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Big Data is more science than data!

 Modeling a process by studying or wondering its dynamics
and way how humanity understand this world and its place
in it!

* Y ®dU3MKM U MaWLIMHHOIo obyyeHUs ectb HeYyTo obulee: obe
06n1acTu 3aHATLI HABNOAEHMAMKU U MOCTPOEHUEM MOAENEN,
npeacKasblBaOLWKUX pe3ynbTaTbl NOC/EAYIOLINX
HabnaAeHUN.

* Formal Hypothesis construction and making algorithm for
each hypothesis.

* [ntroducing of uncertainty regarding data and forecasts.
* Coding; verification and validation and
* A clear understanding of the limitations of the model.

 An understanding of the mathematical proof and the
whole abstract logic on which the proof is based.



Storing experimental data in a “science cloud”
has some advantages, such as making
information more accessible to a wider scientific
community.

In the coming decade, big projects like the Large Hadron Collider (LHC) and the Square
Kilometre Array (SKA) are each expected to produce an exabyte of data yearly, which is about
20 times the digital content of all the written works throughout human history.



How to make Discovery?
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Subjective Popularity

Machine Learning not only in High-Energy
Astrophysics (Astroparticle Physics)
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Tesla is developing a NN training computer called Dojo to
process truly vast amounts of video data. An exaFLOP is one
quintillion (10!8) floating-point operations per second, or 1,000

petaFLOPS.
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YTo TaKoe HanpaB/ieHHasa 3BOMOLUA U NoYeMy 3TO MHTepecHOo: MNMpodeccop
KanndopHUUCKOro TeXHO/I0rM4ecKoro MHCTUTYTa, bnonHXeHep u bMoxXxmMmumk
®dp3Hcuc ApHONbA CTaNa OAHOM U3 HEMHOTUX YKEHLWUH-1aypeaTos
HobenescKkoi npemum.

*  OHa TaK)Xe NpMMeHANA IMHENHYIO PErpeccno — MaTeMaTMUECKYO MOAE/1b, KOTOpas No3Bo/ANa
paccynTaTb, KaKMe MMEHHO cnocobbl peKoMbBMHAUMK FeHOB MOMOTYT co3aaTb Hanbonee
yCcTonumnBble HoBble 6eKK. C NOMOLLbIO MALLMHHOIO 06y4eHUA MOAENb YAAN0Ch HAaY4MTb Ha
Heb6obLIOW BbIDOPKE MONEKY/, KAKME COYETAHUA FTEHOB }KNU3HECNOCOOHbI U MOTYT HECTU NONE3Hble
bYHKLUMM, @ KaKME HET — U 3TO YCKOPU/I0 NPOLLECC «HAaNPaBAEHHOW 3BOHOLMMY» B Pa3bl NO
CPABHEHMUIO C CeNnekLmen KBPyHHYHO»;

*  bnarogapAa metoankam ApHonba — a NepBan HaydHas paboTa, onucbiBatoLWwas To, 3a YTO OHA
nonyymna HobenescKyto npemuto, Bbiwna elle B 1993 roay — yKe Npon3BeNn MHOXKECTBO
NONE3HbIX SH3MMOB: OHM CEMYAC MCMONb3YOTCA ANA CO34aHMA PA3HbIX NPOAYKTOB, OT CTUPANbHbIX
nopowkoB Ao buotonnmea n nekapcts. bonblie Bcero PpaHcuc ropgmtcsa paspaboTkoit Ha 6ase ee
meToaa npenapata AHyBMA dapmaueBTUYecKoro KoHuepHa Merck & Co: aToT nekapcTBo, KoTopoe
nomoraet AnabeTnkam, paHbLue NPon3BoOAMAOCH C UCNOb30BAHMEM TOKCUYHbIX META/I/IOB.
ApHonbA paga, YTo ee OTKPbITUE MOMOI/I0 YMEHbLUNTb KOJIMYECTBO BPEeAHbIX BbIBPOCOB U caenatb
npoAayKT 6onee 6e3onacHbIM;

* B Havane 2020 roga TBUTTEP NOPA3nNN0 3aaBaeHne PpaHcnc ApHoAbA: 2 AHBAPA OHA AOCPOYHO
BEPHY/1aCb C HOBOTOAHMX KaHUKYA M cO0bLWMAA, YTO OT3bIiBAET ONyH6AMKoBaHHYIO B Mae 2019 roga
CTaTblO B XKypHane Science.

*  JT0 nopasuTenbHbIA NPUMep YECTHOCTU B HayYHOM Mmupe. B xkypHane Nature B 2016 roay
onyb/MKoBanu WoKupyowme umdpsbl: pesynbratbl 0kono 70% HayuHbIX paboT, 0406 peHHbIX
PEeLLeH3EeHTaMM W HaneyaTaHHbIX B KQYECTBEHHbIX HayUHbIX }KypHanax, Apyrve y4yeHble
BOCMPOU3BECTU HE CMOT/IN. ITO 3HAYUT, YTO NOYTK ABE TPETU COBPEMEHHOM HAaYKU HAaX0A4MTCA B
«Cepomn 30HEe»: MOMKET, 3TO NPaBAa, @ MOXKET, U HET.


https://twitter.com/francesarnold/status/1212796266494607360
https://www.nature.com/news/1-500-scientists-lift-the-lid-on-reproducibility-1.19970

MO>XHO CUIbHO YRyYLIUTb
paboTy 06bIYHOro
CEeNnbCKOX03ANCTBEHHOIO
KombanHa, ecnm UcnonbL3oBaTh
HEMPOCETKN ANsi pacrno3HaBaHus
KynbTyp 1 NPENATCTBUN U
poboTa ans
aBTONMUIIOTUPOBaHUA. Bce aTo
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https://m.habr.com/en/company/cognitivepilot/blog/

CenbCKOX03AMCTBEHHbIM KOMbBaWHbI perynapHo
nepemasiblBaloT II0AEN, BPE3AOTCA B TPAKTOPbI
n berywme yepes none ctonbbi J13T01

OAVH PYAUT (AEPHUT KPOMKY),

BTOPOW ynpaBaaeT MOTOBUIOM, BETPAMMU,
bapabaHamu,

TpeTui B 3To BpemMa MOXKeT AenaTb OTrPy3Ky
Ha X0y B rpy30BUK,

YeTBEPTbIM CNeauT 3a NPEenAaATCTBUAMMU,

B sanoxy CCCP B KabuHe b6b1n0 ABOE, NOTOM
OCTaNCcA OAMH.



OTaenbHOe noapasgeneHue
3aHMMaeTcaA obyvyeHnem HenpoceTen

rae Kakaa KynbTypa,
KaK BbIrNAaMT NONEran NweHnua 1 Tak aanee,

BbluncantenbHble MOAYIN HA KaxKAoOM KombanHe
aBTOHOMHbIE,

Yenosek NOAHOCTbIO pa3rpyKeH. OH BKAOYaeT
CUCTEMY, OTNYCKAET PY/ib, B Ny4LLEM CNy4vae
KOHTpO/UpyeT PpaboTy MallnHbI, B XyAlLlem —
CMAnNT B TenedoHe,

PoboTbl ybMpanm 3nakoBble: nMeHnuy, A4MeEHb,
OBEC, POXKb B HOXKHbIX permoHax



B psaae cnyyaes coasTop [KoH Pnetyep 3akaHYMBaAN PPArMeHT,
HayaTbIK LLekcnupom. OTmevaeTcsa, YTo B CO3aaHUN «[eHpUX
VIII» Tak»Ke yyacTtsoBan nmucatenb duaunn MaccnHaKep.
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M CKyCCTBeHHbIU HHTE/IJIEKT Pelin/I
oaHYy u3 3arajiok lllekcnupa







AR-o4kun Facebook nonyyat pyHKUMUIO
«Ccynepcnyxa»

Mo MHeHUI0 pa3paboTUMKOB, BO3MOXKHOCTU BUPTYANbHOMK M A0NOJIHEHHOM

peanbHOCTU NOCTENEHHO NPUBANIKAIOTCA K peann3aumm «CoLManbHOro NPUCYTCTBUAY,

KOraa YenoBek MoXKeT 6bicTpo U 3pPEeKTUBHO NepemecTUTbCA Ha yueby unm paboTty, octaBasacb goma. Hanpumep,
npu pasrosope B LWYMHOM Kade, MMKPOOHbI YCTPOICTBA ByAyT CUMTbIBATb BCE /IMLLHUE 3BYKU, BPOAE Pa3roBopos
NOCTOPOHHUX /1I0Ael U 3BOHA NOCYAbl, @ FPOMKOCTb cobecegHUKa byaeT yBeiMueHa U KauyecTBO yayulleHa ¢
NOMOLLbIO NPOrpaMmmHoro obecneueHuna. AR-OUKM Bce elle A0MKHbI HAYYUTbCA UCNO/b30BaTb BCTPOEHHbIE AATUMKU
M Kamepbl 415 aHa/In3a reoMeTpUmn nomelleHus ¢ nomoubio MW, a 3aTem BbIBOAUTb BUPTYaNbHYO MHPOpmaLuio
onpeaeneHHbiM 06paszom, UTOObI NONb30BaTE/Nb KOLLYLLAN» PEANUCTUUHDbIN UCTOYHUK 3BYKa.



A new acoustic imaging technique uses a disordered set of plastic spheres to
amplify short-wavelength sound waves in combination with machine learning
to reduce the complexity and computational power needed for high-
resolution imaging. This drawing shows the 8x8 array of speakers producing
the audio equivalent of an image

Working first in the absence of the intermediate spheres, the #%5
algorithms performed poorly. However, in the presence of the & e
spheres, the algorithm aiming to reconstruct the images did so £

effectively, and the one aiming to classify the digits achieved an
accuracv of 79 4%




Main principles

Solving problems is human role in Universe!

Intelligence SW includes: fluid intelligence - the ability
to think logically, perceive and remember new things,
solve new unusual problems; and crystallized
intelligence - the accumulated experience and the
ability to use the acquired knowledge and skills.

Networks of simple elements make a great job!

Training of network is a main strategy of problem
solving;

Evolution of live haver connections with evolution of
universe;

We have to avoid overtraining!



Statistics basics

Summary and descriptive statistics, average, variance, covariance,
correlation.

Fundamentals of probability theory: fundamentals, expectation,
calculus of probabilities, Bayes theorem, conditional probability.

Probability distribution functions - uniform, normal, binomial, chi-
square, student distribution, central limit theorem.

Probabilistic distances;

Random search methods;

Sampling, measurement, error, random number generator.
Hypothesis testing, testing, confidence interval, P-value.
t-test

Linear regression, regularization.



Definition of I

Bce sbiwecKa3aHHoe — He npocmo mol o4yepedHoU rnpussie K Yumamesniam
KaHana «MasnouzsecmHoe uHmepecHoe». 3mo npeambyna k 60mu
cmpaHu4yHomy «maHugecmy» On the Measure of Intelligence , Ha OHAX
onybaukosaHHom PpaHcya LLIHonane — uzsecmHbim ucciedosamesiem NN
8 KomnaHuu Google, co30amenem bubnuomeku enyboKoz2o obyyeHus
Keras u copaspabomyukom ¢ppelimeopKa mawuHHO20 oby4yeHus
TensorFlow.

NHTennekt namepsetca HE cnocobHOCTAMM areHTa AOCTUraTb C/IOXKHbIX
LeJsier B LUMPOKOM AMana3oHe N3MEHYMBOCTU BHELLHEN cpeapl, a
3P PEeKTUBHOCTbIO NPMOBPETEHNSA HAaBbIKOB.

B HOBOM onpeaeneHnmn MHTeNNEKTa AeNaeTca ynop Ha cneayrowmx
KPUTUYECKUX NOHATUAX, NOANENKALLMX YYETY NPU XapaKTEPUCTUKE
NHTENNEKTYaNbHbIX CUCTEM: 02paHUYEHUS 3a0a4u (scope), cnoxHocmu
obobuweHus (generalization difficulty), anpuopHaa uHgopmayus (priors) u
ornbim (experience).

MpeactaB/ieH HOBbIM KOpNyc abcTpaKkuum u paccyxaenunm Abstraction and
Reasoning Corpus (ARC), nocTpOeHHbI Ha ABHOM Habope yxe
NMEIOLLUXCA Y MHTENNEeKTYabHOTO areHTa 3HaHUIM U OMbITa C TEM, YTODbI
COOTHOCUTb €ro Kak MOXHO 611Ke K CBOMCTBEHHbIM Y€/10BEKY 3HAHUAM U
onbITy.



https://arxiv.org/pdf/1911.01547.pdf?utm_campaign=nathan.ai newsletter&utm_medium=email&utm_source=Revue newsletter

Machine Learning and deep learning:
Context-dependent pre-trained deep neural networks
for large-vocabulary speech recognition

Y106bI NOHATB, YTO TaKoe deep learning, HyXXHO OTAENUTb €r0 OT APYrUX AUCUUNANH B chepe
MCKYCCTBEHHOTO MHTEeNNeKTa. OAHa U3 HUX — MalLUMHHOe 0byyeHune, KOoraa KOMNbHTEP U3B/IEKAET
3HaHKWA Yyepes ynpaademMblit onbIT. O6bIYHO B 3TOM C/ly4ae YeN0BEK NOMOraeT MallMHe Y4nTbCA,
noabpacobiBasa e COTHWU UK TbICAYM YY4EOHbIX MPUMEPOB U BPYYHYHO NCMPaBAAS OLNOKN.

XoTa MalMHHOe 0byyeHne gomnHupyeT B chepe MW, y Hero ecTb cBom npobnemsl. Mpexae Bcero,
OHO TpebyeT KosoccaibHOro BpemeHu. Kpome Toro, NnoKa KOMMbOTEP NOJ1araeTca Ha Ye/I0BEYECKYHo
n306peTaTeNbHOCTb, Ha YMEHME YesloBEKA NPUAYMbIBATb abCTPaKLMUK, 3TO He/lb3s Ha3BaTb B
MNOJIHON Mepe MALMHHbIM MHTENIEKTOM.

«fnybokoe obyyeHme» No bonbluen YacTn He HyKaaeTca B YenoBeke-onepatope. OHO
noApasymMeBaeT, Hanpumep, co3aaHMe MaclTabHbIX HEMpOCeTeN, KOTOPbIe MO3BONAIOT
KOMMbIOTEPY YYMTBCA U «AYMaTb» CAMOCTOATENIbHO, He Npuberan K NpAMoMy YeN0BEYECKOMY
BMELLATENbCTBY.

«To, YTO KOMNbIOTEP Y3HAET NPM NOMOLLM anropuTmoBs deep learning — 370 ckopee abcTpaKTHbIE
npeacTaBAeHNA KOHLUENUMN, — roBopuT beHaKmno. — Deep learning ocHoBaHO Ha TOM, YTO y NItOAEN
€CTb HECKO/IbKO TUNOB NPeACTaBNEHNA UAEN: HA HUXKHUX YPOBHSAX CaMble MPOCTbIe, Ha BEPXHUX —
b6onee cnoxkHble abcTpakumun. MpeactaBnas MHPopmaLmio 3TUM abCTPaKTHbIM COCO6OM, MalLMHe
lerye nNpuUnNTU K CBOMM 0600 LLIEHMAMY.

Poccuiickaa HenpoceTb Npeapekna nobeay HblHewHemy npe3naeHTy CoeanHEeHHbIX
LWTaToB AoHanbay Tpamny Ha npeacTosLwmx Bbibopax rnaBbl benoro goma. YTouyHAaeTca, 4To
HeMpoceTb co3aanu pa3paboTumkm us Mepmn.



https://svpressa.ru/persons/donald-tramp/

KaK paboTtaet HeMpoHHaA ceTb? YTo
TaKoe deep learnin
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neurans
Contains 100 billion
neurons

Each neuron

rishkir https://www.creativitypost.com/article/to_boost_brain_health_and_performance_harnes

S s_neuroplasticity_the_right_way




Human brain is a highly dynamic and
constantly reorganizing system.

The central concept is the brain's lifelong capacity to change and
rewire itself in response to the stimulation of learning and
experience (neuroplasticity);

By solving problems (in physics) one can repeatedly stimulate the
same area of the brain, which strengthens existing neural
connections and creates new ones. Over time, the brain can
become more efficient, requiring less effort to do the same job;

Continuous learning helps to fight against age-related decline and
potential dementia pathology by increasing the connections
between neurons, increasing cellular metabolism, and increasing
the production a substance produced by the body to help
maintain and repair neurons;

Do you know that London taxi drivers have a larger hippocampus
than London bus drivers? Ask why or find yourself!



Mo3rom boabumaHa Ha3biBaeTcA rMNOTETUYECKU BO3MOXKHaA
cyb6ctaHumua (06veKT), BO3HMKaowWwana B pesynbrate GAyKTyauui
dun3nyecKkoro Bakyyma, ocosHasLian ceba n cnocobHasn

Life cycle of a low-mass star

Diffuse B

ISM dust
cloud

/ Dense

Red Giant molecular
phase cloud

f "Comets

‘ / star is born
“ Planets [

. S Pal
Asteroids Cloud breaks up
Planetesimals form

Low-mass

TO/NIbKO Hann4umne Habnoaatena (mosra bonbumaHa) ynopaaoumBaeT OKpYKatowmia
Mmunp. [1o noaBneHUa CTopoHHero Habaoaatensa BceneHHana B 06A3aTeNlbHOM nopaaKe
ABNAETCA XaOTUYECKOMN.



Deep Density Displacement Model (D3M), which learns from a
set of prerun numerical simulations, predicts the nonlinear
large-scale structure of the Universe. Note the connections

between galaxies: are they of the same purpose as in brain?

he
- e 'gh. \

We sho‘;:&:hat-,[‘BM is able to accurateR/
extrapolate far beyond its training data and
predict structure formation for significantly
different cosmological parameters.
https://doi.org/10.1073/pnas.1821458116



Machine learning: Measurements,
Decisions and Predictions

Decision making in random noisy environments: driver on the street,
investor in the market, customer in the supermarket; student
choosing profession, traveler choosing the rout, medical diagnostics,
etc...

Pattern recognition: N x N picture; binary (black and white) or vector
(color) in each of thousands (millions) of pixels: monitor crime on the
streets, find a person; read a drawing, etc...

ML is not magic producing results on any input! you have to study
math and statistics!

New algorithms and expert knowledge of the domain are in great
need!

Maximal salary in IT sector: no problem with jobs in coming decades;
“Future of Armenia depends on ML’ Armen Sargsyan!



N

Domains

Speech recognition: automatic answering services;
Automatic control in mass production: check wrong pizza; and many others;

Al algorithms scanning data bases of all patients died from any diseases and finding optimal
strategy of curing patient;

Optimal strategy of getting profit on highly violent stock markets: what and when to by, when to
sell, how to put margins!

Transport: optimal routs in city, fast response to traffic jams, navigators, safety...
Big brother watching streets to prevent crime!
Education: personalize learning programs;

MCTpe6MTel'IFIMI/I LLEeCToro noKoJ1eHNA peyb M,D,éT 0 MaKCMMaIbHOM pO6OTM3aLI,MM cncrem
C MUHUMANbHbIM Yy4aCTUeEM mo,u,eﬁ, O COo34aHnu HGVIpOCETM.

YueHbiMm MaccauyceTcKoro TexHonormyeckoro nHctutyta (MIT) yaanocb 06HapyKuUTb cpasy
HECKO/IbKO HOBbIX aHTUBMOTMKOB C MOMOLLLbIO HEMPOCETH, YTO CTA/I0 YHUKA/bHbIM
AOCTUXKEHUEM B UCTOPUM MeAUuLUHbI. O4HA U3 HAXOA40K — Xa/IMLMH — OKa3aacb B COCTOAHUMU
YHUUTOXUTDb AaxKe Te 6aKTepum, KotTopble 6blan YCTOUMBbBI KO BCEM CYLLECTBYHOLLMM
NIeKapCTBEHHbIM NpenapaTtam. HEMPOCETM NPEAJIOKNIN NPOCKAHUPOBATb HECKONbKO bUbANOTEK
XMMMUYECKUX COEANHEHUI, B KOTOPbIX HacuuTbiBaeTca bonee 107 maH MoneKkyn, ans
0OHapyrKeHMA Tex, KOTopble B TEOPUN MOTYT COOTBETCTBOBATb HEOOXOANMbIM TPeHOOBaHUAM.
HelpoceTbto bbinn 06HapyKeHbl 23 MONEKY/bl, NOAXOASLWME MO 3a4aHHble NapameTpbl. U3 HUX
yuyeHble oTobpanu AeBATb, B TOM YMCE XaAULMH.



Paleo - genomics: Archeology
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Tesla xoueT ncnonb3oBaTb BECb NAPK
BbINYLWEHHbIX MawWwWH ana obydyenmnsa U

* (OHa onucbiBaeT meToa, I'IO3BOJ'IF|I-OLLI,I/II7I Kl'IaCCM(I)MLI,MpOBaTb noTeHUMA/IbHbIE
AdaHHble ANA TPEHNPOBKUN NOKAJIbHO, 40 UX NMEPEOSAYN. Ecnu nporpamma
oueHMnBAET AadHHblIE KaK NOTEHUMNA/IbHO nNpurogHble a4 WU, To paet KOMaHA4Yy
nepenasatb UX No 6eCI'IpOBO,£I,HOI\/J1 CeTu. 3aTemM OHMU UCNoNb3YyOTCA ANA YyAydHlLeHUA
dBTOMMANOTaA.

* KomnaHus MnoHa MacKa ocHalaeT BCe CBOM 3/1EKTPOMOOBMAN HABOPOM CEHCOPOB
Ans cbopa A0POXKHOM MHPOPMALMK, MPOAAET UX U TECTUPYET CUCTEMY
6ecnniIoTHOro ynpaBAeHUA B KCKPbITOM pexnume;

* O6bIYHO NPOM3BOANTENBHOCTb CUCTEM NYOOKOro 0byyeHMs orpaHMYeHa Kak
MWUHUMYM OTYACTU KQ4eCTBOM TPEHMPOBOYHbIX AaHHbIX. BO MHOMMX cayyasx
3HauyUTeNIbHble Pecypcbl BKAaAbIBatOTCA B cOOp, UCNpaB/ieHNE U aHHOTUPOBaHUE
3TUX AAHHbIX. YCMAKuA, KotTopble TpebytoTca Ana co3aaHua HabopoB AaHHbIX,
3a4acTyto 3HaYnTeNbHbl. Bonee Toro, 4acTo cNoXKHO cobpaTh AaHHble ANA
onpeaeneHHbIX Uenen, Kotopble TpebyoTca Ana yay4dlleHna MoAe I MallMHHOIO
obyyeHus».

* Peub naet 06 MHTENNIEKTYaIbHOM 0OYYEHUUN LLEEHTPaIbHOWN HEMPOHHOM CETU —
cobrpaemble Karxkaon MalMHOM AaHHbIe KNAacCMPULIMPYHOTCA OKANbHO,
H6OPTOBbLIM KOMMbIOTEPOM, U OLLEHMBAIOTCA Ha NpeaMeT LeHHOCTM ans obyyeHus
NN. B UOL Tesla nepenatotca TONbKO LEHHble AaHHble. OHU M UCNONb3YHOTCA ANS
yAydLlEeHUA aBTONUIOTA;



Y yenoseka oguH U3 CaMbIX MaNeHbKUX MUTOXOHAPWANbHbIX
reHoOMoB, Bcero 16,5 Tbicaum nap Hykneotnaos, 37 reHos. AnAa
CPaBHEHUA: Y HA3EMHbIX PAaCTEHUN — COTHU TbicAY nap. MTAHK

HacneanyeTcA TO/IbKO OT MaTepu K gouepu.

OHK MuToxoHapun







Human genome contains 3 billion
coding elements

human
MAMMALS I
BIRDS
REPTILES
frog newt
AMPHIBIANS l |
Fugu zebrafish shark
FISHES
CRUSTACEANS
Drosophila
INSECTS |
MOLLUSKS
Arabidopsis rice wheat lily
PLANTS | | I I
NEMATODE WORMS
yeast
FUNGI |
ALGAE
Amoeba
PROTOZOANS
Carsonella ruddii E. coli
| BACTERIA
ARCHAEA
R R R R [ 11 [ I I O R R
10° 108 107 108 10° 10" 10" 10"?

nucleotide pairs per haploid genome

Figure 1-41 Essential Cell Biology 3/e (© Garland Science 2010)



Largest Chip Ever Built




Cerebras — Cerebras Wafer Scale Engine

1. Kaxgbin kKpuctann Cerebras WSE coaeput 1,2 TpAH TPAH3UCTOPOB,
opraHunsosaHHbIX B 400 000 UN-oNnTUMN3MPOBAHHbIX
BbIMUC/INTENBHDBIX A4ep 1 18 6anT nokanbHOM pacnpeaeneHHOM
namatn SRAM;

2. Bcé aTo cBA3aHO AYeuncToi ceTblo ¢ 0bLLen NPON3BOANTE/IbHOCTbLIO
100 netabut B cekyHAy. MponyckHasa cnocobHOCTb NaMATU A0CTUTaeT
9 MN6aunTt/c;

3. B cpaBHEHUU C cambiMM COBPEMEHHbIMW rPadUUECKUMN AApaMU

ymn Cerebras obecneunsaet 8 3000 pa3 6o0abWwMM 06BEM NAMATU HA
Kpuctanne u B 10 000 6onbliyto cKopocTb 0bMeHa C NamATbIo;

4. BblumncnutenbHbie agpa Cerebras — SLAC (Sparse Linear Algebra
Cores) — NONHOCTbIO NPOrpPaMmMMpyemMbie U MOTYT ObITb
ONTUMMMU3UPOBAHDbI ANA PaboTbl C IIOObIMN HEMPOHHBLIMU CETAMM.

5. nMpoueccop Cerebras oka3biBaeTcA B COTHU MU AaXKe TbICAYM pa3
apPpexkTnsHee ana UM n mawmHHOro obyyeHms.
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Automatic alighment and pose estimation

Shape
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Hlumination Expression

Face detection Fiducial points 2D 3D
detection alignment alignment
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Stock Markets: forecasting; regression; optimal strategy:
Stocks, Commodities Tumble as China Strikes Back
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Fisher IRIS flower dataset (1936)
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https://archive.ics.uci.edu/ml/datasets/iris

UC Irvine Machine Learning Repository
https://archive.ics.uci.edu/ml/index.php

B Rapccrory @ e

View ALL Data Sets

3rowse Through 481 Data Sets ow LIt View
Default Task
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Clustoring (84 C seieal |
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Numarcs! Multivariate Classification Categorical, Integer || 48842 4 1996
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https://archive.ics.uci.edu/ml/index.php

CRD Machine Learning resources

Homa Space Education Machine Leaming lectures

S

SPACE
- education
’ -

SPACE EDUCATION

Machine Learning lectures

Machine Learning lectures

1. Machine Learning: Bayesian and Neural Network statistical models

Author: Ashot Chilingarian

2. ANI Applied Nonparametric Inference Reference Manual Version 19.1

Author: Ashot Chilingarian

© 1996-2018 Cosmic Ray Division http://www.crd.verphi.am/Machine learning v

A. L. Alikhanyan National Sclence Laboratory
(Yerevan Physics Institute) Foundation I ectures



http://www.crd.yerphi.am/Machine_Learning_lectures

Correlation

- n(Xxy) - (Xx)(Xy)
V [nEx2 - (£x2] [ nEy? - (Sy)?]

(r = =1.00)



“False” Correlations no causal relation
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Fresh Lemons Imported to USA from Mexico
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Divorce rate Per capita
in Maine per % consumgtion of
1,000 people Correlation: 99% margarine (Ibs)
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CORRELATION IS NOT CAUSATION!

M ICE CREAM SALES
B SHARK ATTACKS

JAN MAR MAY JUL SEP NOV

Both ice cream sales and shark attacks increase when the weather is hot
and sunny, but they are not caused by each other (they are caused by
good weather, with lots of people at the beach, both eating ice cream

and having a swim in the sea)



Mean number of authors
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Observer make correlation: number of umbrellas — intensity of rain
and get highly positive; thus we can make rain by taking umbrellas!
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True correlation — causal relations

Skin Cancer Mortality versus State Latitude
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Example: automatic selection of child
and adult

1. Goal —cinema: 12+, or 16+, Speed of autopilots on
the roads in presence near schools; airplane
passengers;

2. Select variables: measurements of weight and height
(no problem);

3. Domain—direct product of x and y spaces R1 x R1;

4. How to deal with random variables? The mean and
variance: Gaussian distribution! 2 main parameters!

5. 2 different variables: deviation from mean; %, or N of
sigma, range.

6. Classification problem as mapping problem
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Mapping feature space to decision
space!

. f(x, y)) = x+y : What will be if we add kilograms and

meters?

Percent of mean value: Mean weight 70 kg, mean
height —170 cm;

100 kg (100-60)/60 ~ 66.7%; 30 kg (30-60)/60=-50%;

Now we can add percent! F(x+y)=66.7%+ -50% =
17.7%

Mapping of 2 dimensional future space —to one
dimensional decision space!

f(x,y) = 1, if x+y < 50%; f(x,y)=2, if x+y > 50%
But why 50? Maybe 45 will be better?

. Training with teacher to find best mapping function!



Metrics to Evaluate your Machine Learning Algorithm (we need
training sample TS — measurements with known classification)

Number of Correct predictions

Accuracy = —
Total number o f predictions made

Predicted: | Predicted:
n=165 NO YES
Actual:
NO 50 10
Actual:
YES 5 100

., N N
Ve ite Errop — : : I, ..
MeanAbsolute Error = N ; ly; — #j|  MeanSquaredError = N X; (yj — 4;)
- =



V4

How meth neuron works?

3

. Sigmoid(5 o
(o) gr:o1() 1

https://zen.yandex.ru/media/id/5bbcbclba5bd5400a990e
7d9/izuchaem-neironnye-seti-kak-sozdat-neiroset-za-

4shaga-5c¢da8ala5631d800b3136f0f



Element of Neural Network

Neuron f:RX - R

A~ Z=aW,+a,w,+---+a,w, +b
) N @
_I_ —_—
aK Activation
weights b function




T he artificial neuron: how to train?
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Universality Theorem

Any continuous function f

f:RY > RM
Can be realized by a network
with one hidden layer

(given enough hidden
neurons)! SO; what for we Reference for the reason:

heed deep NN with many- http://neuralnetworksandde
eplearning.com/chap4.html
many layers?

Why “Deep” neural network not “Fat” neural network?



Classification of primary hadron to light and heavy nuclei

Suppose data sample with two types of events: Protons and Iron nuclei

obtained from the simulation — solving direct problem of CR!
We have found discriminating input parameters Ne and Nmu

What decision boundary should we use to select Iron nuclei ?

Rectangular cuts? %Iinear boundary? A nonlinear one?

B How can we decide this in an optimal way ? = Let artificial neural network do it!

B We need training samples — training with teacher — simulations, direct CR problem



Recognizing cat: multiple feature
N x N pixels

stretch pixels into single column

02 (05| 01 | 20 56 1.1 -96.8 | cat score

15|13 ]| 21|00 231 | 4| 32 | — | 437.9 | dog score

0 [025]| 0.2 | -0.3 -1. :
input image 24 1.2 61.95 ship score

W 2 b f(mi;W, b)




Overtraining and generalization

hlllr

1 1
erxor Mean Absolute Error = v Z |yj — E,rj_|
a j-=1
test
training
>
underfitting # parameters overfitting

(high bias) (high variance)



Local and global minimum

Very slow at the

plateau

Stuck at saddle point

Stuck at local minima

; vco) Hree) | = g
- eey 1 E@)

parameter space




Searching of the Extremum

maximisation problem: 1 =1 = 1000



Deep learning (with and without
teacher)

Machine Learning in Practice

N

Describing your data with e
features a computer can | 'thg
understand QIO
Y J |\ Y J
Domain specific, requires Ph.D. Optimizing the
level talent weights on features

& -k -3 -l

Input Feature extraction Classification Output

Deep Learning

&W

Input Feature extraction + Classification Output

1 According to Microsoft's
speech group:
Using DL
m \

%

2%

% L -
1950 2000 2010

Deep Learning in Speech Recognition



How Convolutional Neural Networks See

IS
=i~] 0

Convolution Resulting
feature

maps

using edge-
detecting

filters

0 Feature-detecting filters slide
across an input image, and the
degree of match between each
filler and each position in the
image is logged, producing

a set of feature maps.

Convolution

using simple

Resulting
feature

feature - maps

detecting
filters
e After some
processing, the feature
maps are convolved
again, using filters that
detect increasingly

high-level features.

N

.

Convolution
using complex
feature -
detecting
filters

9 Eventually, the
network learns to
recognize and
correctly classify

input images.




ML and Physics

rny6okoe o0byyeHue yunTca o4yeHb MegeHHO». ITO He co34aéT 0cobbix Npobnem, ecnu Bbl 06ydaete CHC
pacno3HaBaHMIO KOTOB (y4MTbIBaA HEUCCAKAEMbIN 3anac pOTOK KOTUKOB B MHTepHeTe). Ho ecu Bbl
obyuyaete CHC pacno3HaBaTb YTO-TO 60/1€€ Ba*KHOE, TUMA PAKOBbIX OMNYXONEN B CHUMKE TKaHU NETKUX,
TOrAa HalWTW JOCTAaTOYHOE KONMYECTBO 0OYYalOLMX AAHHbBIX — TOYHbIX C MEANLMHCKOM TOUYKMN 3pEHUS,
NPaBWU/IbHO pa3MeyeHHbIX, CBOOOAHbIX OT KONMpaiTa — AOBOIbHO C/IOXKHO. M Yem mMeHblle NpUMeposB
notpebyeTca ons 0byyeHUa ceTun, Tem NydLue.

OOMH 13 cnocoboB yBennunTb 3$peKTUBHOCTb AaHHbIX — AaTb HC HeKoe npeacTaBneHne 06 3TUX AaHHbIX
3apaHee, Hanpumep, YTO PaKoBan OMNyXoJib IEFKOro He NepecTaéT bbiTb ONYX0/blo, eC/iN €€ n30bparkeHune
NOBEPHYTb AN 3epPKaibHO OTPa3nTb. CBEPTOYHAA CeTb 0ObIYHO A0/IKHA 06Yy4aTbCA TAKON MHPOPMaLUM C
HYNA, U3y4aa MHOXeCTBO NPUMEPOB OAHOM M TOM e 3aKOHOMEPHOCTW, NOAABAEMOM B Pa3HbIX BUAAX.

Y $pU3nKM 1 mawmnHHOro obyyeHma ectb Heuto obuiee: obe o0b6i1acTm 3aHATbI HAbAOAEHUAMU U
NOCTPOEHMEM Mogenen, NpeackasblBaloWmMX pe3ynbTaTbl nocaeayowmx HabatogeHunin; obe obnactu
CTPOAIT MOAENIN HE OTAENbHbIX Bellel (Bpag v Nosie3sHO MMEeTb OA4HO OnucaHue ana aToma Boaopoaa, U
BTOPOE — A/1A TAaKOrO *Ke aTOMa, TO/IbKO NepeBEPHYTOro), HO obLwmx KaTeropuit. « M dU3nKa, KOHEYHO Ke,
[OCTUINIa B 3TOM 6O/IbLLINX YCNEXOBY.

JKBUBAPUAHTHOCTb (MM KKOBAPUAHTHOCTbY», KaK NpeanoYymntatoT pU3MKu) — 3To NpeanoioxKeHne, Ha
KoTopoe PM3NKK nonaraancb B 0606WeHUn cBOUX Moaenemn co BpeMEH IMHLWITENHA. «ITO NPOCTO 3HAYMUT,
YTO €C/M Bbl MPaBUIbHO OMNUCbIBAETE KaKyo-TO GU3MKY, TOFda 3TO ONUCaHME AO0MKHO ObIiTb HE3aBMCUMO OT
TOro, Kakme 'INHeNKN’ Bbl UCNONb3YeTe, UK, B 0OLLEM caydae, Kakol Bbl Habaoaatenb», — «0bwme
3aKOHbI MPUPOAbI AONXKHbI BblParKaTbCA YPaBHEHUAMMU, PabOTaOWMMM BO BCEX CUCTEMAX KOOPAMHATY.



Feature extraction: clustering training
without teacher




Deep learning

.

Feature extraction o
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Knowledge about
data and application

Mean Squared Error

n

1 : sy
J©) = =) (O - 30)?

i=1

Mean Absolute Error
1\ i) _ o
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Knowledge about
statistics
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Recipe for Learning

Does it do well Does it do well
on the training - on the test
data? data?

Don’t forget' No overfitting
Modlfy the Network l -

http://www.gizmodo.com.au/2015/04/the-basic-recipe-for-machine-learning-
explained-in-a-single-powerpoint-slide/




What tasks we want to solve in Astroparticle
Physics and Genome analysis?

Inverse problems can be solved after solving direct
problems!

Experimental data Simulated data

?2,2(N,,N,N.,S...) <= EA(N,N,N,S..)
Green and blue are not the same!
|dentification of primary particle type
Estimation of primary particle energy
Background rejection

Genome analysis

Al S A
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Why Neural Networks?

Inputs Outputs -

Dendrites

Output Layer

Hidden Layer F o
Input Layer @

Neural Networks, like a Bayesian models, belong to the ééﬁeral
class of nonparametric methods that do not require any
assumption about the parametric form of a statistical model they
use;

Are appropriate technique for classification and estimation tasks;
Are able to treat multidimensional input data;

Neural networks can easily deal with large amounts of training
data experimental (millions of events);

Robustness and quality of prediction : Neural network methods if
properly used approach Bayesian methods!

After troublesome training the implementation phase is very fast
and can be made with hardware accelerators!

Retraining with new acquired knowledge is easy and contain in
the new coefficient of NN, can be easily and save distributed
among world (Armenian network project!)



Training and Implementation phases

some model on +

classified data- -
MC images

=

Classification

° : model
Ste-p 2: Apply > Classification
trained model to + Bgr.
unclassified data Unclassified — Rejection —
exp. data

to obtain signal very fast



Neural Chip SAND in online
data processing of
extensive air showers

The neural chip SAND (Simple Applicable Neural Device) was
designed to accelerate computations of neural networks at a very
low cost basis, due to the fact that only few peripheral chips are
necessary to use the neural network chip in applications. Four
SAND-chips were implemented on one PCl-board. The board is
highly usable for hardware triggers in particle physics. The
performance of a SAND-PCl-board is 800 Mega Connections per
Second due to four neuro-chips, each with four parallel 16 bit
multipliers and 40 bit adders. SAND is able to implement
feedforward neural networks with a maximum of 512 input neurons
and three hidden layers. Kohonen feature maps and radial basis
function networks may be also calculated. The application of the
SAND-PCl-board is proposed for cosmic ray physics to allow online
analysis of extensive air showers.

Computer Physics Communications 126 (2000) 63—66, 2000 Elsevier
Science



Common Drawbacks in NN Training Process

1. The central issues in an ANN implementation remain the net
training algorithms and strategies, which, in general, should
not depend on the particular problem specifics to be solved
and on data samples generated for the training purpose.

2. The main aim of the NN training is to learn the general rule
for the problem solution by processing finite samples
available for training and to achieve acceptable (reasonable)
performance (generalization) when applied to the control
(independent) events not used for the NN training.

3. In practice, the network which performs best on training
sample, is not obligatorily the best on control sample, even
more, if the overfitting occurs, such a network will fail
processing control events. These are the questions about
robustness and reliability of NN training which have to be
addressed by techniques developed to overcome such kind
drawbacks as overtraining control and “best” NN selection.



ANI package strategies of NN training
http://www.crd.yerphi.am/Download
ANI#Download (cmz and exe files,
manual)

1. Learn a general rule and not particular training sample: continuous
overtraining control;

2.  MRSES(Multistart Random Search with Early Stop) and RSV (Random
search with validation — cure for overtraning ). A committee of several
networks is used to generate a voting procedure for choosing best for
each event, training started from the random points in the space of net
parameters;

3. RSV strategy: train single network with runtime validation for controlling
overtraining, use not training sample error but error your network made
on independent control sample!

4. Special type of “mapping networks” for selected best signal domain;
using signal-to-noise ratio in NN training as quality function;
5. US Patent application 38509/0003: MULTIVARIATE RANDOM SEARCH

METHOD WITH MULTIPLE STARTS AND EARLY STOP FOR IDENTIFICATION
OF DIFFERENTIALLY EXPRESSED GENES BASED ON MICROARRAY DATA



http://www.crd.yerphi.am/Download_ANI#Download

The Efficiency of Run-Time Validation
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The 5th Irano-Armenian Workshop on
Intelligent Information Technologies in Data
Analysis and Control

June 30-July 6, 2003, Nor-
Amberd, Armenia



To understand what NN is doing physicist

ARl A

~N o

have start with Feature Selection

Binominal NP non tractable problem;
Selecting best single features;

Correlation analysis — selecting best pairs;
Test best pair + best singles;

Random search in multivariate feature space with
return at “bad” step and tuning of step size;

Multiple start and early stop of random search;

Bayesian risk estimate on each step: Empirical error
calculation with independent control sample;

Comparisons of Bayesian error and mpirical error of
Nntraining.



CTtaHAapTHaa moaenb — BO3MOXHO, Camas CoBeplLUeHHana Teopus,
onucbiBaloLLLAA MaTepu1Io, BCe, YUTO BOKPYr Hac, MHOrAa C O4YeHb
BbICOKOM TOYHOCTbIO. OHAa OTHOCUTE/NIbHO NPOCTa U AaXKe 3/1eraHTHa

*  BeLecTBO COCTOUT U3 aTOMOB, aTOMbl COCTOAT U3 AAEP U 3NEKTPOHOB. Aipa COCTOAT U3 NPOTOHOB
N HEMTPOHOB, KOTOPbIE COCTOAT U3 U- U d-KBapKOB.

*  DNEeKTPOHbI yAepKMBAOTCA B aTOME INEKTPOMArHUTHbIM B3aUMOAENCTBMEM, Er0 NEPEHOCHNKOM
aBnaeTca GoToH. MPOTOHbI U HENTPOHbI B AAPE U KBAPKM BHYTPM NPOTOHOB U HEUTPOHOB
YAEPKUBAIOTCA CU/IbHbIM B3aUMOZAENCTBUEM, €r0 NEPEHOCYMKAMM ABAAIOTCA NOOHbI. HakoHel,
CYLLECTBYET elle cnaboe B3aMmMoaencTeune, npmsoasllee, Hanpumep, K beta-pacnagam saep, a
ero nepeHoc4ymkamu asnatoTca W- n Z-6030Hbl.

e  CywecTBYIOT YacTULbl, KOTOPbIE YYACTBYIOT TO/IbKO B CNaboM B3aMMOAENCTBUM — HEUTPUHO. OHM
B3aMMOAEMNCTBYIOT TaK cnabo, 4To MoryT npoiTn Yepes 3emnto 1 yepes ConHue. Yepes Kaxkaoro
N3 HAC KaXKayto CEKyHAY NPOJIETaloT COTHU TPUNIMOHOB HEUTPUHO, @ Mbl 3TOTO HE 3aMeYaeM.

° B3aMMOﬂIEﬁCTBMe c 6030HOM Xurrca Aa€eT MacCCbl BCEM d)yH,D,aMEHTaI'IbeIM YaCTUUaM.

*  TakuMm 06pasom, oKpyKatoLlee Hac BELLeCTBO COCTOMUT BCEro U3 YeTbIpex KKUPMUYNKOBY: U- U d-
KBAPKOB, 3/IEKTPOHOB N HEUTPUHO. VX Ha3bIBatOT NepBbIM NMOKONEHMEM KBAPKOB M1 IENTOHOB.

° J1enToHbl — 3TO YacTUubl, HE npHMMakouime ydyactme B CUJibHOM B38VIMO,£I,€VICTBVIVI. Flpmpo,u,a
co34an1a euwe ABa MOKO/IEHNA KBAPKOB U N1E€MNTOHOB, UMEOWNX MHOTIO 6OI'IbLL|yI-O Mmaccy. Nx BOKpPYr
HaC NMPakKTU4EeCKN HET, HO OHN MOTYT BO3HUNKATb NMNPU B38VIMO,£I,€I\/JICTBVIl/I 4acCTny NepBoro NOKos1eHNA
7 6bICTpO pacnagatroTcA B KOHEYHOM UTOre Ha YaCTULbl NMNeEPBOTro NMNOKOJ1IEHUA.

e Y BcexyacTuL, ecTb aHTU4YacTULbl. CUIbHOE, 3N1EeKTPOMArHMTHOE U cnaboe B3anmoaencTems
061a4atoT TaK Ha3biBAaeMOW KaIMBPOBOYHOM MHBAPUAHTHOCTbLIO, YTO B 3HAYMUTENIbHON Mepe
onpeaenaeT X XapakTePUCTUKMU.



CTaHAapTHaA Moae/b He ONUCbIBaeT TOro, Yero Mbl He
BUAUM, @ 3TOro Bo BceneHHOM HamHoro bonblue.

e Ob6bl4HOE BelWeCTBO COCTaBAeT BCero /inllb OKOJ10 4% TOTO, YTO
eCTb BO BCEJ’IEHHOI‘/’I, OCTa/IbHOE — TEMHAA MaTepuna " TeMHaA
IHEPINA, Npnpoaa KOTOPbIX HEU3BECTHA.

* Y CraHaapTHOM MOAENU eCTb eLle U Apyrme HeOCTaTKU: CINLLKOM
60/1bLLIOE KOIMYECTBO NapamMeTpPoB, HEKOTOPbIE BHYTPEHHMUE
NPOTUBOPEYUNA, FPAaBUTALMOHHOE B3aMMOJENCTBME, KOTOPOoe
NercTByeT Ha Bce 0O6BbEKTbI, MMeloLMe SHEePruio, He yaaeTcs
BKNOYUTb B CTaHAAPTHYIO Moaenb.

e [o3atomy 60/1bLLIMHCTBO GU3NKOB CHUTAIOT, YTO A0NKHbI ObITb
ABNIeHMA 32 pamKamm CTaHOAPTHOM MOAENN, U UX MOUCKM ABNALOTCA
OCHOBHbIM HanpaBAeHNEeM UCCNeaoBaHUIN; B oTanumne ot npoLwnbix
NEeT cemyac HeT YETKUX TeOPETUYECKMX YKa3aHUI, Kyaa Haao
ABUraTbcA.

*  M3yyeHne KOCMUYECKUX YaCTUL, — elle OAHO BaXKHeullee
HanpaBAeHMEe, HAaNPUMEP, NOUCKU TEMHOM MaTEPUN B NOA3EMHDbIX
HM3KOPOHOBLIX 1abopPaTOPUAX N B NPOLECCAX aHHUTUAALNM YaCTUL,
TEMHOW MaTepumn B KOCMoOCe.



Pierre Auger experiment in Argentina .
Spacing of water tanks 1.5 km




Proton and Helium Event Selection by Large High Altitude Air Shower
Observatory(LHAASO) - consisting of three detector arrays: kilometer square array
(KM2A) which includes the electromagnetic detector array and muon detector
array, water Cherenkov detector array (WCDA) and wide field of view Cherenkov
telescope array (WFCTA).
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The distributions of mass sensitive parameters P, (left) and PCC(right) for proton (red
line) and iron (blue) initiated showers. AB, the exactly parameter used

to reconstruct the Xmakx, is applied instead of the reconstructed Xmax. A8 is the
angular distance between the shower arriving direction and the gravity center of the
Cherenkov image. After normalization, the structure of the mass sensitive parameter P,
is as follows: P, =AB-0.0103%R, -0.404xN,"*

R, is the perpendicular distance between the telescope and the shower axis; and NP Is
shower energy. Moreover, the ratio of length and width of the Cherenkov image is also
a traditional and effective parameter: P, = L/W -0.0137xR, +0.239x N°®



Scatter plot of Shower Size and Shape
Parameters for light and heavy nuclei
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Partial spectra: light and heavy nuclei:2-
way Classification of MAKET-ANI data
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“Knee” limit of space accelerators or

Scaled flux E*° J(E) (m?s'srieVv'®)
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Neural classification of the all particle energy
spectra to Light and Heavy Nuclei
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Credit, Chilingarian A., Hovsepyan G. et.al., (2004), ApJ, 603, L29






On 22 September 2017, IceCube detected a neutrino that was special: Its very high
energy (roughly 290 teraelectronvolt) indicated that the particle might have
originated from a distant celestial object. Scientists were also able to identify its
incoming direction with high precision.

In fact, Fermi-LAT, a space observatory that conducts all-sky surveys, reported that the
direction of the neutrino was in line with a known gamma-ray source in an active state: the
blazar. TXS.0506+056. What.is more, MAGIC, a 17-meter twin telescope that probes high energy
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https://icecube.wisc.edu/
https://fermi.gsfc.nasa.gov/
https://magic.mpp.mpg.de/
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Figure 1: Event display for neutrino event IceCube-170922A. The time at which a DOM
observed a signal is reflected in the color of the hit, with dark blues for earliest hits and yellow
for latest. Time shown are relative to the first DOM hit according to the track reconstruction,
and earlier and later times are shown with the same colors as the first and last times, respectively.
The total time the event took to cross the detector is ~3000 ns. The size of a colored sphere is
proportional to the logarithm of the amount of light observed at the DOM, with larger spheres
corresponding to larger signals. The total charge recorded is ~5800 photoelectrons. Inset is an
overhead perspective view of the event. The best-fitting track direction is shown as an arrow,

+0.50

consistent with a zenith angle 5.7 ;35

degrees below the horizon.



Combining Shape and Orientation we’ |l
achieve large Q-factors (o)

" Famma Energy rangs 0.01-1 Tay ~ ° {Gamma Energy range 0.1-1 TeV
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The Wedge cut (supercut0
Chilingarian, A.A. and M.F. Cawley , Multivariate analysis of Crab
Nebula data, Note to Whipple collaboration from July 5, 1990.
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First detection of Crab nebula by the Whipple collaboration, contained in the

famous 1988-1989 data files, consisting of 65 ON-OFF pairs, more than 1 million
images, o = 27



Artificial intelligence(machine learning)
approach: New Type of NN — Mapping
Networks -Maximizing Signal Significance — by
optimizing the shape of Gamma Domain
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Deterministic algorithm g f d :

. ) “ > a £ LR 5 ’ . 5 \ |
- 3 Y A 4 S 14 b e .
L. .h. Mot =P i 3 X 6 .o o g A
“ : . M TR [ + -~
. . " ) H 4 p
- el A - - . ho T %0, ! l .



Comparison of the different background
rejection methods WIPPLE detection of
CRAB, 1988-1989

N on N off o DIFF | DIFF/N o | N ofiy Nogs
Raw 506255 | 501408 | 4,8 4847 | 0.01
Azwidth 14622 | 11389 |20.4 3233 | 0.28 0.0227
Wedgecut* | 6017 | 3381 |27.2 2636 | 0.78 0.0067
Supercut 4452 1766 | 34.3 2686 | 1.52 0.0035
Neural*** 6278 | 2858 |35.8 3420 | 1.20 0.0057
4::5::1

*Chilingarian, A.A. and M.F. Cawley. Application of multivariate analysis to atmospheric
Cherenkov imaging data from the Crab nebula. Proc. 22 ICRC, 1, 460-463, Dublin, 1991.

**Punch, M., C.W. Akerlof, M.F. Cawley, et. al.. Supercuts: an improved method of selecting
gamma-rays. Proc. 22nd Internal. Cosmic Ray Conf., Dublin, 1, 464-467, 1991

***Chilingaryan A. A., Neural classification technique for background rejection in high energy
physics experiments, Neorocomputing, 6, 497, 1994.
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Why is so important to reject background

«  “ON” sample- obtained with telescope axes oriented
in direction of the putative gamma-ray source and
. “OFF” — sample, obtained by pointed telescope axes

in direction of the same celestial co-ordinates, but
after the source already leave the destination;

. If the field of view of the telescope is enough large it
is possible to take “ON” and “OFF” scans
simultaneously, selecting within field of view samples
pointed to source and to “empty’ space;

. Best estimate of SIGNAL = ON — OFF = 10100-
10000=100;

. SIGNIFICANCE OF SIGNAL DETECTION

. SIGNAL-TO-NOISE RATIO = SIGNAL/OFF =
100/10000=0.01;

. Let’ s assume that we succeed to reject 99%
background keeping 50% signal!

. ON=150; OFF = 100; SIGNAL=150-100=50

. SIGNAL-TO-NOISE RATIO = SIGNAL/OFF =
50/100=0.5;



Microarray Technique
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Selection of the best subset of genes (20 best
from 1000) NP-complete problem

Class 1 Class 2
S1|S2|S3 Sn S1|S2]|S3 Sm
genel genel
gene2 gene2
gene k gene k
genep genep

f(20 genes) ~ f(R..)* C,, 1000 = 10001/20!/980! ~ 106%/1018 =
1042 operations; One element of covariance matrix calculate in
1 mcsec, then time required on 10 Pfl CPU ~ 10 sec ~ 10%2
years;

Age of Universe is 1.37 * 1010 years

MRSES Heuristic: f(MRSES — 5genes) ~ f(RM)™ Nierar™*Neycres
~25*500*10,000 = 1.25*108 operations: 12,5 seconds;
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MRSES NET Training 1

. spht available sample mn to traaming and vahdation samples by the ratio of 2:3 and

1:3 respectively.

fix the number of networks to be trained Ny

. hx the munber of iterations Nie,.

. select the mnitial weights of the network randomly from gaussian distribution with

prechosen mean j1 and o variance (@ 18 a small number).

. set the mitial quahty function to a verv large value.
. select the iteration step size randomly from the prechosen Av € B mterval,

. perform a random iteration step in the multidimensional space of NN weights from

the mitial point to modidy all weights of randomly chosen nenron, the alternation
of weights 18 performed according to the following:



o]

MRSES NET Training 2

Vi=Vig +QF |- [ENDM —0.5) - Av; t = 1, Niter (1)
were Vi 18 the vector of NN weights obtained at i-th iteration step, Aw 15 step size
and RNDM is a random number frem [0-1] interval. The term QF ;| introduces

dependence of value of random step on the already achieved guality function and
comtrols the strength of this dependence, p= 01,2

. calculate the objective (quality) function at each step by presenting all the training

events to Neural Network:

1 : i - - L - -
Q'.- _— kajr-" Tk - T R'F.-' Ek:l_ ?" I‘T"E, II‘ == 1,_ 'Iﬁ'-rEEEH--EE'! |:2:|
J\JH:HHH I

were QU Ty is the netual ontput of NN, TRU E is the corresponding goal value of
k-th mput vector from the trammng set, Wi 1s event weight, M, s 15 the number
of training events.



Mrses training 3
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