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Supervised Learning:

•  uses labelled data to supervise the algorithm to classify data.

• Can be used to tag or classify a particle

Unsupervised learning : 

• uses unlabelled data to identify patterns or clusters of a dataset.

• Can be useful in detecting anomalies in the dataset, to identify a 

rare process in the set.

• Interplay of Traditional Methods and Machine Learning Algorithms for Tagging Boosted Objects (Published)

Authors :Bose. C., Chakraborty. A., Chowdhury.S., Dutta.S.

Reference : https://link.springer.com/article/10.1140/epjs/s11734-024-0125

• Living review in particle physics: https://iml-wg.github.io/HEPML-LivingReview/…………….
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Machine learning Overview:

• Boosted Top Tagging through Flavour-violating interactions at the LHC (Published)

Authors :Chowdhury.S., Chakraborty.A., Dutta.S.

Reference : https://link.springer.com/article/10.1140/epjc/s10052-025-13943-2#article-info



• Introduced by Teuvo Kohnen in 1980

• Also called Kohnen map

• Based on unsupervised learning

Principle:

• Initialise a map or grid of m × n neurons.

• Initialise randomized weight vectors for each neuron (W).

• Calculate the Euclidean distance between an instance of data and a 

neuron by,

      𝑫𝒋𝒌 =√ 𝚺𝒊 (𝒇𝒊 − 𝑾𝒋𝒌
𝒊 )𝟐

      where i runs through the number of features, fi are the features.

• Best matching unit (BMU) = min(𝑫𝒋𝒌 )

• Update the weight vectors using gaussian function

Self Organizing Map : An Unsupervised Algorithm…. 
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SOM:

• A 60×70 grid space where the data points have been mapped.

• Weight vector of each neuron of same no. of component as the number of 

feature.

• Brighter points refer to more data points and darker ones for less data 

points.

• Data normalised to total number of events
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Training:

Features: 𝑵𝑳𝒋𝒆𝒕 , 𝑵𝒃−𝒋𝒆𝒕 , 𝑵𝒄−𝒋𝒆𝒕 , 𝒑𝑻
𝒄−𝒋𝒆𝒕

, 𝒑𝑻
𝒃−𝒋𝒆𝒕

, 𝝉𝟐𝟏 , 

𝝉𝟑𝟐 , 𝚫𝑬𝑻
𝒃−𝒋𝒆𝒕𝟏

, 𝚫𝑬𝑻
𝒃−𝒋𝒆𝒕𝟐

, 𝚫𝑬𝑻
𝒄−𝒋𝒆𝒕

, 𝚫𝒙𝒃𝒋 , 

𝚫𝒙𝒄𝒃 , 𝚫𝒙𝒄𝒋



SOM:

• A 60×70 grid space where the data points have been mapped.

• Brighter points refer to more data points and darker ones for less data points.

• Data normalised to total number of events

U-matrix or unified distance matrix:

• calculated as the mean weight distance of a grid cell from 

the neighboring cells.

• Darker regions signify closely related neurons, brighter 

lines depict larger separation between the neurons. 
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Training:
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Topographic Error: 

• Refers to, how well the spatial 
relationships between data points 
are preserved on the SOM map…

• for how many events out of all the 

events, the Best Matching Unit and 

2nd Best Matching Unit are not 

adjacent to each other.
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Weight planes:

• Gives insight about the dimensionally reduced map.

• Each weight plane corresponds to a particular feature used.

 

• Final map structure is the combination of all these planes.



• Clusters identified as:

              Left: QCD di-jet events(91%)

Testing:
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• Clusters identified as:

              Left: QCD di-jet events(91%)

• Clusters identified as:

              Right:  SM top decay sample(90%)
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Testing:
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Testing:
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Testing:

100000 Test sample for each process…
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Testing:

100000 Test sample for each process…

nLepton>0, 𝒑𝑻> 300 GeV and missing energy greater than 300 GeV
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Testing:

100000 Test sample for each process…

nLepton>0, 𝒑𝑻> 300 GeV and missing energy greater than 300 GeV
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Subset of C-3, C-4, C-5, C-6

Signal Regions:
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Subset of C-3, C-4, C-5

Signal Regions:
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Subset of C-3, C-4, C-5

Signal Regions:
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Subset of C-3, C-4, C-5

Signal Regions:
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• Unsupervised machine learning: a more generalized and effective way for 
clustering unlabelled data.

• Self-organizing map(SOM) has a very simple structure (with one input and one 
output layer) than complex supervised learning structures (with multiple hidden 
layers).

• useful in visualizing data in 2D space.

• Studied a rare decay process by training the grid with its similar SM processes.

• Can be useful in examining different processes for possible hints of BSM! 

Summary :

THANK YOU…..
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Backup Slides……..
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Why Top-tagging  ??

• Opportunity to study “bare” quark: Top quark is the heaviest known particle in SM,

                             lifetime (𝟏𝟎−𝟐𝟓 s) < Hadronization time (𝟏𝟎−𝟐𝟒 s) 

• Top taggers address leptonic or Hadronic decay modes of top……

• leptonic decay tagging example: one of the recent works entitled, Tagging a boosted top 
quark with a τ final state [Phys.Rev.D 108 (2023) 3, 035011], tagging top in t→ b W, W → 
𝜏𝜗𝜏 mode.

• Another one Boosted top quark tagging and polarization measurement using machine 

learning[Phys. Rev. D, 105(4):042005, 2022].

• Hadronic decay tagging example: JH Top-Tagger [Phys. Rev. Lett. 101, 142001 (2008)] , 
HepTopTagger[JHEP 10 (2010) 078], TopoDNN [JHEP, 05:006, 2017], LorentzNet 
[SciPost Phys., 5(3):028, 2018], … works for t→ b W, W having a hadronic decay mode. 

• Top can have FCNC decay modes too, like t→ c H, there these taggers may fail!!
21
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• Weight = 
1

𝑁𝑀𝐶
× 𝜎𝑀𝐶 × 𝐵𝑅 × ׬ ℒ ⅆ𝑡

• 𝑁𝑀𝐶 = 𝑁𝑢𝑚𝑏𝑒𝑟 𝑜𝑓 𝑚𝑜𝑛𝑡𝑒 𝑐𝑎𝑟𝑙𝑜
 𝑒𝑣𝑒𝑛𝑡𝑠 𝑔𝑒𝑛𝑒𝑟𝑎𝑡𝑒ⅆ

• 𝜎𝑀𝐶 = 𝑃𝑟𝑜ⅆ𝑢𝑐𝑡𝑖𝑜𝑛 𝑐𝑟𝑜𝑠𝑠−𝑠𝑒𝑐𝑡𝑖𝑜𝑛 
𝑓𝑜𝑟 𝑡ℎ𝑒 𝑝𝑟𝑜𝑐𝑒𝑠𝑠

• BR = Net branching fraction of the 
combined decay channel

• ׬ ℒ ⅆ𝑡 = Integrated luminosity

Receiver Operating Characteristics(ROC):

Algorithm: BDT
Classifier: AdaBoost
Cuts:1b-jet, 1c-jet
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LHC Physics and anomalous events:

Jets: 

• Collimated sprays of hadrons, Clustering the energy deposits 

in the detector.

• Understanding of Jet substructure help analysing objects in 

high pT regime..

 

https://cds.cern.ch/record/2800123/files/ATL-PHYS-SLIDE-

2021-758.pdf

Anomalous Events:

• Those deviate significantly from the existing predictions of 

the Standard Model (SM); 

• flagged as anomalies, could indicate the presence of new 

physics.
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LHC Physics and anomalous events:

Jets: 

• Collimated sprays of hadrons, Clustering the energy deposits 

in the detector.

• Understanding of Jet substructure help analysing objects in 

high pT regime..

 
Machine learning in High energy physics:

• Collider experiments generate terabytes of data per 

second. Large backgrounds difficult to identify genuine 

anomalies.

• ML can help uncover signs of new physics by ability to 

recognize patterns and detect deviations in vast and 

complex datasets.
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