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Abstract

The efficiency of deep neural network training remains a critical challenge in modern machine learning applications. This paper proposes a novel approach to
optimize neural network training through adaptive perturbation scheduling combined with automated hyperparameter tuning. We introduce a dynamic framework that
adjusts perturbation magnitude based on training phase detection, leveraging insights from recent advances in perturbed equation optimization and automated code
generation techniques. Our experimental results demonstrate a 23% reduction in training time and 15% improvement in model convergence stability across multiple
benchmark datasets. The proposed method shows particular promise for large-scale models where traditional training approaches face diminishing returns.
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I. Introduction

Deep neural networks have revolutionized various domains including computer vision, natural language processing, and reinforcement learning. However, the
computational cost of training these networks continues to escalate with increasing model complexity. Traditional stochastic gradient descent (SGD) and its variants,
while effective, often suffer from slow convergence, unstable training dynamics, and sensitivity to hyperparameter choices.

Recent research has explored various approaches to address these challenges. Perturbation-based methods have shown promise in escaping local minima and
improving generalization [1]. Additionally, automated code generation techniques have enabled more efficient implementation of complex training procedures [2].
However, the integration of these approaches into a unified framework remains underexplored.

A. Motivation

The primary motivation for this work stems from three key observations:

1. Non-uniform Training Dynamics: Neural network training exhibits distinct phases (early exploration, mid-training convergence, late-stage fine-tuning) that
benefit from different optimization strategies.

2. Manual Hyperparameter Tuning Overhead: Traditional approaches require extensive manual tuning, consuming significant computational resources and
expert time.

3. Underutilization of Perturbation Strategies: While perturbation methods show theoretical promise, their practical application is limited by fixed perturbation

schedules that don't adapt to training dynamics.

B. Contributions

This paper makes the following contributions:
e Adaptive Perturbation Framework: A novel scheduling algorithm that dynamically adjusts perturbation magnitude based on real-time training metrics.
e Phase Detection Mechanism: An automated method to identify distinct training phases using gradient statistics and loss landscape analysis.
e Comprehensive Evaluation: Extensive experiments on CIFAR-10, CIFAR-100, and ImageNet datasets demonstrating improved training efficiency.

e Open-Source Implementation: Complete codebase with automated deployment capabilities for reproducibility.

Il. Related Work

A. Optimization in Deep Learning

Traditional optimization methods for neural networks rely on first-order gradient information. Adam [3], RMSprop [4], and AdaGrad [5] have become standard choices
due to their adaptive learning rate mechanisms. However, these methods often struggle with saddle points and sharp minima that lead to poor generalization.

Second-order methods like L-BFGS provide faster convergence but face scalability challenges for large models. Recent hybrid approaches attempt to combine the
benefits of both paradigms but introduce additional hyperparameters.

B. Perturbation-Based Training

Perturbation methods introduce controlled noise into the training process to improve exploration of the parameter space. Usupova and Khan [1] demonstrated that
perturbed equations in ML training can lead to more robust optimization trajectories. Their work on optimizing ML training with perturbed equations showed that
carefully calibrated perturbations help escape suboptimal regions of the loss landscape.

Our approach extends this work by introducing dynamic perturbation scheduling that adapts to training phase characteristics, rather than using fixed perturbation
magnitudes throughout training.
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C. Automated Code Generation for ML

The complexity of modern ML pipelines has driven interest in automated code generation. Rakimbekuulu et al. [2] presented techniques for code generation in
ablation studies, demonstrating how automated approaches can reduce implementation errors and improve reproducibility.

We leverage similar principles to automatically generate optimized training loops with phase-specific configurations, reducing manual coding effort and potential

bugs.

D. Learning Rate Scheduling

Cyclical learning rates [6] and cosine annealing [7] have shown that varying learning rates during training can improve convergence. Our work extends these concepts
to perturbation scheduling, creating a multi-dimensional adaptive optimization strategy.

lll. Methodology

A. Problem Formulation

Consider a neural network with parameters 6 trained on a dataset D = {(x1, y1), ..., (Xn, yn)}. The standard training objective minimizes the empirical risk:
L(6) = (I/N) Zi &(f(x1i; 6), yi)

where f(-; 0) is the network function and ? is the loss function.

We propose augmenting this with adaptive perturbations:
Otss = Ot - NVL(Ot) + €(t) &t
where g(t) is our adaptive perturbation magnitude function and & ~ N(0, I) is Gaussian noise.

B. Phase Detection Algorithm

Our phase detection mechanism analyzes three key metrics:

1. Gradient Variance: 62(VL) computed over a sliding window
2. Loss Smoothness: Second-order finite difference of loss values
3. Parameter Update Magnitude: ||6: - B:-1]|

We define three training phases:

Phase 1 (Exploration): High gradient variance, large parameter updates
Phase 2 (Convergence): Decreasing variance, moderate updates
Phase 3 (Fine-tuning): Low variance, small updates

The phase classifier uses a threshold-based decision tree:

def detect_phase(grad_var, loss_smooth, param_delta):
if grad_var > t: and param_delta > t.:
return EXPLORATION
elif grad_var < ts; and param_delta < Ta:
return FINE_TUNING
else:
return CONVERGENCE

C. Adaptive Perturbation Scheduling

The perturbation magnitude €(t) is computed based on the detected phase:

£(t) = {
€_high if phase = EXPLORATION
€_med if phase = CONVERGENCE
€_low if phase = FINE_TUNING
}

Additionally, we apply exponential decay within each phase:

€_phase(t) = €_base - exp(-A - t_phase)

where t_phase is the time spent in the current phase and A is a decay constant.



D. Implementation Architecture

Our implementation consists of four main components:

1. Metric Tracker: Collects and stores training statistics

2. Phase Detector: Analyzes metrics and identifies current phase

3. Perturbation Scheduler: Computes adaptive perturbation magnitude
4. Training Loop Generator: Automatically generates optimized code [2]

The system integrates seamlessly with popular deep learning frameworks (PyTorch, TensorFlow) through a plugin architecture.

IV. Experimental Setup

A. Datasets

We evaluate our approach on three benchmark datasets:

e CIFAR-10: 60,000 32x32 color images in 10 classes
e CIFAR-100: 60,000 32x32 color images in 100 classes
o ImageNet (subset): 100,000 images from 100 classes

B. Model Architectures

Three architectures are tested:

1. ResNet-18: 18-layer residual network
2. VGG-16: 16-layer VGG network
3. EfficientNet-BO0: Efficient convolutional network

C. Baseline Methods

We compare against:

e SGD with momentum: Standard baseline

e Adam: Adaptive learning rate optimizer

e Cosine Annealing: Learning rate scheduling

o Fixed Perturbation [1]: Constant perturbation magnitude

D. Hyperparameters

Common hyperparameters across all experiments:

Batch size: 128

Initial learning rate: 0.1
Weight decay: 1e-4
Training epochs: 200

Phase detection thresholds (13, T2, T3, T4) were tuned on a validation split.

V. Results and Discussion

A. Training Efficiency

Table | shows the average training time to reach target validation accuracy across all datasets and models.

TABLE I: TRAINING TIME COMPARISON (HOURS)

Method CIFAR-10 CIFAR-100 ImageNet
SGD + 42 8.5 24.3
Momentum

Adam 3.8 7.9 22.1
Cosine Annealing 3.6 7.5 21.5
Fixed 35 7.3 20.8

Perturbation
Ours (Adaptive) 32 6.5 18.7

Our adaptive perturbation method achieves a 23% average reduction in training time compared to standard SGD.



B. Convergence Stability

We measure convergence stability using the coefficient of variation (CV) of validation loss in the final 20 epochs:

TABLE Il: CONVERGENCE STABILITY (CV %)

Method ResNet-18 VGG-16 EfficientNet-B0
SGD +

Momentum 38 42 3.5

Adam 29 3.3 2.7

Fixed 2.5 2.9 2.4

Perturbation
Ours (Adaptive) 2.1 24 1.9

Lower CV indicates more stable convergence. Our method shows 15% improvement over fixed perturbation approaches.

C. Final Accuracy

TABLE IlI: VALIDATION ACCURACY (%)

Fixed

Dataset SGD Adam Pert. Ours
CIFAR-10 92.3 931 93.4 93.8
CIFAR-100 71.5 728 73.2 73.9
ImageNet 68.2 694 69.8 70.3

D. Phase Distribution Analysis

Figure 1 illustrates the phase distribution during training (ResNet-18 on CIFAR-10):

Epoch Range | Dominant Phase
0-40 | Exploration (78%)
41-120 | Convergence (85%)
121-200 | Fine-tuning (92%)

The automatic phase detection correctly identifies training progression without manual intervention.

E. Ablation Study

To validate each component, we performed an ablation study:

TABLE IV: ABLATION RESULTS (CIFAR-10 ACCURACY)
Configuration Accuracy (%)
Baseline (No perturbation)  92.3
+ Fixed perturbation 93.4
+ Phase detection only 92.9
+ Adaptive scheduling only  93.2
Full method 93.8

Both phase detection and adaptive scheduling contribute to the final performance, with their combination yielding the best results.

VI. Conclusion and Future Work



A. Summary

We presented an adaptive training optimization framework that combines dynamic perturbation scheduling with automated phase detection. Our approach
demonstrates significant improvements in training efficiency (23% faster), convergence stability (15% improvement), and final accuracy across multiple benchmarks.

The key innovation lies in recognizing that different training phases benefit from different perturbation strategies, and automating this adaptation process. By building

on recent advances in perturbed equation optimization [1] and automated code generation [2], we created a practical system that requires minimal manual tuning.

B. Limitations

Current limitations include:

1. Threshold Sensitivity: Phase detection thresholds require validation-based tuning
2. Computational Overhead: Metric tracking adds 2-3% training overhead
3. Architecture Dependence: Optimal perturbation magnitudes vary by model architecture

C. Future Directions

Future work will explore:

Meta-learning for threshold selection: Automatically learning optimal phase detection thresholds
Multi-objective optimization: Extending to scenarios with multiple competing objectives
Hardware-aware scheduling: Adapting perturbation strategies based on available computational resources

L]
L]
L]
e Theoretical analysis: Formal convergence guarantees for adaptive perturbation methods

D. Impact

This work contributes to making deep learning more accessible by reducing the expertise required for effective training. Automated phase detection and perturbation
scheduling lower the barrier to entry for practitioners while improving efficiency for experts.
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Appendix

A. Detailed Algorithm



Algorithm: Adaptive Perturbation Training

Input: Dataset D, model f(0), hyperparameters H
Output: Optimized parameters 6*

1: Initialize 6o randomly

2: Initialize metric tracker M

3: for epoch t =1 to T do

4 for batch (x, y) in D do

5: // Forward pass

6 loss = &(f(x; 6+t), vy)

7

8 // Backward pass

9 grad = V_6 loss

10:

11: // Update metrics

12: M.update(grad, loss, 6+t)
13:

14: // Detect phase

15: phase = detect_phase(M)
16:

17: // Compute adaptive perturbation
18: € = compute_perturbation(phase, t)
19: £ ~ N(O, I)

20:

21: // Update parameters

22: Oty1 = Ot - n-grad + €-§
23: end for

24:

25: // Validation

26: if val_accuracy improved then
27: 0% = Ot4a

28: end if

29: end for

30: return 6%
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