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Abstract

The retrieval of attosecond and femtosecond pulses from attosecond streaking spectrograms
is a high-dimensional ill-posed inverse problem. The traditional FROG CRAB (frequency-
resolved optical gating for complete reconstruction of attosecond bursts) method relies
on the central momentum approximation, while supervised deep learning is constrained
by the scarcity of labeled samples and lacks interpretability. In this paper, we propose
a self-supervised collaborative reconstruction framework incorporating physics-based
constraints, which integrates light-field representation, a differentiable physical model, and
a prior regularization module. This framework requires only a small number of unlabeled
samples for training and performs direct inference, thereby achieving collaborative high-
precision retrieval of attosecond extreme ultraviolet (XUV) and femtosecond infrared
pulses. Reconstructions from simulated and measured streaking spectrograms demonstrate
that, compared to FROG CRAB, our self-supervised approach is more accurate even for
extremely low signal-to-noise ratios, offering a novel, intelligent reconstruction solution for
attosecond metrology with limited data and low photon flux.

Keywords: pulse reconstruction; self-supervised learning; differentiable physical model;
attosecond streaking spectrogram

1. Introduction

Since the advent of attosecond laser technology, attosecond XUV and femtosecond
infrared pulses have formed the core instrumental foundation of attosecond metrology
and are widely employed in cutting-edge fields such as atomic and molecular electronic
dynamics, photochemical reactions, and ultrafast processes in condensed matter [1,2].
As key observable data for characterizing pulses and probing electron dynamics, attosec-
ond photoelectron spectrograms contain the time-domain envelope, amplitude, and phase
information of ultrashort light fields, serving as the crucial basis for precise pulse recon-
struction [3]. Accurately retrieving the pulse distributions of both attosecond XUV and
femtosecond infrared fields is of great significance for unraveling photoionization pro-
cesses, manipulating electron wave packets, and enhancing the quality of attosecond light
sources [4]. Recent advances in attosecond streaking have demonstrated its applicability
in the water window [5] and for ultra-short soft X-ray pulses [6]. High-repetition-rate at-
tosecond sources [7] have enabled streaking measurements with improved signal-to-noise
ratio, and advanced pulse retrieval methods [8] have further motivated the development of

Photonics 2026, 13,910

https://doi.org/10.3390 /photonics13100910


https://crossmark.crossref.org/dialog?doi=10.3390/photonics13100910&domain=pdf&date_stamp=2026-09-29
https://creativecommons.org/licenses/by/4.0/
https://creativecommons.org/licenses/by/4.0/
https://www.mdpi.com/journal/photonics
https://www.mdpi.com
https://orcid.org/0009-0003-3311-9518
https://orcid.org/0000-0003-3354-711X
https://doi.org/10.3390/photonics13100910

Photonics 2026, 13,910

20f13

robust reconstruction algorithms. However, achieving high-precision reconstruction still
faces severe challenges. The inversion algorithms used for attosecond streaking spectro-
gram have inherent ill-conditioned characteristics: the broadband nature of XUV pulses
undermines the central momentum approximation upon which FROG CRAB relies; more-
over, in soft X-ray experiments within the water window, the photon yield is extremely low,
leading to strong Poisson statistical noise accompanying the streaking traces [9].

The attosecond streaking camera is currently the most widely used experimental
measurement technique for characterizing isolated attosecond pulses [10]. For the theo-
retical inversion of streaking spectrograms, this approach builds a physical model linking
attosecond pulses to a photoelectron spectrogram based on the Schrodinger equation.
By minimizing an error function that quantifies the discrepancy between the theoretically
simulated and experimentally measured streaking spectrograms, the method iteratively
optimizes and retrieves the phase of the attosecond pulse [11,12]. Mairesse and Quéré drew
inspiration from femtosecond FROG theory and proposed the FROG CRAB iterative algo-
rithm [13], extending frequency-resolved optical gating to the XUV regime and solving for
both the attosecond pulse and the gating pulse via generalized projection iteration [14]. This
method introduces the central momentum approximation, which leads to the severe loss of
high-frequency phase information in broadband XUV scenarios due to the breakdown of
this assumption. To circumvent the limitations of the central momentum approximation,
the PROOF (phase retrieval by omega oscillation filtering) algorithm performs a Taylor
expansion of the streaking spectrogram according to the frequency of the dressing laser
field [15]. However, this approach is applicable only under the condition of a relatively
weak dressing field. Other methods either involve computationally intensive iterative
procedures [16] or can only retrieve the phase information of the attosecond pulse [17,18].
The all-optical in situ reconstruction scheme enables pulse characterization without re-
quiring photoelectron detection [19,20]. Yet, it can only measure the attosecond pulse
information at the point of its generation rather than at the application site, thus limiting
its applicability. Supervised neural networks used for streaking spectrogram inversion rely
on massive paired datasets for training, seeking to establish a mapping function between
streaking the spectrogram and attosecond pulse. Such inversion approaches often suffer
from insufficient model generalization [21]. The attosecond pulse retrieval scheme based on
conditional variational generative networks [22,23] constructs a separately trained genera-
tive model to approximate the prior signal. Similarly, it requires the prior construction of a
large-scale dataset comprising matched pulse parameter and streaking spectrogram pairs.

In response to the above-mentioned issues, this paper was inspired by a tomographic
reconstruction algorithm based on self-supervised learning [24] and proposes a collabo-
rative deep learning framework for reconstruction that embeds a differentiable physical
model. This framework abandons the central momentum approximation, integrates a
Gaussian random Fourier feature module that fully preserves the high-frequency details of
the pulse, and includes a dual-regularization module that enforces constraints to optimize
the pulse structure. With only a very small number of unlabeled samples required for
training—or even without any training at all—this algorithm can retrieve attosecond and
femtosecond pulses with high precision from attosecond streaking spectrograms even with
extremely low signal-to-noise ratios.

2. Research Methodology

The algorithm presented in this paper takes the attosecond time-resolved photo-
electron spectrogram as its sole input and performs end-to-end co-reconstruction of at-
tosecond XUV and femtosecond infrared pulses. The overall framework is divided into
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three major modules: light-field distribution prediction, differentiable projection, and
regularized optimization.

The light-field distribution prediction module is a self-supervised end-to-end network
consisting of three parts: an input layer, a Fourier feature projection layer, and hid-
den layers. Its core function is to establish a mapping relationship between 3D coordi-
nates and the discrete light field. The network input comprises 3D coordinate points
pi = (x;,vi,zi) (i=1,2,...,Ng), where N represents the total number of pixels in the dis-
cretized light field. The network learns a mapping function Fg that transforms coordinates
into light-field amplitudes:

F®(pi):Ei/ i:]'/zl"‘/NE (1)

where O represents all learnable parameters of the network, and E; denotes the discrete
value of the reconstructed light field at the location corresponding to coordinate p;.

Low-dimensional coordinate inputs struggle to capture the fine temporal details of
high-frequency pulse signals. Therefore, we introduce Gaussian random Fourier feature
projection [25] to map low-dimensional coordinates into a high-dimensional feature space,
thereby enhancing the network’s ability to represent high-frequency signals. The mapping
formula is as follows:

M(pi) = (sin27- B p;,cos2m - B- p;) )

where the frequency vector B is randomly sampled from a Gaussian distribution N (0, 0?),
and the hyperparameter ¢ controls the range of signal frequencies that the network can
represent. If o is too small, the reconstructed light field becomes overly smooth and loses
fine details. If ¢ is too large, it may lead to overfitting and noise amplification. Therefore,
this parameter needs to be individually optimized for different pulse reconstruction tasks.
This layer is crucial for achieving high-frequency detail reconstruction of ultrashort pulses.

The hidden layers adopt a seven-layer fully connected MLP architecture: the first six
layers each contain 256 neurons, and the last layer is equipped with a single neuron to
output the scalar amplitude of the light field. A Swish activation function is used between
consecutive layers, providing enhanced nonlinear fitting capability. The output of the last
layer is paired with a Sigmoid activation function to constrain the range of the light-field
amplitude. The Sigmoid function constrains the network output to [0, 1], which is then
linearly mapped to [—1, 1] to allow the electric field to take negative values. The overall
amplitude is scaled according to the maximum signal in the input spectrogram. The MLP
takes the Fourier feature vector M (p;) as input and predicts the corresponding light-field
E; at each coordinate point.

The differentiable projection module transforms the light field E predicted by the net-
work forward into a synthetic photoelectron spectrogram, thereby completing the physical
projection from light field to photoelectron spectrogram. This layer establishes the back-
propagation loss pathway for self-supervised training, ensuring that the network’s training
adheres to physical laws. Guided by the physical generation model of the photoelectron
spectrogram, this module is central to enforcing physical constraints. By adding different
levels of Poisson noise to the sample data and randomly applying global masking to the
input spectral data during training, the process simulates the signal loss and random noise
encountered in experiments, compelling the network to learn the intrinsic features of the
light field and enhancing its stability under complex experimental conditions.

The light field initially reconstructed via the network still exhibits subtle distortions
in its time-domain geometric structure. To address this issue, we designed a geometric
regularization module that integrates both local prior information (total variation, TV)
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and non-local prior information (non-local mean, NLM) [26,27]. The total variation reg-
ularization TV(E) (a local prior) enforces local smoothness of the light field, effectively
suppressing noise at pulse edges and eliminating jagged distortions. Meanwhile, the non-
local mean regularization NLM(E) (a non-local prior) exploits globally similar structures
within the light field, correcting global geometric distortions while preserving the overall
shape of the pulses.

The total loss function for the self-supervised algorithm is as follows:

L= ||Sm0del(E) - Sraw”i +W- Hsmodel(E) - Sproj(E)Hi +ki 'TV(E) + ko 'NLM(E) (©)

where S;,,4e] is the photoelectron spectrogram calculated by the physical generation model,
Sproj i the photoelectron spectrogram output by the differentiable projection layer, and Syaw
is the raw input reference attosecond photoelectron spectrogram. The network updates its
parameters by minimizing the loss function. The first term (||Smodel (E) — Sraw ||3) is the data
fidelity term, ensuring that the physically simulated spectrogram matches the raw input
spectrogram. The second term (||Spodel (E) — Sproj(E) 13) is the model consistency term,
which forces the differentiable projection layer to be consistent with the physical generation
model, thereby learning the underlying physical mechanisms governing photoelectron
spectrogram generation. The third and fourth terms are the TV and NLM regularization
terms, respectively. The first two terms jointly ensure that the network framework si-
multaneously optimizes the light-field reconstruction and the physical consistency of the
projection. W is a confidence weight matrix whose elements range from [0, 1], controlling
the relative weights of the two loss terms. In this paper, we set W to 0.5. k; and k; are
the weight coefficients for the two types of regularization terms, which in this paper are
set to 0.1 and 0.1, respectively. The optimization solver employs a forward-backward
splitting iterative algorithm, using the randomly initialized light field produced by the
network as the initial value and iteratively updating until convergence. This module is
highly flexible and can be extended with additional physical regularization terms according
to task requirements.

3. Results and Analysis
3.1. Training Settings

Due to the scarcity of attosecond time-resolved photoelectron spectrogram datasets,
we used simulated data as training samples. During the inference phase, either simulated
or experimental data can be used. The simulated samples were generated using the strong-
field approximation model [28,29] to compute the attosecond streaking photoelectron
spectrogram of hydrogen atoms. The physical model for the photoelectron spectrogram
also employs the strong-field approximation model. The simulated data underwent global
masking and were further corrupted with Poisson noise. Both the attosecond XUV and the
femtosecond infrared pulse envelopes had Gaussian profiles.

In the simulated samples, the central energies of the XUV photons were 15w and
41w (where hiw = 1.55 eV, the central energy of infrared photons), with pulse widths of
approximately 0.73 fs and 1.21 fs, respectively. The femtosecond infrared pulses had pulse
widths of approximately 7.26 fs and 12.10 fs, and their carrier-envelope phases were 0
and 7t/2, respectively. Poisson noise (A = 20 and 100) was added to the peak-normalized
attosecond time-resolved photoelectron spectrogram samples, where the parameter A is
the average peak count of the Poisson distribution. We extracted 22 samples from the
simulation data as the training set and another four samples from the same dataset as
part of the inference set. The 26 spectrograms were generated by varying the IR pulse
width (7.26 fs and 12.10 fs), CEP (0 and 7/2), XUV pulse width (0.73 fs and 1.21 fs),
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and noise level (A = 20 and 100). The remaining part of the inference set consisted of four
additional samples with more severe Poisson noise (A = 5 and 10). These four samples,
whose noise levels were not present in the training set, were used to test the generalization
capability of the reconstruction algorithm in suppressing noise, as shown in Table 1. This
method can be applied either with prior training followed by inference—referred to as SSD
(self-supervised deep learning), or directly without any training—referred to as SSD w/oT
(without training). On an NVIDIA V100 GPU, the inference time for SSD was approximately
1 min, while the inference time for SSD w/oT was about 3 min.

We note that while the simulated training data used hydrogen for the SFA model,
the experimental data in Section 3.3 used neon atoms, demonstrating that the approach is
applicable to multi-electron atoms. For more accurate reconstructions with multi-electron
atoms, the differentiable physical model can be extended to include energy-dependent
dipole matrix elements [30].

Table 1. Cosine similarity of retrieved light pulses under different Poisson noise levels and final-state
center energies.

FROG CRAB SSD w/oT SSD

[XUV, IR] [XUV, IR] [XUV, IR]
9.65 eV, without noise 0.9832, 0.9928 0.9926, 0.9940 0.9991, 0.9947
9.65eV, with A = 20 0.9457,0.9372 0.9911, 0.9892 0.9987, 0.9934
9.65eV, with A =10 0.9415, 0.9148 0.9902, 0.9859 0.9984, 0.9930
9.65eV,withA =5 0.9381, 0.8908 0.9895, 0.9838 0.9982, 0.9928
49.95 eV, without noise 0.9988, 0.9946 0.9993, 0.9971 0.9998, 0.9994
49.95 eV, with A =20 0.9970, 0.9728 0.9991, 0.9962 0.9997, 0.9991
49.95 eV, with A =10 0.9951, 0.9652 0.9985, 0.9941 0.9995, 0.9983
49.95 eV, with A =5 0.9935, 0.9591 0.9973,0.9912 0.9992, 0.9972

3.2. Reconstruction Results from Simulations

The retrieved attosecond and femtosecond pulse results from the noise-free simulated
attosecond streaking spectrogram are shown in Figure 1. The femtosecond pulse retrieved
by SSD closely matches the ground truth, whereas the femtosecond pulse retrieved by
FROG CRAB exhibits a smaller amplitude compared to the ground truth. Both methods
yield attosecond pulses that closely match the ground truth in terms of envelope, spectral
intensity, and phase.

For the attosecond streaking spectrogram contaminated with Poisson noise, the re-
construction performance of FROG CRAB begins to deteriorate, as shown in Figure 2
(A = 20). The femtosecond pulse retrieved by FROG CRAB shows further reduction in
amplitude relative to the ground truth. Moreover, the attosecond pulse retrieved by this
method exhibits a broader pulse width, a narrower spectral bandwidth, and increasingly
significant random deviations in phase. The noise-induced distortion of the pulse details in
the FROG CRAB reconstruction leads to noticeable noise in the synthesized photoelectron
spectrogram using these pulses, as illustrated in Figure 2b. In contrast, the attosecond
streaking spectrogram synthesized by SSD remains free of noise, as shown in Figure 2c.

In many attosecond time-resolved photoelectron spectroscopy experiments, due to
the relatively low ionization cross-section of photoelectrons, it takes a very long time to
collect photoelectrons under each relative delay between attosecond and femtosecond
pulses, resulting in low efficiency and extremely strict demands on experimental stability
conditions. Therefore, the ability to accurately and collaboratively retrieve both attosecond
and femtosecond pulses under low signal-to-noise ratio conditions is of great significance.
As shown in Figure 3 (A = 5), under extremely low signal-to-noise ratio conditions, the re-
construction results obtained using SSD are hardly affected by severe noise. In contrast,
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the reconstruction results obtained using FROG CRAB show further deterioration: while
the amplitude of the retrieved femtosecond pulse does not shrink further, the pulse details
become even worse (see the quantitative metrics in Tables 1 and 2). Moreover, the attosec-
ond pulse width retrieved by FROG CRAB broadens its spectral bandwidth narrows further,
and the phase deviation increases significantly. The noise in the photoelectron spectrogram
synthesized by FROG CRAB further intensifies, whereas the photoelectron spectrogram
synthesized by SSD remains completely free of noise, as illustrated in Figure 3b,c.
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Figure 1. Retrieval of light pulses from noise-free simulated attosecond streaking spectrogram.
(a) Input simulated attosecond streaking spectrogram. (b) Comparison of femtosecond pulses.
(c—e) Characterization of attosecond pulses: (c) temporal intensity profile, (d) spectral intensity
distribution, and (e) spectral phase distribution. Results obtained by FROG CRAB and SSD are
compared with ground truth.
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Figure 2. Retrieval of light pulses from simulated attosecond streaking spectrogram with added
Poisson noise (A = 20). (a—c) Comparison of streaking spectrograms: (a) input simulation, (b) recon-
struction by FROG CRAB, and (c) reconstruction by SSD. (d) Comparison of femtosecond pulses.
(e—g) Characterization of attosecond pulses: (e) temporal intensity profile, (f) spectral intensity distri-
bution, and (g) spectral phase distribution. Results obtained by FROG CRAB and SSD are compared
with ground truth.

To test the capability of SSD to reconstruct nonideal pulse shapes, we simulated an
attosecond pulse with two weak satellite pulses (0.5% peak intensity) separated by 1000
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from the main pulse. As shown in Figure 4, SSD correctly recovers both the main pulse
and the weak satellite pulses. This demonstrates that TV /NLM regularization does not
artificially suppress weak but real structures. Specifically, we tested a range of TV and
NLM regularization weights (k; and k; from 0.01 to 1.0) and monitored both the RMSE
of the reconstructed pulse (against the ground truth) and the ability to recover weak
satellite pulses (0.5% intensity). The results show that: (1) When both k; and k, are below
0.05, the reconstruction is sensitive to noise, and the satellite pulses are obscured by noise
artifacts. (2) When k1 and k are in the range of 0.05-0.5, both noise suppression and satellite
pulse preservation are achieved. (3) When k; and k; exceed 1.0, the regularization over-
smooths the pulse, and the satellite pulses are suppressed. The optimal range (0.05-0.5)
is relatively wide, indicating that the method is not overly sensitive to the regularization

parameters.
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Figure 3. Retrieval of light pulses from simulated attosecond streaking spectrogram with added
Poisson noise (A = 5). (a—c¢) Comparison of streaking spectrograms: (a) Input simulation, (b) recon-
struction by FROG CRAB, and (c) reconstruction by SSD. (d) Comparison of femtosecond pulses.
(e—g) Characterization of attosecond pulses: (e) temporal intensity profile, (f) spectral intensity distri-
bution, and (g) spectral phase distribution. Results obtained by FROG CRAB and SSD are compared
with ground truth.

To validate the phase retrieval capability for pulses with nontrivial spectral phase, we
simulated an attosecond pulse with significant group delay dispersion (GDD). As shown
in Figure 5, SSD correctly retrieves the nontrivial spectral phase. Under noisy conditions
(A = 10), SSD maintains accurate phase retrieval, while FROG CRAB introduces significant
phase errors. SSD achieved remarkably good reconstruction results using only a very small
number of training samples. Even without any training—when the method performs direct
inference (SSD w/oT)—it significantly outperforms FROG CRAB (see the quantitative
metrics in Tables 1 and 2), demonstrating the overall superiority of self-supervised deep
learning algorithms. Indeed, training with a small number of samples enables the entire
network framework to perform inference faster and more accurately (as shown in Figure 6
and as evidenced by the quantitative metrics in Tables 1 and 2).

https://doi.org/10.3390 /photonics13100910


https://doi.org/10.3390/photonics13100910

Photonics 2026, 13,910

8 of 13

1 T T
—e—Ground truth
—A—.
508¢ SSD
S
>
206
(0]
kS
©
S04t
T
€
202t
0 o0 &-O—E AO—O—0 &
—-1500 —-1000 —500 0 500 1000 1500

Time (as)

Figure 4. Reconstruction of a nonideal attosecond pulse with weak satellite pulses. Temporal intensity
profile showing main pulse and satellite pulses (0.5% peak intensity).
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Figure 5. Reconstruction of attosecond pulse with nontrivial spectral phase. (a) Temporal inten-
sity profile. (b) Spectral intensity distribution. (c) Spectral phase distribution showing significant
GDD. Results obtained by FROG CRAB and SSD are compared with ground truth.

We used cosine similarity (CS) and root mean square error (RMSE) to quantitatively
evaluate the reconstruction results. CS assessed the recovery of the light pulse profile, while
RMSE measured the absolute amplitude error between the retrieved pulse and the ground
truth at each sampling point. Table 1 shows a comparison of the CS metric for the retrieval
of attosecond and femtosecond pulses using three methods: FROG CRAB, SSD w/oT,
and SSD. Under low-energy conditions without noise, the CS values for all three methods
were greater than 0.98, indicating that the retrieved pulses closely matched the ground truth,
and the retrieved profiles were excellent. As the noise level increased, the reconstruction
performance of FROG CRAB deteriorated progressively, with distortions appearing in
the fine details of the pulse profile and rendering the retrieved phase of the attosecond
pulse unreliable. In contrast, the reconstruction performance of SSD remained nearly
unaffected, demonstrating the high precision of the network model in physically modeling
the attosecond time-resolved photoelectron spectrogram and its strong robustness against
noise. Even for SSD w /0T, the reconstruction performance is only slightly affected by noise.
At higher energies, under the same noise conditions, the reconstruction performance of all
methods improves to some extent.
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Figure 6. Comparison of reconstruction results between self-supervised deep learning algorithm with
direct inference without training (SSD w/0T) and training-and-inference approach (SSD). The input
is a simulated attosecond streaking spectrogram corrupted by Poisson noise (A = 5). (a) Comparison
of femtosecond pulses. (b—d) Characterization of attosecond pulses: (b) temporal intensity profile,
(c) spectral intensity distribution, and (d) spectral phase distribution. Results obtained by SSD w/oT
and SSD are compared with ground truth.

For femtosecond infrared pulses, we also compared the RMSE of the reconstruction
results obtained using various methods. As shown in Table 2, the RMSE values of the
reconstruction results from the different methods exhibited trends similar to those observed
for the CS metric. Under low-energy conditions (9.65 eV), from the case without noise to
the case with severe Poisson noise (A = 5), the RMSE values of the reconstruction results
obtained by FROG CRAB, SSD w /0T, and SSD increased by factors of 4.17, 2.38, and 1.53,
respectively. Under high-energy conditions (49.95 eV), the corresponding RMSE values
increased by factors of 3.41, 2.23, and 1.80, respectively.

Table 2. Root mean square error of retrieved light pulses under different Poisson noise levels and
final-state center energies.

FROG CRAB SSD w/oT SSD
9.65 eV, without noise 7.4548 x 1074 6.8962 x 10~* 6.3737 x 10~*
9.65 eV, with A = 20 1.0653 x 1073 8.2133 x 10~* 6.9044 x 10~*
9.65 eV, with A = 10 1.4411 x 103 1.0070 x 103 8.0621 x 10~*
9.65eV, with A =5 3.1082 x 1073 1.6432 x 1073 9.7642 x 10~*
49.95 eV, without noise 3.1241 x 10~* 2.9634 x 10~* 2.7603 x 10~*
49.95 eV, with A = 20 46581 x 104 3.8122 x 10~* 3.3442 x 10~*
4995 eV, with A = 10 6.9032 x 10~* 5.0749 x 10~* 40138 x 10~*
4995V, with A =5 1.0653 x 1073 6.6011 x 10~* 49642 x 10~*

We note that the reconstruction accuracy depends only weakly on the number of
training spectrograms. Because the primary reconstruction capability originates from the
physical constraints in the differentiable model rather than from the training data, even
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direct inference without prior training yields reasonable reconstructions. The addition of
a small number of training samples further refines the network’s initialization, but the
improvement quickly saturates, confirming that the method requires only a very small
number of training samples. This is a key advantage of the self-supervised approach over
supervised methods that typically require large datasets.

3.3. Reconstruction Results from Experimental Measurements

Figure 7a shows the attosecond streaking spectrogram of neon atoms obtained ex-
perimentally. To provide an objective measure of reconstruction quality, we computed
the root mean square residual between the measured spectrogram and the spectrogram
forward-calculated using the retrieved XUV and IR fields. The residual for SSD is 8.7% of
the peak signal, compared to 14.2% for FROG CRAB, indicating that the SSD reconstruction
provides a more consistent fit of the experimental data. We note that the FROG CRAB
reconstruction was performed using the standard VTGPA algorithm. A more carefully
optimized FROG CRAB reconstruction could yield improved results, and the present com-
parison should not be interpreted as a definitive benchmark but rather as an illustration
of the relative performance under equivalent algorithmic settings. Figure 7b displays the
retrieved femtosecond pulses using FROG CRAB and SSD. Near the center of the pulses,
the FROG CRAB results exhibit severe random fluctuations, with the amplitude of these
fluctuations even exceeding the pulse amplitude. In contrast, the SSD results provide a
more consistent fit to the measured spectrogram, as confirmed by the quantitative residual
analysis (RMS residual: 8.7% for SSD vs. 14.2% for FROG CRAB). We note that while the
TV and NLM regularization in SSD explicitly encourages smoothness, the lower residual
indicates better data consistency. The FROG CRAB reconstruction exhibits unphysical
amplitude fluctuations (with fluctuation amplitude exceeding the pulse amplitude), which
are attributed to noise-induced instability rather than the preservation of real structures.
Figure 7c—e present the reconstruction results of the attosecond pulses. The narrower pulse
width and broader spectral bandwidth of the FROG CRAB reconstruction can be attributed
to the noise amplification in the iterative optimization, which tends to create spurious
high-frequency components. The random fluctuations in the SSD-retrieved XUV spectrum

are likely due to model mismatch between the SFA forward model and the experimental
data.

Measured streaking trace { ' ' ' ' . ' ~=—FROG CRAB
i —-—88D

Delay (fs) Time (fs)
(c) —=—FROG CRAB (d) —=—FROG CRAB (e) —=—FROG CRAB
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°
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Figure 7. Comparison of reconstruction results between FROG CRAB and SSD. (a) Input data were
experimentally measured attosecond streaking spectrogram of neon atoms [20]. (b) Comparison
of femtosecond pulses. (c—e) Characterization of attosecond pulses: (c) temporal intensity profile,
(d) spectral intensity distribution, and (e) spectral phase distribution.
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4. Conclusions and Outlook

This paper addresses the challenging problem of collaboratively retrieving attosecond
XUV and femtosecond infrared pulses by introducing a self-supervised deep learning
reconstruction algorithm that incorporates physical constraints. The algorithm abandons
the traditional central momentum approximation and leverages position-encoded MLP
and Fourier feature projection, effectively enhancing the network’s ability to capture
high-frequency temporal details in ultrashort pulses. By constructing a physics-based
differentiable model, we establish a self-supervised training pipeline that requires no paired
labeled data, thereby overcoming the bottleneck due to scarce attosecond experimental
samples. The training process is concise and highly physically interpretable. Dynamic
masking and noise injection strategies significantly improve the model’s robustness against
interference, enabling it to maintain high accuracy even under low signal-to-noise ratio
conditions. A detail optimization module that integrates total variation and non-local
mean priors constrains the shape of the light field from both local and global perspectives,
greatly enhancing the geometric consistency of the retrieved pulses. Both qualitative
and quantitative tests validate the effectiveness of this approach, demonstrating that
the proposed framework can simultaneously achieve high-precision co-reconstruction of
femtosecond infrared and attosecond XUV pulses.

We note that the current implementation uses the SFA model for both data generation
and the differentiable physical model. In future work, more sophisticated forward models
incorporating energy-dependent dipole matrix elements and Coulomb effects will be ex-
plored to further reduce the model mismatch for experimental data. The current framework
does not explicitly account for several systematic experimental nonidealities, including
the finite energy resolution of the electron spectrometer and spatial/volume averaging
effects [30,31]. These effects can be incorporated into the differentiable physical model by
convolving the simulated spectrogram with the instrument response function and by inte-
grating over the interaction volume, respectively. Future work will focus on implementing
these extensions to further bridge the gap between simulation and experiment.

This study deeply integrates self-supervised deep learning with an ultrafast photoion-
ization physical model to synergistically retrieve of two different types of ultrashort pulses.
It expands the applicability of the attosecond photoelectron spectrogram reconstruction
algorithms and provides a new, intelligent technological solution for attosecond metrology
and ultrafast spectral analysis. This approach holds promise for further advancing the
application of deep learning in the field of extreme ultrafast optics.
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