
VC dimension measures the model 

capacity to fit data.

Higher model complexity indicates 

that the models could potentially 

deviate from its performance on the 

training data and overfit, resulting in 

higher generalization error. 

Rademacher Complexity is the 

measure of model complexity.

Training with Noise as a 

regularization method controls the 

model capacity to prevent fitting 

random noise and emphasizing the 

learning of essential patterns.

Over-parameterization impacts 

model capacity by increasing VC 

dimension in deep learning models. 

While over-parameterized models 

may exhibit better stability, they 

have higher capacity and excessive 

capacity can lead to overfitting.

More stable models are more likely to be 

robust and maintain consistent performance 

across different data points, and under 

various perturbations in the data, leading to 

less generalization error. 

Differential privacy can be achieved 

by training with noise. Models with 

better stability and generalization 

tend to protect privacy better, as 

they are less reliant on specific data 

points. Preserving privacy is 

required in federated learning.  

Regularization and controlling 

model capacity can improve 

stability by reducing model’s 

sensitivity to variations and 

adversarial noise in the data. 

Model capacity Model complexity

Higher VC dimension implies that 

the model is better at learning the 

complex patterns in the training 

data.

Reducing model 

capacity decreases 

model complexity.  

A model with lower Rademacher 

complexity, achieved through adding 

noise as a form of regularization, is 

better suited to generalize to new 

data. Regularization techniques are 

employed in deep learning to 

prevent overfitting and improve 

generalization performance.
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