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[Essiambre and Winzer, 2005], [Roberts et al., 2006], [Li et al., 2008], [Ip and Kahn, 2008])

Nonlinear Interference Mitigation via Deep Neural Networks | Christian Hager and Henry D. Pfister 2/9



Digital Backpropagation ervised Learning Learned Digital Backpropagatio Numerical Results Conclusions

o0 ° o000 ° ° CHALMERS

Digital Backpropagation

ou B2 02%u 9
5, =~ U5 g Tovulul
;QJPT) *)) nonlinear Schrédinger equation ) AU‘FVL’
t + + + z
0 0 26 L

e Invert partial differential equation in real time ([Paré et al., 1996],
[Essiambre and Winzer, 2005], [Roberts et al., 2006], [Li et al., 2008], [Ip and Kahn, 2008])

e Split-step Fourier method with M steps (6 = L/M):
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Extensive literature: [Du and Lowery, 2010], [Rafique et al., 2011], [Li et al., 2011],
[Yan et al., 2011], [Napoli et al., 2014], [Secondini et al., 2016], . ..
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[Yan et al., 2011], [Napoli et al., 2014], [Secondini et al., 2016], . ..

e Complexity increases with the number of steps M

e Therefore, reduce M as much as possible (step-reducing approaches)

o Intuitive, but ...

e ...this corresponds to flattening a deep (multi-layer) computation graph

e Machine learning: deep computation graphs work much better and are
more parameter efficient than shallow ones

Are many steps really that bad in terms of computational efficiency? )

This work: use machine learning to jointly optimize all dispersion steps
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e Time-domain (FIR) DBP: [Li et al., 2008], [Ip and Kahn, 2008], [Zhu et al., 2009],
[Goldfarb and Li, 2009], [Fougstedt et al., 2017a], [Fougstedt et al., 2017b]
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Nontrivial to get good performance—complexity tradeoff J

Example for Reymp = 10.7 Gbaud, L = 2000 km [Ip and Kahn, 2008]

e Delay spread formula: T' ~ 27762LRfymbp (required number of taps)

e Linear equalization, p = 1.5 samples/symbol: T ~ 47 /

e DBP 1 step per span, p = 3 samples/symbol: T~ 125 X

e However, > 1000 taps required for good performance (70 taps per step)
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TensorFlow implementation of the computation graph fo(y): J
—) eoe —] A5
R h(ﬁ) h(M)
1(z) =z’ y1lz|? oo(w) = zel2lz x|? &M(ZL’) — $e.7~/1\,1\m\2

Not a standard black-box neural network as in, e.g., [Shen and Lau, 2011],
[Jarajreh et al., 2015], [Giacoumidis et al., 2015], [Estaran et al., 2016], ...
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TensorFlow implementation of the computation graph fo(y): J
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1(z) =z’ y1lz|? 02@) — geln2le x|? éM(I) — a:emM\m\z
Deep learning of parameters 6 = {h(l), oo BOD M} J

mlnz Loss(fo(y ™), ™) 2 g(0)  using 6ri1 =0k — AVog(0k)

i=1 mean squared error Adam optimizer, fixed learning rate
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