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Abstract

We present FreeBird.jl, an extensible Julia-based
platform for computational studies of phase equilibria
at generic interfaces. The package supports a range of
system configurations, from atomistic solid surfaces to
coarse-grained lattice-gas models, with energies eval-
uated using classical interatomic potentials or lattice
Hamiltonians. Both atomistic and lattice systems ac-
commodate single- or multi-component mixtures with
flexibly definable surface and lattice geometries. Imple-
mented sampling algorithms include nested sampling,
Wang-Landau sampling, Metropolis Monte Carlo, and,
for tractable lattice systems, exact enumeration. Lever-
aging Julia’s type hierarchies and multiple dispatch,
FreeBird. j1 provides a modular interface that allows
seamless integration of system definitions, energy eval-
uators, and sampling schemes. Designed for flexibil-
ity, extensibility, and performance, FreeBird. jl1 offers
a versatile framework for exploring the thermodynamics
of interfacial phenomena.

1 Introduction

Interfaces are central to technologies addressing today’s
most pressing challenges, from sustainable heteroge-
neous catalysis! to high-performance semiconductor de-
vices? and biomedical innovation.® Meeting these chal-
lenges requires a multiscale understanding of interfacial
processes that can bridge fundamental insights to prac-
tical design rules and, ultimately, to commercial tech-
nologies.*® At atomic length scales, methods such as
low-energy electron diffraction® and advanced electron
microscopy’ can resolve solid-vacuum interfaces with
sub-A precision. However, these highly sensitive ex situ
probes remain difficult to apply under realistic condi-
tions in which the interface is buried beneath a dense
phase or driven far from equilibrium, leaving critical
gaps in spatial resolution and experimental accessibil-
ity. %9

Because high-resolution in situ probes remain

scarce, 1911 theoretical and computational approaches
have become indispensable for mapping the configu-
rational landscape of interfaces and guiding materials
design.'?!3 Modeling an interface under working con-
ditions is essentially a non-equilibrium surface problem
whose dynamics depend on the poorly constrained,
synthesis-specific starting structure.'®' To address
this, researchers typically begin by establishing an
equilibrium thermodynamic baseline, 51" which en-
tails a series of decisions: the level of energy evaluation
(first-principles versus classical force fields) !9 and the
depth of configurational sampling required to obtain en-
tropies and free energies (harmonic, quasi-harmonic, or
fully anharmonic treatments; atomistic versus lattice
representations). 20722

Most realistic surface problems are too complex
for exhaustive first-principles treatment, forcing re-
searchers to navigate an accuracy—sampling trade-
off. 1623 Ab initio thermodynamics, the workhorse for
predicting surface phase diagrams, typically evaluates
only tens to thousands of candidate structures within
a practical computing budget, with selections often
guided by chemical intuition. 617 Structure-search al-
gorithms such as particle-swarm,2* Bayesian,?>25 and
genetic?™?8 optimizers expand the candidate pool but
still assume a sharply truncated configuration space in
which atoms vibrate harmonically about fixed lattice
sites.20:22 This harmonic perspective understates the
structural and compositional agility of catalytic sur-
faces; in many cases, comprehensive sampling with well-
parameterized classical potentials can reveal low-energy
motifs that sparse, high-accuracy DFT surveys may
Imiss, 18:19,29,30

Although progress has been made toward systemat-
ically improvable thermodynamic sampling of surface
phases, 293132 the field still lacks a fast, reproducible
benchmarking platform dedicated to interfacial struc-
ture prediction, applicable to solid—vacuum/gas sys-
tems as well as defects at solid—solid and solid-liquid
boundaries. We therefore introduce FreeBird.jl, an
open-source Julia package featuring a highly paral-


wexler@wustl.edu
https://arxiv.org/abs/2508.10237v1

lel, modular architecture that allows users to inter-
change system resolutions, energy models, and Monte
Carlo-style algorithms without rewriting code. Dis-
tinct from existing packages,?> 4! it integrates nested
sampling, Wang-Landau, Metropolis Monte Carlo, and
(for suitable lattice systems) exact enumeration into
a single extensible framework. This framework spans
both atomistic and lattice representations with in-
terchangeable energy calculators and move sets, en-
abling direct, reproducible benchmarking and com-
parison of interfacial phase equilibria across methods.
FreeBird. jl is an active project; planned updates in-
clude superposition-enhanced nested sampling,? par-
allel tempering,*? transition-matrix Monte Carlo,**
geometry-aware coarse-graining (e.g., Gay-Berne %16
and patchy-particle” models), and full GPU acceler-
ation. Our long-term vision is to position FreeBird. j1
at the core of autonomous, multi-fidelity workflows (in-
tegrating Bayesian experimental design, interface-aware
machine-learning potentials, and a surface-structure
database) to accelerate the discovery and design of func-
tional interfaces.

This paper is organized as follows: Section 2 out-
lines the overall structure of the FreeBird.jl pack-
age, describing its capabilities for handling both con-
tinuous atomistic and discretized lattice systems, and
briefly reviewing the sampling algorithms it implements.
We then present demonstrations and comparisons us-
ing various sampling schemes in FreeBird. jl to iden-
tify phase transitions in several atomistic Lennard-Jones
systems (a pure cluster, a binary cluster, and a surface—
adsorbate system) as well as in discretized lattice mod-
els in two and three dimensions. Section 4 summa-
rizes how FreeBird.jl serves as a versatile platform
for constructing and modeling interfacial systems, and
how its functionality is expected to expand to support
additional models, positioning it as a focal point for fu-
ture surface-related modeling and computational ma-
terials design. This work is not intended as a com-
prehensive documentation of the FreeBird. j1 package
(which is provided separately) but rather as a pedagog-
ical blueprint of its composition, intended to convey the
underlying software design philosophy and scientific vi-
sion to future users and developers.

2 Implementations

In this section, we outline the design philosophy and
structure of FreeBird. j1, along with the data types it
implements to enable efficient execution. We then de-
scribe how these data types support the construction
of computational models for both continuous atomistic
and discretized lattice systems. Finally, we summarize
the configurational sampling methods currently avail-
able in FreeBird. j1, providing a brief introduction to
technical details relevant to our demonstrations.

2.1 Code

Here, we provide an overview of FreeBird. jl’s struc-
ture and key functionalities. The code is designed for
readability and maintainability through a highly mod-
ular, functional architecture, and achieves performance
by introducing specialized data types and enforcing type
stability within functions. We also enhance sustainabil-
ity and reproducibility by following established research
software engineering best practices. This section does
not attempt to detail all aspects of code usage; compre-
hensive documentation, including examples and tutori-
als, is available at https://wexlergroup.github.io/
FreeBird. j1/, which should be consulted for the most
up-to-date information.

2.1.1 Overview of the Code

The FreeBird. jl source code is organized into several
modules, each containing functions related to a specific
theme or topic. These modules fall into a few broad
categories, many of which define Julia abstract types to
establish the conceptual hierarchy of data types. The
first category comprises modules for system construc-
tion, where new data types are introduced:

e AbstractWalkers: Defines the abstract con-
cept of walkers, the central data structure in
FreeBird. j1, which stores system information
such as atomic or lattice configuration, number
of components, and energy.

e AbstractLiveSets: Defines the abstract con-
cept of live sets (from nested sampling terminol-
ogy), which group a collection of walkers with
an associated energy-evaluating function. More
generally, a live set can be viewed as a data type
holding both a list of walkers and an energy cal-
culator.

e AbstractPotentials: Defines abstract types
for interatomic potentials, such as the Lennard-
Jones (LJ) potential.

e AbstractHamiltonians: Defines abstract types
for discrete Hamiltonians, designed for efficient
energy evaluation of lattice systems.

The next category comprises functional modules, code
that operates on the data types described above to per-
form sampling or enumeration:

e SamplingSchemes: Defines sampling methods,
including nested sampling, Wang-Landau sam-
pling, Monte Carlo sampling, and exact enumer-
ation.

e MonteCarloMoves: Provides definitions of Monte
Carlo moves, such as random walks and swap
moves, for use within the sampling methods.

e EnergyEval: Specifies how energies are com-
puted by combining a walker with an abstract
potential or Hamiltonian.

The penultimate category includes a dedicated mod-
ule for input/output handling:
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e FreeBirdIO: Provides functions for converting
between atomic structures stored in files and the
walker system defined in FreeBird.jl. It also
defines DataSavingStrategy types, which spec-
ify how and when output data are saved during a
sampling run, as well as the format of the saved
data.

Lastly, we include a module providing auxiliary tools:

e AnalysisTools: Offers convenience functions for

post-calculation analyses. This module is op-
tional, and the code can operate without it.

Figure 1 provides an overview of how the data types
defined in the modules are integrated to perform a sam-
pling calculation. Further details about the data types
themselves are presented in the following section.

2.1.2 Data Structure and Type Systems

As a just-in-time (JIT) compiled language, Julia can
generate specialized, optimized machine code for fast
runtime execution when variable data types are explic-
itly specified in functions. Julia functions can also per-
form different tasks depending on the data types of their
inputs, a paradigm known as multiple dispatch.

AbstractWalker is the core data type in
FreeBird. j1, with two current subtypes: AtomWalker{C}
and LatticeWalker{C}. An AbstractWalker object
stores both the system’s structure or configuration
and its energy, along with supplementary data such
as iteration number and particle constraints. Both
AtomWalker{C} and LatticeWalker{C} are parameter-
ized by C, the number of components in the system,
enabling specialized function implementations. For
example, single-component systems are simpler, allow-
ing dedicated, faster methods for AtomWalker{1} that
avoid the component loops required when C > 1.

AbstractPotential and AbstractHamiltonian are
abstract types for defining interactions. For exam-
ple, LennardJonesParameterSets is a subtype of
AbstractPotential that stores one or more pa-
rameter sets for defining an LJ potential.  Simi-
larly, GenericLatticeHamiltonian is a subtype of
AbstractHamiltonian that specifies an on-site interac-
tion energy and a list of n-th nearest-neighbor interac-
tions.

AbstractLiveSet is a data type that holds
a list of AbstractWalkers together with an
AbstractPotential or AbstractHamiltonian. When
these elements are combined, the energies of the
AbstractWalkers are automatically calculated and
updated. This type is central to performing nested
sampling and also serves as a convenient structure for
organizing inputs and outputs from other sampling
methods.

Type stability is critical for the performance of Julia
code. It means that a function’s output type depends
on the types of its inputs rather than their values. This
property enables the Julia compiler to determine the

AbstractSystem SamplingParameters

or

AbstractLattice or
AbstractHamiltonian

AbstractPotential

AbstractWalker

DataSavingStrategy

AbstractLiveSet

sampling_method(...)

Figure 1: Schematic overview of the FreeBird.jl
data structure. To perform a sampling -cal-
culation, the required settings are specified in
SamplingParameters. Typically, either a live set or
a single initial walker, containing the embedded sys-
tem description, is used. The system is represented by
an AbstractSystem or AbstractLattice, wrapped by
an AbstractWalker. Energies are evaluated using an
AbstractPotential or AbstractHamiltonian, which
is attached to the live set or walker. Optional data out-
put behavior is configured via a DataSavingStrategy.

output type at compile time, allowing efficient mem-
ory allocation at runtime. If the return type cannot
be inferred, the machine code must accommodate all
possible outcomes, which significantly slows execution.
Nearly all functions in FreeBird. j1 are designed to be
type stable, except for those in auxiliary modules that
are not used during calculations.

2.1.3 Research Software Development Best
Practices

Continuous integration (CI) is a central component of
FreeBird. j1’s development process. Ensuring research
software is maintainable and its development sustain-
able requires deliberate investment in and enforcement
of good practices. In this section, we outline the soft-
ware development practices adopted in FreeBird.jl
and describe how they are automated.

We use GitHub for version control, enforcing strict
branch policies. New features are developed in a
feature/* branch and merged into dev only after
passing tests and receiving reviewer approval via a
pull request. The dev branch is subsequently merged
into main, typically in conjunction with a new release.
hotfix/* branches are reserved for bug fixes and are
merged promptly into both dev and main. docs/*
branches are used exclusively for documentation-related
changes, including updates to the dedicated docs direc-
tory and function docstrings in the source code.

Documenter.j1%® is used to automatically generate
and deploy FreeBird.jl’s documentation to GitHub
Pages. It collects and renders method docstrings for
inclusion in the documentation, ensuring that function
descriptions remain synchronized with the source code.
All exported methods are required to have docstrings
describing their functionality, input arguments, and re-
turn values (if any). Documentation for any function



can also be accessed directly from the Julia REPL.
Documenter. jl builds separate pages for stable, de-
velopment, and release versions of the code, and gen-
erates a preview when a pull request is opened. The
FreeBird. j1 documentation also includes tutorials and
examples to support new users and developers.

Unit testing is a critical component of CI. We use
Julia’s built-in testing framework to create test suites
for each module of FreeBird. j1 and employ Coveralls
to track and report code coverage. Maintaining equal
or higher coverage is a requirement for pull request ap-
proval.

Other automated workflows include the TagBot,
which automatically creates tags, releases, and changel-
ogs when a new version of the code is registered in the
Julia General registry. CompatHelper periodically up-
dates FreeBird. j1’s dependencies, generating an auto-
mated pull request whenever a new version of a depen-
dency package becomes available.

All CI components are automated using GitHub
Actions. The workflow files, located in the
.github/workflows directory of the FreeBird.jl
repository, can be readily incorporated into any Julia-
based project. To ensure readability and consistency,
we follow the BlueStyle coding conventions when de-
veloping FreeBird. jl. Overall, Julia offers a mature
and comprehensive CI ecosystem, well integrated with
GitHub and other platforms, that supports the sustain-
able development of FreeBird. jl.

2.1.4 Parallelization

Another aspect of FreeBird. j1’s flexibility is its abil-
ity to perform fast, lightweight computations with rel-
atively inexpensive energy evaluators on limited com-
puting resources, while also scaling to high-performance
computing (HPC) platforms for intensive, large-scale
campaigns. Currently, FreeBird.jl uses two main
forms of parallelism (Threads for multithreading and
Distributed for multiprocessing), both native to the
Julia standard library, to accelerate computations
across available hardware. Threads are used for embar-
rassingly parallel loops, while Distributed is applied
to sampling steps that can be executed concurrently
(primarily in nested sampling; see Section 2.3.3) by
spawning multiple workers, typically one per CPU core.
Both approaches can be combined by assigning multiple
threads to each worker to further increase CPU utiliza-
tion, as most FreeBird. jl functions are threaded.

Julia supports parallelization via the Message Pass-
ing Interface (MPI) protocol through external packages
such as MPI.j1.%° GPU computing is also enabled by
hardware-specific packages, including CUDA. j159752 for
NVIDIA, AMDGPU. j1°% for AMD, oneAPI.j1%* for In-
tel, and Metal. j1%5 for Apple Silicon GPUs. Addition-
ally, vendor-neutral GPU programming models such as
OpenCL. j156 and KernelAbstractions.j157 allow Ju-
lia code to run across multiple platforms from different
hardware vendors.
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Listing 1: Julia code demonstrating the generation of
three AtomWalker objects for systems containing five
hydrogen atoms in a cubic box, including visualiza-
tion, multi-component splitting with partial freezing,
and batch wrapping via broadcasting. Some output is
truncated.

# Load FreeBird
julia> using FreeBird

# Generate 3 random configurations of 5 hydrogen atoms in a
— cubic boz with 10.0 A% volume per atom

julia> hydrogens = generate_initial_configs(3, 10.0, 5)
3-element Vector{AtomsBase.FastSystem{...}}:

FastSystem(Hs, periodicity = FFF)

FastSystem(Hs, periodicity = FFF)

FastSystem(Hs, periodicity = FFF)

# Draw an ASCII diagram of the first configuration
julia> view_structure(hydrogens[1])

# Wrap the first configuration in a two-component walker;
— split the 5 atoms into components of 2 and 3 atoms, and
«— freeze the first component
julia> wk = AtomWalker{2}(hydrogens[1];
< list_num_par=[2,3], frozen=[true,false])
AtomWalker{2}(

configuration : FastSystem(Hs, periodicity = FFF)

energy : 0.0 eV

iter : 0

list_num_par : [2, 3]

frozen : Bool[1l, 0]

energy_frozen_part : 0.0 eV)

# Use broadcasting to wrap all configurations in

< “hydrogens” into single-component walkers, with all
<~ atoms free

julia> wks = AtomWalker. (hydrogens)

3-element Vector{AtomWalker{1}}:

AtomWalker{1}(
configuration
energy
iter
list_num_par
frozen
energy_frozen_part :

: FastSystem(Hs, periodicity = FFF)
: 0.0 eV

: 0

: [5]

: Bool[0]
0.0 eV)

2.2 Models

In FreeBird. j1, physical models are classified into two
categories: (1) atomistic systems, composed of parti-
cles with positions that vary continuously in real space
(typically R3), where the total energy is defined by a
Hamiltonian derived from an interatomic potential; and
(2) lattice systems, in which particles occupy a dis-
crete set of lattice sites and the energy is defined by
a lattice Hamiltonian. Both categories can accommo-
date any number of chemical species and arbitrary cell
shapes, with or without periodic boundaries, either in
all spatial dimensions or in a user-selected subset of di-
mensions. FreeBird. jl also provides numerous conve-
nience functions to construct these systems (see exam-
ples later in this section).


https://coveralls.io/
https://github.com/JuliaRegistries/TagBot
https://github.com/JuliaRegistries/CompatHelper.jl
https://github.com/JuliaDiff/BlueStyle

2.2.1 Atomistic Systems with Interatomic Po-
tentials

We use the term atomistic to describe a system com-
posed of individual particles whose positions vary con-
tinuously in real space, confined within a simulation
cell that may employ periodic boundary conditions.
Configuration space is explored using single-particle
displacement moves, trial translations with directions
chosen uniformly at random and magnitudes drawn
from a prescribed distribution. The sequence of ac-
cepted moves forms a random walk through configu-
ration space, which is the default sampling scheme in
FreeBird.jl (among others). Listing 1 illustrates how
to generate a set of random atomistic configurations and
store them in an AtomWalker{C} data type.

Construction of Atomistic Configurations. As
noted earlier, in AtomWalker{C}, C is a positive inte-
ger specifying the number of components (e.g., distinct
chemical species or rigid subgroups) represented by the
walker. In Listing 1, line 23 demonstrates how a system
of five particles in a cubic box can be divided into two
components, with the first component frozen. Frozen
particles are excluded from subsequent single-particle
displacement moves; their energy is computed once and
stored, while interactions with mobile particles are still
calculated on the fly, thereby reducing overall compu-
tational cost.

In an atomistic system, components are defined as
groups of particles sharing a common characteristic (for
example, distinct chemical species, rigid fragments, or
subsets subject to identical move or interaction parame-
ters). Many functions in FreeBird. j1 operate natively
on such multi-component systems; for instance, the to-
tal potential energy is computed as the sum of inter-
and intra-component contributions. This design pro-
vides flexibility for modeling diverse systems, including
mixtures, host—guest complexes, and interfaces.

Definition of Atomistic Potentials. Particles
in an atomistic system interact through (typically
pairwise) interatomic potentials, implemented as
subtypes of AbstractPotential. For example, in
Listing 2, line 2, the LJParameters, a subtype of
LennardJonesParameterSets, is constructed using
keyword arguments. In this example, specifying a
potential cutoff at 4o automatically shifts the po-
tential energies so they approach 0 eV at the cutoff.
This shift can be disabled by supplying the addi-
tional argument shift=false. For multi-component
systems, CompositeLJParameters{C} can be used to
define interactions. This data structure, a subtype
of LennardJonesParameterSets, stores a matrix of
LJParameters.

Lastly, Listing 2 illustrates how to construct a live
set by combining a set of walkers with an LJ poten-
tial. LIJAtomWalkers, a subtype of AtomWalkers (itself
a subtype of AbstractLiveSet), contains AtomWalker
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Listing 2: Julia code for constructing a Lennard-Jones
potential and combining it with the walkers from List-
ing 1 to create a live set (LJAtomWalkers). Energies
correspond to the initial configurations; output is shown
in full.

# Construct a Lennard-Jones potential

julia> 1j = LJParameters(epsilon=0.1, sigma=2.5,

— cutoff=4.0)

LJParameters(0.1 eV, 2.5 A, 4.0, -9.763240814208984e-5 eV)

# Combine the walkers and Lennard-Jones potential into a
— live set

julia> 1s = LJAtomWalkers(wks, 1j)

LJAtomWalkers (AtomWalker{1}, LJParameters):

[1] AtomWalker{1}(

configuration : FastSystem(Hs, periodicity = FFF)
energy : 496.83218514161376 eV

iter : 0

list_num_par . [5]

frozen : Bool[0]

energy_frozen_part : 0.0 eV)

[2] AtomWalker{1}(

configuration : FastSystem(Hs, periodicity = FFF)
energy : 75.15053441600284 eV

iter : 0

list_num_par . [5]

frozen : Bool[0]

energy_frozen_part : 0.0 eV)

[3] AtomWalker{1}(

configuration : FastSystem(Hs, periodicity = FFF)
energy : 5016.408030136223 eV

iter : 0

list_num_par : [5]

frozen : Bool[0]

energy_frozen_part : 0.0 eV)

LJParameters(0.1 eV, 2.5 A, 4.0, -9.763240814208984e-5 eV)

configurations of particles interacting via LJ potentials.
By default, when walkers and a potential are passed to
LJAtomWalkers, their energies are automatically com-
puted and updated. For example, the walkers in wks
in line 33 of Listing 1 initially have no assigned en-
ergies; invoking LJAtomWalkers(wks, 1j) in line 6 of
Listing 2 evaluates those energies using the potential
1j defined in line 2. This design allows any set of
walkers to be paired with any potential while keep-
ing energies current. Supplying the keyword argument
assign_energy=false disables this feature, leaving en-
ergies unchanged. Many functions in FreeBird. j1 fol-
low this pattern, where expected default behavior can
be overridden through additional user-provided argu-
ments. This approach supports robust code execution
and reliable user interaction while enabling developers
to explore unconventional settings.

2.2.2 Lattice Systems with Discrete Hamiltoni-
ans

We implement lattice models with two primary objec-
tives: (1) to serve as coarse-grained alternatives to con-
tinuous atomistic models, and (2) to enable the study
of systems whose exact partition function can be com-
puted under certain simplifying conditions (e.g., small
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lattices or Ising-like systems), thereby providing accu-
racy benchmarks for the sampling methods.

Construction of Lattice Configurations. Lattice
configurations are represented by the built-in, param-
eterized data type MLattice{C,G}, where C specifies
the number of components (in the chemical thermo-
dynamic sense) and G denotes the lattice geometry.
MLattice{C,G} is a subtype of AbstractLattice.
Listing 3 provides two examples of constructing two-
dimensional lattice systems in FreeBird.jl: (1)
a single-component square lattice (C=1 by default,
G=SquareLattice) created using SLattice{G}, an alias
for MLattice{1,G}, and (2) a two-component triangu-
lar lattice (C=2, G=TriangularLattice). In both cases,
only the keyword argument components is passed to
the constructor, with all other fields (lattice vectors,
basis, and supercell dimensions) set to their default
values but modifiable by the user. To model adsorption
processes, a subset of lattice grid points can be des-

Listing 3: Julia code for constructing a single-
component square lattice (s1) and a two-component
triangular lattice (ml) with four occupied sites. The
two-component system assigns particles [1,2] to the first
component and [3,4] to the second.

# Construct a single-component lattice with 4 particles
— occupying the first 4 lattice sites using SLattice
— (alias for MLattice with ome component)

julia> sl =

< SLattice{SquareLattice}(components=[[1,2,3,4]11)
SLattice{SquareLattice}

lattice_vectors : [1.0 0.0 0.0; 0.0 1.0 0.0; 0.0

— 0.0 1.0]

positions : 16 grid points
supercell_dimensions : (4, 4, 1)

basis : [(0.0, 0.0, 0.0)]
periodicity : (true, true, false)

cutoff radii
— [1.1, 1.5]
occupations

: 2 nearest neighbors cutoffs

adsorptions : full adsorption
# Construct a two-component lattice (MLattice requires the
— number of components as a type parameter). Split the 4
< particles into two components: [1,2] and [3,4]
julia> ml =
— MLattice{2,TriangularLattice}(components=[[1,2],
— [3,41D
MLattice{2, TriangularLattice}
lattice_vectors : [1.0 0.0 0.0; 0.0
— 1.7320508075688772 0.0; 0.0 0.0 1.0]

positions : 16 grid points
supercell_dimensions : (4, 2, 1)
basis : [(0.0, 0.0, 0.0), (0.5,

— 0.8660254037844386, 0.0)]
periodicity : (true, true, false)
cutoff radii : 2 nearest neighbors cutoffs
< [1.1, 1.5]
occupations

00 00

0000

O 00O

0000

adsorptions : full adsorption

Bw N =
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Listing 4: Julia code
GenericLatticeHamiltonian
site, nearest-neighbor,
interaction energies.

# Define the Hamiltonian:

# on-site energy = -0.04 eV

# nearest-neighbor energy = -0.01 eV

# next-nearest-neighbor energy = -0.0025 eV

julia> h = GenericLatticeHamiltonian(-0.04, [-0.01,

— =-0.0025], u"eV")

GenericLatticeHamiltonian{2,Quantity{Float64, L? MT 2,

<y Unitful.FreeUnits{(eV,), L2 MT72, nothing}}}:
on_site_interaction: -0.04 eV
nth_neighbor_interactions: [-0.01, -0.0025] eV

ignated as adsorption sites. Particles occupying these
sites experience an on-site energy in addition to their
neighboring interaction energies.

Definition of Lattice Hamiltonians. The energy
of a lattice can be efficiently evaluated using a discrete
Hamiltonian, which specifies only the on-site energy and
as many n-th nearest-neighbor interactions as needed.
Because a lattice is defined on a discretized grid rather
than by continuous distances, a lattice gas model is con-
siderably more efficient than an interatomic potential,
where energy depends explicitly on distance. For exam-
ple, Listing 4 shows the construction of a generic lattice
Hamiltonian, specifying the magnitudes of the on-site,
first-nearest, and second-nearest neighbor interactions,
along with the units of energy. The lattice Hamiltonian
is given by

H:N€0+Z5nn+25nnn+"'a
nn

nnn

(1)

where N is the number of occupied sites, g is the energy
of an occupied site, ey, is the nearest-neighbor interac-
tion energy, and ey, is the next-nearest-neighbor inter-
action energy. We pass these interaction values into a
GenericLatticeHamiltonian{N,U}, as shown in List-
ing 4, where N is the number of n-th nearest-neighbor
interaction terms included (two in this example) and U
specifies the energy units. The Hamiltonian is indepen-
dent of specific lattice geometry and can therefore be
applied to any lattice type. For multi-component sys-
tems, a matrix of GenericLatticeHamiltonian objects
can be defined for inter- and intra-component interac-
tions using MLatticeHamiltonian{C,N,U}, where C is
the number of components.

2.3 Methods

In this section, we provide brief introductions to sev-
eral sampling algorithms currently implemented in
FreeBird. j1, including Metropolis sampling, Wang—
Landau sampling, nested sampling, and exact enu-
meration for finite lattices. Serving as a toolbox,



FreeBird. jl is continually expanding its range of sam-
pling approaches; here, we describe only those cur-
rently available. Since these algorithms are regularly
optimized and updated, we focus here on outlining
their underlying fundamental principles rather than
implementation-specific details.

2.3.1 Metropolis Sampling

The Monte Carlo (MC) sampling in this study follows
the Metropolis algorithm.®® This method samples from
the canonical ensemble at fixed temperature by gener-
ating a random walk through configuration space. The
probability of transitioning from state 1 to state 2 is
given by

P(1—2) = min 1,7 #F2-E0)] 2)

where F7 and Fs are the energies of states 1 and 2, re-
spectively; kg is the Boltzmann constant; 7" is the tem-
perature; and 8 = 1/(kgT) is the inverse temperature.
The algorithm proceeds as follows:

1. Initialize the configuration.

2. Select a particle at random and propose a move:
e Atomistic: Displace by a random vector.
e Lattice: Swap with a randomly chosen

empty site.
3. Compute the energy difference AE = E5> — Ej.
4. Accept the move with probability P(1 — 2), as
given in eq 2.
5. Repeat steps 2-4 for many iterations.

Thermodynamic properties, such as the constant-
volume heat capacity Cy(T'), can be obtained by an-
alyzing the resulting ensemble. In FreeBird.jl, the
only required inputs are the number of iterations and,
for atomistic systems, the step size. The package also
supports temperature sweeps, where the final configu-
ration at one temperature is used as the initial configu-
ration for the next, facilitating efficient re-equilibration.

2.3.2 Wang-Landau Sampling

The Wang-Landau (WL) algorithm is an MC method
that achieves uniform sampling across a system’s energy
range by iteratively refining an estimate of the den-
sity of states, g(E).%® This adaptive strategy enables
thorough exploration of configuration space, including
rugged or frustrated energy landscapes where conven-
tional Metropolis algorithms may become trapped in
metastable states. The algorithm proceeds as follows:

1. Initialize the configuration, g(F), energy his-
togram H(F), and modification factor f.

2. Select a particle at random and propose a

Metropolis-style move.

Compute the ratio n = g(E1)/g(E2).

Accept the move with P(1 — 2) = min [1, 7).

5. Update g and H at the visited energy F,:

hd g(Ev) — g(Ev) X f

=~ w

o H(E,) « H(E,)+1
6. If H(FE) is sufficiently flat, reset H(E) and reduce
I
7. Repeat steps 2—6 until f meets the convergence
criterion.

This method provides direct estimates of g(E), from
which thermodynamic quantities such as entropy and
free energy can be derived. In FreeBird. j1, additional
required inputs beyond those for Metropolis sampling
include the energy range and resolution, as well as con-
vergence criteria for H(E) flatness and f reduction.

2.3.3 Nested Sampling

The nested sampling (NS) algorithm is an MC method
in which the accessible phase space contracts stochas-
tically, producing approximately uniform steps in InT,
the logarithm of the remaining phase-space volume. 6961
This transformation converts the high-dimensional
canonical partition function integral into a tractable
one-dimensional sum. ?!:22:2 The algorithm proceeds as
follows:

1. Initialize the live set of K walkers, each repre-
senting a configuration sampled uniformly from
the prior distribution over allowed configura-
tions.

2. Select the C highest-energy walkers.

Update the energy limit to Eiim < Ehighest-

4. Compute the expected cumulative configuration-
space contraction after i iterations as (I';) =
[K/(K +O)]'.

5. Replace the C' selected walkers with new config-
urations drawn uniformly from the region where
Enew < Elim-

6. Repeat steps 2-5 for many iterations.

@

The procedure continues until sufficiently low-energy re-
gions of configuration space have been sampled. From
the sequence of replaced walkers and their associated
energies, the canonical partition function is estimated

2(8) = Y wie ", 0

where w; = I';_1 — I'; is the weight for the i-th iter-
ation. Because the sampling steps are temperature-
independent, any value of S can be substituted into
eq. (3) during post-processing, allowing thermodynamic
properties to be computed over a broad temperature
range from a single simulation. In FreeBird.jl, addi-
tional required inputs beyond those for Metropolis sam-
pling include K walkers, C', and the total number of NS
iterations.

2.3.4 Exact Enumeration for Lattice Systems

Exact enumeration (also referred to as complete, direct,
or erhaustive enumeration) is the process of explicitly
generating all possible configurations (i.e., all arrange-
ments of particles and their species) on a finite, dis-



cretized system such as a lattice with a fixed number of
sites and particles. Each unique microstate is identified
and its energy evaluated to compute the exact partition
function of the system. The method is straightforward
to implement, typically by generating all unique permu-
tations of an integer array, for example:

1,1,1,2,2,3,3,...,0,0,0],

number of lattice sites

where nonzero entries label (chemical) species and ze-
ros denote unoccupied sites. Because it enumerates the
full microstate space, this approach serves as a refer-
ence standard for benchmarking approximate sampling
methods. Its applicability, however, is limited to small
lattice systems, as the number of configurations grows
exponentially with the total number of particles and
sites.

3 Demonstrations

In this section, we demonstrate how FreeBird. j1 can
be used to identify the number, temperature, and nature
of phase transitions across diverse systems. These span
single- and multi-component compositions, spatial reso-
lutions from continuous atomistic models to discretized
lattice models, and dimensionalities in both two and
three dimensions. We also benchmark three sampling
methods (NS, MC, and WL) to illustrate FreeBird. j1’s
versatility and to validate its predictions. The com-
plete set of simulation parameter values is provided in
the Julia code associated with each demonstration in
Figures 2-5. For clarity and reproducibility, we focus
on relatively simple model systems. In each case, we
compare constant-volume heat capacity (Cy) curves as
functions of temperature, identifying phase transitions
from the peak positions, which are determined using the
findmaxima() function in the Julia package Peaks.j1.
For MC simulations, because runs were performed at
discrete temperatures that may not coincide exactly
with a transition temperature, the reported MC tran-
sition temperature corresponds to the simulated point
nearest each identified phase transition. Each sampling
method is executed three times to estimate the uncer-
tainty in the resulting Cv profiles. Although these sys-
tems contain only a small number of particles, they pro-
vide minimal yet chemically and physically meaningful
representations.

3.1 Atomistic Systems

To illustrate FreeBird.jl’s applicability to models
with continuously varying particle positions, we exam-
ine three representative atomistic systems: (1) a six-
particle LJ cluster (LJs), (2) a 13-particle binary LJ
cluster (A1B;2), and (3) an LJ(111) surface slab with a
frozen substrate and mobile adsorbates.

3.1.1 LJg Cluster

We begin with the LJg cluster, with benchmark re-
sults available from NS.52 We use the shifted, trun-
cated LJ potential parameters from ref. 29 (e = 0.1 eV,
o =25A, cutoff r, = 40). The system consists of six
free LJ particles in a non-periodic cubic box with an
edge length of 15 A, corresponding to a number den-
sity of 2.78 x 1072 o—3. We performed NS simulations
with 120 walkers and a constant walker-removal rate of
C =1 (Section 2.3.3), using the MCRandomWalkClone ()
algorithm to generate new configurations by cloning an
existing walker and subsequently decorrelating it via
random walks. For MC simulations, the temperature
was decreased in 50 K increments from 1000 K to 50 K.
For WL sampling, we employed 1000 bins spanning the
energy range [—1.26,0] eV (slightly above the ground-
state energy of -1.27 eV), applied an 80 % flatness cri-
terion to the energy histogram, and used an f-schedule
of f + +/f.

Previous studies on a lower-density LJg system
(2.31x1073 03) reported two phase transitions: a gas—
solid transition at 0.31 kpT'/e and a lower-temperature
solid—solid transition at 0.10 kg7 /e, with the latter fa-
voring an octahedral ground state.%? Figure 2 shows
that all three methods recover these transitions, with
consistent transition temperatures in units of kp7'/e:
0.353 (NS), 0.345 (MC), and 0.352 (WL) for the gas—
solid transition; and 0.082 (NS), 0.086 (MC), and 0.101
(WL) for the solid-solid transition.

3.1.2 Binary LJ Cluster

Next, we examine the binary A;Bqs cluster, for which
geometry-optimized structures are available as bench-
marks. % We reuse the shifted, truncated LJ potential
from Section 3.1.1, assigning distinct well depths to rep-
resent the two components: exa = 0.1 eV for A-A in-
teractions, egg = 0.05 eV for B-B interactions, and
€AB = +v/EaaeB ~ 0.07 eV (Berthelot rule) for A-B
interactions. To isolate the effect of interaction-energy
asymmetry on the Cy curve, we set the particle sizes
equal (cA = o = 2.5 A). The particles are placed in
a non-periodic cubic box of edge length 15.41 A, cor-
responding to a number density of 5.56 x 1072 3.
Simulations were run as follows: NS simulations used
960 walkers with 400 decorrelation steps, a significant
increase over LJg to account for the more than doubled
degrees of freedom from 13 particles; MC was cooled
from 400 to 100 K in 25 K increments; and WL sampled
energies from 0 to -2.44 eV, slightly above the ground-
state energy (-2.45 eV).

As with LJg, the A1B1o cluster exhibits a gas—solid
transition at higher temperatures and a solid—solid tran-
sition at lower temperatures. Unlike LJg’s octahedral
ground state, however, the low-temperature structure
adopts an A-B icosahedral core-shell configuration. %3
Figure 3 shows that all three methods reproduce these
features, with closely matching transition temperatures
in units of kgT'/e: 0.276 (NS), 0.280 (MC), and 0.275
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# Generate an initial set of 120 walkers and an LJ potential
walkers = AtomWalker.(generate_initial_configs(120, 562.5, 6))
1j = LJParameters(epsilon=0.1, sigma=2.5, cutoff=4.0)

# Nested sampling

ns_energies_ns, ns_ls, ns_params = nested_sampling(LJAtomWalkers(walkers, lj), NestedSamplingParameters(mc_steps=200,
< step_size=0.1), 30_000, MCRandomWalkClone(), SaveEveryN(n_traj=10))

# Metropolis Monte Carlo using a temperature grid from 1000 K down to 50 K, in 50 K steps
mc_energies, mc_ls, mc_cvs, acceptance_rates = monte_carlo_sampling(walkers[1], 1j, MetropolisMCParameters(collect(1000.0:-50:50),
< equilibrium_steps=100_000, sampling_steps=100_000, step_size=0.1))

# Wang{Landau sampling

wl_energies, wl_ls, wl_params, S, H = wang_landau(walkers[l], 1j, WangLandauParameters(num_steps=10_000, energy_min=-1.26,
—s energy_max=0.0, num_energy_bins=1_000, step_size=1.0, f_min=1.00001))

60 -
50 -
40
30 |
20
10 b

Heat Capacity (k)

0.0 0.2

Temperature (k;T)/¢)

0.6 0.8

Figure 2: Julia code and results for the constant-volume heat capacity of the LJg cluster computed using nested
sampling (NS), Metropolis Monte Carlo (MC), and Wang-Landau (WL) sampling. Each method was repeated three
times; NS and WL are shown as lines with shaded ranges (min-max), and MC as markers with error bars (min—
max). Insets show representative structures from high (0.73 kgT'/e) to low (0.04 kgT'/e) temperature, illustrating
the gas-to-cluster transition. Structures are taken from NS and verified with MC at corresponding temperatures.

(WL) for the gas—solid transition, and 0.169 (NS), 0.172
(MC), and 0.167 (WL) for the solid-solid transition.
Compared to LJg, the A1Bis system shows a slightly
lower gas—solid transition temperature and a markedly
higher, sharper solid—solid transition.

3.1.3 LJ Surfaces

Finally, we examine the (111) surface of a face-
centered cubic LJ solid, building on previous NS bench-
marks. 2930 We model a five-layer slab containing 80
fixed particles (16 per layer) and four mobile adsorbates,
corresponding to a maximum coverage of § = 1/4. The
simulation box has periodic boundaries in the in-plane
directions (a = 11.2 A, b = 9.73 A) and a non-periodic
upper boundary at ¢ = 29.15 A where simple reflection
is applied if a particle moves beyond this limit. Sam-
pling parameters are as follows: NS ran for 50,000 steps
with 320 walkers; MC cooled from 2000 to 100 K in
100 K increments; and WL sampled energies from -50.0
to -57.06 €V, slightly above the ground-state energy (-
57.07 eV) (Figure 4).

This LJ(111) quarter-coverage (q.c.) system is ex-
pected to display a broad Cy peak at 0.86 kpT'/e (sur-
face condensation) and a sharper peak at 0.25 kpT'/e
(two-dimensional adsorbate ordering). 2 Figure 4 shows
that all three methods yield consistent transition tem-
peratures in units of kg7'/e: 0.833 (NS), 0.862 (MC),
and 0.849 (WL) for the condensation transition; and

Table 1: The number of energy evaluations used in
each of nested sampling (NS), Metropolis Monte Carlo
(MC), and Wang-Landau (WL) sampling, in millions.
For MC, this value applies to each temperature individ-
ually.

System NS MC (at each T) WL

LJg 5.0 0.2 247.9
LJ A1Bq2 200.0 15.0 6735.8
LI(111) q.e. 125 10.0 330.5

0.265 (NS), 0.259 (MC), and 0.247 (WL) for the order-

ing transition.

3.1.4 Discussion of Atomistic Demonstrations

For the simple atomistic systems examined, NS, MC,
and WL produced consistent configurational statis-
tics and thermodynamic properties. The agreement
among the three methods, and with published bench-
marks, 296263 confirms that they are correctly imple-
mented within FreeBird.jl. This unified framework
allows verification of sampling outputs by cross-checking
across methods using a consistent call structure, making
it straightforward for users to apply multiple algorithms
to their systems of interest.

Because all sampling methods use the same random-
walk and energy-evaluation routines, the total num-
ber of energy evaluations provides a consistent probe
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# Generate an initial set of 960 walkers with two components
walkers = AtomWalker.(generate_initial_configs(960, 281.25, [1,12]; particle_types=[:H,:Hel))

# Define the LJ interactions and construct a CompositeLJParameters object
1j11 LJParameters(epsilon=0.1, sigma=2.5, cutoff=4.0)

1j22 = LJParameters(epsilon=0.05, sigma=2.5, cutoff=4.0)

1j12 = LJParameters(epsilon=sqrt(0.1%0.05), sigma=2.5, cutoff=4.0)

1j = CompositeLJParameters(2, [1j11, 1j12, 1j221)

# Nested sampling
ns_energies_ns, ns_ls, ns_params = nested_sampling(LJAtomWalkers(walkers, lj), NestedSamplingParameters(mc_steps=400,
< step_size=0.1), 500_000, MCRandomWalkClone(), SaveEveryN(n_traj=10))

# Metropolis Monte Carlo using a temperature grid from 400 K down to 100 K, in 25 K steps
mc_energies, mc_ls, mc_cvs, acceptance_rates = monte_carlo_sampling(walkers[1], 1j, MetropolisMCParameters(collect(400.0:-25:100),
< equilibrium_steps=10_000_000, sampling_steps=5_000_000, step_size=1.0))

# Wang{Landau sampling
wl_energies, wl_ls, wl_params, S, H = wang_landau(walkers[1], 1j, WangLandauParameters(num_steps=100_000, energy_min=-2.44,
< energy_max=0.0, num_energy_bins=1_000, step_size=1.0, f_min=1.00001))
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Figure 3: Julia code and results for the constant-volume heat capacity of the LJ A1B15 cluster computed using nested
sampling (NS), Metropolis Monte Carlo (MC), and Wang-Landau (WL) sampling. Each method was repeated three
times; NS and WL are shown as lines with shaded ranges (min-max), and MC as markers with error bars (min-max).
Insets show the structural change from high to low temperature, where the B-type particles condense around the
single A-type particle to form a cluster. Structures are taken from NS and corroborated by MC at corresponding
temperatures.

of computational cost (Table 1). Note that these costs billion evaluations to flatten a 1000-bin histogram to
vary with both system complexity and algorithm choice. f < 1.00001.
Table 1 is not intended as a direct performance compari- In the LJ(111) slab with adsorbates, the number of
son, since the methods differ in their intrinsic overheads mobile particles is small, but the fixed substrate cre-
(e.g., number of walkers for NS, temperature grids for ates a complex PES with many near-degenerate config-
MC, and number of bins plus flatness criterion for WL), urations. NS required 320 walkers (more than double
and each can be further tuned to balance accuracy and that of LJg) and over twice the number of energy eval-
cost. The reported values serve only as references for re- uations. MC sampling increased 50-fold (from 0.2 to
sults obtained using straightforward, representative pa- 10 million evaluations per temperature), especially near
rameter settings for each algorithm. phase transitions. WL required a similar effort as for
In LJg, NS required 25,000 iterations with 200 decor- LJg but required significantly more energy evaluations
relation steps each, totaling 5 million evaluations. MC than the other two sampling methods.
ran 4 million evaluations across 20 temperatures. WL, Although direct comparisons are challenging due to
which flattened a 1000-bin histogram to f < 1.00001 differing objectives and strategies, the sampling meth-
over 16 iterations using 24,787 batches of 10,000 walks, ods exhibit distinct trade-offs. NS is well-suited for gen-
required nearly 248 million evaluations, which is an or- erating configurations that span a wide energy range,
der of magnitude higher than NS or MC, and produced from gas-like states to ground-state structures, mak-
a well-converged, low-variance heat-capacity trace. ing it effective for identifying candidate transition re-
In the binary LJ A;Bj5 cluster, configurational com- gions. Its stepwise nature limits parallelism compared
plexity increases due to the larger number of parti- with approaches such as parallel tempering,*® but its
cles and the presence of a second species, introduc- walker-removal rate can be tuned to emphasize ei-
ing compositional disorder. NS used 960 walkers and ther exploratory breadth or resolution.? This flexi-
nearly 500,000 iterations (at 400 steps each), totaling bility makes NS a strong first-pass strategy for locat-
200 million evaluations. MC performed 15 million eval- ing regions of interest for subsequent refinement with
uations per temperature, while WL required over 6.7 other algorithms. MC is advantageous when properties

10
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# Read walkers from a file; periodic boundary conditions set to (true, true, false)
ats = read_walkers("slab.extxyz", pbc="TTF") # 320 configurations stored in this file -> 320 walkers

# Split each walker into two components: 80 frozen particles (surface) and 4 free particles (adsorbates)
walkers = [AtomWalker{2}(at.configuration; list_num_par=[80,4], frozen=Bool[1,0]) for at in ats]

# Create an LJ potential
1j = LJParameters(epsilon=0.1, sigma=2.5, cutoff=4.0, shift=true)

# Nested sampling
ns_energies_ns, ns_ls, ns_params =
—r

# Metropolis Monte Carlo using a temperature grid from 2000 K down to 100 K,
monte_carlo_sampling(walkers[1], 1j,
— MetropolisMCParameters(collect(2000.0:-100:100), equilibrium_steps=5_000_000, sampling_steps=5_000_000, step_size=1.0))

mc_energies, mc_ls, mc_cvs, acceptance_rates =

# Wang{Landau sampling

wl_energies, wl_ls, wl_params, S, H = wang_landau(walkers[1], 1j, WangLandauParameters(num_steps=10_000, energy_min = -57.06,
energy_max=-50.0, num_energy_bins=1_000, step_size=1.0, f_min=1.00001))

—

nested_sampling(LJAtomWalkers(walkers, 1j), NestedSamplingParameters(mc_steps=200,
step_size=0.1), 50_000, MCRandomWalkClone(), SaveEveryN(n_traj=10))

in 100 K steps

24 T
21
18 |

15
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Figure 4: Julia code and results for an LJ(111) surface with quarter coverage (6 = 1/4), showing the constant-
volume heat capacity computed using nested sampling (NS), Metropolis Monte Carlo (MC), and Wang-Landau
(WL) sampling. Each method was repeated three times; NS and WL are shown as lines with shaded ranges (min—
max), and MC as markers with error bars (min—max). Insets illustrate temperature-dependent structural transitions,
with adsorbates reorganizing on the surface. Representative structures are taken from NS and corroborated with
MC; for visualization, the 4 x 4 per-monolayer unit cell is replicated twice in the lateral dimensions.

at specific temperatures are of primary interest. WL,
though computationally demanding for continuous sys-
tems, % can yield low-variance estimates once conver-
gence is reached, due to its comprehensive sampling of
configurations finely spaced in energy. In practice, the
methods can complement each other: NS can identify
temperature ranges for MC and guide energy bounds
for WL, while MC energy histograms can inform WL
binning resolution within those bounds. As a modu-
lar toolbox, FreeBird. j1 supports not only method se-
lection but also coordination across algorithms. The
three demonstrations underscore the framework’s flexi-
bility, accommodating varying numbers of components,
interaction schemes, and physical constraints. As the
codebase evolves, it will continue to support increas-
ingly complex and realistic systems.

3.2 Lattice Systems

To demonstrate FreeBird. jl’s applicability to mod-
els with discretely positioned particles, we consider two
representative lattice systems: (1) a two-dimensional
square lattice with partially occupied sites, and (2) a
three-dimensional primitive cubic lattice that models
adsorption and desorption across layers.

11

3.2.1 Two-Dimensional Lattice Models

We begin with a two-dimensional 4 x 4 square lattice
containing four occupied sites, corresponding to a cov-
erage of @ = 1/4. This system serves as a coarse-grained
analog of LJ(100) g.c. and admits exact thermodynamic
results via enumeration. The lattice Hamiltonian is de-
fined as

HZNEadS"'ZEnn‘i‘ZEnnn‘f‘"'

nn

(4)

nnn

where N is the number of occupied sites; £,qs is the
adsorption energy per occupied site; and e,, and ey,
are the interaction energies between nearest-neighbor
(nn) and next-nearest-neighbor (nnn) pairs of occu-
pied sites, respectively. We set €, = —0.01 eV to
model exothermic pairing between nearest neighbors
and €,qs = 4enn = —0.04 eV to account for adsorp-
tion at the centers of four implicit surface particles.
To mimic the distance decay of an LJ potential, we
use ennn = enn/4 = —0.0025 eV, reflecting the ap-
proximate quartering of LJ interaction strength from
Fmin = 2760 t0 V2rmin. We perform NS with 1,000
walkers and a constant walker-removal rate C' = 1, us-
ing MCRejectionSampling() to generate new config-



urations and progressing only when a lattice config-
uration of equal or lower energy is found; MC with
a temperature increment of 10 K (from 200 K to
10 K), and WL sampling using 100 energy bins spanning
[—0.20625, —0.15875] eV. This range extends slightly
beyond the exact bounds, minimum energy -0.205 eV
and maximum -0.16 eV, by half the smallest interaction
magnitude (|eynn|/2 = 0.00125 eV). Exact enumeration
of all 1,820 configurations reveals a single order—disorder
transition at 0.321 kgT/e, favoring a square ground
state. As shown in Figure 5, all three methods detect
this transition, yielding consistent transition tempera-
tures in units of kgT'/e: 0.323 (NS), 0.345 (MC), and
0.325 (WL).

3.2.2 Three-Dimensional Lattice Models

We next examine a three-dimensional 4 x 4 x 3 primi-
tive cubic lattice with four occupied sites. The bottom
layer represents an adsorbent surface, while the upper
two layers act as a fluid phase into which particles may
desorb, emulating surface condensation. The same lat-
tice Hamiltonian is used as in Section 3.2.1, except that
€ads = 0 eV is assigned to occupied sites in the fluid
layers to isolate the effect of fluid-phase introduction.
Only nn and nnn interactions are considered. Simu-
lation parameters match those of the two-dimensional
model. Exact enumeration of the full configuration
space (194,580 configurations) again reveals an order—
disorder transition at lower temperatures (0.319 kpT'/e,
nearly identical to the 0.321 kgT'/e transition in the 2D
case), favoring the square ground state. In contrast to
the two-dimensional system, however, the three-layer
model also shows a broad Cy peak at higher temper-
atures (1.629 kpT'/e), corresponding to a surface con-
densation transition. As shown in Figure 5, all three
methods capture both features with closely matching
transition temperatures: 0.319 (NS), 0.259 (MC), and
0.327 (WL) for the order—disorder transition; and 1.629
(NS), 1.637 (MC), and 1.637 (WL) for the surface con-
densation transition.

3.2.3 Discussion of Lattice Demonstrations

Lattice models can greatly reduce computational cost
while still capturing the essential surface phase transi-
tions observed in atomistic systems. For small lattices,
exact enumeration is tractable: the 4 x4 2D model com-
prises 1,820 configurations, which can be exhaustively
sampled in under one second on a single CPU core with
a single thread, whereas the 3D model with three lay-
ers and four adsorbates contains 194,580 configurations
and can be enumerated in about 30 seconds under the
same conditions. WL sampling performs particularly
well on these discrete systems, benefiting from the fi-
nite number of energy states and their known spacing.
MC results are generally consistent with WL but show
greater uncertainty near phase transitions, especially at
low temperatures, where dense phases dominate and
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single-particle MC moves struggle to interconvert be-
tween competing low-energy configurations.

NS poses additional challenges. In lattice models,
discrete energy degeneracies produce plateaus in the
NS likelihood-energy profile.%> 67 To break these de-
generacies, we follow the approach of Murray et al.
and recent BraWl implementations, adding to each con-
figuration’s energy a uniformly distributed perturba-
tion much smaller than the typical level spacing (e.g.,
< 10712 eV). 5568 With single-site random-walk moves,
lattice NS shows sharply reduced acceptance rates as
the energy ceiling approaches the ground-state energy.
Introducing cluster or collective moves, or increasing the
live-set size, can restore sampling efficiency.%® Even so,
WL remains the most efficient method for these sys-
tems.

Collectively, these demonstrations underscore
FreeBird. jl’s versatility in implementing and con-
trasting diverse sampling strategies within a single
lattice system, thereby facilitating both performance
benchmarking and thermodynamic cross-validation.

4 Conclusions and Outlook

In this work, we introduced FreeBird.jl, a compre-
hensive, flexible, and extensible toolbox for modeling
solid interfaces, implemented in the modern program-
ming language Julia. FreeBird.jl provides multiple
sampling methods (Metropolis sampling, Wang—Landau
sampling, and nested sampling) within a unified frame-
work that employs a common structure-handling system
and energy calculators across all methods. Its flexibil-
ity arises from the use of abstract data types, which
can be easily customized through convenient construc-
tor functions. These data types also facilitate extending
the code to new classes of systems beyond the already
general atomistic continuous systems and discretized
lattices. FreeBird.jl’s extensibility further enables
the incorporation of additional sampling methods (e.g.,
replica exchange) using the existing data structures, as
well as the implementation of alternative interaction
models beyond simple pairwise potentials.

Julia, as a high-level, just-in-time compiled language,
significantly lowers the barrier to developing complete,
high-performance computational chemistry packages. ™
The availability of high-quality standard libraries and
community packages in the Julia ecosystem, particu-
larly those from JuliaMolSim, has been instrumental
in the rapid development of FreeBird.jl. Examples
include AtomsBase.jl7! for handling atomic and cell
properties, AtomsI0.j17% and ExtXYZ.j1" for read-
ing and writing atomic structures, and the Julia stan-
dard libraries Threads and Distributed for straight-
forward parallelization, which substantially improves
FreeBird. j1l’s performance and enables execution on
HPC systems. Contributors to this open-source pack-
age span a range of career stages, from undergraduate
students to established computational scientists, under-
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# 2D lattice example
# Initial single—component square lattice (4x4x1 by default) with sites [1,2,3,4] occupied
initial_lattice = SLattice{SquareLattice}(components=[[1,2,3,4]])

# Hamiltonian: adsorption energy = -0.04 eV,

# nearest-neighbor energy = -0.01 eV,

# next-nearest-neighbor energy = -0.0025 eV

h = GenericLatticeHamiltonian(-0.04, [-0.01, -0.0025], u"eV")

# Ezact enumeration
exact_energies, exact_configs = exact_enumeration(initial_lattice, h)

# Nested sampling

walkers = [LatticeWalker(generate_random_new_lattice_sample! (initial_lattice)) for _ in 1:1000]

ns_energies, ns_ls, ns_params = nested_sampling(LatticeGasWalkers(walkers, h), LatticeNestedSamplingParameters(), 10_000,
< MCRejectionSampling(), SaveEveryN())

# Metropolis Monte Carlo using a temperature grid from 200 K down to 10 K, in 10 K steps
mc_energies, mc_configs, mc_cvs, acceptance_rates = monte_carlo_sampling(initial_lattice, h,
< MetropolisMCParameters(collect(200.0:-10:10), equilibrium_steps=25_000, sampling_steps=25_000))

# Wang{Landau sampling
wl_energies, wl_configs, wl_params, S, H = wang_landau(initial_lattice, h, WangLandauParameters(energy_min:—o.20625,
< energy_max=-0.15875))

# For a 3D lattice, replace “inttial_lattice™ above with:
initial_lattice = SLattice{SquareLattice}(components=[[1,2,3,4]], supercell_dimensions=(4,4,3), adsorptions=collect(1:16))

# Exzact enumeration (unchanged from 2D)
exact_energies, exact_liveset = exact_enumeration(initial_lattice, h)

# Nested sampling, with a doubled number of walkers and a tripled number of iterations compared to 2D

walkers = [LatticeWalker(generate_random_new_lattice_sample!(initial_lattice)) for _ in 1:2000]

ns_energies, ns_ls, ns_params = nested_sampling(LatticeGasWalkers(walkers, h), LatticeNestedSamplingParameters(), 30_000,
< MCRejectionSampling(), SaveEveryN())

# Metropolis Monte Carlo using a temperature grid from 500 K down to 10 K, in 10 K steps, quadrupled the number of equilibrium and
— sampling steps compared to 2D

mc_energies, mc_configs, mc_cvs, acceptance_rates = monte_carlo_sampling(initial_lattice, h,

— MetropolisMCParameters(collect(500:-10:10), equilibrium_steps=100_000, sampling_steps=100_000))

# Wang{Landau sampling, with the number of MC steps in each iteration increased from 100 to 1000
wl_energies, wl_configs, wl_params, S, H = wang_landau(initial_lattice, h, WangLandauParameters(num_steps=1000,
< energy_min=-0.20625, energy_max=-0.15875))
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Figure 5: Julia code and results for lattice models with discrete occupancy: (a) a two-dimensional 4 x4 x 1 lattice and
(b) a three-dimensional 4 x 4 x 3 lattice, both with fractional coverage § = 4/16. The constant-volume heat capacity
is computed using nested sampling (NS), Metropolis Monte Carlo (MC), and Wang-Landau (WL) sampling. Each
method was repeated three times; NS and WL are shown as lines with shaded ranges (min-max), and MC as markers
with error bars (min-max). Exact results were obtained by full enumeration of all configurations. Insets show the
configurational change from high to low temperature, with blue circles indicating lattice sites, red circles indicating

adsorption sites, and green circles indicating occupied sites.
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scoring its accessibility to both users and developers. Fi-
nally, FreeBird. j1 exemplifies the adoption of modern
software engineering practices to enhance productivity,
sustainability, and reproducibility, serving as a template
for the development of contemporary scientific software.

Future developments of FreeBird.jl can be cate-
gorized into algorithmic and implementation enhance-
ments. Algorithmically, integrating the existing sam-
pling methods with ensembles beyond the canonical,
such as the semi-grand-canonical ensemble (to allow
composition changes) and the grand-canonical ensemble
(for chemical potential control), will expand the range of
systems and properties relevant to materials discovery.
Additionally, while the current move sets are adequate
for many systems, more sophisticated proposals (e.g.,
cluster or collective moves) are often necessary near crit-
ical points or in systems with slow dynamics to ensure
efficient sampling. %% From an implementation per-
spective, enabling FreeBird. j1 for efficient GPU com-
puting is essential for scaling to exascale platforms. This
capability can be combined with machine-learning in-
teratomic potentials for energy evaluations, which nat-
urally exploit GPU acceleration. Overall, FreeBird. j1
functions not only as a performant tool for sampling
computations, but also as an integrative interface link-
ing diverse components of molecular simulation, and as
a versatile platform for advancing computational chem-
istry and materials science.
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