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A recent Dutch study showed that AI diagnosis of 
prostate cancer using MRI was as good as that of 
human radiologists

AI diagnosis - prostate cancer

Source: Litjens et al 2015, Eur Radiol. 25, 3187–3199, http://tinyurl.com/prostate-ai 



A recent Stanford study showed 
that AI could diagnose lung cancer 
using microscope images even 
better than human pathologists

AI diagnosis - lung cancer

Source: Snyder et al 2016, http://tinyurl.com/lungcancer-ai



A recent Google DeepMind study 
showed that AI could diagnose 50 
retinal diseases from optical 
coherence tomography as human 
optalmologists

AI diagnosis - blindness

Source: De Fauw et al 2018, Nature Medicine, 24, 1342–1350



Input amino acid sequence:  
TDELLERLRQLFEELHERGTEIVVEVHINGERDEIRVRNISKEELKKLLERIREKIEREGSSEVEVNVHSGGQTWTFNEK

Protein shape predicted by AlphaFold: 
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Total parameters: 867488

First kernel on the first layer (0.03% parameters):



Total parameters: 867488

First kernel on the first layer (0.03% parameters):

INTELLIGIBLE 
INTELLIGENCE

Preferable:



Total parameters: 867488

First kernel on the first layer (0.03% parameters):

The power of deep learning comes 
not from inscrutability 

but from differentiability

Claim:



Our focus: Intelligible Intelligence

Model we can
understand

Inscrutable
black box model

Data
Neural

network
Our

focus



Our focus: Intelligible Intelligence

Today I'll discuss auto-discovery of
✦ equations (symbolic regression)
✦ conserved quantities
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Our focus: Intelligible Intelligence

Today I'll discuss auto-discovery of
✦ equations (symbolic regression)
✦ useful degrees of freedom ("pregression")
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Regression



AI Feynman 2.0: Pareto-optimal symbolic regression exploiting graph modularity

Institute for Artificial Intelligence  
and Fundamental Interactions

(Accepted to NeurIPS 2020)



symbolic formuladata table

AI Feynman 2.0: Pareto-optimal symbolic regression exploiting graph modularity

What's this?



symbolic formuladata table

AI Feynman 2.0: Pareto-optimal symbolic regression exploiting graph modularity

What's this?

𝑟 =
𝑎(1 − 𝑒2)

1 + 𝑒 cos(𝜃1 − 𝜃2)
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Use neural network fit to recursively discover simplifying properties & break problem into simpler ones:
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Use neural network fit to recursively discover simplifying properties & break problem into simpler ones:
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AI Feynman 2.0: Pareto-optimal symbolic regression exploiting graph modularity
Divide & conquer!



 
𝐺𝑚1𝑚2

(𝑥2 − 𝑥1)2 + (𝑦2 − 𝑦1)2 + (𝑧2 − 𝑧1)2

𝑚2

𝑚1

( 𝑥2

𝑥1
− 1)

2
+ ( 𝑦2

𝑥1
− 𝑦1

𝑥1
)
2

+ ( 𝑧2

𝑥1
− 𝑧1

𝑥1
)
2  

𝐺𝑚2
1

𝑥2
1

𝑎
(𝑏 − 1)2 + (𝑐 − 𝑑)2 + (𝑒 − 𝑓 )2

Dimensional Analysis
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𝐺𝑚1𝑚2

(𝑥2 − 𝑥1)2 + (𝑦2 − 𝑦1)2 + (𝑧2 − 𝑧1)2

𝑚2

𝑚1

( 𝑥2

𝑥1
− 1)

2
+ ( 𝑦2

𝑥1
− 𝑦1

𝑥1
)
2

+ ( 𝑧2

𝑥1
− 𝑧1

𝑥1
)
2  

𝐺𝑚2
1

𝑥2
1

𝑎
(𝑏 − 1)2 + (𝑐 − 𝑑)2 + (𝑒 − 𝑓 )2

𝑎
(𝑏 − 1)2 + 𝑔2 + (𝑒 − 𝑓 )2

𝑎
(𝑏 − 1)2 + 𝑔2 + h2

Dimensional Analysis

Translational Symmetry 
(c-d g)→Translational Symmetry 

(e-f )→ h

46

=
Translational symmetry

–
e f

h =
Translational symmetry

–
c d

g



 
𝐺𝑚1𝑚2

(𝑥2 − 𝑥1)2 + (𝑦2 − 𝑦1)2 + (𝑧2 − 𝑧1)2

𝑚2

𝑚1

( 𝑥2
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2
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)
2
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− 𝑧1
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)
2  
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1

𝑥2
1

𝑎
(𝑏 − 1)2 + (𝑐 − 𝑑)2 + (𝑒 − 𝑓 )2

𝑎
(𝑏 − 1)2 + 𝑔2 + (𝑒 − 𝑓 )2

𝑎
(𝑏 − 1)2 + 𝑔2 + h2
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1
(𝑏 − 1)2 + 𝑔2 + h2

Dimensional Analysis
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(c-d g)→Translational Symmetry 

(e-f )→ h
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1
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Dimensional Analysis

Translational Symmetry 
(c-d g)→Translational Symmetry 

(e-f )→ h

Multiplicative 
Separability

(𝑏 − 1)2 + 𝑔2 + h2

48



=
Simple symmetry (scaling, etc.)

÷
or ×, +, – 

=
Additive separability

+

=
Multiplicative separability
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AI Feynman 2.0: Pareto-optimal symbolic regression exploiting graph modularity

Ray SolomonoffWilliam of Occam



Ray Solomonoff:  
rigoroius but  

too hard to compute

William of Occam: 
too vague to code up

Our compromise: 
quantitative & fast to compute

Complexity definitions:



Benchmarks for numerical experiments:
✦ 100 most famous/complicated equations from Feynman Lectures on Physics 

𝑚 =  
𝑚0

1 − 𝑣2

𝑐2

F =
𝐺𝑚1𝑚2

(𝑥1 − 𝑥2)2 + (𝑦1 − 𝑦2)2 + (𝑧1 − 𝑧2)2

𝑓 =
𝑒− (𝑥 − 𝜇)2

2𝜎2

2𝜋𝜎2
𝐾 =

1
2

𝑚(𝑣2 + 𝑢2 + 𝑤2)

𝑟 =
𝑚1𝑟1 + 𝑚2𝑟2

𝑚1 + 𝑚2

𝐿 = 𝑚𝑟𝑣sin𝜃 

𝑥 = 𝑥2
1 + 𝑥2

2 − 2𝑥1𝑥2cos(𝜃1 − 𝜃2)  

𝑃 =
𝑛𝑘𝑏𝑇

𝑉
𝐿 =

ℏ𝜔3

𝜋2𝑐2(𝑒ℏ𝜔/𝑘𝑏𝑇 − 1)𝑥 = 𝑥1(cos(𝜔𝑡) + 𝛼cos(𝜔𝑡)2)

𝐸 =
3

4𝜋𝜖
𝑝𝑧
𝑟5

𝑥2 + 𝑦2

𝑃 =
𝑛𝛼

1 − 𝑛𝛼
3

𝜖𝐸

𝑃 =
𝑝𝐸
ℏ

sin( (𝜔 − 𝜔0)𝑡

2 )
2

( (𝜔 − 𝜔0 )
2 )

2

 

𝐸 = 2𝑈(1 − cos𝑘𝑑)

Examples:



Benchmarks for numerical experiments:
✦ 100 most famous/complicated equations from Feynman Lectures on Physics 
✦  20 harder equations from graduate physics books  

𝑑𝜎
𝑑Ω

=
𝑍1𝑍2𝛼ℏ𝑐

4𝐸sin2 𝜃
2  

2

1
𝑟

=
𝑚𝑘
𝐿2

1 + 1 +
2𝐸𝐿2

𝑚𝑘2
cos(𝜃1 − 𝜃2)

𝑟 =
𝑎(1 − 𝑒2)

1 + 𝑒 cos(𝜃1 − 𝜃2)𝑣 =
2
𝑚 (𝐸 − 𝑉 −

𝐿2

2𝑚𝑟2 )

𝑡 =
2𝜋𝑎

3
2

𝐺(𝑚1 + 𝑚2)

𝑃 = −
32
5

𝐺4

𝑐5
(𝑚1𝑚2)2(𝑚1 + 𝑚2)

𝑟5

𝜃0 = arccos(
cos𝜃𝑠 − 𝑣

𝑐

1 − 𝑣
𝑐 cos𝜃𝑠 )

𝐼 = 𝐼0

sin( 𝜙
2 )

𝜙
2

sin( 𝑁𝛿
2 )

sin( 𝛿
2 )

2

𝑉 = 𝐸cos𝜃(−𝑟 +
𝜖 − 1
𝜖 + 2

𝑎3

𝑟2 )𝜔′ =
1 − 𝑣2

𝑐2 𝜔

1 + 𝑣
𝑐 cos𝜃

𝐻 = (𝑝 − 𝑞𝐴)2𝑐2 + 𝑚2𝑐4 + 𝑞𝑉

𝜌0 = −
1

8𝜋𝐺 [ 𝑘
𝑅2

0
+ 𝐻2

0(1 − 2𝑞0)]

𝑑𝜎
𝑑cos𝜃

=
𝜋𝛼2ℏ2

𝑚2𝑐2 ( 𝜔′ 
𝜔 )

2

( 𝜔′ 
𝜔

+
𝜔
𝜔′ 

− sin2𝜃)



Benchmarks for numerical experiments:
✦ 100 most famous/complicated equations from Feynman Lectures on Physics 
✦  20 harder equations from graduate physics books 
✦  12 harder equations with generalized modularity  

Generalized symmetry,  
separability

Generalized symmetry

Generalized symmetry

Generalized symmetry,  
separability

Generalized symmetry,  
separability

Generalized symmetry, scaling symmetry, 
separability

Compositionality, 
generalized additivity

Examples:



Benchmarks for numerical experiments:
✦ 100 most famous/complicated equations from Feynman Lectures on Physics 
✦  20 harder equations from graduate physics books 
✦  12 harder equations with generalized modularity 
✦  10 probability distributions whose samples were converted to density estimates using normalizing flows 
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Schmidt & Lipson 2009 71% 15% 42% 60%

Udrescu & Tegmark 2020 100% 85% 42% 70%

This paper 100% 90% 100% 80%
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https://ai-feynman.readthedocs.io/en/latest/

How you 
can use 
this:

pip install aifeynman

Please email us about  
collaborating on analyzing your 

data or generalizing this to 
other domains!

tegmark@mit.edu

mailto:sudrescu@mit.edu


Our focus: Intelligible Intelligence

Model we can
understand

Inscrutable
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Data
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focus

Today I'll discuss auto-discovery of
✦ equations (symbolic regression)
✦ useful degrees of freedom ("pregression")
✦ conserved quantities



Pregression



arXiv:2005.11212

Silviu Marian-Udrescu



Cheating!
(Also Schmidt & Lipson 2009, Science, 324, 81)

Pregression
Symbolic
regression



Pregression
Symbolic
regression

Symbolic "pregression": 
auto-discovering the relevant variables too





Harder 
than you 
might think!
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William of Occam

How define simple?
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No acceleration in physical space Latent space – oops!

Principal component

Ei
ge

nv
al

ue

Magnetic field
2D harmonic oscillator

Gravitational field

No forces

1 2 543

Quartic
oscillator

Pregression
Symbolic
regression



Which affine transformation 

of this space makes the equations 
of motion maximally simple?
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Can ML discover new physics not put in by hand?

• Can ML discover new physics equations not put in by hand?
Yes!

• Can ML discover inertial frames not put in by hand?
Yes!
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Our focus: Intelligible Intelligence

Model we can
understand

Inscrutable
black box model

Data
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Today I'll discuss auto-discovery of
✦ equations (symbolic regression)
✦ useful degrees of freedom ("pregression")
✦ conserved quantities



AI Poincare



Ziming Liu



c = # of conserved quantities
n = phase space dimensionality 
d = state manifold dimensionality

c = n – d

Double pendulum (n = 4)

d = 2
c = 2 

d = 3
c = 1 

d = 1
c = 3 

d = 3
c = 1 



c = # of conserved quantities
n = of phase space dimensionality 
d = state manifold dimensionality

c = n – d

Illus-
tration

Model

(𝑑, 𝑘, 2𝑘𝑑,𝑚, 𝜖, 𝑁)

state

Conser
-vation

Law

Explained
Ratio

Diagram

Harmonic Oscillator Kepler Problem Double Pendulum Magnetic Mirror Three-Body Problem

(𝑥, �̇�) (𝑥, 𝑦, �̇�, �̇�) (𝜃1, 𝜃2, ̇𝜃1, ̇𝜃2) (𝜌, 𝑧, �̇�, �̇�) 𝑥𝑖, 𝑦𝑖, ̇𝑥𝑖 , ̇𝑦𝑖 i=1,2,3

Energy (1)
Energy (1), 

Runge-Lenz vector (1),
Angular momentum (1)

Energy (1) Energy (1)
Center of Mass (2), 

Momentum (2),
Energy (1),

Angular Momentum (1)

𝑥

𝑥

𝑦

𝜃1

𝜃2 𝑧

𝜌

𝑥

𝑦
(𝑥1, 𝑦1)

(𝑥2, 𝑦2) (𝑥3, 𝑦3)

(1,1,2,1,10−2, 103) (2,1,4,3,10−2, 105) (2,2,8,1,10−3, 106) (2,1,4,1,10−3, 105) (2,3,12,6,10−3, 2 × 105)

IC: (0,1) IC: (1.0,0,0,0.8) IC: (
2
,
2
, 0,0) IC: (0,0, 2, 2) IC:

𝑖 = 1: 300.13,100,35,0
𝑖 = 2: 300,200,−255,0
𝑖 = 3: (350,300,220,0)



Samples

Trajectory 
Data

PCA
Whitening

Walk

Pull

PCA

Explained 
Ratio

Diagram

Pre-
processing

M
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C
arlo

(a) (b)

(c)



Illustration

Model

(𝑑, 𝑘, 𝑁, 𝑛, 𝜖, 𝑠𝑡𝑒𝑝𝑠)

Conservation
Law

Explained
Ratio

Diagram

Harmonic Oscillator Kepler Problem Double Pendulum Magnetic Mirror Three-Body Problem

Energy (1)
Energy (1), 

Runge-Lenz vector (1),
Angular momentum (1)

Energy (1) Energy (1)
Center of Mass (2), 

Momentum (2), Energy (1),
Angular Momentum (1)

𝑥
𝑥

𝑦 𝜃1

𝜃2
𝑧

𝜌

𝑥

𝑦 (𝑥1, 𝑦1)(𝑥2, 𝑦2)

(𝑥3, 𝑦3)

(1,1,2,1,10 2, 103) (2,1,4,3,10 2, 10 ) (2,2,8,1,10 3, 106) (2,1,4,1,10 3, 10 ) (2,3,12,6,10 3, 2 × 10 )

State: 𝑥, �̇�
IC: (0,1)

State:(𝑥, 𝑦, �̇�, �̇�)
IC: (1.0,0,0,0.8)

State: (𝜃1, 𝜃2, ̇𝜃1, ̇𝜃2)
IC:     (

2
,
2
, 0, 0)

State:(𝜌, 𝑧, �̇�, �̇�)
IC:    (0, 0, 2, 2)

State: (𝑥1,𝑦1, ̇𝑥1, ̇𝑦1, 𝑥2,𝑦2,
̇𝑥2, ̇𝑦2, 𝑥3, 𝑦3, ̇𝑥3, ̇𝑦3)

IC: (300.13,100,35,0,300,200,
-255,0,350,300,220,0)

𝐿 𝐿 𝐿 𝐿 𝐿Harmonic Oscillator Double Pendulum Magnetic Mirror Three-Body ProblemKepler Problem



Harmonic Oscillator Double Pendulum Magnetic Mirror Three-Body ProblemKepler Problem



Illus-
tration

Model

(𝑑, 𝑘, 2𝑘𝑑,𝑚, 𝜖, 𝑁)

state

Conser
-vation

Law

Explained
Ratio

Diagram

Harmonic Oscillator Kepler Problem Double Pendulum Magnetic Mirror Three-Body Problem

(𝑥, �̇�) (𝑥, 𝑦, �̇�, �̇�) (𝜃1, 𝜃2, ̇𝜃1, ̇𝜃2) (𝜌, 𝑧, �̇�, �̇�) 𝑥𝑖, 𝑦𝑖, ̇𝑥𝑖 , ̇𝑦𝑖 i=1,2,3

Energy (1)
Energy (1), 

Runge-Lenz vector (1),
Angular momentum (1)

Energy (1) Energy (1)
Center of Mass (2), 

Momentum (2),
Energy (1),

Angular Momentum (1)

𝑥

𝑥

𝑦

𝜃1

𝜃2 𝑧

𝜌

𝑥

𝑦
(𝑥1, 𝑦1)

(𝑥2, 𝑦2) (𝑥3, 𝑦3)

(1,1,2,1,10−2, 103) (2,1,4,3,10−2, 105) (2,2,8,1,10−3, 106) (2,1,4,1,10−3, 105) (2,3,12,6,10−3, 2 × 105)

IC: (0,1) IC: (1.0,0,0,0.8) IC: (
2
,
2
, 0,0) IC: (0,0, 2, 2) IC:

𝑖 = 1: 300.13,100,35,0
𝑖 = 2: 300,200,−255,0
𝑖 = 3: (350,300,220,0)



Illus-
tration

Model

(𝑑, 𝑘, 2𝑘𝑑,𝑚, 𝜖, 𝑁)

state

Conser
-vation

Law

Explained
Ratio

Diagram

Harmonic Oscillator Kepler Problem Double Pendulum Magnetic Mirror Three-Body Problem

(𝑥, �̇�) (𝑥, 𝑦, �̇�, �̇�) (𝜃1, 𝜃2, ̇𝜃1, ̇𝜃2) (𝜌, 𝑧, �̇�, �̇�) 𝑥𝑖, 𝑦𝑖, ̇𝑥𝑖 , ̇𝑦𝑖 i=1,2,3

Energy (1)
Energy (1), 

Runge-Lenz vector (1),
Angular momentum (1)

Energy (1) Energy (1)
Center of Mass (2), 

Momentum (2),
Energy (1),

Angular Momentum (1)

𝑥

𝑥

𝑦

𝜃1

𝜃2 𝑧

𝜌

𝑥

𝑦
(𝑥1, 𝑦1)

(𝑥2, 𝑦2) (𝑥3, 𝑦3)

(1,1,2,1,10−2, 103) (2,1,4,3,10−2, 105) (2,2,8,1,10−3, 106) (2,1,4,1,10−3, 105) (2,3,12,6,10−3, 2 × 105)

IC: (0,1) IC: (1.0,0,0,0.8) IC: (
2
,
2
, 0,0) IC: (0,0, 2, 2) IC:

𝑖 = 1: 300.13,100,35,0
𝑖 = 2: 300,200,−255,0
𝑖 = 3: (350,300,220,0)



Double pendulum



Illus-
tration

Model

(𝑑, 𝑘, 2𝑘𝑑,𝑚, 𝜖, 𝑁)

state

Conser
-vation

Law

Explained
Ratio

Diagram

Harmonic Oscillator Kepler Problem Double Pendulum Magnetic Mirror Three-Body Problem

(𝑥, �̇�) (𝑥, 𝑦, �̇�, �̇�) (𝜃1, 𝜃2, ̇𝜃1, ̇𝜃2) (𝜌, 𝑧, �̇�, �̇�) 𝑥𝑖, 𝑦𝑖, ̇𝑥𝑖 , ̇𝑦𝑖 i=1,2,3

Energy (1)
Energy (1), 

Runge-Lenz vector (1),
Angular momentum (1)

Energy (1) Energy (1)
Center of Mass (2), 

Momentum (2),
Energy (1),

Angular Momentum (1)

𝑥

𝑥

𝑦

𝜃1

𝜃2 𝑧

𝜌

𝑥

𝑦
(𝑥1, 𝑦1)

(𝑥2, 𝑦2) (𝑥3, 𝑦3)

(1,1,2,1,10−2, 103) (2,1,4,3,10−2, 105) (2,2,8,1,10−3, 106) (2,1,4,1,10−3, 105) (2,3,12,6,10−3, 2 × 105)

IC: (0,1) IC: (1.0,0,0,0.8) IC: (
2
,
2
, 0,0) IC: (0,0, 2, 2) IC:

𝑖 = 1: 300.13,100,35,0
𝑖 = 2: 300,200,−255,0
𝑖 = 3: (350,300,220,0)



Manifold: 

Conservation 

𝑁𝑒𝑓𝑓(𝑀 ) = ∑
𝑖

𝐼(𝜆𝑖 >
𝜃
𝑛 ),  𝑛: total dimension,  𝜃 = 0.1

𝑁𝑒𝑓𝑓(𝐶) = 𝑛 − 𝑁𝑒𝑓𝑓(𝑀 )

𝐹(𝑟) =
𝐴

𝑟2+𝜀𝜖𝑡 = 1



Manifold: 

Conservation 

𝑁𝑒𝑓𝑓(𝑀 ) = ∑
𝑖

𝐼(𝜆𝑖 >
𝜃
𝑛 ),  𝑛: total dimension,  𝜃 = 0.1

𝑁𝑒𝑓𝑓(𝐶) = 𝑛 − 𝑁𝑒𝑓𝑓(𝑀 )

𝐻 =
1
2

 �̇�2 +
1
2

𝜌2 +
1
2

 �̇�2 +
1
2

𝑧2 + 𝑘 𝜌2𝑧2

Note: Amount of time is fixed.
: amplitude in  direction𝐴𝜌 𝜌

𝐴2
𝜌𝑘 = 1



Illus-
tration

Model

(𝑑, 𝑘, 2𝑘𝑑,𝑚, 𝜖, 𝑁)

state

Conser
-vation

Law

Explained
Ratio

Diagram

Harmonic Oscillator Kepler Problem Double Pendulum Magnetic Mirror Three-Body Problem

(𝑥, �̇�) (𝑥, 𝑦, �̇�, �̇�) (𝜃1, 𝜃2, ̇𝜃1, ̇𝜃2) (𝜌, 𝑧, �̇�, �̇�) 𝑥𝑖, 𝑦𝑖, ̇𝑥𝑖 , ̇𝑦𝑖 i=1,2,3

Energy (1)
Energy (1), 

Runge-Lenz vector (1),
Angular momentum (1)

Energy (1) Energy (1)
Center of Mass (2), 

Momentum (2),
Energy (1),

Angular Momentum (1)

𝑥

𝑥

𝑦

𝜃1

𝜃2 𝑧

𝜌

𝑥

𝑦
(𝑥1, 𝑦1)

(𝑥2, 𝑦2) (𝑥3, 𝑦3)

(1,1,2,1,10−2, 103) (2,1,4,3,10−2, 105) (2,2,8,1,10−3, 106) (2,1,4,1,10−3, 105) (2,3,12,6,10−3, 2 × 105)

IC: (0,1) IC: (1.0,0,0,0.8) IC: (
2
,
2
, 0,0) IC: (0,0, 2, 2) IC:

𝑖 = 1: 300.13,100,35,0
𝑖 = 2: 300,200,−255,0
𝑖 = 3: (350,300,220,0)



Illus-
tration

Model

(𝑑, 𝑘, 2𝑘𝑑,𝑚, 𝜖, 𝑁)

state

Conser
-vation

Law

Explained
Ratio

Diagram

Harmonic Oscillator Kepler Problem Double Pendulum Magnetic Mirror Three-Body Problem

(𝑥, �̇�) (𝑥, 𝑦, �̇�, �̇�) (𝜃1, 𝜃2, ̇𝜃1, ̇𝜃2) (𝜌, 𝑧, �̇�, �̇�) 𝑥𝑖, 𝑦𝑖, ̇𝑥𝑖 , ̇𝑦𝑖 i=1,2,3

Energy (1)
Energy (1), 

Runge-Lenz vector (1),
Angular momentum (1)

Energy (1) Energy (1)
Center of Mass (2), 

Momentum (2),
Energy (1),

Angular Momentum (1)

𝑥

𝑥

𝑦

𝜃1

𝜃2 𝑧

𝜌

𝑥

𝑦
(𝑥1, 𝑦1)

(𝑥2, 𝑦2) (𝑥3, 𝑦3)

(1,1,2,1,10−2, 103) (2,1,4,3,10−2, 105) (2,2,8,1,10−3, 106) (2,1,4,1,10−3, 105) (2,3,12,6,10−3, 2 × 105)

IC: (0,1) IC: (1.0,0,0,0.8) IC: (
2
,
2
, 0,0) IC: (0,0, 2, 2) IC:

𝑖 = 1: 300.13,100,35,0
𝑖 = 2: 300,200,−255,0
𝑖 = 3: (350,300,220,0)



Our focus: Intelligible Intelligence

Today I'll discuss auto-discovery of
✦ equations (symbolic regression)
✦ useful degrees of freedom ("pregression")
✦ conserved quantities

Model we can
understand

Inscrutable
black box model

Data
Neural

network
Our

focus



Pregression AI FeynmanOriginal Warped
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Summary:

Got fun data we can  
try this on? 


