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RESEARCH ARTICLE

Engineering Spectro-Temporal Light States with 
Physics-Embedded Deep Learning
Shilong  Liu1,2*, Stéphane  Virally1, Gabriel  Demontigny1,  
Patrick  Cusson1, and Denis V.  Seletskiy1*

1femtoQ Lab, Department of Engineering Physics, Polytechnique Montréal, Montréal, Québec H3T 1J4, 

Canada. 2Tempo Optics Inc., Montréal, Québec H3T 1W9, Canada.

*Address correspondence to: dr.shilongliu@gmail.com (S.L.); denis.seletskiy@polymtl.ca (D.V.S.)

Frequency synthesis and spectro-temporal control of optical wavepackets are central to ultrafast science, 
with supercontinuum (SC) generation standing as one remarkable example. Through passive manipulation, 
femtosecond pulses from nanojoule-level lasers can be transformed into octave-spanning spectra, supporting 
few-cycle pulse outputs when coupled with external pulse compressors. While strategies such as machine 
learning have been applied to control the SC’s central wavelength and bandwidth, their success has 
been limited by the nonlinearities and strong sensitivity to measurement noise. Here, we propose and 
demonstrate how a physics-embedded convolutional neural network that embeds spectro-temporal 
correlations can circumvent such challenges, resulting in faster convergence and reduced noise sensitivity. 
This innovative approach enables on-demand control over spectro-temporal features of SC, achieving 
few-cycle pulse shaping without external compressors. This approach heralds a new era of arbitrary 
spectro-temporal light state engineering, with implications for ultrafast photonics, photonic neuromorphic 
computation, and artificial intelligence-driven optical systems.

Introduction

  Supercontinuum (SC) is a nonlinear optical phenomenon by 
which a spectrum of a femtosecond (fs) input pulse becomes 
broadened by 1 or 2 orders of magnitude, often extending 
beyond an optical octave. It arises from the intricate interplay 
of third-order and higher-order nonlinear optical processes 
when the femtosecond pulse propagates through a dispersive 
medium. Femtosecond laser oscillators delivering pulses with 
energies in the nanojoule (nJ) range can drive SC generation in 
highly nonlinear media such as photonic-crystal fibers or bulk 
glass [  1 –  5 ]. The resulting SC significantly broadens the incident 
pulse spectrum, creating a continuous, octave-spanning spectral 
band. With high brightness and exceptional spectral coverage, 
SC has become an indispensable resource for applications such 
as spectroscopy [  6 ], advanced microscopy [  7 ,  8 ], and optical 
coherence tomography [  9 ,  10 ]. In ultrafast photonics, SC gen-
eration and precise control of their spectro-temporal features 
serves as a cornerstone for breakthroughs in ultrashort laser 
sources, including self-referenced [  11 ,  12 ] frequency combs [  13 ], 
few- and single-cycle pulses [  14 –  16 ], and high-harmonic gen-
eration as well as attosecond pulse [  17 –  21 ].

  Although the precise manipulation of SC spectra is highly 
desirable, it poses significant experimental challenges. The 
essential difficulty arises from the extreme sensitivity of SC 
generation to complex dispersion and input pulse parameters, 
which drive a cascade of nonlinear interactions, including 
self-phase modulation and cross-phase modulation (SPM and 
XPM, respectively), 4-wave mixing, and Raman scattering. The 
task of directing these processes to produce predictable SC 

outputs is formidable, which requires detailed characterization 
of the parameters of the materials, such as dispersion, third-
order nonlinearity [  3 , 5 ,  22 ], and input temporal profile [  23 –  25 ]. 
Achieving such control could enable the routine generation of 
octave-spanning, thereby democratizing access to few-cycle 
pulse shaping [ 14 , 16 ].

  Various strategies have been developed to control SC gen-
eration. One approach involves selecting materials or wave-
guides with favorable dispersion properties [ 5 ,  26 ] or tailoring 
the nonlinearity of the medium, for example, by adjusting the 
pressure inside gas-filled hollow core fibers [  27 –  29 ]. Other 
methods focus on modifying the input pulse specifications, 
such as pulse duration [  30 ], energy [  31 ], and pulse number 
[  32 ], to adjust SC spectral properties [  4 ,  33 ]. Incorporating 
optimization algorithms, particularly genetic algorithms in an 
iterative process, has enabled dynamic control of SC features 
[ 32 ,  34 –  36 ], in which the searching time typically takes several 
minutes.

  Recent theoretical studies employing machine learning have 
shown promising capabilities in predicting the spectral or 
temporal characteristics of SC [  37 –  39 ]. The main feature of 
machine learning algorithms, such as feed-forward neural net-
works (FNNs), is the ability to learn the pulse evolution in the 
nonlinear complex systems, dramatically reducing the time 
toward optimized target functions from minutes to mere sec-
onds [  40 –  42 ]. By leveraging machine learning, experimental 
investigations have analyzed specific SC properties, particularly 
identifying extreme events [  43 ,  44 ]. These studies typically rely 
on data-driven models [  45 ], using phase and intensity inputs 
to train a neural network.
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  Despite these advances, SC generation presents a strongly 
underdetermined problem due to the dramatic spectral broad-
ening relative to the input pulse. The spectro-temporal cor-
relations of SC are highly sensitive to the input wave’s spectral 
phase and amplitude, which evolves intricately during non-
linear propagation. When small correlations become compa-
rable to the experimental noise (or numerical instabilities) 
in the training datasets, the search for the optimized solution 
becomes compromised. Consequently, large and accurate train-
ing datasets are often required for adequate network conver-
gence [  41 , 45 ].

  In this work, we introduce a physics-embedded convolu-
tional neural network (P-CNN) to address these challenges and 
perform spectro-temporal pulse shaping in nonlinear optics. 
We use the term “physics-embedded” to underscore the fact 
that we embed the physical transform, i.e., spectro-temporal 
correlation function, specifically the Wigner function, into the 
front of network instead of relying solely on data-driven mod-
els. The Wigner function represents wavepackets in the spectral 
and temporal (chronocyclic) domain, enabling the CNNs to 
filter out uncorrelated noise efficiently, thus reducing sensitiv-
ity to phase variations such as carrier-envelope offset phase 
[  46 ]. Simulation results indicate that the P-CNN approach 
achieves a convergence approximately 3 times better than 
the purely data-driven FNN. Furthermore, additional simula-
tions demonstrate that even a simple FNN—when embedded 
with Wigner-function-based input (referred to as P-FNN)—can 
also improve the performance. This underscores the importance 
of physics-embedded input representations, regardless of model 
complexity.

  Experimentally, we demonstrate a high nonlinear optical 
platform with implementation of 2 P-CNNs. Enabled by one 
P-CNN, the system shows continuous tuning of SC’s spectral 
and temporal features, including central frequency, bandwidth, 
and pulse duration. Notably, we achieve 12-fs pulses (sub-3 
optical cycle; a 70-fold nonlinear compression of pulse dura-
tion) directly out of an SC fiber, thus eliminating the need for 
an external pulse compressor [ 4 , 29 ]. Assisted with the second 
P-CNN, the system can directly output high-order soliton 
waveform over arbitrary spectro-temporal profile. These results 
underscore the physics-embedded network advancements in 
manipulation of SC, paving the way for precise and efficient 
control over spectro-temporal laser state in highly nonlinear 
systems.   

Methods

P-CNN framework via the nonlinear optical platform
  Figure  1 A provides an overview of our nonlinear optical plat-
form for implementation of P-CNN in the context of the SC 
generation. The setup consists of 4 primary sections. The first 
section, responsible for dispersion engineering, includes a 
mode-locked fiber laser that generates femtosecond soliton 
pulses and a 4f pulse shaper, which enables precise complex 
dispersion control. The output pulse is fed into the second stage 
termed nonlinear engineering, which comprises an erbium-
doped fiber amplifier (EDFA) to address both pulse energy 
enhancement and SPM. The third section is a highly nonlinear 
fiber (HNF), which is used for SC generation. The spectrum (or 
temporal features) of SC is measured in the last section, using 

Dispersion engineering Nonlinear  engineering Supercontinuum 

A

C

P-CNN

θΦ(ω) I[t,ω]

Measurements

→

B

Physics embedded CNNParameter space Observations

Fig. 1. Framework for spectro-temporal pulse engineering using physics-embedded convolutional neural network (P-CNN). (A) Schematic setup including dispersion and 
nonlinear engineering, supercontinuum generation, and measurement stages. (B) Mapping between input parameter spaces and observations via a nonlinear angle �. (C) The 
architecture of the physics neural networks, incorporating parameters space, physics-embedded CNN, and observations.
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a spectrum (or pulse) characterization setup. This platform 
allows for engineering of an octave-spanning spectral broaden-
ing of SC, unlocking advanced manipulation of few-cycle pulse 
shaping. For further details about the setup and simulations of 
SC generation, refer to the “Methods 1: The setup and theoreti-
cal simulations for SC and few-cycle pulse” section.        

  The dynamics of a laser pulse with a temporal envelope 
﻿A(z, t)    and center frequency ω 0 propagating through an HNF 
can be modeled by a generalized nonlinear Schrödinger equa-
tion (GNLSE) [ 4 ]:

﻿﻿   

  Here,  z    is the propagation coordinate and  t     represents the 
retarded time  t = T − �1z    evolving with the group velocity 
(first-order dispersion)  �1    of the envelope. The left-hand side 
of the equation models linear propagation effects. The right-
hand side accounts for nonlinear effects, in which the Kerr 
coefficient  �    governs the nonlinear refractive index, and  R(t)    is 
the Raman response function. The term  ΓR(z, t)    captures the 
influence of spontaneous Raman noise. Additional nonlinear 
phenomena, such as self-steepening and optical shock forma-
tion, are characterized by a timescale  �shock = �0 = 1∕�0   .

  Typically, the dynamics of SC generation is resolved through 
numerical simulations based on  Eq. 1 . However, such simula-
tions are computationally intensive and highly sensitive to the 
aforementioned parameters and the shape of the input pulse 
﻿Ain(t)   , which are often derived experimentally [ 5 ]. Each initial 
condition defines a unique SC output through a nonlinear map-
ping process. Since the input temporal field is generally defined 
in the spectral domain via the Fourier transform     , it can be 
expressed as  Ain(t) = 

−1
[

Ãin(�)exp(iΦ(�))
]

   , where  ̃Ain(�)    
and  Φ(�)    denote the spectral amplitude and phase, respectively. 
Thus, direct observation of the spectral or temporal intensity 
﻿I[t,�]    of the SC provides experimental access to the targeted 
parameter space of  Φ(�)   .

  A robust program for engineering SC is to find a nonlinear 
mapping of an angle  �    between the parameter space and the 
observed output  I[t,�]   , as sketched in Fig.  1 B. Finding the 
accurate angle  �    can be quite challenging both in simulations 
of  Eq. 1  and in experiments, due to the interplay of nonlinear 
processes and corresponding sensitivity to experimental (or 
computational) noise. Machine learning algorithms present a 
promising solution by simplifying this complex nonlinear sys-
tem into a manageable network representation. As shown in 
Fig.  1 C, a P-CNN is introduced to efficiently learn the nonlinear 
mapping, expressed as:

﻿﻿  

where the P-CNN is based on the CNN embedded with the 
physical transform   (Φ(�))   . The physical transform, here the 
Wigner function, is designed to represent the pulse in the chro-
nocyclic domain [  47 ,  48 ], containing the structure of spectro-
temporal correlations:
﻿﻿   

  Here,  A(t)    is associated with the spectral amplitude  ̃A(�)    
and phase  Φ(�)   . Experimentally, such pulse profile can be 
reconstructed by using time-dependent spectrograms, such as 
second-harmonic-generation frequency-resolved optical gating 
(SHG-FROG). The success of the mapping ( Eq. 2 ) hinges on 
CNN’s ability to robustly identify the nonlinear transformation 
﻿�    and thus find the optimal inverse solutions for SC engineer-
ing, with further details provided in the “Methods 2: The struc-
ture and performance of P-CNN” section.   

Benchmarking P-CNN performance
  To test the relative performance of the P-CNN, we first bench-
mark it against the FNN approach and in the presence of simu-
lated noise, while also comparing both to the exact solutions 
from the GNLSE ( Eq. 1 ). The training process of P-CNN begins 
with Latin hypercube sampling (LHS) [  49 ] to scan the param-
eter space  

{
Xn

}
    and generate diverse random phase profiles 

﻿Φ(�)   . To enhance the diversity of the parameter space, we 
incorporate both regular and fractional dispersion controlled 
via a 4f pulse shaper (see fractional dispersion details in Refs. 
[  50 ,   51 ]; see also Section  S1  for additional details). For the 
observation targets, we set the spectral intensity  I(�)    simulated 
from GNLSE as the objective function.

  After training the network, we conducted a linear regression 
analysis of the SC outputs by comparing the target spectral 
intensity  Itar(�)    from the GNLSE with the predicted intensity 
﻿Ipred(�)    from the trained networks. It should be noted that 
solving GNLSE numerically for every case is a computationally 
intensive task, not suitable for real-time applications. However, 
it does serve as an ideal benchmarking tool for our purpose.

  We first trained an FNN with 3 hidden layers containing 
200, 200, and 100 neurons, respectively. This configuration is 
optimized and commonly employed for SC predictions, as seen 
in prior studies [ 41 , 42 ]. Figure  2 A presents the correlation 
for the testing results of FNN, yielding a regression factor of 
﻿R = 0.91    for the fitting line. The regression factor could be up 
to 0.96 when we embed the Wigner function data to the front 
of FNN, which is referred to as P-FNN. For comparison, using 
the same training data, the regression results for the trained 
P-CNN, shown in Fig.  2 B, yield a higher correlation factor of 
﻿R ≈ 0.97   . Interpreting  (1−R)    as the average prediction loss, the 
P-FNN and P-CNN demonstrate substantially superior perfor-
mance, with around threefold reduction in loss compared 
to the FNN. This is also reflected in the lower variation of 
﻿Ipred(P-CNN)    as compared to  Ipred(FNN)    in Fig.  2 A and B. The 
non-uniformity observed in the normalized output distribution 
(Fig.  2 A and B) stems from the underlying simulation data, 
where low-intensity values occur more frequently than high-
intensity peaks. This is a natural consequence of the broadband 
and structured nature of the SC field. A histogram analysis of 
the original data confirms this skew.        

  To further test the stability of these networks, we evaluate 
them under noisy conditions by selecting a specific phase pro-
file  Φ(�)    and adding  ΔΦ(�)    noise to it (see Section  S2  for more 
details). Here, we test against a normally distributed noise, 
following Gaussian statistics (top left panel of Fig.  2 C). The 
selected Gaussian phase noise is a representative and widely 
used model for smooth phase fluctuations in both simulation 
and experimental systems, e.g., thermal noise or quantum-
limited noise. It serves as a baseline for testing generalization 
under continuous random distortions.

(1)

[
�

�z
− i

∑

k≥2
ik�k

k!

�k

�tk
+
�

2

]

A(z, t)=

�

(
i−�shock

�

�t

)[

iΓR(z, t)+A(z, t) �
+∞

−∞

dt
�
R
(
t
�
)|
||
A
(
z, t− t

�
)|
||

2
]

.

(2)
I[t,�]=P−CNN

�
[Φ(�)]=CNN

[

 (Φ(�))
]

=CNN[W(t,�)],

(3)W(t,�) = ∫
+∞

−∞

dt� A

(
t+

t�

2

)
A∗

(
t−

t�

2

)
ei�t

�
.
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  The added phase noise modifies the initial pulse field and, 
consequently, alters the spectrum of the SC, revealing the afore-
mentioned high sensitivity to the details of the spectral phase. 
To quantify the resulting variations in the SC spectrum, both 
with and without noise, we utilize the Euclidean distance  dE   :

﻿﻿  

where  IpredN(�)    represents the predictions from the GNLSE, 
FNN, P-FNN, or P-CNN model under noisy excitation.  ItarG(�)    
is the target spectrum, simulated using the GNLSE without 
noise, indicated by the red dot in the centers of  I(�)    distribu-
tions of Fig.  2 C.

  Next, we run 1,000 simulations and evaluate the Euclidean 
distance for each of the 3 models; corresponding histograms 
of  dE    are shown in Fig.  2 D. The GNLSE-based simulation 
serves as a reference, achieving a smaller maximum likeli-
hood Euclidean distance of  dE,0 = 0.13    (Fig.  2 C, middle). The 
FNN’s larger susceptibility to noise is reflected in a nearly nine-
fold increase in the Euclidean distance ( dE,1 = 1.17   , top row 
of Fig.  2 C). In contrast,  dE,2 = 0.46    for P-CNN is a 2.5-fold 
increase in comparison to the GNLSE. P-FNN’s statistics pro-
duce the Euclidean distance ~ 1.08, which also shows better 
noise performance than FNN. Also, the narrower width of the 
﻿dE    distribution for P-CNN in comparison to FNN provides a 
strong indication of its more robustness to noise variation or 
low sensitivity to noise. These results are also summarized as a 

table inserted on the bottom left panel of Fig.  2 C. Unlike the 
traditional FNN, the physics-embedded networks leverage 
physical insight of spectro-temporal correlations to substan-
tially reduce prediction errors while maintaining computa-
tional efficiency that surpasses direct GNLSE simulations 
(more details about networks, noise analysis, and P-FNN are 
shown in Section  S2 ).   

Experimental and technical design
Methods 1: The setup and theoretical simulations for SC 
and few-cycle pulse
  Figure  3  illustrates the experimental setup for generating SC 
and few-cycle pulses. The setup comprises 5 main parts: (a) a 
homemade mode-locked fiber laser (MLF), (b) the first EDFA 
(EDFA-1), (c) a 4f pulse shaper, (d) the second EDFA (EDFA-2), 
and (e) an HNF used for SC emission.        

  The MLF is utilized to generate an infrared self-similar soli-
ton pulse, essential for establishing self-similar amplification 
in both the temporal and spectral domains [  52 ]. To achieve 
this, it is necessary to suppress the Kelly sidebands by optimiz-
ing the net dispersion within the cavity, adjusting the pump 
power in EDFA-0, and finely controlling the polarization by 
the polarization controller [  53 ].

  The soliton pulse from the MLF is measured using an effi-
cient collinear FROG system due to its weak pulse energy [  54 ]. 
The reconstructed pulse width is approximately 625 fs (see 
Section  S5  for details). Initially, this soliton pulse is stretched 
and amplified by EDFA-1, as depicted in Fig.  3 B. The amplified 

(4)dE =

√ ∑

�

(
IpredN(�)− ItarG(�)

)2
,

Ipred=0.91×Itar+14×10-4
Linear regression
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1

Itar (GNLSE)
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N
N
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Fig. 2. Performance of physics-embedded networks. (A and B) Linear regression analysis for the predicted Ipred from the FNN and P-CNN against the target Itar obtained from 
GNLSE simulations. (C) Schematic representation of the phase Φ(�) with added noise ΔΦ(�) (top left panel) and its impact on the SC outputs [I(�)] across 3 approaches: 
FNN (top), GNLSE (middle), and P-CNN (bottom). The Euclidean distance (dE) with maximum probability quantifies the deviation of the noisy SC output from the noiseless 
target spectrum, with values of dE,0 = 0.13, dE,1 = 1.17, dE,0 = 1.08, and dE,2 = 0.46, respectively, for GNLSE, FNN, P-FNN, and P-CNN. (D) Statistical distributions of the Euclidean 
distance for 1,000 noisy phase inputs.
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soliton pulse is directed through a 4f pulse shaper, as depicted 
in Fig.  3 C. The pulse shaper assembly comprises 2 optical grat-
ings, an infrared spatial light modulator (SLM), and 2 Fourier 
lenses. After modulation by the 4f pulse shaper, the field can 
be mathematically represented by the following transfer equation:

﻿﻿   

  Within the pulse shaper, one can intricately engineer the 
complex profile of  ̃Φ(�)   , where the real part modulates the 
spectral phase, and the imaginary part manipulates the spectral 
amplitude [ 47 , 53 ,  55 ,  56 ]. This precise control enables the fine-
tuning of the pulse’s spectro-temporal characteristics. The fol-
lowing EDFA-2, as depicted in Fig.  3 D, is positioned at the 
output of the pulse shaper to enhance the pulse energy further. 
The dynamics of this amplification can be modeled by the fol-
lowing nonlinear Schrödinger equation:

﻿﻿   

  In this equation, the first term on the right side represents 
the group velocity dispersion; the second term,  g(z)   , accounts 

for the propagation-dependent gain profile; and the last term 
denotes the Kerr nonlinearity. This formula is also applicable 
to a single-mode fiber (SMF) by converting the gain term  g(z)    
to a loss term, which we set to zero due to the short fiber length. 
The pulse energy is amplified, subsequently inducing an SPM 
effect because of the Kerr nonlinearity. The resulting pulse field 
envelope is denoted as  A3    after traversing EDFA-2.

  Since the output pulse from the EDFA-2 carries positive 
dispersion, an additional section of SMF, labeled  L3    in Fig.  3 D, 
is incorporated to provide compensating dispersion, effectively 
compressing the pulse. The optimized pulse width at the posi-
tion  A4    is ~69.5 fs by FROG measurements.

  SC generation is achieved through the use of an HNF, with 
a selected length of ~3.5 cm. The dynamics of the pulse in HNF 
can be described by the GNLSE [ 4 ], as outlined in  Eq. 1 . Based 
on the GNLSE, we obtain the SC, denoted as  A5    in Fig.  3 E. This 
SC is subsequently analyzed using a spectrometer and a FROG 
system to measure its spectral and temporal profiles, respec-
tively. To understand the pulse dynamics throughout the entire 
system, we perform numerical simulations using  Eqs. 5  and  6  
along with the GNLSE, in which we use the reconstructed pulse 
profile from the FROG measurement on the soliton pulse as 

(5)A2(t)=
−1
[


[

A1(t)
]

⋅exp
{[

iΦ̃(�)
]}]

.

(6)i
�

�z
A =

�2

2

�2

�t2
A + i

g(z)

2
A − γ|A|2A.

F

G

H

I

J

K

A B C D E

Fig. 3. Setup and simulations for supercontinuum and few-cycle pulse generation. (A) Mode-locked fiber laser (MLF): The core laser source for generating initial soliton pulses. 
(B) EDFA-1: Includes an erbium-doped fiber (EDF) L0 of 1.1 m, and an SMF ~ 2.6 m. (C) Pulse shaper: Comprises 2 symmetric optical gratings (940 grooves/mm) and lenses 
(focal length ~ 150 mm) positioned on either side of a spatial light modulator (SLM, Santec SLM-100: 1,440 × 1,050 pixels). (D) EDFA-2: Consists of a forward SMF 
L1 of 1.2 m, an Er-doped fiber L2 of 2 m, and an attached SMF L3 of 0.8 m. (E) Supercontinuum generation: utilized with a highly nonlinear fiber (HNF) of the length L4 of 
~ 4 cm. (F and G) Dynamics of the pulse and spectral intensity in simulations: Traces the evolution of the pulse and its spectral intensity through SMF (L1), EDFA-2 
(L2), and SMF (L3). (H) Temporal intensity profile: Displays the temporal intensity at the position where SMF L3 is approximately 0.8 m, with the resultant pulse width 
around 46 fs. (I) Calculated SC spectrum: Shows the supercontinuum from 1 to 2.5 μm at a propagation length of 3.5 cm. (J and K) Dynamics of SC: Depicts the spectral and 
temporal intensity variations of the SC along the HNF from 0 to 5 cm.
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the input to the pulse shaper (see Section  S5  for FROG mea-
surement details).

  Accounting for the contributions of the attached SMF and 
EDFA-2, Fig.  3 F and G show the spectral and temporal intensity 
simulated by NLSE before the HNF. Figure  3 H presents the 
obtained pulse profiles with a width of approximately 46 fs for 
the position  A4   , which is marked by the dashed line in Fig.  3 G.

  When this pulse is input into the HNF, we observe the nor-
malized distribution of the SC along the propagation length 
(0 to 5 cm) shown in Fig.  3 J on a logarithmic scale. Corres
ponding pulse intensity evaluations are displayed in Fig.  3 K. 
As the propagation length increases, more complex nonlinear 
phenomena such as soliton fission and Raman-induced redshift 
may occur [ 4 ], causing the SC to broaden significantly from 
1 to 2.5 μm after approximately 2 cm. In this position, the 
obtained minimum pulse duration is around 8.7 fs. For our 
setups, which focus primarily on dispersion wave components, 
the optimal position is set to 3.5 cm, indicated by the dashed 
line in Fig.  3 J. The corresponding one-dimensional spectrum 
is shown in Fig.  3 I.   

Methods 2: The structure and performance of P-CNN
  Figure  4 A illustrates the structure of the physics-involved CNN 
utilized for the regression task in SC generation, with the 
detailed operations of each layer shown in Fig.  4 B. The param-
eter space  

{
Xn

}
    defines the spectral phase  Φ(�)   , which, in turn, 

determines the temporal electric field (after the pulse shaper) 
via  Eq. 5 . The input pulse (before the shaper) is reconstructed 
from FROG measurements, providing the initial spectral 
amplitude and phase. By combining the initial field with the 
setting spectral phase obtained from  

{
Xn

}
   , we numerically 

compute the corresponding temporal field. The Wigner dis-
tribution is then calculated from this field using  Eq. 3 . This 
approach leverages the fact that the pulse shaper exhibits a 
reliable response between the programmed phase and the out-
put field, as experimentally validated in our previous work [ 51 ]. 
This assumption allows for efficient dataset generation without 
requiring full experimental characterization for every instance. 
The resulting Wigner function is cropped and downsampled 
from 8,192 × 8,192 to 421 × 81 pixels before being used as the 
input to the CNN.        
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  The first operation is a 2-dimensional convolution layer, 
employing 32 filters of size 3 × 3, which are applied to the input 
image to extract features by emphasizing spatial hierarchies. 
Following this, the rectified linear unit (ReLU) layer acts as the 
second layer. It outputs the input directly if it is positive; other-
wise, it produces zero. This activation function introduces non-
linearity into the model, enabling the network to learn complex 
patterns and improve prediction accuracy. Subsequently, a 
“maxPooling” layer with a 2 × 2 pool size is incorporated to 
reduce the spatial dimensions of the input feature maps. This 
reduction decreases both the computational complexity and the 
number of parameters within the network.

  By maintaining a consistent layer structure to perform simi-
lar operations (convolution, ReLU activation, and max pool-
ing), the network could capture more deep features from the 
input. Following this, a flattened layer is employed to transform 
multi-dimensional inputs into a one-dimensional vector. This 
transformation is essential for this application, as the output is 
a one-dimensional spectrum.

  Subsequently, 3 “fullyConnectedLayers” are utilized to gradu-
ally reduce the data dimensionality from  3Nspectrum    to ﻿Nspectrum   , 
where  Nspectrum    represents the sampling number of the spec-
trum, noted as 436 for the Net-S. The architecture culminates 
with a “regressionLayer”, which directly connects the target 
spectrum. This layer finalizes the predictive model by linking 
the learned features to the desired continuous outcome, facili-
tating accurate spectral regression based on the input char-
acteristics. All these functions in CNN are assistant built-in 
Matlab deep learning toolbox.

  For training this CNN, we utilized a dataset comprising 
7,000 samples from our setup using the LHS method [ 49 ]. This 
extensive dataset was processed using the “Adam” optimizer to 
train the network, in which 75% was involved for training, 15% 
for validation, and 10% for testing.

  Figure  4 C illustrates the progression of training and valida-
tion loss throughout the training process. The validation loss 
stabilized after approximately 4,000 epochs, leveling off at 
around 0.23, indicating effective convergence of the network 
learning process. See details for networks in Section S2.

  Figure  4 D illustrates the real-time iteration process within 
the optical setup for a specific target function, where the error 
is defined as the Euclidean distance between the normalized 
target and the measured spectrum. The blue dotted line repre-
sents the iterative process employing the constrained nonlinear 
multivariable (CNM) function to minimize the losses between 
the target and actual outputs [  57 ]. The distance stabilizes at 
2.30 after approximately 50 iterations, starting from a random 
initial solution within the maximum range of  Xn   .

  In contrast, utilizing the gradient descent algorithm (GDA) 
results in a more rapid reduction of errors to 1.39, with 3 initial 
solutions provided by the trained CNN through inverse search-
ing (see Section  S3  for searching strategy). This approach 
demonstrates greater efficiency. Additionally, 2 inset panels 
in Fig.  4 D display the target and measured spectra at the final 
iteration step, respectively, showing the effectiveness of the 
tuning process.     

Results

Experimental implementations
  To implement these methods experimentally, we constructed 
2 distinct P-CNN networks: “Network-Soliton” (Net-S) and 
“Network-Dispersive” (Net-D), as illustrated in Fig.  5 A. These 
networks are designed to handle different pulse energy regimes. 
For pulse energies ~ 2 nJ, the nonlinear engineering and SC 
sections generate ultra-broadband dispersive wave (DW), 
blueshifted into the normal dispersion regime. These results 
are reported in the “Spectral Domain Engineering: Dispersive 
Wave” section. For lower pulse energies, the EDFA facilitates 
nonlinear spectral broadening through SPM. This regime oper-
ates in the anomalous dispersion domain, leading to spectral 
sidelobe generation and “soliton” formation.           

Spectral domain engineering: Dispersive wave
  As a demonstration, we show the ability of P-CNN in DW 
engineering, including spectral manipulations and nonlinear 
conversion. To further enhance performance, a real-time gradi-
ent descent search algorithm was implemented within the real 
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physics system, utilizing the optimized solutions (see Section 
 S3  for details).

  We first examine the controlled energy transfer from the 
soliton region (Net-S) to the DW region (Net-D). The Net-D 
region spans 1,000 to 1,430 nm, while the Net-S region covers 
1,430 to 1,700 nm, constrained by the optical spectrum ana-
lyzer’s range. Figure  5 A shows the measured dependence of the 
SC output on the input spectral phase in log-linear scaling. 
Starting with modest broadening dominated by SPM (curve 
1), P-CNN-assisted phase optimization progressively redis-
tributes energy from soliton to DW (curves 4, 9, and 15). 
This process is quantified using the nonlinear conversion effi-
ciency (NCE):

﻿﻿  

where  SD,S = ∫
D,S

I(�)d�    represents the integrated spectral energy 
over the respective spectral regions. An  �NCE    of 1 indicates com-
plete energy transfer to the dispersion wave, while 0 signifies 
no transfer. Figure  5 B depicts the measured NCE, showing 
linear growth followed by oscillations, with a maximum con-
version of 12%. In the high-NCE, we examine the DW centered 
around ~1,070 nm, which forms due to nonlinear interactions 
in the normal dispersion regime.

  Next, we demonstrate the P-CNN’s ability to manipulate the 
central wavelength and bandwidth. Regarding the central wave-
length,  �D   , the target is set by:

﻿﻿  

where  �0    is the baseline wavelength,  Δ�    is the modulation 
amplitude, and  Θ    is the angular coordinate. Figure  5 C shows 
excellent agreement between the target modulation (solid red 
line,  Δ� = 20 nm   ,  �0 = 1, 070 nm   ) and measured data, achiev-
ing a 3.7% modulation of the DW center wavelength.

  We also demonstrate bandwidth manipulation with the DW 
center wavelength clamped at 1,070 nm. The measured band-
width closely follows the target range from 60 to 100 nm, as 
shown in Fig.  5 D. These combined results demonstrate the 
feasibility of a full engineering of the spectral features of the 
DW, while also tracing out a path toward an elegant control 
over the temporal domain, such as the few-cycle temporal 
wavepacket.   

Temporal domain engineering: Few-cycle pulse
  The DW is a useful resource to generate short-wavelength laser 
pulses [  2 ,  58 ], and the flexibility demonstrated in the previous 
section highlights its potential for precise control of center 
wavelength and bandwidth. The flattened and broad spectral 
feature observed in Fig.  5 A further indicates the possibility of 
preparing ultrashort laser pulses. To isolate the DW from the 
long-wavelength spectral components of the Net-S band, 
we first employ a short-pass filter with a 1,500-nm cutoff. 
Conventionally, this isolated DW is passed through dispersion-
compensating elements, such as prism compressors or chirped 
mirrors, to produce near-transform-limited pulses. Instead, we 
leverage the P-CNN to simultaneously optimize the broadband 
DW generation and its compression, eliminating the need for 
additional compensators.

  SHG-FROG measurements are performed to evaluate the 
resulting pulse duration and profiles. The P-CNN is tasked 
to minimize the pulse duration, which is directly recognized 

through its Wigner-function-based training. For the optimized 
phase, the measured pulse duration is approximately 12 fs, cor-
responding to a compression factor of over 70, referenced as 
the soliton pulse duration of 850 fs. To explore temporal com-
pression dynamics, the second-order dispersion length ( X2   ) 
is systematically adjusted from –2.5 to 2.5 m. The correspond-
ing pulse durations, shown in Fig.  6 A, also show the sym-
metric distribution, with a Gaussian scaling behavior (solid 
green line). On the right axis of Fig.  6 A, we add the calculated 
compression factor, illustrating the compression value from 
24 to 71.        

  The evolution of temporal profiles retrieved from FROG 
measurements is shown in Fig.  6 B. The data reveal preserved 
inversion symmetry in the wavepacket envelope ( X2 ↔ − X2   ) 
and opposite orientations of pulse tails for the same  ||X2

||   , 
reminiscent of a “temporal inversion” effect [  59 ]. This sym-
metry, supported by GNLSE simulations (Section  S4 ), under-
scores the ability to shape temporal profiles through phase 
optimization.

  Figure  6 C to E present the measured and reconstructed 
FROG traces at positions (1), (3), and (5) from Fig. 6 A and B, 
alongside the corresponding reconstructed spectral amplitude 
and phase profiles. Notably, the spectral phase for positions 
(1) and (5) is opposite, resulting in symmetric structures in the 
temporal profiles. For positive and negative dispersion, sym-
metric self-steepening of the pulse is also observed, where a 
steeper trailing edge implies the potential to prepare arbitrary 
asymmetric few-cycle laser pulses [  60 ].

  Further analysis reveals the influence of higher-order disper-
sion, such as fourth-order dispersion, on pulse duration sym-
metry. For the shortest pulse duration of ~12 fs (Fig.  6 D), the 
reconstructed spectral phase exhibits a residual second-order 
contribution near the central wavelength, corresponding to a 
group delay dispersion (GDD) of ~100 fs2—primarily arising 
from additional GDD in the FROG setup, which is estimated 
at around 120 fs2. By flattening the spectral phase, a transform-
limited pulse duration of 8.5 fs is achieved. This small system-
atic offset can be mitigated by optimizing the dispersion in the 
FROG setup. Since the P-CNN was trained on target fields 
excluding measurement-system dispersion, it does not com-
pensate for this post-shaping GDD. Future implementations 
may include a calibration routine or augmented training to 
address measurement-induced dispersion directly. Additional 
details on the FROG setup are provided in Section  S5 .   

Spectro-temporal engineering: High-order solitons
  In this section, we demonstrate the capability of the P-CNN to 
perform nonlinear pulse shaping in both the spectral and tem-
poral domains. Here, the focus shifts back to the previously 
defined soliton Net-S region. Since the pump resides within 
this spectral region, more complex patterns emerge, making 
on-demand shaping particularly challenging. However, the 
proposed P-CNN effectively balances the interplay between 
dispersion and nonlinear effects through optimized phase holo-
gram in the pulse shaper.

  First, we demonstrate the optimization of soliton pulses with 
variable bandwidth for the soliton pulse. To achieve this, the 
P-CNN is trained in the Net-S region. The target bandwidth is 
linearly set from 10 to 70 nm, depicted by the blue line in 
Fig.  7 A, while the optimized measurement outcomes are rep-
resented as orange dots. The results reveal prominent agreement 
between the measurements and the set targets, highlighting the 

(7)�NCE =
SD

SD + SS
∈ [0, 1],

(8)�D = �0 +Δ�cos(Θ),
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system’s ability for precise and continuous tuning of the output’s 
spectral bandwidth.        

  Next, we explore the feasibility to directly generate high-
order solitons within the current setup. High-order solitons 
(typically labeled by a soliton number  N    ) are a cornerstone 
of nonlinear optics, characterized by their unique dynamics 
during propagation [ 2 ]. When a high-energy soliton pulse, 
﻿A(t) = N sech (t)   , where  N     is an integer soliton number, is 
seeded into a nonlinear fiber, spectro-temporal breather phe-
nomena arise due to the imbalance between dispersion and 
SPM during propagation along  z   . The soliton period  z0    dictates 
the length for the pulse recovering to the initial state, which is 
evaluated by:

﻿﻿  

where  Ld = T2
0
∕ ∣�2 ∣    is the dispersion length. Specifically, the 

spectral evolution of a third-order soliton ( N = 3   ) over one 
soliton period is illustrated in Fig.  7 B. In the time domain, the 
soliton contracts to a fraction of its initial width, splits into 
2 pulses at  z0∕2   , and then recombines to its original form at 
﻿z = z0   . This breathing pattern recurs over successive propaga-
tion segments  z   . Practically, capturing the breather pattern 
would traditionally require physically cutting the fiber or alter-
ing the pulse energy [  61 ], an irreversible and labor-intensive 
process. The P-CNN framework offers a more efficient method 
to balance dispersion and nonlinear effects, thus enabling an 
effective continuous scan of the output of the entire waveform 
over the position parameter  z   . In the following, we present the 
results observed from the P-CNN and also explain them using 
the theoretical model of high-order solitons.

  We first set the target spectral pattern to waveform of third-
order soliton and used the trained Net-S network alongside a 

strategic search approach to identify the optimal solution. The 
measured spectra, shown in the bottom panel of Fig.  7 B, exhibit 
a high degree of similarity to the target. Consistent with the simu-
lations, the spectral intensity maintains its original profile ini-
tially, broadens around  z0∕5   , and reconverges near  z0∕4   . At 
the midpoint,  z0∕2   , the spectrum splits, displaying conjugate 
dynamics for the latter half of the propagation from  z0∕2    to  z0   .

  To visualize their dynamics in the temporal domain, we used 
the SHG-FROG system, with results presented in Fig.  7 E. The 
initial soliton has a pulse duration of approximately 850 fs, 
which narrows to a minimum of 23 fs at  15∕60z0   , correspond-
ing to a nonlinear compression factor of about 36. As the propa-
gation continues, the pulse broadens and splits at  z0∕2   , closely 
aligning with simulation results.

  The same approach was applied to a fourth-order soliton, 
with results displayed in Fig.  7 C and F, respectively. In this case, 
the initial pulse duration, approximately 720 fs, reduces to a 
minimum of 22 fs, corresponding to a nonlinear compression 
factor of around 33. The temporal evolution of the fourth-order 
soliton is more complex, featuring multiple points of narrow 
pulse duration, consistent with its intricate spectro-temporal 
structure (refer to the support flash for additional FROG results 
on high-order solitons).

  How do we prove that the dynamics simulated by P-CNN 
is of the solitonic kind? From the spectral phase and amplitude 
of the initial pulse optimized by the network and real system, 
we extract the temporal intensity, pulse duration ( T0   ), and peak 
power ( Pk   ). Using these, we check the dispersion length (L d) 
and nonlinear length ( Ln = 1∕

(
�Pk

)
   ), which define the soliton 

number:
﻿﻿   

(9)z0 =
�

2
Ld,

(10)N2 =
Ld
Ln

≈ T2
0Pk.
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   Equation 10  emphasizes that the physical system must have 
the ability to control both the pulse duration  T0    and the peak 
power  Pk   , as these parameters directly influence the dispersion 
and nonlinear lengths. Therefore, maintenance of a consistent 
soliton number for each sequence is a key to avoiding destabi-
lizing soliton dynamics [ 2 ,  62 ]. Hence, to observe the full pulse 
evolution as a function of propagation length, P-CNN imple-
ments an effective length scan by varying the dispersion length 
﻿Ld   , which can be self-consistently achieved by changing  T0   ,  Pk   , 
and the nonlinear length  Ln   . Figure  7 D presents the calculated 
﻿L d (red dots) and L n (green dots) for  N = 4   , based on the recon-
structions in the pulse duration and peak power, demonstrating 
a periodic tendency. Notably, the reconstructed soliton number 
(green bars) shown in Fig. 7 D remains nearly constant, around 
4, throughout the process, underscoring the importance of soli-
ton number conservation for stable dynamics. Further theoreti-
cal analysis on high-order solitons is provided in Section  S6 .    

Discussion
  In this work, we introduced a physics-embedded deep learning 
framework based on a CNN, termed P-CNN, designed for ver-
satile spectro-temporal engineering of photonic wavepackets. 
Unlike physics-informed neural networks (PINNs), which 
incorporate physical constraints into the loss function and 
are primarily designed to solve partial differential equations 
(PDEs) in the full space [  63 ,  64 ], our approach embeds physical 
feature directly into the input layer through a spectro-temporal 
correlation function—specifically the Wigner distribution, 

though other representations may also be applicable. This 
physics-embedded input structure boosts both CNN and FNN 
models to learn physically grounded features that capture the 
underlying ultrafast dynamics, leading to substantially lower 
prediction errors and improved robustness to noise compared 
to purely data-driven models.

  The framework was implemented and validated experimen-
tally using an active pulse shaper combined with a highly non-
linear broadening section. The characterization of the output 
pulse via SHG-FROG facilitated wavepacket-based training 
data for the P-CNN. By analyzing the generated SC using 2 
distinct networks, Net-D and Net-S, we successfully modeled 
the dynamics of DWs and soliton waves, respectively.

  For Net-D, we achieved precise control over the DW proper-
ties, including center frequency, bandwidth, and pulse duration. 
Remarkably, a minimum infrared pulse duration of 12 fs—
corresponding to sub-3 optical cycles and near-transform-
limited performance—was achieved without external pulse 
compressors, enabled by the P-CNN’s ability to balance nonlin-
ear broadening and pulse compression. Pulses with even shorter 
durations could potentially be optimized by incorporating addi-
tional parameters into the training process, such as pump powers 
and dispersion losses. For Net-S, we demonstrated on-demand 
generation of high-order solitons ( N = 3, 4   ), capturing charac-
teristic breather dynamics in the spectro-temporal domain, as 
predicted by the nonlinear Schrödinger equation.

  These results highlight the exceptional capabilities of the 
P-CNN framework in enabling precise pulse manipulation 
across spectral and temporal domains. Traditionally, pulse 

B C

E F

A

0 5 10 15
Sequence

10

20

30

40

50

60

70

B
an
dw

id
th
 (n

m
)

Target
Measurement

Soliton evolution

0
15/60

20/60
30/60

851 fs
23 fs

0
7/60

717 fs

22 fs

12/60 17/60
21/60 26/60

28/60

Soliton evolution 

Pulse intensity

1.7

1.4
1.7

1.4

W
av
el
en
gt
h 
(µ
m
)

W
av
el
en
gt
h 
(µ
m
)

1.7

1.4
1.7

1.4

W
av
el
en
gt
h 
(µ
m
)

W
av
el
en
gt
h 
(µ
m
)

0 Soliton evolution Soliton evolution

Target : N = 3 Target : N = 4

0
60
0

60
7

60
17

60
12

60
21

60
28

60
26

60
0

60
15

60
30

60
20

D

N = 4

Soliton number

Dispersion length
Nonlinear length

0

0

1

2

A
m
p.
 (a

rb
. u
n.
)

Soliton evolution

Measure : N = 3 Measure : N = 4

Pulse intensity
 N = 3  N = 4

Fig. 7. Spectro-temporal correlations for high-order soliton formation. (A) Bandwidth (3 dB) of target functions (P-CNN) and measurements, ranging from 10 to 70 nm. (B and 
C) Spectra of high-order solitons for soliton numbers N = 3 and N = 4, with the top panels showing simulated target states and the bottom panels presenting experimental 
measurements. (D) Dispersion length, nonlinear length, and soliton number for a soliton with N = 4. (E and F) Temporal intensity profiles reconstructed via FROG for various 
soliton sequences.

D
ow

nloaded from
 https://spj.science.org at Polytechnique M

ontral on M
arch 09, 2026

https://doi.org/10.34133/ultrafastscience.0107


Liu et al. 2025 | https://doi.org/10.34133/ultrafastscience.0107 11

shaping works at very limited spectral bandwidth. The P-CNN-
boosted nonlinear pulse shaper significantly extends the spectral 
coverage, opening new possibilities for targeted spectro-temporal 
engineering. The pulse energy emitted from the current con-
figuration is on the order of a few nanojoules. To extend the 
applicability of this approach to higher-energy regimes (e.g., 
microjoule to millijoule level), integration with hollow-core fibers 
(HCFs) or other large-mode-area nonlinear structures would 
be required, while still preserving the spectro-temporal control 
enabled by the proposed P-CNN-driven shaping method.

  An exciting avenue for future exploration is to combine 
spectro-temporal  (�, t)    engineering with spatial degrees of free-
dom  (k,x)    to create fully customized space-time designer wave-
packets [  65 –  67 ]. This approach can be generalized to manipulate 
wavepackets in multidimensional correlation spaces, such as 
﻿(�,k)    or  (t,x)   , offering transformative potential for nonlinear 
interactions and advanced beam shaping.

  Beyond the demonstrations of GNLSE, the P-CNN frame-
work presents a promising machine learning tool for solving 
other PDEs, which are fundamental in describing natural physi-
cal laws [  68 ]. Additionally, this approach has potential applica-
tions in accelerating optical computations in emerging fields 
such as artificial intelligence (AI) photonics [ 45 ], analog com-
puting [  69 ], and optical neuromorphic systems [  70 ,  71 ]. Finally, 
the integration of physics-based insights into network design 
enhances model stability and convergence, particularly for large-
scale data training systems. This robustness may help mitigate 
issues such as “model collapse” in large-language models, pav-
ing the way for more reliable and scalable AI-driven physical 
simulations [  72 ].   
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Frequency synthesis and spectro-temporal control of optical wavepackets are central to ultrafast science, with
supercontinuum (SC) generation standing as one remarkable example. Through passive manipulation, femtosecond
pulses from nanojoule-level lasers can be transformed into octave-spanning spectra, supporting few-cycle pulse outputs
when coupled with external pulse compressors. While strategies such as machine learning have been applied to control
the SC’s central wavelength and bandwidth, their success has been limited by the nonlinearities and strong sensitivity
to measurement noise. Here, we propose and demonstrate how a physics-embedded convolutional neural network that
embeds spectro-temporal correlations can circumvent such challenges, resulting in faster convergence and reduced
noise sensitivity. This innovative approach enables on-demand control over spectro-temporal features of SC, achieving
few-cycle pulse shaping without external compressors. This approach heralds a new era of arbitrary spectro-temporal
light state engineering, with implications for ultrafast photonics, photonic neuromorphic computation, and artificial
intelligence-driven optical systems.
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