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Abstract—Erasure-coded archival converts the redundancy
mechanism of low access-frequency data from replication to
erasure coding for balancing access performance and storage
efficiency. A variety of pipelined schemes are designed to speed
up the archival operation, however they neglect such three factors
as heterogeneous network, under-utilization of replica resources
and tight coupling with underlying platforms which restrict or
even negate the performance gains.

In this paper, we propose Archpipe, a fast and flexible pipelined
erasure-coded archival scheme. It exhibits three distinct features:
1) heterogeneous network awareness, for a single-pipelined con-
struction, sufficient-bandwidth links are given high scheduling
priority to avoid network congestion, while considering locality to
reducing network transmissions; 2) parallel encoding, the unused
replica resources are exploited to adaptively construct multiple
pipelines for each stripe based on the single-pipelined algorithm,
thereby enabling parity blocks to be encoded in parallel; 3)
loose coupling, it does not rely on specific block placement
policies and stripe construction algorithms. Experimental results
indicate that, Archpipe can be seamlessly integrated with common
distributed storage systems, and it improves the erasure-coded
archival performance by 3.6 ∼ 4.7× and 1.3 ∼ 2.6× in on-disk
and in-memory scenarios, respectively.

Index Terms—erasure coding, replication, heterogeneous net-
work, pipelined archival

I. INTRODUCTION

International Data Company predicted that the amount of

data produced by humans in 2025 will reach 175ZB [19]. One

of the main reasons of such data explosion comes from data

redundancy for guaranteeing reliability. As an attractive option

reducing storage requirement at a given fault tolerance, Erasure

coding (EC) has been widely used in various kinds of practical

systems, such as distributed storage systems[16][2][29] and in-

memory key-value systems [22] [33] [34].

Compared with replication, EC exhibits higher storage space

efficiency and lower monetary cost, but suffers from extra en-

coding/decoding overhead, heavy partial-stripe update penalty

and high recovery cost. For reaping advantages of replication

and EC, the hybrid redundancy mechanism is adopted inge-

niously in a tiered cluster-storage architecture for guaranteeing

high access performance at low storage cost [4] [8] [35].

Commonly, the replication-tier fast stores newly-written and

hot data, and then cold data with decreased access frequency

*Qiang Cao is the corresponding author.

are dumped into the EC-tier asynchronously. The downward

transition process of redundancy mechanism from replication

to EC is called erasure-coded archival.
Traditional centralized erasure-coded archival (see

SectionII-C) performs three consecutive operations as local

I/O, network transmission, and encoding computation. Each

operation may become a single-point performance bottleneck

in runtime, dynamically limiting the archival throughput.

Furthermore, the redundancy transition causes heavy and

unbalanced I/O, network, and computation overheads, heavily

affecting the performance stability of foreground applications.

Therefore, ’how to efficiently accomplish erasure-coded
archival’ is a research-worthy issue.

Many researches have been devoted to address the above-

mentioned issue. Some non-sequential stripe construction al-

gorithms [28] [31] and encoding-oriented replica placement

policies [14][32] were proposed to reduce the inter-rack traffic

caused by data-block-retrieval and parity-block-relocation in

the rack-layout cluster. Recently, pipelining has been effi-

ciently applied to erasure-coded archival[7][9][17]. Different

fine-grained tasks are evenly distributed to multiple nodes

which are organized as a pipeline and executed in parallel,

the overlapping of multiple tasks reduces the overall archival

time. Such pipelined archival schemes avoid the single-point

bottleneck and improve the parallelism, thus achieving better

performance than the centralized archival.

However, existing pipelined archival schemes still encounter

the following three dilemmas: (i) existing pipelined schemes

are all based on an ideal homogeneous network, they ig-

nore heterogeneous networks widely existed in real-world

clusters with different-type devices, dynamic network band-

widths, etc. Experiment results in SectionV-B1 demonstrate

that the pipelined schemes upon heterogeneous networks lose

the expected performance gains; (ii) a single pipeline for

generating parity blocks sequentially only needs one replica of

its involving blocks in a stripe. This means the other replicas of

these blocks are unused; (iii) existing archival schemes strictly

rely on the unique characteristics of their platforms such as

coding schemes and data placement, limiting their portability.

Motivated by the above considerations, we propose a

fast and flexible pipelined erasure-coded archival scheme –

Archpipe– in heterogeneous network for distributed storage
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systems. First, we model the overhead of pipelined archival

process. In-depth analysis reveals that the bottleneck band-

width and the number of pipelining stages are two main

factors affecting the archival performance. This guides us to

perceive network heterogeneity to bypass bandwidth-limited

links, and to exploit data locality by choosing nodes that reside

more replicas to construct the archival pipeline. Second, we

develop a time-efficient algorithm based on space-for-time to

optimize the single-pipelined construction, thereby avoiding

the NP complexity of brute-force searching solution. Third,

we extrapolate the constraint of overall performance gains

to make a good trade-off between the number of pipelines

and the bottleneck bandwidth. Afterwards, Archpipe exploits

the under-utilization replica resources to adaptively construct

multiple pipelines for each stripe. Parity blocks are encoded

in parallel instead of repeating r times sequentially, thereby

improving the overall archival throughput. Archpipe takes

data blocks in a stripe as input for pipeline constructions.

In this way, it is totally independent with the underlying

platforms with different replica placement policies and stripe

construction algorithms.

We implement a plug-in of Archpipe, seamlessly integrated

with common distributed systems without modification in the

original codebase. The target systems only need to provide

metadata query instructions and permissions. We deploy Arch-
pipe on the popular on-disk and in-memory distributed systems

(i.e.,HDFS [2] and Alluxio [1]) in a real-world cluster with

simulated heterogeneous network environments. We conduct

extensive experiments under the representative configurations.

The results demonstrate that compared with existing state-

of-the-art archival schemes, Archpipe can effectively improve

the erasure-coded archival performance by up to 4.7 times in

heterogeneous network.

The contributions of this paper are summarized as follows:

• We propose Archpipe, a fast and flexible pipelined

erasure-coded archival scheme that jointly considers net-

work heterogeneity and locality to construct an optimal

pipeline. We also present a time-efficient algorithm to

construct the optimal pipelines.

• Based on the single-pipelined construction and constraint

of overall performance gains, we exploit under-utilized

replica resources to construct multiple pipelines, thus

generating parity blocks within each stripe in parallel.

• We implement a flexible plug-in of Archpipe, which

can be seamlessly integrated with common distributed

systems. Through extensive experiments, we verify the

effectiveness and generality of Archpipe.

II. BACKGROUND AND MOTIVATION

We first introduce the network heterogeneity and hybrid

redundancy, then review the erasure-coded archival and related

schemes, finally draw three insights to motivate our design.

A. Heterogeneous Network

In practice, storage clusters are upgraded and expanded

in routine maintenance. The clusters could deploy different

types of servers, network devices and various versions of

operating systems. The configuration differences in hardware

and software lead to heterogeneous networks of distinct band-

widths between nodes in the cluster. Meanwhile, foreground

applications with imbalance and dynamic load make available

network bandwidth for background archival tasks fluctuated

over time [20] [26]. This motivates the distributed systems

to employ adaptive network scheduling to overcome network

bottleneck and ensure stable performance.

B. Hybrid Redundancy

N -way replication distributes N replicas to N nodes, of-

fering N − 1 fault tolerances and high access parallelism, at

the expense of N − 1 redundancy overhead. In contrast, EC

with high space efficiency at the same fault tolerance reserves

only one replica of raw data blocks, thus providing low

access parallelism. Reed-Solomon (RS) as a popular erasure

code is employed below. A RS(k + r, k) stripe organizes

k data blocks and generated r parity blocks, to tolerate up

to r blocks faults. Hybrid Redundancy storage architecture

combining replication with EC is a common solution to

reduce the redundancy overhead while guaranteeing system

performance. Hot data with high access-frequency are stored in

replication-based storage tier with high performance. Cold data

with low access-frequency are preserved in EC-based storage

tier with high storage efficiency. With hotness varying, data

in such two storage tiers can be downward from replication

to EC or upward inversely. The upward transition from EC

to replication can be achieved simply by adding replicas.

However, the downward process (i.e., erasure-coded archival)

is not straightforward and encounters some pitfalls.

Fig. 1: centralized and pipelined archival in a heterogeneous network.

C. Erasure-coded Archival

Fig.1 shows an example of centralized and pipelined

archival process in a heterogeneous network. The process of

traditional erasure-coded archival is centralized and slated to

undertake four steps. 1) Data blocks are logically orchestrated

as stripes governed by a given stripe construction algorithm. 2)

After an encoding node containing most data blocks is elected

based on locality, it retrieves the rest k data blocks from other

nodes. 3) The encoding node computes r parity blocks via

erasure codes. 4) Parity-relocation is triggered to ensure node-

level fault tolerance. Only one replica is kept for each data

block in a stripe, the other replicas are deleted to claim storage

capacity. In the centralized archival, the encoding node needs
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to utilize both up- and down-stream bandwidth for data-block-

retrieval and parity-block-relocation respectively. Without suf-

ficient bandwidth available, the encoding node could become a

bottleneck, thus severely degrading the archival performance.

Therefore, pipelined archival is proposed to dispatch partial

encoding tasks to multiple nodes due to the linearity of

erasure codes. It provides high parallelism and great load

balancing, but also manufactures a raft of new challenges in

heterogeneous networks.

D. Archival-related Schemes

The large amount of local I/O, network transmission, and

encoding overheads incurred slows down the erasure-coded

archival process. A diversity of archival-related schemes, sum-

marized in Table. I, propel archival performance from various

angles. They can be divided into two camps according to the

organization of nodes: centralized and pipelined schemes.

The centralized erasure-coded archival schemes include

traditional scheme (TRAD)[8], EAR [14], DSC [28], Sice [31]

and TEA [32]. TRAD chooses a encoding node based on

locality and randomly schedules nodes for data-block-retrieval.

EAR, DSC, Sice and TEA all consider common rack-layout

environments and attempt to avoid inter-rack traffic caused by

retrieving data blocks and relocating parity blocks to improve

archival performance. More prosaically, EAR is an encoding-

oriented placement based on the rack-aware one in HDFS and

deployed in conjunction with the sequential stripe construction

(SSC) algorithm which organizes data blocks according to

the time written. DSC and Sice are suitable to most replica

placement policies (e.g., RR short for random replica place-

ment), but use non-sequential stripe construction (non-SSC)

algorithms with the constraint that all the data blocks in a stripe

have a unique replica in the same rack and their remaining

replicas are kept in separate racks. TEA, advocating for an

interleaved-type placement called ERP, exploits spatial locality

to construct stripes to speed up the process of archival and

maximize the utilization of memory space.

Representative pipelined erasure-coded archival schemes are

RapidRAID [17], aHDFS [7] and DP/3X [9]. RapidRAID

employs a new erasure coding customized for pipelined en-

coding, which generates all the parity blocks through a single

pipeline without any need for the pipeline to encode multiple

times. The cost of RapidRAID entails that each read request

requires decoding calculations. aHDFS - an erasure-coded data

archival system customized for Hadoop clusters - employs an

array of idle nodes to build pipelines. Meanwhile, aHDFS

splits data blocks and applies the Map/Reduce framework

to enhance encoding parallelisms. DP/3X uses a chained-

type placement, taking multiple stripes as a group to build

multiple pipelines for parallel encoding. As such, DP/3X

exhibits an improved overall archival throughput. Compared

with centralized archival schemes, pipelined archival one can

alleviate single-point bottlenecks and improve the parallelism

of tasks, thereby improving the overall performance.

E. Motivation

We draw three insights to motivate our work through

comparing existing archival-related schemes listed in Table. I.

First, none of them take heterogeneous networks into account.

Only some centralized schemes consider the rack-layout net-

work. Unfortunately, experimental results show that pipelined

archival schemes can not gain expected performance advan-

tages in a heterogeneous network. Second, existing pipelined

archival schemes merely construct one single pipeline for

each stripe with multiple replicas of its involving data blocks.

Obviously, when one single pipeline needs a replica of each

data block, hence its other replicas are unused. Rather than

relying on a single pipeline repeatedly running r times, the

remaining nodes storing unused replicas can be employed to

construct multiple pipelines to encode all the parity blocks

in parallel. Third, existing archival schemes are customized

to match replica placement policies and stripe construction

algorithms in specific systems. The tight coupling limits their

widespread applications.

III. DESIGN

A. Overview

Motivated by the above considerations, we design Archpipe,

a fast and flexible pipelined erasure-coded archival scheme

based on heterogeneous networks. For ease of understanding,

we use an erasure-coded stripe as an archival unit to explain.

Multiple stripes can be encoded in parallel and independently.

We model various overheads in the erasure-coded archival

and identify the bottleneck bandwidth as the dominant factor

affecting the performance. Therefore, Archpipe perceives the

bandwidth discrepancy among links in heterogeneous network-

s and elects links with relatively high bandwidths. Meanwhile,

Archpipe also considers locality to reduce the number of

pipelining stages. Due to the high time-complexity of brute-

force searching, we propose a space-for-time algorithm to

determine optimal single-pipelined construction.

Considering the under-utilization of replica resources, Arch-
pipe constructs multiple pipelines for each stripe, generating

parity blocks in parallel instead of repeating executing the

pipeline sequentially. We extrapolate the constraint to ensure

performance improvement ,and based on the optimal single-

pipelined construction algorithm, we propose a multi-pipelined

construction algorithm which can adaptively determine the

number of pipelines and avoid contention among pipelines.

In addition, Archpipe takes stripe information as input

and focuses on the encoding process. Consequently, it is

independent of the specific underlying systems and can be

complementary with other archival-dedicated schemes.

B. Optimal Single Pipeline

1) Model: Pipelining, a practical technology of temporal-

parallel processing, is used to expedite erasure-coded

archival[7][9][17]. In the pipelined archival schemes, for each

data block in a stripe, a node storing its replicas is elected

as the encoding node to control the pipelining. Data blocks

are divided into several equal-sized slices. The slices with the
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TABLE I: Comparisons among archival-related schemes.

archival-related scheme stripe construction placement encoding process locality network

TRAD [8] SSC any centralized � ×
EAR [14] SSC encoding-oriented centralized × rack-layout

DSC [28]/Sice [31] non-SSC any centralized × rack-layout

TEA [32] non-SSC encoding-oriented centralized � rack-layout

RapidRAID [17]/aHDFS [7] any any single-pipelined × ×
DP/3X [9] SSC chained single-pipelined × ×
Our Archpipe any any multi-pipelined � heterogeneous

same offset from all the data blocks are organized as a group.

Different groups can be encoded in parallel via the constructed

pipeline. Each node in a pipeline reads and encodes local

slices, adds the slices to received partial-encoded slices from a

preceding node, and sends current outcome of encoded slices

to a succeeding node (more details in SectionIV-B). Due to

the linearity of RS encoding, parity blocks can be obtained

through combining the resulting fragments of each group. As

illustrated in Fig.2, 4 nodes are organized as a pipeline to

encode 2 parity blocks. Each data block is divided into 4 slices,

so 4× 2 = 8 slice groups need to be encoded.

Fig. 2: An example of single-pipelined archival, with k=4, r=2 and Nslice=4.
Label ‘Ni’ represents the ith node keeping a data block. Label ’Sj ’ represents
a group containing the jth slices from each data block.

We model the execution time of single-pipelined archival

(Tsp arch) in Equ.1, which includes the latencies of local

reading, CPU encoding and network transmission. Ssli and

Sblk denote the size of a slice and data block, respectively;

BWread, BWenc and BWnet denote the bandwidth of local

reading, CPU encoding and network transmission, respective-

ly; Npipe and Nslice denote the number of pipelining stages

and slices. Only the time of reading and encoding of the

first slice are added, and the time of subsequent slices are

overlapped by network transmissions. Because in common

clusters, network is 1Gb or 10Gb Ethernet, which is evidently

less than aggregated disk and CPU encoding bandwidth in

a node. Furthermore, we usually configure limited network

bandwidth for background tasks, e.g., 30MB/s for reconstruc-

tion in Pangu [26]. We know that a total of Nslice × r slice

groups need to be executed via a pipeline, and the execution

time of a pipelining stage is Ssli

BWnet
. The execution time of I

instructions in a pipeline is equal to that of the first instruction

plus (I−1) multiplying that of each stage. The time of network

transmission is Ssli

BWnet
∗Npipe+

Ssli

BWnet
× (Nslice×r−1). We

further simplify and get Equ.1. We can reduce Npipe to speed

up the archival process by exploiting locality to elect encoding

nodes containing most data blocks in an archival pipeline.

Tsp arch =
Ssli

BWread
+

Ssli

BWenc
+

Sblk

BWnet
×
(
r+

Npipe−1

Nslice

)
,

BWnet = min{BW i
net}, with i = (1, 2, ..., Npipe).

(1)

In a heterogeneous network, the link bandwidths are di-

verse. The smallest bandwidth of all the stages becomes the

bottleneck limiting the archival performance . It is necessary to

consider BWnet and Npipe simultaneously to determine opti-

mal archival pipeline. There are k data blocks in a stripe; each

data block has c replicas, which correspond to c locations. For

a permutation, each location of data blocks has c possibilities,

so there is a total of k! · ck cases. We obtain from Eq. 1 the

pipeline’s execution time of all the cases, in which the least one

is determined as an optimal archival pipeline. Obviously, this

is an NP-Hard problem and the brute-force solution-seeking

method has unacceptably high time-complexity.

2) A Time-efficient Construction Algorithm: We optimize

the searching algorithm from the following two perspectives,

(1) we first consider network-awareness to enlarge BWnet

and then exploit locality to reduce Npipe, because Nslice is

commonly much larger than Npipe, or
Npipe−1
Nslice

→ 0, enabling

BWnet more affecting archival time than Npipe; (2) we adopt a

well-known dynamic programming (DP) idea based on space-

for-time, which connects links to determine qualified paths as

archival pipelines rather than selecting and arranging nodes.

Fig. 3: A example showing the process of constructing an optimal single
pipeline using the time-efficient algorithm.

As illustrated in Fig. 3, we formalize the optimal single-

pipelined construction problem as finding a qualified path

with the max-minimal weight in the graph, where vertexes

correspond to nodes containing data blocks; directed edges

represent network links used to transfer data from head node to

tail node, and the weight of a edge signifies its link bandwidth.

Some edges are allowed to form several paths. The main

process of our algorithm is as follows. All links are sorted in a

descending order of bandwidth, and added to the graph in turn.
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New paths are formed through connecting the added edge to

existing paths, and checked whether nodes in the path contain

all the data blocks needed for encoding. Until some qualified

paths are found in a round, the algorithm stops because the

path with shortest length will be selected as an optimal archival

pipeline. We use Em,n to represent an edge from m to n.

The example in Fig. 3 demonstrates that when adding the 5th

edge E1,6, a new path 3 → 1 → 6 is built; however, the

path does not embrace all the data blocks. After continuously

augmenting the 6th edge E1,4, a new path 3 → 1 → 4
is constructed to include all the data blocks. At this point,

the algorithm obtains the optimal pipeline and quits. Our DP

algorithm pays space to record the constructed paths, which

are used to guide the constructions of new paths and avoid

most invalid searches in advance, thus significantly improving

searching efficiency.

3) Algorithm Details: The pseudo code of algorithm for

optimal single-pipelined construction is shown in Algorithm.1:

In function single pipeline cons, three sets EP, NP and

MP are initialized to store existing, newly and matching

constructed paths (line 2). Location information of blocks

in B are queried, followed by constructing a node set (N)

by nodes containing replicas of all the data blocks (line 3).

The algorithm retrieves a link set L embracing all the links

that can be used in the archival pipeline. Note that each

node, acting as a special link with a length of zero and

infinite bandwidth, joins L. Then, the quick-sort algorithm

is employed to rank all the links in a descending order of

bandwidth (line 4-5). Afterwards, links are added to the graph

in turn until the optimal single pipeline is obtained. In function

construct newpaths, an added link L itself acts as a new path.

All the paths containing the same head/tail node as that of L
are found from EP, and then they are connected to establish

new paths inserted into NP (line 7). Function check path()
checks whether the nodes of each path in NP contain all the

data blocks required for encoding. If it is, then the path will be

included into MP; the one with shortest length in this round

is returned as an optimal pipeline. Otherwise, new paths with

a length of less than k are placed in EP (line 8-17).

In the worst case, the algorithm traverses all the paths whose

length is less than or equal to k, so it is bound to find a pipeline

that meets the restraints as an optimal solution. In addition,

the algorithm gives a high priority to the bandwidth bottleneck

while granting a moderate priority to locality. As a result, the

algorithm is unable to achieve theoretical optimal solutions in

some cases. Fortunately, the number of slices is usually much

larger than that of pipelining stages, so the result is identical

to the optimal solution in most cases. The experimental results

show that under the configurations of ‘RS(10, 8) and 18
nodes’, our DP method takes 130ms whereas the brute-force

method takes 34608ms.

C. Adaptive Multi-pipelined Archival

1) Model: Each data block in a stripe has N replicas

distributed on multiple nodes. Rather than relying on a single

pipeline repeatedly running r times, the pipeline unrelated

Algorithm 1 optimal single-pipelined construction

Input: B (blocks in a stripe)

Output: P (optimal pipeline for a stripe)

1: function SINGLE PIPELINE CONS(B)

2: Initialize sets EP,NP and MP

3: Query locations of B and construct N

4: Construct link set L using N

5: QUICK SORT(L)

6: for all L with L ∈ L do
7: NP = CONSTRUCT NEWPATHS(L,EP)

8: for all P with P ∈ NP do
9: if CHECK PATH(P,B) then

10: MP = MP ∪ {P}
11: end if
12: end for
13: if MP! = ∅ then
14: return P with smallest length in MP

15: else
16: EP = EP ∪ {P |P ∈ NP&P.length<k}
17: end if
18: end for
19: end function

nodes storing replicas can be employed to construct multiple

pipelines for parallel encoding of parity blocks. As shown in

Fig.4, nodes {N1,N2,N3,N4} containing a replica of 4 data

blocks forms a pipeline to encode the first parity block, while

nodes {N5,N6,N7,N8} storing another replica of 4 data blocks

forms another pipeline to encode the second parity block. The

two pipelines are executed in parallel. Apparently, the whole

archival time can be reduced by exploiting full replicas.

Fig. 4: An example of multi-pipelined archival, with k=4, r=2 and Nslice=4.

We extend Equ.1 to obtain the model of multi-pipelined

archival time (Tmp arch) to guide the multi-pipelined con-

struction. In Equ.2, p (with p ≤ r) captures the number of

pipelines. BWPi
net represents the bandwidth bottleneck in the

ith pipeline. The lowest bandwidth among multiple pipelines

(i.e. BWmulti
net ) and p mainly dominate the overall archival

time. A large p results in high encoding parallelisms improving

the overall archival performance; however, increasing p leads

to severe competition among links. Thus, the large value

of p causes the small bandwidth BWmulti
net , which degrades

the archival performance. To foster parallel encoding, we are

motivated to propose an adaptive multi-pipelined scheduling

technique to strike a good trade-off between p and BWmulti
net .

We first derive the constraint of performance gains, then

decide the number of pipelines, and finally schedule the multi-

pipelined construction based on the above optimal single-

pipelined algorithm. In addition, we introduce a link-shared

model which can help us make full use of bandwidth re-
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sources. Assume that n users share a link with a bandwidth

BW , the bandwidth available to a user is averaged at BW/n.

With the link-shared model in place, the links being utilized

by one pipeline can be employed by the other pipelines.

Tmp arch=
Ssli

BWread
+

Ssli

BWenc
+

Sblk

BWmulti
net

×
( r

p
+

Npipe−1
Nslice

)
,

BWmulti
net = min{BW

Pi
net}, with i = (1, 2, ..., p), p ≤ r.

(2)

2) Constraint on Performance Gains: Our goal is to devise

a multi-pipelined archival that beats the performance of a

single-pipelined one. Therefore, we put forth a formal analysis

to derive the constraint on performance gains. Equ.3 reveals

the final result is that BWmulti
net ≥ BW sgl

net/p, where BW sgl
net

is the bottleneck bandwidth of the optimal single pipeline, p
denotes the number of constructed pipelines, and BWmulti

net is

the minimal bandwidth of all the pipelines. Because the multi-

pipelined construction is reliant on the link-shared model, the

bandwidth of a link is the ratio of its original bandwidth to

its used times. With the constraint in place, the following

algorithm excludes links without enough bandwidths in ad-

vance and judiciously decides whether to continue constructing

more pipelines under current link usage, thereby guaranteeing

archival performance gains.

Tsp arch ≥ Tmp arch,

Sblk

BW sgl
net

× (r +
Npipe

Nslice
) ≥ Sblk

BWmulti
net

× (
r

p
+

Npipe

Nslice
),

BWmulti
net ≥ BW sgl

net

p
, (Nslice →∞,

Npipe

Nslice
→ 0).

(3)

3) Decision of the Number of Pipelines: The number of

pipelines should be decided elaborately based on replica

resources. For N -way replication, we first determine an ideal

number of pipelines (p
′
) based on r. With p

′ ∈ {1, 2, ..., N},
it is inclined to choose the maximum p

′
, which is the divisor

of r. For example, for RS(12, 8) in F4 [21] and RS(9, 6) in

QFS [16], we set p
′

to 2 and 3, respectively. In this way, our

scheme can cover most erasure coding parameters. With p
′

in

place, we assemble a single optimal pipeline and compute the

constraint. Afterwards, the links without enough bandwidth

are purged. We continue constructing pipelines using the

remaining links. If a newly created pipeline is identical to

an existing one, meaning that this pipeline should be run one

more time. After finishing p
′

times constructions, p pipelines

are finalized and each pipeline runs ri times (i = {1, 2, ..., p}).
Such an adaptive process is slated to compose optimal multiple

pipelines for parallel archival.
4) Algorithm Detail: The pseudo code of algorithm for

multi-pipelined construction is shown in Algorithm.2:

In function multi pipelines cons, we maintain an auxiliary

set U which records the number of pipelines using the shared

links and is initialized to empty. The shared-bandwidth of

a link is equal to the ratio of its original bandwidth and

used times plus one. In addition, we initialize two sets P and

R, which store the constructed pipelines and run-times; two

variables CB and step are used to record constraint bandwidth

Algorithm 2 multi-pipelined construction

Input: B (blocks in a stripe)

Output: P (pipelines for a stripe), R (pipelines’ runtimes)

1: function MULTI PIPELINES CONS(B)

2: Initialize used times set U, {U |U = 0, U ∈ U}
3: BW sh

L = BW og
L /(UL + 1), L ∈ L

4: Initialize sets P and R.

5: Initialize constraint bandwidth CB = 0 and step = 1
6: Decide the initial number of pipelines p

′
.

7: while step++ ≤ p
′

do
8: P =SINGLE PIPELINE CONS(B).

9: if P /∈ P then
10: P = P ∪ {P} and RP = 1,R = R ∪ {RP }
11: else
12: RP ++, RP ∈ R

13: end if
14: CB = BW sgl

min/step.

15: UL ++, L is used in P
16: Update BW share

L using updated U and BW og
L .

17: Filter out links with {L|BW share
L <CB,L ∈ L}.

18: end while
19: return P and R.

20: end function

and the number of iterations, respectively (line 2-5). The initial

number p
′

of pipelines is determined according to r (line

6); then multiple pipelines are repeatedly assembled in the

following three steps. First, the function single pipeline cons
shown in Algorithm.1 is invoked to construct an optimal

pipeline P . Second, if P does not exist in P, then it is added

to P with its run-times being set to 1 and inserted to R.

Otherwise, the pipeline’s corresponding run-time is increased

by 1 (line 8-12). Afterwards, we updates CB, U, and shared-

bandwidth of links according to the utilized links in P . The

links with limited bandwidth are pruned from L (line 13-16).

When iterating p
′

rounds, the resulting pipelines P and run

times R are applied to subsequent erasure-coded archival.

In the worst case, Algorithm.2 constructs p pipelines that

are the same as the optimal single pipeline. It means the multi-

pipelined archival degenerates into a single-pipelined archival.

Our experiments reveal that the algorithm can achieve higher

time efficiency, compared with the brute-force solution. Under

the same configurations of the single-pipelined algorithm, the

time of consumption of our algorithm is 260ms, while the

brute-force method takes 70619ms.

D. Extension

1) Relocation: Supporting r node-level fault tolerance, data

and parity blocks in a stripe ought to be scattered among k+r
different nodes. When the encoding procedure of pipelined

archival is accomplished, multiple parity blocks are generated

in the same node and; hence, it is essential to relocate a

portion of parity blocks. Keeping the archival efficiency in

mind, we strive to elect large-bandwidth links to transfer

parity blocks. The latency of relocation in a multi-pipelined

archival is usually smaller than that in a single-pipelined one.

In particular, r parity blocks in a single-pipelined archival are

located in the same node, so r− 1 relocations are mandatory.

In a multi-pipelined archival, r parity blocks may be scattered
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among various nodes because the tail nodes of pipelines are

different commonly, thus cutting down relocations.

2) Adaptation to network changes: In practice, a clus-

ter’s expansion or its components’ upgrades in software and

hardware occur routinely, which change heterogeneous net-

work configurations. For adapting to the changes, each time

executing upgrade and expansion, each link bandwidth is

measured. Besides, dynamic workloads also cause available

network-bandwidth fluctuations. Archpipe can recalibrate link

bandwidths in event-triggered or periodical manner.

IV. IMPLEMENTATION

We implement a distributed archival plug-in of Archpipe
with about 4600 LoCs. Archpipe not only conveniently in-

tegrates with various distributed systems, but also can freely

complement the other archival-related schemes. Target systems

only need to support permissions and instructions for querying

the metadata of blocks (i.e., ”hdfs fsck” and ”alluxio fs stat”

in HDFS and Alluxio). We make use of Jerasure v.1.2 [3] to

realize the encoding functionality.

A. Architecture

Fig.5 shows the architecture of our plug-in. More specifical-

ly, it encompasses a global coordinator and multiple workers.

The coordinator periodically queries locations of blocks and

stripes from metadata server (i.e., MDS) of target systems

and probes link bandwidths in the cluster using iperf[23].

Then, the coordinator employs our algorithm to construct

archival pipelines, generates archival tasks and assigns them to

workers in parallel. Upon receiving tasks, the workers establish

network connections and start local tasks. Finally, each worker

acknowledges its accomplishment to the coordinator.

Fig. 5: The architecture of our plug-in (Archpipe).

B. Multi-threading

Fig.6 shows the multi-threading work process of a node in a

pipeline. There are four threads. The first continually receives

encoded slices from a predecessor worker while keeping the

slices to a receiving buffer. The second proceeds to read local

slices and stores them in a reading buffer. The third computes

the partial encoded data using received and local slices with

same offset, and stores them in a sending buffer. The last

continually dispatches slices to a successor worker. Such a

multi-threading work is pipelined by overlapping local I/Os,

encoding and network transfers time, improving the overall

archival throughput.

Fig. 6: The task threads in worker.

V. EXPERIMENTS AND RESULTS

We carry out extensive application-level trace-driven exper-

iments on a real-world computing cluster. We are slated to

answer the following performance evaluation questions.

• Can Archpipe improve overall archival performance com-

bining with different replica placement policies and stripe

construction algorithms? (§V-B1)

• How Archpipe is sensitive to different configuration pa-

rameters? (§V-B2,§V-B3,and §V-B4)

• Is our algorithm for multi-pipelined constructions more

efficient than the brute-force one? (§V-B5)

• Is Archpipe more beneficial than existing pipelined

schemes? (§V-B6)

• Can Archpipe adapt to network changes? (§V-B7)

A. Experimental Environment

System setup: Our testbed cluster consists of 19 servers,

each of which is equipped with a Intel Xeon 4 core E5-

2609 2.4GHz CPU, 8GB DDR3 memory and 1TB Western-

Digital SATA HDD. They are connected by a 1Gb/s Ethernet

switch. 18 servers are storage nodes and the remaining one is

reserved as MDS. To mimic the heterogeneous network, we

generate multiple independent link bandwidth records based

on the Pareto distribution [24] and use the traffic control

tool (i.e., TC) to adjust the bandwidths between servers [5].

The distribution has a default shape parameter α = 0.1.

The larger α, the more obvious the long tail feature. The

bandwidth is allocated to front-end users and restricted to

back-end tasks. Therefore, we make the link bandwidths obey

the uniform distribution U [100Mb/s, 1000Mb/s], according

to the measurement of real world networks [12].

Comparison schemes: We adopt HDFS and Alluxio

as on-disk and in-memory distributed systems respectively.

We combine different types of replica placement policies

(RR, encoding-oriented placements including EAR, ERP)

and stripe construction algorithms (SSC, non-SSC includ-

ing Sice/DSC, TEA) to obtain four categories (RR+SSC

,RR+DSC, EAR+SSC, ERP+TEA). In the context of these

categories, we compare Archpipe (i.e., optimal multi-pipelined

archival) with optimal and random single-pipelined archival,

random centralized archival (i.e., opt.s.pipe , r.s.pipe and r.ctl).
Default configurations: The block size is set as 64MB

and 4KB for on-disk and in-memory scenarios, respectively.

There are 6000 data blocks, each of which has three replicas

placed via RR. We opt for RS(8, 6) to organize a stripe via

SSC, meaning that 1000 stripes generated. A data block is

divided into 1024 slices; the rationale is articulated in §V-B2.
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The shape of Pareto distribution is 0.1. We perform each test

for multiple runs to acquire average values.

B. Experimental Results

1) Performance Improvement and Flexibility: Fig.7 shows

the archival performance in term of archival time with Arch-
pipe and three candidate schemes in on-disk and in-memory

scenarios, under various replica placement policies and stripe

construction algorithms being adopted.

(a) On-Disk (HDFS) (b) In-Memory (Alluxio)

Fig. 7: Comparisons of archival time with different replica placements and
stripe constructions under the default configurations.

Fig.7 unveils that Archpipe has a performance edge over the

other three schemes in both on-disk and in-memory scenarios,

regardless of replica placement policies and stripe construction

algorithms. The impressive results validate the effectiveness

and flexibility of Archpipe. Such performance improvement

of Archpipe benefits from the following three factors. (1)

Compared with centralized schemes (i.e., r.ctl), Archpipe con-

structs pipelines with distributing load to each involved node,

effectively avoiding the single-point bottleneck. Meanwhile,

local I/Os, network transmissions, and encoding computations

are executed in parallel to further curtail the archival time. (2)

Unlike the schemes favoring random scheduling (e.g., r.ctl and

r.s.pipe), Archpipe perceives the diversity of link bandwidths

to avert bandwidth-limited links while incorporating locality

to reduce the number of pipelining stages in heterogeneous

networks. (3) Compared with single-pipelined schemes such

as opt.s.pipe, Archpipe constructs multiple pipelines for each

stripe, enabling parity blocks encoded in parallel instead of r
times repeatedly performed by a single pipeline. In particular,

Archpipe improves the erasure-coded archival performance of

the r.s.pipe and r.ctl archival schemes by 3.6 ∼ 4.7× and

1.3 ∼ 2.6× in on-disk and in-memory scenarios, respectively.

Note that opt.s.pipe is left out of the comparisons because it

is Archpipe powered by a single pipeline.

It should be noteworthy that in in-memory scenarios,

smaller-sized blocks lead to a narrow gap of network transmis-

sion latency. Thus the performance improvement of Archpipe
is smaller than that in on-disk scenarios. In addition, the

transmission of slices requires more network requests, causing

lower archival performance of opt.s.pipe than that of r.ctl in

in-memory scenarios.

2) Sensitivity of the Number of Slices: We set Nslice to

various values to examine the sensitivity of Archpipe to the

number of slices (Nslice). Fig.8 reveals the archival time

of all the schemes with respect to Nslice under the default

configurations, with the maximum Nslice being set to 222 and

212 for on-disk and in-memory scenarios, respectively.

(a) On-Disk (HDFS) (b) In-Memory (Alluxio)

Fig. 8: Comparisons of archival time with different Nslice under the default
configurations.

As shown in Fig.8, Archpipe exhibits the best archival

performance among all the candidate schemes regardless of

the value of Nslice. In on-disk scenarios, increasing Nslice

makes the performance trend of all the pipelined archival

schemes a bathtub curve. The reason is threefold. (1) When

Nslice is small, the low parallelism leads to relatively poor

archival performance. (2) As Nslice goes up, the performance

is gradually boosted while remaining stable. (3) When Nslice

continues to increase, a large number of requests are needed

to deliver slices, thus extending the archival time. More

specifically, the latency sharply increases when Nslice reaches

a certain value (e.g., 220 in this experiment). In in-memory

scenarios, the maximum Nslice is set to 212 due to the small

size of data blocks. The trend is still at the early stage of

the bathtub curve. In this way, the performance continues to

improve as Nslice is shooting up. It is, therefore reasonable

and prudent to set Nslice to 1024 for the default configurations.

3) Sensitivity of Erasure Coding Parameter: Intuitively,

erasure coding parameters k and r are closely associated with

different steps during the archival. Hence, it is mandatory

to examine the sensitivity of Archpipe to erasure coding

parameters. Fig.9 unravels the archival time of all the schemes

with respect to different RS parameters.

Fig.9 demonstrates that under any erasure coding parame-

ters, Archpipe delivers superb archival performance thanks to

network-awareness, locality-awareness and parallel encoding

of parity blocks. increasing k or r deteriorates the archival

performance of all the schemes. The reason is twofold. (1)

A larger k entails a larger number of pipelining stages, thus

prolonging the latency of network transmissions accordingly.

(2) Increasing r implies that more parity blocks ought to be

encoded and relocated. Meanwhile, compared against the other

schemes, Archpipe is less sensitive to k or r. This trend is

expected because of two factors. (a) A large k value leverages

more node resources to mitigate the performance degradation.

(b) After encoding, r parity blocks may be residing in multiple

nodes instead of a single node. Therefore, few parity blocks

should be relocated for node-level fault tolerance.

4) Sensitivity of Block Size: Large-sized data blocks re-

quire long network transmission latency, so block size (Sblk)

may take an effect on archival operations. Fig.10 shows the

archival time of all the tested schemes in which Sblk is set
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(a) k-On-Disk (HDFS) (b) r-On-Disk (HDFS)

(c) k-In-Memory (Alluxio) (d) r-In-Memory (Alluxio)

Fig. 9: Comparisons of archival time with different erasure coding schemes
under the default configurations.

to {20, 21, ..., 28MB} and {20, 21, ..., 210KB} in on-disk and

in-memory scenarios, respectively.

(a) On-Disk (HDFS) (b) In-Memory (Alluxio)

Fig. 10: Comparisons of archival time with different Sblk under the default
configurations.

Fig.10 unveils that for any Sblk value, Archpipe is a clear

winner in terms of archival performance among its peers.

As Sblk increases, the archival time obeys a upward trend

because large data blocks push up time spent in local I/Os,

network transmissions and encoding computations. When it

comes to in-memory scenarios, the prolonged archival times of

the pipelined schemes are smaller than that of the centralized

one. The observation is expected because an increase in Sblk

may enlarge the pressure of the encoding node - a single-point

bottleneck in the centralized schemes. The pipelined schemes,

in contrast, mitigate the bottleneck in the centralized schemes

by dividing data blocks among nodes into several slices to

foster parallel reads, encoding, and transfers.

5) Algorithm Complexity: In order to verify the efficiency

of our DP algorithm, we adopt DP against the force-brute and

random algorithms to construct multiple pipelines. We refer

to these algorithms as DP.Archpipe, FB.Archpipe, and RND.

TABLE II: Algorithm runtime with different k (unit:ms.).

Algo. k 2 4 6 8

DP.Archpipe 0.064 0.842 15.6 259.7

FB.Archpipe 0.006 0.457 111.2 70619

RND 0.005 0.006 0.006 0.008

Table II summarizes the runtimes of the DP.Archpipe,

FB.Archpipe, and RND under various k values. We observe

from the table that RND stably maintains a minimum runtime

while suffering from poor archival performance. The runtime

measures of other algorithms rise when k goes up. The reason

of this trend is that a large k means a large number of data

blocks and nodes participating in the archival process shooting

up the number of pipelining stages. The second observation

drawn from the table is that the runtime of DP.Archpipe is

less sensitive to k than FB.Archpipe thanks to DP.Archpipe’s

low complexity. When we have k = 2 and k = 4, the runtime

of FB.Archpipe is smaller than that of DP.Archpipe because

there are a small number of possible situations to search under

a small k. In case of k = 6 and k = 8, FB.Archpipe sharply

surges because its time complexity is k!×ck, On the flip side,

DP.Archpipe adopts a space-for-time strategy to purge a large

number of invalid searches in advance.

(a) On-Disk (HDFS) (b) In-Memory (Alluxio)

Fig. 11: Comparisons of archival time of existing pipelined schemes w/o
Archpipe under the default configurations.

6) Archpipe vs. Existing Pipelined Schemes: The existing

pipelined archival schemes including RapidRAID and DP/3X,

are primed to deliver good archival performances in a ho-

mogeneous network. However, they overlook the performance

issues in a heterogeneous network. On the basis of the native

schemes, we implement Archpipe to orchestrate node schedul-

ing to construct pipelines. Fig.11 reveals the archival time

measures of RapidRAID and DP/3X in different scenarios,

with/without Archpipe’s support. We draw two observations.

(1) Archpipe is conductive to significantly improving the

archival performance over the existing schemes. The perfor-

mance optimization is mainly contributed by the network-

awareness and locality awareness, which are explained in

§V-B1. (2) The archival performance boosts stemmed from

Archpipe in on-disk scenarios are more pronounced than those

in in-memory scenarios because of the small-sized data blocks

resulting in low transmission latency.

7) Network Condition: We first set the shape parameter

of Pareto distribution α to {0.01, 0.1, 1} to examine the

sensitivity of Archpipe to degree of network heterogeneity. The

larger α, the smaller the heterogeneity, which means that more

link bandwidths approach 100Mb/s. As shown in Fig.12(a)

and Fig.12(b), as α increases, performance degradations of all

the schemes occur, because of more small bandwidth links;

tiny bandwidth variability makes algorithms lose optimization

potential, the performance gap between opt.s.pipe and r.s.pipe

is reduced; however, Archpipe still obtains the lowest archival
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time, benefiting from multi-pipelined parallelism.

(a) On-Disk (HDFS) (b) In-Memory (Alluxio)

(c) On-Disk (HDFS) (d) In-Memory (Alluxio)

Fig. 12: Comparisons of archival time of with different shapes of network dis-
tribution under the default configurations and adaptation to network changes.

In addition, for examining adaptation to network changes,

during the archival process, we replace the network layout to

simulate dynamic networks caused by node failures, struggles

and device upgrades, etc. Fig.12(c) and Fig.12(d) reveal that

network changes lead to inaccurate pipeline scheduling and

performance degradation if no adaptation. Our Archpipe trig-

gers the task of network measurement, when actual archival

time falls short of expectations. As a result, Archpipe can

recover stable and efficient archival performance again quickly.

VI. RELATED WORK

Let us elaborate the innovation and excellence of our

Archpipe by qualitatively comparing it with related works.

Hybrid redundancy and efficient redundancy transition
can exploit the diversity of hardware, data and workload

to balance multiple aspects of system performance. Hybrid

redundancy mainly includes 1) mixture of different erasure

codes and 2) mixture of replication and erasure codes. The

representatives of multi-erasure-code-enabled hybrid redun-

dancy schemes are HACFS, LHH, and EC-Fusion, which

adopt different erasure codes for hot/cold data aiming to

reduce space and recovery overhead. These schemes exploit

local parity blocks to accelerate their transitions [30][27][18].

HeART [10] selects RS parameters based on the life cycle of

disks; PACEMAKER [11] reduces transition I/Os in HeART

by proactively arranging data layouts and initiations. Ring [22]

configures RS parameters for different transactions while em-

ploying SRS code for fast switch. The second hybrid-approach

type, which is championed in our proposed solution, embraces

the mixture of replication and erasure codes. The archival-

related schemes in Table.I have been developed to optimize

erasure-coded archival performance. Distinctively, Archpipe
is orthogonal to the above-mentioned archival schemes and

decoupled from the underlying platforms.

Pipelining has been applied into erasure-coded reconstruc-

tion, updating and archival to overcome single-point perfor-

mance bottlenecks while fostering parallelisms. ECPipe first

introduces pipelining to recovery erasure-coded blocks [13].

RPR and PPCT build repairing pipelines for rack-layout clus-

ters [15] [6]. TA-Update constructs an update tree according

to the network layout, where tasks are distributed to nodes

and processed in a pipelined manner [25]. Although encoding

nodes are organized as pipelines to achieve archival perfor-

mance improvement over the centralized archival ones,the

existing schemes are developed and customized for clus-

ters in an ideal homogeneous network and possess under-

utilization of replica resources [17] [7] [9]. On the contrary, to

our knowledge, Archpipe is the first multi-pipelined archival

scheme, considering the bandwidth bottleneck and locality

simultaneously, thereby catering for heterogeneous networks.

VII. CONCLUSION

Compared with the cutting-edge schemes, Archpipe brags

three distinctive and salient features: (1) adapting to heteroge-

neous networks, (2) making the full use of replica resources,

and (3) decoupling from underlying platforms. First, Archpipe
perceives network heterogeneity to bypass bandwidth-limited

links and considers locality to reduce the number of pipelining

stages simultaneously. Second, Archpipe exploits the resources

of nodes keeping other replicas of data blocks to adaptively

construct multiple pipelines, which allow parity blocks to be

encoded in parallel. Third, Archpipe envisions encoding as an

issue of archival performance rather than replica placement

policies and stripe construction algorithms, thus boosting de-

ployment flexibility. We implement and open source Archpipe
as a plug-in. The systematic evaluations unveil that compared

with the existing schemes, Archpipe significantly shapes up

the erasure-coded archival performance by 3.6 ∼ 4.7× and

1.3 ∼ 2.6× in on-disk and in-memory scenarios, respectively.
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