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Abstract

Packet routing problem most commonly emerges in the context of computer
networks, thus the majority of routing algorithms existing nowadays is designed
specifically for routing in computer networks. However, in the logistics domain,
many problems can be formulated in terms of packet routing, e.g. in automated
traffic routing or material handling systems. In this paper, we propose an algo-
rithm for packet routing in such heterogeneous environments. Our approach is
based on deep reinforcement learning networks combined with link-state proto-
col and preliminary supervised learning. Similarly to most routing algorithms,
the proposed algorithm is a distributed one and is designed to run on a network
constructed from interconnected routers. Unlike most other algorithms, pro-
posed one views routers as learning agents, representing the routing problem as
a multi-agent reinforcement learning problem. Modeling each router as a deep
neural network allows each router to account for heterogeneous data about its
environment, allowing for optimization of more complex cost functions, like in
case of simultaneous optimization of bag delivery time and energy consumption
in a baggage handling system. We tested the algorithm using manually con-
structed simulation models of computer network and baggage handling system.
It outperforms state-of-the-art routing algorithms.
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1. Introduction

Distributed routing problem first emerged in computer science in the context
of packet routing in computer networks. Over the years, many network routing
algorithms such as Open Shortest Path First (OSPF) [1] has been developed
and standardized, and now they are widely used in computer networks.

However, the distributed routing problem emerges in contexts different from
computer networks. An example of such context is baggage handling systems
(BHS) primarily used in airports (Figure 1) or material handling systems used in
manufacturing enterprises and logistics centers. In [2] it was shown that baggage
handling can be approached in a distributed way, by using a simple distance-
vector routing protocol, which was originally developed for packet routing in
computer networks [3].

Figure 1: An example scheme of baggage handling system.

Though it is possible to use algorithms for network routing in other contexts,
this is not always an optimal solution. Some constraints may exist, which are
significantly different from constraints presented in the network routing problem.
For example, in the case of BHS, we may aim to minimize energy consumption of
conveyors together as well as the speed of baggage delivery. Algorithms designed
for network routing do not fit for solving problems with such constraints.

In this paper, we propose a routing algorithm based on reinforcement learn-
ing approach. The idea of viewing packet routing as a reinforcement learning
problem was first implemented in [4] using Q-routing algorithm. The algorithm
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we propose in this paper is largely based on Q-routing, but has the following
differences:

• Value function is approximated via neural network (NN) instead of lookup
table.

• Learning agents use additional information, such as information about
current graph topology in order to make more precise estimations of action
values. This information is passed between agents via complementary
protocols, such as the link-state protocol.

• Preliminary application of supervised learning on examples of baseline
agent behavior is used to avoid divergence.

Using neural networks for value function approximation allows learning agents
to consider arbitrary information, which may be related to routing efficiency,
thus allowing the algorithm to be applied efficiently for routing in heterogeneous
environments (such as baggage handling systems).

The rest of this paper is structured as follows. In Section 2, we specify the
packet routing problem in a generalized way, review existing routing algorithms
and reinforcement learning techniques and formulate the routing problem in
terms of reinforcement learning. Then in Section 3, we describe the algorithm,
as well as several considered NN architectures. In Section 4, we provide results
of an experimental comparison of the proposed algorithm with link-state based
shortest path algorithm (which is basically a simplified version of OSPF, one
of the most widely used network routing protocol nowadays) and Q-routing
(which is the basis of the proposed algorithm). A comparison is conducted in
two different environments: the simulation model of a computer network and
the simulation model of BHS. Section 5 is devoted to discussion of the results
and drawing conclusions.

2. Background and problem statement

2.1. Formulation of generalized routing problem

In this section, we formally describe packet routing problem in a generalized
way, so that resulting definition can be used to describe the problem in a variety
of settings.

We model the network as a directed graph G = (V,E), where each vertex
v ∈ V corresponds to a network node (e. g. router or switch), and every edge
e ∈ E ⊂ V 2 corresponds to a link between nodes. Packets are sent between
the nodes in the network: a packet may be sent from one of the source nodes
Vs ⊆ V and be directed towards one of the destination nodes Vd ⊆ V .

When a packet p heading towards destination d arrives at node u it proceeds
as follows:

• If u = d, then the packet has reached its destination and it leaves the
network.

3



• Otherwise, a packet proceeds along one of the edges which begin in u. This
edge e = (u, v) is chosen accordingly to some routing policy Route(p, u, d).

Let each edge e has an associated cost Cost(e). Then the cost of the packet
path is defined as sum of costs of the edges included into this path:

Cost(path(p)) =
∑

e∈path(p)

Cost(e).

In case of the most common instance of packet routing problem, namely
network routing, Cost(e) is usually defined as link latency, i. e. the time, which
a packet takes to travel along the link e. The cost of a packet path is then
total packet’s travel time. Note that here we deliberately do not separately
define costs for traveling through nodes, despite the fact it makes sense (i. e.
in network routing it makes sense to also consider the time a packet spends in
router’s processing queue). We do so for the sake of simplicity: we assume that
the actual cost for traveling through node v is included in costs of all edges
ending with v.

The packet routing problem is then a problem of choosing a routing policy
Route(p, u, d), which minimizes expected cost of path from u to d for packet p. If
costs of all edges in the network are known and constant, then the packet routing
problem reduces to a problem of finding the shortest path in a directed graph.
However, for real-world problems, this is rarely true. Even in a relatively simple
case of computer networks link latencies change over time because of network
congestion, link breaks and other reasons. In case of more complex environments
costs of edges may change because of a large variety of reasons.

In order to account for this in a most general way possible, let us introduce
a notion of network state S. S is a value representing all information about the
current state of the network, including constant parameters (e. g. latencies and
bandwidths of links) as well as dynamically changing information (e. g. current
positions of packets in the network). To account for the current network state
in the edge cost function, we may simply make the cost function accept S as an
input parameter: Cost(e,S). However, in practice, only the small part of the
network state influences the cost of particular edge e, e. g. for network routing,
it is the properties of link e = (u, v) and router v together with the number and
properties of packets currently traveling through link e and router v. Let us
denote this small part of state related to edge e as Se. The cost function then
takes the form Cost(e,Se).

If costs of edges depend on network state, then the routing policy Route(p, u, d)
should depend on it too. Ideally, router u should take the whole network state
into account in order to precisely determine the optimal routing decision for
the current packet. However, we consider a distributed routing problem, which
means that a single router v cannot possibly be aware of the whole network
state. Instead, it has access to some part of the state, which we will call router
observation and denote as o(v,S). The routing policy then takes the form
Route(p, v, d, o(v,S)).
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2.2. Routing as a reinforcement learning problem

Note that routing policies of nodes in network directly influence on how the
network state changes over time, because they determine how the positions of
packets change. This makes the problem of finding an optimal routing policy
even harder, especially in the distributed setting, where a single router cannot
observe the whole network state. However, such a problem can be conveniently
reformulated in terms of multi-agent reinforcement learning with partially ob-
servable Markov decision processes (POMDPs) [? ] as follows:

• The state of the environment is the network state S as defined in Sec-
tion 2.1.

• Each router is viewed as an independent agent which observes only some
part of the state. The agent’s observation is a tuple (p, v, d, o(v,S)), where
p is the packet being currently processed, v is the current router, d is the
packet’s destination and o(v,S) is the router observation as defined in
Section 2.1.

• The set of possible actions is the set of available outgoing edges. When
the particular action is chosen, the packet is sent over the corresponding
edge.

• A reward for action is negated cost of the edge over which the packet
has been sent: r = −Cost(e,Se), where cost of the edge is defined as in
Section 2.1.

Such a problem can be solved, for example, via the method of independent
Q-learning [5]. In the following sections, we will show how we apply ideas of
independent Q-learning to packet routing problem.

2.3. Overview of existing routing algorithms

Most of widely used routing protocols belong to one of the two families:
distance-vector [3] and link-state [6]. For example, the most popular network
routing protocol nowadays, namely OSPF [1], is a link-state protocol.

Distance-vector protocols are based on Bellman-Ford shortest path algo-
rithm. Every router stores the vector containing costs of shortest paths to every
other nodes in a network together with a neighbor from which shortest path
starts. Routers periodically broadcast their vectors to their neighbors. After
receiving a vector from a neighbor, the router updates its own shortest path
estimates considering adjacent link costs. Different distance-vector protocols
differ in how exactly routers estimate link costs and exchange their distance
vectors.

Link-state protocols are based on Dijkstra’s algorithm. Every router stores
a graph which models the network and uses Dijkstra’s algorithm to determine
the shortest paths to every other node. If a link adjacent to some router breaks,
the router broadcasts this info to the network and other routers update their
network graphs accordingly.
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Protocols from both families are well fit for routing network packets and
computationally efficient. However, they are still not very good at adapting
to substantial changes in the environment, e.g. significant changes in traffic
patterns and load [7].

There were attempts to implement an efficient and adaptive routing protocol
using ideas of reinforcement learning. The Q-routing [4] algorithm, which is
based on reinforcement learning, showed good results in conditions of varying
traffic patterns, being able to change routing policy on fly. The algorithm itself
is remarkably simple, here is its outline:

• Every router x stores two-dimensional table Qx(d, y), which contains the
estimations of minimal time to reach destination node d if going through
neighbor y.

• Packet p with destination d is forwarded to neighbor y = argmin(x,y)∈E Qx(d, y).
Time of packet sending is assigned to tp,s.

• When y receives packet p at time tp,r, it computes its own estimate for
the rest of packet travel time: tp = min(y,z)∈E Qy(d, z), and sends tp,r and
tp back to x.

• After receiving tp,s, tp,r and tp, x updates its own minimal time estimate
as follows: Qx(d, y) = Qx(d, y) + α((tr − ts) + t − Qx(d, y)), where α is
learning rate, which is a hyperparameter.

There also exist modifications of this algorithm, such as predictive Q-routing
[8] and dual Q-routing [9]. Unfortunately, this algorithm, as well as its modifica-
tions, has a significant disadvantage when being applied to computer networks
– a router sends a protocol message over network per every received packet,
which leads to significant performance overhead. However, in other contexts,
protocol messages often do not share the communication channel with “pack-
ets”, because a “packet” might be a physical object, such as a bag on a conveyor,
while service message is a byte sequence sent over a wire. Therefore, in such
contexts, sending a service message is negligibly cheap, which allows applying
reinforcement learning approaches including Q-routing.

In recent years, the reinforcement learning approach has been repeatedly
applied to routing problems in complex environments, such as mobile ad hoc
networks (MANETs) [10, 11, 12], congestion problems [13, 14] and vehicle rout-
ing [15], and software-defined networks [16, 17]. Most of those results feature
multi-agent reinforcement learning and some also feature deep reinforcement
learning. Those results demonstrate that multi-agent reinforcement learning is
a promising approach to a wide variety of routing problems. However, to the
best of authors’ knowledge, there were no published works on applying multi-
agent deep reinforcement learning approach to routing in conveyor networks,
such as baggage handling systems, which are the main focus of this paper.

The idea of using neural networks for solving routing problems is not new ei-
ther. For example, in [18, 19] it was suggested to use hardware implementations
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of Hopfield neural networks in routers in order to solve the shortest path prob-
lem very quickly. However, this objective is completely different from the one
we aim to solve in this paper, thus the way we use neural networks is completely
different.

Another original approach is AntNet algorithm [7]. The idea of the algorithm
is to use special “agent” packets, which traverse the whole network and collect
information about its state and sharing this information with routers they pass
through. The algorithm has shown good experimental results but was not widely
adopted due to already widespread adoption of distance-vector and link-state
protocols.

3. Proposed approach

3.1. Basic algorithm

The method we propose, which we call DQN-routing, is largely based on
Q-routing, which was described in Section 2.3. The method is as follows:

• Every router processes one packet at a time. Processed packed is referred
to as current packet. A packet p consists of its destination d and its state
sp (sp may be empty).

• Every router v has a current state sv = (v, d, sp, u1, .., um, X1, .., Xk),
where d is the destination node of current packet, sp is the state of current
packet, u1, .., um are neighbors of v and X1, .., Xk are pieces of subsidiary
data, provided by subsidiary protocols (k may be zero).

• Every router contains a neural network which approximates value function
Qv(sv, u), where −Qv(sv, u) is the estimation of minimal cost of path from
v to destination of current node d through neighbor u.

• Current packet is forwarded to neighbor u, which is chosen randomly with
a probability distribution softmax({Qv(sv, u)|(v, u) ∈ E}). State of a
packet might be changed before sending.

• When u receives packet p from v, it computes a reward rp,v,u as negated
cost of packet travel (rp,v,u = −cost(p, (v, u))) and estimated value of
following actions qp,u = max(u,w)∈E Qu(su, w), and sends both values back
to v.

• After receiving rp,v,u and qp,u, v fits its neural network on (sv, u, rp,v,u +
qp,u) sample.

Our method differs from Q-routing in the following ways:

• Q-function (estimates on full path costs) is approximated via the neural
network instead of being stored in a table.
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• Usage of a neural network allows Q-function having arbitrary, possibly
infinite domain. We use this advantage by gathering subsidiary data via
subsidiary protocols and considering this data as an input to a neural
network approximating Q-function in addition to destination ID d and
neighbor ID y. An example of a subsidiary protocol is a link-state protocol,
which we use to obtain information on current network topology.

• We use the abstract notion of path cost instead of strictly optimizing
packet travel time, because we aim to be able to optimize arbitrary path
cost functions.

• We use the softmax strategy for choosing the neighbor in order to obtain
a better balance between exploration and exploitation.

We call this approach a method rather than an algorithm, because different
algorithms with different properties can be obtained by adding various sub-
sidiary protocols and choosing various neural network architectures. In the rest
of this paper, however, we will consider a particular set of neural network ar-
chitectures and a particular set of subsidiary protocols. Most importantly, we
will use a link-state protocol and data about network topology in every variant
of method implementation.

3.2. Neural network architecture

The input of a neural network is the current state of a router sn = (n, d,
sp, y1, .., ym, X1, .., Xk), where n is the current node in network, d is the desti-
nation node of the current packet, sp is the state of current packet, y1, .., ym are
available neighbors and X1, .., Xk are pieces of subsidiary data. Having current
node n as a part of the neural network’s input allow us to train a single model,
which is able to work as any node in given network.

Numbers n, d and set of numbers y1, .., ym are passed in one-hot encoding.
E.g. if we have a network with seven nodes, number 3 is encoded as 0010000
and set {4, 6} is encoded as 0001010. One-hot encoding is used in order to avoid
depending on the order in which nodes are enumerated.

We consider three different architectures of neural networks. Every NN
architecture has a corresponding type of packet state sp.

First one is a basic feed-forward neural network with two fully-connected
hidden layers, which use hyperbolic tangent (tanh) as an activation function
(Figure 2). This type of architecture uses packets with an empty state.

Other two architectures are recurrent ones, both have LSTM layers [20].
These architectures differ in a way the hidden state of LSTM layer is passed
between actions. In the first case (Figure 3), which we denote as “network
with router memory”, network works as the classic RNN: LSTM hidden state
(Ct−1, ht−1) after (t− 1)-th iteration is passed to the same layer of the network
on t-th iteration, and the packet state is empty.

In the second case (Figure 4), which we denote as “network with packet
memory”, the packet state contains last LSTM hidden state of a previously
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Figure 2: Feed-forward NN architecture. m denotes the number of nodes in graph

encountered router, which is injected into the LSTM layer of the current router
during packet processing. Every packet which has just entered the network
contains hidden LSTM state initialized to zero.

The intuition behind two types of recurrent architectures is as follows. In
case with “router memory”, router maintains some kind of “memory” of previ-
ously routed packets (encoded in LSTM hidden state), while in the case with
“packet memory” packet has the memory of previously visited nodes.

In every case, the output layer of the neural network contains n neurons with
linear activation functions, where i-th neuron corresponds to i-th node in the
network. If i-th is not a neighbor of the current node, then −∞ is added to an
output of i-th neuron in the output layer (In practice, −∞ is some big negative
number, such as -1,000,000). So the output values of NN yield estimations of
Q-function Q(s, a), where action determines the neighbor to which we redirect
a packet, and for every node b which is not a neighbor Q(s, b) = −∞.

In every considered test scenario and environment we use a link-state proto-
col as a subsidiary protocol to provide information about graph topology. This
information is added to the inputs of neural network as flattened upper triangle
of adjacency matrix Ag (Figure 5).
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Figure 3: RNN with “router memory”.

3.3. Preliminary supervised learning

crossed out Q-learning algorithms applied to finding an optimal strategy
in reinforcement learning problem successfully converge in case of finite state
space [21], but that cannot be generalized, which makes Q-learning unstable
when training neural networks. Authors of the DQN algorithm [22] counter
this using experience replay. This technique is to store previous states with
corresponding rewards and actions and to fit on a random sample of episodes
from this memory buffer on each learning step. Unfortunately, this approach
does not work well in non-stationary environments, as old episodes in experience
replay buffer stop representing the actual behavior of the environment over time
[23].

Multi-agent environments are non-stationary because other agents learn over
time, changing their behavior, rendering experience replay ineffective. Figure 6
demonstrates how the DQN algorithm with randomly initialized neural networks
perform in a model of a computer network in the test scenario with static traffic
pattern and low traffic intensity. The algorithm is compared with the link-state
shortest path algorithm, which provides an optimal strategy for this scenario.
It can be seen that the DQN algorithm takes a lot of time to converge, and still
converges to a suboptimal strategy.

To counter this problem, we use preliminary supervised learning on dataset
of tuples (o, {Q′(o, x)}x∈V ), where o is a router observation containing start
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Figure 4: RNN with “packet memory”.

node n and destination d, as described in Section 3.2, and Q′(o, x) is the length
of the shortest path between n and d, which contains neighbor x (Q′(o, x) = −∞
if x is not a neighbor of n). The lenghts of edges are considered static while
generating pre-training dataset, each edge has a length which is a lower bound
on cost for passing this edge (e. g. link latency in case of computer network
routing).

11



Figure 5: Feed-forward NN architecture with subsidiary data (graph adjacency matrix) passed
as a part of input.

4. Experiments and results

We performed experiments in two simulation models: a model of a computer
network and a model of a baggage handling system. In both environments,
we compared DQN-routing with the shortest path (Dijkstra) algorithm with
a link-state protocol and Q-routing algorithm. The link-state shortest path
algorithm was chosen because link-state protocols are dominant in computer
network routing nowadays, and Q-routing was chosen because DQN-routing is
based on it.
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Figure 6: Divergence of DQN routing without preliminary supervised learning.

4.1. Experiments in simulation model of computer network

In the simulation model of a computer network, the optimized cost function
is packet travel time and reward for single action is time between the moment
of packet departure and the moment when the packet is processed on neighbor
node. In our simulation model, time is measured in abstract units, but in
the context of computer network, we will assume that these units represent
milliseconds for convenience.

For our set of experiments, we used a model of a network of ten nodes
(Figure 7). Every router in the network take 5 ms for processing one packet,
every link in the network has a latency of 10 ms and bandwidth of 1024 bytes/ms.

Figure 7: Network graph for experiments in simulation model of computer network.

The only subsidiary protocol used by DQN-routing in these scenarios was
the link-state protocol, which provided information about network topology.
This information was added to the input of each NN as an adjacency matrix, in
the manner described in Section 3.2

Performance of algorithms was calculated in the following way:

• Packet travel times were collected via evaluation of test scenario. The
timeline was split into intervals of 500 time units, and for every interval
average value of packet travel time was calculated.
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• Test scenario was evaluated three times with different random seeds

• Results from three runs were averaged to obtain final results.

4.1.1. Preliminary application of supervised learning

A neural network was pre-trained on approximately 230,000 actions per-
formed in the graph shown on Figure 7 by the shortest path algorithm. Target
values of Q(o, a) were calculated as lengths of the shortest path to packet des-
tination through neighbor a, where link latencies were treated as lengths of
edges.

During supervised learning, we performed an initial comparison of optimiza-
tion algorithms for neural networks. We considered four popular gradient op-
timization algorithms with adaptive learning rate: RMSProp [24], AdaDelta
[25], AdaGrad [26] and Adam [27]. We trained a feed-forward NN on the gen-
erated training set for multiple epochs using different optimization algorithms
and measured MSE (mean squared error) on training set after each epoch.

(a) Preliminary supervised learning compari-
son

(b) Comparison of Adam and RMSProp in a
peak load scenario

Figure 8: Comparison of optimization algorithms during preliminary supervised learning and
reinforcement learning

Figure 8a shows that AdaGrad and AdaDelta fail to generalize over the
training set, while Adam and RMSProp perform well and almost identically.

4.1.2. Changing the traffic load

In this scenario, we imitated suddenly increased traffic load: the period
between packet sendings starts with 10 ms, then changes to 3.5 ms, and then
changes to 10 ms again. Packets were sent between two parts of the network
graph: the first part contains nodes 1, 2, 3 and 7, and the second part contains
nodes 4, 5, 6 and 8.

In Section 4.1.1 we determined that Adam and RMSProp performs almost
equally well during supervised learning. So at first, we compared these two
optimization algorithms in this test scenario. It turned out that Adam performs
poorly during reinforcement learning, and agents using Adam cannot adapt to a
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changed environment (Figure 8b). On the other hand, RMSProp performs well,
thus we chose RMSProp as an optimizer in the final version of the algorithm.

Figure 9: Comparison of different types of experience replay.

Additionally, we compared the performance of feed-forward NNs with differ-
ent types of experience replay (including no experience replay at all). Figure 9
shows that the introduction of any sort of experience replay impedes agent’s
ability to adapt to changes in the environment. Therefore we did not use expe-
rience replay in the final version of the algorithm.

Figure 10: Comparison of agents using naive and softmax strategy.

Furthermore, in this test scenario, we analyzed the effect of using softmax
strategy for action selection by comparing the performance of DQN-routing with
and without using it. Figure 10 shows that agents struggle to restore optimal
strategy after traffic load became low again if they do not use softmax strategy.
Therefore, in the final version of the algorithm, we will use the softmax strategy
to achieve a balance between exploration and exploitation.

After that, we compared the performance of three considered types of NN
architecture. On Figure 11, we can see that in this scenario, DQN-routing with
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Figure 11: Comparison of different NN architectures in peak load scenario.

Figure 12: Comparison of DQN-routing with baseline algorithms in peak load scenario.

recurrent NNs perform worse than DQN-routing with feed-forward NNs, so we
will again compare only the latter with the baseline algorithms.

As it can be seen on Figure 12, the simple shortest-path algorithm with the
link-state protocol is unable to adapt to increased traffic load by redirecting part
of the traffic through nodes 9 and 10, instead of overloading nodes 7 and 8. The
Q-routing algorithm is able to do this, but it cannot restore the optimal strategy
in low-load conditions after the peak is passed. But DQN-routing shows both
the ability to quickly adapt to new conditions and restore optimal strategy when
conditions change to initial ones again.

4.1.3. Changing the network topology

In this scenario, we imitated successive breakages of links (7, 8), (1, 2) and
(5, 6) followed by their restoring in the same order. The traffic load was mod-
erate. As well as in the previous scenario, packets were sent between two parts
of the network graph.

Figure 13 shows how three considered neural network architectures compare
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Figure 13: Comparison of different NN architectures in scenario of changing network topology.

with each other in this scenario. It demonstrates that the recurrent neural
network architectures perform worse than the simple feed-forward NNs.

Figure 14: Comparison of DQN-routing and baseline algorithms in scenario of changing net-
work topology.

Figure 14 shows how DQN-routing with feed-forward NNs performs in com-
parison with the link-state algorithm and Q-routing. Note that in a given sce-
nario (changes in graph topology with moderate traffic load), the link-state
algorithm works in an optimal way, as in this conditions travel time between u
and v is almost equal to latency of link (u, v). The plot shows that DQN-routing
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performs equally well with the link-state algorithm throughout almost all sce-
nario, while Q-routing takes time to adapt to link break and cannot restore the
optimal strategy when all links are restored.

4.2. Experiments in the simulation model of the baggage handling system

Figure 15: Segment of conveyor network and corresponding segment of graph model.

We model a conveyor network of baggage handling system as an oriented
graph G = (V,E), where each section of a conveyor is modelled as a node,
and edge (u, v) exists if the bag can arrive to section v after leaving section u
(Figure 15). Every conveyor has its own speed, and every section has its own
length. Also, we model entrances and exits of conveyor network as separate
nodes.

For BHSs we use a more complex cost function. We simultaneously opti-
mize the average travel time of bags and total the energy consumption of the
conveyors.

Every conveyor can be in one of two states: working and idle. In the working,
state conveyor c consumes ec kilowatts per time unit (for convenience, we will
further assume that time units in BHS model are seconds). In idle state, the
conveyor consumes no energy. All conveyors are initially idle. A conveyor goes
into the working state when a bag arrives on it. If the conveyor does not
transport any bags for dc seconds while working, it becomes idle.

We achieve simultaneous optimization of bag travel time and energy con-
sumption by counting rewards for actions as tp + αep, where tp is time bag p
spent on current section before going to next one, ep is energy overhead caused
by bag p entering this section, and α is energy saving importance coefficient.
Value of ep is defined as the amount of energy consumed by a conveyor, that
transported bag p, which could be saved, if p did not enter the conveyor and
conveyor stopped working earlier.
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Figure 16: BHS model for tests.

In this experiment, we use a subsidiary protocol in addition to the link-state
protocol. This protocol distributes information about working states of the
neighboring conveyors. Every conveyor stores a Boolean value for each of its
neighbors, which indicates if the neighbor is working or idle. When a conveyor
changes its state, it informs its neighbors about it. A vector of neighbor states
is added to the input of conveyor neural network similarly to vector y of current
neighbors (Section 3.2).

We evaluated test scenarios in BHS model with 14 conveyors consisting of 27
sections in total, two entrances, and four exits (Figure 16). Sections 1-20 have
lengths of 10 meters, sections 21-27 have lengths of 2 meters. Every conveyor
consumes 1 kW per second, the maximum speed of every conveyor is 1 m/s.

(a) Average travel time (b) Energy consumption

Figure 17: Comparison of different NN architectures in BHS model.

Performance is evaluated in the same way as in Section 4.1.
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4.2.1. Uneven traffic to different exits

As it can be seen on Figure 16, the shortest path from entrances to exits
Y and Z is via conveyors 3 and 4. But they can be reached via conveyor 6
too, which may be more optimal if conveyors 3 and 4 are idle and we want to
minimize the total energy consumption of the system.

In the first testing scenario, traffic pattern switches between bags going only
to exits W and X and bags going to all four exits. Energy saving importance
coefficient α is set to 1.

(a) Average travel time (b) Energy consumption

Figure 18: Comparison of DQN-routing with baseline algorithms in BHS model.

Figure 17 shows that in this conditions, DQN-routing with simple feed-
forward NNs performs better than variants with recurrent NNs both in terms
of average bag travel time and energy consumption. Thus, we will compare the
former with baseline algorithms.

As it can be seen on Figure 18, a simple link-state algorithm is unable to
optimize for energy consumption because energy consumption overheads cannot
be taken into account when assigning static weights for edges before calculating
shortest path. On the other hand, the Q-routing algorithm receives the same
rewards as DQN-routing but is still unable to optimize energy consumption well
enough, while DQN-routing can take info about whether or not neighboring
conveyors are idle into account, which allows it to optimize energy consumption
better at the expense of average bag travel time.

4.2.2. Gradual increase of traffic load

Beginning of this scenario reproduces the previous one. The difference is that
the frequency of bags appearing at the entrances grows twice and continues to
gradually grow until the end of the scenario. Here we did not compare variants
of DQN-routing with different NN architectures, because it was clearly shown
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(a) Average travel time (b) Energy consumption

Figure 19: DQN routing compared to baseline algorithms in conditions of increasing traffic
load in BHS, α = 1.

in the first test scenario that recursive NNs do not perform well in tests for BHS
model.

(a) Average travel time (b) Energy consumption

Figure 20: DQN routing compared to baseline algorithms in conditions of increasing traffic
load in BHS, α = 0.6.

Figure 19 shows that link-state algorithm and Q-routing fail to optimize
energy consumption, as in the previous scenario, while DQN-routing prefers to
minimize energy consumption at the expense of bag travel time until the end of
the scenario, when average bag travel time becomes too high due to increased
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traffic load, and traffic finally gets redirected through conveyors 3 and 4.
As can be seen on Figure 20, this behavior can be regulated by changing

coefficient α. When α is lowered down to 0.6, redirection of traffic through
conveyors 3 and 4 happens earlier.

4.3. Summary of experimental results

In order to present a more clear and compact representation of experimental
results, we provide a numeric performance comparison of considered routing
algorithms. For every test scenario, we compare the algorithms by average
packet travel time, and in case of testing in the model of BHS we also compare
them by total energy consumed.

For sake of brevity, in summary tables we use the following abbreviations
for routing algorithms:

• “LS” is shortest path algorithm using the link-state protocol

• “QR” is Q-routing algorithm

• “DQN” is simple DQN routing using feed-forward neural networks

• “DRQN-p” is DQN routing using RNNs with packet memory

• “DRQN-r” is DQN routing using RNNs with router memory

Best result within every test scenario is marked bold.

Table 1: Summary of experimental results in the model of computer network.

Abrupt peak load,
average time, ms

Changing the topology,
average time, ms

LS 114.8 70.0
QR 79.3 75.0
DQN 63.9 70.3
DRQN-p 80.3 75.4
DRQN-r 72.8 78.2

Table 1 clearly shows how DQN routing outperforms other algorithms in
a network environment with changing traffic load while adapting to topology
changes almost as good as a simple link-state algorithm.

Table 2 also shows that DQN routing optimizes energy consumption in the
best way possible. Moreover, as we can see in Table 3, the behavior of DQN
routing can be regulated by changing the importance coefficient α, and that its
behavior changes more easily in comparison with Q-routing.

Overall, we can conclude that DQN-routing which uses feed-forward NNs
as learning agents is able to efficiently solve the routing problem in different
environments and with a differently defined cost function.
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Table 2: Summary of experimental results in the model of baggage handling system: scenario
of uneven traffic to different exits.

Average time, s Total energy, kW
LS 38.0 87,183
QR 40.1 84,273
DQN 42.0 78,947
DRQN-p 42.9 82,237
DRQN-r 42.9 94,231

Table 3: Summary of experimental results in the model of baggage handling system: scenario
of gradually increasing load.

α = 1 α = 0.6
Time, s Energy, kW Time, s Energy, kW

LS 42.3 145,112 42.3 145,112
QR 45.3 140,146 44.8 141,613
DQN 49.8 123,984 46.8 132,193

5. Conclusion

We presented a novel distributed routing approach that is based on machine
learning and can be applied both in communication networks and in physical
systems, such as baggage handling systems. The unique strength of the pro-
posed method is its ability to optimize simultaneously the travel time of the
routed entities and energy consumption. Comparison with contemporary rout-
ing algorithms confirms substantial gain of the proposed method.

However, the proposed method has certain limitations. The necessity of
performing a preliminary supervised learning makes the method inconvenient
for application in real-world industrial environments, and the dependency of
neural network input size on the graph size limits the scalability of the method.
Future work is planned to address these issues, possibly with the help of model-
based reinforcement learning and neural graph embeddings [28].

Future research directions also include further improvements of the methods
performance on account of using different learning techniques, and investigating
practical implementation techniques, where it could be implemented straight in
the distributed industrial automation platforms.
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