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Abstract the system) or initiating a sequential scan (i.e., flooding-
based search in the unstructured component) to answer the
In this paper, we propose DBSampler, a query executionquery; the index is only used for queries with low selec-
mechanism to answer “partial selection” queries in peer- tivity. In [9], nodes also use partial selection (there, it is
to-peer databases. A partial selection query is an arbitrary called “sampling”) to tune the database. Each node esti-
selection query that is satisfied with a fractierf the re- mates the frequency distribution of its local stored objects
sults; a universal operation with applications in database using partial selection queries from the database, and only
tuning, query optimization and approximate query process- publishes the rare objects (which are most costly to find)
ing in peer-to-peer databases. DBSampler is based on aninto the database index. Most importantly, partial selec-
epidemic dissemination algorithm. We model the epidemiction query is a useful and practical query model for di-
dissemination as a percolation problem and by rigorous rect utilization by the database users. Since peer-to-peer
percolation analysis tune DBSampler per-query and on-the- databases are intrinsically open and dynamic computing
fly to answer partial queries correctly and efficiently. We systems, exploratory/approximate querying is the most ap-
verify the efficiency of DBSampler in terms of query cost propriate querying mode for these databases. Users often is-
and query time via extensive simulation. sue several back-to-back queries, each time revising and en-
hancing the query based on cursory and partial observation
of the results of the previous query, just to explore the un-
known content of the database and narrow down their search
for available useful data. Even when users find their desired
formulation of the query, an exact result is most often un-
necessary and redundant. Partial selection enables approxi-
mate querying that eliminates the redundancy of the unnec-
essary exact queries to achieve efficiency.

1. Motivating Problem

In this paper, we discuss the problem of answepag
tial selectionqueries in peer-to-peer databases, where for
an arbitrary selection query, givene [0, 1] a fractione of
the results is returned to satisfy the query. A regular selec-
tion query is a specific case of partial selection query with

=1l . _ _ _ 2. Other Approaches
Partial selection is a universal operation, applicable for

database tuning, query optimization, and approximate and |, this paper, we focus on the mechanisms for effi-
exploratory query processing in peer-to-peer databases. FOgjgnt execution of partial selection queries imstruc-
example, in a hybrid (structured-unstructured) peer-to-peery g peer-to-peer databases. Due to the considerable
database such as [9)], to optimize the query plan for a regu-mount of churn and autonomy inherent in unstructured
lar selection query, individual nodes can use partial selec-gaahases, constructing and maintaining distributed in-
tion as a probe query and estimate the size of the maingey siryctures (e.g., a DHT [12]) for such databases is inef-
query asn/e, wheren is the size of the partial selection  ficient or even impossible. Therefore, with these databases,
query. Accordingly, & node decides between using the in-in anai0gy with sequential scan in regular databases, selec-
dex (i.e., DHT-based search in the structured component ofijon queries are inevitably executed by dissemination of the
A e been funded b NSE cec 9529152query throughout the network of the nodes amditu eval-
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There are two main proposals for efficient search in un- 3. Our Approach: DBSampler
structured networks: flooding [8] and random walk [1, 10].
With both of these search mechanisms, query is dissemi- We propose using epidemic search mechanisms for ef-
nated throughout the network by recursive forwarding from ficient execution of partial selection queries in unstruc-
node to node. With flooding each node that receives thetured peer-to-peer database®Vith epidemic dissemina-
query forwards it to all of its neighbors, whereas with ran- tion, query forwarding is probabilistic, i.e., a node forwards
dom walk query is forwarded to only one (uniformly or @ query to each neighbor with forwarding probability
non-uniformly) selected random neighbor. None of these (where0 < p < 1). Therefore, a node may forward the
approaches can strike a balance between the two metric§luery to zero or more neighbors at each time. Such a query
of efficiency for search, i.e., the query cost (communication forwarding algorithm is obviously more flexible as com-
cost) and the query time (response time). Flooding is mostpared to both flooding and random walk and subsumes these
efficient in query time but incurs too high of redundant com- search mechanisms. Tleemmunication graplof the epi-
munication to be practical, whereas a random walker is po-demic dissemination (i.e., the subgraph of the peer-to-peer
tentially more efficient in query cost but is intolerably slow network covered by the dissemination) is sparse with small
in scanning the network. In [13], a two-tier hierarchy is pro- values ofp. The communication graph grows larger and
posed where flooding is restricted to the supernodes at thedenser with larger values pfsuch that withp = 1 the epi-
top tier. This solution only alleviates the query cost of flood- demic dissemination is equivalent to regular flooding which
ing and the problem resurfaces as the top tier scales. In [10]covers the entire network.
usingk random walkers in parallel is proposed as away to ~ Our epidemic search mechanism is termB8Sam-
balance the query cost and the query time. However, thispler. DBSampler implements the classic SIR (Susceptible-
proposal does not provide any theoretical basis for select-Infected-Removed) epidemic model [5]. Our main contri-
ing the value of for optimal performance. bution with DBSampler is derivation of a closed-form for-

_ ) o mula that given a partial selection query, maps the value

Previous search mechanisms are not only inefficient, butof the user-controlled knob to an appropriate value for
also mappropnate for execuqng part!al seIecnon_quenes.the forwarding probabilityp such that the network cov-
As ment|oned abo_ve, the main benefit of the partial selec-erage is sufficient to satisfy the query (for details of
tion query is that it allows trading off accuracy of the re- hjs derivation, refer to our extended paper [2]). Lever-
sult f_or bette_r _eff|C|ency by I|m|_t|ng the scan of the databage aging on this derivation, DBSampleon-the-fly and
t_o a just sufficiently large fraction of the database that satis- per-query tunesp based ore such that the communica-
fies the query. To enable such a trade-off, a search mechagjon graph of the epidemic query dissemination grows just
nism that executes partial selection queries should allow ad-sficiently large to cover a fraction of the database that sat-
justing the coverage of thg databg;e (i.e., _the fractlor? of .theisfies the partial selection query.
nodes, and hence data objects, visited during dissemination) jpjike previous search mechanisms, as required for an-

according to the user specified parametef each query.  gyering partial selection queries DBSampler can cover a
With both flooding and random walk, TTL (Time-To-Live)  certain fixed fraction of the network nodeslependenbf
is the control parameter that can be used to limit the cov-ihe size of the network. In other words, with a particu-

erage of the netwqu. However., i.t is not clear how one can |5 yalue forp size of the communication graph is always
adjust TTL accordllng te for sufficient coverage of the Net-  proportional to the size of the entire network, such that
work (where the size of the network is unknown). TTL is ts relative size (i.e., the coverdtaction of the network)
often set to a fixed value, a value that is selected in an adis fixed. Of course. as mentioned above DBSampler can
hoc fashion based on the average performance of the typrontrol the size of the covered fraction by tunipgintu-

ical search queries. In this case, TTL must be re-adjusteditiyely, this occurs because unlike flooding and random walk
as the peer-to-peer database evolves. Alternatively, TTL iSyith which query never dies unless it is explicitly termi-
gradually increased to expand the coverage, each time répateq (e.g., when TTL expires), with epidemic dissemina-
peating the query dissemination from the beginning, until tjon query forwarding is probabilistic and with some non-
sufficient fract|on_ of the database is covered to answer the,grq probability each replica of the query may naturally die
guery. Although in this case we may be able to cover the

proper fraction of the database to satlsfy the query, due to1 In the literature, some timegossip-basedr rumor-basedspreading

the redundancy of repeating the query dissemination, query  techniques are also termed epidemic techniques [3, 6]. Here, we are
cost can even exceed that of the regular flooding. Finally,  not referring to such many-to-many communication techniques, but

another problem specific to flooding is that the granularity isn%eﬁlf'scfc”iiltﬁet:\‘;otrigh”'q“es that are modelled after disease spread-

of the coverage is too coarse (the number of covered node$  For each specific query, the valuepos tuned to a fixed value aradl

grow exponentially with TTL), rendering fine adjustment of nodes use the same value foto forward the query. Varying as a
the coverage impossible. function of the neighborhood characteristics is part of our future work.




at each step. In turn, the dissemination terminates naturallypeer-to-peer networks [11].

whenever all replicas of a query die. The larger the network,  We performed an empirical study via simulation to com-
the more it takes for the dissemination to die and, therefore,pare the efficiency of DBSampler versus other search
the communication graph of the dissemination is propor- mechanisms. In our experiments, we compared DBSam-
tionally larger. pler with the scope-limited flooding (i.e., flooding with lim-

DBSampler is not only appropriate for answering partial t€d TTL) andk-random-walkers (with various). As dis-
selection queries, it is also efficient in that it strikes a bal- Cusseéd above, these search mechanisms are not originally
ance between the query cost and query time. Since epidemi@ppfoprlate fo_r _th_e eX_ecutlon of partial selection queries and
dissemination is essentially a flooding-based technique, adve had to artificially inform them about the coverage re-
our empirical analysis shows, its query time is comparable Auired to satisfy each partial selection query. Our results
with that of the regular flooding. Nevertheless, due to the Show that even under such artificial conditions, DBSam-
phase transition phenomenon associated with the SIR epiP!er still outperforms scope-limited flooding in query cost
demic model, for the common case of the partial selection While maintaining a reasonable query time. Also, to our sur-
queries, the query cost of the DBSampler is up to two ordersP"iS€, DBSampler not only has a much better query time
of magnitude less than that of the regular flooding and com-2S compared to that of the random-walk but also outper-
parable with that of the random walk. Intuitively, with epi- forms & 32-random-walker (the optimal case as suggested
demic dissemination the dense communication graph of thell [10]) éven in query cost. See [2] for the detailed empiri-
regular flooding, which with numerous loops represents a @l results.
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