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We introduce a Bayesian framework for measuring spatiotemporal couplings in
ultraintense lasers that reconceptualizes what constitutes a “single-shot” measurement.
Moving beyond traditional distinctions between single- and multishot devices, our
approach provides rigorous criteria for determining when measurements can truly
resolve individual laser shots rather than statistical averages. By contextualizing single
measurements, this framework shows that single-shot capability is not an intrinsic
device property but emerges from the relationship between measurement precision and
predictability. Implementing this approach with a custom measurement device at the
ATLAS-3000 petawatt laser, we provide quantitative uncertainty bounds on pulse front
tilt and curvature. Notably, we observe that our Bayesian method reduces uncertainty
by up to 60% compared to traditional approaches. Through this analysis, we reveal
how the interplay between measurement precision and intrinsic system variability
defines achievable resolution-insights that have direct implications for applications
where precise control of laser–matter interaction is critical.

ultraintense lasers | laser metrology | Bayesian inference | spatiotemporal couplings

The characterization of complex physical systems presents a fundamental challenge
in metrology: how to capture high-dimensional information using inherently limited
measurement devices. This challenge is exemplified in ultraintense lasers, where petawatt-
scale powers and focused intensities exceeding 1023 W/cm2 push the boundaries of
measurement capabilities (1, 2). The field of a laser pulse in vacuum is characterized
by its intensity and phase along the coordinates perpendicular to its propagation axis
and measured along time or frequency. Many diagnostics focus on measuring specific
projections or cross-sections, such as a nearfield profile and spectrum for intensity, or a
wavefront and chirp for phase. However, such measurements are oblivious to correlations
between dimensions. The simplest example of such spatiotemporal couplings (STCs) is
the laser pulse front tilt (PFT), which compares the orientation of the pulse to its
propagation direction. It is equal to angular dispersion in the spectral domain and
hence only apparent when a spectrally resolved wavefront is measured (3). Traditional
approaches using sequential scanning techniques (4–13) are strictly only suitable when
laser systems exhibit neither drifts nor significant shot-to-shot fluctuations. When these
conditions are not met, “few-shot” methods like FALCON (14) and IMPALA (15)
trade resolution for acquisition time. For true instantaneous characterization, the field
has pursued “single-shot” measurements, though this ideal often proves elusive and
comes with significant trade-offs (16–20). Crucially, all current methods lack uncertainty
quantification (21)-particularly important as the measurement precision is typically near
the observable level of intrinsic fluctuations.

These challenges prompt us to reconsider laser characterization through the lens of
Bayesian inference. For an isolated pulse absent any prior knowledge of its properties,
capturing all information in a single shot offers clear advantages. However, many
real-world scenarios involve contextual knowledge about the laser, be it from system
specifications, previous measurements, or characteristic drift patterns. This is why, in our
framework, each measurement represents an update to our understanding of the system,
building upon prior information rather than starting from scratch.

Consider FALCON or other techniques (3, 22, 23), that measure wavefronts
sequentially at different wavelengths: Is it “single-shot” because it takes an image every
shot, or “multishot” because it needs multiple measurements for full spectral coverage?
After how many filters is a measurement “complete”? Such questions have no clear
answer in traditional frameworks. Rather than attempting to capture all information
in one shot, we recognize that laser systems typically exhibit dynamics at separated
time scales: slow drifts over minutes to hours and rapid fluctuations above the laser’s
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repetition rate. While slow evolution can be predicted using
time series models (24), high-frequency components manifest
as stochastic shot-to-shot variations requiring instantaneous
measurement. This distinction provides rigorous criteria for
determining when measurements can truly resolve individual
laser states rather than statistical averages. Understanding these
shot-to-shot variations is crucial, especially for applications that
make use of tailored STCs, ranging from particle acceleration
(25–27) to attosecond pulse generation (28, 29).

In this paper, we present a rigorous mathematical framework
demonstrating how “single-shot” capability emerges from the
relationship between measurement precision and intrinsic system
variability. Section 1 provides analytical tools for studying
measurement system behavior and parameter estimation, while
Section 2 showcases a demonstration for spatiotemporal coupling
measurements in ultraintense lasers using a simple, custom-made
single-shot diagnostic that is a derivative of FALCON, including
a full probabilistic treatment.

1. Theory

As mentioned earlier, we describe the evolution of any measured
parameter as a combination of deterministic and stochastic
components. More formally, the state of any parameter x at
times tk can be modeled as

xk = f (tk) + "k [1]

as shown in Fig. 1. There f (tk) represents predictable changes
in the system. In later sections in this paper, we will approximate
this function by its instantaneous state plus the first-order linear
instantaneous trend. "k ∼ N (0, �2

stoch) are independent, nor-
mally distributed random variables characterizing shot-to-shot
fluctuations. The normal distribution naturally arises here as the
aggregate effect of many small independent fluctuations tends to
be normally distributed due to the Central Limit Theorem. The
variance parameter �2

stoch characterizes the intrinsic stochasticity
of the system, that is, fluctuations that cannot be predicted ahead.

Each measurement yk comes with its own uncertainty,

yk = xk + �k = f (tk) + "k + �k, [2]

where �k ∼ N (0, �2
meas) is the measurement noise. This mea-

surement uncertainty, combined with the intrinsic stochasticity,
determines our ability to resolve changes in the system state.
Understanding this interplay requires a Bayesian perspective,
where each measurement updates our knowledge of both the
deterministic and stochastic components.

1.1. Bayesian State Updates. This section will go through basic
concepts of Bayesian inference (30) required for our framework.
The subsequent sections present our original work.

At the heart of Bayesian inference lies Bayes’ theorem, which
provides a formal method for updating our beliefs about a state
variable xk given new measurement data yk:

p(xk|yk) =
p(yk|xk)p(xk)

p(yk)
[3]

Here, p(xk|yk) is the posterior probability (our updated belief),
p(yk|xk) is the likelihood (the probability of observing the
measurement given the state), p(xk) is the prior probability (our
initial belief), and p(yk) is the evidence (a normalization factor).
We make the recursive Markov assumption for the prior, i.e. that

Fig. 1. Decomposition of measurements into deterministic and stochastic
components. The dashed black line shows the predictable trend f (t), while
the blue density represents the measurement spread due to intrinsic
stochasticity. The Inset shows a zoomed region with individual measurements
(blue dots) and their statistical distribution (histogram), demonstrating how
the stochastic component "k ∼N (0, �2

stoch) manifests in the measurements.

each new state depends only on the immediately previous state,
not the entire history of states. The evidence can be expressed as
an integral over all possible values of the state

p(yk) =
∫

p(yk|xk)p(xk)dxk. [4]

In practice, solving this integral can be challenging. But given
a Gaussian model for both the stochastic component and
measurement uncertainty, we can solve Eq. 3 analytically due to
the self-conjugacy of Gaussian distributions. For Gaussian dis-
tributions, with prior p(xk) = N (�k|k−1, �2

k|k−1) and likelihood
p(yk|xk) = N (xk, �2

meas), the posterior is proportional to:

p(xk|yk) ∝ exp

(
−

(xk − �k|k−1)2

2�2
k|k−1

−
(xk − yk)2

2�2
meas

)

Here, �k|k−1 and �2
k|k−1 represent our prediction (prior) estimate

and uncertainty before the k-th measurement, while yk is the
observed measurement, and �2

meas represents the measurement
uncertainty. Completing the square in the exponent, such that it
takes the form of a singular Gaussian, shows that the mean �k|k
and variance �2

k|k of this posterior Gaussian distribution—hence
after the measurement—are given by

�k|k = (1− 
k) · �k|k−1 + 
k · yk [5]

�2
k|k =

(
1

�2
k|k−1

+
1

�2
meas

)−1

= 
k�2
meas [6]

Here, we introduced the update weight 
k


k =
�2
k|k−1

�2
k|k−1 + �2

meas
. [7]

Note that the prior mean �k|k−1 and variance �2
k|k−1 are based

on our prediction of what to expect; see Section 1.6. The lower
limit on the prior variance is given by the unpredictable intrinsic
stochasticity �stoch of the system.
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1.2. Asymptotic Behavior and Measurement Regimes. The up-
date weight defined in Eq. 7 encapsulates several key insights.
First, it quantifies how our uncertainty evolves with new measure-
ments, accounting for both our prior knowledge and the system’s
inherent variability. Second, it reveals the interplay between
measurement precision and intrinsic stochasticity in determining
our final uncertainty. The behavior of this equation in limit cases
reveals its consistency with established principles. As our prior
variance �2

k|k−1 → ∞, representing complete initial ignorance,
we recover the classical result for the posterior variance: �2

k|k ≈

�2
meas. When �2

stoch → 0, indicating a deterministic system,
n repeated measurements can reduce uncertainty indefinitely
following �2

posterior = �2
meas/n. This can be deducted by using

the posterior of the previous measurement �2
k−1|k−1 as the new

prior �2
k|k−1 in Eq. 6, starting with the �2

meas and repeating it n
times.

Between these cases, for �2
stoch > 0 and a sequence of “single-

shot” measurements, the asymptotic behavior of our system
reveals a stationary solution for which the posterior variance
ceases to reduce further:

�2
∞|∞

=

√
1 + 4(�2

meas/�2
stoch)− 1

2
· �2

stoch

=
1− 



· �2

stoch [8]

This is shown in Fig. 2.
This asymptotic limit delineates a critical threshold when

�2
meas = 2�2

stoch, distinguishing two regimes of measurement
capabilities:

Distribution-Centric Regime (�2
meas > 2�2

stoch): In this
regime, the prediction relies more on the prior and the posterior
variance remains always greater than the inherent system
variability. For �2

meas � �2
stoch the limit is approximately

�2
∞|∞
≈ �stoch · �meas = �2

stoch · (�meas/�stoch). In this regime
of precision, there is no fundamental advantage of a single-
shot device except for shorter measurement time, because a

Fig. 2. Evolution of the normalized posterior SD (�posterior/�meas) over
iterations for different ratios of process to measurement noise (�stoch/�meas,
shown by color). Solid lines represent the Bayesian update process, while
dashed lines indicate the corresponding asymptotic limits. The convergence
rate and final value depend strongly on the noise ratio, with the dotted line
indicating the ideal trend for vanishing intrinsic stochasticity.

multishot device can accumulate equivalent information about
the average properties of the laser over time.

State-Resolving Regime (�2
meas < 2�2

stoch): In this regime, we
achieve sufficient precision to meaningfully distinguish single
shots. Here, a measurement can provide information about
the instantaneous system state that allows our knowledge to
surpass its average behavior, i.e. �2

∞|∞
< �stoch. Note that

the stationary solution of the update weight in this regime

 = �2

∞|∞
/(�2
∞|∞

+ �2
meas) > 0.5, meaning during Bayesian

inference, the measurement weight amounts to more than
50% and the prior contribution falls below 50%; so, a single
measurement in this regime takes less advantage of prior
information.

This threshold helps us to better understand what truly consti-
tutes “single-shot” measurement devices. Rather than being an
intrinsic property of the measurement apparatus, the single-shot
capability is now understood as a relationship between mea-
surement precision and intrinsic stochasticity. Instead of relying
on arbitrary definitions of measurement completeness, we can
now precisely quantify when a device can meaningfully resolve
individual system states. While there is certainly a significant
practical advantage in acquiring as much diverse information as
possible within a single shot, additional information only emerges
as the measurement precision crosses this critical threshold
relative to the system’s inherent variability. Our analysis also
confirms the intuitive notion that a state-resolving device must
inherently rely more on the data from a single measurement than
on prior information. Note that this is a general statement that
includes any type of prior information, including sophisticated
artificial neural network prediction.

1.3. Relationship Between Noise and Sampling Frequency. A
critical aspect in laser metrology is understanding the interplay
between intrinsic stochasticity �2

stoch and our measurement
paradigm. What appears as stochastic noise in a laser system
often represents deterministic processes occurring at timescales
beyond our measurement resolution. This phenomenon can lead
to a deterministic, dynamic system masquerading as a stationary,
stochastic one if the sampling frequency is insufficient. This is
analogous to aliasing in signal processing, where undersampling
can lead to misinterpretation of high-frequency components
as lower-frequency variations. To better understand this, we
consider the relationship between our measurement frequency
and the characteristic frequencies of the laser system’s dynamics.

In its asymptotic limit, the Bayesian update Eq. 5 behaves like
an exponential moving average filter with the update weight 

as time constant. The frequency response of the system is then
given as

‖H(!/!s)‖2 = 
2/(1−2(1− 
) cos(!/!s)+ (1− 
)2), [9]

where !s is the sampling rate. From this equation, we see
how a smaller update weight leads to the attenuation of higher
frequencies and thereby obfuscates dynamics; see Fig. 3. At
our regime threshold, we find that the Nyquist frequency
!s/2 is attenuated to about 67%. We can roughly quantify
the ability to resolve frequencies using the cutoff frequency
!c = arccos((
2 + 2
 − 2)/(2
 − 2))!s for which the spectral
power decays to ‖H(!c/!s)‖2 = 1/2. Shot-to-shot dynamics
at frequencies above this cutoff tend to not be resolved and will
appear stochastic.

The concept of intrinsic stochasticity, therefore, emerges as a
relative construct, intricately tied to our measurement capabilities

PNAS 2025 Vol. 122 No. 43 e2510645122 https://doi.org/10.1073/pnas.2510645122 3 of 10
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Fig. 3. Frequency response |H(!/!s)|2 as a function of normalized
frequency !/!s and update weight 
. This plot illustrates how the system’s
frequency response changes with different update weights, highlighting the
trade-off between noise reduction and dynamic response in the Bayesian
inference process.

rather than an absolute property of the laser system. In practical
terms, a 1 Hz laser system may for instance exhibit fluctuations
at tens or hundreds of Hz due to mechanical vibrations. As
the laser’s repetition rate, and with it the minimum sampling
rate, lies below these frequencies, these deterministic oscillations
manifest as apparent randomness in our measurements. This
effect propagates across timescales: As we increase reliance on
prior measurements, we inevitably sacrifice frequency resolution,
potentially misclassifying even slower drifts as “noise.”

This perspective reframes our understanding of intrinsic
stochasticity within the context of laser metrology as a delineation
between deterministic and probabilistic modeling. This bound-
ary is not fixed but dynamic, shaped by our measurement capabil-
ities and analysis methods. As we enhance our ability to resolve
and model faster laser dynamics, we expand the deterministic
realm of our understanding. Conversely, unresolved dynamics—
whether due to sampling limitations or genuinely stochastic
processes—fall into the domain of intrinsic stochasticity. This
perspective transforms the intrinsic stochasticity estimation from
a mere quantification of uncertainty into a crucial tool for defin-
ing the limits of our predictive capabilities. It determines whether
we can make precise statements about individual laser shots or
must resort to statistical predictions about consecutive shots.

1.4. Estimating Intrinsic Stochasticity. With this refined under-
standing of noise in laser systems, we can now discuss how to
learn to delineate the boundary between resolved dynamics and
unresolved fluctuations in the laser’s behavior.

Given knowledge of the measurement noise, typically obtained
through device calibration (Sections 2–4.3), we can estimate
the intrinsic stochasticity by leveraging the discrepancy between
what we predict and what we observe. This residual serves as
a measure of model misspecification and forms the foundation
of our adaptive estimation framework. Note that this step uses
a quasi-deterministic prediction, meaning that uncertainty of
trend components in the reconstruction is assumed as negligible
compared to the instantaneous stochastic noise, which allows
for real time analysis. Otherwise, a joint inference would be
necessary, which is computationally far more expensive. For
simplicity, we again sketch the derivation for a single variable
with �meas and �2

meas as the mean and variance of the current

measurement, as well as �posterior and �2
posterior as the updated

estimates for the parameter and its variance.
The residual Δ� is the difference between the predicted state

mean and the measurement mean

Δ� = �meas − �pred [10]

and the variance of the residual combines the variances of the
prediction and the measurement

�2
Δ� = �2

pred + �2
meas ≈ �

2
k|k + �2

stoch + �2
meas [11]

The approximation used here is motivated in Section 1.6. From
here, the likelihood of the measurement given the current model
state is

p(Δ�, �2
Δ�) =

1√
2��2

Δ�

exp

(
−

(Δ�)2

2�2
Δ�

)
[12]

The question is how to change �2
stoch to maximize the

likelihood. For this, we consider the roots of the log-likelihood

∂ log p(Δ�, �2
Δ�)

∂�2
stoch

= 0

Solving this equation, while dropping the dependency of �2
k|k on

the intrinsic stochasticity itself in Eq. 6 as higher-order effect, we
find the rather intuitive result

�2
stoch ≈ (Δ�)2

− �2
k|k − �

2
meas. [13]

However, this example only considers a single measurement,
which is clearly insufficient to estimate the actual value of �2

stoch;
even for a perfect prediction of the mean and no measurement
noise the residual is only a sample from the distribution Δ� ∼
N (0, �2

stoch). Assuming that the intrinsic stochasticity is constant
or slowly varying, we can use a sequence of n measurements to
achieve an estimate with variance �2

stoch/n.
It should be noted that the sample variance of the residuals

can sometimes be smaller than the sum of the known variances.
This can lead to physically meaningless results. Even with this,
a variance matrix needs to be positive semidefinite, which might
not be the case all the time with this simple approximation.
Therefore, we use this analytic equation as a starting point to
fit the intrinsic stochasticity by maximizing the log-likelihood
numerically via Stochastic Gradient Descent. For simplicity we
do not model correlations between modes and hence assume the
intrinsic stochasticity matrix to be diagonal.

Taking into account that our model f̂ (tk) is imperfect, we can
interpret Eq. 13 as

�̂2
stoch = Var(xk − f̂ (tk))− �2

meas [14]

to find our imperfect description �̂2
stoch of the true stochastic

noise �2
stoch,true. It can be deducted that

�̂2
stoch ≥ �

2
stoch,true [15]

Hence, the reconstructed �̂2
stoch is an upper bound for the

true value. Intuitively speaking, the repetition rate of measure-
ments influences whether some deterministic processes might

4 of 10 https://doi.org/10.1073/pnas.2510645122 pnas.org

D
ow

nl
oa

de
d 

fr
om

 h
ttp

s:
//w

w
w

.p
na

s.
or

g 
by

 U
N

IV
E

R
SI

T
Y

 O
F 

O
X

FO
R

D
 o

n 
N

ov
em

be
r 

4,
 2

02
5 

fr
om

 I
P 

ad
dr

es
s 

16
3.

1.
20

3.
21

7.



be absorbed into the stochastic noise but could have been
resolved if measured at smaller timescales. However, we obtain
a conservative estimate of stochasticity, which translates directly
to a stricter bound on measurement requirements, ensuring our
conclusions remain valid.

This estimation of intrinsic stochasticity is deeply intertwined
with our ability to separate deterministic and stochastic compo-
nents. The decomposition is only meaningful if we can accurately
estimate the deterministic component f (tk) - otherwise, errors in
estimating f (tk) will be absorbed into our estimate of "k, leading
to biased estimates of �2

stoch. The challenge becomes particularly
acute in the state-resolving regime identified in Section 1.2:
When our measurement precision is sufficient to resolve indi-
vidual states, each measurement captures not just f (tk) but also
(part of) the instantaneous stochastic fluctuation "k. Using such
measurements directly for prediction would erroneously treat
these random fluctuations as part of the deterministic evolution.
Because of this, pure state-space models like the adaptive Kalman
filter (31) are not applicable to our problem; they systematically
overestimate the system’s noise. To address this, in the next
section, we focus on estimating the deterministic component of
the system evolution, before combining it with our stochasticity
estimates to form a complete prediction model.

1.5. Local Linear Approximation. For sufficiently small time
intervals Δt, we can approximate the deterministic evolution
locally by a linear function:

f (tk + Δt) ≈ xk + vkΔt, [16]

where xk represents the true state and vk the instantaneous rate
of change. This linear approximation is valid when changes in
the deterministic component are small compared to stochastic
fluctuations, i.e., |vkΔt| � �stoch. Under this condition, any
errors from nonlinear behavior are negligible compared to the
intrinsic stochasticity we aim to characterize. Using Holt’s
linear exponential smoothing (32) with additive trends as robust
framework for tracking evolving systems while filtering out noise,
our best estimate x̂k of this state evolves as

x̂k+1 = (1− �) · [x̂k + v̂kΔt] + � · �k|k [17]

v̂k+1 = (1− �) · v̂k + � ·
x̂k+1 − x̂k

Δt
, [18]

where �k|k is the posterior mean from our measurements up to
time tk. The parameters � and � are learned by maximizing the
log-likelihood over a finite window:

(�̂, �̂) = argmax
�,�

N∑
k=1

log p(yk|x̂k(�, �))

= argmin
�,�

N∑
k=1

(yk − x̂k(�, �))2, [19]

where the equality follows from our Gaussian assumptions.
By using a finite window, we assume local stationarity of the
parameters while allowing the model to adapt to changes in
system behavior. Note that our model assumes that variances are
approximately constant, which is the case once the measurement
system approaches the steady state discussed in Section 1.2.

More sophisticated approaches to learn f (t) could be con-
sidered. Higher-order models or neural networks, for instance,
could learn complex temporal patterns in the system’s evolution.

However, such approaches come with their own drawbacks: The
more complex the model, the more additional parameters need
to be estimated, potentially making the decomposition between
deterministic and stochastic components less stable. Fitting more
parameters allows for a seemingly larger fit accuracy, however
the precision would go down as the overall uncertainty would
rise simultaneously. This would counteract the requirement for
the adaptive intrinsic uncertainty estimation, which requires a
quasi-deterministic prediction. A related effect of more complex
models is the potential confusion between genuine patterns and
spurious correlations in the noise. As our experimental results
in Section 2.2 demonstrate, the local linear model provides
a pragmatic balance that can accurately separate predictable
changes from stochastic variations, while its simple, recursive
structure makes it compatible with real-time evaluation.

1.6. Prediction Model. Combining our local linear approxima-
tion from Section 1.5 with the estimated stochastic component
from Section 1.4 according to Eq. 1 yields a probabilistic
prediction model, whose mean follows the deterministic model,
i.e., �k+1|k = x̂k+1.

The prediction’s variance is calculated as the combination of
the uncorrelated uncertainties of the noise and the local linear
model:

�2
k+1|k = �2

stoch + �2
pred(Δt) [20]

Here, the prediction uncertainty would generally be

�2
pred = �2

k|k + (Δt)2�2
v + 2Δt�xv, [21]

where �2
v and �xv are model parameter uncertainties. Here, we

assume that the model noise is dominated by our uncertainty in
the true state, given by our posterior variance �2

k|k, and we can
drop the uncertainty on the trend of the local linear model. This
is justified because a) we use a simple model with small parameter
uncertainty and b) when the time interval Δt is sufficiently
small. This condition is typically satisfied in our application,
where measurement rates are high compared to the timescale
of systematic drifts. Even when this approximation introduces
some error, it manifests as an apparent increase in the estimated
intrinsic stochasticity, ensuring our uncertainty estimates remain
conservative (cf. Eq. 15). From this follows:

�2
k+1|k ≈ �

2
stoch + �2

k|k [22]

The probabilistic predictions from this combined model serve
as our prior for subsequent Bayesian state updates, completing
the loop back to Section 1.1.

2. Experiment

We now apply the Bayesian framework developed in the last
section to the measurement of spatiotemporal couplings in
a petawatt laser. We demonstrate single-shot sensitivity to
spatiotemporal couplings of the ATLAS-3000 petawatt laser
using a new, simple measurement device. Information about the
experimental setup at the ATLAS-3000 laser as well as the applied
Bayesian modal reconstruction, the calibration and measurement
noise estimation can be found in Materials and Methods.

2.1. Single-Shot Measurements Using Mosaic Filter Array. In
ref. 14, we introduced FALCON, an approach to reconstruct
spatial temporal couplings based on measurements of the entire
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Fig. 4. Single-shot FALCON, consisting of a mosaic bandpass filter array in
front of a microlens array placed in effective focal length in front of the
camera. The Inset on the Bottom Right shows the corresponding spectral
transmission of the mosaic filter array, measured with a spectrophotometer.
Magnified is a raw image with filter positions marked in their respective
colors. Note that the weaker signal behind the filters centered at around 765
and 845 nm is due to the spectrum of the ATLAS laser.

wavefront at frequencies selected with narrowband filters. While
simple and fast compared to established schemes, the method
requires on the order of ∼10 to 50 shots, to a) scan through
different spectral filters and b) to have enough statistics to
suppress noise due to pointing jitter within the measurement set.

To alleviate this problem, we introduce a single-shot variation
of the technique that promises easy experimental implemen-
tation. The key idea is that the Zernike modes cover the
full spatial domain of the measurement—as opposed to the
pixel basis (which is often applied in the zonal reconstruction
approach). This means that one can in principle (given a noise-
free environment) use a subaperture measurement to deduce the
entire wavefront. By filtering each subaperture with different
spectral filters, we can then measure spatiotemporal couplings. In
practice the inevitable noise limits our measurement capabilities
to low Zernike order STCs, which depends on the size of the
subapertures. However, the fact that we measure a pulse that
is confined to a small spatial and temporal volume in the focal

plane (it is focus-able) guarantees that low-order STCs are the
dominant ones.

In this subaperture measurement approach, a mosaic filter
array divides the wavefront into a series of subapertures Ai (where
i indexes the subaperture), each with its own narrowband filter
characterized by a central wavelength !i. The array consists of
nine bandpass filters by Omega Optical, glued together into a
3 × 3 array (33). The device is sketched in Fig. 4. The nine
bandpass filters cover the spectral range from 760 nm to 840 nm;
seeBottomRight of Fig. 4 for spectrophotometer measurements of
their transmission curves. The arrangement allows us to measure
the wavefront in different sections of the beam for different
colors. Our analysis shows that this configuration is well suited
to measure pulse front tilt and curvature, in particular.

To ensure the accuracy of this Single-Shot FALCON device, it
was validated against FALCON measurements in test scenarios
with a broadband fs-oscillator. It should be noted that, before
measuring with the Single-Shot FALCON, it is beneficial to
measure the wavefront once to ensure that no high-order spatial
distortions are present that could be misinterpreted as lower-order
spatiospectral effects. More specifically, if one uses a FALCON
or similar device to measure the full spatiospectral phase at the
start, this can be used as a prior on the Single-Shot FALCON
measurements instead of a flat phase. A more detailed explanation
about the validity of Single-Shot FALCON reconstructions can
be found in SI Appendix.

Note that an alternative implementation of a single-shot device
could be to use a beamsplitter, e.g., a diffractive optical element
(DOE) (33), and to spectrally filter individual copies of the entire
beam. However, the introduction of a DOE would increase
complexity and cost of the setup. In contrast, the solution
presented here is based on the addition of a single optical element,
the mosaic filter, in front of an existing wavefront sensor, making
it simple to implement and use.

2.2. Single-Shot Measurements of STCs. To demonstrate our
diagnostic, we monitored the change of the STCs of the ATLAS-
3000 Laser during continuous operation for about two hours.
During this time, the laser system was not actively changed,
but still subject to thermalization and other types of drifts.
The preprocessed local phase gradients from the Single-Shot
FALCON supporting this paper are available (38).

Fig. 5. The evolution of the pulse front tilt (Left) and linear-frequency dependent-coma (Right) prediction (=prior) values together with the intrinsic stochasticity.
The zoomed sections add the posterior mean as well as the pseudoinverse (Pinv) as introduced in Materials and Methods in Eqs. 28 and 29. The Pinv solution
also shows the measurement noise in the coefficient space as error bars. The histograms show the spread of the residuals as well as the equivalent Gaussian
distribution obtained from our estimate Eq. 11.
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Fig. 6. Estimated intrinsic stochasticity and update weight for PFT (Top)
and linear coma (Bottom) as a function of time. The estimated intrinsic
stochasticity �̂2

stoch is calculated as described in Section 1.4 and is equivalent
to the size of the gray area in Fig. 5. The update weight is calculated as shown
in Eq. 7. In both plots it can be seen that the update weight and the estimated
intrinsic stochasticity correlate as one would expect and a higher value for
the latter guarantees that the new measurement is weighted more.

We used a sampling frequency!s = 0.1 Hz and a sliding win-
dow size N = 20 to fit both the stochasticity and the local linear
model. This covers about 3 min. Parameter optimization yields,
on average, �̄ = 0.1596 and �̄ = 0.0080. These values are easier
interpreted as “half-life” periods: The level component (�) has a
half-life of about 40 s, meaning that the influence of any measure-
ment on the estimated state decays to half its original value after
this time. The trend component (�) has a much longer half-life
of approximately 14.4 min, indicating that—on the timescale
of the measurements—trend changes slowly. The results for
the prediction mean x̂ and the intrinsic stochasticity �stoch as
uncertainty on that value are exemplary shown for the PFT and
linear-frequency dependent-coma (linear coma) in Fig. 5.

It can be seen that there are dynamics on the longer timescales
that go beyond the laser’s intrinsic stochasticity. As discussed
in Section 1.3, if one would measure with a sampling rate at
this timescale the fitted intrinsic stochasticity would be larger,
as these dynamics would be incorporated into the stochasticity
estimate. To prove the legitimacy of these results, Fig. 5 also
shows a ten minute section together with the results of the
posterior mean as well as a result if only a least-squares solution�k
to the forward matrix—calculated using a pseudoinverse (Pinv)
approach as described in Materials and Methods with Eqs. 28 and
29—would have been calculated. It can be seen that the posterior
mean follows the least-squares results far more than the predicted
mean but its fluctuations stay at the same order as the determined
intrinsic stochasticity. This indicates that the predicted mean
together with the intrinsic stochasticity accurately represents
the intrinsic systems state with its uncertainty. The average
improvement of the posterior uncertainty compared to the
measurement uncertainty is about 54% and 60%, respectively.
The histograms show that the residuals match the distribution
(green curve) that one would expect from Eq. 11. Additional
plots for other modes can be found in SI Appendix.

Additionally, one can look at the change of the update weight
compared to the intrinsic stochasticity. The results are shown for
PFT and linear coma in Fig. 6. From both, it can be seen that the
update weight is directly correlated to the intrinsic stochasticity.
The update weights remain between bounds of 0.3 to 0.75 and
0.25 to 0.5 for PFT and linear coma, respectively. This implies
that for the PFT with this measurement setup we are at the edge
between a state-resolving and a distribution-centric regime. More
precisely, according to Eq. 9, state components are attenuated by
around 50% in this setting. This implies that there is a limited,
but nonzero advantage to having a “single-shot” device with
this measurement uncertainty looking. But a few- or multishot
device can also be a reasonable choice. However, only this gives
us an insight into the intrinsic stochasticity. For the linear coma,
we are entirely in the distribution-centric regime, whereas the
reconstruction for the Tilt (shown in SI Appendix) is entirely in
the state-resolving regime. This demonstrates the more nuanced
view provided by our framework.

For the PFT one can calculate the intensity loss in focus
�intensity due to the intrinsic stochasticity on the PFT by the
following analytic formula, adapted from ref. 34:

�intensity =

(
1 +

(
�PFT

stoch��D
0.84�0

))−2

[23]

Fig. 7. Logarithmic spectra for the prediction (=prior) mean �k|k−1, poste-
rior mean �k|k and pseudoinverse mean �k of the PFT (Top) and linear coma
(Bottom). This plot is obtained by Fourier transforming the corresponding
curves in Fig. 5. The frequency at which the curves separate can be seen as
the threshold at which long-term trends become less dominating and short-
term fluctuations take over. The Pinv mean includes all the measurement
noise and intrinsic stochasticity and hence has the strongest signal at short
timescales. The posterior mean dampens the influence of the measurement
noise but includes the intrinsic stochasticity. The prior mean only includes
the long-term trends.
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with �� = 30 nm being the bandwidth of the equivalent
Gaussian spectrum, D = 27cm the lasers diameter and �0 =
800 nm. As �PFT

stoch is between 0.005 and 0.02 μrad/nm, this
corresponds to 0.3 and 5.5% decrease in focus intensity. Hence,
if the prediction mean of the PFT would be compensated for by
adjusting the compressor grating angle, this would be the decrease
compared to an ideal flat-top beam. As these fluctuations can
not be compensated for due to their apparent stochastic nature,
this provides a lower limit for peak intensity fluctuations of an
otherwise perfect laser.

Last, Fig. 7 shows how the spectra for the predicted, posterior
and pseudoinverse mean of PFT and linear coma look like. It
can be seen that for low sampling rates the three shown curves
overlap whereas features at higher rates the pseudoinverse mean
gives the strongest signal and the predicted mean the lowest,
as expected. The point, where the three curves separate gives,
up to which timescales general trends are dominating and from
when on statistical fluctuations dominate. For the PFT, this is
at approximately 8 min and for the linear coma between 40 and
20 min. Notice also how the posterior’s frequency spectrum is
below the least square solution’s for high frequency modulations,
indicative of how the Bayesian update helps us to remove
measurement noise while still resolving the intrinsic stochasticity
of the system.

3. Conclusions and Outlook

In this work, we have introduced a Bayesian perspective on
laser characterization. In this approach, the very concept of
what constitutes a “single-shot” measurement is challenged and
instead, we argue that it is more suitable to distinguish between
the capacity to resolve the average state of the system versus
resolving stochastic shot-to-shot fluctuations. Along with this,
we have developed a rigorous framework that handles Bayesian
updates, as well as dynamic fitting of the system’s underlying,
predictable trends and unpredictable variability.

We have then applied the framework to the problem of mon-
itoring spatiotemporal couplings in a petawatt laser system. By
employing a modal reconstruction technique based on Zernike-
Legendre polynomials and a mosaic filter array combined with
a Shack–Hartmann wavefront sensor, we have demonstrated the
retrieval of key STCs from single measurements. Crucially, the
Bayesian framework allows us to obtain a posterior uncertainty
that is well below the pure measurement uncertainty.

Within this framework, it is also possible to see the mea-
surement problem from the other end. Instead of asking what
is the lowest reconstruction uncertainty given the measurement
uncertainty that we can achieve, one can ask which measurement
precision is necessary to reach a certain reconstruction precision,
given the obtained system knowledge. This can be seen as another
interpretation of Eq. 6:

�2
meas =

(
1

�2
posterior

−
1

�2
prior

)−1

[24]

In this sense, the intrinsic stochasticity included in the prior
can be seen as an inherent upper bound on the achievable
posterior uncertainty, with each measurement reducing this
toward a desired threshold. In an information theoretical view,
the measurement only needs to provide a limited amount of
new information, given by the information gain IG, which is the
difference in entropy before and after the measurement:

IG = H(prior)−H(posterior) [25]

=
1
2

(
log(detΣ2

prior)− log(detΣ2
posterior)

)
[26]

Future work will focus on extending the proposed approach
to more complex spatiotemporal field structures. Our framework
can both serve as input for predictive control algorithms for beam
stabilization and as an estimate for the amount of fluctuations
that cannot be corrected for. Crucially, while it might not be
possible to correct for all changes a priori, we can use the
a posteriori information from a state-resolving diagnostic to
remove uncertainty from physical models. For instance, shot-to-
shot information on pulse front tilt may serve as crucial input to
refine probabilistic models of laser wakefield accelerators (24, 35).

The framework itself can be developed further, for instance
using other basis functions or using Gaussian processes to model
both correlations in time and between variables. The availability
of uncertainty estimates allows the development of new, adaptive
diagnostic: The principles of Bayesian inference can be extended
beyond data analysis to inform the design of experiments
themselves as demonstrated for spectroscopy in ref. 36. Bayesian
experimental design aims to optimize measurement strategies to
maximize information gain, which could be particularly valuable
in the context of single-shot diagnostics where each measurement
is precious. Additionally, this framework can be adapted to
more sophisticated single-shot laser diagnostics like RAVEN
(37) that has far more measurement points than the Single-
Shot FALCON. It could also include additional data from
other diagnostic devices, and hence, a combined reconstruction
from multiple devices should be feasible. Similarly, it could also
improve few- or multishot diagnostics, where the additional
information of each shot is limited. The framework would enable
more accurate reconstructions within fewer shots.

In conclusion, our work has introduced a framework for
single-shot measurements of STCs, leveraging Bayesian inference
and prior knowledge to redefine the concept of single-shot
measurements. This paradigm shift opens up possibilities for
efficient and targeted optimization of high-power laser systems
and their applications.

4. Materials and Methods

4.1. Experimental Setup at the ATLAS-3000 Petawatt Laser. The ATLAS-
3000 laser is a Titanium:Sapphire (Ti:Sa) laser system, capable of a maximum
pulse energy of 90 J prior to compression. Post compression, the laser pulse
has a duration of 27 fs, categorizing its peak power in the Petawatt regime.
The beam diameter after the final expander measures 27 cm. For particle
acceleration experiments, the laser pulse can be delivered with full energy
or, for diagnostic purposes, significantly reduced energy by using a reflective
attenuator placed behind the final amplifiers and before the laser beam expander
and compressor. For the measurements presented in the following, the laser
was operated at 15.0 J before attenuation and compression. Since particle
acceleration experiments are highly sensitive to fluctuations in the laser intensity
profile, a diagnostic that allows measurement of spatiotemporal couplings on a
shot-to-shot basis is desirable.

Measurements are performed on a demagnified image of the laser’s near
field. For this purpose, we use a telescope consisting of a spherical mirror with
f1 = 10 m focal length, otherwise used for electron acceleration experiments,
combined with an f2 = 0.5 m achromatic doublet lens, followed by a 3:5
reimaging and demagnifying telescope. The laser enters the spherical mirror
under a small angle, and the resulting aberrations are precorrected using a
deformable mirror. The telescope images a plane of the near field approximately
5 m before the spherical mirror. The intermediate focus of the telescope has a
size of approximately 30 μm diameter. To calibrate the phase measurement,
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we place a motorized pinhole with 20 μm diameter at the focus position.
The beam is fully imaged on the in-vacuum Shack–Hartmann sensor with a
beam diameter of approximately 8 mm, corresponding to a demagnification
of 1 : 34.

4.2. Bayesian Modal Reconstruction. As introduced in ref. 14, the spa-
tiospectral phase Φ(x, y,!) of a laser pulse can be expressed in terms of the
Zernike-Taylor coefficients am,n, which are the equivalent of xk in the previous
sections:

Φ(x, y,!) =
∑
m,n,i

aim,n(!− !0)
i
· Zmn (x, y), [27]

where aim,n =
(
∂ iam,n/∂!i

)
!=!0

, !0 is the central frequency and Zmn are

the Zernike polynomials.
A frequency-resolving Shack–Hartmann wavefront sensor measures the

gradient of the spatiospectral phase, which can be related to coefficients
describing spatiotemporal couplings through a transfer matrix T:

Edk = T · Eak + En, [28]

where Edk is a vector containing the measured centroid positions and Eak is a
vector of the retrieved coefficients for spatiotemporal couplings. En describes
the noise of our measurement, which is assumed to be Gaussian. The natural
approach to solve this equation for Eak is to calculate the inverse of T. However,
as there are typically more measurement points Edk than coefficients Eak to be
reconstructed, T is nonsquare and only a so called pseudoinverse T+ can be
calculated numerically. The resulting reconstructed coefficients

Êak = T+ · Edk [29]

are equivalent to the least-squares solution of Eq. 28. With this simple
approach, the subaperture nature of our mosaic filter measurements introduces
an additional challenge. In a zonal reconstruction, this would be completely
impossible. In the modal approach, the transfer matrix becomes less well-
conditioned compared to full-aperture measurements, as we are attempting to
reconstruct global modes from a reduced set of local measurements. This poorer
conditioning makes the system more sensitive to noise, potentially amplifying
measurement uncertainties in the reconstruction. This is where our Bayesian
framework proves especially valuable. By incorporating prior knowledge about
the wavefront and properly accounting for measurement uncertainties, we can
achieve robust reconstruction even with partial aperture measurements. The
formalism outlined in the previous sections adapts naturally to the vectorial case
of reconstructing multiple Zernike-Taylor coefficients at once through matrix
equations, allowing us to properly weight the contribution of each subaperture
measurement while maintaining the global coherence of the reconstruction.
This approach transforms what might be an ill-conditioned inverse problem in
a traditional least-squares framework into a well-posed probabilistic inference
task. The equivalent of Eq. 5 becomes

Eak|k = (1− �k) Eak|k−1 + �k ·
(
T+Edk

)
[30]

and Eq. 6 becomes

�2k|k = (1− �k)�
2
k|k−1 (1− �k)

T + �k�
2
meas�k

T [31]

and the update weight Eq. 7 translates to

�k = �2k|k−1 ·
(
�2k|k−1 + �2meas

)−1
. [32]

In this notation, bold capital� and� represent the matrix versions of the scalar
variance � and update weight 
 , respectively.

4.3. Calibration and Estimating Measurement Noise. A key component to
the above formalism is knowledge of the measurement uncertainty �2

meas. The
matrix formalism allows us to calculate the variance on the coefficients given the
uncertainty of the local phase gradients En:

�2meas = T+nT+T , [33]

where n is the diagonal covariance matrix assigned to En. There are two types
of uncertainty that have to be considered. For obvious reasons, the foci spot
positions of a Shack–Hartmann can be determined only up to a certain precision
due to their finite width on a sensor. We use a combination of a local 2D
peak finder for coarse position determination followed by a 2D Gaussian fit for
subpixel accuracy. The second reason is that fitting a limited modal model to
a zonal detector setup cannot include artifacts at high spatial frequencies. This
could only be compensated by fitting high-order Zernike polynomials, which
showed to be numerically instable. Therefore, these high-order fluctuations
manifest as an uncorrelated noise term. This adds additional uncertainty to any
fit in the pixel base domain.

For our measurements, we used the Thorlabs MLA300-14AR microlens array
and the IDS U3-3992SE camera with a pixel size of 2.74 μm. From calibration
measurements, we estimate the accuracy in the focal spot position reconstruction
to 0.2 pixels. We assume this error for all well-illuminated pixels. While one
might want to consider photon noise, its influence is on the focal spot estimate
is difficult to estimate, so instead it was decided to remove individual microlens
spots with insufficient illumination from the reconstruction set. We estimate the
model fit uncertainty as an additional factor of 0.6 pixels.

Data, Materials, and Software Availability. Data have been deposited in
Zenodo (https://doi.org/10.5281/zenodo.16311477) (38). All other data are
included in the manuscript and/or SI Appendix.
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