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• Complexity increases with the number of steps M

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

• Intuitive, but . . .

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

• 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

Nonlinear Interference Mitigation via Deep Neural Networks | Christian Häger and Henry D. Pfister 3 / 9



Digital Backpropagation Supervised Learning Learned Digital Backpropagation Numerical Results Conclusions

Supervised Learning
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How to optimize θ = {W (1), . . . , W (ℓ), b(1), . . . , b(ℓ)}? Deep learning

min
θ

N∑

i=1

Loss(fθ(y(i)), x
(i)) , g(θ) using θk+1 = θk − λ∇θg(θk) (1)
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Nontrivial to get good performance–complexity tradeoff

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

• Delay spread formula: T ≈ 2πβ2LR2
symbρ (required number of taps)

• Linear equalization, ρ = 1.5 samples/symbol: T ≈ 47 ✓

• DBP 1 step per span, ρ = 3 samples/symbol: T ≈ 125 ✗

• However, ≫ 1000 taps required for good performance (70 taps per step)
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- filter pair design [Zhu et al., 2009]

Filter coefficient quantization:
- dithered quantization [Fougstedt et al., 2017a]
- ISI minimization [Fougstedt et al., 2017b]
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- time sampling and truncation [Savory, 2008]
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- wavelets [Goldfarb and Li, 2009]
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[Sheikh et al., 2016]
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- filter pair design [Zhu et al., 2009]

Filter coefficient quantization:
- dithered quantization [Fougstedt et al., 2017a]
- ISI minimization [Fougstedt et al., 2017b]

This work:
Optimize all M filters jointly
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TensorFlow implementation of the computation graph fθ(y):
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γ1|x|2

Aδ .
.
.

σ2(x) = xe
γ2|x|2

bbb Aδ .
.
.

σM (x) = xe
γM |x|2

Not a standard black-box neural network as in, e.g., [Shen and Lau, 2011],

[Jarajreh et al., 2015], [Giacoumidis et al., 2015], [Estarán et al., 2016], . . .
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TensorFlow implementation of the computation graph fθ(y):
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Aδ .
.
.

σ1(x) = xe
γ1|x|2

Aδ .
.
.

σ2(x) = xe
γ2|x|2

bbb Aδ .
.
.

σM (x) = xe
γM |x|2

mean squared error Adam optimizer, fixed learning rate

Deep learning of parameters θ = {h(1), . . . , h(M), γ1, . . . , γM }

min
θ

N∑

i=1

Loss(fθ(y(i)), x
(i)) , g(θ) using θk+1 = θk − λ∇θg(θk)
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T ≈ 75 taps

• WDM: possibility to get 1–2 dB with even less complexity, e.g., keep large
number of steps, but simplify the nonlinearity, use coarse quantization, etc.
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Parameters similar to [Ip and Kahn, 2008]:

• 25 × 80 km SSFM

• Gaussian modulation

• RRC pulses (0.1 roll-off)

• 10.7 Gbaud

• 2 samples/symbol processing

• single channel, single pol.

T ≈ 75 taps

• WDM: possibility to get 1–2 dB with even less complexity, e.g., keep large
number of steps, but simplify the nonlinearity, use coarse quantization, etc.

• Higher baudrates (per 100 km SSFM): 20 Gbaud: ≈ 12 taps (✓ verified
including finite precision effects), 30 Gbaud: ≈ 30 taps (preliminary
results)
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• Split-step Fourier method leads to a computation graph reminiscient of a
deep feed-forward neural network

• Joint filter optimization can be solved by applying deep learning to
significantly reduce the number of required filter taps
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Conclusions

• Split-step Fourier method leads to a computation graph reminiscient of a
deep feed-forward neural network

• Joint filter optimization can be solved by applying deep learning to
significantly reduce the number of required filter taps

Thank you!
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