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Beneš network.

ler

= 13;

or

y.

or.

ssion.
d.

Better solution:
stared at additive FFT,
wrote down transposition
with same loops etc.
Small code, no overhead.
Speedups of additive FFT
translate easily
to transposed algorithm.
Further savings:
merged first stage with
scaling by Goppa constants.

Secret permutation

Additive FFT ) f values at
field elements in a standard

This is not the order
needed in code-based crypto
Must apply a secret permuta
part of the secret key.
Same issue for syndrome.

Solution: Batcher sorting.
Almost done with faster solu
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Beneš network.

olution:
t additive FFT,
own transposition
me loops etc.

ode, no overhead.

ps of additive FFT
e easily
posed algorithm.

savings:
first stage with
by Goppa constants.

Secret permutation

Results

Additive FFT ) f values at
field elements in a standard order.

60493 Iv

This is not the order
needed in code-based crypto!
Must apply a secret permutation,
part of the secret key.
Same issue for syndrome.
Solution: Batcher sorting.
Almost done with faster solution:
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Beneš network.

8622
20846
7714
14794
8520

for
for
for
for
for

permutation.
syndrome.
BM.
roots.
permutation.

Code will be public domain.
We’re still speeding it up.
More information:
paper online very soon.

