

—_—

Aoty TAA
Ngeold Ans
oz sAsts 9l
W5 RRE BEOR
so} gxe] wal Holy
= Aol@r). o] w4

=] - el o
ot <=4 Eds v

g DN PR
Oty e
"

A By fo rlt (2 f Ui
9,

o
3
9, o

.28 -

A E=L- R stel x4 Rl uigh B AE
2] 1E12 Hfetar 7] e, vy WeERRE vhE
o2l 237 mule na Adold A%E FrhHe
5 jlo] @5 F Atk o= il W FolHE
e AEdold Avel B mal dolH o|gk
= Whglske s wmEA ANE  dves s 9
v| sk},
o] = A3t 5o AAES AEdoldd A&
= ARESH7] witel mlEo] ErbeetH, 1 Adrt o
oA @m geol sk wEel FE@e Abgkel

12} v &S A = gloh 98l derivative—free
optimization algorithm % 3}4<9l Covariant Matrix
Adaptation Evolutionary Steps(CMA-ES)E A}-8-3&}o]
o] &4E HA g3

2]

iﬁ 1:1] o] E1(ii/\ﬂ ZJ)J,].
ko] 91

ZM?}

o) %
(mﬂ-ﬂ‘xﬂ ] )/]

2
.

29 3 640 WA wa dolE(z e 9%)a A~
gol FAW 24 wale] AFdold Azt 2ol
oz
#3128

[1] Seunghwan Lee, Kyoungmin Lee, Moonseok Park, and
Jehee Lee, Scalable Muscle-actuated Human Simulation and
Control, ACM Transactions on Graphics, 37(4), 73, 2019.

[2] Won, Jungdam and Lee, Jehee, Learning Body Shape
Variation in Physics-based Characters, Transactions on
Graphics, 38(6), 207, 2019.



11]—
Goposhal ot

I

q dA =

gl
=

FH 2 A8t s] 2021 T3] St

Wae K AL 73

Hop’, Frre, A
vlehel AFE 42 E 5] of o)

{gkrgusdk0303, teddysiah, taesoo}@hanyang.ac.kr

An Accelerated IK solver for Articulated Soft Body Deformation using Markers

Hyunah Park’, Daeun Kang, Taesoo Kwon
Department of Computer Science, Hanyang University Graduate School, South Korea

8.°F

= oEwE o] glon FAle] wigo] vaA AR
= MYE B wMgs wWE AN SRR s
Flel 7hEskel 7]gs o] WS AQHIT. 7]Ee]
Zo] WHE @ 7 vHAd diste], @ & uhA ] 914
of GF& A= 7 widiel slel, © siF Wl
& AE ARAGR) o] diste] Ak FPshe
s T3 s A FxE e a2y g Al
HAel FHEE Aol w2 AL uyste] A
Ahel ke ol &shE WAE Fe WMIS FIsE o
dagh At ARES Azl o2 BAE Ay =
A= 27 e AdE AYE RS ey,
np7] glo] whe Fduwtow sk wA A #
AT FEEA 28 5 Sl

1. A&

A

AFE ofydol o= #d g E E@(articulated
characters)®¥7t oz} Ax AZE 717 7dy 2d

(flexible characters) T3 F1WH 3] AL&HT, 53] A

MEEel A9 23 Ao wet 2o uE FH 9
Bk Ax 22 WstE Fsted], wAe] Wy
(deformation) A] 43S W= 2ZE W4 (mesh)E AT
dalloF stz ALk AlZke] Fge] At

2 AFE ZZo] 9oy FHAY wygo] vy {2
£ M8¥ Ed(articulated and soft-bodied models)
o HMES wE A £ Fde s Hu=E 3
.ol 93 AZHE w4 (triangular meshes)® o] F
ozl rdS weE 22 ¥y £ U= 97|
(inverse kinematics, 1K) Zo] WS A3t &3
AEH o] ~E MI3ITt. AFEANE QIHHA O] ~E F3
md guAkel delol AHH(vertex)S VA (marker)®
A ZAgstar, Al vupAL] A E dog= 24T 5 3
o Azl miA o B AE V|EoR viEEd
K #o]& &3] 448 v4AE A5t 2deo Wy
= SHAl T4 gkt

Al &=
1

o

AN

LN
tlo

=
H

2l

P
=
i

5
T

Eal

)
kov

=g

£ (Extended Abstract) .24, & =&
B} &3 (=R A& F.
N7l R F AR AdoR smATAT
T3 E A (NRF-2020R1A2C1012847).

(
=

o

B

rn
rlo

-

%
(

i
i

g

G

L rFe
Sl
A

-

o e

% e e iz !
ox

o,

=)

=

-

[¢]

-29 -

ol

2d ¥y [K Zo] A|AH

2. 743}
2.1. WA A

AREALE AE WA 2 o]Fo o

A mdoA deleo] $AE “mp
A"BA AEsr 4=ty BElo] S
A @ A H(viewport)oll A
“HYE BW FYd EAste
Aoo] M FHE AAs o] 4zt
s ek, dlE AE el ¢

£

oo ItEAE e FAA = e
(Barycentric point with 929 423 sty
random weights)& PHZ A€ o)oe spzx= 2=
?‘El_- —}|: 9\}]\1};% ‘5—]’9\}\:‘]:}- ‘qu_'ié}_- }\];g %/\];(4‘9_ D]’ﬂi 24 =]
of meh mele] spAze] ;@ o e
R} geAmw, AR A4 e 459 A%
w3 gebdnh AAE A9 WY F dde 3ES
MAZ A4 F oda, 4 kAL =Yg B 2E
AAE A8 + vk ol A AHE 2 |
g Al 7 e BAo] o]sd HXE AAs= Aok
279 93 g

2.2. 29 ¥gS 93 K E0]

AFEAZE A gE ko] wpAC] diEte], Z; wiAS Hi
AAE HAdigr =53] A 574 sh(objective
functions)= wFAY] @A X<} Hx A9 A A
& skl AHojgtrt. ol 7} wpA 9 o x| e} 7]&7]
(gradient)+= o5 2ol F+3 4 doH[1].

E(gck) = | xk_x,k I ;
dFE(z,.) - dx,,
et T
2 S 2= 27 peA ukA e @A A9 2R 9%
dx,.
= 7}be)7)H, diqk = W (bone)e] ¥ (pose) ¢l T
3, kA w7 of et

BAH A )< (BH BEFAA A EZFHA)T
e o] 3@ (Jacobian matrix)< 7k 71t}

—~



57 FFE L8 2158 2021 SH4vl 8] S A

IK Zo]= D 2zF vAed dsle], @ &g nt# 9
| = = ZF W dl(bone)ol| tiste], @ 3T
< "A = 49 #4(parent joints), I ©F
A(column) kel tiste] AALS Fast=
ol&n} AFor FHE HHE AAHS3-nested
loops)& FasfoF gt}

2.3. 714314 IK &9]

A 271R K Fol MAL HFow FHH w7
Ao oH3) A A Hwre] At ae 54
Z ag wole] G A= AR B B
@ AR e Fa Bdel A9 ARS Faht HPS
zsteln glo] Mws FEAT e AT H42 A
Wol A 7187) ghe Fape b AL dAe
d SAve R 71278 Asne 7 nAd g
2 AxHloop)e LFEA ety AnHow slzel
AE B MR ANE olF FH Em dEad Wy
A e EE A AR 2A e F A

3. 434 2% 4 48

woqlge] A% W A% g Slehe] i7-6700k

CPU, 16G RAM, GeForce GTX TITAN X GPUEZ #
zZhgk AFHE AFESA AL, ASFHA ~H A, o] Folu
1], 7], A ANEH T oA 7HA Az v =2
98 dien ARe TAIATE 1 2.
E e wAe £ e B

d doje] ndl iz AHdowHE #AFHE=
@ Al e hehd solth Ax el #e
Aoz AP=A

a9 2% oAl 7R 2 e Zhzy 170, 570, 1070, 5071,
12070¢] mtAES AAH3 5 Ay S A =3 Aot} n}

71E VAR A4 A5, a7 vl o)l ge AA
of 7heliA= AFx] glorz Wy AL Al EA 9

W37 A9 gl w4 o] (translation)dl 7M7FE- W E
S HojFErh J Ad we w4 Wy Axrt 4
wz] ekttt wiA v Ede] m2A BEysges Airt
Folxth wiAL ANE7F BoldaE ¢S fAsA W
Pu = S Holw, utA 9 57 1007 o] Wol
A 2 Ay el AFxye] Hsq Wil Ao o
ouz] ereth Hek mdls A wHeh widg, W
HE& Aoste viAY 7 WolAggt: WS
o A Alre] Ve A TF e
Ho 34 4598 #3dd 5 A

=

=] -

[S) ey
Al
&)

blending
F= 9 f
got= B A

Tl % F&5H

23t
(markless motion capture)
483 4 Q.

re

-30 -

E 1230 A48T oA 7 mele] g

A qAe | Ad e

2d Wy gy 4| FEIAS AH ACE
2 8 A 6 654 1040 520
o] Folt 18 124 244 136
3 % o] 16 159 314 158
E 7] 8 184 364 163
2l A 26 13806 12764 7526

markers = 5 markers = 10 markers =50  markers = 120

(b)
iguana

a9 2 7h&skd e

WE K o] Al&d A48 2

FaEF

[1] J. Kim, Y. Seol, H. Kim, & T. Kwon, T, Interactive
character posing with efficient collision handling. Computer
Animation and Virtual Worlds, 31(3), 1923, 2020.



b AN 3¢ A% W3

ok
M

ogo

)

23F, AES, ©
SRS

k3] 2021 st 3] st w A

tlavotll @yonsei.ac.kr, maxburst@gmail.com, kwonars@yonsei.ac.kr, iklee@yonsei.ac.kr

Infinite Space Exploration Based on Change Blindness for Virtual Indoor Environment
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(a) Attached Frame  (b) Aligned Frame  (c) Projected Frame (O sequen o

Figure 1: The three reference frames used in the experiments. The
orange arrows depict joint positions represented in each frame.
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(b) backflip sequence
ow A s TAE AH gk A ol wpgt 540 Figure 2: Reference motion sequence for each environment
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Figure 3: A comparison of future trajectory positions using
methods between a direct synthesis and a recalculation.

Figure 4: A comparison of future trajectory directions using

methods between a heuristic synthesize and a pace
network output.
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