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High-¯delity beamline models typically involve particle-tracking and particle{matter interac-

tion, which are intensive computationally demanding and time-consuming. This has led

researchers to adopt data-driven surrogate models as an alternative to complex physics simu-

lations. Training a data-driven model requires many labeled data, prompting researchers to
simulate diverse beamline settings and obtain corresponding labels. However, the required

dataset grows increasingly large as the number of adjustable parameters increases. Therefore,

this study proposes a data-e±cient surrogate modeling method that employs a student{teacher
framework combined with active learning (AL) query strategies to minimize labeled samples

while ensuring model accuracy. The proposed method is evaluated on the energy selection

system (ESS) design of the Huazhong University of Science and Technology proton therapy

facility (HUST-PTF). The results show that: (i) Training the surrogate model using 684 labeled
samples selected via query strategy achieves a relative error below 5% for 90% of the samples in

the test set. (ii) Compared to the beamline model built by Beam Delivery Simulation (BDSIM),

the computational e±ciency of the surrogate model is enhanced by a factor of Oð107Þ.

Keywords: Beamline; deep learning; active learning; surrogate model; computational e±ciency.

PACS numbers: 29.20.Hm, 29.20.{c, 29.27.Fh

1. Introduction

Physical simulation models are essential tools for understanding beamline design and

providing data for subsequent optimization of beamline settings and commissioning.

The beamline model for a cyclotron-based proton therapy facility incorporates

energy modulation and beam dynamics.1 Furthermore, high-¯delity beamline models
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should consider various realistic factors, including the geometry of the vacuum

chamber, actual magnetic ¯eld distribution and particle{matter interaction.

Such models are typically built by Monte Carlo codes like Beam Delivery Simulation

(BDSIM),2 Object-Oriented Parallel Accelerator Library (OPAL),1 etc. While these

codes simulate millions of particles to accurately determine beam properties at the

terminal beamline, their processing time makes direct optimization using these

physics models impractical for beamline designers.

Lightweight surrogate models, designed to accelerate beam property prediction at

speci¯c beamline positions,3,4 have been proposed tomitigate the computational burden

and improve e±ciency. While balancing accuracy and computational speed remains a

challenge, data-driven models o®er a compelling solution, typically achieving parallel

computation within 10 s,3,5 albeit at the cost of some precision. Such fast-predicting

surrogate models provide real-time data to guide beam commissioning, particularly for

challenging-to-measure beam properties like divergence, thereby mitigating limitations

in current diagnostic systems. In free electron laser (FEL) systems, where designers aim

to achieve user-speci¯ed beam properties,4 long-term beam commissioning is imprac-

tical.6 Surrogatemodels, coupledwith optimization algorithms, o®er a rapid solution for

determining optimal beamline settings to achieve desired beam properties.3

Researchers have increasingly explored machine learning (ML) and deep learning

(DL) techniques to construct surrogate models. These data-driven models are

trained using extensive simulation-generated datasets. Examples include the use of a

neural network (NN) to predict beam properties at the Argonne Wake¯eld Accel-

erator (AWA) linac,3 a surrogate model combined with reinforcement learning (RL)

for rapid water system control at Fermilab Accelerator Science and Technology

(FAST)4 and encoder{decoder NNs employed in the medium energy beam transport

(MEBT) section of the China Accelerator Facility for Superheavy Elements (CAFe

II).7 However, training these data-driven models requires a substantial amount of

labeled data, generated through time-consuming physical simulations. While these

methods o®er potential for speed enhancements, they do not reduce the overall

number of simulations required, only shifting computational costs to an earlier stage.

Furthermore, researchers have explored strategies to optimize the e±ciency of

physics simulation codes or implement hardware acceleration to expedite simula-

tions. For example, the Georges Python package utilizes the Fermi{Eyges technique

to simplify particle{matter interactions during energy modulation, leading to sub-

stantial reductions in computing time.8

Active learning (AL) leverages diversity or uncertainty to select informative

unlabeled data, aiming to optimize model performance while minimizing the number

of labeled samples.9,10 Applications of AL include a teacher{student framework in-

tegrated with query strategies for engineering designs (e.g. ¯nite element analysis,

computational °uid dynamics, propeller design),11 Bayesian uncertainty sampling

for parameter space reduction in accelerators12 and bidirectional AL for reducing

training samples in power system stability assessment.13 These examples demon-

strate AL's potential to reduce simulation executions and enhance e±ciency.
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Inspired by the mentioned works,11{13 this study proposes a data-e±cient surro-

gate modeling method to reduce the number of required training samples. The main

contributions are as follows:

(i) Building upon prior e®orts on the start-to-end beamline model,14 we develop a

real-time surrogate model to predict beam properties, integrating beam dy-

namics and particle–matter interactions.

(ii) We develop a student–teacher framework11 combined with specially designed

AL query strategies for reducing required labeled samples (i.e. the number of

simulation executions).

The remainder of this study is organized as follows. Section 2 introduces the

model setup and methodology. Section 3 presents the results of the proposed

methods veri¯cation. Section 4 o®ers discussions and limitations. Section 5 con-

cludes.

2. Model Setup and Methodology

The DL model e®ectively learns to predict beam properties from the simulation-

generated dataset.3,5 Figure 1 presents an overview of the student{teacher

Fig. 1. Overview of the student{teacher framework and structure of the backbone model. The \@" is

followed by the output size. The output of the second-to-last layer of the teacher model is used for

diversity-based query strategies, while the output of the last layer is used for uncertainty-based query
strategies. Word embedding, a classic deep learning module, transforms energy settings into feature

representations, which are then concatenated with quadrupole parameters as input for the student net-

work.

Data-e±cient surrogate modeling for proton therapy
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framework and the structure of the backbone model, where the student network

predicts beam properties while the teacher network evaluates whether the trained

student network predicts accurately. Prior to each training iteration, the teacher

network, in conjunction with AL query strategies, selects unlabeled data for labeling

by the simulator.

2.1. Selected beamline and model setup

Huazhong University of Science and Technology is currently constructing a proton

therapy facility (HUST-PTF), consisting of a 240MeV superconducting cyclotron

accelerator, a transport beamline and three treatment rooms (one ¯xed and two 360

rotating beams), and more detailed information can be referred to previous

works.15,16 This study selects the existing energy selection system (ESS) design for

validation, consisting of eight quadrupoles and two dipoles, as shown in Fig. 2.

The ESS comprises a degrader with one pair of 2.5 graphite wedges for energy

modulation. Following the degrader, multiple collimators and a double-bend ach-

romatic (DBA) combined with an energy slit are employed to control the beam

emittance and momentum spread. Previous work14 has demonstrated that seamless

modeling of the HUST-PTF beamline design using BDSIM yields more accurate

simulation results than separate modeling, considering energy modulation and beam

dynamics. Therefore, a BDSIM-based model is utilized as a simulator (i.e. data

annotator) for calculating beam properties at the terminal beamline in Fig. 2, with

2,000,000 particles simulated in each run.

Fig. 2. Layout of ESS modeled by BDSIM.
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It should be noted that this simulator utilizes the mentioned eight quadrupoles'

(i.e. Q4E{Q11E) strengths with�5% range of their initial design values as parameter

space and three thicknesses of the graphite wedge, corresponding to 70, 150 and

230MeV,17 as beam energy input, with calculated beam properties (i.e.

�x; �x0 ; �y; �y0) as the label. Additionally, Sobol, a widely-used method for e±cient

sampling in parameter space within Bayesian statistics,14 is used to generate 27,000

unlabeled samples within the parameter space. Among these, 5400 samples are la-

beled to form a test set for evaluating the trained model's performance, while the

remaining 21,600 unlabeled samples constitute an unlabeled pool for AL.

2.2. Basic principle of AL query strategy

Data-driven models have proven e®ective in constructing surrogate models for

accelerators and FELs.3{5 However, the success of these models heavily depends on

the availability of su±cient high-quality labeled data. When constructing surrogate

models for beamlines through simulation, designers typically generate training

samples by randomly setting adjustable parameters and obtaining corresponding

labels. This approach requires a signi¯cant number of samples, making the anno-

tation process with a simulator time-consuming and impractical for labeling all

unlabeled data within the parameter space. Therefore, a cost-e®ective method for

selecting valuable samples from the unlabeled pool for annotation is crucial.

The objective of AL is to enhance model performance by minimizing the number

of labeled samples required, thereby reducing data annotation costs and training

time for surrogate models.9 Figure 3 depicts the °owchart of the pool-based AL cycle,

the most common AL paradigm, with its speci¯c procedure outlined in Algorithm 1.

This study de¯nes the unlabeled dataset U t
n ¼ fX ;Yg with n samples and the

Fig. 3. General framework of pool-based AL cycle. The single-mode or batch-mode AL means using a

query strategy to select one or multiple samples from the unlabeled pool for labeling.

Data-e±cient surrogate modeling for proton therapy
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current labeled training set Lt
m ¼ fX;Y g with m samples. X and X represent the

sample space of the unlabeled dataset and current labeled training set, respectively,

while Y and Y denote the label space of the unlabeled data and current labeled

training set, respectively. Additionally, PX;Y refers to a potential distribution where

x 2 X ; y 2 Y, x 2 X, y 2 Y . The variable t denotes the number of iterations, with b

samples labeled in each iteration. This study aims to design an e®ective AL query

strategy Q and utilize the learning algorithm T to train a model M�t , where

M�t : X ! Y , using as few samples or iterations (t) as possible. The optimization

problem of AL can be formulated as follows:

arg min
tðx;yÞ2L t

m;ðx;yÞ2U t
n

Ex;y�PX;Y
‘ M�tðxÞ; y; T ;Q
� �� �

; ð1Þ

where ‘ð�Þ is the loss function.

The query strategy Q, a core component of AL, aims to select the most

informative samples for training the data-driven model, thereby accelerating

performance improvement. Commonly employed query strategies can be broadly

categorized into three types: uncertainty-based, diversity-based and two-stage

strategies.9,10,13

Uncertainty-based query strategies select samples for labeling where the current

model exhibits the highest uncertainty, aiming to provide the most informative data.

Y. Chen et al.
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These strategies identify high-uncertainty samples based on criteria such as low least

con¯dence, high margin probability or high entropy.

Least con¯dence is de¯ned as follows:

xleast ¼ PM�
ŷ1 jxð Þ; x 2 U ; ð2Þ

where ŷ1 is the most probable class and PM�
ðŷ1 jxÞ is the posterior probability

prediction of ŷ1.

Margin probability is de¯ned as follows:

xmargin ¼ PM�
ðŷ1jxÞ � PM�

ðŷ2 jxÞ; x 2 U ; ð3Þ

where ŷ2 is the second probable class and PM�
ðŷ2 jxÞ is the posterior probability

prediction of ŷ2.

Entropy is de¯ned as follows:

xentropy ¼ �
X

i

PM�
ðŷi jxÞ logPM�

ðŷi jxÞ; x 2 U ; ð4Þ

where ŷi ranges over all the probable classes.

Diversity-based query strategies e®ectively capture the distribution of the unla-

beled pool by selecting representative samples. A common approach is cluster-based

querying, where the unlabeled pool is divided into multiple groups based on the

output of the penultimate layer, and samples are selected from each group to ensure

diversity.

The k-means is a wide clustering algorithm, and the objective of k-means can be

de¯ned as follows:

argmin
¹i

Xk

i¼1;x2U

X
jjx� ¹ijj2; ð5Þ

where �i is the cluster centers. After that, samples' closest to each cluster center is

selected and labeled.

Two-stage query strategies integrate uncertainty and diversity by ¯rst selecting

samples based on uncertainty and then choosing diverse samples through clustering.

Two common integrated query strategies are as follows:

(i) Integrated query strategy 1: Pre-select r� b samples based on margin

probability (see Eq. (3)), where r ðr 2 Nþ; r > 1Þ is a hyperparameter to control

the pre-selected sample size. From the pre-selected r� b samples, utilize k-

means with k ¼ b to select b samples closest to cluster centers. The °owchart is

shown in Fig. 4.

(ii) Integrated query strategy 2: Entropy (4) of the unlabeled samples is cal-

culated to serve as the sample weights of k-means with k ¼ b. Subsequently,

select b samples closest to the cluster centers.

Data-e±cient surrogate modeling for proton therapy
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2.3. Basic principle of student{teacher framework

Student{teacher framework11 employs two networks: a regressor (i.e. surrogate

model) and a classi¯er, referred to as the student and teacher networks, respectively.

The student network aims to learn the behavior of the simulator (M student
�t

: X ! Y )

to predict beam properties, while the teacher network guides sampling and labeling

for the next training iteration based on the performance of the current student

network. During each AL iteration, both networks are trained: the student network

is trained using the current labeled training set, and a custom dataset is created for

the teacher network by evaluating the accuracy of the student network in predicting

labeled data. To create this custom dataset, a threshold for fractional error, termed

\acceptable accuracy", is de¯ned on the test set:

Fractional error ¼ 1

N

XN

i

Y labeled
i � Y predicted

i

���
���

jY labeled
i j

; ð6Þ

where N is the dimension of prediction, Ylabeled is calculated by simulator, Ypredicted is

predicted by the student network.

The user-de¯ned threshold value represents the maximum acceptable percentage

error in beam property prediction. Predictions with fractional errors below the

threshold value aa are considered accurate, while those exceeding it are considered

inaccurate. This study sets aa ¼ 0:05 (5% relative error) for all experiments. Based

on this criterion, each sample is assigned a binary class (F), where F ¼ ½1; 0� indicates
an accurate prediction and F ¼ ½0; 1� indicates an inaccurate prediction. Utilizing

this binary class, a custom dataset Dlabeled, is created for training the teacher net-

work, which evaluates the output of the student network (M teacher
�t

: X ! F), ef-

fectively transforming the problem into a classi¯cation task. To be speci¯c, the

teacher network guides the sampling process by employing a query strategy to select

samples exhibiting poor performance or a high likelihood of imprecise prediction from

U, e®ectively targeting the limitations of the current student network. Additionally,

the test set, DT , is used to evaluate the student network's performance. The pro-

portion of samples in DT with relative errors less than 5% or 3% is calculated,

referred to as test set accuracy (5%) or accuracy (3%). Throughout the learning

Fig. 4. The °owchart of two-stage query strategy.
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process, the student and teacher networks are retrained using current labeled sam-

ples at each iteration until either the iteration budget is exhausted or Acctest meets

the speci¯ed requirement.

The °owchart of the student{teacher framework is shown in Fig. 5, with the

speci¯c procedure outlined in Algorithm 2. All codes are executed on the software

Fig. 5. Student{teacher framework for constructing surrogate model.

Data-e±cient surrogate modeling for proton therapy
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and hardware con¯gurations listed in Table 1. In addition, the code and hyper-

parameter settings are available in the GitHub repository associated with this study.

3. Results

Using all labeled data for training is the performance upper bound (veri¯ed on the

test set) of the surrogate model (i.e. student network) combined with AL. This

section conducts numerous ablation experiments to explore di®erent structures and

e®ective training tricks for the backbone model. Subsequently, the performance of

various AL query strategies is compared.

3.1. Ablation study

The student network is constructed using classical NNs modules, including con-

volutional neural networks (CNNs), recurrent neural networks (RNNs), gated re-

current units (GRUs) and long short-term memory (LSTMs). Table 2 shows the

evaluation results of these models on the test set, including mean square error

(MSE), accuracy (5%) and accuracy (3%). As shown in Table 2, complex modules do

not signi¯cantly improve the student networks performance. Conversely, employing

simple fully connected layers reduces trainable parameters and yields superior per-

formance compared to other modules. Among these models, the relatively poor

performance of the CNN may be attributed to the di±culty in extracting the se-

quential information of quadrupoles through convolution operations. The stu-

dent{teacher framework, drawing on similar concepts from the generative

adversarial network (GAN),18 bene¯ts from maintaining parameter similarity be-

tween the student and teacher networks. Consequently, this study adopts the model

structures depicted in Fig. 1.

Table 1. Computer hardware and software con¯guration.

Device or software Nameplate value or con¯guration

CPU i9-13900K

GPU RTX 4090

RAM 128G
Software Python, BDSIM-v1.6.0

Package Pytorch, Pybdsim, Tensorboard

Table 2. Student network performance between di®erent models.

Model CNN RNN GRU LSTM Proposed

Trainable parameters 1,068,138 1,149,220 1,149,760 1,150,030 1,062,934

MSE 1.366 0.008 0.011 0.007 0.006

Accuracy (5%) 0.022 1 0.999 1 1
Accuracy (3%) 0.003 0.992 0.969 0.992 0.994

Y. Chen et al.
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Further experiments are conducted to investigate the impact of speci¯c training

tricks on the performance of the proposed student network, as shown in Table 3.

With a training epoch of 50, the initialization weight of the model signi¯cantly

impacts achieving optimal results within fewer epochs. Furthermore, considering the

sensitivity of beam properties to quadrupole strengths (i.e. model input), loss regu-

larization is added to the original loss function. While word embedding and batch

normalization are e®ective tricks, their impact on performance is less signi¯cant

compared to other tricks.18

3.2. Di®erent query strategies

After determining the model structures and training tricks, the student{teacher

framework was implemented in conjunction with an AL query strategy to construct

the surrogate model. Figure 6 illustrates the performance of the surrogate model

under various query strategies. Notably, the teacher network is a binary classi¯ca-

tion, rendering the results of Eqs. (2){(4) nearly identical. Therefore, the least

con¯dence metric is used to represent the uncertainty-based query strategy. Figure 6

reveals: (1) Random sampling requires a signi¯cantly larger number of labeled

samples to achieve comparable performance. (2) Employing the uncertainty-based

query strategy to select 684 samples for training ensures that over 90% of the test set

samples display a relative error of less than 5%. (3) As shown in Fig. 6(c), while the

uncertainty-based query strategy yields satisfactory results with minimal labeled

samples, it limits further precision improvement. Therefore, an integrated query

strategy (Strategy 2), considering both diversity and uncertainty, is recommended

for achieving further precision gains when more labeled samples are available.

In addition, Table 4 shows three speci¯c examples to demonstrate the predictive

performance of the surrogate model trained by 684 labeled data selected by the

uncertainty-based query strategy. As shown in Table 4, the relative error between

the true labels and the surrogate models outputs is below 5%.

4. Discussion and Limitation

This research primarily focuses on utilizing surrogate models to accelerate beamline

optimization, rather than investigating the construction of these models themselves.3

During training data preparation, a speci¯c range of adjustable parameters is

Table 3. Proposed student network performance without a speci¯c trick.

Tricks MSE Accuracy (5%) Accuracy (3%)

With all tricks 0.006 1 0.994
Without batch normalization 0.008 0.999 0.976
Without word embedding 0.011 0.998 0.972
Without initialization weight 0.072 0.887 0.489
Without loss regularization 0.014 0.995 0.928

Data-e±cient surrogate modeling for proton therapy
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(a) Mean square error on test set

(b) Accuracy (5%) on test set

(c) Accuracy (3%) on test set

Fig. 6. The evaluation of the surrogate model on the test set with speci¯c labeled data under di®erent

query strategies.

Y. Chen et al.
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uniformly sampled,5 and multiple parameters are combined and labeled using a

simulator. For instance, with ¯ve quadrupoles in the beamline, each sampled 100

times, a total of 1005 unlabeled samples require labeling, leading to high data an-

notation costs. Consequently, existing approaches3,5 do not e®ectively reduce

computational consumption but merely shift it to the data preparation phase. In

contrast to prior works, this study aims to explore the use of fewer labeled data for

training a surrogate model, thereby reducing costs associated with data annotation.

Furthermore, utilizing trained data-driven models can signi¯cantly accelerate the

prediction of beam properties. As shown in Table 5, the surrogate model with parallel

computing exhibits a speed improvement of up to Oð107Þ compared to the BDSIM-

based model (simulating 2000k particles).

The surrogate model is constructed using the initial design strength of quadru-

poles as the parameter space, de¯ned within a relative range of 5%. An e®ort has also

been made to construct surrogate models for a broader range of quadrupole

strengths, with the results presented in Table 6. The observed poor performance is

attributed to the simulators consideration of the vacuum chamber geometry. Irra-

tional modi¯cation of quadrupole strengths within a wider range can lead to beam

loss due to particle collisions with the vacuum chamber, resulting in inaccurate

calculation of beam properties at the terminal beamline. As depicted in Table 6,

neglecting particle{matter interaction and employing optics code MAD-X19 as the

simulator for data annotation eliminates this issue. MAD-X provides deterministic

results, ensuring precise calculation of beam properties at the terminal beamline

without any uncertainty. It is worth noting that the previous work14 successfully

¯ne-tuned quadrupole strengths within a small range to improve transmission e±-

ciency,14 making this parameter space acceptable.

Table 4. Comparison between the output of the surrogate model and true label.

True Predicted

Beam

property
�x (mm) �y (mm) �x0 (mrad) �y0 (mrad) �x (mm) �y (mm) �x0 (mrad) �y0 (mrad)

1 3.680 2.872 5.182 2.375 3.662 2.893 5.140 2.362

2 1.399 1.867 3.378 2.787 1.471 1.904 3.383 2.750

3 2.726 2.458 5.187 2.842 2.653 2.456 5.119 2.819

Table 5. Comparison of computing time between BDSIM-based and surrogate models. For the sur-

rogate model, 1000 sets of experiments are conducted simultaneously to calculate the running time,

demonstrating its performance of parallel computation. The BDSIM-based model is evaluated with 10
experiments to determine its running time.

The number of simulator executions BDSIM-based model Surrogate model

10 712min n
1000 n 0.69 s

Data-e±cient surrogate modeling for proton therapy
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While the proposed method demonstrates advantages in reducing required

labeled data, it still has several limitations:

(i) This study develops a surrogate model for speci¯c energy points, given the

discrete thickness of the graphite block calculated from the previous work.17

Although interpolation or ¯tting could be employed to determine the corre-

sponding thickness for each energy point, errors in this process are not negli-

gible. Therefore, the current surrogate model is limited to three characteristic

energy points.

(ii) The current surrogate model applies solely to the existing ESS design at HUST-

PTF, predicting beam properties only as depicted in Fig. 2. Adapting it to

di®erent beamlines necessitates the preparation of new training data. None-

theless, the proposed methodology for constructing surrogate models is versatile

and can be extended to other segments of the beamline and additional beam

properties.

Table 6. Comparison between di®erent parameter spaces and

di®erent simulators.

BDSIM MAD-X

Range of quadrupole strengths 10% 15% 10% 15%

MSE 0.084 0.094 0.026 0.032

Accuracy (5%) 0.820 0.785 0.984 0.971

Accuracy (3%) 0.500 0.491 0.943 0.822

Fig. 7. Future prospects of the digital twin for the HUST-PTF.

Y. Chen et al.
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(iii) While BDSIM-based results are highly accurate,20,21 this study relies solely on

simulations. The extent to which these simulations accurately represent real-

world measurements remains to be explored.

In future developments, referencing the latest work,22 a digital twin of the HUST-

PTF is expected to be built, interacting with the beam control system, as depicted in

Fig. 7. Initially, actual measurement data from the beam diagnostic system, a sub-

system of the beam control system, are used to align the digital machine with the real

machine. High-¯delity physics and data-driven surrogate models can integrate ad-

ditional real-world factors and be trained e±ciently with limited data using transfer

learning and lifelong learning, respectively, to further enhance their alignment with

the real machine. Furthermore, optimization algorithms can then adjust model

parameters to achieve desired beam properties. Once the digital twin is constructed,

predictions or virtual measurements from the digital twin can guide user interven-

tions in controlling the real machine, facilitating orbit correction and optics tuning.

Additionally, advanced control technologies, such as reinforcement learning (RL) or

advanced control theory, can be employed to enable interaction between the real

machine and the beam control system.

5. Conclusion

This study proposes a data-e±cient surrogate modeling method for a cyclotron-

based proton therapy beamline. Based on the above results, the following conclusions

are drawn:

(i) Adopting AL can signi¯cantly reduce the number of simulator executions. While

the uncertainty-based query strategy achieves promising results with fewer la-

beled data, it limits the potential for higher accuracy. Incorporating a two-stage

query strategy that considers both uncertainty and diversity proves bene¯cial for

constructing a more accurate surrogate model.

(ii) Replacing the physics-based beamline simulation with a data-driven surrogate

model can signi¯cantly enhance the speed and computational e±ciency of

obtaining beam properties.
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