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Abstract

Precise control of the temporal profile of laser pulses is critical for many scientific
and industrial applications. Achieving this via spectral shaping is particularly chal-
lenging in complex systems due to nonlinear effects, input fluctuations, and hard-
ware imperfections. Conventional approaches—such as manual iterative tuning,
precomputed spectral settings, or evolutionary optimization—are often insufficient
or scale poorly with system complexity. We introduce a differentiable physics-
based framework for spectral pulse shaping that embeds a physical model of the
laser within a gradient-based optimization loop. This approach enables rapid sys-
tem identification and control, accurately capturing complex laser dynamics while
optimizing control inputs to achieve target temporal pulse shapes. We demonstrate
the method by shaping near-infrared pulses as a proof of concept for photoinjector
laser systems, highlighting its generality and potential for high-dimensional control
of complex physical systems.

1 Introduction

The ability to control the temporal intensity profile of laser pulses is crucial for both research and
industrial applications [3, 9, 10, 13]. A wide range of techniques have been developed, typically
classified as temporal- or spectral-domain methods. Temporal-domain methods include direct
modulation of pulse intensity using fast devices such as electro-optic modulators, as well as pulse
stacking schemes that combine delayed replicas [11]. While effective, their resolution is limited
either by device response times (typically 100 ps–1 ns [7]) or by the fixed nature of the stacking
geometry.

Here, we focus on shaping pulses in the 100 fs–100 ps range using spectral-domain techniques. These
methods exploit the Fourier relationship between time and frequency: pulse spectrum is dispersed
onto a spatial plane, where amplitude and/or phase can be modulated with programmable devices
such as acousto-optic modulators (AOMs) or spatial light modulators (SLMs) [12].
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In principle, control settings could be calculated directly from the Fourier transform of the desired
temporal profile, assuming the input pulse is well-characterized and propagation is linear. In practice,
however, input fluctuations, nonlinear propagation effects, and device imperfections create complex,
system-dependent relationships between the control parameters and the resulting pulse shape.

From a control perspective, each spectral element—whether a “pixel” in an SLM or a “channel” in
an AOM—represents a tunable parameter. Spectral shaping thus involves simultaneously adjusting
thousands of parameters, framing it as a high-dimensional optimization problem. Conventional
strategies—either static precomputed settings or manual iterative tuning—are typically insufficient,
as they cannot cope efficiently with system drift, nonlinearities, or hardware imperfections.

Traditional control approaches struggle at this scale: evolutionary algorithms are sample-inefficient,
classical control cannot handle thousands of coupled parameters, and analytical solutions break down
under nonlinear propagation effects.

Our approach addresses these challenges by representing the physical system in a differentiable
framework, enabling gradient-based system identification and optimization. In a two-step loop,
experimental data first calibrate the system-specific internal parameters to ensure the model matches
the real system, then all control parameters are updated via gradients to approach the target pulse.
Alternating these steps allows rapid, sample-efficient adaptation to drift, nonlinearities, and device
imperfections.

We demonstrate this method by shaping near-infrared (NIR) pulses as a first step toward UV pulse
shaping in a photoinjector laser [6]. This system delivers UV pulses to free-electron laser (FEL)
facilities, where precisely shaped pulses directly impact electron bunch quality and overall facility
performance [4, 5]. Although the demonstration is currently in NIR, the approach is fully transferable
to UV pulses and will be part of future work.

2 Differentiable Physics-based Model

The physics of laser systems can be described by well-established mathematical models, and recent
advances in differentiable programming[2] allow these models to be implemented directly within
modern machine learning frameworks.

We developed a differentiable simulation framework for ultrafast pulse propagation in fibers and
laser systems, implemented in PyTorch with GPU acceleration and autograd support. The framework
works with Pulse objects, which provide access to both time- and frequency-domain representations
of an optical pulse. The design follows PyTorch’s nn.Module abstraction: each module represents a
physical component or process—such as a fiber, amplifier, spectral filter, or dispersive element—and
is encapsulated as a reusable, differentiable block. Physical parameters are exposed as nn.Parameter
objects, enabling gradient-based optimization and system identification. Modules act on Pulse objects
and return updated Pulse instances, ensuring composable simulations.

The simulation framework operates on discretized pulse representations with configurable grid
points (typically 210 to 214 points) and time windows that together determine spectral resolution and
memory requirements. This discretization forms the foundation for all physical operations within the
framework. Different physical processes are implemented according to their underlying mathematics.
Fiber propagation uses the split-step Fourier method (SSFM) applied to the nonlinear Schrödinger
equation [1], with the number of integration steps per element adjustable to balance accuracy and
computational cost. Active media such as amplifiers are described by rate equations in steady-state
approximation [8]. Additional modules implement analytic transformations such as dispersion, group
delay, and spectral filtering, which modify the pulse according to known physics without requiring
full numerical simulation. Spectral shaping operates by element-wise multiplication of the pulse
spectrum with a complex-valued tensor of matching dimensionality. This simple operation creates
the high-dimensional control problem discussed earlier, as each spectral grid point becomes an
independent control parameter capable of modifying both amplitude and phase.

Together, these physics-based components provide an accurate representation of ultrafast laser
systems while remaining fully compatible with gradient-based optimization. The framework supports
both single- and batched-pulse simulations, enabling exploration and optimization of multiple
configurations in parallel. Complex laser systems can be constructed by chaining modules into
a sequential model, as illustrated in Figure 1. This modular architecture facilitates integration with
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Figure 1: The laser system (a) is constructed by chaining together individual differentiable modules,
each representing a physical component or process. The system processes an initial pulse sequentially
through the optical chain to produce the output pulse. (b) shows the available module types with
their learnable parameters (detailed in legend). Each module is implemented as a PyTorch nn.Module
with parameters exposed as nn.Parameter objects, enabling gradient computation through the entire
physical system. Color coding in (a) corresponds to module types in (b).

existing ML pipelines while lowering the barrier for researchers to adapt or extend the framework for
new applications.

3 Control problem definition and optimization

The task of pulse shaping can be formalized as an optimization problem in which the control inputs
u ∈ CN are applied to the real experimental system, which we denote by F (·), to achieve the target
pulse y⋆. The experiment returns a measured pulse

yexp = F (u) + ε,

where ε captures measurement noise and unmodeled effects. The ideal control objective is therefore

u⋆ = argmin
u∈U

∥∥F (u)− y⋆
∥∥2
2
,

with U encoding hardware constraints such as finite dynamic range and bandwidth limitations.
Because direct optimization of F is impractical—measurements are costly and sparse, and u is
high-dimensional—we introduce a differentiable physical model

ymodel = f(u, θ)

that depends on control inputs u and internal state parameters θ ∈ RM . The differentiable nature of f
enables efficient gradient-based optimization of both control inputs and model parameters. However,
even with a high-fidelity model, two key challenges remain. First, while rough estimates of the
physical parameters are available (e.g., fiber lengths, dispersion coefficients, nonlinear refractive
index, pump power), small deviations can show cumulative effects, producing significantly different
outputs. Second, unmodeled effects prevent the model from faithfully capturing the behavior of the
physical system across the entire control input space, limiting its accuracy to the local operating
regime.

To address these challenges, we propose an adaptive approach that alternates between two phases:

System identification (model fitting): Using a sliding window buffer containing the most recent B
experimental pairs {(u(i), y

(i)
exp)}, we estimate parameters θ by
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θ̂ = argmin
θ

B∑
i=1

∥∥∥f(u(i), θ)− y(i)exp

∥∥∥2
2
.

The buffer size B is chosen to balance model accuracy with memory usage and computation time.
Forward and backward passes over the buffered measurements are parallelized, improving scalability
until all operations can eventually be fit on a single GPU.

Control optimization: Using the updated model parameters θ̂, we optimize control inputs by

u(k+1) = argmin
u∈U
∥f(u, θ̂)− y⋆∥22 + λR(u),

where R(u) enforces additional physics informed constraints and λ is a regularization weight.

The procedure begins by initializing u(0), chosen as the Fourier transform of the target pulse. At each
iteration, a measurement (u(k), y

(k)
exp) is obtained from the physical system and stored in a sliding

window buffer containing the most recent B samples. Using the data in this buffer we perform system
identification to update the internal model parameters. Control optimization follows generating
the updated control inputs u(k+1). Both routines exploit gradient-based optimization through the
differentiable model f .

A detailed description of the algorithm is provided in Appendix A.

4 Experimental Validation

We demonstrate our adaptive pulse shaping approach on a photoinjector laser, where precise temporal
control over the pulse intensity profile is crucial for improving electron beam quality. The control
vector u ∈ C6219 is defined as the complex-valued filter applied by the spatial light modulator
(SLM), located in the front-end of the laser system. While the final output of the system is a UV
pulse, the shaping target is the intermediate IR pulse prior to frequency conversion. This choice
serves to establish a proof of principle for the method. For optimization, u is interpolated onto the
simulation grid of 211 points spanning a 240 ps temporal window; after optimization, the resulting
filter is interpolated back to the SLM control grid. Pulse measurements yexp are obtained via cross-
correlation with 0.2 ps resolution, with each acquisition requiring approximately 3-5 minutes due to
the scanning process. For more details on the laser system and its modeling, see Appendix B.

Our target specifications focus on generating flat-top pulses in the 10-20 ps duration range, which are
optimal for generation of high-quality electron beams in FEL[4]. To demonstrate the versatility of
our approach, we evaluate performance on three distinct target shapes of similar temporal duration: a
flat-top pulse (our primary application target), a triangular pulse, and an arbitrary composite shape.

Figure 2 presents the experimental results. The adaptive shaping procedure, which ran for 30 iterations
with a system identification buffer size of B=5, achieved substantial improvement over the initial
condition. The optimized pulse profiles closely match all three target shapes, with a relative L2 error
of less than 2%.

5 Discussion

5.1 Convergence considerations

The gradient-based optimization employed in both system identification and control optimization is
susceptible to local minima due to the nonconvex nature of the problem. However, global convergence
is not strictly necessary—reaching a solution that meets performance specifications is often sufficient
in practice. This requires two conditions: (i) the system identification step must yield a model that
accurately represents local system behavior near the current control input, and (ii) the initial condition
u(0) must lie within the basin of attraction of a satisfactory local optimum.

The adaptive design of our approach addresses the first condition by continuously updating model
parameters using recent measurements, thereby maintaining local validity as optimization progresses.
The second condition is more challenging to guarantee. We initialize u(0) using the Fourier transform
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Figure 2: Experimental results of adaptive pulse shaping. Panels (a), (b), and (c) show the shaping of
a flat-top, triangle, and arbitrary composite pulse, respectively. In blue we highlight the initial pulse
profiles, in orange the profiles after optimization and in red the target profiles. Relative errors are
reported as the relative L2 error between the measured and target pulses for each case.

of the target pulse, providing a physics-informed starting point that aligns with the expected system
response under near-linear propagation.

Convergence behavior depends critically on optimizer choice and hyperparameters, including learning
rates, regularization weights, and buffer size B. These parameters govern the trade-off between
model adaptation speed and control update stability; poor settings can lead to slow convergence,
oscillations, or stagnation. Stable performance requires allowing both routines sufficient iterations
to reach approximate convergence at each step. We initially tuned hyperparameters empirically
using a digital twin of the physical system, with final adjustments during experimental runs. Once
identified, appropriate hyperparameters enable robust performance across different target pulses, as
demonstrated by the consistent results in Figure 2.

5.2 Transferability to UV shaping

While our experimental demonstration focuses on shaping NIR pulses, the approach is fully compati-
ble with UV pulse shaping. The differentiable model can be extended to include frequency conversion
stages by incorporating additional modules that simulate these nonlinear processes. The control
optimization framework remains unchanged, as it operates on the same principles of gradient-based
adaptation. The primary challenge in UV shaping lies in the strong nonlinearities introduced during
frequency conversion, which can make the control optimization landscape more complex and sensitive
to initial conditions. Fourier-based initialization becomes less effective in this regime, necessitating al-
ternative strategies. Initial UV shaping experiments confirm that the approach converges successfully
when provided with an appropriate u(0). In these experiments, we extended the control optimization
at the first iteration, performing a longer optimization using the approximate model to compute the
initial condition. Alternative strategies such as machine learning methods trained on synthetic data
from the approximate model could potentially provide better initial conditions more efficiently by
learning an inverse mapping from target pulses to control inputs.

6 Conclusions

We introduced a differentiable, physics-based framework for adaptive control of complex laser
systems, achieving precise pulse shaping and robust adaptation to drift, nonlinearities, and hardware
imperfections. The alternating system identification and control optimization enables efficient tuning
of thousands of parameters. Modular and physics-agnostic, the framework generalizes to other high-
dimensional physical systems and can integrate with neural network accelerators or reinforcement
learning. This approach paves the way for robust, scalable control of sophisticated scientific and
industrial systems.
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A Adaptive Pulse Shaping Algorithm

The adaptive pulse shaping procedure alternates between system identification and control opti-
mization. Both subroutines are based on gradient methods and are here implemented by Adam
optimizers with a global learning rate schedule. The control parameters are initialized using the
Fourier transform of the target pulse amplitude, providing a physics-informed starting point that
assumes linear propagation. The system identification step uses a sliding buffer of the most recent B
measurements.

Algorithm 1 Adaptive Pulse Shaping

1: Input: Initial model θ(0), target y⋆, buffer size B, control constraints U , max iterations niter

2: Initialize control u(0) = F(
√
y⋆), measurement buffer B = ∅

3: for k = 0, 1, 2, . . . , niter − 1 do
4: Acquire measurement y(k)exp = F (u(k))

5: Update buffer B ← B ∪ {(u(k), y
(k)
exp)}, keep most recent B pairs

6: θ(k+1) ← SYSTEMIDENTIFICATION(B, θ(k))
7: u(k+1) ← CONTROLOPTIMIZATION(y⋆, θ(k+1), u(k))
8: if ∥f(u(k+1), θ(k+1))− y⋆∥2 < εglobal then break
9: end for

10: Output: Optimized control u⋆ and model parameters θ⋆
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Algorithm 2 Subroutine: SYSTEMIDENTIFICATION(B, θinit)

1: Input: Buffer B, initial parameters θinit, max iterations nsys_id, tolerance εθ
2: Initialize θ ← θinit, Adam optimizer Adamθ

3: for j = 0, 1, . . . , nsys_id − 1 do
4: Compute loss Lθ = 1

|B|
∑

(ui,yi)∈B ∥f(ui, θ)− yi∥22
5: Compute gradient gθ ← ∇θLθ

6: Update θ ← Adamθ(θ, gθ, ηθ)
7: if ∥gθ∥2 < εθ then break {Early stopping}
8: end for
9: return θ

Algorithm 3 Subroutine: CONTROLOPTIMIZATION(y⋆, θ, uinit)

1: Input: Target y⋆, model parameters θ, initial control uinit, max iterations noptim, tolerance εu
2: Initialize u← uinit, Adam optimizer Adamu

3: for j = 0, 1, . . . , noptim − 1 do
4: Compute loss Lu = ∥f(u, θ)− y⋆∥22 + λR(u)
5: Compute gradient gu ← ∇uLu

6: Update u← Adamu(u, gu, ηu)
7: Project onto constraints u← ProjectU (u)
8: if ∥gu∥2 < εu then break {Early stopping}
9: end for

10: return u

The global learning rate scheduler updates ηθ and ηu based on cosine annealing with warmup.
The regularization term R(u) penalizes filter magnitude away from the spectral center, promoting
physically plausible shaping profiles. It is defined as

R(u) =

N∑
i=1

|ui|2
[
1− exp

(
−
(
ωi − ωcenter

∆ω

)8
)]

,

where ωi denote the discrete frequencies associated with each control parameter, ωcenter is the central
frequency of the pulse spectrum, and ∆ω represents the effective spectral bandwidth.

Based on the system’s physical characteristics, we set ∆ω = 5 × 1011,Hz (corresponding to
approximately 2 nm at 1030 nm). This regularization suppresses excessive modulation at the spectral
edges—where shaping has limited physical impact and higher sensitivity to noise—while maintaining
flexibility near the spectral region of interest. The control solutions are always constrained by the
defined hardware limits U .

The variable εglobal acts as the primary stopping condition for the entire adaptive pulse shaping proce-
dure, while the individual subroutines, SYSTEMIDENTIFICATION and CONTROLOPTIMIZATION,
have their own internal stopping criteria (εθ and εu) to determine if they’ve found a good solution.

B Photoinjector Laser

The front-end of the laser system is composed of a Yb-fiber mode-locked oscillator, a passive fiber
stretcher, a fiber-coupled spatial light modulator (SLM), and Yb-fiber amplifiers. This setup generates
a pulse train at a center wavelength of 1030 nm. The output is then fed into a Yb:YAG power amplifier.
After compression, the pulse is up-converted to a 257.5 nm wavelength via two stages of second
harmonic generation using LBO and BBO crystals. A separate Yb-fiber amplifier generates 150 fs,
1030 nm pulses to characterize the power amplifier output using a second harmonic generation (SHG)
cross-correlator.

Our differentiable model replicates the photoinjector laser system from oscillator output to the
cross-correlation measurement point. The layout of the modeled laser is shown in Figure 1(a).
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The input pulse in the model is defined as a transform-limited Gaussian pulse with a duration of 600
fs. While this is not necessarily representative of the oscillator pulse, it provides a convenient starting
point, and the system identification algorithm optimizes it through a learnable spectral filter module.

Similarly, at the input of the SLM, we account for wavelength-dependent imperfections and potential
nonlinearities by introducing a learnable transfer function, which is also optimized during system
identification.

For the solid-state power amplifier, the complex gain dynamics and spectral filtering are simplified
to a static Gaussian bandpass filter with an initial bandwidth of 2 nm. This captures the dominant
spectral narrowing effect while significantly reducing computational complexity.

In all cases, the model leverages learnable components to adaptively correct for system imperfections,
ensuring an accurate and flexible representation of the physical laser system.

Details about the photoinjector system can be found in [6].
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