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Abstract— Ongoing advancement in technology lead to ever-

increasing storage capacities. Several techniques based on 

delta-encoding and duplicate block suppression have been 

shown to reduce storage over-heads, with varying 

requirements for resources such as computation and memory. 

Data deduplication has gained increasing attention and 

Ongoing Popularity as a space efficient   approach in backup 

storage systems. Main challenges for centralized data 

deduplication is the capability of fingerprint-index search. 

We propose SiLo, a near-exact and salable deduplication 

system that professionally and complementary exploits 

similarity and locality of data streams to achieve high 

duplicate abstract—Data deduplication has gained increasing 

attention and popularity as a space-efficient approach in 

support elimination, throughput, and well balanced load at 

extremely low RAM overhead. The main scheme after SiLo 

is to representation and develop more similarity by grouping 

strongly correlated small files into a segment and segmenting 

large files, and to leverage the locality in the data stream by 

grouping contiguous segments into blocks to capture similar 

and duplicate data missed by the probabilistic similarity 

detection .By sensibly enhancing comparison through the 

development of locality and vice- verse. SiLo and employs a 

locality based stateless routing algorithm to paralleling and 

distribute data blocks to multiple backup nodes. SiLo is able 

to significantly reduce RAM usage for index look up, achieve 

the near-exact efficiency of duplicate elimination, a high 

deduplication throughput, and obtain load balance among 

backup nodes. 

Key words: Virtual Machine Storage Systems, Scalable 

Deduplication System 

I. INTRODUCTION 

Due to the explosive growth of the digital data, data 

deduplication has gained increasing attention for its space 

efficiency in backup storage systems. Data deduplication not 

only reduce the storage space requirements by eliminating 

redundant data [1], [2], [3], [4], [5], [6], [7] but also 

minimizes the network transmission of duplicate data in the 

network storage systems [8]. It splits files into multiple 

chunks that are each uniquely identified by a hash signature 

(e.g. MD5, SHA-1, and SHA-256), also called a 

fingerprint[1], [4]. It removes duplicate chunks by checking 

their fingerprint which avoids byte-by-bytecomparisions. 

Despite recent progress in data deduplication studies [4], [9], 

[10], many challenges remain, particularly in the petabyte-

scale deduplication based backup storage systems that are 

generally centralized. One of the main challenges is the 

scalability of fingerprint-index based search schemes [4]. 

Locality-based approaches exploit the inherent 

locality in a backup stream, which is widely used in state-of-

the-art deduplication systems such as DDFS [4], Sparse 

Indexing [9], and ChunkStash [11]. Mining this locality 

increases the RAM utilization and reduces the accesses to on-

disk index, thus alleviating the disk bottleneck. Similarity-

based approaches are designed to address the problem 

encountered by locality-based approaches in backup streams 

that either lack or have very weak locality (e.g., incremental 

backups). 

The main contributions of this paper include: 

 SiLo proposes a new similarity algorithm that groups 

many small correlated files into a segment and segments 

large files to expose more similarity and reduce the RAM 

usage for index-lookup. 

 SiLo mines the locality characteristics of data streams by 

grouping multiple contiguous segments into blocks to 

capture more similar and duplicate data missed by the 

probabilistic similarity detection and caching the 

recently accessed blocks in RAM to avoid frequent 

accesses to on-disk index. 

 The combined and complementary exploitation of these 

two backup-stream properties overcomes the 

shortcomings of existing approaches based on either 

property alone. 

 SiLo employs a locality based stateless routing algorithm 

to distribute data blocks to multiple backup nodes for 

parallel processing, according to the representative 

fingerprints of data blocks while preserving the data 

access locality on each backup node. 

 Results from experimental evaluation show that SiLo 

significantly improves the overall performance of 

deduplication by its judicious and joint exploitation of 

similarity & locality and outperforms two existing state-

of-the-art approaches, the similarity -based “Extreme 

Binning” and the locality-based “ChunkStash”, under 

various workloads. Storage load of SiLo is also shown to 

be well balanced while using 4 backup nodes in our 

evaluation. The rest of the paper is organized as follow. 

 
Fig. 1: 

II. BACKGROUND & MOTIVATION 

In this section, we first provide the necessary backgrounds for 

SiLo, and then motivate our work by analyzing the 

observations based on extensive experiments on locality- and 
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similarity-based deduplication accelerating approaches under 

real-world workloads. 

A. Deduplication Accelerating Approaches 

Chunk-based deduplication is the most widely used data 

reduction approach for secondary storage systems. Such a 

system breaks a file into contiguous chunks and eliminates 

duplicate chunks by identifying their secure hash digests 

(e.g., SHA-1) [8], [1]. presently, there are two general 

approach to acceleration  the index-look up of deduplication 

and alleviating the disk bottleneck, namely, the locality based 

and the similarity based methods. 

Locality based approaches. Locality in the context 

of data deduplication refers to the observation that similar or 

identical files, say, A, B, and C (thus their data chunks),in a 

backup stream appear in approximately the same order 

throughout multiple full backups with a very high probability 

[4], [13]. It also uses Bloom filters to quickly identify new 

(non-duplicate)chunks, which helps compensate for the cases 

where there is no or little locality. 

Similarity based approaches. The similarity here 

refers to the similarity characteristics of a file or a data stream, 

for example, the maximal or minimal value of the sets of 

chunk, that can fingerprints,be extracted to represent the file 

or the data stream [10]. 

B. Deduplication of Large and Small Files 

Our experimental observations, as well as intuition, suggest 

that the deduplication of large files can be very important 

while the deduplication of small files can be very time and 

RAM-space consuming. 

Large files. A typical file system contains many 

large files (e.g., 2MB) that only account for less than 20% of 

total number of files but occupy more than 80% of the total 

space [14], [7], such as VMware images and database files. 

Consider two sets S1 and S2, with H(S1) and H(S2) 

being the corresponding sets of the hashes of the elements of 

S1 and S2 respectively, where H is chosen uniformly and 

randomly from a min-wise independent family of 

permutations. Let min(S) denotes the smallest element of the 

set of integers S. Then: 

p
r[min(H(S1))=min(H(S2))]=

|S1∩S2|

|S1∪S2|

 

This probability can be increased by segmenting the large 

files and detecting the similarity of all the segments of the 

large files, as follows: 

pr[min(H(S1)) = min(H(S2))] =
|S1 ∩ S2|

|S1 ∪ S2|
≪ 

Pr[min(H(S11)) = min(H(S21)) ∪ …∪min(H(S2i))

= min(H(S2n)) 

= ⋃ Pr[min(H(S1i)) =
n
i=1 min(H(S2i))] 

= 1 −⋂Pr[min(H(S1i)) ≠ min(H(S2i))]

n

i=1

 

= 1 −∏(1 −
|S1i ∩ S2i|

|S1i ∪ S2i|
)

n

i=1

 

As files S1 and S2 are segmented into segments 

S11~S1n and S21~S2n respectively, similarity detection 

between S1 and S2 is determined by the union of the 

probabilities of similarity detection between S11S1n and 

S21S2n. Based on the above probability analysis, this 

segmenting approach will only fail in the worst case scenario 

where all the segments in file S1 are not similar to segments 

of file S2. 

1) Small files 

A file system typically contains a very large number of small 

files [14], [7]. Since the small files (e.g., 64KB) usually only 

take up less than 20% of the total space of a file system but 

account for more than 80% of the total number of files, the 

chunk-lookup index for small files will be disproportion ably 

large and likely for small files will be disproportion ably large 

and likely out of memory. Consequently, the inline 

deduplication [4], [9] of small files will tend to be very slow 

and inefficient. 

C. Similarity & Locality 

In this subsection, we further analyze the relationship 

between similarity and locality with respect to backup 

streams. Detailed definitions of segment and block in SiLo 

are given as follows: 

 A segment consists of several sequential chunks so as to 

expose and exploit the backup-stream similarity, whose 

implementation is presented in Section 3.2. We only 

place the similarity index (e.g., the minimal chunk-

fingerprint) of each segment in the RAM to reduce the 

RAM usage of fingerprint indexing. 

 A block is composed of several sequential segments so 

as to preserve and exploit the backup-stream locality, 

whose implementation is described in Section 3.3. We 

fully exploit the locality of recently accessed blocks by 

keeping their associated fingerprints in the RAM to 

minimize the accesses to on-disk index. 

According to aforementioned Broder’s Theorem 

[16], all of these similar files are grouped into the same bin 

can be computed as follows: 

Pr[min(H(S1)) = min(H(S2)) = ⋯ = min(H(Sn))] 

=
|S1 ∩ S2 ∩ …∩ Sn|

|S1 ∪ S2 ∪ …∪ S2|
=
|⋂ Si|

n
i=1

| ⋃ Si
n
i=1 |

≤
|S1 ∩ S2|

|S1 ∪ S2|
 

As a result, it can be speculated that the increasing 

similar files will be not put into the same bin, resulting in 

more duplicate data will be missed to be detected by the 

similarity approach [10]. Inspired by Bi modal Chunking 

[13], which shows that the backup stream locality can be 

mined to find more potentially duplicate data, we believe that 

such locality can also be mined to expose and thus detect 

more data similarity, a point well demonstrated by our 

experimental study in Section 4. 

The combined and complementary exploitation of 

similarity and locality can be computed as follows: 

DeDupSiLo(B1, B2) 

= Pr⋃ [min(H(S1i)) =
n
i=1 min(H(S2i))] 

= 1 −⋂Pr[min(H(S1i)) ≠ min(H(S2i))]

n

i=1

 

= 1 −∏(1 −
|S1i ∩ S2i|

|S1i ∪ S2i|
)

n

i=1

 

=1-∏ (n
i=1 1 −

|S1i∩S2i|

|S1i∪S2i|
) 
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=1-(1 − a)N(assumeallthe
|S1i∩S2i|

|S1i∪S2i|
= a)  2(a)), the 

expected value of duplicate elimination can be further 

calculated under the above assumption as: 

Esimi = ∫ (a)da =
1

2

1

0

 

E
siLo=∫ (1−(1−a)N)da

1
0 =

N

N+1

 

=
𝐵𝑙𝑜𝑐𝑘𝑠𝑖z𝑒/𝑆𝑒𝑔𝑠𝑖𝑧𝑒

𝐵𝑙𝑜𝑐𝑘𝑠𝑖𝑧𝑒

𝑆𝑒𝑔𝑠𝑖𝑧𝑒
+1

=
𝐵𝑙𝑜𝑐𝑘𝑠𝑖𝑧𝑒

𝐵𝑙𝑜𝑐𝑘𝑠𝑖𝑧𝑒+𝑆𝑒𝑔𝑠𝑖𝑧𝑒
 

Thus the larger the value N (i.e., the number of 

segments in a block), the more locality can be exploited 

indeduplication. ESimiis equal to ESiLowhen N = 1.SiLo 

removes more than 99% of duplicate data when N >99. Then 

SiLo could achieve the performance of 55 near-exact 

duplicate elimination with proper ratio of 

“BlockSize/SegSize” as shown in Figure 3 (a) while it only 

maintains hundreds of similarity indices in the RAM (i.e., 

segment size >1MB) to deduplicate a GB data with millions 

of chunks as depicted in Figure 3(b). 

III. DESIGN & IMPLEMENTATION 

In this section, we will first describe the architecture 

overview of SiLo. Then we give detailed description of its 

design and implementation algorithms. At the end of this 

section, we discuss the overall workflow of SiLo. 

A. System Architecture Overview 

SiLo is designed for large-scale and disk-inline backup 

storage systems since represent in Figure 4, the SiLo 

architecture consists of four key functional components, that 

is File Daemon (FD), Deduplication Server (DS),Storage 

Server (SS), and Backup Server (BS), which are distributed 

in the data centers to serve the backup requests. BS and DS 

reside in the metadata server (MDS) while FD is installed on 

each client machine that requires backup/restore services. 

File Daemon is a daemon program providing a 

functional interface (e.g., backup/restore) in users’ 

computers. It is responsible for collecting backup 

 
Fig. 4: The SiLo System Architecture 

 
Fig. 5: Data structures of the Deduplication Server. 

RepChunkID is the representative fingerprint of a segment 

and Chunk ID is the SHA-1 fingerprint of a chunk. 

 Backup Server is the manager of the backup system that 

globally manages all jobs of backup/restore and directs 

all File Agents and Storage Servers. It maintains a 

metadata database for administering all backup files’ 

information. 

 Deduplication Server is to store and look up all 

fingerprints of files and chunks. It is also responsible for 

distributing the data blocks to store to multiple backup 

nodes with a stateless routing algorithm. 

 Storage Server is the repository for backed-up data. SS 

in SiLo manages multiple Storage Nodes for scalability 

and provides fast, reliable, and safe backup/restore 

services. 

In this paper, we focus on Deduplication Server 

since it is the most likely performance bottleneck of the entire 

deduplication system. DS consists of Locality Hash Table 

(LHTable), Similarity Hash Table (SHTable), Write Buffer, 

and Read Cache. While SHTable and LHTable index 

segments and blocks, the similarity and locality units of SiLo 

respectively, the Write Buffer and Read Cache preserve the 

similarity and locality of backup streams, as shown. 

 
Fig. 6: Data Structures of the SiLo Similarity Algorithm 

B. Similarity Algorithm 

As mentioned in Section 2.3, SiLo improves deduplication 

index scalability by combined exploitation of similarity and 

locality. 

As a key contribution of SiLo, the SiLo similarity 

algorithm is implemented in File Daemon, which structures 

data from backup streams into segments after the processing 

of chunking and fingerprinting according to the following 

three principles. 

 P1. Fingerprint set of correlated small files in a backup 

stream (e.g., those under the same parent directory) are 

to be grouped into a segment. 

 P2. Fingerprint set of a large file in a backup stream is 

divided into several independent segments. 
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 P3. All segments are of approximately the same size 

(e.g., 2MB). 

Where, P1 aims to reduce the RAM overhead of 

index lookup; P2 helps expose more similarity characteristics 

of large files to eliminate more duplicate data; and P3 

simplifies the management of segments. 

C. Locality Approach 

As another main feature of SiLo, the SiLo locality algorithm 

groups several contiguous segments in a backup stream into 

a block and preserves their locality-layout on the disk. The 

methods and workflow of this locality algorithm are depicted 

in Figure 7. 

While the block is the minimal write/read unit of 

Write Buffer and Read Cache in the SiLo system, it serves to 

maximize the RAM utilization and reduce frequent accesses 

to on-disk index by retaining access locality of the backup 

stream. When SiLo reads the blocks from disk by the 

similarity detection, it it’s the recently accessed block into the 

Read Cache. 

D. Load Distribution 

To meet the requirement of increasing size of datasets and 

scale up the deduplication throughput, the system should 

distribute and parallelize backup streams to multiple storage 

nodes. Specifically, the representative fingerprints [10] 

 
Fig. 8: The locality-based Routing Algorithm of SiLo. 

E. SiLo Workflow 

To put things together and in perspective, Figure 9 shows the 

main workflow of SiLo deduplication processes. Files in the 

backup stream are first chunked, fingerprinted, and packed 

into segments by grouping strongly correlated small files and 

segmenting large files in the File Agent. For an input segment 

S new, SiLo goes through the following key steps: 

 

 
Fig. 9: The workflow of SiLo deduplication. In the cache 

 The duplicate chunks in Snew are detected and 

eliminated by checking the fingerprint sets of Snew with 

LHTable (fingerprints index) of Bbk in the cache. 

 If S new misses in SH Table, it is then checked against 

recently accessed blocks in the read cache for potentially 

similar segment (i.e., locality-enhanced similarity 

detection). 

 Then SiLo will construct input segments into blocks to 

retain access locality of the input backup stream. For an 

input block B new, SiLo does following: 

 The representative fingerprint of Bnew will be examined 

to determine the stored backup nodes of data block B 

new. 

 SiLo checks if the Write Buffer is full. If the Write Buffer 

is full, a block there is replaced in the FIFO order by B 

new and then written to the disk. 

IV. PERFORMANCE EVALUATIONS 

In this section, we first describe the experimental setup of 

performance evaluations on SiLo prototype implementation. 

Then, we examine several important design parameters of 

SiLo system to provide useful insights, and compare SiLo 

with two state-of-the-art approaches Extreme Binning and 

Chunk Stash in the key deduplication metrics of duplicate 

elimination, RAM usage, and throughput. At the end of this 

section, we discuss experimental results of SiLo’s load 

distribution algorithm. 

A. Experimental Setup 

 We conduct our performance evaluation of SiLo on a 

platform of standard server configuration to evaluate and 

compare the inline deduplication performances of SiLo, 

Chunk Stash, and Extreme Binning approaches running 

on a Linux environment. The hardware configuration 

includes a quad-core CPU running at 2.4GHz, with a 

4GB RAM, 2 gigabit network interface cards, and two 

500GB 7200rpm hard disks. 

 Inc-set is a subset of the trace reported by Tan et al.[18] 

and was collected from initial full backups and 

subsequent incremental backups of eight members in a 
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research group. There are 391 backups with a total of 

251GB data. Since the operation of incremental backup 

only backs up the modified and new files after the first 

full backup, Inc-set represents datasets with strong 

similarity but weak locality. 

 Linux-set, downloaded from the website [19], consists of 

900 versions from version 1.1.13 to 2.6.33,and represents 

the characteristics of small files. 

 Full-set1 consists of 380 full backups of 19 

researchers’PCs over 20 days, which is reported by Xing 

et al.[20]. Full-set1 represents the datasets with strong 

locality and strong similarity. 

 Full-set2 was collected from an engineering group 

consisting of 15 graduate students and was used in [6]. 

The students in this group ran full or incremental 

backups independently in a span of 31 days. Fullset2 also 

represents datasets with strong locality and strong 

similarity. 

Both Linux-set, Full-set1, and Full-set2 are used in 

previous  studies [10], [20], and [6] respectively to evaluate 

the performance of Extreme Binning, and our use of these 

datasets resulted in similar and consistent evaluation results 

with the published studies. 

B. A Sensitivity Study of SiLo 

SiLo’s performance is likely influenced by several important 

factors, including the segment size, the block size, and the 

cache size (measured by the number of blocks in cache). The 

frequently interactive nature of similarity and locality in SiLo 

dictates a good understanding of the relationship between 

locality and similarity before a thorough performance 

evaluation is carried out. 

On the other offer, the larger the block is (e.g., block 

size of 512MB), the more locality of the backup stream will 

be retained and captured, allowing SiLo to eliminate more 

than 97% of redundant data regardless of the segment size. 

 
Fig. 12: Throughput of deduplication indexing on five 

datasets as a function of the read cache size (i.e., the number 

of blocks). 

As the time-overhead of deduplication indexing, 

shown in Figure 11, clearly suggests, continuously decreasing 

the segment size or increasing the block size can become 

counterproductive after a certain point. From Figure 11, we 

further find that, for a fixed block size, the time overhead is 

inversely proportional to the segment size. 

Size of read cache. Figure 12 shows the 

deduplication throughput performance of SiLo with different 

number of blocks in the read cache under five datasets. 

Although the deduplication throughput will increase with the 

number of blocks in the read cache, it results in more RAM 

overhead to store the cached blocks. 

 
Fig. 13: Percentage of duplicate data eliminated as a 

function of different similarity degrees on the Linux-set by 

the similarity-only approach and locality-only approach 

respectively 

 
Fig. 14: Percentage of Duplicate Data Eliminated on four 

datasets by the similarity-only approach and locality-only 

approach respectively 

Locality enhanced similarity detection. Figure 13 

shows the duplicate data eliminated respectively by SiLo’s 

similarity approach and SiLo’s locality approach under 

different similarity degree on the Linux dataset. The missed 

portion of duplicate elimination is defined as the difference 

between the measure achieved by the exact deduplication and 

that by the SiLo approach.Therefore, the similarity-based 

deduplication efficiency 

C. Comparison Evaluations of SiLo 

This subsection presents evaluation results comparing SiLo 

with two other state-of-the-art deduplication systems, the 

similarity-based Extreme Binning system and the locality-

based ChunkStash system, by executing the five real-world 

traces described in Section 4.1 on these three systems. Note 

that in this evaluation SiLo assumes a block size of 256MB 

and a read-cache size of 10 blocks, while SiLo-2MB and 

SiLo-4MB represent SiLo with a segment size of 2MB and 

4MB respectively. 

1) Duplicate Elimination 

Figure 15 shows the duplicate removal performance of the 

three systems lower the five workloads. Since ChunkStash 

does the correct deduplication, it eliminates 100% of 

duplicate data. Compared with excessive Binning that 

eliminates 71%_99% of duplicate data in the five data sets, 

SiLo removes on 98.5%_99.9% of duplicate 
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Fig. 15: Comparison among ChunkStash, SiLo, and Extreme 

Binning in terms of percentage of duplicate data eliminated 

on the five datasets. 

 
Fig. 16: Comparisons among ChunkStash, SiLo, and 

Extreme Binning in terms of RAM usage (B: RAM required 

per MB backup data). 

Note that, while Extreme Binning eliminates about 

99% of duplicate data as expected in Linux-set, Fullset1 and 

Full-set2 that has strong similarity and locality,it fails to 

detect almost 30% of duplicate data in One set that has weak 

locality and similarity, and about 25% of duplicate data in 

Inc-set with weak locality but strong similarity. 

2) RAM Usage for Deduplication Indexing 

Figure 16 shows the RAM usage for deduplication among 

these three systems under the five workloads. while for Full-

set1 that has the highest deduplication factor, the smallest 

RAM space is required. 

The average RAM usage for ChunkStash is the 

highest among the three approaches, except for the Linux-set 

trace, as it does the exact deduplication that needs a large hash 

table in the memory to put all the indices of chunk 

fingerprints. In addition, according to the opensource code of 

Cuckoo Hash which is used in this paper for ChunkStash 

evaluation [22], it needs to allocate about two million slots in 

advance to support one million index entries. Note that using 

the variant of Cuckoo hash may incur a high load factor but 

still store at least 6 bytes for each new chunk in the 

ChunkStash system. 

The RAM usage of SiLo remains relatively stable 

with the change in average file size in the five traces and is 

inversely proportional to the deduplication factor of the traces 

as shown in Figure 16. 

 

 
Fig. 17: Comparison among ChunkStash, SiLo, and Extreme 

Binning in terms of deduplication throughput (MB/sec). 

3) Deduplication Throughput 

Figure 17 shows a comparison among the three approaches in 

terms of deduplication throughput, where the throughput is 

observed to more than double as the average chunk size 

changes from 5KB (e.g., Full- et2) to 10KB (e.g., One-set). 

ChunkStash achieves an average throughput of about 292 

MB/sec with a range of 24-65tr4 MB/sec on the five datasets. 

The frequency of accesses to on-disk index by chunkStash’s 

compact key signatures algorithm on the Cuckoo hash lookup 

tends to increase with the size of the dataset, thus adversely 

affecting the throughput. 

Therefore, compared with Extreme Binning and 

ChunkStash, SiLo is shown to provide robust and consistently 

good deduplication performance, achieving higher 

throughput, and near-exact duplicate elimination at a much 

lower RAM overhead. 

 
Fig. 18: Size of Deduplicated Data on Each Backup Node 

under Five Real-World Workloads When Using 4 Backup 

Nodes 

4) Load Distribution of SiLo 

This subsection presents evaluation results of SiLo’s locality 

based routing algorithm. Figure 18 shows how much 

deduplicated data is managed by each backup node on five 

datasets. The One-set is deduplicated to 530GB and then 

stored to four distributed backup nodes with size of 73GB, 

76GB, 79GB, and 69GB respectively. Other datasets show 

similar trends as the One-set. 

The results in Figure 18 show that the distribution of 

data-block to backup nodes is not uneven and achieves the 

performance of well-balanced load. 

V. RELATED WORK 

Data deduplication is an essential and critical component of 

backup/archiving storage systems. We briefly review the 

work that is most relevant to SiLo to put it in the appropriate 

perspective. Besides the above chunking approaches, a lot of 

efforts have been put into optimizing chunking 
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algorithms,such as Bimodal chunking [13], Two Threshold 

Two Denominators (TTTD) [24], etc. 

Recently, increasing attention has been paid to 

avoiding the fingerprint-lookup disk bottleneck and enabling 

more efficient, reliable, and scalable deduplication in mass 

storage systems [25], [10], [6], [7], [15]. DDFS [4] and Sparse 

Indexing [9] have been elaborated in Section 2.1 as two well-

known locality based deduplication approaches. 

As deduplication techniques are compute-intensive 

due to their tasks of Rabin-based chunking and 

securesignature based fingerprinting, hash calculations are 

increasingly recognized as a potential bottleneck in high 

performance deduplication systems. 

VI. CONCLUSION & FUTURE WORK 

To address the scalability of data deduplication and meet 

increasing size of data storage scale in mass storage system, 

we present SiLo, a similarity-locality based deduplication 

system that exploits both limilarity and locality in backup 

streams to achieve higher deduplication throughput, well 

balanced load, and nearcomplete duplicate elimination at an 

extremely lower RAM overhead than existing state-of-the-art 

approaches. 

Moreover, since the read/deletion operations are 

intuitively more frequent and important in primary storage 

deduplication [31], the research on read performance and 

garbage collection on the deduplicated data will be an 

important and promising research topic in deduplication 

based primary storage systems. 
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