
INTERNATIONAL JOURNAL OF COMPUTER APPLICATION                                                                                                                

ISSUE 2, VOLUME 3 (JUNE 2012)                                                                                                                      ISSN: 2250-1797 

 Page 29 
 

A COST FUNCTION ON ACYCLIC DISTRIBUTED 

COMPUTATION FOR M- DIMENSIONAL NODES. 

MD.Sirajul Huque
1
, Ashim Roy

2*
,M.Kireet

3 

#1. Hyderabad, Phone no: 09963828634 

#2. West Bengal, Phone no: 09909786868 

#3. Hyderabad, Phone no: 09866974070 

___________________________________________________________________________ 

Abstract: To improve the performance of LSA in distributed computation for M- 

Dimensional nodes (M-DD) to produce the scalar output An adaptive filter problem (AFP) is 

proposed for routing model (RM) with two techniques as well as to fine the cost function 

such as Linear least square Filters(LLSF) and Least Mean Square Algorithm. It is a filter that 

self-adjusts its transfer function according to an optimization algorithm driven by an error 

signal (ES). Because of the complexity of the optimization algorithms (OA), most adaptive 

filters are digital filters. By way of contrast, a non-adaptive filter has a static transfer 

function. Adaptive filters are required for some applications because some parameters of the 

desired processing operation .The adaptive filter uses feedback in the form of an error signal 

to refine its transfer function to match the changing parameters.  
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INTRODUCTION 

An adaptive filter is a computational device that attempts to model the relationship between 

two Signals in real time in an iterative manner. Adaptive filters are often realized either as a 

set of  Program Instructions running on an arithmetical processing device such as a 

microprocessor or DSP chip, or as a set of logic operations implemented in a field-

programmable gate array (FPGA) or in a semi-custom or custom VLSI integrated circuit. a 

sample from a digital input signal x(n) is fed into a device, called an adaptive filter, that 

computes a corresponding output signal sample y(n) at time n. For the moment, the structure 

of the adaptive filter is not important, except for the fact that it contains adjustable parameters 

whose values affect how y(n) is computed. The output signal is compared to a second signal 

d(n), called the desired response signal, by subtracting the two samples at time n. This 

difference signal, given by e (n) = d (n) − y (n) ……… (1) Is known as the error signal. The 

error signal is fed into a procedure which alters or adapts the parameters of the filter from 

time n to time (n + 1) in a well-defined manner. This process of adaptation is represented by 

the oblique arrow that pierces the adaptive filter as the time index n is incremented, it  is 

hoped that the output of the adaptive filter becomes a better and better match to the desired 

response signal through this adaptation process ,such that the magnitude of e(n) decreases 

over time. In this context, what is meant by “better” is specified  by the form of the adaptive 

algorithm used to adjust the parameters of the adaptive filter. In the adaptive filtering task , 
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adaptation refers to the method by which the parameters of the system are changed from time 

index n to time index (n + 1). The number and types of parameters within this system depend 

on the computational structure chosen for the system.  

According to the LSA Distributed routing algorithms for set of nodes may give rise to 

transient loops during path re computation, which can pose significant stability problems in 

high-speed networks. We present a new algorithm, Distributed Path Computation with 

Intermediate Variables (DIV), which can be combined with any distributed routing algorithm 

to guarantee that the directed graph induced by the routing decisions remains acyclic at all 

times. The key contribution of DIV, besides its ability to operate with any routing algorithm, 

is an update mechanism using simple message exchanges between neighboring nodes that 

guarantees loop-freedom at all times.[1]  DIV provably outperforms existing loop-prevention 

algorithms in several key metrics such as frequency of synchronous updates and the ability to 

maintain paths during transitions. Simulation results quantifying these gains in the context of 

shortest path routing are presented. In addition, DIV’s universal applicability is illustrated by 

studying its use with a routing that operates according to a non shortest path objective. 

Specifically, the routing seeks robustness against failures by maximizing the number of next-

hops available at each node for each destination.[2]  

If nodes are able to collaborate with each other, bandwidth and power can be saved, and 

delay can be reduced. Actually, cooperative caching which allows the sharing and 

coordination of cached data among multiple nodes has been applied to improve the system 

performance in wireless P2P networks. However, these techniques are only evaluated by 

simulations and studied at a very high level, leaving many design and implementation issues 

unanswered. [3]  

There have been several implementations of wireless ad hoc routing protocols. In , Royer and 

Perkins suggested modifications to the existing kernel code to implement AODV. By 

extending ARP, Desilva and Das presented another kernel implementation of AODV. [4]  

 Dynamic Source Routing (DSR) has been implemented by the Monarch project in FreeBSD. 

This implementation was entirely in kernel and made extensive modifications in the kernel IP 

stack. In , Barr et al. addressed issues on system-level support for ad hoc routing protocols. In 

, the authors explored several system issues regarding the design and implementation of 

routing protocols for ad hoc networks. They found that the current operating system was 

insufficient for supporting on-demand or reactive routing protocols, and presented a generic 

API to augment the current routing architecture. However, none of them has looked into 

cooperative caching in wireless P2P networks. Although cooperative cache has been 

implemented by many researchers these implementations are in the Web environment, and all 

these implementations are at the system level. As a result, none of them deals with the 

multiple hop routing problem and cannot address the on-demand nature of the ad hoc routing 

protocols. To realize the benefit of cooperative cache, intermediate nodes along the routing 

path need to check every passing-by packet to see if the cached data match the data request. 

This certainly cannot be satisfied by the existing ad hoc routing protocols. In this paper, we 

present our design and implementation of cooperative cache in wireless P2P networks. 

Through real implementations, we identify important design issues and propose an 

asymmetric approach to reduce the overhead of copying data between the user space and the 

kernel space, and hence to reduce the data processing delay.[5] 

 Inconsistent information at different nodes can have dire consequences that extend beyond 

not achieving the desired efficiency. Of particular significance is the possible formation of 
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transient routing loops,1 which can severely impact network performance, especially in 

networks with no or limited loop mitigation mechanisms, e.g., no Time-to-Live (TTL) field 

in packet headers or a TTL set to a large value.[6]  

 In the presence of a routing loop, a packet caught in the loop comes back to the same nodes 

repeatedly, thereby artificially increasing the traffic load many folds on the affected links and 

nodes. The problem, a significant issue even with uni cast packets, is further aggravated by 

broadcast packets, which not only are always caught in any loop present in the network, but 

also generate replicated packets on all network links. The emergence of a routing loop then 

often triggers network-wide congestion, which can lead to the dropping or delaying of the 

very same control (update) packets that are needed to terminate the loop; thereby creating a 

situation where a transient problem has a lasting effect. Avoiding transient routing loops 

remains a key requirement for path computation in both existing and emerging network 

technologies, for recent discussions. Link-state algorithms, of which the OSPF protocol is a 

well-known embodiment, disseminate the state of each node’s local links (their status and the 

node(s) they connect to) to all other nodes in the network by means of reliable flooding. After 

receiving link-state updates from the rest of the nodes, each node independently computes a 

path to every destination.[7] 

 The period of potential information inconsistency across nodes is small so that routing loops, 

if any, are very short-lived. On the flip side, link state algorithms can have quite high 

overhead in terms of communication (broadcasting updates), storage (maintaining a full 

network map), and computation (a change anywhere in the network triggers computations at 

all nodes).[8] 

 These are some of the reasons for investigating alternatives as embodied in distance-vector 

algorithms, which are the focus of this paper. Distance-vector algorithms couple information 

dissemination and computation. Information disseminated by a node now consists of the 

results of its own partial path computations (e.g., its current estimate of its cost to a given 

destination) that it distributes to its neighbors, which in turn perform their own computations 

before further propagating any updated results to their own neighbors.[9]  

 The Distributed Bellman-Ford (DBF) algorithm is a well-known example of a widely used 

distance-vector algorithm that computes a shortest path tree from a given node to all other 

nodes. Coupling information dissemination and computation can re duce storage 

requirements (only routing information is stored), communication overhead (no relaying of 

flooded packets), and computations (a local change needs not propagate beyond the affected 

neighborhood). Thus, distance-vector algorithms avoid several of the disadvantages of link-

state algorithms, which can make them attractive, especially in situations of frequent local 

topology changes and/or when high control overhead is    Undesirable.[10] 

The downside of coupling information dissemination and computation is that information 

dissemination is gated by computation speed since a node cannot send updates before 

finishing its current computations. This can in turn extend periods when nodes have 

inconsistent information, which, as discussed earlier and illustrated in Section V, can lead to 

more   Frequent and longer lasting routing loops. In addition, coupling information 

dissemination and computation can also result in slower convergence. This is because each 

node depends on the (partial) computation results of its neighbors, which can introduce cyclic 

dependencies that increase the number of steps needed to reach a final, correct result. Indeed, 

when destinations become unreachable, a distance-vector algorithm may not even converge 
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in a finite number of steps. This is known as the counting-to-infinity problem, which is absent 

from link-state algorithms where nodes compute paths independently. [11] 

MODULES 

Distributed Time-to-Live Module:  Time-to-Live (TTL) field in packet headers or a TTL 

set to a large value. In the presence of a routing loop, a packet caught in the loop comes back 

to the same nodes repeatedly, thereby artificially increasing the traffic load many folds on the 

affected links and nodes. The problem, a significant issue even with uni cast packets, is 

further aggravated by broadcast packets, which not only are always caught in any loop 

present in the network, but also generate replicated packets on all network links. The 

emergence of a routing loop then often triggers network-wide congestion, which can lead to 

the dropping or delaying of the very same control (update) packets that are needed to 

terminate the loop; thereby creating a situation where a transient problem has a lasting effect. 

Avoiding transient routing loops remains a key requirement for path computation in both 

existing and emerging network technologies. 

 Loop Free Routing Module:  The Loop free  routing information dissemination and 

computation can also result in slower convergence. This is because each node depends on the  

computation results of its neighbors, which can introduce cyclic dependencies that increase 

the number of steps needed to reach a final, correct result. Indeed, when destinations become 

unreachable, a distance-vector algorithm may not even converge in a finite number of steps. 

This is known as the counting-to-infinity problem, which is absent from link-state algorithms 

where nodes compute paths independently. 

Loop frees routing Main Features: 

1)Separation of Routing and Loop prevention: DIV separates routing algorithms from the 

task of transient loop prevention. Emancipating routing decisions from the task of loop-

prevention simplifies routing algorithms. In addition, DIV is not restricted to shortest path 

computations; it can be integrated with other distributed path computation algorithms. We 

illustrate this in, where we explore a routing algorithm that attempts to increase the 

robustness of the network in terms of being able to reroute packets immediately (i.e., without 

the need for any route update) without causing a loop after a link or node failure. 

2)Reduced overhead: When applied to shortest path computations, DIV triggers synchronous 

updates less frequently as well as reduces the propagation radius of synchronous updates 

,where synchronous updates are time and resource consuming updates that might need to 

propagate to all upstream2 nodes before the originator is in a position to update its path. In 

fact, synchronous updates may altogether be removed if counting-to-infinity is not a 

significant issue, alternate mode. 

3)Maintaining a path: A node can potentially switch to a new successor more quickly, while 

provably still guaranteeing loop prevention This is particularly useful in situations where the 

original path is lost due to a link failure. 

4) Convergence Time: When a node receives multiple overlapping cost updates3 from its 

neighbor, DIV allows the node to process and respond to the updates in an arbitrary manner, 

thus enabling an additional dimension for optimization 
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Figure 1: Processes of linking stages between the nodes. 

Robust Routing Module: illustrate the benefits of this decoupling using a cost function that 

instead of the standard shortest path distance function, seeks to maximize the number of next-

hops available at all nodes for each destination. The availability of multiple next-hops ensures 

that the failure of any one link or neighbor does not impede a node’s ability to continue 

forwarding traffic to a destination. A failure results in the loss of at most one next hop to a 

destination, so that the node can continue forwarding packets on the remaining ones without 

waiting for new paths to be computed. In other words, the routing is robust to local failures. 

This may be an appropriate objective in settings where end-to-end latency is small and 

bandwidth plentiful, 

Shortest-path computation Module (or) shortest-path Simulation Module: The shortest-

path Simulations are performed on random graphs with fixed average degree of 5, but in 

order to generate a reasonable range of configurations, a number of other parameters are 

varied. Networks with sizes ranging from 10 to 90 nodes are explored in increments of 10 

nodes. For each network-size, 100 random graphs are generated. Link costs are drawn from a 

bimodal distribution: with probability 0.5 a link cost is uniformly distributed in [0,1]; and 

with probability 0.5 it is uniformly distributed in [0,100]. For each graph, 100 random link-

cost changes are introduced, again drawn from the same bimodal distribution. All three 

algorithms are run on the same graphs and sequences of changes. Processing time of each 

message is random: it is 2 s with probability 0.0001, 200 ms with probability 0.05, and 10 ms 

otherwise. 

MODEL 

The most important driving forces behind the developments in adaptive filters throughout 

their  history have been the wide range of applications in which such systems can be used. 

The forms of these applications in terms of more-general problem classes that describe the 

assumed relationship between d(n) and x(n). Our discussion illustrates the key issues in 

selecting an adaptive filter for a particular task. Extensive details concerning the specific 

issues and problems associated with each problem genre can be found. 
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System Identification 

The general problem of system identification. In this diagram, the system 

enclosedbydashedlinesisa“blackbox,”meaningthatthequantitiesinsidearenotobservablefrom 

the outside. Inside this box is (1) an unknown system which represents a general input- output 

relationship and (2) thesignalη(n), called theobservation noisesignalbecauseit 

corruptstheobservationsofthe signal at the output ofthe unknown system. 

 

FIGURE 2: System identification. 

Let d(n) represent the output of the unknown system with x(n) as its input. Then, the desired 

response signal in this model is d(n) =d(n) + η(n)……….(2) 

Here, the task of the adaptive filter is to accurately represent the signal d(n) at its output. 

 If y (n) =d(n),then the adaptive filter has accurately modeled or identified theportion 

oftheunknown system that is driven by x(n). 

Since the model typically chosen for the adaptive filter is a linear filter, the practical goal of 

the adaptive filter is to determine the best linear model that describes the input-output 

relationship of the unknown system. Such a procedure makes the most sense when the 

unknown system is also a linear model of the same structure as the adaptive filter, as it is 

possible that y(n) =d(n) for some set of adaptive filter parameters such that 

d(n) = W
T

opt (n)X(n) + η(n)……..(3) 

where Wopt(n) is an optimum set of filter coefficients for the unknown system at time n. The 

ideal adaptation procedure would adjust  

W(n)such that W(n) = Wopt(n)…….…(4) as n → ∞.  

The adaptive filter can only adjust W (n) such that y(n) closely approximates  d(n) over time. 

The system identification task is at the heart of numerous adaptive filtering applications.  

Inverse Modeling 

The general problem of inverse modeling, as shown in Fig 3. In this diagram, a Source 

signals (n) is fed into an unknown system that produces the input signal x (n) for the adaptive 

filter. The output of the adaptive filter is subtracted from a desired response signal that is a 

delayed version of the source signal,  
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FIGURE 3: Inverse modeling 

such that  d(n) = s(n − ∆)……(5) 

where ∆  is a positive integer value. The goal of the adaptive filter is to adjust its 

characteristics such that the output signal is an accurate representation of the delayed source 

signal. 

Linear Prediction 

A third type of adaptive filtering task is shown in Fig.4. In this system, the input signal x(n) is 

derived from the desired response signal as 

x(n) = d(n − ∆)………(6) 

where ∆ is an integer value of delay. In effect, the input signal serves as the desired response 

signal, and for this reason it is always available. In such cases, the linear adaptive filter 

attempts to predict future values of the input signal using past samples, giving rise to the 

name linear prediction for this task. 

 

FIGURE 4: Linear prediction. 

If an estimate of the signal x(n + ∆) at time n is desired , a copy of the adaptive filter whose 

input is the current sample x(n) can be employed to compute this quantity. However, linear 

prediction has a number of uses besides the obvious application of fore casting future events. 

 

SIMULATION RESULTS 

In this we consider a LLSF and LMSA for better performance on m- dimensional in 

distributed computation to produce the scalar output by comparing Link-state algorithms with 

DUAL. From the intrinsic property that poorly connected nodes are also able to maximize 

their out-degree so that the optimization process does not produce a result that is too 

imbalanced. Second and more importantly from a distributed computation standpoint, F(x) in 

spite of its nonlinear form is a separable function (in log-sense). Then nodes send each other  

while using DIV to compute an optimized robust routing solution s(x) from this we get on the 

ordering of the values in the set such as for a<b 
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F≤(1/ |N|∑XЄN |S(X)|)
|N|

≤(|E|/ |N|)
|N|

 …………………… (7) 

Where the maximum occurrence at S(X)=|E| / |N|……. (8) For all topological restrictions. 

Similarly for a>b such as 

Fnew / Fold (a,b)= (|S(x)|+b-a)(|S(x)||S(ya-1)|………|S(yb)|)…………………(9) 

From the above eq 7 and 8 we compare this maximum occurrence with LLSF and LMSA we 

get, by comparing  I are identically distributed according to an unknown probability law. The 

dimension m pertaining to the input vector x(i) is referred to as the dimensionality of the 

input space or simple as dimensionality. 

The stimulus x(i) can arise in two different ways, one Spatial and the other temporal, the m 

elements of x(i) originate at different points in space, and the m elements of x(i) represents 

the set of present and (m-1) past values some excitation that are uniformly spaced in time.  

Case 1: 

Consider the Linear Least Square Filters (LLSF) to produce the scalar output for m – 

dimension nodes in distribute computation: 

As the name implies a linear least squares filter has two distinctive characteristics. First, the 

single neuron around which it is built in linear. Second, the cost function ∑(w) used to design 

the filter consists of the sum of the error squares the error vector is e(n) is given as follows 

E(n)=d(n)-[x(1),x(2),x….,x(n)]
T
 w(n) = d(n)-x(n).w(n)……...(10) 

Were d(n) is the n – by -1 desired response vector as d(n)=[d(1),d(2),….,d(n)]
T
 

and x(n) is the n- by – m data matrix x(n)=[x(1),x(2),…x(n)]
T
 

diff 10 w.r.t. w(n) yields the gradient matrix ∆ e(n) = - X
T
(n) 

correspondingly, the jacobian of e(n) is J(n)= - X(n)………….(11) 

substituting the eq 10 & 11 in the gauss- newton form  

w(n+1)=w(n)-(J
T
(n). j(n)

-1
(n).e(n) 

w(n+1)=w(n)+(x
T
(n)x(n))

-1 . 
x

T
(n)(d(n)-x(n)w(n))= (x

T
(n).x(n))

-1
.x

T
(n).d(n)……..(12) 

the term (x
T
(n). x(n))

-1
. X

T
(n) is recognized as the pseudo inverse of the data matrix x(n) is 

shown as 

x
T
(n)=(x

T
(n).x(n))

-1
. X

T
(n)……(13) 

rewriting eq (12) in the compact form using eq (13) 

as w(n+1)=x
T
(n).d(n)………(14) 

this formula represents a consistent way of saying “ the weight vector w(n+1) solves the 

linear least squares problem defined over an observation interval of duration n”. 

Case 2: 
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Consider LMSA least mean square algorithm to calculate cost function output for m – 

dimension nodes in distribute computation: 

The least mean square is based on the use of instantaneous values for the cost function, 

namely 

∑(w)= ½ e
2
(n)……..(15) 

Where e(n) is the error signal measured at time n.  

Diff. ∑(w) w.r.t the weight vector w yields as  ∂∑(w)/∂w = e(n) . ∂e(n) / ∂w ………(16) 

As with the linear least square filter, the LMS graph depicted in fig 5: 

 

FIGURE 5: Graph of LMS 

Convergence considerations of the LMS Algo: 

It is deduced that the convergence behavior of the LMS Algo is influenced by the statistical 

characteristics of the input vector x(n) and the value assigned to the learning rate parameter  

η. 

The first criterion for convergence of the LMS Algo is convergence of the mean, described 

by  

E[w
Λ
(n)]           w0 as n            ∞ ………(17) 

Where w0 is the Wiener solution, unfortunately such a convergence criterion is of little 

practical value. 

A detailed convergence analysis of the LMS algo in the mean square is rather complicated. 

To make analysis mathematically tractable, the following assumptions are usually made: 

 The successive input vector x(1),x(2),.. are statistically independent of  each other 

 At time step n, the input vector x(n) is statistically independent of all previous 

samples of the desired response, namely d(!),d(2),….d(n-1) 

 At time step n, the desired response d(n) is dependent on x(n), but statistically 

independent of all previous values of the desired response 

 The input vector x(n) and desired response d(n) are drawn from gaussion distributed 

populations 

By invoking the elements of independent theory and assuming that the learning rate 

parameter η is sufficiently small, it is satisfies the condition 

0<η< 2/ λmax ……………..(18) 
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The mena square value of the corresponding sensor input, thus restating the condition for 

convergence of the LMS algo in the mean square as follows: 

0<η< 2/ sum of mean square values of the sensor input …………(19) 

Provided the learning rate parameter satisfies this condition, the LMSA is also assured of 

convergence of the mean. 

The LMSA is its simplicity. It is model independent and therefore robust, which means that 

small model uncertainly and small disturbances can only result is small estimation errors. The 

primary limitations of the LMSA are its slow rate of convergence and sensitivity to variations 

in the eigenstructure of the input. 

5. Conclusion 

 LSA in distributed computation for M- Dimensional nodes (M-DD) the above examples of 

LLSF and LMSA algorithms helps to  produce the scalar output by calculating An adaptive 

filter problem (AFP) in routing model (RM) with two techniques as well as it will reach the 

finite linear solution to provide cost function. It is a filter that self-adjusts its transfer function 

according to an optimization algorithm driven by an error signal (ES) along with Distance-

vector algorithm it has  advantage over link-state algorithms, e.g., lower resource 

requirements and often greater stability by keeping the impact of changes local. However, the 

dependencies across nodes they induce can magnify the impact and duration of inconsistent 

decisions across nodes. These manifest themselves through transient loops and the counting-

to-infinity problem described earlier. Devising mechanisms that overcome these limitations 

without affecting the intrinsic benefits of a distance-vector operation. 
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