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What we (1) expected ©

Favreau, J. (Director). (2008). Iron Man [Film]. Marvel Studios.
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What we have ®
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Embodied Al

“The embodiment hypothesis is the idea that intelligence emerges in the interaction
of an agent with an environment and as a result of sensorimotor activity”

Smith & Gasser, The Development of Embodied Cognition: Six Lessons from Babies, 2005

Manipulation & Locomotion Interaction with scenes in daily life

Various object attributes and diverse scene
RL / Imitation learning / MPC on specific configurations
scenes or skills
Long-horizon interaction with scenes

Boston Dynamics, Atlas | Partners in Parkour, 2022 Damen et al., Scaling Egocentric Vision: The Epic-Kitchens
https://www.youtube.com/watch?v=tF4DML7FIWk Dataset, 2018

The need of generalization !!!

ﬁ GL General Vision Lab, BIGAI August 8, 2024


https://www.youtube.com/watch?v=tF4DML7FIWk

What we learned previously

Data Data Data !!! Tasks
 ImageNet —» Image Understanding @ = )
+ Million scale images ‘
Data Sentiment
. : ., Analysis
- GPT - Language modeling w3 ¢ %
« Billion scale texts | a T —
hl,-"’“"“ v ‘ Extraction
. . | N\ L& Training Foundation adaptation P
 CLIP - Multi-modal alignment spocen 'y * s ‘ image @
+ Billion scale image-text pairs 3+ Structured
Object
39%& e awm
* GPT-4V —» More modalities o
. v Instruction
« Unknown huge size (?) & oo

NVIDIA, What are foundation models, 2023
https://blogs.nvidia.com/blog/what-are-foundation-models/

@ m General Vision Lab, BIGAI August 8, 2024 6



https://blogs.nvidia.com/blog/what-are-foundation-models/

And in Embodied Al?

£y — @& — B

Perception

Object geometry / Physics
* Need to capture 3D
 Aligning captured data

» Representation efficiency

General Vision Lab, BIGAI
4 QL

Grounding

Object attributes / properties
Spatial relationships
Affordance & functionality

Auto-pipeline / Quality control

Action

Scene constraints
Hardware prerequisites
Data capturing efficiency

Embodiment gap

August 8, 2024



From the 3D scene perspective

£y — @& — B

Perception Grounding Action

* Object attributes / properties
» Spatial relationships
» Affordance & functionality

» Auto-pipeline / Quality control

Q1: Is current data sufficient? Can we make full use of them?

General Vision Lab, BIGAI August 8, 2024
4 G



SceneVerse

Scaling 3D Vision-Language Learning for Grounded Scene Understanding
ECCV 2024

gl GL General Vision Lab, BIGAI

August 8, 2024
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Existing Datasets for 3D-VL

« *IMe chair closest to the door,*
2. *The chalr usder the chalkboard.*

v *“The effice chair that ix green,.*
+ *"Cheose the brown office chalir
pushed uader the desk.”

Referlt3D (Achlioptas et al. 2020)

é m’ General Vision Lab, BIGAI

3

ID mde] of & sakors soft drink

&g - -

D mode! of Notre Dume
Cathedral, » Gothic cathedral
with spires in Paris,

A!bmdcloh!ilurp’md

Angwer + 20D-Bounding Box

can with purple and yellow peana with spikes sad sharp
gradicst, Juganess writing, and teeth resembling o sbark &
purpde Mowers wouth, '

Lok) bust 30 moded
featuriog a green and yellow

Where (s the sedtem sioad
Huxe wances Sld?

A, 0 oot of right hed

borned belmet

Cap3D (Luo et al. 2023)

Embocind acinfies

Q. Whan 1 vening o the thoor berween

A2 ok buckpacks
the tv and the wooden chair”

ScanQA (Azuma et al. 2022)

Muti-hop roasoning

| 55 Seanding in from of the | | 5% Woekiag by tho desk and

! sink sesdd facny e (owels the mandaw i on my right

| @ Can Esee myself In the q: How many cuies will T pass
gmm"' by 10 open the window from

[ & No other sde of the dek T

a Theee

| 5% Just booking foe some SO, Playing compuer pames
food m the fridps. and the window is on my right
: Which drection should 1 go §: How many moniees we
to bot my bench? Deze (s the ok tha e iy
a: Right o0 my left is focing?

w: One

SQA3D (Ma et al. 2023)

August 8, 2024
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EX|st|ng Datasets for 3D-VL

nw "-’du sabars wel ik A D pwded oot 5 b prowl
o, aVE) parple arad peibon P wior spikes and dag
prabunt, Jgunese wotey, s focth cosewibng & vhek
porphe Nomeers nesty

-
. A&
- > g 2 -
& ( “PERSON» was the first US president %o
1 and & tourmament In sumo’s hallowsd
Ryogoku Kokugltan srana. (AFP photo)
10 wwadel of Neass Dusse Lakd busr 300 el

Dbty G
Coatedred, & Goduc cnbodrd Suaring & pecs aad yelhra _;.,‘
) wilh sgerm in Paen Twwrmd bdewt I

| Cumabon + 30-Scen Arves - hh t,u

ol -

Hand holding a frash mangosieen J [ L e UL

‘ ”
3D Data Language

Dataset - Total  Dataset 2D Image-text pairs
Scene  Object  Anno.  Syn,

ScanRefer 52K = sk MS-COCO 330K

Referlt3D ' | 12K 200K 242K Visual Genome 5.4M
S‘quA 15K 33K 27K & 2(1\’ wWIT 5.5M
SQA3D - 33K 33K —

Multi3DRefer | | 59K 10K 62K Conceptual Captions-12M 12M
Cap3D . 666K 58K 666K 724K YFCC100M 100M
ScanSeribe 3K S6K 94K IRdK 278K LAION-5B 2.3B

SceneVerse 68K 1.5M 190K 2.3M 2.5M

@ m’ General Vision Lab, BIGAI August 8, 2024




Scalable generation

ScanNet

Sub-graph Context e o
{'scene_type" 'Bedroom’, o o
'object_count": {'nightstand":2, ...}, °

‘relation": {'nightstand’, ‘on’, 'floor'}, 3D Sub-graph
{'backback’, 'in front of', bed}, ...}
Summary (&}

Prompt: Provide a summary for a scene from a given scene graph
delimited by triple backticks, ...

Response: In this bedroom, there are two nightstands, ... The
backpack is in front of the nightstand as well. The room appears to
be functional, with the nightstands providing storage space and the
telephone for communication.

General Vision Lab, BIGAI
4 QL

e
“ U" |

MultiScan ARKitScenes

3RScan ProcTHOR

ProcTHOR (36K)
Template-based (1M)

Structured3D (21K)

s ARKitScenes (4K)
s HM3D. (2K)
== ScanNet (1K)

= 3RScan (1K)
s MultiScan (0.2K)Annotated (19K) 2

LLM-refined (1M)

Object Caption

BLIP2 Captions
1. A bed in a hotel room. (0.85)
2. A white comforter on a bed. (0.83)
3. A bed with a striped comforter. (0.83)

. Multiview Images
N. A picture of cat. (0.63)

Summary {5
Prompt: Summarize the captions below. The summary  should be
a description of the {object}. Focus on the {object}’s attributes, like
color, shape, material, etc.
Identify and correct the potential errors ...
Response: The bed is in a hotel room with a striped comforter. It

has a white comforter and a blanket on it.
\ The bed is also in a room with a bedside table. )

e

\_

Object Referral

Relationship Triplets

1. {'table’, ‘chair’, 'left'},

2. {'bed', ('lamp’, 'mini fridge'), '‘between’}
Template-based Referral

1. The table is to the left of the chair.

2. It's a bed in the middle of a lamp and the mini fridge.

Rephrasing '@

Prompt: Rewrite the following sentence using one random
sentence structure. Focus on the location and relationships
about the {target_object}, ...

Response:

1. The table is situated to the left of the armchair.

2. The bed occupies the space between the lamp and the mini

fridge, creating a cozy atmosphere.

J

August 8, 2024
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Scalable generation

* Scene graph construction ! ! 1 ) - 4
* Leverage instance annotation y " . y . ‘ . N
* Define relationship primitives B - 7 il 4 ol
. . . Support Embe Inside / Placed in Hanging Above / Below
« Identify relationship based on bbox X 2 i A R
.‘—-' > - ’ > ’ > ’ - : ’ >
Near In front of / Behind  Left / Right Between Align

@ m’ General Vision Lab, BIGAI August 8, 2024 13



Scalable generation

* Language generation with templates
» Pair-wise: “There is a target-object that (is) spatial-relation the
Ex. “There is picture that is hanging on the ?
* Multi-objects: “The target-object object is spatial-relation with
Ex. “There is a cabinet that is between the and

» Star reference: “The target-object object is spatial- relatlonl with
spatial-relation2 with A

Ex. “The table is next to the , Supporting
* View-dependent relationships !!!
« Left/right, in front of / behind, ...
* “Facing the sofa”, “Facing the TV”, “Facing the bookshelf”
* “Facing the table”?

é GL General Vision Lab, BIGAI

, between and

and

August 8, 2024
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Scalable generation

Deseription type Pronugl

H H Objecs caoption Sammmrize coption bokow, The sy shioakl boe s descrmplion of the target-object, Foom on
d Refl ne ment Wlth L LMS the turgot-objoct's stinibmbe, ke color, slupn mmd mestesbad, ofe, Jdeutldy wad corroet the polesitind

rors
—

» Generate natural and diverse descriptions S L I g el o A ol ona A et e st e

targot-ob joct: Sed

Obpeet referral  Bowrito the [ollowing coption wang ooe rodom septoner seructure. Your shosabd give e only ooe

* Avoid predictions / revisions errors —_—

® FOCUS On Commonsense information Ilke I b sentonee s in fisll imveesdon. koo the invemsion

capton: The ermechur v nest 0 the wafo,

attributes, spatial relationships, functionality, argetobjoct: Armcho

bl Llen bl Safo

aﬁo rd an Ce, etC. Horwerdte the Tollowing coption wsiug ce: madod sestenoe stnscture, Yole msy] to Jocis oe the
Jocating sl redations of the tnrgevt-object thnt Appean im the sentonee, IF mmltiphe targed-ab ject

appenr b U sentenen, vou teod G focis ob the ot Largot-oboct ial appenis. Yo cus abso

bl e earget-object s fusction nod oomfoet keavl hesed on the seatence. oo, hiow the oblects

vantt Dt vl by Bromans sewd ot setbvitios in G sonn, Yoo shodel give s only ooe rowritbon

sl withont explanation

cption: Fxr from the dond andd pepprershuaber, the vaae an o e Gof), of av also on the lop of

o lerfop,

target-objoct: Vs

Sevne enptioming Your vk be v poovide s samanmy foe sosccno Bram o gives seonn jorapb. The sooe costains soim
objerss, which compuse w =ooue graph i json focmat
There are 3 types of deseriplions in soeoe graple “soome type”™ deootes i bypse of Lo oo Yoliocts
oottt Ueers Tistedd the ol jiscts i e scene wad thelr guantity, i shoald be uoted that the wctual
abjocts i the oot may be mare than lsted. “abjocts rolatioes™ descoribo the sputind oelotioes with
abjoets,
Abw deseribe i s cunctrning cosuoseuse, ¢, how the objorts ous bo esed iy i asd
T sctivity i e scene, The deseription shombd conorm to e givon scone graph. The spatial
relations between abjects can only be inferred from the “objects redations” o soene graph. Doa't
il el abjoct im tho soone, pick scane ohiects of the scme for soemmssry. Dom't doseribe el
volathons b the sone, pick somie rolatioess of the soene Sar siasnary, You au abse sunannsia the
roows’s functxon, style, and comfort devel bl on the arrangemom sk connt of objocts within the
poous, The smsary shoubd e abont the abjoct tvpes, abijoct sttbnites, selative posations between
abjects. Your sumpnry sust oot exceod SO woeds, Yoo mnst erite wilng ome randow seutence
stroctuny
R prophy { 'scsne_type’: "Bedross®, 'object_cewnt’: {'aighuscesd':2, ...},
‘relation’: {'nightstand’, ’on', 'floor*}, ("backback’, *in froat of’, bed}, ¥

ﬁ/m General Vision Lab, BIGAI August 8, 2024
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Scene Captioning




Scene Captioning
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Grounded Pre-training for Scenes

Object Referrals
“A silver bread toaster placed
next to the fridge.”

“A microwave placed next to
the fridge on the upper side of
the cabinets.”

“A white trash can and it is on
the left of the sink”

“A curtain next to the bike”

Object-level
Scene-level

Referral-object-level

ﬁMLM £ref

T
OB08@» «300000

[ Transformer Encoder

)

Cron )0

['scene

O O4 @~ 10 O4O 00-00 O4O oKg

¢ Language Spatial # Language
Encoder Attention Encoder
t Lob;
#00000«0000 0N
Object PCD “*  Language
Encoder Encoder

General Vision Lab, BIGAI
4 QL

Scene Caption

“This scene is a functional
and organized apartment
with various objects for
daily activities. There are 5
cabinets, 1 bed, 3 trash
cans, 1 microwave and 1
TV. The cabinets are in
front of the trash cans and
next to the counter...”

Object Captions
“An wooden classic guitar”
“A bed with blue sheets”
“A L-shape leather sofa”
“A black chair with wheels”

August 8, 2024
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Data scaling with SceneVerse

SceneVerse-val ScanRefer
Method Overall Easy Hard V-Dep. V-Indep.
ID-VisTA (scratch) 407 531 216 313 443
60 s 50 ID-VisTA (zero-shot) 529 596 1354 537 522
;\; ;\8 ID-VisTA (zero-shot rexr) 581 700 396 525 641
= ; Ours (scraich) 85 502 208 337 439
50 ~N 40 Ours {zero-shor) 592 694 440 531 663
© o Ours (zero-shot text) 606 709 451 S48 673
3 ®
< 40 ‘ £30 / ‘ 3D Object grounding
Y pre-train pre-train 5 hot train then test
ero-shot: pre-train then test on unseen
S < —— — -
" zero-shot - zero-shot scenes and texts
12.5 25 50 100 12.5 25 50 100 « Zero-shot text: pre-train then test on seen
Percentage of data (%) Percentage of data (%) scenes and unseen texts

@ GL General Vision Lab, BIGAI August 8, 2024 21



Data scaling with SceneVerse

ScanQA

- . SQA3D

val w/obj w/o obj
ScanRefer+MCAN [5] 18.6 206  19.0 -
ScanQA 7] 203 235 209 466
SQA3D [5Y] - - - 47.2
3D-VisTA | 101] 224 27.0 23.0 485
3D-LLM [39] 20.5 19.1 - -

Ours 22,7 250 235 499

Model

Question answering

Model Network mloU A4 mAce A4
OpenScene [10] SPUNetl6 572 - 699

PLA [29] SPUNetl6 177 - 335
RegionPLC [+7) SPUNetl6 569 - 75.6 -

RegionPLC+SCENEVERSE SPUNeti6 58,2 +1.7% 77.3 +2.2%

OpenScene [11] SPUNet32 578 - 70.3

PLA [2Y] SPUNet132 19.1 - 415 -
RegionPLC [47] SPUNe132 596 - 775 -

RegionPLC+SCENEVERSE SPUNet32 610 +23% 79.7 +2.8%

Open-vocabulary
Segmentation

é m’ General Vision Lab, BIGAI

chair

Qualitative visualization of open-
vocabulary 3D segmentation prediction

August 8, 2024
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Limitations

« Modality gaps Real Synthetic SCENEVERSE-val S3D ProcTHOR
» Gap between synthetic and real data exists  All X 64.8 37.1 43.4
X S3D 7.0 85.1 16.1
* Language quality X ProcTHOR 4.2 16.3  91.0

» Quality of language matters

« Scaling scene is still necessary
* Many tail classes in ScanNet 607

Jo I “In the corner of the room are boxes. the first two book
Lamp Plant shelves in the corner to the right of the boxes are the
bookshelves we are looking for.”

General Vision Lab, BIGAI August 8, 2024 23
4 G



Takeaways

Good:
» Scaling works! We see signs of generalization capabilities.

» Auto-generated data also works! Maybe we can expect more from them.

Bad:
« Ambiguities in language descriptions (e.g. left/right) needs resolving.

* Modality gap between real-world scenes, real and synthetic scenes.

« Scaling language is easy, scaling scenes is still hard.

@ GL General Vision Lab, BIGAI 8/8/2024 24



From the 3D scene perspective

= el > R

Perception Grounding Action

* Object geometry / Physics
* Need to capture 3D
 Aligning captured data

» Representation efficiency

Q2: How to scalably obtain “real” scenes with correct physics and fine details?

General Vision Lab, BIGAI August 8, 2024 25
4 G



PhyScene

Physically Interactable 3D Scene Synthesis for Embodied Al
CVPR 2024 Highlight

gl GL General Vision Lab, BIGAI

August 8, 2024
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Scene generation

» Generate layouts with artist designed furniture assets to facilitate indoor design

{

o

o

' ]
Paschalidou et al., ATISS: Autoregressive Transformers for Indoor Scene Synthesis, NeurlPS 2018

El m General Vision Lab, BIGAI

R -~
coosenbowd
EEESANSEDES
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Sadly...

» Too much effort needed for satisfying physics constraints

O Collisions between
objects

O Objects outside of
floor plan

) Areas unreachable
to agents

Fu et al., 3D-FRONT: 3D Furnished Rooms with layOuts and semaNTics, ICCV 2021

ﬁ/m General Vision Lab, BIGAI August 8, 2024
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PhyScene

» A guided diffusion model for physically interacble scene synthesis with realistic
layout and interactable objects.

ﬁ/m General Vision Lab, BIGAI August 8, 2024
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Modeling

Physical Guidance
Guided Objects x;

gradient
Weoll Wayout
L H L
el \1/
Collision Room-Layout
Avoidance Constraint
O

Objects x; = {o1,...

é m’ General Vision Lab, BIGAI

(4 PO

start

Agent
Interactiveness

I

soN}

Denoising Process

A

Physical
Guidance

X,

Floor Plan Xt

Diffusion model

Postprocess

category
size
orientation
location

e
|
|
-

codebook
VAE

A

L ‘

GAPartNet 3D FUTURE
Shape Encoder

August 8, 2024
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Modeling

Physical Guidance Denoising Process Postprocess
. . ’ !
Guided Objects x; Xy - .
gradient /?\ vt S
Physical : Cate_gory i
Guidance i _Slze_ n by [l
A | orientation . =
#eoll o ayous o “reach i E location i 4 )
5 n |\ 3D feature !
nd Ve mmmmmsr mmm—————
o v 8 o A

e o 0, Vs A A

ny < E @; pO A A codebook
start ! | | il

i uner VAE A
Collision Room-Layout Agent : A N A _ ‘
Avoidance Constraint Interactiveness T 1‘ ﬂ‘: el g | “——v,"'—v“
[ [ [ e i
T GAPartNet 3D FUTURE
j ¢ ={o1,...,on} Floor Plan X1 Shape Encoder

Physical guidance

@ m’ General Vision Lab, BIGAI August 8, 2024



Modeling

Physical Guidance
Guided Objects x;

gradient
Weoll Wayout
LT Le
Gioendh \1/
- =
Collision Room-Layout
Avoidance Constraint
O

Objects x; = {o1,...

é m General Vision Lab, BIGAI

Dreach
5nd L
A

(4 PO

start

Agent
Interactiveness

I

soN}

Denoising Process

x
A
Physical
Guidance
A
)
X
A A

Postprocess

5 category E
. size i [l
i orientation i e
i __location I
1 1
\ U

codebook
VAE

A
mSeMN <L

V" |
L
GAPartNet 3D FUTURE
Shape Encoder

Articulated objects

August 8, 2024
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Physical guidance

Physical Guidance
Guided Objects x;

gradient
49 coll Wayont Wreach
L L
=]
v & o
- || <N |28
" Poan
Collision Room-Layout Agent
Avoidance Constraint Interactiveness
[0 [0

Objects X = '[011 Sy O_N}

él’, BV ceneral vision Lab, Bica August 8, 2024 34



Physical guidance

é m General Vision Lab, BIGAI

Physical Guidance
Guided Objects x;

gradient
#eoll W ayont %reach
Lo H Lo
P
v & o
- || <N~ | [ES
\I]Jj F,Stoart
Collision Room-Layout Agent
Avoidance Constraint Interactiveness
(3 |

Objects x; = {01, Seog ON}

August 8, 2024
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Physical guidance: collision avoidance

Guided Objects x, Physical Guidance
Guided Objects x;
gradient
Weoll
i / \
#eoll . W ayont o %reach
el P,
J d ‘1' % 7"
<M., 2
:....r ﬂj Psgn
COI_IISIOn Collision Réom-Layout Agent
Avoidance Avoidance Constraint Interactiveness

\_ AR e [

ObjECtS X = {01, vaay ON}

Objectsxy = {01,...,0N5}

ﬁ m’ General Vision Lab, BIGAI August 8, 2024



Physical guidance: collision avoidance

Guided Objects
* peol(x) = — Y ToUsp(b;, b;).

Collision
Avoidance

Objectsx; = {01, sy 'D'N} |:>

without guidance

with guidance

@ m’ General Vision Lab, BIGAI August 8, 2024 37



Physical guidance: room-layout constraint

Guided Objects x; Physical Guidance
Guided Objects x;
gradient
W egrons ran
1k / \
\l, #eoll . W ayont o %reach
< ihy \l/ P5nd iy
‘ '] < i ZZ
W - 1 IS
Room-Layout Collision Room-Layout Agent
Constraint Avoidance Constraint Intpractiveness

[ \ M J [

. Objects x; = {o1,...,0x5}
Objectsxy = {01,...,0N5} : o

@ m General Vision Lab, BIGAI August 8, 2024



Physical guidance: room-layout constraint

N

"
Guided Objects ! 2
ul J xt 'plﬂ'\'ou[(xlf) —_ — Z Z IOU:}D(qu b‘; L ).

i=1 j=1

Wayous

1
v
e

Room-Layout )
Constraint e

[

Objectsx; = {o1,...,0n} without guidance |:> with guidance

@ m General Vision Lab, BIGAI August 8, 2024
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Physical guidance: reachability guidance

Guided Objects x; Physical Guidance
Guided Objects x;
gradient
@reach )
Pecn)d o Weoll o D zyout 4 Wryeach
Zﬂ P nd
‘ \\ 4 6 iy
'II'J Pstgt J Y < Y Zﬂ
ol rY,
Ag(_ent Collision Room-Layout Agent
Interactiveness Avoidance Constraint Interactiveness

M 0\ M

ObjECtS X = {01, vaay ON}

Objectsxy = {01,...,0N5}

ﬁ m’ General Vision Lab, BIGAI August 8, 2024 40



Physical guidance: reachability guidance

Guided Objects x,

2D room mask
Wreach

Pend

O, ¥ () 0O:
2 k ¢

iy
4 Pstgt

Agent
Interactiveness

i 0

Objects Xy = {()1, caay 0N}

ﬁ m General Vision Lab, BIGAI August 8, 2024 a1



Physical guidance: reachability guidance

Guided Objects x,

2D room mask

(Greach v Agent Size
/ Walkable Area

Pend
(@} Z'II-;
4
o P

Agent

Interactiveness

[

Objectsxy = {01,...,0N5}

éL BV ceneral vision Lab, Bica August8, 2024 42



Physical guidance: reachability guidance

Guided Objects

2D room mask

(Oreach v Agent Size
5 Walkable Area
~ BE v+ Gaussian
Ped Cost Map
95 P
Agent
Interactiveness
[0
Objectsxy = {01,...,0N5}
B
High Low

ﬁ m’ General Vision Lab, BIGAI August 8, 2024



Physical guidance: reachability guidance

Guided Objects

Wreach

Pend
(@) Z'II-;
4
o8 P

start

Agent
Interactiveness

i

Objectsxy = {01,...,0N5}

é m General Vision Lab, BIGAI

High

2D room mask
v Agent Size

Walkable Area
v+ Gaussian
Cost Map
v O+HA* algorithm
Shortest Path

August 8, 2024 44



Physical guidance: reachability guidance

Guided Objects

Wreach

Pend
(@) Z'II-;
V4
95 Pa:

Agent
Interactiveness

i

Objectsxy = {01,...,0N5}

é m’ General Vision Lab, BIGAI

High

2D room mask

v Agent Size
Walkable Area

v+ Gaussian

Cost Map

v+ A* alaorithm
Shortest Path

v Agent Size

Agent Bboxes on Path

August 8, 2024 45



Physical guidance: reachability guidance

Guided Objects x,

Wreach

Pend
(@) Z'II-;
4
o8 P

start

Agent
Interactiveness

i

Objects Xy = {01, caay GN}

é m’ General Vision Lab, BIGAI

Preach(X|F) = =Y Y ToUsp (b, biF™).

@/’

2D room mask

v Agent Size
Walkable Area

v+ Gaussian

Cost Map

v +A* algorithm
Shortest Path

v Agent Size

Agent Bboxes on Path
v

Compute IoU between
Objects and Agents

August 8, 2024 46



Physical guidance: reachability guidance

N L
Prcuch(xlf) —_— Z Z IOU:B[)(b: . b‘;;gcnl)'

Guided Objects x,

i=1 j=1
Wreach s \ o )
R
Pend -
(@) Z-II-; u.
P 4 —
PG L S
WK el R
Agent l
Interactiveness
without guidance |:> with guidance

Objects Xy = {()1, caay 0N}

August 8, 2024 47
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Comparisons

O collisions between objects

é m General Vision Lab, BIGAI

DiffuScene
(O Objects outside the floor plan

PhyScene(Ours)

(Qunreachable area to the embodied agent

August 8, 2024
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Comparisons

Perceptual Metrics

Room Type Method FID L KID l~ SCA -lr CKL l Co‘nhi L COlwcnc L R«wl l R«h‘;nlkuhlc T Rmuch T
ATISS 30.19  0.0010 49.14 0.0028 0.248 0.46 0.286 0.839 0.736
Bedroom DiffuScene 25.00 0.0004 51.78 0.0031 0.228 0.43 0.272 0.827 0.755
PhyScene (Ours) § 25.52  0.0006 50.10 0.0025 | 0.187 0.36 0.245 0.865 0.762
ATISS 45.66 0.0035 5164 0.0016 0316 0.85 0.136 0814 0.791
Living Room DiffuScene 38.69 0.0012 5406 00017 0.198 0.69 0.238 0.790 0.756
PhyScene (Ours) | 43.33  0.0031 53.50 0.0015 | 0.191 0.63 0.219 0.815 0.771
ATISS 41.66 0.0039 6457 0.0040 | 0591 0.96 0.132 0.874 0.848
Dining Room DiffuScene 38.31  0.0020 60.19 0.0013 § 0.160 0.55 0.244 0.787 0.847
PhyScene (Ours) | 39.90 0.0026 60.00 0.0013 0.151 0.53 0.217 (0.852 0.789

é m’ General Vision Lab, BIGAI
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Embedding articulated objects

Physical Guidance Denoising Process Postprocess
- o !
Guided Objects x| Xt m o
radient A D vttt
s - { category c; =RV |
Physical 1 . 21
Guidance P slze smE Mz : i u
A | orientation &; £ E® | . B
¥ eoll o (Playout . Wreach 1 i location ©; & &* i t )
= o 3D feature £ € B /]
u N8 8¢ o N R
, . o, i A /?\
- " S a; pO A Al codebook
7 Pgan i | 1!
| U ' A VAE A
Collision Room-Layout Agent ' e ' o | — .
Avoidance Constraint Interactiveness /]\ ’l\ n b sl t“"’[’"
[ [ [ = Wil
Objects x; = {o1,...,0n} EeE _— GAPartNet 3D FUTURE

Shape Encoder
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Embedding articulated objects

+Articulated Object

Postprocess
| W
category «; = B

location ;£ &®

f 1

1
i size 8 € JEE i E.'~.',"".";" u
| orientation = £ B |
: i
1
\

___________________

codebook

VAE
e
- g
[ﬁﬂla [E-QJ

Shape Encoder
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Embedding articulated objects

+ Guidance +Articulated Object

Postprocess

___________________

size s cR®
orientation ¥; £ [&*
location G = |*

GAPartNet 3D FUTURE

ape Encoder
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Embedding articulated objects
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Limitations

« Training data quality

 Conflicting guidance functions

* Not enough scale / diversity

4G

Physically incorrect training scenes

Collision pushing objects apart

No small objects

Limited articulated objects
Three room types available
Limited scale (thousands)

General Vision Lab, BIGAI August 8, 2024 55



Takeaways

Good:
* We can optimize the scene generation process to make them physically plausible.

* No worries on fine details of 3D scenes, can put them into simulators and train agents.

Bad:
» Post-optimization that ensures naturalness and realism might be difficult.

» Limited training data scale / quality / diversity for data-driven approaches.

Better priors from 2D? from real world scenes? from language?

@ m General Vision Lab, BIGAI August 8, 2024
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From the agent perspective

£y — @& — B

Perception Grounding Action

« Scene constraints
* Hardware prerequisites
» Data capturing efficiency

* Embodiment gap

Q3: How to scalably obtain interaction with the scenes following instructions?
What’s next with these 3D Data?
@m General Vision Lab, BIGAI August 8, 2024
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Interaction with Scenes

Move as You Say, Interact as You Can: Language-guided Human Motion Generation
with Scene Affordance

CVPR 2024 Highlight

COME-Robot: Closed-Loop Open-Vocabulary Mobile Manipulation with GPT-4V
ArXiv 2024
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(@ A person waves with his left hand. >










AffordMotion

Input 3D Scene

)

“walk to the chair in a
curve

—

Text
Encoder

Affordance Diffusion Model (ADM)

é m General Vision Lab, BIGAI

Affordance Map Motion Sequence

[
o
53
5
g/
< o

Affordance-to-Motion Diffusion Model (AMDM)
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) "¢

E%J A person lies down on the floor.

= - <
& e L=
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@ | am hungry. Could you give me some food? And pass me a cup of juice.

Active
Perception



COME-RoboOt

| am thirsty. Put a cup into the
plate, | will pour water into it.
B

gl m General Vision Lab, BIGAI

- Active Perception

Reason:
| need to perform a global
exploration to «dentify the table
Code:
global obisct map =
robot.explore _global())

L

Global object map

Reason:
| find two tables. | will navigate to ‘
the first table to start a local search for d’)@

cups and plate,
Code:; (5 . l
robot.navigate_to(tabis_0) et U\ %
table_object_map =
robot.explore local()

[

Local oyect map

= Situated Commonsense Reasoning

Reason:

The table contains two cups | will
observe both cups to confirm which
is suitable

Code:

t.report cbservat ;anf_cu;:_t])

servation(cup_1

robot. report ok

Reason;

The image shows that cup 0

Is not empty and cup 18
empty and suitable for the task,

stay'

4

- Recover From Failure

Reason:
The image shows the cup is not In the
robot's gripper. | will attempt o grasp
cup | again
Code:
robot.grasp(cup_1)
robot.report_cbservation( stay”)

Reason: This image shows the
cup is In the robot’s gripper | will
place the cup into the plate
Code:
robot,pluca(plate_8)
robot.report_observation( stay’

4
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Overall

From the 3D scene perspective

« Scaling works, grounding might be solved reasonably well shortly
« Scaling scenes is difficult, no matter captured or generated

» Ensuring physics is a must for embodied Al but really challenging
* Need more priors from other modalities for generalization

From the agent perspective
 Intermediate representations to the rescue for generalization
 Effort-less data collection is critical, either automated or human shadowed

éL B\ cenerai visionLab, BicAl August 8, 2024
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More to come at BIGAI

& CVPR

'lgllll TR JUNE 17-21, 2024

Project Page Pro;ect Page https://physcene.github.io/
https://scene-verse. github.io/

& CVPR

TSN JUNE 17-21, 2024

Project Page
https://come-robot.github.io/

Project Page https://afford-motion.github.io/

Thank you!
ﬁm General Vision Lab, BIGAI August 8, 2024
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