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Why This Tutorial?

Wireless networks are growing in size and complexity

▶ OSPF struggling to meet increasing demands of high speed
and low latency



Why This Tutorial?

Growth of Wide Area Networks [13]



Why This Tutorial?

Complex Mesh Network [8]
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Resulting Challenges

▶ Need fast traffic allocation of routes in large networks

▶ Difficulty in predicting traffic demands across the network

▶ Time-variant topologies makes routing challenging
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Why This Tutorial?

How Should Routing Protocols Adapt?

▶ Adaptability: wireless networks are increasingly dynamic and
subject to environmental changes

▶ Complex Decision Making: handle networks with large
number of nodes and diverse traffic patterns

▶ Traffic Prediction: analyze historical traffic demands and
predict future demands to make more efficient routing
decisions
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Why This Tutorial?

How Do We Make ’Intelligent’ Routing Decisions?

Leverage Machine Learning (ML)!



Why This Tutorial?

How Do We Make ’Intelligent’ Routing Decisions?

▶ Leverage information about past traffic conditions to learn
good routing configurations for future conditions –
Supervised Learning [12]

▶ Train an agent to learn to generate routing decisions from a
history of observed traffic patterns – Reinforcement
Learning [12]
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Preliminaries

▶ Routing as network flows

▶ Representing traffic demands

▶ The MILP Problem



Routing as Network Flows

A

B

C

D

▶ Information sent over a
network is divided into
packets

▶ Routing policy : to which
adjacent node should the
current node send its
packet in order to get it
as quickly as possible to
its eventual destination?

▶ Policy : minimize
congestion, maximize
throughput, minimize
latency, etc.
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Routing as Network Flows

Let G = (V ,E , c) be a capacitated directed graph
Routing Policy → Optimization Problem [12]

▶ c : E → R+

▶ s = source node

▶ t = destination node

▶ n = |V | and Γ(ν) denotes node ν neighbors in G
▶ Rν,(s,t) : Γ(ν) → [0, 1]

▶ R, defines how traffic from a source node, s, and a destination
node, t, traverses ν and is split among Γ(ν)
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Routing as Network Flows

▶ We don’t route packets one by one, but in groups

▶ Flow: A sequence of packets that share common
characteristics between a source and destination in a network
[6]

▶ Denoted by x(i,j)

∑
j :(i,j)∈E

x s,t(i,j) −
∑

j :(i,j)∈E

x s,t(j,i) =


Λs,t , if i = s

−Λs,t , if i = t

0, otherwise

▶ Capacity: Every link has a maximum data rate. The flow
across a link must not exceed the capacity

▶ Denoted by cij ∑
s,t∈N

x s,t(i,j) ≤ c(i,j)z(i,j)
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Representing Traffic Demands

▶ Packets → Flows

▶ Packets originate from some demand → Traffic Demand
Matrix

▶ Demand Matrix: n × n matrix where the (i , j)th entry, d(i ,j),
specifies the amount of traffic sourcing at node i destined for
j [12]

▶ R : d(i ,j) → x(i ,j)



Representing Traffic Demands

A

B

C

D

A B C D


A 0 dAB dAC 0
B dAB 0 0 dDB

C dAC 0 0 dDC

D 0 dDB dDC 0



Routing as an Optimization Problem

Routing Policy Objectives

▶ Maximize Throughput

▶ Minimize (Max) Link Utilization

▶ Maximize Flow Minimize Cos



Maximize Throughput [9]

Maximize ρ

subject to:
∑

j :(i ,j)∈E

x s,t(i ,j) −
∑
j :(i ,j)

x s,tj ,i =


ρΛs,t , if i = s

−ρΛs,t , if i = t

0, otherwise∑
s,t∈N

x s,t(i ,j) ≤ c(i ,j)z(i ,j)∑
j

z(i ,j) ≤ T , ∀i ,T = m

z(i ,j) = z(j ,i) ∀(i , j)∀(s, t)
zij ∈ 0, 1 ∀(i , j)
x s,ti ,j ≥ 0

ρ ≥ 0



Minimize (Max) Link Utilization [3]

Minimize

∑
s,t∈N x s,t(i ,j)

c(i ,j)
∀(i , j) ∈ E

subject to:
∑

j :(i ,j)∈E

x s,t(i ,j) −
∑
j :(i ,j)

x s,tj ,i =


Λs,t , if i = s

−Λs,t , if i = t

0, otherwise∑
s,t∈N

x s,t(i ,j) ≤ cijzij∑
j

z(i ,j) ≤ T , ∀i ,T = m

z(i ,j) = z(j ,i) ∀(i , j)∀(s, t)
zij ∈ 0, 1 ∀(i , j)
x s,ti ,j ≥ 0



A Road Map

Where does machine learning come into play?



A Road Map

Traffic Demands & Network Flows
▶ Predict future traffic demands

▶ Predict network flows

▶ Supervised Learning



A Road Map

Routing Policy

▶ Replace optimizer with ML model

▶ Teach ML model to replace optimizer

▶ Supervised Learning & Reinforcement Learning
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Supervised Learning – Learning By Example

A Machine Learning (ML) training approach that uses labeled data
to predict outcomes or categorize data



Supervised Learning – Learning By Example

▶ Linear Regression

▶ Random Forest

▶ K-Means Clustering

▶ Neural Networks



Supervised Learning – Neural Networks [2]

x1
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x3
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h3

y

Simple Feed Forward Neural
Network

▶ Approximate a function
f ∗

▶ Defines a mapping for
y = f (x ;θ)

▶ Learns parameters θ

▶ Minimize error f ∗(x) and
f (x) via SGD



Supervised Learning – Neural Networks [2]

x1

x2

x3

h1

h2

h3

y

Simple Feed Forward Neural
Network

▶ Approximate a function
f ∗

▶ Defines a mapping for
y = f (x ;θ)

▶ Learns parameters θ

▶ Minimize error f ∗(x) and
f (x) via SGD



Supervised Learning – Neural Networks [2]

x1

x2

x3

h1

h2

h3

y

Simple Feed Forward Neural
Network

▶ Approximate a function
f ∗

▶ Defines a mapping for
y = f (x ;θ)

▶ Learns parameters θ

▶ Minimize error f ∗(x) and
f (x) via SGD



Supervised Learning – Neural Networks [2]

x1

x2

x3

h1

h2

h3

y

Simple Feed Forward Neural
Network

▶ Approximate a function
f ∗

▶ Defines a mapping for
y = f (x ;θ)

▶ Learns parameters θ

▶ Minimize error f ∗(x) and
f (x) via SGD



Supervised Learning – Neural Networks [2]

y1 y2 y3 y4 y5 y6

h1 h2 h3 h4 h5 h6

x1 x2 x3 x4 x5 x6

A simple Recurrent Neural Network

▶ RNNs are designed to
process a sequence of
inputs

▶ RNNs take the output of
the previous cell as input
to the current cell

▶ RNNs can learn temporal
patterns in data
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Reinforcement Learning – Learning What to Do

How to map situations to actions to maximize some numerical
reward [10]

Agent

Environment

Action atNew state st+1 Reward rt+1

Action-Reward Feedback Loop [10]
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Predicting Traffic Demands

Road Map

Traffic Demands & Network Flows
▶ Predict future traffic demands

▶ Supervised Learning
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Predicting Traffic Demands

Gravity Model [5]

▶ We can model traffic from a source node, i , to a destination
node, j , as a random process

▶ Packets from a source node to a destination node are
independent

▶ Generate traffic following an exponential random variable

x(i ,j) =
x ini xoutj∑n
k=1 x

out
k

▶ Assume x total =
∑n

k=1 x
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k =
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k=1 x

in
k
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Predicting Traffic Demands

Bimodal Model [7]

▶ Generated via a mixture of two Gaussian distributions

▶ N1 (µ1, σ1) and N2 (µ2, σ2), specified in same units as data
rate

▶ For each (i , j) pair, P(x(i ,j) = N1) = p and
P(x(i ,j) = N1) = 1− p
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Predicting Traffic Demands

Synthetic Traffic Demand Generation Framework [12]

▶ Control DM size, ie: 9× 9, 23× 23, etc...

▶ Consider ”sparsficiation” of DMs, ie: sample a p-fraction of
the communicating pairs, p ∈ [0, 1]

▶ Mimic regularity by creating a cycle of DMs:

▶ t − 1 : D0, · · · ,Dq−1

▶ D(j) ∈ t − 1
▶ D(j+1modulo q) ∈ t
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Predicting Traffic Demands

Real Network Traffic Datasets
Generating synthetic datasets leads to inherent biases in validating
the SL approach

Abeline Dataset

▶ 48096 Demand Matrices

▶ Granularity: 5min

▶ Time Horizon: 6 months



Predicting Traffic Demands

Real Network Traffic Datasets
Generating synthetic datasets leads to inherent biases in validating
the SL approach

GÉANT Dataset [11]

▶ 11460 Demand Matrices

▶ Granularity: 15min

▶ Time Horizon: 4 months



Predicting Traffic Demands

Traffic Demand Prediction – Work Flow [1], [4], [6]

▶ Let D = n × n demand matrix

▶ We form a training set of n × n × T ×M matrices

▶ T = time series dimension
▶ M = number of time series in the training set

▶ Learn to predict Dt given Dt−T ,Dt−T+1, . . . ,Dt−2,Dt−1

▶ Evaluation Metric: Pair-wise MSE

▶ Dt → Rt

▶ Relevant ML Models: RNN
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Learning Routing Policy via Reinforcement Learning

Previous n demands are given to the policy. The policy maps the set of
demands and current network state to a set of actions. The reward
calculator selects the set of actions that maximizes [3]
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Thank You, Questions?
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