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Abstract. There is an increasing demand for locality-preservingitistion of
complex data structures in peer-to-peer systems. Curystéras either do not
preserve object locality or suffer from imbalances in darithution, routing
state, and/or query processing costs. In this positionrpaetake a systematic
approach that enables the deployment of searchable trgstustrs in p2p en-
vironments. We achieve distributed tree traversal wittcieffit routing distance
and routing state. We show how to implement several p2p egtins using dis-
tributed tree structures.

1 Introduction

In recent years, a group of Distributed Hash Table-basedltb&ted) peer-to-peer in-
frastructures, exemplified by Chord, Pastry, Tapestry, Cébl [16, 15, 20,13], have
received extensive attention. Such systems provide maractve properties, includ-
ing scalability, fault tolerance and network proximity. Amber of applications have
been built using DHTS, like distributed file systems and mmajpion level multicast.
However, the original DHT schemes only provide searchirttaished key space, which
is not sufficient to support applications with complex ddatacture and semantics [12,
8]. To support such applications, some specific schemestwreproposed to enhance
DHTs. For example, Space Filling Curves [1], Prefix Hash Tie, etc., are used
to support range queries, but these approaches are specifieit target problems.
For many applications, it is not clear how to distribute 8ri$ data structures with-
out destroying the intrinsic locality critical to performee. In this paper, we propose
a general paradigm for distributing and searching tree siatectures in peer-to-peer
environments while preserving data locality.

1.1 Locality-Sensitive Applications

We target data-intensive applications that can benefit fiaality-preserving distri-
butions in one of two manners. On one hand, many of our tatcations require
support for queries that are more complex than exact lookuadglat name space. For
such applications, the data is typically organized in highiwal search trees that en-
able them to perform similarity queries and updates. On therchand, for some of
our target applications, locality-preserving data orgation is a critical performance
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issue. These applications often exhibit strong correfesimong data accesses. For ex-
ample, file system users frequently access a small set o&figdirectories. The logical
structure of a tree hierarchy is a good representation ad¢hess locality in such appli-
cations. Centralized systems often benefit from accesétlioedien the data structure
is laid out appropriately on secondary storage. In a disteid peer-to-peer system, the
high communication costs, which can be thought of as beiadpgous to the storage
access latency and throughput limits of centralized systenake locality-preserving
distributions essential. These issues lead to the follgwjimestion: can we implement
these hierarchical tree data structures in peer-to-paapating platforms while pre-
serving the inherrent locality?

1.2 Challengesto Peer-to-Peer Systems

Besides common requirements like scalable peer state &oiémf routing, a peer-to-
peer searchable tree faces several other problems:

e Treelookups: In some trees, the search key is given as a tree path. In mare ge
eral cases, the path or ID of the destination node(s) is novkra priori, but dis-
covered through top-down tree lookup for a data key. Witthhigtwork commu-
nication costs, efficient lookup demands high locality ie thapping of nearby
tree nodes and minimal routing steps when the nodes are Soane systems use
DHTSs to distribute individual tree nodes, possibly by hagreach node to a unique
key. To search such trees, a DHT lookup is needed for eveeyddge starting
from the root, resulting in lookup costs that could be as kgt (log?(n)) [4] or
O(log log(n) - log(n)) [14] for structures with balanced depth. This process can be
even more inefficient if the tree has long branches. Besilespot tends to become
a bottleneck and a single point of failure.

e Skewed data and load balancing: DHTs depend on hashing to ensure uniform
distribution of data among participating processors. Haexghashing destroys data
locality and is therefore not suitable in our applicatiottings. Using unhashed data
keys suffers from skewed data distribution. Some systeant$y as [17], use sam-
pling techniques to achieve asymptotic load balance. Hewéav case of dynamic
load changes, reactive load balancing schemes are moraliledil1, 6].

e Tree maintenance: Most practical tree structures are dynamic, as they arestbj
to online insertion, deletion and structural changes. @/ihie maintenance is easy
in centralized settings, it can affect many nodes in a thsted tree. For example,
a distributed B-tree [10] replicates internal nodes to iovprsearch efficiency. This
optimization however requires the system to perform tregatgs in a consistent
manner, thereby requiring complex protocols for maintajriree consistency.

In this paper, we propose a distributed tree scheme calleshBrood. We solve the
problems of how to partition a tree while preserving logadihd load balance and how
to search the partitioned tree efficiently in peer-to-pgstesns.
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Fig. 1. Partitioning and Distribution of a File Tree.

2 Design of Brushwood

Our solution is based on a linearization of the tree. The uppdf of Figure 1 (a)
illustrates a file system tree. The directories are drawrirakes. Edges labeled with
names represent directory entries. We linearize the treesby pre-order traversal
and then partition them into eight segments as shown by ttteddgertical bars. This
partitioning method preserves locality since the low lesgbtrees are not split. The
partitions are assigned to eight processbrd{, shown as the rectangles below the tree.
We use the word “processor” to denote peer-to-peer nodesdar to avoid confusion
with tree nodes. Each processor is identified by its left loauy, which is the left-most
tree node in the partition. The path name inside a processcstiows the left boundary
of that partition.

To ensure system scalability, we limit the knowledge ofwidlial processors about
the tree and other peers. Each processor only kriowd’ peers and their partition
boundaries in arV-processor system. A tree lookup can be done withgnV steps
regardless of the shape of the tree. We extend Skip GraptssfB|®] to achieve such
an efficient lookup.



Conceptually, a processor in a Skip Graph maint&igsV levels of peer pointers,
pointing to exponentially farther peers in the linear ondgiof N processors. The ar-
rows under processor boxes in Figure 1 depict the threed@fqdeer pointers between
the processors. Processors construct their local paitial of the tree from the bound-
aries of their peers. Figure 1 (b), (c) show the partial viéwand H, respectively.

Now we show how to perform object location in a distributegketby illustrating
the lookup of file /bin/X11/X from processdi. H uses its partial view to find the the
peer that is farthest in the same direction as the targegiigive pre-order linearization
of tree nodes) without passing over the target. In this exeydp determines that the
targetis to the left of peer, which has a boundary of /home, and it forwards the request
to C. C'in turn uses its partial tree view, and determines that tlee fheat is closest to
the target is peeB with a left boundary of /bin/X11. So it forwards the requesti.
Tree lookup is therefore performed starting from any precesy “jumping” among
the processors with each hop reducing the distance to thettamstead of traversing a
tree path from the root to the target. The number of hops i®tbee logarithmic in the
number of processors, regardless of tree depth.

Generally, an application tree provides two pieces of imfation to enable the dis-
tributed lookup toward a target key:

o A label I.q44. ON each tree edge. There is a total order among the labels on edges
out of a node, for example, the dictionary order for the entignes.

e A comparison function f,,,q4. in each tree node. This function compares a target
key to the label of an edge of this node, telling whether itahas this edge, or falls
to the left/right of it.

A node identifies its partition by a sequence ff,qc, lcage) Values from the root to
its left boundary node. We define this sequence a3red D. This ID is sent to peers so
that a partial tree view can be constructed. The nature dbfiget key.f,,oqe, andleqge
values are specific to the application. For example, in ayitesn tree, target keys are
directory paths, eachgg. is a string, andf,,.q4. is Simply string comparison. In more
general trees, the target might not be specified explicitlg bree path. For example, in
a high dimensional index tree (see Section 3.1), each trée omrresponds to a region
of space, the target key is simply a point coordinate or agaagdf, .q. €ncapsulates
information regarding aplit plane that can be used to decide which branch to follow.

For certain operations, such as arange query in high dirnealspace (Section 3.1),
the target objects are located by a generalization of th@eapoocess. The querying
node may find that the target range is relevant to more tharbarech, and it would
therefore forward the request to multiple peers simultasho resulting in a “multi-
cast” query.

Maintaining the partitioned tree in the above scheme iseagiihple. Insertion and
deletion of a branch only affects the processor whose baigslanclose the target
branch. For instance, insertion of /home/b1 affects onbcesso.

Several optimizations are possible in Brushwood distatutee. We provides data
redundancy by allowing neighboring processors to mairge@rlapping partitions. Be-
sides added availability, it also improves locality, besmthe partitions now cover
larger subtrees. The P-Table mechanism from Skip Nets gesyiroximity-aware rout-



ing similar to Pastry. It can be further enhanced by proxiraivare load balancing
(Section 2.2).

2.1 Choiceof Routing Substrate

Our tree routing depends on a linear ordering of partitibnghis sense, any linear
space DHT routing facility can be used. We choose Skip Grépttsvo reasons. First

of all, Skip Graphs do not impose constraints on the natudestmicture of keys. It can

work with complex keys, like the variable-length Tree IDs,lang as there is a total
ordering. Second, even if one can encode tree nodes into&egs; such unhashed
and often skewed keys can cause routing imbalance in somesPa$Tthey use key
values to decide peering relation. Skip Graphs do not sfrféen this problem because
its peering is decided by purely random membership vectes) though the keys are
unhashed.
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Fig. 2. Imbalance under Skewed Key Distribution

We simulated Chord and Skip Graphs with a skewed key digtobuo show the
imbalance in routing. Figure 2 (a) depicts the maximal pssoe degrees of Chord and
Skip Graphs with 1K-32K processors. The processor keys are derived from a normal
distribution with standard deviatidh125 in the rang€0, 1]. With such unhashed keys,
Chord processors falling into the sparsely populated regidgll manage larger portions
of the keyspace, and are therefore likely to have a large ruofin-bound peers. Fur-
thermore, the imbalance in peer distribution also leadsitialance in routing costs. We
route 1000 messages between random pairs of nodes. Figbyslfvs the imbalance
as the ratio of maximal routing load to mean load.

2.2 Load Balancing

Balancing the assignment of tree nodes to processors isfortamt issue, because the
distribution of items in the tree could be skewed and migbd @hange with time. We
propose a dynamic load balancing scheme that augment®psawork [11, 6, 2].



Each processor maintains load information about the nadés partial tree. The
load in an internal node is the aggregated load on all procgesaanaging portions
of this node. The root node therefore is associated with kbieadjaverage load. Each
processor periodically gets load information from its geand does its aggregation
from the bottom up the partial tree. Load information therefpropagates through the
entire system via a combination of local aggregation stedsper-to-peer exchanges.
This process can be proved to converge aftdog N) steps.

There are two types of load balance operations, both takingrdage of the load
information in the partial tree. When a processor joinsavigates the tree to find a
processor with high load, and partitions its data set. Ifaessor sustains significantly
higher load than global average, it may navigate the treatbah underloaded proces-
sor. This processor is forced to quit its current positiod egjoin to take over half of
the load from the overloaded processor. We favor a physicairby processor in the
above navigation, so that the data items may retain networkimity after the partition.

3 Applications

3.1 Multi-Dimensional Indexing

The first application we build with Brushwood is a high dimiensl index supporting

complex queries. The data set being indexed are points irdari@nsional Cartesian
space. The typical queries are not exact point matchesydsearches for points falling
in a certain range, or close to a given point. Such data set$requently found in

multimedia databases, geographic information systenta,rdaing, decision support,
pattern recognition, and even text document retrieval.
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Fig. 3. Partitioning of Search Space



Partitioning K-D Tree SkipIndex [19], our peer-to-peer high dimensional indeg; d
tributes a K-D tree [5] with Brushwood. K-D tree is a widelyegsindex tree for high
dimensional data. It hierarchically partitions the seagace and data set into smaller
and smaller regions. Each internal node specifies a partiimension and a split po-
sition, and splits its region into two children. The datamsiare stored in leaf nodes.
Figure 3 (a) illustrates partitioning of a 2-D search spacsix processors, (b) shows
the corresponding K-D tree and the skip graph routing tables

Insertion and query operations in Skiplndex navigate tis¢riduted tree to reach
appropriate leaf nodes. The target is specified by a highedsion point (insertion) or
range (range query). To enable Brushwood tree lookup, 8&@x defines the following
elements:

o l.qqc is 0 Or 1, denoting left or right child.

* f.ode COMpares the target point or range to the splitting plandefrtode. For a
point, it only returns one matching child branch. For a rarigeay return both
branches.

As we described before, the tree ID of a processor is giveh®yree path from the
root to the left boundary node of its partition. For eachriné node along the path, it
includes a tuple ofdim piit, pos ., 0/ 1), specifying the dimension and position of
the split plane and the branch taken. A processor buildsiitsg state as a partial K-D
tree containing the tree IDs of peers and itself.

When a processor joins, it locates a heavily loaded nodei{e®.2) and partitions
its search space. A key benefit provided by Brushwood is thibfeechoice of the split
plane. We partition the most distinguishing dimension, lsat the points in the two
partitions are less similar, and the partitions are lessyliko be involved together in a
query. We split along the median of the items to balance thé.lo

Insertion and lookup of a point is straight-forward. At e&ap, the processor nav-
igates its partial tree by comparing the point to the sphingis in tree nodes from root
down, and it forwards the request to a peer that is maintgiairegion that is closest to
the target point.

Complex Queries Range query in Skiplndex exploits another type of tree Ipokow
the targetis a range in high dimensional space. While nénigithe partial view, at each
tree node, the target range is tested for intersection Wighreégions corresponding to
its children. Each intersecting branch is further travensetil the traversal reaches the
leaves of the partial tree. If the leaf is a remote regiongaest is routed to the peer to
search within the region. Otherwise, a local search is peréd to find matching points.

Nearest neighbor search retumgoints having the smallest Euclidean distances
to a query point. While range query performs a parallel |gpkéithe K-D tree, our
nearest neighbor search algorithm performs a sequencekiips, gradually refining
the results. At each lookup step, a search request is roatadptocessor managing
a search region close to the query point. Such regions arehsshin the order of
expanding distances from the query point. We can perfornxantesearch where we
exhaust all processors that may contain a closer point. ¥éepaibvide an approximate
search that significantly reduces the search cost with cltaitte accuracy.
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Fig. 4. Routing and load balance comparisons.

We evaluated Skipindex with a 20-dimension image featustovedata set. This
data set is highly skewed. We compare with pSearch [17] whggs unhashed CAN
to index high dimensional vectors. Compared to CAN, Skipkdllows more flexible
partition of search space. Brushwood routing is also matelestin face of skewed data
distribution. In Figure 4 (a), Brushwood routing in Skiptndshows routing distances
unaffected by data dimension, while CAN and pSearch suffeerwdata dimension is
low. Figure 4 (b) compares the maximal number of peers. Broskl/SkipIindex rout-
ing exhibits more stable routing state, which confirms thadysis in Section 2.1. Under
skewed data distribution, SkipIndex enjoys better loadhed as shown in Figure 4 (c).
Figure 5 compares the nearest neighbor search cost medsutegEinumber of proces-
sors visited per query, averaged across 1000 queries.réldplachieves lower exact
search cost than pSearch thanks to the flexibility in spadiipaing. Approximation
further reduces the cost significantly. Note that this quersn does not fully reflect
the cost of search, because the load on the processors manegeal. CAN achieves
low query span as most of the data objects are maintained mal sumber of high
load processors. To better understand the search costeFdud) depicts the CDF of
query load measured by the number of object distance célmugaduring the search.
SkipIndex exhibits lower total cost and more balanced Idattidution.
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3.2 Distributed File Service

Now we go back to the example in Section 2 to review the paéfar implementing a
partitioned file service using Brushwood. It is well knowatkisk locality is critical to
file system performance. In a distributed file service, livgalf a file and its directory
also impacts performance, since the lookup of objects cutisork communication.
By keeping related objects on the same processor, one caceréitk lookup overhead.

Availability is another reason to consider distributionddity. Accessing a large set
of processors for a given task is more vulnerable to failtlies accessing a few, if the
redundancy level is the same.

We analyze an NFS trace from Harvard University [7] to confinmabove observa-
tions. The trace was collected on EECS department servamginesearch workload.
We use a week-long period of October 22 to 28, 2001. There ttabof 29 million
requests involving 540K file handles. We reconstructed fieesfistem tree from the
trace. The tree is split into 1000 partitions using the loathbcing process described
in Section 2.2.

To measure the access locality, we identify the user “sasio the trace activi-
ties. A session is defined as a series of operations sent tsathe user with intervals
less than 5 minutes. The maximal length of a session is lghtitel hour. There are
a total of 6470 sessions in the period, with an average daurati 701.8 seconds. The
user activity shows strong locality within a session. Tabigves the number of unique
blocksf/files/directories/partitions accessed duringueamnage session. Tree partition ap-
pears to be the best granularity to exploit locality.

To evaluate availability, we replay the trace with Poissaitufes. We set the mean-
time-to-failure as 10 hours, and the mean-time-to-refa$ minutes to simulate a dy-



namic peer-to-peer environment. The file system is didteithto 1000 processors with
four different schemes: hashing by block ID, hashing by e hashing by directory

ID, and tree partitioning. We randomly place two copies afdalock/file/directory/partition
on the processors. Only if both replicas fail, a requessfdihe second row of Table 1
shows the number of sessions experiencing request faimaer different distribution
schemes. When data locality improves, a client dependsssnnlember of servers to
perform the same task. Therefore, better locality reduseshance of encountering
server failures.

Distribution scheme Block | File | Directory Partition
Number of unique objects accessed per se$dibf4.14 117.28 21.26 6.01
Number of sessions seeing request failures 236 153 53 21

Table 1. Trace Analysis Results

4 Reélated Work

As far as we know, our work is the first general scheme to effityalistribute, main-
tain, and traverse search trees in peer-to-peer systemso®s efforts on distributed
search trees, like replicated B-tree [10], focus on pdrailtey the operations and do not
exploit the symmetric node capability of peer-to-peerayst. DHTSs like CAN, Chord,
Pastry and Tapestry achieve scalability and resilienceuilgibg self-organizing over-
lays to locate resources in peer-to-peer systems. But #irese systems use hashing
to achieve load-balance, they are not suitable for maimgicomplex data structures.
Several schemes [17, 6] use unhashed DHTs for complex guerikat key space, but
it is not clear how to build a general search tree.

Our dynamic load balancing scheme is inspired by previoukid, 6]. However,
instead of using random sampling, our scheme uses peemessiping to aggregate
load information in the distributed tree, which directsatdae load adjustment opera-
tions. Similar aggregation schemes are used in previotsragdike [18].

Multi-dimensional queries in peer-to-peer systems hawntsddressed in a few
other systems. We had discussed pSearch earlier. Merchiprd@ides range query
by indexing the data set along each individual attributessés random sampling to
ensure efficient routing((log” N) hops) under skewed data distribution. However,
the per-attribute index makes Mercury inappropriate farast neighbor query which
involves all dimensions.

5 Conclusions

In this paper, we propose a general scheme to efficientlyilois¢ and navigate tree
data structures in peer-to-peer systems. The approactmssh be effective in several
locality-sensitive applications. We believe that morelaggpions will benefit from this
system for maintaining complex data structures in peqreter environments.



References

10.

11.

12.

13.

14.

15.

16.

17.

18.

19.

20.

. A. Andrzejak and Z. Xu. Scalable, efficient range quergggfid information services. In
Second |EEE International Conference on Peer-to-Peer Computing, 2002.

. J. Aspnes, J. Kirsch, and A. Krishnamurthy. Load balamgkind locality in range-queriable
data structures. IRroc. of PODC, 2004.

. J. Aspnes and G. Shah. Skip GraphsPioceedings of Symposium on Discrete Algorithms,
2003.

. B. Awerbuch and C. Scheideler. Peer-to-peer systemg&ixSearch. IlPODC, 2003.

. J. L. Bentley. Multidimensional binary search trees usedssociative searchin@.ommun.
ACM, 18(9), 1975.

. A.R. Bharambe, M. Agrawal, and S. Seshan. Mercury: Supmpscalable multi-attribute
range queries. |18 GCOMM, 2004.

. D. Ellard, J. Ledlie, P. Malkani, and M. Seltzer. PassifeSNracing email and research
workloads. INUSENIX Conference on File and Sorage Technologies, 2003.

. M. Harren, J. Hellerstein, R. Huebsch, B. Loo, S. Sherdad, |. Stoica. Complex queries
in dht-based peer-to-peer networks.Firoceedings of IPTPS02, 2002.

. N. J. A. Harvey, M. B. Jones, S. Saroiu, M. Theimer, and Alidém. SkipNet: A Scalable

Overlay Network with Practical Locality Properties. WUBTS, 2003.

T. Johnson and P. Krishna. Lazy updates for distribieadch structures. IRroceedings of

ACM SGMOD, 1993.

D. R. Karger and M. Ruhl. Simple efficient load balancitgpethms for peer-to-peer sys-

tems. InIPTPS, 2004.

P. Keleher, B. Bhattacharjee, and B. Silaghi. Are viined overlay networks too much of a

good thing. InProc. of IPTPS, 2002.

S. Ratnasamy, P. Francis, M. Handley, R. Karp, and S.k&heA scalable content address-

able network. IrProceedings of ACM SGCOMM, 2001.

S. Ratnasamy, J. Hellerstein, and S. Shenker. Rangée®ueer DHTs. Technical Report

IRB-TR-03-009, Intel Research, 2003.

A. Rowstron and P. Druschel. Pastry: Scalable, dig&ibobject location and routing for

large-scale peer-to-peer systems|@DCS, 2002.

I. Stoica, R. Morris, D. Karger, F. Kaashoek, and H. Basdinan. Chord: A scalable peer-

to-peer lookup service for internet applications SGCOMM, 2001.

C. Tang, Z. Xu, and S. Dwarkadas. Peer-to-peer infoonatgtrieval using self-organizing

semantic overlay networks. Proceedings of SGCOMM, 2003.

R. van Renesse and K. P. Birman. Scalable managemenatnuhihing using astrolabe. In

IPTPS 2002.

C. Zhang, A. Krishnamurthy, and R. Y. Wang. Skipindexwaods a scalable peer-to-peer

index service for high dimensional data. Technical Rep&t7D3-04, Princeton Univ. CS,

2004, http://lwww.cs.princeton.eduéhizhang/skipindex.pdf.

B. Y. Zhao, L. Huang, J. Stribling, S. C. Rhea, A. D. Josepil J. Kubiatowicz. Tapestry:

A resilient global-scale overlay for service deploymelfEE Journal on Selected Areasin

Communications, 2004.



