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INTRODUCTION RESULTS

The Standard Model is the theory of how particles behave and interact. It has NEURAL NETWORK (NN)
produced amazingly accurate predictions but there are still some pieces missing,
such as particle candidates for dark matter and gravity!'l. This has sparked a * InFig. 3 it is shown how predictions are most precise for ¢§'* < 0 and ¢{y” > 0.
search for New Physics. One promising such search focuses on B-meson decay!?l. ® Produces one sigma contours of similar size to current methods, fig. 4.
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This decay is heavily suppressed in the Standard Model and it is therefore 3 - 0-47 Bl Our Model 1o
sensitive to New Physics!?l. .
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To compare different New Physics models, we use Wilson Coefficients, the most 17
interesting of which are 9 and C,o. These seem to deviate from the standard
model. Currently the Wilson coefficients are found through a complicated fit.
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Inspired by recent successes!4l using machine learning in high energy physics, we —2-
want to improve this fitting method using machine learning. Increased precision in
Wilson coefficients could lead to a breakthrough in the search for New Physics.
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Fig. 3) Grid with true values (black) with Fig. 4) One to three sigma contours of
M ETH O D predictions (red and blue). predictions and current best fit.
DATA BOOSTED DECISION TREES

® The data used are the squared invariant mass, g2, of the decay along with the o
angular variables 6y, 9;, and ¢.

® These are generated with Monte-Carlo Simulations.

® For our Neural Network method, the data is then converted into a histogram

Can distinguish data generated with New Physics from data generated with
Standard Model physics within ACY'F = 0.5, see Fig. 5.
® Can correctly identify most likely ¢{Fto precision of 0.5 over whole range -3 to

with 10 bins in each of the four variables. 3, see Fig. 6.
® Data is split into a training set and a evaluation set to verify performance. 1.0
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A Neural Network is a directed graph with a series of node layers. Each layer 3 X o 8 g %
connects to the next through weighted edges which are tuned during training. £ o Sl §TIL . g
Each input node is a bin from the histogram and the outputs are the Cy and Cy,. g ~65000 - ¥ > = ¥ y §
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® Multiple Outputs :
® Cana imat functi -3 ~2 -1 0 1 2 3
pproximate any function o True clF

® Performs Regression

Cons:

® Requires additional processing

® Loses information during binning

Fig. 5) Log-likelihood prediction of a dataset being Fig. 6) Log-likelihood for a set of
generated from New Physics. cYPspaced 0.5 apart. Black square
indicates the most likely coefficient.

Fig. 1) Representation of our neural network.

Conclusion

BOOSTED DECISION TREES (BDT)

A Boosted Decision Tree Classifier is a collection of shallow decision trees. They * To aid the search for New Physics, we have developed two machine learning
are combined to achieve better performance than a single decision tree. methods for determining the Wilson coefficients C9 and Cy .
5 ® Using a BDT, a dataset can be correctly determined to originate from New
ros:

Physics or the Standard Model. The correct value for Cq can also be determined
in most cases.

Using a NN, both ¢4 and C,, are determined with similar confidence to current

AN ® Resilient to outliers methods.
~ = ® Both models are more accurate in Cq than Cy,.
\ ® Both models become more accurate for smaller Cq and larger C;
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¢ Minimal data processing
¢ Established method o
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Fig. 2) lllustration of BDT
predicting C,.

jakub.pazio18@imperial.ac.uk, oskar.hogberg18@imperial.ac.uk Physics Department, Imperial College London



