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Performance of Generalized Deduplication Under
Different Input Conditions
Prasad Talasila, and Daniel Lucani, Senior Member, IEEE

Abstract—In the era of exponential growth in data, compres-
sion of data is needed to limit the growth in the required
storage space and supporting infrastructure. Recently, gener-
alized deduplication has been proposed as a better way of
performing data deduplication. We use Golomb Rice transform
for providing generalized deduplication. With this setup, we
evalute the performance of generalized deduplication under
different input conditions. The input conditions are modeled
using binomial, geometric, poisson and uniform distributions.
We derive the closed form expressions for pmf of the data
after generalized deduplication. For all the input conditions,
generalized deduplicaton transforms the input pmf into a new
pmf that is highly suitable for deduplication, reduces size of the
deduplication table, provides comparable compression gain for
fewer number of input chunks.

Index Terms—generalized deduplication, Golomb Rice, dedup-
lication table, random inputs, deduplication pmf

I. INTRODUCTION

The data deduplication is a crucial problem for computer
systems that handle highly similar data. These computer sys-
tems can be file systems, cloud storage services like Amazon
S3 or data sinks in resource-challenged wireless networks.
The existing solutions use exact matches between data chunks
to provide data deduplication. A chunk of data is stored
only once even if the chunk appears multiple times among
different input streams. A classic example is ZFS [?] which
stores similar chunks once. We categorize the deduplication
techniques that use exact chunk matching for deduplication as
classic deduplication (CD) techniques.

The CD techniques suffer from two main disadvantages.
The first disadvantage is their inability to deduplicate chunks
that are nearly similar but not exactly same; The second dis-
advantage is the large deduplication tables needed to perform
the deduplication task. Recently a new kind of deduplication
known as generalized deduplication has been proposed [1].
Generalized deduplication strives to separate a data chunk into
base which is highly recurring among the data blocks), and
deviation (which is highly variable across all the data blocks).

A crucial question that crops up is the ability of general-
ized deduplication techniques to provide superior performance
under different kinds of input conditions. The previous re-
search contributions evaluate the performance of generalized
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deduplication against existing data sets such as set of images,
open source operating system software distributions and open-
source Internet of Things (IoT) data. Such well-known yet
static data sets do not provide a thorough evaluation of the
deduplication performance of generalized deduplication. We
improve the performance evaluation by modeling the different
input conditions as the input data chunks whose probability
mass function (pmf) satisfy the binomial, geometric, poisson,
and uniform probability distributions. This approach subjects
the generalized deduplication schemes to synthetic data sets.
This idealized approach complements the previous perfor-
mance of generalized deduplication against existing data sets.

The main contributions of this paper are:
1) Demonstrate the superior performance of generalized

deduplication vis-a-vis classic deduplication for inputs
satisfying binomial, geometric, poisson and uniform
distributions.

2) Show that CD and GD transforms the probability mass
function (pmf) of binomial, geometric and poisson input
model into an exponential distribution. An exponential
pmf provide better deduplication performance vis-a-vis
non-exponential pmf.

3) Show that GD with Golomb Rice performs better than
classic deduplication in most cases. The parameters
considered for outperformance: (transformation of input
pmf, deduplication table size, compression gain, and
generation size).

One limitation of our approach is the use of Golomb Rice
for performing generalized deduplication. The performance
of generalized deduplication with other transform functions
such as Hamming and Reed-Solomon need to be evaluated.
Yet, we consider the general approach proposed in this paper
as a suitable evaluation technique for comparing different
transform functions used by the generalized deduplication.

The notations used in this paper are as follows.
CG = compression gain
f = number of files
k = length of deviation
m = length of base
N = number of input blocks
S = size of deduplication table
Si = size of index
Smd = meta data of a file in bytes

We organize the rest of the paper as follows. Section
II provides a brief overview of previous research results.
Section III provides theoretical analysis of pmf transformation
performed by generalized deduplication. Section IV details the
performance of GD vis-a-vis CD and Section V provides a
summary.
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TABLE I
A SUMMARY OF PROBABILITY MASS FUNCTIONS (PMF) AT DIFFERENT STAGES OF DEDUPLICATION.

Input Model Input pmf CD pmf
GD with GR

Base pmf Deviation pmf
p(h) p(Base = b) p(Deviation = d)

Binomial
(n
h

)
ph (1 − p)n−h

sort(p(h))

(b+1)a−1∑
h=b×a

(
n

h

)
ph (1 − p)n−h

c−1∑
i=0

(
n

d + ia

)
pd+ia (1 − p)n−(d+ia)

Geometric p(1 − p)h−1 (1 − p)b×a−1 [1 − (1 − p)a ] p(1 − p)d
[

1−(1−p)(c−1)a+1
1−(1−p)a

]
Poisson e−λλh

h!

(b+1)a−1∑
h=b×a

e−λλh

h!

c−1∑
i=0

e−λλd+ia

(d + ia)!

Uniform 1
2m+k

1
2m

1
2k

The notations used in the table are: a = 2k and c = 2m .
The range of valid values for bases and deviations are: 0 ⩽ b < 2m , 0 ⩽ d < 2k .

II. LITERATURE REVIEW

Generalized deduplication has been proposed as an im-
provement over classic deduplication [1], [2]. Generalized
deduplication uses a transform function to transform input
data chunks into two parts, namely base and deviation. So
far, Hamming, Reed-Solomn and Golomb-Rice have been
used as transform functions [1], [3]. The use of generalized
deduplication extends beyond storage systems; generalized
deduplication has been used for compression IoT and sensor
data [4], [5]. Thus generalized deduplication has proven to be
a viable approach for compressing different kinds of data.

Previously, researchers proposed a cluster-based data dedup-
lication and compared their system with other single-node
deduplication system [6]. The performance evaluation was
done using wikipedia and image datasets. They evaluate the
sensitivity of their deduplication strategy for various design
parameters using only static datasets [6]. If we use probabilis-
tic input models, then we can make the datasets dynamic and
thus make a more extensive evaluation of the sensitivity of a
deduplication strategy. Probabilistic input models help better
evaluate all the selective deduplication techniques that rely on
probabilistic methods to detect a duplicate chunk [7]–[9].

Probabilistic input models preserve privacy concerns of
datasets, work well as repeatable benchmarks for evaluation of
different deduplication techniques. This concern was the prime
motivation from database and machine learning researchers to
use synthetic datasets that are generated using probabilistic
methods [10]–[12].

In summary, all the previous approaches study the advantage
of generalized deduplication with specific data sets such as
collection of images or software packages. There is a strong
need to evaluate the performance of any deduplication system
against the standard probabilistic input models.

III. TRANSFORMATION OF INPUT PROBABILITY
DISTRIBUTIONS

In this section, we explore the transformation of input pmf
when subjected to generalized deduplication using Golomb
Rice (GR) code [13]. GR code is a prefix code which can

separate a dataword into two parts – pivot and deviation. For
the generalized deduplication task, we adopt the GR code
equation as follows.

dataword = base × 2k + deviation (1)

A. Probability distributions of Base and Deviation

We consider geometric, uniform and gaussian probability
distributions for modeling the input sources.

Theorem 1 (GR transformation of geometric distribution):

Golomb Rice code transforms the datawords having geometric
distribution into base and deviation that also satisfy geometric
distribution.

Proof: The probability mass function (PMF) of the geo-
metric distribution is given by Equation 2.

P(X = h) = (1 − p)h−1p (2)

The Golomb Rice code for deduplication is represented by
Equation 1. The set of datawords that produce different bases
are given by the following equations.

Xb={The set of datawords that produce the base b}
={dw ∈ Input such that b × 2k ⩽ dw < (b + 1)2k }

The probability of occurrence for a base pi, P(base = pi)
is given by the following equation.

P(Base = b) =
(b+1)2k−1∑
h=b×2k

p(1 − p)h−1

Let a = 2k ⇒ P(Base = b) =
(b+1)a−1∑
h=b×a

p(1 − p)h−1

= p(1 − p)b×a−1 + p(1 − p)b×a + p(1 − p)b×a+1 + . . .

+ p(1 − p)b(a+1)−2

= p(1 − p)pi×a−1
[
1 + (1 − p) + · · · + (1 − p)a−1

]
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(b) The pmf of classic and generalized deduplication schemes. The pmf of
generalized deduplication overlaps for both cases.

Fig. 1. The transformation of input probability mass function (pmf) for the classic and generalized deduplication for binomial distribution. The figures have
been generated using the theoretical formulae shown in Table I.

∴ P(Base = b) = (1 − p)b×a−1 [
1 − (1 − p)a

]
(3)

P(Base = b + 1)
P(Base = b) = (1 − p)a with a = 2k

Therefore, the probability distribution of bases follows geo-
metric distribution.

The set of datawords that produce different deviations are
given by the following equations.

Xd={The set of datawords that produce the deviation d}
={dw ∈ Input such that dw mod 2k = d}

The probability of occurrence for a deviation d,
P(Deviation = d) is given by the following equation.

P(Deviation = d)=
∑
x∈Xd

P(dw = x)

=
∑
x∈Xd

P(dw = x)

= P(dw = d) + P(dw = 2k + d)
+ P(dw = 2 × 2k + d) + · · · + P(dw = (2m − 1)2k + d)
= P(dw = d) + P(dw = a + d) + P(dw = 2a + d) + . . .
+ P(dw = (2m − 1)a + d) (let a = 2k and c = 2m)
= p(1 − p)d + p(1 − p)a+d + p(1 − p)2a+d + . . .
+ p(1 − p)(c−1)a+d

= p(1 − p)d
[
1 + (1 − p)a + (1 − p)2a + · · · + (1 − p)(c−1)a

]
∴ P(Deviation = d) = p(1 − p)d

[
1 − (1 − p)(c−1)a + 1

1 − (1 − p)a

]
(4)

where a = 2k and c = 2m
P(Deviation = d + 1)

P(Deviation = d) = (1 − p)

Therefore, the probability distribution of deviations follows
geometric distribution.

Similar analysis on the pmfs of binomial, poisson and
uniform distributions produce the equations shown in Table
I.

The theoretical graphs of pmf for native, CD and GD are
shown in Figure 1. For the sake of brevity, only the binomial
graphs are shown in this paper. Same conclusion can be
drawn from comparing the graphs of geometric, poisson and
uniform distributions. One clear observation is the influence
of deduplication on the pmf. The process of deduplication
rearranges the pmf in the descending order of probability of
occurrence for the input chunks. This phenomenon can be
clearly seen when we compare Figure 1a with 1b. The classic
deduplication transforms the bell-shaped pmf graph of native
binomial distribution into a form of exponential distribution.
Since the generalized deduplication generated fewer bases for
many input chunks, the number of chunks and their pmf
are going to be more rapidly decaying form of exponential
distribution. For the distribution values selected, we get only
two bases for binomial distribution.

IV. PERFORMANCE EVALUATION

We analyze the performance of generalized deduplication
vis-a-vis classic deduplication for binomial, geometric, pois-
son and uniform distributions. To properly analyze the per-
formance of generalized deduplication for each probability
distribution, we select a range of distribution parameters. The
selected parameters for the four probability distributions are
listed in Table II. For all the numerical experiments, we use
a block size (m) of 1024 bytes, metadata size (Smd) of 40
bytes, base index size (Si) of 2 bytes, number of files ( f ) to
be one. We experiment over different number of input blocks
(N = 1 to 108).

We show the superior performance of generalized dedup-
lication based on four key metrics, namely transformation of
pmf, compression gain, deduplication table size and generation
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TABLE II
A SUMMARY OF THE PROBABILITY MASS FUNCTIONS (PMF) OF PROBABILITY DISTRIBUTIONS USED FOR ASSESSING THE DEDUPLICATION

PERFORMANCE.

Input Model Input pmf Parameters Used

Binomial
(n
h

)
ph (1 − p)n−h n = 10 to 9 × 105 and p = 0.1 to 0.9

Geometric p(1 − p)h−1 p = 10−5 to 1

Poisson e−λλh

h! λ = 1 to 100

Uniform 1
2m+k

p = 10−3, 10−5

Other Parameters N = 1 to 108,m = 1024, k = 8
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Fig. 2. The transformation of input probability mass function (pmf) for the classic and generalized deduplication for different probability models.

size. A definition and detailed explanation of the performance
metrics are given in the respective sub-sections.

A. Transformation of pmf

The theoretical and experimental graph of pmf for bases
generated in CD and GD with GR match with the experimental
results. The experimental graphs are shown in Figure 2.
As expected, CD rearranges the pmf; GD compresses and
concentrates the pmf to fewer bases. This observation is true
for all the four probability distributions.

B. Table Size

Table size – short for deduplication table size – is an impor-
tant metric for both CD and GD. Table size will determine the
low latency storage requirements for deduplication schemes.
For instance, ZFS uses RAM to store the deduplication table.
Thus having small tables lends to lower memory utilization.
For the range of parameters shown in Table II, Figure 3 shows
the table sizes for both CD and GD. The mean values for the
range of parameters are shown as well. Clearly GD produces
smaller table sizes for a range of input parameters. In fact,

table size of GD is order of magnitude lower than the table size
of CD. For the sake of brevity, we show the table size plots for
binomial and uniform distributions, but the overall conclusion
remains the same for all the four probability distributions.

C. Compression Gain

Compression gain is defined as a ratio of the uncompressed
storage size to that of the compressed storage size. The
compression gain achieved both by CD and GD for a range
of input parameters is shown in Figure 4. Due to lower table
size, GD provides a higher compression gain for all N < 104.
For 104 < N < 108, the compression gain of GD is about
15% lower than that of CD. Both CD and GD have an upper
limit on the achievable compression gain. In the case of CD,
the upper limit for compression gain is controlled primarily by
the size of data block(m). In the case of GD, this upper limit
for compression gain is reached controlled by both block size
(m) and index size (Si). In the current performance evaluation,
we use an index size of 2 bytes for m = 1024 bytes. If the
same index size is used for larger blocks, say m = 1MB, then
the upper limit for compression gain goes even higher than
that of CD.
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Fig. 3. The size of deduplication table for the classic and generalized deduplication for a range of parameters of different probability models.

5x10−1

100

101

102

3x102

103

100 102 104 106 108

Number of input chunks (N)

C
om

pr
es

si
on

 g
ai

n 
(C

G
)

CD
GD with GR

meanCGCD

meanCGGD with GR

(a) Binomial distribution.

Classic

5x10−1
100

101

102

3x102

103

100 102 104 106 108

GD with GR

5x10−1
100

101

102

3x102

103

100 102 104 106 108

Number of input blocks (N)

C
om

pr
es

si
on

 g
ai

n 
(C

G
)

(b) Uniform distribution.

Fig. 4. The compression gain of classic and generalized deduplication for a range of parameters of different proability models.

D. Generation Size

We define the generation size as the number of input blocks
(N) required to achieve a certain compression gain with respect
to different parameters of the input models. Figure 5 shows
both the range and median generation size plots for CD and
GD schemes for a compression gain of 100. For all parameters
of all the four probability distributions, the generation size of
GD is at least an order of magnitude less than that of CD.
Hence, GD needs fewer blocks to achieve a certain compres-
sion gain. Of course, after we hit the limits of compression
gain for GD, CD may provide higher compression gain by
a maximum of 15%, but as discussed in Section IV-C, we
can increase the higher limit of compression gain for CD by
amortizing the cost of index for larger chunks.

V. CONCLUSIONS

In this paper, we assess the performance of classic dedup-
lication (CD) and generalized deduplication (GD) for different
input models. We use the standard probability models of
binomial, geometric, poisson and uniform distributions to
model different inputs. We use Golomb Rice codes to provide
generalized deduplication. The performance assessment of
both CD and GD is done based on four metrics: transformation
of probability mass function (pmf), deduplication table size,
compression gain and generation size. We show that both CD
and GD perform a transformation of the input pmf into a form
that is more amenable to data deduplication. In particular,
GD compresses the input pmf to fewer bases and enhances
the probability of all the bases. Thus when we compare CD
and GD, GD transforms the input pmf into a more suitable
form for data deduplication. When compared with CD, GD
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Fig. 5. The generation size (number of input blocks required for attaining a compression gain of 100) for the classic and generalized deduplication for
variations in the parameters of the probability model.

reduces the deduplication table size by an order of magnitude.
Similarly, GD achieves higher compression gain vis-a-vis CD
upto N < 104 blocks. GD also achieves a certain compression
gain with fewer blocks (generation size) when compared with
CD. All in all, GD provides a better alternative to CD for the
purposes of data deduplication.
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