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Abstract. With the explosive growth of data scale, the high-dimensional sparsity, dynamic evolution 
and multi-source heterogeneity of complex data sets have brought great challenges to traditional 
statistical modeling methods. Machine learning provides a new paradigm for complex data modeling 
with its ability of nonlinear function approximation and automatic feature learning. However, the pure 
data-driven machine learning model has some problems such as poor interpretability and insufficient 
robustness. This article proposes a Dynamic Statistical Constrained Deep Learning (DSC-DL), which 
integrates techniques such as graph neural networks (GNN), Bayesian dynamic regularization, and 
multimodal variational encoders to address the challenges of complex data. DSC-DL deals with high-
dimensional sparsity by structural feature selection and graph embedding dimension reduction 
technology, captures dynamic evolution by time-aware hidden variable modeling, and realizes multi-
source heterogeneous fusion through joint variational inference and adaptive fusion mechanism. In 
this paper, the generalization error bound of DSC-DL under dependent identically distributed data is 
derived, which provides theoretical guarantee for its robustness. Experimental results on financial 
fraud detection, social topic prediction and cancer typing diagnosis show that DSC-DL can effectively 
handle complex data sets, and shows excellent prediction performance, robustness and 
interpretability. 

Keywords: Machine Learning; Mathematical Modeling; Statistical Analysis; Complex Datasets; 
Dynamic Statistical Constrained Deep Learning. 

1. Introduction 

With the rapid development of Internet of Things, social networks and bioinformatics, the scale 

and complexity of complex data sets increase exponentially. This kind of data generally has three 

characteristics: (1) high-dimensional sparsity: for example, gene expression data contains tens of 

thousands of features but the sample size is only a few hundred cases; (2) Dynamic evolution: user 

behavior in social networks presents non-stationary distribution with time; (3) Multi-source 

heterogeneity: Intelligent medical system needs to deal with numerical examination indexes, text 

medical records and image CT scanning at the same time [1]. Traditional statistical modeling methods 

are based on parameter assumptions and independent and identically distributed assumptions, which 

face the double challenges of dimension disaster and model misplacement when dealing with such 

data [2]. 

Machine learning provides a new paradigm for complex data modeling through nonlinear function 

approximation and automatic feature learning. The breakthrough of deep neural network in the fields 

of image recognition and natural language processing verifies its effectiveness in processing high-

dimensional data. However, the pure data-driven machine learning model has the characteristics of 

"black box", which is difficult to meet the decision-making reliability requirements of financial risk 

control and clinical diagnosis scenarios [3-4]. In recent years, the cross-integration of statistical 

learning theory and machine learning has become a research hotspot. The framework of "algorithm 

model" and "data model" proposed by Breiman [5], Pearl's causal inference theory [6], and the 

application of Wasserstein Generated Antagonistic Network (WGAN) in out-of-distribution detection 

all reflect the complementary requirements of statistical rigor and machine learning flexibility [7]. 

There are still three unresolved contradictions in current research: (1) the balance between model 

complexity and interpretability: deep forests enhance interpretability through cascading forest 

structures, but feature interaction analysis still relies on ex post interpretation [8]; (2) Model 
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robustness in dynamic environment: In online learning scenario, concept drift leads to model 

performance degradation, and the false alarm rate of existing adaptive methods is as high as 23% 

under non-stationary distribution [9]; (3) Synergy between statistical validity and computational 

efficiency: Although Bayesian optimization can provide uncertainty quantification, its MCMC 

sampling process takes several hours in a million-dimensional parameter space [10]. 

This research breaks through the linear assumption and static framework of traditional modeling, 

and proposes the dynamic statistical constrained deep learning (DSC-DL). Its innovative value is as 

follows: (1) At the methodological level, the probability graph model is embedded in the neural 

network architecture, and end-to-end training is realized through variational inference; (2) 

Theoretically, the generalization error bound of the mixed model is deduced, and its convergence 

under dependent identically distributed data is proved; (3) Application level: In the scene of financial 

fraud detection, the experimental results show that this method significantly improves the robustness 

of the model to distribution bias and the interpretability of decision-making while maintaining the 

performance of deep learning prediction. 

2. Methodology 

The design framework of DSC-DL method is shown in Figure 1, and its core idea is a combination 

of graph neural network (GNN), Bayesian dynamic regularization and multi-modal variational 

encoder, aiming at meeting the challenges of high-dimensional sparseness, dynamic evolution and 

multi-source heterogeneity in complex data [11]. In order to solve the problem of high-dimensional 

sparsity, the framework adopts structural feature selection and graph embedding dimension reduction 

technology to extract key information and compress data space; Aiming at the dynamic evolution, 

time-aware hidden variable modeling is introduced to capture the law of the system changing with 

time; For multi-source heterogeneity, collaborative learning and unified representation of different 

modal data are realized through joint variational inference and adaptive fusion mechanism, thus 

constructing a unified learning framework with expressive power and robustness. 

 

Figure 1. DSC-DL design framework 

2.1. High dimensional sparsity processing 

The processing strategy based on structured feature selection is proposed. Its core is to guide the 

model to automatically screen key features in the training process by introducing a feature importance 

constraint loss function  that combines the prior knowledge of graph structure. 

                      (1) 

Where  is the number of samples and  is the characteristic dimension;  is the weight 

parameter of the feature; is the characteristic relation diagram constructed by prior knowledge; 

 is L1 regularity strength (controlling sparsity), and  is graph smoothing constraint strength. 

In the design of loss function, the graph structure constraint is introduced, that is, the smoothness 

constraint is imposed on the model parameters corresponding to the connected nodes in the feature 
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relation graph. The relational graph  can be constructed based on domain knowledge, such as gene 

pathway network or financial transaction association network, to express the topological relationship 

between different features. By minimizing the difference between the connected feature parameters, 

the model tends to keep feature subsets closely related to each other, which enhances the 

interpretability of the selection results and the consistency of biological/business logic. 

The innovation of this method lies in the deep integration of traditional feature selection 

mechanism and graph structure information, which goes beyond the screening method of relying 

solely on statistical significance or independent weight threshold. By adjusting the hyperparameter 

, the degree of sparsity and structural consistency can be flexibly weighed, and the information 

loss caused by randomly discarding important features can be effectively avoided, thus improving the 

stability and generalization ability of the model under high-dimensional sparse data. 

2.2. Dynamic evolutionary modeling 

Bayesian dynamic regularization strategy is adopted to integrate time-aware hidden variable 

modeling into neural network framework. Construct a state space model, including observation 

equation and state equation; 

                               (2) 

                                  (3) 

Where  is the time step,  is the neural network mapping function, and is the output 

layer weight. The observation equation maps the hidden state  to the observable output  

through the neural network, while the state equation describes the evolution process of the hidden 

state with time, which is driven by the state transition matrix  and Gaussian noise . 

The traditional state space model is combined with deep learning, and variational Kalman filter is 

introduced to infer and update the hidden state online. The quantitative ability of Bayesian method to 

uncertainty is retained, and the adaptability of Bayesian method to complex and nonlinear dynamic 

systems is improved. Through the variational inference of hidden state in the training process, the 

model can effectively capture the time-varying characteristics of data distribution, realize the robust 

modeling of non-stationary process, and enhance the accuracy and stability of prediction. 

2.3. Multi-source heterogeneous fusion 

A multimodal learning framework based on joint variational inference is proposed. According to 

the characteristics of different modes, the model designs a special variational encoder  for each 

mode, which is used to extract the hidden variable representation  of each mode. By maximizing 

the Evidence Lower Bound ( ELBO), the model takes into account the reconstruction accuracy and 

the closeness of the hidden variable distribution to the prior  in the learning process, thus 

realizing the probabilistic modeling of complex multimodal data [12]. 

                     (4) 

After obtaining the implicit representation of each mode, the framework adopts adaptive attention 

fusion network  for cross-modal integration. The hidden variables of each mode are first aligned 

through the learnable projection matrix , then spliced to form a joint representation , and 

finally the weights of different modes are dynamically allocated by the attention mechanism to 

achieve efficient information fusion. 
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                                 (5) 

Where  is the modal number (numerical value/text/image) and  is the controllable 

decoupling strength (balance indicates learning and prediction tasks). 

3. Derivation of generalization error bound 

In this paper, the generalization error bounds of DSC-DL model are derived in the non-independent 

and identically distributed real scene, which provides a theoretical guarantee for its robustness. The 

error bound consists of three terms: complexity term, statistical error term and distribution offset term: 

                      (6) 

Where  is the Rademacher complexity of the function class  and is the total 

variational distance of the training/testing distribution. 

The complexity term describes the capacity of the model hypothesis space through Rademacher 

complexity , and is influenced by - mixing coefficient, reflecting the effect of data time 

dependence on learning stability; The statistical error term decreases with the increase of sample size 

, which reflects the convergence of learning process. The key point is the introduction of distribution 

offset term , which quantifies the influence of the distribution difference between 

training and test data on generalization performance. This theorem shows that even in the case of 

distribution drift, as long as the total variation distance is controlled and the regularization mechanism 

is designed reasonably, the model can still guarantee good generalization ability. 

4. Experimental design and result analysis 

4.1. Data set 

The experiment uses three typical data sets to verify the model: 1.2 million financial fraud 

transaction data in the internal system of the bank (152 dimensions, the fraud mode changes suddenly 

with the policy), 580,000 social network behavior data obtained by Twitter public API (including text 

and graph structure, and the topic drifts with hot events), and 10,000 cancer gene expression data in 

TCGA database (20,000 dimensions, the gene interaction evolves dynamically with treatment), 

covering the characteristics of high-dimensional sparseness, multi-source heterogeneity and dynamic 

evolution. 

4.2. Experimental setup 

Using dynamic training strategy, the data batches are traversed in time sequence, and the hidden 

state is updated by variational Kalman filter to capture the time sequence dynamics, and the attention 

mechanism is used to fuse multi-modal representation. The loss function combines feature selection, 

time regularization and variational lower bound to jointly optimize the model parameters. 

4.3. Result analysis 

The experimental results show that DSC-DL is significantly superior to the baseline model in three 

tasks (see Table 1). In the tasks of financial fraud detection, social topic prediction and cancer typing 

diagnosis, its AUC reaches 0.983, 0.927 and 0.891 respectively, which is significantly higher than 

the mainstream methods such as XGBoost, LSTM and DeepFM, which verifies the comprehensive 

advantages of this model in dealing with high-dimensional sparse, dynamic evolution and multi-

source heterogeneous data. 
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Table 1. Comparison of prediction accuracy 

Model Financial fraud detection Social topic prediction Cancer typing diagnosis 

XGBoost 0.902 0.821 0.769 

LSTM 0.931 0.853 - 

DeepFM 0.947 0.879 0.802 

DSC-DL 0.983 0.927 0.891 

 

In the financial fraud detection scenario, DSC-DL shows excellent robustness in the face of 

significant distribution deviation caused by policy adjustment in the second half of 2023. As shown 

in Figure 2, compared with the Transformer model, whose performance dropped sharply in September 

(AUC attenuation was 0.098), DSC-DL only experienced a slight performance loss of 0.021, and the 

lowest AUC remained at 0.962, which verified its stable prediction ability in the abrupt environment. 

By visualizing the multi-modal attention weight in each application scenario, it is found that the 

contribution of different modes in a specific task is significantly different (Figure 3). In the detection 

of financial fraud, the weight of text features is the highest, reaching 0.51, indicating that it is the 

most critical to decision-making; In the task of cancer diagnosis, numerical features occupy a 

dominant position, with a weight of 0.62, which shows its core role in medical scenes. This shows 

that the model can adaptively attach importance to the most relevant input information according to 

the task requirements. 

 

Figure 2. Financial scenario changes by month AUC 

 

Figure 3. Attention weight of each mode 
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5. Conclusion 

The probability graph model is embedded in the neural network architecture, and the end-to-end 

training is realized by variational inference. DSC-DL has achieved innovation in methodology. 

Theoretically, the generalization error bound of the mixed model is derived, and its convergence 

under dependent identically distributed data is proved. On the application level, the experimental 

results show that DSC-DL is significantly superior to the baseline model in the tasks of financial 

fraud detection, social topic prediction and cancer typing diagnosis, especially in dealing with 

distribution deviation, showing excellent robustness and decision interpretability. In addition, by 

visualizing the multimodal attention weight in each application scenario, it is verified that the model 

can adaptively attach importance to the most relevant input information according to the task 

requirements. DSC-DL provides a new and effective method for mathematical modeling and 

statistical analysis of complex data sets, and has broad application prospects. 
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