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Abstract—Most of the routing algorithms over ad hoc networks
are based on the status of the link (up or down). They are not
capable of adapting the run time changes such as traffic load,
delay and delivery time to reach to the destination etc, thus
though provides shortest path, these shortest path may not be
optimum path to deliver the packets. Optimum path can only
be achieved when quality of links within the network is
detected on continuous basis instead of discrete time. Thus for
achieving optimum routes we model ad hoc routing as a
cooperative reinforcement learning problem. In this paper,
agents are used to optimize the performance of a network on
trial and error basis. This learning strategy is based work in
swarm intelligence: those systems whose design is inspired by
models of social insect behaviour. This paper describes the
algorithm used in cooperative reinforcement learning
approach and performs the analysis by comparing with
existing routing protocols.

number assigned by the destination node. Routing updates
are transmitted throughout the network in order to maintain
table records consistent. Optimized List State Routing
(OLSR) [5] is another link state algorithm which is said to
be more optimized for ad hoc nature. It uses Multipoint
relays (MPR) to efficiently propagate updates across the
network. OLSR also uses only periodic updates for link
state dissemination. Thus it reduces the overhead when the
network is dense.
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I. INTRODUCTION
An ad hoc network is a collection of wireless mobile nodes
and having features of zero configurations. These are peer to
peer networks and having dynamic topology [1,2]. These
networks are mobile and need multiple network hops for
packet transmission for one node to another across the
network. In such a network, each mobile node is also acting
as a router and thus forwards packets for other mobile nodes
in the network that may not be within the direct reach.
The routing protocols for ad hoc networks are broadly
classified into two classes: Proactive routing protocols
(table driven) maintain unicast routes between all pairs of
nodes without taking care of usage of routes. Second class
includes On Demand routing protocols where the routing
tables are created when the need arises. In this paper,
various routing protocols of ad hoc networks are simulated
and their performance comparison is done using delay,
routing overheads, loss performance parameters and also
using different mobility models.
Destination-Sequenced Distance-Vector Routing (DSDV)
[3,4] is a table-driven algorithm where every node maintains
a routing table in which all of the possible destinations
within the network and the number of hops to each
destination are recorded. Each entry is with a sequence
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The Dynamic Source Routing protocol (DSR) [6] is based
on source routing. The routes are stored in a route cache and
if route is not available it initiates Route Discovery process
by broadcasting request message. Destination node or any
nearby node having a desired route reply with route reply
message. Ad Hoc on Demand Distance Vector Routing
(AODV) [6,7] is pure on-demand routing protocol. It uses
traditional routing tables, one entry per destination. AODV
uses destination sequence numbers as in DSDV to prevent
routing loops and to determine freshness of routing
information. In AODV, each node maintains at most one
route per destination and as a result, destination replies only
once to the first incoming request during a route discovery.
When the path present in memory fails, it has to repeat route
discovery process. To overcome this limitation, another
Multipath extension to AODV called Ad Hoc On-Demand
Multipath Distance Vector (AOMDV) [8-10] is used.
AOMDV discovers multiple paths between source and
destination in a single route discovery.
II. REINFORCEMENT LEARNING
Reinforcement learning is an area where agents perform
some action in an environment to maximize the
performance of a network. Supervised learning having
samples input-output pairs and attempts to learn the function
from input to output. It needs an amount of learning data in
order to train the system. In Reinforcement Learning (RL),
system tries to optimize the performance of a system by
interacting with a dynamic environment through trial and
error.
Figure 1 shows agent’s interaction with the system. An
agent checks the current state of system, chooses one action
from those available in that state, observe the outcome and
receives some reinforcement signal.

Q learning is used to learn a status of the network in terms
of Q values and then these Q values are used to decide the
routing policy. Each node X in the network represents its
own view of the state of the network through its Q-table Qx.
Given this representation of the state, the action ‘A’ at node
X is to choose that neighbour Y such that it takes minimum
time for a packet destined for node D to reach its destination
if sent via neighbour Y.
Each node maintains a table of Q values Qx(Y, D), where D
is the destination node and Y is the neighbor node for node
X. Qx(Y, D) is node X's best estimated time that a packet
would take to reach its destination D when sent via its
neighboring node Y.
Figure 1: Reinforcement Learning Approach
Reinforcement learning algorithms may be broadly divided
into two classes: those which attempt to learn a model of the
system, and those which do not. Both model-free and
model-based methods are capable of finding optimal
policies. Model-free methods generally require less
computation time per iteration of the algorithm, but more
iterations to reach a (near) optimal policy.
In model based, where the agent leans a model of the
environment and then uses it to control the routing policy of
a network. In model free method, a controller is learned
directly from the actual outcomes. The best example of
model based method is the reinforcement learning which is
mostly adapted for intelligent routing for a network.
In a model-free approach, no attempt is made to learn the
state transition and reinforcement probabilities. Each
individual reinforcement is used to feed information back to
the actions that caused it. For a non-deterministic process, a
model-free method gathers information about state
transitions and reinforcements implicitly. [11,12]
III. Q LEARNING AND SWARM PROTOCOL
As an example of the difference between model-free and
model-based learning methods, we consider Q-Learning. In
this, every node contains Q values which represent the
expected reinforcement of taking some action in a particular
state. Highest Q value here represents shortest route when
these Q values represents the actual accurate state of a
network. Q values are presenting the actual state of a
network at run time, so they are not constant, they are also
updated. Initial Q values may not be accurate but these Q
values get updated every time and thus converge to most
stable Q values which thus represent most accurate state of a
network. Thus complete state of a network represented in
terms of Q values in a network [13-14].

As shown in figure 2, when a node X receives a packet for a
desired destination D, node X checks its Q table and thus
selects that neighboring node ^Y for which the Qx (^Y, D)
value is minimum. It is important to note, however, that
these Q values are not exact or accurate. So routing decision
based on those Q values are not accurate and thus may not
provide best solution. For making routing decisions
accurate, these Q values should update after a short time
frame. Instead, Q values are updated every time when a
node transmits a packet to its neighbor.

Figure 2: Example of Q Routing
Once the packet from source S is received by node X, node
X checks its Q table (which is similar of routing table, but Q
table consists of Q values which are directly proportional to
actual delay that packet takes to reach to the destination),
Qx(Y,D) and Qx(N,D). Node X decides the optimum route
(which could be neighbour node Y or N) that packet takes to
reach to the destination D. Once the packet reaches to the
neighbour (Y or N) the neighbour node returns Q value
(Qy(X,D) or Qy(N,D)) back to node X. Node X updates its Q
value (Qx(Y,D) and Qx(N,D)).
Inspired by the Q routing algorithm by Boyan and Littman
(1994) [15-16], more optimized version called as
Confidence based Q routing (CQ Routing), is is presented.
The accuracy of routing decisions depends on how Q values
in the network. If these Q values are accurate, shortest path
is obtained. These Q values are always updated. In order to
bring amount of reliability in the Q values, confidence

values are added in Q Routing. For every Q value in the
network, confidence value (C value) is associated with them
which lies in between 0 and 1. Low confidence values
indicates less reliability of Q values while High confidence
values represents more reliable value thus routing decisions
are more optimum. Figure 3 represents the example of
confidence based Q routing.

Figure 3: Example of CQ Routing
Dual reinforcement Q Routing (DRQ) [11] is a modified
version of the Q-Routing algorithm, where learning occurs
in both ways. Since, the learning process occurs in both
ways the learning performance of the Q-Routing algorithm
doubles. However, it adds more overheads to the network.
Figure 4 shows an example of Dual reinforcement Q
routing.

action, maintain a priority for each state. This is the
expected change to its value the next time it is calculated.
Each time a state’s value is updated, the change in its value
is added to the priority of its predecessors. At each iteration,
update the k states with the highest priority, setting their
priority back to 0 afterwards.
SWARM uses mechanisms of swarm intelligence for
selecting best routes to destinations. SWARM is scalable,
adaptable, and autonomous and also having good Fault
tolerance capability. [19-20]. Swarm systems are a source of
inspiration for the design of various adaptive routing
algorithms. [21]. Reinforcement function is reflecting the
cost to the network of a given state transition. The state
transition is dependent on the action performed and choice
of action in this model is choice of which node to forward
the packet to. Whenever any node receives a packet, it could
be either dropped (When TTL reaches 0) or forwarded.
Forwarding of a packet by a node is modeled using
reinforcement learning model. The complete renouncement
model used and algorithm is available at [22-24].
IV. PERFORMANCE EVALUATION
We are comparing SWARM protocol with existing routing
protocol. NS2 is Network Simulator (Version 2) is an event
driven simulation tool useful for designing and simulating
various types of networks including wireless and ad hoc
networks. In general, NS2 provides users with a way of
specifying such network protocols and simulating their
corresponding behaviours.
We select constant bit rate (CBR) traffic sources. In NS-2
directory the following file exists: (/ns-2.34/indeputils/cmu-scen-gen/cbrgen.tcl). This file is the trafficscenario generator tool to generate CBR traffic connections
between the nodes. Data packets are of size of 512 bytes.
Data packets are sent by sources at the rate of 2 to 4
packets/second.

Figure 4: Example of DRQ Routing

We also create motion file having 10 nodes movement
within an area of 800 by 800. Speed is varying from 0 to 10
m/s, pause time changing from 0 to 500 in steps of 50s.
Thus simulation parameters used are as shown in table 1.
TABLE 1 : SIMULATION PARAMETERS

Doing complete propagation of information in model-based
Q-learning in response to each experience is very expensive.
It also devotes a lot of resources making small updates to
values, and updating states that are unlikely to be useful.

Parameter
Number of nodes
Mobility model

Prioritized Sweeping [17,18] attempts to concentrate
computation effort on ’interesting’ information: A state is
considered interesting when it’s value estimation changes,
with larger changes considered more interesting. Prioritized
sweeping’s update strategy is to: maintain a list of
’predecessor’ states for each state. These are states which
have some non-zero transition probability to it under some

Simulation time
Topology Size
Routing protocols
analysed
Packet size
Mobility rate

Value
20 to 100 nodes
Default Case, Random Waypoint
Mobility Model
500 s
800 m × 800 m
DSDV, DSR, AODV, AOMDV
and SWARM Protocol.
512 bytes
25m/s to 125 m/s

Figure 5: Packet Deliver Ratio vs. Pause Time for 50 Nodes

Figure 5 and 6 shows Packet deliver ratio (PDR) vs. Pause
Time. Nodes are varying from 10 nodes to 100 nodes and
also mobility changes from 25m/s to 125 m/s. It shows that
DSDV as it is proactive routing protocol returns worst result
and PDR lies in between 65% to 80%. Other three protocols
AODV, DSR and AOMDV which are on demand routing
protocols; gives packet delivery ratio between 80% to 95%.
SWARM protocol described earlier gives consistent result
and PDR consistently lies in range of 90% to 95%.

Figure 7: Packet Deliver Ratio vs. No of Nodes

Figure 7 shows PDR vs. No of nodes. Nodes are changing
from 20 to 100 nodes. Here also SWARM protocol returns
better results where PDR goes beyond 95% and returns best
result comparatively other routing protocols. Other
parameters such as delay and routing overhead are also
tested for comparing SWARM protocol with other routing
protocols; it is observed that SWARM protocols generate
more delay and more routing overhead as compared with
AODV and DSR protocols.
V. CONCLUSION
On demand routing protocols such as AODV and DSR
returns good performance in terms of packet delivery ratio
but at high mobility and heavy load situations, both of them
fail to work. SWARM protocol based on reinforcement
learning algorithm returns consistent result as compared
with AODV and DSR protocols. SWARM protocol
generates high Normalized routing overhead due to its
broadcasting nature and also delay is comparatively more as
compared with AODV and DSR protocol. It is also
necessary to optimize the performance of SWARM protocol
and test it further with existing routing protocols.
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