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Abstract
Deep  learning  methods  are  integrated  with  phase-field  (PF)  simulations  to  predict
microstructural  evolution  and  accelerate  PF  simulations,  thereby  overcoming  the  high
computational  cost  associated  with  multi-parameter,  multi-component  parameter
optimization. The predictive recurrent neural network++ (PredRNN++) model is developed
to  predict  the  precipitation  morphologies  with  circular,  cubic  and  mixed-shape
accompanying  the  growth  and  coarsening  process  in  superalloys.  Compared  with
convolutional  long  short-term  memory,  predictive  recurrent  neural  network,  and
convolutional  neural  network models,  the PredRNN++ model  shows superior  prediction
performance  in  precipitate  microstructural  evolution.  Moreover,  the  hybrid  model  of
PredRNN++ and PF is developed to accelerate the prediction of precipitate evolution, the
computational efficiency of the hybrid model exceeds 2.9 times that of the single PF model.
In the hybrid model, the calculation speed of PredRNN++ is 40 times that of the PF, and the
mean  square  error  remains  within  0.004.  In  particular,  it  enables  the  analysis  of
precipitation  kinetics  in  mixed-shaped  precipitates.  The  advantages  of  the  PredRNN++
model  are  discovered  in  predicting  the  precipitate  microstructures,  accompanied  by
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Ostwald ripening and coalescence coarsening mechanisms. This study advances the applicability of deep learning to
complex microstructural evolution and the feasibility of accelerating PF simulations.

INTRODUCTION
The material microstructure is crucially linked with composition and macroscopic properties, making it a

key factor in materials research. Phase-field (PF) methods
[1,2]

,
 
a powerful mesoscale simulation technique, are

employed to predict microstructural evolution and deepen understanding of morphological dynamics, such

as solidification
[3,4]

, crystal growth
[5-7]

, and solid-state phase transformation
[8,9]

. Continuous field variables

represent the morphologies obtained from PF simulations, the Cahn-Hilliard
[10]

 or Ginzburg-Landau
[11]

equations are utilized to control the field variables, incorporating with the finite-difference
[12]

, the

Runge-Kutta
[13]

, the semi-implicit Fourier-spectral
[14]

, and finite element methods
[15,16]

 to solve the partial

differential equations (PDEs). This process requires accurate temporal and spatial discretization of the field

variables to ensure solution convergence and high-fidelity morphology
[14]

. Additionally, the PF model

requires numerous input parameters. Therefore, accurately capturing PF microstructural evolution is

computationally expensive and challenging, especially in multi-component, multi-field-coupling studies.

To address this problem, adaptive mesh refinement algorithms
[17,18]

, parallel computing, and multi-scale

model coupling methods
[19]

 have been employed to accelerate PF calculations. For instance, the proper

orthogonal decomposition (POD) combined with the Galerkin projection is used as a dimensionality

reduction technique to mitigate the computational cost of high-fidelity numerical simulation
[20,21]

. Recently,

machine learning has been widely applied in materials science
[22-25]

, including predicting material properties

and crystal structures
[26-30]

, designing new materials
[31-34]

, classification
[35-40]

, and identification
[41,42]

 of material

microstructure. Consequently, some scholars have proposed numerical methods for solving partial

differential equations, such as using machine learning models to replace PF simulations and inferring the

accurate evolution process from input morphological data.

Traditional machine learning models are not suitable for large-scale data computations. Common

replacement models include multilayer perceptron (MLP), convolutional neural network (CNN)
[43,44]

,

recurrent neural network (RNN)
[45-47]

 and long short-term memory (LSTM)
[43,48,49]

. These methods have

achieved signif icant performance on solving partial differential equations. Gesch et al . used

autoencoder-based recurrent neural networks to predict the microstructural evolution of Ostwald

ripening
[49]

. Oommen et al. employed the DeepONet model to replace the high-fidelity PF numerical solver

in two-phase microstructural evolution
[50]

. Teichert et al. used machine learning algorithms to represent

high-dimensional free energy surfaces to identify precipitate morphologies in alloy systems
[51]

. CNN can

effectively capture spatial features but lacks explicit modeling capabilities for time series. RNN and LSTM

often suffer from gradient vanishing/exploding problems when processing long sequences, making it difficult

to capture such long-term dynamic dependencies. These models are often used for simple processes, such as

dendrite growth, spinodal decomposition and Ostwald ripening
[52]

. The machine learning models are used to

predict simple morphologies and single-variable fields where microstructural evolution is straightforward.

These methods have not yet been applied in more complex kinetics processes or multi-field systems.

Therefore, this study was motivated by the complex aging processes of superalloys, which involve more than

50 precipitated phase particles and multiple order parameters and composition fields.

In this study, we propose a new deep learning model, PredRNN++ model, for predicting the precipitation

microstructural evolution in superalloys and compare its performance with alternative models, such as CNN,

RNN, and LSTM, demonstrating the advantage of PredRNN++ on solving partial differential equations of

microstructural evolution. A hybrid computational model integrating PF and PredRNN++ is built, thereby
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significantly accelerating computation while preserving microstructural accuracy. Additionally, by

employing different precipitate morphologies, the model’s adaptability to the evolution of precipitation

microstructure in superalloys is examined.

MODELS AND METHODS
PF model

The Cahn-Hilliard and Ginzburg-Landau equations are used in the PF simulation for precipitates evolution

in superalloys, these control the evolutions of composition field c
i
 (r, t) and order parameter field η

p
 (r, t)

[8]
.

where ξ
c
 (r, t) and ξη (r, t) are noise items in composition and order parameters, V

m
 is the molar volume of

the alloy, F is the total energy, M
i
 are the chemical mobilities of different elements, and L is the interface

mobil i ty . These noise i tems are introduced to induce the init ia l nucleat ion and sat is fy the

fluctuation-dissipation theorem. The noise term is removed after the nucleation, so it has no impact on deep

learning models for the long time aged phase morphology. Detailed PF model is given in the Supplementary

Materials, where the parameters for PF simulation are shown in Supplementary Table 1.

PredRNN++ neural network model

PredRNN++ is an advanced neural network model designed explicitly for video prediction and future

frames
[53]

. PredRNN++ consists of a cascading operation of spatiotemporal memory units (Causal LSTM)

and the gradient highway unit (GHU) framework. The Causal LSTM structure features cascaded dual

memory units that enable information transfer in both horizontal and vertical directions, addressing the

challenge of learning from sequences in which spatial and temporal patterns are tightly intertwined. The

GHU captures long-term memory dependencies by merging GHU modules, which can solve the potential

problem of gradient vanishing. Compared to convolutional long short-term memory (ConvLSTM) and

predictive recurrent neural network (PredRNN)
[54,55]

, it has a more complex model architecture to achieve

better predictive performance.

Figure 1A shows the Causal LSTM framework. A Causal LSTM unit includes dual memories: temporal

memory C
t
 and spatial memory M

t
. The current temporal memory C

t
 directly depends on its previous state

C
t-1

, controlled by weight filters W
i
, activation functions (σ and tanh), the forget gate f

t
, the input gate i

t
, and

the cell state update g
t
. The current spatial memory M

l
 depends on M

l-1
 in the deep transfer path. The final

output H
l
 is jointly determined by the dual memory states M

l
 and C

t
. Therefore, the equation for the lth layer

of the causal LSTM can be expressed by Equations (3-8),

(1)

(2)

𝜕𝑐𝑖ሺr, 𝑡ሻ

𝜕𝑡
= 𝑉𝑚

2𝛻 ൤𝑀𝑖𝛻 ൬
𝛿𝐹

𝛿𝑐𝑖ሺr, 𝑡ሻ
൰൨ + 

𝑐
ሺr, 𝑡ሻ

𝜕𝜂𝑝ሺr, 𝑡ሻ

𝜕𝑡
= −𝐿 ቆ

𝛿𝐹

𝛿𝜂𝑝ሺr, 𝑡ሻ
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𝜂
ሺr, 𝑡ሻ
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Figure 1. Schematic representation of the PredRNN++ model, (A) Causal LSTM framework, (B) GHU framework, (C) PredRNN++
framework integrating Causal LSTM and GHU. PredRNN++: Predictive recurrent neural network++; LSTM: long short-term memory; GHU:
gradient highway unit.

where l is the current model layers, t is the specific time step in the sequence, X
t
 is the current input, C

t
 is the

temporal memory, M
t
 is the spatial memory, C

t-1
 is the previous state of C

t
, M

l-1
 is the previous state of M

t
, f

t

is the forget gate, i
t
 is the input gate, g

t
 is the cell state update, M

t
 is the hidden state, O

t
 is the final output, W

i

is the weight filters,     indicates convolution and    indicates multiplication
[53]

.

Figure 1B shows the GHU framework. This framework presents a novel spatiotemporal recurrent structure

that effectively propagates gradients in deep feedforward networks. The GHU shows a rapid alternative route

from the first to the last time step (the brown line in Figure 1C) to preserve the early information lost by C
t
,

thereby mitigating the vanishing gradient problem. But unlike time-jump connections, it controls the ratio of

the transformed inputs (P
t
) and the hidden state (Z

t-1
) via the control gate (S

t
), which learns long- and

short-term frame relationships. The equations are expressed by,

(8)H𝑡
𝑙 = O𝑡⨀tanh൫W5 ∗ ሾC𝑡

𝑙 , M𝑡
𝑙ሿ൯

∗⨀

𝑙

𝑙 𝑙 𝑙
t

𝑙 𝑙

𝑙

(9)P𝑡 = tanh൫W𝑝 ∗ X𝑡 +W𝑠 ∗ Z𝑡−1൯
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where P
t
 is the transformed inputs, S

t
 is the control gate, Z

l
 is the hidden state of the GHU

[56]
.

Figure 1C shows the PredRNN++ framework that integrates Causal LSTM and GHU. It stacks m Causal

LSTMs and inserts a GHU between the first and second layers of the Causal LSTMs. In this architecture, the

gradient highway collaborates with Causal LSTM to utilize the rapidly updated hidden state Z
t
 to capture

both long- and short-term video dependencies. The equations are expressed as,

Data processing

To generate a diverse and extensive dataset for training deep learning models, isometric sampling was used.

The interval between each time step is 10,000 iterations for the PF calculation. With initial composition of

aluminum c
Al

 ranging from 0.154 to 0.159, intervals of 0.001, and the interfacial free energy coefficients from

0.05 to 0.10, intervals of 0.01. These parameters are used in the aging simulation of superalloys. The testing

set included c
Al

 = 0.159 and all interfacial energy coefficients. The specific data details are shown in

Supplementary Table 2. Due to the initial fluctuations, we select microstructural evolution from the stable

state for the deep learning. The initial fluctuations only be added in the nucleation stage. Our PF-ML

(machine learning) regimes are performed in the stable stage of phase evolution, in which the fluctuations

are already removed. The initial fluctuation makes the high value of order parameters, while they go into

stable development after that. Therefore, data from the first five time steps are excluded from the deep

learning model. Then, the Min-Max normalization method is adopted. The order parameter field was

directly normalized, while the composition field was first averaged to avoid inconsistent compositions before

normalization. Finally, to further expand the dataset size and reduce computational cost, the 256×256 grids

were divided into four cells with 128×128 grid. The calculation is performed by,

 (10)

(11)

S𝑡 = σሺW𝑠 ∗ X𝑡 +W𝑠 ∗ Z𝑡−1ሻ

Z𝑡 = S𝑡⨀P𝑡 + ሺ1 − S𝑡ሻ⨀Z𝑡−1

t

(12)

(13)

(14)

(15)

H𝑡
1, C𝑡

1, M𝑡
1 = CausalLSTM𝑙ሺX𝑡 , H𝑡−1

1 , C𝑡−1
1 , M𝑡−1

1 ሻ

Z𝑡 = GHUሺH𝑡
1, Z𝑡−1ሻ

H𝑡
2, C𝑡

2, M𝑡
2 = CausalLSTM𝑙ሺZ𝑡, H𝑡−1

2 , C𝑡−1
2 , M𝑡

1ሻ

H𝑡
𝑙 , C𝑡

𝑙 , M𝑡
𝑙 = CausalLSTM𝑙൫H𝑡

𝑙−1, H𝑡−1
𝑙 , C𝑡−1

𝑙 , M𝑡
𝑙−1൯

(16)

(17)

(18)

(19)

𝜂Ƹሺ𝑧, 𝑖, 𝑗, 𝑡ሻ =
𝜂ሺ𝑧, 𝑖, 𝑗, 𝑡ሻ − 𝜂𝑚𝑖𝑛

𝜂𝑚𝑎𝑥 − 𝜂𝑚𝑖𝑛

𝑐ҧሺ𝑧ሻ =
1

N𝑖 × N𝑗 × N𝑡
෍෍෍𝑐ሺ𝑧, 𝑖, 𝑗, 𝑡ሻ

N𝑡

𝑡=1

N𝑗

𝑗=1

N𝑖

𝑖=1

𝑐ҧሺ𝑧, 𝑖, 𝑗, 𝑡ሻ = 𝑐ሺ𝑧, 𝑖, 𝑗, 𝑡ሻ − 𝑐ҧሺ𝑧ሻ

𝑐Ƹሺ𝑧, 𝑖, 𝑗, 𝑡ሻ =
𝑐ҧሺ𝑧, 𝑖, 𝑗, 𝑡ሻ − 𝑐ҧ𝑚𝑖𝑛

𝑐ҧ𝑚𝑎𝑥 − 𝑐ҧ𝑚𝑖𝑛

Where η is final processed order parameters, c is average composition and c is final processed composition, z

represents different component groups, i and j represent the horizontal and vertical axes of a

two-dimensional image, and t is the time.

Ƹ ҧ Ƹ
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The relevant tests, as shown in Supplementary Figure 1 [Supplementary Materials], and found that the

volume fraction and particle distribution of the microstructures with or without partition were very similar.

To evaluate the performance of the model from multiple perspectives, the mean absolute error (MAE), mean

square error (MSE), relative average error (RAE), and structural similarity (SSIM) were used.

RESULTS AND DISCUSSION
Comparison of deep learning models

In addition to the PredRNN++ model, we build other deep learning models capable of image evolution

prediction for comparison, such as ConvLSTM, PredRNN and CNN, to further illustrate the advantages of

PredRNN++ model. The frameworks of other models are provided in Supplementary Figure 2. The relevant

configuration for the calculation is built with Intel Core i7-13700KF and NVIDIA GeForce RTX 4090. It is

equipped with 256GB of internal storage space. The deep learning calculation is executed in a software

environment using PyTorch version 2.1.0 and supporting CUDA 12.1.

In this work, Ni-Al superalloys are used to simulate the γ′ precipitates by PF, the composition and order

parameter data are converted into time-series data. The time-step delegates the data collection interval, each

time-step includes the microstructure picture with 128×128 data. Each time series has a length of 10 steps,

the first 5 steps of data serve as input data, while the last 5 steps serve as output data for training the deep

learning model. The process of determining hyperparameters is illustrated in Supplementary Figure 3. When

the learning rate exceeds 5 × 10
-4

, the MAE becomes very large. At a learning rate of 2.5 × 10
-4

, the MAE on

the training set decreases slightly, while the error on the testing set remains unchanged, indicating some

overfitting. When the number of filters increased to 96, the model’s training set MAE decreased, but the

testing set MAE increased instead, indicating clear overfitting. Therefore, 64 is the appropriate number of

filters. When the number of units increases from 2 to 3, the model's adjustment ability becomes better.

Therefore, the optimal parameters are as follows: filter = (64, 64, 64), kernel function = (5, 5, 5), number of

cells = 3, optimizer = Adam, and learning rate = 0.0005. The PredRNN model and ConvLSTM model

parameters are as follows: filter = (64, 64, 64), kernel function = (7, 7, 7), number of cells = 3, optimizer =

Adam, and learning rate = 0.0005. The UNet model parameters are as follows: filter = 64, kernel function = 3,

optimizer = Adam, and learning rate = 0.0005.

Figure 2 shows the learning curves of the training and testing sets during model training. After 50 training

iterations, the errors of the training and testing sets converge for all models. Moreover, the error magnitudes

                                                                                                  

(20)

(21)

(22)

(23)
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1

𝑛
෍ȁ𝑦𝑙 − 𝑦𝑙ෝ ȁ

𝑛

𝑙=1

𝑀𝑆𝐸 =
1

𝑛
෍ሺ𝑦𝑙 − 𝑦𝑙ෝሻ

2

𝑛

𝑙=1

𝑅𝐴𝐸 = ෍
ሺ𝑦𝑙 − 𝑦𝑙ෝሻ

2

𝑦𝑙ෝ
2

𝑛

𝑙=1

𝑆𝑆𝐼𝑀ሺ𝑥, 𝑦ሻ =
൫2𝑢𝑥𝑢𝑦 + 𝑐1൯൫2𝜎𝑥𝑦 + 𝑐2൯

൫𝑢𝑥
2 + 𝑢𝑦

2 + 𝑐1൯൫𝜎𝑥
2 + 𝜎𝑦

2 + 𝑐2൯

where y
l
 represents the true value, yƸ

l
 represents the predicted value, c

1
 and c

2
 are two constants used to 

prevent the denominator from becoming zero, u
x
 and u

y
 are the mean values of the image, σ

x

2 and σ
y

2 are the 
standard deviations, and σ

xy
 is the covariance. The smaller the MAE and RAE, the better the model 

performance. SSIM measures the overall similarity between the predicted and actual images. The range of 
SSIM values is [-1, 1]. When two images are identical, the SSIM value is 1.0. When two images are 
completely different, the SSIM value is -1.0.
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Figure 2. The MAE loss curves for different models after model parameter adjustment, (A) training set, (B) testing set. MAE: Mean
absolute error; ConvLSTM: convolutional long short-term memory; PredRNN: predictive recurrent neural network; CNN: convolutional
neural network; PredRNN++: predictive recurrent neural network++.

of the training and testing sets are close, indicating no overfitting. Therefore, the trained model is reasonable

and shows the extrapolation capability. The optimal training loss function for the model is MAE, as shown in

Supplementary Figure 2A. The PredRNN++ model trained using MAE demonstrates superior learning of

microstructure information compared to other loss functions, resulting in enhanced extrapolation

capabilities. As shown in Figure 2A, the PredRNN++ model has the least error 0.0022 in the testing set,

which is much lower than 0.0043 of the CNN model, the other models have larger errors. The PredRNN++

model performs exceptionally well in microstructure prediction and significantly outperforms the other

models.

The trained model is used for subsequent microstructure prediction to assess its extrapolation capability.

Figure 3 and Figure 4 show the relationships between structural similarity (SSIM) and predicted step for each

model in the training set and testing set, respectively. As the predicted step increases, the SSIM decreases and

the error increases. The predicted step is the number of step forward in the deep learning model based on the

input data. For example, if the input data is t
5
- t

9
 and the predicted step is 25, the output data will be t

34
. The

predicted step interval corresponds to the time step interval in PF simulations. The PredRNN model exhibits

slight differences, it performs better at 6-12 predicted steps. This is because its model framework is more

suitable for mid-term predictions. However, for long-term predictions, the model’s limited capabilities still

lead to higher errors. As shown in Figure 3, in the training set, the PredRNN model only achieves SSIM

values comparable to the PredRNN++ model at 28 and 30 predicted steps. Conversely, as shown in Figure 4,

on the testing set, the PredRNN model consistently yields lower average SSIM values than the PredRNN++

model at every predicted step. At the 30 predicted step, the average SSIM value of the PredRNN model on

the testing set is 0.879, while the average SSIM value of the PredRNN++ model on the testing set is 0.914.

This indicates that the PredRNN++ model demonstrates superior generalization capabilities compared to the

PredRNN model. The ConvLSTM model performs the worst in the four models, as it only contains the

convolutional LSTM model
[57]

, has a simple framework, lacks of extrapolation capability, and exhibits

distorted predictions. The CNN model performs well on the training set. But on the testing set, as the

number of predicted steps increases, the SSIM rapidly decreases, indicating that the CNN model’s

extrapolation capability is limited and unsuitable for long-term predictions.

https://file.oaecenter.com/published/pdf/62960ef423e11b84092cabfab48d83f8/1780021713/microstructures50166-SupplementaryMaterials.pdf
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Figure 3. The distribution of structural similarity of different models with predicted steps in the training set, (A) ConvLSTM, (B) PredRNN,
(C) CNN, (D) PredRNN++. ConvLSTM: Convolutional long short-term memory; PredRNN: predictive recurrent neural network; CNN:
convolutional neural network; PredRNN++: predictive recurrent neural network++; SSIM: structural similarity.

Although the convolutional model has sufficient complexity and good extrapolation performance on the

training set, its computational method is not suitable for subsequent predictions involving time-series feature

data, leading to significant errors in unknown data spaces. The PredRNN++ model integrates the Causal

LSTM and GHU frameworks
[53]

. The Causal LSTM framework has the cascaded dual-storage operation to

compute temporal and spatial memory streams separately, thereby avoiding temporal-spatial

memory-forgetting conflicts. The GHU framework adaptively regulates long-term and short-term frame

relationships to enable recursive information propagation, mitigating the vanishing gradient problem in

long-term predictions. Although errors gradually increase, the model maintains a high level of structural

similarity. In summary, compared with other common time series prediction models, the PredRNN++ model

has significant advantages in long-term prediction of the aging microstructure of superalloys.

In addition to the data of precipitation microstructure of superalloys used in this study, we also used the data

of another microstructure through spinodal decomposition data
[58]

 for PredRNN++ model training. Using

the evaluation metrics employed in their proposed model [root mean square error (RMSE) and SSIM], the

advantages of the PredRNN++ model are demonstrated. With the first 10 steps of PF microstructure data as

input to predict the subsequent 200 steps, the model underwent 100 training iterations. Figure 5
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Figure 4. The distribution of the structural similarity of different models with predicted steps in the testing set, (A) ConvLSTM, (B)
PredRNN, (C) CNN, (D) PredRNN++. ConvLSTM: Convolutional long short-term memory; PredRNN: predictive recurrent neural network;
CNN: convolutional neural network; PredRNN++: predictive recurrent neural network++; SSIM: structural similarity.

demonstrates the performance capability of the PredRNN++ model. It is found that when predicting the first

50 steps of microstructural evolution, the SSIM value exceeds 0.99 and the RMSE is less than 0.019.

Furthermore, when the predicted step is 200, the SSIM reaches 0.82 and the RMSE is 0.148. These results

outperform the model proposed by Yang et al.
[58]

. The PredRNN++ model is not only applicable to complex

multi-field microstructure prediction, but also has superior performance in single-field microstructure

prediction.

Model performance evaluation of PredRNN++ model

Optimal parameters are used to further investigate the model’s performance across different output steps in

the PredRNN++ model. The optimal parameters are as follows: filter = (64, 64, 64), kernel function = (5, 5, 5),

number of cells = 3, optimizer = Adam, and learning rate = 0.0005. The process of determining

hyperparameters is illustrated in Supplementary Figure 3.

To test the effects of predicted step on the errors of PredRNN++ model. Figure 6 shows the learning curves

for different predicted steps. The MAE error increases with the number of predicted steps. When the

predicted step is 15, the error curve fluctuates significantly and does not converge. When the predicted step
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Figure 5. PredRNN++ predictions of spinodal decomposition based on the data of first 10 input steps. PredRNN++: Predictive recurrent
neural network++; RMSE: root mean square error; SSIM: structural similarity.

Figure 6. The MAE loss curves of different predicted steps of the PredRNN++ model, (A) training set, (B) testing set. MAE: Mean absolute
error; PredRNN++: predictive recurrent neural network++.

is 10, the final error on the testing set is 0.006, while it is 0.0017 when the predicted step is 5, which is less

than 50% of the former.

Figure 7 shows the error performance of the PredRNN++ model when different input steps are used. When

the initial input is the later-stage microstructure data, the PredRNN++ model performs better, with lower
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Figure 7. Error performance of the PredRNN++ model at different initial input steps, (A) SSIM, (B) MSE. PredRNN++: Predictive recurrent
neural network++; SSIM: structural similarity; MSE: mean square error.

error and variance. This is because the later stage precipitates have a more stable microstructure, with fewer

interface locations experiencing unexpected fluctuations. After training, the PredRNN++ model provides

more stable predictions of precipitation microstructural evolution. Especially when the input step is in the

range of t
13

-t
17

 and the predicted step is 25, the final SSIM of t
42

 remains at 0.96, and the MAE is 0.0047. It

indicates that when the initial input is in the mid-stage of PF results, the PredRNN++ model can directly

predict the long-time evolution process and maintain a small error. In other words, the PredRNN++ model

can directly reduce the time required for PF computation by 50%.

Figure 8 shows the results of the PredRNN++ model at different predicted steps when the input data is t
5
-t

9
.

Where the errors are concentrated at the boundaries of precipitates. When the predicted count is less than 5

steps, the model can accurately predict the precipitation process with almost no error. When the predicted

time is long and exceeds 13 steps, errors at the precipitation boundaries emerge. However, the overall

precipitation is still similar to the PF microstructure, enabling the identification of local coarsening

connections and dissolved precipitates. To check the component conservation through iterative loop, we

examined the overall components change with the time steps, as shown in Supplementary Figure 4. In where,

when the predicted step less than 10, the component deviation of Al is smaller than 0.02 (at.%), as the

predicted step increases to 20, the average component deviation is 0.16 (at.%), at the same time, the

morphological deviation becomes obvious [Figure 8, t
18

-t
22

]. Due to the uniform data-processing method, this

increase is negligible within the component field when controlling the predicted steps. The training error of

the deep learning model exerts a greater influence on morphology.

Accelerated PF simulation

To fully leverage the advantages of deep learning models, we propose a hybrid acceleration strategy. Figure 9

illustrates the schematic diagram of accelerated PF simulation by alternating PF model and deep learning

model in computation. In which, the PF model performs initial simulations to adjust and obtain the proper
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Figure 8. Predicted microstructural evolution of PredRNN++ model by using the PF input microstructure data of step t5-t9 with Ni-15.9Al
(at.%) superalloy. PredRNN++: Predictive recurrent neural network++; PF: phase-field.

Figure 9. Schematic diagram of accelerated PF simulation by PredRNN++ model. PF: Phase-field; PredRNN++: predictive recurrent neural
network++.

precipitate microstructure, followed by the deep learning model for rapid prediction to reduce computation

time. Through this iterative operation, the hybrid acceleration strategy achieves accurate evolution of

precipitation microstructure while significantly reducing computational time. The iterative loop we designed

involves the PF running n steps, while the PredRNN++ model runs 2n steps. This decision is based on the

performance characteristics of the PredRNN++ model. When predicting the subsequent 2n steps based on n

input data, the PredRNN++ model demonstrates controllable distortion. Incorporating it into the PF model

does not introduce notable differences.
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Figure 10. The performance of the hybrid model prediction on microstructural evolution of Ni-15.9Al (at.%) superalloy at 873 K with the
PredRNN++ and PF simulation. PredRNN++: Predictive recurrent neural network++; PF: phase-field.

Figure 10 shows the performance results of the hybrid computation of the integrated PredRNN++ and PF

model. For the initial PF precipitation microstructure at 40 min of t
10

, the PredRNN++ model is used to

compute and predict for the next 10 steps to t
20

, then the PF simulation is performed based on the

PredRNN++ predicted microstructure and handles for the next 5 steps to t
25

, and so on. This alternative

calculation can be processed when a threshold error occurs. Compared to the 160 min consumed by PF from

t
10

 to t
50

, the hybrid model reduces the computation time to only 43 min, maintaining the MSE error within

0.004 and achieving 3.7 times improvement in efficiency. It should be noted that the PredRNN++ prediction

in 1 min/10 step will consume the PF 40 min/10 step, so the velocity of PredRNN++ is 40 times that of PF.

Compared to the deep learning model, the hybrid model, including the alternate PF simulation, with the

materials’ physical information adjusted in the PredRNN++ prediction, significantly reduces the rate of error

increase. The error at t
50

 obtained by the hybrid model is close to that at the 17 predicted step of the single

PredRNN++ model shown in Figure 8. The hybrid model can accurately identify the coarsening or

dissolution of the precipitated phase.

Figure 11 compares the different morphologies obtained from the hybrid model and the PF simulation. The

hybrid model’s predictions show higher accuracy within the precipitated phase. The errors are minor and

occur only at the boundaries between the precipitated and matrix phases, indicating that the hybrid model

can maintain high fidelity in the morphology image across different shapes.

PredRNN++ performance for different morphologies

To elaborate on the predictive ability of the PredRNN++ model for the microstructural evolution, the model

was trained using data from different shapes of the precipitated phase. The microstructure of precipitated

phase of the Ni-Al superalloys exhibits both square and circular shapes, referred to as the mixed-shape. For

different shaped precipitated phases, the hyperparameters of the retrained PredRNN++ model are consistent

with those of the Ni-Al superalloys. The parameters were not modified to enhance comparability. The model

training results are shown in Supplementary Figure 5. In the Co-based superalloy, precipitated phase with

cubic shape is adopted, the microstructure data of Co-10Al-10W (at.%) superalloy with six sets of lattice

mismatches are used as the cubic microstructure data source. The specific data are provided in

Supplementary Table 3. Supplementary Figure 6 shows the microstructure prediction of the PredRNN++

model for the Co-based superalloy Co-10Al-10W (at.%). It can be seen that the PredRNN++ model performs
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Figure 11. Comparison of Ni-15.9Al (at.%) superalloy order parameters predicated by the hybrid model and PF model for different
morphologies, (A) horizontal separated particles, (B) horizontal coalescent particles, (C) longitudinal separated particles, (D) longitudinal
coalescent particles. PF: Phase-field.

worse in predicting cubic precipitates. When the time step is t
39

, the PF microstructure exhibits a good cubic

shape, while the microstructure of the hybrid model shows a non-cubic shape, with some regions still no

precipitates, this means the precipitation lag for deep learning prediction.

Figure 12 shows the performance of the hybrid model for the precipitation prediction in Co-10Al-10W

(at.%) superalloy. Where the initial microstructure is simulated by PF for 180 min at t
23

, then the PredRNN++

prediction for 1 min/16 step, and PF simulation for 60 min/8 step, to the next time of t
47, 

and so on. The error

occurred at the boundaries of precipitates, as shown by the point-wise error at t
119

. Especially, some smaller

precipitated phases do not dissolve and disappear in the hybrid model, while coarsening and growing, as

labelled by the green circle. The results indicate that the sharp boundaries of cubic precipitates may be

misidentified by the PredRNN++ model, especially during coarsening and dissolution of small particles. This

means the physical properties of the microstructural evolution can be misidentified. It is noting that the

predicted step is prolonged in this case, for PredRNN++ prediction acceleration is 120 times of PF, which is

much higher than 40 times of Figure 10. Therefore, the PredRNN++ model shows some limited predictive

capability for the sharp interface transition and is more capable for the smooth interface of particle growth

and coarsening.
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Figure 12. The performance of the hybrid model prediction on microstructural evolution of Co-10Al-10W (at.%) superalloy at 1,173 K with
the PredRNN++ and PF simulation. PredRNN++: Predictive recurrent neural network++; PF: phase-field.

Next, the near circular shaped precipitates are predicated by using the aging microstructure of

Ni-10Al-8.5Cr-2Ta (at.%) superalloy. The aging microstructural evolution of Ni-10Al-8.5Cr-2Ta (at.%) with

different interfacial energy coefficients and lattice mismatches is used as the circular data source. The specific

data are provided in Supplementary Table 4. Supplementary Figure 7 shows the microstructure prediction of

PredRNN++ model for Ni-10Al-8.5Cr-2Ta (at.%). It can be seen that the PredRNN++ model performs well

in predicting circular shapes. For morphologies predicted within 13 predicted step, the MAE error is less

than 0.009. When the predicted step reaches 17, a small error occurs at the coarsened connection points, with

the MAE value of 0.011. The PredRNN++ model performs well in predicting the smooth particle growth.

Figure 13 shows the performance of hybrid model for the microstructure of Ni-10Al-8.5Cr-2Ta (at.%)

superalloy. Where the initial microstructure is simulated by PF for 120 min at t
20

, then the PredRNN++

prediction for 1 min/15 step, and alternate PF simulation for 30 min/5 step, to the next time of t
40, 

and so on.

It is found that the errors in the hybrid model are concentrated at the coalescence points of precipitates,

which is due to the tendency of the trained PredRNN++ model during the coarsening stage, as seen in

Supplementary Figure 8 at t
17

. However, the overall error is relatively small, outperforming the cubic

precipitates. Also, the PredRNN++ prediction acceleration is 90 times of PF in this case, which is higher than

40 times of Figure 10.

Figure 14 shows the statistical correlation errors of the PredRNN++ model for different microstructure

predictions. As shown in Figure 14A and B, among the numerical errors, the circular error is the smallest,

followed by the mixed-shaped error, while the cubic error is the worst. The PredRNN++ model is suitable for

predicting the growth and evolution process of circular precipitates.

Supplementary Figure 8 shows the distribution of Al composition predicted by the PredRNN++ model at the

predicted step of 20. As indicated in Supplementary Figure 8A and C, although the PredRNN++ model

exhibits significant deviations in microstructure morphology and composition distribution when predicting

Ni-15.9Al (at.%) and Ni-10Al-8.5Cr-2Ta (at.%) superalloys, the interface width remains largely unchanged,

consistent with actual observations. In contrast, the interface width in Supplementary Figure 8 for

Co-10Al-10W (at.%) exhibits changes, which is one of the factors influencing the formation of cubic

precipitation phase particles.

https://file.oaecenter.com/published/pdf/62960ef423e11b84092cabfab48d83f8/1780021713/microstructures50166-SupplementaryMaterials.pdf
https://file.oaecenter.com/published/pdf/62960ef423e11b84092cabfab48d83f8/1780021713/microstructures50166-SupplementaryMaterials.pdf
https://file.oaecenter.com/published/pdf/62960ef423e11b84092cabfab48d83f8/1780021713/microstructures50166-SupplementaryMaterials.pdf
https://file.oaecenter.com/published/pdf/62960ef423e11b84092cabfab48d83f8/1780021713/microstructures50166-SupplementaryMaterials.pdf
https://file.oaecenter.com/published/pdf/62960ef423e11b84092cabfab48d83f8/1780021713/microstructures50166-SupplementaryMaterials.pdf
https://file.oaecenter.com/published/pdf/62960ef423e11b84092cabfab48d83f8/1780021713/microstructures50166-SupplementaryMaterials.pdf
https://file.oaecenter.com/published/pdf/62960ef423e11b84092cabfab48d83f8/1780021713/microstructures50166-SupplementaryMaterials.pdf
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Figure 13. The performance of the hybrid model prediction on microstructure of Ni-10Al-8.5Cr-2Ta (at.%) superalloy at 1,073 K with the
PredRNN++ and PF simulation. PredRNN++: Predictive recurrent neural network++; PF: phase-field.

Figure 14. The PredRNN++ model performance of different morphologies comparison, (A) MAE for PredRNN++ model, (B) relative error
(RAE) for PredRNN++ model, (C) γ′ volume fraction for hybrid model, (D) average radius for hybrid model. PredRNN++: Predictive
recurrent neural network++; MAE: mean absolute error.
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Table 1. Final error and overall acceleration efficiency obtained from the hybrid model for different shape of precipitates using all data
set

Source Mixed Cubic Circular

MAE 0.0240 ± 0.008 0.0486 ± 0.020 0.0288 ± 0.013

Efficiency 3.70 ± 0.09 2.90 ± 0.06 3.90 ± 0.10

MAE: Mean absolute error.

Table 1 shows the prediction error of precipitation microstructure and overall acceleration efficiency

obtained from the hybrid model. The mixed-shaped morphologies have the minimum MAE of 0.024. The

computational efficiency of hybrid model of PredRNN++ and PF all exceeds 2.9 times that of the single PF

model, for circular shape achieving an efficiency of 3.9 times.

In the quantitative microstructure analysis, Figure 14C and D show the comparison between the hybrid

model and the PF simulation in terms of the volume fraction and the average particle radius of precipitates.

The volume fraction and average particle radius of circular morphology obtained from the hybrid model

have some differences from the PF values, as the hybrid model exhibits excessive coarsening. The predicted

volume fraction and radius of mixed and cubic precipitates are almost the same for the hybrid model and the

PF simulation. In all, the hybrid model exhibits smaller errors in numerical and microstructure analysis, and

can accurately determine the growth and dissolution processes of the precipitated phase.

In addition to the common numerical comparisons, the statistical comparison method was employed to

quantitatively analyze microstructural features derived from hybrid models and PF simulations using

autocorrelation functions. The autocorrelation function extracts spatial structural features by discretizing the

microstructure. The average radial autocorrelation function S(r) is calculated as the potential spatial

description of particles. The comparison results of the hybrid model and the PF model are calculated based

on the average feature size (AFSE) of the microstructure, as shown in Equation (24), to evaluate the

prediction accuracy of the hybrid model
[46]

.

Where r
true

 and r
predict

 represent the radial average values obtained from the PF and the hybrid model,

respectively.

The statistical errors of different shapes are shown in Figure 15. For the mixed shape, the mixed model shows

the radial average microstructure parameter within the radial radius from r = 0 to 180 is similar to the

simulation result of PF, and the overall AFSE is 2.36%. In the simulation of the cubic shape, when the radial

distance is within r = 40, there is an obvious deviation between the model prediction and the PF result.

Although the variations are both consistent with the radial distance increases, the overall AFSE still reaches

7.68%, indicating that the microstructure evolution under the cubic shape is not fully described in the model.

The hybrid model predictions for circular morphologies exhibit high consistency with PF simulation results.

With an overall AFSE as low as 1.38%, the model demonstrates high accuracy in numerically simulating

circular shape.

Although the PredRNN++ model has the smallest error for predicting circular precipitates, the mixed-shape

performs best overall. The prediction of both square and circular precipitates shows good performance, and

the hybrid model can be used for quantitative analysis of precipitation kinetics for the mixed-shape. The

prediction on abrupt interface evolution still needs optimization for the PredRNN++ model.

(24)AFSE = ฬ
𝑟𝑡𝑟𝑢𝑒 − 𝑟𝑝𝑟𝑒𝑑𝑖𝑐𝑡

𝑟𝑡𝑟𝑢𝑒
ฬ
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Figure 15. Comparison of the radial average of microstructure autocorrelation function S(r) for different morphologies in hybrid model
(red) and the PF model (blue), (A) mixed shape, (B) cubic shape, (C) circular shape. PF: Phase-field; AFSE: average feature size.

In conclusion, the PredRNN++ model was trained to predict the spatiotemporal evolution of precipitates in

superalloys. The model’s capability is demonstrated through the precipitation evolution of different phase

morphologies. This model can accurately predict twice or more of the subsequent evolutionary morphologies

with minimal input data, while adapting to time-sensitive evolutionary rules across various situations. The

PredRNN++ model can be applied to make preliminary predictions about the evolution of unknown

morphologies. Additionally, the constructed hybrid model can be used to some extent for precipitation

kinetics analysis of superalloys, and can be further optimized by incorporating physical constraints
[59]

. The

PredRNN++ model is a purely data-driven deep learning model that can use the PDEs as a soft constraint for

the loss function to enhance model accuracy. By expanding different data sources and assimilating the

limited number of high-fidelity experimental image data into the model
[60,61]

, the model’s generalization

capability can be further improved.

CONCLUSIONS
In this study, we developed the PredRNN++ model to predict precipitation evolution in superalloys during

aging processes. The PredRNN++ model, combining causal LSTM and GHU modules, demonstrates

superior predictive performance. It can directly predict the subsequent evolution process using mid-term

evolution data, thereby reducing PF computation time by 50%. The hybrid model integrating PredRNN++
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model and PF simulation was developed for iterative computation, achieving computational efficiency at

least 2.9 times higher than single PF models. This research accelerates the prediction of material evolution

processes, opening an efficient computational pathway for discovering and understanding microstructural

evolution. Additionally, the PredRNN++ model requires further optimization by incorporating physical

information to ensure the conservation of component fields and achieve higher prediction accuracy.
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