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Abstract

BitTorrent is the most used P2P file sharing plat-
form today, with hundreds of millions of files shared.
The system works better the more sources one has
to download from. However, BitTorrent only allows
for users to find sources inside the same torrent, even
if a file (or pieces of it) are located in many other
torrents as well.

Using Deduplication techniques, we develop a sys-
tem that allows users to detect and take advantage
of those extra sources, and measure its efficacy at
finding sources with a low overhead for the user.
Keywords:P2P, Peer-to-peer, BitTorrent, File-
sharing, Deduplication

1 Introduction

Peer to Peer (P2P) file sharing applications are
very popular, composing almost 50% of the upstream
data usage in the US and 10 to 20% of the total in-
ternet traffic across fixed network connections, which
is a monthly average of 6.15GB per subscriber on the
US alone [14]. BitTorrent is the largest of the peer-
to-peer file distribution networks currently used [14],
with over 52 million peers connected to over 13 mil-
lion active torrents, sharing almost 280 million files,
totaling over 15EB of information1.

In P2P file sharing networks [1], having more
sources for a file (or pieces of a file) has multiple ad-
vantages. Faster download speeds is one such advan-
tage. A user with limits regarding international traf-
fic may like to find sources on the same country. On
locations with limited internet access, finding sources
in peers from a local area network may be the differ-
ence between finishing a download or not. So, being

1Information extracted from the torrent indexing site ’Iso-
Hunt.com’ in September 2013.

able to find all available sources for a file would be
advantageous for anyone downloading it.

BitTorrent can only locate sources for whole tor-
rents [3]. However, some files are present in many
torrents, and some files even share a part of their
content in common.

Ferreira, in his thesis [5], cites 8.7% of the exam-
ined torrents contained over 75% of its content in
common. Pucha et al. [12] found the median per-
centage of data shared between MP3 files (its simi-
larity) in the eDonkey and Overnet P2P networks to
be of 99.6%, with a median of 25 files in a set of 3725
MP3. Practices such as bundling [8] and repackag-
ing [5] create even more duplicate sources for a file,
which combined with the above findings, mean there
is an immense quantity of potential sources that is
currently not exploited .

Our objective is to allow the user to find many
more sources than BitTorrent currently allows, while
minimizing overhead on the user. We also need the
system to be realistically implementable at the scale
of BitTorrent.

In order to exploit those extra sources, the file shar-
ing system need to be able to identify and locate re-
dundant data. To do it, we turn to the field of data
deduplication.

Using an algorithm from the Compare-by-Hash
family [6], there is a way of detecting duplicates
across the torrent network. If we have an unique
identifier for the chunks of a file, we can use that
identifier to find similar or identical files through the
network.

However, compare-by-hash algorithms have a prob-
lem. Small chunks allow for greater redundancy de-
tection, but increase the size of the metadata. Large
chunks reduce the amount of redundancy that can be
found, but reduce the size of the metadata.
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In this document, we will present another solution.
First, using a new approach at fingerprint storage,
multi-level fingerprints, we create a type of metadata
that can be small in size for the end user, yet capa-
ble of detecting sources. Then, we designed a set of
services that allow our solution to find and expose re-
dundancy to the user, all the while keeping the user
overhead at a minimum as well as stay viable on the
real world.

2 Related Work

To the best of our knowledge, there is no solution that
can detect and find these duplicates implemented in
the commercially available BitTorrent applications.
SET [12] is a P2P file sharing system capable of ex-
ploiting that similarity.

SET uses the concept of a handprint, an ordered
finite set of a file chunk’s fingerprints. A handprint
is an heuristic to determine if two files are similar to
each other. Two files are considered similar if both
file handprints share at least one fingerprint in com-
mon. As the amount of fingerprints used to form
a handprint increases, so does its capacity to detect
similarity between files. This capacity to detect sim-
ilarity grows logarithmically with the amount of fin-
gerprints used, with 30 fingerprints allowing to detect
files with at least 5/

The SET approach, however, has some fundamen-
tal flaws. The handprint system offers no guarantee
of which chunks are similar between both files. If a
SET user is looking for more sources for a group of
chunks in his file, there are no guarantees that the file
sources provided by SET would contain the chunks
that he needs. That may cause the user to waste
bandwidth and time on something that brings him
no benefit whatsoever.

Another flaw is in SET’s metadata size. SET’s
metadata has about 0.1% of the size of a file on aver-
age. That means a 1MB metadata file for a 1GB file.
In BitTorrent, 1GB files have a metadata of close to
5KB in size, over 200 times smaller than SET’s meta-
data.

It is still reasonable that a cilent would not mind
downloading SET’s metadata once. However, a client
may have to download multiple file metadata to make
use of SET’s service. When a handprint present a
match, it returns a list of files that are similar up to
the designed percentage. The client must then down-
load the metadata for each of those files in order to

find which chunks are identical in order to download
them. If we had 200 variants of our 1GB file, each
with 1MB worth of metadata, the user would have to
download 200MB worth of metadata, 1/5th the size
of the original file.

3 Architecture

Our system is composed by several distinct pieces of
software, called Services. There are three services in
this architecture:

• The insertion service is responsible for finding
extra sources, for both chunks and files.

• The lookup service is responsible for keeping the
information found about extra sources, and de-
liver them to any process that requests it.

• The maintenance service is responsible for mak-
ing sure the lookup and insertion services are
working correctly, and that the information in
both these services is up-to-date and fresh.

Only the insertion and lookup services are contacted
by the users.

Our system is built in order to deliver sources of
duplicate pieces of data to anyone that requests them.
Sources are ID/offset pairs. What the ID is may vary
depending on the type of source. For a file source, the
ID is the torrent’s infoHash. For chunks inside a file,
the ID is the whole file hash, the file ID. The offset is
the location inside the container where the block of
data we wish to find is located. For a file, the offset
would be where inside the torrent that file begins.
For a chunk, the offset is where in the file the chunk
begins.

A user wishing to upload a file into our system (an
uploader) starts by creating the metadata for that
file. Then, it submits that metadata to the insertion
service for processing. The insertion service detects
redundancy and stores the information about found
duplicates in the lookup service.

Further on, a user looking for extra sources (a peer)
contacts the lookup service providing the fingerprint
for the chunks that needs to be found, and the lookup
service replies with a list of sources found so far for
any chunk that had a duplicate available.

3.1 Metadata

In order to start using the system, an uploader must
create the metadata for the file the uploader wishes
to submit to the system.
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In order to keep the metadata the peer must down-
load small, yet provide the redundancy detection of
small-sized chunks, we developed a multi-level finger-
print structure, where each level provides a different
level of resolution. There were previous work done
in multi-level redundancy detection ([4], [7]), but our
work takes a different approach.

The structure representing the metadata is a
Merkle tree[9], where each node represents a chunk of
data. The root of that tree is the whole file node, con-
taining the file ID. Each level of the tree represents
a level range. The level range is a pair of values that
identify the smallest and biggest possible value for
the size of a chunk in that specified level. The level
ranges get smaller as the depth of the tree increases.

Nodes in the tree represent a chunk of a size inside
the level range. The node contains the fingerprint
for that chunk, the size of the chunk and the offset
of that chunk inside its parent. The children of that
node are the chunks resulting from splitting that node
into chunks of a size inside the next level range.

In order to better understand this structure, we
provide an example in the figure below.

Figure 1: Example of a small tree

The chunks used by our system are variable-sized
chunks [10] with a boundary determined by using a
Rabin fingerprinting function [13]. The fingerprints
used by our system are the SHA-1 hashes of the
chunk, which are relatively safe to use as identifiers
[2].

Using this metadata structure, a peer is able to
download a small metadata structure at first, but
then download sub-trees for select chunks the peer
wishes to find more sources for. That way, the peer
only downloads the amount of metadata actually
needed, minimizing the space taken.

3.2 Lookup service

The lookup service is responsible for storing the ex-
tra sources found by the deduplication process. The
lookup service is also responsible for replying to any
peer or service that asks for extra sources.

From a peer perspective, the lookup service re-
ceives a request containing either a file ID or chunk
fingerprint for which the peer wishes to find more
sources, and replies with a list of sources for that
data. If no sources were found, the lookup service
replies with an empty list.

Besides replying to requests, the lookup service
must also store the sources found by the deduplica-
tion process. The sources are provided by the the
insertion service, and the lookup service needs only
keep this data safely stored.

In order to store the sources, the lookup service
contains two tables. The file lookup table stores
sources that contain found files. The chunk lookup
table stores sources for chunks found duplicate by the
system.

The file lookup table simply stores the file ID and
a list of sources.

The chunk lookup table contains the fingerprint of
a chunk,the list of sources of where to find that chunk
in a file, called a source list, and a list of sources of
where to find that chunk inside another chunk, called
a parent list. When looking for chunk sources, the
lookup service returns the source list for the chunk,
as well as all the sources for the chunks in the parent
list. This method of retrieving sources is called a
parent chain, and reduces the size of the chunk lookup
table by only storing sources on the biggest duplicate
chunk found.

3.3 Insertion Service

The insertion service is responsible for finding du-
plicate data and inserting the results into the lookup
service.

The insertion table contains two tables, a file inser-
tion table that contains information about files that
were submitted to the insertion service,and a node in-
sertion table, that contains the fingerprints of nodes
submitted to the insertion service that have no du-
plicates so far .

The insertion process starts when an uploader de-
cides to submit a file. The uploader first sends to the
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insertion service the metadata root node, with the
source for that file.

After receiving the root node and source, the inser-
tion service will check if the file was already present.
If the file was present, the insertion service sends the
new source to the lookup service and finishes the in-
sertion. Otherwise, the insertion service will require
more metadata from the uploader., may require the
metadata for insertion, if the file was not yet present
in the system.

The insertion service may request the uploader
sends the entire metadata at once, or that the
upoader sends the metadata one level at a time. In
either case, for each remaining level, the insertion
service looks up the chunks in the lookup service.
Chunks found in the lookup service have a new source
added to their lookup table entry.

For each chunk that was not found, the insertion
service looks in the node insertion table for it. If
found, the chunk is inserted into the lookup table,
with the source from the table and the source from
the file being examined.

Finally, each remaining chunk not found is stored
in the node insertion table.

Because the amount of data in the BitTorrent net-
work is so large, it is almost impossible to store all
nodes in a single system. As such, there will come a
time when old nodes without duplicates have to be
deleted to make room for new ones. However, we have
no way of knowing which nodes are, in fact, useless.

In order to decide which nodes to delete, we take in-
spiration from SET’s handprints. The way the nodes
are chosen for deletion is explained in section 3.4.

In a second phase of the insertion algorithm, for
each file that shared at least one chunk with the
one being inserted, we create a set containing all the
chunk fingerprints bigger than the handprint end for
that file. If there are any fingerprints in that set,
the insertion service contacts someone that has the
metadata for the file being checked, and any finger-
print from the set that is found is inserted into the
Lookup service.

Finally, for all newly inserted nodes, the insertion
service inserts the entire sub-tree into the lookup ser-
vice.

3.4 Maintenance Service

The maintenance service has two major functions.

The first major function is to make sure the sources
reported in the lookup file table still exist.

The other major function is to make sure the in-
sertion tables do not reach limit capacity.

Besides the major functions, the maintenance ser-
vice also performs smaller jobs, such as checking the
system for major faults, such as the complete erasure
of the tables of one of the services.

The maintenance service periodically checks the
files to see if their sources still exist. After a period
of a source being unreachable, the source is removed
from the lookup service. If a file has no more sources,
the file entry is removed.

The removal of the file entry causes a purge of that
file from all chunk sources and from all entries in the
node insert table. The file insert table entry for that
file is also deleted. Then, for every chunk affected in
the chunk lookup table, if they have no sources, they
are erased, and if they have only one source, they are
moved back to the insertion table.

We require to erase nodes from the node insertion
table. To choose which nodes to delete, we took in-
spiration from SET.

Handprints provide similarity detection between
files up to a certain percentage, with only a small
amount of chunks. However, using handprints intro-
duces some problems, such as not being able to detect
the location of specific chunks and needing to down-
load the entire metadata to discover which chunks
were in common.

Using a handprint will increase the message over-
head and time taken for the insertion process. Also,
some chunks may become impossible to find after
deleted, if some of the metadata is lost for all peers.
There is also the possibility that some files share only
chunks greater than handprint end, and those dupli-
cates would be impossible to detect.

For all the above reasons, we would like to use this
solution as sparingly as possible, and not blindly ap-
ply it to every file present in the system.

The maintenance service will delete nodes in re-
verse order, starting with the biggest fingerprint. We
then store the biggest fingerprint still remaining for
that file in the file insert table. The files selected to
go through the cleanup process will be the files that
were least recently accessed, that is, files that did
not have a chunk read in the insertion process for the
longest time.
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3.4.1 BitTorrent extension

Up until now, the system definition allows our system
to work for any P2P files haring network. However,
for a peer to reach the system, we need some client
that can connect both to our system and to the P2P
file sharing network.

As the objective of this project is to detect and ex-
ploit redundancy in the BitTorrent network, we have
designed a way for BitTorrent clients to fully take ad-
vantage of our system, by the means of a BitTorrent
expansion [11].

The BitTorrent expansion allows for messages to
request a list of known duplicates from another peer.
This may reduce the workload on the lookup service.
It also allows for peers to exchange the metadata
pieces, allowing them to download sub-trees as they
need them. Another message allows for peers to re-
quest from a peer that has a chunk which sub-tree
has been lost to recreate it.

4 Evaluation

With this evaluation, there are several questions we
would like to answer. How many additional sources
can we find for each of our given files? What is the
expected time for inserting a file into the service?
What is the overhead produced by the services? Can
we, at least, provide as many sources as SET?

We define the popularity of a torrent as the total
number of seeders, with a torrent with many seeders
being more popular than one with few seeders.

The number of whole file sources is the number of
distinct torrents which contain the file. To simplify
our evaluation, this number is used as the total num-
ber of copies of a file that exist in the network.

The number of chunk sources is the number of files
from where one can obtain a given chunk. These
sources may be from inside the file itself (internal
redundancy). A chunk is worth a percentage of the
file it is in, which is given by dividing the size the
chunk by the total size of the file. This is called the
chunk percentage.

The percentage of chunk sources is given by the
equation

p =

∑
sizeCi ∗ fileSourceCi

fileSize
∗ 100

for every chunk Ci that that composes the file. The

size of a chunk Ci is given by sizeCi , fileSourceCi is
the total number of files where Ci was found.

The total availability of the file adds to the above
equation 100∗wholeF ileSources, and represents the
percentage of the file available in the network. The
availability is always bigger than 100 for every file.

4.1 Experimental methodology

Used data set

In order to evaluate this system, we first down-
loaded the top 10 most popular torrents from the tor-
rent indexing site ”piratebay.se” audio section, which
included music in mp3 and m4a formats, and videos
in the mpeg format. For each of those top 10 popular
torrents, we searched for other torrents that shared
the same artist and name, and downloaded a maxi-
mum of 10 from that list. Those other downloads, by
comparison, usually had one tenth to one hundredth
of the original torrent seeders, being much less pop-
ular.

The total number of torrents downloaded and an-
alyzed was 62, with a total of 1154 files, of which
956 were distinct, and 198 files had at least one copy.
Among these 198 files, one file had 7 copies of itself,
32 files had 3 copies, 4 files had 2 copies and 90 files
had only one other copy. This means that one of the
files had 8 whole file sources, 32 files had 4 whole file
sources, 4 files had 3 whole file sources and 90 files
had 2 whole file sources.

Experimental procedure

We generate the metadata for each downloaded file
using our multi-level metadata generation algorithm.
We then proceeded to insert them into our system,
using a test client that activated the insertion ser-
vice. During the insertion process, we collected sev-
eral measures, namely the time it takes to insert a
file and the associated network overhead.

After all files were inserted into the system, we used
a test client that measured the number of sources
found per file. The results are presented in the above
described percentage of sources found, and distinct
sources found. We also present the time it took to
find all sources, assuming a greedy client that wants
to find all sources for all chunks.

Finally, we compare the results obtained with the
number of sources found using SET’s algorithm.
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Experiment setup

All tests were performed on a single machine, with
an Intel i7 3610 CPU at 2.3GHz. The computer
ran on Windows 7 64-bit operating system, using
Java Runtime Environment 7u16 with 2GB maxi-
mum heap size. Both Insertion and Lookup tables
were stored in MySQL 5.6, inside one Samsung 830
SSD. All the tests were run only once, due to time
constraints.

4.2 Insertion evaluation

The first step of insertion testing was generating
the metadata. For each downloaded torrent, we cre-
ated one set of metadata per file, with at most 9
levels, starting at 1024 bytes and ending at 64MB.

The average size of the metadata was 2.89% of the
total file size, with an standard deviation of 1.14%.
No file over 2KB had more than 7% of its size in
metadata. The time to build the metadata file grows
linearly with the size of the file analyzed, with an
average of 0.43ms/KB and a standard deviation of
little over 0.01, for any file over the size of 50KB.2

After the metadata was generated, we started in-
serting it into the system. We grouped up the files
by the torrent they belonged to, and inserted one tor-
rent at a time. As inserting a torrent means to simply
insert each of its files in order, the results were sim-
ply the sum of the results of the composing files data.
We will, therefore, ignore the whole torrents insertion
data, and focus on the files only.

We measured the time and message overhead of the
insertion process. Because our file selection contains
files of vastly different sizes, insertion time and mes-
sage overhead would also vary greatly with each files,
making it difficult to examine the data. As such, we
will usually present ratios of time and sizes, by divid-
ing those values by the number of nodes of a given
file.

We can divide the files inserted into two main cat-
egories: Duplicates and originals. Originals are files
that either have no whole-file duplicate or that were
the first of the duplicates to be inserted. Dupli-
cates are all files where at least one copy was already
present in the file lookup table.

2We did not include files under 50 KB due to their ratio
being vastly bigger due to rounding errors in the time taken.

4.2.1 Duplicate insertion

The insertion of duplicate files shows us something
we already expected from the algorithm. Duplicate
files are looked up and inserted very fast, and have
almost the same message overhead across multiple
files. This happens because each duplicate insertion
only takes one lookup and exchanges only one node,
the file node. This table presents the value obtained
for the times as milliseconds and message overhead as
bytes, not as ratios. The values are nearly constant
for all duplicates inserted, a total of 198 files.

Average σ Max Min
Time 6.87 2.34 20 4
Message Overhead 206.19 1.93 209 199

4.2.2 Original file insertion

The insertion of original files involves a different
part of the algorithm. The number of nodes now
heavily influences the time and message overhead for
the file insertion. By ordering the files by the num-
ber of nodes, we can see the trend as the number of
nodes grow for the algorithm to stabilize the ratios
of message overhead and time.

The Figure 2 show a stabilization of the ratios as
we reach files with over 50 nodes. We separate the
files into two groups: files with less than 50 nodes
(first 168 files) and files with at least 50 nodes (785
files).

The ratio between nodes and time at the lower
group varies greatly, with a maximum registered of
23 ms/node and a minimum of 1.69ms/node.

For the group with over 50 nodes, the time taken
is quite stable, with an average of 0.99 ms/node and
a standard deviation of 0.6.

For our largest file, a 2.5 GB file with 2 million
nodes in its corresponding hash tree, the insertion
took nearly 20 minutes. We consider 20 minutes to
insert a 2.5 GB file is an acceptable time for an up-
loading peer, even though the system was designed
to be easy to use for the normal peer.

Looking back at the message overhead graphic, it is
noticeable that after 50 nodes, some files have a much
lower ratio than the average. The files that break the
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Figure 2: Time and Message size ratios for all original
files

average found some duplicates in higher levels of the
tree already present at the Chunk Lookup table.

When chunks are found that way, the algorithm
does not need to request that entire sub-tree, and
that is evident in the reduced message overhead, with
the average being 72.51 B/node, a reduction in nearly
30 B/node. This proves that our level system is use-
ful in reducing the network overhead from transfer-
ring metadata, as long as some higher-level nodes are
detected.

4.3 Lookup testing

After finishing the insertion, we used another test
client to lookup every file, in order to find out how
many sources were found.

The client would open the metadata file and, for
each level, would request from the Lookup Service all
chunk sources found. When the client finishes look-
ing up the entire file, the client would then gather
several statistics, such as the number of files sources

found, the number of chunks found in common be-
tween files, the internal redundancy found in each file,
the percentage of the file available in the network (by
adding up all existing sources) and the time and mes-
sage overhead for the system usage. We will begin by
checking the number of file sources found against the
number of sources found using the SET method.

4.3.1 Number of file sources found

Being the closest related work available for testing,
we implemented a simple version of SET for com-
parison with our work. We measured the number of
sources found by both systems, as well as the number
of fingerprints required to be stored to keep the sys-
tem functioning. We used the second to last level of
our metadata structure (the 4KB-16KB range level)
as the metadata for SET. We used the first 30 or-
dered hashes from that level as the handprint. This
causes SET to detect files up to 5% similar.

We implemented a client that first inserted the
handprints of every file into a table. Then, for each
file, the client looked up the handprint from that
same table. We then compared the number of file
sources found against the results obtained with our
algorithm. Finally, we compared the space taken by
useful data from SET memory versus our own from
the Lookup Table.

We extracted the number of files that have at least
one chunk in common from our source results. 196
files did not have a single external redundant chunk,
and are not considered for this test. The remaining
760 files were analyzed, and the results are presented
in the figure 3.
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There are a large number of sources for files we
have detected that SET has not.

SET only detected 294 similar files out of the 760
files with shared similarity. SET failed to detect 50
files within the range of similarity it was supposed
to detect, mostly because the nodes in common were
detected at a lower range (1KB-4KB range). There
was no case SET detected we were unable to detect,
which was expected as determined before in the Sec-
tion 3.3. There was no case where SET detected the
same amount of sources our approach did.

From the graph, we can clearly distinguish between
two groups of results. One set of files shared between
400 to 300 file with some similarity. The second group
shares between 120 files to one file with some similar-
ity. The reason for this file division is due to the files
in the 400-300 range sharing a group of very common
chunks with each other (padding chunks).

4.3.2 Found sources

We began by calculating the maximum and mini-
mum similarity between files. To do this, we calcu-
lated the percentage of sources found for each chunk
when considering only one other file as the extra
source. We ignored whole-file copies for this evalu-
ation. The results are presented in the figure below:

As we can see in the upper graphic, most files that
had duplicate chunks never shared more than 5% of
their contents with another file, totaling 531 of the
753 files. Out of the remaining files, most files (127)
have more than 100% of themselves in common with
another file. What this means is that there is a file
out there that contains this file, with some internally
redundant chunks also shared by these files.

On the bottom graphic, we see that most files
shared less than 0.05% of their content with another
file. While this is very little, it still represents 500KB
of data on a 1GB file form an extra source. We can
also see that only 55 files had at least 1% or more
share content between them. This chart clearly shows
there is much similarity to be exploited on the very
small similarity range. These small pieces add up,
and the result is an increased availability as presented
in the next graphic.

Figure 5 tells us what is the total availability of a
file in our system. The majority of files (491 in total)
fall in the range between 100 and 150% availability,
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Figure 4: Maximum and minimum similarity between
any pair of files. The x axis represents a percentage
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with 80 files fitting in the 130 to 150% range. There
are 269 files with over 150% availability, with 218
files having more than double the availability from
different files using our system.

All the above results support the claims that there
is much redundancy between files in P2P networks,
and that much of that redundancy happens in very
small similarity ranges. The result also show that
adding all those small chunks together increases the
total availability of a file by a significant amounts.

4.3.3 Time and Message overhead

Another important aspect of our system is the time
it takes to lookup a chunk, and the overhead con-
sumed by that action. Our lookup test is the worst
case scenario, where the user looks up the entire tree.
This is not the typical, expected interaction.

Once again both functions show a stabilization of
the time and message overhead ratios as we reach files
with over 50 nodes. As such, we will examine the less
than 50 nodes case separately from the greater than
50 nodes case.
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Figure 5: Total Availability of a file, not counting
extra whole file sources

The full tree lookup takes, on the average case
for larger trees, 17% the time of the insertion,
0.17ms/node, with a maximum registered of 1.34 on
the top of the tree. The message overhead, however,
is much more spread out, although also smaller. The
reason for these wildly varying values is due to the
number of sources found, which can be much greater
than the number of nodes in a good run.

The following are the graphics that show the sys-
tem performance in the worst case.

Another important note is that the time it takes
to lookup a file is always increased if more sources
are found. It took little less than 8 minutes (455908
ms) to lookup the entire tree for the largest file, that
has a 1.04% extra sources. However, it took almost
double that (under 12 minutes, 701847ms) to lookup
the second largest file, that had 28.43% extra sources.

Overall both this and the Insertion Service tests
show that our system is more adequate for files with
more than 50 nodes, that is, files that are over 60KB
in size. These tests also show that the system is
capable of accurately identifying a large quantity of
sources for many common chunks, even across many
files that have little in common.

4.3.4 Space occupied

The total size of the node lookup table is 122MB in
disk, with only 28MB actually containing table infor-
mation. Considering the working set has 39 GB, this
means the ratio between data processed and space
occupied by the nodes was 0.07% at least, and 0.3%
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Figure 6: Time and Message size ratios for all original
files

at most.
The SET table was setup in memory, and took

about 5MB in Java’s virtual memory, with an esti-
mate 1MB of actual data content.

SET table had 20070 empty nodes out of 23765
total. These empty nodes are only potentially useful.

When balancing both solutions, ours offers greater
accuracy and ease of use in exchange for disk space.
SET is fast and small, but requires the user to down-
load large metadata files and find common chunks on
his own, and is not capable of identifying as many
sources as we do.

5 Conclusions

When we began this project, we started with a
simple question: ”Would it be possible to detect sim-
ilar data across BitTorrent and exploit that to find
additional sources?” We knew that whichever solu-
tion we brought up had to be capable of dealing with
the massive amount of information in the BitTorrent
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network, as well as be simple to use and accurate.
In the end, we proposed a novel approach com-

posed of a group of services: the insertion service,
that found and gathered the redundant data; the
lookup service, that provided the users the informa-
tion about the sources and was responsible for keep-
ing it stored; the maintenance service, responsible for
keeping the other two services in working order.

We also created our own type of metadata, a multi-
level fingerprint tree that brings together the benefits
of small chunk redundancy detection, yet can be dis-
tributed in a much smaller size to the users.

We implemented and evaluated a version of our
three services, as well as the metadata structure.

We have shown that it was capable of detecting
similarity between files even when the similarity was
as low as 0.01%. Our system detected at least as
many file sources as SET, finding between 10 to 100
times more file sources than SET. We also shown that
many files share very little in common, but adding
the common chunks together created a much larger
availability for the file. In over 1/3 of the tested files,
that availability increased by 50%.

Our lookup service spent 28MB in useful data re-
porting on 39GB of unique files, reporting nearly
498000 different nodes. It could reply to the client
in an average time of 0.1ms per node, spending an
average of 145 bytes of message overhead per node
accessed. The time taken to insert per node is close
to 1ms, and spends an average of 101 bytes overhead
per node.

All the above results obtained meet our require-
ments of a low overhead on the user, and implement-
ing the system in a way that could scale to the en-
tirety of BitTorrent.
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