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ABSTRACT

In any optical network with a generic topology, we can measure time-series data,
such as optical power and Optical Signal to Noise Ratio (OSNR), which has a
Euclidean structure! and a global co-ordinate system?. In measured network data
with such properties, deep learning models can be used to predict network prob-
lems such as node failure, congestion and OSNR estimation. We propose to apply
these deep learning models, or geometric deep learning models, to non-Euclidean
geometric® data collected at different locations on an optical network. These ge-
ometric deep learning [!] models are based on Graph Signal Processing (GSP).
In this dissertation, we develop and apply these novel geometric deep learning
models to practical problems in optical mesh networks such as, fault assessment,

fault localization and OSNR estimation.

In Chapter 3, first, we review the first of these classes of geometric learning prob-
lems, where we learn the structure of the data (domain), as a low-dimensional
structural embedding. To do this, we use unsupervised clustering methods to pro-
vide low-rank parametric embeddings of network activity patterns. Since optical
parameters exhibit spatial and temporal locality, this embedding is based on their
time-series correlation coefficients. We use spectral and hierarchical clustering[?],
[3] to create clusters (with a dendrogram representation) for different network

activity patterns.

Secondly, in Chapter 4, we apply graph signal processing[/]-[0] to evaluate the
spread or impact of optical network failures. We treat anomalies, congestion and
network faults as discontinuities in graph signals, and the effect of these disconti-
nuities defines a blast radius. The propagation of these discontinuities across the

network is a measure of network degradation. A network in which a discontinuity

'A Euclidean Structure in a real vector space is endowed by an inner product, which is
symmetric bilinear form with the additional property that (x,x) > 0 with equality <= x=0.

2A co-ordinate system with the same underlying domain.

3Geometric or spatial data is a set of data in n-dimensional space, simplest of it being on a
2-dimensional surface.

iii



or failure does not propagate (in a domino effect) is resilient.

Next, in Chapter 4, we develop a sequential estimation algorithm to estimate
the blast radius and post-discontinuity flow distribution in the network. We use
graph transforms as a measure of congestion resulting from discontinuities. We
use spectrograms|7], [3] to locate discontinuities. These spectrograms provide us a
spectrum of graph frequencies varying over irregular* graph domains, using which

we can measure congestion.

The inverse of failure propagation is failure localization, which leads to causal-
ity. We use this to localize faults in optical networks. Optical networks are a
typical testbed of choice since they are hard to debug. In optical networks, the
network impairments are complex and include, inter alia, fiber losses, Non-Linear
Impairments (NLI)[9] and Amplified Stimulated Emission (ASE). Optical net-
works pose a challenge to root cause silent failures in mesh deployments, when the
impairments or losses do not exceed the thresholds to trigger alerts. The physical
characteristics of an optical network are closely related to the underlying geomet-
ric structure; this prompts us to explore spectrograms and graph wavelets|10]-[12]

for failure localization.

In Chapter 5, we propose a novel way of applying graph wavelets to localize
faults. Graph wavelets and spectrograms enable multi-resolution analysis in mesh
networks. Further, they allow us to analyze network patterns and localize the
cause(s) of a discontinuity. We propose the use of spectrograms and wavelet
coefficients to identify the irregularities in an otherwise smooth graph signal. To
this end, we develop a novel Wavelet Coefficient Trail (WCT) algorithm based
on graph wavelets to root-cause a client signal failure® or OSNR degradation in a

optical network.

In Chapter 6, we use the fact that the OSNR and received optical channel power
are critical parameters to determine Quality of Transmission (QoT). These two
critical parameters are influenced by network impairments such as fiber-loss, ASE
noise and NLI. Extending the geometric learning techniques, we use geomet-

ric deep learning techniques such as Graph Convolution neural Network (GCN)

4Not having translation invariance or symmetry.
SA transceiver’s received optical signal Pre-Forward Error Correction Bit Error Rate
(Pre-FECBER) exceeds its set threshold.
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for OSNR and received channel power estimation. We note that environmental
effects and Routing Modulation and Spectrum Assignmnent (RMSA) schemes in-
fluence the OSNR and, thus, the reach (measured in number of spans) of the
optical channels. These impairments and their effects vary with the spectral oc-

cupancy and are hard to predict in a brownfield networks.

Several Deep Neural Network (DNN) based methods have been explored to esti-
mate OSNR and non-linear noise[13]-[15]. However, these methods ignore network
topology. We bridge this gap by leveraging supervised GCN [16]-[21], which op-
erates directly on graphs to estimate OSNR and the received power in an optical
mesh network. In addition, we develop and implement a novel Graph Windowed
neural Network (GWinN) to reduce the over smoothing effects of GCN and, thus,
to learn of localized limited-impact discontinuities like fiber cuts. For a refer-
ence OSNR ranging from 16-24 dB, our proposed method accurately estimates
the OSNR with a mean prediction error of -0.02 dB and a standard deviation of
0.35 dB.

In summary, we propose the application of geometric learning to optical network
problems, such as fault assessment, fault localization and OSNR estimation. We
illustrate the use of our proposed methods to practical optical networks, using

actual network data (with permission from Ciena Labs, in Ottawa, Canada).
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NOTATION

Graph G with vertices in V and edges in €
k-clusters of vertices

Degree (weight) sum of vertex v;

Volume of subset U

Distance between vertex groups

Pearson correlation coefficient for random variables X and Y
Standard deviation for random variable X
Mean for random variable X

Neighborhood of node

Graph adjacency matrix

Graph degree sum diagonal matrix

Graph degree sum diagonal matrix

Graph Laplacian quadratic norm

Graph Laplacian for graph G

Graph Laplacian eigenvector

Matrix with graph Laplacian eigenvector as columns
Graph Laplacian eigenvalue

Chebyshev polynomial approximations of order k
Rx power on span

Network flow graph signal on node

GFT corresponding to ),

Network received power vector

Number of zero-crossings

Graph window transform centered at vertex v,,
LVS (Local Vertex Spectrum) window width
Dictionary of time-frequency atoms
Windowing function

Neighbourhood window function at D hops
Energy density(spectrogram)

Wavelet function centered on vertex m
Wavelet coefficient

Wavelet coefficient time differential

Received power on an optical span ¢

Transmit power on an optical span ¢

Fiber Loss on an optical span 7

Sigmoid or Rectified Linear activation (ReLU) non-linear activation function

Pooling function
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