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* Miller, G. A. Psychological Review. 63 (2): 81–97 (1956)



History of intelligence / (data) science

Model World

OBSERVATION

EXPERIMENT

Mathematical
description 

Instruments

Predictions

7±2 bit*

crutch for senses

crutch for mind

The loop of understanding



First “Data Science”

Tabulae Rudolphinae (1627), 23 years, 
position of 1405 stars + planets + 30 years

data curation

Tycho Brahe: data
Johannes Kepler: ”effective” model
Isaac Newton: natural law

𝑭 = 𝑮
𝒎𝟏𝒎𝟐

𝒓𝟐
Perfect beauty and symmetry



History of intelligence / (data) science

Model World

OBSERVATION

EXPERIMENT

Mathematical
description 

Instruments

Predictions

7±2 bit*

Virtual reality

𝑭 = 𝑮
𝒎𝟏𝒎𝟐

𝒓𝟐Λ=0.7  

Ωm=0.3

Initial values “laws”, equations Simulated reality

The loop of understanding



Science – technology – science – technology ...

Electronics

Sensors

Data

Better sensors more data

Moore’s-law Better computers

Solid state physics
Transistor/

microelectronics

Astronomy Mechanics Quantummechanics



SLOAN DIGITAL SKY SURVEY:
3D MAP OF THE UNIVERSE

Prototype of modern “data science”
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2.5 terapixel image – 300 million 
galaxies – 5 optical bands

640 fibers–
1 million spectra

3000D vectors



2.5m 120Mp –> 2.5Tp 5 years:10TB

CfA 1989:  1100 galaxies SDSS 2005:  1M galaxies1929: 1 galaxy

New issue:
BIG DATA !!!

150 man-years software dev.



Huge data tables

Photometry table:  300+ columns, 1Bn+ rows 

100+ other tables

Scientific observations often 
result data as 

multidimensional vector 
space Spectra:  1 million 3000 dim vectors

2.5 Terapix image



Scientific goals

and

researcher’s perspective



Queries in data space: e.g. separate stars and galaxies

petroMag_i > 17.5 and (petroMag_r > 15.5 or petroR50_r > 2) 
and (petroMag_r > 0 and g > 0 and r > 0 and i > 0) and ( 
(petroMag_r-extinction_r) < 19.2 and (petroMag_r -
extinction_r < (13.1 + (7/3) * (dered_g - dered_r) + 4 * (dered_r
- dered_i) - 4 * 0.18) ) and ( (dered_r - dered_i - (dered_g -
dered_r)/4 - 0.18) < 0.2) and ( (dered_r - dered_i - (dered_g -
dered_r)/4 - 0.18) > -0.2) and ( (petroMag_r - extinction_r + 2.5 
* LOG10(2 * 3.1415 * petroR50_r * petroR50_r)) < 24.2) ) or ( 
(petroMag_r - extinction_r < 19.5) 
and ( (dered_r - dered_i - (dered_g - dered_r)/4 - 0.18) > (0.45 -
4 * (dered_g - dered_r)) ) and ( (dered_g - dered_r) > (1.35 + 
0.25 * (dered_r - dered_i)) ) ) and ( (petroMag_r - extinction_r + 
2.5 * LOG10(2 * 3.1415 * petroR50_r * petroR50_r) ) < 23.3 ) ) 

Star/galaxy separation
Quasar target selection

“cuts”

Multidimensional
polyhedra



New skills: Indexing, databases

▪ SDSS data  “read through”~1 day

▪ Astronomers should learn: 

Database programming, computer 

geometry, search trees, …

▪ Multidimensional- and spherical 

indexing

New surveys will collect 

5 years of SDSS data in 5 days!

Public “cloud” 

data access



Same trends, similar challenges in all sciences
20th century 21st century

manual observations high throughput instruments

simple equations complex simulations

small data big data
300 million galaxies

2.5 terapixels

3.2 gigabases, 

37 trillion cells



Not only astronomy: genomics

Nyitray László, Pál Gábor: A biokémia és molekuláris biológia alapjai (2013)

Sanger-sequencing 
First virus sequence 1977: 
ϕX174, 5386nt



100 microns   

BGI Hong Kong, Scotted400, CC-BY-3.0

D. Mertens, K. Rippe, German Cancer research Center

30 years later: NGS, nanopore



Moore’s law – international data sharing

Sequencing is getting cheaper. More (public) data available.

(HGP) 1990–2003
13 years / 2,7 billion USD

2020
Few days / <500 USD

2030?

OTHER DATA:

-Microarray

- Mass spectrography

- Digital microscopy, …

+ public archives

+ whole population

+ single cell

April. 2022:

10+ million



Biology in the
20th                   21st

century



Pandemics: not just a virus!

▪ Infectious diseases are results of 
complex interactions of several 
domains

▪ Without global monitoring of the 
drivers we cannot handle or 
prevent outbreaks

▪ Need: collection, integration, 
organization, sharing and 
analyzing complex large data sets

▪ Barriers: 
practical + legal and ethical issues

Versatile Emerging infectious 

disease Observatory 

EU H2020 2020.01.01-

2025.12.31



SARS-CoV-2 
genome



Sequence Archives
SARS-CoV-2

consensus genome sequences

Human, animal, plant, metagenomic, 

… sequencing raw data

SARS-CoV-2

sequencing raw data

Nextstrain

Phylogeny, epidemiology

“25.6 Petabase pairs originating from over 14.8 million 

publicly available runs averaging 1.7 Gbp per run, 0.83 GB 

per run, 9.6 million spots per run and 187 bp per spot.”

/INSDC Public data as of Sept. 2021./



Importance of keeping raw and metadata

Csabai, I., Papp, K., Visontai, D., Stéger, J. and Solymosi, N., Unique SARS-CoV-2 variant found in public sequence data of 

Antarctic soil samples collected in 2018-2019. Submitted 2022. https://www.researchsquare.com/article/rs-1177047/v1 , 

https://www.researchsquare.com/article/rs-1330800/v1

▪ Sequencing archives: most of genetic sequencing research data is stored at public 
archives

▪ They are indexed by metadata and there are sequence-based search tools

▪ Possible “Google” query: 

“One man's trash is another man's treasure.”

SELEC T sampleID WHERE collection_date < ‘2019-12-25’ 

AND matched_taxon=‘SARS -C oV-2’

# of SARS-Cov-2

sequence reads

https://www.researchsquare.com/article/rs-1177047/v1


SARS-CoV-2 genome
▪ Low, but almost complete 

coverage

▪ Similar for all 3 pivot samples

▪ Early type lineage “A” mutations
C8782T, T28144C + C18060T 

• Found in bats but not in the 
“Wuhan Market” samples 
(Lineage B)

▪ Very rare mutation C17634G

• 2 / 6,000,000

▪ Rare 27nt deletion @21761

• GISAID: 38/6,000,000

• No lineage A before 2021.04

▪ Close-by mutations in 150nt
reads: mixed (at least 3)
genotypes 

• Quasispecies, multiple samples?

18060 18082



“Old” mutations (statistics in 
GISAID)

bats

Lineage A

Lineage A

bats &

pangolins



Host genomes

▪ Align to all available 
vertebrate MT genomes

▪No penguins or seals 

▪ But:
• Human

• Chinese hamster

• Green monkey

• -> known cell lines: 
Vero E6, CHO, BHK21

▪Most abundant
• In “pivot” samples 

04,05,08

• Same pattern as with 
SARS-CoV-2, R2 asym.

▪Origin: contamination
• HiSeq 4000 barcode 

misassignment



Importance of keeping raw and metadata

Csabai, I., Papp, K., Visontai, D., Stéger, J. and Solymosi, N., Unique SARS-CoV-2 variant found in public sequence data of Antarctic soil samples collected in 2018-2019. Submitted 

2022. https://www.researchsquare.com/article/rs-1177047/v1 , https://www.researchsquare.com/article/rs-1330800/v1

▪ Mutations, phylogeny, host genomes, cell culture, flow cell id ….

https://www.researchsquare.com/article/rs-1177047/v1


Key challenges: amount of data and complexity of models

7±2 

bit

?

10k*3.2 Gbp

1M*3k

10k*30k 5Gpx/image

2.5Tpx

400M tx

Photometry table:  300+ columns, 1Bn+ rows 

Scientific 
observations often 

result data as 
multidimensional 

vector space 

Spectra:  1 million 3000 dim vectors

2.5 Terapix image



Natural intelligence
Artificial intelligence

7±2 bit

Pollack, I. The information of elementary auditory displays. 

J. Acoust. Soc. Amer., 1952, 24, 745-749.

G.A. Miller The Magical Number Seven, Plus or Minus Two: 

Some Limits on our Capacity for Processing Information, 

Psychological Review, 63, 81-97. (1956)

Homo Sapiens: Technical Specifications

CPU 100 GN (giga-neurons)

Clock frequency 4-32 Hz

CPU cores 1 (male version), 2+ (female v.)

CPU speed 0.1 Flops (floating point op. / sec)

Memory (short term) 7 +/-2 bits

Storage 1TB-2.5PB

Power 20 W

Camera 576Mpix, 24Hz

Touch Yes

Display No

Speakers Mono

GPS No

WIFI No

Bluetooth No

2G/3G/4G/5G No/No/No/No

Latest version update 100 000 BC

Main Features : 

• Find food

• Escape predators

• Kill enemies

• Find mate and reproduce



Key challenges: amount of data and complexity of models

7±2 

bit

?

10k*3.2 Gbp

1M*3k

10k*30k 5Gpx/image

2.5Tpx

400M tx

Due to the underlying physical 
laws, data vectors do not fill the 
whole space, rather lie on lower 
dimensional surface/subspace 
(This is why we can understand the 
word!) 

pV = NkT 6 · 1023 → 5



Data hyperspace – dimensions - projections



Example: each picture is a point in the hyperspace 

One 228x351 pixel image = 

80028 numbers =

x1, x2, x3, … x80028 coordinates in 80028D

Pixel [180,200]

Pixel [181,200]

A 2D subspace of the 80028D hyperspace

http://atomcsill.elte.hu/NEW/



Many pictures: many points

Video: even more points



Many pictures: many points

Video: even more points

But knowledge of 

physics can help!



Phase space of a pendulum



PC1

PC2

PC3

x1

x2

x3

Pendulum video principal component projection to 2D

500 frames

60x80 

cutouts

500 

points in 

4800 D

Rotation+

projection



Complex systems – complex models

To understand complex systems we need complex models

Complex models have many details, parameters, …

We need 

• Huge amount of data to set up, constrain, parametrize the models

• Powerful  computers and clever algorithms

Complex function regression: machine learning!



Image classification: traditional hand crafted code

IF color=red AND profile=smooth THEN type:=elliptical

IF color=blue AND HAS(arms) THEN type:=spiral

IF color=red AND profile=smooth THEN type:=tomato

IF color=red AND HAS(horns) THEN type:=cow

f(    ) = “apple”

f(    ) = “tomato”

f(    ) = “cow”

Slide credit: L. Lazebnik



AI: paradigm shift

Computer
Data

Model
Prediction

ComputerData Model Prediction

IF color=red AND profile=smooth THEN type:=tomato

IF color=red AND HAS(horns) THEN type:=cow

f(    ) = “apple”

f(    ) = “tomato”

f(    ) = “cow”

Example: Image recognition

Method: hand crafted features



Supervised learning

input

label

apple

pear



Supervised learning

input

label

internal representation

apple

pear



Supervised learning

apple

prediction

input

label

internal representation

IF color=red AND profile=smooth THEN type:=tomato

IF color=red AND HAS(horns) THEN type:=cow

f(    ) = “apple”

f(    ) = “pear”

f(    ) = “cow”

function regression



Supervised learning: neural net 

apple

prediction

input

label

internal representation

IF color=red AND profile=smooth THEN type:=tomato

IF color=red AND HAS(horns) THEN type:=cow

f(    ) = “apple”

f(    ) = “pear”

f(    ) = “cow”

function regression



apple

pear

tomato

dog

cow

horse

Latent space
Raw modality space

Latent representation

Deep convolution net: transformation



The machinery behind: linear algebra



Learning -> loss function optimization

Loss = number of wrong

categorizations (error)

images -> points

in N dim space

Learning=minimum search

slope



▪ Proper, big enough training set

▪ Representation of data 
(images, words, … -> vector space)

▪Nonlinear optimization

▪Model complexity
• Accuracy

• Generalization

▪ “Black box”, trust

▪…

Challenges
Typical network: 2M adjustable parameters



Palla et al. Plos Biol. 2021

Ribli et al. Nature Astro. 2018, MNRAS 2019

▪ Mutations -> antibiotics resistance

▪ Mobile sensors -> Parkinson

▪ Mosquito images -> vector borne diseases

▪ Medical imaging -> breast cancer

▪ Weak lensing map -> cosmology parameters

▪ Lightning whistlers - > space weather

▪ Control of aging related methylation networks

▪ Pathology images

▪ Quantum neural computing

▪ MSc, PhD courses

Machine Learning  Research, Education, Applications 
@ Dept. of Physics of Complex Systems

Matamoros et al., Pataki et al. 2020.

Pataki @DREAM, Laki et al. 2016

Pataki et al. Sci.Rep. 2021

Ribli et al. @DREAM, Sci. Rep. 2018

SOTE TKP collab.

http://datascience.elte.hu

Alphafold2

Pataki et al. Space Weather 2022

http://datascience.elte.hu/


Vector borne diseases: 
MosquitoAlert image deep learning 

False(?) negatives:

False(?) positives:

T
ig

e
r

N
O

T
 T

ig
e

r

Pataki et al. Sci. Rep. 2021.

F. Bartumeus et al.

http://www.mosquitoalert.com/

“Zika, dengue, chikungunya, and 

yellow fever are all transmitted to

humans by Ae. aegypti and 

Ae. Albopictus.”



Space weather : whistler detection

B.Pataki, J.Lichtenberger et al. 2021

Understand (slow down?) aging

G. Palla et al. 2021.

Animal health

S. Nagy, N. Solymosi et al. in prep.

A. Biricz et al. in prep.

Pollen monitoring

Empowering Sciences

Solving analytically 

untraceable 

hard inverse problems



Deep learning for colorectal cancer pathology

▪ Hungary has the highest colorectal cancer rate

▪ >10,000 new cases, >5,000 death/yr (Orv. Hetil., 2017)

▪ Early detection!

▪ Samples from colonoscopy, biopsy

▪ Traditional: by-eye microscope

▪ New: digital scanner

▪ >2,000 whole slide images

• 80,000 x 60,000 pixels, 15GB

▪ Detailed annotation by trained pathologists:
• Dysplasia_low grade

• Dysplasia_high grade

• Adenocarcinoma

• Suspicious for adenocarcinoma

• Lymphovascular invasion

• Tumornecrosis

• Inflammation

• Artifact

https://www.3dhistech.com/

Dysplasia – high grade

Adenocarcinoma

Dysplasia – high grade

Necrosis

Necrosis

A
d

e
n

o
c
a

rc
in

o
m

a

Necrosis

Large, well annotated training set is the key

bottleneck for most machine learning

tasks!

Collaboration: Semmelweis Univ. II. Path. Inst.





Mammography with deep learning (Faster R-CNN )
▪ Digital Mammography DREAM challenge

• 1200 participants

• Dezső Ribli, best final result 

• the only solution with localization

• AUC = 0.95

▪ Publication: Nature Scientific Reports (2018)

• 30-th most popular from 17000 articles

▪ New collaborations with hospitals, clinics

• more training data

• open source plugin

• steps towards licensing

D. Ribli, A. Horváth, Z. Unger, P. Pollner, and I. Csabai. "Detecting and classifying 

lesions in mammograms with deep learning." Scientific reports (2018)



Explainable AI: automatic classification enhancement

normal

cancer

A. Large calcification

B. Oval mass

C. Spiculated mass

D. Calcified vessel

E. Calcification

F. Clusetered micro-calcifications

Automatic 

labels

„discovered” 

by the 

network

Based on simple

teaching classes
Features that invoke 

highest activity

Interpretable, trustworthy, 

for radiologists 
Ribli et al. in prep.



neural network



Biologically informed neural network



Aging: the number one risk factor for all diseases

Pal, S. and Tyler, J.K., 2016. Epigenetics and aging. Science advances, 2(7), p.e1600584.

López-Otín, C., et al., 2013. 
The hallmarks of aging. 
Cell, 153(6), pp.1194-1217.

Aging research has experienced an unprecedented advance over 
recent years, particularly with the discovery that the rate of 
aging is controlled, at least to some extent, by genetic pathways
and biochemical processes conserved in evolution. … A major 
challenge is to dissect the interconnectedness between the 
candidate hallmarks and their relative contributions to aging, 
with the final goal of identifying pharmaceutical targets to 
improve human health during aging, with minimal side effects.

• genomic instability
• telomere attrition
• epigenetic alterations
• loss of proteostasis
• deregulated nutrient sensing
• mitochondrial dysfunction 
• cellular senescence
• stem cell exhaustion
• altered intercellular communication 

Hallmarks

of aging 



eXplainable AI for molecular mechanisms of aging

Bocklandt, S., …, J.S., Horvath, et al.., 2011. 

Epigenetic predictor of age. PloS one, 6(6), 
p.e14821. 

A. Prósz et al., Biologically informed deep learning for explainable epigenetic clocks,  to be submitted, 2022



History of (machine) intelligence / (data) science

Model World

OBSERVATION

EXPERIMENT

Mathematical
description 

Instruments

Predictions

7±2 bit*

Virtual reality

𝑭 = 𝑮
𝒎𝟏𝒎𝟐

𝒓𝟐Λ=0.7  

Ωm=0.3

Initial values “laws”, equations Simulated reality

The loop of understanding



Cosmological

parameters: Ωm,σ8

Complex

physical

processes

Learning from deep learning
Cosmological parameters from gravitational lensing













Cosmological

parameters: Ωm,σ8

Complex

physical

processes? ?

Learning from deep learning
Cosmological parameters from gravitational lensing

Hard inverse problem!

Ribli et al. MNRAS 2019

Ribli et al. Nature Astr. 2019



Cosmological

parameters: Ωm,σ8

Complex

physical

processes? ?

2M parameters

Learning from deep learning
Cosmological parameters from gravitational lensing



Learned kernels: dark matter halo profile expansion

Attention focus of the network with

Layer-wise Relevance Propagation 

method

Information extraction:

Cosmologists:

Fourier power spectrum 

Neural net:

Halo profiles 

Roberts cross 

kernel



Cosmological

parameters: Ωm,σ8

Complex

physical

processes? ?

Learning from deep learning:

New simple method 

Few parameters, robust, fast, understandable.

Roberts cross 

kernel

Learning from deep learning
Cosmological parameters from gravitational lensing



State of the Art
An astronaut Teddy bears A bowl of soup 

mixing sparkling chemicals as mad scientists
shopping for groceries 
working on new AI research

as a 1990s Saturday morning cartoon as digital 
art in a steampunk style

A cute corgi lives in a 
house made out of sushi.

Google 
Imagen

OpenAI DALL-E 2

Question: A needle 35 
mm long rests on a water 
surface at 20◦C. What 
force over and above the 
needle’s weight is 
required to lift the needle 
from contact with the 
water surface? 

Facebook Meta AI
Galactica

ChatGPT, …



Nem csak fizikát tanítunk! 
▪ BSc:

• Számítógépes alapismeretek
(Linux, Python alapok, professzionális tudományos
szövegszerkesztés, grafikonok) 
[ http://oroszl.web.elte.hu/#teaching ] 

• Programozási alapismeretek a fizikában
(C programozás, adatkezelés, matematikai és fizikai
feladatok megoldása programokkal)

• Fizika numerikus módszerei I-II.

• Számítógépes szimulációk, …

▪ MSc: Tudományos adatanalitika és modellezés specializáció
[ http://datascience.elte.hu ]

• Adatexploráció és vizualizáció

• Haladó statisztika és modellezés

• Adatmodellek és adatbázisok a tudományban

• Adatbányászat és gépi tanulás

• Számítógépes laboratórium

• Adattudomány számítógépes laboratórium

• Tudományos modellezés számítógépes laboratórium

• Deep learning a tudományokban (spec.) 
[https://csabaibio.github.io/physdl/ ]

▪ Volt diákjaink karrierje

• hazai és nemzetközi kutatóintézetek: Univ. Hawaii, JHU, NASA…

• cégek: Ericsson, Semilab, Aimotive, Morgan-Stanley, …

http://oroszl.web.elte.hu/#teaching
http://stegerjozsef.web.elte.hu/teaching/szamszim/
http://datascience.elte.hu/
https://csabaibio.github.io/physdm/
https://csabaibio.github.io/physdl/


Any sufficiently advanced technology is indistinguishable 
from magic.            /Arthur C. Clarke/

Indeed, understanding the laws of mechanics made us able to build pyramids and 
cathedrals, based on the laws of thermodynamics the invention of the steam engine 
empowered us to cross oceans and continents and today we all have „seven-league 
boots” in our garages. Understanding electrodynamics and quantum mechanics
brought us the transistor that is at the heart of the Internet and the modern „magic 
mirrors”, the mobile phones. With the advancements of high throughput techniques 
we may be ready to tackle another frontier: life and intelligence at last, because it is 
the most sophisticated and complex.  End of diseases, much longer healthy life, … ?

What miracles will the advancements of machine learning bring? And what kind of 
challenges?

NEW PARADIGMS NEED NEW RESEARCHERS
EDUCATION: We need new scientist who have professional skills both in their 
disciplines and in modern information technologies.

István Csabai 
ELTE Dept. of Physics of Complex Systems

csabai@elte.hu

http://complex.elte.hu/~csabai/

Solid state physics Transistor/μelectronicsAstronomy Mechanics Quantummechanics
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