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Fig. 1: High-throughput pipeline for discovering novel CAMs. (Center) After determining stable dopant configu-
rations, the full voltage curve is computed by sequentially assessing the most stable cation vacancy until full
delithiation. (Left) In parallel, formation energies of pristine and doped impurity phases are computed to
construct the convex hull for phase stability assessment. All calculations are accelerated using an off-the-shelf
universal Machine Learning Interatomic Potential (MLIP).

1. Introduction

Battery technology is essential to the clean en-
ergy transition, with applications ranging from con-
sumer electronics to large-scale grid-scale energy
storage. Lithium-ion batteries, in particular, have
proven durable, safe, and low-cost. Outstanding chal-
lenges in their design include simultaneously optimiz-
ing energy density, stability, and ionic and electronic
conductivity.

One approach to improving performance has been
"doping" the Cathode Active Material (CAM) with ex-
trinsic elements, similar to common practices in
the semiconductor industry [1, 2, 3, 4]. Yet, the
vast combinatorial space of CAMs, dopants and even
co-dopants makes brute-force experimental of this
space inaccessible. In the past two decades, compu-
tational chemistry modeling has emerged as a new
materials discovery paradigm, accelerating screen-
ing of large chemical spaces, particularly for bat-
tery applications [5, 6, 7]. However, workhorse mod-
els such as Density Functional Theory (DFT) still
suffer from high cost and poor (cubic) scaling with
system size. The large amount of DFT data gener-
ated through these efforts has recently enabled train-
ing universal Machine Learning Interatomic Poten-
tials (MLIPs) with high accuracy and generalizability
across a broad range chemical systems, with dramat-
ically reduced computational expense.

In this work, we present an automated high-
throughput screening pipeline that combines first-
principles DFT calculations and universal MLIPs to

identify promising doped CAMs. While DFT pro-
vides state-of-the-art predictive capabilities, its com-
putational cost prohibits large-scale screening of co-
dopants, limiting its application to targeted studies.
Therefore, we leverage MLIPs to emulate DFT at a
fraction of the cost, accelerate structural relaxations,
and energy computations. This approach unlocks the
phase stability and full voltage characterization of 15
CAMs across 50 dopants and co-dopants (~ 1,000, 000
MLIP calls per CAM), achieving strong agreement
with DFT. Furthermore, our ML workflow bridges the
gap to experimental conditions by scaling to large su-
percells, allowing for the modeling of realistic dopant
concentrations.

We validate our computational screening by pre-
senting experimental synthesis and X-ray Diffraction
(XRD) characterization of the most promising doped
materials identified by our workflow. This cross-
validation of these results highlights the precision
of our approach and the potential of the candidates
for next-generation battery technology. Additionally
comparing with DFT methods, we demonstrate the
ability of ML workflows to accelerate scientific dis-
covery in highly combinatorial search spaces with
good predictive accuracy.

2. Methodology

We enable the high-throughput screening of doped
CAMs using an ML-accelerated pipeline. We employ
UMA [8], a foundational MLIP pretrained on diverse
atomic structures ranging from molecules to mate-


https://orcid.org/0009-0003-8986-4584
https://orcid.org/0000-0002-9087-2472
https://orcid.org/0000-0002-0308-2182
https://orcid.org/0000-0002-3883-0582
https://orcid.org/0000-0002-9649-357X 
https://orcid.org/0000-0001-6754-5222
https://orcid.org/0000-0001-9416-3270
mailto:lucas.pinede@entalpic.ai
mailto:cory.hargus@entalpic.ai

AT4X - Accelerate, Singapore, 16-19 June 2026

rials. To generalize across varying DFT levels of the-
ory, UMA utilizes a Mixture of Linear Experts (MoLE)
architecture conditioned on the specific task. For in-
ference, we select the omat task expert, as the Open
Materials (OMat24) [9] dataset domain aligns with
our target inorganic structures and reference DFT
settings.

Our framework is illustrated Figure 1. After screen-
ing for thermodynamic stability we subsequently sub-
sequently evaluate electrochemical performance.

We start by identifying the input bulk CAM’s most
stable doped structures by enumerating interstitial
and substitution doping sites and calculating the cor-
responding defect formation energy, in a parallel and
high-throughput fashion.

Ef (X) = Eot(X) = Eor(bulk) = » i~ (1)

1

where Eyt[X] is the total energy of the doped cell in
its relaxed geometry. Eyt[bulk] is the total energy of
the pristine cathode material and p(x) is the chemical
potential of the species exchanged.

From the most stable doped configurations, we
compute the full voltage profile by iteratively deplet-
ing the mobile cation and allowing relaxation of the
atomic structure. The voltage profile is then directly
derived from the energies of the intermediate struc-
tures:
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Here, p¢athode and y#mod¢ represent the chemical po-
tential of lithium in the cathode and anode materials,
respectively, while z is the number of electrons trans-
ferred per lithium ion and F is the Faraday constant.
After computing the full voltage profile, we en-
sure that the doped delithiated structure remain sta-
ble throughout the charge by computing the energy
above hull considering possible impurity phases.

V= ()

3. Results

For each CAM, our ML-accelerated workflow en-
ables the enumeration of doping and co-doping sites
in the bulk structure representing 300k MLIP calls
per, as illustrated in Fig. 1. These initial computa-
tions determine the most stable dopant structures for
electrochemical properties computations. Comput-
ing the full voltage profile requires about 1 million
MLIP calls as we need to sequentially delithiate the
structure by enumerating each possible next vacancy
site and relaxing there structure. We generated this
screening data for 15 CAMs across 50 dopants, demon-
strating that universal MLIPs enable accurate, cost-
effective large-scale screening of complex properties.

We highlight the first step of our workflow Fig-
ure 2, where we show the formation energy com-
puted for substitutional or interstitial doping of bulk
LiFePOy. Our pipeline identifies stable substitutional
doping sites across a large portion of the periodic ta-
ble. We subsequently compute the full voltage profile
for delithiation of the cathodes revealing that dop-
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Fig. 2: Formation energies of dopants in LiFePO, at
different lattice sites. Heatmap showing the forma-
tion energy (eV) for each dopant occupying four
possible positions: Fe substitution (top), P substi-
tution (right), Li substitution (bottom), or intersti-
tial site (left). Colors indicate energy magnitude
in electron-volt, with lower values corresponding
to more favorable dopants incorporation: warm
colors indicate favorable dopant incorporation.

ing can improve electrochemical performances. We
identify among the doped structures the one combin-
ing negative formation energy (stable doped config-
uration) and improved (higher) voltage that remain
stable throughout delithiation. After validating our
prediction running our pipeline with DFT energy pre-
dictions and relaxations, we select the top candidates
for experimental synthesis and characterization. We
measure XRD spectra to confirm the synthesized ma-
terial’s structure, and characterize the electrochemi-
cal properties of the doped cathodes.

4. Related work

Previous screening efforts leveraging DFT for
CAMs have often been limited to a narrow set of dop-
ing sites [10], or a small number of dopant species [11,
12, 13] and cathodes.

Early works have validated the accuracy of MLIPs
against DFT for fundamental properties such as for-
mation energies and lattice parameters [14], as well
as for more complex tasks like Li diffusion and X-
ray spectrum prediction during delithiation [15]. Fur-
thermore, MLIPs have facilitated the study of phase
transformations via molecular dynamics [16], and
the high-throughput screening of solid-state elec-
trolytes [17, 18] is a good example of a succesfull apli-
cation of MLIPs.

However, despite these advances, most existing
studies rely on potentials trained on tailored datasets
or limit "universal" MLIPs evaluation to specific chem-
ical systems [19], while large scale transferability has
yet to be demonstrated for doped CAMs. In this work,
we propose a scaled-up, high-throughput framework
leveraging foundational models of matter. We demon-
strate their ability to provide accurate descriptions
of chemical phenomena leading to the discovery of
better Li-ion batteries.
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