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Weight Initialization

Weight initialization is critical to the stability and convergence speed of deep
neural networks. Current approaches, such as Lecun, He, and Xavier initialization,
are designed to mitigate the vanishing and exploding gradient problems by
carefully scaling weights based on the input and output dimensions of each layer.
However, Xavier initialization—which stabilizes the forward pass and back-
propagation by scaling weights according to the sum of the input and output sizes
— can result in over-shrinking of weights, especially in layers with similar input and
output sizes. This can slow down convergence and negatively affect learning
efficiency.

To address this, | propose Kalafus Initialization, a novel weight initialization
method that refines Xavier by scaling weights based on the maximum of the input
or output sizes, rather than their sum. This modification retains the goal of
stabilizing both the forward and backward passes but avoids the issue of
excessively small weight values that can impede training. By focusing on the larger
of the two dimensions, Kalafus Initialization provides a more robust foundation,
ensuring that activations and gradients remain well-scaled throughout the network.

The value of Kalafus Initialization is compelling on conceptual grounds alone.
Kalafus Initialization reduces the risk of over-shrinking weights. This change is
simple yet impactful: by replacing the sum of input and output sizes with their
maximum, Kalafus Initialization directly addresses potential under-scaling without
overcomplicating the model's initialization process. Given the success of similar
methods, Kalafus Initialization is built on a strong theoretical foundation as a

conservative yet effective improvement.
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