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Knowing the rate at which particle radiation releases energy in amaterial, the “stopping power,” is key
to designing nuclear reactors, medical treatments, semiconductor and quantummaterials, and many
other technologies. While the nuclear contribution to stopping power, i.e., elastic scattering between
atoms, is well understood in the literature, the route for gathering data on the electronic contribution
has for decades remained costly and reliant onmany simplifying assumptions, including thatmaterials
are isotropic.Weestablish amethod that combines time-dependent density functional theory (TDDFT)
and machine learning to reduce the time to assess new materials to hours on a supercomputer and
provide valuable data on how atomic details influence electronic stopping. Our approach uses TDDFT
to compute the electronic stopping from first principles in several directions and thenmachine learning
to interpolate to other directions at a cost of 10 million times fewer core-hours. We demonstrate the
combined approach in a study of proton irradiation in aluminumand employ it to predict how the depth
ofmaximumenergy deposition, the “Bragg Peak,” varies depending on the incident angle—a quantity
otherwise inaccessible to modelers and far outside the scales of quantum mechanical simulations.
The lack of any experimental information requirementmakes ourmethod applicable tomostmaterials,
and its speed makes it a prime candidate for enabling quantum-to-continuum models of radiation
damage. The prospect of reusing valuable TDDFT data for training the model makes our approach
appealing for applications in the age of materials data science.

Particle radiationplays critical roles inmodern society, including fabricating
semiconductor electronics, characterizing materials and devices, cancer
therapy, damage in nuclear reactors, and many others. Advancing the
application of particle radiation in these fields by maximizing and focusing
on their benefit and minimizing their detrimental impact requires precise
control of microscopic length scales. Achieving such control relies critically
on a detailed fundamental understanding of how energetic particles interact
with target materials. Such understanding has been built for more than one
hundred years1,2 through thorough experiments and sophisticated theore-
tical or computational models. However, radiation experiments have high
costs and low throughput, which ultimately can be attributed to high safety
margins for experiments involving ionizing radiation. These factors have
motivated the development of intricate models that support experiments

and eventually allow for predictions of the radiation–matter interaction and
its consequences.

The high kinetic energies of ion beams and the energy-dependent
response of the target material render radiation damage and the stopping
power of the material, a friction-like, velocity-dependent force acting on
radiation particles, inherently multi-scale problems. Typically, one separa-
tion of scales is achieved by distinguishing the early stages of the process,
where the projectile ion predominantly interacts with the electronic system
of the target, from nuclear stopping, which happens only after the projectile
slows down significantly. To deal with the large length and time scale aspect
of radiation damage, the predominant mode for predictions relies on
models around the binary collision approximation, parameterized by
electronic and nuclear-stopping data collected, e.g., in the venerable
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stopping and range of ions inmatter (SRIM) databases3,4 as well as PSTAR/
ASTAR5,MSTAR6,DPass7, andCasp8. Engineers canuse these topredict the
stopping distance of radiation or the amount of energy transferred to the
target material but within limits. Electronic stopping powers tabulated, e.g.,
by SRIM for elemental compounds are based on Bethe–Bloch theory, with
additional corrections to account for projectile charge state and relativistic
effects, and are fitted to limited amounts of available experimental data3,9.
Even fewer experimental results are available formulti-element compounds
andBragg’s rule of stopping power additivity is commonly used to close this
gap10. Specifically, such SRIM electronic stopping tables are generated by a
linear combination of their constituent elements, sometimes with a scaling
factor if experimental results are known—an approach that works decently
for high-kinetic energy (KE) projectiles but is less reliable in the low KE
regime10 (see Fig. 1). In addition, atomic information like crystal structure
and lattice orientation is not included in the electronic stopping tables.
These details, along with the target material’s quantum-mechanical elec-
tronic structure, are critical in the low KE regime as well as for channeling
projectiles. In short, SRIM has been a successful engineering tool for dec-
ades, but its known faults leave much to be desired, especially for emerging
modernapplications, suchas semiconductorqubits, electronmicroscopy, or
proton cancer therapy.

On amicroscopic level, nuclear stopping, i.e., elastic scattering between
energetic particles and atoms in the target material, can be accurately
modeled by Newtonian mechanics and has been well-studied in the past.
Molecular dynamics simulations of radiation damage have been performed
for several decades11 and provide a detailed and accurate understanding of
defect cascades over large spatial and temporal scales of up to 100 nm and
one nanosecond. On the other hand, energetic projectiles with v ≈ vB, i.e.,
kinetic energiesof about 25 keV for protons (see Fig. 1), also cause electronic
excitations via inelastic scattering, i.e., electronic stopping. Quantum
mechanics is needed to describe these interactions accurately, but first-
principles methods remain costly for system sizes of technological interest
that usually contain ≫1000 atoms. Hence, in this work, we focus on the
electronic stopping contribution and how to address the large computa-
tional cost of computing it.

Before exploring the reduction of the computational cost, we introduce
time-dependent density functional theory (TDDFT)12 as an accurate ab
initio route to predicting the electronic contribution to stopping power. It is
a practical formulation of the time-dependent Schrödinger equation, and its
real-time implementation (RT-TDDFT)has been shown in the past years to
accurately predict the electronic stopping of different particle radiations in
diverse material systems, including metals, semiconductors, insulators, and
molecules (see ref.13 and references therein). RT-TDDFT, in principle, can
accurately address all the limitations of SRIM for electronic stopping but is
currently limited to systems with at most a few hundred atoms due to its
computational cost. Efforts to incorporate RT-TDDFT results for electronic
stopping into force-field-based molecular dynamics simulations of

radiation damage have been accomplished, e.g., for Si14, but are limited to
low projectile velocity (v≪ vB). Full incorporation of electronic stopping
data fromRT-TDDFT intomulti-scale simulations remains challenging but
at the same time, bears the promise of extending SRIM and related
approaches to new materials with unprecedented accuracy and
predictive power.

Across the sciences, machine learning (ML) methods are increasingly
opening the door for new scientific computing capabilities by reducing
computational costs. For example, machine-learned interatomic potentials
have been used to increase the limits in system size and time scale in
simulationsof atomic-scalephenomena15,16, andmachine-learnedmodels of
atmospheric dynamics have provided a path for increasing the accuracy and
reducing the cost of modeling earth systems17,18. The challenge behind all of
these successes is that building a surrogate model to supplement physics-
based approaches is non-trivial. Scientists must contend with limited and
potentially biased data19,20, ensure that theirmodel predictions reflect laws of
physics21,22, and leverage existing knowledge to develop highly accurate
models. Building a successful surrogate, therefore, requires careful con-
sideration of the problem and how to validate themodel before one can use
it to perform new science.

Here, we demonstrate how the rich data produced by RT-TDDFT
simulations can be combined with ML to expand greatly the ability to
predict the electronic stopping power of materials, enabling dramatically
improved speed while maintaining the accuracy of first principles results.
We perform a detailed study of an ML model that predicts the velocity-
dependent electronic stopping of a proton traveling through face-centered
cubic (FCC) aluminum. Our ML model accurately predicts electronic
stopping in crystal directions absent from the training data at rates 107 times
faster thanTD-DFT.Critically, ourwork required nonewDFTcalculations;
rather, as we describe below, it reuses 10 trajectories computed by Schleife
et al. in 201523 and is now available24 in theMaterials Data Facility (MDF)25.
Thus, this work opens an exciting ab initio route for predicting electronic
stopping fast enough to interface with molecular dynamics simulations,
where it was recently shown that electronic stopping is an important factor
determining emerging damage cascades14,26. We anticipate that this work
will pave the way towards a significantly improved understanding of
radiation damage in a large number of materials. The work also suggests
new avenues for data reuse in materials science, which—outside narrow
areas such as materials property prediction27—remains relatively rare28–30.

Results
Stopping power is defined as the energy loss per distance traveled by the
projectile ion23, which has the unit of force and is proportional to the energy
loss rate. A projectile traveling through a target material at velocities on the
order of the Bohr velocity, i.e., the velocity of an electron in the first Bohr
orbital of a hydrogen atom, experiences predominately electronic stopping
(see Fig. 1). We model electronic stopping by using real-time time-

Direction 
Dependence

Stopping
Distance

Stopping and
TD-DFT

Feature 
Engineering Machine Learning Enhanced 

Capability

Fig. 1 | We extend the capability of time-dependent density functional theory
(TD-DFT) by building a surrogate model that predicts the drag force on a pro-
jectile based on its atomic environment and local electron density. The machine

learning surrogate operates 107 × faster than TD-DFT which enables first-principles
assessments of direction-dependent stopping forces and full computations of
stopping distances.
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dependent density functional theory (RT-TDDFT) to simulate a hydrogen
atom traveling through FCC aluminum at constant velocities since the
femto-second time scale of interest is too short for projectile velocity to
change significantly, <0.4% during the entire simulation23. Electronic
stopping can then be calculated from RT-TDDFT results by tracking either
the energy change of the electronic system of the target material as the
projectile travels through it or the force that the projectile experiences
against its traveling direction23. Schleife et al. previously demonstrated that
both approaches result in the same electronic stopping for proton-irradiated
Aluminum23. Used this way, RT-TDDFT provides exclusively electronic
stopping since the projectile cannot transfer any momentum to the fixed
target atoms, and all ionic stopping contributions average to zero. In the
following sections, we detail a process for training a machine-learned sur-
rogate model and then describe how we validated our approach by pre-
dicting electronic stopping power in Aluminum. We conclude with an
example of how, due to their extremely reduced computational cost relative
to RT-TDDFT, our new surrogate models provide previously inaccessible
capabilities, such as computing direction-dependent Bragg peaks with first-
principles accuracy. We emphasize that by training on RT-TDDFT data,
our approach can be straightforwardly extended to any material.

Developing a machine-learning surrogate for stopping power
calculations
Thefirst step in creating ourML surrogatemodel for RT-TDDFT electronic
stopping predictions is to identify what inputs and outputs are required. In
an RT-TDDFT calculation, the input to each time step comprises the
Kohn–Sham (KS) electronic states ψ(r, t) and the positions and velocities of
all ions at that time t. Using this, the TDKS equations, Eq. (1), are explicitly
propagated in real time31,32 by Δt, producing ψ(r, t+Δt) and the corre-
sponding electronic total energy E(t+Δt). Simultaneously, the equation of
motion for the ions is also propagated in real-time by using
Hellman–Feynman forces that are computed from the time-dependent
electron density nðtÞ ¼ PN

i ∣ψðr; tÞ∣2, providing new atomic positions and
velocities33. The ability of RT-TDDFT to model the state of quantum-
mechanical electrons and classical atoms over time gives it a rich suite of
capabilities, of which we require only a subset to predict electronic
stopping power.

We choose to emulate enough of the RT-TDDFT calculations to
compute direction-dependent stopping, but not so much as to require
quantum-mechanical computationswhen using the surrogate. In this work,
we use the position and velocity of the projectile and the ground state
electron density as input, and the stopping force is the output. Our choice
avoidsmodeling the explicit time evolution of the electronicwave functions,
which is a long-standing problemwithmachine learning for excited states34.
Using position and velocity to determine the projectile’s present state allows
making predictions of the stopping force at any projectile position without
needing to first evolve the system to account for projectile history. By
excluding any explicit history dependence, we assume that the projectile’s
initial conditions (e.g., initial charge state) no longer affect the stopping
force, which is the same assumption used when computing stopping force
by using RT-TDDFT, where long enough simulations are performed to
ensure independence of initial conditions bymeans of charge equilibration.
We also discount any natural variations in the stopping power between
crystallographically identical projectile states that occur due to the time
dependence in the charge localized on the projectile,which is averagedwhen
determining stopping power in RT-TDDFT over multiple unit cells. Our
choice of inputs (position, velocity, charge density) is comparable to para-
meters used in physically derivedmodels of electronic stopping, such as the
Lindhard35 and the Firsov36models,which are functions of velocity and local
charge density (Lindhard model) or impact parameter (Firsov model).

Next,wedeterminehow to transform these inputs into a set of variables
("features”) that would serve as useful inputs to an ML model. As well
articulated by Faber et al.37, features must succinctly capture the essential
physics driving the stopping forceandmust bequick to compute.Oneof our
features is the force resulting from the repulsion between the projectile and

the atomic nuclei, which we compute explicitly by calculating the Cou-
lombic force between positive charges by using Ewald summations38.
Lacking inexpensive theoretical models for the interaction between the
projectile and electrons, we approximate the effects of interactions with
electrons implicitly using features of the local electron density and the dis-
tribution of atoms around the projectile. From the ground-stateDFT charge
density, we selected several points at fixed distances in front of and behind
the projectile as features. The local density of atoms is captured by using the
AGNI fingerprints of Botu et al.39, which describe the density of atoms at
specific distances away from the projectile along specific directions (Eq. (3)).
We chose to use AGNI fingerprints along the projectile’s direction of travel.
In summary, our full set of features describes the state of the projectile by
using the ion–ion Coulomb repulsion, the local distribution of atoms, and
the ground-state electron density. Full details of the features are available in
the “Materials and methods” section, and we analyze and discuss their
relative importance later.

Our last task is to useML tomap the variables used todescribe the state
of the projectile to the force acting on it. There are many regression algo-
rithms, but only a few possess the characteristics needed for our task, i.e.,
continuous derivatives with respect to projectile position and the ability to
train accurate models with a moderate amount of training data, as we
estimate having access to ≈105 training examples. We, therefore, limit our
search to different types of linear regression methods and neural networks
and demonstrate how to identify the ML algorithms with the highest gen-
eralizability in the following sections.

Re-using data from previous studies
We selected the electronic stopping of a proton traveling through face-
centered cubic aluminum as a case study. Schleife et al. have previously
demonstrated that RT-TDDFT can reproduce experimental stopping
powers for this case23. The data produced from that validation are extensive,
including stopping powers for multiple projectile directions through the
material at many velocities—a total of 58,969 pairs of projectile positions
and stopping forces. The availability of those legacy data meant that we
could train our ML models without the need for any new RT-TDDFT
calculations24. We denote this data as the Schleife 2015 dataset.

The Schleife 2015 dataset includes a total of 10 trajectories, each
representing a proton traveling in a certain direction at a constant velocity
through bulk aluminum. The projectile speeds vary from 0.5 to 4 atomic
units (a.u.) of velocity,with 1 a.u. corresponding to roughly 25 keVof kinetic
energy for proton projectiles. Thus, the data span both the linear-response
region, where electronic stopping power increases linearly with projectile
speed, and the high-velocity regime where the stopping power decreases
with speed. The data also include two directions: a “hyper channel,” 100h i, a
direction that passesmaximally distant fromany atom in thematerial, and a
randomly selected direction that passes near some atoms and samples a
much larger range of distances between projectile and aluminum atoms.
The variety in speeds and projectile environments makes the dataset ideal
for characterizing the stopping power of a material and training a gen-
eralizable ML model. We note that this same variety is needed to predict
electronic stopping comprehensively from first principles for any material
by using RT-TDDFT simulations23.

Training a model to predict forces
The first problem we considered was the prediction of stopping power in
multiple directions at a single projectile speed. We selected an intermediate
projectile speed from our available training data, 1.0 atomic units, as a
starting point. The goal is to train amodel that can bothpredict forces on the
projectile at future timesteps of the same trajectory and generalize to tra-
jectories not included in the training set. Our initial task was to identify an
appropriateMLalgorithm that can achieve optimal predictive performance.
TheMLmodelmust also have continuous derivatives and training times of
less than several hours with up to 105 training examples. We enumerated a
total of eight linear-regression-based learning algorithms that vary based on
whether they include polynomial features and regularization approaches
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(e.g., LASSO, Bayesian Ridge, recursive feature elimination). A full list and
software needed to recreate our models is available along with the data
published with this publication40.

We selected an appropriate algorithm by training each on the first half
of the data for the random trajectory and then measuring performance on
the entire random trajectory. The random trajectory samples have more
atomic environments than 100h i does and have a larger number of samples,
which makes it a better source of training data. We measured performance
across the entire random trajectory to capture both fitness to the training
data and generalizability. We use the mean absolute error (MAE) of the
predictions and Spearman’s correlation coefficient ρ, which measures the
quality of the ranking from lowest to highest force, to evaluate the perfor-
mance of themodels.Weprovide full performance data for the differentML
algorithms in the Supplementary Information.

Models with the best Spearman’s correlation coefficient have better
behavior than those with the lowest MAE. As shown in the inset of Fig. 2,
the model with the best MAE, Bayesian ridge regression without feature
selection, has slight deviations in the predicted forces compared to the
training data. The problem stems from the fact that theMAE takes the scale
of the data into account; therefore,models selected by using thismetricmay
be biased towards those thatfit thehigh-force regions better. Fitting to larger
forces better is a problem because, as shown in Fig. 2, the force experienced
by the projectile varies over several orders of magnitude. Fitting to only the
high-force regions is a concern because the low-force regions are more
prevalent and thusmore important for stopping (note how theprojectile still
experiences stopping forces in the channel) and the accuracy of the training
data in thehigh-force regions is limiteddue to theuseof apseudopotential in
our simulations. Themodel with the best Spearman’s correlation coefficient
lacks these deviations and achieves better accuracy on regions where the
magnitudeof the force is small (MAE:0.0142EH/aB) than themodelwith the
best overall MAE (MAE: 0.0174EH/aB). Consequently, we selected a Baye-
sian ridge regression model that uses a reduced subset of polynomial fea-
tures identified as important via LASSO; this lacks the deviations while also
maintaining close agreement with RT-TDDFT in the low-force regions.

The featuresof ourMLmodel selectedbyusingLASSOcorrespond to a
variety of physical effectsunderlying electronic stopping (see Fig. 3).Only 25
of the 189 features generated via polynomial expansion are selected, and
they fall into three categories: features that include the ion–ion repulsion,
features based on the charge density ahead of the projectile, and those based
on the charge density behind. The values of the features do not vary inde-
pendently, so we assess the importance by computing their influence on the
predicted force at different projectile positions. The Coulomb repulsion is
particularly important as the projectile passes close to an aluminum atom,
which is clearly visible near a displacement of 50aB in Fig. 3. Features related

to the charge density ahead of the projectile are important most often—
presenting amechanismof a projectile “pushing” through a sea of electrons.
The charge density behind is only important in small sections of the tra-
jectory, which shows it is of limited importance but could be indicative of a
projectile’s history having a direct influence on stopping force. In short, the
feature importance is consistentwith knownphysics of stopping forces (e.g.,
ion–ion repulsion becoming important at short ranges) but also captures
effects yet to be incorporated into physics models.

We further characterize our Bayesian ridge regression model by eval-
uating theperformance asmore trainingdata is provided.As shown inFig.2,
the model can accurately reproduce the force in all low-stopping power
regionswhenprovidedwith only thefirst quarterof the trajectory.However,
in this case, themodel has yet to be trainedon regions of large forces byusing
training examplescorresponding tonearpasses of theprojectile to anatomic
core, and we note the model performs poorly when predicting the stopping
force for those regions. The model accurately recreates the entire training
trajectory once 50% of the data are included in the training set, which also
includes data from the low- and high-force regions of the trajectory. The
model then accurately reproduces the stopping force in themajor peak near
a displacement of 100aB, without those data being included in the training
set. Increasing the amount of trainingdata to 75%of the trajectory continues
to lower the error of the model but with diminishing returns. At this point,
the features identified by the LASSO feature selection technique and coef-
ficients determined by Bayesian ridge regression are effectively converged.

Next, we validated this model by predicting the stopping power in
different crystallographic directions, starting with the 100h i channel. As
shown in Fig. 4, the model correctly captures many key behaviors, such as

Fig. 2 | Force acting on a proton projectile passing
through aluminum as calculated by RT-TDDFT
(black, dotted line) and predicted by anMLmodel
(red, solid line) trained on progressively larger
training sets. The data from timesteps in the gray
region were used to train the ML model in each
frame. The mean absolute error (MAE) is measured
across the entire trajectory. The inset in the bottom
left panel shows the performance of amodel selected
based on MAE (blue, dashed line), Bayesian linear
regression without feature selection, compared to
our model which was chosen based on Spearman’s
correlation coefficient ρ, Bayesian linear regression
with LASSO-based feature selection. Predictions
from the model selected by using MAE are less
smooth than either RT-TDDFT or the model based
on ρ.

Fig. 3 | The group of features that are most influential in predicting the stopping
force as a function of projectile displacement in a random trajectory with ∣v∣
= 1.0 a.u. Features are grouped into those that include Coulomb repulsion between
the projectile and nearby nuclei, and those related to the charge density (ρ) ahead of
or behind the projectile. The color of the background indicates which group of
features is most important over a certain range of displacements. The distance to the
closest atom is shown as a black line.
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the sinusoidal character of the stopping forcewith a periodicity of half a unit
cell length. The model has approximately the correct amplitude but over-
estimates the average force by 0.023EH/aB, an 11% error with respect to the
average stopping power in the channel. An error of 0.023EH/aB is within
acceptable bounds as it is smaller than the differences we are seeking to
quantify; stopping power changes by up to 0.06EH/aB (see Fig. 5) depending
onprojectile direction and variesmore than 0.1EH/aB depending on velocity
(see Fig. 6). Our MLmodel also predicts the position and magnitude of the
maximumforcewell, just before theprojectile passes nearest to an atom, e.g.,
at the unit cell boundary. It is slightly out-of-phase, and Fig. 4 shows that the
model prediction is off by 0.19aB (6.8%) in location and 0.014EH/aB (4.6%)
in value.

To put the error of the ML model into context, we compared it to the
best possible agreement with RT-TDDFT achievable on the 100h i channel.
OurMLmodel predicts the same stopping force for two projectiles with the
samevelocity at symmetrically equivalent positions in a lattice, but this is not
true in ourTD-DFT simulations and implies a boundon the accuracy of our
predictions. The RT-TDDFT forces can be different both due to remaining
transient effects from inserting the projectile into the lattice (the two pro-
jectiles may differ in their time since the simulation starts)23, and effects due
to the finite size of the simulation cell (projectiles may interact with their
periodic image in varying amounts). Our ML model accounts for none of
these effects, which makes the variation between identical projectile posi-
tions andvelocities inRT-TDDFTagood comparison tomeasure predictive
accuracy. We assessed an average deviation of 0.0063EH/aB between the

force at equivalent positions in the four-unit cells from our training data,
which represents the magnitude of these effects ignored by our model. The
MAE of 0.025EH/aB determined for our model is four times larger than this
uncertainty figure. A corresponding upper bound on accuracy is assuming
that force is independent of position, which would result in an MAE of
0.050EH/aB, i.e., two times larger than our model. Considering both the
qualitative and quantitative agreement of the model to the channel direc-
tion, we conclude that our ML strategy can interpolate stopping forces on
trajectories outside of our training set.

Accurately assessing direction dependence
The stopping power of amaterial varies strongly depending on the direction
along which a projectile travels. For example, some directions result in a
projectile interacting with the dense clouds of electrons around atomsmore
frequently than others and, therefore, losing energy faster. The exact dif-
ferences in stopping power are important for designing materials and are
currently only accessible viaRT-TDDFT.We explore here if ourMLmodels
offer an alternative.

We performed additional RT-TDDFT calculations to assess direction
dependencies. These include a second randomly selected direction, a
directionwith amoderate stoppingpower ( 211h i), a directionwhere theML
model predicts an especially low stopping power ( 122h i), and a direction
that passes through a diverse set of atomic environments. The diverse
channel was determined by finding a trajectory thatmaximizes the diversity
of environments observed by the projectile over a certain distance (see SI for
details) and is the same length as the random directory. A large diversity of
training environments provides a challenging test set and, as illustrated by
the recent work of Kononov et al.41, a potential route for reducing the data
requirements of RT-TDDFT.

We trained our ML model on the random and 100h i channel trajec-
tories to ensure the best accuracy and then used both to predict the forces
across each trajectory. The resulting stopping power predictions in Fig. 5
illustrate strong qualitative accuracy but with notable drops in accuracy for
the most atypical channels. The ML model overestimates the stopping
power of the trajectory with the lowest stopping power ( 100h i channel) and
underestimates the high stopping power for the diverse channel. Low pre-
dictivepower for extremevalues is a common issuewithMLmodels because
forecasting in the rare regimes that cause them, by their nature, requires a
greater degreeof extrapolation. Regardless, the error of 5% for these extreme
points is comparable to the error between RT-TDDFT and experiment of
~5%23 which indicates that the limiting factor on the accuracy of using this
model will be between RT-TDDFT and experiment instead of betweenML
and RT-TDDFT.

Our model also compares favorably to the Firsov model, a well-
established analytical method for predicting the electronic stopping power
of heavy ions inmaterials in the low KE regime36,42. The Firsovmodel is not
perfectly suited for our applications; beingdesigned for heavy ions (we study

Fig. 4 | Predicted stopping force acting on a proton moving along the 100h i
channel of FCC Aluminum as computed with RT-TDDFT (black, solid), as
predicted by an ML model trained by using RT-TDDFT data from a randomly
oriented trajectory (red, solid), and anMLmodel trained onboth the channel and
random data (blue, dashed). Vertical gray lines indicate the boundaries of the unit
cells.We show the second and third unit cells of the six available in our training data.

Fig. 5 | Average stopping powers at v= 1.0 a.u. computed by RT-TDDFT for six
different trajectories in FCC aluminum compared to anMLmodel (red squares)
and the Firsov model (purple circles). Both ML and Firsov models are para-
meterized by using RT-TDDFT data from the trajectories marked with white fill.
Trajectories used to validate model performance are shown with colored fill. Points
that lie closer to the black, dashed line (y = x) are better predictions. The two random
trajectories start at the same position as the 100h i trajectory but travel in different
directions, and the diverse trajectory was selected to sample as many atomic
environments as possible.

Fig. 6 | Stopping power as a function of velocity magnitude predicted by a neural
networkmodel for the 100h i hyper-channel (blue, solid) and a randomly selected
off-channel direction (red, dashed).The network was trained on the stopping force
as a function of position and velocity for the hyper-channel and random direction at
five speeds between 0.5 and 4 a.u. The stopping power for these 10 TD-DFT tra-
jectories used for training are shown as Xs.
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protons), channel trajectories (we consider closer passes to atoms), and the
linear scaling regime (we explore velocities higher than that range). That
said, the Firsov model is the best-available theory because it depends on the
projectile position in the lattice andwe canmake a fairer comparison toML
by parameterizing the Firsovmodel by using data fromone channelwithout
close passes near atoms ( 100h i) and test against the other in our dataset
( 211h i). The Firsov model overestimates the stopping force of the second
channel by50%(RT-TDDFT: 0.24, Firsov: 0.36EH/aB),which ismuchworse
than the 2% underestimation from machine learning (ML: 0.237EH/aB).
Machine learning not only predicts stopping power more accurately in
channels where Firsov is applicable but can also extend to trajectories where
Firsov cannot.

Million-fold acceleration of stopping power prediction
Stopping power is computed fromRT-TDDFT by averaging stopping force
over a trajectory. RT-TDDFT calculations rely on computing the stopping
force at each timestep sequentially—a process that requires 2.1 core-hours
per timestep for the simulations used in our study, which ranQBox43 on 768
Intel Xeon X5660 cores of the Sierra supercomputer. The number of
timesteps varies with the length of the trajectory before it repeats over the
same environment due to crystalline symmetry. The 100h i channel is the
shortest trajectory in FCC aluminum and still requires around 2000 time-
steps for stopping power calculation at a projectile speed of 1.0 a.u., which
totals a significant 4028 core-hours. Here, we establish how much we can
reduce this computational cost.

Simply replacing RT-TDDFT with our ML model and repeating the
evaluation of each of the 2000 timesteps needed to compute the stopping
power in the 100h i channel requires only 13 core-s on an AMD Ryzen 9
5900X, i.e., a million-fold cost reduction from TD-DFT, and this can be
further improved.We further accelerate the computation of stopping power
with adaptive integration techniques,which sample a functionmore densely
in regions where it varies more than in regions where the function is con-
stant. We use adaptive Gaussian quadrature, as implemented in
QUADPACK44, to pick the smallest number of points required to achieve a
stoppingpower accurate to10−3EH/aB.Adaptive quadrature evaluates forces
at positions out of sequence with time departs, which departs strongly from
the sequential timestepping of current RT-TDDFT algorithms but is easy
with how our ML algorithm is designed. Adaptive quadrature speeds the
calculation of the channel stopping force by another 30 times to a total of a
factor of 3 × 107 compared to the RT-TDDFT simulation.

Accounting for velocity-dependence of electronic stopping
Electronic stopping power of a projectile in target materials has a complex
dependency not just on a trajectory but also on velocity. It is well-established
that electronic stopping power in metals generally increases linearly as a
function of velocity at low velocity (v < 1 a.u. for Aluminum), up to a max-
imumof the stopping power at around v ≈ 1.5 a.u., after which it decays back
tozeroat increasingvelocities (seeFig. 1).Whileprecisepredictionof the rates
of these effects yet eludes theory, recent RT-TDDFT studies provided more
insight, e.g., on the dependency of electronic stopping on the electronic
structure of the targetmaterial, the effective charge state of the projectile, and
its spatial proximity to the atomsof the targetmaterial. Band-structure effects
cause deviations from the linear behavior at low velocity45. At high projectile
velocity, core electrons contribute to electronic stopping for projectiles onoff-
channeling trajectories14,23,46,47. In addition, the equilibrium charge state itself,
e.g., of an initially highly charged ion projectile, depends on the proximity to
target atoms14. This complex interplay of dynamic projectile charge, trajec-
tory, and electronic structure of the target makes predicting the velocity
dependence of electronic stopping challenging. While first-principles RT-
TDDFT simulations, in principle, capture this complexity, no analyticmodel
can achieve this, and existing approximations, such as the linear model used
by Firsov, are not valid across the entire velocity range. Hence, after estab-
lishing in the previous section that our model is capable of describing the
physicsof electronic stoppingat a single velocity,wenowexplorehowMLcan
learn the subtlety of velocity dependence.

Our first attempt was to add velocity as an input feature to the model
and then use the same polynomial regression algorithm as for the single-
velocity model. We trained the model on the data from the random tra-
jectory with projectiles traveling at speeds of 0.5, 1.0, 2.0, 3.0, and 4.0 a.u.
However, the linear regression model fails to adequately fit the training set
whenwe includemore thanonevelocity in the trainingdata.Trainingon the
random trajectory yields a mean absolute percent error (MAPE) of 16% in
predicting the stopping power of the random channel at different velocities
—far higher than the 0.4% error in stopping power when trained on a single
velocity. Without the ability to fit the training set accurately, we concluded
that the linear models are too simple to capture the complexity of velocity
dependence.

Following our hypothesis of insufficientmodel complexity, we decided
to use a neural network to fit the training data. Neural networks fit the
requirements for an ML model outlined earlier, provided we design our
network architecture appropriately yet allow us to express more complex
functions. The model will have continuous derivatives, if we choose acti-
vation layers with continuous derivatives. After some experimentation with
different network designs, we found that a simple multi-layer perceptron
with six hidden layers (2015 parameters in total) and exponential linear unit
(ELU) activation functions48 both achieve strong fitness to the training set
and generalize to our test sets. Our neural networkmodel achieves aMAPE
of only 0.25% in predicting the stopping powers of the random direction
when trained on the random direction, which is 64 times lower than the
polynomial regression model in the same test case. The increased com-
plexity of a neural network may even have advantages for our earlier, single
velocity problem but at the cost of lower interpretability and speed.

The neural network model interpolates to other directions just as well
as the single-velocity, polynomial regression model. We trained the neural
network on the data from the random trajectory and 100h i channel direc-
tions at all five velocities available in the training set and evaluated its
performance on the six directions available at ∣v∣ = 1.0. The MAPE of the
stopping powers predicted by using the neural network is 1.9%, which is
equivalent to the MAPE of 2.1% for the polynomial regression model
trained on only the ∣v∣ = 1.0 data. From this, we conclude that the neural
network is an appropriate choice formodels that account for changes in the
trajectory and speed of the projectile.

Beyond quantitative accuracy on specific points in our test set, the
neural network model also captures qualitative trends for how electronic
stopping power is affected by velocity. In Fig. 6, we show the stopping power
as a function of increasing speed for two different directions: the 100h i
hyper-channel and the random direction, which passes closer to atomic
nuclei. At low velocities, the stopping power for both the channel and
random trajectory increases linearly as a function of velocity. Further,
electronic stopping for these two trajectories is similar at speeds below
1.5 a.u. Projectiles traveling at these slow velocities are not energetic enough
to excite core electrons—leading to small differences in stopping power
between whether a projectile traveled near atomic nuclei or not. The stop-
ping power in the channel and random directions diverges increasingly as
velocity increases past 1 a.u., which is expected because of the possibility of
exciting core electrons in this velocity regime23. The directiondependence of
our neural network model even outperforms the linear regression model
created earlier. The neural network model achieves a mean absolute per-
centage error (MAPE)of 1.9%on the holdout set shown in Fig. 5, compared
to 2.2% for the linear regression.We note that direction and velocity effects
were not explicitly coded into the model but are properties of electronic
stopping learned without human intervention; the ML model was able to
infer this behavior from the data.

TheMLmodel deviates fromexpectedbehavior at velocities higher and
lower than those in our training set, i.e., in the extrapolative regime. For one,
the stopping power should approach zero as velocity increases to very high
velocities. The stopping powers predicted from our model instead become
negative at extreme velocities (v > 10 a.u.), which is unphysical. The stop-
ping power should also approach zero as velocity approaches zero, but our
MLmodel shows a zero stopping power for finite velocities (see Fig. 6). Zero
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electronic stopping power at finite velocities is a feature of semiconductors
and insulators, i.e., materials with a non-zero bandgap, as they require
certain energies to excite electrons. However, aluminum is a metal and has
no band gap. Our model is unable to make adequate predictions at these
extreme velocities, as data in these regimes is absent from the training set
and the model architecture was not designed to encode such limiting
behavior.

In short, we establish both that our model is a suitable interpolator for
predicting stopping power as a function of direction and speed, and also
established limits of the applicability of the model. Our model has excellent
quantitative accuracy at predicting both the instantaneous force acting on
projectiles along and the stopping power of many different trajectories. We
also find that the model reflects known physical laws within the regions for
which we have training data: The stopping power increases linearly at low
velocities, and the effect of direction becomes larger with increased velocity
—in both cases, as expected from theory and reflected in the training data.
However, the model fails to capture the fact that the difference between
channel and off-channel should diminish with velocity and that stopping is
non-zero even at slow velocities. Consequently, we recommend that these
models only be used at intermediate velocities (0.5–4.0 a.u.); to improve
accuracy in other regimes, we recommend either adding theory-based
constraints to the model or training with more data in those velocity
regimes.

Example application: predicting Bragg peak distribution
Radiation particles release energy unequally through a solid and
typically deposit the largest amounts of dose towards the end of their
trajectory. This localization of energy release is key for many tech-
nological applications of radiation, such as cancer treatments, ion
implantation, and the creation of optically active defects in semi-
conductor qubits49–52. The position of maximum energy release is
known as the “Bragg peak.”The current route for predicting the Bragg
peak is based on SRIM, which—as noted previously—assumes that
the stopping forces are independent of direction. To go beyond SRIM
by incorporating details of the crystal structure for nuclear stopping,
two approaches were previously introduced. The first one utilizes the
same binary collision approximation as SRIM but applies it to crys-
talline target materials53,54. The second approach utilizes molecular
dynamics simulations to simultaneously address the limitations of
the binary collision approximation in the low kinetic energy
regime42,55. However, these approaches generally utilize semi-
empirical models for electronic stopping, which lack crystal-
structure information. A recent study, utilizes RT-TDDFT along
with molecular dynamics simulations to provide a more general route
for accessing structure- and direction-dependent stopping distances
for not only nuclear but also electronic stopping, however, this comes
at large computational costs56. As a result, this work is limited to a
specific channeling direction, 001h i in Tungsten. Our ML model
provides a computationally efficient route to calculate electronic
stopping under different impact parameters and velocities and thus
can augment the combined approach of molecular dynamics and RT-
TDDFT. For instance, focusing only on the contribution of electronic
stopping, our ML model can predict how the Bragg peak’s location
changes with different crystal orientations and establish the dis-
tribution of how it varies across parallel trajectories.

We started by evaluating the Bragg peak location for projectiles tra-
veling along the 100h i direction of aluminum. Each projectile starts at a
randomposition in the simulation cellwith an initial speedof 4.0 a.u. andwe
propagate its position by using Newton’s laws of motion until the velocity
reaches 0.4 a.u. The Bragg peak is the region on the trajectory where the
force is the largest, which we determine from a smoothing spline fit to the
force over distance (see Fig. 7). We select 0.4 a.u. as a minimum velocity as
we observe it to be significantly below the velocity at which the Bragg Peak
occurs and because it is slower than any trajectory in our training set.We do
not update the positions of the surrounding atoms, which means our

approach does not include any nuclear stopping. Nuclear stopping only
matters once theprojectile is slowenough to interactwith atomsof the target
by causing damage via displacing ions or, eventually, implanting inside the
target material56.

We estimate the variation in the location of the Bragg peak by starting
the projectiles from different positions within the aluminum unit cell and
then computing the stopping force as a function of displacement for each
trajectory. We observe a Bragg peak in many of the 100h i trajectories (see
Fig. 7a) and a large variation in the depth depending on the starting con-
dition (see Fig. 7b). The interquartile range of the stopping distance is
33 × 103aB, which is 40% of the median depth. Producing this estimate
required simulating a total of 0.1 ns of electronic stopping, which would
have required 300M timesteps of RT-TDDFT and 700M core-hours of
compute time if simulateddirectly (1.5 × 103 tonsCO2). (Estimated byusing
the power per core of Vulcan, 5W, and 2021 average US power generation,
0.855 lb/kWh).

The variation in Bragg peak location is especially visible between
projectiles that travel along different directions. In particular, projectiles
traveling in the 111h i direction illustrate both how themean position of the
Bragg peak changes but also how the variance can increase depending on
direction (see Fig. 7c). Projectiles traveling in the 111h i direction not only
have Bragg peaks 14% closer to the surface but also disperse their energy
over a wider area. The difference between the 75th percentile and the
maximum of the Bragg peak distance is four times greater in the 111h i
direction than in the 100h i direction. These results illustrate how the choice
of implantation direction for radiation controls not just the distance at
which radiation damage occurs, but also how wide that distance varies
between individual projectiles. Our combination of ML and TD-DFT
enables predicting both quantities directly from first principles.

The largest limitation of our simple equation of motion is the inability
to model radiation particles that are deflected nor energy transfer to sur-
rounding atoms. Deflection and energy transfer are important, especially
when either force is large (e.g., when the projectile passes close to atoms) or
the projectile spends an extended time near a particular atom (e.g., at low

Fig. 7 | Analysis of the stopping force as a function of distance for projectiles
traveling along the same direction but with different starting positions.
a Stopping force as a function of displacement for projectiles traveling in the 100h i
direction predicted by our MLmodel. b, cDistribution of the position of maximum
stopping force for 128 trajectories in b 100h i and c 111h i directions, as computed by
our MLmodel. The median stopping distance is 98.8 × 103aB for the 100h i direction
compared to 87.0 × 103aB for the 111h i direction.
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velocities). As such, we expect that the Bragg peaks at low displacements in
Fig. 7 are inaccurate because they correspond to trajectories where the
projectile passes near atoms. Energy transfer to the surrounding atoms only
affects theprojectile if it is slowenough to still benear the atomafter itmoves,
which occurs for velocities far below where the Bragg peak occurs13,57. Pre-
dicting the full force vector on the projectile rather than just the projection of
the force along the direction of travel would allow for the deflection of the
projectile, and including the forces actingonatomswouldunlockaccounting
for momentum transfer. Both are directions for future work.

Extension to other materials
We designed our approach with the goal of extending it to other materials
and projectiles.

The choice of input features will require slight modification for more
complex host lattices. The effect of screening inCoulomb repulsion between
the projectile and host latticemust be treatedwhen the repulsion strength of
each atom is not equivalent due to symmetry, as inAluminum.We propose
to fit the effective charges of each symmetric site to forces when projectiles
pass near atoms,where theCoulomb forces dominate (see Fig. 3).Wewould
also expand the number of features based on AGNI fingerprints, which
capture the effect of interactions beyond ionic repulsion, to account for each
type of element in a particular material. Electronic densities are structure
and chemistry-agnostic, so can be left unchanged.

The above results suggest that only a few trajectories are necessary to
train a surrogate for at least simple systems, and it may be possible to further
reduce the up-front cost of studying anew system.The cost for producing the
training data used by our surrogate was 31 × 103 cores-hours on a compute
cluster in 2015 and is likely smaller and even more achievable on modern
hardware. We hypothesize that the cost can be further reduced by optimal
experimental data, such as by halting trajectory calculations as models con-
verge (as visible in Fig. 2). It may also be possible to further reduce cost by
selecting trajectories that optimize the diversity of training data, which we
explore in the Supplementary Information, or training models on data from
multiplematerials.We plan to study these concepts further in ongoingwork.

Discussion
We present a combined TD-DFT and ML route that enables rapid, first-
principles prediction of the stopping power of materials and the estimation
of properties beyond length scales accessible to quantum mechanical
simulations. We demonstrated our method by re-using data from a TD-
DFT study on Aluminum to create a model that can predict material
properties beyond both the scope of the original study and the present
capabilities of TD-DFT (e.g., Bragg Peaks). This dramatic increase in speed
and scope of TD-DFT computations opens a route to producing data that
are only rarely available yet critical for technologies including fusion energy,
nuclear medicine, and space travel. Coupled with modern TD-DFT soft-
ware able to use the latest exascale systems58, it is nowpossible to thoroughly
assess electronic stopping in mere hours.

Materials and methods
RT-TDDFT and electronic stopping
The electronic stopping of a fast projectile, with a velocity on the order of the
Bohr velocity, in a targetmaterial is a nonadiabatic effect23, which requires a
model that candescribe electronic excitations causedby fast ionicmotion. In
other words, the calculation of electronic stopping requiresmethods that go
beyond the adiabatic Born–Oppenheimer approximation used in static
first-principles methods like density functional theory (DFT). To address
this, we used real-time time-dependent DFT (RT-TDDFT) that is
parameter-free andwell-demonstrated in the literature13,14,23,59 to capture the
electronic stopping of fast projectiles. The simulation is performed by
numerically solving the time-dependent Kohn–Sham (TDKS) equation:

i
∂

∂t
ϕjðr; tÞ ¼ Ĥ½n�ðtÞ ϕjðr; tÞ; ð1Þ

where ϕj(r, t) are time-dependent Kohn–Sham orbitals and n is the time-
dependent electron density. The Hamiltonian Ĥ,

Ĥ½n�ðtÞ ¼ T̂ þ V̂extðtÞ þ V̂H½n� þ V̂XC½n�; ð2Þ

contains the kinetic energy T̂ , the external potential V̂extðtÞ due to nuclei and/
or external fields, the Hartree electron–electron potential V̂H½n�, and the
exchange-correlation potential V̂XC½n�. Specifically, we used the implementa-
tionbasedonpseudopotentials andaplanewavebasis31. Forproton-irradiated
aluminum studied in this work, we used a simulation cell of 256 atoms with a
lattice constant of 4.05Å, and the Brillouin zone is sampled only by Γ point.
The cutoff energy of 50 Ry was used for the plane wave basis. Adiabatic local
density approximation was used for exchange-correlation potential and the
fourth-order Runge–Kutta scheme, with a time step of 0.35 attoseconds, was
used to numerically time integrate the TDKS equation. Schleife et al.
previously showed that such a simulation setup converges the error in
electronic stopping to less than 10−2EH/aB for proton-irradiatedAluminum23.

Machine learning
We summarize the machine learning techniques below and provide full
details in the Jupyter notebooks and data published along with this study.

Data processing and feature computation are performed by using a
combinationof the atomic simulationenvironment (ASE) toparseTD-DFT
outputs60 andMatminer-based featurizers we implemented for this study61.
Specific details for each feature:
• Ion-ion interaction forces are computed by using Ewald summation as

implemented in Pymatgen62 assuming nuclear charges equal to the
atomic number.

• The local electron density features are determined by interpolating the
ground-state electronic density determined from DFT at the
projectile’s current position as well as the anticipated positions 0.5, 1,
2 time units ahead of and 0.5, 1, 2, 3, 4 time units behind based on the
projectile’s velocity.

• The directional AGNI fingerprints are projected along the direction of
travel by using Gaussian windows centered at r = 0 with eight window
widths (η) spaced logarithmically between 0.8 and 16Å, inclusive. We
used the definition of AGNI fingerprints from Botu et al.39

Vu
i ðηÞ ¼

X

j¼i

rij � u
k rij k

e�ðkrijk=ηÞ2 f dðk rij kÞ ð3Þ

where rij is the displacement vector between the projectile (i) and a
nearby atom (j), u is the direction of travel for the projectile, fd is a
cutoff function (f dðrÞ ¼ 0:5 cosðπr=RcÞ þ 1

� �
), and Rc is a cutoff

of 16Å.

Single-velocitymachine learningmodels arebuilt byusing scikit-learn63.
We evaluated ordinary least squares, LASSO with and without second-
degree polynomial features, and Bayesian ridge regressionwith andwithout
second-degree polynomial features by using feature selection based on PCA
and LASSO. We used two-fold cross-validation to fit hyperparameters
where applicable. Each data point was weighted equally when fitting the
model, regardless of scale.

Multi-velocitymachine learningmodels are built by usingKeras backed
by Tensorflow64. Our chosen model is a multi-layer perceptron with six
hidden dense layers of between 3 and 32 units and Exponential Linear Unit
(ELU) activation functions. The model was trained by using the Adam
optimizerwith a learning rate that starts at 5 × 10−4 and thendecays after the
validation loss fails to improve for 10 epochs. The model was trained by
using a mean absolute error loss function with all points weighted equally.

Workflows that employ machine learning rely heavily on numerical
routines from SciPy and are parallelized by using Parsl65. Evaluating the
stopping power for a trajectory uses symmetry operations in Pymatgen to
determine the shortest interval over which to compute the average stopping
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force, Pymatgen’s nearest-neighbor determination logic to find dis-
continuities in the stopping force due to near passes between projectile and
lattice atoms, and the QUADPACK implementation of Gaussian quad-
rature to estimate the average stopping force between those discontinuities.
The stopping distance computations use the fifth-order Runge–Kutta
method as implemented in SciPy to solve Newton’s laws of motion given
forces computed by using our neural networkmodel66. Stopping power and
distance computations were run across multiple cores of a desktop com-
puter and multiple nodes of ALCF’s Theta supercomputer by using Parsl65.

Data availability
Additional data and materials are available online. The datasets include the
outputs fromRT-TDDFT simulations24,67, and the software and output files
from the machine learning study40. The machine learning software is also
available onGitHub at https://github.com/globus-labs/stopping-power-ml/
releases/tag/mdfv231027.
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