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Figure 7: Throughput over a 1 Gbps link vs. le size.

In the Similar-99% scenario, dsync automatically
uses local resources when appropriate to improve the
median throughput by 50% over Empty scenario. An
interesting note about this gure is that dsync-1src (no
swarming) is slightly faster, because the additional net-
work load appeared to slow down the PlanetLab nodes.
This effect did not appear in similar tests on Emulab; we
accept this as a case in which dsync’s generality made it
perform slightly worse in one particularly extreme exam-
ple. dsync did, however, correctly reduce network traf ¢
in these cases.

7.3 dsync’s back-pressure is effective

This section shows that dsync effectively uses its back-
pressure mechanisms to adapt to overloaded critical re-
sources in order to retain high performance.

7.3.1 Gigabit network

In this experiment, we transfer les varying from 1 MB
to 1 GB over a 1 Ghps network between two nodes. This
network is faster than the disk, which can sustain only
70 MB/sec, or 550 Mbps. Thus, the disk is the overloaded
critical resource that limits transfer speed. Figure 7 shows
throughput as le size increases for the various systems.

dsync uses back-pressure to defer disk operations.
dsync correctly notices that the network is faster than the
disk and ignores the local le. Thus, dsync-Similar-99%
and dsync-Empty perform similarly. rsync-Similar-99%,
however, suffers signi cantly when it tries to use a 1 GB
local le because it competes with itself trying to write
out the data read from the disk.

It is noteworthy that dsync outperforms rsync-similar
even though the prototype dsync implementation’s over-
all throughput is lower than rsync-Empty as a result of
additional data copies and hashing operations in the un-
derlying DOT system. This gure also shows that dsync’s
improvements come mostly from its back-pressure mech-
anisms and not simply from using both the network and
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Figure 8: Throughput vs. disk contention fora1l GB le.

the disk. While dsync-NoPressure also slightly outper-
forms rsync in Similar-99% case, its performance is much
lower than that of the pressure-aware dsync.

7.3.2 Slow disk

The gigabit case is not a rare exception to be handled by
an if statement. Critical resources can be overloaded
in a variety of scenarios. For example, we simulate slow
disk scenarios using a process performing bulk writes
(1 MB at a time) to disk and varying the frequency of
writes. The single sender and the receiver are connected
by 100 Mbps LAN and transfer a 1 GB le. Figure 8
shows the throughput as disk load increases.

dsync again uses back-pressure to defer disk opera-
tions. rsync-Similar-99%, however, still tries to read from
the overloaded local disk, and its performance degrades
much more rapidly than fetching from the network alone.

7.3.3 Dynamic adaptation to changing load

Figure 9 shows a transfer in the Slow Disk scenario
(above), in which we introduce disk load 20 seconds into
the transfer. Each plot shows the number of bits/second
read from each resource during the transfer.

dsync dynamically adapts to changing load condi-
tions among resources. We observe that dsync backs off
from reading from the disk when the contention starts.
This helps dsync to nish writing the transferred le more
quickly (101 seconds) than dsync-NoPressure (117 sec-
onds).

7.4 dsync effectively uses the local disk

This section highlights dsync’s ability to discover useful
data on disk regardless of index state. dsync uses a pre-
computed index when available, and its heuristics for data
discovery otherwise.

dsync correctly decides between index reads and se-
quential reads. To evaluate dsync’s use of the index,
we transfer les between 10 MB and 1 GB between two
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10 50 100 1024
dsync 094 439 775 167
dsync-naive 091 4.10 8.63 525

Table 2: Transfer time (seconds) from intelligent use of
proactive index as file size is varied from 10 MB to 1 GB.

nodes. The receiver maintains a pre-computed index of
the files on the disk, and all files being transferred are
available on the receiver’s disk. dsync-naive satisfies the
cache hit for each chunk request by opening the relevant
file, seeking to the chunk offset and reading the required
bytes. dsync, however, observes that several chunks are
desired from the same file and sequentially reads the file
to serve all cache hits. The results of this test are shown
in Table 2. As the file size increases, this strategy is more
effective—a 1 GB file is copied 3 x faster.

dsync’s filesystem search heuristics are effective at
exploring the disk to identify useful chunks. In this ex-
periment, the sender wants to transfer a file called “a.out”
into the destination path “/s/y/n/c/test/” on the receiver.
Each set of rows in Table 3 represents iterations of the
experiment with the useful file in a different directory.
We measure the number of STAT and HASH operations
and the number of megabytes hashed up to and including
when dsync hashed the useful file. We disabled fetching
chunks from the network since our intent was to measure
the discovery process of the heuristics and not transfer
time. We compare our heuristics with two simple strate-
gies: (a) An allstats strategy where we “stat” the entire
hard disk and hash the files in the descending order of
their usefulness, and (b) a breadth-first strategy (BFS) that
traverses the directory hierarchy by hashing all files in its
sub-tree before going to its parent.

The root of the filesystem is the desktop machine home
directory of one of the authors. The file system had
445,355 files in 37,157 directories, occupying 76 GB.
The alternate paths we explore represent a few feasible
locations in which a duplicate copy of a file might exist
in a home directory. We do not claim that this set is repre-
sentative of other filesystems, but it demonstrates that the
heuristics perform well in these (reasonable) scenarios.
We performed no tuning of the heuristics specific to this
filesystem, and never used it as a test during development.

In the top group, the useful file is in the destination
directory. Here, the heuristics find the file quickly and do
not hash any other files beforehand. When the useful file
has a completely different name “diff”, dsync issues STAT
requests of several other directories before hashing it. In
the second group, the useful file is in a sibling directory
to the destination path. Here, dsync’s heuristics perform
several additional STATs before finding the useful file,
but relatively few additional hashes. In fact, the scheduler
suggests only one extraneous HASH operation for a file
with size match. BFS performs reasonably well in scenar-
ios 1-6. Allstats incurs a constant 56.17 seconds to stat
the entire filesystem before hashing the useful file.

The final group in the table shows the results when the
useful file is in a completely unrelated directory on the
receiver’s file system. Here, when the file name matches
exactly, dsync STATs almost 15% of the directories in
the file system, but only hashes two extraneous files. The
last line of the table reveals an interesting result: when
the useful file has neither a name or path match, dsync
inventoried the entire file system looking for useful files,
but still only hashed 175 MB of unnecessary data. This
results in performance similar to allstats. BFS, however,
degrades as it hashes ~4 GB of data. Thus, dsync intelli-
gently adapts to different filesystem configurations unlike
simple strategies.

7.5 Real workload

dsync substantially improves throughput using a workload
obtained from our day-to-day use—running our experi-
ments required us to frequently update PlanetLab with the
latest dsync code. This workload consisted of 3 binaries
(totaling 27 MB): the DOT daemon (gtcd), a client (gcp)
and the disk read process (aiod). We choose one such
snapshot during our experimentation where we synchro-
nized 120 PlanetLab nodes. A third of these nodes did
not have any copy of our code, another third had a debug
copy in a sibling directory and the last third had almost
the latest version in the destination directory. We also
repeated this experiment for 371 nodes.

Figure 10 shows the CDF of average throughput across
these nodes for rsync, SET and dsync. Using dsync, the
median node synchronizes 1.4-1.5x faster than it does
using SET, and 5 x faster than using rsync.
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dsync BFS

Size, Similarity Files (MB) Files (MB)
Path of Useful File (MB, %) STAT Ops Hashed Seconds STAT Ops Hashed Seconds
1. /s/y/n/c/test/a.out 12.0, 100% 1 (0%) 1(12) 0.30 1 (0%) 8 (70.05) 1.25
2. /sly/n/cltest/a.out 12.1, 11% 1 (0%) 1(12.1) 0.29 1 (0%) 8 (70.05) 1.25
3. /sly/n/cltest/diff 12.0, 100% 373 (1%) 1(12) 0.76 1 (0%) 8 (70.05) 1.25
4. /sly-old/n/c/test/a.out 12.0, 100% 879 (2.37%) 2 (24.03) 1.84 364 (0.97%) 3212 (139.4) 4.17
5. /sly-old/n/c/test/a.out 12.1, 11% 879 (2.37%) 2 (24.03) 1.84 364 (0.97%) 3212 (139.4) 4.17
6. /s/y-old/n/c/test/diff 12.0, 100% 2225 (5.98%) 2 (24.03) 4.67 364 (0.97%) 3212 (139.4) 4.17
7. la.out 12.0, 100% | 6038 (16.25%) 3(34.03) 8.90 | 6962 (18.74%) 51,128 (4002.4) 1771.9
8. /a.out 12.1, 11% | 6038 (16.25%) 3(34.03) 8.90 | 6962 (18.74%) 51,128 (4002.4) 1771.9
9. /diff 12.0, 100% 37,157(100%) 227 (173.8) 68.3 | 6962 (18.74%) 51,128 (4002.4) 1771.9

Table 3: Performance of dsync heuristics on a real directory tree. Files with 11% similarity are an old version of ‘“‘a.out”.
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Figure 10: CDF of average throughput when dsync is used
for software distribution on Planetlab.

8 Related Work

Our work fits into the broad scope of systems that leverage
an excess of one resource to compensate for the lack of
another. Examples range from the familiar use of caching
to avoid computation to more contemporary systems that
use spare CPU cycles, in the form of speculative execu-
tion, to hide disk latency [3] and network latency [15]; or
that mask network latency or limited capacity by explicit
caching or prefetching [9]. dsync specifically uses local
computation and storage resources to replace network
bandwidth, when such a trade-off is appropriate.

Like many such systems, ensuring that dsync does not
create a scarcity of a local resource is key to performing
well under a wide range of conditions. These problems
do not just occur with disk contention; for example, the
benefits of Web prefetching can be eclipsed if the prefetch-
ing traffic slows down foreground traffic, a situation that
can again be solved by strictly prioritizing traffic that is
guaranteed to be useful [9].

Many systems address the problems of drawing from
multiple sources that have heterogeneous performance.
The Blue File System [14], for example, selects sources

from a group of storage devices based on power and per-
formance characteristics. The River cluster filesystem [2]
shares our goal of automatically using sources of differ-
ent rates (though in its case, different disk rates within a
cluster). Like dsync, River does so by managing the re-
quest queue to each source. Exposing the queues between
components helps systems such as SEDA shed load intel-
ligently under overload conditions [23], much as dsync’s
queue monitoring avoids local resource contention.

As we noted in the introduction, many of the tech-
niques that dsync uses to obtain chunks are borrowed
from systems such as rsync [22], LBFS [13], CFS [6],
and Shark [1]. A particularly noteworthy relative is Shot-
gun, which used the Bullet’ content distribution mesh to
disseminate the diff produced by rsync batch mode [11].
This approach works well—it avoids the overhead of mul-
tiple filesystem traversals on the sender and greatly re-
duces the amount of network bandwidth used—but rsync
batch mode requires that the recipients be in identical
starting states and is subject to the same limitations as
rsync in finding only a single file to draw from.

dsync uses a peer-to-peer content distribution system
to allow nodes to swarm with each other. For implemen-
tation convenience, we used the SET plugin from DOT,
but we did not use of any of its unique features—our sys-
tem could use any transfer system that allows transferring
chunks independent of a file. In keeping with our philoso-
phy of opportunistic resource use and broad applicability,
the most likely alternative distribution system for dsync is
CoBlitz [16] since it is cache-based and does not require
that sources “push” data into a distribution system.

Finally, several forms of system support for chunk-
based indexing provide possible opportunities for improv-
ing the timeliness and efficiency of the pre-computed in-
dex. Linux’s inotify () would at least permit an index
daemon to re-hash files when they change. A content-
addressable filesystem would avoid the need for an exter-
nal index at all, provided its chunking and hashing was
dsync-friendly. The CZIP [17] approach of adding user-
level chunk index headers to files would permit dsync to
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much more rapidly examine new candidate files during
its filesystem exploration.

9 Conclusion

dsync is a data transfer system that correctly and effi-
ciently transfers files under a wide range of operating
conditions. dsync effectively uses all available resources
to improve data transfer performance using a novel opti-
mization framework. With an extremely fast sender and
network, dsync transfers all data over the network instead
of transferring the data more slowly from the receiver’s
local disk; with a slow network, it will aggressively search
the receiver’s disk for even a few chunks of useful data;
and when sending to multiple receivers, dsync will use
peer receivers as additional data sources.

While combining network, disk-search, and peer-to-
peer techniques is conceptually simple, doing so while
ensuring that resource contention does not impair perfor-
mance is difficult. The keys to dsync’s success include
adaptively deciding whether to search the local disk, in-
telligently scheduling disk search operations and network
chunk requests to minimize the total transfer time, and
constantly monitoring local resource contention. Making
good scheduling decisions also requires that dsync deal
with practical system issues such as ensuring large se-
quential read/write operations, that can be hidden behind
the content-based naming abstraction.

Our evaluation shows that dsync performs well in a
wide range of operating environments, achieving per-
formance near that of existing tools on the workloads
for which they were designed, while drastically out-
performing them in scenarios beyond their design pa-
rameters.
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