media
lab




Learning From Visual Cues
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How many babies are in the scene?
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How many babies are in the scene?
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How many people are In this scene?
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We exploit Visual Cues
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Visual Cues are ubiquitous
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Al must process visual cues

Machines must process complex visual

cues to interact with the physical
world
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Top: 3D reconstruction for a room with
mirrors

Left: Robot fails to pick up a transparent
ball
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Al must process visual cues

Machines must process complex visual

cues to interact with the physical
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world

Top: 3D reconstruction for a room with
mirrors

Left: Robot fails to pick up a transparent
ball
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Exploiting Physics with Machine Learning

A Taxonomy for Solving Inverse Problems
-1 . . .
x = F (y) in Visual Perception

Classical Optics ‘ Joint Optimization of Optics & Algorithm

. ngineering .
, e.g. PhaseCam3D e.q.D Opt
Physics 9 Al

Microscopy Networks

Inverse Optics
Interferometry

Computational Imaging and Vision
Exploiting coding in space, time, angle, spectrum, polarization

e.g. Classical Stereo e.g. Shape from X e.g. Multi-View Stereo e.g. Deep Stereo

Computer Vision

e ,,,,,———————

e.g. Classical e.g. Hand-Crafted e.g. Differentiable Rendering e.g. Neural Rendering

Computer Vision Feature Extraction
Physics-Based Deep Learning

Image Processing Deep Neural Networks

' Histogram Equalization e.g. Single-Shot e.g.Few-Shot e.g.Transfer e.g. Deep Generative
lgnoring Median Filtering Learning Learning Learning Models

' Smoothing/Sharpening e.g. End-to-End Learning
PhySICS e.g. Foundational Models

No Priors Learned Priors
Top: Perspective and Review on designing future Perception Systems that exploit
Data physics and machine learning’

'Klinghoffer*, Somasundaram®, Tiwary*, Raskar; Physics vs. Learned Priors: Rethinking Camera and Algorithm Design for Task-Specific Imaging, ICCP 2022
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Timeline

xt_HI I I I N
Physics vs. Learned Priors: Rethinking Camera and

Algorithm Design for Task-Specific Imaging, ICCP 2022 ]
Physical Cues: Shadows,

Perspective Review Reflections. Polarization Birgc’g{ Applications of Cues for
’ obots

Scenes as Cameras, Proposed Work

March 2022 Nov 2022

April 2022 March 2023 April 2023 PhD? ©

Physical Cues: Reflections,

Physical Cue: Shadows Polarization
Towards Learning Neural Representations Objects as Radiance Field Cameras,
through Shadows, ECCV 2022 Under Review 2022
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Learning Neural Representations from Shadows

Problem: What information can

we recover from shadows In
N 1

Top: Cast shadows present information otherwise
hidden from direct line-of-sight

Tiwary et al; Towards Learning Neural Representations from Shadows, ECCV 2022
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Learning Neural Representations from Shadows

Key Insight: Differentiable
forward-models that can learn to
render shadows’

.......... feamera
----

(X2C, Yzc, ch)

Top: We can recover hidden information from the scene by only
exploiting shadows casted in the scene

Left: Differentiable Shadow Mapping helps ML learn from data

Tiwary, et. al; Towards Learning Neural Representations from Shadows, ECCV 2022
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Objects as Radiance Field Cameras

Problem: What information can we
recover from reflections on everyday
objects in images?

Top: Objects encode information about their environment
by reflecting light
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Objects as Radiance Field Cameras

Key Insight: Modeling reflections as a
projection of the 5D radiance field of
the environment onto the object
surface’

Object Surface

J

n(t)

dSt v——-—-—\'

Tiwary, et. al.; ORCa: Glossy Objects as Radiance Field Cameras, Under Review 2022

Top: By exploiting reflections we can see the world from the object’s
perspective

Left: Imaging through Virtual Sensors on the object’s surface
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Why limit machines to Human-Like Cues?
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Top: Going to sample the world

as a cue to navigate
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| |
Timeline
X PR R Xi+1
Physics vs. Learned Priors: Rethinking Camera and

Algorithm Design for Task-Specific Imaging, ICCP 2022

Perspective Review Physical Cues: Shadows, Reflections, Apglyi_ng Cues with downstream
Polarization Robotics
Scenes as Cameras, Proposed Work
March 2022 Nov 2022 l
April 2022 March 2023 April 2023 Writing

Physical Cue: Shadows Physical Cues: Reflections,

. _ Polarization
Towards Learning Neural Representations Ob R o
through Shadows, ECCV 2022 jects as | adiance Field Cameras,
Under Review 2022
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