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Motivation
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Motivation

m What looks like ‘ ‘ “A comfy place to sit
[image of cabinet] and watch tv”

Image Query Audio Que B Text Query

‘))) What sounds like

[ceramic clinking audio]

Open-set
Multimodal
3D Maps
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Motivation

m What looks like ‘ ‘ “A comfy place to sit
[image of cabinet] and watch tv”

Image Query i Text Query

What sounds like
[ceramic clinking audio]

Open-set
Multimodal
3D Maps

Find points like
[click on lamp]

Click Query
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Main Problem

- 3D maps that have 2 capabilities

1. Open-Set

2. Multimodal
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Main Problem

- 3D maps that have 2 capabilities

1. Open-Set: capture a large variety of concepts

“can of soda” = "something to drink” = "Coke” = "a refreshment”

2. Multimodal: diverse range of possible queries

B ® &
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Foundation Model
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Key ldeas

- Foundation Models for Robotics

Planning

&
Control

» = Perception
Adaption
il : _ System

3D Signals ‘"

RT-2 [arXiv 2023]

RT-1 [RSS 2023] .
Code as Policies [ICRA 2023] Foundation Model

SayCan [CoRL 2022]
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Key ldeas

- Foundation Models for Robotics

Planning

&
Control

@ == Perception
el — System
-
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RT-1 [RSS 2023]
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SayCan [CoRL 2022]

“ConceptFusion”
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Problem Setting

- The open-set multimodal 3D mapping problem

I={L}¢tef0o---TH —> M

Open-set
sequence of image Multimodal
3D Map
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Problem Setting

- The open-set multimodal 3D mapping problem

@ Qmode € Rd

I={Lyte{0---TH —> M Multiple Modalities
Open-set %
sequence of image Multimodal
3D Map Ui € R? sp € [-1,1]
Points with

Similar Concepts
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Related Work — Instance Segmentation

- Mask2Former: Masked-attention Mask Transformer for Universal Image
Segmentation [Bowen Cheng et al., CVPR 2022] i

panoptic instance semantic

- Segment Anything (SAM) [Alexander Kirillov et al., ICCV 2023]

mask decoder
image
encoder 1 T T
conv I prompt encoder

image T 1 T T

_ = | score
embedding mask  points  box text S

lid masks

&= | score

== |. score
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Related Work — Foundation Model (Image-Language)

- CLIP: Learning Transferable Visual Models From Natural Language
Supervision [Alec Radford et al.,ICML 2021]

1. Contrastive pre-training 2. Create dataset classifier from label text

a photo of
a {object;

Encoder Text
Encoder
7 T, i T,
p—
— I LT Il IpTy - Iply 3. Use for zero-shot prediction
T, T T. T,
Imag:
Encod I IsTy IgT, I3l I3 Ty
MY i) _ I,
; Encod
— T 15 | I,,T. Ty
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Related Work — Foundation Model (Image-Language)

- ALIGN: Scaling Up Visual and Vision-Language Representation Learning
With Noisy Text Supervision [Chao Jia et al., ICML 2021]

Pre-training Visual Tasks

Contrastive Learning

Text Image

Encoder Encoder : 000

Noisy Image-Text
Data

ImageNet (Deng et al. 2009) ‘ Visual Task Adaptation Benchmark (VTAB)
(Zhai et al. 2019)
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Related Work — Foundation Model (Image-only)

- DINO: Emerging Properties in Self-Supervised Vision Transformers
[Caron et al., ICCV 2021]

loss:
® 5 @
Sg

| softmax | | softmax |
I

centering
I

cma
student ggs —— | teacher gg
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http://www.youtube.com/watch?v=8I1RelnsgMw

Related Work — Foundation Model (Audio)

- AudioCLIP [Andrey Guzhov et al., ICASSP 2022]

Text-Head

Audio-Head

Image-Head
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Related Work — Pixel-aligned Foundation Features

- LSeg: Language-driven Semantic Segmentation [Boyi Li et al., ICLR 2022]

people, tennis racket,
tree, sand, other

Input Label Set

Hl people

Il tennis racket
I tree

mm sand

H other

Japoou3]
abew

Output

Input Image
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Related Work — Pixel-aligned Foundation Features

- OpenSegq: Scaling Open-Vocabulary Image Segmentation with Image-Level
Labels [Golnaz Ghiasi et al., ECCV 2022]

[ Region-word grounding loss ]

g ﬁ% :
KxD NxD
ride
roo
| .
N I
Segmentation
B loss

%

Mask-based pooling
'\

F s
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MxHxW
F. Cross-
el\'ll\é?):jder Backbone °> attention
module
A big stuffed bear = Class-agnostic
sitting on a bench --- segmentation
outside a store q NxD annotations
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Related Work — Pixel-aligned Foundation Features

- MaskCLIP: Masked Self-Distillation Advances Contrastive Language-Image

Pretraining [X Dong, J Bao et al., ECCV 2022]

Text Embeddings MaskCLIP
‘person” CLIP
“skateboard” < =——> Text =
Encoder
(Conv. We|ghts)
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e — - -
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S — [ e | — — Loss

S e "
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Limitation of Prior Works — Pixel-aligned Features

- Struggle with delineating object boundaries
- Forget concepts infrequent in the label set (long-tailed concept)

LSeg

Yogurt Diet Coke Lysol
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ConceptFusion — Overview

—f;
Concept\\

M = {point, }

Features
Pixel-aligned
Foundation Features
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Sequence of Image Open-set Multimodal 3D Map
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ConceptFusion — 1) Computing Pixel-aligned Features
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ConceptFusion — 1) Computing Pixel-aligned Features
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ConceptFusion — 1) Computing Pixel-aligned Features
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ConceptFusion — 1) Computing Pixel-aligned Features

- Fusing Local and Global Features
RSS 2023
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ConceptFusion — 1) Computing Pixel-aligned Features

- Fusing Local and Global Features
arXiv, GitHub

‘ Global M Region-level] Segment Anything Model (SAM)

Embedding £ Embedding £

D .1l
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ConceptFusion — 2) Fusing pixel-aligned features to 3D

- PointFusion (Indoor) - LegoLOAM (Outdoor)
[Maik Keller et al., 3DV 2013] [T Shan, B Englot, IROS 2018]
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ConceptFusion — Multimodal Querying

A stainless steel refrigerator by the
dining table and the kitchen counter.
The refrigerator is just beside the
kitchen sink.
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Cosine Similarity

AudioCLIP _>D (audio

0.0 0.2 0.4 0.6 0.8 1.0
Similarity with respect to Query Text
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Experimental Setup

- Benchmark

1) Indoor (apartment-scale, tabletop) scenes

2) Outdoor (urban driving) scenes

- Baselines
1) LSeg-3D
2) OpenSeg-3D L .y
UnCoCo Dataset
3) MaskCLIP-3D (tabletop scene)
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Experimental Results — UnCoCo dataset

3D mloU IoU >0.15 IoU >0.25 IoU >0.5

Srisemed LSeg-3D 0.128 25% 16.66% 9.72%
OpenSeg-3D 0.289 43.05% 36.11% 27.78%
MaskCLIP-3D 0.091 25.97% 9.09% 1.30%
ConceptFusion 0.446 77.78 % 69.44% 45.83 %

Text Query - Structured

3D mloU 1IoU >0.15 IoU >0.25 IoU >0.5

Supervised LSeg-3D 0.122 31.45% 20.65% 5.65%
OpenSeg-3D 0.153 27.26% 21.94% 11.29%
Zero.Shot  MaskCLIP-3D 0.092 20.63% 11.88% 3.06%
ConceptFusion 0.378 70.16 % 59.52% 34.03%

Text Query - Unstructured
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Experimental Results — UnCoCo dataset

3D mloU IoU >0.15 IoU >0.25 IoU >0.5

Sibervised LSeg-3D 0.122 31.45% 20.65% 5.65%
p OpenSeg-3D 0.153 27.26% 21.94% 11.29%
Zero-Shot MaskCLIP-3D 0.092 20.63% 11.88% 3.06%
ConceptFusion 0.378 70.16 % 59.52% 34.03%
Image Query
Accuracy (%) IoU
Random 7.14% N/A
source-ambiguous  AudioCLIP [8] 23.81% N/A
ConceptFusion 64.29 % 0.287
Random 5.56% N/A
ecological AudioCLIP [8] 22.22% N/A
ConceptFusion 66.67 % 0.301
Audio Query
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Experimental Results — Other dataset

ScanNet Replica Semantic KITTI

mAcc f-mloU mAcc f-mloU mAcc f-mloU
LSeg [24] 0.70 0.63 0.52 0.33 0.84 082
OpenSeg [18] 0.63 0.62 0.54 0.41 0.78 0.77
Priv.  CLIPSeg (rd64-uni) [55] 0.41 0.34 0.32 0.23 0.77 0.75
CLIPSeg (rd16-uni) [55] 0.41 0.36 0.40 0.28 0.79 0.77
CLIPSeg (rd64-uni-refined) [55] 0.23 0.24 0.13 0.13 0.28 0.26
MaskCLIP [27] 0.24 0.28 0.01 0.05 0.70 0.66
zZS Mask2former + Global CLIP feat 0.35 0.48 0.15 0.10 0.22 0.20
ConceptFusion 0.63 0.58 0.31 0.24 0.79 0.78

Text Label Query
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Experimental Results — on real robotic system

Autonomous Navigation

CS391R: Robot Learning (Fall 2023)
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http://www.youtube.com/watch?v=rkXgws8fiDs&t=237

Experimental Results — on real robotic system

Zero-shot tabletop rearrangement

S kisclo Cioay

AR ey “‘J -
e
e 5 -
. :

Open-set
Multimodal
3D Mapping
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http://www.youtube.com/watch?v=rkXgws8fiDs&t=268

Discussion of Results

UnCoCo dataset

- Outperformed both finetuned model and zero-shot model for multimodal queries
(LSeg, OpenSeg) (MaskCLIP)

Text label Query on other dataset (ScanNet, Replica, Semantic KITTI)

- Underperformed compared to finetuned model

- Outperformed zero-shot model

Real Robotic system

- Works well in localizing the novel objects

40
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ConceptFusion — 3D Spatial Comparator (3DSC)

RELATION(QUERY,, QUERY})

- Scalar (Distance)
HOWFAR(qa, @)

- Boolean (Spatial Relationship)
ISTOTHELEFT(q,, qb)
ONTOPOF(qq, qb)

CS391R: Robot Learning (Fall 2023)

[N}

Here is a set of available functions:
1. howFar (objectl, object2): returns the distance
between objectl and object2

3 2. isToTheRight (objectl, object2): returns true if

objectl is to the right of object2

3. isToTheLeft (objectl, object2): returns true if
objectl is to the left of object2

4. isContained (objectl, object2): returns true if
objectl is contained in object2

5. onTopOf (objectl, object2): returns true if
objectl is on top of object 2

6. under (objectl, object2): returns true if objectl
is underneath object 2

7. isBigger (objectl, object2): returns true if
objectl is bigger than object2

8. canFitInside (objectl, object2): returns true if
objectl can fit inside obiject2

Parse the provided queries into one of the above
function formats.

Query: How close is the chair from the sofa?

3 Response: howFar (chair, sofa)

Prompt to LLM
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Outlook

- 3D Spatial Reasoning Abilities

Distance  Rel. position ~ Support  Containment

Random 24% 36% 52% 44%
2.5D (RGB-D image only) 32% 28% 76% 68%
ConceptFusion 84% 76 % 96 % 72%
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Outlook

- Integration with Large Language Models (LLMs)

ConceptFusion-Agent GenericLLM-Agent

User: | want to find some eggs. The rooms | see in the house are "bedroom”, “living room”, “kitchen”, | yser: | want to find some eggs. List some places where | can
“hallway”, and “yard". Rank these in the decreasing order of likelihood for this task. find them in the house.

LLM: 1. Kitchen 2. Hallway (if you have an egg storage container) 3. Yard (if you have chickens or hens) LLM: 1. Grocery store 2. Local farmers market 3. Health food
store 4. Restaurant 5. Deli

" u

User: | am now in the kitchen. The objects | see in the room are “cabinets”, “sink”, “stove”, “trash can”,
“microwave”, “fridge”, and “table”. Rank these in the decreasing order of likelihood of finding eggs. <FAIL>

LLM: 1. Fridge 2. Trash can 3. Table 4. Cabinets 5. Sink 6. Stove 7. Microwave <SUCCESS>

s (c) Agent goes to kitchen. LLM outputs
(a) Agent spawns in house (b) LLM outputs “kitchen” “fridge” (d) “Eggs” found
g
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Outlook

- Multilingual Abilities (with Multilingual CLIP models)

French

English

“a place to sit and
relax”

“un endroit pour s'asseoir "un lugar para sentarse y
et se détendre" relajarse"

Chinese

"un posto dove e o ‘I_ffigﬂzlff;?s

sedersi e rilassarsi"
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Limitations

1. Memory Intensity

- Millions of 3D points (apartment-scale scene)

- High-dimensional concept embeddings for each point

2. Computational Demand

- Requires processing similarity for every point for a single query

3. Mapping Challenges in Dynamic Scene

- Offline feature extraction process (10~15 seconds / image)

- Inherits challenges of SLAM
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Future Work

1. Scalability & Efficiency

- Filter essential features (e.g., Object-centric 3D representation)

2. Dynamic updates
- Exclude irrelevant dynamic objects for map (e.g., Human)

- Continual map updates for object movement
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Follow-up Work

- ConceptGraphs: Open-Vocabulary 3D Scene Graphs for Perception and Plannin
[Q Gu, A Kuwajerwala et al., arXiv. preprint arXiv:2309.16650, 2023]

Queries with Both Image and Language Context

Find something this guy would play with

Object: cabinet
Center: (x, v, z)

‘ ‘ “A picture of a boat”

Object Caption o - 3D Object Detection

Traversability Estimation

and traverse through?

green fabric. You can push it without damage.”

Can I push this object ’ ConceptGraphs: “Yes! It's probably a piece of

£ 0
A white sofa with 3 z & The ottoman is on
pillows on the top. ' the carpet.

Scene Structure 7 Spatial Reasoning

ConceptGraphs | § 1 My wrist hurts from using
2 my screwdriver all day.
Anything to help?

\ I'm craving something
fizzy and sweet.

Pick up the
“cuddly quacker” »
ConceptGraphs: Go to
object 18, a power drill

ConceptGraphs: Go to
object 37, a soda can
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https://arxiv.org/abs/2309.16650

Concurrent Work — 2D Foundation Features for 3D Scene

- CLIP-Fields: Weakly Supervised Semantic Fields for Robotic Memory
[Mahi Shafiullah et al., RSS 2023]

Web-pretrained Model Supervision

Sentence ! Semantic label
BERT | representation
7 Labels ! :
: >
b ' Bounding | . : E
B ' H
il ' CLIP image ‘1 CLIP visual
\ ’ ! encoder representation
RGB-D image \
Camera . ( )
Projection TR X Y2 Query Semantic
Odometry Representation

Spatial locations

3D coordinates
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https://arxiv.org/abs/2210.05663

Concurrent Work — 2D Foundation Features for 3D Scene

- OpenScene: 3D Scene Understanding With Open Vocabularies
[Songyou Peng et al., CVPR 2023]

gblanket

Jowel ehight stand

odresser
.stool eodrawer
oChair sit
= ’Sc.’cf) oman

comfy.faucet ;outﬂ%sbed
oSink

oJamp floor

evVas ot ceiling
°ep plant

JTidgRelves

g
V:Udoor openable
OVINAOW @t

glass . urtain
Jireplace

3D Geometry CLIP Text Features RGB Images

(visualize with T-SNE)
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https://arxiv.org/abs/2211.15654

Concurrent Work — 2D Foundation Features for 3D Scene

- PLA: Lanquage-Driven Open-Vocabulary 3D Scene Understanding
[R Ding, J Yang et al., CVPR 2023]

(' abathroom with \ Text- t%: Video showsa Scene-level

wooden cabinetsand [—» Summarization _, personsittingona < > ﬂ P
asink and a toilet 1‘20(161 couch with ....
sum
et . t¥ : a bathroom with ) ~
ca;h)dtlc‘)imlng — : > wooden cabinets and View-level ﬁ p’
ode! . ; < =
G a bike and a backpack asinkand a toilet
ona tiled floor = E»"
. . t€ : backpack, floor =
aliving room with a Intersection & DI/fEI'EIIL‘E‘ idieple . Entity-level
blue couch and a t€ : bike “ > pe
\_backpack on the floor ) =
. . t€ : couch
Point cloud p Language Supervision {t"}
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https://arxiv.org/abs/2211.16312

Concurrent Work — 2D Foundation Features for 3D Scene

- Feature-Realistic Neural Fusion for Real-Time, Open Set Scene Understanding
[Kirill Mazur et al., ICRA 2023]

Vision Front-End

General
2D ‘
Extractor

Tracking and
Mapping ]

SLAM Back-End

Downstream Online Tasks Fused Features
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https://arxiv.org/abs/2210.03043

Concurrent Work — 2D Foundation Features for 3D Scene

- Semantic Abstraction: Open-World 3D Scene Understanding from 2D
Vision-Language Models [Huy Ha & Shuran Song, CoRL 2022]

Posed RGB-D Inpu Open Vocabulary Scene Completion Visually Obscured Object Localization
- B g / “Used N95s in “COVID-19 rapid test behind
the garbage bin” the Harry Potter book”

@ desk @@ bookshelf ~ floor M office chair ash basket @ lego technic liebherr excavator
wall with colorful cartoon murals @ rubiks cube  harry potter and the sorcerer’s stone
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https://arxiv.org/abs/2207.11514
https://arxiv.org/abs/2207.11514

Concurrent Work — 2D Foundation Features for 3D Scene

- 3D-CLR: 3D Concept Learning and Reasoning from Multi-View Images
[Yining Hong et al., CVPR 2023]

I Learning 3D Compact Representation IV Grounding 3D Semantic Concept
f Attention with CLIP Feature
§ >
e N\ v III 3D Feature
B D ’/7 , 'ﬁ ]
@ ot
Neural Field \ 3D-2D

IAlignment|—>
II  Generating 2D Pixel Feature Loss

Fan M Door -Lamp

. )
| |
e Blged BMT:he BETY

K/ Visual Reasoning \

I wall
[ Curtain
Il Window

Multi-View Images

Question y .
How many tables w A
have a television

on the top?

= E> Relation E>

Network

K Step1.: Filter(table) Step2: Get_Instance  Step3: Filter(television) Step4: Count_Relation(On(television, table)y
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https://arxiv.org/abs/2303.11327

Concurrent Work — 2D Foundation Features for 3D Scene

- LERF: Language Embedded Radiance Field [J Kerr, CM Kim et al., ICCV, 2023]

* Multi-Scale Semantics L] %
S NeRF—— ——CLIP

Language Embedded Radiance Field
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https://arxiv.org/abs/2303.09553

Extended Readings

- Weakly Supervised 3D Open-vocabulary Segmentation
[Kunhao Liu et al., arXiv. preprint arXiv:2305.14093, 2023]

- Audio Visual Language Maps for Robot Navigation
[Chenguang Huang et al., arXiv preprint arXiv:2303.07522, 2023]

- RegionPLC: Regional Point-Language Contrastive Learning for Open-World 3D
Scene Understanding [J Yang, R Ding et al., arXiv preprint arXiv:2304.00962, 2023]
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https://arxiv.org/abs/2305.14093
https://arxiv.org/abs/2303.07522
https://arxiv.org/abs/2304.00962
https://arxiv.org/abs/2304.00962

Summary

- ConceptFusion build open-set multimodal queryable 3D map

— Foundation models + Traditional Mapping System
- Pixel-aligned features capturing long-tailed and fine-grained concepts

- No training required (Zero-Shot)
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