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Al Paradigms

More Efficient Task-Specific Decoding

Can now build Al

models for many tasks!
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https://cellsam.deepcell.org/
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What are Foundation Models?

/Foundation Models\

e Reusable for many tasks

e Efficient adaptation
* Sometimes with just language instructions
* Sometimes training small decoder
* Sometimes fine-tuning

Internet-Scale Dataset

Pre-Training
+ Alignment

* Do not start from scratch
Foundation Model

‘ Instructions
\ Predictions /




Beyond Language: Vision Foundation Models

‘ Self-Supervised Learning
Embedding _
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Many Tasks!
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DinO VZ (from Meta Al)

https://arxiv.org/abs/2304.07193



https://arxiv.org/abs/2304.07193

World Models for Autonomy

https://research.zenseact.com/publications/neurad/
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https://research.zenseact.com/publications/neurad/

World Models for Autonomy

https://research.zenseact.com/publications/neurad/
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https://research.zenseact.com/publications/neurad/

Real Systems have Complex Requirements

eep learning to optimize the design,
manufacturing and operation of our aircrafts. But | need
some guarantees.”

— an Aerospace Director while visiting Caltech
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The First Key to Scaling Al is to Let it Scale!

o Large Model
Training

Analyze Failures

Add More Data
Distilling
Small
Model



http://drive.google.com/file/d/1ZDJ73-sKajJCOXclHpCTnLmnwAmXd_b2/view
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Tony Zhang

CEO
Google X Al Lead
Caltech Neuro-Al PhD
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S Tera Al

Pure-software, cross-platform localization

3 foundation models work in tandem

to achieve zero-shot generalization across terrains and robots — on edge

System 2 System 3
View-Invariant Global
Map-Matcher Geoguessr

System 1
Deep SLAM
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Localization & Mapping from Monocular Camera

Trajectory Comparison with Error Visualization
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Example for Autonomous System
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Autonomous System

| certificate |

The Seean- - - |
Kﬁi;/Can use Al to help optimize any aspect!

on

System-Level 1
Design

— System Programming

< Library Design .
< Learning signal

(satisfy certificates) Abstractions &
Certificates

< End-to-End Learning

Component-Level

Design — Deduce what can be
certified
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MLNav: Learning-Augmented ol ]
Rover Navigation shreyansh  Hiro  Nell

Daftry Ono Abcouwer

MLNav: Learning to Navigate on Martian Terrains, Shreyansh Daftry et al., R-AL 2022



VILNav: Learning-Augmented
Rover Navigation
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Stable and Robust Adaptive Control
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Frontier of Al: Self-Improving Agents
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Example: Hypothesis Discovery

Symbolic Regression Example from Miles Cranmer

c. PySR. Miles Cranmer



Ongoing: Discovering New Empirical Laws

ML Problem: discovering non-linear
data transformations

Discovered Law
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Cosmology Problem: How does the
distribution of matter in galaxies
change as they age?



Frontier of Al: Multi-Modal Reasoning

Generate an image of a yellow ball, a
blue ball, and a red ball.

The yellow in the front and to the left of
a blue ball, from the perspective of the
camera viewpoint. The red ball should
between the other two.

The yellow ball should be twice the size
of the blue ball by volume. The red ball
should half the size of the blue ball by
volume.




Spatial & Visual Reasoning is Important!

Scientific Analysis & Discovery Autonomy



Zigi Ma

Find3D

Demo:
https://zigi-ma.github.io/find3dsite/



https://ziqi-ma.github.io/find3dsite/
https://ziqi-ma.github.io/find3dsite/
https://ziqi-ma.github.io/find3dsite/

Input Existing Method Find3D Input Existing Method Find3D
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Key Challenge: Data Engine

* We have no training data!

* Especially for things in 3D!



Gemini
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Data Flywheels are Powerful

Inference Inference

Modeling

Modeling

Data DE:




Sensing Systems

Automatically Exploring Massive Hypothesis Spaces

Example: Black Hole Video Reconstruction
(w/ Katie Bouman)

Al Powered
Imaging System

Ground Truth Observations Reconstruction




Foundation Models for Science

/ Training Data \ Bayesian
Training Inverse Problems
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InverseBench

Full waveform inversion

Navier-Stokes equation

Linear inverse scattering Compressed sensing MRI Black hole imaging
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https://devzhk.github.io/InverseBench/



https://devzhk.github.io/InverseBench/
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