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Abstract—Top-k is a well-studied problem in the literature,
due to its wide spectrum of applications, like information
retrieval, database querying, Web search and data mining. In
the big data era, the volume of the data and their velocity,
call for efficient parallel solutions that overcome the restricted
resources of a single machine. Our motivating application
is recommenders, which typically deal with big numbers of
users and items, but other applications might benefit as well,
like keyword search. In this paper, we propose a parallel
top-k MapReduce algorithm that, unlike existing MapReduce
solutions, manages to handle cases in which the & results do
not fit in memory.

I. INTRODUCTION

Efficient top-k processing is a crucial requirement in many
interactive environments, such as the Web and multimedia
search, that involve huge amounts of data (for surveys on
algorithms for top-k computations, see [4], [11]). As a
case study, consider that with the growing complexity of
the Web [1], users often find themselves overwhelmed by
the mass of choices available. To facilitate users in their
selection process, recommender systems offer suggestions of
potential interest on items [8]. In particular, recommender
systems aim at providing recommendations to users or
groups of users by estimating their item preferences and
recommending those items featuring the maximal predicted
preference. The prerequisite for determining such recom-
mendations is historical information on the users’ interests,
e.g., the users’ purchase history.

Collaborative filtering [10] is a widely used recommenda-
tions technique, in which the key concept is to locate users,
for example, the top-k ones, with similar rating behavior to
the query user; the preferences of these users are employed
then for issuing recommendations for the query user. The
simplest, naive approach for finding similar users is by linear
scanning the whole user base. Clearly, this is a costly process
for large recommender systems, in which there exist millions
of users.

Nowadays, there are more efficient approaches for identi-
fying users sharing similar preferences, such as approaches
that build user models and employ these models for rat-
ing prediction. User models might be derived through, for
instance, clustering users into groups of similar users. For
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example, [6] applies full-dimensional clustering to organize
users into clusters and employs these clusters, instead of a
linear scan of the database, for predictions.

Nevertheless, full-dimensional clustering is not the best
option for the recommendations domain due to the high
dimensionality of the data; typically, there exist thousands
to millions of items in a recommendation application. Due
to the high dimensionality, it is difficult to locate similar
users with respect to the whole high-dimensional feature
space. Alternatively, it is easier to locate such users in a
subset of features or subspace of the original feature space.
Solutions that search for user models in such subspaces exist;
for example, [7] employs subspace clustering to detect both
the users that belong to a cluster and the items that define
this cluster.

However, in both full-dimensional and subspace cluster-
ing, the quality of recommendations depends heavily on the
partitioning strategy. Based on recent studies [7], although a
clustering approach is much faster than the naive approach,
the naive is superior in terms of quality.

Luckily, nowadays, even the naive approach of linear
scanning the database to locate similar users might be imple-
mented efficiently through distributed computing, allowing
to resorting to non-approximate solutions. Our goal in this
work, is to investigate an efficient parallel implementation
for top-k computations by leveraging the MapReduce [2]
programming model. Note that when considering group
recommendations (e.g., [9], [6]), i.e., recommendations for
groups of users instead of single users, the complexity is
aggravated, as the heavy computational task of identifying
similar users should be repeated for each group member.

We emphasize on the case in which k results, users in
our example, do not fit in memory, which has not been
previously addressed in a MapReduce environment. This
problem arises when, for example, a big company (i.e., with
millions of customers) wants to upgrade the services that it
offers to its oldest customers, or when a government’s tax
office wants to spot the citizens with the highest income. The
most similar work is the top-k algorithm presented in [5],
in which & is small enough to fit, for each data partition,
the top-k objects in memory; then, local top-k objects are
aggregated to produce the final output. In our experiments,

Authorized licensed use limited to: Technische Informationsbibliothek (TIB). Downloaded on April 30,2022 at 09:20:40 UTC from IEEE Xplore. Restrictions apply.



MAP function pseudo-code | | REDUCEfunction pseudo-code

JoB 1
Input Input (Single Reducer)
Key: object id, i Key: score, j
Value: score, j Value: list of frequencies, F
Output (sorted in descending order of )
Key: score, j Output
Value: frequency The score t that corresponds to the k™
1: emit (j, 1) ranking position & the number a of
+ combiner to sum up the 1’s additional objects

1: counter=0
2: for each key t
3: if (counter<k) //else do nothing

4: counter = counter + sum(F)
5: if (counter >= k) //entered only once
6: emit(t, counter-k)
JoB 2
Input Input
Key : objectid, i Key: score, j
Value: score, j Value: object id, i
Output Output
Key: object id, i The top-k objects
Value: score, j 1:loadt, a
1:loadt 2:if (j==1)
2:if (j>=1t) 3:  //skip a objects with this score
3: emit(j, i) 4: emit (i, j)

Figure 1. Pseudo-code for the top-k algorithm.

we highlight the scalability of our approach on a cluster of
15 machines, using synthetic big data.

II. MAPREDUCE TOP-K COMPUTATION

MapReduce is a programming model that allows parallel
processing of large datasets on a computer cluster. A dataset,
given as input to a MapReduce job, is split into chunks,
which are then processed in parallel. Abstractly, a map
function, emitting intermediate (key, value) pairs for each
input split, and a reduce function that processes the list of
values of an intermediate key, coming from all the mappers,
should be defined. Optionally, a combine function can be
provided, to process the output of each mapper, like a local,
mini-reducer, and decrease the amount of data transferred
through the cluster network. Many problems that cannot be
solved in a single MapReduce job can utilize a chain of
several jobs, as is the case in our suggested solution.

In this work, we propose the algorithm sketched in
Figure 1 for top-k computations. This algorithm takes as
input a set of pairs (i, j), representing objects ¢ associated
with scores 7, and outputs the k pairs with the highest scores.
In case of recommendations, ¢ stands for a user u” and j for
the similarity between our reference user v and v’. Our goal
is to detect the top-k users with the higher similarity scores.

To implement that, we use two MapReduce jobs. The first
job (Job 1) identifies the maximum score threshold ¢, such
that, at least k£ objects have a score j greater than, or equal
to ¢t. The second job (Job 2) outputs exactly k objects with
a score j greater than, or equal to ¢.

In detail, Job 1 takes as input (¢, j) pairs. For each pair,
the first mapper emits a (7, 1) pair (Mapper 1, Line 1). A
combiner then sums up the 1’s that correspond to the same

score j, provided by the same mapper, practically counting
the number of objects with score j.

For each score j, given in descending order (using a
custom key comparator), the single reducer keeps a counter
for the number of objects that have a score greater than, or
equal to the current score (Reducer 1, Line 1). When this
counter reaches or exceeds k (Reducer 1, Line 5), the reducer
stops, after emitting the current score ¢ and the number a
of additional objects that have the same score (Reducer 1,
Line 6), namely, how many more objects than k, have the
emitted score t. After that, the reducer performs no further
processing (Reducer 1, Line 3).

When a = 0, the mapper of the final job emits a (¢, j) pair
that it is given as input, when j > ¢. In that case, exactly k
objects are emitted from the mapper and the job skips the
reduce phase. This case, occurring when it is rather unlikely
that many objects will have the same score, is not depicted
in Figure 1. When a > 0, the mapper emits a (j, ) pair
(Mapper 2, Line 3) for a (¢, j) pair that it is given as input,
when j > ¢ (Mapper 2, Line 2). In that case, k+a objects are
emitted from the mapper. The reducer then skips a objects
from those with score ¢t (Reducer 2, Lines 2-3) and emits
all the rest (Reducer 2, Line 4).

III. EVALUATION

For our experiments, we used a cluster of 15 Ubuntu
12.04.3 LTS servers (virtual machines), each with 8 AMD
2.1 GHz CPUs, 8 GB RAM and 60 GB of hard disk capacity,
placed in a local network with speed around 500 MB/s. One
of the nodes served as a master node and the rest were
slave nodes. Each slave node could run simultaneously 4
map or reduce tasks, while each task had a heap size of
1,250 MB available. Each experiment was repeated twice
and the average time was considered, to eliminate external
factors effects (e.g., network overhead). Finally, we used
the ~okeanos' GRNET cloud service, Apache Hadoop 1.2.0
and Java version 1.7.0_25 from OpenJDK. The source code,
baselines, and dataset generator are publicly available at
https://github.com/vefthym/Top-k_in_MapReduce.

To show the generality of our algorithm and test it with
a bigger volume of data than the available recommender
systems datasets we could find?>, we use synthetic datasets,
consisting of (object, score) pairs, where object is a unique
numeric id and score is a random number in [0, 100].
Figure 2 (left) presents the running time and the speedup of
our algorithm on a dataset of 300M randomly-scored objects
when asking for top k=100M, using 1, 5, 10 and 14 slave
nodes. After a point, using more nodes is not improving the
execution time much, since there is an overhead of using
MapReduce, e.g., data transferring and job setup. However,
in bigger datasets, as that of Figure 2 (right), consisting

Uhttps://okeanos.grnet.gr
2For example, the largest version of MovieLens consists of 72K users [3].
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Figure 2.
top-k=100M.

of 1B randomly-scored objects, the number of nodes, af-
ter which execution time is not significantly improved, is
slightly higher. We note that k is not affecting the execution
time or speedup of our algorithm, as much as the size of
the input data, since the most expensive task is sorting the
objects.

As an indication of the running time that a sequential
algorithm needs for the same task, we executed external
merge sorting on a single core based on scores, and then
kept the top-k pairs. Merge sorting took around 1,537 and
5,971 seconds for the 300M and 1B datasets, respectively.
This means that our approach, for the 300M dataset, requires
25% less time, even when a single node is used, and 91%
less time when 14 nodes are used. For the 1B dataset, the
corresponding reductions in time are 62.6% and 96.1%,
respectively.

Moreover, our algorithm performs better than parallel
merge sorting, when the latter is run on 4 cores of a single
machine. For example, for the 1B dataset, our algorithm
outperforms merge sorting by 28% and 92.5%, when 1 and
14 nodes are used, respectively.

IV. SUMMARY

In this work, we have presented an efficient and scalable
top-k MapReduce algorithm that is capable of managing the
case in which £ results do not fit in memory. To the best
of our knowledge, this is the first time that a MapReduce
algorithm can handle this case.

So far, we experimented with simulated recommendation
datasets; our next step will be to experiment with real data.
We plan to broaden the spectrum of input data types and
consider, e.g., the users’ behavior and friendships in social
networks. Another extension can be in terms of grouping
similar scores using some, e.g., hashing function. So far, the
different scores are treated as different values, however in a
real recommender, small variations in the scores might be
neglected.
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Time and speedup of the top-k algorithm with different number of nodes for the 300M dataset (left) and 1B dataset (right). For both cases,

ACKNOWLEDGEMENTS

This work was partially supported by the EU FP7 Idea-
Garden (#318552), the H2020 PARTHENOS (#654119) and
the DFG FOR 1670 projects. We would also like to thank
GRNET, for providing the ~okeanos cloud service, on which
we ran our experiments.

REFERENCES

[1] V. Christophides, V. Efthymiou, and K. Stefanidis. Entity
Resolution in the Web of Data. Synthesis Lectures on the
Semantic Web: Theory and Technology. Morgan & Claypool
Publishers, 2015.

J. Dean and S. Ghemawat.
Processing on Large Clusters.
113, 2008.
Grouplens-Research. MovieLens.
datasets/movielens/, 2015.
2015].

I. F. Ilyas, G. Beskales, and M. A. Soliman. A survey of top-
k query processing techniques in relational database systems.
ACM Comput. Surv., 40(4), 2008.

D. Miner and A. Shook. MapReduce Design Patterns:
Building Effective Algorithms and Analytics for Hadoop and
Other Systems. O’Reilly Media, Inc., 1st edition, 2012.

E. Ntoutsi, K. Stefanidis, K. Ngrvag, and H. Kriegel. Fast
Group Recommendations by Applying User Clustering. In
ER, pages 126-140, 2012.

E. Ntoutsi, K. Stefanidis, K. Rausch, and H. Kriegel.
“Strength Lies in Differences”: Diversifying Friends for Rec-
ommendations through Subspace Clustering. In CIKM, pages
729-738, 2014.

F. Ricci, L. Rokach, B. Shapira, and P. B. Kantor, editors.
Recommender Systems Handbook. Springer, 2011.

S. B. Roy, S. Amer-Yahia, A. Chawla, G. Das, and C. Yu.
Space efficiency in group recommendation. VLDB J.,
19(6):877-900, 2010.

J. J. Sandvig, B. Mobasher, and R. D. Burke. A survey of
collaborative recommendation and the robustness of model-
based algorithms. /IEEE Data Eng. Bull., 31(2):3-13, 2008.
K. Stefanidis, G. Koutrika, and E. Pitoura. A survey on
representation, composition and application of preferences
in database systems. ACM Trans. Database Syst., 36(3):19,
2011.

[2] MapReduce: Simplified Data

Commun. ACM, 51(1):107—

[3] http://grouplens.org/

[Online; accessed 05-January-

(4]

(3]

[6]

(71

(8]

191

[10]

[11]

2822

Authorized licensed use limited to: Technische Informationsbibliothek (TIB). Downloaded on April 30,2022 at 09:20:40 UTC from IEEE Xplore. Restrictions apply.




<<
  /ASCII85EncodePages false
  /AllowTransparency false
  /AutoPositionEPSFiles false
  /AutoRotatePages /None
  /Binding /Left
  /CalGrayProfile (Gray Gamma 2.2)
  /CalRGBProfile (sRGB IEC61966-2.1)
  /CalCMYKProfile (U.S. Web Coated \050SWOP\051 v2)
  /sRGBProfile (sRGB IEC61966-2.1)
  /CannotEmbedFontPolicy /Warning
  /CompatibilityLevel 1.4
  /CompressObjects /Off
  /CompressPages true
  /ConvertImagesToIndexed true
  /PassThroughJPEGImages true
  /CreateJobTicket false
  /DefaultRenderingIntent /Default
  /DetectBlends true
  /DetectCurves 0.0000
  /ColorConversionStrategy /LeaveColorUnchanged
  /DoThumbnails false
  /EmbedAllFonts true
  /EmbedOpenType false
  /ParseICCProfilesInComments true
  /EmbedJobOptions true
  /DSCReportingLevel 0
  /EmitDSCWarnings false
  /EndPage -1
  /ImageMemory 1048576
  /LockDistillerParams true
  /MaxSubsetPct 100
  /Optimize false
  /OPM 0
  /ParseDSCComments false
  /ParseDSCCommentsForDocInfo false
  /PreserveCopyPage true
  /PreserveDICMYKValues true
  /PreserveEPSInfo false
  /PreserveFlatness true
  /PreserveHalftoneInfo true
  /PreserveOPIComments false
  /PreserveOverprintSettings true
  /StartPage 1
  /SubsetFonts false
  /TransferFunctionInfo /Remove
  /UCRandBGInfo /Preserve
  /UsePrologue false
  /ColorSettingsFile ()
  /AlwaysEmbed [ true
    /Arial-Black
    /Arial-BoldItalicMT
    /Arial-BoldMT
    /Arial-ItalicMT
    /ArialMT
    /ArialNarrow
    /ArialNarrow-Bold
    /ArialNarrow-BoldItalic
    /ArialNarrow-Italic
    /ArialUnicodeMS
    /BookAntiqua
    /BookAntiqua-Bold
    /BookAntiqua-BoldItalic
    /BookAntiqua-Italic
    /BookmanOldStyle
    /BookmanOldStyle-Bold
    /BookmanOldStyle-BoldItalic
    /BookmanOldStyle-Italic
    /BookshelfSymbolSeven
    /Century
    /CenturyGothic
    /CenturyGothic-Bold
    /CenturyGothic-BoldItalic
    /CenturyGothic-Italic
    /CenturySchoolbook
    /CenturySchoolbook-Bold
    /CenturySchoolbook-BoldItalic
    /CenturySchoolbook-Italic
    /ComicSansMS
    /ComicSansMS-Bold
    /CourierNewPS-BoldItalicMT
    /CourierNewPS-BoldMT
    /CourierNewPS-ItalicMT
    /CourierNewPSMT
    /EstrangeloEdessa
    /FranklinGothic-Medium
    /FranklinGothic-MediumItalic
    /Garamond
    /Garamond-Bold
    /Garamond-Italic
    /Gautami
    /Georgia
    /Georgia-Bold
    /Georgia-BoldItalic
    /Georgia-Italic
    /Haettenschweiler
    /Impact
    /Kartika
    /Latha
    /LetterGothicMT
    /LetterGothicMT-Bold
    /LetterGothicMT-BoldOblique
    /LetterGothicMT-Oblique
    /LucidaConsole
    /LucidaSans
    /LucidaSans-Demi
    /LucidaSans-DemiItalic
    /LucidaSans-Italic
    /LucidaSansUnicode
    /Mangal-Regular
    /MicrosoftSansSerif
    /MonotypeCorsiva
    /MSReferenceSansSerif
    /MSReferenceSpecialty
    /MVBoli
    /PalatinoLinotype-Bold
    /PalatinoLinotype-BoldItalic
    /PalatinoLinotype-Italic
    /PalatinoLinotype-Roman
    /Raavi
    /Shruti
    /Sylfaen
    /SymbolMT
    /Tahoma
    /Tahoma-Bold
    /TimesNewRomanMT-ExtraBold
    /TimesNewRomanPS-BoldItalicMT
    /TimesNewRomanPS-BoldMT
    /TimesNewRomanPS-ItalicMT
    /TimesNewRomanPSMT
    /Trebuchet-BoldItalic
    /TrebuchetMS
    /TrebuchetMS-Bold
    /TrebuchetMS-Italic
    /Tunga-Regular
    /Verdana
    /Verdana-Bold
    /Verdana-BoldItalic
    /Verdana-Italic
    /Vrinda
    /Webdings
    /Wingdings2
    /Wingdings3
    /Wingdings-Regular
    /ZWAdobeF
  ]
  /NeverEmbed [ true
  ]
  /AntiAliasColorImages false
  /CropColorImages true
  /ColorImageMinResolution 200
  /ColorImageMinResolutionPolicy /OK
  /DownsampleColorImages true
  /ColorImageDownsampleType /Bicubic
  /ColorImageResolution 300
  /ColorImageDepth -1
  /ColorImageMinDownsampleDepth 1
  /ColorImageDownsampleThreshold 1.50000
  /EncodeColorImages true
  /ColorImageFilter /DCTEncode
  /AutoFilterColorImages false
  /ColorImageAutoFilterStrategy /JPEG
  /ColorACSImageDict <<
    /QFactor 0.76
    /HSamples [2 1 1 2] /VSamples [2 1 1 2]
  >>
  /ColorImageDict <<
    /QFactor 0.76
    /HSamples [2 1 1 2] /VSamples [2 1 1 2]
  >>
  /JPEG2000ColorACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /JPEG2000ColorImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /AntiAliasGrayImages false
  /CropGrayImages true
  /GrayImageMinResolution 200
  /GrayImageMinResolutionPolicy /OK
  /DownsampleGrayImages true
  /GrayImageDownsampleType /Bicubic
  /GrayImageResolution 300
  /GrayImageDepth -1
  /GrayImageMinDownsampleDepth 2
  /GrayImageDownsampleThreshold 1.50000
  /EncodeGrayImages true
  /GrayImageFilter /DCTEncode
  /AutoFilterGrayImages false
  /GrayImageAutoFilterStrategy /JPEG
  /GrayACSImageDict <<
    /QFactor 0.76
    /HSamples [2 1 1 2] /VSamples [2 1 1 2]
  >>
  /GrayImageDict <<
    /QFactor 0.76
    /HSamples [2 1 1 2] /VSamples [2 1 1 2]
  >>
  /JPEG2000GrayACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /JPEG2000GrayImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /AntiAliasMonoImages false
  /CropMonoImages true
  /MonoImageMinResolution 400
  /MonoImageMinResolutionPolicy /OK
  /DownsampleMonoImages true
  /MonoImageDownsampleType /Bicubic
  /MonoImageResolution 600
  /MonoImageDepth -1
  /MonoImageDownsampleThreshold 1.50000
  /EncodeMonoImages true
  /MonoImageFilter /CCITTFaxEncode
  /MonoImageDict <<
    /K -1
  >>
  /AllowPSXObjects false
  /CheckCompliance [
    /None
  ]
  /PDFX1aCheck false
  /PDFX3Check false
  /PDFXCompliantPDFOnly false
  /PDFXNoTrimBoxError true
  /PDFXTrimBoxToMediaBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXSetBleedBoxToMediaBox true
  /PDFXBleedBoxToTrimBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXOutputIntentProfile (None)
  /PDFXOutputConditionIdentifier ()
  /PDFXOutputCondition ()
  /PDFXRegistryName ()
  /PDFXTrapped /False

  /CreateJDFFile false
  /Description <<
    /CHS <FEFF4f7f75288fd94e9b8bbe5b9a521b5efa7684002000410064006f006200650020005000440046002065876863900275284e8e55464e1a65876863768467e5770b548c62535370300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200035002e003000204ee553ca66f49ad87248672c676562535f00521b5efa768400200050004400460020658768633002>
    /CHT <FEFF4f7f752890194e9b8a2d7f6e5efa7acb7684002000410064006f006200650020005000440046002065874ef69069752865bc666e901a554652d965874ef6768467e5770b548c52175370300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200035002e003000204ee553ca66f49ad87248672c4f86958b555f5df25efa7acb76840020005000440046002065874ef63002>
    /DAN <>
    /DEU <>
    /ESP <>
    /FRA <>
    /ITA (Utilizzare queste impostazioni per creare documenti Adobe PDF adatti per visualizzare e stampare documenti aziendali in modo affidabile. I documenti PDF creati possono essere aperti con Acrobat e Adobe Reader 5.0 e versioni successive.)
    /JPN <>
    /KOR <FEFFc7740020c124c815c7440020c0acc6a9d558c5ec0020be44c988b2c8c2a40020bb38c11cb97c0020c548c815c801c73cb85c0020bcf4ace00020c778c1c4d558b2940020b3700020ac00c7a50020c801d569d55c002000410064006f0062006500200050004400460020bb38c11cb97c0020c791c131d569b2c8b2e4002e0020c774b807ac8c0020c791c131b41c00200050004400460020bb38c11cb2940020004100630072006f0062006100740020bc0f002000410064006f00620065002000520065006100640065007200200035002e00300020c774c0c1c5d0c11c0020c5f40020c2180020c788c2b5b2c8b2e4002e>
    /NLD (Gebruik deze instellingen om Adobe PDF-documenten te maken waarmee zakelijke documenten betrouwbaar kunnen worden weergegeven en afgedrukt. De gemaakte PDF-documenten kunnen worden geopend met Acrobat en Adobe Reader 5.0 en hoger.)
    /NOR <>
    /PTB <>
    /SUO <>
    /SVE <>
    /ENU (Use these settings to create PDFs that match the "Required"  settings for PDF Specification 4.01)
  >>
>> setdistillerparams
<<
  /HWResolution [600 600]
  /PageSize [612.000 792.000]
>> setpagedevice


