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Abstract

The ATLAS experiment at the LHC employs comprehensive data quality monitoring pro-
cedures to ensure high-quality physics data. This contribution presents a long short-term
memory autoencoder-based algorithm for detecting anomalies in ATLAS Liquid Argon
calorimeter data, represented as multidimensional time series of statistical moments of
energy cluster properties. Trained on good-quality data, the model identifies anomalous
intervals. Validation is performed using a known short-term issue of noise bursts, and
the potential for broader application to transient calorimeter issues is discussed.
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1 Introduction

The Liquid Argon (LAr) calorimeter [1, 2] is a key component of the ATLAS [3] detector at
the CERN LHC. It is designed to precisely measure electromagnetic shower energies, such as
those originating from electrons and photons. Reliable data taking with many channels over
decades necessitates identification of occasional issues. In these proceedings, a generic, proof-
of-concept time series anomaly detection (AD) method for the LAr calorimeter data quality
monitoring (DQM) is presented. While the LAr calorimeter has excellent data quality effi-
ciency [4], there are several reasons for complementing the existing infrastructure with such
a technique. First, existing algorithms focus on well-known detector issues, whereas an AD
algorithm could act as an early warning system for rare, previously unseen problems. Fur-
thermore, such a technique could serve in reducing the substantial human effort required to
perform routine DQM checks.

2 Methodology

This section summarises the inputs to the autoencoder-based anomaly detection algorithm as
well as the model’s architecture and training setup. Additional details of the training procedure
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can be found in Ref. [5].

2.1 Liquid argon calorimeter inputs

Cells Clusters Partitioned clusters Moments Features
Average Aggregate Mean, std. Normalize

Figure 8: A sketch of the data processing pipeline.

For obtaining the AE training dataset, various runs of data-taking were considered. The first one was a
proton–proton run collected in 2018 at

√
𝐿 = 13 TeV and recorded in the main stream. A single heavy ion

run, collected in 2023 at √𝐿NN = 5.36 TeV with a bunch spacing of 50 ns in two streams, one corresponding
to hard probes and the other to ultra-peripheral collisions (UPC), was also added to the training dataset.
This combination was performed to obtain a model more robust to changing detector, beam and data-taking
conditions. The different data samples were combined and randomly sampled.

For a more efficient training of the LSTM blocks, the data was split into uniform samples of 2000
consecutive events each. This granularity was chosen to capture most noise bursts within the training
sample. A sliding window with a 50% stride was used to augment the training data, meaning the same event
was typically used in two consecutive windows. The final dataset consisted of around 120 000 samples, all
satisfying the GRL.

The network was trained using the Adam [14] optimizer for 100 epochs using the MSE loss (Eq. 3), with an
initial learning rate of 10−4, decaying by 10% each epoch. The pytorch [15] library was used for training.
The training and validation loss was monitored to check for convergence and overtraining.

For inference, there is no requirement to split the data and therefore entire LBs of data can be evaluated at
once. This is possible as LSTM blocks allow processing arbitrarily long inputs. For testing the algorithm,
several additional datasets are employed. These include proton–proton collision data at both

√
𝐿 = 13 TeV

and
√
𝐿 = 13.6 TeV. The former includes a run heavily enriched in noise bursts that is used to tune the

anomaly threshold in Section 7. A run from the CosmicCalo stream is also considered.
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Figure 1: A sketch of the data processing pipeline

A sketch of the data processing pipeline is shown in Figure 1. The whole calorimeter
data is represented as a 16-dimensional time series, corresponding to different properties of
the ensemble of calorimeter signals in each of the four electromagnetic detector partitions:
EMBA, EMBC, EMECA, and EMECC.

The time series data is obtained in a staged approach. First, individual calorimeter signals
(cells) are clustered into topo-clusters [6], a standard method used in ATLAS for hadronic
object reconstruction. Two topo-cluster variables are used: the Q-factor and the timing, τ,
calculated based on the pulse shape properties of the corresponding cells. These variables
were chosen for their sensitivity to different detector issues. For each topo-cluster variable,
two statistical moments (mean, standard deviation) are obtained. Finally, the topo-clusters are
themselves aggregated over different physical calorimeter partitions, transforming the variable
number of calorimeter signals into a fixed-size representation in the time series. As a final step
of data preprocessing, each dimension is normalized to ensure it contributes a similar weight
to the reconstruction loss, as discussed in the following section. The time series data represents
an irregularly sampled event stream, with entries corresponding to events triggered by ATLAS
during roughly one-minute intervals of data-taking.

2.2 Anomaly detection algorithm

An unsupervised autoencoder-based anomaly detection algorithm [7] is used to identify anoma-
lous time periods. The autoencoder (AE) architecture is shown in Figure 2. The AE consists
of an encoder f and a decoder g, which compress and reconstruct the input as well as pos-
sible. A long short-term memory (LSTM) [8] block is used for both the encoder and decoder
architecture. The mean square error loss function is minimized between the input time series
X⃗ and their auto-encoder replicas during training:

L= 1
N

N
∑

i=1

∥X⃗ i − g( f (X⃗ i))∥2. (1)

Several samples of ATLAS data were used for training the autoencoder, corresponding to
both proton–proton and heavy–ion data, collected in different years. This combination was
performed to obtain a more robust model as the detector, beam, and data collection conditions
all changed. Only data certified as good for physics analyses by ATLAS was used in the training.

The algorithm exploits the fact that the detector generally operates well, only occasionally
interrupted by brief periods of anomalous activity. The AE aims to reconstruct the bulk of the
good data training distribution. LAr detector issues are generally rare, for instance the cor-
responding data loss during 2015–2018 data-taking was below 1% [4]. Therefore, such data
will be more likely to be poorly reconstructed as an outlier, i.e., to have a higher reconstruc-
tion loss. This approach complements conventional DQM techniques within ATLAS, which are
based on monitoring distributions in the form of histograms.
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In the studies presented in this note, a long short-term memory (LSTM) [12] block is used as both the
encoder and decoder. LSTM is a type of recurrent neural network, a cyclical network allowing output
from some nodes to affect subsequent input to the same nodes. The main advantage of LSTM is its ability
to capture long-term dependencies in the input data. A hidden state size of 64 was used for the latent
layer. The network performance was not found to depend significantly on the hidden state size, although no
significant hyperparameter optimization was performed beyond that. The architecture of the AE is shown
in Fig. 7. The hidden state at the final time step of the encoder LSTM corresponds to the latent state. The
hidden state is repeated 100 times to reproduce the length of the original time series, and is fed to a decoder
LSTM. After a final dense layer, the reconstructed time series are obtained. Such techniques have been
previously applied to various scenarios, for instance, for manufacturing time series data in Ref. [13].

Input (16xN) LSTM Encoder Latent Space (64x1) Repeat (64xN)

LSTM DecoderDenseOutput (16xN)MSE Loss

Figure 7: Autoencoder architecture with LSTM layers processing time series data. For training samples, 𝐿 = 2000,
while for inference it can be arbitrary. The loss between the input and reconstructed time series is used as an anomaly
score.

6 Data preparation and network training

A sketch of the data processing pipeline is shown in Fig. 8, which aggregates and averages topo-cluster
properties to obtain a set of event-level variables.

To build the time series, two topo-cluster moments are used: the 𝑀-factor and the timing, 𝑁. These variables
are picked due to their sensitivity to different types of detector issues and similarity under different data
streams. The inputs are first broken down by four detector partition: barrel C: −1.5 ≤ 𝑂 ≤ 0, barrel A:
0 < 𝑂 ≤ 1.5, endcap C: −3.2 ≤ 𝑂 < −1.5 and endcap A: 1.5 < 𝑂 ≤ 3.2. The forward calorimeter is not
included in these preliminary studies.

Two event-level quantities, the mean and the standard deviation, are computed by considering the quality
factor and the timing of all topo-clusters. The mean and the standard deviation are obtained in an
energy-squared-weighted approach, in the same way as the topo-cluster-level variables themselves are
calculated from individual cells in Eq. 2. This results in a 2 · 2 · 4 = 16 dimensional time series.

As a final step of data preprocessing, each dimension is normalized to ensure it contributes a similar weight
to the reconstruction loss. The normalization constant for the Q-factor is 65 536, i.e. the maximum possible
hardware-limited value. The normalization factor for the timing is 100 ns, corresponding to four times the
duration between subsequent proton–proton bunch crossings at the LHC. The normalized input values are
restricted to the range [−10, 10] to avoid extreme outliers. The normalized input feature distributions for
the training data are shown in Fig. 9. The endcaps, being more susceptible to noise, have longer tails in the
timing and Q-factor distributions.
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Figure 2: The LSTM autoencoder architecture.

3 Results

Several independent datasets were employed to evaluate the model performance. To validate
the reconstruction of the AE and identify a threshold loss for flagging events as anomalous, a
data-taking run heavily enriched in noise bursts was used.

The LAr calorimeter periodically suffers from bursts of coherent noise, which were found
to intensify with increasing luminosity. Such bursts typically last for no longer than a millisec-
ond, which is still a considerable period given the LHC bunch crossing rate of 25 ns. Figure 3a
shows an example of a typical event with a total energy of 2 TeV recorded during a noise burst.
A well-established algorithm to identify such noisy events already exists within ATLAS and was
therefore used to provide ground-truth labels to benchmark the AE performance. Figure 3b
shows that the AE reconstruction loss for the events identified as noisy by this algorithm is sig-
nificantly higher compared to the rest. Based on this distribution, the threshold Lth = 1.3 was
chosen to classify events as anomalous. An anomalous time window is obtained by requiring
several such consecutive events in order to reduce the risk of single rare events being flagged
as detector issues, as is done for the reference algorithm.

Although the AE was primarily validated using noise burst-enriched data, its application
remains more general. The AE complements the reference algorithm, occasionally identifying
additional anomalous time windows. One such example is shown in Figure 4 for proton–
proton collision data, likely corresponding to a temporary failure of a vacuum diffusion pump.
The plot shows that the AE reconstruction loss passes the anomaly threshold L > Lth for a
cluster of events and thus flags the issue, unlike the reference algorithm. Additional studies in
Ref. [5] show that the model also performs well on cosmic or heavy–ion collision data.
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(a) A typical LAr calorimeter noise burst event,
corresponding to an energy deposit of a few
TeV, shown in the transverse plane. Figure
from Ref. [9].
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(b) AE reconstruction loss distributions for different
events as categorized by reference noise burst algo-
rithm. The chosen anomaly threshold Lth = 1.3 sep-
arates good data from the bulk of the noisy events.
Figure taken from Ref. [5].

Figure 3: Illustrations of LAr noise bursts and their reconstruction loss distributions.
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Figure 4: Original (blue) and AE-reconstructed (cyan) time series for calorimeter
partitions (top 16 rows). The bottom three rows show the reconstruction loss, L,
events with L > 1.3, and noisy event labels from a reference algorithm. An anoma-
lous window near event index 900 is flagged by the AE but not by the reference
algorithm. Figure taken from Ref. [5].

4 Conclusion

A proof-of-principle time series anomaly detection method based on an LSTM autoencoder has
been developed for the ATLAS Liquid Argon calorimeter. The algorithm is capable of identify-
ing brief anomalous periods in the calorimeter time series, complementing existing data quality
monitoring techniques. Validation studies show that the autoencoder successfully reconstructs
good-quality data while identifying known anomalous events. Moreover, the method gener-
alizes to previously unseen detector issues not flagged by existing algorithms. These results
illustrate the potential of unsupervised anomaly detection as an early warning system for rare
detector problems, paving the way for more robust and automated LAr calorimeter monitoring.
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