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1 | INTRODUCTION

| Fang Wang! | MaiZheng? | Yuchong Hu! | Dan Feng!

Abstract

Data deduplication is a widely used technique to remove duplicate data to reduce
the storage overhead. However, deduplication typically cannot eliminate the redun-
dancy among nonidentical but similar data chunks. To reduce the storage overhead
further, delta compression is often applied to compress the post-deduplication data.
While the two techniques are effective in saving storage space, they introduce com-
plex references among data chunks, which inevitably undermines the system relia-
bility and introduces fragmentation that may degrade the restore performance. In
this paper, we observe that the delta compressed chunks (DCCs) are much smaller
than regular chunks (non-DCCs). Also, most fragmentation caused by the base chunk
of DCCs remain fragmented in consecutive backups. Based on these observations,
we introduce a framework called RepEC*, which combines replication and erasure
coding and uses History-aware Delta Selection to ensure high reliability and restore
performance. Specifically, RepEC" uses a delta-utilization-aware filter and a coop-
erative cache scheme (CCS) to maintain cache locality and avoid unnecessary con-
tainer reads, respectively. Moreover, the system selectively performs delta compres-
sion by historical information to avoid cyclic fragmentation in consecutive backups.
Experimental results based on four real-world datasets demonstrate that RepEC*
significantly improves the restore performance by 58.3%-76.7% with a low storage
overhead.

KEYWORDS
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With the explosive growth of digital data in recent years, the demand for storage space has been ever-increasing. For instance, International Data
Corporation (IDC) reports that the amount of digital data distributed in the whole world has increased rapidly, and will reach 175ZB by 2025.1
Consequently, how to store the huge volume of data efficiently becomes an increasingly challenging problem, especially for distributed storage
systems that need to manage large-scale datasets.

To address the challenge, data deduplication has been proposed to eliminate redundant data in distributed storage systems.?® A typical

chunk-level deduplication process divides an incoming data stream into fixed-size or variable-length chunks,** and identifies unique chunks by
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TABLE 1 Usage of deduplication and delta compression
in five representative storage systems. “Yes” means the
technique is used in the corresponding system

Systems Deduplication Delta compression
LBFS?0 Yes -

SIDC11, 1t Yes Yes

Neptunel? Yes Yes

QuickSync?3 Yes Yes

Dropbox!4 Yes Yes

examining chunk fingerprints. A chunk fingerprint is a fixed-length message digest of the chunk content, which is calculated using cryptographic
functions (e.g., SHA1 or MD5). All fingerprints are stored in a fingerprint index store.® During the backup procedure, the fingerprint of every
incoming chunk is compared with the fingerprints stored in the fingerprint index previously. If a match is found, the incoming chunk is consid-
ered to be duplicate and thus will not be physically stored. Otherwise, the chunk is unique and will be written to a currently open storage unit
called “container.” During the restore procedure, containers are read from storage nodes to a restore cache to provide the required chunks of a
file.” Such deduplication technique can eliminate duplicate chunks effectively. However, it cannot handle the redundancy among nonduplicate but
similar chunks.®?

To address the limitation, practical backup storage systems often integrate delta compression with deduplication to further reduce the storage
overhead.'*1° Specifically, after the chunk-level deduplication, delta compression detects whether there is any matched string between the incom-
ing nonduplicate chunk and the chunks that are already stored in the system. If so, the incoming nonduplicate chunk has a similar chunkin the system.
In this case, the nonduplicate chunk and its corresponding similar chunk are encoded to generate a difference called delta compressed chunk (DCC).
The corresponding similar chunk is called the base chunk of the nonduplicate chunk. By definition, both the base chunk and the DCC are required
to restore the nonduplicate chunk. Such a combination of deduplication and delta compression has been widely deployed in state-of-the-art sys-
tems. As shown in Table 1, four out of the five representative storage systems use both deduplication and delta compression together to minimize
the storage footprint.1"14

However, applying delta compression to a deduplicated storage system introduces additional complexity that may affect the system reliability
negatively.’® For example, due to the DCCs created by delta compression, the dependencies between chunks and files include not only “share” (i.e.,
multiple files sharing the same chunk) but also “reference” (i.e., a chunk being referenced by another chunk). When a chunk of afile is lost, all other
files that share or refer to the lost chunk are in danger due to the complicated “share” and “reference” relationship.

To ensure the reliability, existing work use either replication!” or erasure coding®2° to redundantly distribute data across multiple nodes, trad-
ing off storage space for reliability. Different from existing approaches which are agnostic to deduplication and delta compression, we observe that
DCCs are much smaller than non-DCCs in typical deduplicated and delta compressed systems. Based on such observation, we propose a hybrid
reliability scheme (HRS) that stores DCCs with replication for high performance and stores non-DCCs with erasure codes for less storage overhead.

While the hybrid scheme makes sense intuitively, it results in an inefficient cache problem that consists of two subproblems, namely cache locality
problem and cache miss read. These need to be addressed properly in order to make the hybrid scheme practical:

First, the random placement of DCC replicas in containers may hurt the cache locality during the failure recovery. To restore a lost DCC, it is
necessary to read the container that hosts the DCCs replica. Because DCCs and non-DCCs are mixed in the container, not all chunks loaded to the
restore cache are useful for recovering the lost DCC, which leads to poor cache usage and thus affects the recovery performance.

Second, the separation of the decoding cache and the restore cache may lead to unnecessary read operations. In a typical deduplicated and
delta compressed storage system, the decoding recovery and the file restore are two separate procedures supported by the decoding cache and the
restore cache, respectively. Correspondingly, the same container may need to be read to the two caches repeatedly during the recovery, which hurts
the performance.

To address challenges, we propose RepEC™, an efficient hybrid reliability mechanism to provide efficient storage and high restore performance
for deduplicated and delta compressed storage systems. Specifically, to address the cache locality problem, we utilize a delta-utilization-aware filter
to select and store containers with replication based on the DCCs percentage of the containers, which enables maintaining the cache locality. To
address the cache miss read, we use a cooperative cache which integrates the information of a decoding cache into a restore cache during the
recovery. In doing so, the cache locality is improved further, and the number of container reads is reduced significantly.

In addition, we observe that both deduplication and delta compression may incur fragmentation problems, which may degrade the restore
performance seriously. While existing rewriting algorithms (e.g., CBR,2! CAR?? History-Aware Rewriting Algorithm (HAR)?3) may alleviate the

fragmentation caused by deduplication, they cannot handle the fragmentation stemming from the base chunks of DCCs. To address this problem, we
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design a technique called History-aware Delta Selection (RepEC-HDS), which exploits historical information to selectively perform delta compres-
sion between two similar chunks. Experimental results show that RepEC-HDS improves the restore performance further with negligible impact on
redundancy elimination.

In summary, the main contributions of this paper are as follows:

(1) We observe that DCCs are much smaller than non-DCCs in typical deduplicated and delta compressed storage systems. We also reveal that
most fragmentation caused by the base chunk of DCCs remain fragmented in consecutive backups(detailed in Section 2).

(2) We propose an efficient hybrid reliability mechanism called RepEC*, which introduces a delta-utilization-aware filter to select and replicate
proper containers based on the percentage of DCCs in the containers. Moreover, RepEC" employs a cooperative cache to enable a restore
cache to share the containers from a decoding cache.

(3) We develop a RepEC-HDS scheme which further improves the restore performance.

(4) Our experimental results show that, compared with the existing reliability schemes, RepEC™ significantly improves the restore performance
by 58.3%-76.7% with a low storage overhead.

The rest of this paper is organized as follows. Section 2 presents the background, motivation and and related work of our research. Section 3
elaborates on the architectural design and implementation of our RepEC* scheme. Section 4 presents experimental evaluations with four datasets.

Section 5 concludes the paper.

2 | BACKGROUND, MOTIVATION, AND RELATED WORK

In this section, we discuss the background of deduplication and delta compression, reliability, fragmentation and give motivation to present the

problem of our research. We also discuss related work in the corresponding subsections to further motivate our work.

2.1 | Deduplication and delta compression

Data deduplication is an important compression technology to save storage space by removing duplicate chunks in modern backup systems.?42>
A typical deduplication process begins with dividing an inputting data stream to relatively small fixed-size or variable size data chunks,®> and then
computes each chunk’s fingerprint using cryptographic hash algorithms (e.g., SHA-1, SHA-256, MD5)7 to distinguish the uniqueness of chunks. If
any of fingerprints is matched with previously stored fingerprints in the storage systems, the chunk is deemed to be duplicate. Otherwise, it is a
unique chunk and needs to be stored in the systems. Meister et al.2¢ make a detailed study on four HPC centers and adopt deduplication to improve
the storage utilization. Wallace et al.?’” achieve high deduplication efficiency by analyzing statistics and content metadata collected from a large set
of EMC Data Domain backup systems. Sun et al.28 analyze several snapshots of each individual user, and find that we can group users together to
maximize deduplication.

Delta compression is another compression technology to remove non-redundant but similar data to further reduce the storage space.?? Some
systems, such as Neptune, SIDC and Quicksync, adopt deduplication and delta compression to improve the storage utilization. Neptune? proposes
aremote backup framework that uses local deduplication and approximate delta compression to implement the data reduction, thus reducing the
remote communication overheads. SIDC!! deploys stream-informed delta compression based on the deduplication. Quicksync!?® adaptively selects
the deduplication strategy according to network-aware chunker, implements delta encoding and designs a batched syncer to improve the sync effi-
ciency for the mobile cloud. In addition to the above systems, Dropbox!4 as a commercial cloud service has the capability of deduplication and delta
compression. In this work, we use the Xdelta compression algorithm. Assume that chunk A is similar to chunk B, Xdelta®® uses the COPY/INSERT
instructions to generate the difference which is called the “delta” between chunk A and chunk B. Chunk B is referred to as the base chunk of
Chunk A. Even though the storage system does not store the content of Chunk A, Chunk A can be easily restored by decoding the delta and its
base Chunk B.

2.2 | Reliability scheme

The deduplication-based storage system reduces storage space by storing one copy of redundant data at a potential risk of reducing reliability.'® To
improve reliability, replication-based scheme and erasure codes have been proposed. Replication-based scheme aims to retain several copies of each
data chunk in the deduplication-based storage systems.!” This method provides high reliability and good restore performance in the events of fail-
ures, but it introduces significant storage overheads, for example, in a three-way replication system, it consumes three times storage space. Hence,
replication-based scheme is not space-efficient for the large-scale storage systems. Compared with replication, erasure code is more space-efficient
and is commonly used to ensure data reliability.282° R-ADMAD*8 exploits ECC codes to encode the fix-sized objects and distributes them across
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the storage nodes. DAC3! exploits the data reference characteristic to combine replication and erasure coding schemes in the cloud storage sys-
tems. Xiao et al.32 propose CodePlugin to research how to efficiently integrate the inline deduplication technology into the erasure coding in the
cloud environment. Wu et al.3% propose a PFP scheme to compute the parity for a group of chunks or a file to provide redundancy protection for
all files in order to improve the reliability of deduplication-based storage systems. Rozier et al.%* put forward a framework to analyze the reliabil-
ity of deduplication-based storage systems. Based on the observation of redundancy characteristics, Fu et al.®> propose a simulation framework
and reliability metrics to analyze storage system reliability with and without deduplication. Li et al.2° present and analyze the combination of dedu-
plication and erasure coding to evaluate the key-value store system reliability. We take an (k,m) erasure code for example. First, we divide data
into k data chunks and then encode them to generate mparity chunks ((k+m) = n total chunks). The set of these n chunks stored in n storage
nodes is called a stripe. If any of the n nodes fail in the deduplication-based storage systems, the containers belonging to the failed node become
unavailable. To recover a container on a failed node requires to read a total of k data and parity containers from the same stripe, degrading restore
performance.

The augmentation of delta compression to deduplicated storage systems increases the probability of data failure, as the loss of a chunk not
only affects files sharing the lost chunk, but also damages the chunks whose base chunk is the lost chunk. This is because the relationship between
chunks or files contains not only “share” but also “reference” in the deduplicated and delta compressed storage system. Figure 1 gives an illustrative
example to show the relationship between multiple files. In the figure, both files 1 and 2 share chunk B. In the deduplication-based systems, if chunk
B is lost, we cannot restore files 1 and 2 because they share the same chunk B. However, in the deduplicated and delta compressed systems, if the
chunk B is lost, all three files cannot be restored. It is mainly because chunk B* in file 3 is similar to chunk B in file 2. Thus, the relationship between
chunk B and B* is referred to as “reference.” Based on the above analysis, we can see that ensuring data reliability is critical for deduplicated and
delta-compressed storage systems. Thus, we need a carefully designed mechanism to ensure data reliability in deduplicated and delta-compressed
storage systems.

Different from the storage objects of deduplication-based storage systems, the deduplicated and delta compressed storage system has two
types of chunks. One is DCC, and the other is non-DCC (we call regular chunk in this paper). As delta compression eliminates redundancy at finer
granularities than data deduplication (i.e., byte level vs. chunk level), we observe that delta compressed chunks are far smaller than regular chunks.
To illustrate the characteristic of two types of chunks, we use three datasets (detailed in Section 4.1) to evaluate the average DCC size and regular
chunk size. Figure 2 shows the result. In Linux, GCC, and RDB datasets, the DCCs are smaller than regular chunks by 18x, 9%, and 5x on average,
respectively. Intuitively, to ensure data reliability, the replication of DCCs can provide higher restore performance at the cost of minimal storage
overhead than that of regular chunks.

Tofurther investigate the characteristics of data chunks, we calculate the chunk count and the storage space occupied by each backupin Figure 3.
For the Linux, we observe that DCCs and regular chunks, respectively, account for 93% and 7% of the total chunk count in the deduplicated and
delta compressed storage systems. However, in Figure 3A, we observe that only a small number of regular chunks almost account for the same
storage space as the DCCs. For the GCC, 25% regular chunks occupy about 75% of total storage space. These results suggest that a very small

Fiel |[A|[B|C|D[E[F[G|[H]|1]

File2 [A|O|B|F|G|E*[H[M][N|

File3 [AJO|P[B*|G|L[Q]|R][H*]

FIGURE 1 Therelationship between multiple files
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GCC;(C)RDB



ZUOETAL.

WILEY—|5¢e20

77 DCC= Regular chunk 100 71 DCC=— Regular chunk

g 60k = 80

> <

g E 60

£ 40} 3

< “< 40t

h E]

£ 20f S

=4 L

> 20 ‘

Linux GCC RDB Linux GCC RDB
Datasets Datasets
(A) Storage capacity (B) Chunk count

FIGURE 3 The percentage of delta compressed chunks and regular chunks in terms of storage capacity and chunk count for the three
datasets. (A) Storage capacity; (B) Chunk count

number of large chunks (e.g., regular chunks) occupy large percentage of storage space, while the large number of small DCC chunks only takes
small amount of storage space. Motivated by above observations, one naive solution is to design a hybrid reliability mechanism that uses replication
method to replicate DCCs and erasure code to encode regular chunks to guarantee system reliability. However, such reliability solution results in

the restore performance degradation, which is caused by inefficient cache and fragmentation problems. We will discuss these two problems in the
next section.

2.3 | Inefficient cache problem

Inefficient cache problem has two sources. One is cache locality problem, the other is cache miss read. Next, we will conduct an in-depth discussion
for this problem.

(1) Cache locality problem: The random placement of DCC replicas in containers may harm the restore cache locality during the failure recovery.
Figure 4 gives an illustrative example of a deduplicated and delta compressed storage system using (3,1) erasure code. As shown in the figure, both
Files 1 and 2 contain nine chunks. After duplicating File 1, its nine unique chunks are stored in containers C0,C1,and C2 on node0, node1, and node2,
respectively. In an erasure coding scheme, we encode three containers to form 1 parity chunk PO, and then distribute the three data containers and
the resultant parity container to four nodes in a round-robin way. As illustrated in Figure 4, File 2 has four unique chunks (i.e., J, K, M, N) and two
similar blocks (i.e., A% D*) to File 1, which are stored in containers C3 and C4 in the next stripe. Ina HRS, since chunk A; and D, are small delta encoded
chunks, we make replicas of them in container C4 as shown in Figure 4B. When node1 fails, we can read the container C4 to directly obtain A, to
restore the chunk A* of file 2. However, we find that the read of C4 is not cost-efficient. This is because chunks M and N will be not used recently

except for obtaining a copy of A, in container C4, which destroys the cache locality. (2) Cache miss read: The separation of the decoding cache and

Filel [A[BJC[DJEJF |G |[H][TI]

File2 [A*| J ]| K[|D*| E|F [G][|[M]|N |

nodeO nodel node?2 node3

COoO | ABC Cl| DEF C2| GHI PO

P1 C3 |AJK Dy| C4 M N

(A) An (3,1) erasure coding scheme
nodeO nodel node?2 node3

COoO | ABC Cl| DEF C2| GHI PO

P1 C3 |AJTJK Dy| C4 [AD:M N

(B) A hybrid reliability scheme

FIGURE 4 The placement of delta compressed chunks’ copies impairs cache locality. Cx denotes a container and a character denotes a
Chunk. A character with a subscripted “d” refers to a delta encoded chunk. (A) An (3.1) erasure coding scheme; (B) A hybrid reliability scheme
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the restore cache may lead to unnecessary read operations. In a typical deduplicated and delta compressed storage system, the decoding recovery
and the file restore are two separate procedures supported by the decoding cache and the restore cache, respectively. This is because multiple
containers from the same stripe are read to the decoding cache during the decoding recovery, while multiple containers from different stripes are
read to the restore cache during the file recovery. As a result, the container reads for the two processes might be overlapped, which hurts the restore
performance.

24 | Fragmentation problem

Data reduction technologies, such as data deduplication and delta compression, cause fragmentation problem.??? Figure 5 shows how the frag-
mentation arises in deduplicated and delta-compressed storage systems. File 1 has no duplicate chunks and thus 10 unique chunks are stored
in the containers C1 and C2. File 2 contains four duplicate chunks and two similar chunks. After backing up File 2 is finished, only four unique
chunks and two DCCs are stored in the container C3 because duplicate chunks has been stored in the first 2 containers and will not be stored.
Likewise, after backing up File 3, unique chunks O, R R, S and DCCs B, G,, Ky are stored in the container C4. We note that all chunks of File
1 are aggregated in the previous containers C1 and C2, but the chunks of File 3 are scattered across four containers. As the number of back-
ups increases, the chunks of later files are scattered across more and more containers. This phenomenon is known as fragmentation problem.
As shown in Figure 5, the recovery of File 3 needs to read four containers, one more than that of File 2. This is because the read of container
C2 is not efficient for File 3, only two chunks F and G in the container C2 are used. Such container is called a fragmented container. We define
a container’s utilization for a file as the fraction of its chunks referenced by the file. If a container’s utilization is smaller than 50%, the container
is regarded as a fragmented container for the file.2® In the fragmented container C2, chunks F and G referenced by File 3 are regarded as frag-
mentation. We call chunk F that stems from a duplicate chunk a normal fragmentation and chunk G that stems from a base chunk of a DCC a
base fragmentation.

Previous studies such as CBR,?* CAR?? HAR,?® mainly paid attention to rewriting fragmented chunks to reduce the fragmentation caused by
deduplication. Except for above algorithms, some methods, such as iDeDup,®¢ RevDedup®” focus on eliminating fragmentation caused by chunk-level
deduplication in different systems, including primary storage systems, cloud storage systems, etc. SDC? alleviates the base fragmentation by simu-
lating arestore cache to identify and selectively perform delta compression among similar chunks. While existing rewriting algorithms may alleviate
the normal fragmentation, such as chunk F, they cannot handle the base fragmentation. For base fragmentation, we have observed that they remain
fragmented in consecutive backups. We call this phenomenon cyclic fragmentation.

Figure 6 gives an example to explain the reason for this phenomenon in incremental backups. After backing up File 1 and File 2, the chunks of File
1 and File 2 are stored in the containers C1 and C2 as described above. Since chunks B* G* K* and L* of File 3 are similar to chunks B, G of File 1 and
chunks K, L of File 2, chunks K, L and G become base fragmentation after backing up File 3. Likewise, chunks B* G*% K**% and L** of File 4 are similar
to chunks B, G in File 1 and chunks K, L in File 2, chunks K, L, and G also become base fragmentation after backing up File 4. Since both File 3 and
File 4 share three similar chunks, they also share similar base fragmentation. It can thus be seen that base-fragmented chunks remain fragmented in
consecutive files. This is because consecutive backups are very similar in incremental backup.* Therefore, they share similar chunks, including their
base fragmentation.

To clearly illustrate the same degree of base fragmentation among consecutive files, we first define identically base-fragmented percentage. |den-
tically base-fragmented percentage is defined as the ratio of the number of identically base fragmentation between each file and previously stored
files to the number of all the base fragmentation in previously stored files. Thus, a larger percentage means more identically base fragmentation
among consecutive files. We use three real-world datasets, Linux, GCC, and RDB (detailed in Section 4) to conduct experiments. After backing up
each file, we first record the fingerprints of the base-fragmented chunks for the file. Through matching the fingerprints of base fragmentation of
the file with these recorded fingerprints, the identically base fragmentation will be identified during each backup. We then calculate the identically

Filel [A[B|C[D|E[F[G[H]T1]J]

File2 [A|K[B|c|L[D*|F[M]|N[H*]

File3 [O[P|A[B*|F|G*[C[K*|R][ S|

c1 | ABCDE | c2| FGHIJ |

C3 | KL DysM N Hy | Cc4 |()PB(.G(| K, RS

FIGURE 5 Anexample of two types of fragmentation arising among multiple files. The red chunk represents the chunks referenced by File 3
in each container
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Filel [A[B|[C|DJE]JF|G|[H]|1]J]

File2 [A|K|[B|cC|L[D*[F|[M]|N |[H*]

File3 (O] P |A[B*] F |G ] Cc[|k*| R [L*]

File4a [T ]| A [B+]| C [G+] E [K+| U [L] V|

C1 | ABCDE |

C2| FGHIJ | C3| KL DyM N Hg |

Cc4a |OPBde KdRLdl C5 |TdeGddedUdeV|

FIGURE 6 Basefragmentation G, K, L remain fragmented in continuously similar files (File 3 and File 4)

Identically base-fragmented percentage

0.0

0O 10 20 30 40 50 60 70 80 90
Version number

FIGURE 7 The percentage of base chunks for the three datasets

base-fragmented percentage of each file for three datasets and obtain the result as shown in Figure 7. For Linux, GCC, and RDB datasets, identi-
cally base-fragmented percentage is 87%, 56%, and 45% on average, respectively. It suggests that most of base fragmentation in the current file
are nearly same as that in previous files for three datasets. Therefore, base fragmentation remain fragmented in consecutive files, which degrades
restore performance.

The above analysis and observation motivate us to propose RepEC*, a framework with high reliability and restore performance by optimizing
cache and reducing cyclic fragmentation. During backups, RepEC* selectively replicate containers based on the delta utilization (denoted as DU)
of each container to improve cache locality. During restores, RepEC™ merges the information of a decoding cache and a restore cache to avoid
repeatedly accessed containers. Due to our observation that base fragmentation remain fragmented in consecutive files, RepEC* identifies cyclic
fragmentation through historical information and selectively performs delta compression for them. The design and implementation of RepEC* will
be detailed in the next section.

3 | DESIGN AND IMPLEMENTATION

In this section, we first present the architecture of RepEC™ and then give an description of its main modules.

3.1 | Architecture overview

RepEC" includes three key modules: redundancy detection, RepEC-HDS, RepEC-Core. Figure 8 illustrates the architecture overview of RepEC™.
Redundancy detection includes duplicate identification and resemblance detection. Duplicate identification first identifies an incoming chunk whether
duplicate through inquiring the index pool, The index pool records all previously stored fingerprints of chunks. The chunk which has a same
fingerprint in the index pool is duplicate and is marked as duplicate. On the contrary, the chunk is unique and will be represented by unique.
After duplicate identification, these unique chunks need to be detected redundancy further and thus will be sent to the next structure resem-
blance detection. The process of resemblance detection is the same as that of traditional super-feature methods. Resemblance detection first

computes chunks’ features like “fingerprint” by Rabin fingerprints and then uses these features to generate super-features. These super-features
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FIGURE 8 Architecture overview of RepEC*

comprises a sketch. A chunk with a matched super-feature in the sketch is regarded as a similar chunk and the correspondingly matched chunk is its
base chunk.

RepEC-HDS includes rewriting identification and delta selection. Rewriting identification aims to generate fragmentation information of each
backup and eliminate normal fragmentation caused by data deduplication. Delta selection uses the fragmentation information collected by rewriting
identification to identify base-fragmented chunks and selectively carry out delta compression. Therefore, delta selection and rewriting identifica-
tion share the fragmentation information. Since HARZ is able to generate the historical information, we implement rewriting identification whichis
similar to HAR. Thus, rewriting identification not only reduces normal fragmentation but also provides the historical information for delta selection
to save extra storage overhead.

RepEC-Core, the central module, includes two mechanisms, delta-utilization-aware filter and cooperative cache scheme. Delta-utilization-aware
filter mainly focuses on identifying which containers need to be replicated and if so replicates them to proper nodes, implementing the replication
side of RepEC-Core. The CCS, which enables RepEC-Core to be aware of both decoding recovery cache and regular restore cache, is used in the
restore phase. It is designed to look up the required container, respectively, from the decoding cache and restore cache during restores. We will

discuss more details of RepEC-Core in the next subsection.

32 | RepEC-HDS

To eliminate cyclic fragmentation in consecutive backups, we implement a History-aware Delta Selection scheme called RepEC-HDS. RepEC-HDS
includes two components: rewriting identification and delta selection as shown in Figure 8.

Rewriting Identification. Rewriting identification includes fragmented containers sequence and normal fragmentation elimination. Fragmented
containers sequence provides IDs of fragmented containers of the last backup for both normal fragmentation elimination and delta selection. When a
duplicate chunk arrives, normal fragmentation elimination identifies if the container ID of this chunk exists in the fragmented containers sequence.
Exist means that the chunk are fragmented and will be rewritten. Meanwhile, normal fragmentation elimination collects the information of
fragmented containers of each backup.

Delta selection. Delta selection includes base fragmentation sequence and cyclic fragmentation ldentification. Base fragmentation sequence
records the fingerprints of base fragmentation of each backup. When a similar chunk arrives, cyclic fragmentation Identification first checks
if its base chunk exists in the fragmented container sequence provided by rewriting identification. If exists, cyclic fragmentation identification
further checks whether the base chunk of the similar chunk can be found in the base fragmentation sequence. If so, the base chunk of the
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similar chunk is identified as cyclic fragmentation and the similar chunk will skip delta compression. Otherwise, delta selection performs delta
compression between this chunk and its corresponding base chunk and update the fingerprints of its base chunk to the base fragmentation
sequence. With the help of history information, we perform delta compression for noncyclic fragmentation, cyclic fragmentation can be greatly
reduced.

3.3 | RepEC-Core

In this subsection, we will present an in-depth discuss on the two main components of the RepEC-Core with a focus on their data structures.

Delta-utilization-aware filter.The delta-utilization-aware filter module includes three data structures: Replication Container Filter (RCF), Repli-
cation Node Selection, and Hybrid Reliability Scheme. RCF defines several global variants: DCC number (Dnum for short) and non-DCC number
(non-Dnum for short), and the delta utilization threshold (DUT). Different DUTs present different trade-off point between space overheads and
restore performance (detailed in Section 4). Specifically, before writing chunks to the containers, RCF first checks whether the container is full or
not. If not, we identify that the chunk is a DCC or aregular chunk. If it is a DCC chunk, we increase Dnum by 1, otherwise we increase non-Dnum by
1. Then the chunk will be directly written to the containers. If the container is full, we calculate its DU using Dnum/(Dnum + non-Dnum). If its DU
exceeds DUT, the container needs to be replicated and thus will be sent to the the next structure RNS. Then we reset Dnum and non-Dnum for the
next container.

After replication container filter, the qualified containers will be sent to the RNS. The main goal of RNS is to choose a suitable storage node for
identified containers. Since we distribute the containers and parity objects to storage nodes in a round-robin fashion, we store containers’ copies
in the next node of the container own node. Here, we set the container position in its stripe to j. Assume we use an (k,m) erasure code configured
with two parameters k and m (m <k) and the known stripelD, the container’s node can be computed by the formula: nodelD = (j + stripelD) % (k+
m). Thus, the replicated container’s node is (nodelD + 1). According to the computed result, we write the replicated containers to the correspond-
ing nodes during the next structure Hybrid Reliability Scheme. When a DCC is lost, we can restore the chunk from its container copy, simultaneously
keeping good cache locality. We describe the selection process of the replication node via an example shown in Figure 9. Figure 9 shows five files
with six chunks each and we write them to six containers from CO to C5 after deduplication and compression. Next, RCF computes the delta uti-
lization of each container by using Dnum/(Dnum + non-Dnum) and the results are shown in Figure 9B. Assume that the DUT is 0.5, we find that
containers C2 and C4 need to be replicated because their DUs are higher than 0.5 and other containers CO, C1, C3, and C5 will be operated on
erasure coding. Recall that redundancy data is always placed behind data in reliable deduplication storage systems and then these data are dis-
tributed to storage nodes in a round-robin fashion.® We assume that a container’s node is located is i, so this container’s replication node is i+1. As
shown in Figure 9C, the node of container C2 is 0 and the node of container C4 is 1. Correspondingly, their replicated container’s nodes is 1 and 2,
respectively.

HRS is designed to combine replication with erasure coding reliability approach based on different containers’ characteristics. HRS creates a
replicate structure and a hashtable R_hashtable to record the replication information, including the container’s ID, the replicated container’s ID
and nodelD. After finding replicated containers and selecting the nodes, HRS first updates the replication information to R_hashtable and then uses
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replication method to write the replicated containers to the selected node. Except for replicated containers, HRS implements Reed-Solomon coding
as our erasure coding®? to collect nonreplicated containers until the number of nonreplicated containers reaches k. k nonreplicated containers will
be encoded to generate m parities.

To record the information about the replicated containers, we introduce additional metadata (i.e., replication information), as mentioned
above. Assuming that metadata information is updated before their replicated containers are fully written, if nodes fail, an inconsistency
problem will happen between the metadata information and their replicated containers. Specifically, during failure recovery, metadata about
replicated containers will be found in the replication information, but the actual data will not, in fact, be stored in the nodes, resulting in
ineffective recovery of their containers. Thus, how to ensure the consistency of additional metadata should be considered for our RepEC™.
We need to update the replication information only after the replicated containers have been completely written to their nodes. Specifically,
RepEC* writes the replicated containers to the selected nodes after RCF and RNS. After the writing of the data to the replicated contain-
ers has been completed, the replication information begins to be updated in the hashtable R_hashtable. In doing this, although the replicated
container has not yet been stored in the node, our RepEC* can keep the replicated containers synchronized to their replication information
when the node fails to ensure data consistency. One other important concern, the overhead of this replication information, will be discussed
in Section 4.

Cooperative cache scheme.The CCS module, which is only used for recovery, includes two data structures: decoding cache structure and
cooperative cache structure. The main goal of CCS is to establish a relationship channel between a decoding cache and a restore cache to avoid
container’s extra read, thus enhancing the restore performance. Decoding cache structure creates a decoding cache to buffer the remain-
ing available containers when a node fails. During restores, cooperative cache structure first checks whether a required container hits in the
restore cache. If hits, the container is read from the restore cache. Otherwise, the restore cache looks up the container from the decoding
cache. If the container exists, it is inserted into the restore cache and deleted from the decoding cache. Figure 10 pictorially illustrates the
idea of CCS with an (2,1) erasure code. Assume that nodeO fails, we read the container C2 and parity object PO to decode the container C1.
As shown in Figure 10C, container C2 and parity object PO are buffered in the decoding cache and the decoded container C1 is stored in
the restore cache with the LRU cache method.* Thus, chunks A, B, and C of File1 will be directly restored through the container C1. When
we restore the chunk D in the container C2, we can find container C2 in the decoding cache instead of repeatedly reading from the node.
Hence, container C2 is updated to the restore cache to provide the chunk D and remaining chunks, and then removed from the decoding

cache.

4 | PERFORMANCEEVALUATION

We evaluate the performance of RepEC™ in this section. Specifically, we first describe the experimental setup in Section 4.1. Next, in Section 4.2,
we evaluate the reliability of RepEC™ in terms of Mean Time To Data Loss (i.e., MTTDL). We find that the MTTDL of RepEC* becomes closer to
replication scheme with the increase of the proportion of container replicas. In section 4.3, we evaluate the restore performance of RepEC*. In
addition, we conduct the sensitivity studies of restore performance through four aspects: DUT, cache allocation, container size and fragmentation
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in Sections 4.4,4.5,4.6, and 4.7. In Section 4.8, we evaluate the write performance of RepEC*. We observe that RepEC* has almost the same write
performance as Reed-Solomon code, which means that write operation is not time consuming. Finally, we analyze the redundancy elimination ratio
and storage overheads of our method, compared with the existing reliability schemes. We find that our RepEC* improves restore performance by
58.3%-76.7% with a low storage overhead and an acceptable redundancy elimination ratio.

41 | Experimental setup

Platform of the RepEC" prototype. We implemented a RepEC" prototype, including data deduplication, data compression, RepEC-HDS, and
RepEC-Core for experimental evaluation. The server aggregates multiple storage nodes as a large storage pool, and provides the storage space
for processed chunks. We also implemented HAR?® for comparisons. We make comparisons among six schemes: Rep, RS, Random, RepEC, HAR*
and RepEC". Table 2 gives the descriptions of six schemes. We use two libraries, including Jerasure 2.0%° and GF-Complete*! to implement
Reed-Solomon coding scheme. In the circumstance of node failures, RepEC* implements the recovery of k data and parity containers from other
available nodes to obtain failed containers. All evaluations are run on the Ubuntu 12.04.2 operating system which features a 16 GB RAM, a quad
core Intel i7-4770 processor at 3.4 GHz.

Configurations. RepEC* uses the Rabin-based chunking algorithm to divide a file to variable-size chunks*2 and sets an average chunk size of
8 kB. We choose the MD5 algorithm to compute chunks’ fingerprints. We assume the fingerprint index pool is located in memory. We set a con-
tainer size to be 4 MB. Xdelta,*3** are used for identifying similar data in a byte-wise sliding window. In this paper, we use a two-way mirroring
replication and a (3,1) RS coding in our RepEC* prototype. Thus, the server aggregates four nodes as a single storage pool to store and manage
data chunks.

Datasets description. Four datasets, including GCC, Linux, RDB, and Synthetic, are used in our evaluations and their characteristics are listed in
Table 3. The Linux and GCC datasets are two representative backup workloads, which contain 250 Linux kernel release code files*> and 88 backups
of the GCC source code,*¢ respectively. The RDB dataset has 100 backups of the redis key-value store database.*” Besides above three datasets, we
generate a large backup dataset called “Synthetic” by emulating real-world activity of file system,*8,22 including “create,” “delete,” and “modify.” The
synthetic dataset has about 80% duplicates between adjacent backups. Since our paper focuses on restore performance when nodes fail, we mainly
use the Synthetic dataset in the evaluation of restore performance.

Metrics. To make comparisons, we use four metrics, namely MTTDL, redundancy elimination ratio, write time and restore time, which are indi-
cators of reliability, redundancy elimination efficiency, write performance, and restore performance, respectively. MTTDL is a traditional metric to
characteristic the storage system reliability.*’ The redundancy elimination ratio is a key metric to measure a deduplicated and delta compressed
storage systems.? In this paper, we define it as the percentage of redundant data eliminated by chunk-level deduplication and delta compression.

Less restore time means better restore performance.

TABLE 2 Thedescription of six reliability schemes

Scheme name Description

Rep Replication scheme

RS Reed-Solomon coding scheme
Random Randomly placing DCCs scheme
RepEC RepEC™ without RepEC-HDS
HAR* RepEC-Core with HAR

RepEC* The system RepEC™

TABLE 3 Characteristic of four datasets. DR represents deduplication ratio

Dataset name Total size Versions DR Redundancy elimination ratio
Linux 112GB 250 40% 95%
GCC 28GB 88 38% 80%
RDB 214GB 100 50% 88%

Synthetic 1436GB 500 84% 94%
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FIGURE 11 Markov reliability model for the RepEC*

TABLE 4 Reliability of Rep1/2, RS code and RepEC*

MTTDL (years)
Rep1/2 1.19E+05
RS code 3.97E+04
RepEC*,P4=0.5,C =2 6.01E+04
RepEC*,P,=0.6,C = 1.8 7.02E+04
RepEC*,P,=0.7,C = 1.6 7.50E+04

Abbreviation: MTTDL, mean time to data loss.

42 | MTTDL analysis

Reliability is very important for the distributed storage systems® and can be characterized as MTTDL of the system.>! The Markov model as
a system model has been widely used to analyze the MTTDL. We extend a generalized Markov model to capture the special state transition of
our RepEC™.

Modeling of RepEC™. To better demonstrate the reliability of RepEC*, we use a hybrid scheme with two-way mirroring replication and an (3,1)
erasure coding. Figure 11 shows the Markov model diagram of RepEC+ method. In the diagram, the Markov model indicates the rates of container
failures or system recoveries according to the state transition. The symbol in each state of the Markov chain denotes the number of failure contain-
ers. Since RepEC* combines the replication with the erasure code to ensure the reliability, State O can transit two states with four health containers.
We use 4 to describe the rate at which a container failure event occurs. Then, the transition rate from four containers healthy State O to one con-
tainer failure State 1 is 4 A. State 1 denotes a state where one failure is decodable using replication. State 1F represents a state where one failure is
decodable using erasure code. Let P4 denote the percentage of decodable one failure case using replication. Thus, the transition rate from State O to
State 1 is 4Apy while the transition rate from State O to State 1F is 4A(1 — py).

In the node recovery phase, we assume that p, is recovery rate for State 1 to State O, which equals to the recovery rate of a single container
failure. We assume each node with S storage capacity and w available network bandwidth. We also use N to denote the total number of storage
nodes. Thus, the number of nodes required in a single repair process is (N-1). Since the symbol C is used to denote the single repair cost. Thereby,
the repair rate of a container failure is p; = p, = w(N-1)/SC.

Comparison. We set N, S, w, 1/4 to 400, 16TB, 1Gbps,*? 4 years,>2 respectively, and use them to evaluate the reliability of RepEC*. Table 4
shows the reliability of RepEC*, compared with two-way mirroring replication (Rep1/2) and Reed-Solomon (RS) code. In the table, it clearly shows
that Rep1/2 achieves the better reliability than RS code and RepEC™. This is because three schemes have the same tolerance, the better recovery
rate demonstrates the better reliability. The reliability of RepEC™ has a declination but still can be acceptable. Moreover, with the increase of the
proportion of container replicas, we find that the reliability of RepEC* becomes closer to Rep1/2 because replication can improve the reliability

with the same level of tolerance.

4.3 | Restore performance

The restore time is a key metric of a deduplicated and delta-compressed storage system.?? In this paper, using restore time, we evaluate the restore
performance of RepEC* through four aspects, namely DUT, cache allocation, container size and fragmentation. Figure 12 shows the restore perfor-
mance comparisons of different five schemes. In our evaluations of Linux, RepEC* outperforms Rep1/2, RS(3,1), Random and RepEC by 73%, 84%,

89%, and 76%, respectively. The reason is that RepEC* not only addresses the inefficiency of cache but also reduces cyclic fragmentation. Since
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FIGURE 13 The percentage of base chunks of three reliability schemes on the four datasets. (A) Linux, (B) GCC, (C) RDB, and (D) Synthetic

the random placement of DCCs replicas destroys cache locality as describe in Section 2, Random has the worst restore performance among all the
schemes. It demonstrates that RepEC* keeps cache locality by replicating a whole container based on the DU. Note that RepEC™ is better than
RepEC since it takes advantage of RepEC-HDS, which will be elaborated in Section 4.7. Moreover, the restore performance of RepEC is approximate
to that of Rep1/2 in Linux. This is mainly because a CCS helps a restore cache to directly obtain the required container from a decoding cache to
reduce the number of container reads.

The results in GCC, RDB, and Synthetic are similar with those in Linux. In GCC, RDB, and Synthetic, RepEC* achieves best restore performance
among five schemes. For example, in Synthetic, RepEC* outperforms Rep1/2,RS(3,1), Random and RepEC by 34%, 54%, 61%, and 44%, respectively.
The reasons are twofold. First, RepEC" can directly obtain a container from its copy, rather than reading three containers from a stripe. Second,
compared with other four schemes, RepEC* prevents cyclic fragmentation to improve the utilization of container, which shortens the restore time,
specially the decoding time. In addition, we observe that the restore performance of RepEC is sightly better than that of Rep1/2 in a few versions
of the GCC dataset. This is because the containers from the same stripe probably belong to multiple files in deduplicated and delta compressed
storage systems. Thus, the design of CCS not only avoids container being read repeatedly but also increases the chance of container hits.

As observed in Section 2.4, there exists cyclic fragmentation in consecutive backups. To illustrate that our method dramatically eliminates the
cyclic fragmentation, we use identically base-fragmented percentage to evaluate the RepEC, HAR* RepEC" in Figure 13. Generally, RepEC* greatly
reduces the cyclic fragmentation. For example, the identically base-fragmented percentage of RepEC™" is about 60%, 50%, 45%, and 11% lower than
that of RepEC in Linux, GCC, RDB, and Synthetic datasets, respectively. This is because base fragmentation will not be fragmented in consecutive
backups, which means that more useful chunks are stored in the containers. Containers without cyclic fragmentation contribute to the improvement
of restore performance and thus RepEC* has the best restore performance among all the schemes as shown in Figure 12. Furthermore, we find that
the identically base-fragmented percentage of HAR* and RepEC curves are nearly overlapped. It means that HAR method has no ability to eliminate
the cyclic fragmentation because it only aims to alleviate the normal fragmentation, as discussed previously in Section 2.4. In summary, our method
efficiently reduces the cyclic fragmentation and promotes the restore performance improvement further.

4.4 | Impactof DUTs onrestore performance

DUT determines the number of replicated containers. Impacts of varying the DUT on restore performance is shown in Figure 14. With the increase

of DUTs, the restore time gradually increases. It illustrates that low DUT can find more containers to be replicated. The more containers’ copies
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will improve the restore performance, but correspondingly they occupy more storage space. Thus, the DUT introduces a tradeoff between restore
performance and space overhead. Note that the restore performance of RDB between 0.5 and 0.8 shows a smooth trend, compared to the GCC
dataset because of different datasets’ characteristics. It means that the DU of each container is about 0.8 in the Linux and RDB datasets. Likewise,
the restore performance of Synthetic degrades gradually and becomes stable until DU reaches 0.8. It indicates that the DU of each container is
mainly between 0.5 and 0.6 in Synthetic. In GCC, the DU of each container distributes between 0.5 and 0.9 and thus rises continuously.

4.5 | Impactof cache allocations on restore performance

As discussed in Section 2.3, Figure 15 shows the impact of cache allocations on restore performance to demonstrate the efficiency of CCS. On the
Linux dataset, the restore performance of cache 60/4 and 56/8 outperform the baseline by 13% and 15%, respectively. This suggests that the design
of CCS further enhances the restore performance and efficiently solves the challenge 2. However, with the increase of the decoding cache, the
restore time increases. For example, cache 32/32 has the worst restore performance than others. This is because the Linux dataset suffers from many
fragmentation and a large restore cache can alleviate the fragmentation.?® Thus, with the increase of version numbers, the restore performance of
cache 60/4 enjoys more benefits due to the large restore cache, such as 60 MB. Similarly, the RDB and Synthetic datasets have nearly the same trend
like Linux.

Different from other three datasets, cache 56/8 and cache 48/16 achieve better restore performance than others in GCC. This is because that

GCC does not have as much redundancy as Linux, which has a smallimpact on the restore cache. Conversely, arelatively large decoding cache is able
to hold more containers used immediately.

4.6 | Impactof container sizes on restore performance

We evaluate the impact of container sizes on restore performance in this section. The experimental results are shownin Figure 16. It can be observed
that, with the increase of the container sizes, the restore performance gradually degrades. Clearly, our solution has the best restore performance

under the 4 MB container size in the four datasets. This result implies that a large container has a negative impact on the restore performance for
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all the datasets. The main reason is that, compared with a small container, the large container will hold more ineffective chunks, namely fragmented
data.2® The recovery of fragmented data will cause more containers to be read during both erasure coding failure recovery and file restore. There-

fore, a small container can alleviate the problem of reading containers many times in the deduplicated and delta-compressed storage systems. In
this paper, we chose 4 MB as the container size to evaluate the experiments.

4.7 | Impact of fragmentation on the restore performance

Cyclic fragmentation will degrade restore performance as discussed in Section 2.4, we evaluate the the impact of fragmentation on restore perfor-
mance of RepEC, HAR* and RepEC™. Figure 17 shows the experimental results. In Linux, GCC, RDB, and Synthetic, RepEC* further improves the
restore performance than RepEC by 76.7%, 58.4%, 58.3%, and 44.8%, respectively. This is because RepEC-HDS selectively performs delta compres-
sion between noncyclic fragmentation to reduce cyclic fragmentation. Meanwhile, RepEC* further improves the restore performance than HAR*
by 64.1%, 48.8%, 46.8%, and 11.3%. These results imply that the design of RepEC-HDS eliminates not only normal fragmentation but also base
fragmentation compare to HAR* Note that RepEC™ performs slightly better than HAR* in Synthetic. Since Synthetic has less redundancy after dedu-
plication compared to other three datasets, less base fragmentation arises during delta compression. In addition, compare to RepEC and HAR’ the
restore performance of RepEC* will not increase by a wide margin when it reaches a value. Like Linux and RDB, as the restored version increases,

the restore performance of RepEC* keeps stable. It is mainly because most of cyclic fragmentation are nearly same in consecutive backups, each
backup almost reduces the same number of cyclic fragmentation.

48 | Write performance

Write time is an important metric during backups, so we use it to evaluate the write performance of our RepEC™. The write time of four schemes
is shown in Figure 18. In this experiment, we set the DUT for the Linux, GCC, and RDB datasets to 0.9, 0.6, and 0.8, respectively. In theory, RS(3,1)
should obtain the best write performance due to writing the least number of containers among all the schemes. Nevertheless, RepEC* has almost
the same write performance as RS(3,1) in both the Linux and RDB datasets, as can be seen from Figure 18A,C. Recall that the DUT is used to limit
how many containers will be written to the nodes. The larger the DUT is, the fewer replicated containers the nodes will have. When the DUT is
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0.9 and 0.8 in the Linux and RDB datasets, only a few replicated containers will be stored in the nodes. This suggests that the number of written
replicated containers in RepEC™ is close to that in RS(3,1) (e.g., 1325 vs. 1300 in the Linux dataset).

Different fromthe Linux and RDB datasets, all the schemes in the GCC dataset have similar write performance, as can be seenin Figure 18B. This
is because eachfileinthe GCC dataset is small, which means that it does not need many replicated containers to be written. Thus, this write operation
is not time consuming. In other words, this implies that the process of writing the containers to the nodes is not the bottleneck for small datasets.
Note that the write performance of Rep1/2 is the worst among all the schemes for the Linux, GCC, and RDB datasets. Since all the containers in
Rep1/2 need to be stored twice in the nodes, Rep1/2 writes more containers than the other three schemes and therefore gets the worst write
performance.

In addition, RepEC* does not vary greatly in write performance under different DUTs as shown in Figure 19. Recall that the restore performance
of RepEC" in 0.9 is worse than that in 0.5, 0.6, and 0.8 for the four datasets in Figure 14. However, we find that write performance remains stable as
DUT increases. Compared with other phases, write operations, such as written replicated containers will not take for a long time as above analysis.
In other words, the increase in overhead for writing containers can be ignored for different workloads. Thus, the write time with different DUTs only
impact both storage overheads and restore performance but not write performance.

4.9 | Redundancy elimination ratio

In order to ensure the reliability of deduplicated and delta compressed storage systems, reliability schemes will introduce redundan-
cies and thus have an impact on the redundancy elimination ratio. To illustrate the impact of reliability schemes on redundancy elim-
ination ratios, Figure 20 shows the redundancy elimination ratio with or without reliability schemes on the four datasets. Baseline
represents the system without any reliability schemes. For the Linux dataset, the redundancy elimination ratios of baseline, Rep1/2,
RS(3,1), Random, RepEC are 0.95, 0.82, 0.89, 0.88 and 0.87 respectively. These results imply that redundancies introduced by reliabil-
ity schemes decrease the redundancy elimination ratios. Note that the redundancy elimination ratio of Rep1/2 is worst because Rep1/2
has the most redundancy overheads among all the reliability schemes. Although the redundancy elimination ratio of our solution has a

slight decrease about 4%-9%, it can be acceptable because our scheme achieves restore performance improvement of 58%-76% on the
four datasets.
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FIGURE 20 Theredundancy elimination ratio of different reliability schemes on the four datasets

TABLE 5 Spaceoverhead for recovery. Re% represents the reduction%

Reliability scheme Linux GCC RDB Synthetic
Rep1/2 12.8GB 10GB 26.1GB 100.5GB

RS code 4.24GB 3.35GB 8.71GB 27.5GB
RepEC*0.5/Re% 5.4GB/54% 3.9GB/61% 12GB/54% 40.24 GB/59%
RepEC'0.7/Re% 5.3GB/57% 2.12GB/79% 12 GB/54% 13.55GB/86%
RepEC*0.8/Re% 5.2GB/58% 1.3GB/87% 11.5GB/56% 9.12GB/89%
RepEC'0.9/Re% 3.9GB/70% 0.2GB/98% 1.6 GB/94% 9.03GB/91%

In addition, Figure 20 also shows the impact of RepEC-HDS on the redundancy elimination ratio. Note that the redundancy elimination ratio of
RepEC, HAR* and RepEC™" is 0.8, 0.6, and 0.5, respectively, in GCC dataset. It shows that HAR* rewrites more data but improves the restore perfor-
mance as shown in Figure 17. The redundancy elimination ratio of RepEC" is close to that of HAR* which means that RepEC-HDS does not sacrifice
the redundancy elimination ratios to eliminate the existence of cyclic fragmentation. This is because base fragmentation that exist in fragmented
containers only account for 0.1% of all the base chunks. Moreover, We also include the results of deduplication-only, which means applying delta
compression over deduplication further significantly removes content redundancy.

4.10 | Storage overheads analysis

Table 5 shows the comparisons between RepEC* and other reliability schemes in terms of storage overhead on the four datasets. Recall that
a small DUT presents more containers are replicated and thus takes more space. We observe that even in the case of DUT being 0.5, RepEC*
still saves 54%, 61%, 54%, and 59% more storage storage than Rep1/2, respectively, in the Linux, GCC, RDB, and Synthetic datasets. This
reason is that RepEC* makes replication for eligible containers according to the DUT and uses erasure codes with less storage overhead for
noneligible containers. Take the Linux dataset for example. We need to provide the reliability for 2500 containers. Using Rep1/2, it introduces
redundancies about 2500 containers because of retaining replications for all the containers. Using RepEC*, it generates redundancies about
950 + 1550/3 ~ 1467 containers since RepEC* makes replication for 950 containers and a (3,1) RS code for 1550 containers when DUT is
0.5. Thus, RepEC* greatly saves storage space compared to Rep1/2. Meanwhile, space overhead is highly related to the DUT. Note that, with
the increase of the DUT, RepEC* needs less replication storage space. This is because the containers to be replicated becomes less when the
DUT increases, so replication storage space also becomes less. Specifically, when the DUT is 0.9, 0.7, 0.8, RepEC" saves storage space by 70%,
79%, and 56% on the Linux, GCC, and RDB datasets. As the restore performance concerns, RepEC" outperforms RS code by 35%, 47%, and
26%, even though it sacrifices storage overhead compared to RS code. Overall, our approach RepEC* not only significantly increases the restore
performance but also achieves large space saving. In addition, combined with Figure 14 and Table 5, we also observe the characteristic of the
DCC distribution in container. When the DU is lower than 0.9, the storage space nearly incurs no changes or less changes in Linux and RDB.
For example, RepEC*0.5 and RepEC*0.7 save storage space by 54% and 56%, respectively, on the RDB dataset. It proves that most of DUs
keep 0.8 and the distribution of redundant data is relatively uniform. For the Synthetic dataset, the DU of is lower than 0.7 as there is a lit-
tle changes of storage overhead among 0.7, 0.8, and 0.9. In this range, the restore performance of Synthetic dataset keeps smoothly as shown

in Figure 14.



18 of 20 Wl LEY ZUOETAL.

Moreover, in our method, we analyze the overhead of the replication information introduced by the replicated containers. Because the repli-
cation information consists of the container’s ID, the replicated container’s ID and the nodelD, the storage overhead of a replication structure in
RepEC*is4B + 4B + 4B = 12 B. That is, the extra overhead caused by a replicated container in RepEC* is 12 B. From the Table 5, we know that the
Linux dataset will generate 5.4 GB/4 MB = 1000 MB containers, so the maximal cost of its replicated containers is 12 B*1000 = 10 MB. Similarly,
the GCC dataset needs (0.2 GB/4 MB)*10 B = 1 MB additional replication overhead. Thus, RepEC* adds the least storage cost, accounting for 0.2%
and 0.03% of the storage overhead in Linux and GCC, respectively. In summary, compared with its large storage overhead, overhead associated with
the replicated information is negligible in RepEC*.

Finally, we analyze the storage overhead of the decoding cache structure and cooperative cache structure. Since the decoding cache struc-
ture buffers the remaining available containers when nodes fail and records the cache size, the storage overhead of the decoding cache structure
is 4B*Tnum+4B. Thum represents that the total number of containers that can be stored in the decoding cache. As discussed in Section 4.5,
the cache 60/4 achieves better restore performance than other cache allocation schemes. Take Synthetic representing a large workload with
about 3 GB each version for example. Assume that the total cache size is 80% of each version, the decoding cache size is 3 GB*80%*4/60
~ 164 MB and Thum is 164 MB/4 MB(one container size) = 41 containers. Thus, the storage overhead of the decoding cache structure con-
sumes 4 B*41+4 B~ 0.2kB. Likewise, the cooperative cache structure records a hit count and a miss count, and thus its storage overhead is
4B + 4B = 8B. In summary, the storage overhead of the decoding cache and cooperative cache will incur storage overhead but are within an
acceptable range.

5 | CONCLUSION

Motivated by our observation that DCCs are far smaller than regular chunks, we propose RepEC*, a hybrid reliability scheme in deduplicated and
delta-compressed storage systems to ensure reliability while improving restore performance. A delta-utilization-aware filter in RepEC™" is designed
to adaptively use replication scheme to containers based on delta utilization to improve cache locality. Meanwhile, a cooperative cache in RepEC™*
merges recovery cache and restore cache to greatly reduce containers’ read, thus achieving the nearly same restore performance as replication.
In addition, we implement a History-aware Delta Selection (RepEC-HDS) that takes advantage of historical information to identify and reduce
cyclic fragmentation. With the help of RepEC-HDS, RepEC" significantly improves the restore performance by 58.3%-76.7% with a low storage
overhead.
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