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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 € R™ " be the layer weight matrix

Wli,j] = a-sin(k; - x; + ¢;),
with
k; = 2mi,x; = j/n, ¢; = 2mi/m,
a: scaling factor preserving variance

— Fully deterministic, variance-preserving initialization




Sinusoidal Initialization
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Left: weight distribution. Right: visualization of the weight matrix w.
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Why is this better than just random
initializations?

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

| P(Z >0 |W,,..,W)—=1/2|> a.

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




Why is this better than just random
initializations?
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Why are some neurons skewed? Explained by S =W, + W, + --- + W,,.

Theorem 1 (simplified version). A neuron Z is skewed with degree « if
and only if | S [> A, where A is a unique constant depending on «.




Why is this better than just random
initializations?

Glorot - Normal He - Normal Orthogonal LSUV Sinusoidal

—-2.5 0.0 2.5 -25 0.0 2.5 —2.5 0.0 2.5 —-2.5 0.0 2.5 —25 0.0 2.5
Sum of Weights Sum of Weights Sum of Weights Sum of Weights Sum of Weights

B Skewed (o =0.3) I Not Skewed

— 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).

Model / Outi Maximum accuracy (%) AUC
ptim. - .
Dataset Def. Orth. LSUV  Sin. Def. Orth. LSUV Sin.
ResNet-50 SGD 37.3 46.5 44.8 51.9 25 35 31 42
CIFAR-100 Adam 53.1 56.6 56.3 61.5 48 51 51 57

AdamW  67.5  67.7 69.7 71.0 64 65 66 68
SGD 184 258 28.0 216 26 38 35 36

%ffbl‘rlr‘fafogt Adam 328 344 352 348 62 66 TL 65
yimag AdamW 409 43.6 40.1 426 79 85 76 82
. SGD 281 309 32.1 320 47 52 56 56
Eﬁﬁ"}‘:ﬁf&‘g Adam 277 208 327 36.6 53 56 62 70
yimag AdamW 500 50.2 493 53.5 100 100 100 106
ViT-16
ImageNet- Tk SGD 286 282 296 315 23 25 24 25
BERT-mini
WikiText AdamW 404 42.2 159 411 58 72 32 72




Experimental results

EfficientNetV2 on Tiny-Imagenet

Performance summary 55% 1

+4.9% average gain in final accuracy 0%

45% -

+20.9% faster convergence (AUC)

Validation Accuracy

40% -

Consistent across models and datasets
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Conclusion

‘Randomness not essential for effective initialization
*Sinusoidal Initialization — deterministic, expressive, stable
*Strong theoretical & empirical support

*A step forward in understanding DNN initialization




Thank you for your

attention!

a.fernandez@upv.es
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