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ABSTRACT: Due to the dynamics of industrial production, it is a great challenge to learn robust feature 
representations from industrial process data for building an accurate soft sensor model. The traditional 
variational autoencoder (VAE) can learn robust features that can adapt to the dynamic process better, but 
cannot be directly applied in soft sensor modeling. Therefore, a novel regression-based dynamic VAE (REG-
DVAE) is introduced in this paper. Firstly, the encoder of the DVAE, which is constructed by the graph attention 
and the convolutional neural networks, is utilized to obtain the robust spatio-temporal features. The decoder 
of the DVAE is responsible for reconstructing the input data via transposed convolution. Secondly, the 
Transformer is employed to capture the dynamic associations between the robust spatio-temporal features 
and corresponding outputs. Moreover, with the purpose of guaranteeing the confidence of the proposed 
method, the Gaussian loss function is used as the optimization target of the REG-DVAE to enhance the 
confidence of each predicted value. The proposed REG-DVAE is implemented in a real-world melt index 
modeling of the polypropylene production process. The results show that compared with other baseline 
methods, the REG-DVAE not only can achieve the best performance, but also can provide a confidence interval, 
which greatly enhances the credibility of the prediction results. 

KEYWORDS: Regression-based dynamic VAE; dynamic features; confidence interval; polypropylene production 
system 

 

1 Introduction 

Soft sensor technology can help reduce the emission of harmful gases through intelligent control 
[1]. The melt index (MI) serves as a critical rheological parameter for evaluating the process behavior 
and performance characteristics of polypropylene materials, and plays a key role in quality control 
and brand switching. However, the MI indicator is obtained by manual sampling and offline analysis 
in the laboratory, which poses a great difficulty to real-time monitoring of product quality. Therefore, 
the data-driven soft sensor modeling methods have begun to be used widely due to their flexibility, 
low cost, and high precision. 

Traditionally, the data-driven soft sensor modeling includes shallow neural network-based 
methods and deep learning-based methods. In the beginning, the shallow neural networks found 
extensive applications in industrial process modeling. Among them, the extreme learning machine 
(ELM) is the most prominent since it can accelerate the training of neural networks by using a 
pseudo-inverse approach [2]. Zhang et al. [3] created a soft sensor model by combining partial least 
squares regression and ELM within an ensemble learning approach. Geng et al. [4] proposed a self-
organizing ELM to solve the problem of improper selection of hidden nodes. He et al. [5] used the 
Pearson correlation coefficient to construct the interaction between the inputs and the outputs 
outside of the ELM. Shi et al. [6] derived the L1 norm based on the variational inference, which could 



2 Rev Int Métodos Numér Cálc Diseño Ing. 2026;volume(issue):article number 

 

enhance the generalization of input weights. Zhang et al. [7] introduced a soft sensor method by 
combining the Monte Carlo and the ELM to predict the physical properties of nonwoven fabrics. 
Despite the good progress made by the ELM, it uses the pseudo-inverse matrix method to train the 
weights, which only changes the weights of the last layer, resulting in a weaker learning ability of the 
ELM. Therefore, the multilayer perceptron (MLP) is studied and applied. Souza et al. [8] put forward 
an iteratively adjusted MLP to select the input variables, which could reduce the number of 
parameters in the MLP. Sun et al. [9] introduced the least absolute shrinkage and selection operator 
to choose the process variables. On this basis, the non-negative garrote was proposed to adjust the 
weight of MLP [10]. da Silva Bispo et al. [11] applied the MLP in deep-sea oil exploration to estimate 
the apparent viscosity of water-based drilling fluids. However, with the continuous expansion of data 
scale, the feature extraction ability of shallow neural networks is relatively weak. Recently, owing to 
the significant advancements of deep learning in natural language processing (NLP) [12] and 
computer vision (CV) [13], a large number of deep neural networks have been constructed and 
applied in soft sensor modeling. Yuan et al. [14] put forward a dynamic convolutional neural network 
(CNN) method as a means to extract hierarchical, local, nonlinear, and dynamic features from process 
data for modeling. Zhao et al. [15] combined an improved CNN to construct a free calcium oxide 
content model. Liu et al. [16] proposed a non-local and local fused information extraction method to 
build the hydrocracking process model. Wu et al. [17] presented a dynamic convolutional model to 
capture both spatial cross-correlation and temporal autocorrelation. Jia et al. [18] reviewed the 
applications of graph neural networks in industrial processes. However, these methods are aimed at 
improving operational efficiency and safety, rather than the dynamic problem. Jia et al. [19] proposed 
an adversarial relationship graph learning soft sensor modeling method to avoid noise interference. 
Although the above methods have shown strong local feature extraction ability, they only consider 
local interaction features and cannot model the global interaction relationship between the process 
variables. Therefore, a novel Regression-based Dynamic Variational AutoEncoder (REG-DVAE) is 
established in this work. The encoder of the DVAE is constructed by dynamic graph attention (DGAT) 
and CNN to extract spatio-temporal features. The decoder of DVAE reconstructs the input data via 
transposed convolution in a robust Gaussian hidden representation space. Then, the Transformer is 
derived to learn the evolving associations between the extracted spatio-temporal features and the 
output variables. Meanwhile, a Gaussian loss function is adopted as the optimization objective of the 
REG-DVAE to provide confidence for each predicted result. Finally, the REG, which is based on the 
Markov blanket independence assumption, is used to guarantee the confidence of the proposed 
method. The effectiveness of the proposed REG-DVAE is verified by the actual polypropylene 
production process. 

The contributions are threefold: 

• The DVAE, combined with dynamic gated graph attention and CNN, is used to capture target-
related spatio-temporal features for soft sensor modeling. 

• The REG takes the spatio-temporal features extracted by the DVAE as its input to establish the 
dynamic relationships between inputs and outputs. 

• The REG-DVAE is applied to the polypropylene production process to predict the MI, and the 
experiments illustrate that the proposed method can achieve outstanding performance when 
compared to other models. 

2 Methodology 

2.1 Regression-Based Dynamic Variational Autoencoder 

The autoencoder (AE) [20], which consists of the encoder and decoder, is a framework for 
representing high-dimensional inputs as low-dimensional dense features, as shown in Fig. 1(a). The 
latent features are derived from the input data by the encoder, and then the decoder reconstructs the 
input data from these features, aiming to minimize the reconstruction loss. Building on the AE, the 
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variational autoencoder (VAE) [21] extends the original latent feature space to a Gaussian latent 
space, which can enhance the robustness of the feature representations, as shown in Fig. 1(b) The 
latent feature vectors are sampled from the Gaussian latent space to reconstruct the input data. 

 
(a) (b) 

Figure 1: The architecture of two different encoders. (a) Autoencoder; (b) Variational autoencoder. 

For the VAE, the input data is transformed into the Gaussian latent representation space by 
encoder ( )|p C X . In order to constrain the Gaussian latent representation space, the KL divergence 
between ( )|p C X  and the prior distribution ( )q C  needs to be minimized as shown in Eq. (1). 
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Therefore, the loss function for the VAE is presented in Eq. (3). 
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(3) 

The traditional VAE operates as an unsupervised generative model. Whereas, the soft sensor 
modeling is a supervised regression task. In order to apply the VAE framework to learn robust 
representation features in the Gaussian latent representation space and construct an accurate soft 
sensor model, the REG-DVAE is derived based on the Markov blanket independence assumption [22]. 

Suppose that the given label sample pair ( ),X Y , where X  denotes the input data and Y  
represents the label. In order to extend the VAE to the regression task, it is necessary to establish a 
joint distribution ( ),P X Y . The latent variable C  is introduced into the joint distribution 
( ) ( ), , ,p X Y p X Y C dC=   and the empirical distribution ( ), ,q X Y C  is used to approximate the joint distribution 
( ), ,p X Y C . Therefore, the optimization goal is to minimize the KL divergence of ( ), ,p X Y C  and ( ), ,q X Y C  as 

shown in Eq. (4). 
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where the ( )p X  is the empirical distribution determined by the samples [23]. The formula ① in Eq. 
(4) can be further simplified as shown in Eq. (5).  
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where the formulas ② and ③ in Eq. (5) can be further simplified as Eqs. (6) and (7). 
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The graphical models of the VAE and the REG-DVAE are described in Fig. 2(a)and (b). The 
formulas ④ and ⑤ in Eq. (7) can be further simplified according to the Markov blanket 
independence assumption as shown in Eqs. (8) and (9). According to the Markov blanket 
independence assumption [22], given the C, the X and Y are independent. Therefore, 
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Therefore, the form of formula ③ in Eq. (7) can be simplified as Eq. (10), and the KL divergence 
of ( ), ,p X Y C  and ( ), ,q X Y C  is simplified as Eq. (11). 

( ) ( ) ( )( )

( ) ( )( ) ( ) ( )

| | |

| | |

p C X KL p Y C q Y C dC

KL p C X q C p C X Inq X C+ −









③=

 
(10) 



Rev Int Métodos Numér Cálc Diseño Ing. 2026;volume(issue):article number 5 

 

( ) ( )( )

( )

( ) ( )

( ) ( ) ( ) ( )( )

( ) ( ) ( )

, , , ,

| | |

| |

p X

p X

p X

p X

KL p X Y C q X Y C

Inp X

p C X KL p Y C q Y C dC

p C X Inq X C dC

=  +  

=    

 +
 

 −
 



















② ③
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where ( ) ( )p X
Inp X   
  is constant, and ( ) ( )( )| |KL p Y C q Y C  represents the distance between the empirical and true 

distribution. The formal expression of the true distribution ( )|p X C  is not known. Therefore, this paper 
approximates the ( ) ( )( )| |KL p Y C q Y C  as a negative log-likelihood estimation of ( )|q Y C  [24].  

The loss function of the REG-DVAE includes the regression loss reg , the KL divergence loss KL  

and the reconstructed loss rec  as shown in Eq. (12) 
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(13) 

where M  denotes the number of training data, the 
xk

jc  denotes the samples taken from the 
conditional distribution ( )| kp C x , and N  is the number of the 

xk

jc . In REG-DVAE, { ( )reg C , ( )reg C } can 
establish the mapping between the Gaussian latent representation space and the GL function. The 
loss function of the REG-DVAE consists of three terms KL , rec , and reg . The KL  guarantees that the 
REG-DVAE has the ability to generate data. The rec  guarantees that the REG-DVAE can learn a robust 
Gaussian latent representation space. The reg  is the GL function that can reduce the learning cost of 
projecting from the Gaussian latent representation space into the target space. Unlike standard 
regression which assumes a constant variance, the Heteroscedastic Gaussian Regression is employed. 
the conditional probability distribution of the target variable 𝑦  is constructed, given the input 
representation 𝑥, as a Gaussian distribution. 

𝑝(𝑦|𝑥; θ) = 𝒩(𝑦|μ(𝑥; θ), σ2(𝑥; θ))  

where θ  represents the network parameters. Our model predicts both the mean μ  and the 
variance σ2 in the Regressor layers. 

 
(a)VAE (b)REG-DVAE 

Figure 2: The graphical models of VAE and REG-DVAE. 
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The architecture of the REG-DVAE is shown in Fig. 3. The encoder of the DVAE is a combination 
of the DGAT and the CNN. The DGAT employs the temporal gated linear unit for extracting the 
dynamic spatial interaction features of the inputs. The CNN captures the temporal dependency 
features from the input variables. The merging layer performs concatenation of temporal features 
and spatial interaction features to yield spatio-temporal interaction features. The E

mDGAT , the E

mConv , and 
the merging layer make up the mth spatio-temporal module. The oDGAT  maps the spatio-temporal 
features extracted by the last spatio-temporal module into the Gaussian latent representation space. 
The decoder of the DVAE is established by the transposed convolutional to reconstruct the input data, 
which can learn a robust Gaussian hidden representation space for spatio-temporal features. The 
REG constructed by Transformer [25] is utilized to build the dynamic relationships between the 
extracted spatiotemporal features and output variables, and fully connected layer is utilized to give 
the output. Moreover, the GL is used as the optimization target of the REG-DVAE to provide 
confidence for each predicted result. In this paper, the encoder of the DVAE contains 4 spatio-
temporal modules and one 

E

oDGAT , the decoder of the DVAE contains 4 transposed convolutional 
modules, and the REG contains 4 Transformer modules. The number of layers for each module is 
shown in Table 1. 

 

Figure 3: The architecture of the REG-DVAE. 

Table 1: The parameter setting of the REG-DVAE. 

Component Name of Layer Number of Layer 
Encoder Spatio-temporal module 4 
Decoder Transposed convolutional 4 

REG Transformer 4 
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2.2 Dynamic Graph Attention 

The traditional GAT [26] calculates the neighborhood interaction relation through the attention 
mechanism and aggregates the neighborhood node features as shown in Fig. 4. The input of the GAT 
is a set of node hidden feature. 

 

Figure 4: Aggregating the neighbor node features. 

The core of the GAT is to compute the relationship weights of the neighborhoods. The GAT 
utilizes self-attention to calculate the coefficients matrix, which can assign different weights to the 
neighborhood of each node as shown in Eq. (14).  
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Similar to Transformer, the GAT also designs multi-head attention to capture richer feature 
information in different subspaces as shown in Eq. (16). 
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where the K  represents the number of different subspaces. 

The traditional GAT is limited to extracting per-time-step interaction features of process 
variables, ignoring the trend relationship. Thus, the proposed DGAT aims to combine the multi-scale 
interaction features of the process variables. The computational procedure for DGAT is outlined in 
Algorithm 1. 

Algorithm 1: Dynamic Graph Attention 
Input: Auxiliary variable feature vectors T M DH   , and auxiliary variable T MX  , where T  is the time 
step, M  is the number of auxiliary variable, and D  is the dimension of the auxiliary variable 
feature vectors. 
Output: The spatial interaction features of the auxiliary variables T M D

spatialH    
1: Initialize the spatial feature list lstspa  
2: Calculate the trend matrix globA  based on Eq. (18) 
3: for 0t =  to T  do 
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4:    ,:,:th H t=  
5:   Calculate the local interaction relation matrix t

locA  at time t  based on Eq. (14) 
6:   Calculate the fused multi-scale interaction matrix tA  based on Eq. (17) 
7:   Calculate the spatial features 

t

spah


 at time t  based on Eq. (19) 

8:   Append 
t

spah


 to lstspa  
9:   end for 
10:  Calculate the spatial features of the auxiliary variables ( )spa lsth cat spa=



, 
     which concatenates lstspa  in time dimension. 
11:  return spah



 

The DGAT architecture incorporates a novel dynamic gated linear unit that performs a fusion of 
the global trend and local relations at each time step, is demonstrated as Eq. (17) and Fig. 5. 
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where the globA  is the trend matrix of process variables, the 
t

locA  corresponds to the local relation 
matrix, which can be obtained by Eq. (14), the tA  is the fused multi-scale interaction matrix, the   
denotes the Hadamard product. The Pearson correlation coefficient is employed for calculating the 

trend matrix 
ij

globA of the process variables in this work, as presented in Eq. (18). 
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where the T  denotes the time step of the input variables, and 
t

ix  and 
t

jx  denote the values of the 
ith and the jth variables, respectively. The neighborhood node features of the DGAT are aggregated 
as shown in Eq. (19). 

'

2

1

1

i

K
t t k

i ij j

k j N

h AW h
K


= 

 
=  

 




 
(19) 

 

Figure 5: The temporal gated linear unit. 
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2.3 The Transformer 

The Transformer [25] is a strong sequence feature extractor, which inputs are formally defined 
as three parts with query, key and value. When the query, key and value are the same, the attention 
is called self-attention. Otherwise, it is called vanilla attention. The attention function is shown as Eq. 
(20). 

 , , max

k

TQK
Attention Q K V soft V

d

 
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 
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(20) 

The softmax function is shown in Eq. (21). 
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where Q, K and V is query, key and value. dk is the dimension of the input feature. 

The query, key and value are projected by multi-head attention into multiple different spaces 
through multiple projection matrices. The query, key and value of different spaces are fed into the 
attention model as shown in Eq. (22). The multi-head attention is proved to be more beneficial for 
extracting features.  
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h
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=
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(22) 

The multi-head attention model concatenates the output vectors of the attention, which are the 
features of the query, key and value extracted in different spaces. Then, the vector of this connection 
is mapped again to get the final output.  

2.4 The Overall Workflow of the Proposed Method 

The overall workflow of the REG-DVAE based soft sensor modeling process consists of 5 steps: 

Step1: The spatial features are captured by DGAT. 

Step2: The temporal features are captured by CNN. 

Step3: The robust spatio-temporal features are combined by DVAE which consist of DGAT and 
CNN. 

Step4: The Transformer is utilized to build regression model by capturing the dynamic 
associations between the robust spatio-temporal features and corresponding outputs. 

Step5: The REG which is based on the Markov blanket independence assumption is used to 
guarantee the confidence of the proposed method. 

The clear framework diagram is outlined in Algorithm 2. 

Algorithm 2: The overall workflow of the REG-DVAE 
Input: Auxiliary variables T MX  , where T  is the time step, M  is the number of auxiliary variables. 
Output: The soft sensor model. 
1: Obtained spatial feature lstspa  by the DGAT 
2: Obtained temporal feature lstspa  by the CNN 
3: Combined the spatial feature and temporal feature as spatio-temporal features 
4: Taken the spatial feature and temporal feature into the DVAE to obtain the robust spatio-
temporal features. 
5: Taken the robust spatio-temporal features to the Transformer to build the soft sensor model. 
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6: Guaranteed the confidence of the proposed method by REG. 

3 Case Study 

3.1 Polypropylene Production Process 

Three widely adopted processes for polypropylene synthesis include the bulk, gas-phase, and 
slurry techniques. In the gas-phase polymerization variant, gaseous propylene polymerizes via direct 
contact with a catalyst held in suspension, which is visually represented in Fig. 6. 

 

Figure 6: Flowchart for polypropylene production. 

Central to the polypropylene manufacturing process is a reaction loop comprising the circulating 
gas compressor, gas-phase fluidized bed, and circulating gas cooler. The feed materials introduced 
into the reactor via the circulating gas include the T2 catalyst, liquid propylene, and an electron donor. 
Hydrogen is utilized in the polymerization reaction to regulate polypropylene’s molecular weight; 
specifically, a higher hydrogen input leads to lower molecular weight and a corresponding rise in the 
MI. The MI quantifies the mass, in grams, of a thermoplastic material that extrudes through a 
standardized capillary tube (2.095 mm diameter) over a 10-min period under specific temperature 
and pressure conditions. Enhanced processing fluidity of the plastic corresponds directly to higher 
MI values. Utilizing data from the polypropylene production process, a soft sensor model was 
established for MI. The involved measurable process variables as inputs for the REG-DVAE model are 
shown in Table 2, the output is MI value.  

Table 2: The parameter setting of the REG-DVAE. 

Input Number Description 
No.1 Propylene dryer temperature 
No.2 Propylene feed flow 
No.3 Propylene feed temperature 
No.4 Propylene degassing tower reflux flow 
No.5 Inlet pressure of electron feed pump 
No.6 Electron body feed pump outlet pressure 
No.7 Density in the upper part of the bed 
No.8 Density in the middle of the bed 
No.9 Density in the lower part of the bed 

No.10 Hydrogen to propylene concentration ratio 
No.11 Propylene into vaporizer flow 
No.12 Reactor bed temperature 
No.13 Dew point temperature 
No.14 Circulating water pump flow 

Output Melt index 
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Real-time process variable data is gathered directly via the distributed control system, whereas 
MI data originates from manual sampling procedures coupled with laboratory testing. The 
experimental data is collected from 2021-06 to 2021-11 in this work. The sliding window size is set 
to 40 in this experiment. Therefore, the size of input data X is Batch × 40 × 14, and the size of output 
data Y is Batch × 1. 

3.2 Evaluation Metrics 

The Root Mean Square Error (RMSE), Mean Absolute Error (MAE), Relative Squared Error (RSE) 
and Mean Absolute Percentage Error (MAPE) are taken as evaluation indicators, which are shown in 
Eqs. (23)–(26). 
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where the iy  denotes label, ˆ
iy  denotes predicted value, y  denotes the mean, and L  represents 

the number of test sample sets. The RMSE , MAE , RSE , and the MAPE  denote the prediction 
errors from different perspectives. The smaller their values, the better the soft sensor performance. 
In order to ensure fair comparisons across all baseline methods, all experiments are conducted on 
CentOS v7.0, CPU (Intel (R) Xeon (R) Silver 4210@2.20 GHz) and GPU (TITAN XP, 12 GB). Apart from 
this, there are no other hyperparameters in the experimental. 

3.3 Experimental Result 

Compared with the MLP [27], the ELM [28], the LSTM [29], the CNN+LSTM [30], the Gated 
Convolutional neural network-based Transformer (GCT) [31], the causality-informed variational 
autoencoder (CIVAE) [32], the Temporal Convolutional Network (TCN) [33], the maximal relevance 
and minimal redundancy-based representation learning (MRMRRL) [34] and the gated stacked 
target-supervised VAE with variable weights (W-GSTVAE) [35]. The REG-DVAE shows excellent 
prediction error, which are denoted in Table 3. Compared with the MLP, the LSTM has 16%, 13%, 
28%, and 12% drops in the RMSE, the MAE, the RSE, and the MAPE, respectively. Therefore, the deep 
learning models are better than the shallow neural network models. Compared with the CNN+LSTM, 
the TCN and the GCT, the REG-DVAE has 12.9%, 11% and 14.5% drops in the RSE, which illustrates 
the proposed model is preceding the general sequence models. Compared with the CIVAE, W-GSTVAE 
and more resent representative baseline MRMRRL, the REG-DVAE achieves state-of-the-art results 
and shows about 1.6%, 1.1% and 0.5% drops in the RMSE, respectively. The comparative experiment 
proves the effectiveness of the REG-DVAE. The statistical histogram of RSE of the REG-DVAE are 
shown in Fig. 7. 

Table 3: Comparative experimental results for the REG-DVAE. 

Model RMSE MAE RSE MAPE 
ELM 0.275 ± 0.05 0.229 ± 0.04 0.625 ± 0.08 0.074 ± 0.03 
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MLP 0.134 ± 0.06 0.097 ± 0.05 0.490 ± 0.09 0.031 ± 0.03 
LSTM 0.112 ± 0.03 0.084 ± 0.02 0.349 ± 0.04 0.027 ± 0.03 

CNN+LSTM 0.110 ± 0.02 0.084 ± 0.05 0.349 ± 0.06 0.027 ± 0.02 
TCN 0.105 ± 0.03 0.072 ± 0.02 0.330 ± 0.04 0.023 ± 0.03 
GCT 0.114 ± 0.03 0.087 ± 0.03 0.365 ± 0.05 0.027 ± 0.02 

CIVAE 0.103 ± 0.04 0.079 ± 0.02 0.333 ± 0.06 0.025 ± 0.01 
MRMRRL 0.092 ± 0.01 0.087 ± 0.01 0.240 ± 0.04 0.026 ± 0.02 

W-GSTVAE 0.098 ± 0.02 0.090 ± 0.01 0.220 ± 0.06 0.018 ± 0.01 
Ours 0.087 ± 0.01 0.060 ± 0.01 0.220 ± 0.04 0.019 ± 0.01 

 

Figure 7: The errors of the REG-DVA. 

The errors of the REG-DVAE are between −0.04 and 0.04, which shows the accuracy and 
effectiveness of the REG-DVAE. The significant improvement shows that the proposed model can 
successfully learn effective dynamic features of industrial data and accurately predict key indicators. 

As illustrated in Fig. 8, the orange line represents actual values and the blue line represents the 
corresponding predicted values. Unlike standard regression, this approach models 
heteroscedasticity, allowing the model to dynamically output wider intervals in regions with higher 
data noise. The confidence interval is notably narrower when the prediction error is small, 
demonstrating that the learned variance serves as a reliable indicator of prediction confidence. 
However, it is important to acknowledge the limitations of this Gaussian uncertainty modeling. It 
relies on the assumption that the conditional distribution of the target is unimodal and Gaussian. 
Consequently, it may not fully capture complex multimodal distributions where multiple distinct 
future outcomes are possible. Despite this limitation, the results confirmed the effectiveness of the 
proposed Gaussian Likelihood (GL) method in the current scenario. 

 

Figure 8: The prediction results of the REG-DVAE. 

In Fig. 9, the input data are taken to compare with the reconstructed data. From the Fig. 9, It must 
be admitted that the reconstructed and original data distributions are nearly indistinguishable, 
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which indicates that the REG-DVAE can learn a robust Gaussian latent representation space with the 
GL as the optimization objective. 

 

Figure 9: Comparison between the original input and reconstructed input. 

4 Ablation Study 

Table 4 summarizes the ablation experiment, which designed to evaluate the impact of 
individual REG-DVAE components on the prediction outcomes. The -ST, the -GL, and the -VAE mean 
to remove the spatio-temporal module, the GL function, and the VAE. After removing the spatio-
temporal module, the encoder of the DVAE only contains the MLP to extract features of the auxiliary 
variables. Compared with the REG-DVAE, the -ST has 50%, 46%, 242%, and 52% increase in the 
RMSE, the MAE, the RSE, and the MAPE, respectively. After removing the GL function, the REG needs 
to learn the mapping from Gaussian latent space to Euclidean space, which increases the learning 
cost of different feature space transformations. Therefore, in comparison to the REG-DVAE, the -GL 
has 13%, 25%, 152%, and 26% increase in the RMSE, the MAE, the RSE, and the MAPE, respectively. 
Once the VAE module was excluded, the -VAE contains only the encoder of the DVAE and the REG. In 
comparison to the REG-DVAE, the -VAE has 25%, 33%, 126%, and 36% increase in the RMSE, the 
MAE, the RSE, and the MAPE, respectively. The ablation study revealed that removing the spatio-
temporal module from the REG-DVAE resulted in the most substantial degradation in performance. 
Therefore, the spatio-temporal features play a crucial role in soft sensor modeling. The RMSE of the 
-GL is larger than that of -VAE, which shows that learning the feature representation in the Gaussian 
space is more effective for the soft sensor model than implementing the transformation in the same 
domain. 

Table 4: Performance evaluation of REG-DVAE through ablation studies. 

Ablation Par RMSE MAE RSE MAPE 
-ST 0.131 0.088 0.753 0.029 
-GL 0.099 0.075 0.555 0.024 

-VAE 0.109 0.080 0.499 0.026 
Ours 0.087 0.060 0.220 0.019 

5 Conclusion 

The novel REG-DVAE is proposed to build an MI soft sensor model in this paper. The encoder of 
the DVAE is constructed by the dynamic graph attention (DGAT) and CNN to extract the spatio-
temporal features. The decoder of the DVAE reconstructs the input data by a transposed convolution 
to learn the spatio-temporal features in a robust Gaussian hidden representation space. Then, the 
REG is derived based on the Markov blanket independence assumption, which captures the time-
varying associations linking the extracted spatio-temporal features to the output values. The fully 
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connected layer of the REG-DVAE is utilized to estimate the key indicator. Meanwhile, a Gaussian loss 
function is used as the optimization objective of the REG-DVAE to provide confidence for each 
predicted result. Finally, the model is utilized to forecast the MI in an operational polypropylene 
manufacturing environment. Compared with the CIVAE, the REG-DVAE achieves the best 
performance, with the RMSE, MAE, RSE, and MAPE reduced by 15%, 31%, 35%, and 34%, 
respectively. The ablation experiment shows that the spatio-temporal module can get spatio-
temporal interaction features of industrial process data and play a crucial role in improving the 
model accuracy. Simultaneously, learning the feature representation in the Gaussian space is more 
effective than implementing the transformation in the same domain. 

In the future, we will focus on strategies for transferring soft sensor models across various 
operating regimes, with the goal of establishing a unified modeling framework that incorporates data 
from multiple working conditions. 
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Nomenclature 

Symbol Description 
X  Input data 

X̂  Reconstructed input data 
Y  True label/output target (melt index) 
ŷ  Predicted value 
Z  Latent feature variable in the VAE 
( , )Z Z 

 Mean and variance vectors in the Gaussian latent space 
C  Latent variable introduced in the joint distribution 

iN
 The set of neighbor nodes for node i 
( | )P Z X  Encoder of DVAE 
( | )P X Z  Decoder of DVAE 
( )P Z  Prior distribution of the latent variable 
( )P X  Empirical distribution of the input data 
( )KLD  ‖  Kullback-Leibler (KL) divergence 

regL
 Regression loss 

KLL
 KL divergence loss 

deL
 Reconstruction loss 
( )   Activation function 

  Network parameters 
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2( , )   Mean and variance parameters predicted by the model 
W  Trainable weight matrix in neural networks 
ija
 Attention coefficient between node i and node j 

globA  Trend matrix of process variables 
, ,Q K V  Query, key, and value matrices in Transformer 

kd
 Dimension of the input feature in Transformer 

  A constant weight factor in the loss function 
  Hadamard product (element-wise multiplication) 
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