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Abstract

Neutron reflectometry has long been a power-
ful tool to study interfacial properties of en-
ergy materials. Recently, time-resolved neutron
reflectometry has been used to better under-
stand transient phenomena in electrochemical
systems. Those measurements often comprise
of a large number of reflectivity curves acquired
over a narrow (Q range, with each individual
curve having lower information content com-
pared to a typical steady-state measurement.
In this work, we present an approach that lever-
ages existing reinforcement learning tools to
model time-resolved data to extract the time
evolution of structure parameters. By mapping
the reflectivity curves taken at different times as
individual states, we use the Soft Actor-Critic
algorithm to optimize the time series of struc-
ture parameters that best represents the evo-
lution of an electrochemical system. We show
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that this approach constitutes an elegant solu-
tion to the modeling of time-resolved neutron
reflectometry data.

Neutron reflectometry (NR) has long been used
as a powerful technique for interfacial studies
of materials. While the scattering cross-section
of X-rays scales with the square of the atomic
number of each element, the neutron scattering
cross-sections across the periodic table mostly
remain within one order of magnitude of each
other and can vary substantially for neighbor-
ing elements. Neutrons can therefore be as sen-
sitive to light and heavy elements, and thus con-
stitute a complementary probe to X-rays. Neu-
trons also have a low absorption cross-section
for most materials, making it possible to design
sample cells that enable in situ measurements
that would otherwise be difficult. In situ neu-
tron reflectometry has proven to be an excellent
tool to study energy-related materials. Interfa-
cial properties of thin film electrodes placed in
specially designed electrochemical cells! can be
studied as a function of potential or state of
charge at the nanometer scale.

Recent work at the Liquids Reflectometer?
(LR) at the Spallation Neutron Source (SNS)



at Oak Ridge National Laboratory (ORNL) has
extended this capability to time-resolved neu-
tron reflectometry (t-NR) in order to interro-
gate the dynamics of these systems. Time-
resolved neutron reflectometry has been done
for several years,®” but has only been per-
formed recently for the first time at the LR.
Blair et al®? used this technique to interrogate
the processes at the surface of a molybdenum
cathode during electrochemical nitrogen reduc-
tion. In their measurements, neutrons were ac-
quired continuously while a constant current
was applied over a few minutes to a half hour.
This data was then sliced after the fact into
time intervals between 15 seconds to a minute
long, producing anywhere between a handful
and several dozens reflectivity profiles to be an-
alyzed.

One of the main challenges of reflectometry
is interpreting the data. The analysis of reflec-
tometry data usually requires both some knowl-
edge of scattering theory as well as knowledge of
the materials under study. This can be partic-
ularly challenging for novice practitioners, who
generally require help from scattering scientists
to complete their work. This problem becomes
increasingly difficult with time-resolved data
due to the potentially large number of data sets.
In recent years, machine learning has been ex-
plored as a tool to help accelerate the analy-
sis process for neutron reflectometry. '3 These
approaches use different types of neural net-
works to extract structural parameters from an
input reflectivity curve.

In this article, we use reinforcement learning
(RL) as a tool to optimize a model for t-NR
data.

Reinforcement learning is a machine learn-
ing technique through which an agent acting
within an environment learns the best action
to take given a particular state.'* For a given
state s; € S and action a; € A, the environ-
ment defines a new state s;1; € S and a reward
ry for that transition. The goal of RL is to max-
imize the total reward Ry.; = Y 1 associated
with a series of actions (also referred to as tra-
jectory). The result of this process is a policy
that defines which action is most likely to max-
imize the total reward Ry,; once the trajectory

is terminated.

In this work, we use RL to tackle the prob-
lem of fitting a time series of reflectivity curves
to determine how thin film model parameters
evolve as a function of time.

The LR is a time-of-flight neutron reflectome-
ter operating at the SNS at ORNL. Specular
reflectometry allows the study of the structure
of thin films as a function of depth down to the
nanometer level. The reflectivity R(q) is the
probability of a neutron to reflect off the sur-
face of the thin film under study as a function
of the wavevector transfer perpendicular to the
surface of the film ¢ = 47” sinf, where A is the
wavelength of the neutron and 6 its scattering
angle. The repetition rate of the SNS accelera-
tor is 60 Hz, giving the LR a wavelength band of
3.5 A, the center of which can be selected within
a typical range of about 4 < A, < 15 A, where
A, denotes the center of the 3.5 A band. In
what we refer to as steady-state measurements,
we measure 7 runs at chosen values of A, and 6
to cover a Q range of 0.008 < Q < 0.2 A~!. The
acquisition of these seven runs takes an average
of 45 minutes, during which the sample needs
to be stable.

Time-resolved measurements are done using a
single setting (A, ). To allow for a wider wave-
length band, and therefore a wider ¢ range, we
operate the instrument at 30 Hz, dropping ev-
ery second pulse of neutrons. This allows us
to double the wavelength band to about 7 A.
For the time-resolved measurements presented
here, we chose a wavelength band center of
A = 5.9 A, allowing us to make use of the LR
beam flux peak at about 2 A. A discussion of
this pulse-skipping approach is described else-
where. 1

The scattering angle was chosen to be 6 =
0.6°, which corresponds to a range of 0.0015 <
qg < 0.057 A™" for the selected wavelengths.
This compromise allows for the highest rate of
reflected neutrons in a wide enough ¢ range
where changes are expected to be large enough
to be modeled.



The measurements used here to demonstrate
our approach were performed as part of a study
of the role of solvation on redox-active metal-
lopolymer for metal oxyanions.!® Redox-active
polymers have shown the capability to selec-
tivity bind and separate between oxyanions,
being of importance to water purification and
chemical separations.!™!® This study by Can-
deago and coworkers compares selectivity to-
wards MoO3~ and ReOj of both poly(vinyl
ferrocene) (PVFc) and poly(3-ferrocenylpropyl
methacrylamide) (PFPMAm) under potential.
The uptake of anions can be detected by the
swelling of the polymer layer. Due to the dif-
ficulty of analyzing time-resolved data, these
data sets were acquired but not analyzed in de-
tail. The present work uses measurements of
PFPMAm in Dy;O with 20 mM ReOj. The
measurements presented here were obtained
with the standard electrochemical cell provided
at the LR,' which was connected to a Bi-
oLogic VSP potentiostat. A steady-state re-
flectivity measurement was performed at 0.1 V
vs Ag/AgCl before a time-resolved measure-
ment was started. The measurement was al-
lowed to proceed for 70 seconds before a po-
tential of 0.6 V vs Ag/AgCl was applied. The
electrode stabilized after four minutes, after
which another steady-state measurement was
performed. The same procedure was then used
to go back to 0.1 V, leading to a total of three
steady-state measurements (0.1 V vs Ag/AgCl,
0.6 V vs Ag/AgCl, and 0.1 V vs Ag/AgCl),
with two time-resolved measurements in be-
tween (0.1 — 0.6 V vs Ag/AgCl, and 0.6 —
0.1 V vs Ag/AgCl). The time-resolved data
was split into 15-second time intervals, produc-
ing 25 reflectivity curves for each of the two
t-NR measurements.

Several packages are available to model reflec-
tometry data.?" 23 The traditional way of mod-
eling reflectometry data is to define a layer
model that represents the sample under study.
With this approach, the structure of a thin film
is described as a stack of layers of material, each

with a thickness, a scattering length density
(SLD), and a roughness parameter describing
the interface between it and the next layer. The
SLD as a function of depth z into the film can
be written as p(z) = >, n;8;(2), where n; and
B;(z) represent the number density and scatter-
ing length of each type of atom in the film.

Most of these packages implement several
fitting engines. In the present work, the
steady-state measurements were modeled using
the reflid software,?® using the DREAM algo-
rithm?* as the fitting engine. This algorithm
uses Markov Chain Monte Carlo (MCMC) to
sample the posterior probability distribution of
each parameter. Although generally giving the
best results, this algorithm tends to be slower
to run and is generally used for final refinement
and to estimate uncertainties once a good solu-
tion has been identified. In our approach, we
use the steady-state measurements to establish
a starting point for our time-resolved fits, where
only the model parameters that are expected to
change are left to vary.

The traditional approach to fitting time-
resolved data would either be to fit them in-
dividually or in a loop. Fitting each reflectivity
curve manually, although possible, is unrealis-
tic for a large amount of data. Co-refinement of
multiple data sets is also a common method eas-
ily available with modern reflectometry model-
ing packages.?3 Co-refinement was indeed used
in the present work to find the models for the
steady-state measurements. Following this, a
smaller number of model parameters that are
changing as a function of time remain to be
optimized. A co-refinement of the data for all
time slices is also possible when a phenomeno-
logical model or a valid parametrization of the
evolution of the layers as a function of time is
known. In such a case, a co-refinement of the
time-resolved data would be the best approach.
Our work here addresses the case where no un-
derlying relationship between the remaining fit
parameters is known. Recursively fitting the
data for each time step also presents challenges,
even when the number of varying parameters is
low. This is especially true when the sample
goes through a rapid state transition. As men-
tioned in the previous section, the g range of



our time-resolved data is narrower than the ¢
range of steady-state measurements and there-
fore carries less information. As a consequence,
a large number of solutions may fit the data,
making it difficult to obtain reasonable results.

The issue of the lower information content of
each curve can be alleviated by using a Bayesian
approach.? For each fit for a given time ¢, the
results of the probability distribution of the pa-
rameters (A;_1+&;_1) from the previous fit can
be used as a prior, where A; represents the vec-
tor of fit parameters for time ¢, with their un-
certainties &;.

This can be implemented by adding the fol-
lowing term to the usual cost function:

M 2
cost = X7 + a Z (p—k’t ak’t_1> (1)
—1 €kt—1

where the first term is the usual term given

by
2= g: (Rgalc(%‘) - Rt(Qz’))Q (2)

—1 ot(q:)

where the sum runs over each measured reflec-
tivity point R;(¢;) £ 0¢(q;) at ¢; and time t. We
denote the reflectivity computed with the fit pa-
rameters as R{°(q). The second term repre-
sents the added prior for the M fitting param-
eters pg, which have been previously estimated
to be pry—1 = ag—1 £ €x4—1 for time t — 1. The
constant a can be adjusted to give more or less
weight to the prior measurement.

Although this method may work for sim-
ple cases, it can be time-consuming since the
MCMC-based DREAM algorithm needs to be
run for each time ¢t. The a parameter can also
be difficult to optimize. A value of « that is too
large will tend to minimize parameter changes
between consecutive times, which will lead to
bad results if changes in the system occur much
faster than our time resolution. Conversely, if
« is too small, parameter changes may end up
unphysically large as the fitting engine explores
areas of parameter space that are too far away
from what we are looking for. As we present
here, the result is an approach that is not very
robust for data sets with rapid changes or data

sets with more complex transitions.

In this work, we used RL to refine our model
as a function of time. The basic elements of
how we mapped t-NR fitting to RL is pictured
on Figure 1. The time series of reflectivity
curves R:(q) represents the series of states in
our RL environment. Contrary to traditional
RL where a number of possible states s;11 can
follow a given state s;, our state progression
here is fixed, and s, = R:(q) for every t. What
we are hoping to learn is the policy that gives us
a series of actions that best describes the evo-
lution of R;(q) over time. To do so, we param-
eterize each action a; by the model parameters
A; that describe the layer structure for R;(q).
Each state transition for a given ¢ is always the
same, and only the reward changes with each
action as the learning progresses. The reward
will represent how well the parameters A; re-
produce R:(q). To do this, we use the y? defined
in equation 2, to which we add a term to ac-
count for the fact that we may have previously
modeled the initial and final steady states:

M
reward = —X2 — By Z(pk,t - Pk,t>2 (3)

k=1

where the second term adds a constraint for
the first and final times t for the cases where
we have prior knowledge about the fit param-
eters py; = Py for these states. Those Py
parameters will be obtained by using a tradi-
tional fitting approach on the steady-state NR
measurements over the full ¢ range (not time-
resolved). The [; constant is used to set the
strength of this constraint. In the present case,
we chose the following, where Nines represent
the number of time intervals in the data set:

Ntimes, if Py known

Blt) = { 0, otherwise (4)

One of the advantages of this approach is that
all the time-resolved data is used together to
find the best trajectory of structure parameters
as a function of time. This resolves the issue
of the recursive fits described above. It natu-
rally takes into account the fact that an early
fit result can influence later ones, without the



need to choose a way to artificially regulate the
smoothness of this time evolution with the «
parameter introduced in equation 1.

Reward t
5 X%
Environment | next

state
t=1+1

Action t
{parameters for R;(q)}

State t
Ri()

Agent

Figure 1: Conceptual overview of the applica-
tion of RL to model t-NR data.

The code used in this work is available on
GitHub.2?0 It uses the gymnasium?®’ API to de-
fine the environment. The Soft Actor-Critic?®
(SAC) algorithm implemented in the Stable-
Baselines3 package® was used with PyTorch.3°

The SAC algorithm has several features that
are useful to solve our problem. As opposed
to other RL algorithms that aim to maximize
the expected total reward for a trajectory, it is
a stochastic actor-critic®! algorithm that also
adds an entropy term to its objective function.
Maximizing both total reward and entropy pro-
motes a wider exploration of parameter space
while keeping this exploration in check with the
usual reward term. In the words of Haarnoja et
al,?® 7in problem settings where multiple actions
seem equally attractive, the policy will commit
equal probability mass to those actions.” This
feature is particularly attractive for reflectome-
try modeling, where phase loss in the reflectiv-
ity calculation often leads to multiple physically
plausible solutions. Being stochastic in nature,
the SAC algorithm also allows us to assess the
probability distribution (and therefore the un-
certainty) of the predicted parameters. Finally,
the SAC algorithm also has the advantage of
needing relatively little hyperparameter tuning.
In the present work, we used the algorithm with
default parameters.

As previously reported by Candeago and
coworkers,'® the PFPMAm film we studied

swells during its transition from 0.1 V and
0.6 V as it uptakes ReO,. Figure S-1 of the
Supplemental Information shows the initial
0.1 V steady-state measurement, the following
0.6 V steady-state measurement, and finally
the return to 0.1 V. Each reflectivity curve was
modeled using a 3-layer model, representing
the palladium underlayer, a hydration layer,
and the polymer layer. These models, with the
inclusion of the hydration layer, are consistent
with other redox-active films reported in the
literature.®? The refined models and SLD pro-
files are also shown in Figure S-1, and the fit
parameters are tabulated in Table S-1.

The t-NR data for the initial 0.1 — 0.6 V
and the subsequent 0.6 — 0.1 V transition are
shown in Figures 2 and 3, respectively. As can
be observed, the transition back to 0.1 V from
0.6 V, as the polymer layer releases ReOj, is
much smoother. The initial transition to 0.6 V,
with the initial uptake of ReO,, is clearly more
complex. For this reason, we will first use the
0.6 — 0.1 V transition to demonstrate the RL
modeling and compare it with the Bayesian ap-
proach outlined above. We will then use the
0.1 — 0.6 V transition to demonstrate how the
RL modeling can be used in more complex sit-
uations and to highlight how those situations
can cause the Bayesian approach to fail.

The reflectivity data for the 0.6 — 0.1 V tran-
sition, shown in Figure 3 were modeled using
both RL and the Bayesian approach described
above. The initial steady state measured at
0.1 V was used as a starting model, and only
three parameters were left to vary: the thick-
ness of the polymer layer, its SLD, and the sur-
face roughness between the polymer and the
electrolyte. The rest of the parameters were not
expected to change and were fixed to the val-
ues obtained for the initial state. This choice
allowed for enough structure flexibility to fit the
measured reflectivity for the whole period of
time between the initial and final steady states.

Figure 4 illustrates the resulting fit parame-
ters as a function of time. The results obtained
using both the Bayesian approach and the RL
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Figure 2: Time-resolved NR data at 60-second
intervals, taken during the 0.1 — 0.6 V transi-
tion. The initial and final steady states are also
shown, along with their respective fit models.

method are presented, as well as the parame-
ter values obtained from the initial and final
states using traditional fitting (refi1d). The pa-
rameter values obtained with RL are tabulated
in Table S-2, and the corresponding reflectivity
curves for all time intervals are shown in Fig-
ure S-2.

The results from both methods show simi-
lar trends and generally agree within uncer-
tainties. The uncertainties obtained with RL
are generally quite larger than those obtained
with the Bayesian fits. The uncertainties pro-
duced by the Bayesian fits come from sampling
the cost function for a single data set. Given
that the information content of a single re-
flectivity curve over a narrow ¢ range is lim-
ited, the optimizer can easily get drawn to a
steep local minimum. This problem may com-
pound over each iteration as the result of one
fit becomes the prior distribution of the next,
leading to relatively smaller uncertainties. In
the case of RL, the uncertainties are obtained
by considering the probability distribution of
each parameter over the whole timeline. The
complete set of reflectivity curves is therefore
used, and the uncertainties also take into ac-
count the fact that a choice of parameters for
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Figure 3: Time-resolved NR data at 60-second
intervals, taken during the 0.6 — 0.1 V transi-
tion. The initial and final steady states are also
shown, along with their respective fit models.

an early time can influence parameter selection
at a later time. We posit that those uncertain-
ties are more representative of the knowledge
of the structural changes obtained when ana-
lyzing the measured data. The uncertainties
obtained from the Bayesian approach seem un-
realistically small.

The Bayesian approach was also applied to the
0.1 — 0.6 V transition shown in Figure 2.
Although the initial and final states are well
modeled by our choice of layer structure, the
changes that appear around 300 and 600 sec-
onds can’t be modeled by simple choices of layer
parameters for the polymer layer. This data
set provides an example of a case where the
Bayesian approach outlined above can fail. To
illustrate this, we processed the time-resolved
reflectivity data in both chronological and anti-
chronological order. Figure 5 shows the results
of the Bayesian fits where the starting point
is the initial state (labeled ”forward”) as well
as the results obtained when the data was pro-
cessed in the reverse order and the final state
was taken as the starting point (labeled "re-
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Figure 4: Comparison of the layer parameters
obtained with RL and the Bayesian approach
for the 0.6 — 0.1 V transition. The green stars
correspond to the value of each parameter ob-
tained by fitting the initial and final states with
traditional methods.

verse”). Omne can see that both forward and
backward fits diverge when meeting the tran-
sition between 300 and 600 seconds. Although
it is not unreasonable to imagine a combina-
tion of time binning and unique prior function
that would enable our fitting engine to find a
proper solution on each side of the transition,
it is clear that finding this unique combination
would be tedious. Even after such precise tun-
ing, we would likely obtain poor fits at the tran-
sition and would gain little to no new knowledge
of what happens to the structure of the film in
that time interval.

The goal of the present work is to offer a ro-
bust approach that minimizes hyperparameter
tuning while offering flexibility in how we model
the structure of the film under study. To model
the more complex 0.1 — 0.6 V transition, we

used a superposition of states, representing the
case where a fast structural change happens
over a progressively larger fraction of the film
surface over time. To do so, we updated the
reward function to include a mixing parameter
m such that the calculated reflectivity at a time
t is given by

R (q) = mBg(g) + (1 - m) R (q)  (5)

where we are adding a component RS¢(q)
calculated using the parameters of the initial
steady state (from table S-1), to the computed
R{?(q) that we introduced in Equation 2. The
three layer parameters obtained for each time
t in this case only represent the part of the
film that has transitioned away from the initial
state.

Figure 5 shows the fitted values for the three
layer parameters as well as the mixing parame-
ter m as a function of time. During data acqui-
sition, the first 70 seconds were measured with-
out changing potential in order to establish a
good baseline. After that time, we expect the
film to start changing as the polymer uptakes
ReO; ions. The change in polymer thickness
upon ion intake has been shown to happen rel-
atively fast, on the timescale of 60 seconds.!®
The value of the mixing parameter m as a func-
tion of time shows how the film fully transitions
from its initial state to its final state in about 5
minutes. One can see the large uncertainties in
the first few minutes as most of the film is still
in its initial state. The fit parameters for both
forward and reverse Bayesian fits and the RL fit
are tabulated in Table S-3. It should be noted
that a model with a mixing parameter can also
be obtained by traditional refinement methods.
An example fit using Equation 5 is presented in
Figure S-3 and compared to the RL fit.

Time-resolved reflectometry has shown itself to
be a useful tool to understand the dynamics of
electrochemical systems. The analysis of po-
tentially large amounts of time-resolved data
is currently a roadblock for most neutron re-
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Figure 5: Comparison of the layer parameters
obtained with RL and the Bayesian approach
for the 0.1 — 0.6 V transition. The green stars
correspond to the value of each parameter ob-
tained by fitting the initial and final states with
traditional methods. Both chronological and
anti-chronological Bayesian fits are shown.

flectometry practitioners. We developed an
approach that leverages the Soft Actor-Critic
(SAC) reinforcement learning algorithm to op-
timize fit parameters along a timeline of re-
flectometry measurements. By considering all
measured reflectivity curves at once, our ap-
proach is able to produce more stable results
than a simple recursive method. We demon-
strated that the reward function can also be
used to model more complex data relatively eas-
ily, which is also a strength of the approach.
This can be achieved with little hyperparame-
ter tuning.

We stress that, unlike other ML approaches,
our trained RL algorithm is not predictive.
The SAC algorithm is used to find the best
path in parameter space to model our measured

data set, which is static. In this respect, it is
used similarly to a traditional optimization al-
gorithm.

We see RL as a powerful tool that may be ap-
plicable in a number of settings related to the
modeling of scattering data. The balance be-
tween exploration and exploitation in the SAC
algorithm seems particularly well designed for
the purpose of scattering data, where the intrin-
sic nature of the inverse problem often leads to
a complex parameter space with multiple solu-
tions. We expect that similar approaches could
be used for other scattering techniques in the
future.
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