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Abstract
With the development of new highly coherent accelerator light sources such as
fourth-generation synchrotron radiation sources and Steady-State Microbunch-
ing (SSMB), tasks including beamline design, online optimization, and virtual
diagnostics impose increasing demands on fast and high-accuracy optical-field
prediction. However, high-accuracy simulations based on wave optics are usu-
ally computationally expensive and are difficult to use for real-time evalua-
tion. Meanwhile, radiation spot patterns from highly coherent accelerator light
sources exhibit pronounced high dynamic range and complex diffraction-fringe
structures. Surrogate models constructed in the conventional linear intensity
space are easily dominated by the central high-intensity region, resulting in in-
sufficient prediction of weak-intensity diffraction structures at the periphery. To
address this issue, this paper proposes an end-to-end surrogate modeling frame-
work for radiation spots from highly coherent accelerator light sources based
on a logarithmic manifold representation. The method maps the nonnegative
light-intensity field onto a logarithmic manifold, constructs surrogate models in
this space, and recovers the original linear space through an inverse mapping.
Theoretical analysis shows that the Euclidean error in logarithmic space corre-
sponds, under a first-order approximation, to the relative error in the original
intensity space; therefore, this representation can better match relative-error
evaluation metrics for high-dynamic-range intensity fields. As a validation of
the method, this paper adopts an SRW undulator radiation spot case under
fourth-generation synchrotron radiation source parameters, and systematically
compares the predictive performance of four types of surrogate models, namely
POD-Linear, POD-Quadratic, POD-ANN, and End-to-End Encoder-Decoder,
in both linear space and the logarithmic manifold. Numerical results show that,
after introducing the logarithmic manifold mapping, the mean relative errors of
all four models are significantly reduced. Moreover, the trained surrogate mod-
els can achieve millisecond-level single-sample prediction, substantially reducing
the computational cost compared with high-accuracy SRW wave-optics simula-
tions. These results demonstrate that the logarithmic manifold representation is
a general representation-space improvement method suitable for surrogate mod-
eling of high-dynamic-range radiation spots, and can provide a technical route
for fast optical-field prediction, online optimization, and virtual diagnostics for
future highly coherent accelerator light sources such as SSMB.
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Abstract With the development of new highly coherent accelerator light
sources such as fourth-generation synchrotron radiation sources and steady-state
microbunching (SSMB), tasks such as beamline design, online optimization,
and virtual diagnostics have placed higher demands on rapid and high-accuracy
prediction of optical fields. However, high-fidelity simulations based on wave
optics are usually computationally expensive and difficult to meet the needs
of real-time evaluation. Meanwhile, radiation patterns from highly coherent
accelerator light sources have a remarkably high dynamic range and complex
diffraction-fringe structures. Surrogate models constructed in the traditional
linear intensity space are easily dominated by the central high-intensity region,
resulting in insufficient prediction of weak-intensity diffraction structures at the
edges. To address this problem, this paper proposes an end-to-end surrogate
modeling framework for radiation patterns from highly coherent accelerator
light sources based on log-manifold representation. This method maps nonneg-
ative optical intensity fields onto a log manifold, constructs surrogate models in
this space, and restores the results to the original linear space through inverse
mapping. Theoretical analysis shows that, under a first-order approximation,
the Euclidean error in log space corresponds to the relative error in the original
intensity space; therefore, this representation can better match relative-error
evaluation metrics for optical fields with high dynamic range. As a method-
ological validation, this paper adopts an SRW wave-optics radiation-pattern
example under parameters of a fourth-generation synchrotron radiation source,
and systematically compares the prediction performance of four types of
surrogate models—POD-Linear, POD-Quadratic, POD-ANN, and End-to-End
Encoder-Decoder—in both linear space and on the log manifold. Numerical
results show that, after introducing log-manifold mapping, the average relative
errors of all four models decrease significantly. Moreover, the trained surrogate
models can achieve millisecond-level single-sample prediction, substantially
reducing computational cost compared with high-fidelity SRW wave-optics
simulations. These results indicate that log-manifold representation is a general
improvement of the representation space suitable for surrogate modeling of
high-dynamic-range radiation patterns, and can provide a technical route for
rapid optical-field prediction, online optimization, and virtual diagnostics for
future highly coherent accelerator light sources such as SSMB.
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Log-Manifold Surrogate Modeling for Radia-
tion Patterns from Coherent Accelerator Light
Sources
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Abstract With the development of fourth-generation synchrotron radiation
sources and steady-state microbunching
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(SSMB) light sources, rapid and accurate optical-field prediction is increasingly
important for beamline design, online optimization, and virtual diagnostics.
However, high-accuracy wave-optics simulations are usually computationally
expensive and difficult to use for real-time evaluation. In addition, coherent
radiation patterns often exhibit high dynamic range and complex diffraction
structures. Surrogate models constructed directly in the linear intensity space
tend to be dominated by high-intensity regions, leading to insufficient accuracy
in weak-intensity regions and edge diffraction structures. To address this issue,
this work proposes a log-manifold-based End-to-End surrogate modeling frame-
work for radiation patterns from high-coherence accelerator light sources. The
non-negative intensity field is first mapped into the log-manifold, where surro-
gate modeling is performed, and the predicted result is then mapped back to
the original linear space. Theoretical analysis shows that the Euclidean error
in logarithmic space is first-order consistent with the relative error in the orig-
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inal intensity space, making the log-manifold representation more suitable for
relative-error-oriented prediction of high-dynamic-range intensity fields. As a
proof-of-concept study, SRW simulations of undulator radiation under fourth-
generation synchrotron light source parameters are used as reference data. Four
representative surrogate models, including POD-Linear, POD-Quadratic, POD-
ANN, and an End-to-End Encoder-Decoder, are compared in both the linear
intensity space and the log-manifold space. Numerical results show that the log-
manifold mapping consistently reduces the mean relative error for all four sur-
rogate models. The trained surrogate models achieve millisecond-level inference
for a single sample, significantly reducing the computational cost compared with
high-accuracy SRW simulations. These results indicate that the log-manifold
representation is a general representation-space improvement for surrogate mod-
eling of high-dynamic-range radiation patterns, and it provides a technical route
for rapid optical-field prediction, online optimization, and virtual diagnostics in
future SSMB and other high-coherence accelerator light sources.

Key words Coherence accelerator light source; Surrogate model; Log-
manifold; SSMB; Undulator radiation

With the rapid development of fourth-generation synchrotron radiation light
sources[^1–^5], accelerator light sources with high coherence, high brightness,
and high stability have provided important support for cutting-edge scientific
and engineering problems such as precision-structure detection, nanoscale imag-
ing, and extreme-ultraviolet lithography. Advanced light-source schemes such
as fourth-generation synchrotron radiation light sources and steady-state mi-
crobunching (Steady-State Microbunching, SSMB) light sources[^6,^7] have the
potential to generate nearly fully coherent radiation and are becoming an impor-
tant direction in the research of next-generation advanced light sources. Against
this background, beamline design, commissioning, and operation often involve
performance evaluation and optimization under multiple parameters, requiring a
large number of computational tasks such as parameter scans, online optimiza-
tion, and virtual diagnostics, which places higher demands on high-precision
numerical simulation tools for beamlines.

For the simulation of beamlines in high-coherence accelerator light sources,
academia and engineering fields have developed a series of high-precision wave-
optics numerical simulation tools and theoretical methods. For example, simu-
lation programs such as Synchrotron Radiation Workshop (SRW) can perform
high-precision propagation-evolution calculations for the generation and wave-
front propagation processes of synchrotron-radiation light sources, while prop-
agation methods based on mutual optical intensity (Mutual Optical Intensity,
MOI)[^8–^10] can describe diffraction effects and coherence properties relatively
accurately. These methods can not only realize geometric ray tracing for vari-
ous downstream optical elements starting from partially coherent synchrotron
radiation generated in radiation elements (such as undulators), but also sim-
ulate high-precision, high-coherence diffraction fringe structures, thereby well
preserving the wave-optical characteristics of the beam. However, numerical

chinarxiv.org/items/chinaxiv-202608.00095 Machine Translation

https://chinarxiv.org/items/chinaxiv-202608.00095


simulation methods based on full-wave propagation have extremely high com-
putational costs and long single-simulation runtimes, making it difficult to meet
engineering application requirements for real-time monitoring, rapid evaluation,
and online feedback of beamlines. In recent years, by introducing coherent-
mode decomposition[^11–^13], dimensionality reduction[^11–^13], Wigner func-
tions[^14,^15], and parallel computing[^12], the computational-load problem of
traditional coherent-optics simulation methods has been solved to some extent,
partially satisfying the needs of offline simulation. However, for scenarios such
as multi-parameter scans and online optimization, current simulation methods
still cannot meet requirements.

To break through this computational bottleneck, surrogate models and machine-
learning methods have gradually been introduced to replace complex numerical
simulations[^16–^20]. However, because the partially coherent radiation spots
generated by next-generation high-coherence light sources such as SSMB con-
tain significant high-frequency diffraction structures, and because the intensity
distribution between the center and the edges of the spot often spans several or-
ders of magnitude, exhibiting an extremely large dynamic range, general models
face very high difficulties and challenges in model performance and prediction
quality when learning coherent optical-field distributions. These difficulties are
not caused simply by insufficient model complexity, but are closely related to
wave-optical characteristics such as the high spatial frequency and large dynamic
range of the optical spot field itself in high-coherence accelerator light sources.
Traditional models are mostly based on linear intensity space and 均

squared error (Mean Squared Error, MSE). During predictive reconstruction, it
is very easily dominated by the central high-intensity region, causing the high-
frequency weak diffraction fringe structures at the edges to be almost completely
ignored or severely distorted, and it is not suitable for predicting coherent light
sources. Therefore, for the wave-field propagation process of high-coherence
light-source beams, the key to constructing a high-precision surrogate model lies
not in model complexity, but in whether a representation space more suitable
for characterizing complex diffraction structures can be found. This has become
a major challenge that urgently needs to be solved in order to realize high-
precision, high-fidelity surrogate modeling for synchrotron-radiation beamlines.

In response to the above problems, this paper addresses the need for rapid light-
field prediction for high-coherence accelerator light sources such as SSMB, and
proposes a surrogate modeling framework for high-dynamic-range synchrotron-
radiation speckles based on a logarithmic manifold representation. This method
recharacterizes nonnegative light-intensity fields from the perspective of repre-
sentation space, maps the speckle distribution in the original linear space into a
logarithmic manifold space, constructs a surrogate model in that space, and re-
stores it to the original physical intensity space through inverse mapping. Theo-
retically, this paper analyzes the relationship between the logarithmic manifold
mapping and relative error, showing that the Euclidean error in logarithmic
space corresponds, under first-order approximation, to the relative error in the
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original intensity space, thereby making the learning space of the surrogate
model consistent with the relative-error evaluation objective for high-dynamic-
range intensity fields. In terms of numerical experiments, this paper uses fourth-
generation light-source undulator radiation examples generated by SRW as the
verification object, and systematically compares the prediction performance of
four types of surrogate models—POD-Linear, POD-Quadratic, POD-ANN, and
End-to-End Encoder-Decoder—in the original linear space and in the logarithmic
manifold space. The results show that logarithmic manifold mapping can stably
reduce the mean relative error in surrogate models of different complexity, and
can achieve rapid speckle prediction at millisecond-scale inference times, provid-
ing a feasible technical route for rapid parameter scanning, online optimization,
and virtual diagnostics of high-coherence accelerator light sources such as SSMB
in the future.

1 Surrogate Modeling Method Based on the Log-
arithmic Manifold
1.1 Logarithmic Manifold Mapping
Speckles from high-coherence accelerator light-source radiation usually have
such characteristics as nonnegativity, high dynamic range, and complex diffrac-
tion fringe structures. If a surrogate model is constructed directly in the original
linear space, the central high-intensity region will occupy a dominant position in
the mean-squared-error training objective, while the errors of the weak-intensity
diffraction fringe structures at the edges are difficult to constrain sufficiently.
Therefore, the key to building a surrogate model for high-coherence radiation
in the original linear space lies not only in increasing the complexity of the
model itself, but also in selecting a representation space that matches the error
characteristics of high-dynamic-range intensity fields.

To solve this problem, we propose a logarithmic manifold mapping method
that re-represents the speckle intensity distribution in logarithmic space. This
mapping can not only greatly compress the high-dynamic-variation range of the
light field so as to facilitate the construction of a surrogate model, but also
makes the construction error of the surrogate model theoretically equivalent to
minimizing the relative error in the original linear space, greatly improving the
performance of the surrogate model in high-coherence simulation scenarios.

1.1.1 Logarithmic Mapping of the Positive Intensity Field

Let the light-intensity distribution at a point on the beamline of a high-coherence
accelerator light source be:

𝐼(𝑥; 𝜇) > 0, 𝑥 = (𝑥, 𝑦). (1)
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where 𝑥 is the spatial position and 𝜇 is the beamline or light-source parameter
configuration. Since light intensity is a nonnegative physical quantity, it can
be defined as an element in the positive space. Meanwhile, to avoid numerical
divergence caused by zero-intensity points, we introduce a small positive number
𝜀, and define the logarithmic manifold mapping as:

𝑇 ∶ 𝐼(𝑥; 𝜇) ↦ 𝐿(𝑥; 𝜇) = 𝑙𝑜𝑔(𝐼(𝑥; 𝜇) + 𝜀), 𝜀 ≪ 1. (2)

Its inverse mapping is:

𝑇 −1 ∶ 𝐿(𝑥; 𝜇) ↦ 𝐼(𝑥; 𝜇) = 𝑒𝑥𝑝(𝐿(𝑥; 𝜇)) − 𝜀. (3)

From a numerical perspective, logarithmic manifold mapping first significantly
compresses the dynamic range of speckles. For the intensity distributions span-
ning several orders of magnitude that commonly exist in high-coherence radi-
ation speckles, the extremely large intensity differences in the linear intensity
space are converted into approximately linear scales in the logarithmic space,
thereby avoiding the dominance of local bright regions in the MSE error and
allowing weak-intensity regions and edge diffraction structures to receive more
balanced weights during surrogate-model construction.

Therefore, logarithmic mapping not only greatly improves the representabil-
ity of high-coherence radiation speckles, but also significantly linearizes high-
frequency diffraction structures, transforming the originally highly nonlinear
intensity distribution into a more learnable manifold structure.

1.1.2 Relative error indicators and logarithmic-flow manifold geome-
try

The indicators used to evaluate surrogate models should not consist solely of
absolute error. For a coherent synchrotron radiation light-intensity field with a
large dynamic range, relative error can better reflect the prediction quality in
weak-intensity regions and at the edges of diffraction structures than absolute
error. The following analysis shows that the error of a surrogate model con-
structed on the logarithmic-flow manifold has a first-order equivalence relation
with the relative error in the original linear space.

Let the prediction result of the surrogate model be ̂𝐼(𝑥), and the true light-
intensity field be 𝐼(𝑥). Define the pointwise relative error as:

𝑟(𝑥) =
̂𝐼(𝑥) − 𝐼(𝑥)

𝐼(𝑥) . (4)

When 𝐼(𝑥) > 0 and the relative error is small, we have:
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𝑙𝑜𝑔 ̂𝐼(𝑥) − 𝑙𝑜𝑔 𝐼(𝑥) = 𝑙𝑜𝑔 (
̂𝐼(𝑥)

𝐼(𝑥)) = 𝑙𝑜𝑔(1 + 𝑟(𝑥)) ≈ 𝑟(𝑥). (5)

Considering the small quantity 𝜀 used in actual numerical computations to avoid
zero intensity, the logarithmic-flow mapping can be written as:

𝐿(𝑥) = 𝑙𝑜𝑔(𝐼(𝑥) + 𝜀). (6)

On the logarithmic-flow manifold, the prediction error satisfies:

𝐿̂(𝑥) − 𝐿(𝑥) = 𝑙𝑜𝑔( ̂𝐼(𝑥) + 𝜀) − 𝑙𝑜𝑔(𝐼(𝑥) + 𝜀). (7)

When the deviation is sufficiently small, we have

𝐿̂(𝑥) − 𝐿(𝑥) ≈
̂𝐼(𝑥) − 𝐼(𝑥)
𝐼(𝑥) + 𝜀 . (8)

At this point, the mean-square error in logarithmic space can be approximated
as

∥𝐿̂ − 𝐿∥2
2

= ∫ (
̂𝐼(𝑥) − 𝐼(𝑥)
𝐼(𝑥) + 𝜀 )

2

𝑑𝑥. (9)

The above formula indicates that minimizing the Euclidean error in logarithmic
space is approximately equivalent to minimizing the squared relative error in
the original linear space. In contrast, if the mean-square error is minimized
directly in the linear intensity space, then:

∥ ̂𝐼 − 𝐼∥2
2

= ∫( ̂𝐼(𝑥) − 𝐼(𝑥))2𝑑𝑥 = ∫(𝐼(𝑥) + 𝜀)2 (
̂𝐼(𝑥) − 𝐼(𝑥)
𝐼(𝑥) + 𝜀 )

2

𝑑𝑥. (10)

This means that, in the original linear space, the central high-intensity region
receives a larger weight, while the error contribution from weak-intensity regions
and diffraction structures at the edges is significantly weakened. For coherent
synchrotron radiation speckles with a large dynamic range, such nonuniform
weighting causes the surrogate model to be dominated more by the central high-
brightness region, making it difficult to accurately predict the weak diffraction
fringe structures at the edges.

From the perspective of manifold geometry, the logarithmic-flow mapping can be
understood as introducing a metric on the positive intensity field to characterize
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relative changes. Let the space composed of all light-intensity fields satisfying
the positivity condition be:

ℳ = {𝐼(𝑥) ∣ 𝐼(𝑥) > 0}. (11)

Define the logarithmic-flow mapping:

Φ ∶ ℳ → 𝐿2, Φ(𝐼) = 𝑙𝑜𝑔(𝐼(𝑥) + 𝜀). (12)

For two tangent perturbations 𝑢(𝑥) and 𝑣(𝑥) at 𝐼 ∈ ℳ, the differential of the
mapping Φ is:

𝐷Φ𝐼 [𝑢] = 𝑢(𝑥)
𝐼(𝑥) + 𝜀. (13)

Therefore, the Riemannian metric induced by the logarithmic mapping is

𝑔𝐼(𝑢, 𝑣) = ⟨𝐷Φ𝐼 [𝑢], 𝐷Φ𝐼 [𝑣]⟩𝐿2 = ∫ 𝑢(𝑥)𝑣(𝑥)
(𝐼(𝑥) + 𝜀)2 𝑑𝑥. (14)

Correspondingly, the length of an infinitesimal perturbation 𝑑𝐼 of the intensity
under this metric satisfies

𝑑𝑠2 = 𝑔𝐼(𝑑𝐼, 𝑑𝐼) = ∫ ( 𝑑𝐼(𝑥)
𝐼(𝑥) + 𝜀)

2
𝑑𝑥. (15)

The above equation shows that what the Riemannian distance measures on the
logarithmic manifold is relative change,

𝑑𝐼(𝑥)
𝐼(𝑥) + 𝜀. (16)

rather than absolute change 𝑑𝐼 . Thus, the logarithmic manifold naturally cor-
responds mathematically to a relative-error metric.

Furthermore, we consider geodesics on the logarithmic manifold. A geodesic
gives the shortest path between two samples on the manifold. For any curve
𝛾(𝑡) connecting 𝐼0 and 𝐼1, where 𝑡 ∈ [0, 1], 𝛾(0) = 𝐼0, and 𝛾(1) = 𝐼1, its length
under the above Riemannian metric [21−23] is

𝐿(𝛾) = ∫
1

0
√𝑔𝛾( ̇𝛾(𝑡), ̇𝛾(𝑡)) 𝑑𝑡. (17)
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Since the logarithmic mapping Φ(𝐼) = 𝑙𝑜𝑔(𝐼 + 𝜀) maps the positive-valued in-
tensity field to the linear Hilbert space 𝐿2, on the logarithmic manifold, the
geodesic between two samples is the straight line in 𝐿2 space. Let

𝐿0 = 𝑙𝑜𝑔(𝐼0 + 𝜀), 𝐿1 = 𝑙𝑜𝑔(𝐼1 + 𝜀). (18)

Then the geodesic path in logarithmic space is

𝐿(𝑡) = (1 − 𝑡)𝐿0 + 𝑡𝐿1. (19)

Mapping it back to the original intensity space through the inverse mapping
yields the geodesic on the logarithmic manifold in the original linear space:

𝛾(𝑡) = 𝑒𝑥𝑝[(1−𝑡) 𝑙𝑜𝑔(𝐼0 +𝜀)+𝑡 𝑙𝑜𝑔(𝐼1 +𝜀)]−𝜀 = (𝐼0 +𝜀)1−𝑡(𝐼1 +𝜀)𝑡 −𝜀. (20)

This shows that the geodesic on the logarithmic manifold corresponds in the
original intensity space to a pointwise geometric-mean path, rather than to the
arithmetic-mean path in the linear intensity space. From the perspective of
surrogate modeling, the prediction process is essentially learning the continu-
ous mapping relationship between different intensity-field samples in parameter
space. If a surrogate model is constructed directly in the linear intensity space,
the model implicitly approximates the intensity field under Euclidean geometry,
that is, it performs interpolation and extrapolation along linear paths in the
sense of absolute error. This geometry will cause the high-intensity regions to
dominate the fitting direction of the model, and therefore it may not necessarily
correspond to the optimal prediction path in the sense of relative error.

When constructing a surrogate model on the logarithmic manifold, because the
Hilbert space on the logarithmic manifold is linear, the surrogate model, dur-
ing interpolation or regression, predicts along the geodesics of the logarithmic
manifold in the original intensity space. At this point, the surrogate model is
not predicting samples in the sense of absolute intensity, but rather in the sense
of a relative-error metric. Therefore, for the prediction task of high-coherence
light-source radiation spots in which relative error is the principal evaluation
metric, the logarithmic manifold provides a more natural surrogate-model rep-
resentation space than the original linear space.

1.2 Surrogate Model Method
After completing the logarithmic-manifold mapping, the surrogate model needs
to learn, in the selected representation space, from the ray and light-source
parameter configuration to the two-dimensional same-
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mapping relationship among speckle patterns. Let the beam line and light-
source parameter configuration vector be 𝜇, and denote the two-dimensional
light-intensity distribution as

𝐼(𝑥; 𝜇) > 0, 𝑥 = (𝑥, 𝑦). (21)

The objective of the surrogate model is to learn the mapping from the parameter
space to the light-intensity space,

𝜇 ↦ 𝐼(𝑥; 𝜇). (22)

To accurately reconstruct the overall morphology and local fringe structures of
speckle patterns radiated by highly coherent light sources, this paper adopts an
end-to-end model based on Encoder–Decoder as the principal surrogate-model
method. This model directly learns the nonlinear mapping relationship between
the input parameters and the two-dimensional logarithmic light-intensity field,
and is more suitable for describing the spatial structure of complex radiation
speckles.

At the same time, in order to verify whether the role of the logarithmic-flow
representation has model universality, rather than relying only on a certain
neural-network architecture, this paper further introduces three surrogate-model
methods based on a linear orthogonal subspace and POD coefficient regression
—POD-Linear, POD-Quadratic, and POD-ANN—as comparisons. The three
methods correspond respectively to linear response surfaces, quadratic response
surfaces [24,25], and neural-network nonlinear regression, covering different lev-
els of complexity from traditional low-order dimensionality-reduction surrogate
models to nonlinear dimensionality-reduction surrogate models. Through this
setup, the effect of logarithmic-flow representation in different types of surrogate
models can be systematically evaluated.

1.2.1 End-to-End Encoder-Decoder

The End-to-End Encoder-Decoder surrogate model directly learns the map-
ping relationship from the input parameter vector to the two-dimensional light-
intensity field distribution. This method does not explicitly construct a linear
modal space, but instead directly learns the nonlinear relationship between the
parameter space and the two-dimensional optical-field space through a neural
network [26,27].

In the logarithmic flow, the network learning objective can be expressed as:

̂𝐽 (𝑥; 𝜇) = 𝐺𝜃(𝜇), (23)
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where 𝐺𝜃 is the input-parameter encoding and image-decoding network. Specif-
ically, the input parameters are first mapped by the encoder into a latent-space
vector:

𝑧 = 𝐸𝜃(𝜇), (24)

after which the latent-space vector is upsampled layer by layer through the
decoder, ultimately yielding the predicted result for the two-dimensional optical
field:

̂𝐽 (𝑥; 𝜇) = 𝐷𝜃(𝑧). (25)

Therefore, the entire end-to-end Encoder-Decoder surrogate model can be ex-
pressed as:

̂𝐽 (𝑥; 𝜇) = 𝐷𝜃(𝐸𝜃(𝜇)). (26)

The training objective of this model is the mean squared error in image space:

ℒ𝑚𝑠𝑒 = 1
𝑁

𝑁
∑
𝑖=1

∥𝐺𝜃(𝜇𝑖) − 𝐽𝑖∥
2
2 . (27)

The End-to-End Encoder-Decoder surrogate-model method does not depend
on preconstructed POD modes and is not constrained by the assumptions of
a linear orthogonal subspace. In theory, it has stronger nonlinear expressive
capability and can directly learn the complex mapping relationship between
the input parameters and the light-intensity field. For prediction tasks involv-
ing highly coherent radiation speckles that contain complex spatial fringes and
high-dynamic-range structures, the Encoder-Decoder model can learn speckle
features in the latent-space representation and recover the two-dimensional spa-
tial structure through the decoder. Therefore, this paper uses this model as
the principal end-to-end two-dimensional optical-field prediction framework, to
verify the effectiveness of logarithmic-flow representation in complex nonlinear
surrogate models.

1.2.2 Surrogate Modeling Methods Based on POD Bases
To further verify the universality of logarithmic-flow representation for differ-
ent surrogate modeling methods, this paper introduces three types of surrogate
models based on POD coefficient regression for comparison, namely POD-Linear,
POD-Quadratic, and POD-ANN. All three models use the same POD linear sub-
space dimensionality-reduction representation; they differ only in the regression
model from the input parameters to the POD coefficients.
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Taking the logarithmic-flow space as an example, suppose the light-intensity
distribution of the 𝑖-th sample is

𝐿𝑖(𝑥) = 𝑙𝑜𝑔(𝐼𝑖(𝑥) + 𝜀), (28)

and the mean field is

𝐿̄(𝑥) = 1
𝑁

𝑁
∑
𝑖=1

𝐼𝑖(𝑥) (28)

where 𝑁 is the number of samples in the training set. Performing POD de-
composition on the decentered training set [28], a set of eigen-orthogonal bases
{𝜙𝑘(𝑥)}𝑟

𝑘=1 can be obtained. Thus, any sample can be expanded on this basis
as

𝐿𝑖(𝑥) ≈ 𝐿̄(𝑥) +
𝑟

∑
𝑘=1

𝛼𝑖𝑘𝜙𝑘(𝑥), (29)

where 𝑟 is the number of retained POD modes, and 𝛼𝑖𝑘 is the coefficient of the
𝑖-th sample on the 𝑘-th POD mode. Denote the POD coefficient vector as

𝛼𝑖 = (𝛼𝑖1, 𝛼𝑖2, … , 𝛼𝑖𝑟)𝑇 . (30)

Therefore, the POD-based surrogate modeling problem can be transformed into
learning the mapping between the input parameters and the POD coefficients:

𝜇 ↦ 𝛼(𝜇). (31)

This paper adopts three regression methods with different complexities to con-
struct surrogate models:

ℛ(𝜇) =
⎧{
⎨{⎩

𝑊𝜇 + 𝑏, 𝑃𝑂𝐷 − 𝐿𝑖𝑛𝑒𝑎𝑟
𝐶𝑝2(𝜇), 𝑃𝑂𝐷 − 𝑄𝑢𝑎𝑑𝑟𝑎𝑡𝑖𝑐,
𝒩𝜃(𝜇), 𝑃𝑂𝐷 − 𝐴𝑁𝑁

(32)

where, in POD-Linear, it is assumed that the input parameters and POD coef-
ficients satisfy a linear relationship, with 𝑊 ∈ ℝ𝑟×𝑑 being the linear mapping
matrix and 𝑏 ∈ ℝ𝑟 the bias term. This method has few parameters, fast re-
construction speed, simple coefficient fitting, and strong interpretability, and is
suitable as a conventional low-complexity surrogate-model baseline.

POD-Quadratic further introduces quadratic terms and interaction terms on
the basis of POD-Linear, for representing the quadratic nonlinear relationship
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between the input parameters and the POD coefficients. Suppose that for a
three-dimensional input parameter

𝜇 = (𝜇1, 𝜇2, 𝜇3), (33)

the quadratic polynomial feature vector is constructed as

𝑝2(𝜇) = [1, 𝜇1, 𝜇2, 𝜇3, 𝜇2
1, 𝜇2

2, 𝜇2
3, 𝜇1𝜇2, 𝜇1𝜇3, 𝜇2𝜇3]𝑇 . (34)

The quadratic response surface of the POD coefficients [29,30] can be approxi-
mately expressed as

𝛼(𝜇) = 𝐶𝑝2(𝜇), (35)

where 𝐶 ∈ ℝ𝑟×𝑚 is the coefficient of the quadratic response surface to be fitted.
Compared with POD-Linear, this method has better nonlinear expressive ca-
pability while maintaining relatively low fitting complexity and computational
cost.

The POD-ANN method replaces linear or quadratic response-surface fitting by
training a neural-network model, so as to learn the more complex nonlinear re-
lationship between the input parameters and the light field. It can be expressed
as:

𝛼(𝜇) = 𝒩𝜃(𝜇). (36)

Here, 𝒩𝜃(𝜇) denotes the neural-network model with parameters 𝜃. Compared
with the two methods described above, POD-ANN no longer assumes a linear
or quadratic relationship between the input parameters and the light-intensity
field, but instead directly learns the more complex nonlinear mapping between
the two by training a neural-network model.

For the above three surrogate models based on POD coefficient fit-
ting/regression, after predicting 𝛼̂(𝜇), the logarithmic light-intensity field
can be reconstructed through the POD modes:

𝐿̂(𝑥; 𝜇) ≈ 𝐿̄(𝑥; 𝜇) +
𝑟

∑
𝑘=1

̂𝛼𝑘𝜙𝑘(𝑥; 𝜇). (37)

It is then restored to the original linear space through the inverse logarithmic
mapping:

̂𝐼(𝑥; 𝜇) = 𝑒𝑥𝑝(𝐿(𝑥; 𝜇)) − 𝜀. (38)

chinarxiv.org/items/chinaxiv-202608.00095 Machine Translation

https://chinarxiv.org/items/chinaxiv-202608.00095


These three types of POD coefficient regression models together constitute a
comparison model group ranging from simple to complex. Among them, POD-
Linear is used to test the performance of the least-complex linear model; POD-
Quadratic is used to evaluate whether a traditional quadratic response surface
can describe the nonlinear effects caused by parameter variation; and POD-ANN
is used to test whether, under the condition of a stronger nonlinear regressor,
the logarithmic-flow representation can still bring improvements in prediction
accuracy. By comparison with an End-to-End Encoder-Decoder, it is possible
to further determine whether the effectiveness of the logarithmic-flow represen-
tation is model-independent.

1.3 Overall framework of the surrogate-model method
based on logarithmic flow
Based on the aforementioned logarithmic-flow mapping and surrogate-model
methods, this paper constructs a unified surrogate-modeling framework for log-
arithmic flow. The core idea of this framework is as follows: instead of directly
learning the light-intensity field in the original linear space, first map the high-
dynamic-range partially coherent synchrotron radiation speckle pattern into the
logarithmic-flow space, complete surrogate-model prediction in that space, and
finally restore it to the original physical intensity space through the inverse
mapping.

For a given beamline or light-source parameter configuration 𝜇, the light-
intensity field distribution obtained from high-fidelity simulation is denoted as
𝐼(𝑥; 𝜇). First, apply the logarithmic mapping to it:

𝐿(𝑥; 𝜇) = 𝑙𝑜𝑔(𝐼(𝑥; 𝜇) + 𝜀). (39)

Subsequently, construct a surrogate model on the logarithmic flow:

𝑔𝜃 ∶ 𝜇 ↦ 𝐿̂(𝑥; 𝜇). (40)

Here, 𝑔𝜃 can be implemented using different surrogate models, including POD-
Linear, POD-Quadratic, POD-ANN, and an End-to-End Encoder-Decoder. For
the proper orthogonal decomposition type of method, the surrogate model pre-
dicts a low-dimensional representation in the logarithmic space; for the end-to-
end model, the surrogate model directly predicts the two-dimensional logarith-
mic light-intensity field. The specific forms of the different models have been
given in Section 2.2.

After completing prediction in the logarithmic space, restore it to the original
linear space through the inverse mapping:

̂𝐼(𝑥; 𝜇) = 𝑒𝑥𝑝(𝐿̂(𝑥; 𝜇)) − 𝜀. (41)

chinarxiv.org/items/chinaxiv-202608.00095 Machine Translation

https://chinarxiv.org/items/chinaxiv-202608.00095


Log Manifold Surrogate Model Framework

Figure 1: Log Manifold Surrogate Model Framework

Finally, evaluation indicators such as the mean relative error are calculated in
the original linear space. From Section 2.1, it is known that the Euclidean error
on the logarithmic flow is, under a first-order approximation, equivalent to the
relative error in the original linear space; therefore, this framework can make
the representation space used to construct the surrogate model consistent with
the error evaluation indicator of final concern.

In summary, the overall workflow of the method proposed in this paper can be
summarized as follows:

𝐼(x; 𝜇) → 𝐿(x; 𝜇) → 𝑔𝜃 → 𝐿̂(x; 𝜇) → ̂𝐼(x; 𝜇)

By applying a logarithmic-manifold mapping to radiation light fields with a high
dynamic range, this framework provides a more natural representation-learning
space for different types of surrogate models whose primary evaluation metric
is relative error. Figure 1 presents the overall workflow of the log-manifold
surrogate-modeling method proposed in this paper.

Figure 1 Overall framework of the log-manifold-learning-based surrogate model
method for radiation from a high-coherence accelerator light source

Fig.1 Overall framework of the log-manifold-learning-based surrogate model for
high-coherence accelerator light source radiation

2 Numerical Experiments and Results Analysis
2.1 Numerical Experiment Setup

To verify the effectiveness of the proposed log-manifold surrogate-model frame-
work, this paper constructs a numerical experimental dataset based on the
synchrotron-radiation wave-optics simulation software SRW, and systematically
compares the prediction results of different surrogate models in the original lin-
ear space and in the logarithmic-manifold space. This chapter first introduces
the SRW undulator-radiation example, the dataset construction method, and
the surrogate-model configurations; it then analyzes the influence of logarithmic-
manifold mapping on surrogate-model prediction accuracy from two aspects:
sample-level error statistics and spot-reconstruction results; finally, it further
discusses the potential value of this method in computational efficiency and
engineering applications.

2.1.1 Construction of the Numerical Experimental Dataset All numer-
ical experimental data used in this paper are generated based on the synchrotron-
radiation wave-optics simulation software SRW. SRW adopts rigorous wave-
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optics theory to perform full-wave numerical calculations of undulator radiation
during emission in the insertion device and subsequent propagation along the
beamline. It can accurately describe the wave-optical effects of the light field
under high-coherence conditions and has been widely used in the design and
performance evaluation of synchrotron-radiation beamlines. Therefore, data
generated by SRW can be regarded as high-fidelity reference solutions for the
training and validation of surrogate models.

This paper uses the reconstruction prediction of the radiation spot from an un-
dulator under fourth-generation light-source parameters as the validation exam-
ple. This example does not involve the complete propagation process through
complex beamline elements, but mainly focuses on the prediction problem of
the two-dimensional intensity distribution of undulator radiation on the obser-
vation plane. The purpose of this setup is to eliminate the influence of de-
tails of complex engineering beamlines and to focus on verifying the effective-
ness of logarithmic-manifold representation for surrogate modeling of nonneg-
ative, high-dynamic-range radiation fields from fourth-generation synchrotron-
radiation sources and future SSMB sources.

In the SRW simulation, the undulator period length is 0.033𝑚, the number of
periods is 70, the electron-beam energy is 6𝐺𝑒𝑉 , and the average current is
0.1𝐴. The dataset adjusts the undulator strength 𝐾 by scanning the vertical
magnetic-field strength 𝐵𝑦 of the undulator. To control variables, all surrogate
models in both the original linear space and the logarithmic-manifold space
use the same dataset reading method, center-cropping method, training/test-
set split method, and error-evaluation metrics. Table 1 lists the main physical
parameters of the SRW undulator-radiation example used in this paper.

Fig. 2 Schematic beamline configuration for wavefront propagation from undu-
lator radiation

Table 1 Detailed parameters of SRW simulation

Category Parameter Value Unit
Undulator Period length 0.033 m
Undulator Number of

periods
70 —

Undulator Vertical
magnetic-field
amplitude 𝐵𝑦

0.7–1.1 T

Undulator Vertical
magnetic-field
amplitude 𝐵𝑥

0.0 T

Electron beam Average current 0.1 A
Electron beam Electron energy 6 GeV
Electron beam Relative energy

spread
0.11% —
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Category Parameter Value Unit
Electron beam Horizontal

beam size 𝜎𝑥

20 𝜇𝑚

Electron beam Horizontal
beam
divergence 𝜎′

𝑥

2 𝜇𝑟𝑎𝑑

Electron beam Vertical beam
size 𝜎𝑦

2 𝜇𝑚

Electron beam Vertical beam
divergence 𝜎′

𝑦

0.5 𝜇𝑟𝑎𝑑

2.1.2 Surrogate-model configuration and evaluation metrics

To verify the influence of log-flow mapping on the prediction results of different
surrogate models, this paper selects four representative surrogate models for
comparison, including POD-Linear, POD-Quadratic, POD-ANN, and End-to-
End Encoder-Decode. Among them, POD-Linear and POD-Quadratic represent
conventional first-order and second-order response-surface surrogate models, re-
spectively; POD-ANN represents a nonlinear neural-network surrogate model
based on dimensionality reduction by proper orthogonal decomposition; and
End-to-End Encoder-Decoder represents an end-to-end two-dimensional field
prediction model based on an encoder–decoder.

Each type of surrogate model is constructed and used for prediction separately
in the original linear space and in the log-flow space. Through comparative
experiments, the influence of the log-flow mapping method itself on the modeling
accuracy of surrogate models can be reflected. The specific surrogate-model
settings are shown in Table 2.

Table 2 Comparison of Surrogate model experimental setups

Surrogate-model
category

Representation
space Prediction target

Surrogate-model
form

POD-Linear Linear/Log POD coefficients First-order
polynomial
response surface

POD-Quadratic Linear/Log POD coefficients Second-order
polynomial
response surface

POD-ANN Linear/Log POD coefficients Multilayer
perceptron MLP

End-to-End Linear/Log Two-dimensional
light-intensity
field

Encoder-Decoder
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For the neural-network models, POD-ANN uses a multilayer fully connected
network to train on the POD coefficients and predict the reconstruction; End-
to-End Encoder-Decoder directly learns the mapping from input parameters to
the two-dimensional light-intensity field. The specific network hyperparameters
are shown in Table 3.

Table 3 Neural networks and training hyperparameters

Surrogate-
model
cate-
gory Epoches

Batch
size

Learning
rate

Hidden-
layer

dimen-
sion

Network
depth

Latent-
space

dimen-
sion Optimizer

POD-
ANN

Linear/Log 64 1 ×
10−3

512 8 — Adam/AdamW

End-
to-
End

Linear/Log 8 1 ×
10−3

512 — 256 Adam/AdamW

In this paper, the mean relative error (Mean Relative Error, MRE) is adopted
as the primary evaluation metric. To avoid metric calculation in the weak-field
region

Because the denominator is extremely small, leading to numerical instability,
this paper adds a small quantity 𝜀 to the relative-error denominator to stabilize
the calculation of the mean relative error metric. The sample-wise mean relative
error is defined as:

𝑀𝑅𝐸 = 1
𝑁

𝑁
∑
𝑗=1

| ̂𝐼𝑗 − 𝐼𝑗|
𝐼𝑗 + 𝜀 . (42)

Here, ̂𝐼𝑗 and 𝐼𝑗 denote, respectively, the optical intensity predicted by the sur-
rogate model and the SRW reference optical intensity at the 𝑗-th image pixel,
and 𝑁 is the total number of image pixels. This metric can effectively reflect
the relative prediction accuracy of the surrogate model over the full dynamic
range, and is particularly suitable for evaluating the reconstruction performance
in weak-intensity regions and edge diffraction structures.

2.2 Results and error analysis of spot reconstruction under
logarithmic-flow mapping
2.2.1 Analysis of error statistics

First, the sample-wise mean relative errors of the four surrogate models in the
original linear space and in the logarithmic-flow space are computed. Figure 3
presents the error distribution results of different surrogate models under the two
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settings of linear (no-log) and with-log. It can be seen that, for the four models
—POD-Linear, POD-Quadratic, POD-ANN, and End-to-End Encoder-Decoder
—the distributions of the mean relative errors all decrease markedly after intro-
ducing logarithmic-flow mapping. This indicates that the error improvement
brought by logarithmic mapping does not depend on a particular surrogate-
model structure, but comes from the change in the representation space of the
high-dynamic-range synchrotron-radiation intensity field.

From the comparison among different models, POD-Linear has the lowest model
complexity, and therefore its error in the linear intensity space is relatively large;
after logarithmic mapping is added, its error distribution decreases significantly,
showing that logarithmic flow can markedly improve the learnability of low-
order linear surrogate models. POD-Quadratic has stronger nonlinear expressive
capability after the introduction of quadratic terms, and its overall error is lower
than that of POD-Linear; nevertheless, logarithmic mapping further reduces the
error level. For POD-ANN and the End-to-End Encoder-Decoder, even though
the models themselves have relatively strong nonlinear expressive capability, the
logarithmic-flow representation still brings stable improvement, indicating that
this method not only compensates for low-order models, but can also improve
the consistency between the training objectives and error evaluation of neural-
network surrogate models.

To further quantify the improvement effect of logarithmic mapping, Table 4
summarizes the mean relative errors of different surrogate models on the training
set, interpolation test set, and all samples. The table also gives the results under
the two settings of linear (no-log) and with-log, as well as the error reduction
ratios.

Fig. 3 Sample-wise MRE distributions and error reduction rates of different
surrogate models with and without log mapping

Table 4 Comparison of mean relative errors for different surrogate
models

Model
Representation
space

Train
MRE/%

Interp
MRE/%

All
MRE/%

Median
MRE/%

Error
reduction

ratio/%
POD-
Linear

Linear 25.26 26.78 26.63 23.21 —

Method Space Value 1 Value 2 Value 3 Value 4 Value 5
POD-Linear Log 13.57 14.11 14.06 14.34 47.2
POD-Linear Linear 12.91 13.46 13.41 12.6 —
POD-Quadratic Log 10.44 11.41 11.31 11.13 15.64
POD-Quadratic Linear 8.32 9.48 9.36 7.7 —
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Fig. 4 Spot prediction results and relative error distributions of the
log-manifold-based surrogate model on the test sets

Figure 2: Fig. 4 Spot prediction results and relative error distributions of the
log-manifold-based surrogate model on the test sets

Method Space Value 1 Value 2 Value 3 Value 4 Value 5
POD-ANN Log 2.71 4.71 4.51 3.24 51.8
POD-ANN Linear 9.42 10.39 10.29 9.27 —
End-to-End Log 3.59 5.28 5.11 4.01 50.35

2.2.2 Analysis of Spot Reconstruction Results
To further analyze the surrogate models’ability to reconstruct two-dimensional
spot structures, Fig. 4 presents the spot prediction results and relative error
distributions on representative test samples. The figure shows the SRW high-
fidelity simulation results, the prediction results of the surrogate models in the
original linear space and in the logarithmic manifold space, respectively, as well
as the corresponding relative error maps.

From the original light-intensity distribution, it can be seen that the undula-
tor radiation spot calculated by SRW has an obvious high dynamic range and
strong diffraction-fringe characteristics; there is a relatively large amplitude dif-
ference between the central high-intensity region and the weak-intensity regions
at the edges. Surrogate models trained in the original linear space are more
easily dominated by the central high-intensity region, and their learning of the
weak-intensity regions and edge diffraction-fringe structures is insufficient. By
contrast, surrogate models in the logarithmic manifold space can more evenly
reconstruct the main peak region and weak-intensity regions, showing better
stability in the overall spot morphology, main-peak position, and edge-region
structures.

The relative error distributions further show that the logarithmic-manifold rep-
resentation can effectively reduce the numerical imbalance caused by the high
dynamic range. Compared with predictions in the linear space, the high-error
regions in the predictions on the logarithmic manifold are significantly reduced,
and the error distribution is more uniform. This is consistent with the sample-
level error statistics in the previous section, indicating that the logarithmic
mapping not only improves the average error, but also enhances the accuracy
and stability of two-dimensional light-intensity-field reconstruction.

Fig.4 Spot prediction results and relative error distributions of the log-manifold-
based surrogate model on the test sets
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2.3 Analysis of Method Effectiveness and Engineering Sig-
nificance
Combining the above numerical experimental results, it can be seen that the
surrogate modeling method based on the logarithmic-manifold representation
can greatly improve the predictive performance of surrogate models for radi-
ation spots from high-coherence accelerator light sources. Compared with di-
rectly constructing surrogate models in the original linear space, the logarithmic-
manifold representation can compress the dynamic range of light intensity, so
that the model training process is no longer excessively dominated by the cen-
tral high-intensity region, thereby better accounting for the relative errors in
weak-intensity regions and edge diffraction-fringe structures. More importantly,
this improvement can be observed across multiple types of surrogate models,
indicating that logarithmic mapping is not an empirical technique tied to a spe-
cific surrogate model, but a general improvement of the representation space for
nonnegative, high-dynamic-range light-intensity fields.

In terms of prediction accuracy, POD-ANN (with-log) achieves the lowest av-
erage relative error on the current dataset, with an All MRE of 4.51% and
a Median MRE of 3.24%. End-to-End (with-log) has an All MRE of 5.11%
and a Median MRE of 4.01%, also demonstrating good predictive capability.
By comparison, although traditional polynomial models have faster training
and inference speeds, their error levels are relatively high due to limitations in
model expressiveness. Among them, POD-Linear (with-log) has an All MRE of
14.06%, and POD-Quadratic (with-log) has an All MRE of 11.31%. This shows
that, in the present validation example, the combination of POD-ANN and the
logarithmic-manifold representation achieves a better balance between accuracy
and computational cost; the End-to-End model provides an extensible path for
nonlinear-field prediction on more complex datasets in the future.

In terms of computational efficiency, SRW high-fidelity simulation requires
multi-electron statistical synchrotron radiation calculations, and a single sim-
ulation usually has relatively high computational cost.

Compared with this, after training is completed, the surrogate model needs to
execute only one rapid prediction to obtain the two-dimensional light-intensity
field corresponding to the input parameters. Table 5 summarizes the training
time of different surrogate models, the prediction time for a single sample, and
the speedup relative to the SRW reference time. Here, a single multi-electron
SRW simulation time of half an hour is used as the reference time to estimate
the speedup of surrogate-model inference.

As can be seen from Fig. 5, the single-sample prediction times of all surrogate
models are at the millisecond level. The POD-ANN method has the fastest
inference speed: the single-sample prediction time of the linear-space surrogate
model is only 1.56 ms, and the prediction time on the logarithmic flow shape is
3.03 ms. Overall, all surrogate models achieve a speedup of 105 ∼ 106 relative
to the half-hour SRW reference computation time.
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Fig. 5 Comparison of computational efficiency for different surrogate models

Figure 3: Fig. 5 Comparison of computational efficiency for different surrogate
models

In terms of training cost, the fitting-coefficient computation times of the tradi-
tional surrogate-model methods POD-Linear and POD-Quadratic are both less
than 1 s, whereas the training time of POD-ANN is about 43–45 s. Because the
End-to-End model directly predicts two-dimensional image fields, its training
time increases significantly, to about 27–28 min. The above results show that
different surrogate-model methods are suitable for problems of different com-
plexity: the POD-Linear and POD-Quadratic methods are simple in form and
highly interpretable, and are suitable for rapid prediction scenarios in which,
under low-dimensional parameters, the light spot exhibits weak nonlinearity as
the light source and beamline configurations change; POD-ANN, based on a
neural-network model, further enhances the fitting capability for nonlinear coef-
ficients, and is more suitable for tasks such as wave-undulator radiation exam-
ples, where the sample size is limited and the parameter dimension is relatively
low, yet high prediction accuracy is still required. By contrast, the End-to-End
Encoder-Decoder does not rely on a preset linear subspace and can directly
learn the nonlinear mapping from input parameters to the two-dimensional op-
tical field, making it more suitable for future modeling requirements involving
complex beamline configurations, high-dimensional parameter spaces, and end-
to-end digital twins in highly coherent accelerator light sources such as SSMB.
Therefore, although in the current example POD-ANN (with-log) performs best
in terms of accuracy and efficiency, End-to-End (with-log) remains a principal
surrogate-model approach with greater potential for complex SSMB optical-field
prediction tasks.

Fig. 5 Comparison of computational efficiency for different surrogate models

Table 5 Comparison of prediction error and computational efficiency
for different surrogate models

Model
Representation
space

Mean MRE
/ %

Training
time / s

Single
inference

time / ms

Speedup
relative to

SRW
POD-
Linear

Linear 26.63 0.85 10.52 1.71 × 105

POD-
Linear

Log 14.06 0.75 16.23 1.11 × 105

POD-
Quadratic

Linear 13.41 0.85 8.79 2.05 × 105

POD-
Quadratic

Log 11.31 0.74 14.76 1.22 × 105
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Model
Representation
space

Mean MRE
/ %

Training
time / s

Single
inference

time / ms

Speedup
relative to

SRW
POD-
ANN

Linear 9.36 45.07 1.56 1.15 × 106

POD-
ANN

Log 4.51 43.52 3.03 5.94 × 105

End-to-
End

Linear 10.29 1631.21 2.83 6.37 × 105

End-to-
End

Log 5.11 1672.18 5.77 3.12 × 105

SRW — — — 1.8 × 106 1

3 Conclusion
For the problem of the high numerical-simulation cost of high-coherence acceler-
ator light sources such as fourth-generation synchrotron radiation light sources
and steady-state microbunching (SSMB), ⋯

problem, this paper proposes a high-dynamic-range synchrotron-radiation light-
field surrogate modeling framework based on logarithmic-streamflow represen-
tation. By mapping the non-negative light-intensity field from linear space to
logarithmic-streamflow space, this method effectively overcomes the prediction-
error bottleneck of traditional surrogate models, which are easily dominated by
the central high-intensity region and find it difficult to simultaneously account
for the weak fringes of edge diffraction.

Numerical experiments take the SRW wiggler radiation spot as a validation
example, and verify the universality of this framework on multiple classes of
surrogate models (POD-Linear, POD-Quadratic, POD-ANN, and End-to-End
Encoder-Decoder). The results show that, after introducing the logarithmic-
streamflow mapping, the prediction accuracy of all types of models is signif-
icantly improved. Among them, the POD-ANN model combined with loga-
rithmic streamflow performs best: it reduces the overall mean relative error to
4.51% (median error 3.24%), and the single-sample inference time is only at the
millisecond level, achieving an optimal balance between accuracy and computa-
tional efficiency. In addition, the End-to-End logarithmic-streamflow method
does not depend on a preset linear subspace, and can directly learn the non-
linear mapping relationship from input parameters to the two-dimensional light
field. It is more consistent with the future requirements of end-to-end surrogate-
model prediction under complex beamline configurations and high-dimensional
parameter spaces for highly coherent accelerator light sources such as SSMB,
and is an important direction for subsequent methodological expansion.

Overall, this study shows that the key to constructing high-accuracy, high-
dynamic-range optical-field surrogate models lies not only in increasing the com-
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plexity of the surrogate model, but also in selecting a representation space corre-
sponding to the error characteristics of the target physical field. The logarithmic-
streamflow framework proposed in this paper provides an effective path for
rapid and high-accuracy prediction of spots from highly coherent accelerator
light sources. Future work will further extend it to realistic SSMB radiation
conditions, including full wavefront propagation of complex beamline elements,
multi-energy-spectrum inputs, and higher-dimensional parameter spaces, with
the aim of realizing practical application value in beamline digital twins, virtual
diagnostics, and online optimization.
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