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๏ An idea we are working on since a while (there is always something 
useful to make it better) 

๏ Work is still in progress. Results are preliminary, but we are refining 
them to get soon a paper out 

๏ Work done in collaboration with Caltech CMS group

About this seminar
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BSM as Anomalous 
events at LHC Run I

Detector issue: laser calibration mixing with 
collisions 

•  problem in run 136100, spotted by DQM 



๏ Traditionally, data take 2-7 days before becoming available for analysis 

๏ Not an issue in steady-state mode (e.g., now) 

๏ A substantial delay at startup, particularly if you hope for an early 
discovery 

๏ This is why we implemented in 2009 an alarm system for special physics 
events

The CMS data-flow
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Trigger

Data Parked on 
Disk 48h

Calibration derived 
on special data

Data processed 
with calibrations

Detector



๏  Back in 2009, we implemented a 
set of triggers to catch rare 
(and possibly interesting events) 

๏ high-Pt jets, muons, electrons, 
photons or taus 

๏ large lepton multiplicity 

๏ large di-object invariant mass 

๏ Stored O(10) events/day, 
processed in real time  

๏ Studied by experts (visual 
inspection of event displays)

The Exotica Hotline
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๏ The system was deployed in 
2010, with a real-time 
alert system and a team of 
expert scanners 

๏ It got some attention back 
then 

๏ It was actually very 
effective in discovering 
something (which 
unfortunately was not new 
physics)

The ringing bell…
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What was “found”
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Detector issues: HE/HB HPD noise  

•  Reported7to7HCAL7DPG7–77

•  fix7from7John7Paul7Chou,7
already7implemented7in7
the7exo,ca7hotline7

Weird events: “muon jet” 

•  A7cosmic7muon7showers7in7the7CSC7producing7197segments7that7result7in797STA7muons7
  Reported7to7the7Muon7POG7

•  Only7one7standalone7track7remains7aHer7using7an7improved7version7of7the7muon7trajectory7cleaner7
(fix7courtesy7Daniele7Trocino)7
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Detector issues: HE/HB HPD noise  

•  Reported7to7HCAL7DPG7–77

•  fix7from7John7Paul7Chou,7
already7implemented7in7
the7exo,ca7hotline7

HCAL Noise

Weird events: “muon jet” 

•  A7cosmic7muon7showers7in7the7CSC7producing7197segments7that7result7in797STA7muons7
  Reported7to7the7Muon7POG7

•  Only7one7standalone7track7remains7aHer7using7an7improved7version7of7the7muon7trajectory7cleaner7
(fix7courtesy7Daniele7Trocino)7

muon jet



What was “found”
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Detector issues: spike faking a high pt photon 

~ 300 GeV photon. A closer look showed it is a not isolated ECAL spike 

Detector issue: laser calibration mixing with 
collisions 

•  problem in run 136100, spotted by DQM 



What was “found”
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Detector issues: spike faking a high pt photon 

~ 300 GeV photon. A closer look showed it is a not isolated ECAL spike 

ECAL spikes

Detector issue: laser calibration mixing with 
collisions 

•  problem in run 136100, spotted by DQM 

ECAL calibration laser 
in physics datasets



What was “found”
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muon jet

Interesting Physics: unbalanced dijet event 

•  presumably due to one of the jet in in the HB/HE boundary. 

normal dijet+MET



๏ Given the integrated luminosity and the 
typical turnaround time for an analysis, 
physics can wait 48h 

๏ Anomalous events are now looked for using 
standard data stream 

๏ Instead, exotica hotline is still useful at 
startup, to early catch problems with 
reconstruction (e.g., with MET) 

๏ The early-alert system was retired in 2015, 
just after Run II started

Exotica hotline today
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๏ Model independent 
analyses are performed 
at colliders since 
Tevatron 

๏ Plot a lot of histograms 
for data and compare 
them to what you expect 
on Monte Carlo 

๏ Look for a discrepancy 

๏ If you find it, try to 
exclude any instruments-
driven explanation

What we do today
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๏ The issue with this approach is the 
trial factor (look-elsewhere effects) 

๏ one sets a p-value threshold α 
(e.g., 5%) to define the alarm 

๏ a fraction ~ α of the bins will be 
off even in absence of an anomaly 

๏ for large number of bins, this 
dilutes discovery power 

๏ ATLAS came out with a proposal: use 
the analysis to identify an excess, 
but establish the significance with a 
traditional method on an independent 
dataset 

๏ This is the same spirit we have in 
mind for what follows

Trial factor 
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The LHC Big Data 
Problem



•40 MHz in → 100 kHz out

•~ 500 KB / event

•Processing time: ~10 μs

•Based on coarse local reconstructions

•FPGAs / Hardware implemented
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The LHC Big Data problem



•100 kHz in → 1 kHz out

•~ 500 KB / event

•Processing time: ~30 ms

•Based on simplified global reconstructions

•Software implemented on CPUs
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The LHC Big Data problem



•1 kHz in → 1.2 kHz out

•~ 1 MB / 200 kB / 30 kB per event

•Processing time: ~20 s

•Based on accurate global reconstructions

•Software implemented on CPUs
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The LHC Big Data problem



•Up to ~ 500 Hz In → 100-1000 events out

•<30 KB per event

•Processing time irrelevant

•User-written code + centrally produced 
selection algorithms
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The LHC Big Data problem



๏ With such a tight selection to be made, the risk of discarding events is 
not negligible 

๏ Particularly because we found no new physics in the data we collected 

๏ The problem starts with the need to assume a specific model, to then 
make sure that we trigger on it. What if we never considered the right 
model? 

๏ We would like to deploy in the trigger system an algorithm that selects 
anomalous events 

๏ Data-driven approach (data mining) that could guide the next 
generation of new-physics searches 

๏ We don’t want to define what “anomaly” means based on BSM hypotheses 
(as it was done with the hotline) 

๏ We would like to do this using Deep Learning

New Physics Mining
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Anomaly Detection



๏ Autoencoders are compression-
decompression algorithms that learn to 
describe a given dataset in terms of 
points in a lower-dimension latent 
space 

๏ UNSUPERVISED algorithm, used for data 
compression, generation, clustering 
(replacing PCA), etc. 

๏ Used in particular for anomaly 
detection: when applied on events of 
different kind, compression-
decompression tuned on refer sample 
might fail 

๏ One can define anomalous any event 
whose decompressed output is “far” from 
the input, in some metric (e.g., the 
metric of the auto-encoder loss)

Autoencoders in a nutshell
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๏ When taking data, >1 person watches 
for anomalies in the detector 24/7 

๏ At this stage no global processing of 
the event 

๏ Instead, local information from 
detector components available (e.g., 
detector occupancy in a certain time 
window)

Example: Data Quality Monitoring
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A

B

C

Fig. 4 Example of visualization of input data for three DT
chambers. The data in (A) manifest the expected behavior
in spite of having a dead channel in layer 1. The chamber
shown in (B) su↵ers of a region of layer 1 with lower e�ciency,
which should be identified as anomalous. The plot in figure
(C) instead shows regions of low occupancy across the 12
layers and should also classified as faulty. According to the
run log, this e↵ect was induced by a transient problem with
the detector electronic.

use of layer by layer one dimensional linear interpo-
lation to match the size of the smallest layer s in
dataset, where ↵ is an interpolation point:

↵ = j
ni

ns

x̃i,j = frac(↵)(xi,b↵c+1 � xi,b↵c) + xi,b↵c

– smoothing: according to CMS DT experts, misbe-
having channels are problematic only when a cluster
of them, spatially contiguous, is observed. Instead,
isolated misbehaving channels are not considered a
problem. To account for this caveat the one dimen-
sional median filter was applied:

x̂i,j = med(xi,j , xi,j+1, xi,j+2).

– normalization: the occupancy of the chambers in the
input dataset depends on the integration time and
on the LHC beam configuration and intensity i.e.
on the number of LS spanned when creating the
image and corresponding luminosity. The normal-
ization strategy depends on the need of comparing
data across chambers or across runs: the precise pro-
cedure used in the two approaches is described in
Sections 4 and 6 respectively.

A

B

Fig. 5 Example of two kinds of input sample preprocesing.
(A) reshaping each layer directly from acquired (raw) values
using linear interpolation. (B) smoothing the raw data with
median filter before reshaping. The isolated low-occupancy
spot in layer 1, corresponding to a dead channel, is discarded.

3 Machine learning for DQM Anomaly

Detection

Machine learning techniques present several advantages
over the currently adopted procedure. The high data
dimensionality precludes simple parametric density es-
timation of the normal behavior; and statistical testing
is not su�cient, as faulty data must be singled out.
This leaves us with an extremely wide range of meth-
ods, that we will briefly discuss here in the light of both
the operational condition and the a priori knowledge of
the data (for a general survey see [5]).

Anomaly detection techniques usually make at least
one of the two following assumptions: rarity of abnor-
mal events, which are considered outliers with respect
to the normal generating process; and/or partial or
complete lack of representative examples of all type
of behaviors. If such representative examples are avail-
able, anomaly detection reduces to binary classification
(supervised learning), with possibly the help of various
resampling methods [6] or reformulation of the objec-
tive function [7] for dealing with class imbalance. In our
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Fig. 2 View on wheel positioning in the detector.

Fig. 3 Numbering schema of the Drift Tube sectors and sta-
tions.

CMS data are organized in acquisition runs (or just
runs in CMS jargon), corresponding to homogeneous
conditions both of the CMS detector and of LHC ac-
celerator. Runs are denoted as integers, with increasing
numbering along time. Their duration is varying from
as little as few seconds to as much as several hours.

Each of them is divided into luminosity sections
(LSs), a time interval corresponding to a fixed beam or-
bits in the LHC and amounting to approximately 23 s.
LSs are numbered progressively from 1 at the start of
each run. A single LS can be identified univocally by
specifying the LS number and the run number.

Runs are grouped together when corresponding to
the same fill, i.e. the time interval between two proton
injections into the LHC. A fill can last for as much as
tens of hours. During the fill, the number of protons in
the beam reduces, due to proton collisions happening
at four interaction points along the ring. As a result of
that, the beam intensity (also referred as luminosity)

decreases along the fill as well as the absolute number
of events.

For each chamber k and each run, the current DQM
infrastructure, [4], records an occupancy plot matrix Ck,
which is the total number of electronic hits at each read-
out channel. The occupancy plot matrix can be viewed
as a varying size two-dimensional array organized along
layer (row) and channel (column) indexes:

Ck = {xk
i,j ; 1  i  l, 0  j < ni},

where l = 12 is the number of layers and ni is the
number of channels in layer i. Formally we should index
the chambers and their components e.g. Ck and xk

i,j but
wherever the discussion concerns a single chamber, we
drop the k index for clarity until Section 6. Figure 4
shows examples of occupancy plot matrices.

In this work we look for an algorithm that identi-
fies faulty chambers. Only data collected during LHC
collision runs, and acquired during year 2016 and 2017
have been used in this study. The dataset is composed
of 21000 chamber samples collected during 84 runs. We
consider two complementary approaches to the prob-
lem:

– Local approach: data collected in each layer is treated
independently from the other layers. The domain
experts regard chambers which have occupancy of
the hits with small variance between neighboring
readout channels as expected behavior. Chambers
which have dead, ine�cient or noisy regions, are
considered problematic, (see figure 4 for reference).
We explore this approach in Section 4.

– Extended local approach: data collected in each cham-
ber is treated independently from the other cham-
bers. We extend the local approach to account for
failures spotted only when the information about all
layers within one chamber is present. We exploit this
approach in the algorithm described in Section 6.

– Global approach: we use the information of all the
chambers for a given run. The geographical infor-
mation in the CMS detector (wheel, station or sec-
tor) impacts the occupancy distribution of the chan-
nel hits. We exploit this information in the test de-
scribed in Section 7.

Regardless of the strategy, the data need to be pre-
processed. Three steps are performed (for visual inter-
pretation, see figure 5):

– standardization of the chamber data: the number of
readout channels in a layer (corresponding to one
row of channels in a muon chamber) varies not only
within the chamber but also depends on the cham-
ber position in the detector. This quantity falls be-
tween 47 and 96. In order to have fixed input di-
mensionality, the matrices were composed with the

 Pol, G. Cerminara, C. Germain, MP and 
A. Seth arXiv:1808.00911

https://arxiv.org/abs/arXiv:1808.00911
https://arxiv.org/abs/arXiv:1808.00911
https://arxiv.org/abs/arXiv:1808.00911


๏ Given the nature of these 
data, ConvNN are a natural 
analysis tool. Two 
approaches pursued 

๏ Classify good vs bad 
data. Works if failure 
mode is known 

๏ Use autoencoders to 
assess data “typicality”. 
Generalises to unknown 
failure modes 

Example: Data Quality Monitoring
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This choice scaled the original 21000 chambers to 228480
samples.

Hit counts in a layer are normalized to a [0, 1] range,
dividing them by the maximum of the absolute occu-
pancy value in the layer:

zi,j =
x̃i,j

max(Xi)
,

The need for normalization comes form the intrinsic
variation of the occupancy depending on the spatial
position of the chamber, that will be described in more
details later (Section 6).

The primary goal of this first experiment is to eval-
uate the potential of the various flavors of Machine
Learning methods. We compare:

– supervised learning, with a) a fully connected neu-
ral network (DNN), and b) a convolutional neural
network (CNN), [16];

– semi-supervised learning, with a) Isolation Forest,
and b) µ-SVM.

– unsupervised with a) a simple statistical indicator,
the variance within the layer, and b) an image pro-
cessing technique, the maximum value of the vector
obtained by the application of a variant of an edge
detection Sobel filter [17]: Si = max(

⇥
�1 0 1

⇤
⇤Xi).

The ground truth has been established on a ran-
dom subset of the dataset, by visually inspecting the
input sample before any processing: 5668 layers have
been labeled as good and 612 as bad. The 9,75% fault
rate is representative of the real situation. With this ra-
tio, both anomaly and outlier detection approach can
be considered. Out of this sample 1134 of good and
123 of bad, corresponding to 20% of the labeled layers,
were reserved to compose the test set. The rest of the
samples were used for training and validation for the
semi-supervised and supervised methods.

The Isolation Forest and µ-SVM were cross-validated
using five consecutive, stratified dataset folds to search
for their corresponding optimal hyper-parameters. Sub-
sequently, the Isolation Forest was retrained using those
hyper-parameters on the full unlabeled dataset, while
µ-SVM was retrained using only negative class.

The architecture of the CNN model with one di-
mensional convolution layers used for this problem is
shown in figure 6. The hidden layers use rectified lin-
ear unit as activation while the final output layer uses
softmax function. We have not applied smoothing pre-
processing step, described in Section 2, allowing the
model to learn its filters. CNN [16] was trained us-
ing Adam [18] optimizer and early stopping mechanism
with patience set to 32 epochs. The model was imple-
mented in Keras [19], using TensorFlow [20] backend.

Fig. 6 Convolutional Neural Network model architecture
used to target local strategy.

Additionally we have weighted our samples to account
for class imbalance. The weight � for a sample in class
 2 {0, 1} is equal to:

� =
|S|

2 · |S |

S = S0 [ S1

The DNN was primary used to benchmark the con-
volution kernels. Similarly to CNN it has one hidden
fully-connected layer with 8 units using rectified linear
unit as activation and a softmax function on the output
layer.

5 Detecting unusual behavior within a chamber

5.1 Motivation

This section presents an experiment focusing on the
extended local approach based on the assumption that
the occupancy pattern within a chamber depends on
the layer information. This strategy aims, for example,
at detecting voltage related problems when a hit oc-
cupancy decreases uniformly in a specific part of the
subdetector e.g. a layer or a group of layers.

5.2 Dataset and methods

As a preliminary step, the chamber occupancy data
in the input dataset were evaluated by the convolu-
tional model presented in Section 4. All chambers with
any layer labeled as faulty were discarded from train-
ing. For simplicity, due to a lack of the middle group
of four layers, chambers located in station 4 were dis-
carded as well. The above changes e↵ectively narrowed
the training dataset to 8452 matrices. The samples were
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A

B

Fig. 7 Example of impact of layer voltage on hit counting.
(A) Operating at 3200 V. (B) Operating at 3450 V. Both
examples should be regarded as anomalies.

composed by concatenating smoothed and standardized
layers within the same chamber C̃ creating matrices of
shape 12⇥46. The hit occupancy within one layer were
normalized using min-max scaler:

Ĉ =
C̃ �min(C̃)

max(C̃)�min(C̃)

This normalized values to [0, 1] range and retained re-
lations between the layers.

In order to evaluate the model, we use a subset of
the data (runs 304737, 304738, 304739, 304740) during
which layer 9 were operating at a di↵erent voltage in
a fraction of the chambers, see figure 7. During runs
304737, 304738, 304739, 304740 at 3450 V, and dur-
ing run 302634 at 3200 V. Due to the physics of gas
ionization by radiation, this results in an absolute dif-
ference in hit counting, which globally a↵ects the de-
tector. As we pointed out in Section 4 a local model
was not trained to detect such behavior as it regards
only 6% of those layers as faulty. The part of the test
set regarded as good chambers is corresponding to a
run 304736 where voltage problem was not present. Fi-
nally, we discard all chambers from good subset having
at least one layer problem according to our local algo-
rithm and finally we visually inspected them to seed
out any type II errors from the test set.

As the cost of labeling samples increases with re-
spect to local approach, we compared only semi-supervised
deep learning methods, including:

– simple bottleneck auto-encoder,
– convolutional auto-encoder,
– denoising auto-encoder,
– auto-encoder with sparsity regularization in hidden

layers.

Similarly to local approach we trained the auto-encoders
using Adam optimizer and early stopping mechanism

A

B

Fig. 8 Simple, denoising, sparse (A) and convolutional (B)
auto-encoder models architecture used to target contextual
strategy.

with the patience set to 32 epochs. Again, the imple-
mentation was prepared using Keras library with Ten-
sorFlow backend. The architecture of the model is shown
in figure 8. A simple, denoising and sparse auto-encoders
share similar architecture with parametric rectified lin-
ear unit as activations, while the convolutional auto-
encoder had a dedicated architecture. All models was
instructed to minimize the mean squared error ✏ be-
tween original, x, and reconstructed, ẍ, samples:

✏ =
1

k

X

k

X

i,j

(xk
i,j � ẍk

i,j)
2

6 Detecting unusual behavior using global

information

6.1 Motivation

This section presents a concept focusing on the global

approach based on the assumption that the occupancy
pattern depends on the chamber position in the detec-
tor, given the cylindrical symmetry of the LHC physics.
For instance the expected hit occupancy of chambers in
wheel 0 (closer to the collision point) will be lower than
chambers in the outer wheels (sitting far from the col-
lision point and protected by more material), whereas
chambers in wheels �2 and +2 are expected to show
similarities, due to the detector and collider symmetry.

A. Pol et al., to appear soon
Pol, G. Cerminara, C. Germain, MP and 

A. Seth arXiv:1808.00911
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๏ Given the nature of these data, 
ConvNN are a natural analysis 
tool. Two approaches pursued 

๏ Classify good vs bad data. Works 
if failure mode is known 

๏ Use autoencoders to assess data 
“typicality”. Generalises to 
unknown failure modes 

Example: Data Quality Monitoring
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Additionally, the experts expect chambers to behave
alike in the context of whole subdetector across di↵er-
ent runs.

The problem is clearly contextual, in the sense that
important explanatory attributes are not part of the
basic data features. Conditional anomaly detection [21]
has been proposed to deal with such situations when
the relevance of external attributes is unknown: for in-
stance, if a set of environmental or technical attributes
were monitored that could impact the behavior of the
detector components. In our case, the spatial position
of the chambers are both our only external attribute,
and their impact is assured. Thus, we are back to a
point anomalies problem.

6.2 Methods

In this approach we have used auto-encoder setup equiv-
alent to a simple bottleneck auto-encoder presented in
Section 5 with the change of the size of a latent layer,
which was decreased to 3 units for visualization pur-
poses.

Global faults were not tracked before by DT experts.
Hence, we are left only with unsupervised methods.

7 Results and Discussion

7.1 Local approach

The performance of the trained models on a held out
test dataset can be seen in figure 9. Due to the simplic-
ity of the model, the training converges to a satisfac-
tory result, despite the small size of the training sam-
ple. As shown in the score distribution of figure 10, the
proposed architecture separates anomalous from nor-
mal layers significantly. Model’s working point was cho-
sen at 0.5 not favoring specificity nor sensibility. When
the cost of type 1 and type 2 errors is defined, the
acceptable range of the working point could be any-
where in [0.1, 0.9] range. Compared to statistical, im-
age processing or other machine learning based solu-
tions, supervised deep learning clearly outperforms the
rest. Although the Area Under Curve (AUC) of the
fully-connected deep neural network is comparable to
the one of CNN, requiring maximum specificity and
sensibility makes it a favorable solution. The relatively
good performance of the basic and unsupervised vari-
ance method, compared to the poor results of the filter,
and the near optimal performance of the DNN, show
that the features to learn are not simple contrasts, al-
though the superior performance of the CNN demon-
strate that the initial edge detection layer is useful.

Fig. 9 ROC and AUC of respective algorithms used in local
approach

Fig. 10 Distribution of scores in local approach

The limited performance of Isolation Forest is likely
to come from the violation of its fundamental assump-
tion, that faults are rare (remember that the fault rate
is in the order of 10%) and similar (masking). The infe-
rior performance of the typical semi-supervised method
(SVM) illustrates the well-known smoothness versus lo-
cality argument for deep learning [13,12]: the di�culty
to model the highly varying decision surfaces produced
by complex dependencies involving many factors.

The algorithm currently implemented in DQM sys-
tem targets a specific failure scenario and evaluates
samples per chamber, unlike our per layer approach.
Although it quantifies severity of the fault, it does not
identify specific layers with problems. Based on the la-
beled data we were able to construct a per-chamber
score to benchmark the algorithm i.e. if it indicates
there is at least one faulty layer in a chamber. While the
algorithm’s specificity was 91%, its sensitivity was only
26%. This appalling hit rate is not surprising as the test
was only targeting identification of dead regions.

Another drawback of the DQM algorithm is its per-
formance in low statistics region i.e. beginning of the
run. As seen in figure 11, convolutional model gradu-
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Fig. 11 Stability of proposed model and the algorithm cur-
rently implemented in production. The three lines correspond
to results based on data from runs 306777, 306793, 306794.

ally adds alarms until reaching stability. The produc-
tion test is doing the opposite, generating a substantial
fraction of false alarms in the early stages of the run.

7.2 Extended local approach

To judge the performance of the auto-encoders, we have
used model’s mean squared error between original sam-
ple and its reconstruction in layer 9 of each chamber
in the test set (see figure 12) as an anomaly indica-
tion. Additionally this error could be quantified with
the severity of the problem as shown in figure 13. Fig-
ure 12 shows good performance of all models, especially
sparse auto-encoder. Although the AUC is not as high
as in local approach it is exclusively because of cham-
bers with layers operating at 3450 V which are di�-
cult to spot using only the occupancy data even with a
visual inspection. The chambers with layers operating
at lower voltage are having clear error separation from
good chambers as seen in figure 13.

As part of the experimental setup we accounted this
approach could cover the local anomalies as well. How-
ever, all the models were not able to find those kind of
anomalies better than a random guess, indicating that
we can get best results when applying both models in
a pipeline.

7.3 Global approach

Global approach is able to spot unusual behavior of
DT chambers taking into account the geographical con-
strains and paves the way to more flexible assessment
by scoring per detector region.

Figure 14 shows an example of latent representa-
tion of the chamber data clustering depending on the
chamber position in the detector. Additionally, while

Fig. 12 ROC and AUC of respective auto-encoders used in
contextual approach

Fig. 13 Mean squared error distribution for auto-encoder
with sparsity regularization.

Fig. 14 Latent representation of the chamber-level data. The
samples cluster according to position in the detector. Here
depending on the station, which correspondns to a distance
to collision point.

investigating latent representation for only one cham-
ber across di↵erent runs in figure 15, the latent rep-
resentation tends to cluster depending on the number
of problematic layers. We believe that this method will
help experts detecting previously unknown failure sce-
narios and with maintaining the list of transient issues.

A. Pol et al., to appear soon
Pol, G. Cerminara, C. Germain, MP and 

A. Seth arXiv:1808.00911
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๏ Idea applied to tagging jets, 
in order to define a QCD-jet 
veto 

๏ Applied in a BSM search 
(e.g., dijet resonance) could 
highlight new physics signal 

๏ Based on image and physics-
inspired representations of 
jets  

 

Example: Jet autoencoders
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Figure 2: Distribution of reconstruction error computed with a CNN autoencoder on test samples of
QCD background (gray) and two signals: tops (blue) and 400GeV gluinos (orange).

We see that the autoencoder works as advertised: it learns to reconstruct the QCD

background that it has been trained on (to be precise, we train on 100k QCD jets and

then we evaluate the autoencoder on a separate sample of QCD jets), and it fails to

reconstruct the signals that it has never seen before. This is further illustrated in Fig. 3,

which shows the average QCD, top and gluino jet image before and after autoencoder

reconstruction. We see by eye that the QCD images are reconstructed well on average,

while the others contain more errors.

By sliding the reconstruction loss threshold L > LS around, we can turn the his-

tograms in Fig. 2 into ROC curves. The ROC curves for the di↵erent autoencoder

architectures are shown in Fig. 4 for the top and gluino signals. For comparison we have

also included the ROC curve obtained by cutting on jet mass as an anomaly threshold.

While the three architectures have comparable performances it is clear there are some
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Figure 1: The schematic diagram of an autoencoder. The input is mapped into a low(er) dimensional
representation, in this case 6-dim, and then decoded.
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to improve S/B by a factor of ⇠ 6 in a jet mass bump hunt for the 400 GeV gluino

2

SciPost Physics Submission

tagger [13]. It starts from a set of measured 4-vectors sorted by transverse momentum
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Following the left panel of Fig. 1 we use N = 40 constituents, after checking that an increase
to N = 120 does not make a measurable di↵erence. For jets with fewer constituents we
naturally fill the entries remaining in the soft regime with zeros.

To remove all information from the jet-level kinematics we boost all 4-momenta into the
rest frame of the fat jet. This also improves the performance of our network. Inspired
by recombination jet algorithms we can add linear combinations of these 4-vectors with a
trainable matrix Cij , defining a combination layer
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We allow for M = 10 trainable linear combinations. These combined 4-vectors carry informa-
tion on the hadronically decaying massive particles. In the original LoLa approach we map
the momenta k̃j onto observable Lorentz scalars and related observables [13]. Because this
mapping is not easily invertible we do not use it for the autoencoder. Instead, we extend the
4-vectors by another component containing the invariant mass,

k̃j =

0

BB@
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. (5)

This defines a set of 51 extended 4-vectors, which form the input to our neural network.
Again, we use Keras [35] combined with Tensorflow [36]. Its architecture is shown in
Fig. 3. The layer immediately after the LoLa contains 51 ⇥ (4 + 1) = 255 units. Between
the second layer after LoLa and the last layer, the autoencoder network is symmetric. The
final output consist of 40 4-vector-like objects, which can be compared with the corresponding

Figure 3: Architecture of the 4-vector-based autoencoder network. The 255 input units
correspond to 55 LoLa-vectors with 4+1 entries each. The output only consists of 160 units,
because the extended 4-vectors only carry four independent observables.
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overlapping collisions per beam crossing (pileup) to ⇠ 20. These beam conditions loosely correspond
to the LHC operating conditions in 2016.

Events generated by PYTHIA8 are processed with the DELPHES library [21], to emulate detector
efficiency and resolution effects. We take as benchmark detector description the upgraded design of
the CMS detector, foreseen for the High-Luminosity LHC phase [22]. In particular, we use the CMS
HL-LHC detector card distributed with DELPHES. We run the DELPHES particle-flow (PF) algorithm,
which combines the information from different detector components to derive a list of reconstructed
particles, the so-called PF candidates. For each particle, the algorithm returns the measured energy
and flight direction. Each particle is associated to one of three classes: charged particles, photons,
and neutral hadrons.

Events are filtered at generation requiring an electron, muon, or tau lepton with pT > 22 GeV.
Once detector effects are taken into account with DELPHES, events are further selected requiring the
presence of one reconstructed electron or muon with transverse momentum pT > 23 GeV and a
loose isolation requirement ISO < 0.45, where the isolation is computed as:

ISO =

P
p 6=q

pp
T

pq
T

, (1)

and the sum extends over all the photons, charged and neutral hadrons within a cone of size �R =p
�⌘2 +��2 < 0.3 from the lepton.1

The 21 considered HLF quantities are:

• The isolated-lepton transverse momentum p`
T

.
• The three isolation quantities (CHPFISO, NEUPFISO, GAMMAPFISO) for the isolated

lepton, computed with respect to charged particles, neutral hadrons and photons, respectively.
• The lepton charge.
• A boolean flag (ISELE) set to 1 when the trigger lepton is an electron, 0 otherwise.
• ST , i.e. the scalar sum of the pT of all the jets, leptons, and photons in the event with

pT > 30 GeV and |⌘| < 2.6. Jets are clustered from the reconstructed PF candidates, using
the FASTJET [23] implementation of the anti-kT jet algorithm [24], with jet-size parameter
R=0.4.

• The number of jets entering the ST sum (NJ ).
• The invariant mass of the set of jets entering the ST sum (MJ ).
• The number of these jets being identified as originating from a b quark (Nb).
• The missing transverse momentum, decomposed into its parallel (pmiss

T,k ) and orthogonal
(pmiss

T,?) components with respect to the isolated lepton direction. The missing transverse
momentum is defined as the negative sum of the PF-candidate pT vectors:

~p miss
T

= �
X

q

~p q

T
. (2)

• The transverse mass, MT , of the isolated lepton ` and the Emiss
T

system, defined as:

MT =
q
2p`

T
Emiss

T
(1� cos��) , (3)

with �� the azimuth separation between the lepton and ~p miss
T

vector, and Emiss
T

the absolute
value of ~p miss

T
.

• The number of selected muons (Nµ).
• The invariant mass of this set of muons (Mµ).

1As common in collider physics, we use a Cartesian coordinate system with the z axis oriented along the
beam axis, the x axis on the horizontal plane, and the y axis oriented upward. The x and y axes define the
transverse plane, while the z axis identifies the longitudinal direction. The azimuth angle � is computed from
the x axis. The polar angle ✓ is used to compute the pseudorapidity ⌘ = � log(tan(✓/2)). We fix units such
that c = ~ = 1.
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• The total transverse momentum of these muons (pµ
T,TOT

).

• The number of selected electrons (Ne).
• The invariant mass of this set of electrons (Me).
• The total transverse momentum of these electrons (pe

T,TOT
).

• The number of reconstructed charged hadrons.
• The number of reconstructed neutral hadrons.

This list of HLF quantities is not defined having in mind a specific BSM scenario. Instead, it is
conceived to include relevant information to discriminate the various SM processes populating the
single-lepton data stream. On the other hand, it is generic enough to allow (at least in principle) the
identification of a large set of new physics scenarios.

Many SM processes would contribute to the considered single-lepton dataset. For simplicity, we
restrict the list of relevant SM processes to the four with highest production cross section, namely:

• Inclusive W production, with W ! `⌫ (` = e, µ, ⌧ ).
• Inclusive Z production, with Z ! `` (` = e, µ, ⌧ ).
• tt̄ production.
• QCD multijet production.2

These samples are mixed to provide a SM cocktail dataset, which is then used to train autoencoder
models and to tune the threshold requirement that defines what we consider an anomaly. The cocktail
is built scaling down the high-statistics samples (tt̄, W , and Z samples) to the lowest-statistics one
(QCD, whose generation is the most computing-expensive), according to their production cross-
section value (estimated at leading order with PYTHIA) and selection efficiency (shown in Tab. 1).
The equivalent integrated luminosity of the SM cocktail sample corresponds to XXX fb�1.

Table 1: Acceptance and trigger efficiency of SM processes and corresponding values for BSM
benchmark models. The monthly event yield is computed assuming an average integrated luminosity
of 5 fb�1 per month, corresponding to 8 months of data taking and a total integrated luminosity of
⇠ 40 fb�1, as in 2016. For BSM models, we compute the production cross section corresponding to
100 selected events.

Standard Model processes
Process Acceptance Trigger Cross Events Event

efficiency section [nb] fraction /month
W 55.6% 68% 58 59.2% 110M

QCD 0.08% 9.6% 1.6 · 105 33.8% 63M
Z 16% 77% 20 6.7% 12M
tt̄ 37% 49% 0.7 0.3% 0.6M

BSM benchmark processes
Process Acceptance Trigger Total Cross-section

efficiency efficiency 100 events/month
Z 0 31% 29% 9.1% 219 fb
W 0 48% 62% 29.7% 67 fb

LQ ! b⌧ 19% 62% 12.0% 166 fb
a ! 4` 5% 98% 4.6% 436 fb

In addition, we consider the following BSM models to benchmark the anomaly-detection capabilities:

• A leptoquark with mass 80 GeV, decaying to a b quark and a ⌧ lepton.
• A Higgs scalar boson with mass 50 GeV, decaying to two off-shell Z bosons, each forced to

decay to two leptons (for a total of four leptons in the final state).
• A Z 0 with mass 60 GeV, decaying to a pair of opposite-sign same-flavor leptons.

2To speed up the generation process for QCD events, we require
p
ŝ > 100 GeV, the fraction of QCD events

with
p
ŝ < 100 GeV and producing a lepton within acceptance being negligible but computationally expensive.
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ŝ > 100 GeV, the fraction of QCD events

with
p
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Figure 1: Distribution of the HLF quantities for the four considered SM processes. Black, red, blue
and gree represent respectively W, QCD, Z and tt̄. CAN WE PLOT THESE 3x7, so that we take
one page but we make them bigger? We can add the legend with keynote on top, or some such.

• A W 0 with mass 70 GeV, decaying to a lepton and a neutrino.

For each model, we consider any direct production mechanism implemented in PYTHIA8, including
associate jet production. We list in Tab. 1 the leading-order production cross section and selection
efficiency of each model.

Figures 1 and 2 show the distribution of HLF quantities for the SM processes and the BSM benchmark
models, respectively.

4 Model description

Autoencoders are trained on the SM cocktail sample described in Sec. 3, taking as input the 21 HLF
quantities listed there. The use of HLF quantities to represent events limits the model independence
of the anomaly detection procedure. While the list of features is chosen to represent the main physics

5
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Figure 3: Schematics of the VAE used to perform anomaly detection, where X represent the input
variables and z the latent space variables. The shape of each layer is reported in brackets.

4.1 Auto-encoder

Auto-encoders (AE) are algorithm that compress a given set of inputs variables in a latent space
(encoding) and then, starting from the latent space, reconstruct the HLF input values (decoding).
AE are used in the context of anomaly detection, associating a p-value to a given event through a
quantification of the encoding-decoding distance.

In this work we focus on variational autoencoder (VAEs) [25]. Unlike traditional AEs, VAEs return
the parameter’s value of the predicted latent and input (reconstructed) probability density function
(pdf) for each event, instead of decoded values of the input quantities. The functional form of the pdfs
is specified through the loss function and the pdfs’ shape parameters are determined during training.

We consider the VAE architecture shown in Fig. 3, characterized by a four-dimensional latent space.
Each latent dimension is associated to a Gaussian pdf and its two degrees of freedom (mean µ and
variance �2). The input layer consists of 21 nodes, corresponding to the 21 HLF quantities described
in Section 3. This layer is connected to the hidden space through two hidden dense layers, each
consisting of 50 neurons with ReLU activation function. Two four-neuron layers are connected to
the second hidden layer. Linear activation functions are used for the first of these four-neuron layers.
Its nodes are interpreted as the mean values µz of the latent-space Gaussian pdfs. The nodes of the
second layer are activated by p-ISRLu functions REF HERE:

f(x) = 1 + 5 · 10�3 +⇥(x)x+⇥(�x)
xp

1 + x2
. (4)

They are interpreted as the �z parameters of the latent-space Gaussian pdfs. The decoding step
originates from a point in the latent space, sampled according to the predicted pdf (green oval in
Fig. 3). The coordinates of this point in the latent space are fed into a sequence of two hidden
dense layers, each consisting of 50 neurons with ReLU activation functions. The last of these layers

7
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is connected to three dense layers of 21, 17, and 10 neurons, activated by linear, p-ISRLu and
clipped-tanh functions, respectively. The clipped-tanh function if written as

f(x) =
1

2
(1 + 0.999 · tanhx) . (5)

These 49 nodes represent the parameters of the pdfs describing the input HLF quantities, which enter
the loss function to be minimzed. should we write which function is used for which parameter?
The VAE loss function LossTot is a weighted sum of two pieces: the probability of the inputs given
the predicted output pdf parameters (Lossreco) and the Kullback-Leibler divergence (DKL) between
the latent space pdf and a prior:

LossTot = Lossreco + �DKL , (6)
where � is a free parameter, set to 0.3 in this work. The prior chosen for the latent space is a 4-dim
Gaussian with a diagonal covariance matrix. The means (µP ) and the diagonal terms of the covariance
matrix (�P ) are free parameters of the algorithm and are optimized during the back-propagation. The
Kullback-Leibler divergence between two Gaussian distribution has an analytic form. Hence, for
each batch, DKL can be expressed as:

DKL =
1

k

X

i

DKL
�
N(µi

z
,�i

z
) || N(µP ,�P )

�

=
1

2k

X

i,j

⇣
�j

P
�i,j

z

⌘2
+

 
µj

P
� µi,j

z

�j

P

!2

+ ln
�j

P

�i,j
z

� 1 ,

(7)

where k is the batch size, i runs over the samples and j over the latent space dimensions. Similarly,
Lossreco is the average likelihood of the inputs given the predicted ↵ values:

Lossreco = �1

k

X

i

ln (P (x | ↵1,↵2,↵3))

= �1

k

X

i,j

ln
⇣
fj(xi,j | ↵i,j

1 ,↵i,j

2 ,↵i,j

3 )
⌘

,
(8)

where j runs over the input space dimensions, fj is the functional form chose to describe the pdf of
the j-th input space variable and ↵i,j

m
are the parameter of the function. Different functional forms

have been chose for fj , to properly describe different classes of HLF distributions:

• Clipped Log-normal + � function: used to describe ST , MJ , pµ
T

, Mµ, pe
T

, Me, isolated-
lepton pT , ChPFIso, NeuPFIso and GammaPFIso:

P (x | ↵1,↵2,↵3) =

(
↵3�(x) +

1�↵3

x↵2

p
2⇡

exp
⇣

(ln x�↵1)
2

2↵2
2

⌘
for x � 10�4

0 for x < 10�4
. (9)

• Gaussian: used for pmiss
T,k and pmiss

T,?:

P (x | ↵1,↵2) =
1

↵2

p
2⇡

exp

✓
(x� ↵1)2

2↵2
2

◆
. (10)

• Truncated Gaussian: a Gaussian truncated for negative values and normalized to unit area
for X > 0. Used to model MT :
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๏ Thanks to choice of l, two terms simultaneously minimized by minimizing the sum  

๏ Training converges after ~100 epochs (i.e., looping 100 times on the input 
dataset) 

๏ Model implemented in Keras+TensorFlow. Trained on iBanks GPU cluster @Caltech

Training

 32



๏ First post-training check consists in 
verifying encoding-decoding 
capability, comparing input data to 
those generated sampling from decoder 

๏ Reasonable agreement observed, with 
small discrepancy here and there 

๏ NOTICE THAT: this would be a 
suboptimal event generator, but we 
want to use it for anomaly detection 

๏ no guarantee that the best 
autoencoder is the best anomaly 
detector (no anomaly detection 
rate in the loss function) 

๏ pros & cons of an unsupervised/
semisupervised approach

Standard Model encoding
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๏ Anomaly defined as a p-value threshold on a given test statistics 

๏ Loss function an obvious choice 

๏ Some part of a loss could be more sensitive than others 

๏ We tested different options and found the total loss to behave better

Defining anomaly

 34

Figure 6: Distribution of the loss Loss (left) and of its two components Lossreco (center) and DKL
(right) for the validation dataset. For comparison, the corresponding distribution for the four separate
SM processes and the four benchmark BSM models are shown. The vertical line represents a lower
threshold such that XXX% of the SM events would be retained.
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๏  We consider four BSM benchmark models, 
to give some sense of VAEs potential 

๏ leptoquark with mass 80 GeV, LQ!bτ  

๏ A scalar boson with mass 50 GeV, 
a!Z*Z*!4ℓ 

๏ A scalar scalar boson with mass 60 
GeV, h!ττ 

๏ A charged scalar boson with mass 60 
GeV, h±!τv

Some BSM benchmark

 35

• The total transverse momentum of these muons (pµ
T,TOT

).

• The number of selected electrons (Ne).
• The invariant mass of this set of electrons (Me).
• The total transverse momentum of these electrons (pe

T,TOT
).

• The number of reconstructed charged hadrons.
• The number of reconstructed neutral hadrons.

This list of HLF quantities is not defined having in mind a specific BSM scenario. Instead, it is
conceived to include relevant information to discriminate the various SM processes populating the
single-lepton data stream. On the other hand, it is generic enough to allow (at least in principle) the
identification of a large set of new physics scenarios.

Many SM processes would contribute to the considered single-lepton dataset. For simplicity, we
restrict the list of relevant SM processes to the four with highest production cross section, namely:

• Inclusive W production, with W ! `⌫ (` = e, µ, ⌧ ).
• Inclusive Z production, with Z ! `` (` = e, µ, ⌧ ).
• tt̄ production.
• QCD multijet production.2

These samples are mixed to provide a SM cocktail dataset, which is then used to train autoencoder
models and to tune the threshold requirement that defines what we consider an anomaly. The cocktail
is built scaling down the high-statistics samples (tt̄, W , and Z samples) to the lowest-statistics one
(QCD, whose generation is the most computing-expensive), according to their production cross-
section value (estimated at leading order with PYTHIA) and selection efficiency (shown in Tab. 1).
The equivalent integrated luminosity of the SM cocktail sample corresponds to XXX fb�1.

Table 1: Acceptance and trigger efficiency of SM processes and corresponding values for BSM
benchmark models. The monthly event yield is computed assuming an average integrated luminosity
of 5 fb�1 per month, corresponding to 8 months of data taking and a total integrated luminosity of
⇠ 40 fb�1, as in 2016. For BSM models, we compute the production cross section corresponding to
100 selected events.

Standard Model processes
Process Acceptance Trigger Cross Events Event

efficiency section [nb] fraction /month
W 55.6% 68% 58 59.2% 110M

QCD 0.08% 9.6% 1.6 · 105 33.8% 63M
Z 16% 77% 20 6.7% 12M
tt̄ 37% 49% 0.7 0.3% 0.6M

BSM benchmark processes
Process Acceptance Trigger Total Cross-section

efficiency efficiency 100 events/month
h0 ! ⌧⌧ 9% 70% 6% 335 fb
h0 ! ⌧⌫ 18% 69% 12% 163 fb
LQ ! b⌧ 19% 62% 12% 166 fb
a ! 4` 5% 98% 5% 436 fb

In addition, we consider the following BSM models to benchmark the anomaly-detection capabilities:

• A leptoquark with mass 80 GeV, decaying to a b quark and a ⌧ lepton.
• A Higgs scalar boson with mass 50 GeV, decaying to two off-shell Z bosons, each forced to

decay to two leptons (for a total of four leptons in the final state).
• A Z 0 with mass 60 GeV, decaying to a pair of opposite-sign same-flavor leptons.

2To speed up the generation process for QCD events, we require
p
ŝ > 100 GeV, the fraction of QCD events

with
p
ŝ < 100 GeV and producing a lepton within acceptance being negligible but computationally expensive.
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๏ VAE’s performances benchmarked 
against supervised classifiers 

๏ For each BSM model 

๏ take same inputs as VAE 

๏ train a fully-supervised 
classifier to separate signal 
from background 

๏ use supervised performances 
as a reference to aim to with 
the unsupervised approach 

๏ Done for our 4 BSM models 
using dense neural networks

Benchmark comparison
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๏ Evaluate general 
discrimination power by ROC 
curve and area under curve 
(AUC) 

๏ clearly worse than 
supervised 

๏ but not so far 

๏ Fixing SM acceptance rate at 
50 events/day (assuming L=XXX 

๏ competitive results 
considering unsupervised 
nature of the algorithm

Performances
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๏ Small efficiency but still much larger than for SM 
processes 

๏ Allows to probe 10-100 pb cross sections for reasonable 
amount of collected signal events

Performances
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Process
Efficiency for 
~30 evt/day

xsec for 100 evt/
month [pb]

xsec for S/B~1/3 
[pb]

a→4ℓ 2.8·10-3 7.1 27

LQ→τb 6.5·10-4 31 120

h→ττ 3.6·10-4 56 220

h±→τν 1.2·10-3 17 67



๏ Procedure designed to be model independent 

๏ Training done only on SM 

๏ Algorithm that defines anomaly tuned only on number of selected SM 
events (false positive rate) 

๏ Still, residual model dependence present 

๏ Based on physics-motivated observables 

๏ List not tailored on specific models and general enough to offer good 
performances in principle 

๏ But one cannot prove that performances on specific BSM models will 
generalise 

๏ Can we go beyond this limitation and define something really BSM agnostic?

1/2 way to model independence
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Particle Flow,  
Recurrent Networks & Model  

Independence



๏ CMS uses PF to combine sub-detector information and produce a list of reconstructed particles 

๏ Anything (jets, MET, resonances, etc) is reconstructed from these particles 

๏ One could generalise the VAE new-physics-detection algorithm and make it PF compliant 

๏ integrated in the reconstruction flow @HLT 

๏ can abstract from model dependence inherited by any physics-motivated HLF choice

Particle Flow

 41
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FIG. 3. Jet classification performance for various input rep-
resentations of the RNN classifier, using kt topologies for the
embedding. The plot shows that there is significant improve-
ment from removing the image processing step and that sig-
nificant gains can be made with more accurate measurements
of the 4-momenta.

FIG. 4. Jet classification performance of the RNN classifier
based on various network topologies for the embedding (par-
ticles scenario). This plot shows that topology is significant,
as supported by the fact that results for kt, C/A and desc-pT
topologies improve over results for anti-kt, asc-pT and random
binary trees. Best results are achieved for C/A and desc-pT
topologies, depending on the metric considered.

further supported by the poor performance of the random
binary tree topology. We expected however that a simple
sequence (represented as a degenerate binary tree) based
on ascending and descending pT ordering would not per-
form particularly well, particularly since the topology
does not use any angular information. Surprisingly, the
simple descending pT ordering slightly outperforms the
RNNs based on kt and C/A topologies. The descending
pT network has the highest pT 4-momenta near the root
of the tree, which we expect to be the most important.
We suspect this is the reason that the descending pT out-
performs the ascending pT ordering on particles, but this
is not supported by the performance on towers. A similar
observation was already made in the context of natural
languages [24–26], where tree-based models have at best
only slightly outperformed simpler sequence-based net-
works. While recursive networks appear as a principled
choice, it is conjectured that recurrent networks may in
fact be able to discover and implicitly use recursive com-
positional structure by themselves, without supervision.
d. Gating The last factor that we varied was

whether or not to incorporate gating in the RNN. Adding
gating increases the number of parameters to 48,761, but
this is still about 20 times smaller than the number of
parameters in the MaxOut architectures used in previ-
ous jet image studies. Table I shows the performance of
the various RNN topologies with gating. While results
improve significantly with gating, most notably in terms
of R✏=50%, the trends in terms of topologies remain un-
changed.
e. Other variants Finally, we also considered a num-

ber of other variants. For example, we jointly trained
a classifier with the concatenated embeddings obtained
over kt and anti-kt topologies, but saw no significant
performance gain. We also tested the performance of
recursive activations transferred across topologies. For
instance, we used the recursive activation learned with
a kt topology when applied to an anti-kt topology and
observed a significant loss in performance. We also con-
sidered particle and tower level inputs with an additional
trimming preprocessing step, which was used for the jet
image studies, but we saw a significant loss in perfor-
mance. While the trimming degraded classification per-
formance, we did not evaluate the robustness to pileup
that motivates trimming and other jet grooming proce-
dures.

B. Infrared and Collinear Safety Studies

In proposing variables to characterize substructure,
physicists have been equally concerned with classification
performance and the ability to ensure various theoretical
properties of those variables. In particular, initial work
on jet algorithms focused on the Infrared-Collinear (IRC)
safe conditions:

• Infrared safety. The model is robust to augmenting
e with additional particles {vN+1, . . . ,vN+K} with

Q C D - I N S P I R E D  R E C U R S I V E  N E U R A L  N E T W O R K S
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kt

anti-kt

• choice of jet 
algorithm matters 

• GRU “gating” 
improves 
performance

anti-ktkt

LHC events & language processing
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๏ PF reco is not the best match for computing vision 
techniques (e.g., convolutional neural networks) don’t 
work  

๏ one would have to convert the particles to a pixelated 
images, loosing resolution 

๏ Instead, list of particles can be processed by Deep 
Learning architectures designed for natural language 
processing (RNN, LSTMs, GRUs, …) 

๏ particles as words in a sentence 

๏ QCD is the grammar



๏ A network architecture 
suitable to process an 
ordered sequence of inputs 

๏ words in text processing 

๏ a time series 

๏ particles in a list 

๏ Could be used for a single 
jet or the full event  

๏ Next step: graph networks 
(active research 
direction)

Recurrent Neural Networks

 43

Recurrent Neural Networks (RNNs)

I RNNs can process an arbitrarily length sequence

I Output is a fixed dimensional vector for each jet

dguest@cern.ch (UCI) RNN b-tagging May 9, 2017 11 / 20
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A typical example: leptonic triggers  

๏ at the LHC, producing an isolated 
electron or muon is very rare. 
Typical smoking gun that something 
interesting happened (Z,W,top,H 
production)-> TAKE THEM! 

๏ Triggers like those are very central 
to ATLAS/CMS physics 

๏ The sample selected is enriched in 
interesting events, but still 
contaminated by non-interesting ones 

๏ Can we clean this up w/o biasing the 
physics? yes, with ML

Example: A Topology Classifier

 44 See contribution to NIPS workshop

https://dl4physicalsciences.github.io/files/nips_dlps_2017_3.pdf


A Topology Classifier

 45

Photons

Barrel EndcapEndcapForward Forward Barrel EndcapEndcapForward Forward Barrel EndcapEndcapForward Forward

Charged Tracks Neutral Hadrons

Figure 2: An example of a tt̄ event as the input of the raw-image classifier.

hexagons for neutral hadrons. The images are digitized as arrays of size 5⇥ 150⇥ 94, where each
of the first four channels contains a separated particle class, and the last channel contains the E

miss
T ,

represented as a circle. As an example, the abstract representation for the event in Fig. 2 is shown in
Fig. 3.

This abstract representation allows mitigating the sparsity problem of the raw images. On the other
hand, there is no guarantee that the physics information is fully retained in this translation. As a result,
there could be a reduction of discrimination power. This is one of the points we aim to investigate in
this study.

(a) Photons (b) Charged Particles (c) Neutral Hadrons

(d) Lepton (e) Emiss
T

Figure 3: Example of a tt̄ event, represented as a 5-channel abstract image.

3 Model description

In this section, we describe five types of multi-class classifiers, trained on the four data representations
described in the previous section. We start by considering a state-of-the art HEP application, based
on the high-level features listed in Sec. 2. We then consider a convolutional neural network taking as
input the raw images. This model offers the baseline point of comparison for the classifier using the
abstract images. In order to have a fair comparison between the two approaches, the same kind of
network architecture is used for the two sets of images. Next, we consider recurrent neural networks
based on LSTMs and GRUs, trained directly on the lists of 801 particles. Finally, we consider a
classifier taking both the high-level features and the list of 801 particles as inputs, using a combination
of recurrent neural networks and fully connected neural networks.

The CNNs are implemented in PyTorch [12]. The recurrent neural networks and feed-forward
neural networks are implemented in Keras and trained using Theano [13] as a back-end. The Adam
optimizer [14] is used to adapt the learning rate. The training is capped at 50 epochs, and can be
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Selection performances

 46

Can select 99% of the top events and reduce the 
fraction of written events by a factor ~ 7 

(a) tt̄ selector (b) W selector

Figure 5: ROC curves for the tt̄ (left) and W (right) selectors described in the paper.

Figure 6: Pearson correlation coefficients between the ytt̄ (left) and yW (right) scores of the Particle-
sequence classifier and the 14 quantities of the HLF dataset.

The trigger baseline selection we use in this study, looser than what is used nowadays in CMS, gives
an overall trigger rate (i.e., summing electron and muon events) of ⇠ 690 Hz, more than a factor
two larger than what is currently allocated. Using the 99% working points of the two classifiers, one
would reduce the overall rate to ⇠ 280 Hz (counting the overlap between the two triggers). This
would be comparable to what is currently allocated for these triggers, but with a looser selection,
i.e., with a less severe bias on the offline analysis. In addition, the trigger efficiency (the TPR) is so
large that the bias imposed on offline quantities is quite minimal. This is illustrated in Fig. 7, where
the dependence of the TPR on the most relevant HLF quantities is shown. In our experience, any
rule-based algorithm with the same target trigger rate would result in larger inefficiencies at small
values of at least some of these quantities, e.g., the lepton pT . One should also consider that the
principle of a topology classifier could be generalized to other physics cases, as well as to other uses
(e.g., labels for fast reprocessing or access to specific subsets of the triggered samples).

5 Impact on other topologies

While reducing the resource consumption of standard physics analyses is the main motivation behind
this study, it is important to evaluate the impact of the proposed classifiers on other kind of topologies.
For this purpose, we consider a handful of beyond-the-standard-model (BSM) scenarios, and we
compute the TPR as a function of the most relevant kinematic quantities, similar to what was done in
Fig. 7 for the standard topologies.

We consider the following BSM processes:
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Selection performances
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What is the network learning?  
• tt events are more crowded that W events

• leptons in W and tt events are isolated from other 

particles

(a) tt̄ selector (b) W selector

Figure 5: ROC curves for the tt̄ (left) and W (right) selectors described in the paper.

Figure 6: Pearson correlation coefficients between the ytt̄ (left) and yW (right) scores of the Particle-
sequence classifier and the 14 quantities of the HLF dataset.

The trigger baseline selection we use in this study, looser than what is used nowadays in CMS, gives
an overall trigger rate (i.e., summing electron and muon events) of ⇠ 690 Hz, more than a factor
two larger than what is currently allocated. Using the 99% working points of the two classifiers, one
would reduce the overall rate to ⇠ 280 Hz (counting the overlap between the two triggers). This
would be comparable to what is currently allocated for these triggers, but with a looser selection,
i.e., with a less severe bias on the offline analysis. In addition, the trigger efficiency (the TPR) is so
large that the bias imposed on offline quantities is quite minimal. This is illustrated in Fig. 7, where
the dependence of the TPR on the most relevant HLF quantities is shown. In our experience, any
rule-based algorithm with the same target trigger rate would result in larger inefficiencies at small
values of at least some of these quantities, e.g., the lepton pT . One should also consider that the
principle of a topology classifier could be generalized to other physics cases, as well as to other uses
(e.g., labels for fast reprocessing or access to specific subsets of the triggered samples).

5 Impact on other topologies

While reducing the resource consumption of standard physics analyses is the main motivation behind
this study, it is important to evaluate the impact of the proposed classifiers on other kind of topologies.
For this purpose, we consider a handful of beyond-the-standard-model (BSM) scenarios, and we
compute the TPR as a function of the most relevant kinematic quantities, similar to what was done in
Fig. 7 for the standard topologies.

We consider the following BSM processes:

8



๏ Issues: 

๏ variable number of particles/event as input 

๏ need to return particles as output 

๏ The architecture is loosely inspired by the seq2seq* model used 
in neural machine translation https://arxiv.org/abs/1409.3215 

๏

VAE with PF particles
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๏ Networks used for 
translation 

๏ start from a 
sentence in language 

๏ code its meaning in 
some latent space z 

๏ translate to some 
other language, 
generating words 
from z

https://arxiv.org/abs/1409.3215


๏ Issues: 

๏ variable number of particles/event as input 

๏ need to return particles as output 

๏ The architecture is loosely inspired by the seq2seq* model used 
in neural machine translation https://arxiv.org/abs/1409.3215 

๏

VAE with PF particles
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VAE with PF candidates
• The architecture is loosely inspired by the seq2seq* 

model used in neural machine translation


• Starting with a naive implementation:

!2

PF1 PF2 PF1621

z

PF1 PF2 PFn

*https://arxiv.org/abs/1409.3215

https://arxiv.org/abs/1409.3215


Teacher-forcing

• At early stage of training, the decoder can’t reconstruct a reasonable first PF 
candidate; autoregressive mechanism propagates it into a wrong chain of particles. 


• Teacher-forcing: under some probability k, feed the target as the next input instead 
of using the previous prediction. k decreases as the epoch number increases.

!3

PF1 PF2 PF801

z

PF1 PF2 PFn

๏ At early stage of training, the decoder can’t reconstruct a reasonable 
first PF candidate; autoregressive mechanism propagates it into a 
wrong chain of particles.  

๏ Teacher-forcing: under some probability k, feed the target as the next 
input instead of using the previous prediction. k decreases as the 
epoch number increases.

Teacher forcing

 50



๏ Attention allows the decoder to focus on which part of 
the inputs is relevant to the next prediction. 

Adding Attention

 51Bahdanau  et al., arXiv:1409.0473

the Encoder generates h1,h2,h….hT from the inputs X1,X2,X3…XT

a is the Alignment model which is a feedforward neural network that is trained with all the other 
components of the proposed system

The Alignment model scores (e) how well each encoded input (h) matches the current output of the 
decoder (s).

The alignment scores are normalized using a softmax function.

The context vector is a weighted sum of the annotations (hj) and normalized alignment scores.

https://arxiv.org/pdf/1409.0473.pdf


๏ Attention allows the decoder to focus on which part of 
the inputs is relevant to the next prediction. 

Adding Attention

 52Bahdanau  et al., arXiv:1409.0473

\

https://arxiv.org/pdf/1409.0473.pdf


Attention-based VAE with 
teacher-forcing

• Attention allows the decoder to focus on which part of the 
inputs is relevant to the next prediction.

!4

PF1 PF2 PF801

z

PF1 PF2 PFn

attention weight vector
softmax

๏ Attention allows the decoder to focus on which part of 
the inputs is relevant to the next prediction. 

Adding Attention
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Preliminary Results
• Trained on a small set of data: 90k events (mixture of 

ttbar, QCD, and WJets)

• 6 hours per epoch.

๏ (Preliminary) results trained on a small subset of the 
initial dataset (90K events)  

๏ Due to architecture complexity, training is much slower 
(6h/epoch)

Performances

 54
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๏ (Preliminary) results trained on a small subset of the 
initial dataset (90K events)  

๏ Due to architecture complexity, training is much slower 
(6h/epoch)

Performances
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Process p-value = 0.05 p-value = 0.01
p-value = 

0.001
p-value = 
0.0001

a→4ℓ 0.100 0.036 0.007 0.002

LQ→τb 0.090 0.021 0.003 0.001

h→ττ 0.124 0.040 0.010 0.004

h±→τν 0.232 0.079 0.018 0.006PRELiMiNARY



๏ (Preliminary) results trained on a small subset of the 
initial dataset (90K events)  

๏ Due to architecture complexity, training is much slower 
(6h/epoch)

Performances
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Process
Efficiency for 
~300 evt/day

xsec for 10 evt/
month [pb]

xsec for S/B~1/3 
[pb]

a→4ℓ 3.3·10-4 7.2 1.5·103

LQ→τb 5.8·10-4 4.1 850

h→ττ 1.1·10-3 2.2 450

h±→τν 1.4·10-3 1.7 340PRELiMiNARY



How to use such an 
algorithm



Not a discovery per-se

 58

๏ As for model-independent searches, 
not a discovery tool per se 

๏ One needs extra ingredients to 
translate what is found into a 
meaningful hypothesis test 

๏ Learn from data (data mining) 
and use the knowledge on new 
data 

๏ Add information (e.g., expected 
background model) and use “bsm-
agnostic” hypothesis testing 

๏ Scan the events with some 
advanced tool  

๏ …

Not clear what to do with a 
lot of these



Visual inspection
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๏ Nothing new (we used to do this in the past) 

๏ In principle, one could release a catalog for you to 
play with it



๏ With description of 
the SM samples that 
would be selected 
(e.g., MC if MC 
accurate) one could 
run hypothesis testing 
w/o specifying the 
signal model 

๏ This would allow to 
“isolate” the 
anomalous events 
looking at the 
returned contribution 
to the likelihood 
ratio

Learning NP from a Machine

 60

Testing the reference model for compatibility with the observed data set D unavoidably requires
comparison with an alternative hypothesis n(x|w). In general the alternative hypothesis is compos-
ite, labeled by a number of free parameters w. We are interested in problems where the distribution
according to which the data are truly distributed is “similar” (in the sense specified in the Introduc-
tion) to the reference one, hence it is convenient to parametrize n(x|w) in terms of n(x|R). Taking
also into account that n(x|w) is necessarily positive and that we will use log-likelihood ratios for
hypothesis testing, we best express it as

n(x|w) = n(x|R) e
f(x;w)

, (2)

in terms of a set of real functions F = {f(x;w), 8w}.
Once the set of alternative hypotheses is specified in this parametrized form, the optimal statis-

tical test for the reference model is defined by the Neyman–Pearson construction [65], based on the
maximum likelihood principle. The idea is to compare the reference with the best-fit distribution
n(x|bw), obtained at the point w = bw that maximizes the likelihood. This leads to the test statistic

t(D) = 2 log

"
e
�N(bw)

e�N(R)

Y

x2D

n(x|bw)

n(x|R)

#
= �2 Min

{w}

"
N(w) � N(R) �

X

x2D
f(x;w)

#
, (3)

where N(R) is the expected number of events in the reference model and N(w) is the expected in
the alternative hypothesis, namely

N(w) =

Z
dx n(x|w) =

Z
dx n(x|R) e

f(x;w)
. (4)

In order to associate a probability to the value of t (tobs) obtained with the observed data set, the
p.d.f. of t in the reference hypothesis needs to be computed by repeatedly evaluating t on a large
sample of toy datasets. From this distribution we obtain the observed p-value

pobs =

Z 1

tobs

dt P (t|R) , (5)

defined as usual as the probability that the reference model produces a dataset that is more in
tension with itself (has larger t) than the observed data.

The basic idea of the present paper is to parametrize the alternative hypothesis with neural
networks. We take f(x;w) to be fully connected neural networks, with free parameters w that
correspond to the weights and biases of the network. In order to turn this idea into a concrete
algorithm, the only missing step is to show how the minimization in eq. (3) can be transformed into
a neural network training problem. This step is taken in section 3, while here we further elaborate
on the conceptual foundations of our method and on the comparison with existing approaches. A
brief introduction to neural networks is reported in appendix A.

2.1 Model-Dependent Tests

The Neyman–Pearson formula in eq. (3) makes clear that the problem of searching for departures
from the reference model expectations (i.e., for new physics) merely reduces to the one of selecting

4Dagnolo and Wulzer, arXiv:1806.02350

Train D vs. R
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<latexit sha1_base64="l6yN+f1QsOLsaSp4kJ0f/2w0hK8=">AAACAXicbVDLSsNAFJ3UV62vqCtxM1gEVyWRgroruHElFYwtNKFMpjft0MmDmYlSQnDjr7hxoeLWv3Dn3zhps9DWAwOHc+6ZmXv8hDOpLOvbqCwtr6yuVddrG5tb2zvm7t6djFNBwaExj0XXJxI4i8BRTHHoJgJI6HPo+OPLwu/cg5Asjm7VJAEvJMOIBYwSpaW+eeBSiBSIIp+5IsyuQT3EYpznfbNuNawp8CKxS1JHJdp988sdxDQN9X2UEyl7tpUoLyNCMcohr7mphITQMRlCT9OIhCC9bLpCjo+1MsBBLPSJFJ6qvxMZCaWchL6eDIkayXmvEP/zeqkKzr2MRUmqIKKzh4KUYxXjog88YAKo4hNNCBVM/xXTERGE6lJkTZdgz6+8SJzTxkXDumnWW82yjSo6REfoBNnoDLXQFWojB1H0iJ7RK3oznowX4934mI1WjDKzj/7A+PwBDxKYBA==</latexit><latexit sha1_base64="l6yN+f1QsOLsaSp4kJ0f/2w0hK8=">AAACAXicbVDLSsNAFJ3UV62vqCtxM1gEVyWRgroruHElFYwtNKFMpjft0MmDmYlSQnDjr7hxoeLWv3Dn3zhps9DWAwOHc+6ZmXv8hDOpLOvbqCwtr6yuVddrG5tb2zvm7t6djFNBwaExj0XXJxI4i8BRTHHoJgJI6HPo+OPLwu/cg5Asjm7VJAEvJMOIBYwSpaW+eeBSiBSIIp+5IsyuQT3EYpznfbNuNawp8CKxS1JHJdp988sdxDQN9X2UEyl7tpUoLyNCMcohr7mphITQMRlCT9OIhCC9bLpCjo+1MsBBLPSJFJ6qvxMZCaWchL6eDIkayXmvEP/zeqkKzr2MRUmqIKKzh4KUYxXjog88YAKo4hNNCBVM/xXTERGE6lJkTZdgz6+8SJzTxkXDumnWW82yjSo6REfoBNnoDLXQFWojB1H0iJ7RK3oznowX4934mI1WjDKzj/7A+PwBDxKYBA==</latexit><latexit sha1_base64="l6yN+f1QsOLsaSp4kJ0f/2w0hK8=">AAACAXicbVDLSsNAFJ3UV62vqCtxM1gEVyWRgroruHElFYwtNKFMpjft0MmDmYlSQnDjr7hxoeLWv3Dn3zhps9DWAwOHc+6ZmXv8hDOpLOvbqCwtr6yuVddrG5tb2zvm7t6djFNBwaExj0XXJxI4i8BRTHHoJgJI6HPo+OPLwu/cg5Asjm7VJAEvJMOIBYwSpaW+eeBSiBSIIp+5IsyuQT3EYpznfbNuNawp8CKxS1JHJdp988sdxDQN9X2UEyl7tpUoLyNCMcohr7mphITQMRlCT9OIhCC9bLpCjo+1MsBBLPSJFJ6qvxMZCaWchL6eDIkayXmvEP/zeqkKzr2MRUmqIKKzh4KUYxXjog88YAKo4hNNCBVM/xXTERGE6lJkTZdgz6+8SJzTxkXDumnWW82yjSo6REfoBNnoDLXQFWojB1H0iJ7RK3oznowX4934mI1WjDKzj/7A+PwBDxKYBA==</latexit>

x
<latexit sha1_base64="3fQIQLo0BGAEJj9Jm00fxBjph4A=">AAAB53icbVBNS8NAEJ3Ur1q/qh69LBbBU0lFUMFDwYvHFowttKFstpN27WYTdjdiCf0FXjyoePUvefPfuG1z0NYHA4/3ZpiZFySCa+O6305hZXVtfaO4Wdra3tndK+8f3Os4VQw9FotYtQOqUXCJnuFGYDtRSKNAYCsY3Uz91iMqzWN5Z8YJ+hEdSB5yRo2Vmk+9csWtujOQZVLLSQVyNHrlr24/ZmmE0jBBte7U3MT4GVWGM4GTUjfVmFA2ogPsWCpphNrPZodOyIlV+iSMlS1pyEz9PZHRSOtxFNjOiJqhXvSm4n9eJzXhpZ9xmaQGJZsvClNBTEymX5M+V8iMGFtCmeL2VsKGVFFmbDYlG0Jt8eVl4p1Vr6pu87xSv87TKMIRHMMp1OAC6nALDfCAAcIzvMKb8+C8OO/Ox7y14OQzh/AHzucPUn+MyQ==</latexit><latexit sha1_base64="3fQIQLo0BGAEJj9Jm00fxBjph4A=">AAAB53icbVBNS8NAEJ3Ur1q/qh69LBbBU0lFUMFDwYvHFowttKFstpN27WYTdjdiCf0FXjyoePUvefPfuG1z0NYHA4/3ZpiZFySCa+O6305hZXVtfaO4Wdra3tndK+8f3Os4VQw9FotYtQOqUXCJnuFGYDtRSKNAYCsY3Uz91iMqzWN5Z8YJ+hEdSB5yRo2Vmk+9csWtujOQZVLLSQVyNHrlr24/ZmmE0jBBte7U3MT4GVWGM4GTUjfVmFA2ogPsWCpphNrPZodOyIlV+iSMlS1pyEz9PZHRSOtxFNjOiJqhXvSm4n9eJzXhpZ9xmaQGJZsvClNBTEymX5M+V8iMGFtCmeL2VsKGVFFmbDYlG0Jt8eVl4p1Vr6pu87xSv87TKMIRHMMp1OAC6nALDfCAAcIzvMKb8+C8OO/Ox7y14OQzh/AHzucPUn+MyQ==</latexit><latexit sha1_base64="3fQIQLo0BGAEJj9Jm00fxBjph4A=">AAAB53icbVBNS8NAEJ3Ur1q/qh69LBbBU0lFUMFDwYvHFowttKFstpN27WYTdjdiCf0FXjyoePUvefPfuG1z0NYHA4/3ZpiZFySCa+O6305hZXVtfaO4Wdra3tndK+8f3Os4VQw9FotYtQOqUXCJnuFGYDtRSKNAYCsY3Uz91iMqzWN5Z8YJ+hEdSB5yRo2Vmk+9csWtujOQZVLLSQVyNHrlr24/ZmmE0jBBte7U3MT4GVWGM4GTUjfVmFA2ogPsWCpphNrPZodOyIlV+iSMlS1pyEz9PZHRSOtxFNjOiJqhXvSm4n9eJzXhpZ9xmaQGJZsvClNBTEymX5M+V8iMGFtCmeL2VsKGVFFmbDYlG0Jt8eVl4p1Vr6pu87xSv87TKMIRHMMp1OAC6nALDfCAAcIzvMKb8+C8OO/Ox7y14OQzh/AHzucPUn+MyQ==</latexit>

f(x; bw)
<latexit sha1_base64="Pfpzj/vYvRM3+vXoj4whWTvGTnI=">AAACAXicbVBNS8NAEN3Ur1q/op7Ey2IR6qWkIqjooeDFYwVjC00om82mXbrZhN2NtYTgxb/ixYOKV/+FN/+NmzYHbX0w8Hhvhpl5XsyoVJb1bZQWFpeWV8qrlbX1jc0tc3vnTkaJwMTGEYtEx0OSMMqJrahipBMLgkKPkbY3vMr99j0Rkkb8Vo1j4oaoz2lAMVJa6pl7Qe3hwhlRnwyQSp0QqYEXpKMsO+qZVatuTQDnSaMgVVCg1TO/HD/CSUi4wgxJ2W1YsXJTJBTFjGQVJ5EkRniI+qSrKUchkW46eSGDh1rxYRAJXVzBifp7IkWhlOPQ0535jXLWy8X/vG6igjM3pTxOFOF4uihIGFQRzPOAPhUEKzbWBGFB9a0QD5BAWOnUKjqExuzL88Q+rp/XrZuTavOySKMM9sEBqIEGOAVNcA1awAYYPIJn8ArejCfjxXg3PqatJaOY2QV/YHz+APBll1M=</latexit><latexit sha1_base64="Pfpzj/vYvRM3+vXoj4whWTvGTnI=">AAACAXicbVBNS8NAEN3Ur1q/op7Ey2IR6qWkIqjooeDFYwVjC00om82mXbrZhN2NtYTgxb/ixYOKV/+FN/+NmzYHbX0w8Hhvhpl5XsyoVJb1bZQWFpeWV8qrlbX1jc0tc3vnTkaJwMTGEYtEx0OSMMqJrahipBMLgkKPkbY3vMr99j0Rkkb8Vo1j4oaoz2lAMVJa6pl7Qe3hwhlRnwyQSp0QqYEXpKMsO+qZVatuTQDnSaMgVVCg1TO/HD/CSUi4wgxJ2W1YsXJTJBTFjGQVJ5EkRniI+qSrKUchkW46eSGDh1rxYRAJXVzBifp7IkWhlOPQ0535jXLWy8X/vG6igjM3pTxOFOF4uihIGFQRzPOAPhUEKzbWBGFB9a0QD5BAWOnUKjqExuzL88Q+rp/XrZuTavOySKMM9sEBqIEGOAVNcA1awAYYPIJn8ArejCfjxXg3PqatJaOY2QV/YHz+APBll1M=</latexit><latexit sha1_base64="Pfpzj/vYvRM3+vXoj4whWTvGTnI=">AAACAXicbVBNS8NAEN3Ur1q/op7Ey2IR6qWkIqjooeDFYwVjC00om82mXbrZhN2NtYTgxb/ixYOKV/+FN/+NmzYHbX0w8Hhvhpl5XsyoVJb1bZQWFpeWV8qrlbX1jc0tc3vnTkaJwMTGEYtEx0OSMMqJrahipBMLgkKPkbY3vMr99j0Rkkb8Vo1j4oaoz2lAMVJa6pl7Qe3hwhlRnwyQSp0QqYEXpKMsO+qZVatuTQDnSaMgVVCg1TO/HD/CSUi4wgxJ2W1YsXJTJBTFjGQVJ5EkRniI+qSrKUchkW46eSGDh1rxYRAJXVzBifp7IkWhlOPQ0535jXLWy8X/vG6igjM3pTxOFOF4uihIGFQRzPOAPhUEKzbWBGFB9a0QD5BAWOnUKjqExuzL88Q+rp/XrZuTavOySKMM9sEBqIEGOAVNcA1awAYYPIJn8ArejCfjxXg3PqatJaOY2QV/YHz+APBll1M=</latexit>

Neural
<latexit sha1_base64="dI2HqpCGmEjSChqdGxxPT5gYMh4=">AAACAHicbVBPS8MwHE3nvzn/Vb0IXoJD8DRaGai3gRdPMsHqYC0jzX7dwpK2JKkwyrz4Vbx4UPHqx/DmtzHdetDNB4HHe7+X5PfClDOlHefbqiwtr6yuVddrG5tb2zv27t6dSjJJwaMJT2QnJAo4i8HTTHPopBKICDnch6PLwr9/AKlYEt/qcQqBIIOYRYwSbaSefeBTiDXIIp/7UuTXkEnCJ5OeXXcazhR4kbglqaMS7Z795fcTmglzHeVEqa7rpDrIidSMcpjU/ExBSuiIDKBraEwEqCCfbjDBx0bp4yiR5sQaT9XfiZwIpcYiNJOC6KGa9wrxP6+b6eg8yFmcZhpiOnsoyjjWCS7qwH0mgWo+NoRQycxfMR0SSajpRNVMCe78yovEO21cNJybZr3VLNuookN0hE6Qi85QC12hNvIQRY/oGb2iN+vJerHerY/ZaMUqM/voD6zPHxl6l3c=</latexit><latexit sha1_base64="dI2HqpCGmEjSChqdGxxPT5gYMh4=">AAACAHicbVBPS8MwHE3nvzn/Vb0IXoJD8DRaGai3gRdPMsHqYC0jzX7dwpK2JKkwyrz4Vbx4UPHqx/DmtzHdetDNB4HHe7+X5PfClDOlHefbqiwtr6yuVddrG5tb2zv27t6dSjJJwaMJT2QnJAo4i8HTTHPopBKICDnch6PLwr9/AKlYEt/qcQqBIIOYRYwSbaSefeBTiDXIIp/7UuTXkEnCJ5OeXXcazhR4kbglqaMS7Z795fcTmglzHeVEqa7rpDrIidSMcpjU/ExBSuiIDKBraEwEqCCfbjDBx0bp4yiR5sQaT9XfiZwIpcYiNJOC6KGa9wrxP6+b6eg8yFmcZhpiOnsoyjjWCS7qwH0mgWo+NoRQycxfMR0SSajpRNVMCe78yovEO21cNJybZr3VLNuookN0hE6Qi85QC12hNvIQRY/oGb2iN+vJerHerY/ZaMUqM/voD6zPHxl6l3c=</latexit><latexit sha1_base64="dI2HqpCGmEjSChqdGxxPT5gYMh4=">AAACAHicbVBPS8MwHE3nvzn/Vb0IXoJD8DRaGai3gRdPMsHqYC0jzX7dwpK2JKkwyrz4Vbx4UPHqx/DmtzHdetDNB4HHe7+X5PfClDOlHefbqiwtr6yuVddrG5tb2zv27t6dSjJJwaMJT2QnJAo4i8HTTHPopBKICDnch6PLwr9/AKlYEt/qcQqBIIOYRYwSbaSefeBTiDXIIp/7UuTXkEnCJ5OeXXcazhR4kbglqaMS7Z795fcTmglzHeVEqa7rpDrIidSMcpjU/ExBSuiIDKBraEwEqCCfbjDBx0bp4yiR5sQaT9XfiZwIpcYiNJOC6KGa9wrxP6+b6eg8yFmcZhpiOnsoyjjWCS7qwH0mgWo+NoRQycxfMR0SSajpRNVMCe78yovEO21cNJybZr3VLNuookN0hE6Qi85QC12hNvIQRY/oGb2iN+vJerHerY/ZaMUqM/voD6zPHxl6l3c=</latexit>

Network
<latexit sha1_base64="l6yN+f1QsOLsaSp4kJ0f/2w0hK8=">AAACAXicbVDLSsNAFJ3UV62vqCtxM1gEVyWRgroruHElFYwtNKFMpjft0MmDmYlSQnDjr7hxoeLWv3Dn3zhps9DWAwOHc+6ZmXv8hDOpLOvbqCwtr6yuVddrG5tb2zvm7t6djFNBwaExj0XXJxI4i8BRTHHoJgJI6HPo+OPLwu/cg5Asjm7VJAEvJMOIBYwSpaW+eeBSiBSIIp+5IsyuQT3EYpznfbNuNawp8CKxS1JHJdp988sdxDQN9X2UEyl7tpUoLyNCMcohr7mphITQMRlCT9OIhCC9bLpCjo+1MsBBLPSJFJ6qvxMZCaWchL6eDIkayXmvEP/zeqkKzr2MRUmqIKKzh4KUYxXjog88YAKo4hNNCBVM/xXTERGE6lJkTZdgz6+8SJzTxkXDumnWW82yjSo6REfoBNnoDLXQFWojB1H0iJ7RK3oznowX4934mI1WjDKzj/7A+PwBDxKYBA==</latexit><latexit sha1_base64="l6yN+f1QsOLsaSp4kJ0f/2w0hK8=">AAACAXicbVDLSsNAFJ3UV62vqCtxM1gEVyWRgroruHElFYwtNKFMpjft0MmDmYlSQnDjr7hxoeLWv3Dn3zhps9DWAwOHc+6ZmXv8hDOpLOvbqCwtr6yuVddrG5tb2zvm7t6djFNBwaExj0XXJxI4i8BRTHHoJgJI6HPo+OPLwu/cg5Asjm7VJAEvJMOIBYwSpaW+eeBSiBSIIp+5IsyuQT3EYpznfbNuNawp8CKxS1JHJdp988sdxDQN9X2UEyl7tpUoLyNCMcohr7mphITQMRlCT9OIhCC9bLpCjo+1MsBBLPSJFJ6qvxMZCaWchL6eDIkayXmvEP/zeqkKzr2MRUmqIKKzh4KUYxXjog88YAKo4hNNCBVM/xXTERGE6lJkTZdgz6+8SJzTxkXDumnWW82yjSo6REfoBNnoDLXQFWojB1H0iJ7RK3oznowX4934mI1WjDKzj/7A+PwBDxKYBA==</latexit><latexit sha1_base64="l6yN+f1QsOLsaSp4kJ0f/2w0hK8=">AAACAXicbVDLSsNAFJ3UV62vqCtxM1gEVyWRgroruHElFYwtNKFMpjft0MmDmYlSQnDjr7hxoeLWv3Dn3zhps9DWAwOHc+6ZmXv8hDOpLOvbqCwtr6yuVddrG5tb2zvm7t6djFNBwaExj0XXJxI4i8BRTHHoJgJI6HPo+OPLwu/cg5Asjm7VJAEvJMOIBYwSpaW+eeBSiBSIIp+5IsyuQT3EYpznfbNuNawp8CKxS1JHJdp988sdxDQN9X2UEyl7tpUoLyNCMcohr7mphITQMRlCT9OIhCC9bLpCjo+1MsBBLPSJFJ6qvxMZCaWchL6eDIkayXmvEP/zeqkKzr2MRUmqIKKzh4KUYxXjog88YAKo4hNNCBVM/xXTERGE6lJkTZdgz6+8SJzTxkXDumnWW82yjSo6REfoBNnoDLXQFWojB1H0iJ7RK3oznowX4934mI1WjDKzj/7A+PwBDxKYBA==</latexit>

x
<latexit sha1_base64="3fQIQLo0BGAEJj9Jm00fxBjph4A=">AAAB53icbVBNS8NAEJ3Ur1q/qh69LBbBU0lFUMFDwYvHFowttKFstpN27WYTdjdiCf0FXjyoePUvefPfuG1z0NYHA4/3ZpiZFySCa+O6305hZXVtfaO4Wdra3tndK+8f3Os4VQw9FotYtQOqUXCJnuFGYDtRSKNAYCsY3Uz91iMqzWN5Z8YJ+hEdSB5yRo2Vmk+9csWtujOQZVLLSQVyNHrlr24/ZmmE0jBBte7U3MT4GVWGM4GTUjfVmFA2ogPsWCpphNrPZodOyIlV+iSMlS1pyEz9PZHRSOtxFNjOiJqhXvSm4n9eJzXhpZ9xmaQGJZsvClNBTEymX5M+V8iMGFtCmeL2VsKGVFFmbDYlG0Jt8eVl4p1Vr6pu87xSv87TKMIRHMMp1OAC6nALDfCAAcIzvMKb8+C8OO/Ox7y14OQzh/AHzucPUn+MyQ==</latexit><latexit sha1_base64="3fQIQLo0BGAEJj9Jm00fxBjph4A=">AAAB53icbVBNS8NAEJ3Ur1q/qh69LBbBU0lFUMFDwYvHFowttKFstpN27WYTdjdiCf0FXjyoePUvefPfuG1z0NYHA4/3ZpiZFySCa+O6305hZXVtfaO4Wdra3tndK+8f3Os4VQw9FotYtQOqUXCJnuFGYDtRSKNAYCsY3Uz91iMqzWN5Z8YJ+hEdSB5yRo2Vmk+9csWtujOQZVLLSQVyNHrlr24/ZmmE0jBBte7U3MT4GVWGM4GTUjfVmFA2ogPsWCpphNrPZodOyIlV+iSMlS1pyEz9PZHRSOtxFNjOiJqhXvSm4n9eJzXhpZ9xmaQGJZsvClNBTEymX5M+V8iMGFtCmeL2VsKGVFFmbDYlG0Jt8eVl4p1Vr6pu87xSv87TKMIRHMMp1OAC6nALDfCAAcIzvMKb8+C8OO/Ox7y14OQzh/AHzucPUn+MyQ==</latexit><latexit sha1_base64="3fQIQLo0BGAEJj9Jm00fxBjph4A=">AAAB53icbVBNS8NAEJ3Ur1q/qh69LBbBU0lFUMFDwYvHFowttKFstpN27WYTdjdiCf0FXjyoePUvefPfuG1z0NYHA4/3ZpiZFySCa+O6305hZXVtfaO4Wdra3tndK+8f3Os4VQw9FotYtQOqUXCJnuFGYDtRSKNAYCsY3Uz91iMqzWN5Z8YJ+hEdSB5yRo2Vmk+9csWtujOQZVLLSQVyNHrlr24/ZmmE0jBBte7U3MT4GVWGM4GTUjfVmFA2ogPsWCpphNrPZodOyIlV+iSMlS1pyEz9PZHRSOtxFNjOiJqhXvSm4n9eJzXhpZ9xmaQGJZsvClNBTEymX5M+V8iMGFtCmeL2VsKGVFFmbDYlG0Jt8eVl4p1Vr6pu87xSv87TKMIRHMMp1OAC6nALDfCAAcIzvMKb8+C8OO/Ox7y14OQzh/AHzucPUn+MyQ==</latexit>

bw
<latexit sha1_base64="GEXrqTgCiObLtyMOy6VCTZueEeU=">AAAB/HicbVDLSsNAFJ3UV62v+Ni5CRbBVUlFUMFFwY3LCsYWmlAmk0k7dDIJMzeWGoK/4saFils/xJ1/46TNQlsPDBzOuZd75vgJZwps+9uoLC2vrK5V12sbm1vbO+bu3r2KU0moQ2Iey66PFeVMUAcYcNpNJMWRz2nHH10XfueBSsVicQeThHoRHggWMoJBS33zwB2zgA4xZG6EYeiH2TjP+2bdbthTWIukWZI6KtHum19uEJM0ogIIx0r1mnYCXoYlMMJpXnNTRRNMRnhAe5oKHFHlZdP0uXWslcAKY6mfAGuq/t7IcKTUJPL1ZBFRzXuF+J/XSyG88DImkhSoILNDYcotiK2iCitgkhLgE00wkUxntcgQS0xAF1bTJTTnv7xInNPGZcO+Pau3rso2qugQHaET1ETnqIVuUBs5iKBH9Ixe0ZvxZLwY78bHbLRilDv76A+Mzx/uWJW3</latexit><latexit sha1_base64="GEXrqTgCiObLtyMOy6VCTZueEeU=">AAAB/HicbVDLSsNAFJ3UV62v+Ni5CRbBVUlFUMFFwY3LCsYWmlAmk0k7dDIJMzeWGoK/4saFils/xJ1/46TNQlsPDBzOuZd75vgJZwps+9uoLC2vrK5V12sbm1vbO+bu3r2KU0moQ2Iey66PFeVMUAcYcNpNJMWRz2nHH10XfueBSsVicQeThHoRHggWMoJBS33zwB2zgA4xZG6EYeiH2TjP+2bdbthTWIukWZI6KtHum19uEJM0ogIIx0r1mnYCXoYlMMJpXnNTRRNMRnhAe5oKHFHlZdP0uXWslcAKY6mfAGuq/t7IcKTUJPL1ZBFRzXuF+J/XSyG88DImkhSoILNDYcotiK2iCitgkhLgE00wkUxntcgQS0xAF1bTJTTnv7xInNPGZcO+Pau3rso2qugQHaET1ETnqIVuUBs5iKBH9Ixe0ZvxZLwY78bHbLRilDv76A+Mzx/uWJW3</latexit><latexit sha1_base64="GEXrqTgCiObLtyMOy6VCTZueEeU=">AAAB/HicbVDLSsNAFJ3UV62v+Ni5CRbBVUlFUMFFwY3LCsYWmlAmk0k7dDIJMzeWGoK/4saFils/xJ1/46TNQlsPDBzOuZd75vgJZwps+9uoLC2vrK5V12sbm1vbO+bu3r2KU0moQ2Iey66PFeVMUAcYcNpNJMWRz2nHH10XfueBSsVicQeThHoRHggWMoJBS33zwB2zgA4xZG6EYeiH2TjP+2bdbthTWIukWZI6KtHum19uEJM0ogIIx0r1mnYCXoYlMMJpXnNTRRNMRnhAe5oKHFHlZdP0uXWslcAKY6mfAGuq/t7IcKTUJPL1ZBFRzXuF+J/XSyG88DImkhSoILNDYcotiK2iCitgkhLgE00wkUxntcgQS0xAF1bTJTTnv7xInNPGZcO+Pau3rso2qugQHaET1ETnqIVuUBs5iKBH9Ixe0ZvxZLwY78bHbLRilDv76A+Mzx/uWJW3</latexit>

f(x; bw) ' log


n(x|T)

n(x|R)

�

<latexit sha1_base64="S28PvJeymb3fOw6+nBIVfS8Bwjw="></latexit><latexit sha1_base64="S28PvJeymb3fOw6+nBIVfS8Bwjw="></latexit><latexit sha1_base64="S28PvJeymb3fOw6+nBIVfS8Bwjw="></latexit>

data sample D
<latexit sha1_base64="f+aaVRC/KcY8vyqh5Dk9o8yx3aA=">AAACC3icbVDLSgMxFM3UV62vqks3wSK4KlMRVOqioAuXFRxb6JRyJ5NpQ5OZIckIJcwHuPFX3LhQcesPuPNvTB8LbT0QOJxzLrn3BClnSrvut1NYWl5ZXSuulzY2t7Z3yrt79yrJJKEeSXgi2wEoyllMPc00p+1UUhABp61geDX2Ww9UKpbEd3qU0q6AfswiRkBbqVeuGF8KE4IGv44ViJRTv57nxhegBwS4uc5zm3Kr7gR4kdRmpIJmaPbKX36YkEzQWBMOSnVqbqq7BqRmhNO85GeKpkCG0KcdS2MQVHXN5JgcH1klxFEi7Ys1nqi/JwwIpUYisMnxjmreG4v/eZ1MR+ddw+I00zQm04+ijGOd4HEzOGSSEs1HlgCRzO6KyQAkEG37K9kSavMnLxLvpHpRdW9PK43LWRtFdIAO0TGqoTPUQDeoiTxE0CN6Rq/ozXlyXpx352MaLTizmX30B87nDxbAm9U=</latexit><latexit sha1_base64="f+aaVRC/KcY8vyqh5Dk9o8yx3aA=">AAACC3icbVDLSgMxFM3UV62vqks3wSK4KlMRVOqioAuXFRxb6JRyJ5NpQ5OZIckIJcwHuPFX3LhQcesPuPNvTB8LbT0QOJxzLrn3BClnSrvut1NYWl5ZXSuulzY2t7Z3yrt79yrJJKEeSXgi2wEoyllMPc00p+1UUhABp61geDX2Ww9UKpbEd3qU0q6AfswiRkBbqVeuGF8KE4IGv44ViJRTv57nxhegBwS4uc5zm3Kr7gR4kdRmpIJmaPbKX36YkEzQWBMOSnVqbqq7BqRmhNO85GeKpkCG0KcdS2MQVHXN5JgcH1klxFEi7Ys1nqi/JwwIpUYisMnxjmreG4v/eZ1MR+ddw+I00zQm04+ijGOd4HEzOGSSEs1HlgCRzO6KyQAkEG37K9kSavMnLxLvpHpRdW9PK43LWRtFdIAO0TGqoTPUQDeoiTxE0CN6Rq/ozXlyXpx352MaLTizmX30B87nDxbAm9U=</latexit><latexit sha1_base64="f+aaVRC/KcY8vyqh5Dk9o8yx3aA=">AAACC3icbVDLSgMxFM3UV62vqks3wSK4KlMRVOqioAuXFRxb6JRyJ5NpQ5OZIckIJcwHuPFX3LhQcesPuPNvTB8LbT0QOJxzLrn3BClnSrvut1NYWl5ZXSuulzY2t7Z3yrt79yrJJKEeSXgi2wEoyllMPc00p+1UUhABp61geDX2Ww9UKpbEd3qU0q6AfswiRkBbqVeuGF8KE4IGv44ViJRTv57nxhegBwS4uc5zm3Kr7gR4kdRmpIJmaPbKX36YkEzQWBMOSnVqbqq7BqRmhNO85GeKpkCG0KcdS2MQVHXN5JgcH1klxFEi7Ys1nqi/JwwIpUYisMnxjmreG4v/eZ1MR+ddw+I00zQm04+ijGOd4HEzOGSSEs1HlgCRzO6KyQAkEG37K9kSavMnLxLvpHpRdW9PK43LWRtFdIAO0TGqoTPUQDeoiTxE0CN6Rq/ozXlyXpx352MaLTizmX30B87nDxbAm9U=</latexit>

computed on the
<latexit sha1_base64="CTk5b2fhJvef89ZC1hFJQOz1XPk=">AAACAnicbVBLSwMxGMz6rPW16k0vwSJ4KlsRVPRQ8OKxgmsL3aVks2kbmseSZIWyLHjxr3jxoOLVX+HNf2O23YO2DiQMM99HMhMljGrjed/OwuLS8spqZa26vrG5te3u7N5rmSpMfCyZVJ0IacKoIL6hhpFOogjiESPtaHRd+O0HojSV4s6MExJyNBC0TzEyVuq5+1mgeIYlT1JD4uASSmEvMyR53nNrXt2bAM6TRklqoESr534FscQpJ8JghrTuNrzEhBlShmJG8mqQapIgPEID0rVUIE50mE0y5PDIKjHsS2WPMHCi/t7IENd6zCM7yZEZ6lmvEP/zuqnpn4cZFUVAgacP9VMGjYRFITCmimDDxpYgrKj9K8RDpBA2traqLaExG3me+Cf1i7p3e1prXpVtVMABOATHoAHOQBPcgBbwAQaP4Bm8gjfnyXlx3p2P6eiCU+7sgT9wPn8AeE6XlA==</latexit><latexit sha1_base64="CTk5b2fhJvef89ZC1hFJQOz1XPk=">AAACAnicbVBLSwMxGMz6rPW16k0vwSJ4KlsRVPRQ8OKxgmsL3aVks2kbmseSZIWyLHjxr3jxoOLVX+HNf2O23YO2DiQMM99HMhMljGrjed/OwuLS8spqZa26vrG5te3u7N5rmSpMfCyZVJ0IacKoIL6hhpFOogjiESPtaHRd+O0HojSV4s6MExJyNBC0TzEyVuq5+1mgeIYlT1JD4uASSmEvMyR53nNrXt2bAM6TRklqoESr534FscQpJ8JghrTuNrzEhBlShmJG8mqQapIgPEID0rVUIE50mE0y5PDIKjHsS2WPMHCi/t7IENd6zCM7yZEZ6lmvEP/zuqnpn4cZFUVAgacP9VMGjYRFITCmimDDxpYgrKj9K8RDpBA2traqLaExG3me+Cf1i7p3e1prXpVtVMABOATHoAHOQBPcgBbwAQaP4Bm8gjfnyXlx3p2P6eiCU+7sgT9wPn8AeE6XlA==</latexit><latexit sha1_base64="CTk5b2fhJvef89ZC1hFJQOz1XPk=">AAACAnicbVBLSwMxGMz6rPW16k0vwSJ4KlsRVPRQ8OKxgmsL3aVks2kbmseSZIWyLHjxr3jxoOLVX+HNf2O23YO2DiQMM99HMhMljGrjed/OwuLS8spqZa26vrG5te3u7N5rmSpMfCyZVJ0IacKoIL6hhpFOogjiESPtaHRd+O0HojSV4s6MExJyNBC0TzEyVuq5+1mgeIYlT1JD4uASSmEvMyR53nNrXt2bAM6TRklqoESr534FscQpJ8JghrTuNrzEhBlShmJG8mqQapIgPEID0rVUIE50mE0y5PDIKjHsS2WPMHCi/t7IENd6zCM7yZEZ6lmvEP/zuqnpn4cZFUVAgacP9VMGjYRFITCmimDDxpYgrKj9K8RDpBA2traqLaExG3me+Cf1i7p3e1prXpVtVMABOATHoAHOQBPcgBbwAQaP4Bm8gjfnyXlx3p2P6eiCU+7sgT9wPn8AeE6XlA==</latexit>

Dist. log ratio
<latexit sha1_base64="7oGBlvyBwH1Rcj6SyN4OgSamCUg=">AAACBXicbVDLSsNAFJ34rPUVdSlCsAiuQiqCSl0UdOGygrGFJpTJdNIOnUeYmQglZOXGX3HjQsWt/+DOv3HSZqGtBy4czrmXe++JEkqU9rxva2FxaXlltbJWXd/Y3Nq2d3bvlUglwj4SVMhOBBWmhGNfE01xJ5EYsojidjS6Kvz2A5aKCH6nxwkOGRxwEhMEtZF69kEWSJYFUZxdm2Vu0KBiEDRk4eZ53rNrnutN4MyTeklqoESrZ38FfYFShrlGFCrVrXuJDjMoNUEU59UgVTiBaAQHuGsohwyrMJu8kTtHRuk7sZCmuHYm6u+JDDKlxiwynQzqoZr1CvE/r5vq+DzMCE9SjTmaLopT6mjhFJk4fSIx0nRsCESSmFsdNIQSIm2Sq5oQ6rMvzxP/xL1wvdvTWvOyTKMC9sEhOAZ1cAaa4Aa0gA8QeATP4BW8WU/Wi/VufUxbF6xyZg/8gfX5A0rVmTI=</latexit><latexit sha1_base64="7oGBlvyBwH1Rcj6SyN4OgSamCUg=">AAACBXicbVDLSsNAFJ34rPUVdSlCsAiuQiqCSl0UdOGygrGFJpTJdNIOnUeYmQglZOXGX3HjQsWt/+DOv3HSZqGtBy4czrmXe++JEkqU9rxva2FxaXlltbJWXd/Y3Nq2d3bvlUglwj4SVMhOBBWmhGNfE01xJ5EYsojidjS6Kvz2A5aKCH6nxwkOGRxwEhMEtZF69kEWSJYFUZxdm2Vu0KBiEDRk4eZ53rNrnutN4MyTeklqoESrZ38FfYFShrlGFCrVrXuJDjMoNUEU59UgVTiBaAQHuGsohwyrMJu8kTtHRuk7sZCmuHYm6u+JDDKlxiwynQzqoZr1CvE/r5vq+DzMCE9SjTmaLopT6mjhFJk4fSIx0nRsCESSmFsdNIQSIm2Sq5oQ6rMvzxP/xL1wvdvTWvOyTKMC9sEhOAZ1cAaa4Aa0gA8QeATP4BW8WU/Wi/VufUxbF6xyZg/8gfX5A0rVmTI=</latexit><latexit sha1_base64="7oGBlvyBwH1Rcj6SyN4OgSamCUg=">AAACBXicbVDLSsNAFJ34rPUVdSlCsAiuQiqCSl0UdOGygrGFJpTJdNIOnUeYmQglZOXGX3HjQsWt/+DOv3HSZqGtBy4czrmXe++JEkqU9rxva2FxaXlltbJWXd/Y3Nq2d3bvlUglwj4SVMhOBBWmhGNfE01xJ5EYsojidjS6Kvz2A5aKCH6nxwkOGRxwEhMEtZF69kEWSJYFUZxdm2Vu0KBiEDRk4eZ53rNrnutN4MyTeklqoESrZ38FfYFShrlGFCrVrXuJDjMoNUEU59UgVTiBaAQHuGsohwyrMJu8kTtHRuk7sZCmuHYm6u+JDDKlxiwynQzqoZr1CvE/r5vq+DzMCE9SjTmaLopT6mjhFJk4fSIx0nRsCESSmFsdNIQSIm2Sq5oQ6rMvzxP/xL1wvdvTWvOyTKMC9sEhOAZ1cAaa4Aa0gA8QeATP4BW8WU/Wi/VufUxbF6xyZg/8gfX5A0rVmTI=</latexit>

Data sample D
<latexit sha1_base64="99DX1wB4D7ChFAxRNF+KPQTTjFA=">AAACGHicbVBNSwMxEM3Wr1q/qh69LBbBU9mKoFIPBXvwWMHaQreU2TTbhibZJckKJezf8OJf8eJBxWtv/huz2x60+iDk8d4MM/OCmFGlPe/LKaysrq1vFDdLW9s7u3vl/YMHFSUSkzaOWCS7ASjCqCBtTTUj3VgS4AEjnWByk/mdRyIVjcS9nsakz2EkaEgxaCsNyp7xJTd+EJomaPDrCnjMiF9P09T4HPTYOvmPgZmmVQflilf1crh/SW1BKmiB1qA884cRTjgRGjNQqlfzYt03IDXFjKQlP1EkBjyBEelZKoAT1Tf5Zal7YpWhG0bSPqHdXP3ZYYArNeWBrcyWVMteJv7n9RIdXvYNFXGiicDzQWHCXB25WUzukEqCNZtaAlhSu6uLxyABaxtmyYZQWz75L2mfVa+q3t15pXG9SKOIjtAxOkU1dIEa6Ba1UBth9IRe0Bt6d56dV+fD+ZyXFpxFzyH6BWf2DV0eofk=</latexit><latexit sha1_base64="99DX1wB4D7ChFAxRNF+KPQTTjFA=">AAACGHicbVBNSwMxEM3Wr1q/qh69LBbBU9mKoFIPBXvwWMHaQreU2TTbhibZJckKJezf8OJf8eJBxWtv/huz2x60+iDk8d4MM/OCmFGlPe/LKaysrq1vFDdLW9s7u3vl/YMHFSUSkzaOWCS7ASjCqCBtTTUj3VgS4AEjnWByk/mdRyIVjcS9nsakz2EkaEgxaCsNyp7xJTd+EJomaPDrCnjMiF9P09T4HPTYOvmPgZmmVQflilf1crh/SW1BKmiB1qA884cRTjgRGjNQqlfzYt03IDXFjKQlP1EkBjyBEelZKoAT1Tf5Zal7YpWhG0bSPqHdXP3ZYYArNeWBrcyWVMteJv7n9RIdXvYNFXGiicDzQWHCXB25WUzukEqCNZtaAlhSu6uLxyABaxtmyYZQWz75L2mfVa+q3t15pXG9SKOIjtAxOkU1dIEa6Ba1UBth9IRe0Bt6d56dV+fD+ZyXFpxFzyH6BWf2DV0eofk=</latexit><latexit sha1_base64="99DX1wB4D7ChFAxRNF+KPQTTjFA=">AAACGHicbVBNSwMxEM3Wr1q/qh69LBbBU9mKoFIPBXvwWMHaQreU2TTbhibZJckKJezf8OJf8eJBxWtv/huz2x60+iDk8d4MM/OCmFGlPe/LKaysrq1vFDdLW9s7u3vl/YMHFSUSkzaOWCS7ASjCqCBtTTUj3VgS4AEjnWByk/mdRyIVjcS9nsakz2EkaEgxaCsNyp7xJTd+EJomaPDrCnjMiF9P09T4HPTYOvmPgZmmVQflilf1crh/SW1BKmiB1qA884cRTjgRGjNQqlfzYt03IDXFjKQlP1EkBjyBEelZKoAT1Tf5Zal7YpWhG0bSPqHdXP3ZYYArNeWBrcyWVMteJv7n9RIdXvYNFXGiicDzQWHCXB25WUzukEqCNZtaAlhSu6uLxyABaxtmyYZQWz75L2mfVa+q3t15pXG9SKOIjtAxOkU1dIEa6Ba1UBth9IRe0Bt6d56dV+fD+ZyXFpxFzyH6BWf2DV0eofk=</latexit>

Reference sample R
<latexit sha1_base64="Jq83u2Yb+uC83zpZI3YYKg0q4i8=">AAACHXicbVBNSwMxEM3Wr1q/Vj16CRbBU9mKoqKHghePtVhb6JaSTWfb0GR3SbJCCftLvPhXvHhQ8eBF/Dem2x60+iDM470ZMvOChDOlPe/LKSwsLi2vFFdLa+sbm1vu9s6dilNJoUljHst2QBRwFkFTM82hnUggIuDQCkZXE791D1KxOLrV4wS6ggwiFjJKtJV67onxpTB+EJoGhCAhouBfKCISbmuWZcYXRA+tnVdKuGlYteeWvYqXA/8l1RkpoxnqPffD78c0FRBpyolSnaqX6K4hUjPKISv5qYKE0BEZQMfSiAhQXZOfl+EDq/RxGEv7Io1z9eeEIUKpsQhs52RJNe9NxP+8TqrDs65hUZJqe/j0ozDlWMd4khXuMwlU87ElhEpmd8V0SCSh2iZasiFU50/+S5pHlfOKd3Ncrl3O0iiiPbSPDlEVnaIaukZ11EQUPaAn9IJenUfn2Xlz3qetBWc2s4t+wfn8Brs0pE4=</latexit><latexit sha1_base64="Jq83u2Yb+uC83zpZI3YYKg0q4i8=">AAACHXicbVBNSwMxEM3Wr1q/Vj16CRbBU9mKoqKHghePtVhb6JaSTWfb0GR3SbJCCftLvPhXvHhQ8eBF/Dem2x60+iDM470ZMvOChDOlPe/LKSwsLi2vFFdLa+sbm1vu9s6dilNJoUljHst2QBRwFkFTM82hnUggIuDQCkZXE791D1KxOLrV4wS6ggwiFjJKtJV67onxpTB+EJoGhCAhouBfKCISbmuWZcYXRA+tnVdKuGlYteeWvYqXA/8l1RkpoxnqPffD78c0FRBpyolSnaqX6K4hUjPKISv5qYKE0BEZQMfSiAhQXZOfl+EDq/RxGEv7Io1z9eeEIUKpsQhs52RJNe9NxP+8TqrDs65hUZJqe/j0ozDlWMd4khXuMwlU87ElhEpmd8V0SCSh2iZasiFU50/+S5pHlfOKd3Ncrl3O0iiiPbSPDlEVnaIaukZ11EQUPaAn9IJenUfn2Xlz3qetBWc2s4t+wfn8Brs0pE4=</latexit><latexit sha1_base64="Jq83u2Yb+uC83zpZI3YYKg0q4i8=">AAACHXicbVBNSwMxEM3Wr1q/Vj16CRbBU9mKoqKHghePtVhb6JaSTWfb0GR3SbJCCftLvPhXvHhQ8eBF/Dem2x60+iDM470ZMvOChDOlPe/LKSwsLi2vFFdLa+sbm1vu9s6dilNJoUljHst2QBRwFkFTM82hnUggIuDQCkZXE791D1KxOLrV4wS6ggwiFjJKtJV67onxpTB+EJoGhCAhouBfKCISbmuWZcYXRA+tnVdKuGlYteeWvYqXA/8l1RkpoxnqPffD78c0FRBpyolSnaqX6K4hUjPKISv5qYKE0BEZQMfSiAhQXZOfl+EDq/RxGEv7Io1z9eeEIUKpsQhs52RJNe9NxP+8TqrDs65hUZJqe/j0ozDlWMd4khXuMwlU87ElhEpmd8V0SCSh2iZasiFU50/+S5pHlfOKd3Ncrl3O0iiiPbSPDlEVnaIaukZ11EQUPaAn9IJenUfn2Xlz3qetBWc2s4t+wfn8Brs0pE4=</latexit>

Test statistic t
<latexit sha1_base64="SZztXJj5ZIpKHOGpBSLtDqjU6WM=">AAACCnicbVBNS8NAEN34WetX1KOX0CJ4KqkIKvVQ8OKxQmMLTSib7aZdutmE3YlQlty9+Fe8eFDx6i/w5r9x2+agrQ8GHu/N7M68MOVMget+Wyura+sbm6Wt8vbO7t6+fXB4r5JMEuqRhCeyG2JFORPUAwacdlNJcRxy2gnHN1O/80ClYolowySlQYyHgkWMYDBS365oX8baDyPdpgr8hgJjKGDEb+R5rjXked+uujV3BmeZ1AtSRQVaffvLHyQki6kAwrFSvbqbQqCxNM9ympf9TNEUkzEe0p6hAsdUBXp2S+6cGGXgRIk0JcCZqb8nNI6VmsSh6YwxjNSiNxX/83oZRJeBZiLNgAoy/yjKuAOJMw3GGTBJCfCJIZhIZnZ1yAhLTMDEVzYh1BdPXibeWe2q5t6dV5vXRRoldIwq6BTV0QVqolvUQh4i6BE9o1f0Zj1ZL9a79TFvXbGKmSP0B9bnD2menB0=</latexit><latexit sha1_base64="SZztXJj5ZIpKHOGpBSLtDqjU6WM=">AAACCnicbVBNS8NAEN34WetX1KOX0CJ4KqkIKvVQ8OKxQmMLTSib7aZdutmE3YlQlty9+Fe8eFDx6i/w5r9x2+agrQ8GHu/N7M68MOVMget+Wyura+sbm6Wt8vbO7t6+fXB4r5JMEuqRhCeyG2JFORPUAwacdlNJcRxy2gnHN1O/80ClYolowySlQYyHgkWMYDBS365oX8baDyPdpgr8hgJjKGDEb+R5rjXked+uujV3BmeZ1AtSRQVaffvLHyQki6kAwrFSvbqbQqCxNM9ympf9TNEUkzEe0p6hAsdUBXp2S+6cGGXgRIk0JcCZqb8nNI6VmsSh6YwxjNSiNxX/83oZRJeBZiLNgAoy/yjKuAOJMw3GGTBJCfCJIZhIZnZ1yAhLTMDEVzYh1BdPXibeWe2q5t6dV5vXRRoldIwq6BTV0QVqolvUQh4i6BE9o1f0Zj1ZL9a79TFvXbGKmSP0B9bnD2menB0=</latexit><latexit sha1_base64="SZztXJj5ZIpKHOGpBSLtDqjU6WM=">AAACCnicbVBNS8NAEN34WetX1KOX0CJ4KqkIKvVQ8OKxQmMLTSib7aZdutmE3YlQlty9+Fe8eFDx6i/w5r9x2+agrQ8GHu/N7M68MOVMget+Wyura+sbm6Wt8vbO7t6+fXB4r5JMEuqRhCeyG2JFORPUAwacdlNJcRxy2gnHN1O/80ClYolowySlQYyHgkWMYDBS365oX8baDyPdpgr8hgJjKGDEb+R5rjXked+uujV3BmeZ1AtSRQVaffvLHyQki6kAwrFSvbqbQqCxNM9ympf9TNEUkzEe0p6hAsdUBXp2S+6cGGXgRIk0JcCZqb8nNI6VmsSh6YwxjNSiNxX/83oZRJeBZiLNgAoy/yjKuAOJMw3GGTBJCfCJIZhIZnZ1yAhLTMDEVzYh1BdPXibeWe2q5t6dV5vXRRoldIwq6BTV0QVqolvUQh4i6BE9o1f0Zj1ZL9a79TFvXbGKmSP0B9bnD2menB0=</latexit>

data/reference
<latexit sha1_base64="e+Vy7tddJEAq8X+yvaaVW00g78Q=">AAAB/XicbVBNS8NAEN3Ur1q/ouLJy2IRPNVEBBU8FLx4rGBsoQ1ls5m0S3eTsLsRSgj4V7x4UPHq//Dmv3Hb5qCtDwYe780wMy9IOVPacb6tytLyyupadb22sbm1vWPv7j2oJJMUPJrwRHYCooCzGDzNNIdOKoGIgEM7GN1M/PYjSMWS+F6PU/AFGcQsYpRoI/Xtg7wnRR4STU4lRCAhplAUfbvuNJwp8CJxS1JHJVp9+6sXJjQTEGvKiVJd10m1nxOpGeVQ1HqZgpTQERlA19CYCFB+Pj2/wMdGCXGUSFOxxlP190ROhFJjEZhOQfRQzXsT8T+vm+no0s9ZnGba/DVbFGUc6wRPssAhk0A1HxtCqGTmVkyHRBKqTWI1E4I7//Ii8c4aVw3n7rzevC7TqKJDdIROkIsuUBPdohbyEEU5ekav6M16sl6sd+tj1lqxypl99AfW5w9duZXt</latexit><latexit sha1_base64="e+Vy7tddJEAq8X+yvaaVW00g78Q=">AAAB/XicbVBNS8NAEN3Ur1q/ouLJy2IRPNVEBBU8FLx4rGBsoQ1ls5m0S3eTsLsRSgj4V7x4UPHq//Dmv3Hb5qCtDwYe780wMy9IOVPacb6tytLyyupadb22sbm1vWPv7j2oJJMUPJrwRHYCooCzGDzNNIdOKoGIgEM7GN1M/PYjSMWS+F6PU/AFGcQsYpRoI/Xtg7wnRR4STU4lRCAhplAUfbvuNJwp8CJxS1JHJVp9+6sXJjQTEGvKiVJd10m1nxOpGeVQ1HqZgpTQERlA19CYCFB+Pj2/wMdGCXGUSFOxxlP190ROhFJjEZhOQfRQzXsT8T+vm+no0s9ZnGba/DVbFGUc6wRPssAhk0A1HxtCqGTmVkyHRBKqTWI1E4I7//Ii8c4aVw3n7rzevC7TqKJDdIROkIsuUBPdohbyEEU5ekav6M16sl6sd+tj1lqxypl99AfW5w9duZXt</latexit><latexit sha1_base64="e+Vy7tddJEAq8X+yvaaVW00g78Q=">AAAB/XicbVBNS8NAEN3Ur1q/ouLJy2IRPNVEBBU8FLx4rGBsoQ1ls5m0S3eTsLsRSgj4V7x4UPHq//Dmv3Hb5qCtDwYe780wMy9IOVPacb6tytLyyupadb22sbm1vWPv7j2oJJMUPJrwRHYCooCzGDzNNIdOKoGIgEM7GN1M/PYjSMWS+F6PU/AFGcQsYpRoI/Xtg7wnRR4STU4lRCAhplAUfbvuNJwp8CJxS1JHJVp9+6sXJjQTEGvKiVJd10m1nxOpGeVQ1HqZgpTQERlA19CYCFB+Pj2/wMdGCXGUSFOxxlP190ROhFJjEZhOQfRQzXsT8T+vm+no0s9ZnGba/DVbFGUc6wRPssAhk0A1HxtCqGTmVkyHRBKqTWI1E4I7//Ii8c4aVw3n7rzevC7TqKJDdIROkIsuUBPdohbyEEU5ekav6M16sl6sd+tj1lqxypl99AfW5w9duZXt</latexit>

INPUT
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Figure 1: A schematic representation of the implementation of our strategy.

time. We estimate N(w) by the Monte Carlo method, namely we write 5

N(w) =
N(R)

NR

X

x2R
e
f(x;w)

. (9)

Eq. (3) thus becomes

t(D) = �2 Min
{w}

"
N(R)

NR

X

x2R
(ef(x;w) � 1) �

X

x2D
f(x;w)

#
⌘ �2 Min

{w}
L[f( · ,w)] , (10)

where L has precisely the form of a loss function. It can be written as a single sum over events by
introducing a target variable y which is set to 0 for the events in R and to 1 and for those in D.
Explicitly, we have

L[f ] =
X

(x,y)


(1 � y)

N(R)

NR
(ef(x) � 1) � y f(x)

�
. (11)

The minimization of L with respect to the neural network parameters w can thus be carried out
as a standard supervised training process. The test statistic is simply minus 2 times the loss at
the end of training. The trained neural network, f(x; bw), is the maximum likelihood fit to the

5There is an equality in the equation that follows because we assume a large enough reference sample to reduce
the Monte Carlo integration error to a negligible level.
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๏ BSM events might still be made of 
standard objects (jets, leptons, 
etc) 

๏ Single Shot Multibox Detector could 
tell us what is in each event 

๏ Multiplicity might be enough to 
highlight a pattern in the selected 
anomalies

SSD
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๏ The LHC Big Data problem might be fooling 
us: are we rejecting new physics events 
because we started with the wrong portfolio 
of BSM scenarios? 

๏ We need an alternative strategy to act as 
an insurance, while we keep following the 
canonical strategy 

๏ We propose to use autoencoders as anomaly 
detection tools running in the trigger, to 
let the data guide our search 

๏ The ultimate goal is to select O(10) 
events/day and create a catalog of 
anomalous events, for further study within 
and outside the collaborations 

๏ Hopefully, this might open our eyes towards 
new directions

Conclusions
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Backup



Pdf modeling

 64

is connected to three dense layers of 21, 17, and 10 neurons, activated by linear, p-ISRLu and
clipped-tanh functions, respectively. The clipped-tanh function if written as

f(x) =
1

2
(1 + 0.999 · tanhx) . (5)

These 49 nodes represent the parameters of the pdfs describing the input HLF quantities, which enter
the loss function to be minimzed. should we write which function is used for which parameter?
The VAE loss function LossTot is a weighted sum of two pieces: the probability of the inputs given
the predicted output pdf parameters (Lossreco) and the Kullback-Leibler divergence (DKL) between
the latent space pdf and a prior:

LossTot = Lossreco + �DKL , (6)
where � is a free parameter, set to 0.3 in this work. The prior chosen for the latent space is a 4-dim
Gaussian with a diagonal covariance matrix. The means (µP ) and the diagonal terms of the covariance
matrix (�P ) are free parameters of the algorithm and are optimized during the back-propagation. The
Kullback-Leibler divergence between two Gaussian distribution has an analytic form. Hence, for
each batch, DKL can be expressed as:

DKL =
1

k

X

i

DKL
�
N(µi

z
,�i

z
) || N(µP ,�P )

�

=
1

2k

X

i,j

⇣
�j

P
�i,j

z

⌘2
+

 
µj

P
� µi,j

z

�j

P

!2

+ ln
�j

P

�i,j
z

� 1 ,

(7)

where k is the batch size, i runs over the samples and j over the latent space dimensions. Similarly,
Lossreco is the average likelihood of the inputs given the predicted ↵ values:

Lossreco = �1

k

X

i

ln (P (x | ↵1,↵2,↵3))

= �1

k

X

i,j

ln
⇣
fj(xi,j | ↵i,j

1 ,↵i,j

2 ,↵i,j

3 )
⌘

,
(8)

where j runs over the input space dimensions, fj is the functional form chose to describe the pdf of
the j-th input space variable and ↵i,j

m
are the parameter of the function. Different functional forms

have been chose for fj , to properly describe different classes of HLF distributions:

• Clipped Log-normal + � function: used to describe ST , MJ , pµ
T

, Mµ, pe
T

, Me, isolated-
lepton pT , ChPFIso, NeuPFIso and GammaPFIso:

P (x | ↵1,↵2,↵3) =

(
↵3�(x) +

1�↵3

x↵2

p
2⇡

exp
⇣

(ln x�↵1)
2

2↵2
2

⌘
for x � 10�4

0 for x < 10�4
. (9)

• Gaussian: used for pmiss
T,k and pmiss

T,?:

P (x | ↵1,↵2) =
1

↵2

p
2⇡

exp

✓
(x� ↵1)2

2↵2
2

◆
. (10)

• Truncated Gaussian: a Gaussian truncated for negative values and normalized to unit area
for X > 0. Used to model MT :

P (x | ↵1,↵2) = ⇥(x) ·
1 + 0.5 · (1 + erf �↵1

↵2

p
2
)

↵2

p
2⇡

exp

✓
(x� ↵1)2

2↵2
2

◆
. (11)

• Discrete truncated Gaussian: like the truncated Gaussian, but normalized to be evaluated

on integers (i.e.
1X

n=0

P (n) = 1). This function is used to describe Nµ, Ne, Nb and NJ . It is

written as:

P (n | ↵1,↵2) = ⇥(x)


erf
✓
n+ 0.5� ↵1

↵2

p
2

◆
� erf

✓
n� 0.5� ↵1

↵2

p
2

◆�
N , (12)

where the normalization factor N is set to:

N = 1 +
1

2

✓
1 + erf

✓
�0.5� ↵1

↵2

p
2

◆◆
(13)
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Kinematic Bias?
๏ With 99% signal efficiency, bias on kinematic variables within the 
uncertainty of a trigger-efficiency measurement



TOPCLASS: do we kill New Physics?
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Figure 9: Selection efficiencies of different BSM models using 99% TPR working point as functions
of lepton pT , ST , and E
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Figure 9: Selection efficiencies of different BSM models using 99% TPR working point as functions
of lepton pT , ST , and E
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