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In a nutshell
§ Python based / Open-source / Fast / Well tested
§ Co-refinement of Neutron, X-ray (and ellipsometry) data
§ Scriptable/Jupyter notebooks - reproducible research
§ Standalone GUI
§ Bayesian analysis framework – posterior distribution for parameters, model selection, 

include prior knowledge in modelling system {nested sampling, MCMC}
§ Different fitting algorithms – differential evolution, Levenberg-Marquardt, etc
§ Batch Fitting
§ Parallelisable on cluster
§ MixedReflectModel – model patchy surfaces
§ Component - defines subset of SLD profile, uses physically relevant parameters
§ Interface – different types of roughness between Component
§ Various types of resolution smearing
§ Simulate NR datasets



Sources of Information
§ Source code - https://github.com/refnx/refnx

§ Issues, Contribute your changes
§ Documentation - https://refnx.readthedocs.io/en/latest/

§ Getting Started, FAQs, Examples, API reference, etc
§ Video tutorials - https://www.youtube.com/channel/UCvhOxwZsdFMGqSzasE0ZSOw
§ User contributed models/Component - https://github.com/refnx/refnx-models

§ ASK

https://github.com/refnx/refnx
https://refnx.readthedocs.io/en/latest/
https://www.youtube.com/channel/UCvhOxwZsdFMGqSzasE0ZSOw
https://github.com/refnx/refnx-models


New features/highlights

§ Energy dispersive Scatterers (ellipsometry/RSoXRR?)
§ Components

§ FreeformVFP
§ MaxEnt
§ LipidLeaflet

§ Detailed resolution smearing kernel
§ Simulate datasets from ToF reflectometers
§ MixedReflectModel (incoherent averaging)
§ Read ORSO files



MCMC sampling – 
emcee/ptemcee/dynesty/pymc

https://refnx.readthedocs.io/en/latest/emcee_pymc_dynesty.html

slices (head/tail regions), but the Spline has many thin slices
approximating the smooth curve. Each of these slices has
uniform SLD, with the Névot–Croce approach being used to
describe the roughness between them (Névot & Croce, 1980).

The Structure object is used to construct a Reflect-

Model object. This object is responsible for calculating the
resolution-smeared reflectivity of the Structure, scaling the
data and adding a Q-independent constant background [via
the scale and background Parameter objects; Q = (4!/
")sin(!), where ! is the angle of incidence and " is the
wavelength of the incident radiation]. There are different
types of smearing available: constant dQ/Q, point-by-point
resolution smearing read from the data set of interest or via a
smearing probability kernel of arbitrary shape (Nelson &
Dewhurst, 2014). The constant dQ/Q and point-by-point
smearing use Gaussian convolution, with dQ representing the
full width at half-maximum (FWHM) of a Gaussian approx-
imation to the instrument resolution function (van Well &
Fredrikze, 2005).

2.2. Model/data comparison

The Objective class is the comparator of the predicted
and measured reflectivities, using the ReflectModel and a
data set, Data1D, to calculate #2, log-likelihood [equation
(2)], log-prior, residuals and the generative model. The
Data1D object has x, x_err, y and y_err attributes to represent
Q, dQ, R and dR, respectively. As is standard for many
reflectometry data files, the Data1D object reads a three- or
four-column plain-text datafile. A three-column data set
represents Q (Å!1), R and dR (one standard deviation). A
four-column data set represents Q (Å!1), R, dR and dQ (Å!1).
dR is the uncertainty in the reflectivity, R, and dQ specifies the
FWHM of the instrument resolution function, for each data
point. Extending Data1D would allow other formats to be
read – at the moment there is no standardized data format for
reflectometry. One example of this could be a wavelength-
dispersive file using (!, ") data instead of Q, such as that used
in energy-scanned X-ray reflectometry, or sometimes
produced by wavelength-dispersive neutron reflectometers. In
such a case, ReflectModel could be subclassed to make full
use of this energy-dispersive information. The creation of a
standardized data format for reflectometry would facilitate
ingestion of data and allow other important information, such
as experimental metadata, to be used.

An Objective can be given a Transform object to
permit fitting as log10R versus Q or RQ4 versus Q; the default
(no Transform) is R versus Q. Several Objective objects
can be combined to form a GlobalObjective for co-
refinement. The object-oriented nature of the program allows
reuse of Parameter and Component objects, and this is the
basis for linking parameters between samples for co-refine-
ment. For a comprehensive demonstration of multiple-
contrast co-refinement, see the annotated notebook in the
supporting information.

2.3. Statistical comparison and model refinement

The Objective statistics are used directly by the
CurveFitter class to perform least-squares fitting with the
functionality provided by the SciPy package (Differential
Evolution, Levenberg–Marquardt, LBFGSB – limited
Broyden–Fletcher–Goldfarb–Shanno with bounds). Addi-
tional SciPy solvers can be added relatively simply and it
would be possible for other minimizers to use Objective

directly. CurveFitter can also perform Bayesian Markov-
chain Monte Carlo (MCMC) sampling of the system, exam-
ining the posterior probability distribution of the parameters
[equation (1)]. The posterior distribution is proportional to
the product of the prior probability and the likelihood (or the
sum of the log-probabilities):

pð$ j D; IÞ ¼ pð$ j IÞ pðD j $; IÞ
pðD j IÞ

; ð1Þ
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The prior, p($ | I), is the probability distribution function for a
parameter, $, given pre-existing knowledge of the system, I, as
outlined above. The likelihood [equation (2)], p(D | $, I), is
the probability of the observed data, D, given the model
parameters and other prior information. It is calculated from
the measured data, yn (with uncertainties %n), and the
generative model, ymodel, n. The likelihoods that are used here
assume that the measurement uncertainties are normally
distributed [equation (2)]. However, other types of measure-
ment uncertainties (e.g. Poissonian) could be implemented by
a subclass of Objective, overriding the log-likelihood
method. The model evidence, p(D | I), is a normalizing factor.

The posterior probability, p($ | D, I), describes the distri-
bution of parameter values consistent with the data and prior
information. In the simplest form, this is akin to a confidence
interval for a parameter derived by least-squares analysis.
However, when parameters are correlated, or two models give
a similar quality of fit (‘multi-modality’), a simple confidence
interval can be misleading. The posterior probability is
derived by encoding the likelihood and prior distributions and
then using an MCMC algorithm (via the emcee and ptemcee
packages) to perform affine-invariant ensemble sampling
(Foreman-Mackey et al., 2013; Vousden et al., 2016). At the
end of an MCMC run, the parameter set possesses a number
of samples (called a ‘chain’); the samples reveal the distribu-
tion and covariance of the parameters, the spread of the
model-predicted measurements around the data and, in a
reflectometry context, the range of SLD profiles that are
consistent with the data. The chain statistics are used to
update each Parameter value and assign a standard uncer-
tainty. For the sampling, these represent the median and half
of the [15.87, 84.13] percentile range, respectively; the latter
approximates the standard deviation for a normally distrib-
uted statistic.

The ptemcee package is a variant (a ‘fork’ in open-source
software development terms) of the emcee package that has
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slices (head/tail regions), but the Spline has many thin slices
approximating the smooth curve. Each of these slices has
uniform SLD, with the Névot–Croce approach being used to
describe the roughness between them (Névot & Croce, 1980).

The Structure object is used to construct a Reflect-

Model object. This object is responsible for calculating the
resolution-smeared reflectivity of the Structure, scaling the
data and adding a Q-independent constant background [via
the scale and background Parameter objects; Q = (4!/
")sin(!), where ! is the angle of incidence and " is the
wavelength of the incident radiation]. There are different
types of smearing available: constant dQ/Q, point-by-point
resolution smearing read from the data set of interest or via a
smearing probability kernel of arbitrary shape (Nelson &
Dewhurst, 2014). The constant dQ/Q and point-by-point
smearing use Gaussian convolution, with dQ representing the
full width at half-maximum (FWHM) of a Gaussian approx-
imation to the instrument resolution function (van Well &
Fredrikze, 2005).

2.2. Model/data comparison

The Objective class is the comparator of the predicted
and measured reflectivities, using the ReflectModel and a
data set, Data1D, to calculate #2, log-likelihood [equation
(2)], log-prior, residuals and the generative model. The
Data1D object has x, x_err, y and y_err attributes to represent
Q, dQ, R and dR, respectively. As is standard for many
reflectometry data files, the Data1D object reads a three- or
four-column plain-text datafile. A three-column data set
represents Q (Å!1), R and dR (one standard deviation). A
four-column data set represents Q (Å!1), R, dR and dQ (Å!1).
dR is the uncertainty in the reflectivity, R, and dQ specifies the
FWHM of the instrument resolution function, for each data
point. Extending Data1D would allow other formats to be
read – at the moment there is no standardized data format for
reflectometry. One example of this could be a wavelength-
dispersive file using (!, ") data instead of Q, such as that used
in energy-scanned X-ray reflectometry, or sometimes
produced by wavelength-dispersive neutron reflectometers. In
such a case, ReflectModel could be subclassed to make full
use of this energy-dispersive information. The creation of a
standardized data format for reflectometry would facilitate
ingestion of data and allow other important information, such
as experimental metadata, to be used.

An Objective can be given a Transform object to
permit fitting as log10R versus Q or RQ4 versus Q; the default
(no Transform) is R versus Q. Several Objective objects
can be combined to form a GlobalObjective for co-
refinement. The object-oriented nature of the program allows
reuse of Parameter and Component objects, and this is the
basis for linking parameters between samples for co-refine-
ment. For a comprehensive demonstration of multiple-
contrast co-refinement, see the annotated notebook in the
supporting information.

2.3. Statistical comparison and model refinement

The Objective statistics are used directly by the
CurveFitter class to perform least-squares fitting with the
functionality provided by the SciPy package (Differential
Evolution, Levenberg–Marquardt, LBFGSB – limited
Broyden–Fletcher–Goldfarb–Shanno with bounds). Addi-
tional SciPy solvers can be added relatively simply and it
would be possible for other minimizers to use Objective

directly. CurveFitter can also perform Bayesian Markov-
chain Monte Carlo (MCMC) sampling of the system, exam-
ining the posterior probability distribution of the parameters
[equation (1)]. The posterior distribution is proportional to
the product of the prior probability and the likelihood (or the
sum of the log-probabilities):
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The prior, p($ | I), is the probability distribution function for a
parameter, $, given pre-existing knowledge of the system, I, as
outlined above. The likelihood [equation (2)], p(D | $, I), is
the probability of the observed data, D, given the model
parameters and other prior information. It is calculated from
the measured data, yn (with uncertainties %n), and the
generative model, ymodel, n. The likelihoods that are used here
assume that the measurement uncertainties are normally
distributed [equation (2)]. However, other types of measure-
ment uncertainties (e.g. Poissonian) could be implemented by
a subclass of Objective, overriding the log-likelihood
method. The model evidence, p(D | I), is a normalizing factor.

The posterior probability, p($ | D, I), describes the distri-
bution of parameter values consistent with the data and prior
information. In the simplest form, this is akin to a confidence
interval for a parameter derived by least-squares analysis.
However, when parameters are correlated, or two models give
a similar quality of fit (‘multi-modality’), a simple confidence
interval can be misleading. The posterior probability is
derived by encoding the likelihood and prior distributions and
then using an MCMC algorithm (via the emcee and ptemcee
packages) to perform affine-invariant ensemble sampling
(Foreman-Mackey et al., 2013; Vousden et al., 2016). At the
end of an MCMC run, the parameter set possesses a number
of samples (called a ‘chain’); the samples reveal the distribu-
tion and covariance of the parameters, the spread of the
model-predicted measurements around the data and, in a
reflectometry context, the range of SLD profiles that are
consistent with the data. The chain statistics are used to
update each Parameter value and assign a standard uncer-
tainty. For the sampling, these represent the median and half
of the [15.87, 84.13] percentile range, respectively; the latter
approximates the standard deviation for a normally distrib-
uted statistic.

The ptemcee package is a variant (a ‘fork’ in open-source
software development terms) of the emcee package that has
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Detailed resolution kernel

Rm;sðQzÞ ¼ RmðQzÞ $ pðQzÞ: ð2Þ

I use the symbol pðQzÞ here to represent the fact that the
resolution kernel is a probability density function (PDF).

The functional forms of both the angular and wavelength
components are understood and have been explained in detail
in articles by de Haan et al. (1995) and van Well & Fredrikze
(2005). However, van Well and Fredrikze assume that the
overall resolution kernel is Gaussian in shape, with the width
of this Gaussian being formed by adding the fractional
variances of all the components [equation (3)], where there is
no correlation between wavelength and angle of incidence:

dQz=Qz

! "2¼ d!=!ð Þ2 þ d"="ð Þ2: ð3Þ

The justification for this approximation is the central limit
theorem. This theorem states that the mean of a large number
of independent random variables is approximately normally
distributed. Assuming a Gaussian form for the resolution
kernel allows one to do the resolution smearing in a
straightforward manner and it is also quick. Smearing is
typically performed using Gaussian quadrature integration,
with 21 points being sufficient for the majority of systems. A
similar approach can be used when applying the detailed
kernel. In this work a 101 point integration was used for the
detailed kernel. Although this slows calculation speed by a
factor of five, it limits the size of the error term in the
numerical integration. It would have been possible to use a
lower number of points, but this varies across measurements,
depending on how oscillatory detail is present in RmðQzÞ. The
optimum approach in numerical integrations of this kind is to
perform an initial adaptive calculation to determine the
correct number of integration points for a given system. In any
case, a slowdown of a factor of five is insignificant when
analyses only take a couple of seconds.

In this article I will calculate the ‘detailed’ form of the
resolution kernel for TOF neutron reflectometers found at
reactor sources and compare it with the output from smearing
using the Gaussian approximation. Some approximations are
still made (such as ignoring gravity), as instrument design in
this class of spectrometers is varied.

2. Detailed kernel computation

2.1. Angular component

The general instrument layout considered in this article is
shown in Fig. 1.

For a two-slit collimation system (in the small-angle limit)
the angular PDF, pð"Þ, is formed by the convolution of two
boxcar distributions (Fig. 2a).

In Fig. 2(a), # and $ are given by (de Haan et al., 1995)

# ¼ ðd1 þ d2Þ=ð2l12Þ; $ ¼ jd1 & d2j=ð2l12Þ; ð4Þ

where d1 and d2 are the collimation slit heights and l12 is the
distance between the slits. This takes the form of a trapezoid
unless d1 equals d2; then the function is triangular. However,
we need to have the PDF as a function of Qz, p"ðQzÞ, so must
use a Jacobian transform to make Qz the variable of interest:

p"ðQzÞ ¼ pð"Þ @"
@Qz

####

#### ¼
!0

4% cos "
pð"Þ: ð5Þ
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Figure 1
General layout of a TOF neutron reflectometer. In reality the flight
length, L, must take into account the longer path followed by a reflected
neutron.

Figure 2
(a) The normalized PDF for the angular distribution of the angle of
incidence. (b) The normalized PDF for the wavelength uncertainty (the
FWHM of a Gaussian approximating a boxcar distribution is 0.68 times
its width). (c) The solid line represents pcð!Þ for !0 = 10 Å, with &c=t =
0.0644. The dashed line represents pcð!Þ corrected for the source
wavelength spectrum. The graph inset shows a representative Platypus
(James et al., 2011) wavelength spectrum and pcð!Þ.

electronic reprint

chopper system is placed just before the collimation slits, then
to a first approximation the beam height, H, is equal to the
height of the first collimation slit (d1) and the uncertainty in
time of flight is

!h ¼ H=ð!RÞ: ð10Þ

In such a situation, the PDF for the crossing time component,
phð"Þ, is boxcar in shape (Fig. 2b). However, if the collimation
system is some distance after the chopper discs, the beam
height profile in the chopper system (that would be accepted
by the collimation systems) is divergent and would be similar
to Fig. 5 of de Haan et al. (1995), giving the distribution for
phð"Þ shown in Fig. 4.

In Fig. 4, x1 ¼ ½jd1 % d2j=ð2L12Þ&L1c þ d1=2 and x2 ¼
½ðd1 þ d2Þ=ð2L12Þ&L1c þ d1=2, L1c is the distance from the first
chopper disc to the first collimation slit, and F ¼ "0=ð!RtÞ. In
the limit where L1c ¼ 0, then x1 and x2 reduce to d1=2, and
Fig. 4 has a boxcar shape. In this article I assume that the
crossing time is given by equation (10). The calculations shown
here are for crossing times where the collimation system is
collinear with the chopper system, with no extra ‘bounces’
from guides in between the optical components.

If the wavelength spectrum of the source is flat, then the
PDFs for the TOF wavelength component [pð"cÞ] and the time
bin component [pð"DAÞ] are boxcar distributions. However, in
real life the neutron spectrum supplied to such an instrument
is typically Maxwell–Boltzmann in shape. Thus, to obtain the
overall PDF for the wavelength component, the PDFs for the
individual components must first be convolved with each
other, then multiplied by this spectrum (as transmitted by the
choppers) and subsequently normalized to unity. The
requirement for this multiplication step can be understood
more clearly if one considers what would happen to the
resolution function if a monochromatic beam were supplied to
the instrument. In such a case the wavelength distribution
transmitted through the instrument would be narrower than
the boxcar distribution and the uncertainty in wavelength
would be overestimated. The effect of multiplying by the
source spectrum is shown in Fig. 2(c). A similar argument
should also be applied to the angular component, if the guides

supplying the instrument cannot supply the angular diver-
gence accepted by the slits.

These pð"Þ are transformed to Qz space with the following
relation (Fig. 5):

p"ðQzÞ ¼ pð"Þ @"
@Qz

!!!!

!!!! ¼
4# sin $0

Q2
z

pð"Þ: ð11Þ

2.3. Expected value of p(Q) and comparison with nominal Q
value

The expected value of pðQzÞ is given by equation (12). It is
not necessarily the case that the expected Qz value, hQzi, is
equal to the nominal Qz;0 value calculated from the nominal
wavelength and angle of incidence. In the situation where pð"Þ
and pð$Þ are as shown in Figs. 2(a) and 2(b), then hQzi for
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Figure 4
Distribution of wavelengths for the crossing time component, when a
divergent beam passes through the chopper system.

Figure 5
Components contributing to the detailed kernel (solid green line).
p"cðQzÞ (dashed blue line) corresponds to the burst time contribution,
and p"hðQzÞ (dotted blue line) corresponds to the contribution from the
finite height of the beam. Also shown is the Gaussian approximation to
the detailed kernel (black line). L12 = 2800 mm, d1 = 4.52 mm, d2 =
1.69 mm, $0 = 3.2), "0 = 4.6 Å. (a) !c=t = 0.0644. (b) !c=t = 0.03. (c) Kernel
produced by $0 = 11), "0 = 15.71 Å, and the same wavelength and angular
resolutions as (a). The overall kernels are corrected for the source
spectrum shown in Fig. 2(c).
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Complex constraints
§ Priors can be any statistical distribution
§ Functional relationships x0 = sin(x1) or x0 = f(x1)
§ Inequality constraints lb < f(x0…n) < ub

Marecek et al, J. Appl. Cryst. (2022). 55, 1305–1313 

output data in the range of 0 to 1. Therefore, all growth model
parameters which are the output of the CNN were also
normalized to unity.

2.3. Neural network

We utilized 2D CNNs, commonly used for image recogni-
tion, to predict growth model parameters from the 2D data set
R(q, t). We employed a smaller version of the standard
VGG16 CNN which is a common architecture used for image
recognition (Simonyan & Zisserman, 2015). In this archi-
tecture, 2D data are processed from a set of input neurons to a
set of output neurons through hidden layers of neurons. The
input layer of the CNN takes the R(q, t) data. The architecture
of our CNN is graphically depicted in Fig. 1. As an activation
function, a simple ReLU (rectified linear function) unit was
chosen for all layers. The optimization algorithm employed in
this work is adaptive moment estimation (ADAM) (Kingma &
Ba, 2015). Our code was written in Python 3.7 with the use of
the TensorFlow software library. The CNN was trained for
3000 epochs (4 h) on a GPU (Nvidia GeForce RTX 2080 Ti)
and Intel Core i5-9600K CPU.

2.4. Experimental data

As an experimental example, we used the previously
published (Kowarik et al., 2006) real-time XRR data set
related to growth of the organic semiconductor molecule DIP
via organic molecular beam deposition on an Si/SiO2 wafer at
403 K substrate temperature. The experiments were per-
formed at beamline ID10B at the ESRF in Grenoble, France,
in a small ultra-high vacuum chamber, equipped with a Be
window, effusion cells and thickness monitor, at X-ray wave-
lengths of 0.903 Å. The original experimental data set was
measured with 52 q points per curve and interpolated to 109
points per curve in the same q range. For our CNN approach,
the experimentally obtained R(q, t) was used as CNN input,
from which the CNN predicted growth model parameters and
the corresponding thin film growth scenario. For the CNN
performance evaluation on the experimental data, the thin
film growth scenario determined by the model was compared
with a manual LMS fit using the Parratt32 software (Goedel et
al., 1999). The output of Parratt32 is the thickness, roughness
and SLD for every curve, which is more than 240 parameters.
The only varying parameters were parameters corresponding
to the thin DIP layer, and the q range was the same as for the
CNN, from 0.01 to 0.14 Å!1. Refnx (Nelson & Prescott, 2019)
was used to co-refine all XRR curves, with the growth model
being incorporated into the analysis, reducing the number of
fit parameters to 10. In this last approach the varying growth
model parameters are used to calculate the thickness/rough-
ness of the system at each of the time steps.

3. Results

We used our CNN to predict the growth model parameters
from the experimental R(q, t) shown in Fig. 2(a). Then these
parameters were used to generate a new fitted RCNN(q, t)

[Fig. 2(b)], and we compared the two R(q, t)’s by calculating a
!2 value as a measure of goodness of fit, with !2 defined as

!2 ¼
Xn

i¼1

log½Rfitðq; tÞ&i ! log½Rexpðq; tÞ&i
! "2

log½Rexpðq; tÞ&
i

: ð4Þ

From the comparison in Figs. 2(a) and 2(b), it is obvious that
the Kiessig fringes in the experiment and in RCNN(q, t) are at
the same position. Moreover, the damping of oscillations
increases at higher q and t due to increased roughness in both
Rðq; tÞ’s. The reflectivity range and minimum reflectivity
values agree very well in the two images. The !2 deviation
between the experiment and RCNN(q, t) was calculated as 5.0.
For the Parratt32 fit where we fit curves individually (indivi-
dual fit), we found !2

Parratt = 1.7. Finally, with an automatic
growth model co-refinement using refnx we obtained !2

co-refine =
9.2. The fitted XRR curves RParratt(q, t) and Rco-refine(q, t) are
shown in Figs. 2(c) and 2(d) and also are very similar to the
experimental data. All the !2 errors were calculated by the
same method, without use of Parratt32 or refnx implemented
error calculations. The individual Parratt32 curve fit adapts to
spurious experimental noise features (red circle) which partly
explains the lower !2 value of the individual curve Parratt32 fit
compared with the CNN fit. The results are plotted as a
function of q and exposure. The exposure is tj, where t is the
time and j is the molecular flux. In an experimental setup, the
molecular flux does not need to be always constant and it is
straightforward to implement these changes when the expo-
sure is used as the axis. Note that the Parratt32 manual fit is a
slow process (hours) where the user selects bounds and
starting points in the fit of thickness, roughness and SLD of the
DIP layer for every curve. The growth model co-refinement
approach is significantly faster (30 min) than the Parratt32
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Figure 2
The experimental Rðq; tÞ in (a) is compared with different fitted XRR
curves. (b) shows the CNN prediction with a !2 deviation value of 5.0; a
manual Parratt32 fit (c) has a lower deviation of !2

Parratt = 1.7 as it also fits
experimental noise (red circle). The growth model co-refinement (d)
yields !2

co-refine = 9.2.
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output data in the range of 0 to 1. Therefore, all growth model
parameters which are the output of the CNN were also
normalized to unity.

2.3. Neural network

We utilized 2D CNNs, commonly used for image recogni-
tion, to predict growth model parameters from the 2D data set
R(q, t). We employed a smaller version of the standard
VGG16 CNN which is a common architecture used for image
recognition (Simonyan & Zisserman, 2015). In this archi-
tecture, 2D data are processed from a set of input neurons to a
set of output neurons through hidden layers of neurons. The
input layer of the CNN takes the R(q, t) data. The architecture
of our CNN is graphically depicted in Fig. 1. As an activation
function, a simple ReLU (rectified linear function) unit was
chosen for all layers. The optimization algorithm employed in
this work is adaptive moment estimation (ADAM) (Kingma &
Ba, 2015). Our code was written in Python 3.7 with the use of
the TensorFlow software library. The CNN was trained for
3000 epochs (4 h) on a GPU (Nvidia GeForce RTX 2080 Ti)
and Intel Core i5-9600K CPU.

2.4. Experimental data

As an experimental example, we used the previously
published (Kowarik et al., 2006) real-time XRR data set
related to growth of the organic semiconductor molecule DIP
via organic molecular beam deposition on an Si/SiO2 wafer at
403 K substrate temperature. The experiments were per-
formed at beamline ID10B at the ESRF in Grenoble, France,
in a small ultra-high vacuum chamber, equipped with a Be
window, effusion cells and thickness monitor, at X-ray wave-
lengths of 0.903 Å. The original experimental data set was
measured with 52 q points per curve and interpolated to 109
points per curve in the same q range. For our CNN approach,
the experimentally obtained R(q, t) was used as CNN input,
from which the CNN predicted growth model parameters and
the corresponding thin film growth scenario. For the CNN
performance evaluation on the experimental data, the thin
film growth scenario determined by the model was compared
with a manual LMS fit using the Parratt32 software (Goedel et
al., 1999). The output of Parratt32 is the thickness, roughness
and SLD for every curve, which is more than 240 parameters.
The only varying parameters were parameters corresponding
to the thin DIP layer, and the q range was the same as for the
CNN, from 0.01 to 0.14 Å!1. Refnx (Nelson & Prescott, 2019)
was used to co-refine all XRR curves, with the growth model
being incorporated into the analysis, reducing the number of
fit parameters to 10. In this last approach the varying growth
model parameters are used to calculate the thickness/rough-
ness of the system at each of the time steps.

3. Results

We used our CNN to predict the growth model parameters
from the experimental R(q, t) shown in Fig. 2(a). Then these
parameters were used to generate a new fitted RCNN(q, t)

[Fig. 2(b)], and we compared the two R(q, t)’s by calculating a
!2 value as a measure of goodness of fit, with !2 defined as

!2 ¼
Xn

i¼1

log½Rfitðq; tÞ&i ! log½Rexpðq; tÞ&i
! "2

log½Rexpðq; tÞ&
i

: ð4Þ

From the comparison in Figs. 2(a) and 2(b), it is obvious that
the Kiessig fringes in the experiment and in RCNN(q, t) are at
the same position. Moreover, the damping of oscillations
increases at higher q and t due to increased roughness in both
Rðq; tÞ’s. The reflectivity range and minimum reflectivity
values agree very well in the two images. The !2 deviation
between the experiment and RCNN(q, t) was calculated as 5.0.
For the Parratt32 fit where we fit curves individually (indivi-
dual fit), we found !2

Parratt = 1.7. Finally, with an automatic
growth model co-refinement using refnx we obtained !2

co-refine =
9.2. The fitted XRR curves RParratt(q, t) and Rco-refine(q, t) are
shown in Figs. 2(c) and 2(d) and also are very similar to the
experimental data. All the !2 errors were calculated by the
same method, without use of Parratt32 or refnx implemented
error calculations. The individual Parratt32 curve fit adapts to
spurious experimental noise features (red circle) which partly
explains the lower !2 value of the individual curve Parratt32 fit
compared with the CNN fit. The results are plotted as a
function of q and exposure. The exposure is tj, where t is the
time and j is the molecular flux. In an experimental setup, the
molecular flux does not need to be always constant and it is
straightforward to implement these changes when the expo-
sure is used as the axis. Note that the Parratt32 manual fit is a
slow process (hours) where the user selects bounds and
starting points in the fit of thickness, roughness and SLD of the
DIP layer for every curve. The growth model co-refinement
approach is significantly faster (30 min) than the Parratt32
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Figure 2
The experimental Rðq; tÞ in (a) is compared with different fitted XRR
curves. (b) shows the CNN prediction with a !2 deviation value of 5.0; a
manual Parratt32 fit (c) has a lower deviation of !2

Parratt = 1.7 as it also fits
experimental noise (red circle). The growth model co-refinement (d)
yields !2

co-refine = 9.2.
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!n;cr ¼
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0:5 tanh "0:5 t þ bð Þ½ ' þ 0:5

0:5 tanh "0:5bð Þ þ 0:5
; !n;cr ( c;

c" fð Þ exp½"dðt " tcÞ' þ f ; !n;cr < c;

8
<

: ð3Þ

where a and b parametrize the time evolution of !n,cr with
growth time t. When the !n,cr value reaches a threshold,
represented by a crossover parameter c, the function for !n,cr is
switched to an exponentially decaying function. Here, the
parameter d is the steepness of exponential decay, f is the
asymptotic value for large t, and tc is the time when the !n,cr

value reaches the crossover value. All ten parameters were
randomly but uniformly distributed to generate a synthetic
data set for NN training and used as training labels. Note that
the above growth model and parametrization of !cr restrict the
possible growth scenarios we can fit and might lead to wrong
fit results if the real scenario is not covered. However, the
parameter ranges are chosen to be wide enough to include 3D
growth and roughening from the very first layer, to layer-by
layer growth followed by roughening as well as layer-by-layer
growth with continuing roughness oscillations over the whole
thickness range. The ten parameters are collectively denoted
as growth model parameters in the following.

2.2. XRR curve simulation

We simulated XRR layer-by-layer growth using an adap-
tation of the optical matrix method (Abelès, 1950; Heavens,
1960), which is computationally more efficient than the
recursive Parratt formalism (Parratt, 1954). For this purpose,
parts of the Refl1D (Kienzle et al., 2022) source code were
used. We assumed that our thin film sample consists of three
thin film layers: two for the substrate (silicon and native oxide)
plus the deposited thin film. The properties of Si/SiO2

substrates are known from our prior work and thus we used a
constant roughness for the SiO2 and Si layers of 1 and 2.5 Å,

respectively, and a native oxide thickness of 10 Å. Further-
more, the SLDs of those layers were assumed to be constant
with values of 17.8 ) 10"6 and 20 ) 10"6 Å"2, respectively
(Greco et al., 2019). The XRR curves were simulated in a q
range between 0.01 and 0.14 Å"1 at 109 equally spaced points.

For the following, we appended all individual XRR curves
corresponding to a given growth scenario into a single XRR
time-series matrix R(q, t). Due to the shape of the experi-
mental diindenoperylene (DIP) data, R(q, t) contains 109 q
points and 80 time steps; we also created a synthetic data set
with the same dimensions. Each one of the curves corresponds
to a certain thickness, roughness and SLD of the film layer
during the growth. The fixed SLD and the evolution of the
thickness d(t) and roughness "(t) are later on in the text
collectively referred to as a thin film growth scenario. The
growth of the simulated thin film started from a thickness of
0 Å and the final thickness was varied from 180 to 450 Å using
the growth rate parameters (G1, G2, G3, G4). The final
roughness of the film was allowed to vary from 8 to 40 Å. The
SLD was set in a range from 7 ) 10"6 to 18.5 ) 10"6 Å"2. We
simulated 25 000 R(q, t) data sets to get a sufficient quantity of
data for the CNN training. The simulated R(q, t) data were
split into training and validation data sets, where the valida-
tion data set contained 10% of the generated data, i.e. 2500
simulated data sets R(q, t). The data generation took 90 min
on 20 independent CPU threads; this procedure can be faster
if refnx is used. We took the natural logarithm of all generated
data sets and then normalized them to unity before using them
as an input for the CNN. This method of normalization is
widely used, including in previous work by us; however, we
note that there are alternatives for normalizing reflectivity
data (Loaiza & Raza, 2021; Doucet et al., 2021; Kim et al.,
2021). In this way, we reduced the value spread of the input
data set, because the CNN training is faster for input and
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Figure 1
From a time-dependent XRR data set Rðq; tÞ a CNN predicts ten parameters of a time-dependent layer-by-layer growth model. From these parameters,
the thin film growth scenario with thickness and roughness evolution is calculated. For different growth scenarios, we create simulated XRR and
synthetic Rðq; tÞ data sets that can be used to train the CNN before applying it to real data.
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Fig. 4. Surface map of end-tethered PNIPAM. The grey circle illustrates the
? 100mm silicon block, and the black-bordered rectangle represents the
footprint of the neutron beam used for NR studies [23,33]. Across the surface,
493 points were examined using 1 wavelength (658 nm) and 4 equally spaced
angles of incidence from 40 to 70°.

the pnipam_layer to vary. The thickness of the native oxide
silica layer was set to a physically reasonable value, 20Å, as this
parameter is typically pre-determined in a real measurement. The
simple least-squares analysis yields a pnipam_layer thickness
of 600.16Å, with close agreement between the WVASE simula-
tion and the refellips model; a relative error of 3 ⇥ 10�4. The
simulation and the refractive index profile are presented in Fig. 3.

3.1.2. Spatial mapping
The same interfacial structure described in Section 3.1.1 was

then used to analyse measured data from PNIPAM grafted to a
? 100mm silicon block, where ellipsometry was used to charac-
terise 493 points across the surface. The resultant spatial map is
shown in Fig. 4 and the Jupyter notebook used for analysis can be
found in the Supplementary Material [34].

3.1.3. Co-refinement of ellipsometry and reflectometry data
As refellips and refnx share the same code-base, the co-

refinement of ellipsometry data with neutron and X-ray reflec-
tivity data is possible. This analysis method has the potential to
improve the reliability of the results and could be valuable for
complicated samples where particular techniques are sensitive
to different parameters. Fig. 5 illustrates the co-refinement of a
dry polymer film between X-ray reflectometry, neutron reflec-
tometry, and ellipsometry data to extract the layer thickness and
refractive index.

Users may also wish to co-refine datasets across these three
techniques if the information content for individual techniques is
insufficient or stronger model confidence is required. For exam-
ple, to thoroughly investigate complex layer structures, such as
adsorbed diblock copolymers or semiconductor stacks, users may
require datasets derived across multiple techniques, increasing
confidence in the optimised model. Additionally, determining
the optical properties of a polymer film can prove to be quite
difficult [35]. However, as the thickness of a film is strongly
encoded in the fringes of X-ray reflectometry data, the film thick-
ness in a co-refined optimisation will be strongly driven by the
X-ray reflectometry data. By co-refining ellipsometry and X-ray
reflectometry data and allowing both the thickness of the film
and the optical parameters (e.g., Cauchy parameters) to vary,
users can easily determine the dispersion model for their film

Fig. 5. Co-refinement of ellipsometry, X-ray reflectometry, and neutron reflec-
tometry data pertaining to a dry PNIPAM film tethered to an oxidised silicon
wafer. Ellipsometry was performed using eleven distinct wavelengths from 350
to 950nm and seven equally spaced angles of incidence from 40° to 70°. (a)
Ellipsometry parameters  (+) and � (⇥) are presented as a function of angle
of incidence (AOI) and wavelength. (b) X-ray reflectivity and neutron reflectivity
data were acquired at ANSTO, Lucas Heights, using a Panalytical X’Pert Pro X-ray
reflectometer (with Cu K↵ radiation � = 1.541 Å) and the Spatz time-of-flight
neutron reflectometer, respectively. Reflectivity data in (b) are offset for clarity.
(c) The resultant scattering length density (SLD) and refractive index profiles (at
658nm) are presented from the co-refined data. Further details are provided in
the co-refinement Jupyter notebook in the Supplementary Material [34].

of interest to a strong degree of confidence. Furthermore, co-
refinement may be necessary for X-ray reflectometry measure-
ments with low angular resolution (to minimise sample degra-
dation) or single-wavelength ellipsometry measurements. Careful
consideration must be made to the relative weighting of each
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tometry data pertaining to a dry PNIPAM film tethered to an oxidised silicon
wafer. Ellipsometry was performed using eleven distinct wavelengths from 350
to 950nm and seven equally spaced angles of incidence from 40° to 70°. (a)
Ellipsometry parameters  (+) and � (⇥) are presented as a function of angle
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of interest to a strong degree of confidence. Furthermore, co-
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ments with low angular resolution (to minimise sample degra-
dation) or single-wavelength ellipsometry measurements. Careful
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• Available from PyPI
• Different oscillator models
• Model creation identical to refnx
• Co-refine XRR/NR/Ellipsometry
• Surface mapping
• Batch fitting



Optimisations
§ Calculation kernels

§ C/Python/Cython/numba/Parratt/JAX
§ JAX allows automatic differentiation
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§ HPC sampling speed




