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Abstract

A Scalable Distributed Data Structure (SDDS) is a data structure of a
new type specifically designed for multicomputers, P2P and grid computing
systems. SDDS RP* provides arange partitioned file scaling up dynamically
over distributed nodes. Our concern is the efficient execution of RP* range
queries. The query may address an a priori unknown number of data servers.
The client may get repliesin parallel from very few or very many servers,
perhaps thousands. One needs a scalable data reception strategy. We experi-
ment with three such strategies using the typical UDP and TCP/IP protocols.
In two strategies, the server sends the relevant dataimmediately. In the third
strategy, the server sends the data only when the client pollsit. We show ex-
perimentally that this strategy scales best and becomes the fastest for replies
from even afew servers. Our results generalize to distributed/parallel queries
other than range queries.

Keywords
Scalability, range query, performance, SDDS, multicomputer, P2P, Grid computing

1 Introduction

A multicomputer, P2P or grid computing system consists of a large number of
PCs and workstationsinterconnected through a high-speed network. Such system
need new data structures, scaling efficiently over very many nodes [1, 2]. The
Scalable Distributed Data Structures (SDDSs) aim at this goal [6]. An SDDS
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file consists of records with keys stored on SDDS servers. The records at every
server are stored in a memory space called bucket. The file scales dynamically
with inserts, frominitially one SDDS server, to potentially any number of servers.
An existing bucket that becomes full splits sending about half of its records to
a new bucket dynamically appended to the file. An application addresses data
through the SDDS service client. The client may not know the servers of the file.
A node of amulticomputer (P2P system or grid system) can be aclient or aserver,
or aclient for some and a server for other applications.

Several SDDS families are now known. The LH* schemes [6, 8], use a dis-
tributed version of the linear hashing [5]. Some are the high-availability SDDS
schemes [9, 10]. The family termed RP* (Range Partitioning) preserves the key
order like a B-tree [7]. There are several implementations of SDDS-RP* file
[3,4,11, 12, 13].

A RP* fileis partitioned so that each bucket contains a maximum of b records
with the keys within some interval ]\, A] called bucket range. The parameter A is
the minimal key and A is the maximal key of the bucket. A record r with key ¢
isin bucket identified by the range JA,A] only if c € ]JA,A]. A split partitions a
full bucket asin a B-tree. Theranges resulting from any number of splits partition
the record key space and the file into a collection of intervals JAi,Ai], where i
designates the i-th file bucket among the Ncurrently existing. For any c, thereis
only one bucket in the RP* file which may containit.

Server Server

[ [,

Eange query [Az Az
Client

Figure 1: Range query in an SDDS

Asin B-trees, an RP* file isintended to support efficiently the range queries.
Such a query, let it be R, requests al records with the keys within some query
interval [Ar,/AR]. The application submits R, as any of its queries, to the SDDS
client at its node. That one sends R out and receives the rel evant data coming back
from the buckets concerned by the query. Thisis the case of every bucket whose
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interval JAi, Ai] is such that |Ai, Ai] N [Ar,AR] # 0. The number N of those servers
may be small or very high. N may potentially be over thousands, perhaps soon
millions.

There is therefore a non-trivial problem on the client side, to most efficiently
organizethe reception of the corresponding messages. We analyse three strategies
aimed at this goal. Through the implementation and the simulation of existence
of over a hundred of server sites, we determine the performance, especially the
responsetime, of each of them. We demonstrate that one of these strategies scales
better than the others. We recommend therefore this one for the practical use. A
variant of this strategy is now present in the prototype SDDS-2000 available for
download at CERIA site http:\ \ ceria.dauphine.fr.

Section 2 overviews morein depth the SDD S range query datareception prob-
lem. It also presents our strategies. Section 3 discusses the performance analysis
through experimentswith our strategies. Section 4 addresses the related work. We
concludein Section 5 and point out further research directions.

2 SDDS Range Query Data Reception

In the typical environment, the communication of the records selected by arange
guery usesthe UDP or the TCP messaging. UDPisunreliable by its datagram only
nature. Itisalso limited to 64 KB per message. TCPisfree of both limitations, but
has amore costly connection management dialog. UDP appears a suitable support
for service messages between the SDDS client and the servers. TCP appears the
only practical candidate for the range query records transmission.

Accordingly, the basic strategy for arange query isthat every server concerned
reguests a TCP connection with the client. If the number of connections to man-
ageistoo high, the client may get swamped in various ways. First, some demands
may get refused, forcing the serversto repeat their requests, perhaps many times.
Next, managing many simultaneous connections may lead to a loss of some in-
coming data, impossible to accommodate fast enough in the buffers available for
the TCP/IP protocol. This triggers under TCP/IP costly retransmissions. Three
following strategies appear suitable for implementation.

[Strategy 1] Theclient accepts asmany TCP/IP requestsfor connectionasit can.
In practice, it may concern at most M requests, for some positive integer
M. This one is the system parameter usually called backlog. The refused
server drops out, abandoning the reply. The client may need to find which
ones did it and request the missing data specifically from each drop out.
Thisrecovery is not the part of Strategy 1 itself.

[Strategy 2] Every server starts as for Strategy 1. The refused servers repeat the
connection requests. The repetitions follow the CSMA/CD poalicy.
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[Strategy 3] Each server that should reply requests the connection demand from
the client through the UDP service message. Each message contains the
interval and the |P address of the server. After receiving al the intervals
and IP addresses, the client establishes TCP connections with the servers
to receive the data. It may initiate as many simultaneous connections as it
can accommodate given its storage and processing resources. However, we
study below only the case of asingle connection at the time.

The advantage of Strategy 1 is its simplicity. The drawback is that some
servers drop out. The recovery of missing data by the client is a costly process
if there are many drop-outs.

Strategy 2 offsets this limitation, at the price of additional complexity at the
server side. It may in contrast naturally swamp the client. Strategy 3 avoids both
drawbacks, but the price may be potentially alonger response time.

It does not seem that there is any easy way to determine the actua perfor-
mance of these strategies through a purely formal analysis. Especialy, to obtain
their respective response times, in function of the number of replying servers. We
therefore turned towards the experimental analysis that we describe now.

3 Experimental Performance Analysis

3.1 Environment and M easurements

We have devel oped a multithreaded client able to processin parallel multiple data
streams from the servers. We have used Java to design the software able to run on
different platforms.

Our hardware platform consisted of eight Pentium Il 400 MHz PCs under
Windows NT Server 4.0. These nodes were linked by 10 MB/s Ethernet network.
Each PC had 64 MB of RAM and 450 MB of virtual memory.

Our main performance measure of a strategy was the response time of arange
guery. We measured the difference between the time of reception of the last data
item and the time of query send out by multicast. We call this measure the total
time. We a so measured the corresponding per (received) record time.

For each strategy, our application built range querieswhose intervals[A g, Ar,]
scaled up progressively. At the end, the query addressed all the buckets in the
file. For each experiment, we measured the response time for given [A g, Ag]. We
repeated each experiment five times, to get the average value.

We started 140 buckets on 7 PCs, with, uniformly, 20 buckets per PC. Every
bucket had a distinct port number. Buckets used thus distinct TCP/IP connections,
as required to simulate the actual 140 server nodes. The ranges of buckets were
10,50], 150,100], ..., ]6950,7000]. As the data to retrieve, we have inserted 50
recordsinto each bucket. We located our SDDS client and the application issuing
the range queries and collecting the measurements at the eight PC.
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3.2 Results
321 Strategy 1

Figure 2 and the 2nd column of Table 1 below show the total response time,
measured up to forty responding servers. The points are our measurements. The
line is the least sguare linear interpolation. The figure shows that the response
time scales linearly with the number of servers.

Number Strategy 1 Strategy 2 Strategy 3

of servers
RT PRT RT PRT RT PRT
1 20 0.40 24 0.48 | 250.6 | 5.01
5 40 016 | 442 |018 | 2742 | 1.10
10 74 0.15 | 476.4 | 0.95 | 344.2 | 0.69
15 558.8 | 0.75 | 504.2 | 0.67 | 440.4 | 0.59
20 578.8 | 0.58 997 1.00 | 492.2 | 0.49

25 11416 | 0.91 | 12034 | 0.96 | 560.4 | 0.45
30 1616.2 | 1.08 | 15364 | 1.02 | 725 | 048
35 1666.6 | 0.95 | 17328 | 099 | 755 | 043
40 16122 | 0.81 | 17546 | 0.88 | 791 | 0.40

45 040 | 2033 | 0.90 | 9236 | 041
50 040 | 2169.2 | 0.87 | 1073.2 | 0.43
55 040 | 2069.2 | 0.75 | 1059 | 0.39
60 2591.2 | 0.86 | 1139.8 | 0.38
65 2600 | 0.80 | 1205.8 | 0.37
70 2708 | 0.77 | 1404 | 040
75 3477 | 093 | 1576 | 0.42
80 3568.8 | 0.89 | 1612.2 | 0.40
85 3320.4 | 0.78 | 1560.6 | 0.37
90 32144 | 0.71 | 1608.4 | 0.36
95 3397.2 | 0.72 | 1748.4 | 0.37
100 3653.4 | 0.73 | 1758.6 | 0.35
110 3773 | 0.69 | 2068.6 | 0.38
120 4185.8 | 0.70 | 24654 | 0.41
130 4191 | 0.64 | 2466.5 | 0.38
140 4877 | 0.70 | 2313.3 | 0.33

Table 1. Response times for al three strategies. RT: total Response Time, PRT:
Per record Response Rime.
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Figure 2: Responsetime for Strategy 1.

The correlation coefficient R? in Figure 2 is about 0.92. The figure also shows
the formulae of the line. The number x of serversislessthan 40. Over 40 servers,
80% of measurementsfail. In fact, for every series of 5 measurements, 4 of them
fail because the client refused many servers. Thus, the experiments show a limit
on the scalability of Strategy 1. It is equal to 40 servers under our experimental
criterion of 80% of drop out. The limit is due to the bottleneck at the client, itself
induced by the backlog value.

I:II:II:I T T T T T T T T

1 5 10 15 20 245 a0 35 40
Humber ofservers

Figure 3: Per record response time of Strategy 1
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Figure 3 and the 3rd column of Table 1 show the per record response of Strat-
egy 1. Thistime increases with the number of servers, amost linearly between 10
and 30 servers. In fact, for 5 servers, this time is about 0.16 ms per record, and
reaches about 0.8 ms for already 15 servers. Next it somehow oscillates around
this value with the peak of 1 msfor 30 servers. Thisis a quite scalable behavior.
However, as for the total response time, this behavior islimited to 40 serversonly
in our experimentation. Because of this limitation, one cannot qualify Strategy 1
as scalable for our purpose.

3.2.2 Strategy 2

Figure 4 and the 4th column of Table 1 show the total response time for Strategy
2. Asbefore, the points are our measurementsand thelineistheleast square linear
interpolation.
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Figure 4: Total response time of Strategy 2

This strategy scales up linearly to 140 servers. Over 140 servers, we have, the
same phenomenon likein Strategy 1, i.e., 80% of measurementsfail. Thus, 140is
alimit for the second strategy.

Figure 5 and the 5th column of Table 1 show that the per record responsetime
of Strategy 2. It becomes rapidly almost constant around 0.8 ms. It even presents
a dlightly decreasing tendency, after reaching 1 ms for already 20 servers. This
behavior also proves the scalability of Strategy 2.

We also noticed, Figure 6, that only one connection attempt is necessary to
serverswhen their number do not exceed 40. Strategy 2 boils then down obviously
to Strategy 1. Beyond 40 servers addressed by the query, till about 70 servers,
several serversneed 2 attempts. Afterwards, some serversneed up to 3 connection
attempts.
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Figure 5: Per record response time of Strategy 2

=
]

o
1

mnng:tiun

—_
1

Tentative nurmber of succeded

=

1 1m 20 30 40 50 BO YOO 80 80 100 120 140

Humber of servers

Figure 6: The maximum number of connection demands

3.2.3 Strategy 3

Figure 7 and the last column of Table 1 show the measured and interpolated total
response time of Strategy 3. This time also scales linearly up to our 140 server
limit. One could expect such behavior since the client keeps constant the number
of simultaneous connections at each time. Hence, the communication load should
remain basically also constant. The response time should appear about linear in
consequence as well. In particular, it should be so also arbitrarily far beyond our
140-server limit.
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Figure 7: Strategy 3: Total responsetime
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Figure 8: Per record response time of Strategy 3

The per record time, in Figure 8, starts by decreasing steeply. Theinitial 5 ms
for one server, dropsto 1 msfor 5 servers, reaches 0.49 for 20 servers. It then de-
creases only very slowly to the final 0.33 msfor 140 servers (figure 8). The curve
appearsin fact about flat between 20 and 140 servers, with small oscillations.

3.24 Comparative Analysis

Figure 9 and Table 1 show together the actual total responsetimes of all the strate-
gies. For a number of serversincreasing from 1 to 35, Strategies 1 and 2 appear
practically equal, as they should. The differences result only from the experimen-
tal nature of the collected measures. Figure 10 and Table 1 show together the per
record time of al the strategies. After 15 servers, Strategy 1 gives best results.
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Strategy 3 is by far the worst performing for a small number of buckets. Ac-
tually, up to five buckets in our campaign. It is reasonably good between 5 and
15-bucket range. It turns to be the best performing beyond already 15 servers. For
140 servers, it is amost twice as fast as Strategy 2. The reason seems to be that
Strategy 3 apparently avoids an increasingly important number of repeated con-
nection demands, and of repeated datagrams. This outcome might surprise. One
may recall however that the token ring protocol behaves similarly to Strategy 3,
and is well known to offer better performance for a high network traffic than the
collision based Ethernet protocols, managing Strategy 2. The superiority of Strat-
egy 3 shows also that the client manages its load itself more efficiently than its
TCP/IP layer flow control at present. Thisis also ahighly instructive outcome.

4 Related Work

Somehow surprisingly, we could not find any similar analysis reported in the
open literature. Perhaps, since scalability of data structures and their manipula
tions over alarge number of multicomputer, or P2P, or grid nodes, is arelatively
new concern. The closest application domain we could study were the commer-
cia paralléel (i.e. distributed, federated DBM Ss). These were especially IBM DB2
Universal v7.x, Oracle 9, and SQL Server 2000 DBM Ss.

These systems can, on the one hand, manage parallel queries on multiproces-
sor computers. The datacommunication they uselocal buses. The scalability does
not seem there any concern.

These systems offer also the partitioning over clusters of the computerson a
network. They further offer the federated or distributed partitioned views[14, 15,
16]. The number of server nodes one can addressin this way seems afew dozens
at largest for al these systems. We could only find the current maximal number
for SQL Server 2000. This oneis 32 nodes. Our experiments and concerns go far
beyond these present technology limits.

We could find instructive information on parallel/distributed query optimiza-
tion. But, no publicly available documentation seems to exist on the actual strat-
egy for the retrieved data transfers. For the SQL SERVER 2000, the only infor-
mation we could find is that such data exchanges use pipes.

However, itisclear that for any parallel (i.e. distributed, federated DBMS), the
query optimizer should play a crucial role for the strategy to use for the parallel
query data reception. One conclusion we would draw from our experiments is
the use of Strategy 2 for smaller number of server sites, (what the commercial
systems perhaps finally effectively do), and the unconditional switch to Strategy
3 for larger queries. The practical breakeven point can be about 10-15 buckets
(server nodes) as in our case. Usualy however, it should depend on the actua
configuration of the DBMS.
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5 Conclusion and Future Work

Strategy 3 appearsthe best choicefor rangequeries, andin fact the parallel queries
in general, to an SDDS. It offers the linear scale up, and the best response time.
This one achieves the half of the response time of Strategy 2 for our largest file.
Conseguently, Strategy 3 provides also the best per record response time. That
one reaches 1/3 ms, being thus much faster than a disk file response time. Using
afaster PC and a popular 100 Mb/s Ethernet or an increasingly popular Gigabyte
Ethernet should improve the response times of al the strategies. It should not
change however our basic conclusion about the superiority of Strategy 3. Never-
theless, the breakeven point under which Strategy 2 performs better could move
forward, accommaodating more server nodes.

For a faster CPU, performance of Strategy 3 could also improve by opening
at the client a few simultaneous connections instead of only one in our experi-
ments. This generalization of Strategy 3 was integrated for the operationa use
into SDDS-2000[3].

The strategies we have experimented delivered the result of each bucket di-
rectly to the client. An aternative approach could be that partial results are first
grouped at some servers. This reducesthe number of connectionsto manage at the
client. Such strategies appear especialy interesting for arange query with an ag-
gregate function. The process can be organized into a hierarchy where each level
reduces the number of servers aggregating the result. Ultimately one server could
get then the final result, delivering the reply to the client in asingle fast message.
Such strategies constitute an interesting direction for our further work.

In general, the scalability of data structures and of their manipulations over a
large number of storage nodes is a relatively recent concern. Nevertheless, such
an analysis appears naturally of basic importance for the designers of future mul-
ticomputer, P2P, and grid computing systems. Our results reported here should be
in this context instructive as well.
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