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• Project presentation will be during the next class, Wed, March 9. The 
will be on Zoom only.

• Projects are due Friday, March 11, 11:59 am.
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Class Logistics



Last Time:
Neural Scene Generation
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• Object selection

• Object placement

• Scene hierarchies and object groupings

• Scene affordances
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Scene Generation Raises Many Issues
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Scene Representation

Hierarchical Scene Graph



Scene Representation

Step3: Build internal nodes and compute their OBBs

• Leaf nodes: objects

• Internal nodes: groups
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Network: Recursive Variational Autoencoder

Recursive Neural Networks (RvNN):

-- Repeatedly merge two or more nodes into one

-- Each node has an n-D feature vector, computed recursively

p = 𝑀𝑀𝑀𝑀𝑀𝑀ө𝑖𝑖(c1, c2)

-- End up with a fixed dimensional code for the root node, encoding entire tree

NETWORK

We use different MLPs for different types of relational encoders/decoders



Network: Recursive Variational Autoencoder

GRAINS Network

X1 X2

𝑀𝑀 = ||X1 – X2||2

+ 
A node classifier is trained in parallel to decide which of the 5 
decoders (support, surround etc.) to be invoked.



Input hierarchy
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• The network learns to map a random vector to a plausible indoor 

scene

Generation Pipeline

Generation pipeline



Our key points: 

(1) hierarchical recursive structure 

(2) relative position format

• Indoor scenes are complex and diverse

Scene Representation Matters

Appropriate scene representation is the key to learning



•

•

•

•

GRAINS Summary

First Deep Hierarchical Generative Model of Indoor Scenes

Data Augmentation - Generate a huge quantity of scenes for use in data 

augmentation tasks

Fast and efficient indoor scene generation

Scene representation matters in learning structural data
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Scene Generation for ML Training

ECCV 2020

ICCV 2019



How to Simulate?



Can we learn 
them from 

data?

Parameters are 
very hard to get 

right!

Graphics Wiz

location
height
pose

Probabilistic Grammar

road

lanelane

persontree

car carsidewalkClass

Parameters

Scene Graph

Researcher

Simulating with a Probabilistic Grammar



Meta-Sim

Problem Statement



Initial Scene GraphRules

Probabilistic 
Grammar

(P)

Meta-Sim

Renderer
(R)

Graph Neural
Network

Scene Graph with 
Learned parameters

Optimized
Training Data!

Object Detection
Semantic Segmentation

Graphics
Engine



[1] A Kernel Two-Sample Test, Gretton et al. JMLR ‘13

Distribution Matching

Ø Feature Extractor

{𝑓𝑓1𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟 , 𝑓𝑓2𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟. . . , 𝑓𝑓𝑛𝑛𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟} {𝑓𝑓1
𝑔𝑔𝑟𝑟𝑛𝑛, 𝑓𝑓2

𝑔𝑔𝑟𝑟𝑛𝑛. . . , 𝑓𝑓𝑚𝑚
𝑔𝑔𝑟𝑟𝑛𝑛}

Generate

𝑀𝑀𝑀𝑀𝑀𝑀(𝐟𝐟𝐫𝐫𝐫𝐫𝐫𝐫𝐫𝐫, 𝐟𝐟𝐠𝐠𝐫𝐫𝐠𝐠) Maximum Mean
Discrepancy [1]

Task Loss

Train

Generate

Evaluate

Reward
𝑀𝑀𝑃𝑃𝑃𝑃𝑓𝑓𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃(𝐟𝐟𝐠𝐠𝐫𝐫𝐠𝐠)

Gradient
Estimator

Small Labelled
Target Dataset

Meta-Sim



Results



3D Driving Scenes



3D Driving Scenes

Probabilistic Grammar Meta-Sim Random Real Images (KITTI)



KITTI

Meta-Sim Probabilistic Grammar



Meta-Sim2

Learn the Derivation



Target 
Images

Scene Graph with
learned structureRules

Probabilistic 
Grammar

(P)

Meta-Sim2
Graph Neural

Network

Learned Synthetic
Scenarios

Renderer
(R)

Graphics
Engine

Scene Graph with 
learned structure 
and parameters

UNSUPERVISED

Learning
Signal



Meta-Sim2
Generative Process

Sample rule from a flat list of all rules with 
a probability masked by valid rules

Generating logits using a sampled rule allows
generating context-dependent scene graphs

Every grammar string corresponds
to a scene graph structure

Non-differentiable sequential decisions! 
Use Reinforcement Learning to train



Meta-Sim2
Training: Computing a reward per scene

Real Scenes
Synthetic Scenes

Scenes are point-clouds 
in a feature space

Step 1: Compute likelihood of         under all      = p (       is synthetic )

Step 2: Compute likelihood of         under all      = p (       is real )

Approximation: Compute likelihood non-parametrically using Kernel 
Density Estimates (RBF Kernel)
Approximation: Compute likelihood using a batch of generated real 
and synthetic samples

Step 3: Use log (likelihood-ratio) as reward per scene => in 
expectation it is the reverse-KL between the two distributions



Results

Probabilistic Grammar

Qualitative

Meta-Sim2 Random Real Images (KITTI)








Language-Driven
Shape and Scene Generation

31



• Makes 3D content creation and editing / modification universally 
accessible

• Raises many difficult issues, as language is often ambiguous and 
underspecific

• Relations between language elements (adjectives, nouns) and 
geometry elements and attributes is highly non-trivial

32

Language



• CLIP learns visual concepts from natural 
language supervision

• typical vision datasets are labor intensive 
and costly to create while teaching only a 
narrow set of visual concepts;

• standard vision models are good at one task 
and one task only, and require significant 
effort to adapt to a new task

• CLIP is a “foundation model”:
• task and class agnostic visual understanding
• general purpose, with good zero-shot 

performance (like GPT-2, GPT-3)  

33

CLIP: Connecting Text and Images

CLIP: Contrastive Language-Image Pre-training)



• CLIP is trained on a wide gamut of images with a wide variety of 
natural language supervision that’s abundantly available: the 
text paired with images found across the internet

• Allows learning of a wide variety of concepts in images and their 
association with names

• Proxy training task for CLIP: given an image, predict which out of 
a set of 32,768 randomly sampled text snippets, was actually 
paired with it in the dataset.
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CLIP General Purpose Training
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Clip Architecture
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CLIP Generalizes Where Specialized Models Fail

Although both models have the same accuracy on the 
ImageNet test set, CLIP’s performance is much more 
representative of how it will fare on datasets that 
measure accuracy in different, non-ImageNet settings. 
For instance, ObjectNet checks a model’s ability to 
recognize objects in many different poses and with 
many different backgrounds inside homes while 
ImageNet Rendition and ImageNet Sketch check a 
model’s ability to recognize more abstract depictions of 
objects.



• DALL-E is a version o GPT-3 trained to generate images 
from text descriptions  — gets supervision from CLIP

• DALL-E works by training a transformer to to
autoregressively model text and image tokens as a single 
stream of data

• Stage 1 works by learning a visual codebook, training a 
variational autoencoder to compress images into visual 
tokens

• Stage 2 learns the prior distribution over text and images 
by building a decoder-only transformer where each image 
token can attend to all text tokens

37

DALL-E: Creating Images from Text

DALL-E: S. Dali + WALL-E
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Example Generations
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Example Generations



• 3D

• Fine-grained generation control
• realism
• adherence to the language instructions

• Edits and modifications
• realism
• adherence to the language instructions
• stability
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What is Missing?



41

[P. Achlioptas, J. Fan, R. Hawkins, N. Goodman, L. Guibas; ICCV ‘19]

Object Shape
Differences in Language



Differences in Geometry Expressed in Language

42

Target Object

“Gaps in the back”



43

Search Engines Based on Differences?



A Reference Language Game

44

‘looks like a sofa’



A Reference Language Game

45

nailed it



Utterance Examples

46

“it has wheels”

“rectangle back with straight legs”

“has vertical lines on the back”

Target



• 4,054 distinct contexts covering 4,511 chairs
• 78,789 utterances by 2,124 unique AMT participants

47

“Chairs in Context” Corpus / Data Set

“rectangle back with straight legs”

“no arms”Easy: 97.2% (L.6.2)

Hard: 94.2% (L.8.4)



• Tap on good (pre-trained) visual/3D representations
• Attend to ‘important’ words
• Explore effect of different contrasting architectures
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Deep Neural Listener w. Attention

point cloud latent code

image latent code



Attentive Neural Listening
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Listener Failures

50
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Zero-Shot Generalization to New Classes/Language



Speaker from Images
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Neural Speaker

53

show-and-tell w. teacher forcing

START

curved

the

…

shortest

curved

the

chair

…

curved

the

…

END
…



Unseen Speaker Examples
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Listener Examples: Shape-Based Product Retrieval

55(bottom rows includes out-of-training classes)



Language-Driven 3D 
Shape Editing

Ian Huang



The motivation



CLIP-Forge



Text2mesh



DreamFields & CLIP-NERF



“A fireman”

“A fireman with black boots”

Solved?



“No arm”



Outline

- Studying the relationship between parts and language through reference games only.
- The different datasets used for shape datasets
- Directly editing structure, supervised by ground-truth differences
- Attempting to edit by moving around an edit latent space
- Is it a data problem? Making it simpler by attempting to learn a distance metric in a joint language-geometry 

space.
- Our current data problem, and the our efforts to bridge the gap.



PartGlot: Learning Shape Part Segmentation 
from Language Reference Games

Juil Koo, Ian Huang, Panos Achlioptas, Leonidas Guibas, Minhyuk Sung

CVPR 2022



Language Reference Games





In addition to standard classification loss,







Synthetic Data / Existing Datasets



Dataset 1: Synthetic Language + Synthetic Shapes

Synthetic 
shape 

generator 

{leg_length: …, 
back_type: …}

{leg_length: …, 
back_type: …}

Synthetic 
speaker

Make the back take on the simple 
style. Make the back a little 
narrower, a little shorter, and 
shallower. Add the armrests. 
Make the legs a little wider, 
and shorter. Make the seat a 
little deeper, a little wider, 
and a lot thicker.

Source shape

Target shape

= Discrete  structural edits

= Continuous geometric edits

This way, we get dataset of triplets: (source, target, description) = 
Make the back take on the simple style. Make the back a little narrower, a little shorter, and 
shallower. Add the armrests. Make the legs a little wider, and shorter. Make the seat a little deeper, a 
little wider, and a lot thicker.(           ,               ,                  )

Random 
generator

Edit description



Dataset 2: Synthetic Language + Partnet Shapes

((('back_single_surface', (), 'back_single_surface'),), 'move away from', (('leg', ('left of', 'infront of'), 'back_single_surface'), ('leg', 
('left of', 'infront of'), 'seat_single_surface')))

((('back_single_surface', (), 'back_single_surface'),), 'make shallower')

((('back_single_surface', (), 'back_single_surface'),), 'shift up')

((('back_frame_vertical_bar', ('right of',), 'back_single_surface'), ('back_frame_vertical_bar', ('right of',), 'seat_single_surface')), 'ADD')

((('leg', ('right of', 'behind'), 'back_single_surface'), ('leg', ('right of', 'behind'), 'seat_single_surface')), 'make shallower') 

((('leg', ('right of', 'behind'), 'back_single_surface'), ('leg', ('right of', 'behind'), 'seat_single_surface')), 'make narrower')

((('seat_single_surface', (), 'seat_single_surface'),), 'make deeper')

((('seat_single_surface', (), 'seat_single_surface'),), 'move away from', (('back_single_surface', (), 'back_single_surface'),))

((('seat_single_surface', (), 'seat_single_surface'),), 'make taller')



Dataset 3: Chairs in Context (ShapeGlot)

Source 1

the side of this looks like the bread on a sandwhich

Source 2 Target



Dataset 4: PartIt (VLGrammar)

chair with back seat and 
seat , two thin short 
legs, two horizontal and 
two vertical leg bars.

the chair has a back, 
a seat, vertical arm 
bars, horizontal arm 
bars, and legs.

the parts of the chair 
are as follows: the 
chair back, the chair 
seat, the central 
support, and the 
pedastal base.



Directly editing structure



Directly editing 

Structural 
diff 

prediction

Continuous 
param diff 
prediction

Make the back take on the simple 
style. Make the back a little 
narrower, a little shorter, and 
shallower. Add the armrests. 
Make the legs a little wider, 
and shorter. Make the seat a 
little deeper, a little wider, 
and a lot thicker.

“Given object part tree and 
the description, how 
should I change its 
structure?”

“How should I regress the source shape 
parameters with the predicted 
structure such that it’s consistent with 
the description?”

Bounding box rep.

Part hierarchy

Edit description



Input Source Groundtruth target

Input description (& attention)

Predicted deletions
= correct
= incorrect

Predicted Insertions
= correct
= incorrect

Predicted Box Params



Input Source Groundtruth target

Predicted deletions
= correct
= incorrect

Predicted Insertions
= correct
= incorrect

Predicted Box Params

Input description (& attention)



Input Source Groundtruth target

Predicted deletions
= correct
= incorrect

Predicted Insertions
= correct
= incorrect

Predicted Box Params

Input description (& attention)



Input Source Groundtruth target

Predicted deletions
= correct
= incorrect

Predicted Insertions
= correct
= incorrect

Predicted Box Params

Input description (& attention)



Input Source Groundtruth target

Predicted deletions
= correct
= incorrect

Predicted Insertions
= correct
= incorrect

Predicted Box Params

Input description (& attention)



Input Source Groundtruth target

Predicted deletions
= correct
= incorrect

Predicted Insertions
= correct
= incorrect

Predicted Box Params

Input description (& attention)



But when dealing with Partnet structures, constraints get violated a lot.



Latent space traversal



AE latent space traversal

“Remove the headrest…”

Target Part hierarchy Source Part hierarchy Groundtruth Diff

– =

Predicted Diff

Source Part hierarchy

Source Part hierarchy

+

Target Part hierarchy

=

Enc Dec

Diff  
Estimator 



((('leg', ('left of', 'infront of'), 'seat_single_surface'),), 'make shorter', (('leg', ('left of', 'infront of'), 'seat_single_surface'),)) ((('leg', ('left of', 
'infront of'), 'seat_single_surface'),), 'shift forwards', (('leg', ('left of', 'infront of'), 'seat_single_surface'),)) ((('leg', ('left of', 'behind'), 
'seat_single_surface'),), 'move away from', (('leg', ('left of', 'infront of'), 'seat_single_surface'),)) ((('arm_horizontal_bar', ('left of',), 
'back_single_surface'), ('arm_horizontal_bar', ('left of',), 'seat_single_surface')), 'DEL', (('arm_horizontal_bar', ('left of',), 'back_single_surface'), 
('arm_horizontal_bar', ('left of',), 'seat_single_surface'))) ((('leg', ('right of', 'infront of'), 'seat_single_surface'),), 'make wider', (('leg', ('right of', 
'infront of'), 'seat_single_surface'),)) ((('leg', ('right of', 'infront of'), 'seat_single_surface'),), 'move away from', (('back_single_surface', (), 
'back_single_surface'),)) ((('leg', ('right of', 'behind'), 'seat_single_surface'),), 'move away from', (('leg', ('left of', 'infront of'), 'seat_single_surface'),)) 
((('seat_single_surface', (), 'seat_single_surface'),), 'make taller', (('seat_single_surface', (), 'seat_single_surface'),)) ((('back_single_surface', (), 
'back_single_surface'),), 'make deeper', (('back_single_surface', (), 'back_single_surface'),)) ((('back_single_surface', (), 'back_single_surface'),), 'make wider', 
(('back_single_surface', (), 'back_single_surface'),)) ((('seat_frame_bar', ('right of',), 'back_single_surface'), ('seat_frame_bar', ('right of',), 
'seat_single_surface')), 'DEL', (('seat_frame_bar', ('right of',), 'back_single_surface'), ('seat_frame_bar', ('right of',), 'seat_single_surface'))) 
((('arm_sofa_style', ('left of',), 'back_single_surface'), ('arm_sofa_style', ('left of',), 'seat_single_surface')), 'ADD', (('arm_sofa_style', ('left of',), 
'back_single_surface'), ('arm_sofa_style', ('left of',), 'seat_single_surface'))) ((('back_frame_vertical_bar', ('right of',), 'back_single_surface'), 
('back_frame_vertical_bar', ('right of',), 'seat_single_surface')), 'DEL', (('back_frame_vertical_bar', ('right of',), 'back_single_surface'), 
('back_frame_vertical_bar', ('right of',), 'seat_single_surface')))



((('leg', ('left of', 'behind'), 'seat_single_surface'),), 'make wider', (('leg', ('left of', 'behind'), 'seat_single_surface'),)) 
((('back_frame_vertical_bar', ('right of',), 'back_frame_horizontal_bar'), ('back_frame_vertical_bar', ('right of',), 
'back_single_surface'), ('back_frame_vertical_bar', ('right of',), 'seat_single_surface')), 'DEL', (('back_frame_vertical_bar', ('right 
of',), 'back_frame_horizontal_bar'), ('back_frame_vertical_bar', ('right of',), 'back_single_surface'), ('back_frame_vertical_bar', 
('right of',), 'seat_single_surface'))) ((('back_surface_vertical_bar', ('left of',), 'back_frame_horizontal_bar'), 
('back_surface_vertical_bar', ('left of',), 'back_single_surface'), ('back_surface_vertical_bar', ('left of',), 'seat_single_surface')), 
'DEL', (('back_surface_vertical_bar', ('left of',), 'back_frame_horizontal_bar'), ('back_surface_vertical_bar', ('left of',),
'back_single_surface'), ('back_surface_vertical_bar', ('left of',), 'seat_single_surface'))) ((('back_single_surface', (), 
'back_single_surface'),), 'ADD', (('back_single_surface', (), 'back_single_surface'),)) ((('leg', ('right of', 'infront of'),
'seat_single_surface'),), 'shift up', (('leg', ('right of', 'infront of'), 'seat_single_surface'),)) ((('back_frame_horizontal_bar', (), 
'back_frame_horizontal_bar'),), 'DEL', (('back_frame_horizontal_bar', (), 'back_frame_horizontal_bar'),))



((('leg', ('left of', 'behind'), 'seat_single_surface'),), 'make wider', (('leg', ('left of', 'behind'), 'seat_single_surface'),)) 
((('back_surface_vertical_bar', ('right of', 'infront of'), 'back_single_surface'),), 'ADD', (('back_surface_vertical_bar', ('right 
of', 'infront of'), 'back_single_surface'),)) ((('back_surface_vertical_bar', ('left of', 'behind'), 'back_single_surface'),), 'ADD', 
(('back_surface_vertical_bar', ('left of', 'behind'), 'back_single_surface'),)) ((('back_single_surface', (), 
'back_single_surface'),), 'ADD', (('back_single_surface', (), 'back_single_surface'),)) ((('back_frame_vertical_bar', ('right of',), 
'back_single_surface'), ('back_frame_vertical_bar', ('right of',), 'seat_single_surface')), 'DEL', (('back_frame_vertical_bar', 
('right of',), 'back_single_surface'), ('back_frame_vertical_bar', ('right of',), 'seat_single_surface'))) ((('seat_single_surface', 
(), 'seat_single_surface'),), 'make shorter', (('seat_single_surface', (), 'seat_single_surface'),))



((('leg', ('left of', 'behind'), 'back_single_surface'), ('leg', ('left of', 'behind'), 'seat_single_surface')), 'make narrower', (('leg', ('left 
of', 'behind'), 'back_single_surface'), ('leg', ('left of', 'behind'), 'seat_single_surface'))) ((('leg', ('behind',), 
'back_frame_horizontal_bar'),), 'make shallower', (('leg', ('behind',), 'back_frame_horizontal_bar'),)) ((('leg', ('behind',), 
'back_frame_horizontal_bar'),), 'make narrower', (('leg', ('behind',), 'back_frame_horizontal_bar'),)) ((('back_surface_vertical_bar', ('right 
of',), 'back_frame_horizontal_bar'), ('back_surface_vertical_bar', ('right of',), 'back_single_surface'), ('back_surface_vertical_bar', ('right 
of',), 'seat_single_surface')), 'ADD', (('back_surface_vertical_bar', ('right of',), 'back_frame_horizontal_bar'), ('back_surface_vertical_bar', 
('right of',), 'back_single_surface'), ('back_surface_vertical_bar', ('right of',), 'seat_single_surface'))) ((('back_frame_vertical_bar', ('right 
of',), 'back_frame_horizontal_bar'), ('back_frame_vertical_bar', ('right of',), 'back_single_surface'), ('back_frame_vertical_bar', ('infront 
of',), 'back_single_surface'), ('back_frame_vertical_bar', ('right of',), 'seat_single_surface')), 'ADD', (('back_frame_vertical_bar', ('right 
of',), 'back_frame_horizontal_bar'), ('back_frame_vertical_bar', ('right of',), 'back_single_surface'), ('back_frame_vertical_bar', ('infront 
of',), 'back_single_surface'), ('back_frame_vertical_bar', ('right of',), 'seat_single_surface'))) ((('back_single_surface', (),
'back_single_surface'),), 'DEL', (('back_single_surface', (), 'back_single_surface'),)) ((('back_frame_horizontal_bar', (), 
'back_frame_horizontal_bar'),), 'ADD', (('back_frame_horizontal_bar', (), 'back_frame_horizontal_bar'),)) ((('seat_single_surface', (), 
'seat_single_surface'),), 'make shorter', (('seat_single_surface', (), 'seat_single_surface'),))



Findings so far

VAE traversal works better on real-shapes.

Structedit Prophet

Our model output

Groundtruth target

FID: 20.30

FID: 20.28

FID: 3.98

Source shapes



But trying the same technique on CiC fails…

On the shapeglot dataset, there is too many geometric differences between distractors and the target that are not 
described by innate constraints or the human-provided language. VAE traversal “fails”. 

this bars on the seat 5 
horizontal backings

Structedit ProphetOur model output

Groundtruth target

Source shape



But trying the same technique on CiC fails…

On the shapeglot dataset, there is too many geometric differences between distractors and the target that are not 
described by innate constraints or the human-provided language. VAE traversal “fails”. 

Structedit ProphetOur model outputSource shape

fat chair on ground 
short back and little 
legs very boxy

Groundtruth target



Contrastive approach for a joint space



Enc Dec

the cube shaped chair 
has a rectangular back, 
a square seat, two sofa 
style arms, four legs, 
and four leg bar 
supports.

Language 
Encoder



chair with curved back seat and 
seat with four thick legs.

this chair has a regular back, a 
seat, as well as four straight legs.

a chair consists of five parts: a 
back; a seat; two vertical arm bars; 
two horizontal arm bars; and four 
legs.

single chair including parts such as 
a chair back, seat, arm near vertical 
bar, arm horizontal bar and legs.

this chair has a back, a seat, four 
legs, and three leg bars.

a classic vertical bar back topped by a horizontal bar 
for stability and a crisp look, a gently molded seat for 
comfort and support, all four legs are reinforced for 
with leg bars for added strength and longevity.

chair with back seat and seat , two 
thin short legs, two horizontal and 
two vertical leg bars.

this rocking chair has two vertical 
legs, and a back rest held on with 
two horizontal bars.



the chair shown has a back, a seat, 
and four legs.

the parts of the chair are as follows: 
the chair back, the chair seat, the 
left and right arms, the central 
support, and four legs.

chair with back seat and seat , two 
thin short legs, two horizontal and 
two vertical leg bars.

Original Retrieved



this chair consists of a chair back, a 
chair seat, and eight legs.

this chair has 2 vertical back frame 
bars, 2 horizontal back frame bars, 
a square seat, 4 long legs and 2 leg 
bars.

the parts of the chair are as follows: 
the chair back, the chair seat, the 
central support, and the pedastal 
base.

Original Retrieved



Language-Assisted
3D Shape Edits and Deformations
Panos Achlioptas, Ian Huang, Minhyuk Sung, Sergey Tulyakov, Leonidas Guibas



[1] the wall attachment is thicker 

[2] there is a center ball

[3] there are more balls

[4] the shape is less abstract 

First Annotator

[1] The target has more spheres.

[2] It has one larger sphere with smaller spheres around it

[3] The support it hangs from is thicker.

[4] Its spheres are not grouped into three clusters.

Second Annotator





The backrest is comprised of two flat rectangular panels, 
separated by a thin space for a modern design.

Geometric words

Local feature words

Part words

Stylistic wordsDimensional words

Distractor Target

the table is symmetrical about the long axis

Distractor Target



Looking at how language is used…



“the target’s top is 
round.”

Neural 
Listener

Shape 
Encoder 0.61

0.39

Shape 
Decoder

Shape 
latent

Updated 
shape 
latent

Update 
vector

Update 
magnitude

Unit update 
direction

+

*Shape 
Editor

1st Stage: Generation & Discrimination

2nd Stage: Edit Prediction & Decoding

“the target's top is 
round.”

Shape 
Encoder

Target 
prediction 

probabilities

0.97

0.03Distractor latent

Target latent

Neural 
Listener 

Target

Distractor

Generative pipeline Discriminative pipeline

Shape 
Encoder

Shape 
Decoder

Shape 
latent

“the target's top is 
round.”



thin legs half the 
backrest is solid.

Input Output Input Output Input Output Input Output

the backrest of the chair 
is curved.

it appears more sturdy.its legs are much thinner.

circle in the back.

no arms.

legs are thicker. the target 's top is a semi 
circle.

it has a rectangular top. the frame is much 
bigger.

the base is less round. the pole is thinner.



We have a long way to go!



That’s All
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