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ABSTRACT 
Speech-text multimodal large model as a key tool in the operation of the power industry, its fault 
prediction performance directly affects the operational safety of mechanical equipment, this paper 
designs a detailed scheme for the optimization of its performance. Firstly, the structural design of the 
unimodal model is discussed, and the audio classifier based on Wav2Vec2 and the text classifier based 
on BERT are used to pre-train the model. Based on the above foundation, a multimodal model is 
introduced, with the cross-attention mechanism as the fusion strategy, so that the different modal 
information in the deep neural network is fused with each other, thus improving the accuracy and 
robustness of the recognition task. After completing the fault feature extraction task, on the premise 
of introducing the relevant theory of BNN, the structure of BBN is optimized, and after fusing the HC 
algorithm, BIC and annealing idea, the fault diagnosis method based on the improved BBN network is 
constructed by combining the fault feature extraction method in the electric power industry and the 
optimized BBN method. The effectiveness of the method is verified through simulation experiments. 
The prediction accuracy of this paper's method for nine categories of fault data is above 90% at a high 
level, and the prediction accuracy of faults in some categories can reach 100%. The multimodal model 
fusion strategy proposed in this paper significantly improves the performance of fault feature 
recognition, in addition, the fault diagnosis method based on the improved BBN reduces the 
computational volume of the model and improves the fault prediction ability of the model. 
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1. Introduction 

Under the continuous improvement of social economy and people's living standards, the demand for 
household electricity and industrial electricity is increasing, and the direction of the development of 
the power system is also gradually approaching large-scale and intelligent. In the context of the 
increasing scale and complexity of the structure of the power system, the risk of failure in it is also 
correspondingly elevated, attracting people's attention and attention [1-2]. Nowadays, digital 
technology has been widely used in the power industry. At present, the research on power system fault 
diagnosis is mainly based on some information to identify, after the occurrence of faults, the use of 
power system in the structure, important devices and other information to identify the type of fault, 
the location of the fault in the power system to judge, and the possible causes of the failure to be 
analyzed, which illustrates the importance of the practical signiϐicance of the fault diagnosis research 
[3-6]. With the expansion of the scale of the power system, a large amount of information will enter 
the system after a fault occurs, and this information, in addition to the normal fault information, may 
contain a large amount of redundant information and error information, so that the operation and 
control personnel can accurately analyze and judge the faults that occur [7-8]. So that the timeliness 
and efϐiciency of fault handling can be realized to reduce the losses caused by faults, which requires a 
complete set of fault diagnosis system to judge and analyze the faults [9-10]. In order to guarantee the 
stability, reliability, economy and quality of the power system and other aspects of the operational 
requirements, on the one hand, to achieve the power system failure rate control, on the other hand, to 
shorten the repair time after the occurrence of faults, can be in-depth discussion of the power system 
fault characterization and fault diagnosis methods and related theories, fault prediction methods of 
the power system for related research [11-12]. Optimization of the multimodal large model of speech 
text in the power industry based on Bayesian network can improve the accuracy of the diagnosis 
results of large-scale power grids under the situation of large amount of missing data, which can help 
to improve the fault prediction ability of the power industry, and then ensure the safe and stable 
operation of the power system [13-15]. 

In this paper, we ϐirst use a pre-trained model based on Transformers encoder and a BERT model 
for speech and text feature coding, respectively, and use an extended cross-attention mechanism for 
multimodal fusion. Based on the optimization needs of Bayesian network structure, a random restart 
hill-climbing algorithm is incorporated to optimize the Bayesian network structure based on the 
Bayesian information criterion. And the annealing idea is integrated in this optimization algorithm, 
and ϐinally the fault feature extraction method for power industry proposed in this paper is combined 
with the optimized Bayesian network structure method to propose a fault prediction method based 
on improved BBN. The efϐicient performance of fault feature extraction and fault prediction of this 
paper's model is veriϐied by using case analysis respectively, which is of certain reference value for the 
upgrading research of fault prediction technology in the power industry. 

2. Overview 

In modern society, electricity is essential in people's lives, and its status in the development of the 
national economy is also higher and higher, and people's lives are more and more dependent on 
electricity, and at the same time, the stability and safety of the power system has begun to become a 
common concern. Literature [16] based on data-driven establishment of multiple power equipment 
failure prediction maintenance scheduling model, with multiple power transformer maintenance as 
an example of experimental analysis, the results verify the superiority of the proposed maintenance 
scheduling model in reducing costs and improving system stability. Literature [17] focuses on various 
fault prediction and localization methods in traditional distribution networks, smart grids and 
microgrids, aiming to ϐind out more accurate and fast fault prediction and localization methods for 
distribution networks to improve reliability, fast restoration, optimization of power consumption and 
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customer satisfaction. Literature [18] proposed a wind turbine fault prediction and diagnosis method 
based on SCADA data, and empirical analysis conϐirmed that the proposed method can predict the 
remaining service life of a generator up to 18 days in advance and has high accuracy in diagnosing 
speciϐic types of generator faults. Literature [19] analyzes the early fault detection and classiϐication 
of industrial equipment with respect to three fault types: spikes, bias and jammed sensor data, in 
which a powerful Extreme Gradient Enhancement (XGBoost) machine learning method is utilized, and 
the experimental results show the effectiveness of XGBoost in reducing the number of false alarms and 
improving the reliability of early fault detection, and the research provides a reference value for the 
ϐield of predictive maintenance in the IoT industry. The research provides a reference value for the 
ϐield of predictive maintenance in the IoT industry. Literature [20] proposed a power transformer fault 
prediction method based on transformer oil spectroscopy and data mining analysis, and 
experimentally veriϐied that the proposed method can effectively and accurately predict low-energy 
discharges, high-energy discharges, and thermal faults in power transformers at temperatures above 
700°C. The optimal absorbance-wavelength combination that can improve the prediction accuracy 
was also determined. Literature [21] proposed a hybrid data mining method for power system fault 
classiϐication and prediction based on clustering, association rules and stochastic gradient descent in 
order to accurately categorize and predict power system fault types, and veriϐied the feasibility of the 
method through an example analysis, which has global optimality and high prediction accuracy. 

3. Multimodal Large Model of Speech-Text in Power Industry 

3.1. Structural design of the unimodal model 

The Mel Frequency Cepstrum Coefϐicient (MFCC) features are extracted from the raw audio to form a 
spectrum [22], and then the features are further feature extracted and classiϐied using 2D convolution. 
In this paper, the use of recurrent neural networks or Transformers class of networks that have 
stronger ability to extract serialized information will have better results. 

Therefore, this paper chooses Wav2Vec2. In the pre-training stage of the model, self clustering and 
mask self-supervision are used for pre-training, for the input audio features, randomly masking off 
some frames to the encoder, and using the Transformers-based encoder structure to predict the actual 
representations at the masks in an on-line clustered code list with corresponding quantization 
matches. For the Chinese downstream task, this paper uses the starting point of the English pre-
training model and the starting point of the Chinese pre-training model for ϐine-tuning, respectively. 
The Bi-directional Encoder Representation Technique (BERT) model is used to encode, obtain 
sentence vectors and classify them to get the predicted results. 

3.1.1. Wav2Vec2 based audio sequence classiϐier. The Contextual Transformers encoder is a module 
that follows Wav2vec2 [23] for deeper processing of the output of the feature encoder. This module 
uses the Transformer architecture. A convolutional layer is also used as relative position embedding. 
Finally, the output is processed by layer normalization. 

The Quantization module is used to discretize the output of the feature encoder into a ϐinite set of 
speech representations. The module also uses the Gumbel Softmax method. 

Gumbel Softmax allows discrete codebook entries to be selected in a fully microscopic manner. Use 
the pass-through estimator and set up a G  hard Gumbel softmax operation. Feature Encoder Output 
z  maps to G Vl    Logits and selects the v th codebook entry as the probability of group g : 
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The objective function for pre-training consists of two parts: the contrast loss function and the 
codebook diversity loss function.The Objective function can be expressed as the following equation: 

 m dL L L   (2) 

where mL  is the contrast loss, dL  is the codebook diversity loss, and   is a hyperparameter. 

In the contrast learning task, given the context network output tc  on the masked time step t , the 
model needs to recognize the true quantized potential speech representation 0q   among a set of 
quantized candidate representations q Q  , including q  , and K   interference terms that are 
uniformly sampled from other masked time steps of the same discourse. The loss function mL   is 
deϐined as: 
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where the cosine similarity between the contextual representation and the quantized potential speech 
representation is computed. 
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By maximizing each codebook ip   in which the codebook distribution does not contain gumbel 
noise or temperature, theloss is shown below: 
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3.1.2. BERT-based text classiϐier. BERT [24] uses a bidirectional Transformer encoder as its 
infrastructure. An unsupervised pre-training method is used to learn a generic language 
representation. In the pre-training phase, the input to the BERT model is a text sequence containing 
both (MLM) tasks and (NSP) tasks. After pre-training is completed, the BERT model can be trained on 
speciϐic tasks by means of ϐine-tuning. In the ϐine-tuning phase, the BERT model is trained on a task-
speciϐic dataset and the model parameters are adjusted according to the labels of the pending tasks. 

In order to convert the word-level vector representation into a sentence-level vector representation, 
an average pooling approach can be used here. That is, by adding up all contextually relevant word 
vectors and dividing by the total number of words in the sentence, the ϐinal hidden layer state sequence 

 0 1, , , nH h h h  , sentence vector V , for a model of length n , can be represented as: 
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After obtaining the vector representation of the sentence, it can be fed into a fully connected layer 
for classiϐication. In this way, BERT can effectively capture the semantic information of the sentence. 

3.2. Modal fusion strategies using cross-attention mechanisms 

3.2.1. Attention mechanisms. Through the attention mechanism, the model can enhance or diminish 
attention to different locations in the input sequence based on the importance of those locations, thus 
improving the performance of the model. 

3.2.2.Self-attention mechanisms. In the traditional self-attention mechanism, the model treats each 
position in the input sequence as the model treats each position in the input sequence as a query, key, 
and value, and uses this information to compute an attention weight for each position. 
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3.2.3. Cross-attention mechanisms. Cross-attention [25] is a commonly used attention mechanism 
in multimodal tasks, which extends the self-attention mechanism. 

For this task, cross-attention can be introduced in the encoder to handle two different input types, 
speech and text. The operation ϐlow within the modal fusion layer of the cross-attention mechanism is 
shown in Fig. 1. 
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Fig. 1. Interfocus mechanism mode fusion layer operation 

Suppose there are L layers, where the l nd layer contains a BERT layer and a Wav2Vec2 layer. Let 

lBERT  denote the BERT model of layer l  and 2 22lWav Vec  denote the Wav2Vec2 model of layer l . 

For a text sequence  0 0 0
1 2, , , nT t t t    and an audio signal  0 0 0

1 2, , , mA a a a   , where n   and m  

denote the lengths of the text sequence and the audio signal, respectively. First, the output of the audio 
layer  ,1 ,2 ,, , ,l l l l

A A A A mH h h h   is obtained by self-attention coding the hidden layer state of the audio 

signal from layer 1l   at layer 11: 

   1 1 1
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Next, the output of the audio layer is used as the keys (Key) and values (Value) of the text layer, and 
the text sequence is used as a query (Query) for cross-attention coding: 
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The text sequence and the audio signal are jointly encoded. The obtained  ,1 ,2 ,, , ,l l l l
A T T T nH h h h   

represents the output of the text content in layer l . 
Finally, the hidden layer state ,

L
T nH  of the last text layer is input into a linear layer after average 

pooling in the sequence dimension and a Sigmoid function is used to obtain the probabilistic result of 
the rejection p : 
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where Linear denotes a linear layer that maps the hidden layer states to a binary classiϐication result. 

4. Fault diagnosis method based on improved BBN 

4.1. BBN network 

Bayes' theorem describes the relationship between 2 conditional probabilities, usually the probability 
of event A  conditional on the occurrence of event B  is different from the probability of event B  
conditional on the occurrence of event A  , but there is a deϐinite relationship between the two. 
Conditional probability is speciϐic, remember the probability of event A  occurs as ( )P A , event B  
occurs as ( )P B , then in the B  event occurs under the premise of A  event occurs the probability 
of the conditional probability that is the conditional probability, recorded as ( | )P A B . 
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( | )
( )

P AB
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P B
  (11) 

The Bayesian formula is based on conditional probability, where ( | )P B A  is used to ϐind ( | )P A B : 
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BBN is a typical directed graph model. In this paper, the BIC method in the score-based structure 
search algorithm combined with the improved HC algorithm is selected for BBN structure learning. 

The BIC is based on Bayes' theorem and takes into account the trade-off before the complexity of 
the model and the ϐit of the data.The formula for the BIC is shown in equation (13), where L 
represents the likelihood function of the data, k  represents the number of estimated parameters in 
the model, and n  represents the amount of data. 

 2 ln( ) * ln( )BIC L k n    (13) 

The scoring formula based on Bayesian scoring criterion is shown in equation (14), where m  
denotes the sample size. 
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The set BIC score for variable iX  is: 
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Then the ϐinal BIC score formula for variable iX  is obtained: 
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4.2. Improved HC algorithm combined with BIC for learning BBN structures 

The HC algorithm is a classical heuristic among many BBN structure learning methods, and is 
essentially a greedy algorithm. The algorithm combines the scoring criterion to make local 
adjustments to the current structure of the BBN, and contains a total of three methods: increasing 
edges, decreasing edges, and reversing edges. When carrying out these three operations, ϐirstly, we 
need to ensure that the generated new network structure does not contain loops, and then according 
to the scoring criterion to calculate the scoring of each step to generate a new network, and select the 
optimal structure scoring, if the new scoring is smaller than the scoring of the previous network 
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structure, the operation is valid, and based on the operation, the network structure is updated, and 
vice versa, the search is stopped and the current model is returned. 

It can be concluded from the description and analysis of the HC algorithm that, due to its greedy 
search, it is easy to make the BBN structure fall into a local optimum, and this problem is related to the 
directed acyclicity of BBN itself. Based on this, this paper proposes a method based on the annealing 
idea of RRHC algorithm combined with BIC to learn the BBN structure. 

The method ϐirst utilizes the HC algorithm for structure learning of BBN to generate the initial 
BBN.Subsequently, the HC algorithm is applied recurrently and the BIC is used to compute a score for 
each newly generated BBN structure.A smaller BIC value indicates a better model, and thus a 
progressively decreasing value of the BC score can be obtained. When the HC algorithm obtains a 
locally optimal solution for the BBN, the scoring value of its next network structure may will rise, which 
also means that the number of edges in the BBN may increase. At this time, the RRHC algorithm is used 
to re-select the network structure learning starting point and continue to learn the network structure. 
When the learning process reaches another local optimal solution, if the BIC score value of the optimal 
solution at this point is lower than the BIC score value of the previous optimal solution, this indicates 
that the new local optimal solution is closer to the global optimal solution, and therefore the iteration 
continues. The process draws on the annealing idea to determine whether to accept a new solution 
based on the Metropolis criterion. If the new solution is accepted, the algorithm does not stop by 
reaching the local optimum, but continues to iterate. The iteration will continue until the BIC score 
value stabilizes or the BIC score value of the last local optimal solution is higher than the BIC score 
value of the previous local optimal solution. Eventually, the network structure whose BIC scoring value 
stabilizes, or the network structure at the penultimate local optimal solution, is selected as the 
approximate global optimal solution. The ϐlowchart of the method is shown in Fig. 2. 
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Fig. 2. Improved RRHC algorithm 

4.3. Construction of fault diagnosis method based on improved BBN 

In this section, the fault feature extraction method based on LMD, time-frequency domain features and 
PCA and the BBN structure learning method based on the improved HC algorithm are used to construct 
the rotating machinery fault diagnosis method based on the improved BBN. The software used is 
Pycharm Community Edition.According to the previous analysis, the ϐlowchart of the rotating 
machinery fault diagnosis method based on improved BBN is shown in Fig. 3. 
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Fig. 3. Shows the ϐlow chart of the rotating mechanical fault of BBN 

The fault diagnosis method is divided into three main parts: data processing, structure optimization 
and fault diagnosis. 

1) Data processing. Based on the structural principle of the unimodal model, the original signal is 
characterized by time and frequency domain feature extraction through this model and the designed 
multimodal fusion strategy based on the cross-attention mechanism, and the feature matrix is 
obtained. The feature matrix is used as the input of the fault diagnosis method in this chapter. 

2) Structure optimization. Combine the idea of annealing with the improved HC algorithm (RRHC 
algorithm) for BBN structure learning, optimize the initial BBN structure, remove redundant edges, 
calculate lower BIC score values, and obtain a better network structure. 

3) Fault diagnosis. The feature matrix after dimensionality reduction is discretized and the CPT of 
each node is calculated, combined with the generated globally optimal network structure, for the test 
set to achieve fault diagnosis. 
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5. Example analysis of fault prediction algorithms in the power industry 

5.1. Multimodal feature extraction for power sector faults 

In order to visually represent the feature extraction capability of the multimodal model designed in 
this paper, the two-dimensional feature vectors output from this model are plotted, and the results of 
the image presentation are shown in Fig. 4. As a comparison, for the output vectors of the multimodal 
model using the cross-attention mechanism, the principal component analysis (PCA) based on linear 
transformation was used for dimensionality reduction. PCA compresses the data space and projects 
the main components into two-dimensional rectangular coordinates, and the output is shown in 
Figure 5. 

The multimodal model produces two-dimensional features with x-coordinates between (-80,80) 
and y-coordinates between (-80,80) and is more evenly distributed. It shows that different classes 
converge into different clusters and the overlap between different clusters is small. After being 
processed by the multimodal model, the mapped 2D features have good distinguishing characteristics 
between them. Therefore, the multimodal model based on the cross-attention mechanism has a 
powerful nonlinear feature extraction capability. 

The 2D features generated by PCA have x-coordinates between (-9,9) and y-coordinates between (-
6,7), but the distribution of the points is concentrated in a speciϐic range, speciϐically, x-coordinates 
between (-3,3) and y-coordinates between (-3,2). It shows that there is a large overlap between the 
different clusters, in other words, the 2D features generated by PCA cannot distinguish between the 
different classes. This is due to the fact that PCA extracts semantic features based on linear 
transformations, thus limiting the ability to analyze the underlying text data. Therefore, in text mining, 
multimodal models based on cross-attention mechanism have better feature extraction capability than 
PCA. 

 

Fig. 4. The two-dimensional eigenvectors of the output of this article 



BAYESIAN NETWORK-BASED MULTIMODAL LARGE MODEL 7973 

 

 

Fig. 5. The PCA performs the two-dimensional eigenvectors of the output 

In addition, in order to intuitively and visually represent the semantic correlation between texts, the 
PCA method is used to reduce the dimensionality of the word vectors output by word2vec, and 
clustering is carried out in the two-dimensional space, and the clustering results are shown in Fig. 6. 
Among them, the words in the black round box are the input speciϐied words, and the ϐive words that 
are semantically closest to the speciϐied words are shown. In the lower left corner of the ϐigure, for the 
speciϐied word “thermometer”, it is semantically similar to “thermometer” and “oil thermometer”, and 
the two-dimensional coordinates of these three are not far apart. The semantics of “thermometer” and 
“lid” are quite different, and their two-dimensional coordinates are far apart. And for the speciϐied 
words such as “mild”, “box lid” and “color change”, the distance from their coordinates is closely related 
to the semantic correlation, therefore, the output of word2vec can be mapped to the Therefore, the 
output of word2vec can be mapped to the feature space, and the semantic relevance can be 
represented by the clustering distance of the words in the space. 

 

Fig. 6. Maps to the clustering results of two dimensional Spaces 
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5.2. Model Failure Prediction Capability Analysis 

In order to illustrate the effectiveness of this method, a typical power system is analyzed as an example, 
and an extended Bayesian network is established for the failure of component B5. According to the 
principle of B5 associated relay protection action and the time limit of relay protection action, the time 
sequence of the associated relay protection action after the failure of component B5 can be obtained, 
and according to the method of identifying abnormal information, the determination of abnormal 
information is carried out. 

The simulation software adopts Netica, which is a graphical interface and can realize the inference 
function of Bayesian network. According to the fuzzy rules of the alarm information to determine the 
abnormal information, the IFO node values of the component nodes that do not exist abnormal 
information are all taken as 1, and the original node probability value replacement is not carried out. 
The IFO node probability of component nodes with abnormal information is assigned a value and 
calculated after replacing the original node probability value, as a method to increase the number of 
trusted nodes in the network. 

Thirty component failure scenarios (including bus faults, line faults, transformer faults, etc.) of this 
typical power system are veriϐied and accurate results are obtained in all cases. By applying the 
proposed extended Bayesian network method for diagnosis, not only the faulty components can be 
obtained, but also the components with abnormal information can be determined. In order to visualize 
the probability change, the probability change of the simulation process of the 1st test is plotted and 
the change process is shown in Fig. 7. 

The results show that the probability of B5 failure in the diagnostic results changes after each relay 
associated with B5 is actuated. However, when L4rs actuates, the probability of B5 failure decreases 
to 48.5%. This is because failures of other components can also cause L4rs to actuate, and the 
probability of a failure of B5 after a series of relay actuations is almost 100%. The above results show 
that the faulty component is B5 in test #1 of the simulation. By categorizing the anomaly information, 
the information about the mis-actuated and rejected components can also be obtained. The simulation 
process shows the characteristics of applying extended Bayesian network for fault diagnosis: the 
completeness of the information of the relays that are spatially close to the components has a great 
inϐluence on the results, and the diagnosis results can be obtained from the action information of only 
a few relays in the individual tests, which greatly accelerates the diagnosis of faults. 

 

Fig. 7. B5 failure probability change process 
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The collected power system fault simulation data are processed, and each six-dimensional data 
sample is taken as the input, and the two-dimensional coordinate points are output, which are 
downgraded, and different colors represent different categories of data. Cluster analysis of the 
dimensionality reduction of the sample, the clustering results are obtained as shown in Figure 8, the 
10 training sets obtained in the cluster analysis, respectively, the labeling of each training set, due to 
the occurrence of different types of faults, there will be some of the same signs appear, which results 
in the phenomenon of overlap of the category occurs, in addition to the system steady-state operation 
of the normal information, the remaining 9 categories for the system self-balancing set, as well as a 
variety of fault data sets, so it is necessary to take the sample data to test the type of fault data 
corresponding to the category labels. The clustering labels are shown in Table 1. 

 

Fig. 8. Cluster result 

Table 1. Different data tags 

Data type 
Single 

circuit fault 

Two short 

circuit faults 

Two short circuit 

ground fault 

Three-

phase fault 

System self-

balancing data 

Steady state 

running data 

Label 

category 
1,6 4,7 5,8 2,3 9 0 

 
After clustering the data labels are obtained, the training sets of different categories are obtained, 

the corresponding training sets are used to train the Bayesian network respectively after eliminating 
the steady state running data sets to obtain the Bayesian prediction model, the samples of the test set 
are selected and input into the Bayesian prediction model, and the confusion matrix of the predicted 
results is obtained by following the process of solving the Bayesian prediction model, the confusion 
matrix is shown in Fig. 9. 

In the confusion matrix each column represents a different prediction category, and the sum of the 
column elements represents the total number of data in the category. The rows represent the category 
to which the data really belongs, the element sums represent the number of data instances, and the 
values in the diagonal lines represent the number of real data predicted for that category. The 10 
training sets obtained in the cluster analysis, in which the steady state operation data were partially 
excluded from the training, the remaining 9 classes are the system self-balancing data set as well as 
the various fault data sets, the system self-balancing data has the highest number of samples, as can 
be seen in the prediction of Fig. 9, the 9th class has the highest number of correct predictions, 405, and 
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the prediction accuracy is 100%. The prediction of the remaining 8 categories of fault data also yielded 
good results, and the category in which the test samples were categorized indicates that there is a 
likelihood that the fault corresponding to the category will occur. Since the samples are all obtained 
from Matlab simulation, with less perturbation and better sample divisibility, the overall prediction 
correctness for the test samples is relatively high, above 90%, and the overall prediction correctness 
meets the demand of the power industry. 

 

Fig. 9. The prediction results confuse the matrix 

6. Conclusion 

In this paper, a multimodal large model optimization method for speech text based on Bayesian 
network approach is proposed to be applied to system fault prediction in the power industry, and an 
arithmetic example analysis is carried out based on actual operation data. The main conclusions 
obtained are as follows. 

1) The 2D features generated by this model are uniformly distributed, with different classes 
converging into different clusters, and there is almost no overlap between the clusters, while the 2D 
features generated by PCA are concentrated in a speciϐic range, and there is a large overlap between 
the different clusters. As a result, the 2D features generated by PCA cannot distinguish feature classes. 
And the 2D features mapped by the model in this paper can distinguish feature categories better. It 
shows that the speech-text multimodal model in this paper has more powerful feature extraction 
ability for power industry fault features. 

2) The prediction accuracy of this paper's model still reaches 100% on the basis of a large number 
of predicted faults in the 9th category. The prediction accuracies of the remaining 8 classes of fault 
data are also at a high level, indicating that the overall prediction accuracy of this paper's fault 
diagnosis method based on the improved BBN on the test samples reaches the design standard, and 
the optimization of the speech-text multimodal large model of the electric power industry based on 
the Bayesian network has been completed in a better way. 
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