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* Tau leptonunun CMS’de yeniden yapilandirma ve tanimlanmasi

* Makine 6grenmesinin saglik alaninda goruntu siniflandirilmasi uygulamasi

14.10.2023 | HaleSert | YEFIST 2023



Bunch - .

S ol o AT o o5,
. A O S R
ISUISSE = ==—=_o e : e e -
% FRANCE s * CERN : 3 == ‘D
e . D Prévessin.,—l: T : @
s - T . e Parton
e

M/
(quark, gluon) G bv‘

13

, P
'\ .
N

Particle
\ jet
jet

608 % 442
HL-LHC
i} {
\ Run4-5..
EYETS EX: |V [ £ YETS Ls3 13.6 - 14 TeV
13 TeV energy
Diodes Consolidation I I
splice consolidation cryolimit LIU Installation .
7 TeV 8 TeV button collimators innt/eraction . i I I inner triplet . HL LH(_:
—— R2E project regions Civil Eng. P1-P5 pilot beam I radiation limit installation
o2z | eoko ) 2oze | zozs | zoee | zoer | eozn | o [l
I I 5 to 7.5 x nominal Lumi
ATLAS - CMS
experiment upgrade phase 1 I I ATLAS - CMS
beam pipes HL upgrade

nominal Lumi w’ﬂ‘ ALICE - LHCb 2x noq‘ al LFi
75% nominal Lumi /_ upgrade 1

== integrated

luminosity EENR{o

14.10.2023 | HaleSert | YEFIST 2023



oL Uy,
g

< C1S74

©
SS.L!S“%

/¢

¥ 1453 %

Tau Lepton

* Tau en agir leptondur, m; = 1.78 GeV

* Detektoriin icinde bozunacak kisa yasam sliresine sahiptir
* Yasam siiresi: T =~ 3x10712 (¢t ~ 90 um)

* Tau leptonlari leptonlara ve hadronlara bozunurlar:

Decay mode Resonance B (%)
Leptonic decays 35.2

T — e VelUr 17.8

T — U Vylr 17.4
Hadronic decays 64.8

T~ —h v, 11.5

= = h 7, 0(770) 25.9

= — h= 7%, a1(1260) 9.5

T~ > h " h*h v, a1(1260) 9.8

T~ - h h*h 7%, 4.8

Other 3.3

* Tau lepton nasil yeniden yapilandirabiliriz?
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: Parcaciklarin CMS’de yeniden yapilandiriimasi

X a3t

* CMS’in alt detektorlerindeki bilgiyi birlestiren Particle Flow algoritmasi kullanihir
* Elektron, miion, foton, nétr ve yiikli hadronlar

----- Photon

T E il hadsa 3 . | detector
e j i | fii v
ol

pasticle-fow

]| B

Transverse slice

with Muon chambers
through CMS

* Yeniden yapilandirilan parcaciklar gruplandirilarak

« Ust seviye objeler denilen jets, METs and hadronlara bozunan tau-leptonleari

h* h h* h+
=> HPS Algoritmasi
Particle Jet Energy depositions
P in calorimeters
Ref: https://cms.cern/news/jets-cms-and-determination-their-energy-scale
14.10.2023 | HaleSert | YEFIST 2023
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Parcaciklarin CMS’de Tanimlanmasi

* Yeniden yapilandirilan parcaciklarin beklenen parcgaciklar olup olmadigini test
etmek ve dogru tanimlamayi arttirmak icin uygulanan algoritmalardir.

* Hadronik bozunan tau leptonlari
* Olasi yanlis yapilandirmalar:

* Quark ve gluonlardan olusmus jetler

* Elektron ve muonlar

A

Ref: https://tikz.net/jet tau/

CMS Simulation (13 TeV)

e 1E
= =
3 » B MVA vs. jets (JINST 13 (2018) P10005)
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Ref: JINST 17 (2022) P07023, CMS-TAU-20-001
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Fizikte Glincel Arastirma Konulari Il


https://tikz.net/jet_tau/

(.0' IS T4,1,

oUL UN

/ O
Sgl!sgﬂ

CMS’deki Trigger Sistemi

¥ 1453 %

e Saniyede 30 milyon carpisma oluyor! (f = 30 MHz)

* Trigger/Tetikleyici sistemi ilging fizik olaylarini secmek icin kullanilir.

* Veri alimi stirecinde ¢alisir

Level 1 trigger (L1) High Level trigger (HLT)

Offline

me M ﬂ L ooc 3 - B
e Level-1 trigger

* Karari yaklasik 4 mikro saniyede almak zorundadir
* High Level Trigger (HLT)

* Basitlestirilmis yeniden yapilandirma algoritmalari uygulanmaktadir
* Karar bir ka¢c mikro saniye icinde alinir

14.10.23 |  Dr. Ogr. Uyesi Hale Sert |  Fizikte Giincel Arastirma Konulari |
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Tau Lepton HLT isimleri
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Tau lepton HLT path/yollarina drnekler
* uty trigger:

° HLT etaZ2pl LooseChargedIso etaZ2pl CrossLlI
« ety trigger:

° HLT etaZ2pl WPTight Gsf LooseChargedIso etaZ2pl CrossLlI
 dity trigger:

°* HLT Double ChargedIso Trkl eta2pl Reg CrossLl

°* HLT Double DeepTau _L2NN etalpl v3

Bir trigger’in performansi birka¢ ana calisma ile belirlenir:
* Efficiency/Verimlilik(high efficiency)
°* Rate/Oran (low rate)
° Timing/Islem siireci (fast processing timing)

Devam Eden Calismalar:

* Faz 2 calismalarinda kullanimlak (izere, di-tau HLT lerinin yiiklii ve deepTau isolation
kullanilarak gelistirilmesi

°* HLT DoubleMediumDeepTauPFTauHPS35 etalpl
°* HLT DoubleMediumChargedIsoPFTauHPS40 etaZlpl

14.10.2023 | HaleSert | YEFIST 2023 8
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Saglik alanindaki Calismalar

* TUBITAK 2232 - A : Uluslararasi Lider Arastirmacilar Programi
* 1 Ekim 2022’de yururlige girdi.

* Derin 6grenme tabanli X-ray akciger gorintulerini otomatik tanimlayan yazilim
aracinin gelistirilmesi

Arastirmacilar: (Fizik Boliimlerinden)
 Prof. Dr. Suat Ozkorucuklu

e Dog. Dr. Bora Isildak

« Dr. Ogr. Uyesi Giiray Giirkan

Bursiyer:
e Dr. Basak Ekinci
e Safak Yasun

Arastirmacilar: (Tip Fakiiltesinden)

e Prof. Dr. Atadan Tunaci (Radyoloji)

* Prof. Dr. Mustafa Erelel (G6gUs Hast.)

* Dog¢. Dr. Metin Uysalol (Cocuk Hast.)

« Ogr. Goér. Dr. Dogu V. Bakkaloglu (Patoloji)

(post-doc)
(yUksek lisans)

e Osman Bayraktar (ytksek lisans)

14.10.2023 |
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Veri Seti
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* Halka acik Montgomery ve Shenzhen verileri kullanildi

Datasets Normal Abnormal Augmentation Total
Montgomery 80 58 600 738
Shenzhen 326 336 0 662
Shape: 2545x2691 Shape: 2545x2691
Shape: 4020x4892 Shape: 4020x4892 Label: Abnormal
Label: Normal Label: Normal

Label: Abnormal

Shape: 4020x4892

Shape: 4020x4892 Shape: 3000x2919
Label: Abnormal

Shape: 3000x2919
Label: Abnormal Label: Normal Label: Normal
. ? -
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Derin Ogrenme / Sinir Aglari
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* Cok katmanl sinir aglaridir e
* Tek katmanl sinir ag: -

Hidden
layer L2
Output

layer
Input Hidden Output

Layer Layer Layer

B Yo

i f(X)— 71
S

14.10.2023 | HaleSert | YEFIST 2023 12
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Derin Ogrenme / Sinir Aglari
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Cok katmanli sinir aglandir

Ao d

* Tek katmanli sinir agi:

Inpu
Layer Layer Layer

X0y

« ki girdili basit bir sinir agi

y=Wi+b %=

(;v1> _ <W11 le)(xl) +<b1>
Y2 Wy1 Wi/ \x, b,

Input
layer

X1

X

Wy x4+ Wi x4 by

z=c¢ o)+, o) +d

Vo=Wy x4+ Wy x,+ b,

* Gizli katmanin sonuglarinive W' = (c;c,) agirliklarini ve d yanhhgini (bias)
kullanarak agin ¢iktisi olan z degerini asagidaki gibi elde edebiliriz:

z=W'o(@y)+d

o: aktivasyon fonksiyonu (non-linearligi hesaba katar)

14.10.2023 | HaleSert | YEFIST 2023
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e Goruntu siniflandirmaya odaklanan bir derin 6grenme cesitidir

* Ag girdi goriintlstunden distk-seviye ozellikleri belirler
* Kuglk kenarlar gibi

* Bunlar ylksek-seviye ozellikleri olusturmak icin birlestirilirler
* Kulagin bir kismi, gozler gibi

* Ciktinin olasiliklari yiksek-seviye ozelliklerden hesaplanir

14.10.2023 | Hale Sert

| YEFIST 2023 14
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e Goruntu siniflandirmaya odaklanan bir derin 6grenme cesitidir
* Ag girdi goriintlstunden distk-seviye ozellikleri belirler
* Kucglk kenarlar gibi

* Bunlar ylksek-seviye ozellikleri olusturmak icin birlestirilirler
e Kulagin bir kismi, gozler gibi

* Ciktinin olasiliklari yliksek-seviye 6zelliklerden hesaplanir

&)
* CNN Mimarisi:

16
32

poolt L W—I;.poo T
convolve convolive . flatten

pool
convolve

- ki farkli gizli tabakanin birlesmesinden olusur
* Evrisimli tabakalar (Convolutional)
Havuzlama tabakalari (Pooling)

14.10.2023 | Hale Sert

| YEFIST 2023 15
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{4 Convolutional ve Pooling Katmanlari
Evrisimli Katmanlar Havuzlama Katmani
* Cok sayidaki evrisimli filtreden e Blyuk bir gérintinidn kicuk 6zet
olusturulurlar, goruntulere yogunlastirilmasini saglar

* Her biri lokal bir 6zelligin goruntide
var olup olmadigini belirler

Max pooling
* Basit bir isleme dayanir: convolution ame
8|171|5
2x2 pooling, 13| 14
7121338 Filter 12( 9 stride 2 .
4|5|3|8|4 [1]0]~ 6 Repested veriapping 1312 (10| 3 Average poolin
SlNsREoNiEaRFaN x ([ERFoNEN = [N LN - olalsl1a 2¢p g
2ell7z| 27 1001 9 5
5(ala|s5]4 7x1+4x1+3x1+ PR e q
2x0+5x0+3x0+
3x-1+3x-1+2x-1 7 8
=6

Ref: Deep Neural Networks on Chip - A Survey,
Huo Yingge, Imran Ali, Kang-Yoon Lee

'I'

14.10.2023 | HaleSert | YEFIST 2023 16
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* AlexNet

* 2012 ImageNet Large Scale Visual Recognition Challenge yarismasini kazandi
* ResNet50

* 2015 ImageNet Challenge yarismasini kazandi
* DenseNet-201

* 2017’de ResNet’in bir uzantisi olarak ileri strtldi

14.10.2023 | Hale Sert

| YEFIST 2023 17



'\.c' IS T44,

oo Un,

P2 O
8‘51!5“’5

* 2

AlexNet (2012)

AlexNet iyi bilinen derin 6grenme mimarilerinden biridir

* Evrisimli katmanlar, max-havuzlama katmanlari ve tam baglaniml katmanlarin

birlesiminden olusur.

g 8 g 8 &
Conv x| Maxpool: |X Conv = Maxpool® |x Conv 5
96x11x11 N +  3x3 -—B +» 256x5x5 ->g->_ Jx3 3t 7 R 384x3x3 —» =
stride 4 = |x ?,, stride 2 © | pad 2 s | : Stride2 ;@ |x pad 1 >
tn| — S e
& = N @ @
=5 5
| % = By —
Conv > Conv © |x| ! “Max pool l 4;’ Q ,
38433 -1 - 256x3x3 = > 3x3 - FC Q- FC »QFC -E
- pad 1 x| . padl @ |x|  stide2 : |x o Ti]
T~ = ’ <)
(@] d o
14.10.2023 | HaleSert | YEFIST 2023 18
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ResNet50 (2015)

* Derin aglarin egitilmesi turev almanin kaybolmasi olarak bilinen problemden
oturu problem yaratabiliyor

e ResNet mimarisi bu problem ¢6zmek icin 6ne strtlmdistur

e Residual bloklardan olusur
* They are formed from two or more convolutional layers with shortcut connections
* that allow the gradients to flow directly through the network without diminishing

T ) [ o [59]

stage 1 stage 2 stage 3 stage 4 stage 5
input ou lp ut
g ZFI‘EAR: ReLU Flatten
14.10.2023 | HaleSert | YEFIST 2023
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@B DenseNet-201 (2017)
e L
* ResNet’in bir uzantisidir INRUT
* Bilginin katmanlar arasinda kaybolmasini W T
enge I |e r lMax Pool. (fx?a), stride 2 l
» Tuim katmanlari daha énceki katmanlara, ve su I <.

anki katmani gelecekteki katmanlara baglar T

Transition Layer 1

* Dense bloklar daha 6nceki tum katmanlara bagli

|Avg Pool. (2x2), stride 2 ’
olan katmanlar grubudur.

| Dense Block 2 | < Conv. (1x1) -

¢ Conv. (3x3)

i 2 | Conv. (1x1) |
Transition Layer 2

) x |Avg Pool. (2x2), stride 2 |

o
e
H, | Dense Block 3 l < Conv. Ux) 1 /o
> X ‘ Conv. (3x3)
Cor

4 B | Conv. (Ix1) |

o X3 ‘ / Transition Layer 3
Rk

|Avg Pool. (2x2), stride 2 ‘

T I < Conv. (1x1) X 32

Hy

X4
o |

B Fe

L~ Conv. (3x3)
— 8| e | Global Avg Pool. (7x7) ’
T / Classification Layer
| Sof:max |
ouTPUT

14.10.2023 | Hale Sert | YEFiST 2023 20
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AP Egitim & Dogrul On Calismal
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1): Egitim & Dogrulama (On Calismalar)
v &
X a3t
Models Optimizer Loss Function Learning Batch Epoch Activation
Rate Size Functions
AlexNet, Adam Binary cross entropy 0.0001 64 50 RelLU & Sigmoid
2012
ResNet-50, Adam Binary cross entropy 0.0001 64 100 RelLU & Softmax
2015
DenseNet-201, Adam Binary cross entropy 0.00001 64 100 RelLU & Sigmoid
2017
Mean Learning Curves - Loss Mean Learning Curves - Accuracy Mean Learning Curves - Loss Mean Learning Curves - Accuracy
—— Mean Train Loss 1.00 81 —— Mean Train Loss 1.0 1
—— Mean Validation Loss 7 —— Mean Validation Loss
0.98
0.20 094
6
0.96
0.15 > 0.94 51 > 081
a g 2 4 e
3 3 ki 2
0104 g 092 N g o7
0.90
2 0.6 -
0.05 A
0.88 - 14 ;
— Mean Train Accuracy —— Mean Train Accuracy
0.00 4 0.86 — Mean Validation Accuracy 04 N— 031 —— Mean Validation Accuracy
: 10 20 30 40 50 0 10 20 30 40 50 0 20 2 60 80 100 0 20 2 60 80 100
Epochs Epochs Epochs Epochs
Mean Learning Curves - Loss Mean Learning Curves - Accuracy
061 —— Mean Train Loss 1.000 4
—— Mean Validation Loss
0s 0.975
0.950
0.4
> 0.925
g 03 g 0.900 -
2
02 0.875
0.850
0.1
0.825 1 —— Mean Train Accuracy
0.0 0.800 4 —— Mean Validation Accuracy
0 20 2 60 80 100 0 20 a0 60 80 100
Epochs Epochs

Resnet-5, disiik epoch degerlerinde yliksek validasyon kayip degerlerine sahip
DenseNet-201, dusuk epoch degerlerinde dalgalanmalar var
AlexNet daha kararli egitim ve dogrulama performansi sergiliyor.

14.10.2023 | HaleSert | YEFIST 2023
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Normalized Confusion Matrix Normalized Confusion Matrix Normalized Confusion Matrix

0.8

0.7

0.7 Class 0

Class 0 Class 0

0.6 0.6

0.5 0.5 Los

True label
True label
True label

r 0.4 0.4

r0.4

Class 14 L 0.3 Class 1 1 L o.3 Class 1 4

ro.3

0.2 0.2 0.2

Claés 0 Predicted label Class 1 closs 0 Predicted label closst O@‘;’Q O@‘:"\’ N
Model Precision Recall F1-score AUC Average
Accuracy
AlexNet 0.87 0.83 0.85 0.95 0.95
Resnet-50 0.80 0.86 0.83 0.85 0.75
DenseNet-201 0.85 0.87 0.86 0.93 0.84

e Tum modeller Confusion Matrisine gore benzer performanslara sahip, ama AlexNet en iyisi.
e ResNet-50 modelinin performansi diger iki modelin az gerisinde
* Model metriklerine gore de AlexNet en iyi performans gosteren model!
* lyilestirmeler yapilmasi gerekiyor!
* Hiperparametre secimleri
* Regularizasyon metodlari ekleme..

14.10.2023 | HaleSert | YEFIST 2023 22
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Calismalarimiz

* tau lepton yeniden yapilandiriilmasi ve tanimlanmasinda
* saghk alaninda makine 6grenmesinin ¢alismalari
 ve daha fazlasi..

* Fluka ile simlilasyon calismalari

* CMS open data ile ML calismalari

14.10.2023 | HaleSert | YEFIST 2023
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Calismalarimiz
* tau lepton yeniden yapilandirilmasi ve tanimlanmasinda
* saglk alaninda makine 6grenmesinin calismalari
 ve daha fazlasi..
* Fluka ile simlilasyon calismalari
* CMS open data ile ML calismalari

iU Fizik Boliimiinde yeni bir arastirma laboratuari acildi!
YENI!

* Veri Analizi ve Makine Ogrenmesi Uygulamalari Laboratuvari

¢ :Z>./4mo£/4 cfab Data Analysis and Machine Learning

Application Laboratory
Var olan laboratuvar:

* Parcacik ve Radyasyon Dedektorleri Arastirma ve Gelistirme Laboratuvari

* PARDET Lab

14.10.2023 | HaleSert | YEFIST 2023 24
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