Heunponnsble ceTu. IIpyiMeHeHHne HEMPOHHBIX CeTed B aHA/IU3e
AAHHbIX KOJI/IaH/IePHBIX IKCIIePUMEHTOB.

~ OCHOBHBIC IIPUHIIUIIBI

~ [IpakTnyeckoe ucnosp3oBanre NN 111 aHaIM3a
IIPOLIECCOB PACCEIHUA HA KOJUIanAepax

~ I'my0OKHE CETH U COBPEMEHHBIEC ATAIlbl AHAIN3A
~ OO0cCyXJIeHHUE

JI. /Iyoko
Jlabopamopus 31ekmpocaabblix U HOBbIX 83aumooelicmautl
Omoena s3KkcnepumeHmaabHoOU u3UKU 8bICOKUX 3Hep2Ull

HUUAD MI'Y



The’'Brain: an Amazingly Eﬁici“ent "Comp%ter"

# 10" neurons, approximately

410" synapses per neuron

& 10 “spikes” go through each synapse per second on average

16 /| = "
#10 operations” per second Motor. command

CRMgEras g henis, 140'!?0 L p " Simple visual forms
- edges, corners
| /’fﬁ‘

decision making

120-160ms. =
il 25 Watts \ — J

» Very efficient 100-130Ms i

& 1.4 kg, 1.7 liters g
Retina / 7 Intermediate visual
20-40 ms AlT forms, feature
/50/;00 ™y e " groups, etc.
. 2500 cm2 i High level object

descriptions,
faces, objects

» Unfolded cortex

—

~———— To spinal cord
- To finger muscle - ——160-220 ms
180-260 ms

[Thorpe & Fabre-Thorpe 2001]



Fast ProcessorsyToday

@ Intel Xeon Phi CPU

» 2x10%? operations/second
» 240 Watts
» 60 (large) cores

» $3000 TR

@ NVIDIA Titan-Z GPU

» 8x10'“ operations/second |
» 500 Watts

» 5760 (small) cores
» $3000

» Probably more like 1 million: synapses are complicated
» A factor of 1 million is 30 years of Moore's Law
» 20457




llepBas anmaparnasa peanusarus NN

PaspaboTka coBpeMeHHbIX MeTo0B MalunHHoro obyyeHunsa (ML — machine learning)
Hayanacb 3a40J1ro 40 NoABNEHMA NOMHOLEHHbIX KOMMbOTEPOB, B COBPEMEHHOM NMOHUMAaHUMW.
OaHum 13 Hanbonee 3P PEKTUBHBIX COBPEMEHHBIX METOA0B MHOFOMEPHOro aHanu3a AaHHbIX
M MalUMHHOro obyuyeHuna asnAaeTca MetToa HenpoHHbix ceten (NN — neural net). Nepso#n
TexHndeckon peanusaymnen NN cumtaetca cosgaHHaa B 1959 roay

F. Rosenblatt «<Mark | Perceptron at the Cornell Aeronautical Laboratory»

[Cornell University Library, [1] F.Rosenblatt, «The perceptron: A probabilistic model for information storage and

organization in the brain.» Psychological Review, Vol 65(6), Nov 1958, 386-408; Rosenblatt, Frank (1957), «The
Perceptron--a perceiving and recognizing automaton.» Report 85-460-1, Cornell Aeronautical Laboratory.]
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https://digital.library.cornell.edu/catalog/ss:550351

MaremMaTuuyeckue OCHOBEI

JlnHenHana perpeccua — npumepHo 200 neT Hasaa.

13-a npobnema [vnebepta (1900r.): BO3MOXHO N1 npeacTaBneHne GyHKUMu
HECKOJIbKMX MEePEMEHHLIX B BUAE Cynepnosnynm GyHKLMKU MEHbLLErO KOSTMYeCTBa
NepeMeHHbIX.

[pobnema 6bina peweHa B. K. ApHonbaom coBmecTHO ¢ A. H. KonmoropoBbim
“IMtobana HenpepbiBHAA PYHKLUMUA NOOOro KonMyecTsa NepemMeHHbIX
npeAcTaBnAaeTcH B BUAE Cyneprno3vuLnmn HenpepbiBHbIX QYHKLUA OAHON U ABYX

NnepemMeHHbIX. O+ 1 .

F(zy, 29, ..., Tp) = y: t}_;(y: hij(x;))
j=1 =1

B.U.ApHonba, «O ¢pyHKuuAx Tpex nepemeHHbix» JAH CCCP. - 1957. - T.114. -
N4. - C.679-681;

B.U.ApHonba, «O npeacTaBieHM HeNPepbIBHBIX QYHKL MW TPEX NepeMeHHbIX
Cynepno3nunaMn HeNnpepbIBHbIX PYHKUMK ABYX NepemMeHHbIx», Martem. cb.,
48(90):1 (1959), 3—74, http://mi.mathnet.ru/msb4884 ;

A.H.Konmoropos, «O npeacraBneHum HenpepbiBHbIX cpyHKuMP'l HECKOJbKKX
nepemMeHHbIX CynepnosnymnamMmn HenpepbiBHbIX PYHKLUKU MEHbLLErO Yucna
nepemMeHHbix» JAH CCCP. - 1956. - T.108. - N2. - C.179-182;
A.H.Konmoropos, «O npeactaBneHnn HenpepbiBHbIX GYHKLWA HECKObKMX
nepemMeHHbIX B BUAe Cyneprnosmunm HenpepbiBHbIX QYHKLMA OAHOW NepeMeHHOoU
n cnoxenua», IJAH CCCP. — 1957. — T. 114, Bbin. 5. — C. 953—956



https://ru.wikipedia.org/wiki/%D0%A2%D1%80%D0%B8%D0%BD%D0%B0%D0%B4%D1%86%D0%B0%D1%82%D0%B0%D1%8F_%D0%BF%D1%80%D0%BE%D0%B1%D0%BB%D0%B5%D0%BC%D0%B0_%D0%93%D0%B8%D0%BB%D1%8C%D0%B1%D0%B5%D1%80%D1%82%D0%B0
http://mi.mathnet.ru/msb4884

KoHuenmuus nepuenrpoHa

impulses carried
toward cell body
branches

dendrites \/ of axon

axon

axon ;
nucleus *~  terminals
> 0 _
4y \ impulses carried O
away from cell body
cell body
iy wo .
e L SER—— e _
axon from a neuron .0 0 :::9”:"‘
wWoI( 4l —R:EU ................
ite . = softplus | '
cell body f Zw'm' I !
wla':l Z b : Db
w;x; + b |
r ke f output axon T
activation -
WoTo function /



[lostHOCBA3HAS CETh C IPSAMBIM
pPaCIIPOCTPAHEHUEM CUTHAJIA

Teopema. CymiecTByioT Takoe 4ynuciao k, HaOop 4uces w;;, ¢; u HabOp
quces V;, 9To pyHKIIHS

k T
f(z1, 20, .. x,) = J(Z L’fﬂ(z w;;x; +6;) + 6) (6)
i=1 j=1

MpuoIKaeT JaHayo QYKo F(x(, To, ..., T, ) € IOrPeNTtHOCTHIO, He DoJlee
£ Ha Bceit obyiacTu ornpe/iesieHnsd, Tie (DYHKIUA 0 — HeKOTopasl HeJInHeliHas
QyHKIUSA, K IPUMEPY CUTMOII;

1
o(r) = —— (7)
1 + E—‘EI
t
output [ Hanbouiee MMONMYJIAPHBIM KPUTEpHEM CXOJIUMOCTH IIPU TPEeHUPOBKHU Bb]6l’]pEL€T—

@% cst QYHKIUS OMuOKNM: o

! ! 9

=g 2=t (9

i=1

3/1eCh f; peasIbHBII BBIXOJI CETH (6) JIJIs1 1-0T0 COOBITHS, t; JKeJJaeMBblil BhI-
X0/, a [N 4nciI0 TpeHHPOBOYHBIX COOBITHIA.



OOpaTtHOE pacIpOCTPAHCHUE OIINOKHU
(back-propagation)

WAGH

W, =wy + 170, Y

de
L dfi(e)

Wy =Wy + 170, V,

de

o S df,(e)  [1] ObbluHaa mHorocnonHaa NN ¢ npaMbIM

W34 = W3a 77704 V3 pacnpocTpaHeHrem oLmnBKu CcrnocobHa

e
@-{Q annpoKcUMKUpoBaThb SOy HEeNpPepbIBHYHO

PYHKUMIO C 3apaHee 3aaHHON TOYHOCTLHO.

Y BosmoxHada 6esycneLiHoCcTb TakuX
MNONbITOK CBA3aHa:
1. HeaZgekBaTHaA TPEHUPOBKa
2. He40CTaTOYHOE KOMMMUYECTBO CKPbITbIX
y3/10B
3. HegocrtaroyHaA MHopMauma Ha Bxoae

1) Hornick, Stinchcombe, White. Multilayer Feedforward Networks are Universal
Approximators. Neural Networks, 1989, v. 2, 5. ;

2) Cybenko. Approximation by Superpositions of a Sigmoidal Function. Mathematical Control
Signals Systems, 1989, 2.;

3) Funahashi. On the Approximate Realization of Continuous Mappings by Neural Networks.
Neural Networks, 1989, v. 2, 3.



TpenupoBka NN




Peamuzanus npocteimert NN 11t puTHpOBaHUS MPOCTOM

HEJIMHEMHOW (DYHKIINU

y = 2sin(x) + 5

1 hidden layer
5 neurons

y = 25in(x) + 5

3 hidden layers
5 neurons

ReLU
max(0,z)

y = 2sin(x) + 5

2 hidden layers
5 neurons

y=2sin(x)+5

1 hidden layer
100 neurons
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Kpurepuu s3¢ppextnBHOCTH NN

dN/dSuperNNout

: T || [ qb_IepIets enciency
- | Signal vs Background Effl(:lgncg | Super NN efficiency
m—lgh — Nhidden=07 tqb_wbb efficiency
Whbj g N — . tgh wijj efficienc
L = Wy g 1 z
| - .! — T ) _____‘___..:n-.---l-"""""'l —
u "--l. rmr H] = — BT - -

= ; e, = S ~
E ._:r -:----‘--II. TE ﬂ B 3 o . -“-““ "‘-.,“ =
L it 1y Lok T o ,,".-"f' - oy
i i R L R, 5 [ TN
- __E - 0.6 et e
E S : L % ~
: l‘= : : ', ) . \"\
: E r ! 0.4 I:- £ N

E = -L i / \
g ] i \
S ' 0.2 N\
™ =
'E : E — — Signal efficiency vs Super NN cI«t \\
E : : . |
: P | E_l 'R N T N TN TR T N TR TR T S TN THNN TR NN TR T |:II L‘I 1 1 1 1 1 1 1 | 1 L ] 1 1 1 ] 1 1 1 1
2 0 0.2 0.4 0.6 0.8 1 0 0.2 0.4 0.6 0.8 1

SuperNNout Background Efficiency | NN cut



1N

[IpoOsiema nepeTpeHUPOBKHU
(overfitting)

dN/dbnnOut

| ttbar Train Error, Nhidden=24 | — Train arror | Wbb Train Emror, Nhidden=22 | — Trainarror | W" Train Error, Nhidden=10 | — Train emor
E 0.09 F T T 1 T - Test error E F === Tast arror ‘E' : - Test amor
5 - 50-105F 8 onE .
£ . £ = £ - L T R NS B
sF g oif 5 16 (0.0780.087F g
= = l--' & : D
0.08 0.09% e 1 B 0.09 s
P o 2T H T Lo . LIS
&\( 98 (0471/0p72) - ) “
: l
0.075 noeF
: 2 =
C e 0.085 e : i,
0.07f - F -l 007 -]
F 0.08F —f— : ]
- E 0.0 e
0.08% 0.075F ; [
O 20 40 B0 B0 100 120 140 180 180 200 0 20 40 B0 B0 100 120 140 180 180 200 0 20 a0 B0 B0 W00 120 140
Epoch Epoch Epoch
SM vs tcg FCNC couplings, bnn_tcg WITH DROPOUT (25%)
Dsgn exam XDif value: 0.519 O_ > O
0.10 [Abkg exam [
« sgntrain | : 5
= bkg train
0.08 ........E...._............_.... : : :
0.06
O Output 55l
Hidden layers
0.04
20
$
0.02 g
0.00 a With dropout
O e 2
X 30N AT Y,
1.0F "
i} 200;000 40(;000 GUJUUU 800;000 1000

Number of weight updates



Hcmonb3oBanue Bbixoga NN, CYHETHBIN SKCIIEPUMEHT

S/sqrt(B) vs Signal Events S/sqrt(S+B) vs Signal Efficienc:,-'
B oM 65F
= F +
uE;ao_ //\/\\ % 60 | /ﬂf\
A F / \ Al / .
70 < v 55; /: \
: / \ sof
60 : - / \
" \ asF
50 \\ : / \
B 40 / \
40: \ 353
0 5000 10000 15000 20000 25000 0 5000 10000 15000 20000 25000
Signal Events | NN cut Signal Events | NN cut
S/sqrt(S+B) vs SNN cut value S/sqrt(B+S) vs S/B
o 65F 7 65F
+ L + C ]
% 6o /f N\ % sof ol Ll
Z F \ Z F ]
B g5F // B s5F "‘\\
sok 2 \ sok / \
: / \ : / \
as| / \ a5 / \\
40:/ 4051 !
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S/B | NN cut
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0.165

0.16

0.155

0.15

0,145

0.14

HaOopsl BXOAHBIX ITEPEMEHHBIX

%* for training with different set of input variables

L tb and Wjj pair (j=g,u,d)
N
- ) Set 2 (Pyj1, Pri2, Hu, HiY)
| . Set 3 (Pyj1, Pr2, Ha, HES M)
| | | | | | | | | | | | | | | | | | | | | | | | | |
10 20 30 H S0 60
Ncycle (fraining time)

0.155

0.15

0.145

0.14

0.135

0.13

xz for training with different set of input variables

tb and Wjj pair ((=q,u,d)

Set b [‘é Nrats Mjw, P, ity P2, 24 P12, Nz ‘E"r\ﬂmp‘ P, Wier)




dN/N

- 2288 %

The second net output for the different set of input variables

E L Set 2 (P41, Pri2, Hzu, H)

_:_::_ ' A AT . e I . . L

:r I | | | | | L 111 | 1 111 | L 11 1 | L1 11 | 1L 111 | -i (|

0 0.1 0.2 03 0.4 0.5 0.6 0.7 0.8 0.9 1
NN output

F Set 5 (& M, Pr J2, M P12, Mis AM,,, Py

:I | A i A el o B ot R o e A E S ae AR U I

0 0.1 0.2 0.3 0.4 0.5 0.6 0.7 0.8 0.9 1

NN output
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Method of “optimal observables” to find high level observables

* Developed for single top analysis in D0 (1998). Provides general recipe how to choose
most sensitive high level variables to separate signal and background by NN

> It is based on the analysis of Feynman diagrams (FD) contributing to signal and
background processes

> Distinguish three classes of sensitive variables for the signal and each of
kinematically different backgrounds: Singular variables (denominators of FD: s-
and t-channel singularities), Angular variables (numerators of FD) and Threshold
variables (Energy thresholds of the processes, Hr, ...)

> Set of variables can be extended with other type of information, like detector
relative variables (jet width, b-tagging discriminant, ...)

Described in different examples for the single top and Higgs searches
* DO-Note-3612 (1999) “Singularities of Feynman Diagrams and Optimal Kinematic
Variables for Neural Networks.”
* E.Boos, V.Bunichev, L..Dudko, A.Markina, M.Perfilov Phys.Atom.Nucl. 71 (2008) 388-393
> E.Boos, L.Dudko, T.Ohl Eur.Phys.J. C11 (1999) 473-484
> E.Boos, L.Dudko Nucl.Instrum.Meth. A502 (2003) 486-488
* Applied in different experimental analysis in D0 and CMS
> Phys.Lett. B517 (2001) 282-294 and some other single top DO publications
> JHEP02(2017)028 (CMS-TOP-14-007)



1) YBenndmBasa pasmep cetu (Korm4ecTtBo BXOOOB,
y3n0B, C/I0€B) Mbl YBENNYMBAEM KOJTMYECTBO
CBOOOHbIX MapaMeTPOoB (BECOB) U YCITOXHAEM
TPEHUPOBKY.

2) BxogHaa nHopopmauua anga cetu OomkHa
oTpaXaTb MofHbIN HADOP OTNUYUTENBHbIX
NPU3HAKOB, HO UCKNOYaTb N3ObITOYHYIO
MHQOPMaLINIO YCIOXHAOLLLYHO TPEHNUPOBKY

3) Hanbonee adPdPeKTUBHASA NOSTHOCBA3HAS CETb —
NOSHbIK HAbOP OgHOPOAHbLIX NPU3HAKOB Ha BXOE
(HopmMmanusauus, rnorapndomMmmudeckas
TpaHcdopMauuns) 1 MUHUManbHO-AOCTaTOYHOE
KOITMYECTBO Y3I0B B apXUTEKTYpE.



[TorCK OJMHOYHOI'O TOII KBApKa B AKCIICPUMECHTE
DO (Tevatron), Run I

hep-ex/9907041: ACAT 2000, AIP Conf.Proc. 583 (2001) 1, 83-85; Phys.Lett.B 517 (2001) 282-294
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Optimized Event Analysis

Input: Method: Qutput:
discriminating variables multivariate analysis  signal probability

Singular variables

Angular variables ©® P(signal)

Threshold variables

Cut-Based Likelihoods Decision Trees Neural Networks Matrix Elements




Feed-forward NNs and Bayesian NNs

* Optimal FF NN requires
manual tuning

> Need to avoid over-fitting problem N - -

A = =

> Tune architecture of NN, training parameters, etc.
> [t is not very stable relative to the tuning

* R. M. Neal proposed Bayesian NN approach where each NN
internal weight is not a number but a distribution

> "Bayesian Learning for Neural Networks"
http://www.cs.utoronto.ca/~radford/bnn.book.html

> FBM package is the software realization for this idea
http://www.cs.toronto.edu/~radford/fbm.software.html

> First use in HEP: P. Bhat and H. Prosper, “Bayesian neural networks”, Conf. Proc.
C050912 (2005) 151.

* BNN provides the same level of Eff. as FF NN but it is very stable to
the modifications of tuning parameters, architecture and practically
does not affected by over-fitting problem

> Does not require manual tuning. Require significantly more CPU resources
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http://www.cs.toronto.edu/~radford/fbm.software.html

Cxema peanbHoro aHanmia Ha LHC

Preselection

Preselected
i events

FCNC tqg search is in progress

Z FCNC BNN/DNN

= FCNC NN > Stat. i FCNC

v mput >L S output %M% measurements

¥ vars

= -

$

N SM BNN/DNN . SM
QCD = input g cUUBIY . output g W measurements
BNN @ vars S

> |

Z

M N

= Wib BNN/DNN A M

U : > > % 1 Wtb

o Input LD N output §}§ﬁ// S measurements

vars
aWtb
Published results:

1) 7&8 TeV JHEP 02(2017)028 (FCNC tqg & aWtb)

2) 14 TeV HL-LHC YR, PAS-FTR-18-004; extrapolation to HE-LHC (FCNC tqg)

3) FCC 100 TeV, CDR vol.1 (FCNC tqg)

SM measurements: t-channel total cross section, fiducial cross section, differential cross sections, Vi,
R(t/t) measurements



QCD BNN

Use 4 simple variables to minimize sys. uncert. Separation Eff. is significantly better than
with one most efficient variable. Cut QCD BNN at 0.7 and use it as a filter. Survived
events are passed to next analysis steps.

CMS preliminary, 5=7TeV, L=5.0 b

CMS preliminary, 5 =7 TeV, L =5.0M"
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#Events

Cross checks of BNN
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CMS preliminary, Vs =7 TeV, L =5.0fh"' CMS preliminary, Vs =7 TeV, L=501h"
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[[My6oKne HEMPOHHbIE CEeTH
(Deep Learning Neural Networks, DNN)

A
Solution | \ \ 1 D
: Soluti
Saddle point R R
Hinton, G. E., Osindero, S., & Teh, Y. W. (2006).

A fast learning algorithm for deep belief nets.
Neural computation, 18(7), 1527-1554.



Novel approach with deep learning neural
networks (DNN)

~ Starting from: Hinton, G. E., Osindero, S., & Teh, Y.

W. (2006). «A fast learning algorithm for deep belief nets.»
Neural computation, 18(7), 1527-1554

~ The main advantage of Deep NNs (many layers, neurons) 1s
the possibility to analyze raw, not preprocessed, information.

~ One of the first examples in HEP, DNN increases possible
significance from 3.16 up to 5.0 in comparison with NN
with high level variables:

Discovery significance . B B
T : : g9 — H — WTHT - WTW=h
T'echnique Low-level High-level Complete

NN 2 50 3 1o 3 7o Nature Commun. 5 (2014) 4308

DN 490 3.60 5.00



[[My©OKne HEMPOHHbIE CETH
(Deep Learning Neural Networks, DNN)

@ Traditional Pattern Recognition: Fixed/Handcrafted Feature Extractor

Feature

Extractor

Feature Mid-Level

Extractor Features




[[My©OKne HEMPOHHbIE CETH
(Deep Learning Neural Networks, DNN)

@ It's deep if it has more than one stage of non-linear feature transformation

Low-Level Mid-Level| [High-Level Trainable
Feature Feature Feature Classifier

'
\V/

Feature visualization of convolutional net trained on ImageNet from [Zeiler & Fergus 2013]



[[My©OKne HEMPOHHbIE CETH
(Deep Learning Neural Networks, DNN)

# The ventral (recognition) pathway in the visual cortex has multiple stages
# Retina - LGN - V1 -V2 - V4 - PIT - AIT ...

WHERE? {Motion,
Spatisl Relationships)  WHAT? {Form, Color}

[Pariatal stream] [Inferatemporal stream]

Motor comrmand

Categorical judgments, 140-190 ms

decision making Simple visual forms

PP
edges, comers

%

MLC stream
magac-dam

BO =traam N — ' =
(bl badorring = ¥ I J ms

V2

10 =tream
{irterb o2 don

High level abjsct

descriptions,
faces, objects

80-100 ms

T~ = To spinal cord

= lolngermuscle .  ____—160-220 ms
180-260 ms

1 Orientation == Directior WA Pettern [zlaid) ;':: - - = Y G
e S e M Fer B [picture from Simon Thorpe]
v TR e oY ] 0 Man-Carteslgr
RS 4 thighdlow) -n:ﬂ- Wevalanglh -::' Epb
Wikl Tamporal & Subjective :Dr.'l-c-afl{-S'Er ; [Gallaﬂt & Vﬂﬂ ESEsen]
ANt frequenay & * coniour . I‘E__B} Faoes
Y highslaw) patiern



CBEpPTOYHbIE HEUPOHHLIE CETH
(Convolutional Neural Networks, CNN)

Ncnonb3oBaHWe BHYTPEHHEN CTPYKTYPbI AaHHbIX 4719 CHUXEHUA PasMepHOCTHU CETH.

Mo)XHO BblAENUTb TpKU XapaxkTepHbix ariemeHTa CNN.

1) cBepTKa - B3BELLEHHAA CYMMa HECKOJbKMUX ONTM3KUX NMUKCEeNen ¢ nocrneaoBaTebHbIM
CABUIOM TaKOro OKOLLKa M3 B/IM3KMX NUKCENewn No BCeMy M300paXkeHuto, T. €. CBEepPTKa
BXOZAHOro TeH30pa C HEKOTOPbLIM AAPOM CBepTKHU (convolutional layer). Hanpumep, nukcenu B
OKOLLKe 3X3 CYMMUPYHOTCA C HEKOTOPLIMKU Becamu, Jarnee OKHO CABUraeTcA Ha 2 nukcena u
MOBTOPAETCA CYMMUPOBAHKE, C TEMU-KE BECAMM.

2) noaBblbopka (pooling, subsampling layer), 3 nonyuusLueroca TeH3opa, 00bIYHO
BblOMpaeTca B3ATME MakCMMyMa (MM CpeaHero) no 3HayeHUAM B HEKOTOPOM OKHe, Aasee
OKHO cABWraeTca. JTanbl CBEPTKM U NOABLIOOPKM YepeaytoTca M BblAENAT KapTy NPUM3HaKoB
Ha N300paXKEHUM.

3) Ha 3akntounTenibHoM atane nosiIHoOCBA3HAaA CeTb aHaIM3upyeT NoNyYEeHHYo KapTy
NMPM3HAKOB M BblAaeT TpebyemMbil OTBET.

LeCun et. al. NIPS 1989 Ryt

N RB I N N RN N

LN SR NN RS NN

AN N NN N N NN NR

7 g
NN TR SR NN NRON
AN N R X R KTy

b v O W T T T W

RN R A NN AN N

PR R T TR R
PR RN TR N

Convolutional  Subsampling Convolutional Subsampling Fully
layer layer | layer layer connected




CBEpPTOYHbIE HEUPOHHLIE CETH

(Convolutional Neural Networks, CNN)

RELU RELU RELU RELU RELU RELU

CONV lCONVl CONVlCONVl CONVlCONVi FC

RN

i

[P TN
BLUEERE

[ |
-

%

=
=

Wik

http://cs231n.github.io/convolutional-networks/




CNN: H3obpaxeHne ycpeaAHEeHHOro Kota




Knaccudukauma o6beKkToB Ha poTorpadpuax

@ Give the name of the dominant object in the image

& Top-5 error rates: if correct class is not in top 5, count as error
» Red:ConvNet, blue: no ConvNet

2012 Teams %error 2013 Teams Y%error 2014 Teams %error
Supervision (Toronto) 15.3 Clarifai (NYU spinoff)  11.7 GooglLeNet 6.6
ISI (Tokyo) 26.1 NUS (singapore) 12.9 VGG (Oxford) 7.3
VGG (Oxford) 26.9 Zeiler-Fergus (NYU) 13.5 MSRA 8.0
XRCE/INRIA 27.0 A. Howard 13.5 A. Howard 8.1
UVA (Amsterdam) 29.6 OverFeat (NYU) 141 DeeperVision 9.5
e o e ' "A (Amsterdam) 14.2 NUS-BST 9.7
Y 15.2 TTIC-ECP 10.2

15.2 YZ 112
e e 230  UVA 12.1

carrot]

PR N oanan
o e = W =
W Emn B
[ap[appic8



CBepPTOYHbLIE HEUPOHHbLIE CETH
Paboune apxuTeKTypsbl

@ Small kernels, not much subsampling (fractional subsampling).

A BEE G L B LR E R PR E
¥ 338 7728838 228 2528 288 ¢

GooglLeNet

Al e, 1358

|-IJ -Il
i [
: i
4 - -]
19 1=
z 4z |2
=
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= IRl 2] |2
m (] -



CNN, reHepauma onncaHnA KapTUHKK

A man riding skis on a snow coverad ski slope.
NP: a man, skis, the snow, a person, a woman, a snow coverad slope,
a slope, a snowboand, a skiar, man

YP: weanng, nding, holding, stending on, skiing down.

PP: on, in, of, with, down.

A man wearing skis on the snow.

A man is doing skateboard tricks on a ramp.
NP: a skateboard, a man, a trick, his skateboard, ihe air. a
skateboarder, a ramp, a skate board, a person, a woman,
WP doing, riding, ie doing, periorming, ilying through

PP an. of, in, at, with,

A man riding a skateboard on a ramp.

A slice of pizza SiL[ir‘lg on top of a white plate.

HP: a plate, a white plate, a table, pizza, 1, a pEza. food, a sandwich,
top, a close

YP, topped wih, has. is, sitting on. is on,

PP: cf. on, with, in. up.

A table with a plate of pizza on a white plate.

A baseball player swinging a bat on a field.
NP the ball, & game, a baseball player, & man, & tennis court, a ball,
home plate, a baseball game, a batter, a field.

VP swinging, to hit, playing, halding, is ewinging.

PP: an. during. in, a_ ot

A baseball player swinging 2 bat on a basehall field.

@ [Lebret, Pinheiro, Collobert 2015] [Kulkarni 11][Mitchell 12][Vinyals 14][Mao 14]

4 é i &7

The girl with blue hair stands under the umbrella.
MP: a woman, an umbrella, a man, a person, a girl, umbrelas, that, a
littha girl, & cell phane.

VP holding, wearing, [$ holding, holds, carming

PP with, on, of, in, under

A woman is holding an umbrella.

A bunch of kites flying in the sky on the beach.
MP. the beach, a beach, a kile, kites, the ocean, the water, the sky,
people, a sandy beach, a group.

VP flying, flies, is fhving, fiying in, ans.

PP; on, of, with, in, a

People flying kites on the beach.



CNN, reHepauua n3obpaxeHum

@l Using ConvNets to Produce Images
3 [Dosovitskyi et al. Arxiv:1411:5928

input
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uconv-3

RGB reconstruction loss

uconv-4 Target RGB
(transformed)

Tg(x - s)

Target
segmentation

(transformed)

THS

Segmentation reconstruction loss




Y LeCun

f Generative Adversarial Networks

+ [Goodfellow et al. NIPS 2014]
« Generator net maps random numbers to image
* Discriminator learns to tell real from fake images.

« Generator can cheat: it knows the gradient of the output of the
discriminator with respect to its input

Random Generator
Vector Network

Discriminator
Network

Real/Fake

Random Training
Index Set




¥ Question-Answering System

Score How the
L candidate
answer fits the w
question
Embedding - | Embedding
of the of the
question . Dot ~ subgraph
Word embeddings product Freebase embeddings
lookup table lookup table
Lhot PP T 7 7] i i 1
encoding encoding
of the of the
guestion . subgraph |

= 1987 ¥
'H}:{n.;uufu-:' » |

} Model ""'-.

"Wwho did Clooney ;-rlibrgsﬁ

marry in 19872" K.Preston

Question xh C'DDHEY ..

Subgraph of a
candidate answer A
(here K. Preston) Travolta

= ——
- J’i\_ Actor
Detection of | X <S¢
Freebase entity __1::,. Male ._
in the question B :?.

™ Lexington _\4——




Tunbl 00y4eHus

Reinforcement Learning
— The machine predicts a scalar aea Ui

reward given once in a while. __J:[READYA[:|__

— A few bits for some samples ) e Bhereck

Supervised Learning

— The machine predicts a category
or a few numbers for each input |

— 10-10,000 bits per sample

Unsupervised Learning

— The machine predicts any part
of its input for any observed
part.

— Predicts future frames in videos
— Millions of bits per sample




A mostly complete chart of

o= NEUral Networks

- Input Cell ©2016 Fjodor van Veen - asimovinstitute.org

Deep Feed Forward (DFF)

Y
AR
Perceptron (P) Feed Forward (FF)  Radial Basis Network (RBF) Q',‘IQI‘, Y

@ Hidden Cell - - - Q
O < < 7\
e _ N QA
©) Probablistic Hidden Cell - - =
. Spiking Hidden Cell Recurrent Neural Network (RNN) Long / Short Term Memory (LSTM)
[ [ ) )

. Output Cell - -

. Match Input Output Cell

A Noisy Input Cell

g ne

X/
SR

L

. Recurrent Cell

. Memory Cell

. Different Memory Cell

Kernel

6 Convolution or Pool

Markov Chain (MC) Hopfield Network (HN) Boltzmann Machine (BM)  Restricted BM (RBM) Deep Belief Network (DBN)

%

Deep Convolutional Network (DCN) Deconvolutional Network (DN) Deep Convolutional Inverse Graphics Network (DCIGN)
NN P CO0NA .
ﬁ>_<’\/Q O A>_<,\/Q\O\ O
NONA N s N N I
X o 0l X0 SIRI S0
P, e SNPEG, . I~y O
,\>_<,\/Q V\O\/Q\/\ f\>_<r\/Q\O O/Q\f\
v><\/\6 e Y v><\/\6/\/ \/\6/\/
a \a A NP a o A NP

Generative Adversarial Network (GAN) Liquid State Machine (LSM) Extreme Learning Machine (ELM)

VaVaVaWw,

Deep Residual Network (DRN) Kohonen Network (KN)  Support Vector Machine (SVM)  Neural Turing Machine (NTIM)




Move to Deep Learning NNs

“~ Deep learning (DNN) makes possible to move from sophisticated iput set of
observables to some general raw level observables, and leave sensitive features
extraction to DNN, [Int.J.Mod.Phys.A 35 (2020) 21, 2050119]

~ Differential cross sections do~M*(p.-p,, s, t, u) is a function of 4-momenta. One

needs to separate several functions of 4-momenta.

“~ As a benchmark we use distinguishing of single top quark production from pair top
quark production. Not a trivial example, but very well investigated already:
[JHEP02(2017)028] take the highly optimized set of optimal variables to compare efficiency

“~ First compare the methods for benchmark: Bayesian 1-layer NN (BNN, FBM

package), as it 1s taken
in CMS analysis, and

DNN (Tensorflow)
with the same set of | ;-
high level variables: o} | !

1/N dN/dNNout
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https://link.springer.com/article/10.1007%2FJHEP02%282017%29028

Check of the most simple set with Deep Learning NNs

“~ For the first step one can take 4-momenta of the final particles as an input set for
DNN

“~ Comparison of DNN (3 hidden layers) with benchmark BNN (trained with highly

optimized set of high level variables) demonstrates not an optimal efficiency

o | | 10 | ROC curve | S
1 DNN signal =
350 e DNN_background i
r CZ2 BNN signal 0.8l - ’,x -
30l | : L -2 BNN_background - ‘s
| I ;
1 ra
= - B I D.E‘ | &
g : ' £ R4
= ! I = v
D20 - o 5 i/
= [ .I'"I
=] g
0.4t ,f
-% 1.5 -
1
7
1.0 i
T 0.2
I =7 -
0.5 e - - BNN ROC curve {auc=0.876)
S okl — DNN ROC curve {auc=0.839)
0.9 0.2 0.2 ) 0.2 0.2 0.6 0.8
NMNout Specificity

1.0



Check of quadratic forms of 4-momenta as an input for DNN

“~ An example of simple matrix element (s-channel ud—tb single top production)
depends on scalar products of 4-momenta and Mandelstam variables (s,t,u in general

case)

M = V3

Vfd(gw

)4 (pups) (Papt)

(.Ei' — -m%[,r) - FWT”W

IM|? =

Vit Vua(ow )’

i(i

— M2)

(é — m%{,

) + Iy miy |

“~ Comparison of benchmark BNN with DNN trained on scalar products of final
particles and s-Mandelstam variables. Eff. is still far from benchmark BNN.

4.0
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Specificiby



Initial state particles 4-momenta as an input for DNN

~~M? is a function of not only final particles momenta, but initial particles momenta as
well (not available for hadron colliders). In the massless case p. can be represented

as and approximated with P, and pseudorapidity  {. ;= —vV35eY p%e¥|yfl
[Phys.Atom.Nucl. 71 (2008) 2, 388-393] |

“~ (General recipe to form input space for DNN analysis of the collider hard processes:
take scalar products of 4-momenta of the final particles, Mandelstam variables
(s,t,u), transverse momenta and pseudorapidity. ROC curve demonstrates desired

efficiency with the recipe

10 | ROC curve |
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1O} S - |
| S Y il o2l
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: e il — DNN ROC curve {auc=0.878)
DD L L L DD 1 1 1 1
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NNout ' ' Specificity


https://doi.org/10.1134/s1063778808020191

“~ In additional to the proposed set one can add 4-momenta of the final particles.

Check for the completeness

“~ The comparison of benchmark BNN with DNN trained on the scalar-products of four-
momenta, four-momenta and transverse momenta of the final particles and Mandelstam
variables as the set of input variables. DNN has five layers.

“~ROC curve demonstrates the completeness of the recipe, 4-momenta does not add more
information, but increase the dimensionality which leads to more difficult training.
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I Ippumepbl COBpEMEHHBIX
DNN B HEP,

b-tarrupoBaHue B
skcnepumente CMS (LHC)

10 x 20-track clusters

T

e M M Ml e s

5 S e
5 % impact | e _;_i;f-f'f
o e i B —_,""___,—-” B -
C Y- W_ param lerl e —_-,Z—r"”;_
er o = Jet direction
b ¢, e
G G TN
Charged (16 features) x25— 1x1 conv. 64/32/32/8— RNN 150 [— b
bb
Neutral (8 features) x25 1x1 conv. 32/16/4 RNN 50— Dense lenb
+]
200 nodes x1, [ c
Secondary Vix (12 features) x4 [ 1x1 conv. 64/32/32/8 RNN 50— 100 nodes x5 I
[Gtoba variables (15 features) g

F1Gure 5.18: DNN architecture of the DeepJet network. The total number of trainable parameters is

about 265K.

[L.Giannini CERN-THESIS-2020-107]
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AnnaparHaa u nporpamMmmMmHasn peanuvsauma

“~~ ArnmaparHas peaju3arus

~ CPU, I'papuueckue npoueccopsl (GPU) Nvidia (CUDA,
GeForce 3080 Ti, Titan, Tesla)

~~ Cnenuaan3upOBaHHBIC YUIIbI; MEMPUCTOPHBIC MATPHIIbI
~~ CyIepKOMIBIOTEPHI (HapaacibHbIC BHIYHUCICHHS)

“~ |IporpammHas peaauzanus

-~ TensorFlow, Keras
=~ Theano, Keras
~~ Torch

~ Calfte, ...

~~ Hamm tekyuue uccienoBaHus MeToaoB npuMeHeHuss DNN:
MCIOJb30BaHUE 0al€COBCKOI0 MOAX0/1a B IITyOOKHX CETIX
(tensorflowProbability), npumenenue variational dropout [1701.05369]



Hpyrne NN cetu

~ OCUMJUIATOPHBIC CETHU, MOAEIb CKOPPEIUPOBAHHOTO
BO30YXJICHUSI HEUPOHOB B MO3I€

~ MeMpHUCTOpHEIE CETH, almaparHas peanu3anus NN
Ha OCHOBE HOBOTO 3JIEMEHTA - MEMPHUCTOPA
(3IEKTPUYECKOE COIIPOTUBICHUE 3aBUCHUT OT
BEJIMYMHBI PaHEE MPOIYIIICHHOTO 3J1. TOKA)

~ HeripomopdHbIE HHTEPPENCHI, MEMPUCTOPHBIE CETH
COCIMHEHHBIE C )KUBBIMHU KJIETKAMU BbIPAIIEHHBIMHU
Ha BJIEKTPOIHBIX MaTPUIIAX



f Conclusions

] Deep Learning is enabling a new wave of applications

» Today: Image recognition, video understanding: vision now works
» Today: Better speech recognition: speech recognition now works
» Soon: Better language understanding, dialog, and translation

@l Deep Learning and Convolutional Nets are being widely deployed

» Today: image understanding at Facebook, Google, Twitter, Microsoft. . ...
» Soon: better auto-pilots for cars, medical image analysis, robot perception

# We need hardware (and software) for embedded applications
» For smart cameras, mobile devices, cars, robots, toys....

@ But we are still far from building truly intelligent machines
» We need to integrate reasoning with deep learning

» We need a good architecture for “episodic” (short-term) memory.

» We need to find good principles for unsupervised learning
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