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Octree-based 3D
Representation and Learning

Peng Shuai Wang 1<, Peking University

ZALE

In recent years, 3D deep learning has gained significant attention in both
academia and industry. However, the diversity of 3D data representations often
necessitates the design of specialized neural network architectures tailored to
specific shape formats and downstream tasks, which adds considerable
complexity to learning systems. To address this challenge, my research
focuses on developing a general and efficient framework for 3D deep learning.
In this talk, | will present my recent progress toward this goal, including works
on octree-based CNNs, GNNs, Transformers, and octree-based diffusion
models and GPTs. We expect this unified framework to bridge the gap across
different 3D representations and tasks, and to advance the development of
general-purpose 3D intelligent models.

Peng-Shuai Wang is currently an Assistant Professor at Peking University. His
research interests lie in computer graphics, geometry processing, and 3D deep
learning. He serves as an Associate Editor for IEEE TVCG and Computers &
Graphics, and as a Program Committee member for several major international
graphics conferences, including SIGGRAPH Asia, Eurographics, SGP, and
CVM. He received the Asiagraphics Young Researcher Award in 2023 and the
China3DV Excellent Young Researcher Award in 2025.

A% O] H
2018 Ph.D. from the Institute for Advanced Study at Tsinghua University
2018-2022 Senior researcher in the graphics group at Microsoft Research Asia
2023 AsiaGraphics Young Researcher Award <=2t
2025 China3DV Excellent Young Researcher Award =4}
2022- Assistant Professor at Peking University
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Holotomography and virtual staining: "4 & = = o
interference of 3D fluorescence and |
H&E images from abel-free samples

HF2 1 = KAIST

2ol L8

Holotomography (HT) is a powerful label-free imaging technique that
enables high- resolution, three-dimensional quantitative phase imaging
(QPI) of live cells and organoids through the use of refractive index (RI)
distributions as intrinsic imaging contrast 1-3 . Similar to X-ray computed
tomography, HT acquires multiple two-dimensional holograms of a
sample at various illumination angles, from which a 3D RI distribution of
the sample is reconstructed by inversely solving the wave equation. By
combining label-free and quantitative 3D imaging capabilities of HT with
machine learning approaches, there is potential to provide synergistic
capabilities in bioimaging and clinical diagnosis. In this presentation, we
will discuss the potential benefits and challenges of combining QPI and
artificial intelligence (Al) for various aspects of imaging and analysis,
including segmentation, classification, and imaging inference 3-6 . We
will also highlight recent advances in this field and provide insights on
future research directions. Overall, the combination of QPI and Al holds
great promise for advancing biomedical imaging and diagnostics.

SHxt oy

2004-2005 Research Assistant, Institute of Advanced Machinery and Design,
Seoul National University

2005-2010 Research Assistant, Laser Biomedical Research Center, MIT
2010 Visiting Scholar, MIT
2010- Associate Professor, KAIST
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= O0F, £79| inverse rendering % neural rendering
7] 2 2 Neural Radiance Fields 2t 3D Gaussian
Splatting2 S22 TS UCH S oA
A QIS 5E 55 TSoHH 22 dH

(GPA: 4.36/4.5) 2.2 ZYOIRAL, KAISTOA Titeh At Ste{(R| =il 2d2)
F SotRILE.

MAtobE S0 AFH defjEA 8 3D H|E AFE A0, o A =22l
CVPR 20240 A "UFORecon: Generalizable Sparse-view Surface Reconstruction
from Arbitrary and Unfavorable Sets” =22 M1X X2 HHSIACH 2 =22
2~3%2| O|O|X| Tte = CiYot 2tF0AM XA EHE SRS= LS Nt
CESH ICIP 20250 A 2HE O™ 9l "Pose-free 3D Gaussian Splatting via Shape-ray
Estimation" =22 &% 3D Gaussian splatting 7|2 =&ot0 7t02f Z=0|
2242 80| feed-forward AL 2 XS ER5t= HEES KNS =Ed
ZHO|M 7|0l StRULCE ot HICRERH 27t 55, 28 82 /18 SAYS
FE5t1 0| =X 9 HO|St= 2D-to-3D Motion Retargeting 115 T35}
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Ul

Spatial Al EI0|AM AT CIHCo = F 0510l R L[t S2H0| M inverse-rendering
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Noisy pose

(@) UFORecon, CVPR 2024 (b) SHARE, ICIP 2025
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Camera

123 1. CVPR 2024, Dispersed Structured Light for
Hyperspectral 3D Imaging O|O| & A|AEl

Dynamic 4
scene '”'ﬁ;&i
@ ‘:; -\cm/\, i

Spectrally
multiplexed

12 2. CVPR 2025, Dense Dispersed Structured Light for
Hyperspectral 3D Imaging of Dynamic Scenes O|O| & A| A&
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Ol=¢i2 MZOstn A Z4HAFE AT AAF ALHO|Ct

MZOstnojM e13Xs MAL St E FSH2O,

ot 3D s A AH G0 2es AL AFLE

F=AdS 2L £, 33&3.} Ohs 7 HIC20 XM

715ttt ez AEtEl CFE QIR OtHEERE i T-ddte=

"GeoAvatar" ==& CVPR 202501| AL, EFRANE

o|&3%t &&8H Q2 Multi- Center-of—PrOJectlon Do &3t =22 IEEE AccessO
ATHZHCE, %20 = w20 Heksh 3D M g0l Chal At ULt

7’
Sec. 3.1 Surface-Aware Avatar Representation

Canonical Spaces Deformation

Volumetric
Fusion

g 2 i A ) :
— T T Ry A DR
i T T e e TS, A A P s e o

\ Monocular
Prior Loss

Color Normal Depth Instance

Normal Depth
Monocular Priors Renderings
Sec. 3.2 Optimization with Monocular Priors

______________________________________________________________________________

12l 1. GeoAvatar?| IH0| = 2}l

2l 2. EfRl 2 0] 8% Multi-Center-of-Projection & 3 &
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£ £dgiion, 1 ZANE=2 "DARAM. Dynamic
Avatar-Human Motion Remapping Technique for

Realistic Virtual Stair Ascending Motions” =&2 2023 SIGGRAPHO| A ZE UL,
DARAM= HX| | AFEAIR 7t AT 2t k| XtM| XHO[& E’%FO# XHAAR 2
2 2|fEE 2ot 7[s2, 7[ES X At otd AT0AM

— —

Z 2|9|0|C}. O|F & 2023~ 2024L=|01| NC Soft &+ X E %6H g7 7|8t NPC
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o
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A2 7|20t 2024H0| O Y 0101 EH'(LLM)OI 7%“ of =33%}0, LLM E+5
O O|ME 23 A2l "REVECA: Adaptive Planning and Trajectory-based Validation
in Cooperative Language Agents using Information Relevance and Relative Proximity”
of +5X1Xri £HO{ ULl REVECA= LLM OjO|ME 7t 2 8X0 ¢HE Qs M2
THAAIE N AISHH, 2025 AAAIO| Al oral paper2 ZEHEJACH FF &
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Real World

“a person walks forward, leans over an object.”

12 1. DRRAM Of|A| O & 112! 2. Text-to-Motion G| A|
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AN2EEZ XR SF0M FFL &A MEY
=g
= A

ol gm J

WO ZSoi 2t

FQ A7 M9l XROpsE ¥Eol ZE 90| Web 7 £ A

IAEERE 75t Z&T 5= U= A|A”HO|ICH £, A E YA A|Zi5t HE,
MA HO|HE Z&oh CtYsh 28 OOjH XNE|, 8 =d 2M42 X2 EM,
St3Ha0| ssMo 2 3ot QEMEIE ZAM0| 7tSotC) XN dE8, AXX
Olg 52| CtYTH AHHE Soff Alatdi M8dS YBoIToH, AHEY EIMOAME=
HIZHEALE 2 Y A4S WEA A = JS0| SOIL|QCH £ X Z20=
XotEl SIEYO SHEME DtstA A 237t 7SS S, X 7|8te| AESIE foh
3D Gaussian Splatting X[ &z} 7|HZ2 HQHSIACH IH= O 20| = dstE A|Zfztet
AMEX QIHEO|A S, 0k dEE 7o it 3F+E X&55tH, M8}
St Z ZAd[ot QIHME|E A AR IS Soff StA 0| 7| St O X} &A1 QT

(a) DVR (b) Instant-NGP (c) Proposed (d) Proposed
(Ground Truth) (T=18) + w/o pruning +w pruning

2D PSNR: 34.30 2D PSNR: 32.21 2D PSNR: 31.19
FPS: FPS: 16 FPS: 196.13

1 "7DIPSNR: 24,78 ZD|PSNRE 28,9147 17 7D/PSNRE 25.02
FPS: 1.59! FPS;143.56/ | FP8:171.19

User i 1) ke ) ¥

2D PSNR: 29.74 2D PSNR: 31.52 2D PSNR: 29.82
FPS: 1.62 FPS: 136.96 FPS: 181,27

12l 2. 3D Gaussian SplattingS £ %t
=5 43 20t
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StochSync: Stochastic Diffusion
Synchronization for Image Generation
in Arbitrary Spaces

FE, AME, 4O

We propose a zero-shot method for generating images in arbitrary spaces
(e.g., a sphere for 360° panoramas and a mesh surface for texture) using a
pretrained image diffusion model. The zero-shot generation of various visual
content using a pretrained image diffusion model has been explored mainly in
two directions. First, Diffusion Synchronization-performing reverse diffusion
processes jointly across different projected spaces while synchronizing them in
the target space-generates high-quality outputs when enough conditioning is
provided, but it struggles in its absence. Second, Score Distillation Sampling-
gradually updating the target space data through gradient descent-results in
better coherence but often lacks detail. In this paper, we reveal for the first time
the interconnection between these two methods while highlighting their
differences. To this end, we propose StochSync, a novel approach that
combines the strengths of both, enabling effective performance with weak
conditioning. Our experiments demonstrate that StochSync provides the best
performance in 360° panorama generation (where image conditioning is not
given), outperforming previous finetuning-based methods, and also delivers
comparable results in 3D mesh texturing (where depth conditioning is provided)
with previous methods.
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BrepDiff: Single-stage B-rep
Diffusion Model
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The Boundary Representation (B-rep) is a widely used 3D model
representation of most consumer products designed with CAD software.
However, its highly irregular and sparse set of relationships poses significant
challenges for designing a generative model tailored to B-reps. Existing
approaches use multi-stage approaches to satisfy the complex constraints
sequentially. As a result, the final geometry cannot incorporate user edits due
to the non-deterministic dependencies between cascaded stages. In contrast,
we propose BrepDiff, a single-stage diffusion model for B-rep generation. We
present a masked UV grid representation consisting of structured point
samples from faces, serving as input for a diffusion transformer. By introducing
an asynchronous and shifted noise schedule, we improve the training signal,
enabling the diffusion model to better capture the distribution of UV grids. The
explicitness of our masked UV grid representation enables users to intuitively
understand and freely design surface geometry without being constrained by
topological validity. The interconnectivity can be derived from the face layout,
which is later processed into a valid solid volume during post-processing. Our
approach achieves performance on par with state-of-the-art cascaded models
while offering complex and diverse manipulations of geometry and topology,
such as shape completion, merging, and interpolation.

12
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Elevating 3D Models: High-Quality
Texture and Geometry Refinement
from a Low-Quality Model
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High-quality 3D assets are essential for various applications in computer
graphics and 3D vision but remain scarce due to significant acquisition costs.
To address this shortage, we introduce Elevate3D, a novel framework that
transforms readily accessible low-quality 3D assets into higher quality. At the
core of Elevate3D is HFS-SDEdit, a specialized texture enhancement method
that significantly improves texture quality while preserving the appearance and
geometry while fixing its degradations. Furthermore, Elevate3D operates in a
view-by-view manner, alternating between texture and geometry refinement.
Unlike previous methods that have largely overlooked geometry refinement,
our framework leverages geometric cues from images refined with HFS-SDEdit
by employing state-of-the-art monocular geometry predictors. This approach
ensures detailed and accurate geometry that aligns seamlessly with the
enhanced texture. Elevate3D outperforms recent competitors by achieving
state-of-the-art quality in 3D model refinement, effectively addressing the
scarcity of high-quality open-source 3D assets.
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DC-VSR: Spatially and Temporally
Consistent Video Super-Resolution
with Video Diffusion Prior
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Video super-resolution (VSR) aims to reconstruct a high-resolution (HR) video
from a low-resolution (LR) counterpart. Achieving successful VSR requires
producing realistic HR details and ensuring both spatial and temporal
consistency. To restore realistic details, diffusion-based VSR approaches have
recently been proposed. However, the inherent randomness of diffusion,
combined with their tile-based approach, often leads to spatio-temporal
inconsistencies. In this paper, we propose DC-VSR, a novel VSR approach to
produce spatially and temporally consistent VSR results with realistic textures.
To achieve spatial and temporal consistency, DC-VSR adopts a novel Spatial
Attention Propagation (SAP) scheme and a Temporal Attention Propagation
(TAP) scheme that propagate information across spatio-temporal tiles based
on the self-attention mechanism. To enhance high-frequency details, we also
introduce Detail-Suppression Self-Attention Guidance (DSSAG), a novel
diffusion guidance scheme. Comprehensive experiments demonstrate that DC-
VSR achieves spatially and temporally consistent, high-quality VSR results,
outperforming previous approaches.
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Dense Dispersed Structured Light
for Hyperspectral 3D Imaging
of Dynamic Scenes
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Hyperspectral 3D imaging captures both depth maps and hyperspectral
images, enabling comprehensive geometric and material analysis. Recent
methods achieve high spectral and depth accuracy; however, they require long
acquisition times—often over several minutes—or rely on large, expensive
systems, restricting their use to static scenes. We present Dense Dispersed
Structured Light (DDSL), an accurate hyperspectral 3D imaging method for
dynamic scenes that utilizes stereo RGB cameras and an RGB projector
equipped with an affordable diffraction grating film. We design spectrally
multiplexed DDSL patterns that significantly reduce the number of required
projector patterns, thereby accelerating acquisition speed. Additionally, we
formulate an image formation model and a reconstruction method to estimate a
hyperspectral image and depth map from captured stereo images. As the first
practical and accurate hyperspectral 3D imaging method for dynamic scenes,
we experimentally demonstrate that DDSL achieves a spectral resolution of
15.5 nm full width at half maximum (FWHM), a depth error of 4 mm, and a
frame rate of 6.6 fps.
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Interpretable Basis BRDFs
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Inverse rendering seeks to reconstruct both geometry and spatially varying
BRDFs (SVBRDFs) from captured images. To address the inherent ill-
posedness of inverse rendering, basis BRDF representations are commonly
used, modeling SVBRDFs as spatially varying blends of a set of basis BRDFs.
However, existing methods often yield basis BRDFs that lack intuitive
separation and have limited scalability to scenes of varying complexity. In this
paper, we introduce a differentiable inverse rendering method that produces
interpretable basis BRDFs. Our approach models a scene using 2D Gaussians,
where the reflectance of each Gaussian is defined by a weighted blend of basis
BRDFs. We efficiently render an image from the 2D Gaussians and basis
BRDFs using differentiable rasterization and impose a rendering loss with the
input images. During this analysis-by-synthesis optimization process of
differentiable inverse rendering, we dynamically adjust the number of basis
BRDFs to fit the target scene while encouraging sparsity in the basis weights.
This ensures that the reflectance of each Gaussian is represented by only a
few basis BRDFs. This approach enables the reconstruction of accurate
geometry and interpretable basis BRDFs that are spatially separated.
Consequently, the resulting scene representation, comprising basis BRDFs
and 2D Gaussians, supports physically-based novel-view relighting and
intuitive scene editing.
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PhysicsFC: Learning User-Controlled Skills
for a Physics-Based Football Player
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We propose PhysicsFC, a method for controlling physically simulated football
player characters to perform a variety of football skills—such as dribbling,
trapping, moving, and kicking—based on wuser input, while seamlessly
transitioning between these skills. Our skill-specific policies, which generate
latent variables for each football skill, are trained using an existing physics-
based motion embedding model that serves as a foundation for reproducing
football motions. Key features include a tailored reward design for the Dribble
policy, a two-phase reward structure combined with projectile dynamics-based
initialization for the Trap policy, and a Data-Embedded Goal-Conditioned Latent
Guidance (DEGCL) method for the Move policy. Using the trained skill policies,
the proposed football player finite state machine (PhysicsFC FSM) allows
users to interactively control the character. To ensure smooth and agile
transitions between skill policies, as defined in the FSM, we introduce the Skill
Transition-Based Initialization (STI), which is applied during the training of each
skill policy. We develop several interactive scenarios to showcase PhysicsFC’s
effectiveness, including competitive trapping and dribbling, give-and-go plays,
and 11v11 football games, where multiple PhysicsFC agents produce natural
and controllable physics-based football player behaviors. Quantitative
evaluations further validate the performance of individual skill policies and the
transitions between them, using the presented metrics and experimental
designs.
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PLT: Part-wise Latent Tokens as Adaptable
Motion Priors for Physically Simulated
Character
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Physically simulated characters can learn highly natural full-body motion
guided by motion capture datasets. However, the range of motion is limited to
the existing high-quality datasets, and cannot effectively adapt to challenging
scenarios. We propose a novel policy architecture that learns part-wise motion
skills, where individual parts can be separately extended and combined for
unobserved settings. Our method employs a set of part-specific codebooks,
which robustly capture motion dynamics without catastrophic collapse or
forgetting. This structured decomposition allows intuitive control over the
character’s behavior and dynamic exploration for a novel combination of part-
wise motion. We further incorporate a refinement network compensating for
subtle discrepancies in the disjoint discrete tokens, thus improving motion
quality and stability. Our extensive evaluations show that our part-wise latent
token achieves superior performance in imitating motions, even those from
unseen distribution. We also validate our method in challenging tasks,
including body tracking, navigation on complex terrains, and point-goal
navigation with damaged body parts. Finally, we introduce a part-wise
expansion of motion priors, where the physically simulated character
incrementally adapts partial motion and produces unique combinations of
whole-body motion, significantly diversifying motions.
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AnyMolLe: Any Character Motion
In-betweening Leveraging
Video Diffusion Models
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Despite recent advancements in learning-based motion in-betweening, a key
limitation has been overlooked: the requirement for character-specific datasets.
In this work, we introduce AnyMolLe, a novel method that addresses this
limitation by leveraging video diffusion models to generate motion in-between
frames for arbitrary characters without external data. Our approach employs a
two-stage frame generation process to enhance contextual understanding.
Furthermore, to bridge the domain gap between real-world and rendered
character animations, we introduce ICAdapt, a fine-tuning technique for video
diffusion models. Additionally, we propose a motion-video mimicking'
optimization technique, enabling seamless motion generation for characters
with arbitrary joint structures using 2D and 3D-aware features. AnyMolLe
significantly reduces data dependency while generating smooth and realistic
transitions, making it applicable to a wide range of motion in-betweening tasks.
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SALAD: Skeleton-aware Latent Diffusion for
Text-driven Motion Generation and Editing
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Text-driven motion generation has advanced significantly with the rise of
denoising diffusion models. However, previous methods often oversimplify
representations for the skeletal joints, temporal frames, and textual words,
limiting their ability to fully capture the information within each modality and
their interactions. Moreover, when using pre-trained models for downstream
tasks, such as editing, they typically require additional efforts, including manual
interventions, optimization, or fine-tuning. In this paper, we introduce a
skeleton-aware latent diffusion (SALAD), a model that explicitly captures the
intricate inter-relationships between joints, frames, and words. Furthermore, by
leveraging cross-attention maps produced during the generation process, we
enable the attention-based zero-shot text-driven motion editing using a pre-
trained SALAD model, requiring no additional user input beyond text prompts.
Our approach significantly outperforms previous methods in terms of text-
motion alignment without compromising generation quality, and demonstrates
practical versatility by providing diverse editing capabilities beyond generation.
Code is available at project page.
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ViSA: Physics-based Virtual Stunt
Actors for Ballistic Stunts
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We introduce ViSA (Virtual Stunt Actors), an interactive animation system
designed to create realistic ballistic stunt actions frequently seen in filmmaking
and TV production. By providing spatial constraints suitable for the desired
stunt scene, our system generates physically plausible motions satisfying the
given constraints. The problem is formulated as a deep reinforcement learning
task, incorporating a novel state and action spaces, as well as straightforward
yet effective rewards for ballistic stunt actions. Users can receive a fast
response within several minutes and continue to choreograph complex stunt
scenes in an interactive manner. We demonstrate ballistic stunt scenes
resembling those in various films and TV dramas, such as traffic accidents,
falling down stairs, and falls from buildings. The effectiveness of the technical
components and design choices in our system is demonstrated through
extensive comparisons, analyses, and ablation studies.
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MAGNET: Muscle Activation Generation
Networks for Diverse Human Movement
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We introduce MAGNET (Muscle Activation Generation Networks), a scalable
framework for reconstructing full-body muscle activations across diverse
human movements. Our approach employs musculoskeletal simulation with a
novel two-level controller architecture trained using three-stage learning
methods. Additionally, we develop distiled models tailored for solving
downstream tasks or generating real-time muscle activations, even on edge
devices. The efficacy of our framework is demonstrated through examples of
daily life and challenging behaviors, as well as comprehensive evaluations.

51



o205 o oo 0 Lol GRS 2025 SHEIHY

2
ol

e

F= Ll 2
H
Hl$l/VR/AR

HO

52



KCG52025

SIGGRAPH Asia 2024

Occupancy-Based Dual Contouring

gxlg, gt

1o

HEk

el

= H X}
2t X|’d (4011hjs@kaist.ac.kr)

=0
12

We introduce a dual contouring method that provides state-of-the-art
performance for occupancy functions while achieving computation times of a
few seconds. Our method is learning-free and carefully designed to maximize
the use of GPU parallelization. The recent surge of implicit neural
representations has led to significant attention to occupancy fields, resulting in
a wide range of 3D reconstruction and generation methods based on them.
However, the outputs of such methods have been underestimated due to the
bottleneck in converting the resulting occupancy function to a mesh. Marching
Cubes tends to produce staircase-like artifacts, and most subsequent works
focusing on exploiting signed distance functions as input also yield suboptimal
results for occupancy functions. Based on Manifold Dual Contouring (MDC),
we propose Occupancy-based Dual Contouring(ODC), which mainly modifies
the computation of grid edge points (1D points) and grid cell points (3D points)
to not use any distance information. We introduce auxiliary 2D points that are
used to compute local surface normals along with the 1D points, helping
identify 3D points via the quadric error function. To search the 1D, 2D, and 3D
points, we develop fast algorithms that are parallelizable across all grid edges,
faces, and cells. Our experiments with several 3D neural generative models
and a 3D mesh dataset demonstrate that our method achieves the best fidelity
compared to prior works.
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ForceGrip: Reference-Free Curriculum
Learning for Realistic Grip Force Control
in VR Hand Manipulation
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Realistic hand manipulation is a key component of immersive virtual reality
(VR), yet existing methods often rely on kinematic approaches or motion-
capture datasets that omit crucial physical attributes such as contact forces
and finger torques. Consequently, these approaches prioritize tight, one-size-
fits-all grips rather than reflecting users’ intended force levels. We present
ForceGrip, a deep learning agent that synthesizes realistic hand manipulation
motions, faithfully reflecting the user’s grip force intention. Instead of mimicking
predefined motion datasets, ForceGrip uses generated training scenarios—
randomizing object shapes, wrist movements, and trigger input flows—to
challenge the agent with a broad spectrum of physical interactions. To
effectively learn from these complex tasks, we employ a three-phase
curriculum learning framework comprising Finger Positioning, Intention
Adaptation, and Dynamic Stabilization. This progressive strategy ensures
stable hand-object contact, adaptive force control based on user inputs, and
robust handling under dynamic conditions. Additionally, a proximity reward
function enhances natural finger motions and accelerates training convergence.
Quantitative and qualitative evaluations reveal ForceGrip’s superior force
controllability and plausibility compared to state-of-the-art methods.
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REVECA: adaptive planning and trajectory-based
validation in cooperative language agents using
information relevance and relative proximity
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We address the challenge of multi-agent cooperation, where agents achieve a
common goal by cooperating with decentralized agents under complex partial
observations. Existing cooperative agent systems often struggle with efficiently
processing continuously accumulating information, managing globally
suboptimal planning due to lack of consideration of collaborators, and
addressing false planning caused by environmental changes introduced by
other collaborators. To overcome these challenges, we propose the RElevance,
Proximity, and Validation-Enhanced Cooperative Language Agent (REVECA), a
novel cognitive architecture powered by GPT-4o0-mini. REVECA enables
efficient memory management, optimal planning, and cost-effective prevention
of false planning by leveraging Relevance Estimation, Adaptive Planning, and
Trajectory-based Validation. Extensive experimental results demonstrate
REVECA's superiority over existing methods across various benchmarks, while
a user study reveals its potential for achieving trustworthy human-Al
cooperation.
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Integrating User Input in Automated Object
Placement for Augmented Reality
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Object placement in Augmented Reality (AR) is crucial for creating immersive
and functional experiences. However, a critical research gap exists in
combining user input with efficient automated placement, particularly in
understanding spatial relationships and optimal placement. This study
addresses this gap by presenting a novel object placement pipeline for AR
applications that balances automation with user-directed placement. The
pipeline employs entity recognition, object detection, depth estimation along
with spawn area allocation to create a placement system. We compared our
proposed method against manual placement in a comprehensive evaluation
involving 50 participants. The evaluation included user experience
questionnaires, a comparative study of task performance, and post-task
interviews. Results indicate that our pipeline significantly reduces task
completion time while maintaining comparable accuracy to manual placement.
The UEQ-S and TENS scores revealed high user satisfaction. While manual
placement offered more direct control, our method provided a more
streamlined, efficient experience. This study contributes to the field of object
placement in AR by demonstrating the potential of automated systems to
enhance user experience and task efficiency.
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Visibility Modulation of Aligned Spaces for Multi—-User Telepresence

Taehei Kim, Jihun Shin, Hyeshim Kim, Hyuckjin Jang, Jiho Kang, Sung-Hee Lee
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(a) Visual Reset Ul
a9 1 AZ, A7, AR A G4 Ul

(b) Auditory Reset Ul (¢) Multimodal Reset Ul
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2.4. Procedure

Qe RS 443
PA ZACS 2 taskE: 33
g3l Qi 7 task’F TF

2.5. Dependent Measures

(D AHE A g7k

IR 7} task’t F5H , 71 AFEA AL
23 AEAE 53 ﬁ”]ﬁ(rapport), A7, FEZ
AF3] A A2 7 (social presence)S 2z 7H, 74, 5H
58 HE=Z 27] HIsksith

25

<
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(2) Inter Brain Synchrony (IBS)

AA wol=2E A AsH?] Y3 learning phaseol Al =3
¥ ¥ ASE 0.2HzY low pass filter? 0.02Hz<]
high pass filter2 AAg|s}¢laL, o] & nlgo= ¥
wavelet transform coherence (WTC)E AAF&}3 T}

(3) Quiz Score

yarze] Fazgol HFsdeAE ddstr] fsk
o 7} dojo s F 7HA @S B el A gk
18 0] Folx= vl o2 AAsYHAY 84)

3. Results

3.1. Social Closeness

PS¢} PA ZAol| th3t rtest A3} 45 AEA F
D7 (p=.044)7} FE7H(p=.039) PS ZHAoA Hou
stAl A dERsTh AR 2 (p=.296) AR A A Az

(p=.086)< relvlgh Aol =
Social Closeness (7-scale) arPs
OPA

e

Rapport

Bolx skt (- D).

Social Closeness (5-scale)

o

Copresence

DPS

SR R i Y
o kN w & @

Confidence Social Presence

R e,

a¥ 1: A8 H
3.2. Inter Brain Synchrony (IBS)
(1) Average IBS of 15 Channels
Average IBSe| tha] PS ZAM=0.374, SD=0.033)°l
A 7F PAM=0.357, SD=0.037)°l ¥t} =9kal, r—test
A3 p=0760% SRAHAT (24 2).

IBS Qrs
o5 . Ora
1
0.45
0.4
0.3
0.25
Average Left PFC Right PFC

I3 2: Inter Brain Synchrony

(2) Left vs. Right IBS

PFCZ #Z(left PFC, IPFC)¥ $-=(right PFC, rPFC)
o2 Uyo] HuwsYrt.  IPFColAE  PS =4
(M=0.375, SD=0.048)s| 417} PA(M=0.356, SD=0.040)
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Bt =5 fond 2ol o (p=.141), rPFCel
A= PS(M=0.383, SD=0.040)9147} PA(M=0.347,
SD=0.053)X .t} f-olu|ahAl =3k tH(p=.008).

3.3. Quiz Score

t—testE® AAE A3, PS ZAM=5.06, SD=3.15)7}
PA Z7(M=5.19, SD=2.88) ZrellA Hou|g o=
A A 2kt (p=.779).

4. Discussion
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g FHE

d prior PS¢ &3[3]17} wi7H ﬂiyr‘ﬂ‘f—o]E
Uete & A= Eoi%dr. IBSe] Axt=
A zkel Ays ST 538 AlZH4 o
w4 A 4 ’5”, Zn”‘é - Holst= AL
73[6] rPFCOﬂHA frew| gk ZFe] = prior PS7P
= Bo 2A43dle 7he s g =
57} AA ALe A Fo g Hrhe Xq‘zi
A AFE T

wol=E wWiRE 3 ¢
AH B8 A 5713
CFE AT E FHeolEE wlR
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VLM Agent—-Based Critique System for Effective Human—AI Painting Collaboration

BoGyeong Ryu’, Young J. Kim
Dept. of Computer Science and Engineering, Ewha Womans University
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Figure 1: Human-AI collaborative art creation system
that analyzes the artwork (left) and provides enhanced interpretations (right) through multi-agents.

Abstract

We propose a multi—agent system for interactive art
creation through human-AI collaboration. The system
allows users to receive feedback from a Vision-
Language Model based on their canvas content and
input intentions, as well as to access Al-generated
painting suggestions resulting from this feedback.
Agents are consecutively executed to manage
feedback generation, artistic planning, and prompt
formulation for image editing models. The system is
implemented as a Krita plugin, allowing users to
incorporate Al-generated results as needed into their
creative processes. The pipeline can be repeated until
the canvas is refined to the user's satisfaction.

1. Introduction
In the novel ‘The Little Prince’ by Antoine de Saint-
Exupéry, the boy drew a boa constrictor, but adults

= =

=130
AL Aty

I e =% (extended abstract)
# X Gt [TRC/IITPEZE 13 [ITP-2025-RS-2020-11201460

o} ATAITE 2022R1A2B5B030013852] A Yoz = 9e
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Figure 2: A drawing of a boa swallowing an elephant

perceived it as a hat, as illustrated in Figure 2. “My
drawing was not a picture of a hat. It was a picture of
a boa constrictor digesting an elephant. I gave up what
might have been a magnificent career as a painter.” —
This excerpt illustrates how misunderstood artistic
intentions can discourage creative expression when
proper feedback is absent. Contemporary Al art
creation encounters similar communication challenges.
Current generative Al systems focus on immediate
output without
progressive feedback mechanisms.

generation artistic  critique or

This paper presents a multi—agent system with
Critique, Artist, and Prompt agents that provides
artistic critique and enhancement while preserving
original creative visions.
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. Multi-Agent System for Art Collaboration

2. [ Analysis of Formal Elements:

The lines are clean and fluid. Although the form resembles a hat, it is intentionally drawn to represent a
simplified boa constrictor. There is no use of color, but the contrast between the white background and
black lines is clear. The centered composition effectively draws the viewer's attention.

3. (O Emotional Effect:

Despite its simplicity, the explanation stimulates the viewer's imagination and evokes curiosity and delight.
It recalls childhood fairy tales and stories, evoking warm and nostalgic emotions,

4. % Current Strengths:

The ability to convey a complex narrative through such simple lines is remarkable. The intuitive and clear
imagery effectively communicates the essence of the story.

5. () Suggestions for Improvement:

To more clearly convey the idea that there’s an elephant inside the boa constrictor, adding subtle details
to the shake's body could be helpful. For instance, incorporating faint lines or shadows that hint at the
elephant’s form may further engage the viewer's imagination. Additionally, using color to emphasize the
contrast between the boa constrictor and the elephant could enhance the clarity and visual interest.

(a) Critic Agent

[l Step-by-Step Implementation Plan:

Stage 1: Adding lines to suggest the elephant's form within the boa constrictor's body

Incorperate subtle lines that trace the contours of the elephant’s body, ears, and trunk into the form of th
e boa constrictor. These lines should flow naturally along the existing curves of the boa constrictor.
Stage 2: Emphasizing color contrast between the boa constrictor and the elephant

Lightly shade the boa constrictor’s body with green-toned colored pencil, using soft, censistent strokes
that complement the existing black lines.

Apply faint gray-toned shading in areas where the elephant is implied, subtly enhancing the sense of its
presence within the boa constrictor.

Stage 3: Overall style adjustment and final refinements

Clarify the boundary lines between the boa constrictor and the suggested elephant to achieve
compositional balance.

(b) Artist Agent
[il Step-by-step Prompts

[ Stage 1: "Add subtle contour lines to the boa constrictor's body to suggest the hidden form of an elep
hant. Ensure the lines follow the natural curves of the snake's body, hinting at the elephant’s trunk, ears, a
nd body. Maintain a seamless integration with the existing black sketch lines to preserve the overall style.”
[ Stage 2: "Apply soft green colored pencil shading to the boa constrictor's body, using light, delicate str
okes to complement the existing black sketch lines. In areas where the elephant is implied, subtly introduc
e gray colored pencil shading to suggest the presence of the elephant without overtly revealing it. Focus
on creating a gentle contrast between the snake and the hidden elephant”

[) Stage 3: "Adjust the boundary lines between the boa constrictar and the implied elephant to achieve a
balanced composition. Fine-tune the intensity of the colored pencil strokes to ensure harmony with the ori
ginal sketch style. Aim for a fluid and natural appearance, enhancing the overall coherence and visual app
eal of the artwork.”

(c) Prompt Agent
Figure 3: Multi-Agent System Components and Results

2.1. Critique Agent

Users can receive artistic critique from a VLM-based
critique agent. The system examines user text input
to identify keywords, activating the critique agent.
The critique agent analyzes the canvas image and the
artistic intent provided by the user. The agent
analyzes composition, visuals, and emotion to suggest
improvements aligned with the user's intent.

2.2. Critique—Based Planning and Image Editing

The artist agent incorporates the user’'s canvas,
creative intent, and critique analysis through
sequential reasoning to formulate a three-stage
improvement plan. The prompt agent converts this
plan into prompts for image editing models such as
InstructPix2Pix [1] and GPT-Image-1 [2].

2.3. Painting Interface

Exploiting the Krita AI Diffusion plugin [3], we
implement our system as a Krita plugin that enables
multi—agent execution. Users can paint on the canvas
and input their creative intent, activating the critique-
planning-editing workflow.

\ m Pre-critique Post-critique ) Improved
Caption Type Canvas-Caption Alig) Canvas-Caption Alig) e Cases

First Caption 0.349 0.476 +0.127 10/10
Second Caption 0.194 0.492 +0.298 10/10

Table 1: VQA score [4] comparison before and after
critique—based revision (mean of ten trials)

74

Human Performed

Al Performed
Stage 1 Stage 2 Stage 3
E E /. —.‘)«\; P’
[l A |
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- - AN

Figure 4: Human—AI Collaborative Creation Results. In the
left column, the first prompt drew an elephant from an
outline to a shaded image; the second one depicted a

desert night with moon and cacti; finally, the user finished

painting with a rose and a signature.

3. Experimental Results

We demonstrate our system through boa constrictor
drawing experiments (Figures 3, 4). Across multiple
iterations, the Critique, Artist, and Prompt agents
collaborated with the user to improve the canvas while
preserving their original intent. VQA evaluation [4]
(Table 1) shows that post-critique canvases
consistently align better with critique—driven captions
than pre-critique versions, validating the system's
feedback effectiveness.

4. Conclusion

We presented a multi—agent system that leverages
VLM for art critique and editing, demonstrating a novel
human—-AI collaborative creative interface. The
system maintains artistic intent while enabling
progressive visual improvement through human-AlI
interaction. Future work includes adding voice input
for real-time critique, reference search, and idea
generation, enabling more fluid human—-AI
collaboration.
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3D Indoor Scene Optimization via Multi-Agent Reinforcement Learning
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2.9 2. 1 do]HE 7%t A H A3}
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il HAstelr] 919 WE ool E ZAssks VNt & § wiAE HAgsly] Sd, dWE oolAE Ashshs
WA Y AdYaE Ackst. AA T 3y, (Multi-Agent Reinforcement Learning) 7]%Fe] %43t
AA 7V frA4, ¥ @ o AA A HA AR A ZEdAaE Abdrh 2 AA= 59H<L dle]d
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g 7wk gw HHE dFES dd dojdE ywk R e AH, A HE B WA 5, | 7)o vk
shgroll AU, 4] et ofEe Fmate B ALY, AY B A dHolE, wHE sk H
e AR AEAEARES ndd B gs e TR 24 gAY dAE g v(Algorithm 1) osF
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2 st 4y ofo|dE #ZsEs 7uk gy S QaFets A= AA FHoA Az Aol
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A5 FopbiaME AA A JAelA Gz Aol b
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13. Compute grid-based free space reward Neural Information Processing Systems, 34, 12013-12026,
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PortraitTalker: Speech-Driven 3D Talking Head from Text Prompt
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Abstract

The reliance on reference images or 3D models
presents a fundamental limitation for customizable
digital avatar creation. We propose PortraitTalker, an
end-to—end framework that generates photorealistic
3D avatars directly from text prompts and speech
inputs without requiring manual rigging. Our system
integrates a diffusion model with score distillation
sampling for texture generation and a transformer-—
based audio encoder to drive FLAME-based facial
animation, PortraitTalker achieves state—of-the-art
performance on the HDTF dataset, improving lip
synchronization (LSE-C: 7.230 , LSE-D: 7.712) and
visual quality (FID: 21.997). This work advances
automated avatar creation by removing conventional
input constraints, enabling scalable applications in
AR/VR and intelligent virtual agents.

1. Introduction

Digital avatars are playing an increasingly import-—
ant role in immersive applications. However, current
generation techniques are often constrained by their
reliance on input images or predefined 3D templates.
Although significant advancements have been made
in text-to-3D synthesis [1] and speech-driven ani-
mation [2] independently, integrating both into a
cohesive pipeline remains challenging, particularly in
preserving temporal consistency and visual fidelity.

PortraitTalker addresses these challenges through

a unified architecture composed of 3 key components:

* PEUFEEE
P ¥ ATE NV EHYRFAY W JRFN/GGAe] A

AsFFANAANF G A7 A= FPH A UTP-2025
023-00255968)
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Figure 1: Pipeline of the PortraitTalker

(1) Text-to—-3D Synthesis: SDS-optimized diffusion
enables high—quality 3D texture generation from
textual descriptions;

(2) Speech-Driven Animation: A transformer—based
audio processor extracts FLAME-compatible
parameters for expressive facial motion;

(3) Differentiable Rendering: A real-time renderer
ensures temporal coherence and physical plausibility
in the final output.

2. Methodology
2.1. Text-to—-3D Synthesis

Our pipeline initiates avatar creation via SDS-
optimized diffusion, which distills gradients from a
pretrained text—to—image model. This generates a
tri-grid representation that jointly encodes geometry
and texture. Orthogonal feature planes facilitate
efficient synthesis of animation-ready models with
high visual fidelity.

2.2. Speech—Driven Animation

A transformer—based audio encoder is employed to
predict frame-wise FLAME parameters [3] directly
from raw speech input. These parameters capture
both expression dynamics and head pose variations.
The result is accurate, temporally aligned lip—sync
and expressive motion patterns that reflect the
speech signal.
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2.3. Differentiable Rendering

Our rendering pipeline employs a differentiable
renderer to synthesize video frames. It composites
the FLAME-based geometry with hierarchically
structured tri—grid textures. The renderer inherently
enforces spatiotemporal coherence and physically
accurate shading, eliminating the need for post—
processing stages.

3. Experiments

3.1. Qualitative Comparison

Our method demonstrates statistically significant
improvements across all evaluation metrics on the
HDTF dataset [6]. As quantified in Table 1, Portrait-
Talker achieves a Lip Sync Error Confidence (LSE-C)
score of 7.230, representing relative improvements
of 43.2% and 48.4% over MakeltTalk [4] (5.051) and
Wang et al. [5] (4.872) respectively. Concurrently,
we reduce the Lip Sync Error Distance (LSE-D) by
22.9% (7.712 vs. 9.999/9.995), indicating superior
temporal alignment accuracy. In terms of visual
quality, our approach establishes a new state—of-
the—art Frechet Inception Distance (FID) of 21.997,
outperforming both baselines by significant margins.

Lip Synchronization Video Quality
Method
LSE - Ct LSE-D} FID |
MakeItTalk [4] 5. 051 9.999 28. 183
Wang et al. [5] 4.872 9.995 22.372
Ours 7.230 7.712 21.997

Table 1. Comparison with methods on HDTF [6] dataset
3.2. User Study

We conducted a comprehensive user evaluation
with 20 participants assessing 50 generated video
samples. As shown in Table 2, our method achieved
dominant preference scores across four key percept—
ual metrics: lip—sync accuracy (68.13% preference),
motion diversity (76.89%), video sharpness (74.06%),
and overall naturalness (74.76%). Notably, 38% of

participants explicitly identified our system as
superior specifically for lip—sync quality.
Method Lip Motion Video Overall
Sync. Diversity Sharpness Naturalness
MakeItTalk[4] 9. 86% 7. 04% 6.72% 9. 41%
Wang et al. [5] 22.01% 16.07% 19. 22% 15. 83%
Ours 68. 13% 76. 89% 74. 06% 74. 76%

Table 2: User Study

91

3.3. Results

Figure 2 showcases five representative keyframes
synthesized from the prompt “A casually dressed
young adult European male”. The outputs show
temporally coherent facial expressions, phoneme-
level lip—sync, and consistent identity preservation
throughout the animation sequence.

Figure 2: Result of the PortraitTalker.
4. Conclusion

We present PortraitTalker, a novel framework for
generating photorealistic, speech—driven 3D avatars
from text prompts. By eliminating the need for refer-
ence images and manual rigging, Our system enables
the creation of high—quality, scalable avatars. Expe-
rimental results on both objective metrics and user
studies demonstrate superior performance in lip—
sync accuracy and video realism. Future work inclu-
des enhancing emotional expressiveness, incorporat—
ing neural shading for greater realism, and optimizing
the model for lightweight real-time deployment.
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DC-VSR: Spatially and Temporally Consistent Video Super—Resolution
with Video Diffusion Prior
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Abstract counterparts. To synthesize sharp details, recent
approaches[1,2] utilize the powerful generative prior
Video Super-Resolution (VSR) aims to restore high- of diffusion models. To reduce excessive memory
resolution (HR) videos from low-resolution (LR) usage, previous methods adopt an independent tile-
counterparts. While recent diffusion-based VSR based processing strategy; however, this leads to
methods exhibit remarkable performance, their tile- spatio-temporal inconsistency due to the lack of
based processing and inherent randomness often shared contextual information across tiles. Moreover,
cause severe inconsistencies across the spatio- the inherent randomness of the diffusion process
temporal domain. To address this, we introduce DC- further degrades temporal -consistency, causing
VSR, a novel VSR method for generating spatially and flickering artifacts.
temporally consistent videos with high—fidelity In this paper, we introduce DC-VSR, a novel VSR
textures. Specifically, to ensure spatio—temporal method to achieve high-resolution video generation
consistency, DC-VSR proposes Spatial Attention with improved spatial and temporal consistency. To
Propagation  (SAP) and Temporal Attention this end, we adopt a video diffusion prior for the first
Propagation (TAP), which propagate information time, which better captures temporal dynamics across
across spatio-temporal tiles using a self-attention frames than image diffusion models. We also propose

mechanism. To further enhance high-frequency Spatial Attention Propagation (SAP) and Temporal
details, we present Detail-Suppression Self-Attention Attention ~ Propagation  (TAP) that propagate

Guidance (DSSAQG), a novel diffusion guidance scheme. information across spatio—temporal tiles using a self-
DC-VSR achieves high-quality, spatio—temporally attention mechanism to achieve high spatio—temporal
consistent VSR, outperforming prior methods. consistency. Finally, to further enhance high-

frequency details, we propose Detail-Suppression
1. Introduction Self-Attention Guidance (DSSAG), steering the model

to focus more on high-frequency components.

Video Super—-Resolution (VSR) focuses on restoring

high-resolution (HR) videos from low-resolution (LR) 2. DC-VSR

T 2% A4 Fig. 1(a) illustrates the overall pipeline of DC-VSR.

PR FEE DC-VSR starts by bicubic upsampling the LR video and

* ¥ =E 8oh=d (Extended Abstract) ©2A], # =9 encoding it into a latent representation [. The HR
;ﬂi—”f%f SIGGRAPH 2025 Conference Paperd] 714 4 latent x; is initialized with random noise and

. %}‘fﬁz’lt Mg AAbe] A QS ol e E|lS. B oo 7 gl denoising proceeds iteratively: at each step t, x, and
LG B EA]HH AYo s AREN NG A X l are concatenated, tiled, denoised, and merged. For
L=y f‘%o} TP HAS (RS-2019-11191906, FA5the-dA computational efficiency, SAP and TAP are applied
3(; OE*E“;*EHQ#) No.2021-0-02068, 145 =4l 34 alternately in the denoising step. At the end of each
AT 7).

denoising step, DSSAG is applied to make sharp details.
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Finally, denoised x, is decoded to yield the HR video.

V'SAP : Spatial Attention Propagation (a) DC-VSR Pipcline
| TAP : Temporal Adtentio iont
1 DSSAG : Detail-Suppress
i

1 (© : Coneatcnation operation

I
i
Spatio-temporal
Tiles

U-Net

% T steps with DSSAG
T (¢) Temporal Attention Propagation (I'AP)

Ximatl,

|

|

| ,

| J

| Frama-1,
|

|

|

s - Temporal Information Propagation with Sampling

Key/Value Subsampling

Figure 1: Pipeline of (a) DC-VSR, (b) SAP and (c) TAP.

2.1. Spatial Attention Propagation

Spatial Attention Propagation (SAP) strengthens
consistency across spatial tiles by allowing each tile
to access information from other spatial tiles using
self-attention mechanism (Fig. 1(b)). Instead of
calculating time-consuming full attention, SAP uses

subsampled key/value features from other spatial tiles.

Subsampled key/value features are combined with
each tile’s own key/value features at self-attention
layers to provide global spatial context.

2.2. Temporal Attention Propagation

Temporal Attention Propagation (TAP) enhances
temporal consistency by enabling each temporal tile to

utilize neighboring temporal tile information (Fig. 1(c)).

TAP subsamples the most informative key/value
features from the previous and succeeding temporal
tiles based on the key feature variance and
incorporates subsampled features into the attention
mechanism of the current temporal tile. In this manner,
the model can leverage bidirectional temporal context
to produce temporally consistent results.

2.3. Detail-Suppression Self—Attention Guidance

Detail-Suppression Self—-Attention Guidance
(DSSAG) is a novel diffusion guidance method
designed to enhance high—frequency details in VSR.
By suppressing details in the unconditional noise
within the CFGI[5], the model is directed to focus more
on high—-frequency components, promoting sharper
outputs. Details are suppressed in the self-attention
layers within detail-suppression self-attention, which
is defined by the following equation:

QKT
- - V’
max(y2qk, 1) \/H)
where g and k denote the largest absolute values in

Self- Attention(Q, K,V,y) = softmax(

95

Q and K, and d is the attention feature dimension.
The detail suppression strength, governed by vy,
decays over time and can be tailored to target video
for granular control. DSSAG within CFG is defined as:
ecreapssac (xt) = gg(xr) + (1 + 5) (g (x¢, €) — €9(x¢))
where ¢g¢ is a pre—trained U-Net and g is a pre-
trained U-Net equipped with detail suppressed self-
attention. s denotes the guidance scale. DSSAG can
be seamlessly incorporated into the CFG without any
additional U-Net inference overhead.

3. Result

DC-VSR surpasses prior state—of-the-art
methods[1,2,4] by delivering higher perceptual
quality and stronger spatio—temporal consistency.
This superiority is clearly demonstrated in Fig. 2. The
proposed SAP, TAP and DSSAG methods effectively
improve VSR results as shown in Tab. 1.

Loy o Videa 1 -

= - =~

&l : <k =< .

N s CAT 00 or EAT DI o CAT IN or EAT IN or

g AXLAWAY AIREAWAY AKEAWAY [ [RTAKEAWAY

H COT N o enT B5or i | EAT IN or fi EATlNor

£ e : Taxemway [ji| li7Axsaway [l Bl TAKEAwAY [ [l TAKEAWAY

H s EAT 20 o SA7 BY op EAT DE o7 EAT IN or
Taxeaway i I 1oneaway ll B Takeaway [l Bl TAKEAWAY

(a) Bicubic (b) RealViformer (¢) Upscale-A-Video (d) MGLD (¢) DC-VSR

Figure 2: Comparison with other state—of-the-art methods.

SAP TAP DSSAG | MUSIQ? DOVER1®
- - - 67.51 66.07
O - - 67.52 66.10
- O - 67.51 66.19

o O 69.22 70.41

Table 1: Ablation study on SAP, TAP and DSSAG.
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(a) Input (GSO) {b) Ours (Elevate3D) (c) Input (TRELLIS) (d) Ours (Elevate3D)
Figure 1: 3D refinement examples from (a) a degraded real-world scan and (c) a state-of-the-art image-to—3D generative
model. Elevate3D effectively refines both texture and geometry while preserving their alignment, as shown in (b) and (d).

Abstract suffer from key limitations. First, SDEdit's core
mechanism, which involves adding noise to an input
Elevate3D enhances low—quality 3D models into high- and then denoising it, inherently creates a quality-
quality assets. It employs an iterative process where fidelity trade—-off controlled by the noise level. Second,
HFS-SDEdit first performs identity—preserving the predominant reliance on image—based generative
generative texture refinement using high-frequency prior often leaves geometry under-constrained or
guidance. This refined texture subsequently guides misaligned with textures.
geometry improvement, ensuring high—quality 3D This paper proposes Elevate3D, a novel 3D model
results with well aligned texture and geometry. refinement approach that produces a high-quality 3D
model with well-aligned texture and geometry through
1. Introduction iterative, view—-by-view refinement. Elevate3D first

enhances texture using High-Frequency-Swapping
High—quality 3D models are in unprecedented demand SDEdit (HFS-SDEdit), which resolves SDEdit's trade—

but remain scarce due to high acquisition costs. This off by using high-frequency guidance to preserve
motivates refining easily accessible low—quality input 1dentity while allowing for high quality
models to achieve higher quality. Recent 3D model refinement. Subsequently, geometry refinement is
refinement methods leverage generative diffusion guided by the normal maps predicted from the refined
priors, often employing techniques like SDEdit [1] for texture, ensuring alignment of texture and geometry.
texture refinement. However, these approaches often
2. Method
* - B EET
* 2 L%%oﬁ =% (Extended Abstract) oA, B =F9 Elevate3D refines 3D models through iterative, view-
*31:_‘55%%?2313&}?132g??fjﬂ:%gzﬂ‘:‘)4 Aqgos A by-view tex'ture and geometry refinemen't Stag'es.
WEAA G0 29 (No.2019-0-01906, o125 )5+l Texture refinement leverages HEFS-SDEdit, which
29 (XTI 3a) I 20249 % AE (3375 A B EA )] builds upon SDEdit [1] to overcome its inherent
Zﬁ%gi; ARFN7EH 7] A 9(No.2024-00457882, <1 quality—fidelity trade-off. HFS-SDEdit employs high-
Ejg?jé du sl At s e Ads wep 5 frequency guidance from the input. This allows the
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Denoising Time Steps

Low Quallty

Figure 2: HFS-SDEdit addresses the quality—fidelity trade—off in SDEdit. By adding a substantial amount of noise € to the
low—quality reference image z_r in (c) and initiating the denoising process from the noisy latent z,, SDEdit removes domain
information, enabling the diffusion model to generate a high—quality image as depicted in (b). However, this approach
compromises fidelity to the reference image. Conversely, adding a small amount of noise and starting the denoising process
from the noisy latent z, preserves the low—quality domain information, resulting in only minor refinements, as seen in (d). In
contrast, HFS-SDEdit incorporates high-frequency feature injection—-based guidance allowing for high-fidelity generation

even when starting the denoising process from z,.

diffusion model to freely generate low-frequency
features for high output quality, while simultaneously
preserving the original identity without transferring its
artifacts. We provide an overview of HFS-SDEdit in
Figure 2. HFS-SDEdit initializes a noisy latent z,,
using large noise from the reference z.. Then, at
subsequent timesteps t to tg,p, it replaces the high-
frequency component of the denoised latent Z; with
that from a noised reference Z; to form a calibrated
latent z{ . Within Elevate3D, for each view, this
process is applied to unrefined regions of the rendered
image I; identified by a mask m;. The resulting
refined latent z{ is blended with Z; to preserve
already refined areas, yielding an improved texture I;.
The geometry refinement stage then utilizes this
refined texture Ij. The refined texture I; introduces
new geometric details generated during its refinement.
A normal map n; is inferred from I; to capture these
details. Our regularized normal integration scheme

then integrates these details into the existing mesh M;.

It estimates a refined surface S; by minimizing an
energy functional E(z) designed to ensure the new
surface both reflects the normals n; from the refined
texture and remains consistent with the geometry
of M;. The refined geometry S§; is integrated into M;
using Poisson surface reconstruction [2], creating M,.
Finally, the texture I is projected onto this updated
mesh and we proceed with subsequent iterations.

3. Experiments

We evaluated the 3D model refinement quality of
Elevate3D on a degraded GSO dataset [3] against
SoTA 3D refinement methods. Qualitatively,
Elevate3D produced detailed textures and geometries,
substantially surpassing previous methods and

104

This approach achieves both high quality and fidelity in the refinement.

exhibited high texture-geometry consistency. We
demonstrate the results in Figure 1. Quantitatively,
Elevate3D consistently outperformed competitors on
non-reference metrics for rendered images.

For evaluating HFS-SDEdit, experiments showed that
swapping latent low-frequencies from a low—quality
reference degraded output quality, whereas swapping
only its high—frequencies allowed the diffusion model
to maintain high output quality. This confirmed that
low-frequency components primarily carry image-
quality domain information, justifying HFS-SDEdit's
strategy of using high—-frequency guidance from the
input for identity preservation while allowing the
model to synthesize high—quality low-frequency
features. In image refinement comparisons on the
LSDIR dataset against other SDEdit based methods,
HES-SDEdit achieved the best performance in non-
reference metrics and LPIPS, producing high—quality
outputs with convincing fidelity. Finally, ablation
studies demonstrated the necessity of both texture
and geometry refinement stages and our regularized
normal integration for high—quality results.

4. Future Work

While Elevate3D produces high—quality textured
meshes, its processing time currently scales with the
number of refinement views. We plan to optimize this
speed in future work while preserving quality.

References
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Baseball Pitching Motion Reconstruction from Single-View Videos

Ji-won Kim®!,

Ri Yu'?
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Abstract

We propose a two-stage learning framework for
reconstructing 3D baseball pitching motions from
video, addressing challenges such as motion blur
in high-speed throws. Our approach combines
motion imitation and refinement using
physics—based simulation and deep reinforcement
learning, guided by domain-specific rewards.
Despite imperfect pose estimates, our method
generates plausible, physically consistent motions
that preserve pitching style and accurately
replicate ball trajectory and speed.

1. Introduction

Reconstructing 3D human motion from videos is
challenging due to motion blur and self-occlusion,
especially in fast sports like baseball pitching.
While prior methods [1,2] focused on correcting
pose errors at the image level, we propose a
physics—based approach that reconstructs
physically consistent motions directly through
simulation. Our two-stage framework, combining
physics—based simulation and deep reinforcement
learning [3], refines motion imitation using
task—specific rewards, ensuring realistic pitching
even with degraded input data. We demonstrate its
effectiveness through ablation studies and
comparisons, showcasing high—quality 3D motion
recovery from single-view videos with blur and
occlusion.

=]
Rl
Qok=F (Extended Abstract) &.&A, E =F9]
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2. Method

Input Video Pose Estimation Stagel : Motion Imitation

3D Pose : I .

2D Pose

T
Style
Classification

Underhand =

2.1. Motion Reconstruction

Stage2 : Motion Refinement

Figure 1: System overview

Baseball pitching is a highly dynamic motion often
degraded in video-based reconstruction due to
motion blur and self-occlusion. Prior methods that
rely solely on pose imitation struggle under such
conditions. To address this, we Iincorporate
domain-specific knowledge—such as target
accuracy, ball speed, and pitching style—as reward
signals in reinforcement learning to guide the
reconstruction process. Using deep reinforcement
learning and physics—based simulation, we design
task—-specific rewards that encourage realistic ball
delivery. To resolve conflicts between pose
imitation and task objectives, we adopt a
two—stage approach: the first stage focuses on
imitating reference poses, while the second refines
the motion based on task constraints. This
sequential training enables accurate and physically
plausible reconstructions, even from noisy pose
data.

2.2. Two-Stage Reinforcement Learning for Motion
Reconstruction

To reconstruct realistic baseball pitching motions
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from noisy pose estimations, we adopt a two-stage

reinforcement learning framework. In the first
stage, the goal 1s to Iimitate reference poses
extracted from video frames, despite their
imperfections due to motion blur and

self-occlusion. This stage focuses on tracking joint
angles, joint velocities, end—effector positions, and
foot contact states, while also applying torque
regularization to ensure physical plausibility. To
account for inaccuracies in the pitching arm caused
by motion blur, its tracking weight is reduced.

In the second stage, we refine the motion using
domain-specific knowledge about baseball pitching.
This includes encouraging the character to throw
the ball toward a predefined target location, align
the ball's release direction with the strike zone,
and match the throwing speed extracted from the
video. Additionally, we introduce a pitching style
reward based on the arm’s release angle, which is
classified into four types: overhand, three—quarter,
sidearm, and underhand. By aligning the simulated
arm angle with the identified pitching style, we
ensure that the reconstructed motion maintains

stylistic  fidelity to the original video. This
two—stage process enables the system to balance
imitation and task performance, resulting iIn

physically consistent and visually realistic pitching
motions.

3. Result

Figure 2: Results of various pitching styles

To evaluate the effectiveness of our proposed
framework, we conducted a series of experiments.
First, we demonstrate that the system can
reconstruct realistic pitching motions from video
clips featuring various throwing styles, including
overhand, three-quarter, sidearm, and underhand.
The reconstructed motions successfully reflect the
distinctive posture and dynamics at the moment of
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ball release, closely matching the original video

appearances.

Figure 3: Stage-wise performance comparison results

We also assessed the impact of our two-stage
training strategy. In the first stage, the model
focuses on imitating the overall motion, while in
the second stage, it refines the motion using
baseball-specific cues such as ball speed, target
direction, and pitching style. The comparison
reveals that motions refined in the second stage
display more dynamic and physically plausible
movements—especially in stride length and arm
action—than those generated after only the first
stage.

4. Conclusion

We propose a robust framework for reconstructing
complex sports motions, such as baseball pitching,

from monocular video, even under challenging
conditions like motion blur. By combining deep
reinforcement learning with physics—based

simulation in a two-stage process—imitation and
refinement—our method produces high—quality,
realistic motions. This makes it suitable for
applications in sports analysis, motion tracking, and
virtual training, particularly when input videos are
degraded.
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Development of Extended Reality-based Training Tools for Medical Equipment
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(a) Rotate tray (b) Move table (c¢) Drag telescopic arm
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Draw Call Minimization via Batch Rendering In Real-time Rendering Using Vulkan

Jungsik Oh®, Jeongyong Park, Hyeonkyu LeeT
Department of Computer Science and Engineering, Incheon National University

2o

2 =R AT g ge] ZElle A W
WAsE =29 F(Draw Cal)® 18] A8t CPU-
GPU &4l B5S HAiskslr] 913 a&2Ql ajx =g
2 (Batch Rendering) 71¥-& A¢Hsth Alord 7ML
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A AE®y a&ido] g VRAM)E ®©AIg A4 FaEon, HAE 4H
2 Sponzags AFESIITE H7F AFEE (1) A
dugdZE 1 v 2 vy A4 34 FPS(Frame-Per-Second)[1], (2) 3 Zg o] =4
1. procedure BUILD_BATCH(meshList, Capacity) 29 F 3% 34(3]2 oLy =29 F 34
g' ?amh < new MiniBatch( = NVIDIA Nsight Graphics®] Frame Debugger® 74
or each mesh in meshList do T s = s 1o =101 oL=l >
4. vBytes < mesh.vertexCount X sizeof(Vertex) A = IAFE FJAST. AjbskeE wA 7]Er
5 iBytes < mesh.indexCount X sizeof(uint32) Indirect dfo]Zglele T WS o 33], 63, 213,
6 if batch.size + vBytes + iBytes > Capacity then 45§g Indirect Ei“ol‘ o g {E]%]—EH Ei—?— =
#37Mel w9 A B =R A A S H 97% ol A7} ],Eoﬂ_o_ ¥ 1A 015—5—}035
7. createBuffers(batch) = RN HMw= A Ho mhm
8. batch < new MiniBatch() G wx2y FAE Faud AgPsteg, 713 At
9. end if St whale] glojAl Ay ® AelEl Aol7t flvh. 19 3
# Draw Commands 715 o] 9 Yz ¥ 29 AlF WA A stddl A, Azt
10. dDrawCmd(batch, h = = 5 = =) =
Jrrendirncn E( e mes ) @ F7b S7hgtel we} Fps WgE vehd Zlojch 4t
11. appendData(batch, mesh. vertices, mesh.indices) 7"1]—651 31\“7]' O]: 15HH 2“7]'6]'01] T’q'a} ]i HC}EI% FPS7]’
12. batch.size < batch.size + vBytes + iBytes 22473] }%}3}04 133914 32% AA A% ¥vbH ) Aot
" #iﬁqujrw dlolEel g ws A ¢ A e sdd E31elM FPS7E 163914 119
x| e by
_ k. <t g 2 n A %U]—O]_}]] Aadte] AS AAZES FA5 o
14. if batch.size > 0 then ;q];]—oﬂ]q_ o]_gH _ZEH._LO]]}\ o ] ]_‘jﬂ_‘]ﬂ;_ ] Bq;g
15. createBuffers(batch) SF X . = = = m e
16. end if of wZ FPS HlaloAl Aotst AL ojHKT}h &2
17. end procedure FPSE FA&te whd, 7]E =5AlS xd W7 Zox
o PP} BU@ AT #0929 38 B9,
MGl A R E WAl AW % AUk HOlHE eksii )R wAe FPSTE O w3 Wsel g8 o
G A& Mg EFow AgtE o] VRAMO A#H b M Heo GAEEn, Al AT A% AN
o Indirect 7= ol 7158 2 28 = Sd o) gaje) AHHALE 5 YUk
AW A Hy g QY s oA 545 ox A F —
rE %E@Eiéﬂ, A WA Ao Fes ww b
2 Qe Astel AT 4 A
2.3. Indirect =29 & 3& W
i) 71 Indirect AU A =2 Fo F ) T~
945 Azase o Ao Ad Lnas 10 7% : —~
A 442 Fd A4E NS Az FARG. A6 -
o} 3 W Indirect EE2% Z& IEWS FYP3 —
71E WA o] WAl (M) HANTE =29 F&
Z_ﬂ(\)l— 7]@'\% H ] (N < 1\4)i ]:]%?:5_]:]:]— E—i_or % i‘- 125 L changifr;ﬁtl::eviewpuint
= FE oMM o)z FaH)
3- ]‘Elﬁ ];‘l giq— :j ["M‘—-——#W"%—A—-wﬁ—-w——‘

o 100 400 %00
Frame couhl in Real ume Rendermg

g 3: (H71E 9 wiA o] Zekl Ht FPS A3 A,
(GHA2+E 3,934K #7404 7] 9 wfx] Fo]Zelel AAZE
FPS A3 ?‘zﬁr

CERA
Y2 GHAIA B A SE, (DAFE WE 5 g
X715 }\(X 103) ]E(Basic) Ours 1 hi lok “« h h h:” h 1
oA S T A2 who] Lajel [1] Matthias Wloka, “Batch, Batch, Batch:” What Does It Really
262 103 3 Mean?, Game Developers Conference, San Jose, CA, USA, 2003.
https://www.nvidia.com/docs/10/8230/BatchBatchBatch.pdf
786 309 6 : .
[2] Tristan Lorach, Vulkan: the essentials, Game Developers
1,835 721 21 .
3934 1545 15 Conference, San Francisco, CA, USA, 2016.
: : https://developer.download.nvidia.com/gameworks/events/GDC

. - o I HF= B A3 2] L8k A A=
E L =2% 7 5% 35 vla AA0NA $2 44=3MB) 5016/ Vulkan Essentials GDC16_tlorach.pdf

A ol [3] Christoph Kubisch and Matthias Niessner, GPU Driven
g% #7h= NVIDIA RTX 4060 Laptop GPU(BGB  Rendering Pipelines, SIGGRAPH, Los Angeles, CA, USA, 2015.
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Differentiable Density Control for 3D Gaussian Splatting

Minseong Kim®!, Moonsoo Jeong?, SeokHyun Lim®, Sungkil Lee®
1Dept. of Immersive Media Engineering, Sungkyunkwan University

2Dept. of Electrical and Computer Engineering, Sungkyunkwan University
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Differentiable Density control
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# <+ 3D Gaussian Splatting(3DGS)2 & Ay ¥ a1
T2 QSR FEB ¢ o1} Gaussian primitive 9
T2 Alofell glo] AR FrIU AR 7Ieke] 7]l

ofEs) =dad 72 HASs FEEH E d e ol
g wAE sidsty] el £, HA, 74, AL

7HA &2l gisl] &E4 vteAE ghrehal, MY =2
ZhsAoll weEl FRE WAStE WAS Ajbsith o=
71E ARG fAsta e HEZ AAE ThE
shAl ko] mdle] FAI g&S A dFAITIT

1. A&

H =52 3D Gaussian Splatting(3DGS)¢] G-F #)|o]
HAgo miE 7hs ek shr 7]k Wk Aof(differentiable

density contro)E& =943t} o= AT 7Hk 7]& W

qurk o AR 2% Aot AbsEv, we AT

43} primitive 75 @43 ol adE Bt

b FE(E2E) WEEE
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2. ¥ 9+

# = 3D Gaussian Splattingo| A+ ¥ %= Ao (density
controDE 7NA3s7] ¢k kst A7) o] Foj X Q)
o} AbsGS [119} GOF [2]:= ZweF gt Ee] 77|
E &8st 2YHJAE B EAE stetal, Pixel-
GS [3]&= HA7IHE aHYAEE =g JA A A
o Zhdlet HxA Zolol wet Gaussian®] 7| EE %

doto] WEYo] ¥2F 9o UEE HyHow

AR
3. 1% 7h5d AE Aol
3.1. A% W9

9-#]= 7]& 3D Gaussian Splatting(3DGS)¢] WXx Ao]
of =2, d&H o= 35 7H53$ soft densification
passE =Y 7= 100 A g&uitt 3k A
A A AojE Fdgdoy, B AFdA= o] & lAsh
o] A& 50HA &5 S soft densifications &3l
7VeAE stEekal, olF H0HA s EQb2 hard
densifications A &3le] AA| &, &HA|, §4, #AA
o] FA& Fste WAoR WE Ao Fr|E FA3t
ATt Soft densification passolAE= &3, &4, F4,
AAE A HZE 7FEA we, wg, wy, wy, 7F =JE T
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sleb= o R 7} primitiveol] 2 3HE ?—i z235 B
AEEEE frd). 7 4FEAE 89 primitiver} = 41 87
A 54s 7YY dEH FoEE or|sty o] we} i L
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o] M8 Aoz pa=T). &3 duy Aot sty #A F 9] primitive 5 ¥3}
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foouwz o) =w, Gl;u2) + X{?Oﬂ’ﬂ 71 3DGSel Hls| 78};:0 %] o} o %Tj
ws - (G106 1, 2) + G2(x; 1, £)) + e LTJJrL j’ﬂ"ﬂ o%_ X}o;ﬂl j ake, %Z@ ;11;—
we - (G1(x; 1, £) + G2(x; 1, £)) +w,, - 0 Fdol FdHe AUL Itk s SWA, Y
5l ZH oA 9 primitive = SDGS AbsGS thH] Ak
A 11101% Gaussian WS A= 912 2HHAE o]?}i dA 3] AHashe, UﬂJ—‘j/] #43% ddE 4%
+ AbsGS [1]9] %3 1Y AEE AHE3k3lTh Soft Ee 2 AR
passelAl &5FE 4719 7hEAE Ty @Al hard
densification passellA HEH o= /\],515];} TA A o 5. 28 ¥ 3AA
= WClWSkale 47H‘/] 7]"_(5_;<] —(5_ 7]' _LLL %}\_O 7]'Z]
ol ST primitive®] FHE A4S AR dF B =RdAME g 7bed tEAE S8 e A4S
=], wy7F 7 A9 sld Gaussiane £ &FHo] o Ao FxE HAS st v 7hed UE Ao 7
Adstd 294 7, w, 7F Hoigd sdg < Ajtsith e VA 0.25E e 3715}0}95\
Gaussiano] FAE o] FHe] F7HET v w, 7F 7F 0 o 2713k gk ik B I3 AR P
A dA duE wAL, w7t MY & Aee

T %=7F Yrpa #dkE o] primitive’} Al A E L}
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[1] Ye, Zongxin, et al. "Absgs: Recovering fine details in 3d
gaussian splatting." Proceedings of the 32nd ACM International
Conference on Multimedia.

= 7I'HS F N9 GeForce RTX 3090 #lelA] sh<F, o .
TAYN O, 800x800°] HAEES AREFTE. Mip- [2] Yu, Zehao, Torsten Sattler, and Andreas Geiger. "Gaussian

NeRF 360 dlo]E]A9 Bicycle®} Garden H|o|EZE A}
Soklon, g5 dolgAe v guA Ze vttt
2Eo| ARgHrh
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opacity fields: Efficient adaptive surface reconstruction in
unbounded scenes." ACM Transactions on Graphics (TOG) 43.6
(2024): 1-13.

[3] Zhang, Zheng, et al. "Pixel-gs: Density control with pixel-
aware gradient for 3d gaussian splatting." Furopean Conference
on Computer Vision. Cham: Springer Nature Switzerland, 2024.
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Efficient 3D Gaussian Splatting with Visual Geometry Grounded Transformer

Dongbeen Kim®!, Sungkil Lee!
'Dept. of Computer Science and Engineering, Sungkyunkwan University
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P ) 3D Gaussians

Dense
Prediction
Transformer

=i Global Frame
Attention Attention

Camera
Head

Novel view

I3 1 Overview of VGGT-based Initialization for 3D Gaussian Splatting

[ °F VGGTE &83led Hrp Agst z7] dolHE AF3

S ZH 3DGS s ol dist ks Attt HEg
B AFE 2P HopolA 3D Gaussian AdbAQl M olye}l sparse-view Zz7Io A A
Splatting(3DGS)e] %7138 AAe  ggar, & HAE F3ste] VGGTS 3DGS 7He] A 7tsAas A
3DGS¢ COLMAPS £3 %7] ¥9E Zg¢=9 71 A= HESY, 487 d& Hx= &3t

Hgt =25 FAZske B oA Hoju, HT Atd
Visual Geometry Grounded Transformer(VGGT)S & 2. ¥H A+
&3ttt ol & Fal W= FgstA JhHel = 27

XRJE S5 FASIY g asdoz 2t Al Kerbl et al. [1]& 3D Gaussian< &-&3} Splatting 7]
Aol A aFHL] onAE FAsh= AS HEE FhH, WMo wa iy A7 dgdS e g
Ayt oz 7]F 3DGSHY H& FAFEE SA A 3DGS+ x7] ERIES} hdlg} 3= FA ol Schonberger
et al. [2]9] COLMAP 714} Structure—-from-Motion(SfM)
1. A& WA &8st
3DGSE 1EAL A2 AA IS st gl Wang et al. [3]%> Transformer 7|¥ke] 7]s}s}t o5
7w Ay FFskoh ey 719 3DGS WS %71 S E5 oju xS ¢y ow wol shugt L=9} 3D
¥OQE ZEere Fde ¥2 324 wAolA COLMAP  XERJEE dFehs W2AS Aljksksith. VGGTE sparse
of o&FEsta o] Be Al vgo] AaEw, ojnX viewdlAME 2% 4d5s Hosw, 7]E SIM 74t
F7F AAY AA F SRl 5T AS Agwvt ¥ Z713ke] figto g F&ukar gt}

ojxith & AFelE olHd A sy 93
3. 3DGSE #13¥ VGGT 714 2715

¢ FR(E2E) BEEE
PR ATE A EARENY ATATAE FAATA A
AH](RS-2024-00339681), FRE57] 89719 SWHFH A
A7) ENEALG (RS-2024-00454666)2] A Poz =3
) B AN E VGGTE B83te] olvA e 714 7

: 3.1. VGGTE =% Point Cloud 2 Pose 3%
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X 1 Quantitative results under full-view supervision X 2 Quantitative results under 24-view at 7000 iteration
PSNR4 SSIM1 LPIPSV PSNRA SSIM4 LPIPSY
3DGS 25.955 dB 0.877 0.155 3DGS 25.785 dB 0.747 0.266
VGGT-GS | 27.916 dB 0.900 0.124 SN 27.315 dB 0.808 0.219

I3 2 Qualitative Comparison under full-view supervision Sl ! Jite
:L"'é‘. 3 Qualltatlve Comparlson under 24 view setup

Ast Astetd B4 wddon FEeld 4w 7
7]

vl ¥=ol 7] FOE Zgloc= MAgsoza w ¥ 3 Dataset @ View ol W& 2d ¥ %73 AFE
=al Zé] Q—?ﬂ‘ '%7] ﬂ—g‘ 7]- 0}7-“ 6"—]:]— ;n;:aj:t"‘" 3-view LLFFFuII-v‘ew 3-view Mlp:-:z:vwo Full-view
3DGS - 37.5% 100% 33% 66% 100%
VGGT-GS 100% 100% 100% 100% 100%
3.2. VGGT z7]|3}& A}&-3F 3DGS & A3}
N _ _ 52 B Boltk. VGGT-GSE Ee XA <okA
T= AAE %7 TAE ZFelecel 7 z= 2 _ - - .
ol Of A s w;f};ﬁ & ggi g n e 18] 4FE WE, IDGSE AL view 24
= [e] T = h a4 . — L - - =
O Al ordHe) 273e Bestomm A5 ﬂﬁ JAd7h Sl el VGGT-GSe 3% 2713
A9 59 4ot Aol A A Jok weled
4, A3 5. A%

B PHE @ 18] Inel® CoreTM) i9-10000 & 704 VOCTE SD(;SQ I
2.8GHZ, GeForce RTX 3090 f]oﬂfﬂ gt FEEglo : 10 Akl COLMAP - TJ;?’J-%LL; He
U]Z] Toﬂj\i HH 8347}]] O]H]X]E Eﬂ__E»g—Oi ‘6]'%‘6‘}31 — Z‘_Z‘“ ol &84 J’]‘ XH:IL =2 S} OJ\]M___U%, A

- - Fo] H AANME EE& 27]3) xﬁg% 71 =5},

A oln A stegow Algalr)

o ) = S o F 2= o|u| X Warping¥} Diffusion 7|&& &
4.1. A View 873X 4 v é;oq ndmo] B ]}\1 He wmapdel A AlH
e @ e dATE AL GFeln

a9 29 ¥ 1S AA FE g 273 € HHYsE
THI s ioﬁﬂr VGGT-GS& 7% BEd o 4wy
g gdoa 5, AE A FJAE 3DGS U

H BRE X 3A dFAFH A% S Bl
] ] ] 1 = ° c° ki [1] Bernhard Kerbl, Georgios Kopanas, Thomas Leimkiihler,
and George Drettakis.3d gaussian splatting for real-time

4.2. Sparse View @74 ¢ %5 H L radiance field rendering. ACM TOG, 42(4):1-14, 2023.

[2] Johannes L Schonberger and Jan-Michael Frahm. Structure-
a3 33 ¥ 2% 24%9] o|m| Ay A}L3 Az, from-motion revisited. In Proceedings of the IEEE conference
VGGT-GSE AL iterationWe. 2% 3DGSHU e on computer vision and pattern recognition, pages 4104—4113,
e g 71SYok ol 27 43 A¥s agy w0

[3] Jianyuan Wang, Minghao Chen, Nikita Karaev, Andrea
Vedaldi, Christian Rupprecht, and David Novotny. Vggt: Visual
geometry grounded transformer. In Proceedings of the
4.3. View o @& x7|8 43& &4 IEEE/CVF Conference on Computer Vision and Pattern
Recognition, 2025.
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Downsampling Upsampling
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a4 11’7}‘ U 7IRke] ojujA] ]l

( Downsampling )

2.9 AR AR 298 B4 £33 & e OF A=
7IHke] olm| x| FEm = HE wae] g ow g
B A3 GPU 719 b3 s = olulx] Qg ZEgold  Hrh 53], owx Igpu|=9] s ARG E-F 4
(interpolation)oll A, 29 AF57F obd (Non-Power— (Pull-Push) €318& [1]2 A= Wakoz 735
of-Two, NPOT) a4 =2 18 ojuxlo] &Ast= 2 & w4 9l £ daid: wdez == 34
& 998 vre agdow Baes] Ad WS Al BAA FHE B AL 99 gAHoR IH e
ehgtch, Algte W& NPOT s|d%w olwjAel gis) 2 olAdsk= 3= de| ARgdn. 22y e ouX]
A wEe g9 glo] M HYs AE&st] v A AN=rt 29 AFS (Power-of-Two, POT)7}F ofd
£ Ade rdela, AT ANE WES FA A5, A AHE 49 POT SRR dgsor sy,
gl glo] e =] AA A AF Fx= 7 dE R E B Qs Wi JH| 7 A= A7t
< WA wde T Ay EHEeld ARE FAlE ATk 2 AFE= o]y dAE sdsty]l fl§l, NPOT
WA, GPU Wl2e] AMEZFS Fole A3}E Helth olmAlE A wWEe] g gle] POTAH A =
A 7MY WY FE2E Agteta, ols E-F4] dag
1. A2 Zol ayd oz Fg3 GPU 7|k eldoly 7|HS F
B
olulx] JAEEFelHAE B3 AL d HAQA A
Y (inpainting)&, A& 9499 A77F 242 9o )4 2. #A AT
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Figure 1: Our AR system is composed of three modules that facilitate interactions between a real human and
virtual objects. In this AR boxing game, the user is interacting with the virtual punching bag.

Abstract

In this paper, we propose an AR system that facilitates a user’s natural interaction with virtual objects in an augmented reality

environment. The system consists of three modules: human pose and shape estimation, camera-space calibration, and physics

simulation. The first module estimates a user’s 3D pose and shape from a single RGB video stream, thereby reducing the system

setup cost and broadening potential applications. The camera-space calibration module estimates the user’s camera-space position

to align the user with the input RGB image. The physics simulation enables seamless and physically natural interaction with

virtual objects. Two prototyping applications built upon the system prove an enhancement in the quality of interaction, fostering

a more immersive and intuitive user experience.

Keywords: Augmented reality, Full-body interaction, Pose and shape estimation.

1 Introduction

For various augmented reality (AR) applications, it is essential to
provide natural and seamless interactions between real humans and
virtual objects. To achieve this, recent methods estimate 3D human
pose and shape directly from RGB inputs, thereby avoiding the
need for bulky sensors and enabling collision-aware virtual scenar-
ios. In this paper, we propose an AR system that takes an RGB
video as input, estimates a user’s 3D pose and shape, and facili-
tates the user’s interaction with 3D virtual objects. As shown in
the system comprises three modules for (1) human pose
and shape estimation, (2) camera-space calibration, and (3) physics

simulation.

2 Methodology

In our AR setup, a user moves on the floor and the large screen
in front of the user displays the mirrored view of the environment
using an RGB webcam, which is mounted on top of the screen
and captures the full body of the user. The captured environment
is augmented with virtual objects so that the user can interact with
them.

Among the three modules presented in this paper
focuses on the second module, camera-space calibration, while
briefly sketching the first and third modules, for which there ex-
ist many off-the-shelf methods and commercial/open-source pro-
grams. We employ HMR [[1]] to estimate SMPL-X [2]] parameters
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(0, B) and derive the 3D mesh V and joints 7.

In our setup, the human model is invisible to the user, but its
mesh is used, for example, to detect collisions with the virtual ob-
jects. In the current implementation, the physics simulation module
is implemented using Unity engine. However, it can be seamlessly
replaced by other commercial or open-source engines.

Previous HMR employs the weak-perspective camera model,
which is implemented as an orthographic projection followed by a
scaling. Consequently, the reconstructed human model is not cor-
rectly located in the 3D coordinate system of the real camera, e.g.,
its camera-space depth may be over- or under-estimated. Then, not
only would we miss the collision between the human model and
virtual objects, but we would also handle the occlusion between
them incorrectly. Therefore, the human model must be calibrated
so that it is transformed into the full-perspective camera space.

The essential step for calibration is to estimate the camera-space
coordinates of the root joint. Once they are estimated correctly, all
the other joints’ coordinates can be determined immediately using
their positions relative to the root, which are stored in the 3D pose
J.

For this, we employed a deep learning network proposed by
Pavllo et al. [3]], which processes “a sequence of 2D poses” to out-
put the camera-space positions of the root. It was modified and
retrained to take “a single frame of 2D pose” as input and estimate
the root’s camera-space position.

Let M denote the network and j denote the 2D pose input to M.
By projecting the 3D pose J onto the image plane, we can obtain
j. It is simple to implement because HMR returns not only 6 and
£ but also the parameters of the weak-perspective camera model,
i.e., the scale factor s € R and the 2D translation vector ¢t € R2.
The 2D pose j is obtained using the 3D pose J as follows:

j=s(J) +t (1)

where TI(-) denotes orthographic projection. M(j) is the root’s
coordinates, (x,y, z), in the camera space.

The calibration network, M, is trained using the Human3.6M
dataset [4]. Note that the Human3.6M dataset contains only
“square” images with aspect ratio one. In contrast, our system pre-
sented in is designed to take general “rectangular” im-
ages. Consequently, the z- and y-coordinates estimated by M are

not reliable.

Table 1: Calibration model evaluation.

#input frames  parameters = FLOPs trajectory errors
1 frame 4.24M 8.46M 147.0mm
27 frames 8.5IM 16.99M 147.7mm
81 frames 12.70M 25.38M 181.3mm

As the Human3.6M dataset lacks rectangular input support, we
use only the z-coordinate from M (j) and compute (X,Y") using
the root pixel location (u, v) and camera intrinsics K via standard
back-projection:

]
=K'

1

2)

N~

3 Discussion & Conclusion

This paper presents a practical solution for enabling natural inter-
actions between humans and 3D virtual objects in AR environ-
ments using only a monocular RGB camera. Built upon efficient
and accurate deep learning techniques, our system reconstructs and
calibrates the human model to robustly manage collision and oc-
clusion.

In general, HPS methods based on weak-perspective projec-
tion yield inaccurate 3D pose estimates, especially when the sub-
ject is near the camera. However, in our AR setup (??), where
the user is intentionally positioned at a fairly long distance, the
weak-perspective assumption becomes more valid, enabling effec-
tive body reconstruction.

Unlike prior trajectory estimation methods that are computation-
ally heavy and do not estimate 3D body shape, we leverage 2D
poses derived from the estimated 3D joints [J to condition a modi-
fied version of Pavllo et al. [3]]’s temporal network. Our calibration
model, operating on single-frame input, achieves lower trajectory
error and reduced FLOPs compared to models using 27 or 81 input
frames (see Table[I]), possibly due to avoiding irrelevant past-frame
accumulation.

Despite these strengths, our approach inherits certain limita-
tions. The use of SMPL limits precise 3D localization, particularly
for extreme or uncommon poses such as lying down. As our trajec-
tory model is trained on standard datasets, it may generalize poorly
to such cases. This constrains its applicability to relatively upright
motions typical of gaming and entertainment contexts.

To expand the applicability of our method to more diverse sce-
narios, future work will explore advanced trajectory conditioning,
improved body representations, and generalization to broader mo-

tion types, thus enhancing the overall quality of AR interaction.
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Implementation of a VR Drawing System Using the XR Interaction Toolkit

Sang-im Yong®, Jong-Hyun Youn, Sun-Jeong Kim
Major of Contents IT, Division of Software, Hallym University
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SIFT-Guided Ray Allocation for Neural Radiance Fields

Young-Jun Choi’, Jun-Seo Choi, Seung-Hwa Jeong'
Dept. of Software, Sejong University
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A Study on the Application of Super—Resolution in 3D Gaussian—Splatting Viewer

Hee-seok Cho®, Jeh—hui Lee’, Jun-seo Choi, Seung—hwa Jeong!
Dept. of Software, Sejong University
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© YRbEQl o R 2 TR YA tha "okl AARE 7HEEA A QT 8 Y2/ st T2 F
Aol 1 A H}, ol = T3 BIPAY] HEE ALA o] oyt ¥ wAyrte o Aele AE S48
of AL, dAG SARE t7|stEE fFEshe 7 ok AEE (1000~2000™)l = 2Eke] wAd=] 33t
TS ook (¥ 2-9%). A4 SEeE A AAeR s A e AREAIS] tT Algte] HldTh A4 &
AAE w7 Ry Wi 35S &H3 Adsi= BeEe 3 FEE T o 34 o7zt 2 8s)
Hi A= 3 4 gloh iyl Algre]l b Ax &&o] b ugit SHE
(3000~60007) A S-ol= el X ZH oA HiE
WA, o] 54 e = AARE v Ui ARE Ve Aol AsllA g Alzte] AA F7HE. 54 LEHE
2 AFEA AAE 24T F Ao, Fel wel U4 7F 4o ¥ 35S th Welste] otk 9 2
Hog E5E AFsAY fFEste Hu AS5F<Q A A5tk 4 g HEAd= ¢oF 1.0~1.4%9 F7}
o7} 7hsstth. wekA F=2 YdTtel Tk Fitel A wl Azke] ERAIN AA el vl oy AIZFS
2 W oo)Esto A thekst AR A At wHaz) 25~32% SEAAT. UE (70008 = LEH
o] &atdola A A S EE 5SS TEHL u A4 799 gy Alke] 543 T HhH 54
2 ZHeEE . = 12719 B34 SEEE AR SEb Abg9 A$ 55807 el mAdx fin] of
gor et o A= F Motk &L AL 37 24.6% GFHAE Aol 70008 W A 9
192 wixg w olg|Yh27714 S s 9 4 d+e U7k A" dAGS =9ed, 54 et #Hs
dololm 71 AL 3717F 192 wiXE of olejddS sto] &3 79S8 dAF R Adstal QluE AAR
ks Add 4 e dojott (¥ 2-22%). 54 TAAIZIT o] E FE AR TE AREAA o AHE
SEIEE B2 3 7EULT) 49/mel EgstE A 7He] FES W, S 29 4 Jduh ol#d Ay
o] AAFHWAE 222 FL FTZ JMolE o]FdY (1 4 el 7} 53] o WmUt e AsdA aaty
H 4. 2 F a9 394 AdE AVEA i FEE o2 #ZFdts He HoFr
10% HAo=2 Fak4 gHEsit, o] % Wx7t 249
/m' HREo 2 rolxH ZELE] A|AHL AFor H 4, 22
Ela=
T4 e Al2ge A8 a8 FPo] H
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A 2 AF A mEE Ay A Argd 5F
AT T gt Rel s E Aol FT Ao e
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QAo duElE: MEs SR gt
E 197 ol w2 9y s A7 4 A
A¢F | LEHE max A3 gy 53 2Eg
(€:)) (min) (min) (min)
1000 1.30 2.16 1.40
2000 1.33 2.39 1.51
3000 1.38 3.26 2.44
a8 3: LEE AW 9 9 7E o)ls AR 4000 2.25 4.03 3.35
5000 3.08 5.28 4.49
= 6000 4.47 7.49 5.12
3. /\E]‘g éi} ‘;-l Eg] 7000 7.29 8.17 5.50
3.1. 248 A¥ vjx AR

[1]1H. Liang, S. Lee, J. Sun, and S. Wong, "Unraveling the causes
of the Seoul Halloween crowd-crush disaster," PLoS one, vol. 19,
no. 7, p. €0306764, 2024.

A : [2] Van Den Berg, Jur, et al. "Reciprocal n-body collision
a8 4: 2o 9l ‘ > — avoidance." Robotics Research: The 14th International
st SElE A% , z Symposium ISRR. Berlin, Heidelberg: Springer Berlin
AL Aoz FA)) Heidelberg, 2011.
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A Heatmap—Based GCN Model for 3D Ear Landmark Detection on Point
Clouds

Pyeonghwa Park®  Youngsung Ree  Daseong Han

Handong Global University
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a2 AR AATGCN) 7)uke] B EW 37 %xﬂﬁ ob7lstm [2], 3D ] dlolHE &&3 7]=9
zaﬂ%laa =y, JE  mgggart Az TN A8AE Adlets ¥ °°10iﬂ+°~6¥v} 3]

culgo] 7]uel A el olglo g Bz 4w Zhou et al. [3]e wWE™, AA7HA 74d A @ UPEL
3D F Hto] A} &%, Farthest Point Sampling(FPS) & T4 HlolEl = 60091 7N el E¥ete] Aol H] o
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=l ek 88 (3D S EWE s et g7 5 Ol & ATl = ol dAE SEska, JEE 3D
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1295 GON 7]t 612%3 87 Zelg9ae =P} (4], 1 F
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7171 AR BE A, Qmg BA7] 9 Aey s)y) 207309 HU o "SRl s Emlen  pAd
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At(face) AEPF 714 7ol Sks] A7Ea gloy  OF weight bank 8702 A-8-8h= PACony 47152 %4

[4], ololl W3] 7] N=vka A5 st 7)%o] gt Apzvps- A Hel 5H MEEE 5 6)S FES ofF
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argmax®} MDS 714k 42| & Zaf 2t d=upg9] Fush [ 2]olA & 4 A% & A9 H4 24 (ME=3.8514
3D Hi= Eﬂlﬂﬂ} [4]. 2 d7oMe ZaAd93e] mm)e 7IE 9 d=vka A9l PointNet++  7|nk
ol geln el 37 EAE F¢ JEW ggte] o= O'Sullivan et al. [2]1¢9] H 2x(2.086 mm) ti¥v] thi
A3 o) u) x| = S Au R} =2 TAE HAoY o]l fo]%(canaDE XE3 4

E3gk s A oS el E23E LT
3. 4% 9 Ax #olth. AAZ O'Sullivan et al. [2]& F 1371¢]

vk ghe o 8, ool W 2 dEvka s

71 A HlelH 29670 5 AHE3 w2847 BES gelstam glo] E ATl o= 1SSSSolm 2 Hg-
e wdEdon, A4 AEE 4070 WETRELR wioje)a Ho)zt Eajsith. 9 A [ 1] AeE ol
TAaH vk AR SIEWY ok I AMEHE o g=5 37 ¥OE F7F 109 w 7} e Wt
¥RIE  F(regression poin)E EEaH F 47FA o z(ME)E UEWTh o= IS Fre] AW x|

il

el 5= . FAow BAE A Aol dF AFwe] FAAA
GFe WA F Uge AR wH o AREE

. . =l HA oF FAHo] sobd 97k Fohshe

10 Regression Points | 40 Regression Points Aske wolth [18 1]o] M= Tragus d=ul=0] o3

GT Wl st 5 1 49 44 0 A= Ads

=5 3.8514 5.0685 Al 743} skt (a)= GT ¥4, (b)= 0=5, 3]+ EJIE 1074

l

24, ()% 0=5, 317 EAE 407 2ol v], S =g o] S5t
BE R A Ao\ v Gk FEe FAG

0=10 5.3887 5.2320 Atk B AFE 37 EJE ¢ S| EW o #ho] 3D A
ANemta oS o] vX= JFgs AFHoR A
AT o] & FEl U A5 Sk sx A7)
¥ 1: 0 #3 3ol AFEHE ¥£QUQE S w2 ME # 39 ¥QE 2o %3S AAEY T nAE 7] HA
wale] e Aol 488 715 AT
Model Landmark Number | Mean Error (mm)
Ours 40(with Canal) 3.8514
AR
O’Sullivan et | 13(without Canal) 2.086 . \ )
al. (2020) [1] J. Lei, X. You, and M. Abdel-Mottaleb, "Automatic ear
landmark localization, segmentation, and pose classification in

range images," IEEE Trans. Syst. Man Cybern. Syst., vol. 46, no.
2, pp- 165-177, 2016.

[2] E. O’Sullivan and S. Zafeiriou, "3D landmark localization in
point clouds for the human ear," in Proc. FG, pp. 402-406, 2020.

¥ 2: 7)|E A7ete] Ak A% v (ME mm)

[31Y. Zhou and S. Zafeiriou, "Deformable models of ears in-the-
wild for alignment and recognition," in Proc. FG, 2020.
08 [4] Y. Wang et al., "Learning to detect 3D facial landmarks via
5 heatmap regression with graph convolutional network," in Proc.
s AAAL vol. 36, no. 2, pp. 2595-2603, 2022.
06 & [5] M. Xu et al., "PAConv: Position Adaptive Convolution With
5 Dynamic Kernel Assembling on Point Clouds," in Proc. CVPR,
g pp- 3173-3182, 2021.
04 S
E
02
0.0

2% 1: Tragus landmark point heatmap
(a) GT origin dataset,
(b) 0 =5 & 10 Regression points,
(c) 0 = 5 & 40 Regression points
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