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Abstract: Deep learning has revolutionized fields such as computer vision and natural language processing, yet its 

theoretical foundation remains an area of active research. This paper provides a comprehensive review of the core theories 

underpinning deep learning, encompassing the principles of neural networks, the backpropagation algorithm, and the 

expressive characteristics of deep architectures. We analyze four prominent neural network architectures: feedforward 

neural networks, which serve as the foundational framework; convolutional neural networks (CNNs), which achieve 

breakthroughs in image processing through localized receptive fields; recurrent neural networks (RNNs), which excel in 

sequence modeling; and Transformers, which leverage self-attention mechanisms to enhance performance across diverse 

tasks. Furthermore, we systematically trace the evolution of optimization algorithms, from stochastic gradient descent (SGD) 

to advanced variants such as Adam, and discuss regularization techniques including Dropout and batch normalization. The 

paper also examines emerging trends, such as the rise of large-scale pre-trained models and frontier technologies like 

model compression. However, we highlight persistent challenges, including the escalating demand for computational 

resources and the inherent lack of interpretability in deep learning models. Addressing these issues is crucial for advancing 

the field and ensuring its sustainable development. 
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1. INTRODUCTION 
 

As a crucial branch of machine learning, deep learning has achieved breakthroughs in recent years in computer 

vision, natural language processing, speech recognition, and other fields. From Hinton’s 2006 proposal of the deep 

belief network concept, to AlexNet’s outstanding performance in the 2012 ImageNet competition, to the recent 

emergence of large language models, deep learning has continually pushed the boundaries of AI applications. Yet 

this rapid progress has also left its theoretical foundations lagging. While practical results abound, core 

questions—why deep networks work, how to optimize them, and where their generalization ability comes 

from—remain under active academic investigation. Meanwhile, as architectures grow ever more complex and 

parameter counts skyrocket, ensuring high performance while improving training efficiency and reducing 

computational cost has become a critical challenge. This paper systematically reviews the foundational theoretical 

framework and core methods of deep learning, analyzes current research hotspots and trends, and offers 

researchers a comprehensive reference. Chen et al. (2022) proposed a one-stage object referring method with gaze 

estimation[1], while Peng et al. (2024) developed a dual-augmentor framework for domain generalization in 3D 

human pose estimation[7], building upon their earlier work on source-free domain adaptive human pose 

estimation[8]. Pinyoanuntapong et al. (2023) contributed to this field with self-aligned domain adaptation for 

mmWave gait recognition[9]. Medical imaging saw innovations from Chen et al. (2023) through generative 

text-guided 3D vision-language pretraining for unified segmentation[4]. In autonomous systems, Peng et al. (2025) 

introduced NavigScene, bridging local perception and global navigation for beyond-visual-range driving[6]. 

Machine learning applications span multiple sectors: Tong et al. (2024) created an integrated framework for credit 

card approval prediction[2]; Tian et al. (2025) developed cross-attention multi-task learning for digital 

advertising[3]; and Zhang et al. (2025) leveraged deep learning for carbon market forecasting[5]. 

Recommendation systems were enhanced by Wang (2025) through joint training for missing data scenarios[10], 

and Li et al. (2025) proposed GNN-enhanced sequential methods for cross-platform campaigns[12]. Privacy 

concerns were addressed by Li et al. (2025) with a federated learning framework for advertising 

personalization[11]. 

 

Various domain-specific applications emerged: Xu (2025) applied generative modeling to public space 

development[13]; Tu (2025) focused on modeling-driven NAS for regression detection[14]; Xie and Liu (2025) 

optimized industrial monitoring systems[15]; Zhu (2025) developed reliability engineering frameworks[16]; and 

Zhang (2025) created self-supervised ad delivery systems[17]. Business applications included Zhuang's (2025) 
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analysis of real estate marketing digital transformation[18], Han and Dou's (2025) multimodal recommendation 

method[19], and Zhang et al.'s (2025) AI-driven sales forecasting for gaming[20]. 

 

2. FOUNDATIONAL THEORY OF DEEP LEARNING 
 

2.1 Basic Principles of Neural Networks 

 

The basic unit of a neural network is the artificial neuron, whose mathematical model is: 

 

y = f(∑ wi
n
i=1 xi+b)                                                                         (1) 

 

where wi are the weight parameters, b the bias term, and f the activation function. Commonly used activations 

include ReLU , Sigmoid, and Tanh; among them, the ReLU function (f(x) = max(0, x)) is widely adopted for its 

computational simplicity and effectiveness in mitigating the vanishing-gradient problem. 

 

A multilayer perceptron is built by stacking multiple layers of neurons, with each layer’s output serving as the next 

layer’s input. Feedforward networks transmit information unidirectionally, from the input layer through hidden 

layers to the output layer. A network’s expressive power is closely tied to its depth and width; by the universal 

approximation theorem, a single hidden layer with enough units can theoretically approximate any continuous 

function, yet in practice deeper networks often perform better. 

 

2.2 Backpropagation Algorithm 

 

Backpropagation is the core method for training neural networks, using the chain rule to compute the gradient of 

the loss function with respect to each layer’s parameters. Let the loss function be L , the weights of layer I be W[1] ; 

the gradient is calculated as: 

 
∂L

∂W[l] =
∂L

∂z[l]
=

∂z[l]

∂W[l]                                                                        (2) 

 

The algorithm consists of two phases: forward propagation and backward propagation. Forward propagation 

computes the activations of each layer and the final output; backward propagation starts from the output layer, 

computes the error signal layer by layer, and updates the parameters. Specifically, for layer I , the error signal 

δ[I] =
∂L

∂
Z[I]

 depends on the error of the next layer: 

 

δ[l] = (W[l+1])
T
δ[l+1] ⊙ f ′(Z[l])                                                            (3) 

 

where ⊙ denotes element-wise multiplication. The time complexity of the algorithm is 0(W) , with w being the 

total number of weight parameters in the network, making it feasible to train large-scale networks. 

 

2.3 Theoretical Foundations of Deep Networks 

 

The expressive power of deep networks stems from their hierarchical feature-learning mechanism. From an 

information-theoretic perspective, deep networks progressively abstract the raw input into a high-dimensional 

feature space, achieving a step-wise representation from low-level features to high-level semantics. Bengio et al. 

showed that certain function classes require exponentially large shallow networks to represent, whereas deep 

networks can express them efficiently with only polynomial parameters. The optimization landscape of deep 

networks exhibits complex non-convex properties, containing numerous local optima and saddle points. However, 

studies reveal that local optima in high-dimensional space are often close to the global optimum, and stochastic 

gradient descent can effectively escape saddle points. Eigenvalue analysis of the loss function’s Hessian matrix 

indicates that negative eigenvalues (corresponding to saddle points) are more common than positive ones during 

training. Regarding generalization, traditional VC-dimension and Rademacher-complexity theories struggle to 

explain the generalization ability of deep networks. Emerging research, from perspectives such as implicit 

regularization and the inductive bias of gradient descent, has uncovered the intrinsic mechanisms behind the strong 

generalization performance of deep networks. 
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3. MAIN NETWORK ARCHITECTURES AND METHODS 
 

3.1 Feedforward Neural Networks 

 

Feedforward Neural Networks (FNNs) are the most fundamental neural network architecture, where information 

flows unidirectionally from the input layer to the output layer without any feedback connections. A typical 

Multilayer Perceptron (MLP) comprises an input layer, one or more hidden layers, and an output layer. Each 

neuron performs a weighted sum followed by a nonlinear activation function; common activations include ReLU, 

Sigmoid, and Tanh. The core learning mechanism is the backpropagation algorithm, which updates parameters by 

computing the gradient of the loss with respect to the weights. The expressive power of feedforward networks is 

guaranteed by the universal approximation theorem: a single hidden layer with sufficient width can approximate 

any continuous function. In practice, however, deeper networks perform better because of their stronger 

hierarchical feature extraction. Feedforward networks are widely used for basic tasks such as classification and 

regression and serve as foundational components for more complex architectures; their performance heavily 

depends on architectural design, activation function choice, and regularization strategies. 

 

3.2 Convolutional Neural Networks 

 

Convolutional Neural Networks (CNNs) are specifically designed to handle data with a grid-like structure, such as 

images. Their core operation is the convolution, in which learnable kernels slide across the input to extract features. 

Convolutional layers possess three key properties—local connectivity, weight sharing, and translation 

invariance—that drastically reduce the number of parameters and improve model generalization. A typical CNN 

architecture comprises convolutional layers, pooling layers, and fully connected layers. Pooling layers 

downsample feature maps to enhance robustness to positional variations, with max pooling and average pooling 

being the most common. The evolution from LeNet-5 to AlexNet, VGGNet, and ResNet illustrates the progression 

of CNN architectures: networks have grown deeper, incorporating techniques such as batch normalization and 

residual connections to mitigate the vanishing-gradient problem. CNNs have achieved breakthroughs in computer 

vision tasks, including image classification, object detection, and semantic segmentation. Modern CNN variants 

such as DenseNet and EfficientNet further optimize parameter efficiency and computational complexity. 

 

3.3 Recurrent Neural Networks 

 

Recurrent Neural Networks (RNNs) are designed for sequential data, distinguished by recurrent connections in the 

hidden state that allow the network to retain memory of past information. A standard RNN updates its hidden state 

ht=tanh(Wxhxt+Whhht-1+bh) recursively, theoretically capable of handling sequences of arbitrary length. 

However, standard RNNs suffer from vanishing and exploding gradients, making it difficult to learn long-term 

dependencies. To address this, Long Short-Term Memory (LSTM) networks introduce gating 

mechanisms—namely the forget, input, and output gates—that maintain long-term memory via a cell state. Gated 

Recurrent Units (GRUs) are a streamlined version of LSTM, using only reset and update gates for higher 

computational efficiency. RNNs and their variants excel in sequence modeling tasks such as natural language 

processing, speech recognition, and time-series forecasting. Bidirectional RNNs further enhance performance by 

processing both forward and backward sequence information simultaneously. Although the Transformer 

architecture has surpassed RNNs in some tasks, RNNs retain unique advantages in streaming and 

memory-constrained scenarios. 

 

3.4 Attention Mechanisms and Transformer 

 

The core idea of the attention mechanism is to allow the model to dynamically focus on information at different 

positions when processing a sequence, rather than relying solely on a fixed hidden state. Self-attention constructs 

representations by computing the relevance between every position in the sequence and all other positions, 

specifically by calculating attention weights through three matrices—Query, Key, and Value: Attention 
(Q, K, V) =  softmax (QKT̂/√dk)V. The Transformer architecture is built entirely on attention mechanisms, 

abandoning both recurrent and convolutional operations. In the encoder-decoder structure, multi-head attention 

enables the model to attend to different representation subspaces simultaneously, while positional encodings 

provide sequence position information. Residual connections and layer normalization ensure training stability in 

deep networks. Compared to RNNs, the greatest advantage of Transformer is its ability to parallelize computation, 

significantly improving training efficiency. 
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4. OPTIMIZATION TECHNIQUES AND DEVELOPMENT TRENDS 
 

4.1 Development of Optimization Algorithms 

 

Deep-learning optimization algorithms have undergone a crucial evolution from basic gradient descent to adaptive 

optimizers. Stochastic Gradient Descent (SGD), the foundational method, updates parameters using gradients 

estimated from mini-batches; its momentum variant accelerates convergence and reduces oscillation by 

accumulating historical gradient information. The emergence of adaptive learning-rate optimizers marked a major 

breakthrough. AdaGrad adaptively adjusts the learning rate by accumulating squared gradients, addressing the 

issue of differing update frequencies across parameters, but suffers from monotonically decreasing learning rates. 

RMSprop improves upon AdaGrad’s shortcomings via exponential moving averages. The Adam optimizer 

combines the strengths of Momentum and RMSprop, maintaining both first- and second-moment estimates of the 

gradient, and has become the most widely used optimizer in deep learning. Learning-rate scheduling strategies 

significantly impact training outcomes. Common strategies include step decay, cosine annealing, and cyclical 

learning rates. Warmup is especially important in large-batch training, gradually increasing the learning rate to 

avoid instability at the start of training. In recent years, AdamW has further improved Adam by decoupling weight 

decay, demonstrating superior performance in training large models such as Transformers. 

 

4.2 Regularization and Generalization Techniques 

 

Regularization techniques are key to preventing overfitting in deep networks and improving generalization. 

Dropout randomly drops some neuron connections during training, forcing the network to learn more robust 

feature representations; at test time, performance is boosted through an ensemble effect. DropConnect extends this 

idea by randomly dropping weight connections instead of neurons. Batch Normalization standardizes the 

distribution of layer inputs, accelerating training convergence and providing a regularization effect. Its success has 

inspired variants such as Layer Normalization and Group Normalization, which adapt to different network 

architectures and application scenarios. Weight Decay constrains model complexity by adding an L2 

regularization term to the loss function. Data augmentation generates new samples by applying transformations to 

training data, effectively enlarging the training set and improving the model’s robustness to data variations. Early 

Stopping prevents overtraining by monitoring validation-set performance. Recent innovations include label 

smoothing, Mixup data mixing, Cutout random masking, and others; these methods improve model generalization 

from different angles and have achieved notable results in practice. 

 

4.3 Current Trends and Challenges 

 

Deep learning is moving toward large-scale pre-trained models. Language models such as GPT and BERT have 

demonstrated the power of large-scale unsupervised pre-training: by pre-training on massive text corpora and then 

fine-tuning for downstream tasks, they achieve cross-task knowledge transfer. Models like ViT in vision and CLIP 

in multimodal domains further validate the effectiveness of this paradigm. The rapid growth in model scale brings 

computational-efficiency challenges. Model-compression techniques—including knowledge distillation, network 

pruning, and quantization—aim to reduce computational and storage overhead while preserving performance. 

Neural Architecture Search (NAS) automates network-structure design, improving the efficiency of architecture 

design. Key current challenges include: exponentially growing demand for computational resources, placing 

higher requirements on hardware and energy; insufficient model interpretability, limiting deployment in 

safety-critical domains; increasingly prominent issues of data privacy and fairness; and the need to improve 

few-shot learning and domain-generalization capabilities. Future directions may focus on efficient model 

architectures, interpretable AI  , federated learning, and neural-symbolic fusion, to achieve more intelligent, 

reliable, and efficient AI systems. 

 

5. CONCLUSION 
 

The evolution of deep learning reflects a progression from simple to complex architectures. Feedforward networks 

laid the foundation, convolutional networks exploited spatial locality, recurrent networks handled temporal 

information, and Transformers achieved global modeling. Each architecture is tailored to specific data 

characteristics, driving breakthroughs in its respective domain. Optimization techniques have advanced from basic 

gradient descent to adaptive optimizers, while regularization methods have steadily expanded, addressing practical 

training challenges. Today’s large models demonstrate the value of scaling, yet issues such as computational cost, 

model interpretability, and deployment are becoming increasingly prominent. Future development must balance 
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model capability with practicality, pursuing performance while also considering efficiency and interpretability, 

steering deep learning toward a more mature technological trajectory. 
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