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Giseop Kim

e Pl of Autonomy and
Perceptual Robotics
Lab (APRL, 2EZQIA &
XHE3H A1 E)

e DGIST
(2024-current)

e NAVERLABS
(2022-2024)

e PhD
(2022, KAIST)
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Perceptual Robotics o o
Lab (APRL) e S s

3

Giseop Kim, Ph.D.

. Robotics and insering, DGIST.

= Joint Appointment, Physical Al Cent

. Depart

DGIST

= Joint Appaintm

of Arti

al Intefligence, DGIST

= Joint Mechsnical Engineering Trsck, School of L tudies, DGIST

= Educations: Ph.D. (2

17, KAIST)

Current Lab Members

Full-time Researchers

P o

JiseonKim Yuminlee Naysk Bibhutibhusan DoyeonKim
MS student (2025F-) MSstudent (2025F-) Postdoc (2025F-) PhD student (20265-)

Beomsu Kim

M5 student

Undergraduate Interns

= 2026 Winter: Hyeomwoo Jeong (DGIST). Yewon Kim (DGIST). Ayun Lee (DGIST) (Topics: DGIST 4D Mapping and Intelligent

ot Exploration)
= 2026 Spring: Yewon Kim (DGIST) (Topic: GS). Ayun Lee (DGIST) (Topic: VLN for expl




Final Goal of Next 5 years
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Final Goal of Next 5 years

® Human-like Collaborative Navigation
with Robot-Robot/Robot-Human Interactions
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Related Awards

@ Best poster award at Human-aware Embodied Al, IR0S2025




Related Awards

® KRoC 2026
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SLAM

COLMAP (CVPR 2016, Structure-from-Motion Revisited)



Google Cartographer, 2016




DGIST E5 (RME Building)



Autonomous Robot Navigation

@® Collaboration with sonnet.ai

LiDAR SLAM at DGIST

CO“GbOI'Ufion wﬂ‘h i Isonnet.c:i o

DGIST campus
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Autonomous Robot Navigation

Classic autonomous locomotion and navigation stack

ol

[ Local Local

Global
Path planner Path follower

Planner

Locomotion

control

Plannina /
lanning / contr

Navigation
cost map

Global mapping

Localization

Joint
Control

Exteroception
lidar, cameras, IMU

Semantic
Classification

State Estimation

O(10Hz)

sevadennnde

O(1Hz)

Source: Prof. Marco Hutter, from IROS2025

O(100Hz)

External maps
Satellite images
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Autonomous Robot Navigation

Learned autonomous locomotion and navigation stack

[ Joint / hierarchical

Pe D

aassnssgan

Plannine |
anni g / control

.
.
g
.
-
-
-
.
.
-
-
.
.
.
.
.
-

roprioceptio
IMU, joint angles

Exteroception
lidar, cameras, IMU

Satellite ima:
O(100Hz) e~ lges

Global
Localization

State Estimation

senndevnndonnnlonnnnnnnse

O(1Hz) O(10Hz)

Source: Prof. Marco Hutter, from IROS2025
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Autonomous Robot Navigation

Learned autonomous locomotion and pavigation stack | A

Source: Prof. Marco Hutter, : : PNy .
from IR0S2025 3 m "R Porcostve
: Euvfgi:gn » | Locomotion

: ‘! Policy ' { Policy
Classic . i oL :
£ H VLM reasoning -

Local Locomotion R .
Path follower control bal mappmg .

Gita i : Proprioception
: cost map cost map : Localuzahon E . IMU, joint ar\gles

Fl| Path planner

: E=mrm : : T
§ Global : Lidar/Visual Inertial Proprioceptive Proprioceptior s . . lidar, cameras, IMU
H H Odomery 2 : s
z Semantic Exteroception v GNSS
° Classification lidar, cameras, IMU g .
o H H = xternal maps
3 -
: - . Satellite images
: - s : O(10Hz) : O(100Hz) 3 e
O(1Hz) : O(10Hz) : O(100Hz) e N - .

Visual-Language Nav

Memory

3D Foundation Models 14



3D Foundation Model

DUSt3R: Geometric 3D Vision Made Easy

Shuzhe Wang*, Vincent Leroy', Yohann Cabon', Boris Chidlovskiif and Jerome Revaud!
*Aalto University TNaver Labs Europe

shuzhe.wang@aalto.fi firstname.lastname@naverlabs.com

Camera calibration

Monocular
Depth estimation <

v ~s  Multi-View
—_— DUSt3R — Pixel correspondences
(\] Pairwise (relative)
o Camera pose estimation
Multi-View
(@] Dense 3D reconstruction
Unconstrained Corresponding pointmaps visual Localization
[S) image collections (dense 2D - 3D mappings)
O
=
() (G
™ 'y
. -
2o

- 2

& Dust3r: Geometric 3d vision made easy
—_—

S Wang, V Leroy, Y Cabon... - Proceedings of the ..., 2024 - openaccess.thecvf.com

... In summary, DUSt3R makes many geometric 3D vision tasks easy. Code and models at ...

the same DUSt3R model (our default model is denoted as ‘DUSt3R 512°, other DUSt3R models ...
Y ME DY QI8 10233 Q18 R gExtE HH 1079 HE 9o

Wang, Shuzhe, et al. "Dust3r: Geometric 3d vision made easy." Proceedings of the IEEE/CVF
Conference on Computer Vision and Pattern Recognition. 2024.



3D Foundation Model

Visual SLAM
at Consilience Hall
(E7), DGIST

Hyoseok Ju, Bokeon Suh, Giseop Kim,
ICRA 2026 (accepted, to appear),
Have We Mastered Scale in Deep Monocular Visual SLAM? The ScaleMaster Dataset and Benchmark

16



Multi-robot Collaborative SLAM

® In 3D Foundation era.

d
« Different heights I
« Different platforms MR.ScaleMaster
« Differ |

ff

Submitted, under review 17



Multi-robot Collaborative SLAM

® In 3D Foundation era.

Submitted, under review
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Multi-robot Collaborative SLAM

® In 3D Foundation era.

On KITTI dataset




How do you accumulate
long-horizon robot histories?

Long trajectories = Long history

Memory Building Phase

Memory
observation
position
time

How do you answer questions given this -
long-horizon history? Memory
....................... Storage

How do I get upstairs? *_*) : Querying Phase

There’s the elevator at (x,y) ' l

Can you take me there?

Anwar, Abrar, et al. "Remembr: Building and reasoning over long-horizon spatio-temporal memory for robot
navigation." 2025 |IEEE International Conference on Robotics and Automation (ICRA). IEEE, 2025.



Memory

e VLN demo - "where is the elevator?"
https://www.youtube.com/watch?v=s03B1NDoCO0

*»
L
af
L 1
|
-
o
a
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https://www.youtube.com/watch?v=so3B1NDoCO0

Memory

® Long-term Navigation Memory

@ “Where has the green chair been?”

& Existing Systems

Temporal Amnesia — State-only memory

Green chair : (1.2, 0.8, -2.1)

Overwrite

Green chair = (0.9, 0.6, 2.0)

Overwrite

EMPTY

X Unknown.
Object not found in current map.

v LT-Mem (Ours)

Volatility-aware Tri-Memory

® Live Memory
Green chair : not detected at S8

© Delta Memory

S1: Appear (1.2, 0.8, -2.1) — S5: MOVE
(0.9. 0.6, -2.0) — S8: DISAPPEAR

® Meta Memory
Volatile / 3 events / 1 move /
motion radius: 0.36m

a “Where has the green chair been?”

' First appeared at (1.2, 0.8, 2.1) in S1,
moved 0.36m to (0.9, 0.6, -2.0) in S5,
disappeared in S8. Classified as volatile.

Event Description Example Query Required Memory
APPEAR Object first observed in session S; “When did the scissor first appear?” Delta
DISAPPEAR Object no longer detected after S; “Was the vacuum in the room at Session 97” Delta

MoOVE Centroid displacement beyond threshold “Did the brown basket move at Session 67" Delta

NONE No state change detected in session S; “Did the fridge stay in place at Session 477 Delta
RE-APPEAR Object returns after prior disappearance “Did the green chair come back at Session 9?” Delta
Compound (multi-session reasoning)

Trajectory Sequence of transitions across all sessions  “Where has the blue totebag been across all sessions?” Delta, Meta, Live
Volatility Frequency and magnitude of changes “Which object moved most frequently?” Meta

Temporal localization  Identifying when a change occurred “When was the last time the white board moved?” Delta
Counterfactual Comparing states at two specific sessions “Was the robot dog in the same location in Sy and S19?”  Delta, Live

Submitted, under review

22



Memory

® Long-term Navigation Memory

S8 (1:03PM)

o

Q: When should I go if I want to find a parking spot?
A: Come around 8:00AM to find a parking spot (Session3, O cars at that time).

Q: When is it hardest to find a place to park?
A: It's hardest to find a spot around 1:03PM (Session8, 34 cars).
Avoid that time if you want an empty spot.

23



Visual-Language Nav

® VLN: VLA for Navigation

R —

9 Tokenization  Text Tokens:

BEV

[(x1, 1), (X2, <
y2), ] or
Sub-goal
Coordinates

=y

Unexplored Frontiers

| - S_F,.)ggﬁ( v,

A

Image Memories

Q Slow Thinking System

Move to the nearest
<Goal>, then stop. —_—

K
Spatiotemporal
sampled images

g Fast Thinking System

Low-level Waypoints
[(1,2,15°,02) .(1, 6, 43°,0.3)]

The VLMs in the fast and slow systems share the same parameters.

MLP <Object-Goal> . T T
—. “"Search for an instance of
: dishwasher within this space” .
CO_?"S'HG*G <Instruct-Goal> . Cond S
okens "Go down the stairs turn VLM |—> —_— iijiusion
left and go up the . Policy Head
stairs .....Wait near the sink." .
<Point-Goal>
"Given past <coordinate> and " .
<image>, predict the next 5 i VLM T
Image waypoints." kv = E Nosie
Tokens cache eafs
i !
1 1
Analyze: The model analyzes the environment | o0 o001 Low-level i
to determine the next action. | "Given past Waypoints;
Case 1 (Target Not Visible): From frontier, the <coordinate> 1.2, 1
VLM = optimal high-level subgoal is at <coordinate>, > ad <mage>, VLM —> 15[,,(0' 2)' ]
Case 2 (Target Found in Memory): The target | predigt the ('1 > 6 i
high-level subgoal) i d at dinate>. I next oA
(high-level subgoal) is found at <coordinate>. : Ve i 43°0.3)] i
1
xN : xN |

Xue, Xinda, et al. "Omninav: A unified framework for prospective exploration and
visual-language navigation." arXiv preprint arXiv:2509.25687 (2025).
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Visual-Language Nav

Instruction:

Walk forward along the white wall .Once
you are close to the passage on your
right, make a right turn and enter the
passage. Continue walking straight,
following the black striped tiles on the
floor. After passing the fire hydrant, turn
slightly to the right and move forward
until you see a black sofa. Walk towards
the black sofa and stop in front of it to
finalize the trajectory.

T DS s A e s

25



Visual-Language Nav

@ Language meets robot sensing modality

Buildin Trash Bin Vending

Building

Text2Pos

4
=
=]
oA
Dlslence 7. 93 g - . Distonce: 8.20
hy: The pose is on-top of a gray road. hy: The pose is on-top of a gray road.
hy: The pose is on-top of a bright-gray smallpole. h;: The pose is south of a gray fence.
? h3: The pose is south of a bright-gray smallpole. h3: The pose is south of a green pole.
5 hy: The pose is west of a beige sidewalk. hy: The pose is south of a black traffic sign.
hs: The pose is south of a beige smallpole. hs: The pose is west of a dark-green trash bin.
hg: The pose is south of a gray-green pole. hg: The pose is south of a gray-green road.




Goal of 2026-2027

- S A7 XIAIS OlaHHT A4S HBEHE
[}= X128 YA E|E 98t H22] S 27HXS 7HE (2026-2029)

= CtAsH HEH Q| map interfacel M2
point-to-language grounded navigation

27



Thank you!
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