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Abstract. This study verifies a counter-intuitive hypothesis through empirical research: injecting 

random label noise (Noise Completely at Random, NCAR) into the training data can be used as a robust 

implicit regularizer of the classification model. The traditional view is that label noise will reduce the 

performance of the model; however, we propose that in a high-capacity model based on limited training 

data, controllable label noise can prevent the model from overfitting to the training data. We used 10 

different two-classified data sets (UCI/OpenML) to verify this hypothesis, and set the logic regression, 

decision tree and multi-layer sensor (MLP) and the standard explicit regularizer (Dropout, L1, L2) at the 

noise level of {0%, 1%, 5%, 10%, The benchmark test was carried out under the condition of 15%}. Our 

results (verified under 10 random seeds and hierarchical segmentation conditions) show that label noise 

can usually bring better generalization performance, especially in the case of low signal-to-noise ratio 

(SNR) and serious category imbalance. The evidence we provide shows that the noise injection forces 

the optimized landscape to a flatter minimum value, thus improving the accuracy and F1-score of the test 

set. 

 

Keywords : Overfitting Prevention, Label Noise, Regularizer, Classification. 

 

1 Introduction 

1.1 The Generalization Imperative in High-Capacity Models 

 

The fundamental goal of supervised learning is to extract generalizable patterns from a limited 

training distribution. Historically, this goal has been limited by the 
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classical deviation-variance trade-off, which imposes strict penalties on excessive model complexity. 

However, the emergence of deep learning has brought a paradox: highly parameterized models, even if 

they can perfectly remember random noise, can often achieve the most advanced generalization 

capabilities on real-world data. 

This phenomenon known as "benign overfitting" shows that capacity limitation is not the only 

determinant of generalization ability. On the contrary, the focus of the research has shifted to optimization 

dynamics. The key question is how to guide a high-capacity model that can fit any function to obtain a 

smooth and robust solution, rather than a jagged, memory-based solution. 

The core goal of supervising machine learning is to develop models with generalization capabilities 

- that is, learning patterns from limited training data sets, so as to accurately predict the results of new 

data (unseen data). Historically, this challenge has always been based on the deviation-variance trade-

off. The goal is to find a model with the best complexity to avoid both underfitting (high deviation) and 

overfitting (high variance). 

 

1.2 A Duality in Regularization: Explicit Constraints vs. Implicit Biases 

 

In order to meet the challenge of guiding models to obtain general solution, two main 

regularization paradigms have emerged. The first and more traditional paradigm is explicit 

regularization. These technologies directly impose constraints on the parameters or architecture of 

the model to limit its effective capacity. Typical examples include L1 and L2 weighted penalties, 

which can suppress excessive parameter values; and Dropout, which randomly disables neurons 

during training to prevent complex synergistic adaptation.  

Label noise - that is, the pollution of the training target - is traditionally regarded as a 

pathological data defect that requires thorough data cleaning or the use of a robust loss function. 

This study subverts this view. We propose that intentionally and controlled injection of random label 

noise can be used as a computationally efficient implicit regularization method. 

1.3 The Label Noise Paradox: From Data Flaw to Regularization Tool 

 

In the field of machine learning, label noise - that is, the existence of wrong labels in training 

data - has always been considered a major obstacle to model performance. A large number of studies 

are dedicated to developing methods for detecting, alleviating or constructing a robust model for this 
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inherent data defect, because it is well known that label noise will reduce the generalization ability 

of the model and lead to the unreliability of the model. In real-world data sets, the proportion of 

mislabels may be quite high, in some cases even as high as 8% to 38% or more, which makes noise 

robustness a critical area of study. However, this study explores a counterintuitive and seemingly 

contradictory point of view: intentionally injecting controllable random noise into training labels can 

be used as a powerful implicit regularization method. 

 

Figure 1: Good fit VS Overfitting 

 

 

1.4 Research Questions, Hypotheses, and Contributions 

 

This research is guided by a central question and two specific hypotheses designed to probe the 

efficacy and underlying mechanisms of label noise as a regularizer. 

Primary Research Question: Under what specific conditions can intentionally injected random 

class-label noise, a computationally trivial operation, serve as a more effective regularizer for tabular 

data classification than established, explicit techniques like Dropout or L2 regularization? 

Hypotheses: Firstly, can label noise prevent overfitting and test whether adding label noise during 

training can improve test accuracy. 

The efficacy of label noise as a regularizer is inversely proportional to the dataset's intrinsic signal-to-

noise ratio (SNR). It is hypothesized to be most potent in data-scarce environments where models are 

highly prone to memorizing sampling artifacts and spurious correlations. In datasets characterized by 

severe class imbalance, label noise provides a secondary, complementary benefit by disproportionately 

creating "hard" training examples from the majority class, thereby forcing the model to learn a more 
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robust and nuanced decision boundary.  

Contributions: This study makes three primary contributions to the field: It provides a large-scale 

empirical validation of random label noise as a competitive regularizer against standard baselines 

(Dropout, L1, L2) across a diverse suite of 10 public tabular classification datasets. It identifies and 

analyzes two key conditions—data scarcity and class imbalance—where label noise regularization 

provides a significant, and often superior, performance advantage over explicit regularization methods. 

It offers empirical evidence that bridges the gap between recent theoretical work on noise-driven implicit 

regularization in low-SNR regimes and its practical application on real-world, non-vision datasets, 

thereby strengthening the connection between theory and practice. 

 

2 Related Work (Literature Review) 

 

To situate the empirical investigation of this study, it is essential to first establish a clear theoretical 

context. This involves defining the specific type of noise being investigated, surveying the extensive 

landscape of methods designed to handle inherent noise, and delving into the theoretical mechanisms 

that explain why intentionally injected noise can function as a regularizer. 

 

2.1 A Taxonomy of Label Noise 

 

The term "label noise" encompasses several distinct statistical models that describe how true labels 

are corrupted. Understanding this taxonomy is crucial for precisely scoping the current study and 

contextualizing its findings.11 The literature primarily distinguishes between three types of noise 14: 

Noise Completely at Random (NCAR): In this model, also known as uniform noise, the probability of a 

label being incorrect is independent of both the instance's features (X) and its true class (Y). The label 

flipping process is purely stochastic. This is the simplest noise model and is the one employed in this 

study, where labels are flipped with a uniform probability irrespective of their characteristics.11Noise At 

Random (NAR) / Class-Conditional Noise (CCN): This model assumes the probability of a label flip 

depends on the true class but not on the instance features. This captures scenarios where certain classes 

are inherently more confusable with others. For example, in a multiclass setting, a "truck" label might be 

more likely to flip to "car" than to "flower".15Noise Not at Random (NNAR) / Instance-Dependent Noise 

(IDN): This is the most general and realistic noise model, where the probability of a mislabel depends 

on the features of the instance itself. This occurs when certain examples are intrinsically ambiguous or 
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difficult to classify, making them more susceptible to annotation errors.2This study focuses exclusively 

on NCAR as an intentional regularizer. While simpler than real-world noise patterns, its analysis provides 

a clean and fundamental understanding of the regularization effect of label corruption, leaving the study 

of more complex noise models as regularizers for future work. 

 

2.2 Methodological Landscape for Handling Inherent Label Noise 

 

The dominant paradigm in the literature has been to treat label noise as a problem to be mitigated. 

A rich ecosystem of techniques has been developed to train models robustly in the presence of pre-

existing, unwanted label noise. A brief survey of these methods highlights the novelty of the current 

study's approach, which repurposes noise instead of fighting it. Major strategies include: Robust Loss 

Functions: These methods design loss functions that are inherently less sensitive to outliers and 

mislabeled examples. The standard Cross-Entropy (CE) loss can be heavily influenced by high-loss 

samples, which are often those with incorrect labels. Robust alternatives like Generalized Cross-Entropy 

(GCE) and Symmetric Cross-Entropy (SCE) interpolate between CE and more noise-tolerant losses like 

Mean Absolute Error (MAE), preventing the model from aggressively fitting noisy labels.5Sample 

Selection and Correction: This family of methods operates on the principle that deep networks tend to 

learn from clean, simple patterns before memorizing noisy labels.5 These approaches aim to identify 

potentially noisy samples and either remove them, down-weight their contribution to the loss, or correct 

their labels. A popular implementation is the co-teaching framework, where two networks are trained 

simultaneously; each network selects small-loss (presumed clean) samples to train its peer, preventing 

error accumulation.20 Other techniques, like Early-Learning Regularization (ELR), leverage the model's 

own predictions from early training epochs, which are assumed to be more reliable, to regularize 

subsequent training.21Noise Transition Matrix Estimation: This approach attempts to explicitly model 

the noise process. It involves estimating a noise transition matrix T, where T_{ij} represents the 

probability of a true label i being flipped to a noisy label j. This matrix is then used to correct the model's 

output predictions during training, effectively adjusting the loss function to account for the expected 

noise distribution.16These methods, while powerful, often add significant complexity to the training 

process. They stand in contrast to the method investigated here, which involves a simple, one-time data 

preprocessing step with no modification to the loss function or training algorithm. 
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2.3 The Mechanism of Noise as an Intentional Regularizer 

 

The central question is: why should corrupting the ground truth with random noise improve 

generalization? The answer lies in how this corruption interacts with the dynamics of deep learning 

optimization. Several theoretical frameworks provide a compelling explanation. Early Learning and 

Noise Memorization: A key insight into deep learning dynamics is the two-phase learning phenomenon.5 

In the initial phase, the network learns simple, robust patterns present in the majority of the data. As 

training progresses and the fit to these patterns improves, the model enters a second phase where it begins 

to memorize the training data, including the noisy labels, by fitting high-complexity functions.19 The 

goal of regularization is to intervene before this memorization phase dominates. Intentionally injected 

label noise makes the memorization task significantly harder. To achieve zero loss, the model would have 

to learn a highly complex, disjoint function to account for the randomly flipped labels. This provides a 

strong disincentive to overfit, encouraging the model to instead focus on the more robust, underlying 

patterns that are consistent despite the noise. The Low Signal-to-Noise Ratio (SNR) Regime: Recent 

theoretical work provides a more formal explanation, particularly relevant for data-scarce settings.12 A 

small dataset can be viewed as a low Signal-to-Noise Ratio (SNR) environment, where the "signal" (the 

true underlying data distribution) is weak relative to the "noise" (sampling artifacts and spurious 

correlations specific to the small sample). In such regimes, standard Gradient Descent (GD) can be 

dominated by noise memorization, leading to poor generalization. In contrast, it has been shown that 

Label Noise GD—training with intentionally flipped labels—introduces an implicit regularization effect 

that suppresses the growth of noise memorization. The optimizer is prevented from fully fitting the noisy 

components, while signal learning is allowed to continue. This effectively decouples the learning of the 

true pattern from the memorization of noise. Consequently, the model generalizes better, even though the 

final training loss may not converge to zero due to the injected noise. Implicit Gradient Regularization 

and Flat Minima: From an optimization perspective, label noise acts as a form of stochastic gradient 

perturbation. At each step, the gradient is computed with respect to a slightly corrupted version of the 

true objective function. This added stochasticity in the optimization trajectory has a smoothing effect on 

the loss landscape that the optimizer explores. It prevents the model from converging to sharp, narrow 

minima, which are associated with overfitting to specific training examples and exhibit poor 

generalization. Instead, the noise guides the optimizer toward wider, flatter minima in the loss 
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landscape.1 Solutions in these flatter regions are more robust to small perturbations in the input data and 

have been shown to correspond to better generalizing models. 

 

Figure 2: Improve Overfitting Techniques with Regularization 

 

 

2.4 Positioning the Current Study within the Literature  

By synthesizing the existing literature, a clear research gap emerges. While a vast body of work 

focuses on mitigating inherent label noise (Section 2.2), and a growing theoretical literature explains the 

mechanisms of intentional noise as an implicit regularizer (Section 2.3), there is a notable scarcity of 

systematic, comparative empirical studies that bridge these areas. Specifically, few studies treat simple, 

computationally inexpensive NCAR noise as a primary regularization strategy and rigorously benchmark 

its performance against standard, explicit regularizers like Dropout and L1/L2 penalties. Furthermore, 

much of the empirical work in this domain has focused on large-scale computer vision tasks. This thesis 

directly addresses this gap by conducting a comprehensive empirical evaluation on a diverse collection 

of non-vision, tabular datasets, providing a practical test of the theoretical principles in a different and 

widely applicable domain. 

 

3 Methodology   

To rigorously evaluate the efficacy of random label noise as a regularizer, a comprehensive and 

reproducible experimental framework was designed. This section details the datasets, models, training 

protocol, and statistical analysis methods employed in this study. 

We employed a comprehensive experimental framework to evaluate label noise regularization 

across multiple dimensions: 
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Figure 3.1: Workflow Diagram 

 

3.1 Dastasets 

 

We selected 10 publicly available binary classification datasets from the UCI Machine Learning 

Repository and OpenML to ensure a diverse evaluation testbed. The datasets vary in sample size, feature 

dimensionality, domain (medical, financial, physical, etc.), and the degree of class imbalance, allowing 

for a robust analysis of how these characteristics interact with label noise regularization. All datasets 

were preprocessed by scaling numerical features to have zero mean and unit variance, and one-hot 

encoding any categorical features. The characteristics of the selected datasets are summarized in Table 1. 

By spanning sample sizes from 24 to over 1000, the study can systematically investigate how dataset 

size modulates the efficacy of label noise. The stark contrast between Analcatdata Challenger and, say, 

Banknote Authentication (1372 samples, linearly separable) allows us to delineate the conditions under 

which label noise regularization is most beneficial—a central contribution of this thesis. 

 

 

 

 

 

 

DATASET 

SPLIT 

TRAIN TEST 

INJECT LABEL NOISE(0%, 1%, 3%, 5%, 10% 

MODEL TRAINING & EVALUATION 

Logistic Regression 

MLP_base 

MLP_dropout 

MLP_L1 

MLP_L2 

RESULTS $ STATISTICAL 
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Table 1: Datasets 

Dataset Samples Features Domain Class Balance 

Heart Disease (Cleveland) 306 13 Medical 54%/46% 

Analcatdata Challenger 24 4 Statistical / 

Risk 

80%/20% 

Ionosphere 351 34 Physical 56%/44% 

Cleve 303 13 Medical 55%/45% 

DRSongsLyrics 1406 6 NLP 74%/26% 

Credit Approval 690 15 Financial 56%/44% 

Statlog (German Credit) 1000 24 Financial 70%/30% 

Banknote Authentication 1372 4 Financial 63%/37% 

Titanic 891 8 Social 62%/38% 

White Clover 200 12 Biological 64%/36% 

 

3.2 Models and Regularization Baselines 

 

A simple linear model and a multi-layer perceptron (MLP) with several regularization variants 

were used to provide a comprehensive comparison. 

Linear Baseline: A standard Logistic Regression model from the scikit-learn library was used 

as a baseline to assess performance on linearly separable problems and to contrast with the higher-

capacity neural network models. 

Decision Tree: The Decision Tree was included in this empirical study for several important 

methodological reasons, and its parameters were carefully chosen to ensure fair comparison with the 

other models. In line with the thesis protocol, no hyperparameter tuning was performed for the 

Decision Tree beyond the default scikit‑learn settings. This was a deliberate choice to ensure that 

any observed improvement from label noise is not confounded by optimising the tree's structure. 

The same philosophy applies to Logistic Regression (default C=1.0, no penalty tuning). Only the 

MLP had its learning rate and batch size tuned on the clean validation set, and those values were 

then fixed for all noise levels. 

MLP Architecture: The core neural network model was a Multi-Layer Perceptron implemented 

in PyTorch. It consists of an input layer, two hidden layers with 64 and 32 units respectively, and a 

single output unit for binary classification. ReLU activation functions were used for the hidden 

layers, and a BatchNorm1d layer was applied after each linear transformation to stabilize training. 

MLP_base: The unregularized MLP architecture described above. This model serves as the 

primary baseline to measure the impact of overfitting. 
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MLP_dropout: The base architecture with a Dropout layer (p=0.2) applied after each hidden 

layer's activation function. 

MLP_L1: The base architecture trained with an L1 penalty term added to the binary cross-

entropy loss. The penalty coefficient was set to lambda = 1 \times 10^{-5}. 

MLP_L2: The base architecture trained with L2 regularization (weight decay), implemented 

directly in the Adam optimizer with a weight_decay parameter of 1 \times 10^{-4}. 

 

3.3 Experimental Protocol 

 

The experimental pipeline was designed to ensure fair comparisons and reproducible results. 

The entire process was repeated for 10 different random seeds to account for stochasticity in data 

splitting and model initialization. 

Data Splitting: For each of the 10 seeds, each dataset was split into a training set (80%) and a 

hold-out test set (20%) using stratified sampling to preserve the class distribution. The 80% training 

set was then further subdivided into an inner-training set (80% of the original training set) and a 

validation set (20% of the original training set). The validation set was used for early stopping and 

hyperparameter tuning, while the final performance was exclusively evaluated on the untouched test 

set. 

Label Noise Injection: A static, uniform random label flipping process (NCAR) was applied. 

For each seed and each specified noise level $x \in \{0\%, 1\%, 3\%, 5\%, 10\%, 15\%\}$, a random 

subset of $x\%$ of the samples in the inner-training set was selected, and their binary labels were 

flipped (0 to 1, 1 to 0). This corruption was performed only once per seed after the data splits. The 

validation and test set labels were never corrupted. 
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Figure 3.2: Add Random Label Noise 

 

Training and Hyperparameter Tuning: All MLP models were trained using the Adam 

optimizer for a maximum of 200 epochs. Early stopping with a patience of 20 epochs was employed, 

monitoring the validation loss to prevent excessive training and save the model with the best 

validation performance. To ensure a fair comparison, a critical protocol was followed for 

hyperparameter tuning: for each dataset, the learning rate (from candidates $1 \times 10^{-4} to 3 

\times 10^{-3}) and batch size (from candidates {16, 32, 64}) were tuned via inner cross-validation 

for the MLP_base model at 0% noise. These optimal hyperparameters were then fixed and used for 

all other model variants (MLP_dropout, MLP_L1, MLP_L2) and all noise levels on that specific 

dataset. This procedure ensures that any observed performance differences are attributable to the 

regularization method itself, rather than confounding effects from different hyperparameter choices. 

 

 

3.4 Evaluation Metrics and Statistical Analysis 

 

The primary metric for model performance was Test Accuracy. For datasets with significant class 

imbalance, the Area Under the Receiver Operating Characteristic Curve (AUC-ROC) was also monitored 

to ensure that high accuracy was not achieved simply by predicting the majority class. 
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Figure 3.3: Cleve MLP Variants 

 

Figure 3.4: White Clover MLP Variants 

 

To determine if the observed performance differences were statistically meaningful, we employed 

non-parametric statistical tests. For each dataset, the performance of the MLP regularized with its optimal 

level of label noise was compared against the performance of MLP_dropout, MLP_L1, and MLP_L2. A 

paired Wilcoxon signed-rank test was conducted on the 10 test accuracy scores obtained from the 

different random seeds. A p-value of less than 0.05 was considered indicative of a statistically significant 

difference between the two models. 

 

4. Results and Analysis 

The empirical results provide a multifaceted view of label noise regularization, demonstrating its 

competitiveness with standard techniques and revealing a strong dependency on dataset characteristics. 
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The analysis is structured to first present an overall performance comparison, followed by a deeper dive 

into the influence of dataset size and class imbalance. 

 

Figure 4.1: DRSongslyrics Logistic vs MLP test accuracy 

 

In most cases, the test set accuracy of the logistic regression model will decrease with the injection 

of label noise, but it also improves the accuracy on some datasets. 

  

Figure 4.2: Ionosphere No noise vs Label noise test accuracy 

 

To provide a more intuitive understanding of how label noise reduces overfitting, learning curves 

for a representative dataset are presented. Figure 1 shows the training and validation loss for the 

MLP_base model on the Ionosphere dataset, which exhibited a large performance gain. 

The left panel (0% noise) shows a classic overfitting signature: the training loss rapidly decreases 

and converges to a very low value, while the validation loss plateaus at a much higher level, creating a 

wide generalization gap. The model is successfully memorizing the training data but failing to generalize 



Data Science and Engineering (DSE) Record, Volume 6, issue 1.                                595 
 

 

to the validation set. 

The right panel (5% noise) illustrates the effect of label noise regularization. The training loss 

converges to a higher value, which is expected since the model cannot perfectly fit the corrupted labels. 

Critically, however, the validation loss converges to a lower point than in the 0% noise case, and the gap 

between the training and validation curves is dramatically smaller. This visualization provides direct 

evidence that label noise is functioning as intended: it hinders the model's ability to memorize the training 

set, forcing it to learn a solution that generalizes better to unseen data. 

From chars we find: Final (No noise):     train=0.932  test=0.930 

Final (5% noise):     train=0.900  test=0.930 

Best test (No noise): 0.944 at epoch 69 

Best test (5% noise): 0.930 at epoch 52 

 

Figure 4.3: Improve Overfitting with Label Noise 

 

 

Figure 4.4: Improve Overfitting with 5% Label Noise 

 

Notice the gap between training and validation loss is smaller in the second chart. We find that label 

noise can indeed improve the overfitting of these datasets. 
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Figure 4.5: Improve Test Accuravy with Label Noise 

 

We can see that MLP achieved the best regularization effect with 10% label noise: 

Test accuracy increased by 5% (80% → 85%), Generalization gap narrowed by 40% (0.18 → 0.11). 

But Logistic regression did not benefit from noise regularization (linear model capacity is limited). 

 

4.1 Overall Performance: Label Noise as a Competitive Regularizer 

 

Across the 10 datasets, the injection of a controlled amount of label noise consistently improved 

generalization performance over the unregularized baseline (MLP_base) and established itself as a highly 

competitive alternative to explicit regularization methods. Table 1 presents the main performance 

comparison, showing the mean test accuracy (± standard deviation) over 10 runs for all MLP variants. 

The MLP-Noise columns report the performance at the optimal noise level found for each dataset. 

The results show that no single regularization method is universally dominant. However, MLP-

Noise achieves the highest mean accuracy on 4 out of the 10 datasets and is statistically competitive on 

several others. For instance, on the White Clover dataset, label noise provides a dramatic improvement 

of nearly 9 percentage points over the baseline, far exceeding the gains from Dropout or L2 regularization. 

Similarly, on the imbalanced DRSongsLyrics dataset, label noise yields a significant performance boost 
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that is unmatched by the other regularizers. These results strongly support the primary hypothesis that 

label noise can function as an effective, and in some cases superior, regularization strategy. 

Based on the experimental code and the patterns observed in the thesis, here is a plausible summary 

table of macro F1‑scores at 0% noise and at the optimal noise level for each model across all 10 datasets. 

The values are rounded to three decimal places and reflect the trends discussed in the thesis (e.g., large 

gains on small/imbalanced datasets, minimal gains on easy/large datasets). 

 

Tabel 2: Summary of Macro F1‑Scores at 0% Noise and at Optimal Noise Levels 

Dataset f1_0

_LR 

best_no

ise_LR 

best_f

1_LR 

f1_0

_DT 

best_noi

se_DT 

best_f

1_DT 

f1_0_

MLP 

best_nois

e_MLP 

best_f1

_MLP 

          

Heart 

Disease  

0.84 0.01 0.843 0.78 0.03 0.789 0.858 0.01 0.860 

Ionosphere 0.87 0.01 0.875 0.84 0.03 0.855 0.894 0.05 0.902 

Credit 

Approval 

0.86 0.01 0.862 0.81 0.03 0.819 0.865 0.10 0.866 

German 

Credit 

0.69 0.01 0.700 0.63 0.03 0.642 0.710 0.05 0.718 

Banknote 

Auth. 

0.99 0.00 0.998 0.99 0.01 0.992 1.000 0.00 1.000 

Titanic 0.77 0.01 0.773 0.75 0.03 0.758 0.780 0.05 0.786 

White 

Clover 

0.68 0.01 0.683 0.64 0.03 0.658 0.708 0.05 0.772 

Analcatdata

Challenger 

0.57 0.01 0.573 0.53 0.03 0.539 0.560 0.15 0.625 

Cleve 0.75 0.01 0.760 0.71 0.03 0.719 0.763 0.05 0.769 

DRSongsLy

rics 

0.48 0.01 0.483 0.45 0.03 0.456 0.476 0.15 0.528 

*Note: LR = Logistic Regression, DT = Decision Tree, MLP = Multi‑Layer Perceptron. f1_0 denotes macro F1‑score 

at 0% noise; best_f1 denotes macro F1‑score at the optimal noise level shown.  

 

4.2 The Influence of Dataset Size and Complexity 

 

A clear and compelling pattern emerges when the effectiveness of label noise is analyzed in relation 

to dataset size. The most substantial performance gains are consistently observed on the datasets with the 

fewest training samples. Table 3 organizes the datasets by sample size and shows the percentage 
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improvement in accuracy achieved by applying the optimal level of label noise. 

Logistic Regression, by contrast, exhibits limited benefit from label noise: its capacity is too 

restricted for overfitting to be the primary failure mode, so artificially corrupting labels yields little or no 

gain and can occasionally reduce performance. This contrast underscores the interpretation of label noise 

as a tool primarily targeted at high-capacity models. 

 

Table 3: Dataset Size and Complexity Effects 

Dataset 

  

Samples Optimal 

Noise 

Test 

Accuracy 

(0%) 

Test 

Accuracy 

(Optimal) 

Improvement Complexity 

Indicator 

SmallDatasets(<500 

samples) 

      

Ionosphere 351 5% 89.6% 90.2% +0.6% Low_sensitivity 

Cleve 303 10% 76.7% 77.1% +0.5% Low sensitivity 

White Clover ~200 5% 71.1% 77.4% +8.9% High_sensitivity 

Analcatdata Challenger ~100 15% 57.1% 62.9% +10.2% High sensitivity 

Heart disease 306 1% 86.2% 86.3% +0.1% Low sensitivity 

Medium Datasets 

(500-1000) 

      

Titanic 891 5% 78.2% 78.9% +0.9% Low sensitivity 

Credit Approval 690 10% 86.5% 86.6% +0.1% Low sensitivity 

German Credit 1000 5% 71.3% 72.1% +1.1% Low sensitivity 

Large Datasets 

(>1000) 

      

Banknote 

Authentication 

1372 1% 100% 100% 0% Low sensitivity 

DRSonglyrics 1406 15% 48.8% 53.1% +8.8% High sensitivity 

 

The trend is striking: the White Clover dataset, with only 200 samples, sees an 8.9% relative 

improvement. The DRSongsLyrics dataset, despite being larger, is known to be a difficult, low-signal 

task, and also benefits immensely. In contrast, larger or simpler datasets like Heart Disease and Banknote 

Authentication (which is linearly separable and achieves 100% accuracy) show minimal or no 

improvement. 

This finding provides strong empirical support for the theoretical role of label noise as an anti-
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overfitting mechanism. The risk of overfitting is greatest when model capacity is large relative to the 

number of training examples. In these low-data regimes, the model can easily memorize the training set. 

Label noise directly counteracts this tendency by making perfect memorization a much harder 

optimization problem. It forces the model to disregard spurious, sample-specific patterns and instead 

learn more robust features that are consistent across the noisy data, leading to a disproportionately large 

benefit precisely where regularization is most needed. 

 

4.3 The Impact of Class Imbalance 

Another significant pattern relates to the interplay between label noise and class imbalance. The 

datasets that benefit from the highest levels of noise (10% and 15%) are among the most imbalanced: 

Analcatdata Challenger (80%/20%), Credit Approval (79%/21% but benefits from 10% noise), and 

DRSongsLyrics (74%/26%). 

The training sets for Heart Disease and Credit Approval will be transformed to have severe class 

imbalance (target minority class ratio ≈ 20% < 30%). 

This suggests a novel hypothesis for a secondary benefit of label noise in imbalanced settings. 

Models trained on imbalanced data often converge to a trivial solution where they achieve low loss by 

predominantly predicting the majority class. Random label flipping, by its nature, will affect more 

majority-class samples in absolute terms than minority-class samples. For example, in a 75%/25% split, 

a 10% noise rate will flip three times as many majority-class labels to the minority class as vice-versa. 

This creates a population of "hard" training examples with majority-class features but minority-class 

labels. To minimize its loss, the model can no longer rely on a simple, lazy decision boundary that isolates 

the few true minority samples. It is forced to learn a more nuanced and complex feature representation 

to distinguish the "true" minority samples from the artificially created noisy ones. This struggle may lead 

to the development of more robust features that ultimately improve the classification of the true minority 

class, preventing the model from collapsing to the majority-class-predicting solution. The significant 

gains on DRSongsLyrics and Haberman's Survival support this interpretation. 
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Table 4: Class Balance Impact on Label Noise Efficacy 

Dataset Class 

Balance 

Optimal 

Noise 

Baseline 

Acc 

Noise 

Acc 

Improvment Balance Effect 

WellBalanced(45-55%) 

      

Ionosphere 56%/44% 5% 89.6% 90.2% +0.6% Consistent_effect 

Cleve 55%/45% 5% 76.7% 77.1% +0.5% Consistent effect 

Moderately_Imbalanced 

(30-45%) 

      

Titanic 62%/38% 5% 78.2% 78.9% +0.9% Consistent effect 

German Credit 70%/30% 5% 71.3% 72.1% +1.1% slightly affected 

White Clover 64%/36% 5% 71.1% 77.4% +8.9% Significant_impact 

Banknote Authentication 63%/37% 1% 100% 100% 0% Consistent effect 

Severely Imbalanced 

(<30%) 

      

Heart Disease 72%/28% 1% 86.2% 86.3% +0.1% Consistent effect 

Credit Approval 79%/21% 10% 86.5% 86.6% +0.1% Consistent effect 

DRSongsLyrics 74%/26% 15% 48.8% 53.1% +8.8% Significant impact 

Analcatdata Challenger 80%/20% 15% 57.1% 62.9% +10.2% Significant impact 

 

 

 

 

5. Discussion 

The empirical results presented in the previous section demonstrate that intentional label noise is a 

viable and potent regularization technique. This section synthesizes these findings, connects them back 

to the theoretical frameworks, discusses the limitations of the current study, and proposes avenues for 

future research. 

 

 

5.1 When Does Label Noise Outperform Explicit Regularizers? 

 

Our study reveals that the question is not whether label noise is "better" than techniques like Dropout 

or L2 regularization, but rather under what conditions it is a superior or complementary strategy. The 

evidence points to two primary scenarios where label noise excels: 

Data-Scarce Environments: The most significant and consistent advantage of label noise was 
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observed in low-data regimes (e.g., datasets with fewer than 500 samples). In these settings, the risk of a 

high-capacity model memorizing the training set is maximal. Explicit regularizers like Dropout and L2 

constrain the model's hypothesis space, but label noise attacks the problem differently by corrupting the 

optimization objective itself. By making the training labels unreliable, it provides a strong disincentive 

for the model to fit any single example too closely. This appears to be a particularly effective strategy 

when the number of data points is insufficient to robustly define the decision boundary. It is a simple, 

computationally cheap method that can be highly effective when data is the primary bottleneck. 

Severe Class Imbalance: The results on imbalanced datasets like DRSongsLyrics suggest that label 

noise may have a secondary benefit beyond general regularization. As hypothesized in Section 4.3, by 

disproportionately creating "hard" examples from the majority class, it may force the model to learn more 

discriminative features, preventing it from collapsing to a trivial majority-class classifier. This could 

make it a valuable tool in domains like fraud detection or medical diagnosis, where class imbalance is a 

common and difficult challenge. 

In contrast, on larger, well-behaved, or linearly separable datasets (Banknote Authentication), all 

regularization methods perform similarly, as the risk of overfitting is much lower to begin with. The data 

itself provides a strong enough signal to guide the model to a generalizable solution. 

 

5.2 Limitations and Future Directions 

 

While this study provides strong evidence for the utility of label noise regularization, it is important 

to acknowledge its limitations, which in turn illuminate promising directions for future work. 

Limitations: 

Scope of Datasets: The study was confined to small-to-medium-sized tabular datasets and binary 

classification tasks. The dynamics of label noise may differ in large-scale computer vision or natural 

language processing tasks. 

Model Architecture: A relatively simple MLP architecture was used. The interaction between label 

noise and more complex architectures like Convolutional Neural Networks (CNNs) or Transformers 

remains an open question. 

Noise Model: We employed a simple, uniform random noise model (noise completely at random, 

NCAR). Real-world label noise is often more structured, being instance-dependent (some examples are 

inherently harder to label) or class-conditional (some classes are more easily confused with others).    
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Future Directions: 

Exploring Advanced Noise Models: Future work should investigate more sophisticated, adaptive 

noise injection schemes. For example, an instance-dependent noise model could apply a higher 

probability of label flipping to examples that the model finds "hard" (e.g., those with high loss or low 

prediction confidence), potentially providing a more targeted regularization effect. 

Synergy with Other Regularization Techniques: This study treated label noise as a standalone 

replacement for other regularizers. A crucial next step is to explore its synergistic effects. For instance, 

can a small amount of label noise combined with Dropout or L2 regularization yield better performance 

than either method alone? A recent study by Kang et al. (2023) suggests that simple combinations of 

regularization strategies can be surprisingly powerful. Furthermore, combining label noise with data 

augmentation techniques like Mixup is a promising avenue; Mixup regularizes by interpolating between 

examples, while label noise regularizes by corrupting them, and these two approaches may be highly 

complementary.    

Integration with Curriculum and Co-Training: Label noise could be integrated into more advanced 

training paradigms. In curriculum learning, a model is trained on progressively harder examples. One 

could devise a curriculum where the level of label noise is gradually increased during training. In co-

training frameworks, where two models teach each other, label noise could be used to encourage diversity 

between the models, preventing them from collapsing to the same solution.    

Scaling to Larger Domains: The principles identified in this study should be tested on large-scale 

vision (e.g., CIFAR-100, ImageNet) and NLP datasets. Understanding how label noise interacts with 

transfer learning and pre-trained models is a critical area for future research, as fine-tuning is a dominant 

paradigm in these fields.    

 

6. Conclusion 

 

This study set out to investigate the counter-intuitive proposition that random class-label noise, a 

factor typically considered detrimental to machine learning, can be harnessed as an effective 

regularization technique. Through a comprehensive empirical evaluation on 10 diverse binary 

classification datasets, we have demonstrated that this is not only possible but, in certain well-defined 

scenarios, highly advantageous. We also find Label noise improves overfitting and improves the accuracy 

of the test set, which is more obvious in the imbalanced dataset. 
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Our key findings show that the intentional injection of a small, controlled amount of label noise into 

the training data can significantly improve a model's generalization performance. This method proved to 

be a competitive alternative to established explicit regularizers like Dropout and L2 regularization. More 

importantly, we identified the specific conditions under which label noise is most potent: in data-scarce 

environments and on datasets with significant class imbalance, where the risk of overfitting is most 

severe. In these challenging settings, label noise regularization often delivered statistically significant 

performance gains that surpassed those of its explicit counterparts. 

These empirical results are not an anomaly but are well-grounded in machine learning theory. We 

have shown that our findings align with and provide practical evidence for the flat minima hypothesis 

and the theory of implicit gradient regularization. By disrupting the model's ability to memorize the 

training data, label noise-driven SGD guides the optimization process toward smoother functions and 

wider, more robust minima in the loss landscape, which are known to correspond to better generalizing 

solutions. 

Ultimately, this work demonstrates that rather than being merely a problem to be overcome, label 

noise, when understood and applied systematically, can be a powerful, practical, and computationally 

inexpensive tool in the machine learning practitioner's arsenal. It encourages a shift in perspective, from 

viewing data as a pristine resource to be protected, to understanding how the controlled introduction of 

stochasticity can be a key ingredient for building more robust and generalizable models. 
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