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Abstract—We generalize MapReduce, Iterative MapReduce
and data intensive MPI runtime as a layered Map-Collective
architecture with Map-AllGather, Map-AllReduce, MapReduceMergeBroadcast and Map-ReduceScatter patterns as the
initial focus. Map-collectives improve the performance and
efficiency of the computations while at the same time facilitating ease of use for the users. These collective primitives can be
applied to multiple runtimes and we propose building high
performance robust implementations that cross cluster and
cloud systems. Here we present results for two collectives
shared between Hadoop (where we term our extension HCollectives) on clusters and the Twister4Azure Iterative
MapReduce for the Azure Cloud. Our prototype implementations of Map-AllGather and Map-AllReduce primitives
achieved up to 33% performance improvement for K-means
Clustering and up to 50% improvement for Multi-Dimensional
Scaling, while also improving the user friendliness. In some
cases, use of Map-collectives virtually eliminated almost all the
overheads of the computations.

Our work highlights several Map-Collective communication primitives to support and optimize common computation
and communication patterns in both MapReduce and iterative
MapReduce computations. We present the applicability of
Map-Collective operations to enhance (Iterative) MapReduce
without sacrificing desirable MapReduce properties such as
fault tolerance, scalability, familiar APIs and data model. The
addition of Map-Collectives enriches the MapReduce model
by providing many performance and ease of use advantages.
These include providing efficient data communication operations optimized for particular execution environments & use
cases, enabling programming models that fit naturally with
application patterns and allowing users to avoid overhead by
skipping unnecessary steps of the execution flow. MapCollective operations substitute multiple successive steps of
an iterative MapReduce computation with a single powerful
collective communication operation.
We present these patterns as high level constructs that can
be adopted by any MapReduce or iterative MapReduce
runtime. We also offer proof-of-concept implementations of
the primitives on Hadoop and Twister4Azure and envision a
future where all the MapReduce and iterative MapReduce
runtimes support a common set of Map-Collective primitives.
This paper focuses on mapping the All-to-All communication type of collective operations, namely AllGather and
AllReduce, to the MapReduce model as Map-AllGather and
Map-AllReduce patterns. Map-AllGather gathers the outputs
from all the Map tasks and distributes the gathered data to all
the workers after a combine operation. Map-AllReduce primitive combines the results of the Map Tasks based on a reduction operation and delivers the result to all the workers. We
also present MapReduceMergeBroadcast as an important
collective in all (iterative) MapReduce frameworks.

Keywords: MapReduce, Twister, Collectives, Cloud, HPC,
Performance, K-means, MDS

I.

INTRODUCTION

During the last decade three largely industry-driven disruptive trends have altered the landscape of scalable parallel
computing, which has long been dominated by HPC applications. These disruptions are the emergence of data intensive
computing (aka big data), commodity cluster-based execution
& storage frameworks such as MapReduce, and the utility
computing model introduced by Cloud computing. Oftentimes MapReduce is used to process the “Big Data” in cloud
or cluster environments. Although these disruptions have
advanced remarkably, we argue that we can further benefit
these technologies by generalizing MapReduce and integrating it with HPC technologies. This splits MapReduce into a
Map and a Collective communication phase that generalizes
the Reduce concept. We present a set of Map-Collective
communication primitives that improve the efficiency and
usability of large-scale parallel data intensive computations.
When performing distributed computations, data often
needs to be shared and/or consolidated among the different
nodes of the computations. Collective communication primitives effectively facilitate these data communications by
providing operations that involve a group of nodes simultaneously [1, 2]. Collective communication primitives are very
popular in the HPC community and used heavily in the MPI
type of HPC applications. There has been much research [1]
to optimize the performance of these collective communication operations, as they have a significant impact on the performance of HPC applications.

II. MAPREDUCE-MERGEBROADCAST (MR-MB)
We introduce MapReduce-MergeBroadcast [1] abstraction, called MR-MB from here onwards, as a generic abstraction to represent data-intensive iterative MapReduce applications. Programming models of most of the current iterative
MapReduce frameworks can be specified as MR-MB.
A. API
The MR-MB programming model extends the map and
reduce functions of traditional MapReduce to include the
loop variant data values as an input parameter. MR-MB provides the loop variant data (dynamicData), including broadcast data, to the Map and Reduce tasks as a list of key-value
pairs using this additional input parameter.
Map(<key>, <value>, list_of <key,value> dynamicData)
Reduce(<key>,list_of<value>,list_of<key,value> dynamicData)
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Pattern
M
MapReduce
M
MapReduceM
MergeBroadcast
M
Map-AllGather
M
Map-AllReduce

Executio
on and commun
nication flow
MapÆComb
bineÆShuffleÆSortÆReduce
bineÆShuffleÆSortÆReduce
MapÆComb
ÆMergeÆB
Broadcast
MapÆAllGaather
Communica-tionÆAllGaather Combine
MapÆAllReeduce (communication & com-putation)

Framewoorks

Sample aapplications

Hadoop, Twistter, Twister4Azuure
Twister, HaLooop, Twister4Azuure
H-Collectives,, Twister4Azure
H-Collectives,, Twister4Azure

B
B. Merge Taskk
Merge [2] was
w defined ass a new step to
o the MapRedu
uce
pprogramming model
m
to suppo
ort iterative ap
pplications. It is
i a
ssingle task, or the convergen
nce point, which executes affter
thhe Reduce step
p that can be ussed to perform summarization
n or
aaggregation of the results off a single Map
pReduce iteratiion.
T
The Merge step
p can also serv
ve as the “loop
p-test” that evaaluaates the loops condition in the iterative MapReduce prop
ggramming mod
del.
Merge Task
k receives alll the Reduce outputs and the
bbroadcast data for the curren
nt iteration as the inputs. With
W
m
merge, the overrall flow of thee iterative MapReduce compu
utatiion and data flo
ow would appeear as follows:

III.

WordCouunt, Grep, etc.
K-meansC
Clustering, PageeRank,
MDS-BC
CCalc (matrix X matrix),
PageRankk (matrix X vector)
K-meansC
Clustering,
MDSStressCallc

COLLECTIVEE COMMUNICA
ATIONS PRIMITIVES FOR
ITEERATIVE MAPREDUCE

MapReduce aapplications
Whiile implementting iterative M
using thhe MR-MB moodel, we starteed to notice seeveral common exeecution flow ppatterns across tthe different appplications.
Some oof these appliications had vvery trivial R
Reduce and
Merge ttasks while otther applicationns needed extrra effort to
implem
ment using the M
MR-MB modeel owing to thee execution
patternss being slightlyy different thann the MR-MB pattern. In
order too solve such issues, we inntroduce Map-Collective
primitivves to the iteraative MapReduuce programm
ming model,
inspiredd by the MPI coollective comm
munications prim
mitives[6].

M
Map ėCombineeėShuffleėSorttėReduceėMergeėBroadcast

Following is the programm
ming API of thee Merge task.
M
Merge(list_of <kkey,list_of<value>> reduceOutpu
uts,
listt_of <key,value>
> dynamicData)

C
C. Broadcast
The broadcaast operation trransmits the loop variant dataa to
aall the tasks in an iteration. In
n typical data-iintensive iterattive
ccomputations, the loop-varian
nt data is ordeers of magnitu
ude
ssmaller than the
t
loop-invariiant data. Bro
oadcast operattion
tyypically broadcasts the outpu
ut data of the Merge
M
tasks to the
taasks of the neext iteration. For
F MR-MB, this can also be
thhought of as executing at the beginning
g of the iterattive
M
MapReduce co
omputation. This
T
would make
m
the mo
odel
B
Broadcast-Map
pReduce-Mergee, which is esseentially similarr to
thhe MapReducee-Merge-Broad
dcast when iterrations are pressent
((e.g., …MRnÆ MergenÆ BrroadcastnÆ MR
M n+1Æ Merge n+1
Æ
Æ...). Broadcasst can be impleemented efficieently based on the
eenvironment ass well as the data sizes. Well-k
known algorith
hms
ffor data broad
dcasting includ
de flat-tree, miinimum spann
ning
trree (MST), pip
peline and chaaining[3]. It’s possible to sh
hare
bbroadcast data between multtiple Map and
d/or Reduce taasks
eexecuting on th
he same node.

Figure 11. Map-Collectivve primitives

These primitives support higher-level communiication patterns thhat occur frequeently in data-inntensive iterativve applicaB computations byy substituting certain steps oof the MR-MB
tion. Ass depicted in Fiigure 1, these M
Map-Collectivee primitives
can be thought of as a Map phase followed by a series of
work-defined coommunication and computattion operaframew
tions leaading to the neext iteration.
Thiss paper propooses two Maap-Collective primitives:
Map-AlllGather and M
Map-AllReduce. We can claassify MRMB as aanother collecttive communicaation primitivee as well.
A. Req uirements
Mapp-Collective arrchitecture shoould fit with thhe MapReduce daata model and the MapReduuce computatioonal model,
which ssupport multipple Map task w
waves, significcant execution varriations and inhhomogeneous ttasks. Also thee primitives
should retain scalabiility while keeeping the proogramming
model simple and eeasy to underrstand. These primitives
maintain the saame type of fraamework-manaaged excelshould m
lent fauult tolerance suppported by MappReduce.

D
D. Current iterrative MapRed
duce Frameworrks and MR-MB
MB
Twister4Azure[2] supportts MR-MB natively. Twister [4]
is a MapReduce-Combine mo
odel, where thee Combine step
p is
ssimilar to the Merge
M
step of MR-MB.
M
Twisteer [4] MapRedu
uce
ccomputations broadcast
b
the lo
oop variant datta products at the
bbeginning of each
e
iteration, effectively making
m
the mo
odel
B
Broadcast-Map
pReduce-Comb
bine, which is semantically
s
sim
milaar to MR-MB. HaLoop [5] performs
p
an ad
dditional MapR
Redduce computatiion to do the fixed point ev
valuation for eaach
itteration, effecttively making this MapRed
duce computattion
eequivalent to the
t Merge tassk. Data broad
dcast is achiev
ved
thhrough a Map
pReduce compu
utation to join
n the loop variiant
aand loop invariaant data.

B. Advvantages
1) P
Performance im
mprovement
Introoduction of M
Map-Collectivee primitives pprovides 3
types off performance improvementss to the iterativve MapReduce appplications. Map-Collectives reduce the ovverhead of
the com
mputations by skipping or ooverlapping ceertain steps
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((e.g. shuffle, reduce,
r
mergee) of the iteraative MapRedu
uce
ccomputational flow. Map-Co
ollective patterrns also fit more
m
nnaturally with the applicatio
on patterns, av
voiding the ov
verhheads of unneceessary trivial stteps.
Map-Collecctives enable th
he applicationss to send and recceive the data across
a
iteration
ns much faster,, since the executiion of Map-Collectives can be started as soon as the first
f
M
Map results aree produced. Th
his helps to miitigate the bad efffects of task heeterogeneity by
y not having to
t wait for glo
obal
bbarriers of mulltiple processin
ng steps. Task heterogeneity actuually helps in this case by reducing the congestion
c
of the
ddata transfers an
nd overlaps com
mmunication with
w computatio
on.
Another adv
vantage is the ability
a
of the frameworks
fr
to opo
tiimize these op
perations transp
parently for th
he users, even alloowing the po
ossibility of different optimizations (po
olyaalgorithm) for different use cases
c
and envirronments. For exaample, a comm
munication alg
gorithm that’s best for smalller
ddata sizes may not be the besst for larger on
nes. In such casses,
thhe Map-Collecctive operations can opt to haave multiple alg
gorrithm implemen
ntations to be used
u
for different data sizes.
Map-Collecctives also mak
ke it possible to
o perform somee of
thhe computatio
ons in the dataa transfer layerr, like the hierrarcchical reduction
n in Map-AllReeduce primitivee.
2) Ease of use
u
Map-Collecctive operationss present patterrns and APIs that
t
ffit more naturaally with real world
w
applicatiions. This simp
pliffies the porting
g of new applications to the iterative MapR
Redduce model. In
n addition, the developers do
o not have to imi
pplement, test an
nd optimize ceertain steps of MR-MB, such
h as
R
Reduce and Merge
M
tasks, and
d can avoid MapReduce
M
driver
sside hacks to brroadcast the daata.
3) Scheduliing with iteratiive primitives
In addition to providing sy
ynchronization
n between the itteraations, Map-Co
ollective primittives also givee us the ability
y to
ppropagate the scheduling
s
info
ormation for thee next iteration
n to
thhe worker nod
des along with
h the collective communicattion
ddata. This allow
ws the framew
works to synchrronize and sch
heduule the tasks off a new iteration or applicatiion with minim
mal
ooverhead.
V Twister4Azzure
For examplle, as mentioneed in section VI,
ssuccessfully em
mploys this straategy to schedu
ule new iteratio
ons
w
with minimal overhead,
o
whilee H-Collectivess use this strateegy
too perform specculative schedu
uling of tasks.

ment the Map-C
Collectives com
mmunication aand compuimplem
tation m
models as a user level libbrary using tthe current
MapRedduce APIs. Thhis will achievee ease of use foor the users
by provviding a unifiedd programmingg model that beetter matches the appplication patteerns.
Morre optimized im
mplementationss can present thhese primitives ass part of the M
MapReduce fram
mework (or as a separate
library) with the abiliity to optimizee the data transsfers based
on enviironment and uuse case, usinng optimized ggroup communicattion algorithmss in the backgroound.
Mapp-Collectives ccan support iterration level as w
well as task
level fa
fault tolerancee. Iteration leevel fault tolerance reexecutees the iteration iin case of any ffailures. In thiss case, only
the iterration results (smaller loopp variable dataa) will be
checkpoointed. This is preferred wheen the iterationns are relatively fiiner grained.
IV.

MA
AP-ALLGATHER
R COLLECTIVE

AllG
Gather is an alll-to-all collectivve communicaation operation thaat gathers data from all the w
workers and disttributes the
gatheredd data right bacck to them [7].. AllGather patttern can be
noticed in data-intenssive iterative MapReduce aapplications
where tthe “reduce” sstep is a simpple aggregationn operation
that sim
mply aligns thee outputs of thhe Map Tasks together in
order, fo
followed by “m
merge” and broadcast steps thhat transmit
the asseembled output to all the worrkers. An exam
mple would
be a maatrix-vector muultiplication, w
where each Maap task outputs paart of the resuultant vector. In this compuutation we
would uuse the Reducee and Merge tassks to assemblee the vector
togetherr and then broaadcast the assem
mbled vector too workers.
Dataa-intensive iteerative applicattions that havve the AllGather pattern includde Multi-Dimeensional Scalinng (matrixmultiplication)) [8] and PageeRank using inn-links mamatrix m
trix (maatrix-vector muultiplication).
A. Moddel
We developed a Map-AllGathher iterative M
MapReduce
primitivve similar to thhe MPI AllGathher [7] collectivve communicationn primitive to ssupport applicaations in a more efficient
manner.r.
1) E
Execution moddel

C
C. Programmiing model
Map-Collecctive primitivess can be speciffied as an outsside
cconfiguration option
o
without changing the MapReduce prop
ggramming mod
del. This perm
mits the appliccations develop
ped
w
with Map-Colllectives to be
b backward compatible with
w
fframeworks thaat don’t supporrt them. This also
a makes it eaasy
ffor developers who are alreeady familiar with
w
MapRedu
uce
pprogramming to
t use Map-C
Collectives. For example, a Km
means Clusteriing MapRedu
uce implementation with Map,
M
R
Reduce and Meerge tasks can be
b used with Map-AllReduce
M
e or
vvice versa with
hout making an
ny changes to the Map, Redu
uce
oor Merge functiion implementaations.

Figure 22. Map-AllGatheer Collective

Mapp-AllGather prrimitive broadccasts the Mapp Task outputs to all computatioonal nodes (all--to-all communnication) of
mputation, andd then assemblles them togetther in the
the com
recipiennt nodes as deepicted in Figuure 2. Each M
Map worker
will delliver its result tto all other woorkers of the coomputation
once thee Map task is ccompleted.

D
D. Implementa
ation considera
ations
Map-Collecctives can be ad
dd-on improveements to MapR
Redduce frameworrks. The simpleest implementaation would bee to
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The flow off a Map-AllGatther operation is Map phase folf
loowed by AllGaather all-to-all communication followed by the
A
AllGather comb
bine. Map-AllG
Gather substitu
utes the Map outo
pput processing (collect, spill,, merge), Redu
uce task (shufffle,
ssort, reduce, write),
w
Merge task
t
(shuffle, barrier, executte),
bbroadcast, and the barriers asssociated with th
hese steps, witth a
ssingle powerfull and optimized
d AllGather opeeration.
2) Data Mo
odel
For Map-AlllGather, the Map
M output key
y should be an inteeger specifying
g the location of
o the output value in the resu
ultaant gathered daata product. Maap output valuees can be vecto
ors,
ssets of vectors (partial matrix
x) or single vallues. Final outtput
vvalue of the Map-AllGather
M
operation
o
is an
n assembled arrray
oof Map outputt values in thee order of theeir correspond
ding
kkeys. The resu
ult of AllGatheer-Combine wiill be provided
d to
thhe Map tasks of the next iteeration as the loop variant data
d
uusing the APIs and mechanism
ms suggested in
n Section 2.2.1.
Gather data can
n be performed
d by
The final asssembly of AllG
im
mplementing a custom comb
biner or using the default co
ombbiner. A custom
m combiner allo
ows the user to
o specify a custtom
aassembling fun
nction. In this case,
c
the input to
t the assembling
ffunction is a list of Map outp
put key-value pairs, ordered by
thhe key. This assembling fu
unction gets executed
e
in eaach
w
worker node aft
fter all the data is received.
The defaultt combiner sho
ould work for most of the use
u
ccases, as the combining of AlllGather data is oftentimes a trriviaal process. Thee default comb
biner expects th
he Map outputss to
bbe in <int, dou
uble[]> format. In a matrix example,
e
the key
k
w
would represen
nt the row indeex of the outpu
ut matrix and the
vvalue would co
ontain the correesponding row vector. Map outo
pputs with dupliicate keys (sam
me key for mu
ultiple output valv
uues) are not sup
pported and theerefore ignored
d.
Users can utilize
u
their Map
p function implementations as is
w
with the Map-A
AllGather prim
mitive. They onlly need to speccify
thhe collective operation,
o
afterr which the sh
huffle and redu
uce
pphases of Map
pReduce would
d get substitutted by the MapA
AllGather comm
munication and
d computationss.
3) Cost Mo
odel
Using an op
ptimized implementation of AllGather,
A
such
h as
a bi-directionall exchange-bassed implementtation[7], we can
c
eestimate the co
ost of the AllGather componeent as follows usinng the Hockneey model[3, 9],, where  is thee latency and  is
thhe transmission time per datta item (1/band
dwidth)), m is the
nnumber of Map
p tasks and nv iss the size of AllGather data.
݉െͳ
ܶீ௧ ൌ ሺሺ݉ሻ ߙ 
݊௩ ߚ
݉
It’s possiblee to further red
duce this cost by
b performing loccal aggregation
n of Map outpu
ut data in the worker
w
nodes. The
T
vvariation of Map
M task complletion times allso help to avoid
nnetwork congesstion in these im
mplementation
ns.

Map-AlllGather can perform the dupplicate data deetection before thee final assemblly of the data at the recipiennt nodes to
handle aany duplicate eexecutions.
C. Ben efits
Use of the Map--AllGather in an iterative M
MapReduce
computaation eliminattes the need for reduce, m
merge and
broadcaasting steps inn that particulaar computationn. Also the
smaller--sized multiplee broadcasts oof Map-AllGatther primitive origginating from m
multiple serverrs of the clusteer would be
able to use the networrk more effectiively than a sinngle monolithic brroadcast originating from a single server.
Ofteentimes the Maap task executtion times are inhomogeneous[110] in typical M
MapReduce coomputations. Im
mplementations off Map-AllGathher primitive ccan start broaddcasting the
Map tassk result valuees as soon as thhe first Map taask is completed. This mechanism ensures thhat almost all tthe data is
me the last Maap task completes its exebroadcaasted by the tim
cution, rresulting in overlap of compuutations with coommunication. Thhe benefit will bbe even more ssignificant wheen we have
multiplee waves of Mapp tasks.
In aaddition to impproving the performance, this primitive
also enhhances usabilitty, as it eliminnates the overhhead of implementting reduce annd/or merge fu
functions. Mapp-AllGather
can be used to efficieently schedule the next iteraation or the
next appplication of thee computationaal flow as well.
V.

MA
AP-ALLREDUCE
E COLLECTIVE

AllR
Reduce is a colllective patternn which combinnes a set of
values eemitted by all tthe workers baased on a givenn operation
and maakes the resultss available to all the workerrs [7]. This
pattern can be seen inn many iterativve data miningg and graph
processiing algorithmss. Example daata-intensive iterative applicationns that have tthe Map-AllReeduce pattern include Kmeans Clustering, M
Multi-Dimensiional-Scaling StressCalc
computaation and PageeRank using ouut links matrix.
A. Moddel
We propose Map--AllReduce iterrative MapRedduce primimilar to the MP
PI AllReduce [77] collective coommunicative, sim
tion opeeration, to efficciently aggregaate and reduce the results
of the M
Map Tasks.

B
B. Fault tolera
ance
All-Gather partial
p
data traansfers from Map
M tasks to wo
orkeer nodes can fail
f due to com
mmunication mishaps
m
and otther
bbreakdowns. When
W
task level fault tolerancce is enabled, it’s
ppossible for thee workers to reetrieve any misssing Map outtput
ddata from the persistent
p
storaage (e.g. HDFS
S) to successfu
ully
pperform the Alll-Gather compu
utation.
The fault tolerance and the speculatiive execution of
M
MapReduce en
nable possible duplicate exeecution of tassks.

Figure 33. Map-AllReducce collective

1) E
Execution Moddel
The computation and communiccation pattern of a Mapwed by the
AllReduuce computatiion is a Map phase follow
AllReduuce communiccation and com
mputation (redduction), as
depictedd in Figure 3. This model alllows us to subbstitute the
shuffleÆ
ÆsortÆreduceeÆmergeÆbrooadcast steps oof MR-MB
with AlllReduce comm
munication in tthe communicaation layer.
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Otheer efficient alggorithms to impplement AllReeduce communicattion include 
at-tree/linear, pipeline, binoomial tree,
binary ttree, and k-chaiin trees [3].

T
The AllReducee phase can bee implemented
d efficiently using
aalgorithms such
h as bidirection
nal exchange (B
BDE) [7] or hiieraarchical tree-baased reduction.
Map-AllRed
duce allows th
he implementaations to perfo
orm
loocal aggregatio
on on the worrker nodes acro
oss multiple Map
M
taasks and to peerform hierarch
hical reduction of the Map Taask
ooutputs while communicating them to all thee workers.
2) Data Mo
odel

B. Fauult Tolerance
If thhe AllReduce ccommunicationn step fails forr some reason, it’ss possible for thhe workers to read the Map ooutput data
from thee persistent stoorage to perform
m the All-Reduuce computation.
The fault tolerancce model and tthe speculativee execution
model oof MapReduce make it possibble to have dupplicate execution oof tasks. Dupliicate executionns can result inn incorrect
Map-AlllReduce resultts due to the ppossibility of aaggregating
the outpput of the samee task twice. Thhe most trivial fault tolerance moodel for Map-A
AllReduce wouuld be a best-efffort mechanism, where Map-A
AllReduce woulld fall back too using the
Map ouutput results froom the persistent storage (e.g. HDFS) in
case dupplicate results are detected. D
Duplicate detection can be
done byy maintaining a set of Map IDs with eachh combined
data prooduct. It’s possible for the fr
frameworks to implement
richer ffault tolerancee mechanisms, such as idenntifying the
duplicatted values in loocalized areas oof the reductionn tree.

Figure 4. Example Map-A
AllReduce with Su
um operation

For Map-A
AllReduce, the Map output values
v
should be
vvectors or singlle values of nu
umbers. The vaalues belonging
g to
eeach distinct Map
M output key are processed as a separate data
d
rreduction operaation. Output of
o the Map-AllR
Reduce operattion
is a list of key//value pairs where each key corresponds to a
M
Map output key
y and the valu
ue is the combined value of the
M
Map output vallues that were associated
a
with
h that Map outtput
kkey. As shown in Figure 4, thee number of records in the MapA
AllReduce outp
put is equal to the number off unique Map outo
pput keys. For example,
e
10 distinct
d
Map ou
utput keys would
rresult in 10 co
ombined vectorrs or values. Map
M output vaalue
tyype should be a number.
mutative and asssoIn addition to the summation, any comm
cciative operatio
on can be perfo
formed using th
his primitive. ExE
aample operation
ns include sum
m, max, min, co
ount, and prod
duct
ooperations. Opeerations such as
a average can be performed by
uusing the Sum operation togeether with an additional
a
elem
ment
((dimension) to count the num
mber of data pro
oducts. Due to the
aassociative and
d commutative nature of the operations, MapA
AllReduce has the ability to start combiniing the values as
ssoon as the firsst Map task com
mpletes. It also
o allows the MapA
AllReduce implementations to
o use reduction
n trees or bidirrectiional exchangees to optimize the
t operation.
It is also po
ossible to allow
w users to speciify a post proccess
ffunction that executes
e
after the AllReducee communicatiion.
T
This function can
c be used to perform a sim
mple operation on
thhe Map-AllReduce result or to check for th
he iteration term
minnation condition. It would bee executed in each
e
worker no
ode
aafter all the Maap-AllReduce data
d has been reeceived.

C. Ben efits
Mapp-AllReduce reeduces the woork each user hhas to perform inn implementingg Reduce and Merge tasks. It also removes the overhead of Reduce annd Merge taskss from the
work to perform
m the comcomputaations and alloows the framew
bine opeeration in the ccommunicationn layer itself.
Mapp-AllReduce seemantics allow
w the implemeentations to
optimizze the computaation by perforrming hierarchhical reducmediate data
tions, reeducing the nuumber and the size of interm
communnications. Hierrarchical reducction can be peerformed in
as manyy levels as neeeded based on the size of thee computation andd the scale of thhe environmennt. For examplee, first level
in mapppers, second levvel in the nodee and nth level iin rack level, etc. The mapper leevel would be similar to the “combine”
MapReduce. Thhe local node aaggregation
operatioon of vanilla M
can com
mbine the valuees emitted by m
multiple mappeers running
in a sinngle physical node. All-Redduce combine processing
can be pperformed in reeal time when tthe data is receeived.
VI.

IMPLEMENTTATIONS

In thhis section wee present two iimplementationns of MapCollectiives for Hadooop MapReduce and Twister4A
Azure iterative MaapReduce. Mapp-AllGather is implemented uusing linear
all-to-alll communicatiions, where eaach Map outpuut is broadcasted tto all the workkers taking advvantage of the inhomogeneous ru
running times tto avoid congeestion. Map-AlllReduce is
implem
mented using hieerarchical reduuction trees.
We present sufficiiently optimal proof-of-conccept implemance effimentatioons of the priimitives to shoow the perform
cienciess that can be ggained through using even a m
modest implementtation of thesee primitives. It’s possible to further optimize tthese implemenntations using more advanceed communicationn algorithms bbased on the eenvironment thhey will be
executinng, the scale off the computatiions, and the data sizes as
shown iin MPI collecttive communiccations literaturre [7]. The
ability to improve thhe primitive iimplementationns without

list<Key, IOp
pRedValue> posttOpRedProcess((
list<Key, IOp
pRedValue> opR
RedResult);

3) Cost Mo
odel
An optimizeed implementaation of Map-A
AllReduce, such
h as
a bi-directionall exchange-bassed implementtation[7], will redduce the cost off the AllReducee component to
o:
ܶோௗ௨ ൌ ሺ݉ሻሺߙ
݉
 ݊௩ ߚ  ݂ሺ݊௩ ሻሻ
It’s also posssible to furtherr reduce this co
ost by performing
loocal aggregatio
on and reductio
on in the Map worker nodes,, as
thhe cost of AllR
Reduce compu
utation is smalll. Map-AllRedu
uce
ssubstitutes the Map output processing,
p
Red
duce task, Meerge
taask and broadccast overheads.
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changing the user application makes it possible to optimize
them as a future work.
It is not our objective to find the most optimal implementations for each of the environments, especially for Clouds
since that might end up being a moving target due to the rapidly evolving and black box nature of Cloud environments.
This presents an opportunity for Cloud providers to offer
optimized implementations of these primitives as cloud infrastructure services that can be utilized by the frameworks.

sult values to all the tasks executing in that node. Twister4Azure utilizes the collectives to perform synchronization
at the end of each iteration. It also uses the collective operations to communicate the new iteration information to the
workers to aid in the decentralized scheduling of the tasks for
the next iteration.
1) Map-AllGather
Map-AllGather performs simple TCP-based broadcasts
for each Map task output. Workers start transmitting the data
as soon as a task is completed. The final aggregation of the
data is performed in the destination nodes and is done only
once per node.
2) Map-AllReduce
Map-AllReduce uses a hierarchical processing approach
where the results are first aggregated in the local node and
then final assembly is performed in the destination nodes.
The iteration check happens in the destination nodes and can
be specified as a custom function or as a limit on the number
of iterations.

A. H-Collectives: Map-Collectives for Apache Hadoop
H-Collectives is the Map-Collectives implementation for
Apache Hadoop that can be used as a drop-in library with the
Hadoop distributions. H-Collectives uses the Netty NIO library, node-level data aggregations and caching to efficiently
implement the collective communications and computations.
Existing Hadoop Mapper implementations can be used with
these primitives with only very minimal changes. These
primitives work seamlessly with Hadoop dynamic scheduling
of tasks, support for multiple Map task waves, and other desirable features of Hadoop while supporting the typical Hadoop fault tolerance and speculative executions as well.
A single Hadoop node may run several Map workers and
many more Map tasks belonging to a single computation. The
H-Collectives implementation maintains a single node-level
cache to store and serve the collective results to all the tasks
executing in a worker node.
H-Collectives speculatively schedules the tasks for the
next iteration, and the tasks are waiting to start as soon as all
the AllGather data is received, getting rid of most of the Hadoop job startup/cleanup and task scheduling overheads.
Task level fault tolerance checkpoints Map task output
data to HDFS using a background daemon, avoiding overhead to the computation. In case this checkpointing fails for
some reason, failed Map tasks or even the whole iteration can
be re-executed.
1) H-Collectives Map-AllGather
This performs TCP-based best effort broadcasts for each
Map task output. Task output data is transmitted as soon as a
task is completed, taking advantage of the inhomogeneous
Map task completion times. Final aggregation of these data
products is done at the destination nodes only once per node.
If an AllGather data product is not received through the TCP
broadcasts, then it will be fetched from the HDFS.
2) H-Collectives Map-AllReduce
H-Collectives Map-AllReduce use n'ary tree-based hierarchical reductions, where Map task level and node level
reductions would be followed by broadcasting of the locally
aggregated values to the other worker nodes. The final reduce
operation is performed in each of the worker nodes and is
done after all the Map tasks are completed and the data is
transferred.

VII. EVALUATION
In this section we evaluate and compare the performance
of Map-Collectives with plain MapReduce using two real
world applications, Multi-Dimensional Scaling and K-means
clustering. The performance results are presented by breaking
down the total execution time into the different phases of the
MapReduce or Map-Collectives computations, providing a
more finely detailed performance model. This provides a
better view of various overheads in MapReduce and the optimizations provided by Map-Collectives to reduce some of
those overheads.
In the following figures, ‘Scheduling’ is the per iteration
(per MapReduce job) startup and task scheduling time.
‘Cleanup’ is the per iteration overhead from Reduce task execution completion to the iteration end. ‘Map overhead’ is the
start and cleanup overhead for each Map task. ‘Map variation’ is the overhead due to variation of data load, compute
and Map overhead times. ‘Comm+Red+Merge’ is the time
for shuffle, reduce execution, merge and broadcast. ‘Compute’ and ‘Data load’ times are calculated using the average
compute only and data load times across all the tasks of the
computation. The common components (data load, compute)
are plotted at the bottom to highlight variable components.
Hadoop and H-Collectives experiments were conducted
in the FutureGrid Alamo cluster, which has Dual Intel Xeon
X5550 (8 total cores) per node, 12 GB RAM per node and a
1Gbps network. Twister4Azure tests were performed in Windows Azure cloud, using Azure extra-large instances. Azure
extra-large instances provide 8 compute cores and 14 GB
memory per instance.
A. Multi-Dimensional Scaling (MDS) using Map-AllGather
The objective of MDS is to map a dataset in highdimensional space to a lower dimensional space, with respect
to the pairwise proximity of the data points [8]. In this paper,
we use parallel SMACOF [11, 12] MDS, which is an iterative
majorization algorithm. The input for MDS is an N*N matrix
of pairwise proximity values. The resultant lower dimensional mapping in D dimensions, called the X values, is an N*D
matrix.

B. Map-Collectives for Twister4Azure iterative MapReduce
Twister4Azure Map-Collectives are implemented using
the Windows Communication Foundation (WCF)-based Azure TCP inter-role communication mechanism, while employing the Azure table storage as a persistent backup.
Twister4Azure collective implementations maintain a
worker node-level cache to store and serve the collective re-
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equal to the number of total cores of the computation. The
Map-AllGather-basedd implementation improves the performance o f Twister4Azzure MDS by 13-42% over MapReduce
with opttimized broadcast in the current test cases.

Unweighted MDS results in two MapReduce jobs per iteration, BCCalc and StressCalc. Each BCCalc Map task generates a portion of the total X matrix. The reduce step of
MDS BCCalc computation is an aggregation operation,
which simply assembles the output of the Map tasks together
in order. This X value matrix is then broadcasted to be used
by the StressCalc step of the current iterations, as well as by
the BCCalc step of the next iteration. MDS performs a relatively smaller amount of computations for a unit of input
data. Hence MDS has larger data loading and memory overhead. Usage of the Map-AllGather primitive in MDS BCCalc
computation eliminates the need for reduce, merge and
broadcasting steps in that particular computation.
1) H-Collectives MDS Map-AllGather

Figur e 6. MDS applic ation implemented using Twister4Azure. 20
iteration s. 51,200 data points (~5GB).

3) D etailed analysis of overhead
This section presents a detailed analysis of overhead in
the Had oop MDS computation. Only the BCCalc MapReduce job is used. MDS computations use 51200 *51200 data
points, 6 iterations on 64 cores using 64 Map tasks per iteration. Th e total AllGather data size of this computation is
51200*3 data points. Average data load time is 10.61 seconds
per Map task. Averagge actual MDS BCCalc compute time is
1.5 seco nds per Map task.
Figure 5. MDS Hadoop using only the BC Calculation MapReduce job per
iteration to highlight the overhead. 20 iterations, 51,200 data points.

We implemented the MDS for Hadoop using vanilla
MapReduce and H-Collectives Map-AllGather primitive.
Vanilla MapReduce implementation uses the Hadoop DistributedCache to broadcast loop variant data to the Map tasks.
Figure 5 shows the MDS strong scaling performance results,
highlighting the overhead of different phases on the comput
u ation. We used only the BC Calculation step of the MDS in
each iteration and skipped the stress calculation step to further highlight the AllGather component. This test case scales
a 51200*51200 matrix into a 51200*3 matrix.
As seen in Figure 5, the H-Collectives implementation
gets rid of the communication, reduce, merge, task scheduling and job cleanup overhead of the vanilla MapReduce
computation. However, we notice a slight increase of Map
task overhead and Map variation in the case of H-Collectives
Map-AllReduce-based implementation. We believe these
increases are due to the rapid scheduling of Map tasks across
successive iterations in H-Collectives, whereas in the case of
vanilla MapReduce the Map tasks of successive iterations
have few seconds between the scheduling to perform housekeeping tasks.
2) Twister4Azure MDS Map-AllGather
We implemented MDS for Twister4Azure using MapAllGather primitive and MR-MB with optimized broadcasting. Twister4Azure optimized broadcast is an improvement
over simple MR-MB as it uses an optimized tree-based algorithm to perform TCP broadcasts of in-memory data. Figure 6
shows the MDS (with both BCCalc and StressCalc steps)
strong scaling performance results comparing the MapAllGather based implementation with the MR-MB implementation. The number of Map tasks per computation is

Figure 7. Hadoo p MapReduce MDS-BCCalc histogram

Fiigure 8.

H-Colle ctives AllGather MDS-BCCalc histogram

Figu re 7 presents the MDS using Hadoop MapReduce.
Figure 8 presents MDS using H-Collectives AllGather implementation. These plot the total number of executing Map
tasks at a given moment of the computation, which approximately r epresents the aamount of useful work done in the cluster at th at given moment. Each blue bar represents an iteration of the computation. The width of each blue bar indicates
the time spent by Map
ap tasks in that particular iteration. This
includes input data loading, calculation and output data storage. Th e space between the blue bars represents the remaining over heads of the computation.
In F igure 8, the striped section on each blue bar represents th e data loading time. As can be seen, the overhead between the iterations virtually disappears with the use of the
Map-AllGather primitive.
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4) Performance difference of Twister4A
Azure vs. Hadoo
op
ReTwister4Azure is already optimized for iterative MapR
dduce[2] and co
ontains very low
w scheduling, data loading and
a
ddata communication overheads compared
d to Hadoop. In
teerms of the overheads
o
and
d comparison purposes, Tw
wisteer4Azure can be
b considered as
a a near ideal Hadoop for iteeratiive computatio
ons. Hence the overhead redu
uction we achieeve
bby using Map-collectives is low
l
in Twisterr4Azurecompaared
too H-Collectivees. A major com
mponent of Hadoop MDS is due
d
too the data loaading, which Twister4Azure
T
avoids by using
ddata caching an
nd cache-awaree scheduling.

perform
m aggregation of the values to minimize tthe size of
map-to--reduce intermeediate data trannsfers.
Figuure 9 illustratess the K-meanss Clustering weeak scaling
perform
mance where w
we scaled the coomputation while keeping
the worrkload per corre constant. Fiigure 10 preseents the Kmeans Clustering strrong scaling performance, where we
scaled tthe computatioon while keepinng the data sizze constant.
Strong sscaling test casses with a smaaller number off nodes use
more M
Map task wavess optimizing thhe intermediatee data communicattion, resulting in relatively ssmaller overheead for the
computaation
As w
we can see, thee H-Collectives implementatiion gets rid
of the ccommunicationn, reduce, merrge, task scheduling and
job cleaanup overhead of the vanilla M
MapReduce coomputation.
A slighht increase of M
Map task overrhead and Mapp variation
can be noticed in thee case of Map--AllReduce baased implementatioon, similar to tthe behavior oobserved and exxplained in
MDS seection 7.a.1.
2) T
Twister4Azure K-means Clusstering-AllReduuce

B
B. K-means Cllustering using
g Map-AllRedu
uce
K-means Cllustering[13] iss often implem
mented using an
n iteerative refinem
ment technique,, where each iteration perforrms
tw
wo main steps: the cluster asssignment step and the centro
oids
uupdate step. In
n a typical MapReduce
M
imp
plementation, the
aassignment step
p is performed in the Map tassk and the upd
date
sstep in the Red
duce task, whilee centroid dataa is broadcasted
d at
thhe beginning or
o end of each iteration.
i
K-means Cllustering centro
oid update step
p is an AllRedu
uce
ccomputation. In
n this step all the
t values (datta points assign
ned
too a certain ceentroid) belong
ging to each key
k (centroid) are
ccombined indeependently and
d the resultantt key-value paairs
((new centroids) are distributed to all the Map
M tasks of the
nnext iteration. K-means
K
Clustering has relatiively smaller data
d
looading and meemory overheaad vs. the num
mber of compu
utatiions compared
d to the MDS ap
pplication discu
ussed above.
1) H-Collecctives K-meanss Clustering-AlllReduce

Figure 111. Twister4Azure K
K-means weak scaaling with Map-AlllReduce. 500
Centrooids, 20 Dimensionns. 10 iterations. 32 to 256 Million ddata points.

Figure 9. Hado
oop K-means Clusttering comparison with H-Collectivees
M
Map-AllReduce Weak
W
scaling. 500 Centroids,
C
20 Dimeensions, 10 iteratio
ons.

Figuure 12. Twister4Azzure K-means Cluustering strong scalling. 500
Cenntroids, 20 Dimenssions, 10 iterationss. 128 million dataa points.

We implemented tthe K-means C
Clustering appllication for
mitive and
Twister44Azure usingg the Map-AllReduce prim
MapRedduce-MergeBrroadcast. MR-M
MB implemenntation uses
in-map combiners to pperform local aaggregation off the output
values tto minimize thhe size of mapp-to-reduce dataa transfers.
Figure 11 shows the K-means Clusstering weak scaling performancce results, whhere we scale the computattions while
keepingg the workloadd per core connstant. Figure 112 presents
the K-m
means Clusteriing strong scaaling performannce, where
we scalled the numbeer of cores while keeping the data size
constannt. As can be seeen in these figgures, the Map--AllReduce
implem
mentation gets rid of the com
mmunication, rreduce and
merge ooverheads of thhe MR-MB com
mputation.

F
Figure 10. Hadoop
p MapReduce K-m
means Clustering & H-Collectives MapM
AllReduce Stron
ng scaling. 500 Centroids, 20 Dimen
nsions,10 iterationss.

We implem
mented the K-m
means Clusterin
ng application for
H
Hadoop using the Map-AllR
Reduce and pllain MapRedu
uce.
T
The MapReducce implementaation uses in-m
map combinerss to
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VIII. BACKGROUND AND RELATED WORKS

MapReduce frameworks are typically not optimized for
the best performance or parallel efficiency of small-scale
applications. The main goals of MapReduce frameworks include framework-managed fault tolerance, ability to run on
commodity hardware, ability to process very large amounts
of data, and horizontal scalability of compute resources.
Apache Hadoop[15], together with Hadoop distributed
parallel file system (HDFS) [16], provides a widely used
open source implementation of MapReduce. Hadoop supports data locality-based scheduling and reduces the data
transfer overhead by overlapping intermediate data communication with computation. Hadoop performs duplicate executions of slower tasks and handles failures by rerunning the
failed tasks using different workers. MapReduce frameworks
like Hadoop trade off costs such as large startup overhead,
task scheduling overhead and intermediate data persistence
overhead for better scalability and reliability

A. Collective Communication Primitives
Collective communication operations[6] facilitate optimized communication and coordination between groups of
nodes of a distributed computation, and are used heavily in
the MPI type of HPC applications. These powerful operations
make it much easier and efficient to perform complex data
communications and coordination inside the distributed parallel applications. Collective communication also implicitly
provides some form of synchronization across the participating tasks. There exist many different implementations of
HPC collective communication primitives supporting numerous algorithms and topologies suited to different environments and use cases. The best implementation for a given
scenario depends on many factors, including message size,
number of workers, topology of the system, the computational capabilities/capacity of the nodes, etc. Oftentimes collective communication implementations follow a poly-algorithm
approach to automatically select the best algorithm and topology for the given scenario.
Data redistribution communication primitives can be used
to distribute and share data across the worker processors.
Examples of these include broadcast, scatter, gather, and allgather operations. Data consolidation communication primitives can be used to collect and consolidate data contributions
from different workers. Examples of these include reduce,
reduce-scatter and allreduce. We can further categorize collective communication primitives based on the communication patterns as well, such as All-to-One (gather, reduce),
One-to-All (broadcast, scatter), All-to-All (allgather, allreduce, reduce-scatter) and Synchronization (barrier).
The MapReduce model supports the All-to-One operations through the Reduce step. The broadcast operation of
MR-MB model (section II) serves as an alternative to the
One-to-All type operations. The MapReduce model contains
a barrier between the Map and Reduce phases and the iterative MapReduce has a barrier between the iterations. The
solutions presented in this paper focus on introducing All-toAll type collective communication operations to the MapReduce model.
We can implement All-to-All communications using pairs
of existing All-to-One and One-to-All type operations present
in the MR-MB model. For example, the AllGather operation
can be implemented as Reduce-Merge followed by Broadcast. However, these types of implementations would be inefficient and harder to use compared to dedicated optimized
implementations of All-to-All operations.

C. Iterative MapReduce and Twister4Azure
Data-intensive iterative MapReduce computations are a
subset of iterative computations, where individual iterations
can be specified as MapReduce computations. Examples of
applications that can be implemented using iterative MapReduce include PageRank, Multi-Dimensional Scaling [1, 17],
K-means Clustering, Descendent query [5], LDA, and Collaborative Filtering with ALS-WR.
These data-intensive iterative computations can be performed using traditional MapReduce frameworks like Hadoop by manually scheduling the iterations from the job client driver, albeit in an un-optimized manner. However, there
exist many possible optimizations and programming model
improvements to enhance the performance and usability of
the iterative MapReduce programs. Such optimization opportunities are highlighted by the development of many iterative
MapReduce frameworks such as Twister [4], HaLoop [5],
Twister4Azure [1], Daytona [18] and Spark [19]. Optimizations exploited by these frameworks include caching of loopinvariant data, cache-aware scheduling of tasks, iterativeaware programming models, direct memory streaming of
intermediate data, iteration-aware fault tolerance, caching of
intermediate data (HaLoop reducer input cache), dynamic
modifications to cached data (e.g. genetic algorithm), and
caching of output data (in HaLoop).
Twister4Azure is a distributed decentralized iterative
MapReduce runtime for Windows Azure Cloud that was developed utilizing Azure cloud infrastructure services. Twister4Azure optimizes the iterative MapReduce computations
by multi-level caching of loop invariant data, performing
cache-aware scheduling, optimizing intermediate data transfers, optimizing data broadcasts and many other optimizations described in Gunarathne et al [1].

B. MapReduce and Apache Hadoop
MapReduce, introduced by Google [14], consists of a
programming model, storage architecture and an associated
execution framework for distributed processing of very large
datasets. MapReduce frameworks take care of data partitioning, task parallelization, task scheduling, fault tolerance, intermediate data communication, and many other aspects of
these computations for the users. MapReduce provides an
easy to use programming model, allowing users to utilize the
distributed infrastructures to easily process large volumes of
data.

IX. FUTURE WORKS – MAP-REDUCESCATTER
There are iterative MapReduce applications where only a
small subset of loop invariant data product is needed to process the subset of input data in a Map task. In such cases, it’s
inefficient to make all the loop invariant data available to
such computations. In some of these applications, the size of
loop variant data is too large to fit into the memory and introduce communication and scalability bottlenecks as well. An
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Map-ReduceScatter primitive is still a work in progress
and we are planning on including more information about it
in our future publications.
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