Uncertainty estimation in deep learning based-
classifiers of High Energy Physics events using Monte_ ...
Carlo Dropout.
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o Let F(x,w) a DNN model with parameters w, the training set Diain = {X,Y}, X
{xq1,...,eny} and Y = {y,,...,yn} are the inputs and outputs, respectively. Bayesian models
allow predictions on a new input point «*, predicting y* = F(x*,w) given the learned weights w.

o (llassifying HEP events, or separating sig-
nal events from the background, is an important
analysis task, in the search for new phenomena.
o Complex deep learning-based models have
been fundamental for achieving accurate perfor-
mance.

o However, the uncertainty estimation has
been traditionally neglected when deep learning-
based methods are used, despite its critical im-
portance in scientific applications.

(1)

The predictive distribution is given by p(y*|x™, X,Y ) = /p(y*\w*, w) p(w|X,Y) dw
N ———

posterior dist.

¢ p(w|X,Y ) in Eq. 1isusually intractable, and Monte Carlo Dropout |1]| allows us to approximate
1t.

More info here

x1 € R", @1 = [leptony, ..., mj, myl,y € [0,1]

MC Dropout
includes dropout
layers after each
dense layer, and

F(x,w) -
with parameters w
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when classification is performed using deep
learning architectures.

¢ BDL models usually estimate uncertainty
by either placing probability distributions
over model weights, or by learning a direct
mapping to probabilistic outputs.

e This work is focused on the use of the Monte

Carlo Dropout (MC-Dropout) method, a
BDL technique proposed in [1| that is based on

predictive
~ distribution using
MC Dropout

dropped connection
linked connection

predictive distribution —

Wi ~ q(w)

Using MC Dropout, we
measure
epistemic uncertainties:

We used autokeras to select the DNN architecture using the Higgs
dataset and the following hyperparameters values:
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Dropout [2] . Hyperparameter Description Values I;: :ﬁ:;:f:;:g:ﬂiiﬂd

num_layers Number of layers 3,4,5,6 03

num_units Number of neurons per layer 32, 64, 128, 256, 512 autokeras x c R

batch_size Batch size 8 y € [0, 1]

Activation Activation function ReLu and sigmoid (output)

Loss Loss function binary cross-entropy
We classify the events from two datasets:
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Each event has with 21 low-level features (lep-
ton_ pT, jetlpT, ...), and 7 high level features
(m__bb, m_wbb, ... ).
e Hadronization of the w meson production
off nuclear targets®.
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to balance the data.
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Low entropy when p(y|x) ~ 0.9 and low values of

m_ wwhbb.

e Preliminary results showed best performance using MC Dropout D,.t. = 0.2, but we still need
to improve classification performance. e High predictive entropy — p(y|x) ~ 0.5, and low mutual
information — model gives similar probabilities in multiple forward passes. e Future tasks: to include
the uncertainty estimations in the training stage to improve performance and to combine BDL with
eXplainable Artificial Intelligence techniques, like SHAP.

GitHub: https://github.com/rpezoa/MCDropout_HEP_classif
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