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To nipwto cuvedpLo Texvntnc Nonupoouvng

The Dartmouth Summer Research Project
on Artificial Intelligence (1956)

THE DARTMOUTH Al ARCHIVES:
http://raysolomonoff.com/dartmouth/

Al should be logic-based or probability-based

Trenchard More, John McCarthy, Marvin
Minsky, Oliver Selfridge, and Ray
Solomonoff.



http://raysolomonoff.com/dartmouth/

Mepiodol Texvntnc Nonupoouvng

1" Autopatn KataoKeur) oAUTAOKNC SOUNC LEPAPXLKWV
KaVOVWV

2" Ztoxaotka cvotnuata: Markov Chains, Hidden
Markov Models, Markov Random Fields, Markov
Decision Processes kot Nevpwvika diktua

3" Deep learning (moAumAoka UBPLOLKA VEUPWVLIKA-
OTOXQOTLKOQ CUOTNUATA)
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Deep Learning

1. Ta peyala vevpwvika diktua
xpeLalovral moAAa dedopeva
ekmaidbevonc — Big Data

2. O aAyoplBpoc omioBodpoLKNC
dLadoonc Tou oPAAMATOC KAl TO
“vanishing gradient problem

* Residual Neural
Networks
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CYCIEGa n NEtWO rkS (Generative Adversarial Network)







2 =0 (W, - [hee1,34])
re =0 (W - [he-1,7¢))
hs = tanh (W« [re % hyy, 2¢])
hy = (1= 2) *heoy + 2 * hy




Deep Learning - Natural Language Processing

Kelpeva og otul MNamadiapavn:

Tnv mMANGCLAV TNV EKOLTOV EKEIVOV, OTL ELXE TIPEL ELG TOV TPWOTNV TNV HOTPAV, KOL TNV EMAVEAQACEV O
KATEAELTNG TOU KL TNV TIPOCTOALOV TOU KalL TNV MOpATioV TNG, KA TNV ANTILAV TOU KAl TNV EMLOKEDRV
TOU, KOl TO LEPOG TOU Kal TTOAU Ta ixe KAAaAoBEeL mPog TNV pooTaviav Tou Kot TnG Ko Sev
enpodnVveL. Eni tng pikpav mpoceAdvnv ekeivov TNV mPookoAoU ekelvnv, TNV omnola Y€ TPELUEL ELG
TNV mapakaAiav, Kot tTng ekhoyovoav TV LATpoUAQY, TNV OMoilay EKOLTAEE TOV TPWTNV TNG, KAL TNV
ENMAVOAOUOE L€ Ta KOAQ TNG KOL TOV apadupav, KoL ToV EAELTIEV AV TNV APaToUANV TOU KOlL TO
OKOTOC TNG va ¢opaonG TNV MPwaotayv ToU Kal TNV EMTpodrV Tou, ELC TNV paTitoav TG paypag tou
VEQPLKOC, KOLL TOV TIPWTOV, TO OTIOLOV EKELVOV ELG TNV patiav, Tnv onolav eixe mapadeioel ta maidia
TNG, TA TTAAOILAL KOLL TOL LOTAL TOU KOL LA Lot KOAUHOTAL KOl LETAED TNV KOpU NV TG, Ko SEV 1TO ELG TNV
QKOANGLAV TOU KOIL TNV TPWTNV TNV, TOV OLKLOV TOU KaL TNV EMAVEAQCE TNV TAAQLOV TOU VA TNG
kateBaivn g tnv kOAaooav. O yepo-NapOevnc, EMavAPXETO TNV PWONV TIOU EKELVN TNV EKKANCLOV
TOU KalL TNG EKANOLag, Kal Tov elxe mpooelBel TG patnAtlag, katl 8 KaTepXETaL £1C TNV Mapadacilv Tou
napaBbupou.



Deep Learning - Natural Language Processing

Kelpeva og otul Opnpou:

» KL art Tn odayn mpLv oTo YLaAO TOUG ECTELNE OTN XWPA.

» TLTwpa At adtoug ma adto Ta modla Hou ag TPaBRoELS
» KOlL JLE TO XEPL TOU MaTaeL oa StafaAld av tav mopTe,

» TIOU TWPA TIECQ ATt TOUC Be0oUC, KL TiLo TTAALKAPAOEC

» oTaL 0TNOLA, av LE TO yEpovta Tou Bpovtoprxtn Ala.

» MOV €Aa TPpWTO At TO KAPHL 0a 0 Ta w TouG TPWEG

» Va. Lou YupLoeL o MAatpokAog, ou LE oTPaATOUE Kovtapla
» KAl LOUOWKE KL €0V 0TN yNG TOV KPAXTE |LE TO XEPL.

» KU kel Tou ToUdwWKAY TTOTEG AT TO KOVTAPL TECQ.

» KQL L€ TOUG TIPWTOUG TToUTAVE UEG otnVv KapdLd tng mAola.
» Kot twpa taAe oL @AAoL €0V, KOl TOUG LOVAXOUG TIavTa

» KOLL TO TTOOAPL OOV KL ECELG, TOV TTOAEUO, KA TILOW

» VL TIAPELG TOUG OXTPOL, KOAQ KoL TOUuG B0V TapAoouV.
» Mov é\a aAL adTtog meplwvtag To KapapLt Apn,

» TIOU Twpa adevn, KL EPePye tn paxn va fondnoeLc.

» Mov tapa, adto e To YLAAO VAL TIELS, KOAO KOVTAPL,

» KL av lvat aptolc Tou Bacthd to AOyo pouv, KoL tavta
» LE TO KAAOPL oTo oKauvi vat apalel, KoL 0ToV KOOO
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Model learns to make peaky predictions!



Deep Learning - Automatic Translation

Transforming machine translation: a deep learning system reaches news translation quality comparable
to human professionals, Nature Communications volume 11, Article number: 4381 Published: 01 September 2020

In this work, we present a neural-based translation system CUBBITT (Charles University Block-Backtranslation-Improved
Transformer Translation), which significantly outperformed professional translators on isolated sentences in a prestigious
competition WMT 2018, namely the English—Czech News Translation Task
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Deep Reinforcement Learning

Reinforcement learning is a process in which an agent
learns to make decisions through trial and error.

This problem is often modeled mathematically as a

Markov decision process (MDP)

state
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Deep Reinforcement Learning

Reinforcement learning is a process in which an agent
learns to make decisions through trial and error.

This problem is often modeled mathematically as a

Markov decision process (MDP)

TD-Gammon (1992), a computer St_aste

program developed in 1992 for
playing backgammon.
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This is called the Deep-Q-Networks (DQN)

Convolution Fully connected
e

Input Layer 1st hidden 2nd hidden 3rd hidden (256 fully connected)

() €— Each output is
an estimated
reward for

* / one action.

20x20x 16 9x9x32 256
Bx8x4x16 4x4x16x32 9x9x32x256 256 x 4



https://www.youtube.com/watch?v=V1eYniJ0Rnk

Deep Reinforcement Learning — AlphaGO (2016)- Go

| Mastering the game of Go without human knowledge,
L G°°9'§h5§fg'2ﬁ;2‘fh Nature, 19 October 2017

The tree search in AlphaGo evaluated positions and selected

moves using deep neural networks.
AlphaGo becomes its own teacher: a neural network is trained
to predict AlphaGo’s own move selections and also.
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https://www.youtube.com/watch?v=WXuK6gekU1Y

Deep Reinforcement Learning — AlphaZero- ZkakL

Chess computers have been better than humans for years
Elo ratings since 1984

Elo rating

Computer rating

All-time peak human rating (2,882)

....................................................................................................................

MeTd amo HOALC TECOEPLC WPEC
avtoeknaibevonc (44M mawyvidla), To
AlphaZero, képbloe 28 -0 pe 72 woomaAieg,
gvavtl tou Stockfish 8

To AlphaZero vloB€tnoe Eva oAokaivoupylo
ETLOETIKO OTUA, KAVOVTOC TIOAAEG TOAUNPEC UALKEG
Buolec yla va dSnpLoupynoeL TAEOVEKTAATA
B€onc.

Aev daivetal va akoAouBel moAAoUC armo toug
o padooLakoUC KAVOVEC «KOANC OTPATNYLKAC


https://www.youtube.com/watch?v=0g9SlVdv1PY&list=PLQsLDm9Rq9bEvlHwbsWlt5sta3M2t0aGe

Deep Reinforcement Learning AlphaStar- StarCraftll 201s

Previously Trained Agents I AlphaStar Training League
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“I was surprised by how strong the agent was,” he said.
“AlphaStar takes well-known strategies and turns them on their head.

The agent demonstrated strategies | hadn’t thought of before, which means there may still be new ways of playing the game
that we haven’t fully explored yet.”


https://www.youtube.com/watch?v=DMXvkbAtHNY

Deep Neural Networks, AlphaFold, Mpwteivec 2019

High Accuracy Protein Structure Prediction Using Deep

Lea rning, In Fourteenth Critical Assessment of Techniques for Protein Structure Prediction
(Abstract Book), 30 November - 4 December 2020

The deep learning-based method that produces a variety of predictions
including distances, torsions, atom coordinates, and estimates of the
per-residue value of the Ca-IDDT9
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https://www.youtube.com/watch?v=gg7WjuFs8F4

Deep Reinforcement Learning , Popmotikn

Al Learns to Park OpenAl Plays Hide and Seek...and Breaks The Game!

—



https://www.youtube.com/watch?v=VMp6pq6_QjI
https://www.youtube.com/watch?v=Lu56xVlZ40M

Minimum Description Length

Epwtnua: Av Exoupe TTOAQ LOVTEAQ TTOU TTEPLYPADOUV LIE TNV
(OLa akpiBela to OLo pavopevo N ta ot OESOUEVA TIOLO
LLOVTEAO TIPETEL VAL ETUAECW;

Napadeypa: Kemhep evavtiov Neltwva

H ipokAnon: To mpofAnua tng eUpeonC Tou OYKoU KLBwTlou Tuxaiwv
dlaotacewy. Mol AUon eLvolL TIPOTIMNTEQ;
Oykoc = x*y*z Oykoc=Neupwviko diktuo(x,y,z)



Proposition 1 (Shannon—Huffman code). Suppose that Alice and Bob have agreed in advance on a
model p, and both know the inputs x1.,,. Then there exists a code to transmit the labels 11 .,, losslessly
with codelength (up to at most one bit on the whole sequence)

Yil i) (2.1)




Minimum Description Length

CODE MNIST CIFAR10
CODELENGTH COMP. TEST CODELENGTH COMP. TEST
(kbits) RATIO Acc (kbits) RATIO Acc
UNIFORM 199 [ . 1 0% 166 1. 10%
FLOAT32 2-PART = 8.6MDb > 45. 08.4% = 428MNDb =~ 2500. 92.9%
NETWORK COMPR. = 400 > 2, 08.4% > 14Mb > 83. 93.3%
INTRINSIC DIM. > 09,28 =~ 0.05 00% > 02 8 = (.56 T0%
VARIATIONAL 22.2 0.11 08.2% 89.0 0.54 66.3%
PREQUENTIAL 4.10 0.02 99.5% 45.3 0.27 93.3%

Ta debopéva yla TNV KwdLkomoinon Twv PoVIEAwV ekTipnong mou Bacilovtoal os deep Learning eival moAAQ.

MHMNQZ YNAPXOYN AMNOAOTIKOTEPA MONTEAA MNMOY AEN EXOYME AKOMA ANAKAAYWEI ;



