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Figure 1: The distribution of the invariant mass for the background and signal simulations.

1 Introduction

Experiments in modern particle physics often search for physics beyond the Standard Model.
Such searches test proposed theoretical models, but these models can be limited in scope or
insensitive to deviations from what is specifically being tested. Several alternative model-
independent algorithms have been suggested, where a neural network (NN) can be trained
to learn directly from the data. [I 2, B, 4] are examples of such studies with varying
model dependence, including analyses done with unlabeled data [2] or unsupervised training
[4]. Another approach to anomaly detection is to focus on systems with very well known
backgrounds, such as the production of four leptons via intermediate resonances. Here
we may create a NN that is signal model independent while still relying on a background
model. We could compare the data obtained from the ATLAS experiment to an accurate
simulation of the background, letting the NN search for discrepancies between the two. These
discrepancies have the potential to be signals arising from new physics beyond the standard
model.

2 Data

The particular decay at the heart of my project is the decay of Higgs-like particles to two
bosons, which then decay to two electrons and two muons: H — XY — u"p~eTe™ [5]. This
is the dominant four lepton Higgs decay, where we do not distinguish between permutations
of the leptons, e.g. 2u2e and 2e2p. 1 used a simulation of 100,000 background events resulting
from Higgs decay, of which 31,451 were the 2u2e decay for an efficiency of about 31.5%. For
the purposes of testing and training, I also examined three simulated signals with Higgs
masses of 125, 150, and 250 GeV with efficiencies of 7.7%, 9.8%, and 16.9%, respectively,
as in figure [1, Ultimately the process of anomaly detection described below is itself signal
model independent, but these test signals encompass a wide enough range of possibility to
be considered proof of concept.



The simulated data can be interpreted to encompass many parameters. That is, for a
given 2u2e decay event, we can look at different information to provide the NN with an input
of different dimensions. For example, the one-dimensional case examines only the mass of all
four leptons together, myy. The three dimensional case examines my, as well as the masses
of the two lepton pairs separately as mgy, and mg.. The twelve dimensional case is either
the momentum vector (ps,py,p.) or (pr,n,¢) for each lepton, where pr is the transverse
momentum, 7 is the pseudorapidity, and ¢ is the polar angle coordinate. Generally, I found
that the performance of the NN improved with more dimensions. However, for the sake of
time and efficiency, most of the work in this report concerns the my = 125 GeV case in
three dimensions.

The NN is designed to compare experimental data with simulation. Here, the “simula-
tion” includes only background events, and the “data” consists of background events injected
with some amount of signal events. Throughout I will refer to this signal amount either as
the exact number of events, the corresponding cross-section, or the percentage of the signal
relative to the entire 2e2u data set; e.g., a 5% 125 GeV signal means 5% of 7,700 events, or
385 events.

In order for the NN to accurately represent the experimental situation, it must accurately
account for the integrated luminosity of the LHC. The current run of the LHC, Run 2, has
an integrated luminosity of 150 fb~!, with the scheduled Run 3 update set to increase it to
300 fb~t [6]. T reduced the simulated background events to appropriately match the Run 2
luminosity using

Tppsh BT() / Ldt = (total events) f (1)

for a cross-section oy, and branching ratio Br() obtained from [7, 18], and [ Ldt = 150fb~*.
Ultimately I found that the fraction f required that we use 23.19% of the 31,451 background
events.

3 The NN

3.1 Loss Distributions

I created a NN using Keras under Tensorflow in Python. A key part of the NN is the loss
function I used, which was obtained from [I]:
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Here y is the input data, f(x) is the output predicted by the NN, and is the fraction of
the data used in training, which here is 0.5. In course of training, the NN minimizes the loss
with every iteration until it plateaus to some approximate final value. This particular loss
function happens to have useful statistical properties where the loss reflects the test statistic
used to compute p-values.

Partly this is useful in terms of calibrating the NN, but it also allows us to more closely
examine the distribution of the final loss for different NNs found for the same background
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Figure 2: The loss distributions for 10%, 1%, and 0% signal. The analysis in this case has
been performed for the data set before accounting for experimental integrated luminosity,
and so this does not reflect the true expected loss distributions.

signal mix. That is, say we look at a “simulation” data set with 10% signal. For that
data set, we train a large number of NNs, each of which produce a slightly different final
loss. The loss distribution for 10% signal should be fairly different from the loss distribution
for 1% signal, or that of just the background, as seen in figure 2| In fact, we can find the
median p-value of the loss distribution for 10% signal relative to the background distribution.
Because of the loss function’s convenient statistical properties, this median p-value reflects
the confidence with which it can detect an anomalous signal using the NN as well as the
confidence of distinguishing the 10% signal “simulation” loss from the background loss.

We can compute the median p-value for a range of varying signal amounts, and ultimately
produce a curve comparing median p-value to signal cross section. We know that the median
p-value will decrease as signal increases- the more signal there is, the easier it is to detect-
so we are interested in the point at which the p-value first crosses 0.05.

3.2 ROC Curves

Another way of measuring the efficacy of a NN is by examining its ROC curve; an example of
a series of ROC curves is provided in figure[3] These curves are mainly illustrative, comparing
the true and false positive rates for the NN. The false positive rate is the rate at which the NN
incorrectly classifies pure background events as events belonging to the background/signal
mix, and the true positive rate is similarly the correct classification. Ideally we want the
former to be close to 0 and the latter close to 1.

As figure [3]| demonstrates for a more general case, the more signal there is, the better the
ROC curve. Failing that, we can also improve the curve by ensembling. After using a given
data set on a large number of existing NNs (for example, using a full signal set on many NNs
trained on 40 signal events, as in figure |4)), we can take the median of the results to produce
a much better curve.
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Figure 3: Some early ROC curves for varying signal percentages. As in figure [2 the data
set here has not been adjusted for the experimental integrated luminosity.
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Figure 4: An example of how ensembling may improve the ROC curves. After finding the
median of 100 ROC curve scores for a ”simulation” set with 40 signal events, we note that the
ROC curve tends to have a higher TPR rate than FPR rate, approaching the ideal case. In
this instance, the data set has been adjusted for the experimental luminosity and is working
under a setup nearly like the one described in section 3.3. However, the number of epochs
is 40 rather than 200, which is likely less than ideal.
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Figure 5: An intermediate result in the process of trying to determine the median p-value
curve for varying amounts of signal.

3.3 Refining the NN

The NN itself also has a number of parameters I can set to alter its behavior. The qualities I
looked at included the number of epochs, the batch size, the number of learnable parameters,
the learning rate, and the optimizer used. Although I did perform organized tests to better
determine the optimal settings, I nonetheless found iterative testing to be valuable, and so
the final configuration I settled on changed even after formal tests. At the time of this report,
the NN uses 200 epochs, a batch size of 200, 50 learnable parameters, a learning rate of 1072,
and the Adam optimizer. I found the learning rate to have the most drastic effect on NN
performance, but perhaps more importantly I found that if the number of epochs is too low,
the NN simply won’t finish learning and the losses obtained will be largely unhelpful.

4 Results

Much of this project was iterative, where I would create a NN under a certain data set that
produced decent, but imperfect results, and then I would set out to improve both the NN
and how I used the data. As such, the most recent median p-value plot I produced in figure
is still just another step in that process, and it is far from the ideal curve.

For the most part this is the result of an error that occurred sometime between when I
refined my NNs, as in section 3.3, and when I attempted to produce this final plot. Though
testing suggested that 40 epochs would be sufficient, upon closer inspection this was not
the case. It would seem that at this stage the NN had not, in fact, finished learning, so
the loss distributions would entirely overlap regardless of the amount of signal used and the
calculated p-value was largely unhelpful. However, further tests suggests that 200 epochs
would instead be sufficient. The increased length of time these NNs would require to run,



coupled with the close of my internship, prevented me from giving this the attention it
deserve, but the framework is in place to better examine this.

5 Conclusion

My work with machine learning in signal model independent anomaly detection serves as a
proof of concept that such NN can indeed be used to pick out certain signals in the Higgs
decay to four leptons. I have created a framework with which the median p-value curve
can be created that could determine the minimum signal necessary for detection. Though
there are further improvements that still can and ought to be made on the system, these
adjustments are no so much technically difficult as time intensive, so I believe that with only
a few more steps I would produce more definitive results.
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