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Abstract

Particle accelerators operate under dynamically changing conditions, which often
lead to data distribution drifts. These drifts pose significant challenges for Machine
Learning (ML) models, which typically fail to maintain performance when faced
with such non-stationary data. In particle accelerators, the primary sources of
data drifts include changes in accelerator settings and non-measured parameters
such as machine degradation. Previous research has proposed conditional models
to handle multiple beam configurations effectively; however, it is challenging to
train ML models on all possible configuration settings. Additionally, conditional
models alone can not address performance degradation caused by drifts due to
non-measured factors. These limitations contribute to a significant gap between
ML development and its deployment in real-world operational settings. To bridge
this gap, in this paper, we identify some of the key areas within particle accelerators
where continual learning can help mitigate drift-induced performance degradation.
In addition, we present a real use case where memory-based continual learning has
been employed to demonstrate stable performance on conditional Auto-Encoder
model when switching between different beam settings.

1 Introduction

Particle accelerators are critical in both fundamental research and applied sciences, enabling high-
precision experiments in physics, medicine, and industry [1]. The operation of these complex systems
requires precise tuning of thousands of interconnected components. Traditional diagnostics and
model-based control are challenged by the high dimensionality of settings, sensitivity of beam
dynamics, and the lack of comprehensive physics models for certain phenomena.

Machine learning (ML) has emerged as a promising approach for accelerator applications such as
anomaly detection [2, 3], optimization [4, 5], real-time control [6, 7], surrogate modeling[8, 9, 10],
digital twins [11], and virtual diagnostics [12]. ML can improve performance, automate tuning, and
provide predictive capabilities beyond traditional methods. However, long-term deployment remains
rare. A primary barrier is data and concept drift, shifts in input distributions, and input–output
relationships due to measurable changes (for example, beam settings) and unmeasured factors
(for example, component degradation). Such drift degrades ML models trained under stationary
assumptions, often necessitating retraining, which can be slow and risk catastrophic forgetting
of prior knowledge [13]. To partially address this challenge, conditional modeling techniques that
incorporate configuration settings as input have emerged, improving prediction accuracy under diverse
conditions [14, 15]. However, it is very challenging to anticipate all possible future configurations
before running the experiments. In addition, conditional model alone can not address drifts arising
from non-measured factors, necessitating the development of adaptive learning strategies. Continual
learning (CL) [16] offers a pathway to sustained model performance in dynamic environments such as
particle accelerators by enabling adaptation to new data while retaining past knowledge. CL explicitly
mitigates forgetting through methods such as memory replay, architectural expansion, regularization,
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gradient projection, ensembles, and meta-learning [13]. Its potential has been demonstrated in fields
from computer vision to robotics [17, 18], and there are developments to run CL on edge hardware
[19] but its application to accelerators is largely unexplored.

To fill this void, this paper seeks to present a concise review of the challenges and opportunities in
continual learning as it applies to particle accelerators. Our analysis aims to identify key constraints
and unique requirements of deploying continual learning in particle accelerator applications to pave
a way for future advancements in CL for particle accelerators. In addition, we demonstrate a use
case where continual learning is successfully applied to maintain stable performance of a Conditional
Auto-Encoder (CAE) model at Spallation Neutron Source (SNS) accelerator when switching between
different beam settings.

2 Continual Learning is Critical to ML for Particle Accelerators

ML methods are increasingly getting popular for addressing various complex tasks within particle
accelerators [20]. Although these applications have shown strong potential in short-term studies, their
long-term deployment is hindered by data distribution drift and requires advance CL integration.
There are different CL techniques, and their suitability depends on application-specific constraints,
including latency requirements, data availability, task boundary clarity, and tolerance for forgetting.
Complex machines such as particle accelerators have various constraints depending on underlying
application. To pave a way to CL development in this domain, we provide a brief summary of four
major applications within accelerators along with their challenges and constraints and match them
with proposed CL techniques as follows.

Anomaly Detection models, such as CAE and conditional variational-AE (CVAE), contrastive
learning methods, and recurrent networks, are used to identify equipment faults, errant beams,
and other abnormal conditions [15, 3, 21]. In operation, these models often need to run in near
real time and require rapid adaptation to avoid ML downtime when online model can not provide
reliable predictions. Constraints include low latency, limited storage for past data, and, in the case of
supervised methods, sparse labeled anomalies. For scenarios with mixed known and unknown drift
sources, hybrid approaches combining meta-learning (to group operating regimes) with regularization-
based incremental updates [22, 23] can achieve fast adaptation while tolerating limited forgetting.
At a high level regularization based methods achieve knowledge retention by penalizing updates to
weights that are relevant to previously learned tasks. In addition, sparse sampling based replays can
also be employed to limit forgetting similar to the use case presented in this paper.

Optimization and Control applications include Bayesian optimization (BO), Deep Reinforcement
Learning (DRL), and Model Predictive Control (MPC) as applied to tuning beam parameters, op-
timizing injection, and maintaining stability under varying conditions [4, 5, 11, 24]. For online
control, models must adapt with minimal downtime and often need to preserve knowledge across
multiple operating configurations. BO may benefit from periodically updated surrogate models via
memory-based replay [25], while DRL and MPC controllers can integrate regularization or gradient
projection [26] methods to retain policy effectiveness across drifts. Meta-reinforcement learning
is well-suited for accelerators that cycle through recurring operational modes as shown in a recent
study [27].

Surrogate Models and Digital Twins emulate accelerator behavior for training control algorithms,
pre-emptive maintenance, and scenario testing [11]. Surrogate models often run offline and can
store historical data, where memory-based CL with priority replay [28] is recommended to minimize
forgetting and maintain fidelity over long timescales. On the other hand, Digital Twins need to
continuously adapt to evolving physical conditions, mostly in online mode. For systems experiencing
continual expansion of operating space, architecture-based methods (e.g., progressive neural networks
[29]) can be combined with replay to add capacity without sacrificing prior accuracy.

Virtual Diagnostics predict unmeasured beam properties in real time from other sensor data, or map
the measurements in a more convenient format for operators enabling non-destructive monitoring [30,
31, 32]. Such applications involving real-time decision-making require low-latency adaptation
similar to anomaly detection. For recurring settings, ensemble-based methods or architecture-based
growth can maintain specialized models per configuration, fine-tuned from a shared base model. A
time-prioritized memory buffer can be used to retain only recent and relevant data distributions for
adaptation, reducing compute cost.
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Across all these applications, CL adoption requires robust infrastructure for monitoring, drift detection,
and automated model updating, integrated with accelerator control systems. By tailoring CL strategies
to operational constraints, ML systems can transit from short-lived prototypes to persistent, adaptive
tools supporting the long-term reliability and autonomy of particle accelerators. More details can be
found in a recent review at [13].

3 Memory-based Continual Machine Learning at SNS Accelerator

The Spallation Neutron Source (SNS) accelerator facility at Oak Ridge National Laboratory (ORNL)
delivers a 60 Hz pulsed 1.3 GeV proton beam at 1.8 MW, making it the world’s highest power proton
accelerator. The beam is accelerated in a superconducting linear accelerator and accumulated in
a ring to form a very short and intense pulse with up to 1.6 × 1014 protons. Ongoing efforts at
SNS are leveraging ML to predict anomalies before they occur to pre-emptively abort the beam
and potentially avoid damages due to beam loss and potentially reduce longer downtime, more
details on this effort can be found in [3, 15]. Data drift is a significant challenge in maintaining
ML performance, as it can lead to unstable model predictions causing a significant increase in false
positives. A previous study [15] has proposed to use conditional ML models–Conditional Siamese
Neural Network (CSNN), and CVAE to mitigate performance degradation due to drift in the data
caused by beam setting changes and improve the overall performance. However, there is a strong need
for adaptive methods, i.e., continual model update to account for beam settings that are not included
in the training data, and drifts caused by other sources. As such, we have leveraged memory-based
CL to achieve stable performance on a CAE model under data drifts. The information on the data set
and sensors can be found at [15].

It is important to note that the conditional input vector includes 21 beam setting parameters, which
also serve to define the task boundaries. In this study, any change in one or more of these parameters
is treated as a distinct task. Consequently, we have 31 unique beam setting vectors, corresponding to
31 separate tasks derived from real experimental data collected at the SNS accelerator in October
2024. While some tasks exhibit similar characteristics and could potentially be grouped together,
others display distinctly different behaviors. Nonetheless, we chose to define tasks strictly based
on beam settings, as these changes are explicitly known. In our experiment, we replicated online
deployment scenario at the SNS accelerator, with tasks presented in the sequence that they appeared
in operation. Particularly, we focus on addressing drifts caused by known changes in the beam
settings.

3.1 Methods

The CAE model used in this study comprises a conditional encoder and a conditional decoder. The
encoder consists of four convolutional blocks, each containing a 1D convolutional layer followed
by a max-pooling layer. Each convolutional layer uses 128 filters with kernel size of 6, except for
the final layer, which has 16 filters. All max-pooling layers use a pooling size of 2. The output from
the last convolutional layer is flattened and concatenated with the conditional input before feeding
to three dense layers each with 128 nodes followed by a final dense layer with 256 nodes. As such,
latent vector with size 256 is produced. The latent vector is concatenated with conditional input
before feeding to decoder’s three dense layers each using 128 nodes followed by a dense layer with
625 nodes (for proper output shape). These layers are followed by four pairs of 1D convolutional
layers and up-sampling layers, each convolutional layer uses 128 filters with kernel size of 6, and
up-sampling layers use size 2. All the layers uses ReLU activation function, except final decoder
layer, that uses linear. In total, the model has 2.3M learnable parameters.

We train the CAE in a semi-supervised manner using only normal data, enabling it to reconstruct
normal patterns accurately. Anomalies, deviating from this distribution, yield higher reconstruction
errors, making the CAE suitable for anomaly detection. We used Mean Absolute Error (MAE) as loss
function and Adam Optimizer with initial learning rate of 10−4. We also used learning rate reduction
on validation loss plateau and early stopping with patience of 5, and 20 epochs respectively. In
traditional replay techniques, all samples are retained in memory for future training sessions on new
tasks, which can lead to increased storage requirements and longer training times for large numbers
of tasks. In real-time decision making processes such as particle accelerator anomaly prediction, fast
model training is desired when data drifts to minimize ML downtime. To address this, we use the
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reconstruction error distribution from the CAE model to pick representative samples and maintain
a small subset per task for replay. The sample section technique is described in Algorithm 1. This
approach achieves a balanced subset of samples spanning different error distributions while avoiding
over-representation of either low-error or high-error examples in the memory buffer per task.

Algorithm 1 Replay Sample Selection with Quantile-Based Sampling on Reconstruction Error
Input: Reconstruction errors {di}Ni=1, number of partitions n, buffer size M
Output: Replay buffer B of size M
Initialize buffer B ← ∅, Q0 ← min(di) for j ← 1 to n do

Qj ← Quantile({di}, qj = j/n); Ij ← {di | Qj−1 < di ≤ Qj} if Ij ̸= ∅ then
Sample sj ∼ Uniform(Ij); B ← B ∪ {sj}

end
end
if |B| > M then

Resample buffer using above steps with the following inputs: reconstruction errors (d) = B,
number of partitions n = M , and buffer size M = M

end
return B

We employ two variations of sample selection based on Algorithm 1. The data samples from normal
operation that belong to a single beam setting instance are similar in structure. As such, we implement
a growing replay with 20 samples per task with no limit on maximum replay size (i.e., M is virtually
infinite). This sample selection strategy grows the replay size linearly with the number of tasks and
may attribute to increasing training time as number of tasks increases, however, still expected to be
significantly faster than traditional replay. Next, we employ a fixed sized replay with maximum size
of 100 while still picking 20 samples per task following Algorithm 1. It is important to note that the
selection of size 20, and 100 are mainly for demonstration purposes and can be optimized to balance
between training time and model performance based on anticipated number of tasks. All methods
weight training losses for each task inversely to task representation in the dataset.

3.2 Results

To offer readers a thorough comparison, we included four different approaches for maintaining the
stability of the CAE model during task transitions on the SNS dataset: two variants of selective replay
techniques as previously described (with 20 samples per task, one with an unrestricted replay size, and
another with a maximum replay size of 100); the traditional replay, which preserves all data samples
from preceding tasks; and online fine-tuning, which exclusively utilizes new data for model updates.
Currently at SNS, online fine-tuning is being utilized to update the deployed model periodically and
it’s performance is being assessed in deployment mode. We compare average reconstruction error
on test datasets up to given task from all the methods. The test data sets consist of equal number of
samples (5000 in this case) to avoid bias.

Our experimental findings, as depicted in Figure 1a, indicate that selective replay techniques can
sustain stability without compromising performance while significantly expediting the training
process, as illustrated in Figure 1b. Our approach employing selective replay performs similar to the
standard replay but utilizes only 20 samples per task, which results in shorter training time, reduced
memory usage, and lower computational demands. In contrast, online fine-tuning and fixed-size
replay methods achieve approximately constant training time per epoch but are unable to maintain
stable performance in the presence of considerable task drift due to catastrophic forgetting.

Ultimately, these results demonstrate that selective replay techniques tailored to the specific ap-
plication and model can significantly enhance the preservation of long-term stability in machine
learning models during particle accelerator operations. It is important to note that our research
presents an initial step towards developing tailored continual learning solutions for unique challenges
encountered by various accelerator applications, such as selecting the right adaptation method or
evaluating metrics.
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(a) Average reconstruction error on all previous tasks in the chain
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Figure 1: Performance and training time comparison among four methods under consideration. The
selective replay with 20 samples per task demonstrate similar performance to traditional replay while
being much faster in training. Selective replay with max size of 100, and Fine-tuning with no replay
shows forgetting due to loss of information.

4 Conclusion

In this paper, we have attempted to bridge the gap between ML solution development and their
long term deployment in particle accelerator applications. We have provided a brief summary of
opportunities in various accelerator applications where continual learning can help. In addition, we
have introduced memory-based replay techniques with representative sample selection which helps
mitigate model degradation during task switching and expected to have significantly lower storage
requirements and training times compared to traditional replay. We demonstrated the application of
continual learning using a real-world example at SNS accelerator where our approach helped maintain
stable performance on drifting data. One of the limitation of this work is that it assumes when task
changes, however, it can be coupled with a drift detection method to make it more generalized. The
future work will include exploring tailored continual learning solutions that address unique challenges
and constraints specific to accelerator applications. We plan on extending our existing approach
with other methods like meta-learning and adapters. Moreover, we aim to evaluate these techniques
using real-world metrics related to anomaly predictions and decision-making processes in particle
accelerators.
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