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RESEARCH

-

Visiting student researcher

Jul 2024 — Aug 2024

WORK EXPERIENCE

Autonomous Intellgent Systems Group, Universitat Bonn @f'
e

Research Assistant
AllIS & CS, SNU
Dec 2023 - Aug 2024

ExploreCSR
Graduate School of Data Science, SNU
Dec 2023 — Mar 2024

EDUCATION

Seoul National University
Master's Student, Graduate School of Al
Sep 2024 ~

Sogang University
Bachelor’'s Degree in Computer Science
Mar 2019 — Aug 2024

Chungnam Science High School
H.S.D. in Informatics, 23rd
Mar 2016 — Feb 2019

Py

Team TIDYBOY-DSPL

@ Seoul Nat'l University, Seoul, Korea
Mar 2024 — Aug 2024

Bl Developed Vision Module

& Data management

Machine Learning Engineer Intern,

@ Nota Inc. Seoul, Korea

Mar 2023 — Aug 2023

M [Vision] YOLO Based Models (YOLOX, YOLOvVS8)
M [Edge Al]& [MLOps/DevOps]

Co-Founder
B UNIST Startup OCONNECT

- an Easy-Insert Socket, OneStep
B Didimdol R&D , James Dyson Award,
Ulsan Collegiate Startups

MILITARY DUTY

Yeongdong Firestation Yeongdong,
Chungbuk, Korea



ROBOT
EXPERIENCES

Robot Setting, Experiments, Research

ROS(ROS2), Robot Data Conversion,
Teleoperation, Inverse Kinematics

Mobile UR-5 UNIVERSAL
ALOHA ) TIAGo++  PAL Gello @ Bokeley yrose .
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RESEARCH
HIGHLIGHT

CLIP-RT: Learning Language-Conditioned Robotic Policies from Natural Language Supervision
Gi-Cheon Kang?*, Junghyun Kim*, Kyuhwan Shim, Jun Ki Leet, Byoung-Tak Zhang
RSS 2025

KIRINO, An Interactive Chatbot System for User Persona
Ganghun Kim * Hyunjae Kim * Geon Choi *, Kyuhwan Shim* and Myoung-Wan Koot
KCC 2024

Leveraging Language Representations for Vision-Language-Action
Theo Taeyeong Kim*, Jaemoon Park*, Kyuhwan Shim*
Ongoing Project



clip-rt.github.io

CLIP-RT

Learning Language-Conditioned
Robotic Policies from Natural Language Supervision

4 N

Gi-Cheon Kang* Junghyun Kim* Kyuhwan Shim

Jun Ki Leet Byoung-Tak Zhangt

RSS 2025

T o T e ROBOTICS

UNIVERSITY

SCIENCE IYDESETS ”‘ /
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CLIP-RT

VLA model that learns language- CLIP-RT vs. OpenVLA
based motion primitives via contr

astive imitation learning
7% smaller 40x faster
1Bparameters 164Hz
Language-based Teleoperation

: : +16% (avg93%) +24%
Collect robotic demonstrations UBERO Realord
solely through language
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Vision-Language-Action
(VLA) Model
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Visual O

Vision

Observation )

Control
Language Commands

Model

Language
Instruction )
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Motivation

Most VLA models learn the mapping

Vision & Large-scale robotic data Low-Level
>

Language Action

Forcing VLA models to learn low-level actions limits-

Generalization Transferability Compositionality



CLIP-RT
INTRODUCTION

Motivation

Low-level actions are--:

Hardware-specific
Not encoding universally applicable behaviors

Not naturally composing into higher-level behaviors

What is the alternative? (%)

® SEOUL

NATIONAL
UNIVERSITY



CLIP-RT
INTRODUCTION

What is the alternative?

Language-based motion primitives!

“Close the gripper”

“Move the robot arm forward by 5cm”

“Rotate the gripper clockwise by 90 degrees”
“Tilt the arm up by 30 degrees”

SEOUL

NATIONAL
UNIVERSITY



CLIP-RT
ARCHITECTURE

CLIP-RT

CLIP Based Robotics Transformer (CLIP-RT)

Instructions
with prompts

Pick up
the coke can

e

Text

Encoder

Image

Encoder

Far

Text

Encoder

LN
N E R
S SEOUL

By n~amonal
AKX UNIVERSITY

<+«—— “Close the gripper”



CLIP-RT GRS SEOUL
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CLIP-RT Inference

Predefined
Motions

Instructions
with prompts

. T Rotate gripper 45°
Pick up ., Text R
the coke can Encoder 7 Close the gripper
A > Text .
=" —] 1
G. |‘~ Encader Move left by 0@0
Image | RN
Encoder AN

Lookup Table
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Stochastic trajectory diversification (STD)
Augment the demonstration data collected by humans

Deviated Point /'
T /

U
/

/--.‘.
ew e ew /
W1 W1 Wi |/
A ¥
4

\\\\ \

‘\
\
\\

.S S . S \\\
= Demonstration Action =~ Sampled Action = Recovery Action X
= Deviation ‘\\
(a) (b) (o) \ (d) (e)

(1) The Diversification phase diversifies the expert trajectory into multiple alternative trajectories
(2) The Recovery phase intentionally deviates from the original trajectory and then executes a recove
ry action to return to the original path. Recovery action is utilized in training

Stochastic Trajectory Diversification for Language-based Robot Action Learning
Junghyun Kim* Gi-Cheon Kang* Kyuhwan Shim, Jun Ki Leet and Byoung-Tak Zhangt

Korea Software Congress 2024 / Y Excellence Pa per Presentation Award



CLIP-RT
ARCHITECTURE

Contrastive Imitation Learning Closed-Loop Robot Control
Supervisions MOtiOh Primitives
Slide the arm '|' Toxt Move left by 1@cm
tothe left > Encoder ‘ ‘ ‘ ‘ ‘ Move right by 5cm
Rotate gripper 45° > Eét?ger
Zy Z, Zz - Iy :
Instructions Close gripper
with prompts - ¢ |laa|lcz aznl . |G 2
|Pickupthecoken|._> ETeth - Instructions
ncoaer —> C; G4 )\G %)\ G Zy .. G-Zy with prompts l 1 l 1
\ 4
Pour the dog food Text
Image @1 ¢ ||calazlaz| - |az in the bowl |1 Encoder — Zi | Z,| Za| - | Zuy
S
1 Encoder 1 "
— CM G2y Gz Gz QW‘ZM
Image
Encoder

M M
1 AN P AN AN
Len, = YE E E [v;j log o(€; - zj) + (1 —y;;) log(1 — o(€; - zj))] Lookup Table

i=1j=1
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Play with the orange car Pour the dog food in the bowl Stamp near the circle



CLIP-RT
EVALUATION
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Real-world Evaluations

Few-shot generalization

m@= CLIP-RT =afym CLIP-RT-Action =)= OpenVLA

70

50
30

10
0 200 400 600 800 1000

Average

X : # of Transition,
Y : Success Rate

Enhanced task transfer
vs. OpenVLA

OpenVLA-Single OpenVLA CLIP-RT-Single [} CLIP-RT
25.6 3.3%
OpenVLA —
28.9
CLIP-RT
53.3
0.0 10.0 20.0 30.0 40.0 50.0 60.0

Success Rate (%)



CLIP-RT
EVALUATION

Abstraction-Precision Trade-off

Language-based motion primitives bring:

e

-

¥ Precision and Dexterity

How can CLIP-RT address higher-precision tasks?

® SEOUL

NATIONAL

UNIVERSITY
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APPLICATION (Y NATIONAL
CLIP-RT as Encoders

UNIVERSITY
Regression
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-
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Action Decoder

f I N

Image Text
Encoder Encoder

Dummy Inputs
F Pick up the |  Empty Tokens
e C)“ ramekin ..

Images Instruction




CLIP-RT GRS SEOUL
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LIBERO Evaluations

Achieved a 93.1% avg. success rate with 163Hz inference throughput

Inference Efficiency LIBERO Task Success Rates
Throughput?t Latency. Spatialf Object? Goal? Long? Averaget
Model Size (Hz) (Sec) (%) (%) (%) (%) (%)
Octo [38] 93M - - 78.9 85.7 84.6 51.1 75.1
DP (scratch) [10] 157M - - 78.3 92.5 68.3 50.5 72.4
Dita [21] 334M - - 84.2 96.3 85.4 63.8 82.4
OpenVLA [29] 7.5B 4.2 0.240 84.7 88.4 79.2 53.7 76.5

OpenVLA-OFT [30] 7.7B 109.7 0.073 96.2 98.3 96.2 90.7 95.3




THANKYOU

Summary
Proposed a CLIP-RT that learns language-based motions
Training Contrastive objective
Inference Similarity-based decision making
Real-world eval. Improved generalization and task transfer

Abstraction-precision trade-off Proposed CLIP-RT+ : CLIP-RT as Encoders
LIBERO eval CLIP-RT+ achieved strong performance



KIRINO

An Interactive Chatbot System for User Persona

-4 Undergraduate Excellence Paper Award

Ganghun Kim * Hyunjae Kim * Geon Choi *, Kyuhwan Shim* and Myoung-Wan Koot

Korean Computer Congress 2024
MEse7 =87t 2024

s




KIRINO
KCC2024

KIRINO : An Interactive Chatbot System for User Persona R
Ganghun Kim * Hyunjae Kim * Geon Choi * Kyuhwan Shim* and Myoung-Wan Koot 6

Korean Computer Congress 2024, MAg887|aZdZItis| 2024
b4 Undergraduate Excellence Paper Award
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KIRINO
KCC2024
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Leveraging Language Representations for
Vision-Language-Action Model Fine-Tuning

Theo Taeyeong Kim*, Jaemoon Park*, Kyuhwan Shim*



RESEARCH
Leveraging Language Representations for
Vision-Language-Action Model Fine-Tuning

VLAVLA Framework  AV-L Exstgut ZEDE Zot= OpenVLA 22 S fine-tuningdtdd,
| HIX|Ot=.0f

LIBERO MEE“O X|0r=20i| M Floft 452 2L
Language Instruction Action Chunk Embeddings ===
“Pick up the Alphabet Soup.”
1 : : - A A ; A3
‘ L1 Action
OpenVLA [#] + LoRA [#] Decoder

0 ®E®O00 EEEO000

— e o mm Em Em mm mm Em Em Em Em Em o Em Em mm Em ey,

{ SigLIP + DINOv2 [#] ] &  PriorAction Empty Language Empty
: Chunk Embeddings Instruction Embeddings :
N [Ax Ay ... EEF ] “Pick up the
< : Alphabet Soup.”
<  [AxAy .. EEF] Ay
<< N o
] i Broori Continuous
RGB Images roprio AVL Prompt VLA Prompt Robot Actions

State



RESEARCH
Leveraging Language Representations for
Vision-Language-Action Model Fine-Tuning

AV-L BX sk JIE VLA(Vision-Langua
LEIO| (| Hol ofs S™HE

LVLAVLA -
< p(A|V,L)
VL-A module (712)
Vision, Language HIOIEZ2E 2£9| ActionE F=
Vision
iy
7““}‘ Vo Action
Module = Robot
Language Action
“Fold the

red shirt”

ge-Action) BEIO| ot& &It Z HiE HX St&2 FIH=E &H(6H04,
SFAIHA K1 B9 OloH=E =2ICH
< p(L|A,V)
AV-L module (ZIH
Vision, Action HIOIEIZEE Language BEHE ==
Vision
Sy
7"“‘ ‘ﬂ AVL Language
. “Fold the
Action Mo red shirt”
Robot
Action



RESEARCH
Leveraging Language Representations for
Vision-Language-Action Model Fine-Tuning

OE=IE| 25} 7IE OpenVLA R OpenVLIA-OFT 220N ME6HH TEZE = F= A QALE 2etol
— - O,

KI2A0 S0l CHSH 20| YBtet S 2 =& s2= S AIZICH

,') Human Agent

<Prior Action Chunk>

What language instruction would

the robot have been following? Robot Agent
Pick up the book and place in in the back
compartment of the caddy.

o
First, pick up the black book.

If you finished that, place the book in the back
compartment of the brown caddy. Robot Agent

What action should you take now?
, . b
<Next Action Chunk Embedding> “ )




RESEARCH
Leveraging Language Representations for
Vision-Language-Action Model Fine-Tuning

LIBERO AIZ8I0IM  VLAVLAE LIBERO AIZHI0IA HIXIOIE S 22 ZR10IA
HIXIOIE  OpenVLA-OFTELHH FHOH & d5E(%)2 ERAL.

Model LIBERO-Object ~ LIBERO-Spatial ~ LIBERO-Goal LIBERO-10 LIBERO-90
OpenVLA-OFT 98.4 97.6 SUAS) 94.5 90.2*
VLAVLA (old) 99.6 95.0 98.2 96.6 -
VLAVLA 2 - - 96.8 92.0

*LIBERO-902| 452 OpenVLA-OFT ==0IAl MISotX| 20t 21& ZEE e



CONTEST
ACHIEVEMENTS

from Seoul National University, Pusan National University
Top 3

GANGSEO BIGDATA CONTEST 2023
Team NUNETTINE from Sogang University
Grand Prize (Top 1, Mayor's Award)

BIGCONTEST 2022 INNOVATION LEAUGE
Team DAVENGERS from Sogang University
Grand Prize (Top 2, NIA President Award)

LG Aimers Top 30, Offline Hackerthon
Samsung Al Challenge 2023 Top 30, Invitation to the Talent pool



Robocup2024

Robocup@Home
Robocup Federation QDhDEUp
Team TIDYBOY 4

Seoul National University “

Pusan National University

%
\
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@Home DSPL League 77 '



CONTESTS
ROBOCUP2024

A QoboCup
‘ E€INDHOVEN 27 2Y

Object Detection and

Recognition

Our team made an algorithm that detec
ts objects in a 3D box shape based on R
GB-D images. 3D object detection,
which combines RGB and depth images,
Is more robust for HSR to grip objects
safely.

Color pointcloud

Clustering &
3D Bounding Box

HSR detects objects with YOLOv10

YOLOvV10 based 3D object recognition

Manipulation

We implement diverse manipulation m
otions based on the environment and ob
ject properties to perform tasks.

Human Attribute

Extraction

Human attribute extraction is based on

CLIP and Air-Clothing Detection tool,
which extracts color, pattern, and length
of sleeves of both top and bottom. Also,
gender and age.

o ¢
|

Air-Clothing-MA based clothing info extra
ction



CONTESTS

ROBOCUP2024

- RoboCup (
3 €ln0HovEeN Eual—l

SLAM & Navigation Human Tracking Facial Recognition

Face Detectio

Static Map Dynamic

n
(Google Media

L — Map
g -
N

Dynamic

Safety

Obstacle
Ahead Dynamic Obstacle FRLEs

Segmentation

Our navigation module provides
dynamic obstacle segmentation
function. It compares the dynamic
map with the prior static map to
segment actual dynamic obstacles
such as nearby human. It can pause
and restart the navigation until
nearby dynamic obstacle is gone.

—-lh-—‘

s
i -

ByteTrack based
Human re-identification

1
1
-

We developed a human re-iden
tification system for HSRB whic
h is based on ByteTracky;and fin
e-tuned for our platform. Robot
navigates by measuring the dist
ance to a designated human tar
get.

face feature extraction

The algorithm detects and crops
the face from the input image. N
ext, it extracts facial features usin
g the RegNet model. These extra
cted features are then compare
d to the database for a match. O
nce a match is found, the system
accurately identifies the person i
n front of the robot.
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ROBOCUP2024

2+ (JoboCup
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Autolabel with YOLOvV10

@ autolabel_ultimate.py 1 X @ aug.py 1

Robocup2024 > Tools > autolabel_v10 > @ autolabel_ultimate.py > @ parse_args

> labeled_image_path Aa ab, J 39/? P = 5

import cv2

import os

import shutil

import random

from ultralytics import YOLOv10
import argparse

from pathlib import Path

] def parse_args():
parser = argparse.ArgumentParser()
parser.add_argument('--weights', type=str, default='weight/v10m_240704_2.pt', help='model.pt pat
parser.add_argument('--source', type=str, default='../BoundingBox_Tool/Images/Test', help="'sourc
parser.add_argument('--img-size', type=int, default=640, help='inference size (pixels)"')
parser.add_argument('--conf-thres', type=float, default=0.25, help='object confidence threshold'
parser.add_argument('--iou-thres', type=float, default=0.45, help="I0U threshold for NMS')
parser.add_argument('--device', default='', help='cuda device, i.e. @ or 0,1,2,3 or cpu')
parser.add_argument('--label', default='../BoundingBox_Tool/Images/Test/Labeled', help='save res
parser.add_argument('--name', default='exp', help='save results to project/name')

24 @ =2

CH12¢  Eog  EZeE 34

image 1/1 /Users/underthelights/Documents/workspace/ut2/Robocup2024/Tools/autolabel_v10/../BoundingBox_Tool/Images/Test/11002.png:

.5ms

Speed: 1.8ms preprocess, 469.5ms inference, 1.2ms postprocess per image at shape (1, 3, 480, 640)
Labeled data saved to ../BoundingBox_Tool/Images/Test/Labeled/11002.txt

Labeled image saved to ../BoundingBox_Tool/Images/Test/Labeled/labeled_img/11002.png

image 1/1 /Users/underthelights/Documents/workspace/ut2/Robocup2024/Tools/autolabel_v10/../BoundingBox_Tool/Images/Test/11000.png:

, 1 haribo, 1152.5ms

Speed: 1.4ms preprocess, 1152.5ms inference, 1.4ms postprocess per image at shape (1, 3, 480, 640)
Labeled data saved to ../BoundingBox_Tool/Images/Test/Labeled/11000.txt

Labeled image saved to ../BoundingBox_Tool/Images/Test/Labeled/labeled_img/11000.png

image 1/1 /Users/underthelights/Documents/workspace/ut2/Robocup2024/Tools/autolabel_v10/../BoundingBox_Tool/Images/Test/11001.png:

Speed: 89.9ms preprocess, 536.6ms inference, 1.3ms postprocess per image at shape (1, 3, 480, 640)
Labeled data saved to ../BoundingBox_Tool/Images/Test/Labeled/11001.txt
Labeled image saved to ../BoundingBox_Tool/Images/Test/Labeled/labeled_img/11001.png

sk DONE! sk
O (yolovl@) » autolabel_v1@ git:(bjkim) x []

% bbox_snu.py 3 = X

4 > Tools > BoundingBox_Tool > Images > Test > Labeled > labeled_img >

¥

]
& 11000.png

480x640 1 strawberry_jello, 1 chocolate_jello, 1 mustard, 1 spam, 1 tennis_ball, 469

nents.txt M = X

Robocup2024 > Tools > BoundingBox_Too
pink_milk E

blue_milk

coke

LELENE]

apple

carrot
strawberry
sweet potato
lemon

cheezit
strawberry_jello
chocolate_jello
sugar

mustard

spam
tomato_soup
fork

plate

knife

bowl

+ v eee A
zsh Robocup2024

[}
zsh Robocup2024
zsh autolabel_v10

480x640 1 lemon, 1 cheezit, 1 strawberry_jello, 1 chocolate_jello, 1 mustard, 1 spam

480x640 1 pink_milk, 1 cheezit, 1 chocolate_jello, 1 sugar, 1 tennis_ball, 536.6ms

X
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Eco-Friendly J IXJ U Travel
Route Recommender System

Etd EXI= HI&D| 2= & MIFE 018 =X A|AE JHE

( DAVENGERS )

Jeonghyeon Ha, Kyunghoon Na, Kyungjoo Ko, Hannah Jung, Kyuhwan Shim

~ Grand Prize @ Innovation League

Ins ght

Code the Business



BIGCONTEST 20272

4| | A E 2022
MSIFIE LG U+, Finda, CJ 22|EHIEY3 S

Team DAVENGERS

| -
. .
(o

BIGCONTEST Innovation League Designing Eco-friendly ESG JEJU Travel Route for Gen-Z

2 o 2 2 ‘ - - Eco-Friendly J EJ U Travel

uo-m s e Route Recommender System

DAVENGERS

@ .. \
Q . {E‘l} é) O ).(2h), 14:00 Yo v S ' Jeonghyeon Ha Kyunghoon Na Kyungjoo Ko Hannah Jung Kyuhwan Shim

Ins ght A




BIGCONTEST 20272

(oF:Tg LN Walo Tl o a1 o 1T E1 LI Data Processing

if the user’'s restaurant information exists in DB

(1) Carbon Emission of Restaurant

n} | -
7Y HF2AE
MCT_NM menu_list
—— L L LU T A
TenTes SYAEH=H,... Food1

RO Ef B A IAE

if the user’s restaurant information doesn’t exist in DB

Calculated carbon footprint by the Food2

average of the menu of the restaurant

Ex. Western Restaurant

Chicken: 0.5 kgCO2 / Pizza : 0.3 kgCO2
- Average : (0.5+0.3)/2=0.4

Carbon Footprint of the restaurant
(per capita)

MCT_NM carbon_avg

A 3580

N 114

(3) Food

Calculation Logic

Q1. How many nights did you stay?

Min 1, Max 20
— exists in DB Q2. Which restaurant did you visit?

User selects the restaurant
== Result based on actual carbon emission

Choose an option
Mol 2

DDDDD

— doesn't existin DB Q2. What type of restaurant did you visit?

User selects the restaurant type
== Result based on average carbon emission

per restaurant type

Choose an option v ‘

171247

WHRO|, XY

Carbon Footprint of that restaurant in Jeju Island is total [ ] kg/co2
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el N[ N|TRLell 'l Recommended Route Example

Persona

a

I'm okay with nature,
but | prefer History and Activities.

# Plan on going around a lot
# Any restaurant is fine
# Love Popular Place

@ xA

Q. Which part of Jeju Island

are you going to travel to?

- | want to travel to the

< OHE|H|E|

Southern part of Jeju Island

Q. What transportation

will you use?
- Going to use
Public Transportation

Loez

i SHE2|0|A K|

Recommended Route

Jeju_assemble

Q ‘%§§1A| Q

c’ sie O

MHZA|

-7~ Total Carbon Footprints

& Traffic 5.96kgCO,
Food 16.11kgCO,
& Tourism 0.113 kgCO,
& Accomodation  8.73kgCO,
+ Airplane 112kgCoO,

= 142.913kgqCO,




CONTESTS
GANGSEO BIGDATA CONTEST 2023

Risk Rating Model Estimation for Small Business Owners
with Credit Rating Model in Gangseo-gu

Gangseo Bigdata Contest

Team NUNETTINE
INSIGHT - Sogang University Data Science Study Group

¥ Grand Prize (Top 1, Mayor’s Award)

s

Ins 9|‘\

Code the Business
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GANGSEO BIGDATA CONTEST 2023

2N HHO|E 2R Team FUj
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