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Deep learning-driven prediction of microstructure evolution via latent space interpolation
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Phase-field models accurately simulate microstructure evolution, but their dependence on solving complex
differential equations makes them computationally expensive. This work achieves a significant acceleration
via a deep learning-based framework, utilizing a conditional variational autoencoder (CVAE) coupled with
cubic spline interpolation and spherical linear interpolation (SLERP). We demonstrate the method for binary
spinodal decomposition by predicting microstructure evolution for intermediate alloy compositions from a
limited set of training compositions. First, using microstructures from phase-field simulations of binary spinodal
decomposition, we train the CVAE, which learns compact latent representations that encode essential morpho-
logical features. Next, we use cubic spline interpolation in the latent space to predict microstructures for any
unknown composition. Finally, SLERP ensures smooth morphological evolution with time that closely resembles
coarsening. The predicted microstructures exhibit high visual and statistical similarity to phase-field simulations.
This framework offers a scalable and efficient surrogate model for microstructure evolution, enabling accelerated
materials design and composition optimization.
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I. INTRODUCTION

Artificial intelligence (AI) and machine learning (ML)
have rapidly emerged as a transformative force across scien-
tific disciplines, owing to the availability of high-performance
computing and vast datasets generated over the past century.
In the domain of materials science and engineering, AI and
ML have demonstrated their potential over traditional meth-
ods by enabling automated analysis and prediction across
scales [1,2]. Some prominent examples are interpreting and
denoising microstructural images [3–5], linking atomic-scale
imaging with material properties [6], materials discovery and
manufacturing [7], and predicting early signs of material
failure [8].

The focus of the current research is microstructure mod-
eling. Among the physics-based computational approaches,
the phase-field method stands out as a robust framework to
simulate complex microstructural phenomena such as solidi-
fication [9,10], precipitate growth [11], grain growth [12,13],
and spinodal decomposition [14–16]. These simulations are
governed by partial differential equations that evolve spatially
and temporally, requiring fine discretization and substantial
computational resources. Efforts to reduce the computational
overhead have led to the integration of numerical optimiza-
tions and parallel processing techniques [17,18].

Recent advances in deep learning have inspired a new class
of data-driven surrogate models capable of approximating
phase-field simulations with significantly reduced runtimes.
These works mainly rely on generating the training data

*These authors contributed equally to this work.
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from phase-field simulations, compressing them to a low-
dimensional latent space, followed by time series prediction
models like recurrent neural networks (RNN), including the
long short-term memory (LSTM) unit and the gated recurrent
unit (GRU) to learn the microstructure evolution in latent
space [19,20]. While these machine learning methods have
shown great success in terms of accelerating the study of
microstructure evolution, one needs to provide the models
with some initial microstructures from the phase-field simu-
lations to generate the subsequent microstructures. Moreover,
due to error compounding, very long-term predictions are not
possible using time series prediction models.

Generative models are also very popular in the field
of microstructure modeling, particularly for learning mi-
crostructure features, generating synthetic microstructures,
and predicting time evolution. While generative models are
known for speed, efficiency, diversity, and statistical accu-
racy, they are more data and resource intensive. Models
like generative adversarial network (GAN) [21,22] and de-
noising diffusion probabilistic models (DDPM) [23,24] have
shown excellent potential in the field of microstructure
modeling.

This work uses conditional variational autoencoder
(CVAE) [25,26], a generative model which learns a la-
tent representation of input microstructures, conditioned on
composition (cavg) values. To demonstrate our method, we
deal with binary spinodal decomposition, a phase separation
phenomenon that spontaneously separates a homogeneous
mixture into two coexisting phases with different com-
positions. Spinodal decomposition is characterized by a
time-dependent amplification of composition fluctuations, re-
sulting in phase separation. It is observed in binary as well
as in multicomponent materials, including metallic alloys,
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FIG. 1. Workflow of the conditional variational autoencoder (CVAE) framework for modeling microstructure evolution. The CVAE takes
as input a set of microstructure images x1, x2, ..., xn along with their corresponding covariate information (cavg). The encoder maps the inputs to
a latent space z = μ + σ � ε. The dotted red arrows represent the cubic spline interpolation workflow in the latent space, where representations
for the targeted composition value are generated, which are then decoded to produce synthetic microstructures. The purple arrows show the
selection process of latent vectors of images with the smallest and largest feature size (white shapes) and their injection back into the encoder.
The green arrows depict the SLERP (spherical linearinterpolation) workflow, which operates between latent vectors corresponding to the
microstructures with the largest and smallest feature size (white shapes) to generate a sequence of microstructures showing gradual and
realistic morphological transitions of the targeted composition value.

polymers, and glasses. Unlike conventional phase transfor-
mations, it does not involve any nucleation barrier. Spinodal
decomposition has practical significance in diverse fields,
ranging from structural applications [27] and functional
materials (e.g., permanent magnets) [28], to catalysis ap-
plications [29]. Extensive experimental and computational
investigations have been reported in the literature on spin-
odal decomposition [30–37], with the computational studies
primarily based on the pioneering theories of John Cahn and
his co-workers [38–40]. While these simulations, particularly
when implemented with parallel or GPU-based approaches,
can model very large systems and provide statistically robust
insights [41], the integration of machine learning offers the
potential to further enhance their efficiency by reducing both
computational cost and time [42–45].

In this study, the initial average compositions lie within the
interval of cavg = 0.27 to 0.48. The training set consists of
700 microstructures, each from nine selected compositions,
6300 images in total. Each grayscale microstructure has a
dimension of 256 × 256 × 1. Given the high dimensionality
of the dataset, the computational burden becomes significant
in terms of both memory and processing time. The encoder

compresses the data while preserving its essential features
[46,47] for further processing, which includes concatenating
the input image with a learned label embedding, extracting
features via convolutional layers, and mapping them to a
lower-dimensional latent space with mean and log variance
outputs. The reparametrization trick [25] is applied to generate
latent vectors. The decoder reconstructs images by combin-
ing these vectors with class embeddings and upsampling via
transposed convolution layers [48]. The loss function includes
mean squared error (MSE) for reconstruction and a KL diver-
gence loss [25], enforcing a structured latent space.

The workflow is illustrated in Fig. 1. After compress-
ing the data with the encoder, we use two types of latent
space interpolations. The dotted red arrows represent the cu-
bic spline interpolation, which generates representations for
the targeted composition value. The decoder produces syn-
thetic microstructures; the one with the smallest and largest
feature size is chosen and is injected back into the encoder
(purple arrows). Finally, spherical linear interpolation (green
arrows) operates between latent vectors corresponding to the
microstructures with the largest and smallest feature size,
generating a smooth and realistic morphological evolution for
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a given targeted composition value. The rest of the paper pro-
vides technical details of various components of the workflow,
followed by a discussion and a conclusion section.

II. PHASE-FIELD METHOD

To generate a dataset for training and validation, we sim-
ulate spinodal decomposition in an A-B binary alloy using
a phase-field framework, as implemented in the μ2mech
package [49]. The evolution of microstructure is driven by
minimizing the total free energy [38]:

F =
∫

V
[ f (c) + κ (∇c)2]dV, (1)

where c(r, t ) represents the conserved composition field, κ

is the gradient energy coefficient, and f (c) is the bulk free
energy density modeled as a double-well potential,

f (c) = W c2(1 − c)2, (2)

where W determines the height of the potential barrier. The
free energy landscape favors phase separation when ∂2 f

∂c2 < 0,
indicating thermodynamic instability. The time evolution of
the composition field follows the Cahn-Hilliard equation:

∂c

∂t
= M

[
∇2

(
∂ f

∂c

)
− 2κ∇4c

]
. (3)

In the above equation, M is the mobility, taken as constant.
Nine different compositions are sampled, with initial av-

erage compositions of cavg = 0.27, 0.31, 0.35, 0.39, 0.40,
0.42, 0.44, 0.46, 0.48. All simulations are run on a 2D square
domain with a grid size of 256 × 256. Each simulation outputs
a time series of microstructure images, evolved for 1000 time
steps. However, due to the absence of significant features in
the early evolution stages (t0 to t300), we discard these frames
and use data from t301 onward, capturing the critical period
of phase separation and domain coarsening. Thus, 700 phase-
field microstructures are obtained per composition, totalling
6300 images. This dataset is used to train our machine learn-
ing model, as detailed in the following sections.

III. CONDITIONAL VARIATIONAL AUTOENCODER
(CVAE) ARCHITECTURE

First, we need to map each image of size 256 × 256 × 1 to
a lower-dimensional latent space that retains essential struc-
tural features while significantly reducing the data complexity.
Dimensionality reduction techniques are widely used for this
purpose, aiming to extract a compact set of features that retain
the essential characteristics of the original data [46,47]. In
this study, we adopt a conditional variational autoencoder
(CVAE) [25,26], a generative model that learns a latent rep-
resentation of the input microstructure images while being
conditioned on additional variables, specifically the average
concentration (cavg) values. The CVAE consists of an encoder-
decoder framework, wherein the encoder maps the input and
the conditioning information to a structured latent space, and
the decoder reconstructs the image from the sampled latent
vectors and class embeddings. An overview of the CVAE
architecture is illustrated in Fig. 2.

FIG. 2. Schematic representation of the conditional variational
autoencoder (CVAE) architecture. The encoder maps the input x
and covariate information c into a latent distribution parametrized
by mean μ and standard deviation σ . A latent variable z is sampled
and decoded back into the reconstructed output x̂ while conditioning
on c.

Encoder network. The encoder takes an input image
x ∈ RH×W ×C along with its corresponding condition label
y ∈ RNc , where H , W , and C represent the height, width, and
number of channels of the image, respectively, and Nc is the
number of conditioning labels. The label is first embedded and
reshaped to match the image dimensions,

y′ = Reshape(Dense(H × W )(y)). (4)

Then, the input image and the label embedding are
concatenated:

zinput = Concatenate(x, y′). (5)

Feature extraction is performed using a series of convolutional
layers followed by max-pooling operations, resulting in a fea-
ture representation zconv. The encoder then learns a Gaussian
distribution in the latent space by computing the mean μ and
log variance ln σ 2:

μ = Dense

(
d∏

i=1

Li

)
(zconv), (6)

ln σ 2 = Dense

(
d∏

i=1

Li

)
(zconv), (7)

where Li represents the dimensions of the latent space.
Latent space sampling. To allow backpropagation, the

reparametrization trick is applied, where a random variable
ε ∼ N (0, I ) is introduced:

z = μ + exp

(
ln σ 2

2

)
· ε. (8)

Decoder network. The decoder reconstructs the original
image given the latent variable z and the conditional label y.
The label is embedded similarly to the encoder:

y′′ = Reshape

(
Dense

(
d∏

i=1

Li

)
(y)

)
. (9)
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FIG. 3. Visualization of cubic spline interpolation applied to the conditional label vectors in a nine-dimensional label space. Each subplot
illustrates the smooth variation of one label dimension as a function of the interpolation parameter "alpha," constructed from known one-hot
encoded composition vectors corresponding to alloy compositions between 0.27 and 0.48. The peaks in each dimension reflect dominant
contributions. These splines enable continuous and physically meaningful transitions between known compositions, thereby facilitating smooth
label-guided image synthesis within the CVAE framework.

The decoder input is then formed by concatenating z with y′′:

zdec = Concatenate(z, y′′). (10)

This representation is passed through fully connected and
transposed convolutional layers to reconstruct the image x̂:

x̂ = fθ (zdec). (11)

Loss function. The CVAE model is trained using a combi-
nation of a reconstruction loss and a Kullback-Leibler (KL)
divergence loss. The reconstruction loss is computed as the
mean squared error (MSE) between the original and recon-
structed images:

Lrec = 1

N

N∑
i=1

‖xi − x̂i‖2. (12)

The KL divergence loss ensures that the learned latent distri-
bution approximates a standard normal distribution:

LKL = −1

2

d∑
j=1

(1 + ln σ 2 − μ2 − σ 2). (13)

The total loss function is given by

L = Lrec + λLKL, (14)

where λ is a weighting factor.
Training process. The CVAE model is trained using the

Adam optimizer with an adaptive learning rate. Stratified
sampling is applied for dataset splitting to ensure balanced
learning, with an 80 − 20 train-validation ratio. Integer-
encoded labels are used to preserve the class distribution of the
images, as required by the conditional variational autoencoder
(CVAE). The training process incorporates early stopping to
prevent overfitting and learning rate scheduling to enhance
convergence.

IV. CUBIC SPLINE INTERPOLATION

To generate intermediate microstructural states between
known phase compositions, we employ cubic spline inter-
polation [50] (see Fig. 3), which ensures smooth transitions
between discrete phase labels. This method is particularly
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useful in maintaining consistency in phase fraction variations
while interpolating between microstructural states.

Mathematical formulation. Given a set of discrete phase
fraction labels,

{y0, y1, . . . , yn}, (15)

we construct a cubic spline function S(x) that smoothly inter-
polates between these values. Each spline segment is defined
as

Si(x) = ai + bi(x − xi ) + ci(x − xi )
2 + di(x − xi )

3,

xi � x � xi+1, (16)

where ai, bi, ci, di are coefficients computed to ensure:
(i) Continuity of the function: Si(xi ) = yi;
(ii) Continuity of the first derivative: S′

i (xi+1) =
S′

i+1(xi+1);
(iii) Continuity of the second derivative: S′′

i (xi+1) =
S′′

i+1(xi+1);
(iv) Natural boundary conditions, where the second

derivative is set to zero at the endpoints.
The dataset consists of nine discrete phase fraction values,

and we define the interpolation function over normalized po-
sitions x ∈ [0, 1]:

{x0, x1, ..., x8}, {y0, y1, ..., y8}. (17)

The spline function S(x) smoothly interpolates between these
labels, generating intermediate phase fractions.

Selection of labels. We select the labels based on tar-
get phase composition. To generate synthetic images with a
specific target average phase composition cavg, we define a
threshold tolerance:

|rounded_avg − target_rounded_avg| � tolerance. (18)

Based on the target composition range, the corresponding
interpolation interval [xi, xi+1] is selected from a predefined
mapping:

(xstart, xend) =

⎧⎪⎪⎪⎪⎨
⎪⎪⎪⎪⎩

(0.27, 0.29), 0.27 � cavg < 0.29,

(0.29, 0.31), 0.29 � cavg < 0.31,

(0.31, 0.33), 0.31 � cavg � 0.33,
...

...

(0.47, 0.48), 0.47 � cavg < 0.48.

(19)

A set of interpolated labels is then sampled from S(x) within
this range.

Image generation. Once the interpolated labels are ob-
tained, we generate images by sampling a Gaussian latent
vector:

z ∼ N (0, I ). (20)

The interpolated label is converted into a tensor and passed
into the CVAE decoder, which reconstructs the corresponding
microstructure:

x̂ = hφ (z, ỹ), (21)

where ỹ is the interpolated phase label.

To ensure the generated image has the desired cavg, we
compute the normalized average pixel intensity:

c̄ = 1

HW

H∑
i=1

W∑
j=1

xi j, (22)

where H and W are the image dimensions. If |c̄ − cavg| �
tolerance, the image is accepted; otherwise, the process is
repeated.

Morphological characterization. We perform further im-
age analysis to assess the microstructural variations in the
dataset generated via cubic spline interpolation. This anal-
ysis aims to arrange images in terms of the size of the
microstructural features. First, each generated (from cubic
spline interpolation) microstructure image is converted to a
binary format using thresholding:

B(I ) =
{

255, if I (x, y) � 127,

0, otherwise. (23)

Contours corresponding to distinct microstructural regions are
extracted using OpenCV’s contour detection algorithm. Given
Nc detected contours in an image, the total shape area is
computed as

Atotal =
Nc∑

i=1

Ai, (24)

where Ai represents the area of the ith detected microstructural
shape. Finally, the average feature (denoted by white shapes)
size per image is calculated as

Aavg =
{

Atotal
Nc

, Nc > 0,

0, if Nc = 0.
(25)

The average feature size for a given composition increases
with time because of coarsening. We rank the images (gener-
ated from cubic spline interpolation) based on their computed
feature size Aavg. Three key images are identified:

(i) Smallest average feature size: Imin = arg min Aavg;
(ii) Largest average feature size: Imax = arg max Aavg;
(iii) Medium average feature size: Imid, corresponding to

the median rank in the sorted dataset.
These three images are further used to get the time evolu-

tion of microstructures.
Note that while cubic spline interpolation generates mi-

crostructure images for a targeted composition value, it does
not ensure smooth morphological transitions with time. For a
given target composition, between the latent vectors of images
with the smallest and largest feature size, as obtained from the
cubic interpolation, SLERP (spherical linear interpolation) is
applied to generate intermediate steps. This method ensures
smooth morphological transitions with time, very similar to
the phase-field time evolution. Thus, both the interpolation
methods are necessary and complementary. Further details
about SLERP are given in the following section.

V. SPHERICAL LINEAR INTERPOLATION (SLERP)
FOR MICROSTRUCTURE EVOLUTION

To capture the smooth evolution of microstructures be-
tween different morphological states, we employ spherical
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FIG. 4. Illustration of spherical linear interpolation (SLERP).
Given two latent vectors z1 and z2, SLERP computes an intermediate
point along the geodesic path on the unit hypersphere. The interpo-
lation factor α determines the position of the generated latent vector,
ensuring smooth and consistent transitions in the latent space.

linear interpolation (SLERP) [51] in the latent space of the
conditional variational autoencoder (CVAE). This method
(see Fig. 4) ensures a geodesic transition between latent
representations, preventing distortions caused by linear inter-
polation in high-dimensional spaces.

Mathematical formulation. Given two latent vectors z1 and
z2 in a high-dimensional space, the spherical linear inter-
polation (SLERP) function computes an intermediate latent
representation zinterpolated at a specific interpolation factor α:

zinterpolated(α) = sin((1 − α)ω)

sin ω
z1 + sin(αω)

sin ω
z2, (26)

where the angular distance between the two latent vectors is

ω = arccos

(
z1 · z2

‖z1‖‖z2‖
)

. (27)

The interpolation parameter α varies in the range α ∈ [0, 1],
where

(i) α = 0: returns the initial latent vector z1;
(ii) α = 1: returns the final latent vector z2;
(iii) 0 < α < 1: yields smooth intermediate latent vectors.
Image generation. As mentioned in Sec. IV, we first

identify three key images: Imin, Imid, Imax. Next, we perform
SLERP-based latent space interpolation in two stages:

(i) Between Imin and Imid to generate intermediate images
covering the transition from small to medium feature size;

(ii) Between Imid and Imax to generate intermediate images
covering the transition from medium to large feature size.

The above method ensures that the entire transition from
small to large feature size is captured smoothly for a given
target composition.

To obtain latent representations, the CVAE encoder ex-
tracts the mean and variance of the Gaussian distribution for
the terminal images. For example, in the case of Imin and Imid,

μ1, ln σ 2
1 = fθ (Imin, y1), (28)

μ2, ln σ 2
2 = fθ (Imid, y2).

Latent vectors z1 and z2 are sampled using the reparametriza-
tion trick

z1 = μ1 + exp

(
ln σ 2

1

2

)
· ε, (29)

z2 = μ2 + exp

(
ln σ 2

2

2

)
· ε.

Interpolated latent representations are computed using SLERP
at multiple values of α:

zinterpolated = SLERP(α, z1, z2), (30)

where α is sampled from a uniform distribution between 0
and 1 to generate a sequence of smooth transitions.

Finally, each interpolated latent representation zinterpolated

is passed through the CVAE decoder to reconstruct
microstructures:

x̂ = hφ (zinterpolated, yinterpolated), (31)

where yinterpolated is the interpolated phase label, computed as

yinterpolated = (1 − α)y1 + αy2. (32)

Morphological characterization. To ensure physical con-
sistency, we evaluate the generated images based on their
average feature area Aavg, as described in Eq. (24) and
Eq. (25). The interpolation process is accepted provided the
following conditions are satisfied:

(i) Absolute difference between the average area of the
first generated image and Imin is less than 2, i.e., ;

(ii) Absolute difference between the average area of the
last generated image and Imax is less than 2, i.e., |Agen,last −
Amax| < 2.

If any one of the conditions are not met, the present set of
generated microstructures is discarded and SLERP is rerun to
generate another set of images. This process ensures morpho-
logical consistency in the microstructure evolution process.
Model performance is analyzed in detail in the following
section.

VI. RESULTS AND DISCUSSIONS

So far, we have shown a step-by-step development of a con-
ditional variational autoencoder (CVAE) model for generating
microstructure images conditioned on varying compositions.
Cubic spline and spherical linear interpolation in the la-
tent space generate the composition and time variation. The
method predicts microstructure evolution for intermediate
targeted composition values, based on a training dataset com-
prising a limited number of compositions. This results in a
significant computational speedup compared to the case of
spanning the entire composition range via the phase-field
approach.

It takes ≈60 minutes to train the model on an Intel® Xeon®

Gold 6338N CPU (2.20 GHz), supported by 128 GB of RAM.
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FIG. 5. Comparison of original and CVAE-generated microstructure evolution for two composition intervals: (a) 0.27 → 0.39 and
(b) 0.40 → 0.46. The black areas represent the A-rich phase, and the white areas represent the B-rich phase.

The model is faster than conventional numerical techniques
for solving the Cahn-Hilliard equation. While the ML-assisted
approach requires only ≈3 minutes to generate 1000 frames of
256 × 256 grid-size microstructure, showing time evolution
for a given composition, the traditional numerical technique
using phase-field calculation takes almost ≈12 minutes for the
same. For a larger grid size, the time taken by the phase-field
method to generate 1000 frames is even higher, for example,
1.5x for 512 × 512 microstructures, and 5x for 1024 × 1024
microstructures.

Figure 5 and Figs. S1–S3 (Supplemental Material (SM)
[52]) illustrate the original training compositions and the
generated intermediate target compositions obtained by
deep learning. In particular, Fig. 5 shows microstructure

evolution for two composition intervals: (i) 0.27–0.39 and (ii)
0.40–0.46. These compositions are initial scaled compositions
of the alloys prior to spinodal decomposition (or equivalently,
average alloy compositions at all times). Based on the bulk
free energy expression [Eq. (2)], the equilibrium compositions
of the A-rich (black) and B-rich (white) phases are 0 and 1,
respectively. For the bulk free energy, we employed a double-
well potential with two degenerate minima corresponding to
the equilibrium A-rich and B-rich phases [Eq. (2)]. Conse-
quently, both phases (A-rich black and B-rich white) possess
equal energies (zero) and, importantly, the same chemical
potentials. This ensures equilibrium across a flat interface.
Following spinodal decomposition, the two phases undergo
coarsening over time to minimize the total interfacial energy,
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FIG. 6. Timestep vs average area of the B-rich white phase (equivalent to average particle size) during the microstructure evolution. Each
subplot corresponds to a distinct composition: the blue curve represents the original microstructure, and the red curve denotes the generated
counterpart.

which acts as the global driving force. Locally, the driving
force for this coarsening is governed by the curvature of the
interfaces. The temporal evolution of the size distribution of
the B-rich white phase is illustrated in Figs. S4 and S5 in the
SM [52]. The peak of the distribution diminishes while the
distribution shifts toward larger sizes, which are the charac-
teristic features of the coarsening process.

From Fig. 5, it is clear that CVAE can produce high-
resolution images showing smooth time evolution of mi-
crostructures, very similar to actual phase-field simulations.
After visually confirming our model’s effectiveness in gener-
ating phase-field-like microstructure evolution, let us perform
a more quantitative analysis across two key metrics: the
temporal evolution of feature size and spatial correlation
similarity.

Figure 6 compares the CVAE-generated microstructure
evolution and the phase-field model evolution across different
compositions. The horizontal axis represents timestep values,
while the vertical axis shows the average area (equivalent to
average particle size) of the features (B-rich white phase)
in the microstructure at each timestep. The area increases
with time because of coarsening. The blue curves represent
the microstructure evolution via the phase-field model, and
the red curves represent the same via CVAE-based deep
learning. We observe that for all compositions tested, both
models exhibit similar trends of coarsening over time. The
close alignment between the two curves indicates that the
CVAE model can learn and replicate the temporal dynamics
of microstructure evolution like traditional phase-field simu-
lations. This is a significant finding, as it demonstrates that the
model can generate physically plausible microstructure evo-
lution, closely resembling the actual phase-field simulations.
Additionally, the model’s ability to create microstructures
with varying particle sizes across different compositions
highlights its potential for use in material design and alloy op-
timization, where controlling particle size and distribution is
critical.

Figure 7 compares the two-point autocorrelation func-
tion [53] between the phase-field and CVAE-generated
microstructures. The spatial arrangement of features in the
CVAE-generated and phase-field microstructures is compared
using the two-point autocorrelation function S2(r), as shown
in Fig. 7. For this analysis, microstructures with equivalent
composition and average particle size are utilized. The func-
tion S2(r) represents the probability that two points separated
by a distance r lie within the same phase and is mathemati-
cally expressed as follows:

S2(r) = 1

N (r)

N (r)∑
i=1

δ(xi )δ(xi + r). (33)

It is calculated as the normalized sum of products of an indi-
cator function, δ(x), where δ(x)=1 if point x is in the phase of
interest and 0 otherwise. The sum is taken over all point pairs
(xi, xi + r) and divided by the total number of pairs, N (r), at
that separation.

The autocorrelation function measures the spatial simi-
larity between microstructure features at varying distances,
which indicates grain distribution and phase homogeneity
in the material. As shown in Fig. 7, the blue lines repre-
sent the autocorrelation functions for the phase-field model,
and the red lines represent the autocorrelation functions for the
CVAE-generated microstructures. The spatial decay patterns
are similar for each composition between the two mod-
els. This suggests that the CVAE-generated microstructures
not only follow the same evolutionary trends over time but
also exhibit comparable spatial structures to the phase-field
microstructures.

Note that the minimum point of the two-point autocorre-
lation function corresponds to the average feature size of the
B-rich white phase. Figure 8 illustrates the minimum point of
the two-point autocorrelation function (Fig. 7) as a function
of composition. With increasing average composition, the av-
erage size of the B-rich white phase increases. As a result,
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FIG. 7. Two-point autocorrelation compared at the 750th timestep between original and generated microstructures. Each subplot
corresponds to a distinct composition, where the blue (red) curve represents the two-point autocorrelation for the original phase-field
(CVAE-generated) microstructure. The high degree of overlap across all subplots indicates that the generative model successfully captures
the spatial correlation characteristics of the original data.

the minimum point of the two-point autocorrelation function
shifts to a higher value. The overall similarity of the two-point
autocorrelation analysis between the original and generated
microstructures further proves the success of the CVAE model
for generating realistic microstructures for material science
applications, where understanding spatial correlations is key
to predicting material properties.

VII. CONCLUSIONS

This study demonstrates the application of a conditional
variational autoencoder (CVAE) for generating microstruc-
ture images conditioned on varying alloy compositions. The
use of latent space interpolation techniques (cubic spline

FIG. 8. The radius pixel value at which the two-point correlation
value (taken from Fig. 7) is minimum for cavg = 0.29, 0.33, 0.37,
0.41, 0.43, and 0.45, comparing the original (blue) and generated
(red) microstructures.

and SLERP) enables the model to generate intermediate mi-
crostructures across varying compositions, making the model
very useful in exploring a large number of alloy compositions
in a short time. A detailed comparison between phase-
field and deep-learned microstructures proves that the CVAE
model can replicate the overall characteristics of microstruc-
ture evolution, including both temporal and spatial features.
Key findings from this work include the following:

(i) The timestep vs average area plot (Fig. 6) confirms that
the CVAE model effectively generates microstructures that
evolve similarly to phase-field simulations, with correspond-
ing grain coarsening patterns across timesteps;

(ii) The two-point autocorrelation comparison (Fig. 7)
demonstrates that the CVAE model generates spatially re-
alistic microstructures similar to phase-field simulations,
highlighting the deep-learning model’s potential for capturing
spatial distribution patterns of particles;

(iii) The model’s ability to generate physically plausible
microstructures opens up new possibilities for material design
and alloy optimization, where understanding and controlling
microstructure at different stages of evolution is critical;

(iv) Overall, the results affirm the effectiveness of the
CVAE model in generating realistic microstructures with
temporal and spatial features comparable to phase-field sim-
ulations, making it a promising tool for materials informatics
and design optimization.
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