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ABSTRACT

Traffic optimization challenges, such as flow scheduling and com-
pletion time reducing, are difficult online decision-making problems
in wide area networks. Previous works apply heuristics that rely
on full knowledge of the system to design optimization algorithms.
In this work, we explore building a model-free approach, applying
multi-agent meta reinforcement learning to solve complex online
control problem that generates optimal paths to reroute traffic. Fo-
cusing on decentralized solutions, our experiment aims to efficiently
minimize the average packet completion time while reducing packet
loss across complex network topologies. To evaluate, we test with a
static topology and dynamically changing network topologies and
compare results to the classical shorted path algorithm.
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1 INTRODUCTION

Packet routing is one of the fundamental problems in computer net-
works, where a router determines the next hop for each packet to its
destination. Modern packet routing is very challenging, mainly due
to two reasons. First, communication networks are highly dynamic,
which makes them hard to model and control. Second, as networks
scale, a central controller may be costly to control all devices. It is
critical to develop innovative ways where flows can self-manage in
real-time and distributed manner. In this work, we address this with
a multi-agent meta reinforcement learning algorithm (MAMRL)
by using policy optimization and learning a well-generalized pol-
icy initialization. This is shown to be quickly adapted to different
scenarios with fewer steps.
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2 PROBLEM FORMULATION

Network: We consider a possibly time-varying communica-
tion network, characterized by an undirected graph G; = (V, &;),
where V = {1,---,n} is a set of routers and & C V X V are
transmission links between the routers at time ¢.

Routing: Each packet is routed from router to router via links.
Routers process packets using first-in first-out criterion.

Objective: The algorithm aims at finding optimal paths between
sources and destinations, minimizing average packet completion
time, given by sum of queuing and transmission time, while reduc-
ing packet loss.

Local reward r' (loss function)

Local Policy 7'(a'|o")

NI, | observation of E E

metalearning e

(weight

Local action a'

Figure 1: The framework of the packet routing problem.

3 METHODOLOGY
3.1 DPolicy optimization

We use multi-agent policy optimization, particularly trust region
policy optimization, to solve packet routing. As shown in Figure
1, at each timestep t, each router! observes a local observation o;-
and takes an action ai, and receives feedback reward estimate r;'
from the environment. The goal is to learn a parameterized policy
ﬂ'éi (a'|0%), i.e., a mapping from observation to action, with respect
to the expected return (long-term cumulative reward). Those are
defined below,

Observation o': 1) destination router of first packet in local
queue; 2) Latest five step actions taken by router;; 3) router with
longest queue among all router’’s neighbors!.

Action a': next hop of current packet in the queue.

Reward r': a global reward estimate. Let x’ denote the negative
average completion time of all packets delivered to router; plus
negative number of packet loss occurred in router’. Then r' is an
estimate of % 2jev x/. 2,

!Router’ and router/ are neighbors, if there is a link connecting them. For example, in
Figure 1 routers C, D and E are neighbors of F.

2The packet routing aims to minimize the average packet completion time of the whole
network while reducing packet loss. In order to achieve this goal cooperatively, each
router needs to know the global reward function which is the average of all the local
reward [4].
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3.2 Decentralized solution

We aim to find a decentralized solution, such that each router only
needs local information: its own and neighboring data. The obser-
vation and action are executed locally (Section 3.2). We adapt the
following dynamic consensus algorithm [1] to estimate r’ using
only local information. It can be proved that the local estimate r’
can converge to the vicinity of global reward % Yjev xJ within a
few timesteps as long as the network is connected.

ri=xi - yh

i _ i J i 1

Yy = Y (rf=r]) +yl. @
JEN;

3.3 Multi-agent meta reinforcement learning

To address packet routing in dynamic environments, addition to
policy optimization, we leverage meta-learning [2]. This helps learn
policy parameters §' that are close to all optimal parameters in all
environments. Therefore 8’ is the best parameter initialization that
can quickly adapt to different environments (see Figure 2).

V] i
9i [’k ° Topology 1
/
vyl v K “~-e 62 Topology 2
. ¢
93 Topology 3

Figure 2: The framework of meta learning,.

4 EVALUATION AND RESULTS

Several experiments are conducted in simulators of computer net-
work. Here, the policy model for all the routers is a neural network
(see Figure 2).
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Figure 3: Average packet completion time results in station-
ary environment.
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Figure 4: Packet loss results in dynamic environment.

4.1 Stationary environment

We test the MAMRL in packet routing problem with a static
topology (see Figure 1). We compare the results to the shorted path
algorithm (SPA) at various network load levels. As shown in Figure

Shan Sun and Mariam Kiran (advisor)

3, when the load is vary low, the SPA algorithm performs better
than the MAMRL. However, as the load increases, the MAMRL
performs much better than the SPA algorithm.

4.2 Dynamic environment

We test the MAMRL in packet routing problem with low net-
work load level and dynamically changing topologies. Let the router
encounter different network topologies and return the policy pa-
rameter initialization using MAMRL. We compare the results to two
baseline controllers: 1) training the policy from randomly initialized
weights, and 2) shortest path algorithm (SPA) [3]. At the beginning,
routers are in network (Figure 1), then the link between A and B dis-
appears. Since SPA relies on the topology, which changes, the SPA
keeps sending packets to the failed link which causes huge packet
loss. Reinforcement learning algorithms are model-free controllers,
and the policy can be improved by interacting with the environment.
In Figures 4, 5, the MAMRL controller adapts to new topologies
within 150 episodes, however the non-meta RL controller adapts
in about 700 episodes.

—— MAMRL
— Random Initialization
—— SPA

+ Alink fails

Average flow completion time
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Figure 5: Average packet completion time results in dynamic
environment.

5 CONCLUSIONS

In this work, we propose a novel framework MAMRL to improve
learning efficiency of deep reinforcement learning in multi-agent
packet routing with dynamic network environments. The experi-
ments demonstrate that when the network is static, the MAMRL per-
forms better than SPA at high network load level. Moreover, when
there is network topology change, 1) model-free reinforcement
learning algorithms can reduce packet loss significantly while of-
fering comparable average packet completion time, and 2) MAMRL
can adapt to new topology within fewer episodes.
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