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Figure 1.  Benefit of Clustered Demands: Optimal Search Time 
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Figure 2.  Benefit of Clustered Demands: Optimal Query-Processing Load 

Finally, we note that the penalty over the optimal query-
processing load incurred upon optimizing the average search 
time increases in the case of clustered demands. For example, 
for the peer-to-peer network shown in Fig. 2, QF

�opt = 100 
independent of the fraction of traffic inside the cluster while 
QF

opt ~50 in the uniform distribution case but goes down to 
~8.5 when 99% of the file requests are from inside the cluster. 

All of the above discussion assumes that the optimal replica 
distribution can be achieved. In the uniform distribution case, 
LRU storage management gave near-optimal replica 
distribution [10] but for the clustered demands case, as we can 
see in (21) and (22) for the optimal average search time and 
(23) and (24) for the optimal query-processing load, the 
desired replica distribution depends on the degree of clustering 
in the underlying search network topology. However, rather 
than being a hindrance, this dependence of the optimal replica 
distribution on the underlying search network topology offers 
us a very powerful tool to achieve the optimal search 
performance. In a preliminary study, we were able to achieve 
the optimal query-processing performance with LRU storage 
management algorithm by tuning the underlying search 
network topology. This suggests that it may be possible to 
achieve the optimal replica distribution with any local storage 
management algorithm by appropriately tuning the underlying 
topology. If this approach of tuning the search network 
topology to reach the optimal replica distribution works in 
most cases, we may be able to obtain the optimal download 

performance [9, 10] (by using an LRU-like approach that 
populates file replicas in near-linear proportionality to the file 
request rates) and, at the same time, obtain the optimal query-
processing load as well by tuning the underlying search 
network topology appropriately.  

VI. CONCLUSION 
In this paper, we derived results on optimal search time and 

optimal search cost in an unstructured peer-to-peer network 
when the demand exhibits clustering. The previous work in this 
area assumed uniformity in replica and demand distribution. 
Since real networks show clustering in demands, our results 
provide a more accurate estimate of the search performance 
achievable in unstructured peer-to-peer networks. Interestingly, 
we found that the gains in the optimal search performance 
afforded by clustering in demand patterns are independent of 
whether the search network topology matches the clustering in 
file popularity. The optimal replica distribution, however, does 
depend on clustering in the search network topology. Since the 
replica distribution is driven by peer requests, we believe that 
tuning the search network topology to match the replica 
distribution generated by peer requests is more practical than 
matching the replica distribution to the topology. In our 
simulations, we were able to operate a peer-to-peer network at 
the optimal search cost by tuning the clustering in the search 
network topology depending on the clustering in demands 
while using LRU cache management at each peer. In the 
process of deriving the optimal search performance results, we 
derived the relation between the query-processing load and the 
number of replicas of each file for the clustered demands case 
showing that flooding searches may have a lower query-
processing load than random walk searches in the clustered 
demands case. 
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