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Machine Learning

Teaching the computers to do something exactly  
like the way people learn.
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Horse:

Horse!

How do people learn? 
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Cake:

Cake!

And this is Machine Learning!
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Traditional Programming

Machine Learning

We train the algorithm on known data sets and we want 

to find the answer for the unknown cases so we ask the 

computer to do this.
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Higgs Data Set

• A data set which is produced by Monte Carlo simulations (11,000,000 events)

• It has 28 features and a mixture of Higgs and background events     
• The 21 features are Kinematic properties measured by the detectors in the 

accelerator
• The last 7 features are functions of the first 21 features
• Outputs are Higgs (Signal) or Background
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We train our method on this known data set and try 
to use the method for the unknown data set

that is produced as a result of collisions



Machine Learning

Physical Example

 X → vector of Features
 Y → output : Higgs (Signal) or Background → 0 or 1 
 Proposing a function like F(X) = aX1 + bX2
 Try to find optimal a and b
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TMVA

ROOT, Machine Learning→ TMVA

• Toolkit for Multivariate Data Analysis

• Bunch of methods that  provides a ROOT-integrated machine 
learning environment

• It includes Rectangular cut optimization, Boosted/Bagged 
decision trees, Artificial neural networks, …
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TMVA 
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Training Phase 
Training the method on known dataset

Test Phase 
Applying the method to some random chosen part of the known 

dataset to check the performance

Application Phase 
Applying the trained method to unknown dataset
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CrossValidation
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A technique for assessing how a trained method will perform when 
applied to an independent dataset 

Splitting the data set into complementary subsets, training the method on 
one subset and testing on the other one

Every data point gets to be in a test set exactly once

The advantage is that we can independently choose how large each test 
set is and how many trials you average over



Cross Validation

Test Set

Test Set

Test Set

Test Set

fold 1 fold 2 fold 3 fold 4

K-fold cross validation  (k=5)

 Complete dataset 

 Training dataset  Test dataset 

1st iteration  → Calc. 
error 

2nd iteration  → Calc. 
error 

3rd iteration  → Calc. 
error 

4th iteration  → Calc. 
error 

Calculate 
avg. error
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fold 5

Test Set

5th iteration  → Calc. 
error 
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Receiver Operating Characteristics -> ROC
• In Machine Learning → a graphical plot that illustrates the performance of a classifier
• Sensitivity → Probability to predict S if true S
• Specificity → Probability to predict B if true B

In our case →
Sensitivity → Signal Efficiency
1 - Specificity → Background Rejection

We want to maximize these quantities.



Cross Validation: PlotROC() 

PlotROC→ Small Higgs DataSet (1,000,000 events)
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Parallelization
• Multithreading: 

- More difficult to Implement : 
needs locking → no Global Variable
- More "light weight" form of 

concurrency
- There is less context per thread 

than per processor

• Multiprocessing:
- Easier but in some cases slower
- Processors are insulated from each  

other
- Error in one processor cannot bring 

down another processor

Thread 1

Thread 2

Thread 3

Thread 4

→

→

→

→
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Test Set

Test Set

Test Set

Test Set

fold 1 fold 2 fold 3 fold 4 fold 5

Test Set

Thread 5

→



Parallelization

ROOT Classes for Parallelization
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ThreadPool→Multithreading

TProcPool→Multiprocessing



TProcPool and ThreadPool
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Create a pool of threads (ThreadPool) or processors (TProcPool)

Change the main part of the code that we want to execute in parallel to a 
Lambda Function

Use Map(func, n) function to execute the lambda function n times in 
parallel and storing the results in a vector

Reduce() function for summing up the results stored in the vector
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Outlook

Parallelization of different methods like 
DT → Decision Tree
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Summary

• Computer Science 

• Machine Learning

• PlotROC()

• ROOT Classes for Parallelization

• Parallelized CrossValidation

• Decision Trees
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Thank you all very much 
for your attention!
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