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Abstract: 

Machine learning is increasingly relied on to extract physical information from materials 

spectroscopy. Unfortunately, it is challenging to make machine learning models fail because 

statistical correlations can mimic the physics without understanding the data or causality. 

Here, using a benchmark band-excitation piezoresponse force microscopy polarization 

spectroscopy (BEPS) dataset openly published by the Authors in 2017, we demonstrate and 

overcome common pitfalls of so-called “better,” “faster,” and “less biased” 

machine-learning-based discovery of electromechanical switching. Using a toy and real 

experimental dataset, we demonstrate how the application of linear non-temporal machine 

learning methods to multimodal hyperspectral data results in physically reasonable 
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embedding (eigenvalues) while producing non-sensical eigenvectors and generated spectra 

promoting misleading interpretations. We demonstrate, through rigorous validation, a new 

method of unsupervised multimodal hyperspectral analysis of BEPS using a long-short term 

memory (LSTM)  -variational autoencoders (      that is adapted to the experiments 

information content. By including recurrent LSTM neurons, we consider the ordinal nature of 

ferroelectric switching. To improve the interpretability of the latent space, we impose a 

variational Kullback–Leibler (KL)-divergency regularization term to the loss function. Finally, 

we leverage regularization scheduling of   as a disentanglement metric to reduce user bias. 

Combining these experiment-inspired modifications enables the automated detection of 

various ferroelectric switching mechanisms, including a complex two-step, three-state 

ferroelastic switching mechanism. Ultimately, this work provides a robust machine learning 

methodology for the rapid discovery of electromechanically switching mechanisms in 

ferroelectrics and is applicable to other multimodal hyperspectral materials spectroscopies. 

Introduction: 

Ferroelectric thin films are promising for next-generation electromechanical energy 

conversion, sensing, memory, and logic. Achieving maximum performance generally relies 

on perching materials near phase transitions where small external perturbations can drive 

large structural and associated property changes. For example, in BiFeO3, epitaxial strain 

can cause phase competition between nearly-degenerate rhombohedral and tetragonal-like 

phases[1]. A small electric field can drive the transition between these phases resulting in 

electromechanical actuation of >5%[2]. There has been growing interest in understanding 

collective switching mechanisms in highly-correlated ferroelectric systems that exhibit novel 

responses[3,4]. For example, colossal electromechanical response is achievable at the 

morphotropic phase boundary[5], in regions of phase competition[2], and relaxor 

ferroelectrics[6]. One recent highlight was the discovery of highly-tunable low-loss dielectrics 

near a novel region of phase competition in BaTiO3
[7]. This concept was extended to 
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topological polar structures in oxide superlattices where the polarization state undergoes a 

continuous geometric transformation[8,9]. The result is highly-correlated topological structures 

with a range of novel susceptibilities.  

Understanding collective ferroelectric susceptibilities requires probing ferroelectric responses 

across length, time, and frequencies scales. Piezoresponse force microscopy (PFM) is the 

most common tool to image ferroelectric susceptibilities. In PFM, a conductive 

cantilever-mounted tip is scanned in contact with a surface while applying an oscillating drive 

voltage. The local piezoelectric response is qualitatively measured from the deflection of the 

cantilever. Various stroboscopic studies have been designed to measure collective 

transformations using a tip-induced or environmental change in voltage, temperature, 

humidity, or mechanical stress[3], providing insights into collective transformations. This has 

been used to study ferroelastic transformations[3], temperature-induced phase transitions[10], 

jerky domain dynamics[11], and much more[12].    

Stroboscopic studies, however, impart minimal insight into transformation pathways and 

dynamics important for memory and logic, and energy conversion. To measure dynamic 

nanoscale ferroelectric transformation, multimodal scanning probe spectroscopies are 

required[13]. These techniques measure the electromechanical susceptibility using PFM while 

simultaneously driving ferroelectric switching. To improve the precision band-excitation (BE)  

is used to simultaneously excite the cantilever at a band of frequencies near the resonance 

frequency[14]. Digital signal processing and fitting extracts the cantilever resonance amplitude, 

phase, resonance frequency, and quality factor. BE, in addition to piezoresponse and phase, 

also acquires the resonance frequency – a qualitative measure of the elastic modulus, and 

the quality factor – a qualitative measure of the piezoelectric dissipation. A variety of 

band-excitation modes have been developed by changing the transformation bias. For 

example, bi-polar triangular waveforms can be used to measure ferroelectric switching 

(Supporting Information Error! Reference source not found.-Error! Reference source not 
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found.)[15], First-order reversal curves can measure switching dynamics[16], and contact-kelvin 

probe force microscopy to isolate ionic, electrostatic, ferroelectric contributions[17–19]. The 

challenge is extracting actionable information from data that spans many positions, 

frequency, voltage, cycle, and time dimensions and contains multichannel information. These 

challenges are exacerbated when searching for rare spatial-temporal phenomena. 

Experimentalists have increasingly relied on statistical approaches based on machine 

learning to accelerate information extraction[20]. Depending on the objective, various machine 

learning methods have emerged, including classification based on support vector 

machines[21] and deep neural networks[22], dimensionality reduction based on principal 

component analysis[23], non-negative matrix factorization[24], and deep autoencoders[25], 

segmentation methods based on U-Net architectures[26], etc. Underpinning all these 

techniques are many simple mathematical operators optimized towards an objective. The 

only difference between empirical fitting and machine learning is the complexity and flexibility 

of the functions. Machine learning models can approximate solutions to problems impossible 

using human-discovered empirical expressions. However, because machine learning models 

are highly overparameterized they lack parsimony, and thus are susceptible to overfitting. 

There has been a push to include explicitly or learn underlying physical expressions using 

machine learning[27,28]; however, there are still open challenges when dealing with complex 

and noisy experimental data.  

    To combat overfitting, constraints are added to machine learning models. These include 

soft constraints on the objective function (e.g., L1, L2, statistical, and custom regularization), 

damaging mechanisms (e.g., dropout[29]), bottleneck layers, and restrictive activation 

functions [e.g., linear, scaled-exponential linear units (SeLu)[30], etc.]. Subtle changes to the 

model architecture can significantly alter mathematics, performance, and how physics is 

learned.  
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  Open-source machine learning packages has democratized these tools within materials 

science. Applying these tools as a “black box” creates justified concerns about their 

application in mission-critical tasks and scientific interpretability. Machine learning models are 

masters of disguise; regardless of how ill-posed the model is, they tend to work remarkably 

well. This was highlighted in Geoffrey Hinton’s famous talk “What is wrong with convolutional 

neural networks[31],” where they highlight how translational invariance and max-pooling are 

antithetical to image understanding; however, convolutional neural networks (CNNs) which 

are bounded by these constraints still achieve top-5 accuracy on ImageNet Classification of 

>98%[32]. Maximizing interpretability requires designing model architecture that limit numerical 

approximations and aphysical model outcomes. For example, if the model has non-linear 

trends, non-linear models should be used. If the model has sequential information (e.g., time 

or voltage series), the ordinal nature should be considered. While true parsimony is usually 

impossible it is important that the interpretability of machine learning methods be bounded by 

what can be validated.    

Here, using a benchmark band-excitation piezoresponse force microscopy polarization 

spectroscopy (BEPS) dataset openly published by the Authors in 2017[33] we demonstrate 

and overcome some of the common pitfalls of so-called “better,” “faster,” and “less biased” 

machine-learning-based discovery of electromechanical switching[34]. Using a toy and real 

experimental dataset, we observe how the application of linear non-temporal machine 

learning methods to multimodal hyperspectral data results in the extraction of physically 

reasonable embedding (eigenvalues) while producing non-sensical eigenvectors and 

generated spectra promoting misleading interpretations.  

We demonstrate and rigorous validate a new method of unsupervised multimodal 

hyperspectral analysis of BEPS using a long-short term memory (LSTM)  -variational 

autoencoders (      that considers the experiments information content. By including 

recurrent LSTM neurons, we consider the ordinal nature of ferroelectric switching. To improve 
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the interpretability of the latent space, we impose a variational Kullback–Leibler 

(KL)-divergence regularization term to the loss function. Finally, we leverage regularization 

scheduling of   as a disentanglement metric to reduce user bias. Combining these 

experiment-inspired modifications enables the automated detection of ferroelectric switching 

mechanisms, including a complex two-step, three-state ferroelastic switching mechanism. 

Ultimately, this work provides a robust machine learning methodology for the rapid discovery 

of electromechanically switching mechanisms in ferroelectrics and is applicable to other 

multimodal hyperspectral materials spectroscopies. More broadly, this work highlights the 

necessity of considering the experimental methods, data, and validation methodologies when 

designing machine learning methods for materials science.  
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Figure 1. a-c. Generated spectra across an RGB color basis. d. Painting of Nala in the 

likeness of the Barak Obama Portrait. Painting is original art by Irene Dogmatic. It is 

reproduced with permission.  

We constructed a toy problem with known ground truth to compare machine learning 

methods for hyperspectral data analysis. To do this, we established a mathematical basis 

based on three values which can be visualized by constructing a red-green-blue (RGB) 

images (Figure 1). For training, we generated 10,000 RGB values sampled from a uniform 

distribution between 0 and 1 (              . The RGB values of this image were used to 

construct 10,000 spectra with 25 spectroscopic timesteps using the function  (         

    (      (             (   (      )         (      (         where   

represents the timestep. This toy dataset with a known ground truth mimics experiments of 

electromechanical switching of ferroelectrics. The mathematical form of the function has 
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similar characteristics common in materials spectroscopy. Specifically, it is ordinal, has 

non-linear trends, and has phase shifts. We show examples of spectra generated across the 

RGB color space (Figure 1a-c). Each generated spectra is drawn from a basis defined by a 

painting of Nala in the likeness of the Barak Obama Portrait (Figure 1d). Thus, the colors are 

akin to ferroelectric switching mechanisms. Building a dataset with a known ground-truth is a 

common strategy to benchmark machine learning methods[32,35,36]. 

We start by conducting analysis using a dictionary learning technique claimed to be “better,” 

“faster,” and “less-biased” than more computational complex deep-learning methods[34]. 

Dictionary learning learns a Dictionary (D) of vectors and coefficients (y) that describes a 

signal as a linear combination using as few columns as possible. This is achieved by solving, 

         
 

 
‖    ‖ 

   ‖ ‖   In this equation, the first term represents the mean squared 

reconstruction loss, and the second term represents an   -regularization term, controlled 

using the hyperparameter   the degree of sparsity. When training a dictionary learning 

model, the user must determine or optimize the number of components ( ) in the dictionary 

and  . Since we know our ground-truth has three (3) endmembers representing the RGB 

color channels, we set    . Before training, we scaled the data and standardized the 

features for each spectroscopic timestep by removing the mean value and scaling to unit 

variance   (      , where   represents the spectra in same spectroscopic timestep,    

and   represent the mean and standard deviation of all spectra in that spectroscopic 

timestep,   represents the new spectra after transformation. To optimize the 

hyperparameter    We conducted a grid-search where the lowest loss was found at 

        (Supporting Information Error! Reference source not found.). 

We validated our model by generating spectra using the RGB values from the painting of 

Nala. Since every spectrum is associated with a pixel position, the coefficients can be 

reshaped back into the original image to visualize the trends (Figure 2a-c) as an embedding 

map. This reconstruction shows that dictionary learning can deconvolute all the key features 
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in the image. This is akin to identifying the spectroscopic differences in hyperspectral 

materials spectroscopy. The high-fidelity of the reconstruction map provides an illusion that 

dictionary learning is actually learning details of the spectroscopic data. We extracted the 

best, median, and worst mean squared reconstruction loss (Figure 2d-f). While dictionary 

learning can achieve moderate errors (MSE = 0.184) the spectroscopic trends are not 

learned. Specifically, dictionary learning produces under-fit spectra that capture the global 

trend but misses important spectroscopic details. This is best visualized as an animation 

(Supporting Movie 1) where we plot the generated spectra as we linearly increase each of the 

coefficients independently. The generated spectra in this movie show mild evidence phase 

shift but are utterly inept at capturing the known spectroscopic shape. This is an expected 

result, as the model does not consider each timestep ordinally. Thus, dictionary learning 

cannot explicitly include phase shift and must approximate the spectra using a linear 

combination of an under complete basis. This is akin to trying to make a circle out of the 

merger of n, in this case, three triangles. It is just not mathematically possible. However, as n 

becomes large, it can be coarsely approximated. Using an insufficient metric, the mean 

squared error, it is possible to get reasonable numerical result with an unacceptable practical 

result.   
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Figure 2. a-c. Dictionary learning coefficients (embeddings) extracted when validating model 

on spectra generated from the painting of Nala. d. Best, e. median, f. worst mean-squared 

error reconstruction based on dictionary learning within the validation dataset. g-i. 

-variational autoencoder embeddings extracted when validating model on spectra 

generated from the painting of Nala. j. Best, k. median, l. worst mean-squared error 

reconstruction within the validation dataset. m. Violin plot comparing the absolute error of the 

validation predictions at each spectrum index in the sequence.       
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Having demonstrated that dictionary learning has unacceptable performance, we designed 

an alternative machine learning approach for unsupervised spectral unmixing hyperspectral 

images. Our model is based on an autoencoder structure ( 

 

Figure 3). Autoencoders consist of an encoder that learns a compact statistical 

representation of an input and a decoder that decodes this representation into the original 

spectra. The goal is to learn an identity function  (     that minimizes a loss function ( ). 

Generally, this is achieved by minimizing the mean-squared reconstruction error       

 

 
∑ (    (    

  
   .  
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Figure 3. Schematic drawing of deep-recurrent -variational autoencoder.  

To improve the model, we made experiment-inspired architectural modifications. First, to 

consider the ordinal nature of spectroscopic data, the encoder and decoder are constructed 

of three (3) ResNet blocks, each composed of two (2) layers of 128 bidirectional long-short 

term memory (LSTM) neurons. LSTM neurons were chosen due to their success in various 

natural language processing and scientific tasks where the sequential nature of inputs is 

important[37]. LSTMs are ordinal since they process inputs recurrently through time. There is 

an internal learnable logic and message passing within each neuron that allows retention of 

observations on short- and long-time scales[38]. To minimize the effect of vanishing gradients 

common in LSTMs, we included residual skip layers in each block[39].  

Since the functions are non-linear, we include non-linearity in the model using rectified-linear 

(ReLu) activation functions following each layer. Between the encoder and decoder, we have 

an embedding block. This block takes the output from the last timestep of the encoder, as a 
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compact representation of the entire time series. This reduces the dimensionality in the 

sequential ordinal domain from n to 1.  

In the embedding layer, we impose regularization to prevent overfitting and control the 

learning process. Our autoencoder is based on a β-variational autoencoder (VAE)[40]. VAEs 

control the latent distribution to be well behaved by encouraging it to match a statistical 

distribution, in this case, a Gaussian distribution  (   
 

 √  
  

 

 
(
   

 
  

, where  (   is 

probability density function,   is standard deviation, and   is mean value. This is achieved 

by encoding an input as a distribution over the latent space using two equal-sized dense 

layers representing the mean and variance. From these layers, a random point is sampled 

from this latent distribution and passed to a single fully-connected layer (n=16) with    

activity regularization to reduce the output magnitude. To optimize VAEs, the mean squared 

reconstruction error is augmented with a KL divergence regularization term 

     (        (     . The KL divergence measures how a probability distribution differs 

from a reference distribution. Thus, this regularization term encourages the latent space to be 

gaussian. To regulate the importance of the reconstruction,    and KL-divergence loss 

terms have linked hyperparameters   and    respectively.   controls the penalty for large 

embedding activations, while the   term regulates the learning capacity with large values 

imposing entirely statistical learning (i.e., belonging to a gaussian distribution). The   term 

also acts as a disentanglement factor separating spectral modes into a set of characteristic 

Gaussian distributions on each neuron. VAEs have received significant applications in 

materials microscopy[41–46]. 

The model is optimized using Adaptive Momentum Estimation (ADAM)[47,48], an improvement 

on stochastic gradient, to updating the weights from each minibatch based on the gradient to 

minimize the      
 

 
∑ (     ̂ 

   ∑             (        (      
   , where    is the 

activation of the embedding layer,  (       represents the distribution of   features,    is 
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the mean value of   features,    is the standard deviation of   features, and  (     

represents the normal reference distribution.    

We tested our model by training it on the same randomly generated toy spectral dataset for 

6500 epochs (complete cycles through the entire dataset), with a batch size of 300, and a 

learning rate of 3x10-5. We used regularization scheduling to control the linked   and   

hyperparameters during the training process. We primed the model by training with   and   

equal to 0 for 2000 epochs. The initial value of   and the schedule rate was determined such 

that the      (        (      represents 60% of the loss at epoch 2000. Subsequently, we 

increase   by this value 5x10-3 and   by              every 100 epochs. We note that 

the model was relatively insensitive to reasonable hyperparameters. 

We validated the model using the spectra generated from the painting of Nala and 

preprocessed as previously described. Since the embedding size of 16 is overparameterized 

based on the ground truth of 3 colors, we visualized the embedding maps through the training 

process. We selected the   value where only 3 channels reflected the original image, and 

the rest were Gaussian noise (Supplemental Movie 2). This process minimizes user bias as 

The number of active channels is learned through disentanglement and interactively explored 

following training rather than being set prior to training.  

The results from embedding show all key characteristics of the painting (Figure 2g-i). This is 

akin to identifying the spectroscopic differences in hyperspectral materials spectroscopy. We 

extracted examples of the best, median, and worst mean squared reconstruction loss to 

validate the performance. The results (Figure 2j-l) show that the β-VAE can capture 

significantly more of the essential spectroscopic detail missed by dictionary learning. Even in 

the case of the worst fit, the neural network can capture the general spectroscopic shape 

despite being vertically shifted. This demonstrates a potential flaw of using the mean-squared 

error as a metric when the fine structure is more important than the absolute value. All told, 

 15214095, 2022, 47, D
ow

nloaded from
 https://onlinelibrary.w

iley.com
/doi/10.1002/adm

a.202202814 by O
ffice O

f Scientific A
nd T

echnical Inform
ation, W

iley O
nline L

ibrary on [16/08/2024]. See the T
erm

s and C
onditions (https://onlinelibrary.w

iley.com
/term

s-and-conditions) on W
iley O

nline L
ibrary for rules of use; O

A
 articles are governed by the applicable C

reative C
om

m
ons L

icense



 

 

 

This article is protected by copyright. All rights reserved. 

 

the β-VAE reproduces the spectroscopic shape with significantly better fidelity than dictionary 

learning.  

The models' performance can be best visualized by constructing a movie (Supplemental 

Movie 3) using the decoder as a generator. This movie is built by continuously linearly 

sampling across an embedding distribution and generating the spectroscopic response from 

the mean embedding of the 100-nearest neighbor pixels. The results clearly show the 

important spectroscopic phase shifts and are characteristic mixtures of the original functions. 

 To compare the β-VAE to dictionary learning, we constructed violin plots that show the 

order-depended error distribution (Figure 2m). This plot shows that the error distributions for 

dictionary learning are uniformly larger and more dispersed than the β-VAE. More 

importantly, examples in the beginning and end of the generated spectra are Gaussian 

distributed but offset from the 0 value. This indicates that dictionary learning is unable to learn 

or lacks the capacity to discover a reasonable solution. We note that the better performance 

of the neural network is not merely the result of having more parameters such that it overfits 

the training data. We validate the model by generating spectra across the full RGB color 

gamut (Supporting Information Error! Reference source not found.). The predicted MSE 

reconstruction error for the β-VAE is only 0.104, much lower than achieved using dictionary 

learning (MSE = 0.186). These results demonstrate how in hyperspectral image analysis, 

non-linear, ordinal, and statistically regularized machine learning methods, in this case, 

LSTM β-VAE can achieve improved performance and generalizability with less human 

imposed biased than linear, non-ordinal machine learning methods such as dictionary 

learning. 

While these studies do not directly inform our understanding of electromechanical switching 

of ferroelectrics developing and testing a toy model with a known ground truth and similar 

characteristics to the scientific objective can elucidate advantages, disadvantages, and 

limitations of machine learning methods. Generating an exemplar toy dataset improves 
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confidence in the application and interpretability of machine learning models applied to real 

experimental data.  

We applied these models to hyperspectral images of electromechanical switching. We chose 

a benchmark sample, and hyperspectral dataset originally synthesized and collected by Agar 

in 2015[49], and published using the open-source Creative Commons Attribution 4.0 

International license[25]. This dataset was collected from a 400 nm thick PbZr0.2Ti0.8O3 / 30 nm 

SrRuO3 / GdScO3 (110) film grown using pulsed-laser deposition. These and similar 

heterostructures have been extensively studied, and have been found to have a mixed 

c/a/c/a and a1/a2 domain structure that emerges due to a strain-induced-spinodal 

instability[50]. This sample has interesting regions of strong vertical and lateral PFM response, 

exhibits both classical and unique two-step, three-state switching mechanisms[50], has 

collective switching behavior[3], and has domain structure geometries that alters switching 

mechanism[51] and electromechanical energy conversion by forming charged domain walls[49]. 

PFM-based BE polarization spectroscopy (BEPS; supporting information Error! Reference 

source not found.-Error! Reference source not found.) was acquired to measure the 

nanoscale switching mechanisms. BEPS measures the voltage-dependent piezoresponse at 

a band of frequencies near the cantilever resonance. Fitting the cantilever resonance to a 

simple-harmonic oscillator model allows the extraction of the amplitude ( ), phase ( ), 

resonance frequency ( ), and quality factor ( ) of the cantilever resonance which are 

qualitative measures of the piezoresponse, polarization direction, elastic modulus, and 

energy absorption. This dataset was obtained by scanning a 2 µm region in a 60 x 60 grid. 

Measurements were conducted through two piezoelectric switching cycles, each with 96 

voltage steps. All subsequent analysis was conducted on the second switching cycle in the 

off-field state. Further details are provided in the original manuscript where this dataset was 

first published[49]. The dataset's interesting characteristics, quality, and availability have made 

it a benchmark BEPS dataset studied in three peer-reviewed articles on machine learning in 

electromechanical switching of ferroelectrics[34,49,51].  
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We start by exploring the efficacy of dictionary learning in capturing the important physics of 

electromechanical switching in ferroelectrics. This approach is derived from a method 

claiming to achieve “better,” “faster,” and “less-biased” machine learning of electromechanical 

switching in ferroelectric thin-films[34] with a few noted exceptions. The piezoelectric 

hysteresis loops were computed before training using       (     where   is the 

optimum rotation angle. The piezoelectric hysteresis and resonance response loops were 

normalized using a standard scalar   (      . So-called dimensional stacking was used 

to concatenate the piezoresponse and resonance data into a single 192-length vector. 

Notably, our preprocessing steps exclude any anomaly suppression and mean subtraction 

used in the referenced work[34] as this imposes too much user bias for automated use and has 

the potential to obscure essential physics. Following fitting, using the best hyperparameter of 

    and     were selected and are consistent with prior studies[34]. 
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Figure 4. a-c. 3 out of 5 learned embeddings (atoms) obtained from dictionary learning model 

trained on dimensionality stacked piezoresponse and resonance hysteresis loops. Dictionary 
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learning a,h. best, b,i. median, c,j. worst, reconstruction error of the piezoresponse and 

resonance resonse, respectivly. k-m. 3 out of 5 learned embeddings obtained from -VAE 

model trained on piezoresponse and resonance hysteresis loops. -VAE n,q. best, o,r. 

median, p,s. worst, reconstruction error of the piezoresponse and resonance resonse, 

respectivly. t,u. Per pixel mean squared reconstruction error of the combined piezoresponse 

and responance response for dictionary learning and -VAE. The errors are plotted on the 

same color scale. All maps are 2 m.  

 

We computed the atoms for each spectrum and used their values to reconstruct the 

real-space images (Figure 4a-c). For brevity, we show only 3 out of 5 images (additional 

images are provided supporting information Error! Reference source not found.). We can see 

the key features of the domain structure are identified. The first coefficient map (Figure 4a) 

identifies a region of c/a/c/a domains. The contrast is most pronounced along the right-hand 

boundary that corresponds to the peak in the topography (supporting information, Error! 

Reference source not found.). The regions subtracted from the c domains appear in the 

second coefficient map (Figure 4b). These two regions has been attributed to changes in 

switching mechanisms associated with charge domain wall formation[51], that manifests as an 

increase in the electromechanical contact resonance. The third map (Figure 4c), highlights 

the response in the a domains with a preference towards the left-hand boundary that 

corresponds to the peak in the topography. This boundary is associated with asymmetric 

ferroelastic switching based on geometrically necessary charged domain wall formation. 

These results can be viewed as a movie where we linearly sample across the latent space 

(supplemental movie 4). Overall, this shows is the dictionary learning model can disentangle 

the primary differences in the domain structure and switching mechanisms.  

Interpreting how the learned embeddings relate to the switching mechanisms and physics 

requires the interpretation of the spectral reconstructions. This can be calculated by taking 
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the dot product of the learned dictionary and atoms. While the model's overall performance 

resulted in a MSE of (0.36), it is important to validate the models' accuracy in reproducing the 

individual spectra. We show examples of the best, median, and worst reconstruction in the 

dataset based on the dictionary learning model (Figure 4d-j). For comparative purposes, we 

include results on the same data point generated using the β-VAE discussed later. Overall, 

the results indicate that the dictionary learning model cannot capture the essential 

spectroscopic details. Even for the best example (Figure 4d,h), the reconstruction cannot 

capture the depth of the softening that occurs during ferroelectric switching. On the example 

with median error (Figure 4e,i), we observe that the generated piezoelectric hysteresis loop 

has a lower-than-expected piezoresponse. Even more concerning, the generated resonance 

response has almost zero correspondence to the actual spectra. Instead, the spectra look 

like a classical resonance behavior during ferroelectric switching. Unsurprisingly, the worst 

reconstruction (Figure 4f,j) has nearly no correlation with the actual ferroelectric hysteresis 

loop or resonance behavior. Comparatively, the β-VAE reconstructions are markedly better in 

all cases. The poor quality of the dictionary learning reconstructions makes them unsuitable 

for physics-based interpretations. 

We conducted a similar analysis using the -VAE as previously described. The raw data was 

preprocessed in the same way as for dictionary learning. Instead of appending the 

piezoresponse and resonance spectra, these were joined as two independent dimensions. 

The model was trained for 20,000 epochs using ADAM optimizer with a learning rate of (3 x 

10-5). Regularization scheduling was used to increase the magnitude of  and  by n x 0.0025 

and               every 1,000 epochs, respectively. The  scheduling rate was 

determined such that it contributed to 60% of the loss when first changed from 0.  

Following training, we extracted the activations from the low dimensional embedding layer 

and reconstructed the values as images for each epoch. By watching this movie 

(supplemental movie 5), we can observe how  disentangles features. We used this to select 
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a model where the important features are sufficiently disentangled. For consistency with the 

dictionary learning, we selected the model at 13,977 epochs where the embedding 

condensed to 5 channels, with the rest being Gaussian noise (Supporting information Error! 

Reference source not found.). For brevity, we show only 3 out of 5 learned embeddings 

(Figure 4k-m) additional maps (Supporting information Error! Reference source not found.). 

The first embedding (Figure 4k) identifies regions with a c/a/c/a-a1/a2 domain structure. The 

second embedding (Figure 4l) identifies areas within the a1/a2 band, with a preference 

towards the peak c/a boundary similar to what was identified with dictionary learning (Figure 

4I). Finally, the third embedding (Figure 4m) highlights the a1/a2 band near the valley c/a 

boundary. This region has been previously shown to undergo a symmetric three-state, 

two-step, ferroelastic switching process[51].  

To evaluate the model's performance, we once again plot example reconstructions with the 

lowest, median, and highest mean-squared reconstruction error for the -VAE (Figure 4n-s). 

The results show that the best and median reconstructions (Figure 4n,o,q,r) capture all the 

key spectroscopic details of the piezoresponse and resonance spectra. All the essential 

details of the spectroscopic curvature related to the switching mechanism can be captured 

with the -VAE. The fit results are uniformly better than the dictionary learning model on the 

same spectra. Finally, unsurprisingly, the generated spectra with the highest error (Figure 

4p,s) do not correspond well to the raw data; this is likely just an outlier data point of minimal 

significance. This demonstrates that our model is well regularized and not merely overfitting 

the data. 

To further compare the performance of the dictionary learning and -VAE model, we 

computed the mean-squared reconstruction error for each spectrum and plotted it as an 

image of the domain structure. Both plots are visualized on an identical scale from 0 to 0.5. 

Starting with the dictionary learning model (Figure 4t), we observe a large MSE highly 

correlated with the domain structure. This means that the model significantly underfits the 
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data and lacks the capacity to describe the physics. Comparatively, the -VAE has a 

uniformly lower MSE with only minimal correlation to the domain structure (Figure 4u), 

indicating the model has the capacity to learn the data. This suggests that the -VAE can 

learn a latent manifold of the same dimensionality reduction as dictionary learning with a 

much higher capacity to encode the underlying physics. This improved performance is mainly 

due to its ability to learn non-linear functions and consider the ordinal nature of data. To 

further analyze the differences in the models’ learning potential, we constructed violin plots of 

the mean reconstruction error at each spectral index (Supporting Information, Error! 

Reference source not found.). Visualizing the reconstruction error in this way reveals that the 

dictionary learning model, compared to the -VAE model, has a much larger error 

distribution, is less gaussian, has more outliers, and is systematically shifted from the 

zero-axis indicating that it is underfitting and thus cannot accurately model the observed 

responses. 

Having proven that both models can, at first pass, provide statistical descriptors of the 

observed responses, we sought to explore how the choice of the model influences physics 

interpretations. Starting with the dictionary learning model, generation of the spectra as we 

increase the value of the embedding (atom) identified primarily within the c/a/c/a domains 

reveals increasing square hysteresis loops and evidence of increased resonant frequency 

from the peak-to-valley boundary (Figure 5a). The corollary to this response closer to the 

valley boundary shows a continuation of the hardening process (Figure 5b). This observation 

is not attributed to charge injection as it is highly correlated to the domain structure, and is 

along the fast-scan direction. The third embedding extracted (Figure 5c), highlights the 

response in the a domains with a preference towards the left-hand boundary corresponding 

to the topography peak. The extracted responses look like a classical piezoelectric hysteresis 

loop with reduced (enhanced) piezoresponse at the a domains (c domain) regions. We note 

that the generated spectrum shows no evidence of intermediate concavities and hardening 

processes associated with three-step, two-state ferroelastic switching mechanisms that have 
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been observed using manual and more robust machine learning analysis approaches. 

Further analysis of the learned features and spectral representations is provided (supporting 

information Error! Reference source not found.). 

We conducted a similar analysis of the -VAE embedding and learned spectroscopic 

behavior (Supplemental Movie 6). Starting with the response in the a1/a2 band, with a 

preference towards the peak c/a boundary (Figure 5d), we observe three characteristic 

trends. The piezoresponse hysteresis loop goes from large and square to reduced and 

slightly tilted. Furthermore, the suppressed piezoresponse loops (yellow) show intermediate 

concavities and resonance hardening when switching under positive and negative bias, 

associated with the three-step, two-state ferroelastic switching mechanism[51]. Finally, we 

observe resonance softening as we move toward the peak boundary. The second discussed 

embedding (Figure 5e), highlights the a1/a2 band near the valley c/a boundary. In the dark 

regions, the generated spectra reveal classical c-like hysteresis loops and resonance 

behavior; however, in the light regions (yellow) towards the valley a1/a2 band, we see 

suppressed piezoresponse hysteresis loops, intermediate concavities in the piezoresponse, 

and hardening on positive bias switching. This behavior was experimentally attributed to and 

confirmed with phase-field modeling to be related to asymmetric charge domain wall 

formation during switching due to the domain geometry[51]. The dictionary learning model 

obscured this important physical mechanism. The final embedding discussed (Figure 5f) 

shows the response in the a domains and along the c/a-a1/a2 boundary. As the embedding 

moves from dark to light, we observe slightly suppressed piezoresponse and increased tilt of 

the piezoelectric hysteresis loops. The resonance softening becomes less pronounced. We 

attribute these spectroscopic changes to the increased ferroelastic switching. We note that 

the suppression of the piezoresponse is less pronounced than in the a1/a2 band because of 

the large volume fraction of c-like character. We provide further discussion of the learned 

embedding (supporting information Error! Reference source not found.). 
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All told, unsurprisingly, similar to the toy dataset, the dictionary learning model can identify 

the key characteristic regions associated with the domain structure, and the switching 

mechanism but is unable to represent the spectroscopic details correctly. This is confirmed 

both by the low quality of the spectral reconstruction and the significant deviation of the 

learned representation from the known physics. Thus, interpretation of the learned 

dictionaries and reconstructions is highly likely to result in misleading conclusions. 

Conversely, the -VAE has a much lower reconstruction error and thus is more adept at 

reconstructing and identifying important switching mechanisms. This is not to say that the 

-VAE has no failure modes, just fewer. Any conclusion aided by machine learning methods 

must be rigorously validated mathematically, empirically, and theoretically. 

The significant improvement in the aptitude of the -VAE model is related to the model’s 

consideration of the structure and information content in the data. Unlike dictionary learning, 

the -VAE includes non-linearity and can consider the ordinal nature of the data. The -VAE 

includes significant structural improvements on our prior work, a deep recurrent neural 

network[51]. The key advantages are that the -VAE uses regularization scheduling to, without 

bias, disentangle features. Furthermore, the imposition of the KL-divergency constraint 

regularizes the latent space to be defined by a gaussian distribution making the latent space 

more interpolatable and interpretable. While training dictionary learning models is generally 

faster this is somewhat of a moot point since it is non-performant. We highlight the key 

differences of dictionary learning and -VAEs in analysis of electromechanical switching 

(table I), for further details (see supporting information). 

Table I. Comparison of dictionary learning and -VAE in the analysis of electromechanical 

switching 

 Dictionary Learning -VAE 

Reconstruction Quality Poor Good 
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Ordinal No Yes 

Nonlinear No  Yes 

Training time Minutes Hours 

Inference time Minutes Minutes 

Influence of Hyperparameters Sensitive Less sensitive 

In conclusion, we demonstrate using toy and experimental benchmark datasets some of the 

challenges in applying machine learning models to ferroelectric switching and scientific data 

broadly. We show that while nearly any machine learning model can be used to categorize 

responses, this can be purely statistical without any correlation to physics. Specifically, we 

develop a -VAE that supports data fusion of resonance and piezoresponse data, which we 

train using regularization scheduling to disentangle spectroscopic features into a nearly 

gaussian latent space automatically. We compare this model to a recently lauded linear, 

non-ordinal dictionary learning model and show that the -VAE can capture the essential 

spectroscopic features important for unraveling classic ferroelectric and three-state, two-step 

ferroelectric switching mechanisms observed in PbZr0.2Ti0.8O3 with hierarchical c/a-a1/a2 

domain structures. The dictionary learning model cannot. Ultimately, this shows when 

analyzing non-linear hyperspectral data, it is essential to have models capable of learning 

non-linear ordinal trends. Finally, this work highlights the importance and complexities of 

rigorous model validation to avoid deriving misleading physical conclusions based on the 

interpretation of machine-learned results.  
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Figure 5. Extracted embeddings and generated spectra obtained from a-c. Dictionary 

learning model, and d-f. -VAE. The colors on the maps on the left reflect the colors on the 

spectra on the right. Generated spectra are created from the mean of the 100 nearest 

neighbors when linearly sampling across the embedding space. All maps are 2 m. 

Experimental Section: 

Data Acquisition: All samples, and data were obtained from prior studies published by Agar[49–

51]. The data used for this manuscript was available open source associated with these 

publications. Details regarding the experimental methods should refer to the original works.  

Machine Learning Methods: All computational analysis was completed in Python using 

open-source packages. Throughout analysis randomly selected random seeds were used to 

ensure reproducibility. Dictionary learning methods were derived from the open source 

packages and code associated with reference [34]. All analysis codes are provided as a 

Jupyter Notebook. All code blocks derived from code originating from reference [34] is 

identified by the open source license which it is derived. Design and development of the 

-VAE model was conducted using TensorFlow. Utility functions to simplify deployment and 

implementation are provided in the M3-Learning group research package DeepMatter[46]. This 

package is released open source and is pip installable.  

All deep learning models were trained on a Lambda Labs deep learning workstation with two 

TitanRTX GPUs. All codes, analysis, and data visualization is provided as an reproducible 

and interactive Jupyter Notebook capable of running using free remote services on Google 

Collab. We provide a video demonstrating the use of this notebook (supplemental movie 7).  

Supporting Information 

Supporting Information is available from the Wiley Online Library or from the author. 

 15214095, 2022, 47, D
ow

nloaded from
 https://onlinelibrary.w

iley.com
/doi/10.1002/adm

a.202202814 by O
ffice O

f Scientific A
nd T

echnical Inform
ation, W

iley O
nline L

ibrary on [16/08/2024]. See the T
erm

s and C
onditions (https://onlinelibrary.w

iley.com
/term

s-and-conditions) on W
iley O

nline L
ibrary for rules of use; O

A
 articles are governed by the applicable C

reative C
om

m
ons L

icense



 

 

 

This article is protected by copyright. All rights reserved. 

 

Data Availability 

All data and analysis codes are made openly available under the BSD 3-Clause License. 

Data is provided on Zenodo[53], which is a complied version derived from the original release 

of this data[25,33]. The analysis codes are provide within the M3-Learning GitHub package 

DeepMatter[. The specific analysis conducted in this work is available as an excitable Jupyter 

Notebook[, which can be run on Google Collab or a local Python instance.    
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