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What can we learn from this video?




Human Physical Scene Understanding

What can we see In this video?

sphere hedge
|. Scene structure (perception) . orange white/yellow
» Object appearance (geometry, texture) plastic wooden

* Physical properties (e.g., mass)
Il. Interactions and events (physics)

 Collision, rolling, etc.

IIl. Concepts and regularity (reasoning)
» Balls can roll, but not blocks
* Blocks are of the same size and shape

* Blocks are lined up in a row



Current Machine Scene Understanding

Input

Synthesis

Top-5 errors on ImageNet over years

2010 20m 2012 2013 2014 Human  ArXiv 2015

Deep Learning Models Performance

Image Credit: DeeplLab, Chen et al., 2018; CycleGAN, Zhu et al., 2017



Modeling the Physical World

.......................................................................................

"""""""""" * Object Intrinsics
........... e Geometry
I B R * Physical properties

World State (t-1)
| « Object Extrinsics
Graphics . Position

Image (t-1) * Velocity

e Scene Descriptions
 Lighting
 Camera parameters




Modeling the Physical World
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Modeling the Physical World
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Physical World Representations are Universal

World States
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Visual Observation

World States

Visual Observation



Cognitive Science Meets Machine Scene Understanding

Action (t-1)

Physics
State (t)——>State (t+1)
A A

Perception

\ 4 \ 4

Data (t) Data (t+1)

Causal structure and cognitive science insights provide
guidance on building machine scene understanding models:

* When and where to use top-down simulation engines vs.
bottom-up neural networks?

* What training targets to use for neural networks?
* What intermediate representations to use?
* What training data to use?

Research in machine intelligence helps to stimulate
research in human cognition and neuroscience:

* Computational models for human behaviors;

* Algorithms and representations in the brain.



Learning to See Physics via Visual De-animation

Wu, Lu, Kohli, Freeman, Tenenbaum. NeurlPS'17



Learning to See Physics via Visual De-animation

e s .- ....

Input Reconstruct What if? Input Future Stabilizing force

Wu, Lu, Kohli, Freeman, Tenenbaum. NeurlPS'17



Physical Scene Understanding

World State

|

Image

e Learning to invert a graphics engine



3D Reconstruction

Forward: image formation
Ce———
Inverse: shape estimation Visible Surface

Depth Estimation
——




MarrNet: 3D Reconstruction via 2.5D Sketches

2D Image

(a) 2.5D Sketch

Estimation

B

‘silhouette! S
----------------- (b) 3D Shape Estimation
2.5D Sketches

3D Shape

World State
(3D Shape)

\ 4

2.5D Sketches
A

2D Image

Wu*, Wang*, Xue, Sun, Freeman, Tenenbaum. NeurlPS'17



Comparisons

Images

Ground truth

MarrNet

Methods loU
DRC 3D [CVPR ‘17] 0.34
MarrNet 0.38

Intersection over Union (loU)

DRC 3D MarrNet GT

DRC 3D 50 26 17
MarrNet 74 50 42
GT 83 58 50

Percentages of users that preferred
the left approach to the top one



Results on PASCAL 3D+

Images MarrNet Images MarrNet

Wu*, Wang*, Xue, Sun, Freeman, Tenenbaum. NeurlPS'17



Results on IKEA

Images Ground truth MarrNet Images  Ground truth MarrNet



Prior

Ext. I: Incorporating Priors l
(I) Voxel (II) Naturalness 3D Shape
1 |

2.5D Sketches

(a) 2.5D Sketch Estimation  (b) 3D Shape Completion (c) Shape Naturalness

2D Image

Wu*, Zhang™*, Zhang, Zhang, Freeman, Tenenbaum. ECCV’'18
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Ext. lI: Generalization to Unseen Classes
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Partial Full Full Spherical
Input | DRC (UCB) Qur results Depth D Spherical Map Spherical Map Map (3D)

Trained on chairs, planes, cars
Tested on tables




Generalization to Novel Classes (Table, Boat, Sofa, Bench, Lamp)
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Canonical Viewpoints in Generalization
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Generic Views Elevation ¢ = Error(¢, )

Accidental views = large errors

Palmer, Rosch, Chase. Atten. Perform. 1981



Top-Down Shape and Texture Synthesis
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Wu*, Zhang*, Xue, Freeman, Tenenbaum. NeurlPS'16 Zhu, Zhang, Zhang, Wu, Torralba, Tenenbaum, Freeman. NeurlPS'18




texture : |
shape ! : : 3D Shape
" an/
texture both * ’ 4
Interpolation in the latent space
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Editing viewpoint, shape, and texture Transferring shape and texture

Zhu, Zhang, Zhang, Wu, Torralba, Tenenbaum, Freeman. NeurlPS'18



Ext. 1V: Extension to Scenes

Semantic + Textural De-render

<seg sky code=[0.53, -0.60, -0.28..]>

<obj type=car center forward black>

<obj type=car center forward red>

Geometric De-render Manipulate
Textural
& | Render
} — ‘
—
Geometric <obj type=car right forward black>
Render <obj type=car right forward red>

Goal: Recovering a structured, 3D-aware scene representation.
The structured representation allows re-rendering and editing the image.



3D Disentangled Scene Representation

\4

Textural Renderer

J 3

Geometric De-renderer Geometric Renderer

Disentangled model for the scene’'s semantics, texture, and object geometry and 6DOF pose.

Yao*, Hsu*, Zhu, Wu, Torralba, Freeman, Tenenbaum. NeurlPS'18



Image Editing on Virtual KITTI

Original images Edited images

Yao* Hsu*, Zhu, Wu, Torralba, Freeman, Tenenbaum. NeurlPS'18



Image Editing on CityScapes (Real Images)

Original images Edited images

Yao*, Hsu*, Zhu, Wu, Torralba, Freeman, Tenenbaum. NeurlPS'18



Physical Scene Understanding

* Learning to invert a graphics engine World State (t)

* Inferring fine object geometry
 Learning structured shape representations (shape + texture)

* Beyond single object, learning scene representations Image (t)



Physical Scene Understanding

World State

e Learning to invert a physics engine / \

Data (t) Data (t+1)



G a I i Ieo Physical object i
-Mass(m) o .
- Friction coefficient (k) < !
- 3D shape (S) I
- Position offset (x) |
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A
|
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Wu*, Yildirim*, Lim, Freeman, Tenenbaum. NeurlPS'15




Results
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Wu*, Yildirim*, Lim, Freeman, Tenenbaum. NeurlPS'15



Generative + Recognition Model

If the model has prior knowledge like humans do...

Physical object i
- Mass (m) £
- Friction coefficient (k)
- 3D shape (S)
- Position offset (x)

— initialization with recognition model = random initialization

0e+00+

. J/

-2e+05+

Draw two
physical objects

3D Physics engine

Simulated velocities (s, , Vs, )

Likelihood function

Observed velocities (v,, , Vs, )

Log Likelihood

Tracking algorithm
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We've seen... What about?




Learning Shape Abstractions

Tulsiani, Su, Guibas, Efros, Malik. CVPR'17



Physical Primitive Decomposition

Liu, Freeman, Tenenbaum, Wu. ECCV'18



Appearance + Physics

Aluminum ‘
(2.87g/ml)

Oak 7
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Physical Primitive Decomposition

1.9 3.1 2.9
0.5 1.1 0.7
0.6 0.5

5.2 8.4 7.7

0.5

3.5
Input Appearance Physics A+ P Ground truth
| | T ]
Lower Densities Higher Densities

Liu, Freeman, Tenenbaum, Wu. ECCV'18



Physical Scene Understanding

* Learning to invert a graphics engine World State

* Inferring fine object geometry
 Learning structured shape representations (shape + texture)

* Beyond single object, learning scene representations

Image
« Learning to invert a physics engine World State
* Inferring object physical properties /Y \
* Joint modeling of object shape and physics
Data (t) Data (t+1)
* Learning simulation engines themselves State (t) —> State (t+1)

! !

Image (t) Image (t+1)



Physical Scene Understanding

e Learning simulation engines themselves State (t) —> State (t+1)

! !

Image (t) Image (t+1)



Key Features on Dynamics Modeling

* Depending on visual content
 Modeling uncertainty




Visual Dynamics

 Two temporally-consecutive frames

A e ¢

J

P(I;|11)
P(1,]1,): Probabilistic distribution of the second frame conditioned on the first frame

N

Input Sampled frames

* Prediction

Xue*, Wu*, Bouman, Freeman. NeurlPS'16, TPAMI'18



Decomposing Objects into Independently Movable Parts

 |dentify movable segments
* Model their dynamics
 Combine the sampled motion

| -
vy
- - =L

Random Trainable neural Synthesized
vector network Image




Layered Cross-Convolutional Networks

Kernel decoder

Motion I
decoder

Cross convolution
| Image Feature maps
1

encoder



Results on Real Videos

Y N
Instructions

Each time you will see two animated GIFs. One is taken from a real video, and the other is synthestzed.
You goal is to click on the GIF that you think is real .
Which looks real? Just click on it.

% of synthetic
“m ‘m ‘m ‘m labeled as real

Transfer flow 25.5
Input Synthesized next frames ours 31.3

>

~
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Visualize learned features
‘ @

| |
Feature
maps
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Feature maps -

Input




Interpretable Latent Representations



Ext. |I: Unsupervised Structure Discovery
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(a) Pairs of images (b) Global motions of parts (c¢) Local motions of parts

Xu*, Liu*, Sun, Murphy, Freeman, Tenenbaum, Wu. ICLR'19



Ext. |I: Unsupervised Structure Discovery
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Xu*, Liu*, Sun, Murphy, Freeman, Tenenbaum, Wu. ICLR'19



Ext. |I: Unsupervised Structure Discovery
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Xu*, Liu*, Sun, Murphy, Freeman, Tenenbaum, Wu. ICLR'19



Ext. |I: Unsupervised Structure Discovery

(a) (b) (c)
AT AT i
,/, : e " : ,/’ : 1 I/| :
h/_1: l : I-—,: - i / ! 1 : (a) 1
| IR & : ! | *» I: ! L _: A
Bl === - | e U, e =)
1 1 By - ; 41 .. )11
—
S T . S AT (¢) 1
O T - . ;o |
//, : l'_' : //, 1 » : Il 1 1 :
o 1 PR 1 1 ' 1
N, .. | . PO i R 3 ,
1 1 12! - i P s (a) Offensive player
— P P L= S Rl
T ____'; ,4______'; ,I'______'i
/’ ! 1 /, ! ] /, ; 1 .
o E ' ) e E A el E : / (c) Defensive
] VR ] U TR 1 : player
I 7 - R T Rt B (b) Ball
1 ﬁ | i‘l —- | .« aeall
-1 -
Input frame Next frame Reconstruction (a) Offensive player (b) Ball (c) Defensive player Hierarchical tree structure

Xu*, Liu*, Sun, Murphy, Freeman, Tenenbaum, Wu. ICLR'19



Ext II: Planning and Control

1

goal images

|
[l

Janner, Levine, Freeman, Tenenbaum, Finn, Wu. ICLR'19



Ext II: Planning and Control
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Li, Wu, Tedrake, Tenenbaum, Torralba. ICLR'19



Physical Scene Understanding

e Learning to invert a graphics engine World State

* Inferring fine object geometry

 Learning structured shape representations (shape + texture)

* Beyond single object, learning scene representations Image
« Learning to invert a physics engine World State

* Inferring object physical properties /Y \

* Joint modeling of object shape and physics

Data (t) Data (t+1)

* Learning simulation engines themselves State (t) —> State (t+1)

* [earning object dynamics in the pixel space l l

* Modeling object dynamics for control
J O Y Image (t) Image (t+1)



Physical Scene Understanding with Compositional Structure

Goal

* Explaining and reasoning about data Action (t-1)

Approach

* Leveraging causal structure to integrate generative, 5
forward models with efficient inference algorithms. ~ World State (t-1) = World State (t)

I I

1. Guiding and facilitating model design. Image (t-1) Image (t)
» 2. Allowing learning with little or no supervision.

» 3. Offering rich generalization power.



