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What is machine learning?

Machine learning
Machine learning is a field of computer science that often uses statistical techniques to give computers the ability to
"learn" (i.e., progressively improve performance on a specific task) with data, without being explicitly programmed.[1]

The name machine learning was coined in 1959 by Arthur Samuel.[2] Evolved from the study of pattern recognition
and computational learning theory in artificial intelligence,[3] machine learning explores the study and construction of
algorithms that can learn from and make predictions on data[4] – such algorithms overcome following strictly static
program instructions by making data-driven predictions or decisions,[5]:2 through building a model from sample
inputs. Machine learning is employed in a range of computing tasks where designing and programming explicit
algorithms with good performance is difficult or infeasible; example applications include email filtering, detection of
network intruders or malicious insiders working towards a data breach,[6] optical character recognition (OCR),[7]

learning to rank, and computer vision.

Machine learning is closely related to (and often overlaps with) computational statistics, which also focuses on
prediction-making through the use of computers. It has strong ties to mathematical optimization, which delivers
methods, theory and application domains to the field. Machine learning is sometimes conflated with data mining,[8]

where the latter subfield focuses more on exploratory data analysis and is known as unsupervised learning.[5]:vii[9]

Machine learning can also be unsupervised[10] and be used to learn and establish baseline behavioral profiles for
various entities[11] and then used to find meaningful anomalies.

Within the field of data analytics, machine learning is a method used to devise complex models and algorithms that
lend themselves to prediction; in commercial use, this is known as predictive analytics. These analytical models allow
researchers, data scientists, engineers, and analysts to "produce reliable, repeatable decisions and results" and
uncover "hidden insights" through learning from historical relationships and trends in the data.[12]
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AI winter
In the history of artificial intelligence, an AI winter is a period of
reduced funding and interest in artificial intelligence research.[1] The
term was coined by analogy to the idea of a nuclear winter.[2] The field
has experienced several hype cycles, followed by disappointment and
criticism, followed by funding cuts, followed by renewed interest years or
decades later.

The term first appeared in 1984 as the topic of a public debate at the
annual meeting of AAAI (then called the "American Association of
Artificial Intelligence"). It is a chain reaction that begins with pessimism
in the AI community, followed by pessimism in the press, followed by a
severe cutback in funding, followed by the end of serious research.[2] At
the meeting, Roger Schank and Marvin Minsky—two leading AI
researchers who had survived the "winter" of the 1970s—warned the
business community that enthusiasm for AI had spiraled out of control in
the '80s and that disappointment would certainly follow. Three years
later, the billion-dollar AI industry began to collapse.[2]

Hypes are common in many emerging technologies, such as the railway
mania or the dot-com bubble. The AI winter is primarily a collapse in the
perception of AI by government bureaucrats and venture capitalists.
Despite the rise and fall of AI's reputation, it has continued to develop
new and successful technologies. AI researcher Rodney Brooks would
complain in 2002 that "there's this stupid myth out there that AI has
failed, but AI is around you every second of the day."[3] In 2005, Ray
Kurzweil agreed: "Many observers still think that the AI winter was the
end of the story and that nothing since has come of the AI field. Yet today
many thousands of AI applications are deeply embedded in the
infrastructure of every industry."[4]

Enthusiasm and optimism about AI has gradually increased since its low
point in 1990, and by the 2010s artificial intelligence (and especially the
sub-field of machine learning) became widely used and well-funded. As
Ray Kurzweil writes: "the AI winter is long since over."[5]

Overview
Early episodes

Machine translation and the ALPAC report of 1966
The abandonment of connectionism in 1969

The setbacks of 1974

Contents



1987-93
Second “AI winter”

2006 – present

Modern “deep” learning



1987-93
Second “AI winter”

2006 – present

Modern “deep” learning



Interest over time ! " #$

Average ​Jan 1, 2004​ ​Apr 1, 2010​ ​Jul 1, 2016​

25

50

75

100

Note

Interest by region ! " #$

Arti%cial Intelligence
Search term

Machine Learning
Search term

Deep Learning
Search term

•

•

•

2004 - present ▼ Web Search ▼Worldwide ▼ All categories ▼

Compare Trends

Arti%cial Intelligence
Search term

Machine Learning
Search term

Deep Learning
Search term

•

•

•

2004 - present ▼ Web Search ▼Worldwide ▼ All categories ▼

Compare Trends

Arti%cial Intelligence
Search term

Machine Learning
Search term

Deep Learning
Search term

•

•

•

2004 - present ▼ Web Search ▼Worldwide ▼ All categories ▼

Compare Trends



Interest over time ! " #$

Average ​Jan 1, 2004​ ​Apr 1, 2010​ ​Jul 1, 2016​

25

50

75

100

Note

Interest by region ! " #$

Arti%cial Intelligence
Search term

Machine Learning
Search term

Deep Learning
Search term

•

•

•

2004 - present ▼ Web Search ▼Worldwide ▼ All categories ▼

Compare Trends

Arti%cial Intelligence
Search term

Machine Learning
Search term

Deep Learning
Search term

•

•

•

2004 - present ▼ Web Search ▼Worldwide ▼ All categories ▼

Compare Trends

Arti%cial Intelligence
Search term

Machine Learning
Search term

Deep Learning
Search term

•

•

•

2004 - present ▼ Web Search ▼Worldwide ▼ All categories ▼

Compare Trends

Machine learning 

is driven by deep 

learning (and 
more data)



Average ​Jan 1, 2004​ ​Apr 1, 2010​ ​Jul 1, 2016​

25

50

75

100

Note

Interest by region ! " #$

Interest over time ! " #$

Average ​Jan 1, 2004​ ​Apr 1, 2010​ ​Jul 1, 2016​

25

50

75

100

Note

Interest by region ! " #$

Arti%cial Intelligence
Search term

Machine Learning
Search term

Deep Learning
Search term

•

•

•

2004 - present ▼ Web Search ▼Worldwide ▼ All categories ▼

Compare Trends

Arti%cial Intelligence
Search term

Machine Learning
Search term

Deep Learning
Search term

•

•

•

2004 - present ▼ Web Search ▼Worldwide ▼ All categories ▼

Compare Trends

Arti%cial Intelligence
Search term

Machine Learning
Search term

Deep Learning
Search term

•

•

•

2004 - present ▼ Web Search ▼Worldwide ▼ All categories ▼

Compare Trends

Arti%cial Intelligence
Search term

Machine Learning
Search term

Deep Learning
Search term

•

•

•

2004 - present ▼ Web Search ▼Worldwide ▼ All categories ▼

Compare Trends

Quantum Computing
Search term

Machine Learning
Search term

 Add comparison

•

•

2004 - present ▼ Web Search ▼Worldwide ▼ All categories ▼

Interest over time ! " #$

Compare Trends

Machine learning 

is driven by deep 

learning (and 
more data)



Average ​Jan 1, 2004​ ​Apr 1, 2010​ ​Jul 1, 2016​

25

50

75

100

Note

Interest by region ! " #$

Interest over time ! " #$

Average ​Jan 1, 2004​ ​Apr 1, 2010​ ​Jul 1, 2016​

25

50

75

100

Note

Interest by region ! " #$

Arti%cial Intelligence
Search term

Machine Learning
Search term

Deep Learning
Search term

•

•

•

2004 - present ▼ Web Search ▼Worldwide ▼ All categories ▼

Compare Trends

Arti%cial Intelligence
Search term

Machine Learning
Search term

Deep Learning
Search term

•

•

•

2004 - present ▼ Web Search ▼Worldwide ▼ All categories ▼

Compare Trends

Arti%cial Intelligence
Search term

Machine Learning
Search term

Deep Learning
Search term

•

•

•

2004 - present ▼ Web Search ▼Worldwide ▼ All categories ▼

Compare Trends

Arti%cial Intelligence
Search term

Machine Learning
Search term

Deep Learning
Search term

•

•

•

2004 - present ▼ Web Search ▼Worldwide ▼ All categories ▼

Compare Trends

Quantum Computing
Search term

Machine Learning
Search term

 Add comparison

•

•

2004 - present ▼ Web Search ▼Worldwide ▼ All categories ▼

Interest over time ! " #$

Compare Trends

Machine learning 

is driven by deep 

learning (and 
more data)



Average ​Jan 1, 2004​ ​Apr 1, 2010​ ​Jul 1, 2016​

25

50

75

100

Note

Interest by region ! " #$

Interest over time ! " #$

Average ​Jan 1, 2004​ ​Apr 1, 2010​ ​Jul 1, 2016​

25

50

75

100

Note

Interest by region ! " #$

Arti%cial Intelligence
Search term

Machine Learning
Search term

Deep Learning
Search term

•

•

•

2004 - present ▼ Web Search ▼Worldwide ▼ All categories ▼

Compare Trends

Arti%cial Intelligence
Search term

Machine Learning
Search term

Deep Learning
Search term

•

•

•

2004 - present ▼ Web Search ▼Worldwide ▼ All categories ▼

Compare Trends

Arti%cial Intelligence
Search term

Machine Learning
Search term

Deep Learning
Search term

•

•

•

2004 - present ▼ Web Search ▼Worldwide ▼ All categories ▼

Compare Trends

Arti%cial Intelligence
Search term

Machine Learning
Search term

Deep Learning
Search term

•

•

•

2004 - present ▼ Web Search ▼Worldwide ▼ All categories ▼

Compare Trends

Quantum Computing
Search term

Machine Learning
Search term

 Add comparison

•

•

2004 - present ▼ Web Search ▼Worldwide ▼ All categories ▼

Interest over time ! " #$

Compare Trends

Machine learning 

is driven by deep 

learning (and 
more data)



Supervised 
learning

Unsupervised 
learning

Reinforcement 
learning

Semi-supervised 
learning

Data / input from:

Human

Machine

Augmented 
supervised 

learning

In
sp

ire
d

by
 L

ex
 F

rid
m

an
, M

IT

Different types of learning tasks
Entering the zoo of ML algorithms

Human

Machine

Human

Machine

Human

Machine



Supervised 
learning

Unsupervised 
learning

Reinforcement 
learning

Semi-supervised 
learning

Data / input from:

Human

Machine

Augmented 
supervised 

learning

In
sp

ire
d

by
 L

ex
 F

rid
m

an
, M

IT

Current 
successes

Current / near-
term future 
successes

Longer-term future 
successes

Different types of learning tasks
Entering the zoo of ML algorithms

Human

Machine

Human

Machine

Human

Machine



Linear regression,
polynomial regression,

lasso regression,
ridge regression,

etc.

Principal components 
analysis (PCA),
singular value 
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k-means,
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Logistic regression,
support vector machines (SVMs),

k-nearest neighbors,
decision trees,

random forests,
etc.
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The deep learning jungle

Convolutional neural networks 
(CNN),

Recurrent neural networks 
(RNN),

Long short-term memory 
(LSTM),

Restricted Boltzmann machines 
(RBM),

etc.

Many types of neural networks

Deep learning
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Building blocks: artificial neurons
Deep learning Vaguely inspired by the brain

w 2x2

w 0x0

w 1x1

x0

x1

x2

fA(z)

Weigh

jw jxj

+ b ≡ z

Sum/bias Activate



Combine neurons into layers
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sometimes comical) but nowhere near 
as good as a smooth human translation. 
“Deep learning will have a chance to do 
something much better than the cur-
rent practice here,” says crowd-sourcing 
expert Luis von Ahn, whose company 
Duolingo, based in Pittsburgh, Penn-
sylvania, relies on humans, not com-
puters, to translate text. “The one thing 
everyone agrees on is that it’s time to try 
something different.” 

DEEP SCIENCE
In the meantime, deep learning has 
been proving useful for a variety of 
scientific tasks. “Deep nets are really 
good at finding patterns in data sets,” 
says Hinton. In 2012, the pharmaceuti-
cal company Merck offered a prize to 
whoever could beat its best programs 
for helping to predict useful drug can-
didates. The task was to trawl through 
database entries on more than 30,000 
small molecules, each of which had 
thousands of numerical chemical-prop-
erty descriptors, and to try to predict 
how each one acted on 15 different tar-
get molecules. Dahl and his colleagues 
won $22,000 with a deep-learning sys-
tem. “We improved on Merck’s baseline 
by about 15%,” he says.

Biologists and computational 
researchers including Sebastian Seung 
of the Massachusetts Institute of Tech-
nology in Cambridge are using deep 
learning to help them to analyse three-
dimensional images of brain slices. Such 
images contain a tangle of lines that rep-
resent the connections between neu-
rons; these need to be identified so they can be 
mapped and counted. In the past, undergradu-
ates have been enlisted to trace out the lines, 
but automating the process is the only way to 
deal with the billions of connections that are 
expected to turn up as such projects continue. 
Deep learning seems to be the best way to auto-
mate. Seung is currently using a deep-learning 
program to map neurons in a large chunk of the 
retina, then forwarding the results to be proof-
read by volunteers in a crowd-sourced online 
game called EyeWire. 

William Stafford Noble, a computer scien-
tist at the University of Washington in Seattle, 
has used deep learning to teach a program to 
look at a string of amino acids and predict the 
structure of the resulting protein — whether 
various portions will form a helix or a loop, for 
example, or how easy it will be for a solvent to 
sneak into gaps in the structure. Noble has so 
far trained his program on one small data set, 
and over the coming months he will move on to 
the Protein Data Bank: a global repository that 
currently contains nearly 100,000 structures.

For computer scientists, deep learning 
could earn big profits: Dahl is thinking about 
start-up opportunities, and LeCun was hired 

last month to head a new AI department at 
Facebook. The technique holds the promise 
of practical success for AI. “Deep learning 
happens to have the property that if you feed it 
more data it gets better and better,” notes Ng. 
“Deep-learning algorithms aren’t the only ones 
like that, but they’re arguably the best — cer-

tainly the easiest. That’s why it has huge prom-
ise for the future.”

Not all researchers are so committed to the 
idea. Oren Etzioni, director of the Allen Insti-
tute for Artificial Intelligence in Seattle, which 
launched last September with the aim of devel-
oping AI, says he will not be using the brain for 
inspiration. “It’s like when we invented flight,” he 
says; the most successful designs for aeroplanes 

were not modelled on bird biology. Etzi-
oni’s specific goal is to invent a computer 
that, when given a stack of scanned text-
books, can pass standardized elemen-
tary-school science tests (ramping up 
eventually to pre-university exams). To 
pass the tests, a computer must be able 
to read and understand diagrams and 
text. How the Allen Institute will make 
that happen is undecided as yet — but for 
Etzioni, neural networks and deep learn-
ing are not at the top of the list. 

One competing idea is to rely on a 
computer that can reason on the basis 
of inputted facts, rather than trying to 
learn its own facts from scratch. So it 
might be programmed with assertions 
such as ‘all girls are people’. Then, when 
it is presented with a text that mentions 
a girl, the computer could deduce that 
the girl in question is a person. Thou-
sands, if not millions, of such facts are 
required to cover even ordinary, com-
mon-sense knowledge about the world. 
But it is roughly what went into IBM’s 
Watson computer, which famously 
won a match of the television game 
show Jeopardy against top human com-
petitors in 2011. Even so, IBM’s Watson 
Solutions has an experimental interest 
in deep learning for improving pattern 
recognition, says Rob High, chief tech-
nology officer for the company, which 
is based in Austin, Texas. 

Google, too, is hedging its bets. 
Although its latest advances in picture 
tagging are based on Hinton’s deep-
learning networks, it has other depart-
ments with a wider remit. In December 

2012, it hired futurist Ray Kurzweil to pursue 
various ways for computers to learn from 
experience — using techniques including but 
not limited to deep learning. Last May, Google 
acquired a quantum computer made by D-Wave 
in Burnaby, Canada (see Nature 498, 286–288; 
2013). This computer holds promise for non-
AI tasks such as difficult mathematical com-
putations — although it could, theoretically, be 
applied to deep learning.

Despite its successes, deep learning is still in 
its infancy. “It’s part of the future,” says Dahl. 
“In a way it’s amazing we’ve done so much with 
so little.” And, he adds, “we’ve barely begun”. ■

Nicola Jones is a freelance reporter based near 
Vancouver, Canada.
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complex rules to categorize complicated shapes such as faces.
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sometimes comical) but nowhere near 
as good as a smooth human translation. 
“Deep learning will have a chance to do 
something much better than the cur-
rent practice here,” says crowd-sourcing 
expert Luis von Ahn, whose company 
Duolingo, based in Pittsburgh, Penn-
sylvania, relies on humans, not com-
puters, to translate text. “The one thing 
everyone agrees on is that it’s time to try 
something different.” 

DEEP SCIENCE
In the meantime, deep learning has 
been proving useful for a variety of 
scientific tasks. “Deep nets are really 
good at finding patterns in data sets,” 
says Hinton. In 2012, the pharmaceuti-
cal company Merck offered a prize to 
whoever could beat its best programs 
for helping to predict useful drug can-
didates. The task was to trawl through 
database entries on more than 30,000 
small molecules, each of which had 
thousands of numerical chemical-prop-
erty descriptors, and to try to predict 
how each one acted on 15 different tar-
get molecules. Dahl and his colleagues 
won $22,000 with a deep-learning sys-
tem. “We improved on Merck’s baseline 
by about 15%,” he says.

Biologists and computational 
researchers including Sebastian Seung 
of the Massachusetts Institute of Tech-
nology in Cambridge are using deep 
learning to help them to analyse three-
dimensional images of brain slices. Such 
images contain a tangle of lines that rep-
resent the connections between neu-
rons; these need to be identified so they can be 
mapped and counted. In the past, undergradu-
ates have been enlisted to trace out the lines, 
but automating the process is the only way to 
deal with the billions of connections that are 
expected to turn up as such projects continue. 
Deep learning seems to be the best way to auto-
mate. Seung is currently using a deep-learning 
program to map neurons in a large chunk of the 
retina, then forwarding the results to be proof-
read by volunteers in a crowd-sourced online 
game called EyeWire. 

William Stafford Noble, a computer scien-
tist at the University of Washington in Seattle, 
has used deep learning to teach a program to 
look at a string of amino acids and predict the 
structure of the resulting protein — whether 
various portions will form a helix or a loop, for 
example, or how easy it will be for a solvent to 
sneak into gaps in the structure. Noble has so 
far trained his program on one small data set, 
and over the coming months he will move on to 
the Protein Data Bank: a global repository that 
currently contains nearly 100,000 structures.

For computer scientists, deep learning 
could earn big profits: Dahl is thinking about 
start-up opportunities, and LeCun was hired 

last month to head a new AI department at 
Facebook. The technique holds the promise 
of practical success for AI. “Deep learning 
happens to have the property that if you feed it 
more data it gets better and better,” notes Ng. 
“Deep-learning algorithms aren’t the only ones 
like that, but they’re arguably the best — cer-

tainly the easiest. That’s why it has huge prom-
ise for the future.”

Not all researchers are so committed to the 
idea. Oren Etzioni, director of the Allen Insti-
tute for Artificial Intelligence in Seattle, which 
launched last September with the aim of devel-
oping AI, says he will not be using the brain for 
inspiration. “It’s like when we invented flight,” he 
says; the most successful designs for aeroplanes 

were not modelled on bird biology. Etzi-
oni’s specific goal is to invent a computer 
that, when given a stack of scanned text-
books, can pass standardized elemen-
tary-school science tests (ramping up 
eventually to pre-university exams). To 
pass the tests, a computer must be able 
to read and understand diagrams and 
text. How the Allen Institute will make 
that happen is undecided as yet — but for 
Etzioni, neural networks and deep learn-
ing are not at the top of the list. 

One competing idea is to rely on a 
computer that can reason on the basis 
of inputted facts, rather than trying to 
learn its own facts from scratch. So it 
might be programmed with assertions 
such as ‘all girls are people’. Then, when 
it is presented with a text that mentions 
a girl, the computer could deduce that 
the girl in question is a person. Thou-
sands, if not millions, of such facts are 
required to cover even ordinary, com-
mon-sense knowledge about the world. 
But it is roughly what went into IBM’s 
Watson computer, which famously 
won a match of the television game 
show Jeopardy against top human com-
petitors in 2011. Even so, IBM’s Watson 
Solutions has an experimental interest 
in deep learning for improving pattern 
recognition, says Rob High, chief tech-
nology officer for the company, which 
is based in Austin, Texas. 

Google, too, is hedging its bets. 
Although its latest advances in picture 
tagging are based on Hinton’s deep-
learning networks, it has other depart-
ments with a wider remit. In December 

2012, it hired futurist Ray Kurzweil to pursue 
various ways for computers to learn from 
experience — using techniques including but 
not limited to deep learning. Last May, Google 
acquired a quantum computer made by D-Wave 
in Burnaby, Canada (see Nature 498, 286–288; 
2013). This computer holds promise for non-
AI tasks such as difficult mathematical com-
putations — although it could, theoretically, be 
applied to deep learning.

Despite its successes, deep learning is still in 
its infancy. “It’s part of the future,” says Dahl. 
“In a way it’s amazing we’ve done so much with 
so little.” And, he adds, “we’ve barely begun”. ■
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the Protein Data Bank: a global repository that 
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oni’s specific goal is to invent a computer 
that, when given a stack of scanned text-
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eventually to pre-university exams). To 
pass the tests, a computer must be able 
to read and understand diagrams and 
text. How the Allen Institute will make 
that happen is undecided as yet — but for 
Etzioni, neural networks and deep learn-
ing are not at the top of the list. 

One competing idea is to rely on a 
computer that can reason on the basis 
of inputted facts, rather than trying to 
learn its own facts from scratch. So it 
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such as ‘all girls are people’. Then, when 
it is presented with a text that mentions 
a girl, the computer could deduce that 
the girl in question is a person. Thou-
sands, if not millions, of such facts are 
required to cover even ordinary, com-
mon-sense knowledge about the world. 
But it is roughly what went into IBM’s 
Watson computer, which famously 
won a match of the television game 
show Jeopardy against top human com-
petitors in 2011. Even so, IBM’s Watson 
Solutions has an experimental interest 
in deep learning for improving pattern 
recognition, says Rob High, chief tech-
nology officer for the company, which 
is based in Austin, Texas. 

Google, too, is hedging its bets. 
Although its latest advances in picture 
tagging are based on Hinton’s deep-
learning networks, it has other depart-
ments with a wider remit. In December 

2012, it hired futurist Ray Kurzweil to pursue 
various ways for computers to learn from 
experience — using techniques including but 
not limited to deep learning. Last May, Google 
acquired a quantum computer made by D-Wave 
in Burnaby, Canada (see Nature 498, 286–288; 
2013). This computer holds promise for non-
AI tasks such as difficult mathematical com-
putations — although it could, theoretically, be 
applied to deep learning.

Despite its successes, deep learning is still in 
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sometimes comical) but nowhere near 
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something much better than the cur-
rent practice here,” says crowd-sourcing 
expert Luis von Ahn, whose company 
Duolingo, based in Pittsburgh, Penn-
sylvania, relies on humans, not com-
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thousands of numerical chemical-prop-
erty descriptors, and to try to predict 
how each one acted on 15 different tar-
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by about 15%,” he says.
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mapped and counted. In the past, undergradu-
ates have been enlisted to trace out the lines, 
but automating the process is the only way to 
deal with the billions of connections that are 
expected to turn up as such projects continue. 
Deep learning seems to be the best way to auto-
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program to map neurons in a large chunk of the 
retina, then forwarding the results to be proof-
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game called EyeWire. 
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look at a string of amino acids and predict the 
structure of the resulting protein — whether 
various portions will form a helix or a loop, for 
example, or how easy it will be for a solvent to 
sneak into gaps in the structure. Noble has so 
far trained his program on one small data set, 
and over the coming months he will move on to 
the Protein Data Bank: a global repository that 
currently contains nearly 100,000 structures.
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books, can pass standardized elemen-
tary-school science tests (ramping up 
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pass the tests, a computer must be able 
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sands, if not millions, of such facts are 
required to cover even ordinary, com-
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something much better than the cur-
rent practice here,” says crowd-sourcing 
expert Luis von Ahn, whose company 
Duolingo, based in Pittsburgh, Penn-
sylvania, relies on humans, not com-
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In the meantime, deep learning has 
been proving useful for a variety of 
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cal company Merck offered a prize to 
whoever could beat its best programs 
for helping to predict useful drug can-
didates. The task was to trawl through 
database entries on more than 30,000 
small molecules, each of which had 
thousands of numerical chemical-prop-
erty descriptors, and to try to predict 
how each one acted on 15 different tar-
get molecules. Dahl and his colleagues 
won $22,000 with a deep-learning sys-
tem. “We improved on Merck’s baseline 
by about 15%,” he says.
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of the Massachusetts Institute of Tech-
nology in Cambridge are using deep 
learning to help them to analyse three-
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ates have been enlisted to trace out the lines, 
but automating the process is the only way to 
deal with the billions of connections that are 
expected to turn up as such projects continue. 
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retina, then forwarding the results to be proof-
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structure of the resulting protein — whether 
various portions will form a helix or a loop, for 
example, or how easy it will be for a solvent to 
sneak into gaps in the structure. Noble has so 
far trained his program on one small data set, 
and over the coming months he will move on to 
the Protein Data Bank: a global repository that 
currently contains nearly 100,000 structures.
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could earn big profits: Dahl is thinking about 
start-up opportunities, and LeCun was hired 

last month to head a new AI department at 
Facebook. The technique holds the promise 
of practical success for AI. “Deep learning 
happens to have the property that if you feed it 
more data it gets better and better,” notes Ng. 
“Deep-learning algorithms aren’t the only ones 
like that, but they’re arguably the best — cer-

tainly the easiest. That’s why it has huge prom-
ise for the future.”
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launched last September with the aim of devel-
oping AI, says he will not be using the brain for 
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says; the most successful designs for aeroplanes 
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pass the tests, a computer must be able 
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ing are not at the top of the list. 
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such as ‘all girls are people’. Then, when 
it is presented with a text that mentions 
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the girl in question is a person. Thou-
sands, if not millions, of such facts are 
required to cover even ordinary, com-
mon-sense knowledge about the world. 
But it is roughly what went into IBM’s 
Watson computer, which famously 
won a match of the television game 
show Jeopardy against top human com-
petitors in 2011. Even so, IBM’s Watson 
Solutions has an experimental interest 
in deep learning for improving pattern 
recognition, says Rob High, chief tech-
nology officer for the company, which 
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Google, too, is hedging its bets. 
Although its latest advances in picture 
tagging are based on Hinton’s deep-
learning networks, it has other depart-
ments with a wider remit. In December 

2012, it hired futurist Ray Kurzweil to pursue 
various ways for computers to learn from 
experience — using techniques including but 
not limited to deep learning. Last May, Google 
acquired a quantum computer made by D-Wave 
in Burnaby, Canada (see Nature 498, 286–288; 
2013). This computer holds promise for non-
AI tasks such as difficult mathematical com-
putations — although it could, theoretically, be 
applied to deep learning.

Despite its successes, deep learning is still in 
its infancy. “It’s part of the future,” says Dahl. 
“In a way it’s amazing we’ve done so much with 
so little.” And, he adds, “we’ve barely begun”. ■

Nicola Jones is a freelance reporter based near 
Vancouver, Canada.
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complex rules to categorize complicated shapes such as faces.
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sometimes comical) but nowhere near 
as good as a smooth human translation. 
“Deep learning will have a chance to do 
something much better than the cur-
rent practice here,” says crowd-sourcing 
expert Luis von Ahn, whose company 
Duolingo, based in Pittsburgh, Penn-
sylvania, relies on humans, not com-
puters, to translate text. “The one thing 
everyone agrees on is that it’s time to try 
something different.” 

DEEP SCIENCE
In the meantime, deep learning has 
been proving useful for a variety of 
scientific tasks. “Deep nets are really 
good at finding patterns in data sets,” 
says Hinton. In 2012, the pharmaceuti-
cal company Merck offered a prize to 
whoever could beat its best programs 
for helping to predict useful drug can-
didates. The task was to trawl through 
database entries on more than 30,000 
small molecules, each of which had 
thousands of numerical chemical-prop-
erty descriptors, and to try to predict 
how each one acted on 15 different tar-
get molecules. Dahl and his colleagues 
won $22,000 with a deep-learning sys-
tem. “We improved on Merck’s baseline 
by about 15%,” he says.

Biologists and computational 
researchers including Sebastian Seung 
of the Massachusetts Institute of Tech-
nology in Cambridge are using deep 
learning to help them to analyse three-
dimensional images of brain slices. Such 
images contain a tangle of lines that rep-
resent the connections between neu-
rons; these need to be identified so they can be 
mapped and counted. In the past, undergradu-
ates have been enlisted to trace out the lines, 
but automating the process is the only way to 
deal with the billions of connections that are 
expected to turn up as such projects continue. 
Deep learning seems to be the best way to auto-
mate. Seung is currently using a deep-learning 
program to map neurons in a large chunk of the 
retina, then forwarding the results to be proof-
read by volunteers in a crowd-sourced online 
game called EyeWire. 

William Stafford Noble, a computer scien-
tist at the University of Washington in Seattle, 
has used deep learning to teach a program to 
look at a string of amino acids and predict the 
structure of the resulting protein — whether 
various portions will form a helix or a loop, for 
example, or how easy it will be for a solvent to 
sneak into gaps in the structure. Noble has so 
far trained his program on one small data set, 
and over the coming months he will move on to 
the Protein Data Bank: a global repository that 
currently contains nearly 100,000 structures.

For computer scientists, deep learning 
could earn big profits: Dahl is thinking about 
start-up opportunities, and LeCun was hired 

last month to head a new AI department at 
Facebook. The technique holds the promise 
of practical success for AI. “Deep learning 
happens to have the property that if you feed it 
more data it gets better and better,” notes Ng. 
“Deep-learning algorithms aren’t the only ones 
like that, but they’re arguably the best — cer-

tainly the easiest. That’s why it has huge prom-
ise for the future.”

Not all researchers are so committed to the 
idea. Oren Etzioni, director of the Allen Insti-
tute for Artificial Intelligence in Seattle, which 
launched last September with the aim of devel-
oping AI, says he will not be using the brain for 
inspiration. “It’s like when we invented flight,” he 
says; the most successful designs for aeroplanes 

were not modelled on bird biology. Etzi-
oni’s specific goal is to invent a computer 
that, when given a stack of scanned text-
books, can pass standardized elemen-
tary-school science tests (ramping up 
eventually to pre-university exams). To 
pass the tests, a computer must be able 
to read and understand diagrams and 
text. How the Allen Institute will make 
that happen is undecided as yet — but for 
Etzioni, neural networks and deep learn-
ing are not at the top of the list. 

One competing idea is to rely on a 
computer that can reason on the basis 
of inputted facts, rather than trying to 
learn its own facts from scratch. So it 
might be programmed with assertions 
such as ‘all girls are people’. Then, when 
it is presented with a text that mentions 
a girl, the computer could deduce that 
the girl in question is a person. Thou-
sands, if not millions, of such facts are 
required to cover even ordinary, com-
mon-sense knowledge about the world. 
But it is roughly what went into IBM’s 
Watson computer, which famously 
won a match of the television game 
show Jeopardy against top human com-
petitors in 2011. Even so, IBM’s Watson 
Solutions has an experimental interest 
in deep learning for improving pattern 
recognition, says Rob High, chief tech-
nology officer for the company, which 
is based in Austin, Texas. 

Google, too, is hedging its bets. 
Although its latest advances in picture 
tagging are based on Hinton’s deep-
learning networks, it has other depart-
ments with a wider remit. In December 

2012, it hired futurist Ray Kurzweil to pursue 
various ways for computers to learn from 
experience — using techniques including but 
not limited to deep learning. Last May, Google 
acquired a quantum computer made by D-Wave 
in Burnaby, Canada (see Nature 498, 286–288; 
2013). This computer holds promise for non-
AI tasks such as difficult mathematical com-
putations — although it could, theoretically, be 
applied to deep learning.

Despite its successes, deep learning is still in 
its infancy. “It’s part of the future,” says Dahl. 
“In a way it’s amazing we’ve done so much with 
so little.” And, he adds, “we’ve barely begun”. ■
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Vancouver, Canada.
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sometimes comical) but nowhere near 
as good as a smooth human translation. 
“Deep learning will have a chance to do 
something much better than the cur-
rent practice here,” says crowd-sourcing 
expert Luis von Ahn, whose company 
Duolingo, based in Pittsburgh, Penn-
sylvania, relies on humans, not com-
puters, to translate text. “The one thing 
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says Hinton. In 2012, the pharmaceuti-
cal company Merck offered a prize to 
whoever could beat its best programs 
for helping to predict useful drug can-
didates. The task was to trawl through 
database entries on more than 30,000 
small molecules, each of which had 
thousands of numerical chemical-prop-
erty descriptors, and to try to predict 
how each one acted on 15 different tar-
get molecules. Dahl and his colleagues 
won $22,000 with a deep-learning sys-
tem. “We improved on Merck’s baseline 
by about 15%,” he says.

Biologists and computational 
researchers including Sebastian Seung 
of the Massachusetts Institute of Tech-
nology in Cambridge are using deep 
learning to help them to analyse three-
dimensional images of brain slices. Such 
images contain a tangle of lines that rep-
resent the connections between neu-
rons; these need to be identified so they can be 
mapped and counted. In the past, undergradu-
ates have been enlisted to trace out the lines, 
but automating the process is the only way to 
deal with the billions of connections that are 
expected to turn up as such projects continue. 
Deep learning seems to be the best way to auto-
mate. Seung is currently using a deep-learning 
program to map neurons in a large chunk of the 
retina, then forwarding the results to be proof-
read by volunteers in a crowd-sourced online 
game called EyeWire. 

William Stafford Noble, a computer scien-
tist at the University of Washington in Seattle, 
has used deep learning to teach a program to 
look at a string of amino acids and predict the 
structure of the resulting protein — whether 
various portions will form a helix or a loop, for 
example, or how easy it will be for a solvent to 
sneak into gaps in the structure. Noble has so 
far trained his program on one small data set, 
and over the coming months he will move on to 
the Protein Data Bank: a global repository that 
currently contains nearly 100,000 structures.

For computer scientists, deep learning 
could earn big profits: Dahl is thinking about 
start-up opportunities, and LeCun was hired 

last month to head a new AI department at 
Facebook. The technique holds the promise 
of practical success for AI. “Deep learning 
happens to have the property that if you feed it 
more data it gets better and better,” notes Ng. 
“Deep-learning algorithms aren’t the only ones 
like that, but they’re arguably the best — cer-

tainly the easiest. That’s why it has huge prom-
ise for the future.”

Not all researchers are so committed to the 
idea. Oren Etzioni, director of the Allen Insti-
tute for Artificial Intelligence in Seattle, which 
launched last September with the aim of devel-
oping AI, says he will not be using the brain for 
inspiration. “It’s like when we invented flight,” he 
says; the most successful designs for aeroplanes 

were not modelled on bird biology. Etzi-
oni’s specific goal is to invent a computer 
that, when given a stack of scanned text-
books, can pass standardized elemen-
tary-school science tests (ramping up 
eventually to pre-university exams). To 
pass the tests, a computer must be able 
to read and understand diagrams and 
text. How the Allen Institute will make 
that happen is undecided as yet — but for 
Etzioni, neural networks and deep learn-
ing are not at the top of the list. 

One competing idea is to rely on a 
computer that can reason on the basis 
of inputted facts, rather than trying to 
learn its own facts from scratch. So it 
might be programmed with assertions 
such as ‘all girls are people’. Then, when 
it is presented with a text that mentions 
a girl, the computer could deduce that 
the girl in question is a person. Thou-
sands, if not millions, of such facts are 
required to cover even ordinary, com-
mon-sense knowledge about the world. 
But it is roughly what went into IBM’s 
Watson computer, which famously 
won a match of the television game 
show Jeopardy against top human com-
petitors in 2011. Even so, IBM’s Watson 
Solutions has an experimental interest 
in deep learning for improving pattern 
recognition, says Rob High, chief tech-
nology officer for the company, which 
is based in Austin, Texas. 

Google, too, is hedging its bets. 
Although its latest advances in picture 
tagging are based on Hinton’s deep-
learning networks, it has other depart-
ments with a wider remit. In December 

2012, it hired futurist Ray Kurzweil to pursue 
various ways for computers to learn from 
experience — using techniques including but 
not limited to deep learning. Last May, Google 
acquired a quantum computer made by D-Wave 
in Burnaby, Canada (see Nature 498, 286–288; 
2013). This computer holds promise for non-
AI tasks such as difficult mathematical com-
putations — although it could, theoretically, be 
applied to deep learning.

Despite its successes, deep learning is still in 
its infancy. “It’s part of the future,” says Dahl. 
“In a way it’s amazing we’ve done so much with 
so little.” And, he adds, “we’ve barely begun”. ■
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Hierarchy pictures from Jones, Nature 505, 148 (2014)
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Technical detailsApplications

"You take the red pill, 

you stay in 
Wonderland"



The devil is in the 

details

Machine learning

Generic setup

Model 
parameters

Need something to quantify 
the model performance!

Generic learning procedure

Find a model that best 
predicts new (unseen) data

Goal

Dataset XX
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Cost function f_C(X; f_M(w))fC(X; fM (w))
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Divide the dataset into training and test sets, 
X_trai and X_tes

Train the model, i.e., minimize the cost function
on X_trai alone

Evaluate the generalization (prediction) 
performance on X_test
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Xtrain
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"Cross-
validation"



Example: polynomial regression
Machine learning is hard

Unknown 
function

Noise (e.g., 
Gaussian)

Cost function:

Mean squared 
error (MSE)

Mehta et al., arXiv:1803.08823 (2018)

Dataset X
sampled from:

X = (xi, yi)
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Example: polynomial regression
Machine learning is hard

Unknown 
function

Noise (e.g., 
Gaussian)

Cost function:

Mean squared 
error (MSE)

Mehta et al., arXiv:1803.08823 (2018)

Dataset X
sampled from:

X = (xi, yi)
<latexit sha1_base64="RCHv1pgugoSGYbIJa1XlVxxJsJs="></latexit><latexit sha1_base64="RCHv1pgugoSGYbIJa1XlVxxJsJs="></latexit><latexit sha1_base64="RCHv1pgugoSGYbIJa1XlVxxJsJs="></latexit><latexit sha1_base64="RCHv1pgugoSGYbIJa1XlVxxJsJs="></latexit>

yi = f(xi) + ✏i
<latexit sha1_base64="RRjDnwv0aWfkptBc61RQGa96jEw="></latexit><latexit sha1_base64="RRjDnwv0aWfkptBc61RQGa96jEw="></latexit><latexit sha1_base64="RRjDnwv0aWfkptBc61RQGa96jEw="></latexit><latexit sha1_base64="RRjDnwv0aWfkptBc61RQGa96jEw="></latexit>

h✏ii = 0
<latexit sha1_base64="cAOLtOk8pwyS/TTjEqjv0ckPLh8="></latexit><latexit sha1_base64="cAOLtOk8pwyS/TTjEqjv0ckPLh8="></latexit><latexit sha1_base64="cAOLtOk8pwyS/TTjEqjv0ckPLh8="></latexit><latexit sha1_base64="cAOLtOk8pwyS/TTjEqjv0ckPLh8="></latexit>

h✏i✏ji = �2�ij
<latexit sha1_base64="ck5hVEj0AFdTprkpF1hjannUta0="></latexit><latexit sha1_base64="ck5hVEj0AFdTprkpF1hjannUta0="></latexit><latexit sha1_base64="ck5hVEj0AFdTprkpF1hjannUta0="></latexit><latexit sha1_base64="ck5hVEj0AFdTprkpF1hjannUta0="></latexit>

X

i

(yi � fM (xi;w))
2

<latexit sha1_base64="1RoZ9dK2zl8aYK/UTKoK8Fg7Io4="></latexit><latexit sha1_base64="1RoZ9dK2zl8aYK/UTKoK8Fg7Io4="></latexit><latexit sha1_base64="1RoZ9dK2zl8aYK/UTKoK8Fg7Io4="></latexit><latexit sha1_base64="1RoZ9dK2zl8aYK/UTKoK8Fg7Io4="></latexit>

fC(X; fM (w)) =
<latexit sha1_base64="EZ/EpjUafZ9vj6ZRgpGQ5pAJfvM=">AAADsXicfVJNbxMxEHWzfJTlK4EjF4sIKb1EuwUJJIRUqRzgUFFQ0wZlozDrzCZWbO/K9jaKrL3zJ7jCb+Lf4HyA0mypJcvPb96bGY0mLQQ3Nop+7zWCW7fv3N2/F95/8PDR42brybnJS82wx3KR634KBgVX2LPcCuwXGkGmAi/S2fEyfnGJ2vBcndlFgUMJE8UzzsB6atRsZaPjTv8tzUYnnfnBAX1HR8121I1Wh9ZBvAFtsj mno1bjezLOWSlRWSbAmEEcFXboQFvOBFZhUhosgM1gggMPFUg0Q7fqvaIvPDOmWa79VZau2G2HA2nMQqZeKcFOzW5sSV4XG5Q2ezN0XBWlRcXWhbJSUJvT5SDomGtkViw8AKa575WyKWhg1o8rDBOFc5ZLCWrsEkhNNYiHLhGY2UT4gVrajmmi+WRqE738V1cdqYZtB6iJwC2LuMYyQ3tTkVWKHQtcTm6q8s+jcdv1BSuXLAeWF+tXS+e5qib8KOtCz1U7XZzpusxz9XwCUhSoSsm9QeeedOufV75HvzsaT7z9U4EabK5dYn1mf/8TBc0sqGnl/oLQ7268u6l1cH7YjaNu/PlV++hws8X75Bl5TjokJq/JEflATkmPMDInP8hP8it4GXwNvgXpWtrY23iekisnmP0Bb8A9Cg==</latexit><latexit sha1_base64="EZ/EpjUafZ9vj6ZRgpGQ5pAJfvM=">AAADsXicfVJNbxMxEHWzfJTlK4EjF4sIKb1EuwUJJIRUqRzgUFFQ0wZlozDrzCZWbO/K9jaKrL3zJ7jCb+Lf4HyA0mypJcvPb96bGY0mLQQ3Nop+7zWCW7fv3N2/F95/8PDR42brybnJS82wx3KR634KBgVX2LPcCuwXGkGmAi/S2fEyfnGJ2vBcndlFgUMJE8UzzsB6atRsZaPjTv8tzUYnnfnBAX1HR8121I1Wh9ZBvAFtsj mno1bjezLOWSlRWSbAmEEcFXboQFvOBFZhUhosgM1gggMPFUg0Q7fqvaIvPDOmWa79VZau2G2HA2nMQqZeKcFOzW5sSV4XG5Q2ezN0XBWlRcXWhbJSUJvT5SDomGtkViw8AKa575WyKWhg1o8rDBOFc5ZLCWrsEkhNNYiHLhGY2UT4gVrajmmi+WRqE738V1cdqYZtB6iJwC2LuMYyQ3tTkVWKHQtcTm6q8s+jcdv1BSuXLAeWF+tXS+e5qib8KOtCz1U7XZzpusxz9XwCUhSoSsm9QeeedOufV75HvzsaT7z9U4EabK5dYn1mf/8TBc0sqGnl/oLQ7268u6l1cH7YjaNu/PlV++hws8X75Bl5TjokJq/JEflATkmPMDInP8hP8it4GXwNvgXpWtrY23iekisnmP0Bb8A9Cg==</latexit><latexit sha1_base64="EZ/EpjUafZ9vj6ZRgpGQ5pAJfvM=">AAADsXicfVJNbxMxEHWzfJTlK4EjF4sIKb1EuwUJJIRUqRzgUFFQ0wZlozDrzCZWbO/K9jaKrL3zJ7jCb+Lf4HyA0mypJcvPb96bGY0mLQQ3Nop+7zWCW7fv3N2/F95/8PDR42brybnJS82wx3KR634KBgVX2LPcCuwXGkGmAi/S2fEyfnGJ2vBcndlFgUMJE8UzzsB6atRsZaPjTv8tzUYnnfnBAX1HR8121I1Wh9ZBvAFtsj mno1bjezLOWSlRWSbAmEEcFXboQFvOBFZhUhosgM1gggMPFUg0Q7fqvaIvPDOmWa79VZau2G2HA2nMQqZeKcFOzW5sSV4XG5Q2ezN0XBWlRcXWhbJSUJvT5SDomGtkViw8AKa575WyKWhg1o8rDBOFc5ZLCWrsEkhNNYiHLhGY2UT4gVrajmmi+WRqE738V1cdqYZtB6iJwC2LuMYyQ3tTkVWKHQtcTm6q8s+jcdv1BSuXLAeWF+tXS+e5qib8KOtCz1U7XZzpusxz9XwCUhSoSsm9QeeedOufV75HvzsaT7z9U4EabK5dYn1mf/8TBc0sqGnl/oLQ7268u6l1cH7YjaNu/PlV++hws8X75Bl5TjokJq/JEflATkmPMDInP8hP8it4GXwNvgXpWtrY23iekisnmP0Bb8A9Cg==</latexit><latexit sha1_base64="EZ/EpjUafZ9vj6ZRgpGQ5pAJfvM=">AAADsXicfVJNbxMxEHWzfJTlK4EjF4sIKb1EuwUJJIRUqRzgUFFQ0wZlozDrzCZWbO/K9jaKrL3zJ7jCb+Lf4HyA0mypJcvPb96bGY0mLQQ3Nop+7zWCW7fv3N2/F95/8PDR42brybnJS82wx3KR634KBgVX2LPcCuwXGkGmAi/S2fEyfnGJ2vBcndlFgUMJE8UzzsB6atRsZaPjTv8tzUYnnfnBAX1HR8121I1Wh9ZBvAFtsj mno1bjezLOWSlRWSbAmEEcFXboQFvOBFZhUhosgM1gggMPFUg0Q7fqvaIvPDOmWa79VZau2G2HA2nMQqZeKcFOzW5sSV4XG5Q2ezN0XBWlRcXWhbJSUJvT5SDomGtkViw8AKa575WyKWhg1o8rDBOFc5ZLCWrsEkhNNYiHLhGY2UT4gVrajmmi+WRqE738V1cdqYZtB6iJwC2LuMYyQ3tTkVWKHQtcTm6q8s+jcdv1BSuXLAeWF+tXS+e5qib8KOtCz1U7XZzpusxz9XwCUhSoSsm9QeeedOufV75HvzsaT7z9U4EabK5dYn1mf/8TBc0sqGnl/oLQ7268u6l1cH7YjaNu/PlV++hws8X75Bl5TjokJq/JEflATkmPMDInP8hP8it4GXwNvgXpWtrY23iekisnmP0Bb8A9Cg==</latexit>

Due to noise and finite data sampling,

best fit � best generalization (predictions)

Best fits fit the noise!

They "overfit"
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Machine learning is hard

Generic difficulties in 3 plots

Ein = fC(Xtrain; fM (wopt))
<latexit sha1_base64="6psC/foMmBRuDWMWs7idMOkLQc0="></latexit><latexit sha1_base64="6psC/foMmBRuDWMWs7idMOkLQc0="></latexit><latexit sha1_base64="6psC/foMmBRuDWMWs7idMOkLQc0="></latexit><latexit sha1_base64="6psC/foMmBRuDWMWs7idMOkLQc0="></latexit>

Eout = fC(Xtest; fM (wopt))
<latexit sha1_base64="3jNXmhjwSgUnMFj3kllZPnEJyP8="></latexit><latexit sha1_base64="3jNXmhjwSgUnMFj3kllZPnEJyP8="></latexit><latexit sha1_base64="3jNXmhjwSgUnMFj3kllZPnEJyP8="></latexit><latexit sha1_base64="3jNXmhjwSgUnMFj3kllZPnEJyP8="></latexit>

In-sample error:

Out-of-sample error:
Quantifies the generalizing 
(predicting) performance

of the trained model

Model with optimized 
parameters from training

Training dataset

Test dataset

Inspired by Mehta et al., arXiv:1803.08823 (2018)



Combine neurons into layers

Feed-forward neural networks

Deep learning

Recurrent neural networks

Input 
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How do they learn?
Feed-forward neural nets

Batch gradient descent

Stochastic gradient descent 
(typically better)

Gradient estimated 
from the whole 

training data (batch)

E.g., mean squared 
error (MSE)

Learning rate

"Learning" or "training"
= minimizing the chosen 

cost function
Actual output 

(neuron activations)

a1(x)
<latexit sha1_base64="LzVkTYHm7i1ptQb6YS2LSRHoi3I="></latexit><latexit sha1_base64="LzVkTYHm7i1ptQb6YS2LSRHoi3I="></latexit><latexit sha1_base64="LzVkTYHm7i1ptQb6YS2LSRHoi3I="></latexit><latexit sha1_base64="LzVkTYHm7i1ptQb6YS2LSRHoi3I="></latexit>

a0(x)
<latexit sha1_base64="63gxnfLGY/b/IK41QHpLv9JMX4k="></latexit><latexit sha1_base64="63gxnfLGY/b/IK41QHpLv9JMX4k="></latexit><latexit sha1_base64="63gxnfLGY/b/IK41QHpLv9JMX4k="></latexit><latexit sha1_base64="63gxnfLGY/b/IK41QHpLv9JMX4k="></latexit>

x0
<latexit sha1_base64="w/77FjLAIGZV4S1oNAWZU74pVEM="></latexit><latexit sha1_base64="w/77FjLAIGZV4S1oNAWZU74pVEM="></latexit><latexit sha1_base64="w/77FjLAIGZV4S1oNAWZU74pVEM="></latexit><latexit sha1_base64="w/77FjLAIGZV4S1oNAWZU74pVEM="></latexit>

x1
<latexit sha1_base64="zcxFNeuyBDdBJ47NWUQPkmOsG5w="></latexit><latexit sha1_base64="zcxFNeuyBDdBJ47NWUQPkmOsG5w="></latexit><latexit sha1_base64="zcxFNeuyBDdBJ47NWUQPkmOsG5w="></latexit><latexit sha1_base64="zcxFNeuyBDdBJ47NWUQPkmOsG5w="></latexit>

x2
<latexit sha1_base64="Z5Nmqg/xmLWjnnPx9T2WFDodYI8="></latexit><latexit sha1_base64="Z5Nmqg/xmLWjnnPx9T2WFDodYI8="></latexit><latexit sha1_base64="Z5Nmqg/xmLWjnnPx9T2WFDodYI8="></latexit><latexit sha1_base64="Z5Nmqg/xmLWjnnPx9T2WFDodYI8="></latexit>

Number of training data 
points (vectors) xx

<latexit sha1_base64="qDbzAqtcxwtgEkVGTfgrELE3SaE="></latexit><latexit sha1_base64="qDbzAqtcxwtgEkVGTfgrELE3SaE="></latexit><latexit sha1_base64="qDbzAqtcxwtgEkVGTfgrELE3SaE="></latexit><latexit sha1_base64="qDbzAqtcxwtgEkVGTfgrELE3SaE="></latexit>

Expected 
output

Learning algorithm

fC(w) =
1

Ntrain

X

x

||y(x)� a(x)||2
<latexit sha1_base64="t99hXFnujktrpvzrA7vsmb72RR0="></latexit><latexit sha1_base64="t99hXFnujktrpvzrA7vsmb72RR0="></latexit><latexit sha1_base64="t99hXFnujktrpvzrA7vsmb72RR0="></latexit><latexit sha1_base64="t99hXFnujktrpvzrA7vsmb72RR0="></latexit>

Model parameters 
(weights and biases)

�w = �⌘rfC
<latexit sha1_base64="i/rphXbQk+4tRoV2MJDmyJM+DBs="></latexit><latexit sha1_base64="i/rphXbQk+4tRoV2MJDmyJM+DBs="></latexit><latexit sha1_base64="i/rphXbQk+4tRoV2MJDmyJM+DBs="></latexit><latexit sha1_base64="i/rphXbQk+4tRoV2MJDmyJM+DBs="></latexit>

Mini-batch gradient descent 
(typically even better)

Gradient estimated 
from one data point

Gradient estimated 
from subsets of data 
points (mini-batches)



Backpropagation
Feed-forward neural nets

Or how to compute the 
gradient of the cost 
function efficiently

Comes from the 
usual chain rule

Gradient computed from only two 
passes (forward and backward)

Main steps

Feedforward:

Compute the output error:

2

3

for successive layers

Compute the input activations:1

and

Backpropagate the error:4

Compute

for successive layers
Compute

Output

1

2

3

Feedforward

Backpropagate4

l = 2, 3, . . . , L
<latexit sha1_base64="hqvCW/QX6Iq4yOd6emVVtfij910="></latexit><latexit sha1_base64="hqvCW/QX6Iq4yOd6emVVtfij910="></latexit><latexit sha1_base64="hqvCW/QX6Iq4yOd6emVVtfij910="></latexit><latexit sha1_base64="hqvCW/QX6Iq4yOd6emVVtfij910="></latexit>

z(l) = w(l)a(l�1) + b(l)
<latexit sha1_base64="k6+kwMlnsY/GqPtg3vvto8W4Vxw="></latexit><latexit sha1_base64="k6+kwMlnsY/GqPtg3vvto8W4Vxw="></latexit><latexit sha1_base64="k6+kwMlnsY/GqPtg3vvto8W4Vxw="></latexit><latexit sha1_base64="k6+kwMlnsY/GqPtg3vvto8W4Vxw="></latexit>

a(l) = fA(z
(l))

<latexit sha1_base64="ZCQ1ScmQh4mAiTp1MltelyfTcyo="></latexit><latexit sha1_base64="ZCQ1ScmQh4mAiTp1MltelyfTcyo="></latexit><latexit sha1_base64="ZCQ1ScmQh4mAiTp1MltelyfTcyo="></latexit><latexit sha1_base64="ZCQ1ScmQh4mAiTp1MltelyfTcyo="></latexit>

�(L) = rafC � f 0
A(z

(L))
<latexit sha1_base64="E1oaM6y585JCcvLJ2vas0SnxzLk="></latexit><latexit sha1_base64="E1oaM6y585JCcvLJ2vas0SnxzLk="></latexit><latexit sha1_base64="E1oaM6y585JCcvLJ2vas0SnxzLk="></latexit><latexit sha1_base64="E1oaM6y585JCcvLJ2vas0SnxzLk="></latexit>

�(l) = [(w(l+1))T �(l+1)]� f 0
A(z

(l))
<latexit sha1_base64="s8A5MA2YhxBRj7n6xkClVdUDdno="></latexit><latexit sha1_base64="s8A5MA2YhxBRj7n6xkClVdUDdno="></latexit><latexit sha1_base64="s8A5MA2YhxBRj7n6xkClVdUDdno="></latexit><latexit sha1_base64="s8A5MA2YhxBRj7n6xkClVdUDdno="></latexit>

l = L� 1, L� 2, . . . , 2
<latexit sha1_base64="bb8DO79/YlI7OyKqb1vkiSE/gGY="></latexit><latexit sha1_base64="bb8DO79/YlI7OyKqb1vkiSE/gGY="></latexit><latexit sha1_base64="bb8DO79/YlI7OyKqb1vkiSE/gGY="></latexit><latexit sha1_base64="bb8DO79/YlI7OyKqb1vkiSE/gGY="></latexit>

@fC

@w(l)
jk

= a(l�1)
k �(l)j

<latexit sha1_base64="sZGcM9937qm6iWTxbxjd1TRQ0hc="></latexit><latexit sha1_base64="sZGcM9937qm6iWTxbxjd1TRQ0hc="></latexit><latexit sha1_base64="sZGcM9937qm6iWTxbxjd1TRQ0hc="></latexit><latexit sha1_base64="sZGcM9937qm6iWTxbxjd1TRQ0hc="></latexit>

@fC

@b(l)j

= �(l)j

<latexit sha1_base64="xlz2AzuFB3xpJMHPrDJU4UhpfK0="></latexit><latexit sha1_base64="xlz2AzuFB3xpJMHPrDJU4UhpfK0="></latexit><latexit sha1_base64="xlz2AzuFB3xpJMHPrDJU4UhpfK0="></latexit><latexit sha1_base64="xlz2AzuFB3xpJMHPrDJU4UhpfK0="></latexit>

a(1) = fA(x)
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Ein = fC(Xtrain; fM (wopt))
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Inspired by Mehta et al., arXiv:1803.08823 (2018)
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Modern deep learning models 

are very complex. They should 

massively overfit!



What is machine learning?

Not killer robots Not friendly robots Not magic
Some



Early 
stopping

Deep learning

Get more 
data!

Regularization (L1, L2, etc.)

Add a term to the cost function 
to penalize large weights

Effectively reduces 
the number of model 

parameters (ability
to fit the noise)

Recall: Overfitting is the fitting of random 
noise due to too large model complexity

and/or too small amount of data

Dropout

Remove a (random) 
subset of neurons

before each gradient 
computation

Several options

3

1

4
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<latexit sha1_base64="NxQ3Er9l4svOiU4+Sxl4QLHp1UQ="></latexit><latexit sha1_base64="NxQ3Er9l4svOiU4+Sxl4QLHp1UQ="></latexit><latexit sha1_base64="NxQ3Er9l4svOiU4+Sxl4QLHp1UQ="></latexit><latexit sha1_base64="NxQ3Er9l4svOiU4+Sxl4QLHp1UQ="></latexit>

Number of data points

Er
ro

rs

Bias

Variance
Overfitting

Ein

Eou t

Model complexity
Er

ro
rs

O
pt

im
um

Variance

Bias

Eou t

High-variance,
low-bias model

Low-variance,
high-bias model

True
model

Epoch (# of training cycles)

A
cc

ur
ac

y O
pt

im
um

Training set

Test set

Overfitting

12

How to reduce overfitting effects



Something of an art
Deep learning

Parameters initialization (weights and biases)

Choice of hyperparameters
(learning rate, mini-batch size, etc.)

Grid search, Bayesian optimization, etc.

Improved gradient descents

Hessian methods (computationally expensive), 
momentum-based gradient descent (better), etc.

And on and on...

To avoid learning slowdowns

Choice of activation and cost functions

Many other tricks of the trade

One good 
reference

Sigmoid output layer 
and cross-entropy 

cost function

fA(z) =
1

1 + e�z
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fC = � 1

Ntrain

X

x

[y ln a+ (1� y) ln(1� a)]
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Machine learning is partly 

empirical …like physics! 

What matters is the predictive 

power of models… like physics too!



been conjectured* 





Computer vision

Handwriting recognition,
face recognition (Facebook, etc.),

human pose estimation,
motion recognition (Xbox Kinect, etc.),

human action recognition,
etc.

Classification

Cat

Captioning

A cat 
riding a 
skateboard

Detection

Cat

Skateboard

Dense Captioning
Orange spotted cat

Skateboard with 
red wheels

Cat riding a 
skateboard

Brown hardwood 
flooring

label densityWhole Image Image Regions

label 
complexity

Single
Label

Sequence

Johnson et al., arXiv:1511.07571 (2015)

With super- or near-human 

performances



Computer vision

Object / people detection

Detectron, Facebook AI Research (FAIR) (2018)

Emotion / gender classification

Arriaga et al., arXiv:1710.07557 (2017)



Computer vision

Image 
captioning

Made with Microsoft Computer Vision and Face APIs

Gender / age 
classification

In [32]:

%matplotlib inline
import matplotlib.pyplot as plt
import random

from PIL import Image
from matplotlib import patches
from io import BytesIO

response = requests.get(image_url)
image = Image.open(BytesIO(response.content))

plt.figure(figsize=(8,8))
ax = plt.imshow(image, alpha=0.6)
for face in faces:
    fr = face["faceRectangle"]
    fa = face["faceAttributes"]
    origin = (fr["left"], fr["top"])
    p = patches.Rectangle(origin, fr["width"], fr["height"], fill=False, linew
idth=2, color='b')
    ax.axes.add_patch(p)
    plt.text(origin[0]-100, origin[1]-random.randint(10,100), "%s, %d"%(fa["ge
nder"].capitalize(), fa["age"]), fontsize=10, weight="bold", va="bottom")
_ = plt.axis("off")

Here are more images that can be analyzed using the same technique. First, define a helper function, 
annotate_image to annotate an image given its URL by calling into the Face API.

In [45]:

image_caption = analysis["description"]["captions"][0]["text"].capitalize()
print(image_caption)

The following lines of code display the image and overlay it with the inferred caption.

In [46]:

%matplotlib inline
from PIL import Image
from io import BytesIO
import matplotlib.pyplot as plt
image = Image.open(BytesIO(requests.get(image_url).content))
plt.imshow(image)
plt.axis("off")
_ = plt.title(image_caption, size="x-large", y=-0.1)

Use a domain-specific model 
A domain-specific model
(https://westus.dev.cognitive.microsoft.com/docs/services/56f91f2d778daf23d8ec6739/operations/56f91f2e778daf14a499e1fd)
is a model trained to identify a specific set of objects in an image. The two domain-specific models that
are currently available are celebrities and landmarks.

To view the list of domain-specific models supported, you can make the following request against the
service.

A group of people standing in front of a tree posing for the camer
a



Natural language processing

Speech recognition,
text-to-speech conversion,

language translation,
etc.

Apple Siri Microsoft Cortana Amazon AlexaGoogle Assistant 

Google's robot assistant now makes eerily lifelike

phone calls for you

Olivia Solon in San Francisco

Google Duplex contacts hair salon and restaurant in demo, adding ‘er’ and ‘mmm-

hmm’ so listeners think it’s human

Tue 8 May 2018 21.13 BST

Google’s virtual assistant can now make phone calls on your behalf to schedule

appointments, make reservations in restaurants and get holiday hours.

The robotic assistant uses a very natural speech pattern that includes hesitations and

affirmations such as “er” and “mmm-hmm” so that it is extremely difficult to distinguish

from an actual human phone call.

The unsettling feature, which will be available to the public later this year, is enabled by a

technology called Google Duplex, which can carry out “real world” tasks on the phone,

without the other person realising they are talking to a machine. The assistant refers to the

person’s calendar to find a suitable time slot and then notifies the user when an

appointment is scheduled.

Google’s CEO, Sundar Pichai, demonstrated the capability on stage at the Shoreline

Amphitheater during the company’s annual developer conference, I/O. He played a

recording of Google Assistant calling and interacting with someone at a hair salon to make

an appointment.

When the salon picks up the phone, a female computer-generated voice says she’s calling to

arrange a haircut for “a client” on 3 May. The salon employee says “give me one second”, to

which the robot replies “mmm-hmm” – a response that triggered a wave of laughter in the

7,000-strong audience.

“What time are you looking for?” the salon employee asks. “At 12pm,” replies the robot. The

salon doesn’t have an opening then, so the robot suggests a window between 10am and

12pm, before confirming the booking and notifying its human master.

Pichai showed a second demo, one of “many examples where the call doesn’t go as

expected”, in which a male-sounding virtual assistant tries to reserve a table at a restaurant

but is told that he doesn’t need a booking if there are only four people in his party. The robot

appears to navigate the confusing conversation with ease.

From the onstage demonstrations, it seemed like a significant upgrade from the automated

phone systems most people have interacted with. The natural interaction is enabled by

Near-human



Input Input Input OutputOutputOutput

horse → zebra

zebra → horse

summer Yosemite → winter Yosemite 

apple → orange

orange → apple

winter Yosemite → summer Yosemite

Input Content

Output

Input Style
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Image generation

Zhu et al. arXiv:1703.10593 (2017)

Machine learning can 

also create / generate 

from examples

Using generative 
adversarial networks 
(GANs), in particularJing et al. arXiv:1705.04058 (2017)

Winter to summer Yosemite



Ulyanov et al., arXiv:1711.10925 (2017)

Image generation

Can also generate 

likely missing parts 

from learned pictures

Using generative 
adversarial networks 

(GANs) too



Liang’s thesis (2016),
University of Cambridge

Music generation



see Fig. 3, Supplementary Discussion and Extended Data Table 2). In
additional simulations (see Supplementary Discussion and Extended
Data Tables 3 and 4), we demonstrate the importance of the individual
core components of the DQN agent—the replay memory, separate target
Q-network and deep convolutional network architecture—by disabling
them and demonstrating the detrimental effects on performance.

We next examined the representations learned by DQN that under-
pinned the successful performance of the agent in the context of the game
Space Invaders (see Supplementary Video 1 for a demonstration of the
performance of DQN), by using a technique developed for the visual-
ization of high-dimensional data called ‘t-SNE’25 (Fig. 4). As expected,
the t-SNE algorithm tends to map the DQN representation of percep-
tually similar states to nearby points. Interestingly, we also found instances
in which the t-SNE algorithm generated similar embeddings for DQN
representations of states that are close in terms of expected reward but

perceptually dissimilar (Fig. 4, bottom right, top left and middle), con-
sistent with the notion that the network is able to learn representations
that support adaptive behaviour from high-dimensional sensory inputs.
Furthermore, we also show that the representations learned by DQN
are able to generalize to data generated from policies other than its
own—in simulations where we presented as input to the network game
states experienced during human and agent play, recorded the repre-
sentations of the last hidden layer, and visualized the embeddings gen-
erated by the t-SNE algorithm (Extended Data Fig. 1 and Supplementary
Discussion). Extended Data Fig. 2 provides an additional illustration of
how the representations learned by DQN allow it to accurately predict
state and action values.

It is worth noting that the games in which DQN excels are extremely
varied in their nature, from side-scrolling shooters (River Raid) to box-
ing games (Boxing) and three-dimensional car-racing games (Enduro).

Montezuma's Revenge
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Gravitar
Frostbite
Asteroids

Ms. Pac-Man
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Double Dunk
Seaquest
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Alien
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Best linear learner
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Figure 3 | Comparison of the DQN agent with the best reinforcement
learning methods15 in the literature. The performance of DQN is normalized
with respect to a professional human games tester (that is, 100% level) and
random play (that is, 0% level). Note that the normalized performance of DQN,
expressed as a percentage, is calculated as: 100 3 (DQN score 2 random play
score)/(human score 2 random play score). It can be seen that DQN

outperforms competing methods (also see Extended Data Table 2) in almost all
the games, and performs at a level that is broadly comparable with or superior
to a professional human games tester (that is, operationalized as a level of
75% or above) in the majority of games. Audio output was disabled for both
human players and agents. Error bars indicate s.d. across the 30 evaluation
episodes, starting with different initial conditions.
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Deepmind,
Nature 518, 529 (2015) 

Game playing

Atari  Games

Deepmind’s AlphaGo,
Nature 550, 354 (2017)

Deepmind’s AlphaZero (2017)

Go

Chess
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that support adaptive behaviour from high-dimensional sensory inputs.
Furthermore, we also show that the representations learned by DQN
are able to generalize to data generated from policies other than its
own—in simulations where we presented as input to the network game
states experienced during human and agent play, recorded the repre-
sentations of the last hidden layer, and visualized the embeddings gen-
erated by the t-SNE algorithm (Extended Data Fig. 1 and Supplementary
Discussion). Extended Data Fig. 2 provides an additional illustration of
how the representations learned by DQN allow it to accurately predict
state and action values.

It is worth noting that the games in which DQN excels are extremely
varied in their nature, from side-scrolling shooters (River Raid) to box-
ing games (Boxing) and three-dimensional car-racing games (Enduro).

Montezuma's Revenge
Private Eye

Gravitar
Frostbite
Asteroids

Ms. Pac-Man
Bowling

Double Dunk
Seaquest

Venture
Alien

Amidar

River Raid
Bank Heist

Zaxxon

Centipede
Chopper Command

Wizard of Wor
Battle Zone

Asterix
H.E.R.O.

Q*bert
Ice Hockey

Up and Down
Fishing Derby

Enduro
Time Pilot

Freeway
Kung-Fu Master

Tutankham
Beam Rider

Space Invaders
Pong

James Bond
Tennis

Kangaroo
Road Runner

Assault
Krull

Name This Game
Demon Attack

Gopher
Crazy Climber

Atlantis
Robotank

Star Gunner
Breakout

Boxing
Video Pinball

At human-level or above

Below human-level

0 100 200 300 400 4,500%500 1,000600

Best linear learner

DQN

Figure 3 | Comparison of the DQN agent with the best reinforcement
learning methods15 in the literature. The performance of DQN is normalized
with respect to a professional human games tester (that is, 100% level) and
random play (that is, 0% level). Note that the normalized performance of DQN,
expressed as a percentage, is calculated as: 100 3 (DQN score 2 random play
score)/(human score 2 random play score). It can be seen that DQN

outperforms competing methods (also see Extended Data Table 2) in almost all
the games, and performs at a level that is broadly comparable with or superior
to a professional human games tester (that is, operationalized as a level of
75% or above) in the majority of games. Audio output was disabled for both
human players and agents. Error bars indicate s.d. across the 30 evaluation
episodes, starting with different initial conditions.

LETTER RESEARCH

2 6 F E B R U A R Y 2 0 1 5 | V O L 5 1 8 | N A T U R E | 5 3 1

Macmillan Publishers Limited. All rights reserved©2015

Powered by deep 

reinforcement learning









StarCraft II: A New Challenge for

Reinforcement Learning

Oriol Vinyals Timo Ewalds Sergey Bartunov Petko Georgiev

Alexander Sasha Vezhnevets Michelle Yeo Alireza Makhzani Heinrich Küttler

John Agapiou Julian Schrittwieser John Quan Stephen Gaffney Stig Petersen

Karen Simonyan Tom Schaul Hado van Hasselt David Silver Timothy Lillicrap

DeepMind

Kevin Calderone Paul Keet Anthony Brunasso David Lawrence

Anders Ekermo Jacob Repp Rodney Tsing
Blizzard

Abstract

This paper introduces SC2LE (StarCraft II Learning Environment), a reinforce-

ment learning environment based on the game StarCraft II. This domain poses

a new grand challenge for reinforcement learning, representing a more difficult

class of problems than considered in most prior work. It is a multi-agent problem

with multiple players interacting; there is imperfect information due to a partially

observed map; it has a large action space involving the selection and control of

hundreds of units; it has a large state space that must be observed solely from

raw input feature planes; and it has delayed credit assignment requiring long-term

strategies over thousands of steps. We describe the observation, action, and reward

specification for the StarCraft II domain and provide an open source Python-based

interface for communicating with the game engine. In addition to the main game

maps, we provide a suite of mini-games focusing on different elements of Star-

Craft II gameplay. For the main game maps, we also provide an accompanying

dataset of game replay data from human expert players. We give initial baseline

results for neural networks trained from this data to predict game outcomes and

player actions. Finally, we present initial baseline results for canonical deep rein-

forcement learning agents applied to the StarCraft II domain. On the mini-games,

these agents learn to achieve a level of play that is comparable to a novice player.

However, when trained on the main game, these agents are unable to make signifi-

cant progress. Thus, SC2LE offers a new and challenging environment for explor-

ing deep reinforcement learning algorithms and architectures.

1 Introduction

Recent progress in areas such as speech recognition [7], computer vision [16], and natural language

processing [38] can be attributed to the resurgence of deep learning [17], which provides a power-

ful toolkit for non-linear function approximation using neural networks. These techniques have also

proven successful in reinforcement learning problems, yielding significant successes in Atari [20],

the game of Go [32], three-dimensional virtual environments [3] and simulated robotics domains

[18, 29]. Many of the successes have been stimulated by the availability of simulated domains with

an appropriate level of difficulty. Benchmarks have been critical to measuring and therefore advanc-

ing deep learning and reinforcement learning (RL) research [4, 20, 28, 8]. It is therefore important

to ensure the availability of domains that are beyond the capabilities of current methods in one or

more dimensions.
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Already moved on to more complex games



Self-driving cars

"Only Waymo has tested Level 4 vehicles on passengers who aren't its employees.
No one has yet demonstrated at Level 5, where the car is so independent that 

there's no steering wheel or pedals to operate."

LA Times, May 11, 2018

Waymo (Google) self-driving cars, February 28, 2018 



Robotics

"Atlas" robot from Boston Dynamics (2018)





Introduction to
Machine Learning 

for Dummies
by

Charles-E. Bardyn
University of Geneva June 14, 2018
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Deep learning: multi-layer networks

Feed-forward neural networks

Total recall

Recurrent neural networks

Input 
layer

"Hidden" 
layer

Output 
layer



Total recall

Batch gradient descent

Stochastic gradient descent 
(typically better)

Gradient estimated 
from the whole 

training data (batch)

E.g., mean squared 
error (MSE)

Learning rate

"Learning" or "training"
= minimizing the chosen 

cost function
Actual output 

(neuron activations)

a1(x)
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(typically even better)
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from subsets of data 
points (mini-batches)

How do deep neural nets learn?



Backpropagation
Total recall

Or how to compute the 
gradient of the cost 
function efficiently

Comes from the 
usual chain rule

Gradient computed from only two 
passes (forward and backward)

Main steps

Feedforward:

Compute the output error:

2

3

for successive layers

Compute the input activations:1

and

Backpropagate the error:4

Compute

for successive layers
Compute

Output

1

2

3

Feedforward

Backpropagate4

l = 2, 3, . . . , L
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Science applications
Machine learning mostly 

comes from science!

What goes around comes 
back aroundAlready applied in

Chemistry

Libbrecht and Noble (2015)

Cleophas and Zwinderman (2015)

Cartwright (2007)

Castelvecchi (2015) 

In neuroscience, evolution, 
immunology, genetics, etc. 

In epidemiology, disease 
development, etc. 

In optimization of reactions, 
search for new molecules, etc. 

In high-energy physics, 
astronomy, etc.

In condensed matter physics 
and general quantum physics

And more recently

Medicine

Biology

Physics
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Machine Learning (ML) is one of the most exciting and dynamic areas of modern research

and application. The purpose of this review is to provide an introduction to the core

concepts and tools of machine learning in a manner easily understood and intuitive

to physicists. The review begins by covering fundamental concepts in ML and modern

statistics such as the bias-variance tradeoff, overfitting, regularization, and generalization

before moving on to more advanced topics in both supervised and unsupervised learning.

Topics covered in the review include ensemble models, deep learning and neural networks,

clustering and data visualization, energy-based models (including MaxEnt models and

Restricted Boltzmann Machines), and variational methods. Throughout, we emphasize

the many natural connections between ML and statistical physics. A notable aspect of

the review is the use of Jupyter notebooks to introduce modern ML/statistical packages

to readers using physics-inspired datasets (the Ising Model and Monte-Carlo simulations

of supersymmetric decays of proton-proton collisions). We conclude with an extended

outlook discussing possible uses of machine learning for furthering our understanding

of the physical world as well as open problems in ML where physicists maybe able to

contribute.
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Abstract. Quantum information technologies, on the one side, and intelligent learning
systems, on the other, are both emergent technologies that will likely have a transforming
impact on our society in the future. The respective underlying fields of basic research –
quantum information (QI) versus machine learning and artificial intelligence (AI) – have
their own specific questions and challenges, which have hitherto been investigated largely
independently. However, in a growing body of recent work, researchers have been prob-
ing the question to what extent these fields can indeed learn and benefit from each other.
QML explores the interaction between quantum computing and machine learning, inves-
tigating how results and techniques from one field can be used to solve the problems of
the other. In recent time, we have witnessed significant breakthroughs in both directions
of influence. For instance, quantum computing is finding a vital application in providing
speed-ups for machine learning problems, critical in our “big data” world. Conversely,
machine learning already permeates many cutting-edge technologies, and may become
instrumental in advanced quantum technologies. Aside from quantum speed-up in data
analysis, or classical machine learning optimization used in quantum experiments, quan-
tum enhancements have also been (theoretically) demonstrated for interactive learning
tasks, highlighting the potential of quantum-enhanced learning agents. Finally, works
exploring the use of artificial intelligence for the very design of quantum experiments,
and for performing parts of genuine research autonomously, have reported their first
successes. Beyond the topics of mutual enhancement – exploring what ML/AI can do
for quantum physics, and vice versa – researchers have also broached the fundamental
issue of quantum generalizations of learning and AI concepts. This deals with questions
of the very meaning of learning and intelligence in a world that is fully described by
quantum mechanics. In this review, we describe the main ideas, recent developments,
and progress in a broad spectrum of research investigating machine learning and artificial
intelligence in the quantum domain.
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Machine learning phases of matter
Juan Carrasquilla1* and Roger G. Melko1,2

Condensed-matter physics is the study of the collective
behaviour of infinitely complex assemblies of electrons, nuclei,
magnetic moments, atoms or qubits1. This complexity is
reflected in the size of the state space, which grows expo-
nentially with the number of particles, reminiscent of the
‘curse of dimensionality’ commonly encountered in machine
learning2. Despite this curse, the machine learning community
has developed techniques with remarkable abilities to recog-
nize, classify, and characterize complex sets of data. Here, we
show thatmodernmachine learning architectures, such as fully
connected and convolutional neural networks3, can identify
phases and phase transitions in a variety of condensed-matter
Hamiltonians. Readily programmable through modern soft-
ware libraries4,5, neural networkscanbe trained todetectmulti-
ple typesof order parameter, aswell as highly non-trivial states
with no conventional order, directly from raw state configura-
tions sampled with Monte Carlo6,7.

Conventionally, the study of phases in condensed-matter systems
is performed with the help of tools that have been carefully designed
to elucidate the underlying physical structures of various states.
Among the most powerful are Monte Carlo simulations, which
consist of two steps: a stochastic importance sampling over state
space, and the evaluation of estimators for physical quantities
calculated from these samples7. These estimators are constructed
on the basis of a variety of physical motivations; for example, the
availability of an experimental measure such as a specific heat; or,
the encoding of a theoretical device such as an order parameter1.
However, some technologically important states of matter, such
as topologically ordered states1,8, can not be straightforwardly
identified with standard estimators9,10.

Machine learning, already explored as a tool in condensed-
matter research11–16, provides a complementary paradigm to the
above approach. The ability ofmodernmachine learning techniques
to classify, identify, or interpret massive data sets such as images
foreshadows their suitability to provide physicists with similar
analyses on the exponentially large data sets embodied in the state
space of condensed-matter systems. We first demonstrate this on
the prototypical example of the square-lattice ferromagnetic Ising
model, H = �J

P
hiji � z

i �
z
j . We set J = 1 and the Ising variables

� z
i = ±1 so that for N lattice sites, the state space is of size 2N .

StandardMonteCarlo techniques provide samples of configurations
for any temperature T , weighted by the Boltzmann distribution.
The existence of a well-understood phase transition at temperature
Tc (ref. 17), between a high-temperature paramagnetic phase and
a low-temperature ferromagnetic phase, allows us the opportunity
to attempt to classify the two di�erent types of configurations
without the use of Monte Carlo estimators. Instead, we construct
a fully connected feed-forward neural network, implemented
with TensorFlow4, to perform supervised learning directly on the
thermalized and uncorrelated raw configurations sampled by a
Monte Carlo simulation. As illustrated in Fig. 1a, the neural network

is composed of an input layer with values determined by the spin
configurations, a 100-unit hidden layer of sigmoid neurons, and
an analogous output layer. When trained on a broad range of data
at temperatures above and below Tc, the neural network is able
to correctly classify data in a test set. Finite-size scaling is capable
of systematically narrowing in on the thermodynamic value of Tc
in a way analogous to measurements of the magnetization: a data
collapse of the output layer (Fig. 1b) leads to an estimate of the
critical exponent ⌫ ' 1.0± 0.2, while a size scaling of the crossing
temperature T ⇤/J estimates Tc/J ' 2.266 ± 0.002 (Fig. 1c). One
can understand the training of the network through a simple toy
model involving a hidden layer of only three analytically ‘trained’
perceptrons, representing the possible combinations of high- and
low-temperature magnetic states exclusively on the basis of their
magnetization. Similarly, our 100-unit neural network relies on the
magnetization of the configurations in the classification task.Details
about the toy model, the 100-unit neural network, as well as a low-
dimensional visualization of the training data, which may be used
as a preprocessing step to generate the labels if they are not available
a priori, are discussed in the Supplementary Figs 1, 2, and 4. We
note that in a recent development, a closely related neural-network-
based approach allows for the determination of critical points using
a confusion scheme18, which works even in the absence of labels.
Finally, we mention that similar success rates occur if the model
is modified to have antiferromagnetic couplings, H = J

P
hiji �

z
i �

z
j ,

illustrating that the neural network is not only useful in identifying a
global spin polarization, but an order parameter with other ordering
wavevectors (here q=(⇡,⇡)).

The power of neural networks lies in their ability to generalize
to tasks beyond their original design. For example, what if one
was presented with a data set of configurations from an Ising
Hamiltonian where the lattice structure (and therefore its Tc)
is not known? We illustrate this scenario by taking our above
feed-forward neural network, already trained on configurations
for the square-lattice ferromagnetic Ising model, and provide it
a test set produced by Monte Carlo simulations of the triangular
lattice ferromagnetic Ising Hamiltonian. In Fig. 1d–f we present the
averaged output layer versus T , the corresponding data collapse,
and a size scaling of T ⇤/J , allowing us to successfully estimate the
critical parameters Tc/J =3.65±0.01 and ⌫ ' 1.0± 0.3 consistent
with the exact values19.

We now turn to the application of such techniques to problems
of greater interest in modern condensed matter, such as disordered
or topological phases, where no conventional order parameter
exists. Coulomb phases, for example, are states of frustrated
lattice models where local energetic constraints imposed by the
Hamiltonian lead to extensively degenerate classical ground states.
We consider a two-dimensional square-ice Hamiltonian given by
H = J

P
v Q2

v , where the charge Qv =P
i2v � z

i is the sum over the
Ising variables located in the lattice bonds incident on vertex v,
as shown in Fig. 2. In a conventional approach, the ground states
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Machine learning quantum phases 
of matter beyond the fermion sign 
problem
Peter Broecker1, Juan Carrasquilla2, Roger G. Melko2,3 & Simon Trebst  1

State-of-the-art machine learning techniques promise to become a powerful tool in statistical 
mechanics via their capacity to distinguish different phases of matter in an automated way. Here we 
demonstrate that convolutional neural networks (CNN) can be optimized for quantum many-fermion 
systems such that they correctly identify and locate quantum phase transitions in such systems. Using 
auxiliary-field quantum Monte Carlo (QMC) simulations to sample the many-fermion system, we show 
that the Green’s function holds sufficient information to allow for the distinction of different fermionic 
phases via a CNN. We demonstrate that this QMC + machine learning approach works even for systems 
exhibiting a severe fermion sign problem where conventional approaches to extract information from 
the Green’s function, e.g. in the form of equal-time correlation functions, fail.

In quantum statistical physics, the sign problem refers to the generic inability of quantum Monte Carlo (QMC) 
approaches to tackle fermionic systems with the same unparalleled efficiency it exhibits for unfrustrated bosonic 
systems. At its most basic level, it tracks back to the expansion of the partition function of a quantum mechanical 
system in terms of d + 1 dimensional classical configurations that have both positive and negative (or complex) 
statistical weights, thus invalidating their usual interpretation as a probability distribution1, 2. In some specific 
cases, canonical transformations or basis rotations are known that completely eliminate the negative weights3–5, 
resulting in sign-problem free models, sometimes called “stoquastic”6 or “designer”7 Hamiltonians. However, 
the lack of a general systematic procedure for such transformations8 preclude many, if not most, quantum 
Hamiltonians from being simulated with unbiased QMC methods. This includes one of the most fundamental 
problems in statistical physics – the many-electron system, which is known to give rise to some of the most 
intriguing collective phenomena such as the formation of high-temperature superconductors9, non-Fermi liq-
uids10, 11, or Mott insulators with fractionalized excitations12.

When tackling sign-problematic Hamiltonians with QMC approaches a common procedure13 consists of two 
steps: (1) taking the absolute value of the configuration weight, thereby allowing interpretation as a probability 
amenable to sampling; and (2) precisely compensating for this by weighing observables (such as two-point cor-
relation functions) with the excluded sign. While this procedure allows, in principle, for an unbiased evaluation 
of observables, it introduces changes into the sampling scheme in two distinct ways. First, the exclusion of the 
sign in step (1) affects the region of configuration space that is effectively sampled. To what extent this modified 
sampling imposes severe restrictions or rather subtle constraints very much depends on the actual QMC fla-
vor, such as world-line versus auxiliary-field approaches. Second, this modified sampling necessitates the sign 
reweighing of step (2) in any proper statistical analysis. It is, however, precisely this step where the sign problem 
ultimately manifests itself in a statistical variance of estimators that grows exponentially in system size and inverse 
temperature.

In this paper, we examine an approach by which these two steps in the sampling procedure of sign-problematic 
QMC can be separated in the context of the many-fermion problem. To do this, we replace step (2), the calcula-
tion of thermodynamic observables, with supervised machine learning on configuration data produced in step 
(1). Neural networks have recently been demonstrated capable of discriminating between classical phases of 
matter, through direct training on Monte Carlo configurations14, 15. In this paper, we employ auxiliary-field QMC 
techniques to sample statistical instances of the wavefunction of a fermionic system. We then train a convolu-
tional neural network (CNN) to discriminate between two fermionic phases, which are known ground states for 
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Quantum Loop Topography for Machine Learning
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Despite rapidly growing interest in harnessing machine learning in the study of quantum many-body
systems, training neural networks to identify quantum phases is a nontrivial challenge. The key challenge is
in efficiently extracting essential information from the many-body Hamiltonian or wave function and
turning the information into an image that can be fed into a neural network. When targeting topological
phases, this task becomes particularly challenging as topological phases are defined in terms of nonlocal
properties. Here, we introduce quantum loop topography (QLT): a procedure of constructing a
multidimensional image from the “sample” Hamiltonian or wave function by evaluating two-point
operators that form loops at independent Monte Carlo steps. The loop configuration is guided by the
characteristic response for defining the phase, which is Hall conductivity for the cases at hand. Feeding
QLT to a fully connected neural network with a single hidden layer, we demonstrate that the architecture
can be effectively trained to distinguish the Chern insulator and the fractional Chern insulator from trivial
insulators with high fidelity. In addition to establishing the first case of obtaining a phase diagram with a
topological quantum phase transition with machine learning, the perspective of bridging traditional
condensed matter theory with machine learning will be broadly valuable.

DOI: 10.1103/PhysRevLett.118.216401

Introduction.—Machine learning techniques have been
enabling neural networks to recognize and interpret big
data sets of images and speeches [1]. Through supervised
training with a large set of data, neural networks “learn” to
recognize key features of a universal class. Very recently,
rapid and promising development has been made from this
perspective on numerical studies of condensed matter
systems, including dynamical systems [2–6] as well as
classical and quantum systems undergoing phase transi-
tions [7–13]. Also established is the theory connection to
the renormalization group [14,15]. Exciting successes in
the application of machine learning to symmetry-broken
phases [7–10] may be attributed to the locality of the
defining property of the target phases: the order parameter
field. The snapshots of order parameter configuration form
images readily fed into neural networks, well developed to
recognize patterns in images.
Unfortunately, many novel states cannot be detected

through a local order parameter. All topological phases are
intrinsically defined in terms of nonlocal topological
properties. Not only do many-body localized states of
growing interest [16] fit into this category, but even a
superconducting state fits in here since the superconducting
order parameter explicitly breaks the particle number
conservation [17]. In order for neural networks to learn
and recognize such phases, we need to supply them with
“images” that contain relevant nonlocal information.
Clearly, information based on a single site is insufficient.
One approach to the topological phase was to add complex-
ity to the neural network architecture and use layers of
convolutional filters to detect local constraints in the

presence of translational symmetry, targeting a single
topological phase at a time [7,10]. Another approach
was to detect the topological edge states [13]. In addition,
an ensemble of the Green’s function was used to detect
charge-ordered phases [9].
Here, we introduce quantum loop topography (QLT): a

procedure that designs and selects the input data based on
the target phases of interest guided by relevant response
functions. We focus on the fermionic topological phases,
but the procedure can be generalized to other situations that
are not captured by purely local information as all physi-
cally meaningful states are characterized by their response
functions. The subject of topological phases of matter
has grown with the appeal that topological properties are
nonlocal and hence, more robust [18–20]. Ironically, this
attractive feature makes it difficult to detect and identify
topological phases even in numerics. Importantly, detection
of strongly correlated topological phases as fractional
quantum Hall states [21,22], fractional Chern insulators
[23,24], and quantum spin liquids [25–27] requires arduous
calculations of topological entanglements entropies
[28,29]. On the other hand, quantization [21–24,30–34]
is a natural theme of topological states, and one may
wonder whether there is an intelligent way to detect them
due to the discreteness in defining properties. In this Letter,
we demonstrate that QLT enables even a rather simple
architecture consisting of a fully connected neural network
with a single hidden layer to recognize the Chern insulator
and the fractional Chern insulator states and rapidly
produce a phase diagram containing topological quantum
phase transition (TQPT). We then discuss insights into the
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Machine learning Z2 quantum spin liquids with quasiparticle statistics
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After decades of progress and effort, obtaining a phase diagram for a strongly correlated topological system still
remains a challenge. Although in principle one could turn to Wilson loops and long-range entanglement, evaluating
these nonlocal observables at many points in phase space can be prohibitively costly. With growing excitement
over topological quantum computation comes the need for an efficient approach for obtaining topological phase
diagrams. Here we turn to machine learning using quantum loop topography (QLT), a notion we have recently
introduced. Specifically, we propose a construction of QLT that is sensitive to quasiparticle statistics. We then use
mutual statistics between the spinons and visons to detect a Z2 quantum spin liquid in a multiparameter phase
space. We successfully obtain the quantum phase boundary between the topological and trivial phases using a
simple feed-forward neural network. Furthermore, we demonstrate advantages of our approach for the evaluation
of phase diagrams relating to speed and storage. Such statistics-based machine learning of topological phases
opens new efficient routes to studying topological phase diagrams in strongly correlated systems.

DOI: 10.1103/PhysRevB.96.245119

I. INTRODUCTION

Despite much interest in topological phases of matter, the
search for and detection of the finite regions of phase space that
support topological order has been a longstanding challenge.
This is a nontrivial challenge because microscopic models of
strongly correlated topological order are usually established in
exactly solvable models at first [1– 7]. Nevertheless, universal
properties of topological phases from low-energy effective
theories, i.e., topological quantum field theories, provide a
broader support for the understanding of topological phases.
Naturally, much effort has gone into perturbing exactly solv-
able models both theoretically [8– 13] and numerically [14– 20]
to investigate the stability of the associated topological phases
beyond the fine-tuned solvable points. Moreover, growing
enthusiasm over the idea of using exotic statistics of excitations
for topological quantum computation [1,3,21] and the experi-
mental quests driven by related proposals [22,23] have raised
the need to understand the stability of various topological
phases and establish the corresponding phase diagrams.

It is perhaps the key interesting feature of topological
phases that simultaneously underlies challenges in their
numerical diagnosis: the absence of local order parameter.
Nevertheless, various measures of non-local correlations have
enabled progress in evaluating phase diagrams and detecting
phase transitions. Among the most successful approaches are
expectation value of Wilson loop [24,25] and entanglement
entropy [19,26– 28]. Unfortunately, the nonlocal nature of the
respective estimators can make the algorithms for measuring
these costly in general. In addition, in some cases one can
use a thermodynamic signature such as specific heat to detect
the phase transition [15,16,26,29]. Although a singularity in

*frankzhangyi@gmail.com
†eun-ah.kim@cornell.edu

specific heat is an effective indicator of a phase transition, it has
the drawback that it does not reveal any information regarding
the topological aspects of the associated phases. Hence, in ad-
dition to these standard techniques, developing a cost-effective
approach that can map out a phase diagram with topological
quantum phase transitions using key features of the topological
phase, such as nontrivial statistics, is highly desirable.

A new strategy for a dramatic speed-up in the approximate
evaluation of phase diagrams is to use neural-network-based
machine learning [30]. Efforts in this direction fall into one
of two broad categories: unsupervised learning and supervised
learning. In the unsupervised context, the task of classifying
raw state configurations with phase labels (e.g., “clustering”
to find hidden patterns or grouping in data) is one actively
pursued goal. Several different approaches have been used,
including principal component analysis and neural networks
[31– 33], resulting in a rapidly developing subfield. Within
the supervised learning approach, the algorithmic strategy is
perhaps more well established. There, neural networks can
be trained with data in the form of raw state configurations,
each labeled by its respective phase. Once the neural network
is trained, a new (“test”) data set is given to it, and it is
tasked with labeling each configuration with one of the phases
it has been trained to recognize. This approach has been
successful in obtaining phase diagrams with conventional
ordered phases [34– 36], many-body localizations [37], or
chiral topological phases [38– 40]. Nevertheless, identifying
nonchiral topological order remains surprisingly challenging
for such supervised machine-learning approaches [34].

Here we propose a learning strategy based on the nontrivial
statistics between fundamental excitations—the key defining
property of correlated topological phases. This approach is
inspired by earlier efforts to calculate quasiparticle statistics
that rely on evaluating quantities reflecting long-range entan-
glement of correlated topological phases [41– 48]. Since such
calculations are typically computationally costly, attempting
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Probing many-body localization with neural networks
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We show that a simple artificial neural network trained on entanglement spectra of individual states of a
many-body quantum system can be used to determine the transition between a many-body localized and a
thermalizing regime. Specifically, we study the Heisenberg spin-1/2 chain in a random external field. We employ
a multilayer perceptron with a single hidden layer, which is trained on labeled entanglement spectra pertaining
to the fully localized and fully thermal regimes. We then apply this network to classify spectra belonging to
states in the transition region. For training, we use a cost function that contains, in addition to the usual error
and regularization parts, a term that favors a confident classification of the transition region states. The resulting
phase diagram is in good agreement with the one obtained by more conventional methods and can be computed
for small systems. In particular, the neural network outperforms conventional methods in classifying individual
eigenstates pertaining to a single disorder realization. It allows us to map out the structure of these eigenstates
across the transition with spatial resolution. Furthermore, we analyze the network operation using the dreaming
technique to show that the neural network correctly learns by itself the power-law structure of the entanglement
spectra in the many-body localized regime.

DOI: 10.1103/PhysRevB.95.245134

I. INTRODUCTION

Artificial neural networks are routinely employed for data
classification. They are useful when features distinguishing
one class of data from another are unknown or unwieldy. A
neural network can learn such features from examples, i.e.,
a set of labeled training data. In physics, the application
of neural networks, and machine learning in general, to
many-body quantum mechanics is a novel and burgeoning
field of research [1]. Currently, there are three main lines of
pursuit: the application of machine learning to the problem
of classifying various phases of matter [2– 9], accelerating
material searches and design [10– 13], and the quest to encode
quantum mechanical states in structures mimicking the setup
of a neural network [14– 16]. This work is concerned with the
first kind of approach. Most previous studies have considered
the identification of phases and phase transitions by training
neural networks on a large set of prototype configurations.
Here, we instead use entanglement spectra [17], which in
recent years emerged as a powerful tool to characterize a
plethora of physical systems, and have been employed for a
neural network based detection of phase transitions in Ref. [8].

We apply neural network based phase classification to a
fundamental question in quantum statistical physics, namely,
the distinction between systems that obey the eigenstate
thermalization hypothesis (ETH) and those violating it. Ac-
cording to the ETH, local observables in a typical many-body
eigenstate should take the values that pertain to the observables
in a thermal ensemble, with the whole system acting as a
heat bath for its subsystems in the thermodynamic limit. A
well-studied class of systems that violate the ETH are those
exhibiting many-body localization (MBL) [18– 25], meaning
that partial memory of initial conditions is preserved for
infinite times. Due to this property, which is intimately related
to the emergence of an extensive number of integrals of motion
[23,26– 28], MBL systems have been envisioned as particularly

robust quantum memories [29]. Here, we study the Heisenberg
chain in a random field as a simple model for MBL. At
strong disorder, the model is in the MBL regime, whereas
it satisfies the ETH if disorder is weak. Several measures or
quantities allow a well-controlled quantitative distinction of
thermal and localized regimes. They have been used to study
the ETH-MBL transition in finite size numerical simulations,
in particular for an extensive analysis of the Heisenberg model
in a random field. These characterizing quantities include
energy level statistics [30– 35], level statistics [25,36] as well
as density of states [37] analyses of the entanglement spectrum
and studies of the distribution of the entanglement entropy over
a region of energy eigenstates [18,38– 43]. Necessarily, these
methods rely on a physical understanding of the nature of either
regime or of the transition. The neural network based method
for identifying the ETH-MBL transition that we present
here requires only that the information for distinguishing the
ETH from the MBL regime is—in some form—contained
in the entanglement spectrum. This is useful in particular in
situations where the physical characteristics of a phase are not
fully understood, as one may certainly argue to be the case for
MBL [44,45]. Thus, the neural network approach also allows
for the possibility of finding ways of characterizing the phase
transition beyond established methods, with the network’s
architecture providing a variational ansatz for a classification
criterion.

We use the network to classify the entanglement spectra
of all eigenstates of the Heisenberg chain, which are obtained
by exact diagonalization, in particular at finite energy density
(note that Ref. [8] has characterized the transition using ground
state properties of the disordered Heisenberg chain via a neural
network-based approach of classifying entanglement spectra).
For a specific disorder configuration, this allows, for instance,
to trace the evolution of individual ETH states deep in the MBL
regime [40,46– 48]. We achieve this by considering the spectra
from multiple real-space entanglement cuts as input for the
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Learning phase transitions by confusion
Evert P. L. van Nieuwenburg*, Ye-Hua Liu and Sebastian D. Huber

Classifying phases of matter is key to our understanding of
many problems in physics. For quantum-mechanical systems
in particular, the task can be daunting due to the exponentially
large Hilbert space.Withmodern computing power and access
to ever-larger data sets, classification problems are now
routinely solved using machine-learning techniques1. Here,
we propose a neural-network approach to finding phase
transitions, based on the performance of a neural network
after it is trained with data that are deliberately labelled
incorrectly. We demonstrate the success of this method on
the topological phase transition in the Kitaev chain2, the
thermal phase transition in the classical Ising model3, and
themany-body-localization transition in a disordered quantum
spin chain4. Ourmethod does not depend on order parameters,
knowledgeof the topological contentof thephases,oranyother
specifics of the transition at hand. It therefore paves the way
to the development of a generic tool for identifying unexplored
phase transitions.

Machine learning as a tool for analysing data is becoming more
and more prevalent in an increasing number of fields. This is due
to a combination of availability of large amounts of data and the
advances in hardware and computational power, the latter most
notably through the use of graphical processing units.

Two typical methods of machine learning can be distinguished,
namely the unsupervised and supervised methods. In the former
the machine receives no input other than the data and is asked,
for example, to extract features or to cluster the samples. Such an
unsupervised approachwas applied to identify phase transitions and
order parameters from images of classical configurations of Ising
models5. In the supervised learning methods, the data have to be
supplemented by a set of labels. A typical example is classification
of data, where each sample is assigned a class label. The machine
is trained to recognize samples and predict their associated label,
demonstrating that it has learned by generalizing to samples it has
not encountered before. This approach, too, has been demonstrated
on Ising models6.

Concepts from physics have also found their way into the field of
machine learning. Examples of this are the relations between neural
networks (NNs) and statistical Ising models and renormalization
flow7, the use of tensor network techniques to train them8, using
reinforcement learning tomake networks represent wavefunctions9,
and indeed the very concept of phase transitions themselves10.

Motivated by previous studies, we apply machine-learning
techniques to the detection of phase transitions. In contrast to the
earlier works, however, we focus on a combination of supervised
and unsupervised techniques. In most cases, namely, it is exactly
the labelling that one would like to find out (that is, classification
of phases). That implies that a labelling is not known beforehand,
and hence supervised techniques are not directly applicable. In this
Letter we demonstrate that it is possible to find the correct labels, by
purposefully mislabelling the data and evaluating the performance

of the machine learner. We will base our method on NNs, which are
capable of fitting arbitrary nonlinear functions11. Indeed, if a linear
feature extraction method worked, there would have been no need
to explicitly find labels in the first place.

We emphasize the main result in this work is that with the pro-
posed method we are able to find a consistent labelling for data that
have distinct patterns. A change in the pattern of some observable
is not necessarily correlated with a physical phase transition. Our
method is capable of recognizing the change of pattern, after which
it is up to the user to investigate whether the change corresponds to
a crossover or a phase transition. We remark that we do not exclude
the possibility that linearmethods would be able to perform some of
the tasks we describe below. Nor do we exclude the possibility that
other methods such as latent-variable models or other maximum
likelihood algorithms would be able to perform the same task.
Finding the correct method or transformation of the data may be
a prohibitive task however, and so using a (possibly overpowered)
method such as NNs provides a useful starting point. Our method
boils down to bootstrapping a supervised learning method to an
unsupervised one, at the expense of computational time.

Additionally, but not less important, we propose the use of the
entanglement spectrum (ES; to be defined below) as the input data
on which to detect patterns and phase transitions. This allows for
the novelty of studying quantum models instead of classical models
as was done in previous literature. In the following we explain and
demonstrate our method on two quantum-mechanical models and
on the classical Ising model.

For quantum phase transitions, one tries to learn the quantum-
mechanical wavefunction | i, which contains exponentially many
coe�cients with increasing system size. As has been noted before6, a
similar problem exists in the field of machine learning: the number
of samples in a data set has to increase exponentially with the
number of features one is trying to extract. To prevent having to deal
with exponentially large wavefunctions, we pre-process the data in
the form of the ES12, which has been shown to contain important
information about | i (refs 13,14).

To justify the use of the ES, we note that recently the quantum
entanglement has taken up a major role in the characterization of
many-body quantum systems13,15. In particular, the ES has been
used as an important tool in, for example, fingerprinting topo-
logical order16–18, tensor network properties19,20, quantum critical
points, symmetry-breaking phases21,22, and even many-body local-
ization23,24. Very recently, an experimental protocol for measuring
the ES has been proposed25. On the level of the ES, the information
of phases is not clearly identifiable as in the classical images, which
we will show in the following sections. However, patterns in the ES
suggest that learning and generalization is still possible.

We will next consider the Kitaev chain as a demonstration
of our method. The Kitaev chain serves as an excellent example
since analytical results are available, and the ES shows a clear
distinction between the two phases of the model. We demonstrate
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The application of state-of-the-art machine learning techniques to statistical physic problems has seen a surge
of interest for their ability to discriminate phases of matter by extracting essential features in the many-body
wavefunction or the ensemble of correlators sampled in Monte Carlo simulations. Here we introduce a gener-
alization of supervised machine learning approaches that allows to accurately map out phase diagrams of inter-
acting many-body systems without any prior knowledge, e.g. of their general topology or the number of distinct
phases. To substantiate the versatility of this approach, which combines convolutional neural networks with
quantum Monte Carlo sampling, we map out the phase diagrams of interacting boson and fermion models both
at zero and finite temperatures and show that first-order, second-order, and Kosterlitz-Thouless phase transitions
can all be identified. We explicitly demonstrate that our approach is capable of identifying the phase transition
to non-trivial many-body phases such as superfluids or topologically ordered phases without supervision.

In statistical physics, a continuous stream of computational
and conceptual advances has been directed towards attacking
the quantum many-body problem – the identification of the
ground state of a macroscopic number of interacting bosons,
spins or fermions. Pivotal steps forward have included the de-
velopment of numerical many-body techniques such as quan-
tum Monte Carlo simulations [1] and the density matrix renor-
malization group [2, 3] along with conceptual advances such
as the formulation of an entanglement perspective [4, 5] on
the quantum many-body problem arising from the interplay of
quantum information theory and quantum statistical physics.
Currently, machine learning (ML) approaches are entering
this field as new players. Their core functions, dimensional re-
duction and feature extraction, are a perfect match to the goal
of identifying essential characteristics of a quantum many-
body system, which are often hidden in the exponential com-
plexity of its many-body wavefunction or the abundance of
potentially revealing correlation functions. Initial steps in this
direction have demonstrated that machine learning of wave
functions is indeed possible [6, 7], which can lead to a varia-
tional representation of quantum states based on artificial neu-
ral networks that, for some cases, outperforms entanglement-
based variational representations [6]. This ability of machine
learning algorithms to learn complex distributions has also
been utilized to improve Monte Carlo sampling techniques
[8, 9] and might point to novel ways to bypass the sign prob-
lem of the many-fermion problem [10]. In parallel, it has
been demonstrated that convolutional neural networks can be
trained to learn sufficiently many features from the correlation
functions of a classical many-body system such that distinct
phases of matter can be discriminated and the parametric loca-
tion of the phase transition between them identified [11]. This
supervised learning approach has been generalized to quan-
tum many-body systems [10, 12], for which the application of
additional preprocessing filters even allows for the identifica-
tion of topological order [13, 14].

In this manuscript, we introduce an unsupervised machine
learning approach to the quantum many-body problem that
is capable of parametrically mapping out phase diagrams.
The algorithm, which generalizes previous supervised learn-
ing schemes to distinguish phases of matter, works without

any prior knowledge, e.g. regarding the overall topology or
number of distinct phases present in a phase diagram. The
essential ingredient of our approach are convolutional neural
networks (CNN) [15] that combine a preprocessing step using
convolutional filters with a conventional neural network (typ-
ically involving multiple layers itself). In previous work [10–
14] such CNNs have been used in a supervised learning set-
ting where a (quantum) many-body Hamiltonian is considered
that, as a function of some parameter �, exhibits a phase tran-
sition between two phases – such as the thermal phase transi-
tion in the classical Ising model [11] or the zero-temperature
quantum phase transition as a function of some coupling pa-
rameter [10]. In such a setting where one has prior knowledge
about the existence of two distinct phases in some parameter
range, one can train the CNN with labeled configurations or
Green’s functions acquired deep inside the two phases (e.g. by
Monte Carlo sampling). After successful training the CNN to
distinguish these two phases (which typically requires a few
thousand training instances), one can then feed unlabeled in-
stances, sampled for arbitrary intermediate parameter values
of �, to the CNN in order to locate the phase transition be-
tween the two phases, see also the schematic illustration of
Fig. 1. This approach has been demonstrated to produce rela-
tively good quantitative estimates for the location of the phase
transition [10–14] and might even be finessed to be amenable

�
�c

supervised learning

unsupervised learning

sliding window

phase I phase II

FIG. 1. Schematic illustration of the unsupervised machine learn-

ing approach. For a small parameter window, which is slided across
parameter space, a discrimination of phases at its endpoints A and B
is attempted via a supervised learning approach. A positive discrim-
ination via the underlying convolutional neural network is expected
only if the parameter window indeed encompasses a phase transition,
while it should fail when points A and B reside in the same phase.
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Learning phase transitions from dynamics
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We propose the use of recurrent neural networks for classifying phases of matter based on the
dynamics of experimentally accessible observables. We demonstrate this approach by training re-
current networks on the magnetization traces of two distinct models of one-dimensional disordered
and interacting spin chains. The obtained phase diagram for a well-studied model of the many-body
localization transition shows excellent agreement with previously known results obtained from time-
independent entanglement spectra. For a periodically-driven model featuring an inherently dynam-
ical time-crystalline phase, the phase diagram that our network traces in a previously-unexplored
regime coincides with an order parameter for its expected phases.

Introduction - Machine learning is emerging as a novel
tool for identifying phases of matter [1–15]. At its core,
this problem can be cast as a classification problem in
which data obtained from physical systems are assigned a
class (i.e. a phase) using machine learning methods. This
approach has enabled autonomous detection of order pa-
rameters [2, 5, 6], phase transitions [1, 3] and entire phase
diagrams [4, 7, 16, 17]. Simultaneous reserach e↵ort at
the interface between machine learning and many-body
physics has focussed on the use of neural networks for
e�cient representations of quantum wavefunctions [18–
26], drawing a parallel between deep networks and the
renormalization group [27–29]. Overall, these studies ex-
emplify the power of machine learning for extracting in-
formation from physical data without detailed physical
input. In particular, it shows potential for identifying
novel phases through automatic processing of large-scale
data; possibly identifying features that may have been
missed before.

So far, however, these methods have relied only on
static properties of the underlying physical systems, such
as raw state configurations sampled from Monte Carlo
simulations [1, 15] or entanglement spectra obtained us-
ing exact diagonalization [3, 11, 17]. To our knowledge,
the study of phase transitions from dynamics of physical
observables has not been adressed.

Here, we suggest a machine learning approach to dis-
tinguish between phases based on dynamics of measur-
able quantities. Specifically, we introduce the use of re-
current neural networks (RNNs), designed for processing
sequential data such as time-traces. This approach does
not rely on thermal equilibrium, and applies very natu-
rally to time-dependent systems. It is therefore particu-
larly suited for the identification of dynamical as well as
Floquet phases [30–39].

We first test our method on a system with two in-
herently di↵erent dynamical behaviours, namely a 1D
system with a many-body localization transition [40–43].
Machine learning methods applied on entanglement spec-
tra of eigenstates were used to obtain a phase diagram

⇤ Equal contribution

of the same model [11], as well as on a slightly di↵erent
model featuring two distinct MBL phases [17]. Here, we
insist on using only experimentally relevant (i.e. mea-
sureable) quantities such as the magnetization of indi-
vidual spins. We find that the network succeeds at dis-
tinguishing between the ergodic and localized phases of
this model, recovering phase boundaries similar to those
obtained by previous methods.

We then apply our method to a periodically driven
model, featuring among its three phases one which is
unique to the time-dependent setting, namely a time
crystal [44–50]. Indeed the method distinguishes between
the time-crystalline, Floquet-ergodic and Floquet-MBL
[51–53] phases of this model.

In the following section, we first introduce the essen-
tials of recurrent neural networks. We refer the reader
to Ref. [54] for an extensive introduction to the non-
recurrent feed-forward neural network. After we have
introduced the network essentials, we outline the proce-
dure we refer to as ‘blanking’ for training the network on
a set of physics data. This framework is independent of
the underlying model, and serves as the main supervised
learning scheme in our work. Next we turn to introducing
the models and the results mentioned earlier, and con-
clude with a critical evaluation of the obtained results.

Recurrent networks - Because we wish to be able to
capture non-equal-time correlations in the magnetization
traces, we choose to train a recurrent neural network
(RNN) to distinguish dynamical regimes. A recurrent
neural network is a neural network in which one or mul-
tiple outputs are fed back into the network as inputs, as
illustrated in Fig. 1. Such a recurrence creates a feedback
loop that allows information that was fed into the net-
work to persist in a self-consistent manner. This is ideal
for analyzing sequences in which the value at a particu-
lar point of that sequence may depend on the previous
entries. Consequently, RNNs are well suited for dealing
with sequential data or other types of data for which a
kind of ‘memory’ or temporal dependence is beneficial.

It is particularly useful to introduce the idea of ‘un-
rolling’ a recurrent part of a network. In Figure 1 we
show a (subsection of) a neural network N with inputs
x(t) and outputs y(t), the latter being fed back into the
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RESEARCH ARTICLE
◥

MANY-BODY PHYSICS

Solving the quantum many-body
problem with artificial
neural networks
Giuseppe Carleo1* and Matthias Troyer1,2

The challenge posed by the many-body problem in quantum physics originates from the
difficulty of describing the nontrivial correlations encoded in the exponential complexity
of the many-body wave function. Here we demonstrate that systematic machine learning of
the wave function can reduce this complexity to a tractable computational form for some
notable cases of physical interest. We introduce a variational representation of quantum
states based on artificial neural networks with a variable number of hidden neurons.
A reinforcement-learning scheme we demonstrate is capable of both finding the ground
state and describing the unitary time evolution of complex interacting quantum systems.
Our approach achieves high accuracy in describing prototypical interacting spins models in
one and two dimensions.

T
he wave function Y is a fundamental ob-
ject in quantum physics and possibly the
hardest to grasp in the classical world. Y
is a monolithic mathematical quantity that
contains all of the information on a quan-

tum state, be it a single particle or a complex
molecule. In principle, an exponential amount
of information is needed to fully encode a ge-
neric many-body quantum state. However, wave
functions representing many physical many-body
systems can be characterized by an amount of
information much smaller than the maximum
capacity of the corresponding Hilbert space. A
limited amount of quantum entanglement and
a small number of physical states in such sys-
tems enable modern approaches to solve the
many-body Schrödinger’s equation with a limited
amount of classical resources.
Numerical approaches directly relying on the

wave function can either sample a finite num-
ber of physically relevant configurations or per-
form an efficient compression of the quantum
state. Stochastic approaches, like quantumMonte
Carlo (QMC) methods, belong to the first cat-
egory and rely on probabilistic frameworks typ-
ically demanding a positive semidefinite wave
function (1–3). Compression approaches instead
rely on efficient representations of the wave func-
tion, such as in terms of matrix product states
(MPS) (4–6) or more general tensor networks
(7–9). However, examples of systems in which
existing approaches fail are numerous, mostly
owing to the sign problem in QMC (10) and
to the inefficiency of current compression ap-
proaches in high-dimensional systems. As a result,
despite the notable success of these methods,

a large number of unexplored regimes exist, in-
cluding many open problems. These encompass
fundamental questions ranging from the dyna-
mical properties of high-dimensional systems
(11, 12) to the exact ground-state properties of
strongly interacting fermions (13, 14). At the heart
of this lack of understanding lies the difficulty
in finding a general strategy to reduce the ex-
ponential complexity of the full many-body wave
function down to its most essential features (15).
In a much broader context, the problem re-

sides in the realm of dimensional reduction and
feature extraction. Among the most successful

techniques to attack these problems, artificial
neural networks play a prominent role (16). They
can perform exceedingly well in a variety of con-
texts ranging from image and speech recognition
(17) to game playing (18). Very recently, appli-
cations of neural networks to the study of phy-
sical phenomena have been introduced (19–23).
These have so far focused on the classification
of complex phases of matter, when exact sampling
of configurations from these phases is possible.
The challenging goal of solving a many-body
problem without prior knowledge of exact sam-
ples is nonetheless still unexplored, and the po-
tential benefits of artificial intelligences in this
task are, at present, substantially unknown.
Therefore, it is of fundamental and practical in-
terest to understand whether an artificial neural
network can modify and adapt itself to describe
and analyze such a quantum system. This abil-
ity could then be used to solve the quantum
many-body problem in regimes that have tra-
ditionally been inaccessible to existing exact nu-
merical approaches.
Here we introduce a representation of the wave

function in terms of artificial neural networks
specified by a set of internal parametersW. We
present a stochastic framework for reinforce-
ment learning of the parametersW, allowing for
the best possible representation of both ground-
state and time-dependent physical states of a
given quantum Hamiltonian H. The parame-
ters of the neural network are then optimized
(trained, in the language of neural networks),
either by static variational Monte Carlo (VMC)
sampling (24) or time-dependent VMC (25, 26),
when dynamical properties are of interest. We
validate the accuracy of this approach by study-
ing the Ising and Heisenberg models in both one
and two dimensions. The power of the neural-
network quantum states (NQS) is demonstrated,
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Fig. 1. Artificial neural network encoding a many-body quantum state of N spins. A restricted
Boltzmann machine architecture that features a set of N visible artificial neurons (yellow dots) and a
set of M hidden neurons (gray dots) is shown. For each value of the many-body spin configuration
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N Þ, the artificial neural network computes the value of the wave function YðSÞ.
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Part of the challenge for quantum many-body problems comes from the difficulty of

representing large-scale quantum states, which in general requires an exponentially

large number of parameters. Neural networks provide a powerful tool to represent quantum

many-body states. An important open question is what characterizes the representational

power of deep and shallow neural networks, which is of fundamental interest due to the

popularity of deep learning methods. Here, we give a proof that, assuming a widely believed

computational complexity conjecture, a deep neural network can efficiently represent most

physical states, including the ground states of many-body Hamiltonians and states generated

by quantum dynamics, while a shallow network representation with a restricted Boltzmann

machine cannot efficiently represent some of those states.
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Constructing exact representations of quantum
many-body systems with deep neural networks

Giuseppe Carleo
Center for Computational Quantum Physics, Flatiron Institute,

162 5th Avenue, New York, NY 10010, USA and
Institute for Theoretical Physics, ETH Zurich, Wolfgang-Pauli-Str. 27, 8093 Zurich, Switzerland

Yusuke Nomura and Masatoshi Imada
Department of Applied Physics, The University of Tokyo,

7-3-1 Hongo, Bunkyo-ku, Tokyo 113-8656, Japan

We develop a constructive approach to generate artificial neural networks representing the exact
ground states of a large class of many-body lattice Hamiltonians. It is based on the deep Boltzmann
machine architecture, in which two layers of hidden neurons mediate quantum correlations among
physical degrees of freedom in the visible layer. The approach reproduces the exact imaginary-
time Hamiltonian evolution, and is completely deterministic. In turn, compact and exact network
representations for the ground states are obtained without stochastic optimization of the network
parameters. The number of neurons grows linearly with the system size and total imaginary time,
respectively. Physical quantities can be measured by sampling configurations of both physical and
neuron degrees of freedom. We provide specific examples for the transverse-field Ising and Heisenberg
models by implementing e�cient sampling. As a compact, classical representation for many-body
quantum systems, our approach is an alternative to the standard path integral, and it is potentially
useful also to systematically improve on numerical approaches based on the restricted Boltzmann
machine architecture.

INTRODUCTION

A tremendous amount of successful developments in
quantum physics builds upon the mapping between
many-body quantum systems and e↵ective classical the-
ories. The probably most well known mapping is due
to Feynman, who introduced an exact representation of
many-body quantum systems in terms of statistical sum-
mations over classical particles trajectories [1]. E↵ective
classical representations of quantum many-body systems
are however not unique, and other approaches rely on
di↵erent inspiring principles, such as perturbative expan-
sions [2], or decomposition of interactions with auxiliary
degrees of freedom [3, 4]. The classical representations of
quantum states allow both for novel conceptual develop-
ments and e�cient numerical simulations. On one hand,
perturbative approaches based on the graphical resum-
mation of classes of diagrams are at the heart of many-
body analytical approaches in various fields of research,
ranging from particle to condensed-matter physics [5].
On the other hand, several non-perturbative numeri-
cal methods for many-body quantum systems are also
based on these mappings. Quantum Monte Carlo (QMC)
methods are among the most successful numerical tech-
niques, relying on continuos-space polymer representa-
tions [6–9], world-line lattice path integrals [10, 11], con-
tinuous time algorithm [12], summation of perturbative
diagrams [13, 14]. E↵ective classical representations are
also the building block of variational methods based on
correlated many-body wave-functions [15]. Several suc-
cessful variational techniques make extensive use of para-

metric representations of quantum states, where the ef-
fective parameters are determined by means of the vari-
ational principle [16–19]. In matrix-product and tensor-
network-states the ground-state is expressed as a classical
network [20, 21]. In general, finding alternative, e�cient
classical representations of quantum states can help es-
tablishing novel numerical and analytical techniques to
study challenging open issues.

Recently, an e�cient variational representation of
many-body systems in terms of artificial neural networks,
which consists of classical degrees of freedom, has been
introduced [22]. Numerical results have shown that ar-
tificial neural networks can represent many-body states
with high accuracy [22–31]. The majority of the vari-
ational approaches adopted so-far are based on shallow
neural networks, called Restricted Boltzmann Machines
(RBM), in which the physical degrees of freedom inter-
act with an ensemble of hidden degrees of freedom (neu-
rons). While shallow RBM states have promising fea-
tures in terms of entanglement capacity [25, 32–34], only
deep networks are guaranteed to provide a complete and
e�cient description of the most general quantum states
[35, 36].

In this Paper we introduce a constructive approach to
explicitly generate deep network structures correspond-
ing to exact quantum many-body ground states. We
demonstrate this construction for interacting lattice spin
models, including the transverse-field Ising and Heisen-
berg models. Our constructions are fully deterministic,
in stark contrast to the shallow RBM case, in which the
numerical optimization of the network parameters is in-
evitable. The number of neurons required in the con-
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Machine learning has been captivating public attention lately 
due to groundbreaking advances in automated translation, 
image and speech recognition1, game-playing2 and achiev-

ing super-human performance in tasks in which humans excelled 
while more traditional algorithmic approaches struggled3. The 
applications of those techniques in physics are very recent, initially 
leveraging the trademark prowess of machine learning in classifica-
tion and pattern recognition and applying them to classify phases 
of matter4–8, study amorphous materials9,10, or exploiting the neural 
networks’ potential as efficient nonlinear approximators of arbitrary 
functions11,12 to introduce a new numerical simulation method for 
quantum systems13,14. However, the exciting possibility of employing 
machine learning not as a numerical simulator, or a hypothesis tester, 
but as an integral part of the physical reasoning process is still largely 
unexplored and, given the staggering pace of progress in the field of 
artificial intelligence, of fundamental importance and promise.

The renormalization group (RG) approach has been one of the 
conceptually most profound tools of theoretical physics since its 
inception. It underlies the seminal work on critical phenomena15, 
and the discovery of asymptotic freedom in quantum chromody-
namics16, and of the Kosterlitz–Thouless phase transition17,18. The 
RG is not a monolith, but rather a conceptual framework compris-
ing different techniques: real-space RG19, functional RG20 and den-
sity matrix RG21, among others. While all of those schemes differ 
quite substantially in their details, style and applicability, there is 
an underlying physical intuition that encompasses all of them—the 
essence of RG lies in identifying the ‘relevant’ degrees of freedom 
and integrating out the ‘irrelevant’ ones iteratively, thereby arriving 
at a universal, low-energy effective theory. However potent the RG 
idea, those relevant degrees of freedom need to be identified first22,23. 
This is often a challenging conceptual step, particularly for strongly 
interacting systems, and may involve a sequence of mathematical 
mappings to models, whose behaviour is better understood24,25.

Here we introduce an artificial neural network algorithm itera-
tively identifying the physically relevant degrees of freedom in 
a spatial region and performing an RG coarse-graining step. The 
input data are samples of the system configurations drawn from 

a Boltzmann distribution; no further knowledge about the micro-
scopic details of the system is provided. The internal parameters 
of the network, which ultimately encode the degrees of freedom 
of interest at each step, are optimized (‘learned’, in neural network 
parlance) by a training algorithm based on evaluating real-space 
mutual information (RSMI) between spatially separated regions. 
We validate our approach by studying the Ising and dimer models 
of classical statistical physics in two dimensions. We obtain the RG 
flow and extract the Ising critical exponent. The robustness of the 
RSMI algorithm to physically irrelevant noise is demonstrated.

The identification of the important degrees of freedom, and the 
ability to execute a real-space RG procedure19, has not only quanti-
tative but also conceptual significance: it allows one to gain insights 
into the correct way of thinking about the problem at hand, raising 
the prospect that machine-learning techniques may augment the 
scientific inquiry in a fundamental fashion.

The RSMI algorithm
Before going into more detail, let us provide a bird’s eye view of our 
method and results. We begin by phrasing the problem in probabi-
listic/information-theoretic terms, a language also used in refs 26–30.  
To this end, we consider a small ‘visible’ spatial area V , which 
together with its environment E  forms the system X , and we define 
a particular conditional probability distribution ∣Λ H VP ( ), which 
describes how the relevant degrees of freedom H (‘dubbed hiddens’) 
in V  depend on both V  and E . We then show that the sought-after 
conditional probability distribution is found by an algorithm maxi-
mizing an information-theoretic quantity, the mutual information, 
and that this algorithm lends itself to a natural implementation 
using artificial neural networks. We describe how RG is practically 
performed by coarse-graining with respect to ∣Λ H VP ( ) and iterating 
the procedure. Finally, we provide a verification of our claims by 
considering two paradigmatic models of statistical physics: the Ising 
model—for which the RG procedure yields the famous Kadanoff 
block spins—and the dimer model, whose relevant degrees of free-
dom are much less trivial. We reconstruct the RG flow of the Ising 
model and extract the critical exponent.

Mutual information, neural networks and the 
renormalization group
Maciej Koch-Janusz! !1* and Zohar Ringel2

Physical systems differing in their microscopic details often display strikingly similar behaviour when probed at macroscopic 
scales. Those universal properties, largely determining their physical characteristics, are revealed by the powerful renormal-
ization group (RG) procedure, which systematically retains ‘slow’ degrees of freedom and integrates out the rest. However, 
the important degrees of freedom may be difficult to identify. Here we demonstrate a machine-learning algorithm capable of 
identifying the relevant degrees of freedom and executing RG steps iteratively without any prior knowledge about the system. 
We introduce an artificial neural network based on a model-independent, information-theoretic characterization of a real-space 
RG procedure, which performs this task. We apply the algorithm to classical statistical physics problems in one and two dimen-
sions. We demonstrate RG flow and extract the Ising critical exponent. Our results demonstrate that machine-learning tech-
niques can extract abstract physical concepts and consequently become an integral part of theory- and model-building.

© 2018 Macmillan Publishers Limited, part of Springer Nature. All rights reserved.
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Here we introduce an artificial neural network algorithm itera-
tively identifying the physically relevant degrees of freedom in 
a spatial region and performing an RG coarse-graining step. The 
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Consider then a classical system of local degrees of freedom 
= … ≡X x x x{ , , } { }N i1 , defined by a Hamiltonian energy function 

H({xi}) and associated statistical probabilities ∝ β−XP( ) e xH({ })i , 
where β is the inverse temperature. Alternatively (and sufficiently 
for our purposes), the system is given by Monte Carlo samples of the 
equilibrium distribution XP( ). We denote a small spatial region of 
interest by ≡V v{ }i  and the remainder of the system by ≡E e{ }i , so 
that =X V E( , ). We adopt a probabilistic point of view, and treat X E,  
and so on as random variables. Our goal is to extract the relevant 
degrees of freedom H from V .

‘Relevance’ is understood here in the following way: the degrees 
of freedom that RG captures govern the long-distance behaviour 
of the theory, and therefore the experimentally measurable physi-
cal properties; they carry the most information about the system 
at large, as opposed to local fluctuations. We thus formally define 
the random variable H as a composite function of degrees of free-
dom in V  maximizing the ‘mutual information’ between H and the 
environment E . This definition, as we discuss in the Supplementary 
Information, is related to the requirement that the effective coarse-
grained Hamiltonian be compact and short-ranged, which is a con-
dition any successful standard RG scheme should satisfy. As we also 
show, it is supported by numerical results.

Mutual information, denoted by Iλ, measures the total amount of 
information about one random variable contained in the other9,10,31 
(thus, it is more general than correlation coefficients). It is given in 
our setting by:

∑=Λ Λ
Λ

Λ

⎛

⎝
⎜⎜⎜

⎞

⎠
⎟⎟⎟⎟

H E E H
E H

H E
H E

I P
P

P P
( : ) ( , )log

( , )
( ) ( ) (1)

,

The unknown distribution Λ E HP ( , ) and its marginalization 
Λ HP ( ), depending on a set of parameters Λ (which we keep generic 

at this point), are functions of V EP( , ) and of ∣Λ H VP ( ), which is the 
central object of interest.

Finding ∣Λ H VP ( ) that maximizes IΛ under certain constraints is 
a well-posed mathematical question and has a formal solution32.  

However, since the space of probability distributions grows expo-
nentially with the number of local degrees of freedom, it is, in 
practice, impossible to use without further assumptions for any 
but the smallest physical systems. Our approach is to exploit the 
remarkable dimensionality reduction properties of artificial neural 
networks11. We use restricted Boltzmann machines (RBMs), a class 
of probabilistic networks well adapted to approximating arbitrary 
data probability distributions. An RBM is composed of two layers 
of nodes, the ‘visible’ layer, corresponding to local degrees of free-
dom in our setting, and a ‘hidden’ layer. The interactions between 
the layers are defined by an energy function ≡ θΘ V HE E ( , )a b, ,  =   
− ∑ b hj j j −  ∑ a vi i i −  θ∑ v hij i ij j, such that the joint probability distri-
bution for a particular configuration of visible and hidden degrees 
of freedom is given by a Boltzmann weight:

=Θ
− θV H

Z
VHP ( , ) 1 e (2)E ( , )a b, ,

where Z  is the normalization. The goal of the network training is 
to find parameters θij (‘weights’ or ‘filters’) and ai,bi optimizing a 
chosen objective function.

Three distinct RBMs are used. Two are trained as efficient 
approximators of the probability distributions V EP( , ) and VP( ), 
using the celebrated contrastive divergence (CD) algorithm33. Their 
trained parameters are used by the third network (see Fig. 1b),  
which has a different objective: to find ∣Λ H VP ( ) maximizing IΛ. To 
the end we introduce the real-space mutual information (RSMI) 
network, whose architecture is shown in Fig. 1a. The hidden units 
of RSMI correspond to coarse-grained variables H.

The parameters λΛ = a b( , , )i j i
j  of the RSMI network are trained 

by an iterative procedure. At each iteration, a Monte Carlo estimate 
of function Λ H EI ( : ) and its gradients is performed for the current 
values of parameters Λ. The gradients are then used to improve 
the values of weights in the next step, using a stochastic gradient 
descent procedure.

The trained weights Λ define the probability ∣Λ H VP ( ) of a 
Boltzmann form, which is used to generate MC samples of the coarse-
grained system. Those, in turn, become input to the next iteration of 
the RSMI algorithm. The estimates of mutual information, weights of 
the trained RBMs and sets of generated MC samples at every RG step 
can be used to extract quantitative information about the system in 
the form of correlation functions, critical exponents and so on, as we 
show below and in the Supplementary Information. We also empha-
size that the parameters Λ identifying relevant degrees of freedom are 
re-computed at every RG step. This potentially allows RSMI to capture 
the evolution of the degrees of freedom along the RG flow34.

Validation
To validate our approach, we consider two important classical mod-
els of statistical physics: the Ising model, whose coarse-grained 
degrees of freedom resemble the original ones, and the fully packed 
dimer model, where they are entirely different.

Ha

b

B

P( )

CD CD RSMI

PΛ(H∣ )
λ j
i

θ

θ( )

),

( ),

P(

Fig. 1 | The RSMI algorithm. a, The RSMI neural network architecture. The 
hidden layer H is directly coupled to the visible layer V  via the weights λi

j 
(red arrows). However, the training algorithm for the weights estimates 
mutual information between H and the environment E . The buffer B is 
introduced to filter out local correlations within V  (see Supplementary 
Information). b, The workflow of the algorithm. The CD-algorithm-trained 
RBMs learn to approximate probability distributions V EP( , ) and VP( ). Their 
final parameters, denoted collectively by V EΘ( , ) and VΘ( ), are inputs for the 
main RSMI network learning to extract H V∣ΛP ( ) by maximizing IΛ. The final 
weights λi

j of the RSMI network identify the relevant degrees of freedom. 
They are shown in Figs. 2 and 4 for Ising and dimer problems.
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Fig. 2 | The weights of the RSMI network trained on the Ising model. 
Visualization of the weights of the RSMI network trained on the Ising model 
for a visibile area V  of 2 ×  2 spins. The ANN couples strongly to areas with 
large absolute value of the weights. a, The weights for Nh!= !1 hidden neuron: 
the ANN discovers Kadanoff blocking. b, The weights for Nh!= !4 hidden 
neurons: each neuron tracks one original spin.
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The Ising Hamiltonian on a two-dimensional (2D) square lattice is:

∑=
⟨ ⟩

H s s (3)
i j

i jI
,

with si =  ± 1 and the summation over nearest neighbours. Real-space 
RG of the Ising model proceeds by the block-spin construction19, 
whereby each 2 ×  2 block of spins is coarse-grained into a single 
effective spin, whose orientation is decided by a ‘majority’ rule.

The results of the RSMI algorithm trained on Ising model sam-
ples are shown in Fig. 2. We vary the number of both hidden neu-
rons Nh and the visible units, which are arranged in a 2D area V  
of size L ×  L (see Fig. 1a). For a four-spin area, the network indeed 
rediscovers the famous Kadanoff block-spin: Fig. 2a shows a single 
hidden unit coupling uniformly to four visible spins (that is, the ori-
entation of the hidden unit is decided by the average magnetization 
in the area). Figure 2b is a trivial but important sanity check: given 
four hidden units to extract relevant degrees of freedom from an 
area of four spins, the networks couples each hidden unit to a dif-
ferent spin, as expected. In the Supplementary Information we also 
compare the weights for areas V  of different size, which are general-
izations of the Kadanoff procedure to larger blocks.

We next study the dimer model, given by an entropy-only parti-
tion function, which counts the number of dimer coverings of the 
lattice (that is, subsets of edges such that every vertex is the endpoint 
of exactly one edge). Figure 3a shows sample dimer configurations 
(and additional spin degrees of freedom added to generate noise). 
This deceptively simple description hides non-trivial physics35 and 
correspondingly, the RG procedure for the dimer model is more 
subtle, since—in contrast to the Ising case—the correct degrees of 
freedom to perform RG on are not dimers, but rather look like effec-
tive local electric fields. This is revealed by a mathematical mapping 
to a ‘height field’ h (see Fig. 3a,b and ref. 36), whose gradients behave 
like electric fields. The continuum limit of the dimer model is given 
by the following action:

∫ ∫= ∇ ≡S h x h xx E x[ ] d ( ( )) d ( ) (4)dim
2 2 2 2

and therefore the coarse-grained degrees of freedom are low-
momentum (Fourier) components of the electrical fields Ex,Ey in the 
x and y directions. They correspond to ‘staggered’ dimer configura-
tions shown in Fig. 3a.

Remarkably, the RSMI algorithm extracts the local electric fields 
from the dimer model samples without any knowledge of those 
mappings. In Fig. 4, the weights for Nh =  2 and Nh =  4 hidden neu-
rons, for an 8 ×  8 area (similar to Fig. 3a), are shown: the pattern 
of large negative (blue) weights couples strongly to a dimer pattern 
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Fig. 4 | The weights of the RSMI network trained on dimer model data. a, Nh!= !2 hidden neurons for a visible area V  of 8!× !8 spins. The two filters 
recognize Ey and Ex!+ !Ey electrical fields, respectively (compare with dimer patterns in Fig. 3a). b, The trained weights for Nh!= !4 hidden neurons.
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Fig. 3 | The dimer model. a, Two sample dimer configurations (blue links), 
corresponding to the Ey and Ex electrical fields, respectively. The coupled 
pairs of additional spin degrees of freedom on vertices and faces of the 
lattice (wiggly lines) are decoupled from the dimers and from each other. 
Their fluctuations constitute irrelevant noise. b, An example of mapping the 
dimer model to local electric fields. The so-called staggered configuration 
on the left maps to uniform non-vanishing field in the vertical direction: 
⟨ ⟩ ≠E 0y . The ‘columnar’ configuration on the right produces both Ex and Ey 
that are zero on average (see ref.!36 for details of the mapping).
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The Ising Hamiltonian on a two-dimensional (2D) square lattice is:
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i j

i jI
,

with si =  ± 1 and the summation over nearest neighbours. Real-space 
RG of the Ising model proceeds by the block-spin construction19, 
whereby each 2 ×  2 block of spins is coarse-grained into a single 
effective spin, whose orientation is decided by a ‘majority’ rule.

The results of the RSMI algorithm trained on Ising model sam-
ples are shown in Fig. 2. We vary the number of both hidden neu-
rons Nh and the visible units, which are arranged in a 2D area V  
of size L ×  L (see Fig. 1a). For a four-spin area, the network indeed 
rediscovers the famous Kadanoff block-spin: Fig. 2a shows a single 
hidden unit coupling uniformly to four visible spins (that is, the ori-
entation of the hidden unit is decided by the average magnetization 
in the area). Figure 2b is a trivial but important sanity check: given 
four hidden units to extract relevant degrees of freedom from an 
area of four spins, the networks couples each hidden unit to a dif-
ferent spin, as expected. In the Supplementary Information we also 
compare the weights for areas V  of different size, which are general-
izations of the Kadanoff procedure to larger blocks.

We next study the dimer model, given by an entropy-only parti-
tion function, which counts the number of dimer coverings of the 
lattice (that is, subsets of edges such that every vertex is the endpoint 
of exactly one edge). Figure 3a shows sample dimer configurations 
(and additional spin degrees of freedom added to generate noise). 
This deceptively simple description hides non-trivial physics35 and 
correspondingly, the RG procedure for the dimer model is more 
subtle, since—in contrast to the Ising case—the correct degrees of 
freedom to perform RG on are not dimers, but rather look like effec-
tive local electric fields. This is revealed by a mathematical mapping 
to a ‘height field’ h (see Fig. 3a,b and ref. 36), whose gradients behave 
like electric fields. The continuum limit of the dimer model is given 
by the following action:

∫ ∫= ∇ ≡S h x h xx E x[ ] d ( ( )) d ( ) (4)dim
2 2 2 2

and therefore the coarse-grained degrees of freedom are low-
momentum (Fourier) components of the electrical fields Ex,Ey in the 
x and y directions. They correspond to ‘staggered’ dimer configura-
tions shown in Fig. 3a.

Remarkably, the RSMI algorithm extracts the local electric fields 
from the dimer model samples without any knowledge of those 
mappings. In Fig. 4, the weights for Nh =  2 and Nh =  4 hidden neu-
rons, for an 8 ×  8 area (similar to Fig. 3a), are shown: the pattern 
of large negative (blue) weights couples strongly to a dimer pattern 
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on the left maps to uniform non-vanishing field in the vertical direction: 
⟨ ⟩ ≠E 0y . The ‘columnar’ configuration on the right produces both Ex and Ey 
that are zero on average (see ref.!36 for details of the mapping).
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⟨ ⟩ ≠E 0y . The ‘columnar’ configuration on the right produces both Ex and Ey 
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effective spin, whose orientation is decided by a ‘majority’ rule.
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x and y directions. They correspond to ‘staggered’ dimer configura-
tions shown in Fig. 3a.
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Consider then a classical system of local degrees of freedom 
= … ≡X x x x{ , , } { }N i1 , defined by a Hamiltonian energy function 

H({xi}) and associated statistical probabilities ∝ β−XP( ) e xH({ })i , 
where β is the inverse temperature. Alternatively (and sufficiently 
for our purposes), the system is given by Monte Carlo samples of the 
equilibrium distribution XP( ). We denote a small spatial region of 
interest by ≡V v{ }i  and the remainder of the system by ≡E e{ }i , so 
that =X V E( , ). We adopt a probabilistic point of view, and treat X E,  
and so on as random variables. Our goal is to extract the relevant 
degrees of freedom H from V .

‘Relevance’ is understood here in the following way: the degrees 
of freedom that RG captures govern the long-distance behaviour 
of the theory, and therefore the experimentally measurable physi-
cal properties; they carry the most information about the system 
at large, as opposed to local fluctuations. We thus formally define 
the random variable H as a composite function of degrees of free-
dom in V  maximizing the ‘mutual information’ between H and the 
environment E . This definition, as we discuss in the Supplementary 
Information, is related to the requirement that the effective coarse-
grained Hamiltonian be compact and short-ranged, which is a con-
dition any successful standard RG scheme should satisfy. As we also 
show, it is supported by numerical results.

Mutual information, denoted by Iλ, measures the total amount of 
information about one random variable contained in the other9,10,31 
(thus, it is more general than correlation coefficients). It is given in 
our setting by:

∑=Λ Λ
Λ

Λ

⎛

⎝
⎜⎜⎜

⎞

⎠
⎟⎟⎟⎟

H E E H
E H

H E
H E

I P
P

P P
( : ) ( , )log

( , )
( ) ( ) (1)

,

The unknown distribution Λ E HP ( , ) and its marginalization 
Λ HP ( ), depending on a set of parameters Λ (which we keep generic 

at this point), are functions of V EP( , ) and of ∣Λ H VP ( ), which is the 
central object of interest.

Finding ∣Λ H VP ( ) that maximizes IΛ under certain constraints is 
a well-posed mathematical question and has a formal solution32.  

However, since the space of probability distributions grows expo-
nentially with the number of local degrees of freedom, it is, in 
practice, impossible to use without further assumptions for any 
but the smallest physical systems. Our approach is to exploit the 
remarkable dimensionality reduction properties of artificial neural 
networks11. We use restricted Boltzmann machines (RBMs), a class 
of probabilistic networks well adapted to approximating arbitrary 
data probability distributions. An RBM is composed of two layers 
of nodes, the ‘visible’ layer, corresponding to local degrees of free-
dom in our setting, and a ‘hidden’ layer. The interactions between 
the layers are defined by an energy function ≡ θΘ V HE E ( , )a b, ,  =   
− ∑ b hj j j −  ∑ a vi i i −  θ∑ v hij i ij j, such that the joint probability distri-
bution for a particular configuration of visible and hidden degrees 
of freedom is given by a Boltzmann weight:

=Θ
− θV H

Z
VHP ( , ) 1 e (2)E ( , )a b, ,

where Z  is the normalization. The goal of the network training is 
to find parameters θij (‘weights’ or ‘filters’) and ai,bi optimizing a 
chosen objective function.

Three distinct RBMs are used. Two are trained as efficient 
approximators of the probability distributions V EP( , ) and VP( ), 
using the celebrated contrastive divergence (CD) algorithm33. Their 
trained parameters are used by the third network (see Fig. 1b),  
which has a different objective: to find ∣Λ H VP ( ) maximizing IΛ. To 
the end we introduce the real-space mutual information (RSMI) 
network, whose architecture is shown in Fig. 1a. The hidden units 
of RSMI correspond to coarse-grained variables H.

The parameters λΛ = a b( , , )i j i
j  of the RSMI network are trained 

by an iterative procedure. At each iteration, a Monte Carlo estimate 
of function Λ H EI ( : ) and its gradients is performed for the current 
values of parameters Λ. The gradients are then used to improve 
the values of weights in the next step, using a stochastic gradient 
descent procedure.

The trained weights Λ define the probability ∣Λ H VP ( ) of a 
Boltzmann form, which is used to generate MC samples of the coarse-
grained system. Those, in turn, become input to the next iteration of 
the RSMI algorithm. The estimates of mutual information, weights of 
the trained RBMs and sets of generated MC samples at every RG step 
can be used to extract quantitative information about the system in 
the form of correlation functions, critical exponents and so on, as we 
show below and in the Supplementary Information. We also empha-
size that the parameters Λ identifying relevant degrees of freedom are 
re-computed at every RG step. This potentially allows RSMI to capture 
the evolution of the degrees of freedom along the RG flow34.

Validation
To validate our approach, we consider two important classical mod-
els of statistical physics: the Ising model, whose coarse-grained 
degrees of freedom resemble the original ones, and the fully packed 
dimer model, where they are entirely different.
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Fig. 1 | The RSMI algorithm. a, The RSMI neural network architecture. The 
hidden layer H is directly coupled to the visible layer V  via the weights λi
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(red arrows). However, the training algorithm for the weights estimates 
mutual information between H and the environment E . The buffer B is 
introduced to filter out local correlations within V  (see Supplementary 
Information). b, The workflow of the algorithm. The CD-algorithm-trained 
RBMs learn to approximate probability distributions V EP( , ) and VP( ). Their 
final parameters, denoted collectively by V EΘ( , ) and VΘ( ), are inputs for the 
main RSMI network learning to extract H V∣ΛP ( ) by maximizing IΛ. The final 
weights λi

j of the RSMI network identify the relevant degrees of freedom. 
They are shown in Figs. 2 and 4 for Ising and dimer problems.
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large absolute value of the weights. a, The weights for Nh!= !1 hidden neuron: 
the ANN discovers Kadanoff blocking. b, The weights for Nh!= !4 hidden 
neurons: each neuron tracks one original spin.
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to find parameters θij (‘weights’ or ‘filters’) and ai,bi optimizing a 
chosen objective function.
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which has a different objective: to find ∣Λ H VP ( ) maximizing IΛ. To 
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of RSMI correspond to coarse-grained variables H.
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the evolution of the degrees of freedom along the RG flow34.
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the ANN discovers Kadanoff blocking. b, The weights for Nh!= !4 hidden 
neurons: each neuron tracks one original spin.
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Consider then a classical system of local degrees of freedom 
= … ≡X x x x{ , , } { }N i1 , defined by a Hamiltonian energy function 

H({xi}) and associated statistical probabilities ∝ β−XP( ) e xH({ })i , 
where β is the inverse temperature. Alternatively (and sufficiently 
for our purposes), the system is given by Monte Carlo samples of the 
equilibrium distribution XP( ). We denote a small spatial region of 
interest by ≡V v{ }i  and the remainder of the system by ≡E e{ }i , so 
that =X V E( , ). We adopt a probabilistic point of view, and treat X E,  
and so on as random variables. Our goal is to extract the relevant 
degrees of freedom H from V .

‘Relevance’ is understood here in the following way: the degrees 
of freedom that RG captures govern the long-distance behaviour 
of the theory, and therefore the experimentally measurable physi-
cal properties; they carry the most information about the system 
at large, as opposed to local fluctuations. We thus formally define 
the random variable H as a composite function of degrees of free-
dom in V  maximizing the ‘mutual information’ between H and the 
environment E . This definition, as we discuss in the Supplementary 
Information, is related to the requirement that the effective coarse-
grained Hamiltonian be compact and short-ranged, which is a con-
dition any successful standard RG scheme should satisfy. As we also 
show, it is supported by numerical results.

Mutual information, denoted by Iλ, measures the total amount of 
information about one random variable contained in the other9,10,31 
(thus, it is more general than correlation coefficients). It is given in 
our setting by:
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The unknown distribution Λ E HP ( , ) and its marginalization 
Λ HP ( ), depending on a set of parameters Λ (which we keep generic 

at this point), are functions of V EP( , ) and of ∣Λ H VP ( ), which is the 
central object of interest.

Finding ∣Λ H VP ( ) that maximizes IΛ under certain constraints is 
a well-posed mathematical question and has a formal solution32.  

However, since the space of probability distributions grows expo-
nentially with the number of local degrees of freedom, it is, in 
practice, impossible to use without further assumptions for any 
but the smallest physical systems. Our approach is to exploit the 
remarkable dimensionality reduction properties of artificial neural 
networks11. We use restricted Boltzmann machines (RBMs), a class 
of probabilistic networks well adapted to approximating arbitrary 
data probability distributions. An RBM is composed of two layers 
of nodes, the ‘visible’ layer, corresponding to local degrees of free-
dom in our setting, and a ‘hidden’ layer. The interactions between 
the layers are defined by an energy function ≡ θΘ V HE E ( , )a b, ,  =   
− ∑ b hj j j −  ∑ a vi i i −  θ∑ v hij i ij j, such that the joint probability distri-
bution for a particular configuration of visible and hidden degrees 
of freedom is given by a Boltzmann weight:

=Θ
− θV H

Z
VHP ( , ) 1 e (2)E ( , )a b, ,

where Z  is the normalization. The goal of the network training is 
to find parameters θij (‘weights’ or ‘filters’) and ai,bi optimizing a 
chosen objective function.

Three distinct RBMs are used. Two are trained as efficient 
approximators of the probability distributions V EP( , ) and VP( ), 
using the celebrated contrastive divergence (CD) algorithm33. Their 
trained parameters are used by the third network (see Fig. 1b),  
which has a different objective: to find ∣Λ H VP ( ) maximizing IΛ. To 
the end we introduce the real-space mutual information (RSMI) 
network, whose architecture is shown in Fig. 1a. The hidden units 
of RSMI correspond to coarse-grained variables H.

The parameters λΛ = a b( , , )i j i
j  of the RSMI network are trained 

by an iterative procedure. At each iteration, a Monte Carlo estimate 
of function Λ H EI ( : ) and its gradients is performed for the current 
values of parameters Λ. The gradients are then used to improve 
the values of weights in the next step, using a stochastic gradient 
descent procedure.

The trained weights Λ define the probability ∣Λ H VP ( ) of a 
Boltzmann form, which is used to generate MC samples of the coarse-
grained system. Those, in turn, become input to the next iteration of 
the RSMI algorithm. The estimates of mutual information, weights of 
the trained RBMs and sets of generated MC samples at every RG step 
can be used to extract quantitative information about the system in 
the form of correlation functions, critical exponents and so on, as we 
show below and in the Supplementary Information. We also empha-
size that the parameters Λ identifying relevant degrees of freedom are 
re-computed at every RG step. This potentially allows RSMI to capture 
the evolution of the degrees of freedom along the RG flow34.

Validation
To validate our approach, we consider two important classical mod-
els of statistical physics: the Ising model, whose coarse-grained 
degrees of freedom resemble the original ones, and the fully packed 
dimer model, where they are entirely different.
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mutual information between H and the environment E . The buffer B is 
introduced to filter out local correlations within V  (see Supplementary 
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j of the RSMI network identify the relevant degrees of freedom. 
They are shown in Figs. 2 and 4 for Ising and dimer problems.
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Consider then a classical system of local degrees of freedom 
= … ≡X x x x{ , , } { }N i1 , defined by a Hamiltonian energy function 

H({xi}) and associated statistical probabilities ∝ β−XP( ) e xH({ })i , 
where β is the inverse temperature. Alternatively (and sufficiently 
for our purposes), the system is given by Monte Carlo samples of the 
equilibrium distribution XP( ). We denote a small spatial region of 
interest by ≡V v{ }i  and the remainder of the system by ≡E e{ }i , so 
that =X V E( , ). We adopt a probabilistic point of view, and treat X E,  
and so on as random variables. Our goal is to extract the relevant 
degrees of freedom H from V .

‘Relevance’ is understood here in the following way: the degrees 
of freedom that RG captures govern the long-distance behaviour 
of the theory, and therefore the experimentally measurable physi-
cal properties; they carry the most information about the system 
at large, as opposed to local fluctuations. We thus formally define 
the random variable H as a composite function of degrees of free-
dom in V  maximizing the ‘mutual information’ between H and the 
environment E . This definition, as we discuss in the Supplementary 
Information, is related to the requirement that the effective coarse-
grained Hamiltonian be compact and short-ranged, which is a con-
dition any successful standard RG scheme should satisfy. As we also 
show, it is supported by numerical results.

Mutual information, denoted by Iλ, measures the total amount of 
information about one random variable contained in the other9,10,31 
(thus, it is more general than correlation coefficients). It is given in 
our setting by:
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The unknown distribution Λ E HP ( , ) and its marginalization 
Λ HP ( ), depending on a set of parameters Λ (which we keep generic 

at this point), are functions of V EP( , ) and of ∣Λ H VP ( ), which is the 
central object of interest.

Finding ∣Λ H VP ( ) that maximizes IΛ under certain constraints is 
a well-posed mathematical question and has a formal solution32.  

However, since the space of probability distributions grows expo-
nentially with the number of local degrees of freedom, it is, in 
practice, impossible to use without further assumptions for any 
but the smallest physical systems. Our approach is to exploit the 
remarkable dimensionality reduction properties of artificial neural 
networks11. We use restricted Boltzmann machines (RBMs), a class 
of probabilistic networks well adapted to approximating arbitrary 
data probability distributions. An RBM is composed of two layers 
of nodes, the ‘visible’ layer, corresponding to local degrees of free-
dom in our setting, and a ‘hidden’ layer. The interactions between 
the layers are defined by an energy function ≡ θΘ V HE E ( , )a b, ,  =   
− ∑ b hj j j −  ∑ a vi i i −  θ∑ v hij i ij j, such that the joint probability distri-
bution for a particular configuration of visible and hidden degrees 
of freedom is given by a Boltzmann weight:

=Θ
− θV H

Z
VHP ( , ) 1 e (2)E ( , )a b, ,

where Z  is the normalization. The goal of the network training is 
to find parameters θij (‘weights’ or ‘filters’) and ai,bi optimizing a 
chosen objective function.

Three distinct RBMs are used. Two are trained as efficient 
approximators of the probability distributions V EP( , ) and VP( ), 
using the celebrated contrastive divergence (CD) algorithm33. Their 
trained parameters are used by the third network (see Fig. 1b),  
which has a different objective: to find ∣Λ H VP ( ) maximizing IΛ. To 
the end we introduce the real-space mutual information (RSMI) 
network, whose architecture is shown in Fig. 1a. The hidden units 
of RSMI correspond to coarse-grained variables H.

The parameters λΛ = a b( , , )i j i
j  of the RSMI network are trained 

by an iterative procedure. At each iteration, a Monte Carlo estimate 
of function Λ H EI ( : ) and its gradients is performed for the current 
values of parameters Λ. The gradients are then used to improve 
the values of weights in the next step, using a stochastic gradient 
descent procedure.

The trained weights Λ define the probability ∣Λ H VP ( ) of a 
Boltzmann form, which is used to generate MC samples of the coarse-
grained system. Those, in turn, become input to the next iteration of 
the RSMI algorithm. The estimates of mutual information, weights of 
the trained RBMs and sets of generated MC samples at every RG step 
can be used to extract quantitative information about the system in 
the form of correlation functions, critical exponents and so on, as we 
show below and in the Supplementary Information. We also empha-
size that the parameters Λ identifying relevant degrees of freedom are 
re-computed at every RG step. This potentially allows RSMI to capture 
the evolution of the degrees of freedom along the RG flow34.

Validation
To validate our approach, we consider two important classical mod-
els of statistical physics: the Ising model, whose coarse-grained 
degrees of freedom resemble the original ones, and the fully packed 
dimer model, where they are entirely different.
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introduced to filter out local correlations within V  (see Supplementary 
Information). b, The workflow of the algorithm. The CD-algorithm-trained 
RBMs learn to approximate probability distributions V EP( , ) and VP( ). Their 
final parameters, denoted collectively by V EΘ( , ) and VΘ( ), are inputs for the 
main RSMI network learning to extract H V∣ΛP ( ) by maximizing IΛ. The final 
weights λi

j of the RSMI network identify the relevant degrees of freedom. 
They are shown in Figs. 2 and 4 for Ising and dimer problems.
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The Ising Hamiltonian on a two-dimensional (2D) square lattice is:

∑=
⟨ ⟩

H s s (3)
i j

i jI
,

with si =  ± 1 and the summation over nearest neighbours. Real-space 
RG of the Ising model proceeds by the block-spin construction19, 
whereby each 2 ×  2 block of spins is coarse-grained into a single 
effective spin, whose orientation is decided by a ‘majority’ rule.

The results of the RSMI algorithm trained on Ising model sam-
ples are shown in Fig. 2. We vary the number of both hidden neu-
rons Nh and the visible units, which are arranged in a 2D area V  
of size L ×  L (see Fig. 1a). For a four-spin area, the network indeed 
rediscovers the famous Kadanoff block-spin: Fig. 2a shows a single 
hidden unit coupling uniformly to four visible spins (that is, the ori-
entation of the hidden unit is decided by the average magnetization 
in the area). Figure 2b is a trivial but important sanity check: given 
four hidden units to extract relevant degrees of freedom from an 
area of four spins, the networks couples each hidden unit to a dif-
ferent spin, as expected. In the Supplementary Information we also 
compare the weights for areas V  of different size, which are general-
izations of the Kadanoff procedure to larger blocks.

We next study the dimer model, given by an entropy-only parti-
tion function, which counts the number of dimer coverings of the 
lattice (that is, subsets of edges such that every vertex is the endpoint 
of exactly one edge). Figure 3a shows sample dimer configurations 
(and additional spin degrees of freedom added to generate noise). 
This deceptively simple description hides non-trivial physics35 and 
correspondingly, the RG procedure for the dimer model is more 
subtle, since—in contrast to the Ising case—the correct degrees of 
freedom to perform RG on are not dimers, but rather look like effec-
tive local electric fields. This is revealed by a mathematical mapping 
to a ‘height field’ h (see Fig. 3a,b and ref. 36), whose gradients behave 
like electric fields. The continuum limit of the dimer model is given 
by the following action:

∫ ∫= ∇ ≡S h x h xx E x[ ] d ( ( )) d ( ) (4)dim
2 2 2 2

and therefore the coarse-grained degrees of freedom are low-
momentum (Fourier) components of the electrical fields Ex,Ey in the 
x and y directions. They correspond to ‘staggered’ dimer configura-
tions shown in Fig. 3a.

Remarkably, the RSMI algorithm extracts the local electric fields 
from the dimer model samples without any knowledge of those 
mappings. In Fig. 4, the weights for Nh =  2 and Nh =  4 hidden neu-
rons, for an 8 ×  8 area (similar to Fig. 3a), are shown: the pattern 
of large negative (blue) weights couples strongly to a dimer pattern 
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Theoretical physics
Theoretical physics is a branch
of physics that employs
mathematical models and
abstractions of physical objects and
systems to rationalize, explain and
predict natural phenomena. This is
in contrast to experimental physics,
which uses experimental tools to
probe these phenomena.

The advancement of science
generally depends on the interplay
between experimental studies and
theory. In some cases, theoretical
physics adheres to standards of
mathematical rigor while giving
little weight to experiments and
observations.[a] For example, while
developing special relativity, Albert Einstein was concerned with the Lorentz
transformation which left Maxwell's equations invariant, but was apparently
uninterested in the Michelson–Morley experiment on Earth's drift through a
luminiferous ether. Conversely, Einstein was awarded the Nobel Prize for
explaining the photoelectric effect, previously an experimental result lacking a
theoretical formulation.[1]

Visual representation of a
Schwarzschild wormhole. Wormholes
have never been observed, but they
are predicted to exist through
mathematical models and scientific
theory.
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A physical theory is a model of physical events. It is judged by the extent to
which its predictions agree with empirical observations. The quality of a
physical theory is also judged on its ability to make new predictions which can
be verified by new observations. A physical theory differs from a mathematical
theorem in that while both are based on some form of axioms, judgment of
mathematical applicability is not based on agreement with any experimental
results.[2][3] A physical theory similarly differs from a mathematical theory, in
the sense that the word "theory" has a different meaning in mathematical
terms.[b]

A physical theory involves one or
more relationships between
various measurable quantities.
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Machine Learning (ML) is one of the most exciting and dynamic areas of modern research

and application. The purpose of this review is to provide an introduction to the core

concepts and tools of machine learning in a manner easily understood and intuitive

to physicists. The review begins by covering fundamental concepts in ML and modern

statistics such as the bias-variance tradeoff, overfitting, regularization, and generalization

before moving on to more advanced topics in both supervised and unsupervised learning.

Topics covered in the review include ensemble models, deep learning and neural networks,

clustering and data visualization, energy-based models (including MaxEnt models and

Restricted Boltzmann Machines), and variational methods. Throughout, we emphasize

the many natural connections between ML and statistical physics. A notable aspect of

the review is the use of Jupyter notebooks to introduce modern ML/statistical packages

to readers using physics-inspired datasets (the Ising Model and Monte-Carlo simulations

of supersymmetric decays of proton-proton collisions). We conclude with an extended

outlook discussing possible uses of machine learning for furthering our understanding

of the physical world as well as open problems in ML where physicists maybe able to

contribute.
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Abstract. Quantum information technologies, on the one side, and intelligent learning
systems, on the other, are both emergent technologies that will likely have a transforming
impact on our society in the future. The respective underlying fields of basic research –
quantum information (QI) versus machine learning and artificial intelligence (AI) – have
their own specific questions and challenges, which have hitherto been investigated largely
independently. However, in a growing body of recent work, researchers have been prob-
ing the question to what extent these fields can indeed learn and benefit from each other.
QML explores the interaction between quantum computing and machine learning, inves-
tigating how results and techniques from one field can be used to solve the problems of
the other. In recent time, we have witnessed significant breakthroughs in both directions
of influence. For instance, quantum computing is finding a vital application in providing
speed-ups for machine learning problems, critical in our “big data” world. Conversely,
machine learning already permeates many cutting-edge technologies, and may become
instrumental in advanced quantum technologies. Aside from quantum speed-up in data
analysis, or classical machine learning optimization used in quantum experiments, quan-
tum enhancements have also been (theoretically) demonstrated for interactive learning
tasks, highlighting the potential of quantum-enhanced learning agents. Finally, works
exploring the use of artificial intelligence for the very design of quantum experiments,
and for performing parts of genuine research autonomously, have reported their first
successes. Beyond the topics of mutual enhancement – exploring what ML/AI can do
for quantum physics, and vice versa – researchers have also broached the fundamental
issue of quantum generalizations of learning and AI concepts. This deals with questions
of the very meaning of learning and intelligence in a world that is fully described by
quantum mechanics. In this review, we describe the main ideas, recent developments,
and progress in a broad spectrum of research investigating machine learning and artificial
intelligence in the quantum domain.
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Abstract
Pathologists and radiologists spend years acquiring and refining their medically essential
visual skills, so it is of considerable interest to understand how this process actually unfolds
and what image features and properties are critical for accurate diagnostic performance.
Key insights into human behavioral tasks can often be obtained by using appropriate animal
models. We report here that pigeons (Columba livia)—which share many visual system
properties with humans—can serve as promising surrogate observers of medical images, a
capability not previously documented. The birds proved to have a remarkable ability to dis-
tinguish benign from malignant human breast histopathology after training with differential
food reinforcement; even more importantly, the pigeons were able to generalize what they
had learned when confronted with novel image sets. The birds’ histological accuracy, like
that of humans, was modestly affected by the presence or absence of color as well as by
degrees of image compression, but these impacts could be ameliorated with further training.
Turning to radiology, the birds proved to be similarly capable of detecting cancer-relevant
microcalcifications on mammogram images. However, when given a different (and for
humans quite difficult) task—namely, classification of suspicious mammographic densities
(masses)—the pigeons proved to be capable only of image memorization and were unable
to successfully generalize when shown novel examples. The birds’ successes and difficul-
ties suggest that pigeons are well-suited to help us better understand human medical image
perception, and may also prove useful in performance assessment and development of
medical imaging hardware, image processing, and image analysis tools.

Introduction
Pathologists and radiologists are confronted daily with perceptual challenges in the medical
imaging domain. These individuals, even after years of education and training, may sometimes
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Experiment 1. Breast histopathology
Standard breast histology stimuli. A total of 144 images (48 at each of three magnifica-

tion settings) taken from breast tissue samples were used. These images consisted of equal
numbers of relatively straightforward benign and malignant examples from routine pathology
cases at the University of California Davis Medical Center. They were selected by a pathologist
authorized to view the original image files and were anonymized before being shared with the
research team. The tissues had been formalin-fixed, paraffin-embedded, sectioned at 5-micron
thickness, and stained with hematoxylin and eosin following standard clinical practice. The
stained slides were digitally scanned using an Aperio whole-slide scanner at a maximum reso-
lution setting of 20×. Images were then down-sampled to provide representative fields at nomi-
nal 4× and 10× resolution. Each image was captured at 388 × 388 pixels, and resized by our
program to 308 × 308 pixels; when presented to the birds the images filled an area on the dis-
play of 9.1 cm on a side. Additionally, a rotated set of images was created. Each original image
(0°) had 90°, 180°, 270°, horizontal flip, and vertical flip versions, yielding a total of 288
(48 × 6) possible exemplars. This set expanded the variety of visual stimuli, and was used dur-
ing the second part of each training phase to encourage generalization as opposed to
memorization.

Each magnification grouping was separated into two sets comprising 12 benign and 12
malignant tissue examples (yielding Sets A and B, respectively, for a total of 48 images). Group
1 was trained with Set A and tested with Set B; the opposite occurred for Group 2. See Fig 2 for
a representative sample of images displayed to the birds. The complete set is available in the S1
File included in the Supporting Information. Training began with 4× (low-magnification)
images, and after a test period in which novel, previously unseen samples were presented to
determine how well the birds could generalize, the cycles were repeated with 10× (medium)
and 20× (high) magnifications.

Training regimen. Daily training sessions comprised 144 trials, on each of which an
exemplar from the training set (A or B, depending on the bird) was randomly shown. During
the first phase of training, only the 0° orientation of the 24 stimuli was presented; in these ses-
sions, pigeons saw each exemplar 6 times.

Fig 1. The pigeons’ training environment. The operant conditioning chamber was equipped with a food
pellet dispenser, and a touch-sensitive screen upon which the medical image (center) and choice buttons
(blue and yellow rectangles) were presented.

doi:10.1371/journal.pone.0141357.g001
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