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Abstract

Structured P2P systems in the form of distributed hash
tables (DHT) are a promising approach for building mas-
sively distributed data management platforms. However, for
many applications the supported key lookup queries are not
sufficient. Instead, techniques for managing and querying
(relational) structured data are required. In this paper, we
argue that in order to cope with the dynamics in large-scale
P2P systems such query techniques should be work in a best
effort manner. We describe such operations (namely group-
ing/aggregation, similarity and nearest neighbor search)
and discuss appropriate query evaluation strategies.

1. Introduction

The existence of millions of nodes connected to the In-
ternet at the one hand and the need to manage huge pub-
lic datasets in emerging applications in a fair manner at the
other hand raises the question, if and how can we exploit the
idea of structured Peer-to-Peer (P2P) systems for manag-
ing structured data. Such P2P systems promise a high scal-
ability and robustness due to avoiding centralized compo-
nents and the absence of single point of failures. Applica-
tions which can benefit from these features are among oth-
ers: managing and indexing public datasets in e-Sciences,
e.g. genome data or data from astronomy, and managing
and querying metadata for the Semantic Web or more pre-
cisely Web Service descriptions as a basis for a distributed
UDDI. In this paper, we argue that in order to cope with the
dynamics in large structured P2P systems appropriate query
techniques should work in abest effortmanner.

Structured P2P systems in the form of distributed hash
tables (DHT) are a promising approach for building data
management platforms for such scenarios. However, for
more advanced applications such as sketched above a sim-
ple keyword-based lookup operation is often not sufficient.
Thus, the main challenges are first to manage structured
data (e.g. relational data) using a DHT and second to pro-

cess queries consisting of operations such as join, range se-
lections and grouping / aggregation. These challenges were
recently addressed, e.g. in [11, 20] by distributing tuples in
a DHT and implement relational algebra operators exploit-
ing the hashing scheme. However, the approaches lack the
comprehensive consideration of three important problems:

• Because of the large scale of the system and the num-
ber of the contributors, we cannot assume that data will
be clean and unambiguous. For example, equivalent
entries may be spelled differently from different au-
thors. Therefore, we have to deal with inconsistencies
at instance level requiring appropriatebest effort oper-
ators, e.g. similarity selection, nearest neighbor search,
top-N queries and joins.

• The decentralized and highly dynamic nature of P2P
systems makes it nearly impossible to apply classic
query planning techniques, where an optimal plan is
chosen in advance by taking cost estimations based
on statistics into account. Instead we needbest effort
query processing strategiesallowing to adapt to the
current (load) situation and which are robust to net-
work changes.

• Because of the P2P nature, there are no guarantees
about the availability of data or service. Thus, exact
or complete results cannot be guaranteed as well.

By “best effort” we mean that we do not aim for exact re-
sults or guarantees but instead try to find the best possible
solution wrt. available (local) knowledge.

In this paper, we present results of our work on address-
ing these issues. Starting with a brief introduction in our
query processor for a DHT we discuss the implementation
of grouping/aggregation, similarity selection and nearest
neighbor search operators as well as two alternative query
evaluation strategies based on a stateless approach as well
as on the idea of eddies.

The remainder of this paper is structured as follows: Sec-
tion 2 reviews related work. Section 3 introduces our data
fragmentation scheme. Based on the query operators de-
scribed in Section 4, Section 5 discusses distributed pro-



cessing strategies in DHT. Section 6 provides an evaluation
by the means of experiments, and Section 7 concludes with
an outlook to future work.

2. Related Work

Distributed hashtables (DHT) are able to cope with very
high numbers of parallel transactions that process huge sets
of (key,value)-pairs. DHT follow the peer-to-peer paradigm,
i.e., they consist of many autonomous nodes, there is no
central coordinator and global knowledge is not available.
Prominent DHT appliations are distributed search engines,
directories for the semantic web or genome data manage-
ment (cf. [7] for an exhaustive list).

Examples of DHT are Content-Addressable Networks
(CAN) [14], Chord [18], Pastry [15] or P-Grid [1]. The pro-
posals mainly differ in the topic of the key space and the
contact selection, i.e., how to distribute the (key,value)-pairs
among the peers and which are the nodes a peer communi-
cates with.

The key spaces of Chord [18] or CAN [14] are orga-
nized as circles in one (Chord) or multiple (CAN) dimen-
sions, each peer is responsible for a certain part of the key
space (zone), and the nodes communicate with peers re-
sponsible for adjacent zones. P-Grid [1] is based on a vir-
tual distributed search tree. Each node is addressed with a
subtree-ID. For each level of the tree, each node maintains a
reference to another peer in the same subtree, but whose ID
branches to a different subtree in the deeper levels. [8] fea-
tures a detailed survey of the various approaches. Our DHT-
based query processor is applicable to any DHT. But key
space topologies different from CAN require an adoption
of the data fragmentation scheme presented in Section 3.

DHTs are originally designed to perform opera-
tions of a hashtable, e.g.,put(key, value) or
value = get(key) . But soon the database com-
munity has started to adapt techniques from distributed
and parallel database systems [5, 10] to (rather sim-
ple) DHTs.

An approach with a stronger relation to modern DHT
systems is the PIER project. [11] presents a system archi-
tecture based on CAN, and discusses several distributed join
strategies.

A detailed discussion of query processing strategies for
Chord-based P2P systems is given in [20]. Here, the authors
propose a framework of operators and their implementation
by using modified Chord search algorithms. Another P2P-
based query processing approach is AmbientDB [4]. It ex-
ploits Chord-based DHTs as clustered indexes for support-
ing selection operators, but integrates non-P2P components
as well.

Because of the hashtable-like nature of a DHT, exact-
match selections can simply be implemented on top of the

existing DHT lookup operation. However, many applica-
tions depend on a more sophisticated query algebra. In or-
der to address the problem of range operations, [2] proposes
space filling curves and DHT flooding strategies for query
processing. Similar work is described in [9] based on local-
ity sensitive hashing.

3. CAN & Data Fragmentation

A variant of distributed hash tables are Content-
Addressable Networks (CAN [14]). Each CAN node is re-
sponsible for a certain part of the key space, itszone. This
means, the node stores all (key, value)-pairs whose keys
fall into its zone. The key space is a torus of Cartesian co-
ordinates in multiple dimensions, and is independent from
the underlying physical network topology. In other words,
a CAN is a virtual overlay network on top of a large physi-
cal network. The keys of the CAN are represented as lists
of d coordinatesk = {c1, c2, · · · , cd}. The CAN uses a
hash function to map the keys of the applications to its own
key space, e.g.,f(′′Bach′′) = {0.3425, 0.94673}. We re-
fer to the hash function in conjunction with the assignment
of zones asfragmentation scheme. In addition to its (key,
value)-pairs, a CAN node also knows all peers which are re-
sponsible for adjacent parts of the key space. A query in
CAN is simply a key lookup in the key space, its re-
sult is the corresponding value. A node answers a query if
the key is in its zone. Otherwise, it forwards the query to an-
other node by usingGreedy Forwarding: Given a query that
it cannot answer, a peer chooses the target from its neigh-
bors so that the Euclidean distance of the query key to the
zone of the peer in question is minimal, i.e., the desig-
nated peer is closer to the key than the current one.

Figure 1 shows an example key space of a CAN, together
with a query. The key space ofPi is shaded in grey. In ad-
dition to its key space,Pi also knows the nodesN1, N2, N3

andN4. AssumePi has issued a query fork = (0.2, 0.2),
i.e., it wants to retrieve the corresponding value. SincePi

is not responsible for this key, it uses Greedy Forwarding
and sends the query toN3. N3 in turn is not responsible ei-
ther, thus the procedure recurs untilPr is reached which re-
turns the query result toPi.

Storing relational structured data in a DHT raises the
questions of how to partition the relations, which attributes
should be used for applying the hash functions and can we
benefit from a clustering of certain relations. A viable solu-
tion has to be found somewhere between the extreme cases:

1. distribute tuples only according the relation ID, i.e.,
each relation is completely stored at exactly one peer
or

2. distribute tuples according their key value such that tu-
ples are partitioned among all peers. In addition, in or-



Figure 1. Content-Addressable Networks

der to support range and nearest neighbor queries effi-
ciently, tuples of the same relation should be stored at
neighboring peers.

We have evaluated different strategies and found there-
verse bit interleavingapproach very promising. The main
idea is to use two hash functionshR and hK for the re-
lation ID R as well as the key valuetK of the tuplet.
Now the hash values are bit-wise concatenated:h(R, tK) =
hR(R)◦hK(tK). Finally, the resulting bit string is split into
d coordinates by using Bit0, d, 2d, ... for the first coordi-
nate, Bit1, d+1, 2d+1, ... for the second and so forth. Thus,
tuples are stored along a Z curve in the CAN (Figure 2). Ob-
viously, the hash functions have to be order-preserving in
order to identify peers for a given domain by using the Z
value, i.e., subsequent tuples (e.g.,0,1,2; “tea”,“tee”) have
to be managed by the same peer or an immediate neighbor
in the key space. Furthermore, this scheme contains sev-
eral adjustable parameters. For example, by introducing a
“spread factor” the length of the Z curve interval and in this
way the number of peers storing one relation can be ad-
justed. [16] presents an outright description of reverse bit
interleaving.

relation r

minimal hash key

maximal hash key

region for multicast

Figure 2. Z curve in CAN

Figure 2 sketches such a Z curve in a CAN. The curve
covers the zones containing fragments of the domain of the
primary key values. Suppose a node issues a range query.
Now the Z curve enables the peers to ask only the nodes
(shaded in grey in the figure) which could have parts of the
query result. In detail, the query issuer transforms the range
expression to a minimal and a maximal hash key on the Z
curve, and uses a multicast to send subqueries to all nodes
between the minimal and maximal hash keys.

Note, that this storing scheme can be used not only for
the tuples but also for indexing. In this case, only a pointer
(relation ID, key value) is stored together with the key at
the peer. This pointer can be used to retrieve the actual item
from another location.

4. Query Operators

Using a data fragmentation scheme as described in Sec-
tion 3, query operators can work in parallel, i.e. intra-
operator or partitioned parallelism can be achieved. In [16]
we have presented how classical plan operators such as se-
lection, join and grouping can be implemented in this way.
The main idea is to exploit the DHT for routing purposes.
Therefore, at the base level we have added two primitives to
the DHT API:

• send message (z,m) sends a messagem (e.g. a
query plan) to the peer responsible for the zone con-
taining pointz on the Z curve,

• send multicast (zmin,zmax,m) sends the message
m to all peers maintaining zones in the Z curve inter-
val 〈zmin, zmax〉.

Based on these primitives we have implemented the follow-
ing query operators:

• exact match selection on the key attribute (simply a
hash table lookup),

• range selections on the key attribute (send a multicast
message to peers of the Z curve interval determined by
hashing the selection ranges),

• other selections (full table scans, implemented using
multicast),

• symmetric hash join (re-inserting tuples of both input
relations in a temporary join relation),

• “ship where needed” join (where tuples of one relation
are sent to the peers storing possible join candidates
and which are identified by applying the hash function
to the join attributes).

All these operators are exact operators. In the following we
will focus on best effort approaches for further operators.



Grouping. A rather simple form of a best effort solution
is used for grouping / aggregation. In order to reduce or
even avoid query state information during processing we
use a stateless processing strategy (see the following sec-
tion), where a plan “travels” through the network and the
operators are subsequently replaced by their results. How-
ever, for blocking operations such as grouping / aggregation
we do not know when the input relation is completely pro-
cessed and when we can compute the aggregate(s).

Assume a grouping operatorγF,G with the aggregate
functionF and the grouping attributesG which is applied
on a relation or intermediate result sets of another opera-
tion. Then the grouping is processed as follows:

1. Each node performingγF,G sends its tuples to a peer
determined by applying the hash function to the value
of G.

2. Each “grouping” peer collects incoming tuples with
the same value ofG and appliesF . In order to deal
with the problem of unknown end of input we follow
the idea of early aggregation, i.e. after a certain time or
a number of processed tuples each grouping peer com-
putes the aggregate and sends the intermediate result
back to the query initiator.

3. The query initiator now can output and/or refine the re-
sulting aggregates and stop the processing at a given
time.

Similarity selection.Another import class of best effort op-
erations are similarity operators such as similarity selec-
tion. One approach to support this operation in a hash-based
storage system is to useq-grams for implementing edit
distance-based similarity search. Here, string-valued keys
are split into distinctq-length substrings (usually withq = 3
or q = 4). These substrings are inserted into the DHT to-
gether with the tuple itself or the tuple key as a reference to
the tuple. Thus, a similarity selection on the attributeA us-
ing the search keys is evaluated as follows:

1. Construct a set ofq-grams from the search strings.
Note, that not necessarily allq-grams have to be con-
sidered. Instead, one can choose only a subset of non-
overlappingq-grams, i.e. for a thresholde only e + 1
q-grams are required [12], whereq-grams with a high
selectivity are chosen for preselection [17].

2. For eachq-samplesi send a selection request to the
peer responsible for the zone containing the point
h(R, si). This is part of the basic functionality of the
DHT.

3. Each receiving peer whoseq-gram key matches the
search keys sends a message with the corresponding
tuplet to a “collector” peer identified byh(R, tK).

4. The collector peers receive the candidate strings
matching theq-grams and perform the final filter-
ing.

5. If a given similarity threshold is reached the tuple is re-
turned as a result of the similarity search.

Another possible approach is to sent allq-grams and apply
a count filtering technique as described in [6].

Nearest Neighbor Search.In order to be able to process NN
queries, the keys of the tuples stored in the DHT have to be
generated with a hash function that preserves the neighbor-
hood between similar keys of the application. For instance,
a distributed seach engine would use a hash function that
maps “Bethoven” to a key with a small distance to the key of
“Beethoven”. A proper hash function for keywoard search
would generate the keyk = {f(0), f(1), · · · , f(d − 1)}
by suming up the ASCII values of the charactersc =
{c0, c1, · · · , cl} of the keywordc for each dimensiond of
the key space:

f(n) =
l/d∑
i=0

c(i·d+n) · v

Here, the extent ofv is a tuning parameter that adjusts the
distance of adjacent keywords.

If a peerPi wants to obtain a set ofs tuples closest to a
query keyk, it issues a NN queryσNN (k, s). Now our pro-
tocol works as follows:

1. Forward the query to the node responsible for the
query key. This is part of the basic functionality of the
underlying CAN protocol (cf. Section 3).

2. Return the set ofs tuples closest tok to the issuer of
the query. Since the key space is partitioned, the cor-
rect NN result set may come from multiple peers. In
order to allow to refine the result, a set of neighbors,
whose zones are closer tok than the distance between
k and the most distant tuple in the result, is returned as
well. For example,P0 in Figure 3 is responsible fork.
Givens = 6, P0 returns the tuples in the circle and all
of its neighbors exceptP4.

3. Estimate the precision of the returned data set by di-
viding the volume of the part of the data space that is
already queried by the volume of a field with centerk
and radiusdist(k, ks). In Figure 3, this is the grey sur-
face area divided by the area of the circle. Stop if the
precision satisfies the demand.

4. Refine the result set by asking a node obtained in
Step 2, which was not queried before and whose zone
has the largest overlapping with the relevant field. Con-
tinue with Step 2. In Figure 3, the second peer queried
would beP6.
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5. Processing Strategies

Strategies for processing complex queries in DHTs have
to consider the inherent characteristics of these systems,
i.e. only local knowledge about neighbors as well as un-
foreseen appearance and disappearance of individual peers.
That means, that the query planner cannot rely on the exis-
tence of statistics or assume that all peers will respond to a
query. Thus, best effort processing strategies are required.

A first approach to deal with this situation is to use a
stateless processing approach similar to the idea of mutant
query plans [13]. By the term “stateless” we mean that be-
side the plan no explicit information about the execution
state of a query is needed and no peer has to wait for the in-
put from another peer. This works as follows:

1. A left-deep query tree is constructed. This plan is sent
to all peers which potentially provide data required by
the leftmost operator of the tree. These peers can be
identified by applying the hash function to the selec-
tion condition of this operator.

2. Each of these peers processes the plan in postorder and
executes all operators which are local processable.

3. If an operator cannot be processed locally (e.g. a join),
the remaining plan and the intermediate result are sent
to the next peers which are again identified by apply-
ing the hash functions to the intermediate tuples.

4. If the root of the plan tree was processed the results are
sent back to the query initiator.

Using this strategy we can cope with the dynamics in the
network: Because the processing peer for the next non-
local operator is determined at runtime, changing or not-
responding peers do not interrupt the processing. However,
there is no guarantee that the result set will be complete.
Thus, an important task for future work will be to estimate
the completeness of results.

Though, this approach provides robustness it has a ma-
jor drawback: the query plan is built in advance and makes
assumptions about cardinalities and costs in order to choose

a certain join order. In large federated and shared-nothing
databases, like in P2P environments, typical parameters of
classic query optimization are not available or are subject
to widely fluctuations. So, traditional static query optimiza-
tion and execution techniques can lead to less effective re-
sults in such environments.

Therefore, we have investigated a more adaptive ap-
proach by following the idea of eddies [3]. An eddy is a
pipeline for routing tuples to operators of the plan based on
runtime statistics such as queue length, selectivity or load.
In our implementation an instance of an eddy can run at
each peer which participates on a given query. Because we
want to avoid any kind of global information and coordi-
nation, each tuple (or packet of related tuples) has to keep
two things: First, a “ToDo” list containing the operators of
the plan which can currently executed on the associated tu-
ple(s). As a result, the appearance is independent from of
the original query plan. Second, a “ready” bit for each oper-
ator. This bit indicates if the operator is already processable
in order to stick to the transformation rules of the relational
algebra. Both the ToDo list and the tuple(s) are packed in a
message package. This technique allows a more flexible se-
lection of executing peers as well as distributed operators,
which is very appropriate for P2P environments.

Tuple routing in a distributed system addresses two is-
sues:

• operator routing(Which operator should be executed
next?)

• peer routing(Which peer should process the tuple?).

For operator routing the follow strategies can be chosen:

• random(the next operator is chosen randomly),

• priority (to each operator a priority value is assigned
which allows heuristics such as “selection first”),

• input queue length(each operator contains an input
queue; the length of this queue is a measure for pro-
cessing costs),

• selectivity(as proposed in [19] the selectivity of an op-
erator is learned using a ticket approach), and

• next-join (if tuples have to be reinserted e.g. for per-
forming a join, one can choose the join first for which
the distance of the home peer is minimal).

In all cases, the decision is made only locally because queue
length or tickets are known only for the local processed op-
erators. This means, that different peers processing the same
query can come to different decisions.

Peer routing is a result of the distributed operators. It al-
lows to migrate the execution of operators to other peers,
especially for load balancing purposes. However, for some



operators (e.g. joins) the processing peer is already deter-
mined by the operator routing. Thus, only for unary opera-
tors (selection, projection, sorting etc.) peer routing is pos-
sible. Here, the following strategies can be applied:

• random choice,

• round robin,

• best connection, i.e. the tuple is sent to the neighbor
with the fastest connection, and

• lowest load, i.e. the tuple is sent to the neighbor with
the lowest working load.

Figure 4 illustrates the steps of the eddy-based query pro-
cessing in a DHT. Note, that in order to reduce the commu-
nication costs, we try to group tuples with the same desti-
nation peer and apply peer routing only if the local load ex-
ceeds a certain threshold.

Receive Message
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Next Peer

Process
Operator

Build
Result Package

Choose
Next Operator

Build Message
Package

Distribute
ToDo list

Create
ToDo list

Return
Result Tuple

Operator Routing

Send Message

Peer Routing

Package

Figure 4. P2P eddy at work

6. Evaluation

We have evaluated the presented operators and strategies
in several experiments. The main questions we tried to an-
swer were

1. Are large DHTs suitable for managing and querying
structured data?

2. Does our approach fulfill the expectations with regard
to scalability?

3. How can the best effort operators and strategies in a
P2P system compete with exact approaches based on
global knowledge?

The experiments were performed using our query process-
ing engine implemented in Java on top of a CAN prototype.
We used network sizes ranging from 1,000 up to 10,000
peers, the TPC-H dataset as well as simulated load. Because
of the lack of space we can give here only selected results.

In the first experiment we have investigated the fragmen-
tation scheme by comparing the Z-curve fragmentation with
different spread factors to the simple “relation per peer”
strategy using a mix of join queries. The results for a se-
lected spread factor in Figure 5 show, that even though the
number of required hops of the Z curve approach is around
10 times higher than for the relation/peer strategy, the pro-
cessing time (measured using a simulation clock) is only
10% of the time. Furthermore, the processing time grows
only marginally with an increasing number of peers.
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We have evaluated the NN protocol by experiments in
a 4-dimensional CAN consisting of 10,000 peers. Here we
ran one million queries on an uniformly distributed dataset
of 10 million keywords. Figure 6 presents the effort to ob-
tain a result set of a certain quality: the graphs show the
relation between the number of peers queried and the pre-
cision of the result for different sizes of the result set. It is
shown that – except for very large result sets – more than
80% of the query results come from 2 peers, i.e. the ex-
penses for processing NN queries are moderate in settings
such as ours.

For the eddy approach we have investigated the impact
of the different routing strategies as well as scalability and a
comparison with a centralized approach. As shown in Fig-
ure 7 by increasing the number of peers the processing time
stays nearly constant whereas the number of hops grows.
However, if we look at the ratio between hops and number
of peers, we can observe that the overall network load de-
creases.

In a further experiment we compared the different strate-
gies of the operator routing (Figure 8). As expected the ran-
dom selection of the next operator induces to the worst re-
sults, according to time as well as to hops. On the contrary
priority, input queue lengthandselectivityshows equal re-
sults. This effect is caused by distribution of the operators.
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The parameterinput queue lengthand selectivityare just
known for the local instance of an operator on each peer.
In order to come to an explicit decision for the next op-
erator based on theinput queue lengthor selectivity, these
parameters must be known for all operators of the current
ToDo list. This means, each operator of the list has to be
processed once at least on the current peer. Otherwise, the
eddy uses thepriority as fallback. Especially in large envi-
ronments this fallback occurs in most cases.

Finally, we have compared the distributed P2P eddy to
two centralized solutions collecting all statistics (Figure 9).
We wanted to show that a centralized eddy is not adequate
for those systems.

In the first implementation of a centralized eddy, the cen-
tral peer appears just as coordinator. In the first step, all tu-
ples are sent back to this peer. The execution of the differ-
ent operators, especially joins, is performed by other peers.
Nevertheless, both measures (time and hops) increase. This
is caused by two reasons: First, the local load of the coor-
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Figure 8. Operator routing strategies by com-
parison

dinator peer is high. Second, all message packages must be
forwarded to the initiator peer, although most of the pack-
ages do not contain any parts of further result tuples. Both
local load and hops affect the processing time.

In a second solution of a centralized eddy, the designated
“eddy” peer is the coordinator as well as the executor of the
operators. So this strategy corresponds to simple data ship-
ping. Due to the significant increase of the load of the coor-
dinator, the processing time grows in the same way. In or-
der to reduce the number of hops, we can use a simple op-
timization: All the messages can be sent directly to the co-
ordinator peer, because it is known to all other peers in this
solution. A routing through the CAN is not necessary.

Considering the processing time, the P2P eddy outper-
forms the centralized solutions significantly. In addition, in
a large-scale system a central eddy becomes a bottleneck.
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7. Conclusion and Outlook

Best effort query processing is an important challenge on
the way to an SQL-like query processor on top of structured
P2P networks. Because of the absence of global knowledge,
data inconsistencies and the massively distributed P2P ar-
chitecture, best effort query processing is a very complex
task.

In this article we have presented a set of best effort query
operators and processing strategies that promise to cope
with these challenges. We have evaluated our approach by
the means of extensive experiments. Though these results
are very promising, more work is required that addresses
further issues of best effort operators. This includes sim-
ilarity joins based on our presented similarity operations,
top-N queries as well as approximate range queries. In ad-
dition, we want to investigate in different load scenarios and
fair load balancing.
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