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# lfsr.py
# GF(2) polynomial
class Polynomial:
# coeff is a list of coefficients,
# coeff [p.m, p.m-1, p.m-2, ...,
x"3 + x + 1 -> Polynomial ([1,
__init__(self, coeff):
assert coeff [0] 1
self.deg len(coeff)
self.coeff coeff
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# lfsr.py
class LFSR:
# Initial states are stored in a list, from the highest degree to the lowest
# Like: [s_m-1, s_m-2, ..., s_0]
# At each step, the rightmost bit is returned, and the states are updated according to the polynomial
def __init__(self, poly, initial_states):
assert len(initial_states) == poly.deg
self .poly = poly
self.initial_states = initial_states
self.states = initial_states
self.len = len(initial_states)
def step(self):
ret = self.states[-1]
next_bit = 0
for i in range(self.len):
next_bit "= self.poly.coeff[self.len - i] \
* self.states[self.len - 1 - i]
self.states = [next_bit] + self.states[:-1]
return ret
def generate_n_bits(self, n):

self.initial_states
in range(n)]

self .states
return [self.step() for
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# probl.py

from 1lfsr import =

import random

deg = 128

poly_poplist = [0, 1, 2, 7, 128]

coeff = [1 if deg-i in poly_poplist else O for i in range(deg+1)]
poly = Polynomial(coeff) # x7128 + x°7 + x72 + x + 1

print ("Polynomial: ", poly)

initial_states [random.randint (0, 1) for in range (deg)]
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12 initial_states_str = ’’.join([str(b) for b in initial_states])
13 print ("Initial states: ", initial_states_str)

14

15 1sfr = LFSR(poly, initial_states)

16 bitstream = lsfr.generate_n_bits (1024)

17 bitstream_str = ’’.join([str(b) for b in bitstream])

1s print ("First 1024 bitstream: ", bitstream_str)
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$ python probl.py

Polynomial: x7128 + x°7 + x"2 + x + 1

Initial states: 110100100110100 (...) 1101111111000100110110110100100

First 1024 bitstream: 11100010000001101100010 (...) 10011110001111011100000101111101011
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Table 1: DNN -8 4=35F A|AH] AW,

Motherboard ASRockRack GENOADSX-2T/BCM

CPU 2 x AMD EPYC 9124 16-Core Processor
Main Memory | 8 x DDR4-2666 32GB

GPU 1 x NVIDIA Geforce RTX 4090

PCle 16 x Gen3 lanes per GPU

(o Ubuntu 20.04.6 LTS (kernel 5.4.0-100-generic)
GPU Driver 550.54.15

CUDA Version | 12.4

nd st 314 9 hetojg 2d §H52 E 150 epoch 2 3Lt Optimizer = Adam & /R]— T}, Learning rate 7] g2
0.005, B1 = 0.9, 32 = 0.95,¢ = 10~ 5 O o7 At Learning rate scheduler = LambdalLR & AF&34tt. Loss function © 2=
MSE (Mean Squared Error) £ A2k
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python train.py 9 g@o] A8 7550, sk V= csv FEI=Z stdout of] ¥, Sh5%H 29 uH2b0] = model.pth ]
At Ad AlAl= oot Eot.

$ python -u train.py | tee train_log.csv
epoch,train_loss,val_acc
0,15.647392200842136,0.2268009768009768
1,9.17580356365297,0.28357753357753357
2,14.240020184400604,0.10531135531135531
3,4.716839269312417,0.3324175824175824
...
96,0.2460476072823129,0.8601953601953602
97,0.24704658643501562,0.8525641025641025
98,0.240397003365726,0.858058608058608
99,0.2431693112704812,0.8635531135531136
Training done

Best validation accuracy: 87.00%
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test.py o SI5H WHlE HAE HolEAl o2 Hrlsls TEs} FAES] k. 155 wel Habu]E S nodel. pth oA <]
931, fIAE Ho]ES test.csv ol A 902 H, M bitstream H|o|E] & AT] 7715 FZF A4S stdout © 2 Zejgct.
test.csv 7ol U802 bitstream Ho]E1S seq Aoll, 5712 period o] Al Za] F7 k. 2 A 2ol AEH 4]

test.csv TS §A] AFATE A% A= T} 2.
$ python -u test.py

Test accuracy: 87.25 %, 2860 / 3278
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