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Abstract

The underlying aim of this report is to develop on-line decision-making algorithm

QoS routing in mobile ad hoc networks (MANETs) which would minimize
nication overhead, maximize the overall long-term performance criterion and
pefform well under the presence of uncertainty for dynamic topology networks.
contributions in this report is the experimental evidence that, RL techniques
F}ped with suitable path caching stratesies can be employed to reduce the amount
éssage overhead in QoS routing in MANETS.

A novel partially observable Markov decision process (POMDP) formulation of a
ssage overhead control problem for QoS routing in MANETS s introduced. The
proposed scheme integrates the original the Ticket-Based Probing (TBP) scheme with a
Sforcement learning method for POMDPs, called the on-policy first-visit Monte Carlo
__rpethod with path caching {ONMCP) scheme, is applied to support QoS routing at the
fhet\avork level in @ MANET. Results obtained from various scenarios of mobility and
f'f:imprecise information, and stringent QoS requirements show that the POMDP framework
can achieve good ticket-issuing policies, in terms of the accumulated reward per episode
when compared to the original heuristic TBP scheme and the ONMC scheme without
path caching. Furthermore, our approach can tead to more efficient control of search
messages, Le., a reduction of message overhead with marginal difference in the success

ratio and average path cost.
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Abstract— In this paper, we enhance an existing path discovery
cheme called the TFicket-Based Probing (TBP) which supports
QoS routing in mobile ad hoc networks (MANETs) to increase its
- accumulated reward. The scenario of QoS routing in MANETs
with the presence of netwerk information uncertainty is consid-
ered and modelled as a partially observable Markov decision
process (POMDP). The proposed scheme integrates the original
TBP scheme with a reinforcement learning method for POMDPs,
called the on-poticy first-visit Monte Carlo (ONMC) method, and
a suitable path caching strategy. Simulation results shows that the
inclusion of pateh caching with the ONMC method can indeed
achieve message overhead reduction with marginal difference in
the path search ability and additional computational and storage
requirements.

I. INTRODUCTION

Routing in a mobile ad hoc network (MANET) is a chal-
ienging task due to node mobility. Difficulties arise even
further in the development of routing schemes which support
QoS connections. One key to support QoS routing is feasible
route search [1], {2], [5]. Feasible route search can be done by
distributed routing whereby other nodes apart from the source
node are involved in the feasible path(s) search by identifying
their neighboring nodes as the next hop router. It can also
be performed by source routing where a feasible path(s) is
computed solely at the source node.

Alternatively, certain methods like the Ticket-Based Probing
(TBP) scheme [1] combine the features of distributed and
source touting. More specifically, flooding is still invoked
but the amount of flooding is controlled by issuing a limited
number of logical tickets at the source node. Although the
TBP scheme enjoys several advantages such as high toler-
ance to imprecise state information, some challenging issues
still remain—one of which relates to the restricted flooding
method: the computation of a suitable number of legical tickets
issued at the source node. More specifically, the original TBP
scheme relies on an heuristic rule of ticket computation. In [7],
the original TBP scheme is enhanced by integrating it with a
reinforcement leamning (RL) technique. Results in [7] show
that the RL-based TBP scheme is able to learn a “good” rule
for issuing tickets by interacting directly with the environment
or by simulation—at th ense of reasonable storage and
computational requirements of on-line decision parameters.

In this paper, we flect of the inclusion of path
caching to the RL-bas ‘Our motivation is that
by maintaining a pat node, we can avoid

AReinforcementILearning [ Approachfor[Path
Discovery ihIMANETs vith[Path[Caching[$Strategy!
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Suranaree University of Technology, Nakhen Ratchasima, Thailand 30000
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frequently invoking the path discovery scheme and therefore
reduce the amount of routing overhead in the MANET. The
contribution in this paper is the experimental evidence that,
RL techniques equipped with suitable path caching strategies
can be employed to reduce the amount of message overhead
in QoS routing in MANETS [7].

The paper is organized as follows. In the next section, we
present an introduction to the partially observable Markov
decision process (POMDP) model which the QoS routing
problem in MANETS is based on. Section I describes the
TBP path discovery schemes and path caching to support QoS
routing in MANETS. In this section, the original TBP scheme
and the enhanced TBP scheme are presented. The following
section shows the numerical study results and Section V
provides the conclusion,

. QOS ROUTING IN MANET AS A PARTIALLY
OBSERVABLE MARKOV DECISION PROCESS

A vital component for QoS routing in MANETS is the
residual resource information in the network. Such information
depends on up-to-date information between mobile nodes.
Message exchanges betweesn mobile nodes are therefore re-
quired. These information exchanges are done periodically or
when a topology change is detected. But even so, imprecise
information can still arise due to delayed-arrival or lost update
messages and restricted transmission of updating messages.

Because accurate network information is difficult to obtain,
each mobile node is faced with only an “observation” of its
environment which is most likely incomplete and inaccurate.
With only the current network observation at hand, each mo-
bile node must make certain decisions, e.g., how many control
messages are needed to find a feasible path for some new
connection arrival, when and how to perform path maintenance
if an existing path is about to break, etc.

Under certain assumptions regarding the movement and
resource information, it is possible to (approximately} model
the state transitions as a Markov process [7]. Furthermore,
since the accurate state of the network is hidden from each
mobile node, we can (approximately) model the decision-
making problem in MANETS as a partially observable Markov
decision process (POMDP). The goal is to find a policy which
optimizes some performance criterion in finite horizon. The
finite horizon problem is considered here due to the episodic




;ﬁ%mre of message exchanges between the mobile nodes—
pisode starts immediately after a message exchange and

rminates at the subsequent message exchange.

1. TBP PATH DISCOVERY SCHEME AND PATH CACHING

The on-policy first-visit Monte Carlo (ONMC) method for
OMDPs [7] is employed here to find an observation-based
licy in partially observable MDPs. The method is ex-
nded from completely observable Markov decision processes
ADPs) in [6].

‘The ONMC method for POMDPs is integrated into a
th discovery scheme called the Ticker-Based Probing (TBP)
heme. The TBP scheme is a multipath distributed routing
gorithm for supporting end-to-end delay or bandwidth re-
irements proposed to tolerate high degrees of imprecise state
formation [1]. The design objective of this algorithm is to
aximize the probability of success in finding a feasible route
dynamic networks in the presence of inaccurate information.
¢ basic idea of the algorithm is outlined as follows, When
source nade s needs fo find a route that satisfies a delay (or
andwidth) requirement to a destination node o, a number of
probes (search messages) are sent from s towards d. The total
number of probes used in the path discovery is controlled by
the initial number of /ogical tickets, My. The parameter My
is computed at the source node s dependmg on the contention
level of network resources and the inaccuracy of available
mformation When a nelghbormg node j receives a probe
from node s, it makes copies of that probe and recomputes
the number of tickets to be camried on the copied probes.

_The computation of the tickets at node j is based on the
available end-to-end information (i.e., from node j to d) and
cannot exceed the number of tickets in the probe that node j
has received. The end-to-end information, which is obtained
through probing on an on-demand basis, is used to guide the
distribution of the tickets and the probes along the directions
of most probable feasible paths towards the destination d.
Each probe carries at least one ticket. Since no additional
tickets are issued along the intermediate nodes and each probe
searches one path, the number of paths found are alse bounded
by the number of tickets My issued at the source node.
Consequently, the amount of probes that enter the network
is stmply controlied by varying M.

A Initial ticket calculation: Overview of the original TBP
scheme ;

a'e!ay—constramed least-cost rout-
iection request whose source,
fo-end delay requirement are
e the mean link delay
d delay of the lowest
d) E(z Grere va

‘mean end-to-

In this paper, wes
ing problem. Consid
destination nodes and
s, d and D,eq, res
between node ¢ and
delay route 7, Dn
The parameter AD

The parameter p is the forgetting factor which determines
how fast A2 (d) is forgotten, (1 — p) determines how fast
ADRe* (d) converges to |DR*% (d) — Dg*(d)|, and B is a
parameter chosen to ensure a large value of ADZ¥ (d).
Note that by increasing 3, we increase AD?%¥ (d) and
consequently, the certainty that the actual delay falls in the
imprecise range. In [1], the number of tickets {Mp) is found
from My = Yy + Gy where Yy and G are the number of
yellow and green tickets, respectively. The yellow tickets are
for maximizing the chances of finding feasible paths while the
green tickets are for maximizing the chances low cost paths.

The parameter Yy is determined according to these heuristic
rules [1]:

1 ,Drsq > Dn’ai
Yy = (Ds(d);‘fﬁﬂgid;;.ijrcg G Gy'l ,Dio € Dyey < Dy
a »Dreq < Dy

@
where Dy; = D (d) + AD, (d), Die = Dy (d) — AD, (d),
@y is a system parameter specifying the maximum allowable
number of yellow tickets.

The other parameter, GoclfollowsaEHzghtly [differentBetof
rules:

1 H Dreql:l> eDhi

e(Da{d}'f'ﬂDs (d))_Dre
[sw,{cz}mm(tn—v,(é') % GG]

Go=
ceq—Ds(d)+AD, (d)
[ ADL{d) x 8¢

’-DID Smreqﬁ Ds[_(d)
stquJ< Dio

(3
where 85 specifies the maximum allowable munber of green
tickets, € > 1 specifies the threshold beyond D.., which we
allow to search for large-delay paths.

The intuitive reasoning behind the above rules is simple.
If Dyeq is very large, then a single yellow ticket suffices. If
D,eq is within the estimated range, then more yellow tickets
are assigned for more stringent D,..,. In the case where D,
is less than the best estimated end-to-end delay, no tickets are
issued since such a tight requirement is unlikely to be satisfied.
The connection request is rejected or some negotiation for a
less stringent requirement is made. The green tickets undergo
a similar strategy. The selection of the system parameters (6y,
8¢ and ©) is a practical design issue which can depend on
level of overhead control imposed on the network f1].

B. Initial ticket calcwlation: TBP scheme based on the ONMC
method

The ONMC method for POMDPs can be applied to the
actual system or simulator to obtain a good ticket issuing
policy—one that balances the trade-off in the number of
issued tickets and the probability of discovering feasible paths.
More specifically, instead of calculating M; from an heuristic
rule like in (2) and (3), My is selected from some finite
set in a sequential decision-making process in the presence
of state uncertainty with the objective of maximizing some
performance criterion.

,Dsii{d) Smreqﬁ eDhi



* Constder a N-node MANET. Each mobile node maintains
- end-to-end delay information to all the destination nodes in
‘the network. For each source node s, a policy is determined
“separately for each destination node d in the network. Hence,
for each source-destination node pair (s,d), the observation
“set is defined as

O ={lgp(m),gap )] : 1 <m <n,1 << na}

where n (nga) is the number of discrete end-to-end delay (end-
to-end delay variation) intervals and qp (m) (gap (!)} is the
m!* (I**) interval on [0, oo). The variable gap (1) is included
to reduce the uncertainty of the actual end-to-end delay,

Based on o, € U4 at time k, node s takes an action
ar € A=1{0,..., Myax} by selecting some My € A tickets,
where M. i5 the maximum allowable number of tickets.
To maximize the probability of discovering a feasible path,
note that high-cost (e.g. longer hops) paths can be tolerated as
long as a feasible path can be discovered. The green tickets are
omitted (G = 0) and only the yellow tickets are considered
so that M., = fy in order to put more emphasis on finding
feasible paths rather than low-cost paths. If the selected action
is ag = My > 0, the tickets are distributed in the manner as
the original TBP scheme. If at least one feasible path is found
once the path discovery is completed, a reward g (ox,ag) is
generated, Otherwise, the action is penalized. Such reward
scheme is defined as

C; — logax ap = 0, X = e
oy ) (¢ -logar) Lar>0,X=0
9(,0k) = —Jlogak 0 > 0, X > @)
0 Ly =0

where (; € R* is the immediate reward parameter for service
type-7, X is the number of discovered feasible paths, s is the
desired maximum number of discovered feasible paths. Note
that this scheme favors issuing tickets which can find up to >
paths only—issuing too few or too many tickets than necessary
is penalized.

If multiple feasible paths are discovered, the destination
node d selects the least-cost path. It then returns an ac-
knowledge message which includes the new mean end-to-end
delay, D7 (d), to node s by backtracking the selected path.
Upon receiving the acknowledge message, node s updates
its network information with the new entries, i.e., DT (d)
and AD7®Y (d), the latter having been computed from (I).
Note that ali other entries to other destination nodes remain
the same. If no feasible route is found, no acknowledgment
is returned and the global information at node s remains
unchanged.

The process is repeated for every connection request at node
s until an exchange of distance vectors occurs at node s.
Such exchange occurs periodicaily or whenever a topology
change is detected, causing an update to the entries of the
global information at node s—independent of the previous
actions taken (i.e., the number. of My selected). Therefore,
using the on-policy first-visit Monte Carlo method in this

scenario, we want to determine a near-optimal observation-
based deterministic policy 7 : Oy — A,

C. Path Caching

In {7], the TBP scheme based on the ONMC method is
invoked to discover new paths for every connection request.
To avoid frequently invoking the path discovery algarithm for
every connection request, a path cache can be maintained at
each mobile node [3], [4]. Path caching strategies are thus
likely to help reduce overhead in MANETs.

In this paper, we use a simple path caching strategy which
is readily supported by the TBP scheme. The entries of the
path cache are the set of redundant paths discovered from
the TBP scheme. The size of the path cache depends on the
desired degres of path redundancy. Since paths can be broken
at any time, the entries in the path cache can become out-of-
date. To deal with such dynamic nature, each path entry in
the path cache is validated by a timeout procedure. That is,
each path entry requires a refreshing message periodically in
order to remain in the path cache, The refreshing message is
periodically initiated from the destination node, and propagates
to intermediate nodes along the path. Once the refreshing
message is received at a node, the timer for that path entry
is reset and the refreshing message is propagated upstream
towards the source node. If no refreshing message is received
within a time period, the path entry is deleted.

I'V. NUMERICAL STUDY

The performance of the modified TBP schemes based
on the ONMC method are evaluated on MANETSs through
simulations. To assess their performance, the following four
metrics are considered: i) Accumudated reward which is equal
to the accumulated reward over all episodes divided by the
total number of episodes, ii} Swccess ratio which is equal
to the total number of accepted connections divided by the
total number of connection requests, iii) Average path cost
which is equal to the total cost of all established connections
divided by the total number of established connections and
iv) Average number of search messages which is equal fo
the total number of search messages sent divided by the total
number of connection requests,. Note that one search message
is counted each time a probe is sent over a link. Therefore, a
probe which has traversed [ hops in the network has created
[ search messages.

We consider a MANET of 36 nodes placed in a 15 x 15
square meter area. The topology of the MANET is randomly
generated by a random way point mobility model. The velocity
is uniformly chosen between 0.3 to 0.7 meters per second,
Each node has a circular transmission range with a radius of
3 meters. A link is formed between any two mobile nodes
located within this transmission range.

Connection requests are generated at a source node at rate
0.2 connections per second. The cost of each link is uniformly
distributed in [0, 1]. Each link connecting nodes ¢ and j has
two types of link delays associated to it, namely, the actual
(Dy;) and announced mean link delay (f),rj). ‘The latter type



