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ABSTRACT
We present Alvis peers, a full-text P2P retrieval engine
designed to offer retrieval performance comparable to cen-
tralized solutions while scaling to a very large number of
peers. It is the result of our research efforts within the
project Alvis1 that aims at building a truly-distributed se-
mantic search engine. To cope with problem of unscal-
able bandwidth consumption in the P2P network, the en-
gine implements a novel retrieval model that indexes highly-
discriminative keys (HDKs)—terms and term sets appearing
in a limited number of collection documents. Our prototype
is a fully-functional retrieval engine built over a structured
P2P network. It includes a component for HDK-based in-
dexing and retrieval, and a distributed content-based rank-
ing module. Such an integrated system represents a substan-
tial contribution to the design and development of realistic
P2P retrieval systems.

Categories and Subject Descriptors
H.3.3 [Information Storage and Retrieval]: Information
Search and Retrieval; D.3.4. [Information Storage and
Retrieval]: Systems and Software—Distributed Systems

General Terms
Architecture, Design, Performance

Keywords
peer-to-peer information systems, distributed information
retrieval, scalability

1. INTRODUCTION
The state-of-the-art information retrieval (IR) engines are

built upon centralized or clustered architectures to achieve
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extremely efficient and high-performance retrieval function-
ality. However, this comes at the price of maintaining a
huge index that has to deal with frequent document collec-
tion changes, which is contradictory to the inherently dis-
tributed nature of information sources and the randomized
process of information generation. Peer-to-peer (P2P) infor-
mation systems offer an alternative decentralized architec-
ture for building truly-distributed IR engines in accordance
with an ever-increasing number of heterogeneous informa-
tion sources.

In our view, the P2P-based retrieval engines do not di-
rectly compete with traditional clustered engines, but rather
offer an alternative solution in support of novel usage scenar-
ios. We assume each peer in the P2P network contributes
documents to the global document collection and, in ex-
change for making its local documents globally searchable
(it is in a way advertising the local content through the
global search facility), the peer invests computing resources
to build the P2P network and attain part of the querying
load. The P2P retrieval engine can offer free access to the
querying facility to the broader public, while the retrieval
of documents remains under the responsibility of individual
peers. Moreover, information sources themselves decide on
the content they want to make globally searchable. Con-
sider, for example, the following motivating scenarios:

An integrated digital library. Today digital libraries of-
fer sophisticated means to query documents from their
local collections, and may use a P2P-based engine as
the common media for an integrated search facility. In
this perspective, the P2P engine is used to identify the
set of digital libraries with the relevant content, while
the semantic-based querying and retrieval is performed
using the sophisticated facilities of the individual dig-
ital libraries. We have presented a solution for collab-
orative search over digital library collections based on
structured P2P networks in [15].

P2P-based news search engine. A P2P news search en-
gine offers an integrated search facility over a large
number of news sources. As news articles are a typical
example of highly-dynamic information, a P2P-based
news search engine would dynamically update the in-
dex at the time when a new article is published.

Blog search. The blogging software may be extended to
offer a P2P-based integrated search facility over the
blogging sites, while blog creators would be given a
chance to decide whether they want to make their con-
tent globally searchable.



In this paper we present the design of our full-text P2P re-
trieval engine, Alvis peers. It is the result of our research
efforts within the project Alvis that aims at building an
open-source semantic search engine with P2P and topic spe-
cific technology at its core [5]. In contrast to the majority of
proposed solutions that rely on simulations, we demonstrate
one of the few complete solutions for IR over P2P networks.
It is implemented using our P-Grid P2P platform2 and in-
tegrates a solution for distributed indexing, retrieval, and
content-based ranking.

The prototype is based on a novel indexing mechanism
that reduces the size of posting lists associated with index-
ing features to limit the generated traffic when processing
queries. To obtain short posting lists, we propose to in-
dex not only single terms from the collection vocabulary
T , but also keys, i.e. sets of terms that occur simultane-
ously in documents. The interesting keys appear in a lim-
ited number of documents from the collection D because
they are discriminative wrt D. For example, let us assume
that two terms from T , t1 and t2, appear in D. Instead
of using two long posting lists t1 → {d1, d2, d4, d6, d8, d10}
and t2 → {d2, d3, d6, d7, d9}, we might index the term set
{t1, t2}, which is associated with a shorter posting list,
{t1, t2} → {d2, d6}, and thus an answer to the query q =
{t1, t2} is already pre-computed and available for retrieval.
To answer queries containing only t1 or t2, the index can
store truncated posting lists as most users are only inter-
ested in the top-k matching documents. In other words,
we propose to identify discriminative term combinations at
indexing time instead of performing long posting list inter-
sections at query processing time because it generates un-
scalable network traffic [11, 23]. Discriminative keys may be
observed as queries associated with pre-computed answers
facilitating highly-efficient retrieval as the (query, answer)
pairs are stored in a Distributed Hash Table (DHT).

The major concern is that indexing with term combina-
tions might lead to a key vocabulary of unmanageable size
because it theoretically grows with 2|T |. To limit this effect,
we introduce a concept of highly discriminative keys (HDKs)
and design a scheme for careful key selection that removes
redundant keys from the key vocabulary while preserving
good retrieval performance properties. We have reported
a scalability analysis in [17] that proves the HDK vocab-
ulary grows linearly with the document collection size, i.e.
a peer indexing locally a document collection of a limited
size will produce a bounded number of HDKs with a rea-
sonable upper bound. Furthermore, the measured retrieval
performance is comparable to the one achieved with a cen-
tralized single-term engine using the BM25 ranking scheme,
while the crucial property confirmed by our experiments is
scalable retrieval in contrast to the distributed single-term
indexing approach. Finally, the presented indexing model
integrates gracefully with our distributed ranking schema
because it provides global statistics and enables aggregation
of content-based ranking scores in line with those obtained
by the centralized system.

The paper is structured as follows: Section 2 provides an
overview of our HDK-based indexing model. We describe
the layered architecture of the prototype in Section 3. Sec-
tion 4 gives a summary of our experimental results, while
Section 5 provides an overview of existing systems for P2P

2http://www.p-grid.org/

IR. Section 6 concludes the paper with a summary and short
discussion of future work.

2. INDEXING WITH HIGHLY DISCRIMI-
NATIVE KEYS

The standard solution for text retrieval in structured P2P
networks is to distribute the inverted index among the peers
in the network [18, 22], such that each peer is responsible for
storing a part of the vocabulary and their associated posting
lists as depicted in the upper part of Figure 1. Given a term
t, such a P2P system must guarantee that at least one of the
peers responsible for t is available at any time to retrieve the
associated posting list.To achieve fault tolerance, terms and
posting lists are replicated at several peers. Furthermore,
as such a peer can be found very efficiently, i.e. typically in
O(Log(N)) routing hops (where N is the number of peers),
a simple mechanism to process a query is to retrieve and
intersect the posting lists associated with the query terms.

The major problem with this approach also called the
näıve approach is that some terms have very long post-
ing lists. As answering queries requires posting lists to be
shipped over the network, this approach generates unscal-
able traffic during retrieval [11]. A recent study has shown
that, even when a carefully designed and optimized protocol
is used in this setting (peers are contacted in a ’round-robin’
fashion; terms from a query are ordered by the size of as-
sociated posting lists in the index, and they determine the
sequence of contacted peers; each peer performs partial in-
tersection and forward the query to the subsequent peer on
the list) the generated query traffic is unacceptably high for
web-scale document collections [23].

������ ��	�
���
	����

������ ��	�
���
	���

�������� ��	�
���
	�����

������ ��	�
���
	���

��� ���

������	�
���
	�	

	
�
�
�
�
�
�
�

������ ��	�
���
	�����

������ ��	�
���
	����

������ ��	�
���
	����

��� ���

	�������	�
���
	�	

�
��
�
��
�
�
�

������

���

������ ��	�
���
	�����

������ ��	�
���
	����

������ ��	�
���
	����

��� ��� ������

������

������

���

����������	


�����������	


Figure 1: The basic idea of indexing with HDKs

The central idea of our indexing strategy is to limit the
posting list size associated with keys to a constant predefined
value and extend the index vocabulary to improve retrieval
effectiveness, as depicted in the lower part of Figure 1. The
key index only contains single terms and term sets that are
discriminative with respect to a document collection. In this
perspective, we categorize a key on the basis of its global
document frequency (DF), and define a threshold DFmax

to divide the set of keys into two disjoint classes, discrim-



inative and non-discriminative keys. If a key k appears in
more than DFmax documents, the key is non-discriminative.
Otherwise, k is discriminative and specific with respect to
the documents it is associated with in the document collec-
tion. This property is in line with the capacity constraints of
P2P networks that are capable of storing and transmitting
posting lists of limited size.

Notice that the extension of the index entries to discrim-
inative terms and term sets, while limiting the size of the
posting lists, entails the expansion of the key vocabulary. It
is therefore important to select among the potential key can-
didates those that have favorable properties for the retrieval
performance of the P2P search engine. We currently use
three filtering techniques to produce highly-discriminative
keys (HDKs) indexed by our search engine. (1) Size filter-
ing limits the size of the keys (number of terms forming a
key) to be considered to a maximal size smax. (2) Prox-
imity filter uses textual context to reduce the size of the
key vocabulary and retains keys built of terms appearing in
the same textual context—a document window of predefined
size w. (3) Redundancy filter removes supersets of discrimi-
native keys from the vocabulary as such keys are redundant
and only increase the vocabulary size without improving re-
trieval performance.

HDKs are good and discriminative indexing features, how-
ever, user may still submit non-discriminative queries. There-
fore, to improve the retrieval performance, we also index
DFmax-best documents for non-discriminative keys. The ex-
perimental results and scalability analysis demonstrate the
growth of such a key vocabulary and associated index is scal-
able with reasonable and manageable real bounds for very
large document collections [17].

3. DESIGN OF THE ALVIS P2P RETRIEVAL
ENGINE

The Alvis P2P retrieval engine is built of peers extended
by the IR functionality. The peers are part of a structured
P2P network, as depicted in Figure 2, and are responsible
to build and maintain a global index associating keys to
posting lists. Each peer is a stand-alone component that
can index and search its local document collection. The
peer is responsible to compute keys and associated postings
from its local collection and to insert them as a contribution
to the global index. On the global level, the peer maintains
part of the global index, and as far as retrieval is concerned,
it interacts with the global network to retrieve the list of
documents that contain indexing keys with maximal overlap
with the submitted query.

The architecture is layered to enable clean separation of
different concepts related to network communication, P2P
networks, IR-related tasks such as indexing and ranking, as
advocated in [2]. The system is decomposed into the follow-
ing layers: 1) DHT layer building a Distributed Hash Ta-
ble for storing global index entries; 2) HDK layer for build-
ing the key vocabulary and corresponding posting lists, and
mapping queries to keys during retrieval; and 3) Ranking
layer that implements distributed document ranking. Each
peer also runs a Web services to accept queries and docu-
ments from remote hosts.

Each peer incorporates a local and global system view.
The HDK layer focuses on the local view and builds the key
index from a received single-term index for a local collection.

Ranking

HDK Index Query

DHT

Web service IF

IR PEER

GKI Global
Key Index

Ranking

HDK Index Query

DHT

Web service IF

IR PEER

GKI

Ranking
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DHT

Web service IF
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GKI

Figure 2: System architecture

The received single-term index must contain a positional in-
dex needed for the key computation, and provide relevance
scores for (key, document) pairs. The DHT layer provides
a global system view by maintaining the global key index
with information about key document frequencies and other
statistics used by the ranking layer. We now describe in
detail the functionalities of each layer of our P2P-IR proto-
type.

3.1 DHT Layer
The DHT layer provides the following essential service:

route(id, data), which allows a peer to send data to a peer
responsible for id, while the content of data is application-
specific, i.e. it can be a lookup, insert, update, delete, etc.
The route operation requires O(log(N)) overlay hops to find
a responsible peer (N is the number of peers in the network).
Each peer maintains a routing table with O(log(N)) routing
entries. The routing entries are chosen in such a way that the
resulting network topology has small-world characteristics
[8]. Routing is done in a greedy fashion, i.e. given a message
with destination id, a peer that is not responsible for id
forwards the message to the neighbor in its routing table
that is closest to id. Popular DHTs with such characteristics
are among others Chord, Pastry, and P-Grid [21, 20, 1].

P2P IR applications have high performance demands for
DHTs. The DHT has to handle a very large number of
small messages: when inserting the local key index into the
DHT, a peer generates hundreds of thousands of relatively
small messages that consist of a key and a document ref-
erence. Another example is aggregation of global statistics,
e.g. the document frequencies associated with keys, which
also requires a peer to insert and request many values in the
DHT.

In an IR environment, DHTs have to handle a much higher
rate of service requests than in other applications, such as
file-sharing systems. To handle such large amounts of data,
we have extended our DHT with special congestion control
mechanisms to better manage the flow of messages. In P2P
environments, the network capacity is usually the bottle-
neck. When peers generate requests faster than the network
can handle, without congestion control, the DHT can suffer
a congestion collapse. Each peer therefore receives positive
or negative feedback from the network: positive feedback
allows the peer to increase its request rate, whereas nega-
tive feedback indicates congestion in the network and the
peer will reduce its request rate to alleviate the congestion.



Without such congestion control mechanisms a DHT can-
not handle the large amount of traffic generated by an IR
application. Further details on congestion control for DHTs
can be found in [10].

We have implemented further mechanisms to improve the
throughput of our DHT [9]: each peer has a queue to buffer
messages for a short time before they are forwarded to the
next hop in the DHT. All messages that will be sent to
the same next hop are buffered in the same queue. Thus,
we have a queue for each entry in the routing table, i.e.
O(log(N)) queues. If the queue reaches a given threshold
(e.g. 100 messages), all queued messages are packed together
and compressed to be send in a single message to the neigh-
bor. We can thus better use the available bandwidth in the
network. To avoid that messages are delayed too long in a
queue, the process of packing and compressing can also be
triggered by a timeout even if the threshold is not reached.

3.2 HDK Layer
The HDK layer deals with the task of key-based index-

ing, i.e. finding the set of keys and associated postings lists
for given a document collection, and the querying task, i.e.
given a query, finding relevant keys in the global P2P in-
dex, retrieving the postings associated with those keys, and
merging the result set.

3.2.1 Distributed indexing
During the indexing process, peers share the computa-

tional load and build the HDK vocabulary in parallel. Ini-
tially, each peer builds a local index from its local collection
by using the standard single term indexing mechanism. The
local index is composed of a lexicon, an inverted index with
term positions, a document index etc. The distributed in-
dexing process is triggered when a peer joins the P2P-IR net-
work. Each peer starts creating HDKs from the its local in-
dex in several iterations by computing single-term keys, then
2-term keys, . . ., and finally smax-term keys. For any current
key-size s, a peer computes its local discriminative and non-
discriminative keys, and inserts their document frequencies
into the global P2P index. Subsequently, it inserts post-
ing lists for its local HDKs and top-DFmax postings for its
local non-discriminative keys into the P2P overlay. Notice
that a locally discriminative key may be globally discrimi-
native, thus the P2P layer stores all received posting lists
for global HDKs. However, it is possible that some locally
discriminative keys are globally non-discriminative, and for
such keys and for those that are locally non-discriminative
(therefore also globally non-discriminative) the responsible
peer selects top postings from all received postings. To sup-
port both indexing and ranking, the P2P layer maintains
the global document frequencies for all received keys, and
notifies the indexing layer when discriminative keys become
non-discriminative due to the addition of new documents.

Figure 3 shows an example for computing HDKs in a dis-
tributed manner. Each peer starts by inserting local docu-
ment frequencies for its single term vocabulary (a term is a
key of size 1). The messages of the form (key, frequency,
peerID) are routed to the peer responsible for the key and
this peer aggregates the received frequency values. In this
example, peerx is responsible for the global index of term t1,
so it aggregates the received values (3+4+4=11) and stores
the list of peers (peeri, peerj , peerk) term t1 was reported
from. We assume that DFmax is set to 10, thus t1 is a non-

discriminative key. Therefore, peerx will send notification
messages to the peers in the peer list associated with t1.
When peeri, peerj and peerk receive the notification, they
start generating new keys by combining t1 with other glob-
ally non-discriminative terms from the single term vocab-
ulary under the condition that they satisfy the conditions
imposed by the size and proximity filter. In this example,
t2, t3, t4, t5 can be combined with t1 to generate new keys.
The following properties must be satisfied to obtain the can-
didate HDKs:

• All terms must in the same document and within a
window of size w (proximity filter). The positional
term index is used to check this property.

• For a new key k of size s, all properly contained keys
of size (s−1) must be non-discriminative (redundancy
filter).

Then newly generated keys are inserted in the P2P net-
work with their local frequency used for the vocabulary ag-
gregation. The process continues until the key size reaches
smax and can be triggered again by notification messages
reporting new non-discriminative keys in the P2P network.
Such keys have previously been discriminative, but due to
the addition of new documents or new peer joins become
non-discriminative.

Finally, the posting lists (list of documents containing
the keys) are inserted into the P2P network. For the non-
discriminative keys, a posting contains docID and a rele-
vance score of the key wrt document. The peer responsible
for the non-discriminative keys will choose DFmax-best doc-
uments based on the received scores.

3.2.2 Querying
The querying part of our prototype deals with the problem

of mapping of a query to keys and subsequent retrieval of
postings from the P2P overlay.

Figure 4 shows the querying process when peer Pi receives
the query Q. We assume Q is a simple set of terms, and it
must be mapped to a set of keys present in the P2P global
index. All term subsets of a query are possible key candi-
dates that may be stored in the P2P index, and Pi needs
to explore the lattice of term combinations and check which
key candidates are indeed keys from the global index.

The optimistic strategy is to start with the largest possible
term set (marked as level-1), limited either by the query
size q (as it is assumed in Figure 4) or the maximal number
of terms forming a key (smax). Pi will try to retrieve the
keys sequentially by exploring initially level-1 keys, and then
depending on the result of the previous step continue with
level-2 keys, . . ., level-q keys.

The perfect situation occurs when k11 = {t1, t2, . . . , tq} is
a key in the global index, in other words, a user has posed a
good query for the indexed document collection: The post-
ing list is readily available and is simply retrieved from the
global index by issuing a single request to the P2P network.
Indeed, this will not happen with all user queries. There-
fore, level-2 set of potential key candidates of size q − 1
is explored. If the P2P network stores postings associated
with level-2 keys that cover all terms in Q, the hit list is
the union of the retrieved postings. However, it is possible
that either (a) no level-2 keys exist in the index, or (b) that
some ti ∈ Q are not covered by the retrieved keys. In case
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Figure 3: Distributed key generation
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Figure 4: P2P-IR retrieval

of (a), Pi explores all level-3 keys and subsequently higher
level keys until finally reaching level-q. In case of (b), Pi ex-
plores level-3 keys but only those that contain non-covered
terms from the previous levels. Depending on the retrieved
set of keys, the procedure is extended to higher-level keys
until all ti ∈ Q are covered by the retrieved key set. The
resulting answer set is the union of postings associated with
the retrieved keys.

Let us again consider the example in Figure 4. The P2P
network does not contain k11, and Pi searches for level-2
keys. Out of q possible level-2 keys, only k21 is an HDK
and its posting list is retrieved from Pl. However, tq is still
not covered, and Pi unsuccessfully explores keys on higher
levels containing tq, until finally reaching level-q where a
posting list of size DFmax is associated with kqq because
kqq is a non-discriminative key. Finally, both posting lists
are merged by a simple union procedure and this posting
list is used as the input information to the ranking layer.

3.3 Ranking Layer
The ranking layer produces the final ranked result set ac-

cording to the relevance of a document wrt Q. The ranking
procedure must be implemented in a distributed fashion us-
ing global document collection statistics available from the
P2P index. The following example illustrates how the dis-
tributed ranking function is implemented in our prototype:

Given a query Q that is submitted to peer Pi, assume
the HDK layer of Pi has obtained two posting lists from the
global P2P network and these postings are associated with
keys k21, kqq (as in Figure 4). Each posting in the posting
list is a pair (peerID, docID):

k21 : (Pi, d1), (Pj , d2),
kqq : (Pj , d2), (Pj , d4)(Pk, d5).
The ranking layer receives the listed pairs, and first, cre-

ates the union of the posting lists. Then it groups the
docIDs according to their peerIDs. In the example, there
are 3 groups: (Pi : d1), (Pj : d2, d4) and (Pk : d5).



Next, the messages with the original query Q and the list
of document identifies (e.g (Q, d2, d4)) will be sent to the cor-
responding peers (e.g Pj)to compute the relevant scores of
the query wrt documents from the list by using global and lo-
cal statistics. This step is performed by peers that have orig-
inally indexed the identified documents because only these
peers have the complete information about the documents
(it is not available in the global P2P index). Finally, the
ranking peer (Pj) sends back the list of document digests
containing (URL, title, snippet, relevant scores) to the re-
questing peer Pi. Finally, the results are merged, sorted and
displayed to the user. Document digests are used to present
the final answer to end users.

This scenario may lead to a large number of ranking re-
quests sent to indexing peers. Here are the reasons to per-
form ranking in such a way:

• Displaying complete information about the documents
to the user. Following the practice used for standard
web search engines, our prototype display results in
such a way to include document digest consisting of a
document URL, peer URL, document title, and snip-
pet. Additionally, term positions in documents can
also be stored in document digests to support ranking
functions that use the distance between query term
or sentence search. Therefore, for each document, a
document digest contains large amounts of informa-
tion that can be an overhead if is stored as part of
a posting in the global P2P index. We have decided
to store document digests by peers indexing the docu-
ments, and it is retrieved together with the computed
relevance score during the ranking step.

• Using global and local statistics for ranking. For the
content-based ranking, the relevance scores between a
given query and a document from the collection is a
function with global and local values. Global values
are related to the whole document collection (exam-
ples are document frequency, number of documents in
the global collection), while local values are document-
based (e.g. term frequency, document length). Local
statistics can only be extracted from the original doc-
ument, and, as we do not globally store or use the
knowledge about the document, it is only available to
the indexing peers. Notice that this property is in line
with our assumption that the global index has no com-
plete knowledge about the indexed documents. Global
statistics can only be obtained from the global P2P in-
dex, and we already maintain some collection related
statistics for the purpose of indexing (document fre-
quencies). The standard TF-IDF scores can already
be computed to obtain global rankings using only this
global knowledge (the total number of documents is
used for normalization purpose). However, more so-
phisticated ranking functions such as BM25 [19] re-
quire other global statistics that are difficult to main-
tain in a P2P network. Aggregation procedures in P2P
networks are needed to obtain such global statistics as
for example the solution proposed in [14].

• The bandwidth consumption during the ranking pro-
cess is scalable. The number documents needed to be
ranked are of the same size as the union set of posting
lists after the querying phase. As the size of post-
ing lists are bounded by DFmax and each query is

expended to a limited number of keys, the total band-
width consumption during the ranking process remains
scalable for each query (the list of contacted peers will
be bounded). Our experiment in section 4 will show
this aspect.

4. PROTOTYPE EVALUATION
Figure 5 shows the results page of our prototype Alvis

peers. The query was performed globally on the P2P net-
work with 10 peers hosting 50,000 document. We display
the URL of a hit document with the keys found by mapping
the original query to keys available in the global index. We
also display the global relevance score (in this case TF-IDF)
and the URL of the peer that has indexed the document.
The user can thus perform a local search on the peer if she
thinks the documents of a particular peer are interesting.

Figure 5: Screen shot of the results page

We performed experiments to investigate the performance
of our P2P retrieval engine using a subset of documents from
the Wikipedia corpus3 and news from the Reuters corpus 4.
The experiments were performed on our campus intranet
running on up to 28 peers (Linux RedHat PCs with 1GB
of main memory). To simulate the evolution of a P2P sys-
tem, i.e. peers joining the network and increasing the doc-
ument collection, we started each experiment with 4 peers,
and added additional 4 peers at each new experimental run.
Each peer contributes 5,000 documents to the global collec-
tion.

Our experiments investigate indexing and retrieval costs
in terms of bandwidth and storage consumption, and com-
pare retrieval performance of our P2P search engine to a cen-
tralized engine. Here we report our major findings. The de-
tailed results for the Reuters collection can be found in [16],
and for Wikipedia in [17].

• We observe an enormous reduction of bandwidth con-
sumption per query of the HDK-based approach com-
pared to the distributed single term indexing. The

3http://www.wikipedia.org/
4http://about.reuters.com/researchandstandards/corpus/



single term index is unscalable during querying be-
cause the traffic for a query grows linearly with respect
to the collection size. For our HDK-based approach,
however, the traffic remains constant. Figure 6 shows
the average number of transmitted postings per query
during both retrieval and ranking for different collec-
tion sizes. We use a set of 3000 queries with more
than 2 terms per query, randomly chosen from a real
Wikipedia query log.
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Figure 6: Number of transmitted postings per query
during retrieval and ranking

• The overlap of the top-20 documents retrieved by our
system and the centralized Terrier search engine5 is
quite satisfactory when using BM25 for ranking (more
than 90%). The retrieval performance is better for
larger DFmax as we are approaching single-term in-
dexing.

• The size of the total key vocabulary and associated
index maintained in the global P2P network increases
linearly with the number of documents for large col-
lections. Therefore, each peer is responsible for a con-
stant index size when the global collection grows by
inserting new peers each adding a limited number of
documents to the collection.

• The number of inserted messages per peer during the
indexing process grows linearly with respect the col-
lection size. In other words, when a new peer joins the
network with its local index, the bandwidth consump-
tion for generating the new keys is independent of the
size of the P2P system.

• The indexing costs of the HDK-based approach are sig-
nificantly larger than for single-term indexing. How-
ever, we believe that these costs are still feasible and
profitable as the gains in terms of bandwidth consump-
tion during the query phase are huge, and thus com-
pensate for the increased indexing costs.

• With our DHT layer with an integrated solution for
congestion control, our DHT can process a total of
25’000 insertions and 6’500 requests of (key, frequency)
per second in the experimental setup described above.

5Terrier search engine, http://ir.dcs.gla.ac.uk/terrier/

5. RELATED WORK
A number of solutions have been proposed for full-text

search in P2P systems. However, most of the presented so-
lutions use simulations to investigate system performance,
and few fully-functional systems have been reported. We are
aware of the following systems PlanetP [6], ODISSEA [22]and
MINERVA [4].

PlanetP is a solution for unstructured networks that gos-
sips compressed information about peers’ collections. As
large posting lists are the major concern for global single-
term indexing, ODISSEA [22] proposes top-k posting list
joins, Bloom filters, and caching as promising techniques
to reduce search costs for multi-term queries. However, a
study reported in [23] shows that this solution cannot scale
to web-size document collections. MINERVA [4] maintains
a global index with peer collection statistics in a structured
P2P overlay to facilitate the peer selection process. It im-
plements a method which penalizes peers holding overlap-
ping document collections. The Keyword-Set Search System
(KSS) [7] pre-computes and stores intersection results of in-
verted lists of popular query keywords in advance. KSS is
quite similar to our system, however, it does not provide a
ranking module. Furthermore, the authors generate exhaus-
tive term combinations, which leads to unrealistic storage
requirements for the index.

Another approach for resource selection is presented in [12,
13] in the context of hierarchical P2P networks: here, special
directory nodes route queries to appropriate peers having
high chances of answering a query. A recent solution builds
an index dynamically following user queries [3]: a super-peer
backbone network maintains the information about good
candidates for answering a query, while peers answer the
queries based on their local document collections.

6. CONCLUSIONS
In this paper, we have presented Alvis peers, a proto-

type for scalable full-text P2P-IR using Highly Discrimina-
tive Keys for indexing. Our solution overcomes the scal-
ability problem of single-term retrieval in structured P2P
networks. The HDK-based approach achieves results com-
parable to standard centralized engines using the BM25 rel-
evance scheme while the indexing costs are scalable with
realistic upper bounds.

Alvis peers is a fully-functional retrieval engine built
over a structured P2P network. It provides distributed in-
dexing, retrieval, and a content-based ranking module. Our
system represents a substantial contribution to the design
and development of realistic P2P retrieval systems.

For our implemented prototype, the index size is larger
than the single term index. However, storage space is largely
available in P2P systems as opposed to network bandwidth.
Therefore, the reductions in bandwidth and response time
for query answering are more important than the increase of
the storage space. Moreover, there exist other mechanisms
to further reduce the size of the key index, for example,
taking into account user queries or applying more filtering
mechanisms when choosing index keys. Some sophisticated
techniques to deal with massive data processing need to be
added in our prototype to improve its performance. It will
allow us to further increase the number of indexed docu-
ments per peer.
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