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1. Is not about black-box neural networks ... but we uncover and exploit an
interesting connection between neural networks and the split-step method
2. We use deep learning to jointly optimize, prune, and quantize all linear
substeps = ASIC power consumption becomes comparable to linear
equalization, even with multiple steps per span
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e Invert a 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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already one of the most power-hungry DSP blocks in coherent receivers

o Complexity increases with the number of steps M = reduce M as
much as possible (see, e.g., [Du and Lowery, 2010], [Rafique et al., 2011],
[Li et al., 2011], [Yan et al., 2011], [Napoli et al., 2014], [Secondini et al., 2016], . . )

e Intuitive, but ... this flattens a deep (multi-layer) computation graph

e Machine learning: deep computation graphs tend to work better and can
be more parameter efficient than shallow ones

Main contribution

Joint optimization and sparsification of all linear substeps leads to efficient
digital backpropagation, even with many steps.
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TensorFlow implementation of the computation graph fo(y):

Jv1 122 o |z|2 ; 2|2
o1(z) = zelMl®l oo(z) = zel21?l o (z) = ze?TMIe]

Deep learning of parameters 0 = {h(l)7 ey h(M)}: J

N
moinz Loss(fo(y'"),&V) £ g(0)  using Ori1 = Ok — AVag(6r)

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

e How to choose the starting point 6y and get short filters?

e lteratively prune (set to 0) the outermost filter taps during gradient
descent until a certain target filter length is reached
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e Apply TensorFlow's “fake quantization” to each filter coefficient variable:

gradient computation
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to the rest of the computation graph
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hi ]

o Fake quantization: gradient computation and parameter updates are still
performed in floating point

e Activate after the (floating-point) optimization has converged and
continue training for few more iterations

e Joint optimization of quantized impulse responses = partial
cancellation of quantization-induced frequency-response errors
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e Option 2: Increase backpropagation bandwidth (here)

e Problem: quadratic dependence of overall system memory on the
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Example

Consider a 96-Gbaud signal, where delay spread is 125 symbol periods per 100
km (alternatively: superchannel or multiple WDM channels).

e Power estimate for 1500 km and 20 Gbaud: 2 x 15 x 0.18 W =5.4 W
e Quadratic scaling: =~ 25 x 5.4 W = 135 W (full DBP)
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Wideband Time-Domain Backpropagation

e Single-channel DBP gives limited gain in a WDM scenario

e Option 1: Consider the time-varying ISI channel
e Option 2: Increase backpropagation bandwidth (here)

e Problem: quadratic dependence of overall system memory on the
backpropagated bandwidth

Example

Consider a 96-Gbaud signal, where delay spread is 125 symbol periods per 100
km (alternatively: superchannel or multiple WDM channels).

e Power estimate for 1500 km and 20 Gbaud: 2 x 15 x 0.18 W =5.4 W
e Quadratic scaling: =~ 25 x 5.4 W = 135 W (full DBP)
e Linear scaling: =~ 5 x 5.4 W =27 W (5 independent receivers)

Question

Is it possible to scale the time-domain / deep learning approach gracefully to
larger bandwidths?
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See, e.g., [Taylor, 2008], [Ho, 2009], [Slim et al., 2013], [Nazarathy and Tolmachev, 2014] (linear
comp.) and [Mateo et al., 2010], [lp et al., 2011], [Oyama et al., 2015] (nonlinear comp.)
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e—— 1T =192GHz —————
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See, e.g., [Taylor, 2008], [Ho, 2009], [Slim et al., 2013], [Nazarathy and Tolmachev, 2014] (linear
comp.) and [Mateo et al., 2010], [lp et al., 2011], [Oyama et al., 2015] (nonlinear comp.)

analysis prototype filter 96-Gbaud signal
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e Split received signal into IV parallel signals, then downsample by K

e Synthesis filter bank reassembles the signal after processing
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e Hardware-efficient implementation (no FFT/IFFT) of split-step method
for coupled NLSEs [Leibrich and Rosenkranz, 2003], see also [Mateo et al., 2010]

e Only accounts for XPM between subbands, but not FWM
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e Hardware-efficient implementation (no FFT/IFFT) of split-step method
for coupled NLSEs [Leibrich and Rosenkranz, 2003], see also [Mateo et al., 2010]

e Only accounts for XPM between subbands, but not FWM
e Deep learning to optimize all filters H¥)(2), G (z) for £ =1,..., M
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K = 8 (1.5 subband oversampling), 38.2 km step size (~ 2.6 steps/span)

7-tap learned filters (16 real multpl.), sparse MIMO filters (8 real multpl.)

> 4x less real multipl. compared to FFT/IFFT [Mateo et al., 2010]

~ 2 — 3x less complexity compared to full DBP (estimated)
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Split-step digital backpropagation appears feasible for real-time DSP
implementation using a time-domain approach for the linear steps

Deep learning can be used to

e jointly optimize all chromatic dispersion filters
e prune filter taps to get very short filters
e jointly quantize all filter coefficients

Wideband compensation can be efficient using subband processing

ASIC implementation of subband procesing & experimental demonstration

Can we do efficient FWM compensation with subbands?

Thank you!

FIORCE Duke

RESEARCH CENTER UNIVERSITY
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