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ECAL

Solenoid
Steel Yoke

Total weight
Overall diameter
Overall length
Magnetic field

CMS Detector = -
Pixels ¢ ~g.6M channeis

STEEL RETURN YOKE
~13000 tonnes

: 14000 tonnes l‘a 5 .
:15.0m ~TK channeis it
:28.7m Endeaps: 468 Catl
:38T

CRYSTAL ELECTROMAGNETIC
CALORIMETER (ECAL)

~Tek scindllating POWO, crystals
-

PRESHOWER
Silicon strps
~16m ~137K channels

SUPERCONDUCTING
SOLENOID
Nicbium-titanium co
carmying ~18000 A

N ORIMETER (HCA
plastc scnlifalor
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717 Jerome Daguin, Evaporative CO2 cooling system for the upgrade of the CMS pixel detector at

CERN - Scientific, ResearchGate
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https://www.researchgate.net/profile/Jerome_Daguin
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Muon
Electron
Charged Hadron (e.g. Pion)
= = = = Neutral Hadron (e.g. Neutron)
----- Photon

Silicon
Tracker

b Electromagnetic
]_I! l ' Calorimeter

Hadron Superconducting
Calorimeter Solenoid

Iron return yoke interspersed
with Muon chambers

Transverse slice
through CMS

- — 5
D Barney, CERN, Febraay 2004
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i07: M. Schneider, CHEP 2018
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Vanilla AE One-Class SVM
Could be cutoff
(~10)

Distribution of Total Error Distribution of Decision Value (OneClass-SVM 1)
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1 v v -10 [ 10 0 30 40 50 60

10‘5 107 10° Décision Value
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~1.5%in ~1.1%in ~1.5% in
Good LS ' Good LS Bad LS

V

Spot the same Bad => Good LS
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Abstract

Compact Muon Solenoid (CMS) detector was built in the middle of collision from Large-
Hadron Collider (LHC) which is one of the most powerful particle accelerators in the world.
The migsion is to collect the product from colligion and decaying which happens 40 million
times each second. The data taking in the CMS experiment is reconstructed to become a
physics quantity 48 hours after a collision. The certification of data quality is made on run
and lumisection levels. The criteria to certify are both from an automatic gystem as well as
manual work from untraceable mighehaving of detector which is marked by offline shifter and
detector experts. Approximately 85% of data are good and the rest of them are bad. It is not
easy to say that all phenomena that cause misbehaving of a result are well understood. Then
the aim of this work is to reduce the manual work for data qualification by exploding various
types of semi-supervised learning by treating the outlier as bad in lumisection granularity.
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Chapter 1

Overview

Before the whole data be feeding to physics analysis, there is a procedure to certify the data
quality in run and lumisection granularity. Data quality monitoring (DQM) team provides
the tools and workflow where there is an offline and online section to consider which basically
online ig a real-time and the data that we get 2 days after collision would be ingpected in offline
gection. The person who looking at a dozen of a histogram that demonstrates the occupancy
of the detector in each sub-gystem and also the physics quantities in various perspectives of
information. Most of Bad lumisection (L.S) are automatically came from run tagged as bad
by a human for the whole run and DCS bits in lumisection levels. In some cases, there ig
a small fraction bad LS that are manually marked as bad by data certification experts in
lumigection levels because some kind of detector malfunction isnt traceable from the previous
process. On the other hand, good LS ig defined in Golden JSON which is literally taken from
data that passes of thoge bad criteria.

The main objective of this work is to find a mathematical way to certify data quality
lumisgection granularity to reduce the manual work of data certification experts. As it can be
geen that there are only a small fraction of data. Moreover, the bad data that are marked
by the expert are relatively small compare to good data. Then we have to face to the
imbalanced class problem and it is the reason why we choosing semi-superviged learning
where we feed only good data to train the unsupervised model and testing with both kinds of
data. Consequently, the data that are marked as bad by the model would be congidered an
outlier where the model does not familiar with. A more explicit analysis would be provided
in this report.

41



Chapter 2

Background

2.1 Compact Muon Solenoid (CMS) Detector

The Compact Muon Solenoid (CMS) detector be designed for collect the colligion and decay-
ing data in forward and transverse of the beamline. It has more resolution in the transverse
direction from the equipment that has been designed to focus in transverse direction as the
Figure 2.1. According to [3], The detector itself consist of different sub-detector for their own
purpose where the main components are

The Compact Muon Solenoid (CMS) detector be designed to collect the collision and
decay-ing data in forward and transverse of the beamline. It has more resolution in the
transverse direction from the equipment that has been degigned to focus in trangverse direc-
tion asg Figure 2.3. According to [3], The detector itself consists of different sub-detector for
their own purpose where the main components are

1. Tracker to trace the footprint of a charged particle by beginning at the hitting of the
closest layer which is pixel detector and following by multiple layers of strip detector
to gain more precision of particle tracks that corregpond to momentum of the particle

2. Electromagnetic Calorimeter (ECATL) measure the momentum of leptons (espe-
cially electron) and photon where the main interaction is electromagnetic interaction

3. Hadron Calorimeter (HCAL) hag been designed for measure the energy of hadronic
particle where it also has (QCI) interaction rather than only electromagnatic

4. Superconducting Solenoid for generate a nearly-uniform magnetic field inside of the
cylindrical shape and charged particle turn their heading around where it propagate in
the outgide of this radius like a muon track in Figure 2.2

5. Muon Detectors is one of the most important sub-detector for measuring the muon
momentum and the track of them by taking a footprint of tracking system into account
to get more precige information

a4z
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CMS DETECTOR STEEL RETURN YOKE

“Total weight + 14,000 tonnes 12,500 tonnes
Overall diameter - 15.0m
Overall length  :28.7m
Magnetic field - 38T

SILICON TRACKERS
Pixel (1002150 g} = 16m* =663 channels
Microstrips (803180 ym) ~200m” ~9.6M channels

SUPERCONDUCTING SOLENOID
Wiahium titanium coil carrying ~ 18,0004

MUON CHAMBERS
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FORWARD CALORIMETER
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CRYSTAL
ELECTROMAGNETIC
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76,000 scintillating PIWO, crystab

HADRON CALORIMETER (HCAL)
Brass + Plastic sintillator 7,000 ehannels

Figure 2.1: Sectional view of the CMS detector. The LHC beams travel in oppo-
site directions along the central axis of the CMS cylinder colliding in the middle

of the CMS detector. Image retrieved from hitp://cms.web.cern.ch/news/cms-
detector-design

Ny
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sttt mwem ehe mlben
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Electron
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Figure 2.2: Onion-like crosscction of CMS. Image retricved from [1]
2.2 Data Acquisition (DAQ)

According to [2], the collision rate takes around 40Mhz (100 Thyte/s) which is impossible
for the instrument to collect all of those signals that happen at a time. The harvested signal



CHAPTER 2. BACKGROUND 4

that CMS detector select is determined from low-level trigger where the detector frontend
{electronic circuit determination) process to select an interesting signal. The level-1 (L.1)
trigger filter and produce the signal at 100 kHz (100 Gbyte/s). Then it has been sent to high-

level trigger (HLT) where we could start to really see the interpretable physical quantities
{rom here.

2.2.1 CMS Online System

CMS team also provide the tools for automate data acquisition as [7] where the big picture
has been demonstrated in igure 2.3. Apparently, the system still needs some people to
double-check by using various tools e.g. Web GUI and so on during the running process of
beam collider in LHC from the low-level system to high-level system.

£Shm
DCS Trigger Leader 380 paQ DOM - .
Operator Shifter Operator shifter
errors  monitor

D DCS GUI Expert alarms  clients

-i— system \ l

\

Detector Run Control System N oSN
Control Level-0.
Live Access
Servers
Monitor collectors

-

WinCC OA 1 A
Si ETM
é;;";i“f?ém,) == &) =) [E8)(EE) Tomammens
& alarming
Udld
@ da!a
DI'IUCI\
Low voltage

High V°“399 Front-end  L1trigger Sub-det DAQ Central DAQ  Central DAQ farm,
Gas, Magnet Electronics  electronics  electronics  electronics High Level Trigger & storage

Figure 2.3: Overview of the CMS online systems. Image reirieved from [7]

2.2.2 Data Granularity

We decide to divide a big chunk of data into one run and each run contains multiple lu-
misection which has 23 seconds of interval due to the beam does not change much where
we consider 23 seconds of time. Moreover, each lumisection contain multiple events. I we
consider in terms of time to reconstruction, there are Express and PromptReco where data
are reconstructed at nearly real-time and two days after a collision.
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ot

2.3 Data Quality Monitoring (DQM)

In order to make sure that data quality is nearly perfectly well collected, there is another
story called DQM where it’s actually the subset of the run control system in Figure 2.3. CMS
DQM team provides the tool where there is online and offline shifter checking the result from
beam collision real-time and 48 hours after collision orderly. Figure 2.4 is the schematic of a
DQM workflow include the tools and person who responsible for each module. If some sub-
systems went weird such as the peak of the histogram drastically increase with no physical
sense or some part of the detector turned off, they will report in the log of the system in the
running process and calling detector experts to inspect the problem. In this work, we will
only focus on the red box which is the offline world.

online | offline simulation

evenf|data

Prompt
Reco

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

Ad Y

' HDOM DOMGUI DOMGUI DOMGUI

' > »
i } ( nonitor (t‘lt'lﬂl‘llt.’

[N g ﬂ

' N

/ - DC '
- shift experts validators
\\
“l‘\l;::;‘: \\\ ) “goofl/bad” )
\\ N validated release
Run Registry
\\\ i 2> golden JSON

Figure 2.4: Tools and Processes of DQM. Image retrieved from M. Schneider,
CHEP 2018

Regarding the scope that we want to mimie, offline shifter and detector experts check a
multiple distribution histogram to inspect and certify data quality. The certification is made
on run and lumisection granularity. The procedure to certify the data are the following list

1. Automatically filter by DCS bits, beam status and etc. (LS levels)
2. Runs tagged as bad by human {whole run)
3. In rare cases are marked by DC experts (LS levels)

Then the rest of them that pass all of those criteria are defined in Golden JSON which are
good LS.
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Chapter 3

Objectives

e Certify data quality in lumisection granularity
— Classification on the basis of actual data distributions per LS

o Reduce manual work of DC Experts

3.1 Expectation

The most important aim of this work is to reduce the offline shifter work where we should
provide the tools to reduce their work if some data are totally bad or perfectly good and
let them inspect only for a few grey zones. In order to separate a kind of data quality, we
have to define some decision values from some mathematical models to determine the data
quality by finding some threshold to separate them. For the ideal case, we might see the
good lumisection that looks perfectly good, bad lumisection that looks terribly skew and the
grey zone where some of those two kinds of lumisection are overlapping.

g 1 Good LS
8 Bad LS
Good Bad Decision Value

\ Let human check

Figure 3.1: Three possible regions of prediction

6

46
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3.2 Proposal For an Alternative Approach

Again, the purpose of this work is not to redefine the certification process but mimic a shifter
and reduce their work if there is an obvious case. Then the automatic DCS bit flagging will
stay but we apply the algorithm on top of it rather than remove the criteria. The quantity
value of cach data point are physical quantities such as

1. Features transverse momentum, azimuth angle from the beamline, cte.

2. Objects Mapped to the relevant promary dataset (Le. trakes to ZeroBias, muons to
SingleMuon and so on)

Since each run contain a lot of lumisection which probably too much for processing the
certification, [4] offers a way to certify data by run and lumisection levels where there is
a supervised learning apply in the whole run and feeding only the grey wone to inspect by
lumisection to investigate the outlier on step 2 as in the Figure 3.2.

RUN 123456 »[ LS1 | L52 | LS3] LS4 | LS5.....LS# | LS(n-2) |LS(n-1) |LSn |

DCS bits
\ LS1 | LS4 | LS5].....LS# | LS(n-1) |LSn |

—

SingleMuon EGamma ZeroB1as JetHT g
m m EEETEN)-
—_
STEP 1 — ‘ <.
SRR NEIwN
|| Ll ot - e e ] o
fuzzyANDQ\A
— GOLDEN
| 3 | [ coovr ] > | JSON DATA
[¥e]
[ LS1 | LS4 | LS5]....LS# | LS(n-1) [LSn_| ‘3[’ A
—  — =
SingleMuon | EGamma ZeroBias | JetHT g},
STEP 2 = T S
N R S L T
o
fuzzy AND é = LS4 | LS5]..... |
- human check of BAD LS LS(n-1)

Figure 3.2: ML certification procedure, image token from [4]
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Chapter 4

Methodology

4.1 Datasets

Offline (PromptReco)

¢ pp collisions (Separately study 2016 and 2018 data)
¢ 4 different primary datasets: ZeroBias, JetHT, EGamma, SingleMuon
e Each lumisection (datapoint) contains

Selected n histograms of physics quantity e.g. JetPt, JetEta, JetPhi, etc.
— Represent one histogram with 7 numbers

n % 7 Features

e Good LS defined in Golden JSON else Bad LS

4.1.1 Histogram Representation

ata Ela
10 Entries 22716760407
C Mean o.o1122
- 5td Dev 1636
00— rl_r’JJrH\\L"-l
i L
C J H_L‘
400
sl ,
C r"‘J !
200 Jlrfﬁ HTU’L‘H
10— ~
g e
- —
n"_m::ﬂ‘J..,,l.“.1,..,|,.Hl.,..l,..,l.-.,|.,..LT‘TLr-m_
5 4 3 2 1 o 1 2 3 4 5

Figure 4.1: 5 distribution, image taken from DQM GUI

To mimie the offline shifter that looking at the histogram and certifies data by that. Then
I decided to represent a single histogram with seven quantities instead of feeding all of those
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to the model because it would be an overwhelming large feature. The explicit example ig to
consider one histogram as Figure 4.1
Here are the simple step for picking up our represented vector

s Quantize [10%, 30%, 50%, 70%, 90%] of the histogram (For 2016 data, we quantize
[0%, 25%, 50%, 75%, 100%) of the histogram)

¢ Combines mean and rms

o Use these 7 values to represent one histogram

4.1.2 Data Preprocessing

For numerically convenient, we transform each data point by using
MinMaxScalar Transformation The mathematical expression is represented by con-
sidering lumisection ¢ and features j

Tij — MiDvics, { %1}
maXViEStrain {‘IE'LJ} - minv'iegtra'm {mm}

In principle, each feature in our data should be in range zero to unity.

(4.1)

/

4.2 Semi-Supervised Learning

We exploiding a various unsupervised model from a beautiful simple one to more complicate
neural network which are

¢ Scholkopf’s One-Class SVM
s [solation Forest
¢ 4 Flavours of Autoencoder

Training the model by feeding only good LS ag well ag validate it with good LS to ensure
the learning curve is appropriate for hyper-parameters configurations. After the training
process is done, we test it with both good and bad LS. Consequently, it’s falling into Semi-
supervised Learning category.

4.2.1 Scholkopf’s One-Class SVM

Support vector machine (SVM) ig one of the most popular machine learning models since it
has no randomness and beautiful straightforward way to express. There is a way to tweak
the original one to interpret ag the radius-like hyperplane where the inlier of data iz feeding
and mapped to more than one radius with a soft margin controlled by a factor v as interpret
in [8]. By minimizing

[ .

TJV*ZE«:*P (4.2)

Under conditions
w- () = p—§&, &=0 (4.3)
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With Gaussian Base Radial function (GBF) as a kernel like equation 4.4
k(x.y) =exp(=7|lx — y[[*) (4.4)

4,2.2 Isolation Forest

The idea of bagging the sample and construct a tree are incredibly beautiful are interpreted
and adapt in a way that unsupervised learning comes to the place are study by [6]. Forest are
constructed by picking up subsampling (U) and Iteratively picking up features and random
value to construct the node (equivalent to step function), then Anomaly score evaluate from
average depth of the instance over a forest

s(x,0) =exp” <h{z)>/e(¥) (4.5)

where
e h(z) is the depth in tree h

e ¢(¥) normalization factor growing as logy (W) from branching

4.2.3 Autoencoder (AE)

Let start with the hyper-parameters and configurations of our model

Truncated normal initializer

For model weight initializer, we are using truncated normal initializer which basically by

putting the cutoff only inside £20 of gaussian distribution as in the Figure 4.2 to prevent

some high absolute value that might leading to divergence of model in the training process.
In our case, weset upe=1and p=1

Normal Distribution

0.05 0.13% 2.14% 34.13% | 34.13% 2.14% 0.13%

p—40 u-30 p-20 u-0o u H+o p+20 p+3c p+do

Figure 4.2: Gaussian distribution, retrieved from
https: //towardsdatascience. com/understanding-the-68-95-99-T-rule-for-a-normal-
distribution-b7bTebfi60c2
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Adam Optimizer

Adam stands for adaptive moment estimation [5]. It combines Momentum optimization
and RMSProp to keep the residue of the gradients decaying from the previous update. We
set up Ir = 10~ (learning rate), 5; = 0.7 and 8> = 0.9.

There are 4 flavours of our autoencoder that we constructed

Vanilla AE

¢ Input

PRelLu 128

v
PRelLu 64

!

PRelLu 16

!

PReLu 64

Y
Sigmoid 128

Output
v

Figure 4.3: Body of Vanilla AE

e Concise the information into small latent space and reconstruct the vector 2 from latent
space as in the Figure 4.3

e Loss function is designed by taking the square different reconstructed vector from the
latent space and origin vector as equation 4.6
N
_ 1 Z =12
Etot = 1\7 |£I,'i — ZI,'@| (46)

i
Sparse AE
e Similar to Vanilla AE
e Tweak by L1 Regularizaion (Prevent overfitting)

e Loss function
N

1 . .
ﬁnotzﬁzmiffﬂi\ Jr)\ﬁZH“’jH (4.7)
] j

e where A\; = 1072
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Contractive AE
o Tweak by Jacobi Matrix (Prevent variation in dataset)

e Loss function

Lot = o 3 o=l ) (48)
e where X, = 1077
+ Definition
l@IE= 5 5 (52 ) (49)
ij

o where h; is activation function
& In our cases
— PReLu activation function
lr@)I[* = L L i H(—(wpa®™ + b;)) + H(wpa™ + b;)] > (ws)? (4.10)
k
Sigmoid activation function

1

2

|| Jn(2)]| Nzh‘j | — hij) Z wik)? (4.11)
ij

k

Variational AE

« Random “new sampling” in latent space by gaussian random generator as demonstrated
in Figure 4.4
Z = N(pg,05) (4.12)

¢ Tweak by reduce discontinuity in latent space
o Loss Iunection
1 N
Liot = L s — &[* + Dicr(plg) (4.13)
T

Theorem 1. How much information is loss after represent data with function could be mea-
sured by Kullback-Leibler Divergence

Dy, =<logp - logqg > (4.14)

Where p is observed value and ¢ is approximation function
Since our g is Gaussian function, then D-KL term would looks like

Mntent

- 1 Y
Dkri =5 Zk, (43 + a3, — 2logayg — 1) (4.15)

52



CHAPTER 4. METHODOLOGY 13

i Input

PRelLu 128
v
PReLu 64

P

g
Dense - 16 Dense - 16

PRelLu 64

v

Sigmoid 128

l Output

Figure 4.4: Body  of  Variational —AE  retrieved  from
https: /ftowardsdatascience. com/intustively-understanding-variotional-
autoencoders-1bfe67ebsdaf

Consequently, loss function of variational autoencoder could be written in the closed form
as Equation 4.16

1 N Tjatent

N
1 y . : _ _
Liop = NE :|$i—$i\2+ﬁ§ > (i o, — 2log oy — 1) (4.16)
i i k
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Results and Interpretation

5.1 2016 Datasets

5.1.1

Primary Analysis

In order to roughly understand a group (similar patterns) of data, one way to do it is to
reduce the dimension of data. In our case, there are 259 features which will be transformed
into two-dimension on the basis of two eigenvectors (selected by two largest eigenvalues)
belonging to covariance matrix which computed from the datasets.

Principal component 2

—4 4

Labeled by Human, visual in Principal Basis (JetHT)

'] @ Good
@ Bad
®
°®
* e o T2
* (]
°
°®
*a
&
e .
L X)
«@:
® o °
°
—‘5 (I) é lIO 1‘5 2‘0

Principal component 1

Figure 5.1: Principal component with the labeled color from the system

As it can be seen on the green line in Figure 5.1 that there are nice band which is good
LS and a few weird LSs that located outside the tubular shape as well as bad LS that could
be divided into the bad LS with some patterns and anomaly bad LS which I would call both
of them as "outlier”. That’s essentially the punchline why I called outlier detection instead

of anomaly detection.

14
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5.1.2 Performance

By Iteratively retrain the model ten times to make sure that it’s working systematically and
plot the root mean square as a shady fluctuation in Figure 5.2

Performance Performance
1.00 1.00 —
095 0.95 (
0.90 0.90
0.85 0.85
« = il
£ 0.80 £ 0.80
0.75 0.75 R‘!HM
Autoencoder M
0.70 1 —— wanilla, AUC 99.15 + 0.042 0.70 /_,4"“‘“ Autoencoder
—— Sparse, AUC 98.92 + 0.003 —— Vanilla, AUC 99,15 0,042
0.651 —— Contractive, ALUC 99.13 = 0,041 0.65 - |snlarinn_Foresc. AUC B1.66 £ 1.475
—— Variational, AUC 96,82 * 0,095 —— OneClass-5VM, AUC 99.13 + 0,000
0.60 0.60 - -
0.0 0.2 0.4 0.6 0.8 10 0.0 0.2 0.4 0.6 0.8 10
FPR FPR.
(a) 4 Flavours of AE (b) Vanilla AE vs SVM vs Isolation Forest

Figure 5.2: Comparative visualization of model performance

To sum up, even there are a fancy mathematical expression of non-vanilla autoencoders
but it does not guarantee that we would get the best performance out of it. On the other
hand, the simplest AE has the performance among all AE. One other interesting spot is the
performance of OneClass-SVM also yields the remarkable results as nearly compatible with
Vanilla AE without any fluctuation since the model itself has no randomness and work very
straightforward.

5.1.3 Distribution of decision value (to find the threshold)

The story behind the performance figure is genninely extracted from the distribution of deci-
sion value from Figure 5.3 and slowly moving a threshold of minimal point in the overlapping
region of good and bad LS from a label in the distribution until it got the maximal value.
The below figures are the comparison between our two great candidates by considering to
pick some threshold and see the contamination on each side.

For Vanilla AE, the contamination of bad LS falling into good LS is around 1% over the
good LS below the cutoff and there are only a few of good LS falling into bad LS which might
be ignorable.

For OneClass-SVM, the contamination LS that bad falling into good LS is almost the
same as Vanilla AE does. There is no coincidence for a totally different approach of model
train and spot the same thing. This might implicitly imply that it either came from some
imperfection of data in the training and testing or some kind of malfunction in the sub-system
could not propagate into JetHT physics objects.

As can be seen in the distribution, there is no clear grey zone for this study so far.
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Vanilla AE One-Class SVM
Could be cutoff
(~10)
. istributi f ision Val lass-SVM
. Distribution of Total Error Distribution of Decision Value (OneClass-SVM 1)
. Labeled Goed (Human)
; Labeled Good (Human) Labeled Bad {(Human)
. Teent Labeled Bad (Human) H
1024 : Could be cutoff
' . (~20)
" V&
: - :
* '
10 :
' 10 4
100 e ) 10°4 L]l b TS 1 I
- T - " -10 0 10 o 30 40 50 60
10 ' ' 10 1o Décision Value
Contamination Total Square Emor Contamination H Ce
~15%in ~1.1%in
Good LS Good LS

Spot the same Bad => Good LS

Figure 5.3: Distribution of decision value

5.1.4 Example of square error from reconstruction
IYigure 5.4 shows the example of LS reconstruction which caleulated from x and # between
good and bad LS.

5.1.5 Extended Investigation

[t may be questioned why many of bad LS seems to have a group of bad LS as you have seen
in the plot of hyperspace and few collections of bad LS in decision value distribution (As the
black arrow that links between the distribution and 2D-hyperspace). In this section, I want
to explicitly prove that the model really sees that the right cluster is the worse bad LS and
closer to tubular is less bad .S which decision value has to be quite similar to good LS. In
order to prove that, I choose our best candidate to shade the decision value as z-axis color to
represent how bad LS in each data point is as in Figure 5.5. The result strongly agrees that
there are obvious bad lumisection and less badness as it gets closer to the green band.

5.2 2018 Datasets

5.2.1 Primary Analysis

For 2018 data, we dig a bit more to understand which cause the badness of bad LS by
taking sub-system label into account from RR’s API. There is plenty of sub-systems in CMS
detector. In order to roughly understand the malfunction of sub-system, we decided to pull
label only for HCAL, ECAL, TRACKER and MUON detector which are the main part of
the detector.
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Example of Good and Bad LS
Good LS ( Total SE = 4.39)

0.75 1
X 0.50
k4
0.25 A
0.00 - T T T T T T
0 50 100 150 200 250
Feature Number
Bad LS ( Total SE = 143.65)
20 A
~ 151
1 10 -
N J..AM
0- P 1% " A_A
0 50 100 150 200 250

Feature Number

Figure 5.4: Reconstruction error from Vanilla AE

To roughly describe each feature contribute to each principal component, we extract the
element in matrix transform (equivalent to an element in each eigenvector) and take the
absolute value to consider only for the magnitude and ignore the direction in the space where
it directly proportional to the contribution of each one. The spectrum of contribution will
provide in the following hyperspace of each primary dataset.

According to Figure (5.6, 5.7, 5.8, 5.9), It’s obviously to tell that the cluster of outlier
are mainly consists of malfunction from MUON and TRACKER sub-detector. Not only the
outlier that has an interesting pattern but clustering in inlier is also remarkably considerable
as clustering mainly from a malfunction of ECAL and IICAL that located near or inside the
green band.

Please note that the calculation of the matrix transform exclude failure scenario since it’s
a fake data and it might leading to a weird correlation in covariance matrix. The following
list is the list of important features that highly correlated to the rest of them in our dataset

e From Figure 5.6, qpVt in transverse direction and gSigmalEta contribute in first com-
ponent. Secondly, second component mostly consists of qPUEvt and glumiEvt. Lastly,
there are overlapping feature where both of them sharing the different value which are
qSigmalPhi and qpVitxChi2.

e Regarding Figure 5.7, qglobTkChi2 and qpVtx in perpendicular direction of the beam
are dominated in first component and second component mostly consists of qPUEwvt,
qMuN and gMuNCh orderly. The only overlapping feature in SingleMuon is qglobTkN-
Hits.
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Distribution of Total Error

Loss value from Vanilla AE

Loss as color shading

Loss from AE data, testing set visual in Principal Basis (JetHT)

4

°

Labeled Good (Human)
Labeled Bad (Human)
~10

]
S otal Square Error

-5 o

Applying cutoff (MSE > 10.0 is bad )

0! 107 10°
Purely Guess

.
Labeleﬂ'by Humpn, vispial in PrincipalBasis (JetHT)

Applying cutoff in AE, testing set visual in Principal Basis (/etHT)

4

Principal component 2

e Good
e Bad

5 10 15 20
Principal component 1

Figure 5.5: Colorize reconstruction error from Vanille AE

e For ZeroBias in Figure 5.8, both qgTkPt and gqgTkPhi highly dominate in first com-

ponent.

Second component has smaller correlation which the faetures are gqPULvt,
glumiEvt and qgTkN.

¢ First component are constantly diminated to qCalJetN, qCalJetPt and qPUEvt orderly
according to Figure 5.9. Feature qpVtxChi2, qPFMetP’t and qPFlJetEta also fairly

equally contribute to the second component.

5.2.2 Performance

1) Include low statistics (fill null with zero) and testing with only bad LS form

human

Train with feature set | and the result has shown in Figure 5.10.

The performance of AE for EGamma primary dataset is totally inefficient and even worse
than randomly picking up which means that the model even saw most of bad LS even looks
better than many good LS in the testing datasets. The rest of them is fairly acceptable but
still not enough to exploit in the real system. Another interesting spot is the performance
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Labeled 2018 data (EGamma) Labeled 2018 data (EGamma)
3
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(explained variance ratio = 0.31) (explained variance ratio = 0.25)

Figure 5.6: Two principal components of EGamma

between a couple of AF in SingleMuon PD.

Figure 5.11 has demonstrated that even extended model has been combined various con-
straints that we know but it still not improves any further in terms of performance. Never-
theless, it has remarkable stability, especially for ContractiveVariational AE.

2) Exclude low statistics (Filter LS that has low EventsPerLs with value in the
settings)

Train with feature set 1 and the result has shown in Figure 5.12. We also perform an extended
autoencoder for testing with this case, Figure 5.13 has shown the stability and smoothness
of the threshold as we have seen in Figure 5.11.

Distribution of decision value (to find the threshold)

The distribution of decision value could be seen in Figure 5.14
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Figure 5.7: Two principal components of Single Muorn

60



Labeled 2018 data (ZeroBias) s Labeled 2018 data (ZeroBias)
15 4
Good
Bad_Human
104 Bad_FailureScenario 24
Bad_DCS
~ o 1
g s g
= Q
g | E
|
M ;o
2 o4 =
g 2
g 2
IS s a
Good
-2 Bad_Human
104 Bad_FailureScenario
Bad_DCS
T T T T T T T T T -3 T T T T T
] 250 500 750 1000 1250 1500 1750 2000 -3 -2 -1 0 1 2 3
Principal component 1 Principal component 1
(a) Full range (b) Zoom in
Labeled 2018 data (ZeroBias) s Labeled 2018 data (ZeroBias)
10.0 Good
Bad_HCAL
7.5 24 Bad_ECAL
A Bad_TRACKER
o 504 “ Bad_MUON
= 4 g 1
5 3
g e
g 2.5 2
E
§ ol § o
BT s .| £
‘ 2 |
& =251 Good &
A Bad_HCAL
504 * Bad_ECAL -24
Bad_TRACKER
7.5 Bad_MUON ,
10 s 0 5 10 15 20 -3 2 1 0 1 2 3
Principal compenent 1 Principal component 1
(c) Full range (d) Zoom in
20 largest absolute welght In 1 principal component (ZeroBlas}
1094 20 |largest absolute weight in 2 principal component (ZeroBias)
21x107!
2x10°"
-1
0 19x107t
1§x107t
10724 17x107"
16%x10°!
10-7 4 15x107"

(e) Contribution of features on PC1
{(explained varignce ratio = 0.89)

(£} Contribution of features on PC2
(explained variance ratio = 0.0225)
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Figure 5.10: Model performance for feature set 1 with 2018 dala

Reconstruction Error

Regarding Figure 5.15, the peak around feature 50 in good LS is qglobTkN. Secondly, the
couple clump around feature 80 is qglobTkChi2. The next pile is qglobTkNHits as well as

last forky shape in around feature hundred dominated by gMuNCh.

According to Figure 5.16, the residue in feature number 20 to 30 is qpVtxY. There are

two huddles in bad LS where it mainly consists of qgTkPt, qgTkEta, and qgTkPhi. The

clump in good LS around 70 to 80 mostly is qgTkPhi and qgTkN.

Lastly, by considering Figure 5.17. Features that contain a very first peak in bad LS
is qpVtxChi2. Secondly, around feature number 80 to 90 are qPFMetPt and qPFMetPhi.
Lastly, there are the last two chunks of features ( 120-127 and 130-145) that behave like a
noisy for both good and bad LS. Highly correlated features that show similar features ( 15-35)

are pVtxX, qpVtxY, and qpVtxZ.
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Figure 5.13: Exlended model performance for fealure set 2 with 2018 data



CHAPTER 5. RESULTS AND INTERPRETATION 27
Distribution of Decision Value (Vanilla, SingleMuon datasets) Distribution of Decision Value (Variational, Z ias datasets)
7000 4 e Labeled Good e Labeled Good
Labeled Bad (Human and DCS) 2500 4 Labeled Bad (Human and DCS)
6000
2000 -
5000
4000 1500
& &
3000
1000 4
2000
500 4
1000
0 - - 0 - -
10° 10! 10¢ 10? 10° 10! 10¢ 107
Total Square Error Total Square Error
(a) SingleMuon (b) ZeroBias
Distribution of Decision Value (Variational, JetHT datasets)
e Labeled Good
3000 4 Labeled Bad (Human and DCS)
2500
2000 -
*
1500 4
1000 4
500
0
100 10} 10? 10°
Total Square Error
(c) JetHT
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Figure 5.15: Reconstruction error of SingleMuon
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Figure 5.16: Reconstruction error of ZeroBias
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Figure 5.17: Reconstruction error of JetHT
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Chapter 6

Conclusions

# Semi-supervised learning yields a remarkable result and well describe outlier LS
e So far, there is no grey zone from our model for this dataset
» Bad LS could be divided into two parts

— Bad with some pattern

— Anomaly
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