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Abstract
Multi-hop wireless network can be modeled as a dynamic network, consisting of several interconnected wireless nodes, which
aim to jointly optimize the overall network utility, given the resource constraints of the wireless communication channels and also,
importantly, the mutual interferences (coupling) resulting when nodes are simultaneously transmitting. The proposed system provides
a distributed routing and power control algorithm that enables nodes in a multi-hop network to autonomously optimize the overall
performance of delay-sensitive applications by determining their routing and transmission power to maximize the network utility,
in a dynamic environment. This is achieved with the help of Markov Decision Process with distributed computation of the optimal
policy, which enables individual nodes to make optimal decisions for their cross-layer strategies autonomously, by relying only on
their local available information rather than acquiring global information which would cause a large delay and high communication
overhead. The reinforcement-learning method is used to find the optimized policy when the dynamics are unknown. A pricing-based
distributed resource allocation framework is also adopted in proposed approach. By using this cooperative approach, the video
quality can be improved.
Keywords
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I. Introduction
Wireless communications is the fastest growing segment of the
communications industry. As such, it has captured the attention
of the media and the imagination of the public. Cellular systems
have experienced exponential growth over the last decade and
there are currently around two billion users worldwide. Indeed,
cellular phones have become a critical business tool and part
of everyday life in most developed countries, and are rapidly
supplanting antiquated wireline systems in many developing
countries. In addition, wireless local area networks currently
supplement or replace wired networks in many homes, businesses,
and campuses. Many new applications, including wireless sensor
networks, automated highways and factories, smart homes and
appliances, and remote telemedicine, are emerging from research
ideas to concrete systems. The explosive growth of wireless
systems coupled with the proliferation of laptop and palmtop
computers indicate a bright future for wireless networks, both
as stand-alone systems and as part of the larger networking
infrastructure. However, many technical challenges remain in
designing robust wireless networks that deliver the performance
necessary to support emerging applications. Many technical
challenges must be addressed to enable the wireless applications of
the future. These challenges extend across all aspects of the system
design. As wireless terminals add more features, these small
devices must incorporate multiple nodes of operation to support
the different applications and media. Computers process voice,
image, text, and video data, but breakthroughs in circuit design are
required to implement the same multimode operation in a cheap,
lightweight, handheld device. Since consumers don’t want large
batteries that frequently need recharging, transmission and signal
processing in the portable terminal must consume minimal power.
The signal processing required to support multimedia applications
and networking functions can be power-intensive.
© 2014, IJARCST All Rights Reserved

Multi-hop wireless networks can provide flexible network
infrastructures at a low cost. In a multi-hop wireless network,
a given node has a fixed amount of data to send to a destination
node within a hard delay constraint [1]. The use of multiple hops
to transport data has been shown to enhance network capacity and
may be necessary due to cabling limitations in many environments
[4].
In this paper, a communication scenario where multiple delaysensitive video streams need to be concurrently transmitted over
a multi-hop wireless network is used. At each hop, a node can
optimize its relay selection, transmission power in order to support
the transmission of these delay sensitive streams while explicitly
considering the impact of its selected strategy on its neighboring
nodes at the various OSI layers (power interference at the physical
layer, network congestion at the network layer, etc.). Thus it is
suitable when delay-sensitive applications need to be transmitted
across the multi-hop wireless networks and able to achieve good
performance in a dynamic wireless environment.
The paper is organized as follows. The next section gives
an overview of the system model. Section 3 highlights the
Methodologies. Section 4 highlights the Experimental Evaluation.
Finally, Section 5 concludes the paper.
II. System Model
Initially the multi-hop wireless network setting at different layers
is considered. Each source node needs to transmit its traffic to a
destination node. Hence, each data packet in the network has a
specific destination, and it is assumed that the relay nodes can
extract this information from the IP header of the packet. The
assumption is that each node operates in full-duplex mode, and
can only communicate with the nodes in its neighborhood.
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the factorization of MDP is considered. The proposed method
enables wireless nodes to make decisions autonomously, based on
their local available information exchanged with their neighboring
nodes.
C. Finding Optimal Policy
There are different approaches to compute the optimal policy,
such as value iteration and policy iteration. In value iteration, a
state value function 𝑉 (s) is defined as the expected accumulated
discounted reward when starting with state s [2].

Figure 1: A multi-hop wireless network with time-varying channels
and delay-sensitive source packets.
A. Layer Based Communication
Each data stream corresponds to a source-destination pair. The
network consists of 𝐻 hops with the first hop being source nodes,
and we define 𝑀ℎ = {𝑚ℎ,1,𝑚ℎ,2, . . .,𝑚ℎ,∣𝑀ℎ∣} to be the set of nodes at
the ℎ th hop (1 ≤ ℎ ≤ 𝐻). The destination nodes are {𝐷𝑒𝑠𝑡1, 𝐷𝑒𝑠𝑡2, .
. . , 𝐷𝑒𝑠𝑡𝐽}. We investigate the performance of transmitting 𝑉 delay
sensitive data streams over a multi-hop wireless network. Delaysensitive data packets with different delay deadlines are generated
by multiple sources in the first hop, and relayed hop-by-hop by
the wireless nodes in the multi-hop network until the destinations
at the H-th hop receive the packets. Again the assumption is
that the system is time-slotted and wireless nodes determine their
cross-layer transmission strategies at the beginning of each time
slot. Every node maintains several transmission queues for its
received packets with different remaining lifetimes (i.e. time until
delay deadline expires).
Physical Layer Model
It is defined with the transmission powers from the ℎ-th hop to the
(ℎ+1)-th hop at time 𝑡, with its 𝑖-th entry being the transmission
power of node 𝑚ℎ,𝑖, i.e. P𝑡ℎ(𝑖) = 𝑃𝑡(𝑚ℎ,𝑖). And it is also defined a
channel-state matrix G𝑡ℎ from the ℎ-th hop to the (ℎ+1)-th hop
at time 𝑡 as G𝑡ℎ = 𝐺𝑡(𝑚ℎ,𝑖,𝑚ℎ+1,𝑗), where 𝐺𝑡(𝑚ℎ,𝑖,𝑚ℎ+1,𝑗) is the
propagation gain of the channel from node 𝑚ℎ,𝑖 to node 𝑚ℎ+1,𝑗 at
time 𝑡.

Network Layer Model
The model used e𝑡ℎ,𝑖 to represent node 𝑚ℎ,𝑖’s routing decision
at time 𝑡 , i.e. e𝑡ℎ,𝑖(𝑗) = 1 if node 𝑚ℎ,𝑖 selects 𝑚ℎ+1,𝑗 as its relay at
time 𝑡, and e𝑡ℎ,𝑖(𝑗) = 0 otherwise. The packets at the nodes are
transmitted according to the routing decisions, and received with
the corresponding probability, i.e. 1 − 𝑝𝑡𝑒(𝑚ℎ,𝑖,𝑚ℎ+1,𝑗) for the erasure
channel from node 𝑚ℎ,𝑖 to node 𝑚ℎ+1,𝑗 . For every time slot, each
node can only transmit one packet at a time from its transmission
queue. Once a packet is transmitted, it leaves the transmission
queue, and it is assumed that there is no retransmission for the
lost packets.

Eq 1
The hop-by-hop structure of the network can be applied to derive
a more compact representation of the state transition probability
by factorizing it into local state transition probabilities at different
nodes, which can further lead to an efficient distributed computation
of the optimal policy. Moreover, this method developed a
distributed algorithm to approach the optimal policy, which can
avoid the large delay and high communication overhead caused
by the acquisition of global information [5].
D. Value Function Update with Less Information
Exchange
This method can reduce the information exchange overhead by
reducing 𝑁ℐ. The centralized solution without MDP formulation
does not consider the network dynamics and only takes myopic
actions. Therefore, it requires a much lower complexity than the
centralized MDP approach [6].
It can also reduce the information exchange overhead by
increasing 𝑇ℐ. An important limitation of the learning method
is that it requires information feedback at the same frequency as
the decision making, i.e. the approximate value functions from
other nodes need to be updated every time slot. It computes the
𝑛(𝑡)-step temporal difference (𝑛(𝑡) = (𝑀 + 1)𝑇ℐ − 𝑡) as:
Eq 2
III. Methodologies
A. Reinforcement Learning
Reinforcement learning is the problem faced by an agent that
must learn behavior through trial-and-error interactions with a
dynamic environment. There are two main strategies for solving
reinforcement-learning problems. The first is to search in the
space of behaviors in order to find one that performs well in
the environment. The second is to use statistical techniques and
dynamic programming methods to estimate the utility of taking
actions in states of the world.

B. Dynamic Decision Making
MDP has been used to solve various wireless networking problems,
where the decision maker needs to capture the network dynamics,
and take into account the effect of its current action on the future
performance. The method also uses MDP to model and capture
the network dynamics (time-varying channels and data sources).
Then a distributed computation of the optimal policy based on
www.ijarcst.com
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the decision maker a corresponding reward Ra(s, s’).

Figure 3 Example of a Simple MDP with 3 States and 2 Actions
Figure 2 The Standard Reinforcement-Learning Model
In the standard reinforcement-learning model, an agent is connected
to its environment via perception and action, as depicted in Figure.
On each step of interaction the agent receives as input, i, some
indication of the current state, s, of the environment; the agent then
chooses an action, a, to generate as output. The action changes the
state of the environment, and the value of this state transition is
communicated to the agent through a scalar reinforcement signal,
r. The agent’s behavior, B, should choose actions that tend to
increase the long-run sum of values of the reinforcement signal. It
can learn to do this over time by systematic trial and error. Using
reinforcement learning, the policy can be updated more quickly
and using only local information.
B. Online and Actor-Critic Learning
In real wireless environment, the global state transition probability
is usually not known by the distributed nodes. Moreover, if a
centralized controller is implemented to collect all the information,
it will bring both high communication overhead and large delay,
and cannot support delay-critical applications well. Hence, a
learning method is required to update the value-function online,
and adapt the cross-layer transmission strategies on-the-fly [5].
During an online adaptation process, the learning algorithm first
chooses its action according to the current state and value-function,
and then the network transits to the next state and receives the
immediate reward. The AC learning separates the value-function
update and policy update. The value-function (i.e. the critic), is
used to strengthen or weaken the tendency of choosing a certain
action. The policy structure, or the actor, is a function of stateaction pair, i.e. 𝜌(s, a), which indicates the tendency of choosing
action a at state s [6].
C. Markov Decision Process
Markov decision processes (MDPs) provide a mathematical
framework for modeling decision-making in situations where
outcomes are partly random and partly under the control of a
decision maker. MDPs are useful for studying a wide range
of optimization problems solved via dynamic programming and
reinforcement learning. More precisely, a Markov Decision Process
is a discrete time stochastic control process. At each time step, the
process is in some state s, and the decision maker may choose any
action 'a' that is available in state 's'. The process responds at the
next time step by randomly moving into new state 's’, and giving
© 2014, IJARCST All Rights Reserved

The probability that the process moves into its new state s’ is
influenced by the chosen action. Specifically, it is given by the
state transition function Pa(s, s’). Thus, the next state s’ depends
on the current state s and the decision maker’s action a. But
given s and a, it is conditionally independent of all previous states
and actions.
MDP Representation:
An MDP can be defined by a tuple (𝒮,𝒜,  𝑃,𝑅), with 𝒮 as its state
space, 𝒜 as its action space, 𝑃(𝑠′|𝑠,  𝑎) as the state transition
probability and 𝑅(𝑠,  𝑎) as its reward [7].
IV. Experimental Evaluation

A. n- Step td-learning algorithm
Using -step TD-learning to reduce the information exchange
overhead
if 𝑡 = 𝑘𝑇ℐ then
1. Receive the information feedback, i.e. the approximate value
function
2. Use the 𝑛-step TD-learning to update the approximate value
function
3. Send the approximate value function and reward information
to all the nodes requesting information feedback (this feedback
contains the information for the previous 𝑇ℐ slots.)
else
• Observe the current local state sℱℎ, make the estimation of,
and take the action given by the current approximate value
function
• Record both the experienced state and reward for future
feedback to other nodes
Temporal difference (TD) learning is an approach to learning how
to predict a quantity that depends on future values of a given signal.
The name TD derives from its use of changes, or differences,
in predictions over successive time steps to drive the learning
process. The prediction at any given time step is updated to bring
it closer to the prediction of the same quantity at the next time
step. It is a supervised learning process in which the training
signal for a prediction is a future prediction. TD algorithms are
often used in reinforcement learning to predict a measure of the
total amount of reward expected over the future, but they can be
used to predict other quantities as well.
An obvious approach to learning the value function is to update
the estimate of the value function when the actual return is known.
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This method is called the constant-a Monty Carlo method, where
‘a’ is a learning parameter between 0 and 1. Since the actual return
is the sum of all future rewards, this algorithm must wait until the
end of the episode when the expected return is known before the
value function is updated. The update to the value function takes
the difference of successive estimates of the value function, thus
the name temporal difference.
TD learning can often be accelerated by the addition of eligibility
traces. When the lookup-table TD algorithm described above
receives input (
it updates the table entry only for the
immediately preceding signal .. That is, it modifies only the
immediately preceding prediction. But since
provides useful
information for learning earlier predictions as well, one can extend
TD learning so it updates a collection of many earlier predictions
at each step.
Both TD and Monte Carlo methods use experience to solve the
prediction problem. Given some experience following a policy ‘
’, both methods update their estimate V of
. If a nonterminal
state is visited at time t, then both methods update their estimate
  based on what happens after that visit. Roughly speaking,
Monte Carlo methods wait until the return following the visit is
known, then use that return as a target for
A simple everyvisit Monte Carlo method suitable for nonstationary environments
is
-- Eq 3
where
is the actual return following time t and is a constant
step-size parameter.
Let us call this method constant   MC. Whereas Monte Carlo
methods must wait until the end of the episode to determine the
increment to
(only then is
known), TD methods need
wait only until the next time step. At time t+1 they immediately
form a target and make a useful update using the observed reward
and the estimate
The simplest TD method, known
asTD(0), is
--Eq 4
In effect, the target for the Monte Carlo update is
the target for the TD update is
.

, whereas

B. Analysis

Figure 4 Trace File
The various traces begin with a single character or abbreviation
that indicates the type of trace, followed by a fixed or variable
trace format. The tables listing the trace formats differ between
fixed and variable trace formats:
1. For fixed trace formats, the table lists the event the triggers
the trace under the Event heading and the characters that
start the trace under the Abbreviation heading. The format
is listed across the last two columns, and the the type and
www.ijarcst.com
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value for each element of the format are listed beneath under
the Type and Value headings. Some events have multiple
trace formats.
For variable trace formats, the table lists the event the triggers
the trace under the Event heading and the characters that
start the trace under the Abbreviation heading. The last three
columns list the possible flags, types, and values for the event
under the Flag, Type, and Value headings.

Figure 5 Comparison of Video Quality
This method also compares the performances of distributed actorcritic learning with different feedback frequencies by evaluating
the quality of received video packets (measured by PSNR) after
the learning process has converged. The time-slot is assumed to be
1.0ms. Performance is being compared in a 3-hop network too.
V. Conclusion and Future Work
In this paper, Markov Decision Process is applied for both joint
routing and power control mechanism in wireless multi-hop
networks as a solution. Based on the factorization of the state
transition probability, it is derived with a distributed computation
method for finding the optimal policy. In order to reduce both the
communication overhead and delay incurred due to the inter-node
information exchanges, it has been proposed an on-line learning
method which enables the nodes to autonomously learn the optimal
policy. Moreover, when the network protocol allows for block
acknowledgments to be deployed, an 𝑛(𝑡)-step learning method
is proposed to further reduce the information exchange overhead
and improve the network performance
In immediate future, an advanced system for improving the video
quality will be implemented. The proposed system will maximize
the long-term sum of utilities across the video terminals in a
decentralized fashion, by jointly optimizing the packet scheduling,
the resource allocation, and the cooperation decisions.
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