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Abstract—As a space-efficient approach to data archive and
backup, data deduplication is becoming increasingly popular
in storage systems. However, as the data growing rapidly in
data centers, single-node storage node is no longer be able to
provide the corresponding throughput and capacities as expected.
Building deduplication clusters is considered as a promising
strategy to leverage such bottle-neck on single-node system.
However, deduplication relies on how much the system knows
about information of previous stored data. The single-node
system obviously obtains all such information and is able to
detect duplicate data there; however storage nodes in cluster-
based system cannot know information on other nodes. It is
nontrivial to route data intelligently enough so that the system
could support deduplication performance comparable to that of
a single-node system, while also at a trivial cost. In this paper,
we propose an elastic data routing strategy, aiming to achieve
deduplication performance comparable to state-of-the-art, while
require much less computation resources.

I. INTRODUCTION

To mitigate storage costs associated with backing up such
huge volumes of data, data deduplication is used. Data dedu-
plication identies and eliminates duplicate data. Storage space
requirements can be reduced by a factor of 10 to 20 or more
when backup data is deduplicated [1].

Generally, deduplication is put into two categories [2]: In-
line deduplication and Post-process deduplication. In the in-
line deduplication, hash calculations happen on the target
device as the data enters the device in real time. If the device
spots a block that is already stored on the system, it marks
such a block as duplicate and only saves its metadata. The
benefit of in-line deduplication over post-process deduplication
is that it requires less storage, as well as lighter networking
occupation. Therefore the mainstream of deduplication is in-
line deduplication and we only concern this situation.

To step further, deduplication is well understood for storage
systems installed in centralized single-node environments.
However, as the data grows rapidly, cluster-based storage
systems [3] become as the solution to remedy the capacity
limitation on single-node systems.

As known that in a centralized single-node environment, all
the incoming data arrives in a single storage point, which cer-
tainly offers it the ability of detecting duplicate data globally
by keeping a single index table. However, when the dedu-
plication system is set in a cluster-based environment, storage
breaks up into different locations, incoming data has to choose

one or several of them as the storage host. Inappropriate
selection will result in poor deduplication performance.
Therefore the challenge relies on the strategy of data routing
for deduplication. Simple interactions among all storage nodes
might bring unexpected overhead; also it’s unlikely that clients
can know storage information on nodes in advance. Work
from [4] proposed a brute-force data routing strategy which
is able to achieve a comparable deduplication performance to
single-node system, however with extremely high consumption
of computation resources. A 32-node system requires 96 GB
amount of memory on the master node for Bloom Filter. The
looks-up for 5-TB dataset can reach more than 20 billion. We
propose to derive an elastic data routing strategy, which is
able to provide comparable deduplication performance to the
state-of-the-art [4], however at a much lower cost.

II. ELASTIC DATA ROUTING STRATEGY

We hereby propose an elastic data routing strategy based
on the idea of exploration and exploitation [5]. Suppose there
are k storage nodes in the system, we distribute incoming
data to every storage node ¢ (: = 1,2,...k) for initial m
routing operations. (We tentatively consider incoming data as
unencrypted and uncompressed [6]). Such process will lead
storage nodes to receive more data than expected, but it’s
supposed to help identify proper routing destination in the
future process, also help identify more duplication due to extra
stored data. We’re still working on validation and optimization
of such process, currently we simply apply such m operations
at the start of data processing. After m'” operation, we choose
the node with the highest value of entry ((¢) in Data Routing
Index as the data receiver, if it is not overloaded. When a node
finishes processing incoming data, its statistics of amount of
total data received Z;Zl T;(j), duplication detected R;(t) as
well as storage usage U;(t) on each node till #*" operation will
be used to update the Data Routing Index on master node.

At the meantime, the load balance needs to be considered,
a few nodes are overloaded while the others stay idle will lead
to a high data skew. Using static threshold to simply exclude
nodes that are above such threshold value is effective [4].
We are still exploring a more adaptive way for dealing with
overloaded nodes in our approach, though currently we apply
this simple way to identify and exclude overloaded nodes.

117



INFOCOM'2014 Demo/Poster Session

We define the average storage usage of all nodes as pu(t),

i i Til)
u(t) = A
And use A to denote the overload threshold. The content of
entry slots in Data Routing Index as
Gt = =
> j=1 T;(4)

The details are also illustrated in Alg. 1. The main ad-
vantage of such a technique is the opportunity to incorporate
past deduplication performance and capacity balancing while
assigning segments to nodes. On the other hand, computation
or communication overhead is trivial, there are only k£ entry
slots in Data Routing Index!

Algorithm 1 Data Routing Strategy
for Incoming data segment Seg; do
if ¢t < m then
Send Seg; to all storage nodes
else
Check Data Routing Index
if Uz(t) < A- p(t) then
Send Seg; to the
arg max,e1. 4 (Co(t))
After storage node(s) finish processing Seg;
U;(t) and (;(t) are updated in Data Routing Index

node x, where x =

III. EVALUATION

Our dataset is 77.35GB in total, consisting of 4 virtual
machines, each of them contains wiki dump files [7], fMRI
dataset [8], Internet browsing history and system updates at
different amounts. We assume that each storage node has
enough physical space. We evaluate our solution, denoted as
Elastic, against the other two alternative approaches, Stateless
and Statefull, representing the state-of-the-art [4].

We use the RabinHashFunction64 library [9] to perform
the Rabin fingerprint used in the variable block deduplication.
The average chunk size is set to be 8 KB. We set the size
of segment, which is the basic data unit to be routed, as
16 MB. We deploy Stateless approach by simply using the
result of 160-bit hash value of the first chunk compared to
number of nodes. But implement Statefull as described in [4].
Fig. III shows the Normalized Effective Deduplication Ratio
of above three strategies. Effective Deduplication is defined as
the ratio of overall deduplication ratio divided by data skew, as
a measurement that encompasses both deduplication effective-
ness and storage balance. It reflects the overall deduplication
performance while every node consumes the same amount of
storage space. This is important because the whole cluster
performance degrades while data skew becomes large [10].

We can tell that our approach indeed over-performs State-
less approach, though cannot be always comparable to the
performance of Statefull. We argue that our approach is much
lightweight on the computation. In above example, EAD con-
ducts 58,168 times of Data Routing Index searching, however
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Fig. 1. Normalized Effective Deduplication Ratio Comparison for a 32-node
system. Overload threshold A = 1.05 and exploration times m = 1

the Statefull requires 260 million times of FP looks ups from
Bloom filter. Though such huge overhead could be relieved by
applying sampling technique, it may harm the performance,
especially for data which is lack of locality. Compared with
Stateless, which needs calculation on hash values, at most
32 times of index searching in EAD will not claim much
computational difference.

IV. CONCLUSION AND FUTURE WORK

In this work, we present the preliminary work for an
elastic data routing strategy, which is able to achieve higher
deduplication ratio than simple stateless data routing approach,
with almost the same overhead. However the formulation of
our strategy is till not complete, as we discussed in section II.
Besides, a wider scope of implementation on more scalable
amount of data is needed to validate its effectiveness.
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