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Abstract. The paper introduces Mapreduce solution to a parallel clustering problem
based on partitioned global address space (PGAS) model. In particular, paper discusses
some optimization techniques that can lead to a better resource utilization and faster
per-formance. A clustering problem arises in many areas, where input data does not
equipped with labeling for the data points. Some examples, might include a problem of
topic modeling for a collection of documents from a specified corpora or a task of image
segmentation, social network analysis, medical imaging and etc. One of the main issues
that arises in parallel clustering is how to efficiently distribute the workload and mini-mize
additional overheads of data exchange. Partitioned global address space model uti-lizes
a one-sided communication pattern which outperforms MPI on the bandwidth lim-ited
problems and offers a convenient and transparent memory access model. Partition-ing a
memory into private and shared allows to create communication patterns among threads
that enable flexibility in terms of handling data distribution with locality aware-ness in mind.
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Ken 6eaikTi ayKpIMIabl aApPeCcTiK KEHICTIKTI TYpJeHAIpy YJTiCiH KOJaoaHy
ApKbBIJbI TTapaJjeablal KJIacTepJey

[MTomanos A. C., Hazapbaes Yuusepcureri, Acrana, Kazakcran, E-mail:
adai.shomanov@gmail.com
Axmen-3axm [1.2K., On-Papadbu areragarsl Kazak YarTeik YHEBEpcUTeTi, AJIMAaTHI,
Kazakcran, E-mail: darhan a@mail.ru
Mamncyposa M.E., O1-@apadbu arbingars Kaszak YITTHK YHUBepcuTeTi, AJIMaThl,
Kazakcran, E-mail: mansurova.madina@gmail.com

Aunoranmga. Maxkanana Oesinren rasamablk agpectik kenictik (PGAS) mopenine
uerizmesren Mapreduce mapasutenpai kiaacrepsey ecebimin mremnmimi  yCBIHBLIFAH. ATam
aliTKaH/1a, MakKaaajla pecypcTap/bl THIM/I HaiiajgaHyfa 2KoHe XKOFapbl OHIMIILIIKKE JKe-
JIETIH OHTaMJIaHIBIPYILIH Keibip ojicTepi KapacThipbLIaibl. Kiacrepsey wmoceseci Kipic
JIepeKTepi IepeK HyKTeaepi VIIiH OeariieyMeH KaMTaMachl3 eTiIMereH KONTereH o0IbcTapIa
TybiHaaiapl. Keitbip Mblicasiap HaKThl KOPIIyCTap/aH KyzKarTap/bl yKUHAayFa apHaJraH
TaKBIPBIITHIK, MOJIE/Ibey ecediH Hemece OefiHe CerMeHTalMsIChl, DJEYMETTIK Kesijaep/ii
TaJaaay, MEJUNUHAJIBIK BH3yaJjiay »KoHe T.0. ecentepiai KamMTybl MyMKiH. [lapasiesnbmi
KJIacTepJieye TYBIHJIANTBIH Heri3ri cypakTapiblH Oipl — >KYMBIC KYKTeMeCiH THIMII 061y
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JKOHE MOJIIMeTTep aJiMacyra KOCBIMIIA IIBIFBIHJABL a3aiiTy. DBejiHren rajaMblK a/pecTik
KEHICTIK MOJieJii TeKTey i oTKI3rimTik Kabijseri mocesnenepi typroicsinan MPI-nan 6aceim
TYCETIH 2KoHe »KaJIKa THIMJII »KoHe ailKbIH KOJIZKeTIMILIIKTI YChIHATBIH Oip:KaKThl OallIaHbIC
VITiCiH KoJrgaHaabl. 2KaaThl Keke >KoHe OPTakK el 0eJ1y arbIMap apachliHja OpHAJACKAH
OpHBI TypaJbl Xabapaap OoJyra Herizge/areH MoJiMeTTep Il TapaTyabl OHJeY HKeMILTriH
KaMTaMachl3 eTeTin OailjlaHblC VIrIepiH Kypyra MyMKIHJIIK Oepeji.

Tyiiinai cesaep: mapasnenbai kaacrepiey, Mapreduce, OeJiHreH FaJaMIBIK aIpecTik
KEHICTIK MOJIeJIi
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Annoranusa. B craTbe mpejcTaBieHO pellleHne 33Jaud Napasie bHON KIacTepu3allun
Mapreduce Ha ocHoBe MOJE/IM CEKIIMOHUPOBAHHOIO [JIOOAJIBLHOIO aJIPECHOTO HPOCTPAHCTBA
(PGAS). B ugacrHocTH, B CTaThe DACCMATPHUBAIOTCS HEKOTODBIE METOJbI OINTHMU3AINH,
KOTOPbIe MOTYT TPUBECTH K JIYUIIEMY MCIOJIH30BAHUIO PECYpPCOB U 00Jjiee BBICOKOIT mpom3-
BouTeTbHOCTH. [IpobiieMa KacTepwsay BO3HWKAET BO MHOTHWX ODJIACTSX, TJe BXOTHBIE
JIaHHbIe He CHAOKEeHBl MapKWUPOBKOH g TOYeK MaHHBIX. HekoTopwle mpumepsl MOTryT
BKJIIOYATHh B ce0sl 33,144y TeMaTHIeCKOrO MOJETHPOBAHUS /I KOJLICKIMH JIOKYMEHTOB W3
OTIPE/IEJIEHHBIX KOPITYCOB WJIM 33/1a9y CerMEeHTAlnu n300pazkeHuil, aHa 133 COIMUATBHBIX Ce-
Teil, MeIUIUHCKON Bu3yasun3anuu u T. 1. OJHUM U3 OCHOBHBIX BOIIPOCOB, BOZHUKAIOIINX MTPH
napaJje bHON KIacTepu3alyy, sapiadercd 3hdeKTUBHOe pacipeieeHne pabodeil HArpy3Ku
U MHHUMW3AIAs JOTOJTHUTEIbHBIX HAKJIAIHBIX PAacXoloB Ha oOMeH maHHBIMEU. Momenb
CEKIIMOHMPOBAHHOIO TJIOOAJHHOIO QJIPECHOTO MPOCTPAHCTBA HCHOJIB3YET OJHOCTOPOHHUH
mab/ion cBg3u, KoTopblii npesocxomutT MPI mo npobiemam ¢ orpaHu4deHHON TPOIYCKHOIT
CIIOCOOHOCTBIO M TpeJjiaraeT yJA00HYI0 U MPO3PAavHyI0 MOJIEIb J0CTyNa K naMaTu. Pasiene-
HUe MaMATA Ha JYaCTHYIO U OOIIYIO MO3BOJIAET CO3/IaBATh MIAOJOHBI CBA3U MEYKIY MOTOKAMH,
KOTOpble 00eCIeYnBalOT THOKOCTH B ILJIaHe OOpabOTKHU pacIpejie/ieHus JAHHBIX € YIeTOM
OCBEJIOMJIEHHOCTH O MECTOMOJIOYKEHUN.

KawoueBbie cjoBa: mapajienbHas Kiaacrepusamust, Mapreduce, momennr CeKIHOHHPO-
BAHHOI'O IVI0DAIBLHOIO aIPECHOr0 HPOCTPAHCTBA

1 Introduction

Clustering problem can be seen as a non-supervised learning approach to find similarity
groups inside a dataset. There exist 4 different categories of algorithms for solving a clustering
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problem: connectivity, centroid, distribution and density based approaches. One of the most
useful and efficient category in terms of parallelizability is a centroid-based. Centroid-based
clustering works by smoothly moving cluster centers from some initial position to a position
where closeness within a single cluster is minimized. Formally, the centroid-based clustering
problem can be defined as minimization problem (see Eq. 1), where the goal lies in finding
such an assignment S of points to cluster centers such that this assignment minimizes within-
cluster squared differences of data points.

i K
arg " L S

In terms of Mapreduce model, the problem can be decomposed into 2 or more stages [1].
In the first stage called map data needs to be divided into several chunks and distributed
among partici-pating threads of execution. The result of the map stage is a set of key-value
pairs, where key corre-sponds to some aggregate feature that can be extracted from the
given input. In the second stage called reduce, that follows after the map stage, grouped in
an intermediate shuffle stage key-value pairs are distributed among parallel threads. These
operationsL of moving and copying the key-value pairs from a memory of a one thread to a
memory of another, comes with a set of problems for the runtime environment.
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Figure 1: PGAS - based Mapreduce model
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In this work we present a parallel centroid-based clustering algorithm written in a
Partitioned Global Address Space based Mapreduce system. PGAS — based Mapreduce
system [2| was modified and rewritten to work with arbitrary keys and values. The previous
implementation supported only a limited amount of data types. For the underlying mechanism
to implement Mapreduce based on partitioned global address space model shared hashmap
data structure was selected. Hashmap possesses a number of features that makes it suitable
for a Mapreduce system. Operations on hashmap are performed in asymptotic complexity
of O(1)), which provide fast lookup and insertion operations for the desired key. In our
approach, the intermediate key / value pairs stored in a affine hashmap located in a shared
portion of thread‘s memory (see Fig. 1). Reduce threads are assigned key-value pairs after
shuffle collectively gathers and groups keys across hashmap structures.

The operations on shared hashmap can be performed transparently by any thread,
however, only a single, so called affine thread, is assigned to store in its local memory
underlying key-value pairs associated with data partition assigned to that thread. The cost of
local operation by orders of magnitude faster than remote accesses, therefore, it is important
to consider optimal thread-to-data mappings. In PGAS — Mapreduce system we proposed a
scheduling approach that assigns threads to data according to an optimality criterion that
consists of workload and network latency. The given optimization problem solved by means of
a genetic algorithm that tries to iteratively improve the scheduling till the process converges
to a particular solution.

Due to large heterogeneity of different HPC platforms and parallel systems there has been
some efforts to create Mapreduce systems for specific architectures [3,4] or target specific
domain areas [5,6,7].

2 Main part

PGAS Mapreduce system relies on efficient execution of bulk and fine-grained memory
opera-tions among threads. In this paper we propose a new implementation of shuffle
procedure that uses collective operations in order to exchange key-value pairs among
threads. The process of collective exchange is similar to how collective gather operation
works in MPI environment. Hashmap entries associated with a particular key are grouped
together in a orderly way, such that values are copied in a bulk transfers according to a
tree-like topology (see Fig. 2). This approach allows reducing by or-der by magnitude amount
of fine-grained memory operations. The second modification to our pre-vious implementation
of PGAS Mapreduce is to add support for arbitrary data types for key-value pairs. The
implementation is based on using shared void pointers.

Mapreduce based parallel clustering algorithm relies on dividing the workload such that
map pro-cesses are responsible for assigning data points a specific cluster centers by forming
corresponding key-value pair of cluster center paired with a data point value (see Fig. 3).
Then all data points that were assigned to the same cluster center are grouped together in a
shuffle phase. Reduce phase is responsible for modifying cluster centers according to a mean
sum of all data points in a cluster (see Fig. 4).

Map processes write generated by Emit key-value pairs into a local part of shared
hashmap struc-ture. After map processes finish their execution shuffle procedure calls
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Figure 2: Collective data exchange for key/values pairs

collective merge on all gen-erated keys in order to distribute all values associated with
specific keys to their scheduled threads. Reduce processes fetch the data from shared hashmap
according to collective exchange algorithm described above.

Algorithm: Map

input : shared void * clusterCenters, string key, void * inputSplit
output: pair(int clusterCenterld,void * pointVal)
void * points = Tokenize (inputSplit);
foreach point € points do
minDist <+ maxDistanceV alue;
for clusterID < 1 to K do
dist = findDistance (point,clusterID);
if dist < minDist then
manDist < dist;
cluster MinIndex + clusterID;
Emit (cluster MinIndex,point);
end
end

Figure 3: Map algorithm for centroid-based Kmeans clustering

Algorithm: Reduce
input : shared void * clusterCenters, int clusterID, void * values
output: pair(int clusterCenterld,void * newClusterCentroid)

foreach point € values do

| average < average + findMagnitude(point);
end
clusterCenterId = clusterlD;
newClusterCentroid < getAverage(average);
Emit (clusterCenterld,newClusterCentroid);

Figure 4: Reduce algorithm for centroid-based Kmeans clustering
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3 Results

In this section we present a parallel algorithm for a clustering problem of the collection
of docu-ments. The aim is to group similar documents given bag of words description of
documents inside a dataset. Dataset has been taken from UCI Machine Learning Repository
for the testing purposes [8]. Dataset consists of 300000 documents, 102660 unique words and
69679427 words in total.

Each document and word is encoded by the unique identifier. The input consists of number
of rows that are represented by the following tuples: document id, word id, the frequency
of the word. Our first step was to transform above given bag of words representation to
a sparse matrix form. For this task we created a separate Mapreduce task. The result of
this preprocessing Mapreduce task was a vectorized representation of tuples consisting of
document identifier as a key and a list of associ-ated word frequencies. In our experiments we
used a virtual machine with 64 vCPUs and 240 GB memory from Google Cloud Platform.
Experimental setup consisted of Berkeley UPC runtime ver-sion 2.28.0, The Berkeley UPC-
to-C translator, version 2.28.0.

Results of the first run were specified as an input to a second Mapreduce task. This
Mapreduce task corresponds to a clustering algorithm described in the previous section.

140 A

130

120 A

running time (seconds)

100 A

T T T T
24 8 16 32 64
number of cores

Figure 5: Scalability of parallel Kmeans algorithm

Presented parallel Mapreduce algorithm shows good scalability which can be seen from
Fig. 5.

4 Conclusion

This paper presented Mapreduce solution to a parallel centroid-based clustering problem
based on partitioned global address space (PGAS) model. Several optimizations to a previous
implementation of Mapreduce system have been introduced: a support for an arbitrary data
types for key-value pairs and optimized tree-based collective exchange for a shuffle procedure.
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