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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 speci�ed 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 e�ciently 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 o�ers a convenient and transparent memory access model. Partition-ing a
memory into private and shared allows to create communication patterns among threads
that enable �exibility in terms of handling data distribution with locality aware-ness in mind.
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Àííîòàöèÿ. Ìà©àëàäà á°ëiíãåí ¡àëàìäû© àäðåñòiê êå­iñòiê (PGAS) ìîäåëiíå
íåãiçäåëãåí Mapreduce ïàðàëëåëüäi êëàñòåðëåó åñåáiíi­ øåøiìi ´ñûíûë¡àí. Àòàï
àéò©àíäà, ìà©àëàäà ðåñóðñòàðäû òèiìäi ïàéäàëàíó¡à æºíå æî¡àðû °íiìäiëiêêå ºêå-
ëåòií î­òàéëàíäûðóäû­ êåéáið ºäiñòåði ©àðàñòûðûëàäû. Êëàñòåðëåó ìºñåëåñi êiðiñ
äåðåêòåði äåðåê í³êòåëåði ³øií áåëãiëåóìåí ©àìòàìàñûç åòiëìåãåí ê°ïòåãåí îáëûñòàðäà
òóûíäàéäû. Êåéáið ìûñàëäàð íà©òû êîðïóñòàðäàí ©´æàòòàðäû æèíàó¡à àðíàë¡àí
òà©ûðûïòû© ìîäåëüäåó åñåáií íåìåñå áåéíå ñåãìåíòàöèÿñû, ºëåóìåòòiê æåëiëåðäi
òàëäàó, ìåäèöèíàëû© âèçóàëäàó æºíå ò.á. åñåïòåðäi ©àìòóû ì³ìêií. Ïàðàëëåëüäi
êëàñòåðëåóäå òóûíäàéòûí íåãiçãi ñ´ðà©òàðäû­ áiði � æ´ìûñ æ³êòåìåñií òèiìäi á°ëó
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æºíå ìºëiìåòòåð àëìàñó¡à ©îñûìøà øû¡ûíäû àçàéòó. Á°ëiíãåí ¡àëàìäû© àäðåñòiê
êå­iñòiê ìîäåëi øåêòåóëi °òêiçãiøòiê ©àáiëåòi ìºñåëåëåði ò´ð¡ûñûíàí MPI-äàí áàñûì
ò³ñåòií æºíå æàä©à òèiìäi æºíå àé©ûí ©îëæåòiìäiëiêòi ´ñûíàòûí áiðæà©òû áàéëàíûñ
³ëãiñií ©îëäàíàäû. Æàäòû æåêå æºíå îðòà© äåï á°ëó à¡ûìäàð àðàñûíäà îðíàëàñ©àí
îðíû òóðàëû õàáàðäàð áîëó¡à íåãiçäåëãåí ìºëiìåòòåðäi òàðàòóäû °­äåó èêåìäiëiãií
©àìòàìàñûç åòåòií áàéëàíûñ ³ëãiëåðií ©´ðó¡à ì³ìêiíäiê áåðåäi.

Ò³éiíäi ñ°çäåð: ïàðàëëåëüäi êëàñòåðëåó, Mapreduce, á°ëiíãåí ¡àëàìäû© àäðåñòiê
êå­iñòiê ìîäåëi
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Àííîòàöèÿ. Â ñòàòüå ïðåäñòàâëåíî ðåøåíèå çàäà÷è ïàðàëëåëüíîé êëàñòåðèçàöèè
Mapreduce íà îñíîâå ìîäåëè ñåêöèîíèðîâàííîãî ãëîáàëüíîãî àäðåñíîãî ïðîñòðàíñòâà
(PGAS). Â ÷àñòíîñòè, â ñòàòüå ðàññìàòðèâàþòñÿ íåêîòîðûå ìåòîäû îïòèìèçàöèè,
êîòîðûå ìîãóò ïðèâåñòè ê ëó÷øåìó èñïîëüçîâàíèþ ðåñóðñîâ è áîëåå âûñîêîé ïðîèç-
âîäèòåëüíîñòè. Ïðîáëåìà êëàñòåðèçàöèè âîçíèêàåò âî ìíîãèõ îáëàñòÿõ, ãäå âõîäíûå
äàííûå íå ñíàáæåíû ìàðêèðîâêîé äëÿ òî÷åê äàííûõ. Íåêîòîðûå ïðèìåðû ìîãóò
âêëþ÷àòü â ñåáÿ çàäà÷ó òåìàòè÷åñêîãî ìîäåëèðîâàíèÿ äëÿ êîëëåêöèè äîêóìåíòîâ èç
îïðåäåëåííûõ êîðïóñîâ èëè çàäà÷ó ñåãìåíòàöèè èçîáðàæåíèé, àíàëèçà ñîöèàëüíûõ ñå-
òåé, ìåäèöèíñêîé âèçóàëèçàöèè è ò. ä. Îäíèì èç îñíîâíûõ âîïðîñîâ, âîçíèêàþùèõ ïðè
ïàðàëëåëüíîé êëàñòåðèçàöèè, ÿâëÿåòñÿ ýôôåêòèâíîå ðàñïðåäåëåíèå ðàáî÷åé íàãðóçêè
è ìèíèìèçàöèÿ äîïîëíèòåëüíûõ íàêëàäíûõ ðàñõîäîâ íà îáìåí äàííûìè. Ìîäåëü
ñåêöèîíèðîâàííîãî ãëîáàëüíîãî àäðåñíîãî ïðîñòðàíñòâà èñïîëüçóåò îäíîñòîðîííèé
øàáëîí ñâÿçè, êîòîðûé ïðåâîñõîäèò MPI ïî ïðîáëåìàì ñ îãðàíè÷åííîé ïðîïóñêíîé
ñïîñîáíîñòüþ è ïðåäëàãàåò óäîáíóþ è ïðîçðà÷íóþ ìîäåëü äîñòóïà ê ïàìÿòè. Ðàçäåëå-
íèå ïàìÿòè íà ÷àñòíóþ è îáùóþ ïîçâîëÿåò ñîçäàâàòü øàáëîíû ñâÿçè ìåæäó ïîòîêàìè,
êîòîðûå îáåñïå÷èâàþò ãèáêîñòü â ïëàíå îáðàáîòêè ðàñïðåäåëåíèÿ äàííûõ ñ ó÷åòîì
îñâåäîìëåííîñòè î ìåñòîïîëîæåíèè.

Êëþ÷åâûå ñëîâà: ïàðàëëåëüíàÿ êëàñòåðèçàöèÿ, Mapreduce, ìîäåëü Ñåêöèîíèðî-
âàííîãî ãëîáàëüíîãî àäðåñíîãî ïðîñòðàíñòâà

1 Introduction

Clustering problem can be seen as a non-supervised learning approach to �nd similarity
groups inside a dataset. There exist 4 di�erent 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 e�cient 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 de�ned as minimization problem (see Eq. 1), where the goal lies in �nding
such an assignment S of points to cluster centers such that this assignment minimizes within-
cluster squared di�erences of data points.

arg min
S

∑K
i=1

∑
x∈Si
‖x− µi‖ (1)

In terms of Mapreduce model, the problem can be decomposed into 2 or more stages [1].
In the �rst 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 shu�e 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.

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 modi�ed 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 a�ne hashmap located in a shared
portion of thread`s memory (see Fig. 1). Reduce threads are assigned key-value pairs after
shu�e 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 a�ne 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 di�erent HPC platforms and parallel systems there has been
some e�orts to create Mapreduce systems for speci�c architectures [3,4] or target speci�c
domain areas [5,6,7].

2 Main part

PGAS Mapreduce system relies on e�cient execution of bulk and �ne-grained memory
opera-tions among threads. In this paper we propose a new implementation of shu�e
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 �ne-grained memory operations. The second modi�cation 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 speci�c 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
shu�e 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 �nish their execution shu�e 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
speci�c keys to their scheduled threads. Reduce processes fetch the data from shared hashmap
according to collective exchange algorithm described above.

Figure 3: Map algorithm for centroid-based Kmeans clustering

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 identi�er. The input consists of number
of rows that are represented by the following tuples: document id, word id, the frequency
of the word. Our �rst 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 identi�er 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 �rst run were speci�ed as an input to a second Mapreduce task. This
Mapreduce task corresponds to a clustering algorithm described in the previous section.

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 shu�e procedure.
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