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Neuro-symbolic 3D grounding

Complex 3D Grounding in 3D-REC

Instruction: Looking at the front Instruction: Facing the front of
of the copier, pick the printer that the cabinet, choose the lamp that
is to the right of the copier. is on the left of it.

Neuro-symbolic method to ground 3D
objects and relations that integrates
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NS3D

Neuro-symbolic method that integrates the power of LLMs and modular
neural networks

Neural program executor that reasons about high-arity relations

Strong performance in view-dependent grounding, data-efficiency,
generalization, and ability to zero-shot transfer
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Task

Referlt3D input Referlt3D output
e Object point clouds e Target object
e Referring expression

"
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Instruction: Select the microwave Instruction: Facing the front of the  Instruction: Choose the suitcase
that is close to the kitchen couch, choose the towel that is on that is in the middle of the bathtub
cabinets. the left side of it. and the cabinet.
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NS3D

Input Language:
Facing the front ...

Symbolic Functional Program

P _

Target Object

3D Object and Relation Features qp

3D Object-Centric
Encoder

(fObj, frel, fternary) NN

NS3D is composed of three main components:
1) A semantic parser
2) A 3D object-centric encoder

3) A neural program executor
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Semantic parser

e anchor(
U = “Facing the front filter(scene(), shelf),

of the shelf, select relate(
the door that is on > Codex > filter(scene(), door),
the right side of it.”

filter(scene(), shelf),
T‘ anchor-right

)

Prompts )
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3D object-centric encoder

Encoder
For each object i For each pair of objects (i, j)
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Neural program executor
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U = "Facing the couch from . ‘ E—.
the side you sit on it, :

Executlon trace@ choose the cabinet that s

to the right of this couch.”

filter(scene(), cabinet) —>us

anchor(
filter(couch),
relate(
filter(cabinet),
filter(couch),
anchor-right
)
)
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Results

NS3D
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Data efficiency
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Generalization

NS3D'’s modularity FAIRS HCENE

leads to strong ALL  V-DEP. ALL  V-DEP

generalization NS3D + FULL (OURS) 0.612 0.635 0.563 0.583
NS3D (OURS) 0.599 0.620 0.544 0.611
BUTD-DETR ["] 0.440 0.423 0.515 0.583
MVT [ ] 0.420 0.353 0.502 0.500
SAT [ 7] 0.359 0.380 0.451 0.500
TRANSREFER [ | 0] 0.322 0.344 0.384 0.361
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Zero-shot transfer

NS3D can zero-shot ALL ExXiST CouNT OBJ REL

tra nsfer to novell NS3D + CODEX 0.68 0.80 0.67 0.60 0.60
K NS3D + T5 0.30 0.40 0.13 0.40 0.30
unseen tasks RANDOM 0.16 040 007  0.00 0.10

Count Relation

Q: Is there a Cha"’ between Q: How many keyboards Q: What is the object Q: Facing the fridge, what is

the table and the window? are in the scene? under the laptop? the relation between the
A:Yes NS3D: Yes A: 6 NS3D: 6 A: Table NS3D: Table stove and the fridge?
A: Right NS3D: Right
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summary

NS3D integrates Project page:
e Large language models (LLMs) https://web.stanford.edu/~joycj/
e Modular neural networks projects/ns3d_cvpr_2023

and enables
e Data efficiency
e Generalization
e Zero-shot transfer
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https://web.stanford.edu/~joycj/projects/ns3d_cvpr_2023.html
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