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Dielectric laser accelerators (DLAs) can achieve acceleration gradients exceeding those of conventional radio-
frequency accelerators by one to two orders of magnitude. Existing DLA design approaches rely heavily on
empirical parameter tuning and single-variable optimization, which fundamentally constrains performance en-
hancement. Here, a new optimization strategy for DLA structures is proposed based on the Gated Adaptive
Network for Deep Automated Learning of Features (GANDALF). This framework integrates key parameters
such as geometric configurations, material properties, and optical field characteristics into a comprehensive
analysis. By accurately predicting particle energy gain, the structural parameters are optimized, significantly
improving DLA performance. The proposed approach outperforms traditional computational methods, particu-
larly for nonperiodic structures, enabling continuous particle acceleration. The GANDALF model demonstrates
high accuracy, robustness, and adaptability, yielding an average acceleration gradient of 2.8 GV/m (Y203), en-
abling sustained acceleration in the majority of the acceleration channel, with a beam spot radius of 3.13 pm.
Additionally, a cascaded DLA design concept is introduced and validated, paving the way for extended acceler-

ation lengths on photonic chips.
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I. Introduction

Accelerators play a pivotal role in a wide range of fields,
including fundamental physics experiments, materials char-
acterization, cancer treatment, and medical diagnostics [1—
3]. Traditional microwave-based accelerators, while well-
established, suffer from limitations such as large physical
footprint and low acceleration gradients, making them less
suitable for compact and cost-effective applications [4, 5].
This has driven the search for alternative technologies, with
dielectric laser accelerators (DLAs) emerging as a highly
promising solution. DLAs, have attracted significant atten-
tion owing to their optical-scale compactness and efficient
energy conversion capabilities, have gained significant atten-
tion [6]. In the 1980s, the inverse Smith—Purcell effect was
demonstrated using terahertz radiation and metallic gratings,
albeit with relatively low acceleration gradients (of the or-
der of keV/m) [7]. Modern dielectric materials, such as sil-
ica, exhibit damage thresholds of up to 1 GV/m, theoretically
enabling DLAs to achieve acceleration gradients on the or-
der of GV/m [8, 9]. Experimental results demonstrate that
current DLAs can already achieve gradients approaching 1
GV/m [10? —12]. Among the various DLA designs, there are
three primary optical configurations: photonic crystal fibers
[15], stacked structures [16], and grating structures [17-19].
Grating structures are particularly attractive due to their sim-
ple geometry and relatively uniform optical field distribution,
making them easier to analyze and integrate into chip-based
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designs [20]. Consequently, much of the research on DLA
optimization has focused on grating structures, as their mate-
rial and geometric parameters directly influence the electric
field distribution in the acceleration region, thereby affect-
ing the motion of the particle beam [21, 22]. Accordingly,
considerable research effort has been directed toward the geo-
metric and topological optimization of DLA photonic crystals
[21, 23]. Existing DLA design methods primarily rely on em-
pirical tuning of parameters and single-variable optimization,
which limits both efficiency and adaptability. These meth-
ods also tend to lack generalizability and cannot easily ac-
commodate complex experimental requirements. Moreover,
most designs to date have been limited to periodic grating
structures, which inevitably introduce deceleration phases as
acceleration distances increase. To date, no effective opti-
mization method for nonperiodic DLA structures has been re-
ported. With the rapid development of artificial intelligence,
deep learning has shown considerable promise in the design
of photonic and optoelectronic devices [24-30]. Unlike tra-
ditional design methods, deep learning enables the extraction
of complex patterns from multidimensional data, allowing for
the precise identification of key structural parameters while
minimizing computational costs. For instance, Hughes et al.
[21] used topology optimization methods for DLA structures,
but many deep learning approaches still rely on static, single-
field images, which are insufficient to fully capture the ef-
fects physics governing particle acceleration. The potential
for deep learning to address these shortcomings, particularly
in nonperiodic designs, remains largely untapped. Addition-
ally, the intrinsic properties of dielectric laser accelerators fa-
cilitate their integration onto chip platforms [31], thereby en-
hancing particle beam energy gain while maintaining beam
quality. This is particularly advantageous in the context of
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cascaded acceleration designs, which present a promising av-
enue for further development [32].

This work presents, to the best of the authors’ knowl-
edge, the first deep learning-based design methodology for di-
electric grating accelerators that optimizes nonperiodic pho-
tonic crystal structures. A comprehensive feature evaluation
framework is established, incorporating geometric parame-
ters, material properties, and optical field energy. Distinc-
tively, the method combines geometric parameters and the
target particle beam quality into a one-dimensional tabular
dataset. The GANDALF model, which excels at processing
non-sequential tabular data, is utilized as the deep learning
framework. The model accurately predicts the target particle
energy gain index and selects the parameters corresponding
to the maximum energy gain, thereby optimizing the dielec-
tric grating accelerator structure. The designed grating accel-
erator addresses the challenges of nonperiodic structure de-
sign, as well as the problems of decelerating phases in pe-
riodic structures and limitations in extending the accelera-
tion distance in grating accelerators. Additionally, the aver-
age particle acceleration gradient reaches 2.8 GV/m, enabling
sustained acceleration in the majority of the channel, with a
beam spot radius of 3.13 pm. Furthermore, extending this
method to cascaded DLA designs validates the feasibility of
long acceleration distances. This establishes a potential tech-
nological pathway for the design and development of high
net-energy-gain particle accelerators based on photonic chips.

II. METHODS

A. Design Concept

In periodic grating structures, as the particle velocity in-
creases during acceleration, the fixed spatial periodicity of
the grating disrupts phase synchronization with the incident
laser wavefront, owing to the uniform variation of the opti-
cal field across the entire structure. This results in deceler-
ation in certain regions. To overcome this inherent limita-
tion, modular structures with additional control parameters
are introduced, offering the potential for sustained accelera-
tion in localized regions. To achieve this, the acceleration re-
gion is modularized to control the wavefront phase in differ-
ent regions, aiming for continuous phase matching between
the particle velocity and the incident laser wavefront, which
enables sustained acceleration. Achieving this goal relies on
the use of complex, parameterized nonperiodic grating struc-
tures. Therefore, this study focuses on the exploration of non-
periodic grating structures as the primary research subject.
The accelerator structure is illustrated in Figure 1(a), where
the particle acceleration channel is centrally positioned within
the device. Dielectric pillars are symmetrically arranged on
either side of the acceleration channel, with pairs of dielec-
tric pillars treated as a unit. As shown in Figure 1(b), each
group of dielectric pillars is characterized by the parameter
array D; = [l;,w;, 6;], with each parameter exhibiting rel-
ative independence and minimal correlation in terms of ge-
ometric dimensions and spatial distributions. In addition to
the size and distribution of the dielectric pillars, the refrac-

tive index of the dielectric material significantly impacts the
acceleration performance of the grating accelerator.

The principle of sustained acceleration in the grating accel-
erator is depicted in Figure 1. The propagation speed of the
laser pulse within the dielectric pillars is lower than that in the
adjacent vacuum regions. This difference creates a phase shift
of the electric fields in two neighboring regions of the particle
acceleration channel. By adjusting the geometric characteris-
tics of the dielectric pillars to induce a 7 phase difference in
the electric field distribution between adjacent regions, con-
tinuous accelerating forces can be applied to the particles.
The accelerator designed in this study enables each group of
dielectric pillars to function as independent units by adjust-
ing the parameter array D; = [I;, w;, 6;].Particle acceleration
across multiple regions is achieved by designing modular di-
electric pillars whose electric field distributions are aligned
with the local particle velocity. If particles can be accelerated
across a larger portion of the structure, the resulting increase
in particle energy will increase accordingly. Given the com-
plexity of optical field variation in nonperiodic structures and
the difficulty of capturing the underlying physical principles,
the problem is simplified by treating more efficient particle
energy gain as equivalent to accelerating particles across a
larger fraction of the structure. On this basis, particle en-
ergy gain is selected as the primary figure of merit for this
study. However, the increased complexity of this highly tun-
able grating structure presents challenges traditional numer-
ical computational methods are time-consuming and heavily
reliant on empirical data, making them less suitable for opti-
mizing the nonperiodic grating structures.

B. Deep Learning Method Based on the GANDALF Model

In this work, the GANDALF model is employed as the pri-
mary analytical tool, It is distinguished by its efficacy in pro-
cessing high-dimensional data and nonlinear relationships.
The model employs advanced feature learning techniques to
optimize feature representation, significantly enhancing gen-
eralization capability and predictive accuracy. Furthermore,
the GANDALF model’s flexibility enables it to accommo-
date different data distributions and noise levels, enhancing
its capacity for analyzing complex systems. In this study, the
numerous feature parameters exhibit low mutual correlations,
necessitating a deep learning model that can effectively han-
dle complex feature information. Therefore, the application
of the GANDALF model is expected to yield reliable results.

The deep learning methodology based on the GANDALF
model is illustrated in Figure 2. This method comprises two
steps. The first step involves establishing the database. The
accelerator model is first constructed (Figure 2(a)), using a
uniform laser wavelength of 1550 nm for plane-wave illumi-
nation, with a particle injection energy of 500 keV. The model
dimensions are L = 6.26 yum and W = 6.2 ym. The design
parameters for each group of dielectric pillars are denoted by
the parameter array D; = [I;, w;, 0;].

Next, optimal parameter ranges are established; three pa-
rameters are sampled independently, initially filtered through
manual screening and subsequently refined through numeri-
cal simulation to determine the optimal ranges:
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Fig. 1: Design scheme of the dielectric grating accelerator and its principle of sustained acceleration. (a) Design scheme of the
dielectric grating accelerator. (b) Structural design and relevant parameters. (c) Principle of sustained acceleration in the
dielectric grating accelerator.

* Length [; varies from 0.7 ym to 1.5 gm in 0.1 pym in-
tervals;

* Width w; ranges from 0.4 ymto 1 ymin 0.1 pm incre-
ments;

* Rotation angle 6; varies from -8° to 8° in 1° steps.

The structure is divided into four modules, with a total of
twelve sets of geometric feature parameters. Additional pa-
rameters, such as optical intensity, particle injection energy,
and incidence angles, were taken into account in the analy-
sis. Numerical simulations were performed using commer-
cial electromagnetic finite element analysis software. Fur-
thermore, the dielectric pillar structures incorporate three ma-
terials: SiO9, Al;Oj3, and Y403, with the optimal structural
parameters for each material determined concurrently, refer-
encing the refractive indices from [23].

The second step involves inputting the acquired data into
the constructed deep learning model to establish the corre-
spondence between dielectric pillar design parameters, opti-
cal field intensity, particle injection energy, incidence angles,
and particle energy gain. The model’s reliability is evaluated;
upon validation, the test dataset is fed into the trained model
to predict the particle energy gain associated with each pa-
rameter set. The optimal structural parameters corresponding
to the maximum particle energy gain are selected for the ac-
celerator structure optimization. Figure 2(b) presents the pro-
posed acceleration gradient prediction model, which achieves
precise predictions through a complex network ensemble.

The GANDALF model, designed for deep feature learn-
ing, consists of two main components [35]: the Gated Fea-

ture Learning Unit (GFLU) and a Multilayer Perceptron
(MLP). These components optimize tabular data performance
through hierarchical feature learning and selection. The
GFLU serves as the core module of the GANDALF model,
adapted from the design of Gated Recurrent Units (GRUs)
for non-sequential tabular data. Each GFLU stage utilizes
learnable feature masks (M,,) to select important features,
generated through sparse transformations that employ the t-
SoftMax function, efficiently achieving sparsity while min-
imizing computational overhead. The GFLU includes reset
(ry,) and update gates (z,), which determine how much in-
formation is discarded from the previous hidden state and the
extent of updates to the current feature representation, respec-
tively. Specifically, the reset gate dictates the amount of prior
information to discard, while the update gate establishes the
weight of the current candidate feature representation in the
final output. This dynamic adjustment of feature selection
and representation learning is facilitated by the unique weight
matrices in each GFLU layer, allowing different layers to fo-
cus on different feature subsets throughout the learning pro-
cess. This hierarchical structure progressively optimizes fea-
ture representation, thereby enhancing model performance.
GFLU layers can be sequentially stacked to form a more ro-
bust feature representation learning network. Following the
GFLU modules, the feature representations are passed to a
standard MLP. In GANDALF, the MLP serves as the final
prediction layer for processing the feature representations.

The feature representations obtained after multiple GFLU
stages (H) are input into a standard K-layer MLP, which
maps the GFLU-optimized features to the final output di-
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Fig. 2: Schematic of the GANDALF model. (a) Data sources and database construction. (b) Construction and internal
structure of the GANDALF model.

mensions. To evaluate the GANDALF-based deep learning
model, the Mean Squared Error (MSE) and the Coefficient
of Determination R? are adapted, with MSE employed as the
loss function. The model optimizer employed is the Adam
optimizer.

III. RESULTS AND DISCUSSION

A. Performance Evaluation of the GANDALF Model

The deep learning framework proposed in this study
demonstrates strong predictive capability, accurately fore-
casting the particle energy gain of the DLA under complex
parameters. Additionally, the GANDALF model effectively
selects parameters from complex information and establishes
a valid relationship between its inputs and outputs, enabling
the design of complex grating accelerators with nonperiodic
structural configurations. The dataset for the model uses the
geometric parameters of the dielectric pillars D; as inputs
and the particle energy gain as the output. To ensure the re-
liability of the model, the dataset is randomly divided into
training, test, and validation sets in a ratio of 7:2:1. Fig-
ure 3(a) presents the kernel density estimation (KDE) plots
for the training, test, and validation sets within the deep learn-
ing dataset, reflecting the consistency of the dataset. The
KDE distributions for the three datasets range from 0.12 to
0.16, with minimal numerical differences, indicating that the
distributions of the training, test, and validation sets ade-
quately represent the statistical characteristics of the particle
acceleration gradient well. A Pearson correlation analysis of
the twelve feature parameters of the dielectric pillars (Fig-
ure 3(b)) reveals that all correlation coefficients are below 0.3,
indicating that the feature parameters are relatively indepen-

dent and exhibit no significant correlation, which confirms
that the dataset used by the model has statistical reliability.
The GANDALF model was trained using the acquired
dataset, and to further assess its predictive performance, 30
sample data points were randomly selected for testing. The
test results are illustrated in Figure 4(a), where the R? val-
ues for the three datasets are 0.942, 0.946, and 0.932, respec-
tively. Figure 4(b) depicts the relationship between the actual
and predicted values, providing a comprehensive evaluation
of the model’s accuracy. The model’s loss function, shown in
Figure 4(c), indicates that as the number of epochs increases,
the loss values for both the training and validation sets re-
main consistently below 0.03 and converge. The GANDALF-
based deep learning model demonstrates strong performance
in this predictive task. The hyperparameter settings for the
GANDALF model are detailed in Table 1. These results col-
lectively indicate that the model can accurately predict parti-
cle energy gain, with predicted and actual values exhibiting a
high degree of overlap and good alignment, thereby confirm-
ing the GANDALF model’s high stability and robustness.

Table 1: Hyperparameter Settings for the GANDALF Model.

Hyperparameter Value
num_GFLUs 6
num_trees 50
tree_depth 6

Ir 0.001
num_epochs 30
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Fig. 4: Prediction results and model performance evaluation. (a) Prediction results. (b) Model performance. (c) MSE curves
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B. Optimization and Evaluation of Dielectric Grating
Accelerator Structure

Upon validating the reliability of the model, the structural
parameters were input into the fully trained deep learning
model. This process predicted the particle energy gain cor-
responding to each set of parameters. The model structure
parameters corresponding to the maximum particle accelera-
tion gradient were selected. These parameters were adopted
as the optimal parameters for the grating structure model of
this study, facilitating structural optimization of the accelera-
tor.

To further demonstrate the superior performance of the di-
electric grating accelerator designed in this work, a periodic
grating structure was introduced as a benchmark for compar-
ison. This structure was designed using traditional optimiza-
tion methods. The evaluation of sustained acceleration was
conducted by comparing the first derivative of particle energy
gain between the two models. A controlled variable method
was employed to minimize the influence of extraneous vari-
ables. Both the periodic grating accelerator model and the one
designed in this study utilized the same dielectric material.
Given the broad distribution range of the model parameters
designed in this study, three periodic grating structure models
were constructed based on a gradient of structural parame-
ters. The internal parameters were selected as w; = d; = %,
where \g represents the wavelength of the laser driving the
accelerating electric field. The X-component of the particle
acceleration gradient (where X denotes the direction of parti-
cle acceleration) is periodically distributed with a phase dif-
ference of 7 across neighboring regions (the w; and d; regions
within the channel). Additionally, /;, a crucial parameter for
phase modulation within the structure, can be estimated us-
ing the following formula for the optimal periodic symmetric
grating structure:

A
Vito = 1; + 70 )

Vato = 1; )

Here, V,, and V;; denote the group velocities of electromag-
netic waves propagating in vacuum and within the dielectric
pillar, respectively. The term %y represents the propagation
time of the pulse within the dielectric pillar of length [;. The
relationship “f—j = % holds, where n is the refractive index of
the dielectric material.

Ao

L=5mn

3

For instance, taking SiO2 as the dielectric material (with
n = 1.4440), the formula yields /; = 1.12),. Considering
the impact of the particle acceleration channel width on the
difficulty of particle injection and the average acceleration
gradient, C' = 0.3)\g was selected. The corresponding par-
ticle energy gain for this structure was computed, as shown
in Figure 5. This resulted in a particle acceleration gradient

of 0.22Ey. The computed results indicate that the average
particle acceleration gradient of the grating structure selected
through the GANDALF model training reached an impres-
sive 0.34E (Peak electric field amplitude applied to the sys-
tem at ¢ = 0).The particle energy gain of 8.56 keV repre-
sents 155.6% of the energy gain achieved by traditional de-
signs, successfully meeting the anticipated experimental re-
quirements. Detailed parameters and comparisons are pro-
vided in the supplementary materials.

In this study, the GANDLF model achieves efficient energy
conversion of particles by adjusting the design parameters of
the dielectric grating. Notably, the high-performance acceler-
ation results in a more concentrated particle beam. This fo-
cused beam increases the energy density of the particle beam,
enabling more efficient acceleration and more precise parti-
cle control. This characteristic is of significant importance in
a wide range of high-energy physics experiments and mate-
rial processing applications. The effects of different refrac-
tive index materials (SiO2, Al2O3, Y20O3) on particle accel-
eration performance are compared, as shown in Figure 6(a).
The model provides optimized structures that are tailored to
different materials. Y5Os, in contrast to SiOo, possesses bet-
ter light confinement properties due to its higher refractive
index. Additionally, the influence of the initial energy of
the externally injected electron beam on the average accel-
eration gradient was investigated. By comparing the accel-
eration results under three different material combinations, it
is demonstrated that the dielectric grating accelerator com-
posed of high refractive index materials achieves a higher av-
erage acceleration gradient compared to structures composed
of low refractive index materials. On one hand, according to
Snell’s law, when a laser beam enters a high refractive index
material, the refraction angle increases, allowing the beam
to focus into a smaller spot. This increases the energy den-
sity of the beam in the laser acceleration region, thereby en-
hancing the strength of the accelerating electric field. On the
other hand, in high refractive index materials, the propagation
speed of the beam is reduced, causing it to focus in a smaller
region. This means that the spatial distribution of the beam in
the acceleration region becomes more concentrated, reducing
diffraction-induced spreading and facilitating the formation
of an effective standing wave acceleration field. Figure 6(c)
shows the particle beam spot radius of the dielectric grating
accelerators selected through the GANDALF model for the
various materials. All three configurations produced high-
energy particle beams characterized by a beam spot radius
of 3.13 um and a transmission efficiency of 100%. This in-
dicates that the particle beams maintain high transverse fo-
cusing and spatial confinement throughout the acceleration
process. A smaller beam spot radius indicates a more con-
centrated spatial distribution of the particle beam, thereby en-
hancing the energy density. This high energy density is con-
ducive to achieving greater precision and efficiency in parti-
cle acceleration and material processing. Moreover, a smaller
beam spot radius implies a reduced beam divergence. This
enhances the stability and accuracy of particle beams dur-
ing long-distance transmission. Such stability is crucial for
implementing long-distance cascaded designs, particularly in
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Fig. 5: Optimization results and performance evaluation of dielectric grating accelerators using SiO2, AloO3 and Y203. (a)
Comparison of particle energy gain between traditional designs and deep learning designs for the grating structure. (b)
Comparison of acceleration gradient between traditional designs and deep learning designs for the grating structure.

applications requiring long-distance, high-precision accelera-
tion, such as high-energy physics experiments and advanced
materials science research. Furthermore, the grating structure
has a size of approximately 6 pm. This size is commensurate
with the particle beam spot radius, effectively optimizing the
grating operating conditions. The coordinated design of the
grating size and beam spot radius not only enhances accel-
eration efficiency but also mitigates non-ideal effects such as
beam spreading and diffraction distortion that may arise dur-
ing grating operation. This design optimization ensures that
the particle beam maintains optimal acceleration conditions
and minimal optical losses while traversing the grating.

C. Cascaded Design

The GANDALF framework supports the design of accel-
eration structures over extended distances, contingent upon
available computational resources. However, the computa-
tional workload of the model increases substantially with the
number of units and the total acceleration distance. To fur-
ther enhance the net gain of particle energy, a conceptual
framework for cascade acceleration design is proposed. The
schematic illustration of this approach is depicted in Figure 7.
As illustrated, the cascade accelerator is conceptualized as
two unit cell structures. The initial injected particle energy
is 500 keV. By applying the optimization scheme proposed in
this study to the first unit cell structure, a net energy gain of
15.8 keV is achieved. Subsequently, the particles exiting the
first unit cell structure are injected into the second unit cell
structure, which is similarly optimized. This results in a cu-
mulative net energy gain of 29.7 keV. This outcome validates
the cascade accelerator design concept proposed in this study.

In cascaded dielectric laser accelerators, electron beam ve-
locity matching requires dynamic adaptation to energy evo-
lution. As electrons transition from the non-relativistic (8 <
0.5) to the relativistic regime (8 — 1), the pulse front tilt
(PFT) angle must satisfy:

Oprr(z) = arcsin(5(z)) 4)

This relationship dictates continuous adjustment of Opgr
along the propagation distance z under fixed acceleration gra-
dients. To achieve dynamic matching, a DMD-LCM (Digital
Micromirror Device-Liquid Crystal Mask) coordination and
regulation strategy is proposed:

1. Spatiotemporal Encoding: Preloaded phase-
amplitude masks (corresponding to [-dependent
Oprr requirements) are dynamically addressed on the
DMD, with spatial encoding converted to temporal
modulation via PFT techniques.

2. Adaptive Switching: When electrons enter the nth ac-
celeration stage, the LCM activates the corresponding
mask based on real-time beam parameters (feedback
from upstream diagnostics).

3. Timing Performance: With commercial DMDs (e.g.,
DLP9500) exhibiting 20 us switching times and LCMs
demonstrating millisecond-scale responses, parallel
control strategies reduce system latency to ~ 50 us,
which is compatible with standard electron gun repeti-
tion rates (typically < 1 kHz).
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lar deviations Af < 0.5° maintain phase slippage A¢ below
A/30 (A = 2 um), effectively suppressing transverse emit-
tance growth due to velocity mismatch. Building on the in-
herent compatibility between PFT techniques and spatial light
modulators[36], this method provides a modular implemen-
tation pathway for cascaded accelerators. Future work will
focus on developing closed-loop control systems integrating
real-time beam position monitoring and mask optimization
algorithms to improve matching precision.

IV. CONCLUSION

This work proposes a novel design methodology for dielec-
tric grating accelerators based on deep learning methods. By
integrating deep learning with grating structure optimization,
a high-performance accelerator structure and cascading de-
sign scheme are achieved. The proposed method predicts the
target particle energy gain using comprehensive feature eval-
uation, with both training and validation losses below 0.03.
The Pearson correlation coefficient was employed to assess
the validity of the database, revealing that the feature pa-
rameters are relatively independent with no significant cor-

relations. The optimal particle energy gain was then pre-
dicted, and the corresponding structural parameters were se-
lected as the optimal model parameters, enabling the opti-
mization of the dielectric grating accelerator structure. A
comparison between the dielectric laser accelerator designed
in this study and those designed using traditional methods
demonstrated that the SiO5 grating accelerator designed here
achieves a particle energy gain of 130.3% relative to the peri-
odic structure. The Y2 O3 grating accelerator designed in this
study achieved a maximum average acceleration gradient of
2.8 GV/m (Y203).The post-acceleration particle beam trans-
mission efficiency is 100%, with a beam spot radius of 3.13
pm, providing data support for cascaded accelerator designs.
This research offers valuable insights for the design of parti-
cle accelerators based on photonic chips and the integration
of optoelectronic devices. Moreover, it introduces a novel de-
sign approach for nonperiodic photonic crystals and complex
sub-wavelength optoelectronic devices.
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