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Text Description
People are walking around near the bicyc 3 .

A persan wearing green clothes is WJIkmg towar( the bu|l ding.
A person carrying a bag is walking along the pedestrian path.
A child is running.

The child is running toward the person with the bag.

The person in green is behind the person with the bag.
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- Machine Learning and Optimization Lab (XSY ul)
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INTERNSHIP RECRUITMENT
LLM 3 VLA d5 125 213 Zetsls H F2 718 e
Research Area: Reinforcement Learning & Inference Techniques for LLM & VLA Performance Optimization
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3D Vision & Robotics Lab (FEE ulF)

L OoFd 3D Vision & Robotics

Z=30|

X 2 AE2 Houst= oA FHZE, A7 T Mo o2t *1|-=|'- Li &0
0|2|0f| = C}¥3t 3D Vision 2 Robotics &3 A glo| 7t Ct.

}% StH

ZH 1: Human and Animal 3D/4D Reconstruction and Generation]

Possible intern projects

3 . i SOVISION &
Human and Animal 3D/4D Reconstruction and Generation Wﬁ%ﬂ""
Possible projects for reproduction, benchmarking, and model extension

A
L
\ o
i 'Q:QQ
[Human/Animal Reconstruction] [Human/Animal Generation] [Human/Animal Motion Understanding]

« Task A. Baseline Reproduction and Evaluation Pipeline:

« reproduce representative methods and build standardized evaluation scripts for fair comparison
« Task B. Data Preprocessing and Pipeline Automation:

« develop tools for preprocessing, tracking, mask/keypoint generation, rendering and quality control
« Task C. Core Module Development and Research Prototyping:

« brainstorm with the team and develop/test core modules for reconstruction/generation pipeline
« Task D. Downstream Applications and AR/VR Integration:

build application-level demos and downstream tasks by integrating reconstructed/generated humans/animals into interactive 3D scenes

“"‘".B@g Representative references: [CVPR 2024] GART, [CVPR 2025] IDOL, [ICCV 2025] LHM, [CVPR 2026] HumanNova, [IJCV 2025] DogRecon, [arXiv 2026] DogWeave, [3DV 2026] 1
NeuralFur, [ICCV 2023] HMR 2.0, [ECCV 2024] WHAM, [CVPR 2025] PromptHMR, \L_VQQ 2025] AniMer, [ICCV 2025] Generative Zoo, [CVPR 2026 Findings] WildAni4D

Hel

ZFH 2: Egocentric Video 7|t 3D Scene Understanding]

Possible intern projects FOVISI &

3D Scene Understanding From Egocentric Video R SLAE

Possible projects for reproduction, benchmarking, and model extension

/ . =\

Egocentric View

Interaction-aware 3D Scene
Representation

[Egocentric 3D Reconstruction] [Interaction-aware Scene Representation]  [3D Semantic / Affordance Understanding]

« Task A. Baseline Reproduction and Benchmarking:
« Reproduce representative egocentric 3D scene understanding methods and establish fair evaluation protocols
« Task B. Dataset Preprocessing and Annotation Tools:
« Develop preprocessing and annotation tools for egocentric videos, object tracks, and interaction cues
« Task C. Model Extension and Interaction-aware Representation Research Prototyping:
« Design and test modules for interaction-aware representation and semantic feature integration
+ Task D. 3D Semantic / Affordance Understanding Prototyping:
« Explore lifting semantic or affordance features into 3D scene representations for grounding, querying, and downstream tasks

HEIES
unisT = Representative

3D Scene Afforda

ences: [ECCV 2024] Egolifter, [3DV 2025] EgoGaussian, [ICCV 2025] De
e From Egocentric Interactions, [CVPR 2024] SceneFun3D, [CVPR 202!

iss, [Arxiv 2025] EgoSplat, [ICCV 2025] OVA-Fields, [Arxiv 2024] Grounding 2
un3DU, [ICCV 2025] DAVID




[ZH 3: Multimodal Robot Manipulation with Sim-to-Real Transfer]

Possible ir:tern projects . . IOVISI &
Physical Al & Embodied Intelligence ﬂw‘%ﬂﬂ'
Multimodal Robot Manipulation with Sim-to-Real Transfer

RoboMIND

J

[Multimodal Robot Manipulation] [Vision-Language-Action Modell [Sim2Real Robot Learningl

+ Learn robot manipulation using + Develop VLA models for humanoid « Build a robot teleoperation system in
multimodal sensing (e.g., vision, sound, robot control. Isaac Sim
and tactile). « Target the IROS 2026 Challenge « Collect demonstrations and train

« Develop custom embodied Al systems using a simulation environment (not policies via imitation learning for sim-
(e.g., open-source robotic hands) yet open). to-real transfer.

[References] [References] [References]

« ElexiTac: An Open-Source, Scalable + OpenVLA: An Open-Source Vision- + RoboMIND: Benchmark on Multi-
Tactile Solution for Robotic Systems Language-Action Model embodimentintelligence Normative

Data for Robot Manipulation
+ ICRA 2026 LEHOME Challenge
Hardware Supported)

+ ManiWAV: Learning Robot Manipulation + IROS 2025 AGIBOT WORLD Challenge
from In-the-Wild Audio-Visual Data 2025
+ ORCA Robotic Hand

JRIES

3
A i | i
[ZH 4: Panoramic Images 7|8t 3D Scene Understanding]
Possible intern projects . . IOVISH &
3D Scene Understanding from Panoramic Images SLAB
Interns can joint one of the following themes: Panoramic Scene Understanding, Panoramic Scene
Reconstruction, Multimodal Scene Understanding
Theme 1 Theme 2 Theme 3
Panoramic Scene Understanding Panorama Scene Reconstruction Multimodal Scene Understanding
” . 4 o »
g
Echoes
- - = X > Panorama Image
Estimating various scene properties from Reconstruct 3D scene from panorama Scene understanding using panorama
panoramaimage image sets image & echoes

Reproduce previous models. Reproduce previous models. Reproduce previous models.

Develop effective pano scene understanding model Proposing geometrically well-aligned recon model Design echo-only / echo-panorama perception model
Keywords: Depth, Surface Normal, Layout, Semantic ~ Keywords: 3D Reconstruction, Image Matching Keywords: Audio-guided Depth Estimation
Related Papers:HUSH, PanoContext-Former Related Papers: Wid3R, IM360 Related Papers: EchoDiffusion, Pano-Echo
“g@g HUSH [CVPR 2025], PanoContext-Former [CVPR 2024], Wid3R [Arxiv 2026], IM360 (ICCV 2025], EchoDiffusion [AAAI 2025], Pano-Echo [CAI 2024] 4

x 1| . . . .
[=H]| 5: Simultaneous Localization and Mapping]
Po?5|ble intern projects . . . . . IOVISH &
Simultaneous Localization and Mapping Internship Topics SLAB
Interns can joint one of the following themes: Reconstruct the world, Understanding the world.
Stage 1 Stage 2
Reconstruct the world Understanding the world
e 3Dreconstruction of the UNIST campus utilizing a foundation model, e Further refinement and optimization of the initial reconstruction results
followed by a comprehensive analysis of failure cases. obtained in Stage 1.
Development and empirical validation of a novel algorithm to address the o Exploration and application of scalable scene representations to effectively
identified limitations. model and reorganize large-scale environments.
Keywords 3D Reconstruction, Digital Twin Keywords Semantic mapping, Scene representation
Papers SteamVGGT, VGGT-SLAM Papers OpenScene, IGGT

!éﬂ@% StreamVGGT (ICLR 2026; arXiv 2507.11539), VGGT-SLAM (NeurIPS 2025; arXiv 2505.12549), OpenScene (CVPR 2023; arXiv 2211.15654), IGGT (ICLR 2026; arXiv 2510.22706).




ZH 6: Multi-Agent Field Robotics: Perception, Mapping, and Traversability]

Possible intern projects SO VISION &
Multi-Agent Field Robotics: Perception, Mapping, and Traversability ""@‘%5“"

Possible projects for reproduction, framework design, and real-world deployment

s Eﬁ-_ el

Benchmark

Dataset

Real-world environment

Additional perceptible area
i by probing motion
[Field Dataset Acquisition and Framework Dployment] [Probing for Traversability Estimation]

« Task A. Field Dataset Design, Acquisition, and Benchmark Curation:

. tBqu a sgr]n(éhronlzed aerial-ground dataset with calibration, annotation, and evaluation pipelines for perception, mapping, and
raversability

« Task B. UAV-UGV Framework Development and Field Deployment:

Develop collaborative aerial-ground frameworks and validate them through real-robot operation in unstructured outdoor

environment

« Task C. Probing Motion Learning and Real-World Quadruped Deployment:

« Develop robln -motion policies and foothold plartmlng methods, and validate them through sim-to-real deployment on the

S

_'.. 2incC aIIenglng real-world environmen
.mv B

FH| 7. 3D-VLMs: Rethinking 3D Scene Understanding with Language]

Possible intern projects SO VIS &
HQC SLAB

3D-VLMs: Rethinking 3D Scene Understanding with Language

Bridging language and 3D worlds through language-driven understanding and reasoning in 3D environments

Theme 2 Theme 3

Online 3D Scene Understanding 3D Describe Anything Model

Theme 1

3D Vision Language Model

: describe this object

[Output] A medium-sized dog with a thick, reddish-brown
coatand a white underbelly and legs. The dog has s bushy
tail, pointed ears, and a red collar with a silver tag. Its mouth
is open, showing its teeth, and its tongue is hanging out...

- nﬁn

Next word token
prediction loss.

3D scene reconstruction in real-time

Detailed descriptions for user-specified 3D regions

Language ing in3D

Extends from perception to reasoning and action  Fine-grained, object-level semantic understanding

 consistent language grounding over the built scene

{ (3D Scene Graph] Describe Anything Anywhere At Any Moment
[Dense Captioning] Describe Anything Model, BLIP-2, ...
| [Open-Vocabulary 3D Understanding] LangSplat, LightSplat, ...

[Online 3D Scene Understanding] SceneScript,

{(3D-VLMs] 3D-LLM, LEO-VL, G2VLM, Spatial-MLLM, LLaVA-3D, ..
Online Language Splatting, OpenGS-SLAM,

[VLMs] CLIP, SiglLIP, SigLIP-2, BLIP-2, LLaVA, Qwen-3.5VL, .

| [Open-Vocabulary 3D Understanding] LangSplat, LightSplat, ... [Open-Vocabulary 3D Understanding] LangSplat, LightSplat, ...

ZH| 8 3D Generation/ Reconstruction]
FOoVISI &

Possible intern project
3D Generation / Reconstruction Internship Topics RogeTioSLAB

Interns can joint one of the following themes: Multi-View to 3D Generation, Point Cloud 3D Completion, Mesh Rigging Generation research.

Theme 1 Theme 2 Theme 3
Multi-View to 3D s :
Generation Point Cloud 3D Completion Mesh ngglng Generation

5 DOEE
e e
e 2 2 2 A2

Recover complete geometry from sparse and
partial point cloud.

)
&

A=

Design generative model for rigging
generation from a given mesh.

Generate 3D from sparse, inconsistent multi-
view images.
@ Reproduce SOTA models.

@ Re-implement DITTO on point cloud
@ Overcome limits of current SoTA models.

@ Reproduce SoTA models.

® Overcome limits of current SoTA models. completion task

Keywords 3D Generation, 3D Perception Keywords 3D Reconstruction Keywords Computer Graphics, Animation

Papers TRELLIS.2, ReconViaGen, Elevate3D Papers DITTO, Michelangelo Papers UniRig, RigAnything
!Jg@g TRELLIS.2 (ArXiv 2512.14692), ReconViaGen (ArXiv 2510.23306), Elevate3D (SIGGRAPH 2025). 8
DITTO (CVPR 2024). Michelangelo (NeurlPS 2024). UniRia (ACM ToG 2025). RigAnvthina (ACM ToG 2025)




ZH 9: Towards RGB-Event Fusion for 3D Scene Reconstruction in Robotics]

Possible intern project FOVISI
Towards RGB-Event Fusion for 3D Scene Reconstruction in Robotics Rogo SLag

Possible projects for reproduction, framework design, and real-world deployment

[RGB/Event Cameral [3D Scene Reconstruction]

« Task A. Paper Survey and Baseline Reproduction:

« examine the related papers and reproduce representative methods

« Task B. RGB-Event Fusion Framework Design:

- design a unified RGB-event fusion pipeline leveraging complementary spatial and temporal cues for 3D perception

« Task C. Robust 3D Reconstruction under Challenging Conditions:

- develop and evaluate an RGB-event-based reconstruction approach under motion blur, HDR, and high-speed scenarios

« Task D. Data Acquirements and Real-world Deployment:

« acquire UNIST campus data using diverse robots(e.g. Unitree GO2, Clearpath Jackal, etc.) for real-world evaluation and deploymen.

ferences: [CVPR 2024] EvDeblurNeRF, [CVPR 2025] IncEventGS, [T-RO 2026] Event-Aided Sharp Radiance Field Reconstruction for Fast-Flying Dones, 9
S

- - %4 o 28t
o
:,;_ - A% M3 22 A5 ASK5, 2EEA, MIME|, AREHH, H¥HE
=
= - #% H§ 7|&: Python, Pytorch, ROS, Linux
- QIEY 28 7|7k 20263 62 (5% 01%) - /HE 0¥ 2B
X 2 A2 Hsts oAl FHIZ, A7 T do| w2 HF WE0| =HO|
7t5510 o|2lo|= CtYst 3D Vision 3! Robotics &3 A 30| 7HsELICt
ZH 1: Human and Animal 3D/4D Reconstruction and Generation]
o CHEAQ! human/animal 3D-4D reconstruction 3 generation 28 XHod
o 33t HWE 2t evaluation pipeline H benchmark 7%
ME |« ClolH MKz, Sy 2E 7Y, AR/VRdownstream application ZH&
7I&71% |[FH 2 Egocentric Video 7|%t 3D Scene Understanding]
L8 |¢ egocentric video 7|8t 3D scene understanding 22 {31 X benchmark 1%

MK 2|-annotation =7+ 7§10} interaction-aware representation &
3D semantic / affordance understanding 22 74 % downstream task &

ZH| 3: Physical Al & Embodied Intelligence]

HE|RE M4 7|8 robot manipulation X embodied Al A|AE! i
VLA 7|8 humanoid robot control 22 o4& 3 ¥
g A=

sim-to-real robot learningd} teleoperation A|AR % 91 A




ZH 4: Panoramic Image 7|8t 3D Scene Understanding]

+ panorama image”|2t depth, layout, semantice 3D scene understanding &+
« panorama 7|2t 3D scene reconstruction 2 3 3 i

« echo AZE Z&SH multimodal panoramic scene understanding 2H&f
[ZH| 5: Simultaneous Localization and Mapping]

e visual / multimodal SLAM @& 212[& A X benchmark ¥

* localization, mapping, sensor fusion L}O|Z2}Ql MAH Sl 54

* dynamic environmentOA2| robust SLAM 45 AF A =&

ZH 6: Multi-Agent Field Robotics: Perception, Mapping, and Traversability]
« multi-agent 2+Z0flA perception X collaborative mapping A|AE A+
« field roboticsS I} traversability estimation % 2+ O[sff 2 & 7

« ST HBE0MO OlF Vtsd KF L HY Y ds 45

[ZH 7: 3D-VLMs: Rethinking 3D Scene Understanding with Language]

* languageE 8%t 3D scene understanding X 3D-VLM ST

3D representationd} semantic / language feature alignment A&

* text-guided grounding, querying, reasoning 7|2t downstream task 2H&
[ZHl 8: 3D Generation/Reconstruction]

* sparse, inconsistet?t multi-viewE ®HE2Z = 3D generation AT
 sparse pointcloud 3D completion/reconstruction &+

« meshE 2YHOZ = motion rigging generation &

[ZHMl 9: Towards RGB-Event Fusion for 3D Scene Reconstruction in Robotics]
« O[HIE 23 A ZAF 3 Hjo[A2FRl XY

« RGB-Event 8% ZAR3 A4 % 3D 2IX| mo|=ztel A4

« RMEZ], HDR EHO0|A 29| RGB-Event =& 7|8 JHet I HI}

« 23 Hole =8 A 2H uNIST 2EoM HE

A= W oW Y: kyungdon@unist.ac.kr
A4 F3 o] A: unist.info

A" AT ZAE 3}

i

: 2026-summer.pdf



mailto:kyungdon@unist.ac.kr
http://unist.info
https://drive.google.com/file/d/1itqeHviOjdXazs2oOAeFQgKXOSt1ibW_/view?usp=sharing

- Physical Al for Transformative Materials Discovery (XY ul%)

HT-20HE MY AXf EHS 2Tt DX|F Al
_ T R
CHE o e ot e
EAE
Bruker D8 DISCOVER
368 Samples ] Operation
-7 ELTE
|1 o T
ag | - B A% 52 22 gue |
E -
A - A% BQ 7|&: Chatgpt, Claude & Al AFE 4
- . i
- QIEI 28 2k A= D40t Ho| 3 E J5H
HE | - M2S 34-97 32 A7), B ¥ PESY 24
B | - ek HOlE Jg PE-SA-Y I AT B
L& - Physical Al 7|8t 25-77| 24H AN gz VK5t ESE 15

A= 1 oW Y: choe@unist.ac.kr

A4 & oA https:/ /homepagechoe.wixsite.com/choegroup



https://homepagechoe.wixsite.com/choegroup

- Generative Intelligence Lab (X|ZIY =)

AT EOFY 44 B9 7% A7 9 05 w8 I
Forware SBE
dz; = plt, z; )dt + o(t)dw;
«——dz, = [u(t, z) — 02 (t) Vs, logpe(2¢)]dt + o(t)dw,
Rewverse SDE
EHE Generative models
AT
(h) M aslrunul waklg on Ihe moon's sudace \gﬂ quallty 4K resolullon
L3
mf'h& iy l
*mz , SR S §
() "A colony of penguins waddlmg on an Antarcm: ice sheet, 4K, ultra HD."
Video Generation

- X|A St
.o:ll_gl |-|- gl [ 3
mg | - BB U 4 B8 2% 7% 2SS, aaﬁ; CECRL
=7 - Y H§ 7|F: python, pytorch, i X Mt 2H: linux, github, docker &

- QIEY 2& 717k (202614 78 ~ 2026'F 8 (27||$J)) -EQ A HE s

(g 5 48 SE B 94 U7 43
ME

e |- AMEH 0|2 AT (Flow matching or Discrete diffusion)
g | - HIEI2/3D scene 48, BH, MO a2lF A7
- CAD/CAE 44 2 Hg Hiot o

AT

A% g oW Y: jin0.choi@unist.ac.kr

A ¥ o] A: https:/ /sites.google.com/view/ geni-unist
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=20k End-to-End XI2H{E 2I8 LLM7|4t ZolerE 7|2 Y
g —————— LLM7|2 B3tehs 718 e ememmemmm—me—— \
i 1
: !
I=FT T g S :
I, 1o 2 ( :
| Qg & CUEER N v=| @ .7 ayzy= |
I Search veerPs Best Match = - l
: HolEl A8t -
[ i
. 4 !
[ 1
I i
i i
EHE I 1} l
I hfg e 1
AT : :
=[ LIS agent= 1243 } [xim AFaLof 7[5 3] [Task e e 1&16_} [C1|0!51 3 :
: Multi-Agent ZStshE LLM 7|4t Zslsts Meta ZSteter Offline :
77—\
[Open Source 7|8t XM T35 A]B2{|0|E{] [SMAC] [Adroit]
o | - Fa s st oy
| o — —_ o
mg |- B8 NF 2 32 0x Zeaamop, HE0:
E e -t
=7 -HYER Vs VI oM Bd os S MR Y &
- o
- OlEW 28 77t ¥l
1) d3sks e A Y2215 Y
- GHl Eo| 7t5)
- HE|OO|HE Zafeks, 2Eatol Loty & Tyt Zafels Liz|E T
ME - LLMe| Zelels: MES ot ZEIE AX|LIOE A Code Hd 7|8 71t
IS | - deRets 7lE Q10] RO 1EtE ot fine-tuning 71Y 7HY
LH&
2) Yefels LuE|E MES {I8t AlEH0[H Z=AF R =
- Nvidia Issac Sim, Gazebo &2 2LE AA X2E E8ot AlEY0|H #5
- J|E oS 8o Vet 22Ee 28&EE BEY = = og 7HX| EfA3 MA




End-to-End XX E ¢let LLM7|HE Z3tels 7| HE

3) AlZ2|0[EE 280t At i 21elE 45

- Task-Aware Virtual Training: Enhancing Generalization in Meta-Reinforcement Learning for
QOut-of-Distribution Tasks
(ICML 2025, accepted)

- Wolfpack Adversarial Attack for Robust Multi-Agent Reinforcement Learning
(ICML 2025, accepted)

- Retaining Suboptimal Actions to Follow Shifting Optima in MARL
(ICLR 2026, accepted)

- Self-Improving Skill Learning for Robust Skill-based Meta-Reinforcement Learning
(ICLR 2026, accepted)

- Strict Subgoal Execution: Reliable Long-Horizon Planning in Hierarchical RL

(ICLR 2026, accepted)
- Kid| 7§t 2252 AlE(0lE 0] M8, 7|E SOTA ¥1e|E51) Hlw

¥ <: syhan@unist.ac.kr

)
A4 =5 o]A]: https://mllab.unist.ac.kr/

El
i
o



Computer Architecture_and Co-Design Research Group
(B3J] ul=)

HAE0FE Efficient and Scalable System Design for Agentic Al
Execution timeline '
[]
LLM GPU Reasoning | Decoding Reasoning | Decoding | E
serving system Cpu :
1
GPU idle ti !
Agentic Al GPU Reasoning | Decoding i , Reasoning | |
serving system cpu Tool execution | |
L& !
cAE T TB/s T GB/s
3 7 o Request #0 Request #1 Request #2 Request #3
7 [ Model param. ] KV Cache KV Cache KV Cache KV Cache
HBM DDR | Tool history Tool history Tool history Tool history
KV cache ]
— 0 D S 0 D S 0 D o 0 D
GPU CPU
sy | - A4 3%
S 'o — o
mg |- 2B Y 37 U5 BRHTZ (required), ASKIS, YTERT (preferred)
=
_— - A% 2] 7|&: PyTorch (required), C++, CUDA (preferred)
4
- QIRiY 28 7|7k 20261 78 - 8 (27, extendable)
M5 : , : :
N - Batching and scheduling mechanism for Agentic Al
7=
Ly - KV cache management system for long horizontal workloads
o

A& 1 o] Y: ranggi.hwang@unist.ac.kr

A4 FH o] A: https://sites.google.com/ view /unist-cocolab/
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