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BDT Classification:

● Code adjustments for the classification BDT, now featuring GPU implementation. This reduces the 
hyperparameter search time from approximately 6 hours to just 40 minutes.

● BDT classification results when altering the track pT, with tests at 0.8, 1.0, and 1.2 GeV.

Background Studies:

● Analysis of the background study for the B+→J/ψK+ channel. (On going)
a. Samples produced with and without filter.

● Analysis of event leakage into bins 3, 5, and 7 due to Final State Radiation (FSR).

Reweighting Studies:

● Use of the Class Flipping technique (First Approach).
● Use of the GB Reweighting technique (Second Approach).
● Use of the Run II technique (Third Approach).
● Use of the techniques suggested in the paper: Machine Learning on data with sPlot background subtraction 

(Possible Fourth Approach).

https://arxiv.org/abs/1905.11719
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❏ Both Datasets have passed the preselection criteria and the BDT threshold

❏ We can see quite clear the contamination of the resonant bins in the nonresonant bins like bin 3, 5 
and 7 (bin before the j/psi, between the j/psi and psi(2s) and after the psi(2s) region)
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An totally arbitrary cut has been imposed here and the 
optimization procedure will be done by next meeting (Following 
the Run II)

The optimisation criteria is the reduction of the feed-through from 
the control channels to a negligible level, below X% of the total 
background on data within the mass window defined by 
|m(K±π∓µ+µ−) − mPDG

B0 |< 0.28 GeV, where X is defined as: 
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Using the totally arbitrary cuts the difference was brutal in the fits (see slides from the last presentation) and 
I expect to improve those fits with the optimization criteria of the Run II.

https://indico.global/event/18057/contributions/155480/attachments/70015/138284/C%C3%B3pia%20de%20Tema%20UERJ-RIO.pdf
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The method resolves a technical limitation in XGBoost by converting an invalid instruction into a processable rule. 
This allows the algorithm to learn and isolate the data of interest without crashing, even if the approach lacks 
physical meaning.

Key Points:

● Rule Adaptation: It transforms a negative weight in the Signal class into a positive weight in the Background 
class.

● Objective Maintenance: The algorithm remains focused on reducing the probability of an event being 
classified as Signal.

● Computational Stability: It enables the model to train correctly without causing the collapse of internal 
calculations (avoiding numerical instability).

● Theoretical Limitation: The solution is a purely mathematical/computational trick and holds no physical 
validity.
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● LogLoss Plot: From the LogLoss plot, we observe that the curves take slightly longer to diverge compared to the AN (Analysis 
Note). However, at a higher number of iterations, the differences begin to emerge.

● ROC Curve: Both ROC curve results demonstrate good agreement between the training and testing samples. The same strategy 
from the AN was used, splitting the data into even and odd samples based on the event number. Consequently, the BDT was 
trained on one fold and applied to the other.

● BDT Output: The BDT Output exhibits a discrepancy on the right side of the plot, but it maintains the overall shape of the data 
distribution.
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Closure Test Psi(2s) - (First Approach)

10
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Reweighting Studies - (Second Approach)

12

The Gradient Boosted Reweighting technique (implemented in the hep_ml library), based on the paper Reweighting 
with Boosted Decision Trees (arXiv), is indeed highly promising. It solves classical problems associated with 
multi-dimensional data reweighting and successfully handles negative weights derived from sPlot. However, it does 
present some limitations:

● Overfitting and the Absence of Global Metrics: There is no single, definitive metric generated by the model 
to warn against multi-dimensional overfitting. Consequently, the primary analytical tool for validation ends up 
being the Kolmogorov-Smirnov (KS) test.

● Dependency on a Secondary Classifier (Indirect Validation): Due to the lack of a native validation metric, 
an extra and computationally expensive step is required in the pipeline. To evaluate whether the reweighting 
was successful and did not simply "memorize" the training data (overfit), it is necessary to train an 
independent classifier (a new decision tree or neural network). The objective of this secondary model is to 
attempt to distinguish the reweighted data from the target data in the test set.

https://arxiv.org/abs/1608.05806
https://arxiv.org/abs/1608.05806
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● Generating the BDT output plot is straightforward, as it simply requires going back one step and redefining the BDT 
output from the reweighting weight.

● However, regarding the ROC curve, there might be an issue because I did not use scikit-learn's roc_curve 
function. Since some events have negative statistical weights (sWeights), this violates the monotonicity requirement of 
scikit-learn when calculating the Area Under the Curve (AUC). Consequently, it became necessary to compute the 
area using direct integration via the trapezoidal rule.
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Closure Test Psi(2s) - (Second Approach)
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Reweighting Studies - (Third Approach)
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Closure Test J/Psi - (Third Approach)
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Closure Test J/Psi - (Third Approach)
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Closure Test Psi(2s) - (Third Approach)
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Fitting Result J/Psi
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Fitting Result Psi(2s)
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