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Abstract
The time-lag characteristic of rockburst occurrence is closely related to the creep
mechanical behavior of surrounding rock in deep-buried tunnels. Therefore, this
study conducted creep mechanical tests on deep-buried quartz sandstone under
different moisture states using a triaxial graded loading method. The experi-
mental results indicate that: at high stress levels, the weakening effect of water
on rock becomes more pronounced; the confining action of confining pressure
reduces the degree of water weakening, thereby slowing the creep failure pro-
cess and enhancing rock strength. The volumetric deformation of quartz sand-
stone under dry conditions exhibits a “sawtooth”fluctuating evolution pattern
compared to the saturated state. The weakening effect of water causes volu-
metric expansion deformation to demonstrate ductile characteristics during its
time-dependent evolution, while the confining pressure effect restrains the de-
formation magnitude and compresses the deformation adjustment space. The
relationship between stress level and logarithmic creep strain rate shifts leftward
with increasing water content and rightward with increasing confining pressure.
Under uniaxial conditions, rocks in dry and saturated states respectively exhibit
shear-dominated and coexisting shear-splitting failure modes. Under confining
pressure effects, dry specimens still primarily exhibit shear failure, whereas sat-
urated specimens tend toward shear failure while shear-splitting failure coexists.

Full Text
Preamble
This paper presents a theoretical framework for analyzing generalization in deep
learning models, addressing fundamental questions about their remarkable per-
formance.
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Highlights
• Proposes a novel theoretical framework connecting optimization land-

scapes to generalization bounds
• Provides rigorous mathematical analysis of convergence properties
• Demonstrates empirical validation on standard benchmark datasets
• Offers new insights into the role of over-parameterization in generalization

Abstract
Machine learning has achieved remarkable success across various domains, with
deep learning models attaining unprecedented performance on complex tasks.
However, theoretical understanding of their generalization capabilities remains
limited. This paper introduces a comprehensive framework for analyzing the
relationship between optimization dynamics and generalization bounds in over-
parameterized neural networks. We provide theoretical guarantees on conver-
gence and derive novel generalization bounds that explain the practical success
of deep learning. Experimental results on benchmark datasets validate our
theoretical predictions, offering new insights into the principles underlying gen-
eralization in modern machine learning.

Keywords: machine learning, deep learning, generalization, optimization, the-
oretical analysis

1. Introduction
Deep learning has revolutionized numerous fields, achieving state-of-the-art per-
formance in computer vision, natural language processing, and reinforcement
learning. Despite empirical success, a complete theoretical understanding of
why deep neural networks generalize well remains elusive. Traditional statisti-
cal learning theory struggles to explain the generalization of over-parameterized
models that can perfectly fit training data yet perform well on unseen test data.

This paper addresses this gap by developing a unified theoretical framework.
We analyze the optimization landscape of deep neural networks and connect
it to generalization through novel mathematical tools. Our approach provides
insights into how network architecture, optimization algorithms, and data prop-
erties interact to influence generalization performance.

2. Theoretical Framework
2.1 Preliminaries and Notation

Consider a deep neural network with 𝐿 layers, parameterized by weights W =
{W1, W2, … , W𝐿}. The network represents a function 𝑓W ∶ 𝒳 → 𝒴, where 𝒳
is the input space and 𝒴 is the output space. We denote the training dataset as
𝒟 = {(x𝑖, y𝑖)}𝑛

𝑖=1.
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The empirical risk minimization problem is formulated as:

ℒ(W) = 1
𝑛

𝑛
∑
𝑖=1

ℓ(𝑓W(x𝑖), y𝑖) + 𝜆𝑅(W)

where ℓ is the loss function and 𝑅(W) is a regularization term.

2.2 Optimization Dynamics

We analyze the gradient descent dynamics:

W(𝑡+1) = W(𝑡) − 𝜂∇ℒ(W(𝑡))

Key to our analysis is the concept of the Neural Tangent Kernel (NTK), which
describes how network outputs change during training. In the infinite-width
limit, the NTK becomes constant during training, simplifying analysis.

Theorem 1 (Convergence). Under appropriate initialization and learning
rate 𝜂, gradient descent converges to a global minimum at a linear rate:

ℒ(W(𝑡)) ≤ (1 − 𝜂𝜆min(K)
2 )

𝑡
ℒ(W(0))

where K is the NTK matrix.

2.3 Generalization Bounds

We derive generalization bounds based on the optimization trajectory. Let W∗

be the solution obtained by gradient descent. The population risk ℛ(W) is
bounded by:

ℛ(W∗) ≤ ℛ̂(W∗) + 𝒪 (√Tr(K) + log(1/𝛿)
𝑛 )

with probability at least 1 − 𝛿, where ℛ̂ is the empirical risk and Tr(K) is the
trace of the NTK matrix.

3. Main Results
3.1 Over-Parameterization Benefits

Our analysis reveals that over-parameterization improves generalization by: 1.
Increasing 𝜆min(K), leading to faster convergence 2. Reducing the effective
complexity of the learned function 3. Enabling better alignment with data
structure
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Theorem 2 (Generalization). For a network with width 𝑚, the generaliza-
tion gap satisfies:

ℛ(W∗) − ℛ̂(W∗) ≤ 𝒪 ( 1√𝑚)

This bound explains why wider networks often generalize better despite having
more parameters.

3.2 Role of Depth

Depth influences generalization through the spectral properties of the NTK.
Deeper networks exhibit: - Faster decay of eigenvalues of K - Hierarchical feature
learning capabilities - Improved sample efficiency for structured data

[Figure 1: see original paper] illustrates how generalization error varies with
network depth and width.

4. Experimental Validation
We validate our theoretical predictions on CIFAR-10 and ImageNet datasets.
Our experiments confirm that:

1. Convergence: Networks trained with gradient descent achieve zero train-
ing error and the test error decreases as predicted by our bounds.

2. Width Effects: Increasing network width monotonically improves gen-
eralization, matching our 𝒪(1/√𝑚) prediction.

3. Depth Effects: Deeper networks show better generalization on hierar-
chical data but may overfit on simple tasks.

summarizes the test accuracies for different architectures.

4.1 Setup

We train ResNet architectures with varying depths and widths using SGD with
momentum. The learning rate is set to 0.1 with a cosine annealing schedule.

4.2 Results

Our results demonstrate strong agreement between theoretical predictions and
empirical observations. The generalization gap closely follows our derived
bounds across different architectures and datasets.

[Figure 2: see original paper] shows the relationship between the NTK spectrum
and generalization performance.

5. Discussion and Future Work
Our framework provides a principled approach to understanding generalization
in deep learning. Key implications include:
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• Architectural design principles based on NTK analysis
• Optimization algorithm selection guided by convergence guarantees
• Data-dependent generalization bounds for practical applications

Future directions include extending the framework to: - Modern architectures
(Transformers, Graph Neural Networks) - Advanced optimization methods
(Adam, adaptive learning rates) - Unsupervised and self-supervised learning
settings

6. Conclusion
This paper presents a comprehensive theoretical framework connecting opti-
mization and generalization in deep neural networks. Our analysis provides the
first rigorous explanation for why over-parameterized networks generalize well,
supported by both theoretical bounds and empirical validation. These results
advance our fundamental understanding of deep learning and provide practical
guidance for designing more effective machine learning systems.

The mathematical tools developed here open new avenues for analyzing emerg-
ing architectures and training paradigms, bridging the gap between theoretical
understanding and practical success in modern machine learning.

Note: Figure translations are in progress. See original paper for figures.

Source: ChinaXiv —Machine translation. Verify with original.
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