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Towards Open-World and Interactive Intelligence

4 N
Traditional Paradigm The New Frontier

e Closed-set Environment * Open-world setting

> Fixed number of classes > New & unseen entities appear

> Static scenes » Dynamic scenes

* Passive observation * Interactive learning

> Agent observes > Agent acts & explores

> No agency or influence over > Receives feedback & adapts
environment » Language
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Towards Open-World and Interactive Intelligence
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Open-Vocabulary Semantic Segmentation Vocabulary-free Instance Segmentalon
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Open-Vocabulary 3D Semantic Segmentation

* Given: The posed images and the corresponding open-vocabulary queries
from the frozen text encoder of a VLM

* Goal: Synthesize the semantic masks from novel view renderings

Feature
Visualization

Rendered Images Mask prediction

Posed Images
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Limitations of Existing Works

1. Existing works either use CLIP with imprecise boundaries or over-trusted
DINOv2 or SAM with imperfect regional masks.

2. Reduction of feature dimension in the 2D before lifting into the 3D can lead
to multi-view inconsistency that hurts performance.

. . Feature dimension reduction in 2D
Segmentation Maps Region proposals

from OpenSeg predicted from SAM

Language Embedded 3D Gaussians Optimization Ground Truth Quantization

3D Gaussians position Dense Langua/ge Features
Py ’ scale 7 >
; e | 5§
S = | £ 5
> R &5 l Quantize
semantics "‘§ g
- ol - q [Duscrete Feature Space]
Adaptive Spatial Smoothing
(]
3
2
>
Imprecise boundaries Shi et al, Language Embedded 3D Gaussians for Open-Vocabulary Scene Understanding, CVPR 2024
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econSG: Our Framework

VLM
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VLM Encoder
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1. 3D Consistency: Multiview
fusion of OpenSeg
features

2. Better Prompt (SAM): Use
reprojected fused features
as prompt to SAM

Can Zhang, Gim Hee Lee, econSG: Efficient and Multi-view Consistent Open-Vocabulary 3D Semantic Gaussians, ICLR 2025
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econSG: Our Framework
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Learnable 3DGS

Semantic Fields f

Low-Dimensional 3D
Contextual Space

1. 3D Consistency: Fuse the
backprojected multi-view
2D features

2. Computational efficiency:
Pre-train an autoencoder
to get the low-dimensional
latent semantic space.

Can Zhang, Gim Hee Lee, econSG: Efficient and Multi-view Consistent Open-Vocabulary 3D Semantic Gaussians, ICLR 2025
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econSG: Results

Figure 7: Qualitative 3D segmentation results of our econSG on the Scannet dataset.

Table 1: Comparisons of open-vocabulary segmentation on3DOVS dataset.best results in bold.

LEGaussians

red bag banana black leather shoe

%

camera

Dataset 3DOVS
Method bed sofa lawn room bench overall
mloU mAcc mloU mAcc mloU mAcc mloU mAcc mloU mAcc mloU mAcc
2D LSeg 56.0 87.6 45 165 175 775 192 46.1 6.0 427 206 54.1
LERF 73.5 86.9 270 438 737 935 466 798 532 797 548 76.7
3DOVS 89.5 96.7 740 91.6 882 973 928 989 893 963 86.8 96.2

Feature3DGS 56.6 87.5 6.7 124 373 826 205 367 62 430 255 524

LEGaussians 45.7 - 482 - 497 - 447 - 474 - 47.1 -

LangSplat 73.5 89.7 823 987 899 956 950 994 70.6 926 823 952
(_econSG (Ours) _94.9 97.4 91.6 98.7_96.3 985 958 99.4 93.0_ 97.6 94.3 98.3)

3D

Table 2: Comparisons of localization accuracy onfLERF dataset. |Best results in bold.

Ours

. , \
B J
 § f N " B
3 ‘\ »
yellow bowl glass of water chopsticks wavy noodles in bowl
5 2y 4 9
=3 d “

Dataset LERT
Method ramen figurines teatime waldo_kitchen overall
2D LSeg 14.1 8.9 339 27.3 21.1
LERF 62.0 75.0 84.8 72.7 73.6
LangSplat 73.2 80.4 88.1 95.5 84.3
3D SemanticGaussian 76.8 83.1 89.8 90.9 85.2
LEGaussians 78.6 73.7 85.6 90.1 82.0
("econSG (Ours) 83.2 89.3 934 96.2 90.5 )
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Figure 10: Qualitative comparison of our econSG with baselines on the LERF dataset. We show the
visualization of the retrieved objects in the scene. The quantitative results are in Table 2 in the main

Table 3: Comparison with other methods on segmentation of novel views frorrlScannet and Replica.
Best results highlighted in bold.

Replica Scannet
Dataset FPS sparse-view multi-view sparse-view multi-view
mloU mAcc mloU mAcc mloU mAcc mloU mAcc
LERF 02 4312 17.080 8.285 22.125 14.059 38.734 15349 40.294
3DOVS 03 4553 19356 9.081 23938 14227 40.584 17.802 42.532
Feature3DGS 25 9584 38245 10.634 36.520 17.552 48.686 18.069 54.101
econd>G (Vurs) 156 25,5135 . . . . . . .
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econSG: Results

ANUS

Table 4: Training efficiency analysis on the sofa scene of the 3DOVS dataset.

Methods LERF 3DOVS Langsplat Feature3DGS Ours Ours
(remove autoencoder)
Feature dimension 512 512 3 128 6 16 32 512
mloU (%) 27.0 74.0 82.3 6.7 91.6 918 918 OOM
Training time (min) 19.4 78 66 87 29 32 43 OOM
Inference (s) 121.4 6.6 401.9 6.0 49 52 53 OOM
Initial results of training views from vision and language found Rendered results of training views Rendered results of testing views

View 1

(d) Training view predictions (e) Training view predictions (f) Testing view predictions
by semantic field w/o CRR by semantic field with CRR by semantic field w/o CRR

View 2

(g) Testing view predictions
by semantic field with CRR

(a) Segmentation maps (b) Region proposals
predicted from OpenSeg predicted from SAM

(c) Training segmentation
maps refined with CRR

Figure 3: Ablation on confidence-guided region regularization (CRR) with qualitative results of our
econSG on Replica. Panels (a)-(e) are from training views, and panels (f)-(g) are from testing views.

School of

= (©FF



Vocabulary-free Instance Segmentation

* Goal: Given 3D point cloud of a scene, the goal is to detect and segment
unseen classes based on language instructions.

Open-Set 3D Instance Segmentation (OS-3DIS)

(a) “Can I wash my hands?”  (b) “Brown Furnitures” (c) “Device to play game” (d) “Bathroom”
Visual question Attributes description Functional description Space-level description
o= |, oSV




Limitation of Existing Methods

Two-stage Approach:

1. Extracting 3D masks from class-agnostic 3D mask proposal module
2. Classifying 3D masks with 2D foundation model

Training Inference 2D Frames
- , # || [ Examples:
D | classification
‘Q wew (1 O g Q MPM 1 OpenMask3D (NeurlPS’24), Openlins3D
hAR D —w1  (ECCV’24), Open3DIS (CVPR’25)

4= : Supervision [ : Mask Proposals : Class-agnostic Mask Proposal Module

Limitation:
No semantic information in the mask generation stage - low semantic
generalizability
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.. SOLE: Our Framework

Our SOLE improves semantic generalizability by:

1. Generating semantic-aware 3D masks.

2. Classifies the 3D masks by being responsive to free-form language beyond
the noun-level descriptions

Training I Inference [
é h ) i ™ s a (i
"blue chair C|a$$IflcahUn
infront of desk" ifhane
N 2 e
Point Cloud MMA | Point Cloud § can | sit?
—{ SMPM .
W ‘@ w
g g "Brown desk"
L CLIP Features ) N GT Masks i CLIP Features | & |§| Text Queries‘

4= : Supervision : Mask Proposals : Mask Features | SMPM | : Semantic-aware Mask Proposal Module

Seungjun Lee, Yuyang Zhao, Gim Hee Lee, Segment Any 3D Object with Language, ICLR 2025
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'. SOLE: Our Framework

Training Inference
3D Point Cloud

Feature Backbone

3D Point Cloud Samsaama

‘§ss®®‘
Lae + Lac

Per-Point &@@S@i > Camia Multimodal
CLIPF Mask Features Associations

Multimodal Association

AN\

Feature Backbone : Transfonner _______ = CLIP Features
tq . raéa; Three types of 3D mask-to-language
= ) S0 alignment:
) :; 1. 3D masks —Image Features

2. 3D masks — Sentence-level

‘ g @ || P Captions Features

w ":::.:":‘;::':::::;gr |
s Mf:fnifﬁmm = | B 3D masks — Noun-level Captions

]
1 | “ablue cha ™ x 0.8 .
!
ME A "a blue chair" tv:, "A blue chair sitting nextto a
: f "a "““ x0.1 ' w3 desk” * desk in a wooden office”
1 J l | "a wooden ofﬂcv x0.1 | "awooden office” :‘
! A .
Per-Point CLIP Features {7 b B\
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.. S O L E . Re S u ‘ tS Comparison of closed-set 3D instance segmentation on ScanNetv2

Method AP APs5o APs5 ‘ voxel size
Functional Description Attributes Description Openlns3D (Huang et al., 2023b) - 28.7 38.9 2cm
P I . T ———l ~ = Y B OpenMask3D (Takmaz et al., 2023) 31.0 39.5 44.0 2cm
e REEERRL T Open3DIS (only 3D) (Nguyen et al., 2024) 31.3 424 47.8 2cm
SOLE w 4cm voxel size 30.8 525 709 4cm
SOLE w/o text sup 35.0 50.2 60.2 2cm
SOLE (ours) 44.4 +131) 622 =198 714 +236) 2cm
V. Mask3D (Schult et al., 2022) (fully sup) 55.2 7379 83.5 ‘ 2cm

Comparison of closed-set 3D instance segmentation on ScanNet200

_ oI } : Method AP APso APz  APpews APeom  APiau
™ M . | want to heat the food. & M : This trash can is black. Openins3D (Huang et al., 2023b) 88 103 144 160 65 42
] ) ) ) OpenMask3D (Takmaz et al., 2023) 154 199 231 171 141 149
Visual Grounding with Multiple Open3DIS (only 3D) (Nguyenetal,2024) 186 231 273 247 169 133
. . L. Relationship with Other Objects SOLE (ours) 201 281 336 275 176 141
Attributes Description P J L) 50 o) o) o %)
INPUT QUERY : This is a small black office chair. ; . INPUT QUERY : Can you turn on the light beside of the sofa? :  s Mask3D (ﬁl”y Sup) (SChult et al., 2022) 26.9 36.2 41.4 39.8 21.7 17'9

Comparison of open-set 3D instance segmentation on ScanNet200

— Replica
Method Mask Traim'ng AP APso APss
A OpenIns3D (Huang et al., 2023b) ScanNet200 13.6 18.0 19.7
OpenMask3D (Takmaz et al., 2023) ScanNet200 13.1 18.4 24.2
.. . . Open3DIS (only 3D) (Nguyen et al., 2024) ScanNet200 149 18.8 23.6
@ MW : This is a small black @ M : Turn on the light beside SOLE (urs) ScanNet200 247 oy 318 3o 40.3 o)
office chair. of the sofa.
ERINUS | school of CvV
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Learning Affordance & Articulations

Given: Multi-view images of the object or indoor scene from two different
joint states (left figure).

Find: 3D interactive field which supports interactions with multiple movable
parts for fine-grained segmentation and articulation reconstruction

Start State t End State t’ 4

a N ™\

~

Part Segmentation + Motion Parameters

—_— 3D §
Interactive Field///

Case 1:

>l IAAO [

)

Prompt: Object /part querying
) Casel: “open the fridge door with handles”
Input: Multi-View Object / Scene Images o Case2: “the handle on the upper door of the fridge

“;J‘l I

Case 2:

=4
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IAAQO: Our Framework

Stage 1: Constructing 3D Gaussian fields in each state

* Optimize 3DGS fields with hierarchical mask features
* Incorporate geometry information from depth images into 3D Gaussians

Stage 1: Semantic Scene Reconstruction

Stage 3: Scene State Fusion

-, View-Consistent Mask 4 ke Fait
\ sk Feature
Feature Splatting I» Pandii
DINOv2 Feature Y
p \ : J - Fusion in state ¢
i - Rendering
State ¢ ; Mask Label 5
RGB / %
! Depth Gaussians G and G 80

State t' View-Inconsistent > Gausslans G'

Input: Multi-View Images Segmentation Output: Reconstructed 3D Gaussian Field \ /
'l'nnsformnilon

Stage 2: Affordance and Motion Prediction Consistency Loss [, = .80

from x* unproject to p*
‘ ' J_er ‘ \
: — ® " A ; ; Y
NP s e Py St/ /
LOpentaes ridge i / ¥ / mnslormuion “9"“""8 ‘ o 2
i3 : ” ‘ ov
= Encoder— Localization Coussians @ & [£5.45) 3 ¢ m o o% /
Clicking Point \ / 7 5 3 T RIS
: ) ’ ] ' Gaussians G o  Gaussians G
Jae | ’ ot -

! .
Image Query p‘." ;p .-~  projecttox . Fusion in state t’
Query Embedding P 2D-3D Correspondence palr (p', ") and (x', p'’) based on DINOV2 feature distance Rendering
Gaussians G e Y t o't
Matching Loss: Lyaeenlx’ , 2" )+ Liparen(x, 2* 1)

Can Zhang, Gim Hee Lee, Interactive Affordance Learning for Articulated Objects in 3D Environments, CVPR 2025
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IAAQO: Our Framework

Stage 2: Affordance and motion prediction

» Affordance: A query prompt is embedded using a pretrained encoder to localize
relevant regions in the 3D Gaussians

* Motion: Optimize transformation with consistency and matching losses to 2D-3D
correspondences between states

Stage 1: Semantic Scene Reconstruction Stage 3: Scene State Fusion
. View-Consistent Mask 4 it Faut
o 2 sk Feature
" TR ——a Feature Splatting I nandiii
tori —‘{ }- DINOv2 Feat - "
Cropped -d" "8'] —A 4 \\ ( == i g Fusion in state ¢
State ¢ Object/Part . )‘ G ‘ < MaskLabel ";’ﬂl ( o - .
Patches A / § ) =" - w
' [ A / —_—— RGB / |
: (o) {25 e || [
» Depth Gaussians G' and G' 1 o O(E
State t’ View-Inconsistent cup ;am o > Gaussians G*

Input: Multi-View Images Segmentation Output: Reconstructed 3D Gaussian Field \ /

Consistency Loss |,

S ---

Stage 2: Affordance and Motion Prediction

,’ project to
2D-3D Corresponde mpal p", xt') nd p ') based o DlNOvzfutundlst ance
Matching Loss: Lm,, ,.(r = )4L zenlx’, 2 )

NUS
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IAAQO: Our Framework

Stage 3: Scene fusion

e Using the estimated transformations, we merge reconstructed 3DGS models
from both states, aligning static and articulated elements

Stage 1: Semantic Scene Reconstruction Stage 3: Scene State Fusion

7

o View-Consistent Mask / Mtk Fast
Ry sk Feature Feature Splatting
: = o q e
\ ' Cropped Clustering J \ @ antic A Fusion in state ¢
/ : Sel Rendering 4
State ¢ Object/Part ) [ Mask Label A
@ = | - f
| /-" Depth Gaussians G' and G’
. J —
State t' View-Inconsistent e >

Input: Multi-View Images Segmentation Output: Reconstructed 3D Gaussian Field
Transformation
§ = {§5.80)

Stage 2: Affordance and Motion Prediction Consistency Loss /...

' from x* unproject to p*
\‘I ; - 7.")'[' Yy,
Prompts: £ (.
. o P
9 :" J Transformation Renderlng
[‘—n -
¢ tt .

o 2
D /

/ V4
Gaussians G

=+ Encoder— Localization

Gaussians G’ o Gaussians Gt

Clicking Point /
- \ ,i.:' | 2
@ Image Query p‘.“ ;P ' ..--  projecttox Fusion in state t’
Query Embedding P 2D-3D Correspondence pair (p', x* ) and'(x‘, pl' ) based on DlNOvlz feature distance l Rendering
Matching Loss: Lyacenl®’ . 20 )+ Liparen(x', 28 %)
N U S School of
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IAAO: Results

Input State t Input State t’ DigitalTwinArt Ours

Input State t Input State t’ DigitalTwinArt

usB

' - o= 5§

Figure 3. Qualitative analysis of shape reconstruction, part segmentation, and joint prediction results on multi-

partobjectd  pioure 4. Qualitative results of shape reconstruction, part segmen-
tation, and joint prediction on PARIS.

t=0 =0.2 t=0.4 t=0.6 t=0.8 t=1.0
m [
. = ﬁ W H E i :
wn
Flgure 5 Motion Snapshots on PARIS & multl_part object_ Flgure 6. Motion Snapshots on scene-level OmniSim dataset.
kgl oSV
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Embodied Al

Objective:

RGB images

Depth images /

Zero-shot Object Navigation
Object Goal: Bed @
Vision-and-Language Navigation
Instruction: Exit the living room ’and go straight into the bedroom.
pass the bed into the bathroom ‘and turn on the bathtub fauce
Situated Question Answering
Situation: Just looking for some food facing the TV in the living room.
Question: Where nearby:can | sit while watching TV? Oﬂ
Answer: Couch

BEV )\:;&It.epresenntlon >

%

Image Encoding

2

Vi &

Learn a model for 1) Novel view representation; 2)

Generations of agent-centric BEV maps; 3) Querying
targets using multi-granularity language.

Tasks:

Monocular Vision-Language Navigation

Semantic Map Traversable Map

Waypoint  Topological Maj
Location Ly 4
v / %
S|
- Waypoint lQ

" Cross-Modal Graph
1 > KV Transformer
1
034 029 0.57
Instruction: Walk past the bed and exit the bedroom| Text w
through the door. Find the toilet under the window. |En<oder b
Sub-goal
Prediction

School of
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Spatial Encoding

Feature Fields

Ray-View-Panorama
Prediction

PRl s

Ray-BEV ,, =
Prediction| Fgis

Novel View

Representation

Situated Question Answering

BEV Map
Q Localization

— Position

Decoder \

tKV
Description + Question

Orientatione———| Orientation

KV Panorama Representation

Decoder

i

——> Answer

kv
Answer
KV Decoder

Q
Descriptiont Question

Panorama
Representation

Zero-shot Object Navigation

'
Local value map !
| _The toilet

Global value map
The toilet

Point-goal

ncode Navigation
—>Q®

Cosine
similarity|
Detection
Model

Controller
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3D Representation Model for Embodied Al

What makes a good 3D representation model for Embodied Al?

1. Generalizable to unseen scenes
2. Construct and update representations in real time

3. Open-vocabulary semantic space

N US School of

=t | Computing
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BE &

Limitation of Existing Methods

NUS

ooooooooooo

ety | Computing O

Supervised by 2D models (CLIP, DINOv2) and thus lacks 3D spatial
understanding

There is still a substantial gap with open-vocabulary language

The large-scale representations, e.g., panorama and BEV map is
particularly challenging for long text understanding

School of

0
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Large-Scale Language-3D Data

Instance ID: 349
x o Object category: bed
Object category: dining table Language description: A rustic wooden bed is

Language description. The dining table isin  §ressed with a white striped comforter, on both sides
the kitchen, close to the refrigerator and sink. ¢ this bed are nightstands with lamps

Instance ID: 132

We curate and consolidate
from various datasets:

1,883 Object categories, 5K+
3D scenes, 1M+ language
descriptions

Instance ID: 568

Object category: table lamp
Language description. A white ;
table lamp sits on the side table<gg
next to the leather sofa.

Instance ID: 684
Object category: potted plant
Language description: The potted
plant is placed on the cabinet,
positioned in front of a painting,
and faces the table and chairs.
Instance ID: 45

Object category: TV

Language description. The TV on the wall

is positioned above the fireplace, directly

facing the leather sofa, with windows on

both sides.

School of
Computing
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o3D-LF: Our Framework

Feature Fields

/
.......

cup Image Spatial =
Encodmg Encodmg = y,
w
E A
{ i1
i
RGBlmages Depth images "%z

Object-level

K-nearest

features aggrega(«on

........

Alignment

I'he tollet
The window

gwieane Distillation

mopk. | A2 Pgol  Fine-grained
values Contrastive Learning

Long Text Annotation

Entering from the
bedroom, the toilet is just
below the window, near
the , and facing the

BEV Map| ||

Encoder

Avg Pool

Ground Truth
Novel view
& Panorama

Fine-grained

Contrastive Learning inpyt

— & Output

= = =» Supervision

CLIP Knowledge Distillation

Multi-scale Representation

* Render the ray-level
representation

 Combine the rays into the view
representation

* Encode the panorama with
multi-views

* Encode the top-down rays for
large-scale BEV map

Zihan Wang, Gim Hee Lee, g3D-LF: Generalizable 3D-Language Feature Fields for Embodied Tasks, CVPR 2025
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o3D-LF: Our Framework

Multi-level Supervision

CcLP Know|edge Distillation

------------------------------

// A ‘ -/ . 3 .

i / L | imilarity | AV&P Fine-grained

b5 o . o | Eneoder values Contrastive Learning
— Feature Fields - ) & | 5

1 Ground Truth
! Novel view

weoema—— © FOr rendered rays, contrastive
learning across 1,883 indoor
object categories

Long Text Annotation

Entering from the
bedroom, the toilet is just

below the window, near || Encoder | “

The toilet
The window

* For novel view-panorama and
BEV map, distill knowledge from
2D model

Object-level
Alignment

the , and facing the

sevwal e e, sl e | * For 3D spatial reasoning and long
Encoder L Ol values ontrastive Learning | __, ?Jt:;ut . R
i { gl text understanding, use fine-
St IR : grained contrastive learning

Zihan Wang, Gim Hee Lee, g3D-LF: Generalizable 3D-Language Feature Fields for Embodied Tasks, CVPR 2025
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Object Navigation --- “Find the Couch”

Failure cause: did_not_fail

g::ﬁg: Best value: 27.05% N avl gatl on TraJ eCtory

R Value Map from Feature Field

Obstacle Map
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Vision-and-Language Navigation

Monocular VLN

Panorama VLN

Exit the closet. Turn right. Go straight and then when you get to the double doors turn

right. Wait near the sink.

School of
Computing
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