, Local approach: data collected in each muon chamber layer are

; A :
(I e 4 3,1

RPC: |n] < 12
Trigger and reconstruction
The RPCs are double-gap chambers operated in avalanche mode, ot
high electric field. They use bakelite electrodes with a high bulk
resistiviby, RPCs are mainly used for accurate timing and fast
Eriggering and bunch crossing assigument

DT: |n] < 1.2

the anode wire in the

field

Enhancement of the
forward region

GEL1/1: 1.6 < |n] < 22
Trigger and reconstruction

Baseline detector for GEM project
36 super—ckambers (sC) per

One super—chamber is made of

Installation: LS2 (R019-20)

CSC: 09 < |n] < 2.4
Trigger and reconstruction
The CSCs operate as standard multi-wire

proportional counters with a finely segmented
cathode strip readout. The strips run radially

outward ko measure the muon position th the
bending plane, while the anode wires [arc:)vi,cie a

measurement ih R. Good performance and

resistant to high particle rates

AutoDAM
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> evetoped. a kool called AutoDQM ko assisk DAM shifters in looking for hard to spot Prc}bi.ems
User specifies reference run and the tool flags ploks using statistical tests (bin-by-bin pull

i values, Kolmogorov-Smirnov test, ete.)

> Ik is towfiguro\bte for all the subsvsﬁems, no heed ko maMuaLLv scan hundreds o{ pta&s

/!

§> User still needs to specify reference run: time-consuming and not always an obvious choice

< - - 3 _ - ) S § < _ ) L . - B - B - 5  ~ 3 . - N ~ e ~ - AN ~ _ . - e

RecHit Occupancy Pull Values

Data: 301165

RecHit Occupancy, Run 301165 RecHit Occupancy, Run 301531

ME +4/2
ME +4/1
ME +3/2
ME +3/1

ME +4/2
ME +4/1 |
ME +372
ME +3/1 .
ME +2/2
ME +2/1 |
ME +1/3
ME +1/2

ME +2/2
ME +2/1
ME +1/3
ME +1/2
ME +1/1b

Endcap/Station/Ring
=
Entries / Bin (x 10?)
Endcap/Station/Ring
Entries / Bin (x 10?)

ME +1/1a
ME -1/1a |~
ME -172

| ME +1/1a | | | “ua
» ME -1/1a \
ME -1/1b
ME -1/3 ME -1/3 H ME 13
: vE-21 B Ll Same plot for the reference run v 271
ME -2/2 ME -2/2 VE 22
ME -3/1 - . '___I!E_-Sh et — ME -3/1

ME -1/1b ME -1/1b

ME -1/2 ME -1/2
ME -3/2
ME -4/1
ME -4/2

ME -372
ME -4/1
ME -4/2

5. 20 25 30 35 30 35

Chamber #

Chamber #
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> Occupaincy plots are among the most important DAM plots, They show the »frequev\cv of
hiks in given detector channels and are used to quickly identify and diagnose
problems ' '

> Very high-dimensional data = standard outlier detection techniques give poor
perafarmahta. Utilize both supervised and semi-supervised heural-hetwork methods
based on the use-case

[%]
=
c
>
o
o
0

S ; 8 < ; A Soai 2 < : o s g < oa g : 2 < - b T 4 < - M g 4 o o § E L il 4 - N, . 29
[P R P A -2 P ul P S TP S PP ey A Sy o . e o aaTa o o e o e oo o — g e e - 20" - o o o e i ; Z o a0 e oo o — : -

cio~ .

treated independently from the other Layers S o
> ‘Prepro«cess and standardize: E.M&e.rpoia&e ko walke e 2 | 5 g
o N TR R SUSRNCE 7 LN U 2 S IR o e SO WS TR o K NSRS e e ey - SR MM R e 1 e ORNNL Py comnected %)

the same size, median filter to remove isolated 5 0.6

5 n CNN, AUC: 0.995

, ¥aut&j chammets, YA X SC&LLV\S : SNN, AUC: 0.993
4 "’// S N A~ e Variance, AUC: 0.977
g> Train a 1D 3x1 CNN using each 47-channel | Lo -5 SV, AUG: 053
i wmuon chamber layer as a sample o Y S Sobel, AUC: 0.916

Compare_d bo numerous benchmark models on withheld kesk sek: CNN

’44 > Regional approo\tk: all Lo\v@.rs are considered simut&anecusiv i a

B

b > Few examples of this mode of failure

£ > ALl models minimize the mean squared error of input and

CNN working point

0.20

gives best Feraformoxmae Fall-out (1-TNR)
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muon chamber, but each muon chamber is considered independently
fyom bthe obhers

Sensitivity (TPR)
o o
fe') ©

= fuu.j supervisad approach will not
work, try a sami:-supervised
AutoEncoders (AE)

46x12 input maps

4@46x12 feature
maps Ji 4@46x12 feature

maps

46x12 output

—— Convolution, AUC: 0.937

=== Sparse, AUC: 0.926

----- Denoising, AUC: 0.908
Simple, AUC: 0.858

recomnstructed samples = high reconstruction error on samples

Fall-out (1-TNR)
that are problematic
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Trigger and reconstruction
The DTs are segmented in
Llong aluminum drift cells.
The position of a traversing
muoh is determined by
measuring the drift time to

center of each cell, with an
optimally shapeci eleckric

endcap, each super—chamber spans 10°

2 back-to-backe Eripte—GEM debectors

3 > GOAL: exploit ML/DL techniques to d.eve.top aln novative tool
0.25 | .

0.8 1.0

onitoring tools for the CMS muon
ctor: present workflows an

automation

Cesare Calabria on behalf of the CMS Collaboration
CHEY 201¥% COM{Q\‘@.MC@# =13 3%1.3 2O1Y%, Soﬂfia , Bulgaria [~ SeslonediBar

:

F Istituto Nazionale
di Fisica Nucleare

MS _

-,f A critical asset to guarantee a high-quality data for physics analyses (online and offline)

DEn Dk

,’ Online DAM assess data goodness and identifies emerging probi&ms i the detector

> Daka with poor quality are flagged by eyeballing D&M GUI and comparing a set of ,
histograms to a reference qood sample
.’> Problems with current strateqy: | ~'
' > Delay: human intervention and tests require collecting sufficient stakistics
> Volume budget: amount of quantities o human can process i a finite time period
, > Human driven decision process: alarms based on shifter judgment
, > Changing runhing condikions: reference samples change over time ;.

I > Manpower: the effort to train a shifter and maintain instructions
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LS # Event # Run started, UTC time

929 . 1'520'232'100 . Sat Nov 25 '17,09:39

tus (Statisticall

B Offine: summary . 307073 .

SC - 100.0% - (Never) DT - 100.0% - Nov 25, 10:40.04
CSC (100.0%) DT Report Summary Map

=

Ecal - 99.3% - Nov 25, 10:40.04 EcalPreshower - 100.0% - (Never)
reportSummaryMap EcalPreshower Report Summary Map
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Info - 100.0% - (Never)

Egamma - 100.0% - (Never)
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LT - 100.0% - Nov 25, 10:40.04
HLT Report Summary Map

Hcal - 0.0% - (Never)
reportSummaryMaj

JetMET - 100.0% - (Never)
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RPC - 97.8% - Nov 25, 10:40.04 SiStrip - 98.9% - Nov 25, 10:40.02  Tracking - 100.0% - Nov 25, 10:40.02 Al

RPC Report Summary Map h{ !
' ' 5y

01-SegmentReso-Mean

Mean value of the residuals all (cm)

PixelPhase1 - 49.8% - (Never)
Pixel Summary Map
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" > Idea: Treak imyu& histograms as (abins)-

L dimensional points and reduce to just a 1
few dimensions using Principal Component %
Analysis (PCA) |

Machine Learning

Problem: hundreds of unique 1D DQM
J histograms, How to detect anomalous ones?

~

§> Wont an atgari&km that simply flags o DQM
histogram as potentially problematic, given §

nothing buk the histogram itself § > Find that all DAM plots almost completely

described by first 1-3 principal components 3

Shouldint require manual Labeling of .
thousands of DM plots to train algorithm §

Color is by run
number (Le. kime).
Different clusters

corre*wxd to
different groups
of runs with slight

First 3 Principal Components First 2 Principal Components

> Should be easily adap&abie ko new
subsvs&ems/pto&s

> Should be able to handle a wide variety of
. ruliiing conditions \\.r

differences
confiquration,
leading to small
shifts in the

histograms

; | ‘ —-0.10 -0.05 0.00 0;((;.5 0.10 0.15 0.20 0.25
> Since the first few principal components
describe the “normal” variation of the

histograms, normal runs are reconstructed

quite well from just these components

[ > Shouldnt depend on a large number of
| example bad plots (these are quite rare),
and should be sensitive to never-before-
seen anomalies

3> "Bad” or “oublier” runs cannot be described §
well from these components, so the |

reconstructed histogram will not match the f
original well ]

Wire TBin Fired (ME +1/1b)
= Run 301531
== PCA Prediction
(n_components = 1)

Anode recHit Time (ME -1/1a)
= Run 301531
== PCA Prediction
(n_components = 1)

Number of Segments per Event
—— Run 305588

Normalized
Normalized

£ )
¥ > Use sum-of—squmed—errors as a measure of §
similarity between histograms ‘

< - et -

0.3
Anode recHit Time (ME -1/1a)

= — PCA Prediction

[ Good runs < [ Good runs
§ 1o Anode rechit Time (ME -1/12)

[ Bad runs g o fumsarson I Bad runs
H 2 P raseten

Normalized
Normalized

0.2]

0.15

FPR = 0.025 FPR = 0.002

0.1
0.05]

0500 150 50 0 50 100 150

Anode recHit Time (ns) # of Segments

Blue is the original, unmodified histogram

Red is the “reconstructed” histogram from the first few principal components
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> L1 and LlMuon trigger are implemented in custom electronics:
many input components and mulkiple channels of electronic
communication that can fail, leading ko “anomalous” trigger

<+ W+1_S4_MB3: anomalous chamber
<+ W-1_S3_MB3: normal symmetric chamber

§ rates !
: > Important to monitor the system i real time and quickly
¥ Lde.uf:ixfj and fix any probt&ms !

Inst. Lumi. [x103% Hz/cm?]
Distribution of scores: AE

= Normal chambers
Anomalous chambers

2 for the Ll1Muon Rarrel Trigger rate monitoring in CMS

f: > The algorithm must:

> correlate trigger rates and instantanecus Lluminosities
coming from different Muon detectors and electronics

componen&s . A
? > E.cie.nf:&fj chamber(s) with rate probi.em(s) 1w
/Qi ) ﬁ()rre.’.&&e. di«‘F{ereM& SOULT'(:QS OAF LV\‘FOT‘MOL&LOV\ EO MQRQ Q 3 { K_Meansaveraged:ismnce e = Normal chambers
‘ diagnosis of the issue

} > Work is ongoing with promising results especially from the semi-
supervised (AutoEncoder) and completely unsupervised

§ approaches (LOF, K-Means clustering) | £
| > Ulkimately, unsupervised approach is probably best as it can  §
: in theory generalize to never-before-seen problems 3 Il M-



