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Figure 9: Completion Time vs. Nodes, CS Topology.
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Figure 10: Completion Time vs. Data Size, CS Topology. Each
experiment used all 353 nodes.

latency and bandwidth measurements for all nodes on
PlanetLab. Intra-site topologies were assumed to consist
of a single switch connected to all nodes. The latency
of an intra-site link was set to 1/2 of the minimum la-
tency seen by the node on that link, and the bandwidth
to the maximum bandwidth seen by the node. Inter-site
latencies were set to the minimum latency between the
two sites as reported by S minus the intra-site latencies
of the nodes. The inter-site bandwidths were set to the
maximum bandwidths between the two sites.

In both topologies the Pastry nodelds were randomly
assigned, and a different random seed was used for each
simulation. As in the PlanetLab experiments, unless
specified otherwise, each experiment used 100 nodes and
aggregated 1MB of data from each node, each data point
is the average of 10 runs, and the error bars represent 1
standard deviation.

The first experiment varied the number of nodes in
the system to demonstrate the scalability of San Fermin;
the results of the CS topology are shown in Figure 9.
The completion time increases slightly as the number
of nodes increases; when the number of nodes increases
from 32 nodes to 1024 nodes the completion time only
increases by about a factor of four. A 1024 node aggrega-
tion of IMB completed in under 500ms. The PlanetLab
topology (not shown) has similar behavior — the com-
pletion time also increases by approximately a factor of
four as the number of nodes increases from 32 to 1024.

Figure 10 shows the result of varying the data size
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Figure 11: Completion Time vs. Failures, PlanetLab Topology.

Each curve represents a different Pastry convergence time, from

0 seconds to infinity.
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Figure 12: Completeness vs. Failures.

while using all 353 nodes in the CS topology. The com-
pletion time is dominated by the p2p and message header
overheads for data sizes under 128KB. When aggregat-
ing more than 128KB the completion time increases sig-
nificantly. The PlanetLab topology (not shown) has a
similar pattern in which all of the data sizes under 128KB
take about 4 seconds and thereafter the mean time in-
creases linearly with the data size.

In all experiments the result included data from all
nodes, therefore completeness results are not presented.

5.3 Failure Handling

The next set of simulations measured the effective-
ness of San Fermin at tolerating node failures. Failure
traces were synthetically generated by randomly select-
ing nodes to fail during the aggregation. The times of
the failures were chosen randomly from the start time of
the aggregation to the original completion time. The p2p
time to notice failures is varied to demonstrate the effect
on San Fermin.

The timeout mechanism in San Fermin allows it to de-
tect failures before the underlying p2p does. As a re-
sult, the average completion time is less than the Pastry
recovery time (Figure 11). On the PlanetLab topology,
when the Pastry recovery time is less than 5 seconds,
the cost of failures is negligible because other nodes use
the time to aggregate the remaining data (leaving only
failed subtrees to complete). When the recovery time is
more than 5 seconds then some nodes end up timing-out
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Figure 13: San Fermin Overhead. Overhead is segregated into p2p and TCP traffic for (a) and (b).

a failed subtree before continuing. The CS department
topology (not depicted) typically completes in less than
500ms so all non-zero Pastry recovery times increase the
completion time. However, the average completion time
is less than the Pastry recovery time for all recovery times
greater than 1 second.

Figure 12 shows how failures affect completeness.
Since failures occurred over the original aggregation
time, altering the Pastry convergence time has little ef-
fect on the completeness (and so the average of all runs
is shown). The number of failures has different effects
on the PlanetLab and CS topologies. There is greater
variability of link bandwidths in the PlanetLab topol-
ogy, which causes swaps to happen more slowly in some
subtrees. Failures in those trees are more likely to de-
crease completeness than in the CS topology, which has
more uniform link bandwidths and the data swaps hap-
pen more quickly. In both topologies the completeness
is better than the number of nodes that failed — in most
cases a node fails after enough swaps have occurred to
ensure its data is included in the result.

5.4 Overhead

In this section two aspects of overhead are examined:
the cost of invitations and the overhead characteristics
as measured on PlanetLab. The two characteristics of in-
terest are the total traffic during aggregation and the peak
traffic observed by a node.

5.4.1 Overhead Composition

We ran simulations with varying numbers of nodes on
the CS and PlanetLab network topologies to evaluate the
composition of network traffic from San Fermin (Fig-
ure 13a). The traffic is segregated by type (p2p or TCP).
The p2p traffic is essentially the traffic from invitations
and responses while the TCP traffic is from nodes swap-
ping aggregate data. The traffic per node does not sub-
stantially increase as the number of nodes increases,
meaning that the total traffic is roughly linear in the num-
ber of nodes.

San Fermin on the PlanetLab topology has higher p2p

and lower TCP traffic than on the CS topology. This
is because PlanetLab’s latency is higher and more vari-
able, causing the overall aggregation process to take
much longer (which naturally increases the number of
p2p messages sent). The PlanetLab bandwidth is also
highly variable (especially intra-site links versus inter-
site links). This causes high variability in partnering
time, so that slow partnerings that might otherwise oc-
cur do not because faster nodes have already computed
the result.

As Figure 13a demonstrates, the p2p traffic is insignif-
icant when 1MB of data is aggregated. Figure 13b shows
how the composition of p2p and TCP traffic varies as the
data size is varied. This is important for two reasons.
First, it shows that the p2p traffic does not contribute sig-
nificantly to the total overhead. Second, it shows how
the total overhead varies with the data size. Doubling the
data size caused the total overhead to roughly double.

Another notable result is that that the standard devia-
tions were quite small, less than 4% in all cases. This
makes it difficult to discern the error bars in the figures.

5.4.2 Total Traffic

The total network traffic of San Fermin was also mea-
sured experimentally on PlanetLab (Figure 13c). The re-
sults from SDIMS are presented for comparison. For less
than 256KB, SDIMS-1 incurs the least overhead, fol-
lowed by San Fermin and then SDIMS-4. After 256KB
the overhead for SDIMS actually decreases because the
completeness decreases. Nodes are overwhelmed by
traffic and fail. A single internal node failure causes the
loss of all data for it and its children until either the in-
ternal node recovers or the underlying p2p network con-
verges.

5.4.3 Peak Node Traffic

The peak traffic experienced by a node is important be-
cause it can overload a node (Figure 14). To evaluate
peak node traffic, an experiment was run on PlanetLab
with 30 nodes aggregating 1 MB of data (30 nodes being
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Figure 14: Peak Node Traffic. Each data point represents the
peak traffic experienced by a node during that second of the
aggregation.

the most nodes for which SDIMS had high complete-
ness).

SDIMS internal nodes may receive data from many
of their children simultaneously; the large initial peak of
SDIMS traffic causes internal nodes that are not well-
provisioned to either become zombies or fail. On the
other hand, San Fermin nodes only receive data from one
partner at a time, reducing the maximum peak traffic. As
a result, San Fermin has a maximum peak node traffic
that is less than 2/3 that of SDIMS.

5.5 Capacity

An important aspect of San Fermin is that each node cre-
ates its own binomial aggregation tree. By racing to com-
pute the aggregate data, high-capacity nodes naturally
fill the internal nodes of the binomial trees, while low-
capacity nodes fill the leaves and ultimately prune their
own aggregation trees.

The final experiment measures how effective San
Fermin is at pruning low-capacity nodes. 1MB of data
was aggregated from 100 PlanetLab nodes 10 times. The
state of each node was recorded when the aggregation
completed. Table 2 shows the results, including the num-
ber of swaps remaining for each node to complete its ag-
gregation and the average peak bandwidth of nodes with
the same number of swaps remaining. Nodes with the
higher capacity had fewer swaps remaining, whereas the
nodes with lower capacity pruned their trees. The nodes
in the middle tended to prune their trees but some were
still working; the average peak bandwidth of these nodes
was 2.1Mbps, whereas the average peak bandwidth of
the nodes still working was 3.2Mbps. This means that
nodes that are pruned have about 1/3 less observed ca-
pacity than those nodes that are still aggregating data.
This illustrates that San Fermin is effective at having
high-capacity nodes perform the aggregation and having
low-capacity nodes prune their trees.

6 Related Work

Using trees to aggregate data from distributed nodes
is not a new idea. The seminal work of Chang on

Remaining Pruned Nodes Working Nodes
Swaps | Number | Mbps | Number | Mbps
0 0 0.0 38 43

1 0 0.0 105 39

2 0 0.0 116 3.6

3 9 2.5 56 2.3

4 82 2.0 32 22

5 143 2.0 19 1.2

6 107 2.4 9 1.1

7 62 2.0 1 0.8

8 14 1.7 0 0.0

9 16 2.4 0 0.0

10 3 1.6 0 0.0

11 0 0 0 0.0

12 2 1.9 0 0.0

Table 2: Effectiveness of San Fermin at using high-capacity
nodes. The number column is the number of nodes with the
given number of swap remaining when the aggregation com-
pleted; the Mbps column is the average peak bandwidth of
those nodes.

Echo-Probe [7] formulated polling distant nodes and
collecting data as a graph theory problem. More re-
cently, Willow [30], SOMO [34], DASIS [1], Cone [3],
SDIMS [31], Ganglia [21], and PRISM [15], have used
trees to aggregate attributes Willow, SOMO, and Ganglia
use one tree for all attributes, whereas SDIMS, Cone, and
PRISM use one tree per attribute.

Seaweed [22] performs one-shot queries of small
amounts of data and like San Fermin is focused on com-
pleteness. However, Seaweed trades completion time
for completeness in that queries are expected to live for
many hours or even days as nodes come online and re-
turn aggregate data. Seaweed uses a supernode-based
solution that further delays the timeliness of the initial
aggregate data. Instead San Fermin focuses on a differ-
ent part of the design space, robustly returning aggregate
data from existing nodes in a timely manner.

CONCAST [4] implements many-to-one channels as
a network service. It uses routers to aggregate data over
a single tree. As the size of the aggregate data grows
the memory and processing requirements on routers be-
comes prohibitive.

Gossip and epidemic protocols have also been used for
aggregation [18, 13, 17, 16], including Astrolabe [29].
Unstructured protocols that rely on random exchanges
face a trade-off between precision and scalability. Struc-
tured protocols, such as Astrolabe, impose a structure on
the data exchanges that prevents duplication. This is at
the cost of creating and maintaining a structure, and con-
fining the data exchanges to adhere to the structure.

Data aggregation is also an issue in sensor net-
works. Unlike San Fermin, the major concerns in sen-
sor networks are power consumption and network traf-
fic. Examples of data aggregation in sensor networks are
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TAG [20], Hourglass [27], and Cougar [33].

Distributed query processing involves answering
queries across a set of distributed nodes. The most rele-
vant to our work are systems such as PIER [14], which
stores tuples in a DHT as part of processing a query. Dis-
tributed query processing also encompasses performing
queries on continuous streams of data, as is done in Au-
rora [8], Medusa [8], and HiFi [11].

There are several systems that have focused on aggre-
gating data from large data sets from a programming lan-
guage perspective [10, 24]. However neither system fo-
cuses on sending large amounts data over the network.

7 Conclusions

This paper presents San Fermin, a technique for ag-
gregating large amounts of data that when aggregating
IMB of data provides 2-6 times better completeness than
SDIMS, at 61-76% of the completion time, and with bet-
ter scalability characteristics. San Fermin has a peak
node traffic more than 1/3 lower than that of SDIMS,
which accounts for much of the higher completeness.
Our analysis shows that when 10% of the nodes fail dur-
ing aggregation San Fermin still computes the aggre-
gated result from 97% of the nodes. San Fermin also
scales well with the number of nodes or the data size —
completion time increases by less than a factor of 4 if
the number of nodes increases from 32 to 1024, and by
about a factor of 2 as the data size increases from 256KB
to IMB.

Acknowledgments

We would like to thank the SDIMS group (especially
Navendu Jain) for helping us use and evaluate SDIMS.
We would especially like to thank our shepherd Arun
Venkataramani and the anonymous reviewers for their
helpful feedback.

References

[1] K. Albrecht, R. Arnold, M. Géhwiler, and R. Wattenhofer. Ag-
gregating information in peer-to-peer systems for improved join
and leave. In Peer-to-Peer Computing, 2004.

[2] PlanetLab - All Sites
http://ping.ececs.uc.edu/ping/.

[3] R. Bhagwan, G. Varghese, and G. Voelker. Cone: Augmenting
DHT:s to support distributed resource discovery. Technical Report
CS2003-0755, UCSD, 2003.

[4] K. Calvert, J. Griffioen, B. Mullins, A. Sehgal, and S. Wen. Con-
cast: design and implementation of an active network service.
IEEE JSAC, 19(3), 2001.

[5] M. Castro, P. Druschel, Y. Hu, and A. Rowstron. Exploiting net-
work proximity in distributed hash tables. In FuDiCo, 2002.

[6] M. Castro, P. Druschel, A. Kermarrec, and A. Rowstron.
SCRIBE: A large-scale and decentralized application-level mul-
ticast infrastructure. /IEEE JSAC, 20(8), 2002.

[7]1 E.J. H. Chang. Echo algorithms: Depth parallel operations on
general graphs. IEEE TSE, 1982.

[8] M. Cherniack, H. Balakrishnan, M. Balazinska, D. Carney,
U. Cetintemel, Y. Xing, and S. B. Zdonik. Scalable distributed
stream processing. In CIDR, 2003.

[9] M. Collins. Personal correspondance, Sept. 2006.

[10] J. Dean and S. Ghemawat. MapReduce: Simplified data process-
ing on large clusters. In OSDI, 2004.

Ping.

[11]

[12]
[13]
[14]
[15]

[16]

[17]

[18]

[19]
[20]

[21]

[22]
[23]

[24]

[25]
[26]

[27]

[28]

[29]

[30]

[31]

[32]

[33]

[34]

[35]

M. J. Franklin, S. R. Jeffery, S. Krishnamurthy, F. Reiss, S. Rizvi,
E. Wu, O. Cooper, A. Edakkunni, and W. Hong. Design consid-
erations for high fan-in systems: The HiFi approach. In CIDR,
pages 290-304, 2005.

J. Guicahrd, F. le Faucheur, and J. P. Vasseur. Definitive MPLS
Network Designs. Cisco Press, 2005.

I. Gupta, R. van Renesse, and K. P. Birman. Scalable fault-
tolerant aggregation in large process groups. In /[EEE DSN, 2001.
R. Huebsch, J. M. Hellerstein, N. Lanham, B. T. Loo, S. Shenker,
and L. Stoica. Querying the Internet with PIER. In VLDB, 2003.

N. Jain, D. Kit, D. Mahajan, M. Dahlin, and Y. Zhang. PRISM:
Precision integrated scalable monitoring. Technical Report TR-
06-22, University of Texas, Feb. 2006.

M. Jelasity, W. Kowalczyk, and M. van Steen. An approach to
massively distributed aggregate computing on peer-to-peer net-
works. In Euromicro Conference on Parallel, Distributed and
Network-Based Processing, 2004.

M. Jelasity and A. Montresor. Epidemic-style proactive aggrega-
tion in large overlay networks. In /ICDCS, 2004.

M. Jelasity, A. Montresor, and O. Babaoglu. Gossip-based aggre-
gation in large dynamic networks. ACM TOCS, 23(3):219-252,
2005.

B. R. Liblit. Cooperative Bug Isolation. PhD thesis, University
of California, Berkeley, Dec. 2004.

S. Madden, M. J. Franklin, J. M. Hellerstein, and W. Hong. TAG:
A Tiny AGgregation service for ad-hoc sensor networks. In
0SDI, 2002.

M. L. Massie, B. N. Chun, and D. E. Culler. The Ganglia dis-
tributed monitoring system: design, implementation, and experi-
ence. Parallel Computing, 30(7), July 2004.

D. Narayanan, A. Donnelly, R. Mortier, and A. Rowstron. Delay
aware querying with Seaweed. In VLDB, 2006.

L. Peterson, D. Culler, T. Anderson, and T. Roscoe. A blueprint
for introducing disruptive technology into the Internet. In Hot-
Nets, 2002.

R. Pike, S. Dorward, R. Griesemer, and S. Quinlan. Interpreting
the data: Parallel analysis with Sawzall. Scientific Programming,
13(4):277-298, 2005.

R. Ramakrishnan and J. Gehrke. Database Management Systems.
McGraw-Hill Higher Education, 2000.

A. Rowstron and P. Druschel. Pastry: Scalable, decentralized
object location, and routing for large-scale peer-to-peer systems.
In ICDCS, 2001.

J. Shneidman, P. Pietzuch, J. Ledlie, M. Roussopoulos,
M. Seltzer, and M. Welsh. Hourglass: An infrastructure for con-
necting sensor networks and applications. Technical Report TR-
21-04, Harvard University, 2004.

I. Stoica, R. Morris, D. Karger, F. Kaashoek, and H. Balakrish-
nan. Chord: A scalable Peer-To-Peer lookup service for Internet
applications. In SIGCOMM, 2001.

R. van Renesse and K. Birman. Astrolabe: A robust and scalable
technology for distributed system monitoring, management, and
data mining. ACM TOCS, May 2003.

R. van Renesse and A. Bozdog. Willow: DHT, aggregation, and
publish/subscribe in one protocol. In International Workshop on
Peer-to-Peer Systems (IPTPS), 2004.

P. Yalagandula and M. Dahlin. A scalable distributed information
management system. In SIGCOMM, 2004.

P. Yalagandula, P. Sharma, S. Banerjee, S. Basu, and S.-J. Lee.
S3: a scalable sensing service for monitoring large networked
systems. In SIGCOMM workshop on Internet network manage-
ment, 2006.

Y. Yao and J. Gehrke. The Cougar approach to in-network query
processing in sensor networks. SIGMOD, 31(3):9-18, Sept.
2002.

Z.Zhang, S.-M. Shi, and J. Zhu. SOMO: Self-organized metadata
overlay for resource management in P2P DHT. In International
Workshop on Peer-to-Peer Systems (IPTPS), 2003.

B. Zhao, L. Huang, J. Stribling, S. Rhea, A. Joseph, and J. Ku-
biatowicz. Tapestry: a resilient global-scale overlay for service
deployment. /IEEE JSAC, 2003.

160

NSDI *08: 5th USENIX Symposium on Networked Systems Design and Implementation

USENIX Association





