VBF H(cc) analysis

ANN and decorrelation strategy
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Huge unbalance between ATLAS 4 unversma  =5¢
signal and background

Total number of train data: 102’618 Total number of train data: 42'878 Pgtorch network
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Balanced data

Balanced data - dropout 0.2
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ROC curve Area under the ROC, Ir=1"%, batch=7200, dropout=0.2 (0.4 only 8 layers)
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» Increase the number of events for training

» Overfitting under control with the dropout and large batch size

» Study on the batch size as Luke suggested

16/01/24 Greta Brianti - greta.brianti@cern.ch



Decorrelation strategy

SR

W > UNIVERSITA =
&I!ﬂﬁé 82" DI TRENTO D(

RRRRRRRRRRRR



3
%

*
2
S

4

& & -
: : &) UNIVERSITA =
Correlation metrics ATLAS &9 piesar =€
Distribution of Mass Distribution of Mass after Cut
Mass Mass|h > 0.5

GOAL: measure how the cut on the
network output affects the background
distribution of c/b- tagged jets
invariant mass

00 02 04 06 08
Mass

The Jensen-Shannon

JSD(PI|Q) = (KL(P||M) + KL(Q|IM)) [3]
with M = % and KL the Kullback-Leibler divergence

In our case, the divergence is used to measure the difference between the normalised
mass distributions of the background jets passing and failing, respectively, a given jet tagger cut:

l
Nyeg (m) Ny (m)>

JSD(P|1Q) =]SD<
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https://cds.cern.ch/record/2630973/files/ATL-PHYS-PUB-2018-014.pdf
https://indico.cern.ch/event/1159913/contributions/5062704/attachments/2540460/4374178/ML4Jets2022.pdf
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Decorrelation methods ATLAS

GOAL: use a decorrelation method that doesn’t affect the network classification
performance

BG Data SG Data
B S
Real Data | X1 .- Xn € R? | Trained Classifier | A(X1) - h(X,) ER Binning the Other methods?
€ h Classifier scores scores

Adversarial NN
B, .. By

New Physics? «—— Bump hunt . J0|th 5G
Estimation of M; m

A

Make cuts on transformed classifier output T(h(X)), where T (h(X)) is independent of the
protected variable myy, /. for background data.
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https://indico.cern.ch/event/1159913/contributions/5062704/attachments/2540460/4374178/ML4Jets2022.pdf
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Optimal Transport (OT) = ATLAS
GOAL: learn a monotonic transformation T(: |c) between the input feature space Q(- |c) and a target feature space P(-)
A solution to this problem is the optimal transport map that gives us:

V29(Q;0)=P & V,f(P;0)=0Q

Where 0 represents the trainable parameters of the network and f, g are two convex functions.

The problem is solved by finding f, g = Input Convex Neural Networks [4]

The ICNN gives the transport function V,. f (x, c; 8) with f(x, c; 8) a convex function in xbut notin c

Benefits:

1. We make the output of the classifier INDEPENDENT from the invariant mass.
2. We do not affect the classifier’s performance.
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https://arxiv.org/pdf/1609.07152.pdf
https://arxiv.org/pdf/2307.05187.pdf
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https://cds.cern.ch/record/2802264
https://arxiv.org/pdf/2307.05187.pdf

Decorrelation =
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Features description Ebtaindy M DITRENTO o

Input features (12)

Description

Invariant mass of the VBF jet pair

m;j
pT,jj Transverse momentum of the VBF jet pair
pégalance Ratio of the vectorial and scalar sums of the transverse momenta of ¢, , ¢,, j; and j,.

(7t —p7?) (p3* + py?

Asymmetry in the VBF jet transverse momenta

ATI (CC,jj) Separation in 11 between the c-tagged jet pair and the VBF jet pair
A(,b(CC,jj) the separation in ¢ between the c-tagged jet pair and the VBF jet pair
tan—1 (tan (Acp(cc)) / tanh (An(cc))) the measure of the relative angle of n and ¢ between the two c-tagged jets.
2 2
Njets the number of jets with p; >20 GeV and 5| <4.5
min AR (]'1(2)) the minimum separation in R between the (sub)leading VBF jet and any jet in the event that is not a
part of the b-tagged jet pair or VBF jet pair
le(z) the number of tracks matched to the (sub)leading VBF jet.
trk
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Pytorch Network
for Classification task

## Dataset preprocessing

batch_size = int(batch)

scaler = StandardScaler()
X_train=scaler.fit_transform(X_train)
X_test = scaler.transform(X_test)

traindataset_cl = myDataset(X_train,y_train)
testdataset_cl = myDataset(X_test,y_test)

train_loader_cl = torch.utils.data.Dataloader(dataset=traindataset_cl,
batch_size=batch_size,
shuffle=True)

test_loader_cl= torch.utils.data.Dataloader(dataset=testdataset_cl,
batch_size=batch_size,
shuffle=True)

Scaling on the whole dataset (TensorFlow: scaling on the
batch with BatchNormalization layer)

¥ = X —mean

B o
mean: mean of the training sample = center the data
before scaling

o: unit standard deviation
sklearn.preprocessing.StandarScaler
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# Neural Network with customizable number of layers and nodes
class NeuralWNet(nn.Module):
A DL model with customizable layers and nodes.

def __init_ (self, input_size, layers):

super(NeuralNet, self).__init_ ()

self.layers = nn.ModuleList()

last_size = input_size

for layer_size in layers:
self.layers.append(nn.Linear(last_size, layer_size))
last_size = layer_size

self.layers.append(nn.Linear(last_size, 1))

self.relu = nn.ReLU()

def forward(self, x):
for layer in self.layers[:-1]:
x = layer(x)
x = self.relu(x)
x = self.layers[-1](x)
return x

Input: Number of features. nodes per layer
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OQutput: Single output for binary classification

model = NeuralNet(len(X_train[@]), [256,256,256])
model

v/ 0.0s

NeuralNet (
(layers): ModuleList(
(0): Linear(in features=12, out features=256, bias=True)
(1-2): 2 x Linear(in features=256, out features=256, bias=True)
(3): Linear(in features=256, out features=1, bias=True)
)
(relu): ReLU()
)
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https://scikit-learn.org/stable/modules/generated/sklearn.preprocessing.StandardScaler.html
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LLoss function
Extended results
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