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Do we need randomness in DNN 
initializations?

• Randomness is usually assumed essential for training

• Glorot & He initializations as key milestones

We propose Sinusoidal Initialization

◦ Fully deterministic

◦ Maximizes expressivity from layer one

◦ Boosts convergence and accuracy



Sinusoidal Initialization
Let 𝑊 ∈ ℝ𝑚×𝑛 be the layer weight matrix

                                        𝑊[𝑖, 𝑗]  =  𝑎 · sin(𝑘𝑖 · 𝑥𝑗 + 𝜙𝑖), 

with

𝑘𝑖 = 2𝜋𝑖, 𝑥𝑗 = 𝑗/𝑛, 𝜙𝑖 = 2𝜋𝑖/𝑚,

𝑎: scaling factor preserving variance

→ Fully deterministic, variance-preserving initialization



Sinusoidal Initialization

Left: weight distribution. Right: visualization of the weight matrix 𝑊.



Why is this better than just random 
initializations?

Definition 1. A neuron 𝑍 is skewed with degree 𝛼 if

                                 ∣ 𝑃 𝑍 > 0 𝑊1, … , 𝑊𝑛) − 1/2 ∣ > 𝛼.

→ Skewed neurons activate unevenly (not 50%-50%)



Why is this better than just random 
initializations?

Why are some neurons skewed? Explained by 𝑆 = 𝑊1 + 𝑊2 + ⋯ + 𝑊𝑛.

Theorem 1 (simplified version). A neuron 𝑍 is skewed with degree 𝛼 if 

and only if ∣ 𝑆 ∣> 𝜆, where 𝜆 is a unique constant depending on 𝛼.



Why is this better than just random 
initializations?

→ Skewed neurons = tails of the 𝑆 distribution

→ Random inits → stochastic 𝑆 → skewed neurons

→ Sinusoidal Initialization: sine symmetry ⇒ 𝑆 = 0 ⇒ no skewness



Experimental results

• Several network-dataset-optimizer combinations

•Compared initialization schemes (Default, Orthogonal, LSUV, Sinusoidal). 



Experimental results

Performance summary

+4.9% average gain in final accuracy

+20.9% faster convergence (AUC)

Consistent across models and datasets



Conclusion

•Randomness not essential for effective initialization

•Sinusoidal Initialization → deterministic, expressive, stable

•Strong theoretical & empirical support

•A step forward in understanding DNN initialization
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