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Prologue

Seek a scientific and theoretical foundation for Intelligence:

• what to learn? 

• how to learn? 

• why correct?   

“What I cannot create, I do not understand.”

-- Richard Feynman



Evolution of Life is Intelligence at work

Evolution of Life and Intelligence

“Just as the constant increase of entropy is the basic law of the universe, so it is the    

basic law of life to be ever more highly structured and to struggle against entropy.”

-- Vaclav Havel

Evolution of the Universe is Physics at work



550M Years

First Brain

First life form with a brain 

(Nematode)

The Cambrian period

500M Years

Cambrian Period

Explosion of Lives

A Brief History of Intelligence, Max Bennett, 2023

40B Years

First DNA

DNA appeared near 

some volcano in the 

ocean

3.5B Years

First Life Form

Common ancestor 

of all lives: LUCA”

Emergence of Brain & Senses

Individual Models: Memory

Learn from Feedback

From the first DNA to the emergence of life with Brain: 3.6 Billion Years

From the first Brain to the explosion of lives in the Cambrian period: 50 Million Years

DNAs: Pretrained “Large Models”

Random Mutation & Natural Selection

Reinforcement Learning

Evolution of Life and Intelligence: From DNA to Brain



3.7B years ago

Life begins

500M years ago 

Cambrian period
400M years ago

fish

360M years ago

amphibian
250M years ago 

reptile

200M years ago 

bird and mammal

310T years ago 

neanderthal

Phylogenetic Intelligence: DNA inheritance,  

random mutation, and natural selection 

Ontogenetic Intelligence: Individual memory, 

perception & feedback, and error correction.

Evolution of Life and Intelligence: From Species to Individuals

Life depends on intelligence to continuously acquire more knowledge to better predict the world.

Emergence and evolution of life are mechanisms of intelligence at work!



Evolution of Intelligence: From Societal to Artificial Intelligence

310T years ago 

neanderthal 

Tools and 

group hunting

70T years ago

Societal intelligence

Languages

Information sharing

3500 BC

written language

Knowledge 

accumulation

14-18th Century 

Renaissance

Science

Hypothesis Testing

The 1940s

Machine Intelligence

Computing machines

600-300 BC

Scientific Intelligence

Abstraction, formal 

logic, and mathematics

Emergence and evolution of life are mechanisms of intelligence at work!

Life depends on intelligence to continuously acquire more knowledge to better predict the world.

Societal Intelligence: Languages and texts,  

empirical knowledge, trial and error 

Artificial Intelligence: Scientific facts, 

theorize, hypothesis testing & falsification.



True Origin of Machine Intelligence (the magic era!)

1940s, people started to make machines imitate intelligence (of animals).

• 1948, Cybernetics & System Theory, Nobert Wiener

• 1943, Artificial Neural Networks, Warren McCulloch and Walter Pitts

• 1948, Information Theory, Claude Shannon

• 1944, Game Theory, John von Neumann

• 1940’s, Turing Machine and Turing Test, Alan Turing

Perceive

(encode)

Predict

(decode)

Learn memory



Artificial Neurons and Neural Networks: Learn from Nature

Warren McCulloch & Walter Pitts 1948

Golgi and Cajal 1888 (1901 Nobel Prize) Hubel and Wiesel 1959 (1981 Nobel Prize)

Fukushima 1980 & LeCun 1989 (Turing Award)



How to measure information in a distribution with a low-dimensional support? 

Learning Deep Representations of Low-Dim Distributions

Construct a finite codebook by packing the support of the distribution with 𝜖-balls.

rate distortion
𝑅 𝒙, 𝜖 = min

𝔼||ෝ𝒙−𝒙||≤𝜖
ℎ ෝ𝒙 − ℎ(ෝ𝒙 ∣ 𝒙)

Differential entropy
ℎ 𝒙 = −∞

Volume
vol 𝒙 = 0

Dimension
dim 𝒙 = 0



How to self-learn a more consistent representation, continuously?

Towards Autonomous Intelligence (AI 2.0)

In nature, all intelligent systems learn from closed-loop feedback! (Cybernetics) 

Self-Consistency: Closed-Loop Feedback and Self-Crit iquing Game

Self-Consistency: Closed-Loop Feedback and Game

f is both an encoder and sensor; and g is both a decoder and controller.

They form a closed-loop system for feedback and game:

A closed-loop notion of “ self-consistency” between Z and Ẑ is achieved

by a self-crit iquing game between the sensor f and the generator g:

D(X , X̂ )
.
= max

✓
min
⌘

kX

j = 1

∆ R f (X j ,✓)
| {z }

Z j (✓)

, f (g(f (X j ,✓),⌘),✓)
| {z }

Ẑ j (✓,⌘)

. (29)
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𝒆 = ෝ𝒙(𝒛) − 𝒙

𝑝 𝒙 𝑝 𝒛

ෝ𝒙 ∼ 𝑝(𝒙 ∣ 𝒛)

𝒆 = ො𝒛 − 𝒛

𝑝𝑡+1 𝒙𝑝𝑡 𝒙
Improve?



Towards AI 2.0: Close the Loop via Minimax Game

Closed-loop systems learnt via minimax game do not forget catastrophically!
Empirical Verificat ion

Unsupervised Learning via Closed-Loop Transcription

Unsupervised Learning of Structured Memory: one sample at a time11

max
✓

min
⌘

R(Z ) + ∆ R(Z , Ẑ ) (33)

subject to
X

i 2 N

∆ R(z i , ẑ i ) = 0, and
X

i 2 N

∆ R(z i , z i
a) = 0.

11Unsupervised Learning of Structured Representations via Closed-Loop Transcript ion,

S. Tong, Yann LeCun, and Yi Ma, arXiv:2210.16782, 2022.
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Incremental Learning via Closed-Loop [TDWLY+Ma, ICLR 2023]



Towards AI 2.0: Time to Learn from Nature Again?

Similar characteristics and mechanisms are ubiquitous in nature! 

Empirical Verificat ion

Structured Memory in Nature

• Sparse coding in visual cortex (Olshausen, Nature 1996) 12.

• Subspace embedding (Tsao, Cell 2017, Nature 2020).13

• Predictive coding in visual cortex (Rao, Nature Neuroscience 1999).

sparse coding in visual cortex
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12Figure from Bruno Olshausen of Neuroscience Dept., UC Berkeley.
13Figures from Doris Tsao of Neuroscience Dept., UC Berkeley
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Ma+TS, FITEE 2022

A position paper about Intelligence in 2022:

Towards AI 2.0 (Neural Science)



● Parsimony: what’s in neuroscience to verify this principle?

● Self-consistency: what’s in neuroscience to verify this principle?

● Forward optimization versus backward propagat ion?

● Closed-loop versus open-loop?

● Self-correcting or self-improving mechanisms?

Towards AI 2.0 (Neural Science)



To understand intelligence, one must understand computational complexity: 

Incomputable ⟹ computable  ⟹ tractable ⟹ scallable ⟹ natural

Kolmogorov

complexity

Turing & Shannon NP vs P Closed-loop 

& feedback?
DNN & BP

Towards AI 2.0: How to Implement (Computer Science)

End to end open loop systems



Towards AI 2.0: Time to Learn from Nature Again?

Parallel, distributed, hierarchical 

autoencoders efficiently learn 

knowledge of the external world.

Closed-loop Transcription

Closed-loop transcription 

is a basic unit for autonomously 

learn consistent knowledge.

Neural networks are nature’s 

optimization algorithms that

maximize information gain.

A unified purpose of intelligence: maximize “information gain” with every unit, at every stage!



What is Intelligence?

Definition [Intelligence]: an intelligent system is one that has the mechanisms

for self-correcting and self-improving its existing knowledge (or information).

Who has intelligence, 

who has knowledge?
vs

Any system without such mechanisms, however large, does not have any intelligence! 



Evolution of Intelligence in Nature: Four Stages

Intelligence is all about how to encode and improve information for better prediction of the world!

Phylogenetic Ontogenetic Societal Artificial



A quote from the 1956 Dartmouth proposal: “An attempt will be made to find

how to make machines use language, form abstractions and concepts, solve

kinds of problems now reserved for humans, and improve themselves”.

Today’s “Artificial Intelligence” is not that Artificial Intelligence!

• Signal processing

• Information Rep. 

• Prediction

• Error correction

• Optimal control

• Game theory

• Abstraction

• Logic deduction

• Causality

• Hypothesis 

forming & testing

• Problem solving

• Denoising

• Compression

• Object recognition

• Image generation

• Text generation

• Reinforce learning

1940s

(animal intelligence)

1956

(unique to human)

Today’s AI

(animal or human?)



Scientific Tests for Intelligence?

• Memorize: simply having memorized a large amount of knowledge-carrying data and regenerating them;

• Self-Learn: being able to autonomously and continuously develop better knowledge from new observations;

• Understand: having truly understood existing knowledge and knowing how to deduce and apply it correctly;

• Theorize: being able to generate new scientific hypotheses and mathematical theories and verify them.

How to scientifically certify different types of ability of an “self-claimed intelligent” system: 

humanmachine

Turing Test
Artificial Intelligence

Reinforced 

or 

Self-learn?

animalmachine

Wiener Test
Intelligence

scientistmachine

Hallucinate

or

Theorize

Popper Test
Artificial Scientist

Bayesian

or

Deduction?



Epilogue

Seek a scientific and theoretical foundation for Intelligence:

• what to learn? parsimony

• how to learn?  compression

• why correct?   consistency

“Everything should be made as simple as possible, 

but not any simpler.”

-- Albert Einstein



Epilogue A new open-source online textbook!

https://ma-lab-berkeley.github.io/deep-representation-learning-book/

https://ma-lab-berkeley.github.io/deep-

representation-learning-book/ 
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Pursuing the Nature of Intell igence

Thanks
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