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Overview

* Fixed some bugs while performing sanity check
* Re-trained ABCDNet:

 Same learning rate, etc. as sanity check

* Larger NN (4 hidden layers, 128 nodes per layer)
* Normalize inputs as follows:

* pr — log(p)

* Mass — (mass - min)/(max - min)

* Loose presel: Xbb > 0.3 && XWqqg > 0.2 && XWqqg > 0.2
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Input features

Input features look sensible (more here)
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http://uaf-10.t2.ucsd.edu/~jguiang/gator_plots/abcdnet/#ABCDNet_mini
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ABCDNet: No DisCo

2 = Lpcp(fsp(X1, X3), y)+0 X dCO”?:()(fSD(Xsz)»Xo)
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ABCDNet: A =1 DisCo

2 = Lpcp(fsp(X1, Xp), y)+1 X dCO”?:()(fSD(Xsz)»Xo)
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ABCDNet: A = 2 DisCo

2 = Lpcp(fsp(X1, Xp), y)+2 X dCO”?:()(fSD(Xsz)»Xo)
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ABCDNet: A =5 DisCo

2 = Lpcp(fsp(X1, Xp), y)+5 X dCO”?:()(fSD(Xsz)»Xo)
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ABCDNet: A =10 DisCo

2 = Lpce(fsp(X), X3), y)+10 X dCO”%:o(fSD(Xsz)» Xp)
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ABCDNet: A =50 DisCo

2 = Lpce(fsp(Xy, X3), y)+50 X dCO”?:()(fSD(Xsz)»Xo)
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ABCDNet: A =100 DisCo

L = Lycrfsp(X1, X), »)+100 X dCorry_o( fsp(Xy, X,), Xo)
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Summary

* Performance seems stable across A values

* Next steps:
* Test decorrelation between |Anj| and the NN discriminant
* Optimize a SR (borrow PNet cuts from BDT SR)
* Test ABCD

* Try other A’s, double disco, etc.
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Sanity Check

* Goal: repeat the first example in the PRL
paper (3D gaussian variables)

* (1) and (2) define the 3D gaussians
* (3) and (4) give the rest:
* |nput: X1, X2 (DisCo target: Xs3)
NN architecture: 3 hidden layers; 128
nodes per layer; ReLU between layers;
sigmoid output

 A=1000, Adam optimizer
 2M sig, 2M bkg
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PHYS. REV. D 103, 035021 (2021)

IV. APPLICATIONS

This section explores the efficacy of single and double
DisCo in some applications of the ABCD method.

A. Simple example: Three-dimensional Gaussian
random variables

We begin with a simple example to build some intuition
and validate our methods. Consider a three-dimensional
space (X, X;,X,), where the signal and background are
both multivariate Gaussian distributions. We choose the
means y and a covariance matrix X for background and
signal as

i, = (2.5,2.5,2),

So for the background, all three features are centered at the
origin and features X, and X are correlated with each other
but independent of X,. For the signal, all three features are
independent but are centered away from the origin. The
first feature X, will play the role of the known feature for
single DisCo in Sec. III.

All of the neural networks presented in this section use
three hidden layers with 128 nodes per layer. The rectified
linear unit (ReLU) activation function is used for the
intermediate layers and the output is a sigmoid function.
A hyperparameter of A = 1000 is used for both single and
double DisCo to ensure total decorrelation. The single
D1sCo training converged atter 100 epochs while the
double DisCo training required 200 epochs. Other net-
works only needed ten epochs. The double DisCo networks

a_single peural network with a two-

All models were trained using
Tensorflow [89] through Keras [90] with Adam [91] for
optimization. Two million examples were generated with

15% used for testing. A batch size of 1% of the total was
used for all networks to ensure an accurate calculation of
the DisCo term in the relevant loss functions.

We first consider two classifiers: a baseline classifier
fBL(X1,X,) trained only on X; and X, and a single DisCo
classifier fsp(X1,X,) which includes a penalty for corre-
lations between fsp and X,. The values of these classifiers
for events drawn from the distributions are plotted in Fig. 3
against the X, X;, or X, values of these events. We see that
even though X, was not used in the training of the baseline,
the classifier output is still correlated with X, because of the

e —

correlations between X, and X;. In contrast to the baseline
classifier, the single DisCo classifier is independent of both
X and X, and is simply a function of X,. Intuitively, it
makes sense that a classifier that must be independent of X,
must also be independent of X ;. This is justified rigorously
in Appendix B.

For double DisCo, we train two classifiers fpp(X,Y, Z)
and gpp(X,Y,Z) according to the double DisCo loss
function. The results are illustrated in Fig. 4. The first
classifier depends mostly on Z and the second classifier
depends mostly on X and Y. However, the residual
dependence on all three observables is not a deficit of
the training procedure: even though the three random
variables are separable into two independent subsets
(X,Y) and Z, the two classifiers learned by double DisCo

035021-8
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Sanity CheCk Target: recreate this ROC curve!

* Goal: repeat the first example in the PRL 1050 | 4 3D Gaussian — oeue visco gt x50
paper (3D gaussian variables) s 1R == Single Disc fo(X X
g 104 "._\"._\. -+ ABCD D'ouble l?isCo
» (1) and (2) define the 3D gaussians N SR \\ NN T gm0
1/FPR % 103g \\'.... \‘\.\ —-— Fully Supervised
- E ) '
e (3) and (4) give the rest: S 102|
@) ;
A4 [
* |nput: X4, X2 (DisCo target: Xs) @ 10%
. . 100}
* NN architecture: 3 hidden layers; 128 _ _ _ |
nodes per layer; ReLU between layers; Signal Efficiency
S' m0|d OUt Ut —— —————TE
J P TPR
* A =1000, Adam optimizer TPR = TP/P = (true positives)/(positives)

+ 2M sig, 2M bkg FPR = FP/N = (false positives)/(negatives)
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Sanity Check: No DisCo

2 = Lpcp(fsp(X1, X3), y)+0 X dCO”?:()(fSD(Xsz)»Xo)
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\ Sanity Check: PRL DisCo
2
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Sanity Check: No DisCo

L = Ll fspX1, X2), )40 x dCorr(fip(X;, X,), Xp)

— test
train
selected epoch

150 200

17

1.0F

o ©o o
H ®)! 0

Signal efficiency

—
N

O
O

—— DisCo train (AUC = 0.93)
DisCo test (AUC = 0.93)

0.00

025 050 0.75 1.00
Background efficiency

UC San Diego




N/ O
o

2.57

Avg. Loss
=
U

0.5

Sanity Check: PRL DisCo

L = Lo for(X1. X5), y)+ 1000 x dCorr(fun(X,, X,), Xo)
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ABCDNet: No DisCo

L = Ll fsp(X1, Xp), )40 x dCorr(fip(X;, X,), Xp)
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ABCDNet: A =1 DisCo

L = Ll fspX1 Xp), )+ 1 x dCorr(fip(X;, X,), Xo)
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ABCDNet: A = 2 DisCo

L = Ll fsp(X1, Xp), )42 x dCorr(fip(X,, X,), Xp)
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ABCDNet: A =5 DisCo

Z = Lpce(fspX1, X5), y)+5 X dcorrz(fSD(Xsz),X())
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ABCDNet: A =10 DisCo

L = Lol for(X1. X), v)+ 10 x dCorr’(fo (X, X5), X,)
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ABCDNet: A =50 DisCo

L = Lo For Xy, Xo), v)+50 x dCorr’(fop (X, X,), X)
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ABCDNet: A =100 DisCo

L = Lol for(X;. X5), y)+ 100 x dCorr*(fip(X;, X5), Xo)
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