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Visual Language Action (VLA) model
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Visual Language Action (VLA) model
for Navigation




What is Visual-Language Navigation?

“Where is the elevator?”




When Visual-Language Navigation?

« Human-robot Interactive Navigation (HRIN)

Memory-Augmented Spatial Al for Autonomous Mobili
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Why Visual-Language Navigation?

* Robot Web Era

Unitree Go1 Legged Robot NAVER LABS Unmanned Shuttle (ALT-B)
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Chapter 1: Present




SLAM (Simultaneous Localization and Mapping)

COLMAP (CVPR 2016, Structure—from—-Motion Revisited)
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SLAM (Simultaneous Localization and Mapping)

Google Cartographer, 2016
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SLAM (Simultaneous Localization and Mapping)

DGIST E5 (RME Building)



Autonomous Robot Navigation

LiDAR SLAM at DGIST E
Collaboration with SFEGGGE]

DGIST campus



What is Navigation?

Classic autonomous locomotion and navigation stack

ol

Global Local Local Locomotion Joint
controf Control

Planner Path planner Path follower

Planning / contr

Navigation Foothold
cost map cost map

-
.
-
-
-
-
-
.
-
-
-
-
.
-
.
-
-
.
-
-
-
-

Proprioceptive Proprioception
State Estimation IMU, joint angles

Exteroception
lidar, cameras, IMU

Satellite i
O(100Hz2) 1 e eumas

Lidar/Visual Inertial
Odomery

Semantic
Classification

O(10Hz)

O(1Hz)

Source: Prof. Marco Hutter, from IR0S2025 14



What is Visual-Language Navigation?

Learned autonomous locomotion and navigation stack
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Autonomous Robot Navigation

— Historical View (a.k.a PPP)

Source: Prof. Marco Hutter,

from IROS2025

Learned aulonomous locomotion and o vsgatlon stack

EndZEnd ‘ Perceptive
igation 5, | Locomotion

{ Policy

Classic

Local
Path follower

VLM reasoning

Nav
‘! Policy '

Locomotion = 4 g8 ’

control Global mappmg

ocal
Navigation Foothold
El cost map cost map

‘ Gioba
Localuzahon

Proprioception
IMU, joint angles

Exteroception

il Local Terrain mapping

Odomery

Semantic

Lidar/Visual Inertial

. lidar, cameras, IMU
< GNSS

Exteroception

State Estimation iMap

Classification

lidar, cameras, IMU

O(1Hz)

O(10Hz)

O(100Hz) 3 Sat'e,u? images

P1: Perception
P2: (P1+) Prediction
P3: (P1+P2+) Planning

5 External maps
H Satellite images
: O(100Hz) ey

16



Autonomous Robot Navigation

— APRL Perspective (Task—centric)

Learned autonomous locomotion and pavigation stack

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

— APRL Perspective (Method-centric)

Source: Prof. Marco Hutter,
from IROS2025
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Section 1
Human—Robot Collaborative Mapping in Robot Web Era

19



Geometric Foundation Models

DUSt3R: Geometric 3D Vision Made Easy

Shuzhe Wang*, Vincent Leroy!, Yohann Cabonf, Boris Chidlovskiit and Jerome Revaud'

) . .
Aalto University fNaver Labs Europe
shuzhe.wang@aalto.fi firstname.lastname@naverlabs.com
Camera calibration
Monocular
Depth estimation <
Multi-View
— DUSE3R — Pixel correspondences
Pairwise (relative)
\ J Camera pose estimation
7 Multi-View
) ) Dense 3D reconstruction
Unconstrained Corresponding pointmaps Visual Localization
image collections (dense 2D «» 3D mappings)

Dust3r: Geometric 3d vision made easy
S Wang, V Leroy, Y Cabon... - Proceedings of the ..., 2024 - openaccess.thecvf.com

[cs.CV] 2 Dec 2024

... 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 ...
w KME U9 218 1023%] 218 A SEAE  HA 10742 HE 80

» Wang, Shuzhe, et al. "Dust3r: Geometric 3d vision made easy." CVPR 2024
* Murai, Riku, Eric Dexheimer, and Andrew J. Davison. "Mast3r-slam: Real-time dense slam with
3d reconstruction priors.“, CVPR 2025 20



Geometric Foundation Models

Visual SLAM
at Consilience Hall
(E7), DGIST

[N
-
-

| -

..9

Hyoseok Ju, Bokeon Suh, and Giseop Kim. "Have We Mastered Scale in Deep Monocular Visual
SLAM? The ScaleMaster Dataset and Benchmark.”, ICRA 2026




Human—-Robot Collaborative Mapping

® In the GFM era.

Crowd-sourced Monocular Videos

Ml g

Legged Robot Wheeled Robot
a
2 a
[=——] ——— ]
Handheld Video Handheld Video

« Different heights
« Different platforms MR.ScaleMaster
« Different camera models
« Different front-ends

Hyoseok Ju, and Giseop Kim. "MR.ScaleMaster: Scale-Consistent Collaborative Mapping from Crowd- 2
Sourced Monocular Videos." arXiv preprint arXiv:2604.11372 (2026).



Human—-Robot Collaborative Mapping ¥

Real-World Multi-Robot Dense Mapping

AGENTS

@ Legged Robot @® Handheld 1
@ Wheeled Robot @ Handheld 2

Data Collection Corridor Environment

Hyoseok Ju, and Giseop Kim. "MR.ScaleMaster: Scale-Consistent Collaborative Mapping from Crowd-

Sourced Monocular Videos." arXiv preprint arXiv:2604.11372 (2026), 2



KITTI oo,
MR.ScaleMaster N

with MASt3R-SLAM ©




Section 2

Continual Human-Environment Understanding
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Traditional Lifelong Navigation

-« Map for Long—term Navigation

Long-term Localization
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Giseop Kim, Byungjae Park, and Ayoung Kim. "1-day learning, 1-year localization: Long-term lidar
localization using scan context image." RA-L (2019)
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Memory for Robot Navigation

How do you accumulate
long-horizon robot histories?

Long trajectories = Long history

Memory Building Phase

3 Memory

observation

position
time

How do you answer questions given this -—

long-horizon history? Memory
Storage

How do I get upstairs? oSe) Querying Phase

There’s the elevator at (x,y)

Q Can you take me there?

Anwar, Abrar, et al. "Remembr: Building and reasoning over long—horizon spatio-temporal memory for
robot navigation.” ICRA 2025



Memory for Lifelong Robot Navigation

« Long—-term Navigation Memory

Example Query

“When did the scissor first appear?”

“Was the vacuum in the room at Session 9?7
“Did the brown basket move at Session 67"
“Did the fridge stay in place at Session 477
“Did the green chair come back at Session 9?”

“Where has the blue totebag been across all sessions?”
“Which object moved most frequently?”

“When was the last time the white board moved?”

“Was the robot dog in the same location in Sy and S107”

Yumin Lee, Hyoseok Ju, Giseop Kim, LT-Mem: Volatility—Aware Spatio—Temporal Memory for
Lifelong Scene Understanding, IROS 2026 (Accepted, To appear)

28



Memory for Lifelong Robot Navigation

« Long—-term Navigation Memory

; : A V-
Volatility: 0.60 (LLM prior) o i Volatility: 0.77

Yumin Lee, Hyoseok Ju, Giseop Kim, LT-Mem: Volatility-Aware Spatio—Temporal Memory for

Lifelong Scene Understanding, IROS 2026 (Accepted, To appear) 29



Memory for Lifelong Robot Navigation

« VQA for Lifelong Scene Understanding

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.

Yumin Lee, Hyoseok Ju, Giseop Kim, LT-Mem: Volatility-Aware Spatio—Temporal Memory for
Lifelong Scene Understanding, IROS 2026 (Accepted, To appear)
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Secion 3

Human—Robot Interactive Navigation

31



VLA

7y A Vision-Language-Action Flow Model for General Robot Control
K Black, N Brown, D Driess, A Esmail, M Equi... -
... models. Our work is most closely related to recently proposed visienlanguage action (VLA)

meodels... We compare this fine-tuned 0 model with the w0small model described in Section IV, ...

Ve ME DU 218 18083 I8 PR H@XE  TAH 4702 ME 5

arXiv preprint arXiv ...,

mp: A Vision-Language-Action Flow Model for

General Robot Control

Physical Intelligence
Kevin Black, Noah Brown, Danny Driess, Adnan Esmail, Michael Equi, Chelsea Finn, Niccolo Fusai,
Lachy Groom, Karol Hausman, Brian Ichter, Szymon Jakubczak, Tim Jones, Liyiming Ke, Sergey Levine,
Adrian Li-Bell, Mohith Mothukuri, Suraj Nair, Karl Pertsch, Lucy Xiaoyang Shi, James Tanner, Quan Vuong,

Anna Walling, Haohuan Wang, Ury Zhilinsky
https://physicalintelligence.company/blog/pi0
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Visual-Language Navigation

« VLN: VLA for Navigation
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The VLMs in the fast and slow systems share the same parameters.

Xue, Xinda, et al. "Omninav: A unified framework for prospective exploration and visual-
language navigation.” ICLR 2026



Visual-Language Navigation

for Human—-Robot Interactive Navigation

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.




Are We Ready for VLN in the Real World?

OmniNav DualVLN ActiveVLN

T

Tﬁ?t&-?m —

# ——
| e
NaVILA OmniVLA

=

EA

Instruction: Go straight ahead and turn right. Then keep going straight, and when you turn
right at the corner, you'll see a blue door labeled 105 on your left. Stop in front of it.

Under Review




Section 4

Multimodal Interaction (what is the human-like way?)

36



Visual-Language Nav meets HRI

* In the real world people don’t describe every (low-level) detail.
+ They point.

+ Point-to—-Language Grounded Navigation via Diverse Map Interfaces

37
Floor Plan—Guided Point-to—-Language Grounded Navigation, ICROS 2026



Visual-Language Nav meets HRI

+ Language meets robot sensing modality

* Humans think in language; robots think in sensor data.
+ Language (Hint, Human-side) to Pointcloud (LIDAR map, Robot-side)

Text2Pos

hy: The pose is on-top of a gray road.

h;: The pose is on-top of a bright-gray smallpole.
h3: The pose is south of a bright-gray smallpole.
h,: The pose is west of a beige sidewalk.

hs: The pose is south of a beige smallpole.

hg: The pose is south of a gray-green pole.

Query

N

38
Two-Stage Hint-Object Alignment for Text-to—PointCloud Localization, MM-SpatialAl Workshop, ICRA 2026 WS



Section 5

Reasoning or Geometry?

39



Visual-Language Nav, but why SLAM?

* Is Perception Foundation Model Still Necessary?

Why Far Looks Up: Probing Spatial
Representation in Vision-Language Models

Cheolhiong Min', Jaeyun Jung!, Dacun Lee!, Hyeonscong Jeon',
Yu Su?, Jonathan Tremblay?, Chan Hee Song®!*, and Jaesik Park®'

] 28 May 2026

1 . . .
Seoul National Universit
M Luke Song @ -2 Y

82 1 Ohie Chata .
= Research @NVIDIA Metropolis | Spatial Intelligence in VLMs The ()}.1“) State University
“ 2 Tag(e) » Bearbeitet » (P ° NVIDIA

@ Do Vision-Language Models actually understand 3D space? [ {cheolhong.min, jaesik.park}Oem.ac.kr

Do Vision-Language Models Understand 3D Scenes or
Just Catalogue Objects?

[cs.CV] 19 May 2026



Visual-Language Nav, but why SLAM?

|s Perception Foundation Model Still Necessary?

GPT 5.5 thinking

fi’
LN
~ ) R
' ¥
Hegol| ol AZo| JH4E? =
' T,
I X S0t 4ztdl N
-
Mol Hol= HE2 1712 204
Wang, Ruicheng, et al. "Moge=-2: Accurate
OO0 P Lo

monocular geometry with metric scale and sharp
details." Advances in Neural Information Processing

Systems 38 (2026): 35928-35959. 41



Visual-Language Nav, but why SLAM?

* |s Perception Foundation Model Still Necessary?

42



Visual-Language Nav, but why SLAM?

* |s Perception Foundation Model Still Necessary?

43



Visual-Language Nav, but why SLAM?

* Is Perception Foundation Model Still Necessary?
» Multiple view consistency




Visual-Language Nav, but why SLAM?

* Is Perception Foundation Model Still Necessary?
» Multiple view consistency

Zhang, Junyi, et al. "Loger: Long—context geometric reconstruction with hybrid memory."
arXiv preprint arXiv:2603.03269 (2026).
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Chapter 2: Past




Scan Context (IROS18, TRO22)

* What? — Robust LiDAR Place Recognition
« Why? - =72}t LIDAR MapS £&¢A OtS 2= UA| SHAL

47



MulRan (ICRA20)

* What? — Beyond KITTI Dataset
* Why? - 571} LIDAR MapS &84 Bt &= UA ot <A HA|7F Rt
FHE EA 6ljOF St}

0208
'ﬁ‘v?snnn
A
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Removert (IROS20)

* What? — Make Clean Map
« Why? - =721t 512] O{Z2|H0[MoIM MRE M7 N0 IDAR Map2
g 2= == UA oFAL.
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LT-mapper (ICRA22)

* What? - Long—-term Map Management
o Why? — MIAE H8I--- (RTK GPS-INS &= H|MIT}).

LD change detection
(blue: PD, red: ND)

moving bicycle

moving car

o N
AR RSN
Gl e

Overlaid ground-truth maps

(DCC 61 and 62 of MulRan dataset) & s - -
== s —~ - ¢ v / walking people

(c) Disappearing objects

(a) Inconsistent ground-truths over sessions (b) Noisy points from moving objects



ELite (ICRA25)

«  What? - Long-term Map Management (cont’d)
« Why? - 5% H3}0| = H7} QICt (Ephemerality)

02 (Aug 2019)

W& Parked car

''''' 7
1
y#. New walls appeared i

04 (Aug 2024) 05 (Aug 2024)

Binary Changes
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NAVER LABS (2022-2024)

* What? - Oj++2 Mapping
* Why? - The Bitter Lessons

= GAK Sejong (290,000m)

52



MR.ScaleMaster (IROS26-rejected)

*  What? - Collaborative Mapping from Crowd—-Sourced Videos
« Why? — =1L} Map2 284 Tt 3= UA SHAL

Legged Robot Wheeled Robot
a
ﬁ -
L] [ —
Handheld Video Handheld Video

 Different heights
 Different platforms MR.ScaleMaster
* Different camera models
o Different front-ends

53



G. Kim Research Statement (2024)

«  What? - Robet Web A|CHS| Ho|Qt HFK|
«  Why? - Robot Intelligence & Flywheel Moment

-

Apple iPhone LIDAR RoomPlan Project Aria from Meta Unitree Go1 Legged Robot NAVER LABS Unmanned Shuttle (ALT-B)

Experience 2.0
Lower Cost J* Lower
Structure Prigge World Model Prm

( _,Selection |
Sellé;s\\ ECLSt:?me' Foundation

4 i Xperience

il W Model
World Mode'l Consumer

\\ N - | 7
Traffic, _Advertising

Navigation Intelligence
54



LT-Mem (IROS26)

* What? — Long—term A/spMemory Management
« Why? - H0| &l

ﬂiﬁ’!: 2
oizte] S mUa|E| X|A| HZH o]

]
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LT-Mem (IROS26)

* What? - Bridging the Perception—-Reasoning Gap
* Why? - SLAM 2} VLM 0] 2tLk= 11 07t Map to Memory Moment.

PERCEPTION

Multi-session
Input(S,, ..., S;)

— = )
Multi Session
SLAM

S

3D Instance
Segmentation

& Lifting

—

Spatially Aligned
3D Instance

(o)

REASONING

&

Cross-Session
Re-Identification

LT-VQA

“How many times e
® . ¥ times did
robot dog move in S1-S10?”

l

Object-Centric Retrieval

l

&

) /MULTI-HYP

S N e
ARCHITECTURE
a Live Memory
o % 7 o Y
Sty 'l.lctul al - =
Integrity Check | noLD \_/\tj
£ E—8
Ch ange \Delta Memory Meta Memory
Detection
(&)
Volatility-Aware
Update Policy OVERWRITE / HOLD

LLM-Based Reasoning

l

"Moved 2 times. [Meta Memory]
(S1—S6: 4.6m, S6—S9: 5.1m) ¢
[Delta Memory]"
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Human-robot Interactive Navigation

© USE 017t KNS O[3H5HL HERIR s
O X182 DY2IEIS i3t B2 52 B2HRIS T (2026-2029)

TN W

Social compliant navigation Human-like Instruction grounded Navigation Socially Interactive Navigation
(Recent Research) (Proposed HINT task) (Future Direction)
Explicit Goal: O, Human-like Wayfinding Instruction: O Dynamic Goal: O, Dynamic Wayfinding Instruction: O

Explicit Social Norms based Instruction : X

' Canyou Hello, I'm a public service robot.
carry it just That looks heavy, would you like
up to there me to carry it for you?

-
Go over lhelgr‘

NDO +

3% Object Goal Navigation(OGN)

Explicit Goal: O, Fine-grained Wayfinding Instruction: O,
Explicit Social Norms : X

@ PLIOMIE +







Summary

Future Prediction
— Number of robots 1
— Number of human-robot interactions t t 1}

Problem
— Diversity of robots, sensors, and configurations 1
— Complexity, errors, and mission failures 1 t 1

Solution
— Bridging Geometry and Reasoning gap
- Visual Language Multi-robot SLAM (APRL’s Method)

Summary
— Help robots understand human language better.
— Human-robot Interactive Navigation (APRL’s Task)

59



APRL Vision

- 2R ANOi= 20,
« OISV Z20/ NUE o5t BHISEAL.
* Human-robot Interactive Navigation
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Closing: Language for Interaction

« How can this guy avoid getting fired? (0| &I7t7} ™2|X| 4O 2{H?)
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