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OBJECTIVES AND MY CONTRIBUTION

®* The project aims at applying recent progress in Machine Learning techniques
to the automation of the DQM scrutiny for HCAL
® Focus on the Online DQM.
®* Compare the performance of different ML algorithms.

® Fully supervised vs semi supervised approach.



THE CHALLENGE

® Deciding the best architecture of the network is key

® Too little and it may not be able to learn (underfitting)

* Too big and it may learn to only identify very specific and/or unnecessary features

(overfitting)

® There is no rule of thumb

®* Many, many, many...... possible combinations.



WHAT I'VE BEEN DOING

SKLEARN KERAS
® Pre-defined models ®* Make your own models
® Logistic Regression ® A bit sophisticated
* MLP

®* Neural Networks
® Not much control over the model’s * Deep Convolutional

architecture ® Best with image recognition



"Non-deep" feedforward
neural network

hidden layer

Deep neural network

. hidden layer 1  hidden layer 2 hidden layer 3
input layer

==
g %ﬁ; i
o e s

QUTPUT

0116

0.329 0.81
A/

0.708

target: 0
calculated: 069



« NN
===

Image source: “Unsupervised Learning of Hierarchical Representations with Convolutional Deep Belief Networks"” ICML 2009 & Comm. ACM 2011.
Honglak Lee, Roger Grosse, Rajesh Ranganath, and Andrew Ng.
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PROGRESS SO FAR

®* Able to make simple architectures through trial and error
® Measuring the performance

® Results have been promising for simple problems
® 5x5 hot region with fixed location

® 5x5 hot region with random location

* Still figuring out how to train the model with a multiple types of problems

/|



WITH SIMPLE (BINARY, FIXED LOCATION) PROBLEM
SIMPLE ARCHITECTURE

= Sequentia
ConvZD(64, kernel
Flatten( ).,
Dense (2, activatio
1)

model . compile (loss="c

Epoch 2
1198/1198

21 - acc: 0.3017 - wval loss: B.0883 - wval acc: 0.48735

kernel =iz

2, 2), acti
MaxPooling2D (pool size
ConvzD(cd, (3, 3), activa
ConvZD (a4, 2. 2),

Flatten( ).,
Dense (2, activation=

1188/11

i — wal acc: 0.302



MY ARCHITECTURE

= Sequentia
BatchNormalization(input shape=input shape))

o |

ConvZD(E, kernel size=(3, 3), strides=(Z, Z2), activation="relu')

ConvZ2D(E, kernel size=(3, 3), strides=(Z, Z2), activation="relu')

ol =

Dropout (0.23)
Flatten()

activation="=softmax
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NOW LET'S MAKE THE PROBLEM A BIT HARDER

®* With random position
® Multiclass problem (good ,hot, dead)

® Same arch.



Epoch 141/150
RESULTS Epoch 00141: wal loss improved from 0.04021 to 0.03862, =aving model to best weights.hdfs
- 1s - loss: 0.0626 - acc: 0.9844 - wval loss: 0.03B& - wval acc: 0.89808
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Compressed Data

WHAT’S NEXT?

® Plot ROC curves Original Learned
mushroom o N, = representation

®* Compare it to other models
°* AE

®* Why and exactly what is it learning?

®* Can we make it work with something
more realistic?
®* 1x1 bad region (channel)

® Can it identify what values should be
expected after each lumisection?
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THE CHALLENGE

®* You have to make sure that it behaves well in order to perform sensible data

analysis.

® Reduce man power.
® Shifters monitor constantly the quality of the data flow.
® Discriminate between good and bad data to have high purity
® Build something that helps the people to minimize the time needed to spot problems and
save time examining hundreds of histograms

® Build intelligence that analyzes the data and raises alarms in case of problems. Have quick

feedback.



OBJECTIVES AND MY CONTRIBUTION

®* The project aims at applying recent progress in Machine Learning techniques
to the automation of the DQM scrutiny for HCAL
® Focus on the Online DQM.
®* Compare the performance of different ML algorithms.

® Fully supervised vs unsupervised approach.
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WHAT’S NEXT¢

® Familiarize with Keras
® Creation of a model

® Train it, test its performance

®* Compare it to other models

* CNN
* AE

convolution + max pooling
nonlinearity

convolution + pooling layers

fully connected layers

Compressed Data

Original
mushroom

Encode

Decode

Nx binary classification

Learned
representation



https://www.google.com/search?client=firefox-b-ab&biw=1600&bih=763&tbm=isch&sa=1&ei=422pWqL2GM3hkgXb_6ToCw&q=autoencoder&oq=Au&gs_l=psy-ab.3.0.0i67k1l6j0l3j0i67k1.45327.46768.0.48029.4.3.1.0.0.0.145.369.0j3.3.0....0...1c.1.64.psy-ab..0.4.379....0.4ceCzB6ujKs#imgrc=l4vzyepX6ydkMM:
https://www.google.fr/url?sa=i&rct=j&q=&esrc=s&source=images&cd=&cad=rja&uact=8&ved=0ahUKEwiYoL3VwOzZAhXB6aQKHVfNBIoQjRwIBg&url=https://adeshpande3.github.io/A-Beginner's-Guide-To-Understanding-Convolutional-Neural-Networks/&psig=AOvVaw05ollLp7JsV14LUnEG0Kl4&ust=1521140649486487

