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-1 replica
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Robo-shifter

The prediction for this run is 0.43

Please judge by distribution of predictions:

A Robo-shifter [T M « <€ 17627¢C

Suspicious histograms:

I Bad runs
C Good runs

o /OfflineDataQuality/CALO: page 1: Photon and Electrons
Reconstruction: histogram Hypo Energy Rec/Calo



LHCb Data Popularity. Context

Time series prediction

1. Analyze data usage
2. Predict future usage
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ROC Curves. Files Size < 10TB.
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LHCDb data quality

Online & Offline Data Quality Monitoring

- Upgrade LHCb

monitoring software

- Add predictive
capabilities
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The prediction for this run is 0.43
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#monitoring ‘
#predictive ;
#anomaly management

#assistive intelligence
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Suspicious histograms:

» /OfflineDataQuality/CALO: page 1: Photon and Electrong
Reconstruction: histogram Hypo Energy Rec/Calo
/Electrons

o /OfflineDataQuality/RICH: page 6: PID Monitoring with
Lambdas: histogram pion RichDLL (pion-kaon)

o /OfflineDataQuality/RICH: page 8: PID Monitoring with
J-Psi: histogram muon RichDLL (electron-muon)

« /OfflineDataQuality/MUON: page 3: lambda nopid:
histogram proton Pt distribution
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Result

0.894  0.895 0.78
- Compare different algorithms Random Forest 0.899  0.962 0.80
- Decision interpretability (simple)
- Class dis-balance mitigation AdaBoost R 0.80
RandomForest 0.878  0.913 0.77
(bins)
RandomForest 0.881  0.924 0.75
(fft)
Algorithm  |[MRR___ |MAP@1 _____ |MAP@5 ___|MAP@10
Treelnterpreter 0.47 0.35 0.22 0.17
Decision Rule 0.56 0.26 0.12 0.07
Gradient
. AdaBoost 0.54 0.43 0.21 0.12



CMS Data Certification CMS

Automatically highlight anomalous lumisections
Rejection Rate

fraction of luminosit

- Analyze 2010 CERN e A
open data

- Develop algorithm for
bad lumisection
identification, based on
event characteristics

#monitoring
#predictive
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2017

results

InputLayer for calorimiter
Followed by DropoutLayer
Output shape: (None, 266)

InputLayer for muons
Followed by DropoutLayer
Output shape: (None, 267)

InputLayer particle flow
Followed by DropoutLayer
Output shape: (None, 126)

InputLayer for photons'
Followed by DropoutLayer

Output shape: (None, 232)

Y \ 4 \ 4 \ 4
DenselLayer DenselLayer DenselLayer DenselLayer
Followed by DropoutLayer Followed by DropoutLayer Followed by DropoutLayer Followed by DropoutLayer

Qutput shape: (None, 50) Output shape: (None, 50) Output shape: (None, 50) Output shape: (None, 50)

- Developed semi-
supervised algorithm for
i d e n t | fy | n g C h a n n e I Followed by DropoutLayer Followed by DropoutLayer Followed by DropoutLayer Followed by DropoutLayer
anomalies using just e

Output shape: (None, 10) Output shape: (None, 10) Output shape: (None, 10) Output shape: (None, 10)
Output shape: (None, 1 Output shape: (None, 1 Output shape: (None, 1

ElemwiseSumLayer
Output shape: (None, 1)

- Started working on
2016 (much more N
realistic dataset)

ROC AUC score of subnetwork scores against ground truth labels by subs

muons
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— PF 0.7
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ML HEP, summer school, invitation

2015 — Saint Petersburg,
Russia

2016 — Lund, Sweden
2017 — Reading, UK

- 60 participants from 18
countries, 47 universities

- ML basics, Deep
Learning, GANs, GP

- Invited speakers from
academia and industry

Data Challenge
https://bit.ly/mlhep2017
2018 — Oxford, UK (TBC)
- speakers?

- sponsors?
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QUESTIONS?

Andrey Ustyuzhanin
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