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Figure 1.2 Structure of MnTe. Mn atoms are shown as purple, and Te atoms are shown
as gold. The direction of each Mn spin is shown with a red arrow. Each ab plane aligns
ferromagnetically with antiferromagnetic alignment across planes on the c axis. Each
applicable near-neighbor interaction is noted with J1,J2,J3 and J4.

antiferromagnetic behavior, but they die out fairly quickly. This particular set of data is taken at

307 K, well above the transition temperature, and the dying out of the magnetic correlations shows

the short-range correlations seen in MnTe above the magnetic transition. Short range correlations

can also be seen in the 2-D mPDF in Figure 1.4 A, as magnetic correlations persist even at 320 K,

even further above the magnetic transition. MnTe’s well characterized and persisting short-range

correlations make it an excellent use-case candidate for Monte Carlo simulations to extract magnetic

exchange interactions.

The experimentally measured ordered magnetic moment for MnTe are shown in Figure 1.4 B.

The blue triangles are from a shorter fitting range, representing the ordered moment for nearest-

neighbor spin pairs, while the orange circles are from a longer fitting range representing the true

long-range order of MnTe. The persistence of the short-range magnetic order parameter above the

Néel temperature shows that significant antiferromagnetic correlations between nearest neighbor

moments remain up to high temperatures. The correlation length versus temperature for MnTe in the
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Figure 1.3 3D-mPDF pattern, featuring antiferromagnetic short-range correlations with an
anisotropic correlation length: yellow indicates ferromagnetic interactions and the deep
blue antiferromagnetic. This example graph is in the x-z plane of MnTe, with T ∼ 340 K.
The units shown in the color bar are arbitrary. Figure taken from Baral [56]
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Figure 1.4 (A) combined atomic and magnetic PDF fit for MnTe where T = 320 K (above
the Néel temperature). The gray curve highlights the short range correlations at this
temperature. The green gives the residual from subtracting the fit from the data. (B)
The ordered magnetic moment of MnTe as determined from the mPDF fits at various
temperatures with different fitting ranges. The blue triangles are from fits made with
1.5–20 Å while the orange circles are from fits made with 30–45 Å fitting range. (C)
The fitted correlation length from the 1.5–20 Å fits. Figure taken from Baral [52].

paramagnetic phase is shown in Figure 1.4 C. The out-of-plane correlation length remains longer

than the in-plane correlation length, which can be understood as a consequence of the stronger

exchange interaction along the c axis than within the ab plane. Both increase as the temperature

decreases, showing a rapid divergence toward long-range order in the immediate vicinity of the

transition temperature at 307 K.



Chapter 2

Methods

2.1 The Theory of Magnetic PDF

Magnetic PDF is a powerful tool that allows insight into the local-scale magnetism of a material. It

involves Fourier transforming the magnetic component of neutron scattering data. The equation for

the mPDF for a material with a single type of magnetic atom with spin-only magnetic moments is

Gmag(r) =
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The first of these equations is the experimental definition of the mPDF [57]. The integration covers

the different magnetic scattering vectors Q, from the minimum measured scattering vector Qmin

(Qmin must be large enough so it is beyond the small-angle scattering regime), to infinity. In practice,

the Fourier transform is computed only up to a finite maximum Q value, but it should be as large

as possible while keeping the signal-to-noise ratio greater than unity. The integrand is made up of

the magnetic scattering cross section dσ

dΩ
(q), the real-space distance r, the classical electron radius

r0 where r0 =
µ0
4π

e2

me
, the quantum number S (with units of h̄), the neutron magnetic moment in
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units of nuclear magnetons γ = 1.913, the magnetic form factor f (Q), and the number of spins

in the system Ns. The second of these equations is the theoretical definition of the mPDF defined

for a specific magnetic model, i.e., the configuration of positions and orientations of spins. As a

whole the second equation in Equation 2.1 takes the sum over individual spins Si and S j separated

over some distance ri j, where Ai j = ⟨Sy
i Sy

j⟩, Bi j = 2⟨Sx
i Sx

j⟩−⟨Sy
i Sy

j⟩ (given in the coordinate system

x̂ =
r j−ri
|r j−ri| and ŷ = Si−x̂(Si·x̂)

|Si−x̂(Si·x̂)|), Θ is the Heaviside step function, p0 is the number of spins per

unit volume, and m is the average net magnetic moment per spin in µB [57], which is zero for

antiferromagnets. Examining Equation 2.1 gives intuition behind the meaning of an mPDF plot.

Peaks in the plot arise at distances r where there are spin-spin correlations; where there are different

neighbors are on the atomic lattice [2]. The sign of the peak determines whether or not that

correlation is ferromagnetic or antiferromagnetic. As a result, the mPDF is a simple way to visualize

and determine the spin configuration inside a material.

There are two main ways to generate experimental mPDF data. One is just directly using

Equation 2.1, which entails dividing by the squared magnetic form factor before taking the Fourier

transform. This effectively deconvolves the mPDF pattern from the size effects of the spin-density

distribution in real space, resulting in a sharp, high-resolution mPDF pattern in real space that can

be advantageous when fitting magnetic models. We call this the “normalized” or “deconvolved”

mPDF pattern. However, this is often prone to errors and artifacts, because it requires dividing

potentially noisy scattering intensities at high Q by the squared magnetic form factor, which is very

small at high Q and thus may artificially amplify the noise. If the data quality is not high enough to

meet the stringent demands of the normalized mPDF, then one can also skip the normalization by

the squared magnetic form factor and simply Fourier transform the product of Q and the magnetic

scattering intensity, which results in the “unnormalized” or “non-deconvolved” mPDF. This is much

easier to obtain experimentally and suffers from much less noise, but it also has greatly reduced

real-space resolution. The unnormalized mPDF can be thought of as the properly normalized mPDF
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Figure 2.1 Theoretical normalized mPDFs from various antiferromagnetically coupled
spins, each in a different orientation shown next to the graphed mPDF. The broken gray
line is the orientationally averaged case. Figure taken from Frandsen [23].

broadened out in real space by approximately
√

2 times the real-space extent of the spin-density

distribution. In this work, all experimental data is unnormalized mPDF data, but the simulated data

takes both forms. Each form will be noted.

An illustrative example of simulated no4malized mPDF data for one-dimensional spin chains

is given in Figure 2.1.The x-axis represents some arbitrary distance r from some reference atom.
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Peaks appear at distances separating two spins from each other; since the different chains of spins

have the same inter-spin distance, features occur at the same r values in the graphs. Each has

alternating negative and positive peaks, showing that the atoms in the chain alternate from aligning

and anti-aligning from the reference atom, indicative of antiferromagnetic order. The mPDF is

highly sensitive to the orientations of the spins, as seen in the differences between the mPDFs for

the same spaced chains with different spin orientations. This sensitivity to orientation helps make

mPDF a very useful tool for determining spin orientations in materials.

2.2 Monte Carlo Simulations

Monte Carlo simulations were first used to simulate phase transitions between liquids and solids,

but they have also been used extensively to simulate magnetic transitions [33]. This technique is

based in probability [58], making it uniquely suited to simulate magnetic transitions. We used the

Metropolis algorithm, a subset of Monte Carlo simulations, to simulate the magnetic structure of

the given material. We introduce this algorithm using the 2-D Ising model, to which the Metropolis

Monte Carlo method has often been applied to find the transition temperature of the 2-D Ising model.

Take a simple square lattice made up of particles with spins si, either up or down, and configure the

spins randomly on the lattice. In the Metropolis algorithm, a spin si is selected at random and its

spin is flipped, constituting a “trial move”. The change in energy associated with flipping the spin is

∆E =−∑
i j

Ji jsis j, (2.2)

where Ji j indicates the exchange interaction between spins si and s j. These sums are limited to the

first four nearest neighbor interactions, as any magnetic interactions beyond that are almost always

negligible. If ∆E ≤ 0, the spin-flip reduces the energy, and is therefore accepted into the system.

However, if ∆E > 0, then the Metropolis algorithm still sometimes accepts the “bad move” even

though it increases the energy of the system. The change is accepted if and only if e(−∆E/kBT ) > x,
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where x is some random number generated between zero and one. A random x is generated for

each energy-raising move. Using the exponential and a random x introduces an acceptance of

“bad moves” into the system; moves that raise the total energy only slightly have a higher chance

of being accepted than more costly moves. In addition, higher temperatures result in a higher

probability of accepting a bad move than lower temperatures. This introduced randomness into the

magnetic structure helps simulate the effect of thermal fluctuations, and the general randomness that

comes with real life materials. It also reduces the chance of being caught in a local minimum while

exploring the energy parameter space. Each trial spin-flip is referred to as a “Monte Carlo step”.

This same method can be applied to any material, not just the 2-D Ising model. All that is

needed is the atomic structure and the set of near-neighbor exchange interactions J for the given

material. Structural information for a material can be found in a crystallographic information file

(.cif), for which large databases can be accessed that contain hundreds of thousands of .cif files

for nearly every material that has been reported in the scientific literature. The process for the

Metropolis algorithm is the exact same as for the 2-D Ising model, but the positions of atoms, and

value of spin is different. The Ising spin takes only ’spin up’ and ’spin down’ values, and a lot of

materials do not behave in this way. People also describe spins with the X-Y model, where spins are

restricted to a certain plane and are free to move around in any direction within that plane. The most

generalized model, the Heisenburg model, allows spins to point in any direction. The regime of

spins used depends on the anisotropy (or lack of) in a material. Some materials, like those described

in Section 1.4, have anisotropy that heavily favors Ising spins, while some, like MnTe, have planar

anisotropy. Those that are isotropic favor Heisenburg spins. Since it is the most generalized, the

Heisenburg model also serves as a ’catch all’ if the material’s anisotropy is unknown. We used the

Heisenburg model in our generalized simulations (even though MnTe experiences planar anisotropy)

for this purpose.
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The main downside to using such a generalized model, however, is the long computation time

needed to compensate for the generalization. Monte Carlo simulations of real materials often take

tens of thousands of steps or more, many more than would normally be required for the Ising model.

When working with Heisenberg spins, a single step chooses a new spin in a random direction to

compare to the existing spin in the lattice. Because there are so many different orientations for the

spin to take, instead of just up or down, or confined to a plane like the x-y model, many more Monte

Carlo steps are needed to find an energy equilibrium. If the anisotropy of a material is known, it

is generally recommended to use the appropriate model to run Monte Carlo simulations to limit

computation time.

2.3 Using Monte Carlo to Simulate the mPDF

The goal of this project is to use Monte Carlo methods to simulate mPDF data and infer useful

information about the underlying magnetic exchange interactions, either by inspection of the

simulation results themselves or through comparison to experimental data. I now describe in detail

our implementation of Monte Carlo to simulate mPDF patterns using the Python programming

language. Consider a lattice of random spins—-as an example, the square lattice of the 2-D Ising

model shown in Figure 2.2a. Once the atomic structure is built all the relevant nearest neighbors

for each individual spin are found and stored in a Python dictionary. Then run the Metropolis

algorithm on that lattice as outlined in Section 2.1, starting at high temperature (many times larger

than the energy scale of the interactions). The simulation runs until equilibrium has been reached

for that temperature (i.e., fluctuations of the energy are stable within kBT ). The more complex

the system, the more Monte Carlo steps are needed to find that equilibrium. Once an equilibrium

is established, the final spin configuration for the starting temperature is plugged into the Python

package diffpy.mpdf [?]to generate a MagStructure object, which records the magnetic spin structure
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a b

Figure 2.2 (a) Random distribution of spin up and spin down spins in an 8x8 grid. (b) The
same Ising grid after a Monte Carlo simulation where J = -1 at T = 0.5 K, leading to a
completely ordered antiferromagnetic distribution of spins.

of a material. This MagStructure can then be used with the diffpy.mpdf MPDFcalculator class to

calculate a theoretical mPDF using Equation 2.1. All this equation needs to calculate the mPDF is

the spin configuration of the material. The diffpy.mpdf package calculates the mPDF for a given

MagStructure, which is then saved in a Python dictionary.

The temperature is then lowered slightly, and the algorithm is run again, except that the initial

state is no longer completely random, but is the final state resulting from the previous temperature.

The temperature is gradually lowered in this manner, simulating the material itself cooling in some

kind of annealing process, until the initially random distribution at high temperature has transitioned

to an ordered state, as shown in Figure 2.2b. This iterative approach creates a more accurate mPDF

for lower temperatures without the computational expense of running Monte Carlo steps for an

unnecessarily long time and avoids non-physical artifacts in the mPDF that arise when it is run

only at a low temperature, where the lack of thermal energy often traps the simulation in a local

minimum. After equilibrium is reached at each temperature, the mPDF is again calculated and

saved, such that mPDF patterns for each temperature step are available for subsequent analysis.
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Figure 2.3 Simulated mPDF for an 8x8 2-D Ising grid with J= -1 K and T= 1 K.

An example of the final simulated mPDF for the 2-D Ising model at low temperature (after

cooling from high temperature) is shown in Figure 2.3. At 1 Å, the first nearest neighbor distance for

the Ising grid, there is a large negative peak, corresponding to antiferromagnetic alignment between

any given spin and its nearest neighbors at a distance of 1 Å. The peak position is congruent with

the spin configuration shown in Figure 2.2b, the configuration used to generate this mPDF. Then

the next peak shows ferromagnetic alignment, or a large positive peak, at the next nearest neighbor

distance around 1.4 Å, corresponding to the diagonal neighbor on the Ising square grid. This peak

further confirms the antiferromagnetic behavior of this 2-D Ising grid. If the nearest-neighbor

interactions on the grid are antiferromagnetic, the diagonal spins should be parallel. The identical

agreement between the mPDFs calculated from the Monte Carlo simulation and the ideal spin

arrangement shown in Figure 2.2b indicates that the simulation found the correct ground state of the

2-D antiferromagnetic Ising model.

To make our Monte Carlo simulations have a managable size with regard to computation time,

we implemented a super-cell of several unit cells (for the Ising model a unit cell would just be one
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spin in the corner of the cell) and used periodic boundary conditions to simulate an infinite lattice.

We accomplished periodic boundary conditions by creating copies of the supercell such that the

original supercell occupies the center of a 3× 3 tiling of supercells (or the center of a 3× 3× 3

tiling for the generalized 3-D version). Each change made in the original supercell due to Monte

Carlo simulations is then echoed into the surrounding copies. As a result, the original supercell

size sets the maximum distance over which a meaningful mPDF pattern can calculated. The mPDF

cannot be calculated beyond this maximum size of the supercell, as artifacts from repeating atoms

appear when calculating correlations of repeating spins. Throughout this work, we calculated our

mPDFs out to a maximum value of 15 Å, which is sufficient to view the local magnetic interactions

and correlations of interest for this project.

However, calculating the mPDF after just one Monte Carlo simulation is not sufficient to describe

a material’s true mPDF. The element of randomness inherent in Monte Carlo simulations produces

non-unique solutions—-multiple different spin configurations can lead to very similar energies of

the system. Despite the energies of these systems being essentially indistinguishable, the different

spin configurations would result in slightly different mPDFs. To get an accurate representation of

the magnetic structure for a given material, we performed 1000 individual Monte Carlo simulations

and averaged the resulting mPDFs together, using a weighting scheme identical to the Metropolis

algorithm’s weight for ’bad moves’: e(Etot/kBT ), where Etot is the total energy for the mPDF being

weighted. As a result, mPDFs from lower-energy configurations get more weight when calculating

the average, consistent with lower-energy systems being more likely to appear in real life.



Chapter 3

Results: mPDF Modeling of Monte Carlo

Simulations

3.1 Calculating the mPDF with the 2-D Ising Grid

I used the 2-D Ising model as a test case for Monte Carlo simulations of mPDF data. To do

so, I initialized a 20× 20 square lattice of Ising spins, each 1 Å from its nearest neighbor. For

the 2-D Ising model with only nearest-neighbor interactions, the theoretical magnetic ordering

transition occurs at 2.269J/kB for both ferromagnetic and antiferromagnetic interactions [59]. Using

J =±1 K leads to a simple Hamiltonian H =±∑i j sis j, where the sum goes over all pairs of nearest

neighbors. I modeled the system with both ferromagnetic and antiferromagnetic interactions and

found no meaningful difference between the two, so I show just the antiferromagnetic results, since

most of the magnetic materials studied by mPDF are antiferromagnetic. I worked through the

process outlined in Section 2.3, starting at a temperature of 250 K, and working down in a simulated

annealing process to each temperature point of interest.

23
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Figure 3.1 Example mPDF’s and their respective fits for T = 3 and 0.5K, for a 20x20 2-D
Ising grid, where J =−1. From some arbitrary distance r, a positive Gmag corresponds to a
ferromagnetic alignment between atoms at that distance, and negative a antiferromagnetic
alignment at that distance. Antiferromagnetic behavior is clearly seen here, as well as the
transition between a state with short-range correlations and an ordered state.

Example simulated mPDF data is shown for a high temperature and a low temperature in

Figure 3.1. This figure highlights the difference between the mPDF at temperatures below and

above the transition. Above the transition, the mPDF correlations between spins are damped to zero

over some finite distance, as shown in the shown in the red curve in Figure 3.1, corresponding to

short-range magnetic order. Below the transition, in contrast, the spin correlations persist undamped

throughout the lattice, constituting long-range magnetic order below the transition (blue mPDF

in Figure 3.1). Even for a system as simple as a 20×20 2-D square grid of Ising spins modeled

via Monte Carlo simulations, I see key features of real magnetic materials, including well-defined

short-range magnetic correlations above the transition that grow into long-range order below the

transition.

After generating the simulated mPDF patterns, I then fit a model of the ideal 2-D antiferromag-

netic square lattice to the simulated patterns, where I refined a correlation length and a scale factor
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Figure 3.2 View of the correlation length for The 2-D Ising model Monte Carlo simulations.
Both the ferromagnetic and antiferromagnetic correlation lengths are shown here. There is
a dramatic increase around the transition temperature, but it is hard to see exactly where
that is due to the amount the correlation length blows up.

corresponding to the ordered moment between nearest-neighbor spins. The best-fit correlation

length versus temperature is shown over a wide temperature range in Figure 3.2. I see a rapid

increase in correlation length as the temperature approaches the transition temperature 2.269 K

from above. I note that since I am using a 20× 20 Å2 size simulation, any correlation length

longer than about three times the spatial dimension of the simulation is functionally infinite. With

decreasing temperature, the correlation length quickly passes into this regime, making it effectively

infinite. A more zoomed-in look at the correlation length focused around the transition region

2-5 K gives more information about the critical behavior, shown in Figure 3.3 (green symbols)

along with the ordered moment versus temperature (purple symbols). I see the correlation length

increase slightly as the temperature decreases from 5 K to about 2.5 K, below which there is a

sharp increase, and the correlation length rapidly increases to an effectively infinite value, which

suggests the magnetic transition for this simulation happens near this temperature, which matches

closely with the theoretical 2-D Ising transition around 2.269 K. The ordered magnetic moment
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Figure 3.3 The green with the axis on the left outlines a zoomed in view of the correlation
length for the antiferromagnetic mPDF focused around the magnetic transition. This high-
lights the increase that experienced approaching the magnetic transition, where short-range
correlations persist, and confirm the magnetic transition is at the expected temperature.
The purple shows the calculated local ordered moment for the Ising model as a function of
temperature. The ordered moment is scaled to one at low temperature, as the method of
calculating the ordered moment is not scaled to expected values.
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determined from fitting the simulated mPDF also shows a steady increase as the temperature is

lowered toward the transition before then increasing much more sharply below the transition. I note

that the ordered moment in Figure 3.3 is defined as the correlated moment between nearest-neighbor

spins, so it can remain nonzero above the transition. In contrast, the ordered magnetic moment

averaged over the entire system (not shown here) becomes nonzero only at the transition point. The

persistence of the locally ordered magnetic moment above the transition again reveals the presence

of short-range correlations in our simulations. In fact, even up to 5 K, a temperature far above the

magnetic exchange interaction energy of J = 1 K, the locally ordered moment is only just under half

the low-temperature ordered moment. Short range correlations persist to very high temperatures at

very significant values.

On a technical note, I mention that I scaled the calculated ordered moment to be 1 µB at low

temperature, corresponding to full ordering of the S = 1/2 spins, which is verified directly from

the fully-ordered spin configurations produced by the Monte Carlo simulations at low temperature.

This is necessary due to the specifics of how the calculated mPDF is scaled in diffpy.mpdf.

3.2 Application to a Real Material: Antiferromagnetic MnTe

Having verified that mPDF modeling of Monte Carlo simulations can yield useful information about

the magnetic correlations and transition in the 2-D Ising model, I performed the same procedure

with MnTe to explore the value of this approach for gaining a deeper understanding of real materials.

I loaded a .cif with the known hexagonal crystal structure of MnTe into my Monte Carlo code and

simulated the mPDF using published values of the four nearest-neighbor exchange interactions [55],

which are all the nearest-neighbor interactions needed to simulate the magnetic structure of MnTe. I

created a supercell of 5 unit cells, making each spin unique out to about 15 Å from a given reference

atom, so the simulated mPDF can only be calculated to 15 Å before encountering artifacts from
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Figure 3.4 Resultant Monte Carlo spin configuration of MnTe at T=2 K. The red spin
are pointing net in the negative x direction, while blue the net positive x direction. The
spin configuration shown is one possible resultant configuration of many different possible
non-unique solutions. This particular result showcases the spins falling into the correct
planes. Other solutions will feature the spins falling into a plane, not necessarily the correct
plane for the anisotropy in the material.

duplicated spins. 15 Å is a comfortable size to see the applicable features from the mPDF for MnTe

without creating a lattice too large for a comfortable computation time.

As a first check, I verified that the low-temperature spin configuration achieved by the Monte

Carlo simulations corresponds to the experimentally determined magnetic order in MnTe, with

spins aligned ferromagnetically in the ab plane and modulated antiferromagnetically along the c

axis. One such configuration reached by a Monte Carlo simulation is shown in Figure 3.4. While

this example happens to show the spins oriented approximately within the planes (the known spin

configuration for MnTe–see Figure 1.2) the simulations are not sensitive to the absolute orientation

of the spins, and so other simulations fall into whatever random direction happens to dominate

when sequentially lowering the temperature. One option is to include a magnetic anisotropy term

in the Monte Carlo energy calculation, but for reasonable values of the anisotropy energy, I found
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Figure 3.5 Comparison between simulated and experimental unnormalized mPDF data,
with the data in orange and the simulation in purple. The x-axis gives different distances
r from an arbitrary reference atom, while the y-axis gives the unnormalized mangetic
correlation at that r.

that the impulse toward randomness in the Monte Carlo simulations prevents the spins from falling

into the preferred orientation, most likely due to its small size when compared to the exchange

parameters. The Monte Carlo simulations I built do not have the weight needed in the Monte Carlo

simulations to overcome whatever random orientation it is in. The most important feature of MnTe,

the ferromagnetic planes with antiferromagnetic alignment between adjacent planes, is reliably

obtained. Although the absolute orientation of the spins does impact the calculated mPDF to some

extent, the major features of the mPDF rely predominantly on the relative orientations, which my

simulations reproduce accurately.

An example of a simulated mPDF pattern compared to experimental data for MnTe is shown

in Figure 3.5 at 320 K, which is slightly above the magnetic transition (TC = 307 K) and in the

correlated paramagnetic regime where short-range correlations dominate. To compare more directly

to the experimental data, I use the “unnormalized” mPDF, which has not been deconvoluted from

the effect of the magnetic form factor. I see very good agreement between the simulated and the
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experimental data, providing important confirmation that my Monte Carlo simulations can provide

a good model of the short-range magnetism observed above TN in MnTe. The exception to this

observation is the first peak, where the peak in the simulation is significantly deeper than it should be.

This is due to my simulation’s lack of sensitivity to the correct absolute orientation. The alignment

of the spins within the ab plane in the real material causes the nearest-neighbor peak to be shifted

systematically higher along the y-axis than the simulation, as seen in Figure 3.5. my simulations

reproduce the parallel alignment of the spins in common ab planes, but the absolute orientation of

the spins is selected at random, causing the disagreement with the data.

To reveal the temperature evolution of the local magnetic correlations in MnTe, I show in

Figure 3.6 a selection of the resultant average mPDF patterns for different temperatures between

236 K and 590 K. Here, I display the “normalized” mPDF, which is much sharper in real space

than the unnormalized mPDF. Far above the transition temperature, I see only a few small peaks

at positions corresponding to the first few near neighbors, reflecting the short-range order present.

Although the spatial extent of the correlations is very short at these temperatures, I find it notable that

well-defined correlations nevertheless persist over the first few neighbors at such high temperatures.

The short-range correlations grow as the temperature is lowered toward the magnetic transition, as

seen by peaks appearing at higher r values corresponding to distinct Mn-Mn interatomic distances

in the atomic lattice of MnTe. For the two lowest temperatures shown in the plot (295 K and 236 K),

the mPDF peaks persist over the full range with no damping at higher distances, indicating that

long-range magnetic order has been reached in the simulation. The larger amplitude at 236 K

compared to 295 K reflects the growth of the ordered moment (i.e., the non-fluctuating portion of

the local moment that participates in the long-range magnetic order) as the temperature decreases.

I extracted the best-fit correlation length and locally ordered moment by fitting a model of the

known magnetic structure to the mPDFs generated by the Monte Carlo simulations, just as I did for

the 2-D Ising model. In this case, I have existing experimental data for comparison, first published


