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ML CAN DO BETTER!
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I KNOW NOTHING ABOUT ML!

APPLYING MACHINE LEARNING TO CLUSTER ANALYSIS JORDAN ASHLEY, UNDERGRAD
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APPLYING MACHINE LEARNING TO CLUSTER ANALYSIS BDT INPUT VARIABLES
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▸ Position: x, y, and z, incident angle 

▸ Size: local x and y 

▸ Total size (number of pixels) 

▸ Energy deposited 

▸ Time of arrival 

▸ Calculated from pixel hits: 

▸ RMS for x and y 

▸ Skewness in x and y 

▸ Aspect ratio

CLUSTER VARIABLES PIXEL HIT VARIABLES
▸ Top 9 pixels in order of energy deposit: 

▸ Energy deposited 

▸ Time of arrival

Grand total:  

32 input variables



APPLYING MACHINE LEARNING TO CLUSTER ANALYSIS PREVENTING OVERTRAINING
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▸ Lots of trees 

▸ Each tree is shallow 

▸ Additional weight given to 
misclassified clusters

ADAPTIVE BOOSTING TMVA VARIABLE WEIGHTING
▸ Calculates correlation 

coefficients 

▸ Assigns preliminary weights

+ LARGE NUMBER OF CLUSTERS 



APPLYING MACHINE LEARNING TO CLUSTER ANALYSIS OPTIMIZING PERFORMANCE

8

HOW DO WE KNOW WHEN WE’VE GOT IT RIGHT?

0.968 0.975 0.978

0.974 0.957  

EVALUATION 
ROC AUC

▸ Change 
hyperparameter(s) 

▸ Run BDT  get 
ROC 

▸ Iterate ad nauseam 

▸ Compare ROC 
AUCs 

→



APPLYING MACHINE LEARNING TO CLUSTER ANALYSIS
800 trees, 50/50 train/test split, 0.5 adaptive boost beta, max depth of 3 

MINIMUM NODE SIZE How big can each leaf be? Specified as % of available data for each set.

OPTIMAL: 1.5%
▸ Min signal clusters: 4536 

▸ Min background 
clusters: 29693
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OPTIMIZING PERFORMANCE
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WHAT ABOUT PERFORMANCE ERROR?
▸ Very small range of 

AUC values 

▸ Basic iteration costs 
lots of time + 
computing 
resources



APPLYING MACHINE LEARNING TO CLUSTER ANALYSIS K-FOLD CROSS VALIDATION
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THERE’S A TMVA VALIDATION PROCEDURE FOR THAT!
▸ Current project stage 

▸ Runs BDT on each fold 

▸ Train/test split → K-1 train 
“folds” (chunks of data) 
and 1 test fold 

▸ ROC AUC mean and 
standard deviation 
automatically calculated

Example from TMVA Users Guide

K = 3

https://root.cern.ch/download/doc/tmva/TMVAUsersGuide.pdf


APPLYING MACHINE LEARNING TO CLUSTER ANALYSIS CURRENT STATUS
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▸ Looking good!
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▸ Extracted ROC AUC data 
from k-fold procedure 
results



APPLYING MACHINE LEARNING TO CLUSTER ANALYSIS
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https://github.com/j-s-ashley/beta

THANK YOU

https://github.com/j-s-ashley/beta


ADDITIONAL INFO
APPLYING MACHINE LEARNING TO CLUSTER ANALYSIS
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APPLYING MACHINE LEARNING TO CLUSTER ANALYSIS CLUSTER INCIDENT ANGLE VS SIZE
SIGNAL BACKGROUND
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Cluster size in y (parallel to beam axis), incident angle from interaction point



APPLYING MACHINE LEARNING TO CLUSTER ANALYSIS TMVA HYPERPARAMETERS
800 trees, 3% min node size, 50/50 train/test split, 0.5 adaptive boost beta

MAXIMUM DEPTH How large can each tree grow? Specified as # of nodes (leaves).

OPTIMAL: 8
Smallest number of nodes within 
stable range
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APPLYING MACHINE LEARNING TO CLUSTER ANALYSIS TMVA HYPERPARAMETERS
3% min node size, 50/50 train/test split, 0.5 adaptive boost beta, max depth of 8 

NUMBER OF TREES How many trees can be in our forest?

OPTIMAL: 800
Accidentally did this one 
first, so these results are 
biased.
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APPLYING MACHINE LEARNING TO CLUSTER ANALYSIS VARIABLE RANKS
200 trees, 5% min node size, 50/50 train/test split, 0.5 adaptive boost beta, max depth of 3  (These are the parameters we’ve been using to date.)

50 μm 75 μm 100 μm 200 μm 400 μm

Top ranked variables across range
1. Cluster_ArrivalTime 

2. Cluster_Size_y 

3. Cluster_z 

4. Cluster_Size_x 

5. PixelHits_ArrivalTime* 

6. Incident_Angle 

7. PixelHits_EnergyDeposited* 

*Calculated by taking the average ranking of the top ranked 
variable, regardless of pixel number
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APPLYING MACHINE LEARNING TO CLUSTER ANALYSIS SELECT VARIABLE DISTRIBUTIONS
800 trees, 3% min node size, 50/50 train/test split, 0.5 adaptive boost beta, max depth of 8 

CLUSTER ARRIVAL TIME

TOP-RANKED VARIABLE 
ACROSS ALL THICKNESSES
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APPLYING MACHINE LEARNING TO CLUSTER ANALYSIS SELECT VARIABLE DISTRIBUTIONS
200 trees, 5% min node size, 50/50 train/test split, 0.5 adaptive boost beta, max depth of 3 

(These  are the parameters 
we’ve been using to date.)

CLUSTER SIZE IN Y
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APPLYING MACHINE LEARNING TO CLUSTER ANALYSIS SELECT VARIABLE DISTRIBUTIONS
CLUSTER Z POSITION

800 trees, 3% min node size, 50/50 train/test split, 0.5 adaptive boost beta, max depth of 8 
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APPLYING MACHINE LEARNING TO CLUSTER ANALYSIS SELECT VARIABLE DISTRIBUTIONS
200 trees, 5% min node size, 50/50 train/test split, 0.5 adaptive boost beta, max depth of 3 

(These  are the parameters 
we’ve been using to date.)

CLUSTER SIZE IN X
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APPLYING MACHINE LEARNING TO CLUSTER ANALYSIS SELECT VARIABLE DISTRIBUTIONS
200 trees, 5% min node size, 50/50 train/test split, 0.5 adaptive boost beta, max depth of 3 

(These  are the parameters 
we’ve been using to date.)

PIXEL HIT ARRIVAL TIME
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APPLYING MACHINE LEARNING TO CLUSTER ANALYSIS SELECT VARIABLE DISTRIBUTIONS
INCIDENT ANGLE

800 trees, 3% min node size, 50/50 train/test split, 0.5 adaptive boost beta, max depth of 8 
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APPLYING MACHINE LEARNING TO CLUSTER ANALYSIS SELECT VARIABLE DISTRIBUTIONS
200 trees, 5% min node size, 50/50 train/test split, 0.5 adaptive boost beta, max depth of 3 

(These  are the parameters 
we’ve been using to date.)

PIXEL HIT ENERGY DEPOSIT
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APPLYING MACHINE LEARNING TO CLUSTER ANALYSIS ADAPTIVE BOOSTING
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From Nicolas Chanon lecture: 

 

 

 

 

 

yBoost(x) =
1

Ncollection
⋅

Ncollection
∑

i

ln(ai) ⋅ hi(x)

hi = ± 1

αm = β × ln ( 1 − errm

errm )
errm =

∑N
i=1 wiI(yi ≠ Tmxi)

∑N
i=1 wi

wi → wi × eαmI(yi≠Tm(xi))

I = {1 misclassified event
0 otherwise

https://people.phys.ethz.ch/~pheno/Lectures2012_StatisticalTools/slides/Chanon2.pdf

