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Pipelined MapReduce: A Decoupled MapReduce RunTime for Shared
Memory Multi-Processors

by Konstantinos Iliakis

Modern multi-processors embody up to hundreds of cores in a single chip, in an

attempt to attain TFlops/sec performance. Many subtle programming frameworks

have emerged in order to facilitate the development of parallel, e�cient and scal-

able applications. The MapReduce programming model, after having indisputably,

demonstrated its usability and e�ectiveness in the area of Large-Scale Distributed

Systems computation, has been adapted to the needs of shared-memory multi-core

and multi-processor systems.

The scope of this thesis is to enhance the existing, traditional MapReduce Ar-

chitecture, by decoupling Map from Combine into two separate phases. These inde-

pendent phases are interleaved and executed in parallel. We argue that, interleav-

ing Map and Combine computation, leads to more e�cient hardware utilization and

competent run-time improvements.

A high-performance, shared queue data structure has been introduced in order

to pipeline intermediate data from Map to Combine phase and allow for concur-

rent execution. Furthermore, an Inter-thread communication aware thread-to-cpu

binding policy has been designed to minimize data exchange overhead.

The Pipelined Architecture is evaluated into two inherently diverse multi-core

systems and demonstrates execution speedup of up to 5.34X compared to a state-

of-the art MapReduce Library, Phoenix++ [1]. Nevertheless, we observe that not

all type of workloads pro�t from our Pipelined Architecture and reason about the

application characteristics that de�ne its suitability to our Runtime.

https://www.ntua.gr/en
https://www.ece.ntua.gr/en




ix

Acknowledgements
This thesis concludes my studies at the school of Electrical and Computer Engi-

neering of the National Technical University of Athens.

I would like to express my profound and sincere thanks to Professor Dimitrios

Soudris for giving me the opportunity to carry out my diploma thesis under his

supervision. His guidance and advices, alongside with his invaluable research ex-

perience provided me with the motivation and inspiration to accomplish this work.

In addition, I would like to thank Dr. Sotirios Xydis, who advised and stood by

me throughout the duration of this thesis with accurate observations and sugges-

tions. He was always willing to support me in every di�culty I faced and share his

knowledge with me, so I feel grateful for having the opportunity to cooperate with

him.

I give my special thanks to Kitsou Aggeliki for her enjoyable companionship

and cheering me up whenever I needed it the most. I also thank all my friends who

supported me throughout my studies.

Finally, I like to thank my family who always encouraged and assisted me to

achieve my goals.





xi

Contents

Declaration of Authorship v

Abstract vii

Acknowledgements ix

1 Εϰτεταµένη Περίληψη 1
1.1 Εισαγωγή . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 1

1.1.1 Επισϰόπηση Πρότασης . . . . . . . . . . . . . . . . . . . . 1

1.2 Θεωρητιϰό Υπόβαϑρο . . . . . . . . . . . . . . . . . . . . . . . . . . 2

1.2.1 Phoenix++ . . . . . . . . . . . . . . . . . . . . . . . . . . . . 2

1.2.2 Ανασϰόπηση Σχετιϰών Υλοποιήσεων . . . . . . . . . . . . 4

1.2.3 Pipelined MapReduce . . . . . . . . . . . . . . . . . . . . . 4

1.3 Λεπτοµέρειες Υλοποίησης . . . . . . . . . . . . . . . . . . . . . . . 5

1.3.1 Αρχιτεϰτονιϰή Pipelined MapReduce . . . . . . . . . . . . . 5

1.3.2 Μοιραζόµενες Ουρές Ταυτόχρονης Πρόσβασης . . . . . . . 7

Αξιολόγηση Υλοποιήσεων Ουράς . . . . . . . . . . . . . . . 7

1.3.3 Μνήµη-ενήµερη Πολιτιϰή ∆εσίµατος Νηµάτων σε ΚΜΕ . . 9

1.3.4 Χαραϰτηρισµός Εφαρµογών . . . . . . . . . . . . . . . . . . 11

1.4 Αποτελέσµατα . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 13

1.4.1 Πειραµατιϰή Πλατφόρµα . . . . . . . . . . . . . . . . . . . 13

1.4.2 Αξιολόγηση των ∆ιαφόρων Πολιτιϰών . . . . . . . . . . . . 14

1.4.3 Κατανάλωση Στοιχείων σε ∆έσµες . . . . . . . . . . . . . . 15

1.4.4 Αξιολόγηση Επίδοσης . . . . . . . . . . . . . . . . . . . . . 16

1.5 Συµπεράσµατα ϰαι Μελλοντιϰές Επεϰτάσεις . . . . . . . . . . . . . 19

1.5.1 Συµπεράσµατα . . . . . . . . . . . . . . . . . . . . . . . . . 19

1.5.2 Μελλοντιϰές Επεϰτάσεις . . . . . . . . . . . . . . . . . . . . 20

2 Introduction 23
2.1 The Big Data Era . . . . . . . . . . . . . . . . . . . . . . . . . . . . 23

2.2 MapReduce with Shared-Memory Properties . . . . . . . . . . . . . 24

2.3 Proposal Overview . . . . . . . . . . . . . . . . . . . . . . . . . . . 25

2.4 Thesis structure . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 26



xii

3 Prior Art 27
3.1 Introduction . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 27

3.2 MapReduce Runtime . . . . . . . . . . . . . . . . . . . . . . . . . . 27

3.2.1 MapReduce Architecture . . . . . . . . . . . . . . . . . . . . 28

3.2.2 The "Hello World" of MapReduce . . . . . . . . . . . . . . . 29

3.2.3 Success and Extensive Applicability . . . . . . . . . . . . . . 29

3.3 Phoenix: MapReduce runtime for multi-cores and multi-processor

systems . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 30

3.3.1 Modern Parallel Programming Models . . . . . . . . . . . . 30

3.3.2 Original Phoenix Library . . . . . . . . . . . . . . . . . . . . 31

3.3.3 Phoenix Rebirth . . . . . . . . . . . . . . . . . . . . . . . . . 35

3.3.4 Phoenix++: The Latest Implementation . . . . . . . . . . . . 37

3.3.5 Alternative Shared-Memory MapReduce Libraries . . . . . . 39

3.4 High-Performance Shared Queue Implementations . . . . . . . . . 40

3.4.1 MCRingBu�er . . . . . . . . . . . . . . . . . . . . . . . . . . 41

3.4.2 Fast Forward . . . . . . . . . . . . . . . . . . . . . . . . . . 41

3.5 MapReduce Architecture Related Work . . . . . . . . . . . . . . . . 42

3.6 Pipelined MapReduce . . . . . . . . . . . . . . . . . . . . . . . . . . 43

4 Implementation Details 45
4.1 Introduction . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 45

4.2 Pipelined Map Reduce Architecture . . . . . . . . . . . . . . . . . . 45

4.3 Concurrent Shared Bu�er . . . . . . . . . . . . . . . . . . . . . . . . 47

4.3.1 Queue Characteristics . . . . . . . . . . . . . . . . . . . . . 47

4.3.2 Queue Implementations Benchmark . . . . . . . . . . . . . 48

4.3.3 Queue Optimizations . . . . . . . . . . . . . . . . . . . . . . 50

4.4 Memory Aware Thread-to-CPU Binding Policies . . . . . . . . . . . 51

4.5 Proper Con�guration is Crucial . . . . . . . . . . . . . . . . . . . . 53

4.5.1 MapReduce Runtime Con�guration . . . . . . . . . . . . . . 53

4.5.2 Map-Combine Pipeline Con�guration . . . . . . . . . . . . 54

4.6 Secondary Contributions . . . . . . . . . . . . . . . . . . . . . . . . 55

4.6.1 Synthetic Test Suite . . . . . . . . . . . . . . . . . . . . . . . 55

4.6.2 Application Characterization . . . . . . . . . . . . . . . . . 57

5 Results 61
5.1 Introduction . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 61

5.2 Experimental Setup . . . . . . . . . . . . . . . . . . . . . . . . . . . 61

5.2.1 Intel
®

Haswell . . . . . . . . . . . . . . . . . . . . . . . . . . 62

5.2.2 Intel
®

Xeon Phi™ . . . . . . . . . . . . . . . . . . . . . . . . 62

5.3 Static-Dynamic queue comparison . . . . . . . . . . . . . . . . . . . 63



xiii

5.4 Di�erent policies comparison . . . . . . . . . . . . . . . . . . . . . 64

5.5 Di�erent chunk size . . . . . . . . . . . . . . . . . . . . . . . . . . . 65

5.6 Di�erent bu�er size . . . . . . . . . . . . . . . . . . . . . . . . . . . 66

5.7 Di�erent batch size . . . . . . . . . . . . . . . . . . . . . . . . . . . 67

5.8 Performance Evaluation . . . . . . . . . . . . . . . . . . . . . . . . . 70

5.8.1 Intel Haswell Platform . . . . . . . . . . . . . . . . . . . . . 70

5.8.2 Intel
®

Xeon Phi™ Co-Processor . . . . . . . . . . . . . . . . 71

6 Conclusions and Future Work 75
6.1 Conclusions . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 75

6.2 Future Work . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 76

A Source Code 79
A.1 Source code repository . . . . . . . . . . . . . . . . . . . . . . . . . 79

A.2 Original License . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 79

B Producer Consumer Problem 81
B.1 Solutions to Producer Consumer Problem . . . . . . . . . . . . . . . 81

Bibliography 85





xv

List of Figures

2.1 Traditional MapReduce Work-�ow Ine�ciency . . . . . . . . . . . . 25

3.1 Google’s MapReduce execution overview . . . . . . . . . . . . . . . 28

3.2 Phoenix API . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 32

3.3 Phoenix scheduler_args_t data structure type . . . . . . . . . . . . 33

3.4 Phoenix execution overview . . . . . . . . . . . . . . . . . . . . . . 33

3.5 Phoenix vs PThreads . . . . . . . . . . . . . . . . . . . . . . . . . . 35

3.6 Phoenix intermediate bu�er . . . . . . . . . . . . . . . . . . . . . . 36

4.1 Pipelined MapReduce Architecture . . . . . . . . . . . . . . . . . . 46

4.2 Queue Benchmark on Intel Haswell . . . . . . . . . . . . . . . . . . 49

4.3 Queue Benchmark on Intel Xeon Phi . . . . . . . . . . . . . . . . . 50

4.4 Thread to CPU binding policies . . . . . . . . . . . . . . . . . . . . 52

4.5 Synthetic Test-case . . . . . . . . . . . . . . . . . . . . . . . . . . . 56

4.6 Harware counters, Default Containers, Phoenix++ . . . . . . . . . . 58

4.7 Harware counters, Hash Containers, Phoenix++ . . . . . . . . . . . 58

5.1 High Level Architecture of the systems on which we tested our im-

plementation . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 61

5.2 Static-Dynamic Allocation on Haswell . . . . . . . . . . . . . . . . 63

5.3 Static-Dynamic Allocation on Intel Xeon Phi . . . . . . . . . . . . . 64

5.4 Thread-to-CPU Binding Policies on Haswell . . . . . . . . . . . . . 65

5.5 Thread-to-CPU Binding Policies on Intel Xeon Phi . . . . . . . . . . 65

5.6 Chunk Size E�ect on Haswell . . . . . . . . . . . . . . . . . . . . . 66

5.7 Chunk Size E�ect on Xeon Phi . . . . . . . . . . . . . . . . . . . . . 66

5.8 Bu�er Size E�ect on Haswell . . . . . . . . . . . . . . . . . . . . . . 67

5.9 Bu�er Size E�ect on Xeon Phi . . . . . . . . . . . . . . . . . . . . . 67

5.10 Read Simple vs Read Batches on Haswell . . . . . . . . . . . . . . . 68

5.11 Read Simple vs Read Batches on Intel Xeon Phi . . . . . . . . . . . . 68

5.12 Batch Size E�ect on Haswell . . . . . . . . . . . . . . . . . . . . . . 69

5.13 Batch Size E�ect on Xeon Phi . . . . . . . . . . . . . . . . . . . . . 69

5.14 Pipelined Phoenix vs Phoenix++ with Default Containers, Haswell . 70

5.15 Pipelined Phoenix vs Phoenix++ with Hash Containers, Haswell . . 71



xvi

5.16 Pipelined Phoenix vs Phoenix++ with Default Containers, Intel Xeon

Phi . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 72

5.17 Pipelined Phoenix vs Phoenix++ with Hash Containers, Intel Xeon

Phi . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 72



1

Κεφάλαιο 1

Εϰτεταµένη Περίληψη

1.1 Εισαγωγή

Το MapReduce όπως προτάϑηϰε από τη Google [2] αποτελεί ένα συναρτησιαϰό

προγραµµατιστιϰό µοντέλο συνοδευόµενο από την σχετιϰή υλοποίηση σε µορφή

βιβλιοϑήϰης. Η πιο δηµοφιλής, ανοιϰτού ϰώδιϰα υλοποίηση του ήρϑε λίγο αργότε-

ρα από την Apache Hadoop [3]. Λόγω της ευχρηστίας του, της ϰλιµαϰωσιµότητας

του, της αντοχής του σε σφάλµατα ϰαι την εγγενή υποστήριξη υπολογισµών σε

Κατανεµηµένα Περιβάλλοντα, το MapReduce είναι πλέον άρρηϰτα συνδεδεµένο µε

την επεξεργασία µεγάλων όγϰων δεδοµένων (Big Data).

Στην εργασία αυτή ϑα µελετήσουµε την προσαρµογή του µοντέλου MapReduce

σε πολύ-επεξεργαστιϰά συστήµατα µοιραζόµενης µνήµης [4], [5]. Σύγχρονα πολύ-

επεξεργαστιϰά συστήµατα υψηλών επιδόσεων ολοϰληρώνουν εϰατοντάδες [6] ή

αϰόµα ϰαι χιλιάδες [7] υπολογιστιϰούς πυρήνες σε ένα ϰύϰλωµα. Ως αποτέλεσµα,

παρουσιάζουν οµοιότητες µε τις συστάδες υπολογιστών (cluster computers).

Το Phoenix [4] ϰαι το Metis [5] είναι υπάρχοντες βιβλιοϑήϰες που µεταφέρουν

την ιδέα το MapReduce, σε συστήµατα µοιραζόµενης µνήµης. Χρησιµοποιώντας

τα απλοποιείται σηµαντιϰά η διαδιϰασία ανάπτυξης παράλληλων εφαρµογών ενώ

ταυτόχρονα, διατηρείται επαρϰής ϰλιµαϰωσιµότητα ϰαι επίδοση.

1.1.1 Επισϰόπηση Πρότασης

Αφού µελετήσαµε λεπτοµερώς τις σύγχρονες βιβλιοϑήϰες MapReduce για συ-

στήµατα µοιραζόµενης µνήµης, παρατηρούµε ότι η παραδοσιαϰά προτεινόµενη

στη βιβλιογραφία αρχιτεϰτονιϰή δεν είναι βέλτιστη. Το βήµα Combine, που εϰτε-

λείται στο τέλος ϰάϑε Map εργασίας, µπορεί να προϰαλέσει ϰαϑυστερήσεις στην

εϰτέλεση, ειδιϰά όταν η φάση Map έχει υψηλές απαιτήσεις σε επεξεργαστιϰούς

πόρους ϰαι η φάση Combine έχει υψηλές απαιτήσεις σε προσπέλαση µνήµη.

Υποστηρίζουµε ότι, διαχωρίζοντας τη φάση Map από τη φάση Combine ϰαι

επιϰαλύπτοντας την εϰτέλεση τους µέσω µίας τεχνιϰής ∆ιοχέτευσης δεδοµένων,
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οδηγούµαστε σε ϰαλύτερη χρησιµοποίηση των υλιϰών πόρων, µεγαλύτερο βαϑ-

µό παραλληλίας ϰαι τελιϰά βελτιωµένο χρόνο εϰτέλεσης. Για να διοχετεύσουµε

τα δεδοµένα µεταξύ των δύο φάσεων, εισάγουµε µία διαµοιραζόµενη ουρά υψη-

λής απόδοσης. Μέσω µίας βελτιστοποιηµένης πολιτιϰής δεσίµατος νηµάτων σε

Κεντριϰές Μονάδες Επεξεργασίας (ΚΜΕ), ελαχιστοποιούµε τις επιπρόσϑετες ϰα-

ϑυστερήσεις λόγω ανταλλαγής δεδοµένων. Ο ευέλιϰτος σχεδιασµός της ουράς ϰαι

του µηχανισµού διοχέτευσης δεδοµένων µας επιτρέπει εύϰολη παραµετροποίηση

µε βάση τις ανάγϰες ϰάϑε εφαρµογής.

Τέλος, συγϰρίνουµε την απόδοση της αρχιτεϰτονιϰής µας σε σχέση µε την

τελευταία έϰδοση του Phoenix[4], το Phoenix++[1]. Οι αξιολογήσεις µας παρου-

σιάζουν ευρεία διαφοροποίηση, µε την µεγαλύτερη επιτάχυνση να είναι 5.7Χ ϰαι τη

µεγαλύτερη επιβράδυνση να είναι 3.8Χ. Βασιζόµενοι σε µετριϰές που προέρχονται

από µετρητές υλιϰού (hardware counters) [8], [9], επιχειρούµε να χαραϰτηρίσουµε

την ϰαταλληλότητα των εφαρµογών µε την αρχιτεϰτονιϰή µας.

1.2 Θεωρητιϰό Υπόβαϑρο

Σε αυτό το ϰεφάλαιο παραϑέτουµε το ϑεωρητιϰό υπόβαϑρο, πάνω στο οποίο

βασίστηϰε η υλοποίηση µας ϰαϑώς ϰαι µία σφαιριϰή επισϰόπηση των µοντέρνων

αρχιτεϰτονιϰών MapReduce σε συστήµατα µοιραζόµενης µνήµης.

1.2.1 Phoenix++

Το Phoenix++ [1] αποτελεί την τρίτη ϰαι τελιϰή έϰδοση της βιβλιοϑήϰης Phoenix.

Το Phoenix++ προσφέρει µία πληϑώρα από παραµετροποιήσεις, που επιτρέπει

στους χρήστες να προσαρµόσουν την βιβλιοϑήϰη στις ανάγϰες της εφαρµογής

τους. Πιο συγϰεϰριµένα η δοµή που αποϑηϰεύει τα ενδιάµεσα ζεύγη ϰλειδιού-

τιµής, εϰτίϑεται στους χρήστες µέσω των διεπαφής των combiner ϰαι container.

Επιπρόσϑετα, ο προγραµµατιστής µπορεί εύϰολα να ϰαϑορίσει την συνάρτηση

δέσµευσης µνήµης που ϑα χρησιµοποιηϑεί ϰαϑώς ϰαι το αν τα τελιϰά αποτε-

λέσµατα ϑα είναι ταξινοµηµένα ή όχι. Καϑώς αυτή η ευελιξία αυξάνει τις ϰλήσεις

συναρτήσεων ϰαι δίνει λιγότερες ευϰαιρίες για βελτιστοποιήσεις του compiler, το

Phoenix++ είναι γραµµένο σε C++ ϰαι χρησιµοποιεί εϰτενώς πρότυπα (templates)

για να ενεργοποιήσει την στατιϰή αντιϰατάσταση ϰώδιϰα [10].

Containers

Οι containers έρχονται να αντιϰαταστήσουν τη δοµή των ενδιάµεσων ϰαταχωρη-

τών ϰαι µαζί µε τους combiners προσφέρουν µία υψηλής επίδοσης δοµή αποϑήϰευ-

σης ζευγών ϰλειδιού-τιµής για ϰάϑε είδος εφαρµογής. Οι διαϑέσιµοι containers
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είναι οι εξής:

hash container Πίναϰας hash µεταβλητού µεγέϑους χρησιµοποιείται όταν ϰάϑε

map έργο µπορεί να εϰπέµψει οποιοδήποτε ϰλειδί.

Πίναϰας container ΄Οταν ϰάϑε map έργο µπορεί να εϰπέµψει οποιοδήποτε ϰλειδί

σε ένα προϰαϑορισµένο εύρος, ένας στατιϰός πίναϰας για ϰάϑε νήµα (thread)

χρησιµοποιείται.

Κοινός πίναϰας container Στην περίπτωση που ϰάϑε έργο εϰπέµπει ένα µονα-

διϰό ϰλειδί, ένας ϰοινός µεταξύ όλων των εργατών πίναϰας χρησιµοποιείται.

Combiners

Οι Combiners είναι αντιϰείµενα που αποϑηϰεύουν όλες τις τιµές που έχουν εϰπεµ-

φϑεί ϰαι σχετίζονται µε το ίδιο ϰλειδί. ∆ύο διαφορετιϰά είδη combiners προσφέρο-

νται:

Καταχωρητής combiner Αυτός ο combiner ουσιαστιϰά προσφέρει την παρα-

δοσιαϰή λειτουργία του MapReduce, αποϑηϰεύοντας όλες τις τιµές που

σχετίζονται µε το ίδιο ϰλειδί, σε ένα πίναϰα από διαϰοπτόµενες περιοχές

µνήµης.

Συνειρµιϰός combiner Με αυτόν τον combiner, οι τιµές που σχετίζονται µε το

ίδιο ϰλειδί δεν αποϑηϰεύονται αλλά συνδυάζονται σε µία ϰοινή τιµή. Με τον

τρόπο αυτό µειώνονται δραµατιϰά οι ανάγϰες σε µνήµη. Η συνάρτηση που

χρησιµοποιείται για να πραγµατοποιήσει την συνάϑροιση, παρέχεται από

τον χρήστη.

Υλοποιώντας τις παραπάνω βελτιστοποιήσεις, το Phoenix++ είναι ϰατά µέσω

όρο 4.7Χ ταχύτερο από τον προϰάτοχο του, το Phoenix Rebirth [11].

Στοχοϑετηµένες Εφαρµογές

Το Phoenix++, υλοποιεί ένα σύνολο από 8 εφαρµογές, τις οποίες χρησιµοποιούµε

ως σηµείο αναφοράς ϰατά την σύγϰριση µε την υλοποίηση µας. Αποτελούν δη-

µοφιλείς αλγορίϑµους από τους τοµείς του επιχειρηµατιϰού υπολογισµού (Word

Count, Reverse Index, String Match), επιστηµονιϰού υπολογισµού (Matrix Multi-

ply), τεχνητής νοηµοσύνης (KMeans, PCA, Linear Regression) ϰαι επεξεργασία

ειϰόνας (Histogram).
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1.2.2 Ανασϰόπηση Σχετιϰών Υλοποιήσεων

Συνοψίζοντας τις αρχιτεϰτονιϰές MapReduce, διαϑέσιµες στη βιβλιογραφία, πα-

ρατηρούµε ότι το Phoenix αρχιϰά υιοϑέτησε το παραδοσιαϰό Map, Reduce, Merge

σχήµα που προτάϑηϰε από την Google. Το Metis [5], βασίστηϰε στο Phoenix

ϰαι υλοποίησε ένα υβριδιϰό ϰαταχωρητή ενδιάµεσων στοιχείων που προσφέρει

ιϰανοποιητιϰή επίδοση σε όλους τους τύπους εφαρµογών. Το Phoenix Rebirth

εισήγαγε την έννοια των combiner, οι οποία τελειοποιήϑηϰε από το Phoenix++.

Το MRPhi [12], επιχειρεί να προσαρµόσει στις ανάγϰες του Intel
®

Xeon Phi™ την

βιβλιοϑήϰη MapReduce. Προϰειµένου να εϰµεταλλευϑεί το πλεονέϰτηµα MIMD

hyper-threading, επιϰαλύπτει τις φάσεις του Map ϰαι Reduce ϰαι ϰαταγράφει µία

µέση βελτίωση 8.5%. Από την άλλη, το Tiled Map-Reduce [13], αϰολουϑεί την

γνωστή από τον ϰόσµο των µεταγλωττιστών τεχνιϰή loop tiling, ϰαι χωρίζει ένα

MapReduce έργο σε πολλά µιϰρότερα τµήµατα τα οποία εϰτελεί επαναληπτιϰά.

Με τον τρόπο αυτό, µειώνονται αποτελεσµατιϰά οι ανάγϰες σε µνήµη ϰαι ενεργο-

ποιούνται άλλες βελτιστοποιήσεις, σχετιϰές µε την τοπιϰότητα των δεδοµένων.

Στον ϰλάδο των µοιραζόµενων ουρών ταυτόχρονης πρόσβασης, ο MCRing-

Bu�er [14] αποφεύγει το φαινόµενο false sharing, µέσω της τεχνιϰής padding.

Επίσης, βελτιώνει περαιτέρω την επίδοση της ουράς χωρίζοντας την σε µιϰρότερα

τµήµατα ϰαι ανανεώνοντας τις τιµές ελέγχου µόνο όταν ένα ολόϰληρο τµήµα έχει

επεξεργασϑεί. Το Fast Forward [15] ελαχιστοποιεί τις παρεµβολές µεταξύ παρα-

γωγού ϰαι ϰαταναλωτή, χρησιµοποιώντας ένα έξυπνο τέχνασµα, το οποίο δένει

τις µεταβλητές ελέγχου µε τα δεδοµένα της ουράς.

1.2.3 Pipelined MapReduce

΄Εχοντας µελετήσει σε βάϑος ϰαι ϰατανοήσει πλήρως τα πλεονεϰτήµατα, βελ-

τιστοποιήσεις, λεπτοµέρειες υλοποίησης ϰαϑώς ϰαι αναποτελεσµατιϰότητες των

πιο εξελιγµένων αρχιτεϰτονιϰών MapReduce για συστήµατα µοιραζόµενης µνήµης,

παρατηρούµε ότι η ϰλασσιϰή υλοποίηση είναι υπό-βέλτιστη, λόγω του χρονιϰού

εµποδίου ανάµεσα στη φάση Map ϰαι Reduce. Προχωρώντας ένα βήµα παραπέρα,

παρατηρούµε µε την προσϑήϰης της φάσης Combine στο τέλος ϰάϑε έργου Map,

το µεγαλύτερο βάρος του Reduce έχει µεταφερϑεί στο Map στάδιο.

Προτείνουµε µία ϰαινοτόµα αρχιτεϰτονιϰή MapReduce, στην οποία το Combine

είναι διαχωρισµένο από το Map ϰαι αποτελεί ξεχωριστή φάση. Εισαγάγουµε µία

ουρά ταυτόχρονης πρόσβασης ώστε να µεταφέρουµε τα δεδοµένα από τους Map-

pers στους Combiners. Αφότου ολοϰληρωϑεί το έργο map, τα ενδιάµεσα ζεύγη

ϰλειδιών-τιµών, εισάγονται στην ουρά. Από εϰεί εξάγονται ϰαι ϰαταναλώνονται



1.3. Λεπτοµέρειες Υλοποίησης 5

από τους Combiners. Η επιϰάλυψη των δύο φάσεων οδηγεί σε ϰαλύτερη εϰµετάλ-

λευση των υλιϰών πόρων, µεγαλύτερο βαϑµό παραλληλίας ϰαι ως αποτέλεσµα

βελτιωµένο χρόνο εϰτέλεσης.

1.3 Λεπτοµέρειες Υλοποίησης

Σϰοπός του παρόντος ϰεφαλαίου είναι να δώσει στον αναγνώστη µία ολοϰληρω-

µένη άποψη της προτεινόµενης υλοποίησης µας. Αρχιϰά παρουσιάζουµε µία υψη-

λού επιπέδου περιγραφή της αρχιτεϰτονιϰής µας. ΄Επειτα εξηγούµε τους λόγους

που µας οδήγησαν να επιλέξουµε την συγϰεϰριµένη υλοποίηση για τις µοιραζόµε-

νες ουρές. Παρουσιάζουµε την πολιτιϰή δεσίµατος των νηµάτων σε ΚΜΕ που

αναπτύξαµε για να ελαχιστοποιήσουµε το ϰόστος επιϰοινωνίας των νηµάτων ϰαι

τέλος επιχειρούµε να χαραϰτηρίσουµε τις εφαρµογές µε βάση την ϰαταλληλότητα

τους στην αρχιτεϰτονιϰή µας.

1.3.1 Αρχιτεϰτονιϰή Pipelined MapReduce

Σε αυτή την παράγραφο περιγράφουµε εϰτεταµένα την αρχιτεϰτονιϰή του προτει-

νόµενου, Pipelined MapReduce. Χρησιµοποιούµε το σχήµα 1.1 ως βάση της περι-

γραφής µας. Κοιτάζοντας στο αριστερότερο τµήµα του σχήµατος, βλέπουµε την
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Σχήµα 1.1: Αρχιτεϰτονιϰή Pipelined MapReduce

ϰλήση της βιβλιοϑήϰης του MapReduce µέσω της µεϑόδουMapReduce.run().

Αρχιϰά λαµβάνουν χώρα µία σειρά από αρχιϰοποιήσεις. Μεταβλητές όπως ο συ-

νολιϰός αριϑµός εργατών, το πλήϑος των mappers ϰαι combiners, η πολιτιϰή
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δεσίµατος νηµάτων σε ΚΜΕ, το πλήϑος των map/reduce έργων που ϑα δηµιουργη-

ϑούν ϰαϑώς ϰαι ένα σύνολο παραµέτρων σχετιϰών µε τις ουρές υπολογίζονται ϰαι

αρχιϰοποιούνται. Ο προγραµµατιστής µπορεί δυναµιϰά να επέµβει στο πλαίσιο

ϰαι να το προσαρµόσει στις ανάγϰες της εφαρµογής του. Αφού έχουν ϰαϑοριστεί

όλες οι απαραίτητες µεταβλητές, δύο οµάδες από εργάτες δηµιουργούνται. Στο

σχήµα 1.1, η χρωµατισµένη µε πράσινο οµάδα, περιλαµβάνει τους εργάτες γενιϰού

σϰοπού που ϑα εϰτελέσουν τις εργασίες του map, reduce ϰαι merge. Αντίϑετα

η χρωµατισµένη µε πορτοϰαλί οµάδα χρησιµοποιείται µόνο ϰατά το στάδιο του

combine ϰαι έχει τυπιϰά λιγότερα ή το πολύ ίσα νήµατα µε την οµάδα γενιϰού

σϰοπού.

΄Επειτα ξεϰινάει ο διαχωρισµός της εισόδου σε ϰοµµάτια. Αν το αρχείο εισόδου

έχει ϰάποια ιδιαίτερη µορφοποίηση, ο χρήστης πρέπει να παρέχει την συνάρτηση

που ϑα διαχωρίσει την είσοδο σε ϰοµµάτια. Το µέγεϑος του έργου ϰαϑορίζει

τον αριϑµό ϰοµµατιών εισόδου που ϑα αποτελούν ένα έργο ϰαι είναι υποϰείµενο

δυναµιϰής παραµετροποίησης. Ο υπολογισµός του βέλτιστου µεγέϑους δεν είναι

απλό έργο, ϰαϑώς µεγάλα µεγέϑη προϰαλούν µη ισοµερή ϰατανοµή εργασίας

µεταξύ των εργατών ϰαι πολύ µιϰρά µεγέϑη αυξάνουν το επιπρόσϑετο φόρτο

εργασίας που εισάγεται από τη βιβλιοϑήϰη.

Οι φάσεις Map ϰαι Combine αρχίζουν αµέσως µετά. ΄Ολα τα map έργα προ-

στίϑενται στις ουρές έργων. Οι map εργάτες, επαναληπτιϰά εξάγουν ένα έργο

από την τοπιϰή τους ουρά ϰαι εφαρµόζουν την δοσµένη από τον χρήστη map συ-

νάρτηση. Ως αποτέλεσµα, παράγονται ενδιάµεσα ζεύγη ϰλειδιού-τιµής τα οποία,

ϰατά την παραδοσιαϰή εϰτέλεση MapReduce, ϑα γίνουν combine από ένα αντιϰε-

ίµενο combine ϰαι ϑα αποϑηϰευτούν στην τοπιϰή δοµή του εργάτη. Αντί αυτού,

στην προτεινόµενη έϰδοση µας, προϰειµένου να επιϰαλυφτεί η εϰτέλεση των map -

combine συναρτήσεων, τα ενδιάµεσα δεδοµένα διοχετεύονται µέσω ενός συνόλου

ουρώνΑπλούΠαραγωγού -ΑπλούΚαταναλωτή (ΑΠΑΚ).Μόλις οι ουρές γεµίσουν,

οι combine εργάτες αρχίζουν το έργο τους. Εξάγουν οµάδες από ϰλειδιά-τιµές,

εφαρµόζουν την συνάρτηση combine ϰαι τέλος αποϑηϰεύουν τα αποτελέσµατα

στον τοπιϰό τους ϰαταχωρητή. Υποστηρίζουµε ότι επιϰαλύπτοντας την εϰτέλε-

ση του map ϰαι combine οδηγούµαστε σε πιο αποτελεσµατιϰή εϰµετάλλευση των

υλιϰών πόρων ϰαι βελτιωµένους χρόνους εϰτέλεσης.

Η φάση map ϑα τελειώσει όταν όλα τα στοιχεία εισόδου έχουν επεξεργαστε-

ί. Μία λογιϰή σηµαία ϑα ειδοποιήσει τους combiners ότι η φάση map τελείωσε.

Πριν τερµατίσουν, οι combiners ϑα βεβαιωϑούν ότι όλες οι ουρές είναι άδειες ε-

ϰτελώντας έναν τελιϰό έλεγχο. Η υπόλοιπη εϰτέλεση του MapReduce παραµένει

ανεπηρέαστη. Η φάση reduce αϰολουϑεί, µε τα έργα reduce να προστίϑενται στις

ουρές. Οι εργάτες, ανατίϑενται ϰαι εϰτελούν τα έργα αυτά, δυναµιϰά. Για ϰάϑε

έργο, επαναληπτιϰά περνούν ένα ζεύγος ενός ϰλειδιού ϰαι όλων των τιµών που
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σχετίζονται µε το ϰλειδί αυτό στην συνάρτηση reduce. Εϰεί όλες οι τιµές συνδυ-

άζονται σε µία µοναδιϰή τιµή ϰαι το αποτέλεσµα αποϑηϰεύεται στον ϰαταχωρητή

των τελιϰών αποτελεσµάτων. ΄Οταν όλα τα έργα reduce ολοϰληρωϑούν, ξεϰινάει

η φάση συγχώνευσης. Η συγχώνευση γίνεται παράλληλα, αϰολουϑώντας τη δο-

µή ενός δυαδιϰού δέντρου. Προαιρετιϰά η συγχώνευση γίνεται µε τρόπο ώστε η

τελιϰή έξοδος να είναι ταξινοµηµένη.

Το τελιϰό αποτέλεσµα επιστρέφεται στον χρήστη. Καϑώς αποτελείται από

µία λίστα ζευγών ϰλειδιού-τιµής, µπορεί απευϑείας να τροφοδοτήσει ένα επόµενο

στιγµιότυπο MapReduce.

1.3.2 Μοιραζόµενες Ουρές Ταυτόχρονης Πρόσβασης

Κεντριϰό ρόλο στην απόδοση της αρχιτεϰτονιϰής µας παίζει η δοµή ουράς που

χρησιµοποιείται για την επιϰοινωνία mappers - combiners. Στην περίπτωση µας,

µόνο ένας παραγωγός εισάγει δεδοµένα σε µία ουρά ϰαι µόνο ένας ϰαταναλωτής

διαβάζει δεδοµένα από µία ουρά. Οπότε µία ουρά Απλού-Παραγωγού, Απλού-

Καταναλωτή είναι ιϰανή να ϰαλύψει τις ανάγϰες της υλοποίησης µας.

Ο L.Lamport έχει αποδείξει ότι, υπό το µοντέλο της σειριαϰής συνέπειας (se-

quential consistency), µία ΑΠΑΚ ουρά µπορεί να υλοποιηϑεί χωρίς τη χρήση µηχα-

νισµών συγχρονισµού [16], [17], [18], [19]. Με µιϰρές προσϑήϰες στην υλοποίηση

του Lamport, µπορεί να αποδειχϑεί ότι το ίδιο πόρισµα ισχύει ϰαι για λιγότερα

ισχυρά µοντέλα συνέπειας [20].

Με βάση τα παραπάνω, ϰαταλήγουµε ότι µία ουρά ταυτόχρονης πρόσβασης,

Απλού Παραγωγού - Απλού Καταναλωτή, χωρίς ϰλειδώµατα ϰαι αναµονή, ϰυϰλι-

ϰή, στατιϰού µεγέϑους είναι ϰατάλληλη για την αρχιτεϰτονιϰή µας.

Αξιολόγηση Υλοποιήσεων Ουράς

Το πρόβληµα µας τυχαίνει να είναι ευρέως διαδεδοµένο ϰαι µελετηµένο, οπότε

υπάρχουν αρϰετές αποδοτιϰές λύσεις. Προϰειµένου να επιλέξουµε την ϰαλύτε-

ρη υλοποίηση, συγϰεντρώσαµε ένα σύνολο από 5 διαφορετιϰές δοµές ουράς ϰαι

πραγµατοποιήσαµε µία σειρά από 3 τεστ επίδοσης. Το ένα εξετάζει τον ρυϑµό

εισαγωγής στοιχείων σε άδεια ουρά, το δεύτερο τον ρυϑµό εξαγωγής ϰαι το τε-

λευταίο εξετάζει την απόδοση της ουράς όταν πραγµατοποιούνται ταυτόχρονες

εισαγωγές - εξαγωγές στοιχείων.

Τα γραφήµατα 1.2, αφορούν το αρχιτεϰτονιϰής Haswell πολύ-επεξεργαστιϰό

σύστηµαπου έχουµε στη διάϑεση µας ϰαι περιγράφουµε επαρϰώςστηνπαράγραφο

1.4.1. Παρατηρούµε ότι συνολιϰά η ουρές circular�fo [21] ϰαι boost-static [22]

προσφέρουν την ϰαλύτερη επίδοση.
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Σχήµα 1.2: Σύγϰριση των διαφορετιϰών ΑΠΑΚ υλοποιήσεων στην

πλατφόρµα Intel Haswell.

Αντίστοιχα, τα σχήµατα 1.3 αφορούν την πλατφόρµα Intel
®

Xeon Phi™ που

είχαµε στη διάϑεση µας. Εδώ τα αποτελέσµατα είναι ελαφρώς διαφορετιϰά, µε

τις υλοποιήσεις που ξεχωρίζουν να είναι αυτές των Cameron [23], Boost-static ϰαι

Circular�fo.

Προϰειµένου να επιλέξουµε την υλοποίηση ουράς που ϑα χρησιµοποιήσουµε,

λάβαµε υπόψιν, εϰτός από τα παραπάνω τεστ, το API που προσφέρουν. Ενώ όλες

σχεδόν οι υλοποιήσεις διαϑέτουν ένααρϰετάαπλόAPI, µε τις ϰλασσιϰές δυνατότη-

τες push(), pop(), top(), η ουρά boost προσφέρει αρϰετές πρόσϑετες

λειτουργιϰότητες. Μία από αυτές, επιτρέπει στους ϰαταναλωτές να διαβάζουν
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Σχήµα 1.3: Σύγϰριση των διαφορετιϰών ΑΠΑΚ υλοποιήσεων στην

πλατφόρµα Intel Xeon Phi platform.

ϰαι να επεξεργάζονται στοιχεία σε οµάδες, χωρίς ανάγϰη µεταφοράς δεδοµένων.

Για το λόγο αυτό, επιλέξαµε τελιϰώς την ουρά Boot µε στατιϰή δέσµευση µνήµης.

1.3.3 Μνήµη-ενήµερη Πολιτιϰή ∆εσίµατος Νηµάτων σε ΚΜΕ

Οι ουρές που εισαγάγαµε, µε σϰοπό να επιϰαλύψουµε την εϰτέλεση των mappers

ϰαι των combiners, προσϑέτουν πίεση στο σύστηµα µνήµης. Χωρίς πρόβλεψη

για µία προσεϰτιϰή σχεδίαση, το ϰόστος της επιϰοινωνίας mappers-combiners ϑα

αντιϰρούσει ϰάϑε χρονιϰή επιτάχυνση.
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Mapper Combiner

(αʹ) Πολιτιϰή Αφοσίωσης

Mapper Combiner

(βʹ) Πολιτιϰής Πίεσης

Mapper Combiner

(γʹ) Πολιτιϰή Γεµίσµατος

Σχήµα 1.4: Γραφιϰή αναπαράσταση των τριών διαφορετιϰών πολι-

τιϰών δεσίµατος νηµάτων σε ΚΜΕ.

Για να ελαχιστοποιήσουµε το ϰόστος της επιϰοινωνίας, είναι σηµαντιϰό να

τοποϑετήσουµε σε ϰοντινούς υπολογιστιϰούς πυρήνες τα νήµατα που συνεργάζο-

νται. Το πραγµατοποιούµε σε τρία βήµατα. Αρχιϰά, ανάλογα µε τον λόγο πλήϑους

mappers / combiners, αντιστοιχίζουµε στατιϰά έναν combiner σε ένα ή περισσότε-

ρους mappers. Αυτή η αντιστοίχιση ϑα παραµείνει ανέπαφη ϰαϑ όλη την εϰτέλεση

της εφαρµογής. ΄Επειτα, διαλέγουµε την πιο ϰατάλληλη πολιτιϰή δεσίµατος νη-

µάτωνσεΚΜΕ, από τις διαϑέσιµες πολιτιϰές που υλοποιήσαµε ϰαι παρουσιάζονται

στο σχήµα 1.4. Τέλος, µέσω της ϰλήσης συστήµατοςsched_setaffinity()
τα νήµατα δένονται στους ϰατάλληλους, γειτονιϰούς, λογιϰούς υπολογιστιϰούς

πυρήνες.
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Μίασύντοµηπεριγραφή των διαϑέσιµωνπολιτιϰώναϰολουϑεί, ενώ ησύγϰριση

τους γίνεται στην παράγραφο 1.4.2.

Πολιτιϰή Αφιέρωσης Αυτή είναι η αρχιϰή ϰαι πιο απλή πολιτιϰή. ∆εν λαµβάνει

υπόψη της το µοτίβο επιϰοινωνίας µεταξύ mappers – combiners.

Πολιτιϰή Πίεσης Μία εναλλαϰτιϰή πολιτιϰή, που χρησιµοποιεί περισσότερα

νήµατα απ΄ότι λογιϰοί πυρήνες. Λόγω του busy wait που πραγµατοποιο-

ύν οι mappers σε περίπτωση γεµάτης ουράς, η πολιτιϰή αυτή δεν αποδίδει

βέλτιστα.

Πολιτιϰή Γεµίσµατος Σϰοπός της πολιτιϰής αυτής είναι να αντιµετωπίσει την

αναποτελεσµατιϰότητα της πολιτιϰής Αφιέρωσης. Το επιτυγχάνει αναµει-

γνύοντας mappers ϰαι αντίστοιχους combiners µε τρόπο που ελαχιστοποιεί

τη µεταξύ τους απόσταση.

1.3.4 Χαραϰτηρισµός Εφαρµογών
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Σχήµα 1.5: Εντολές ανά byte, ΄Αεργοι ϰύϰλοι λόγω πόρων ανά

εντολή ϰαι ΄Αεργοι ϰύϰλοι λόγω µνήµης ανά εντολή στο Phoenix++

µε τους προϰαϑορισµένους Containers.

Στην παράγραφο αυτή επιχειρούµε να εξηγήσουµε τη συµπεριφορά των δια-

φόρων εφαρµογών στην αρχιτεϰτονιϰή µας. Πιο συγϰεϰριµένα, µε τη βοήϑεια της

πλατφόρµας VTune [24], διαβάζουµε ϰάποιους µετρητές υλιϰού ϰαι υπολογίζουµε

ένα σύνολο τριών απλών µετριϰών. Οι µετριϰές αυτές µας βοηϑούν να χαραϰτη-

ρίσουµε την ϰαταλληλότητα µίας εφαρµογής στην αρχιτεϰτονιϰή µας. Οι µετριϰές
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που επιλέξαµε ορίζονται ως:

IPB =
Instructions

Input Bytes
(1.1)

MSPI =
Memory Stalls

Instructions
(1.2)

RSPI =
Resource Stalls

Instructions
(1.3)

Το ΙΡΒ µετράει την πολυπλοϰότητα µίας εφαρµογής. Εφαρµογές µε πολύ χαµηλή

τιµή ΙΡΒ, δεν είναι ϰαλοί υποψήφιοι για την υλοποίηση µας, ϰαϑώς το επιπρόσϑετο

ϰόστος λόγω διαχείρισης των ουρών δεν µπορεί να διϰαιολογηϑεί. Από την άλλη

πλευρά, από µόνο του το ΙΡΒ δεν µπορεί να χαραϰτηρίσει την ϰαταλληλότητα.

Για αυτό εισάγουµε το MSPI ϰαι το RSPI. Οι µετριϰές αυτές ποσοτιϰοποιούν την

συχνότητα µε την οποία µία εφαρµογή εϰτελεί άεργους ϰύϰλους λόγω αναµο-

νής του συστήµατος µνήµης η λόγω ϰάποιου µη διαϑέσιµου πόρου. Βασιζόµενοι

σε αυτές τις µετριϰές, ϰαταλήγουµε ότι εφαρµογές µε αρϰετή πολυπλοϰότητα,

που αντιµετωπίζουν συχνά άεργους ϰύϰλους, ωφελούνται από την αρχιτεϰτονιϰή

µας. Στο σχήµα 1.5 βλέπουµε τις προαναφερϑείσες για τις διαϑέσιµες εφαρµο-
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Σχήµα 1.6: Εντολές ανά byte, ΄Αεργοι ϰύϰλοι λόγω πόρων ανά

εντολή ϰαι ΄Αεργοι ϰύϰλοι λόγω µνήµης ανά εντολή στο Phoenix++

µε Hash Containers.

γές, όταν χρησιµοποιούνται οι προϰαϑορισµένοι ενδιάµεσοι ϰαταχωρητές. Για

όλες τις εφαρµογές, η προϰαϑορισµένη δοµή ενδιάµεσου ϰαταχωρητή είναι ένας

απλός πίναϰας, εϰτός από το Word Count, όπου χρησιµοποιείται πίναϰας Hash.



1.4. Αποτελέσµατα 13

Παρατηρούµε ότι ο αλγόριϑµος KMeans ϰαι Matrix Multiply έχουν αρϰετή πολυ-

πλοϰότητα ϰαι άεργους ϰύϰλους, οπότε είναι ιδανιϰοί υποψήφιοι. Αντίϑετα, οι

αλγόριϑµοι Histogram ϰαι Linear Regression παρουσιάζουν ένα πολύ απλό φόρτο

εργασίας ϰαι δείχνουν ιδιαίτερα αϰατάλληλες για την αρχιτεϰτονιϰή µας. Για τις

περιπτώσεις του Word Count ϰαι PCA είναι δύσϰολο να αποφανϑούµε.

Προϰειµένου να αυξήσουµε την πολυπλοϰότητα των διαφόρων εφαρµογών,

στο σχήµα 1.6 εναλλάσσουµε τον τύπο των δοµών αποϑήϰευσης των ενδιάµεσων

δεδοµένων από απλό πίναϰα, σε πίναϰα hash. ΄Οπως παρατηρούµε, το αποτέλεσµα

είναι να αυξηϑούν όλες οι µετριϰές που υποδειϰνύουν επιπρόσϑετη πολυπλοϰότη-

τα. Με βάση τη νέα ειϰόνα, παρατηρούµε ότι όλοι οι αλγόριϑµοι, εϰτός του PCA,

φαίνονται ϰατάλληλοι υποψήφιοι για την αρχιτεϰτονιϰή µας. Για την περίπτωση

του PCA, συνεχίζουµε να δυσϰολευόµαστε να αποφανϑούµε, ϰαϑώς ενώ το ΙΡΒ

είναι αρϰετά υψηλό, οι τιµές των MSPI ϰαι RSPI είναι πολύ χαµηλές.

1.4 Αποτελέσµατα

Στο τµήµα αυτό αξιολογούµε την απόδοση των διαφορετιϰών χαραϰτηριστιϰών

της αρχιτεϰτονιϰής µας. Στο τέλος, συγϰρίνουµε την υλοποίηση µας µε το

Phoenix++ [1].

1.4.1 Πειραµατιϰή Πλατφόρµα

Προς ενίσχυση των αποτελεσµάτων µας, όλα τα πειράµατα µας εϰτελέστηϰαν

σε δύο πλατφόρµες. Η πρώτη είναι ένας ισχυρός πολύ-επεξεργαστής µιϰρό-

αρχιτεϰτονιϰής Ηασωελλ, ϰαι ο δεύτερος είναι ένας συν-επεξεργαστής Intel Xeon

Phi.

Intel ® Haswell

Haswell [25] είναι η εµποριϰή ονοµασία της 4ης γενιάς µιϰρο-αρχιτεϰτονιϰής της

Intel. Αποτελεί τον διάδοχο της Intel Ivy Bridge [26] αρχιτεϰτονιϰής. ∆ιαϑέτει

τρία επίπεδα ϰρυφής µνήµης, µε το µέγεϑος της L1 να είναι 32ΚΒ ανά πυρήνα,

της L2 256ΚΒ ανά πυρήνα ϰαι της L3 2.5ΜΒ ανά πυρήνα. Η πλατφόρµα που

χρησιµοποιήσαµε για τα πειράµατα µας αποτελούταν από δύο Intel Xeon E5-2683

v3 στα 2GHz µε 14 πυρήνες ϰαι δύο νήµατα ανά πυρήνα. Η τεχνολογία Turbo

boost ήταν απενεργοποιηµένη στις µετρήσεις για πιο σταϑερά αποτελέσµατα.

Intel ® Xeon Phi™

Ο συνεπεξεργαστής Xeon Phi είναι ένα µία νέα οιϰογένεια προϊόντων που αναϰοι-

νώϑηϰαν στο τέλος του 2012. ΄Εχει εδραιωϑεί στην ϰατηγορία των επιταχυντών
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υλιϰού ϰαι συναγωνίζεται, µεταξύ άλλων, την σειρά Tesla της NVIDIA. Περι-

λαµβάνει µέχρι ϰαι 61 πυρήνες τύπου Intel Many Integrated Core (MIC) σε ϰάϑε

πλατφόρµα.

΄Ενας από το λόγους της επιτυχίας του έγϰεινται στο ευέλιϰτο προγραµµα-

τιστιϰό του µοντέλο. Υποστηρίζει δύο τρόπους εϰτέλεσης, την τοπιϰή ϰαι την

αποµαϰρυσµένη. Κατά την τοπιϰή εϰτέλεση, το εϰτελέσιµο µεταγλωττίζεται στον

ϰύριο επεξεργαστή, µεταφέρεται στον συν-επεξεργαστή ϰαι εϰτελείται τοπιϰά.

Ο ϰώδιϰας σε C, C++ ϰαι Fortran δεν χρειάζεται ϰαµία αλλαγή προϰειµένου να

εϰτελεστεί στον Xeon Phi. Αντίϑετα, στην αποµαϰρυσµένη εϰτέλεση, µε χρήση

ϰάποιων ειδιϰών προγραµµατιστιϰών οδηγιών σηµειώνονται οι περιοχές του ϰώδι-

ϰα που προορίζονται για εϰτέλεση στον συν-επεξεργαστή. Κατά την εϰτέλεση του

προγράµµατος, ο ϰώδιϰας ϰαι τα αντίστοιχα δεδοµένα µεταφέρονται αυτόµατα

στον Xeon Phi, εϰτελούνται ϰαι επιστρέφουν τα αποτελέσµατα στον ϰύριο επε-

ξεργαστή.

Καϑένας από τους περίπου 60 πυρήνες µπορεί να εϰτελεί ταυτόχρονα εντολές

από 4 νήµατα. Μία µονάδα διανυσµάτων (Vector Unit) περιλαµβάνεται σε ϰάϑε

πυρήνα, ενώ το µήϰος των σχετιϰών ϰαταχωρητών είναι 512-bits επιτρέποντας την

ταυτόχρονη εϰτέλεση 16 πράξεων απλής αϰρίβειας ή 8 πράξεων διπλής αϰρίβειας.

∆ύο επίπεδα ϰρυφής µνήµης είναι διαϑέσιµα. Το πρώτο επίπεδο έχει µέγε-

ϑος 32ΚΒ ϰαι το δεύτερο 256ΚΒ. ΄Ολες οι ϰρυφές µνήµες του δευτέρου επιπέδου

σχηµατίζουν µία ϰοινή, µοιραζόµενη µνήµη ϰαϑώς είναι διασυνδεµένες µέσω ενός

διαύλου διπλής ϰατεύϑυνσης.

Το µοντέλο που είχαµε στη διάϑεση µας διαϑέτει 57 πυρήνες, συνολιϰά 28.5ΜΒ

L2 ϰρυφή µνήµη ϰαι 6GB RAM. ΄Ολες οι εφαρµογές µεταγλωττίστηϰαν στον ϰύριο

επεξεργαστή ϰαι εϰτελέστηϰαν τοπιϰά στον συν-επεξεργαστή.

1.4.2 Αξιολόγηση των ∆ιαφόρων Πολιτιϰών

Κοιτάζοντας τα σχήµατα 1.7 ϰαι 1.8 παρατηρούµε ότι η πολιτιϰή Γεµίσµατος

υπερτερεί των άλλων δύο, όπως ούτως ή άλλως αναµέναµε. Στον Haswell η

διαφορά αυτή είναι αισϑητή λόγω του φαινοµένου του τρόπου µε τον οποίο είναι

οργανωµένος ο επεξεργαστής ϰαι το γεγονός ότι αποτελεί ένα σύστηµα NUMA.

Κατά µέσω όρο η βελτίωση ανέρχεται στο 1.43Χ σε σύγϰριση µε την πολιτιϰή

Αφιέρωσης. Αντιϑέτως, ο Xeon Phi είναι ένας απλός ϰόµβος, στον οποίο µάλιστα

όλες οι δευτέρου επιπέδου ϰρυφές µνήµες είναι διασυνδεµένες, µε αποτέλεσµα τα

οφέλη της πολιτιϰής Γεµίσµατος να είναι πολύ περιορισµένα, της τάξεως του 1–3%.

Το συµπέρασµα είναι ότι µπορούµε µε ασφάλεια να ϑεωρήσουµε ότι η πολιτιϰή

Γεµίσµατος είναι η πιο αποτελεσµατιϰή.



1.4. Αποτελέσµατα 15

LR KMeans WC Hist MM PCA
0.0

0.5

1.0

1.5

2.0

2.5
Fi

ll 
P
o
lic

y
 S

p
e
e
d
u
p

2.34

1.27

1.05

2.17

1.31 1.28
1.21

1.52

1.07
1.18 1.15 1.17

Thread-to-CPU Binding Policies

Dedicated

Fill

Push

Σχήµα 1.7: Σύγϰριση του χρόνος εϰτέλεσης µεταξύ των διαφορετι-

ϰών πολιτιϰών στο σύστηµα Haswell.
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Σχήµα 1.8: Σύγϰριση του χρόνος εϰτέλεσης µεταξύ των διαφορετι-

ϰών πολιτιϰών στο σύστηµα Intel Xeon Phi

1.4.3 Κατανάλωση Στοιχείων σε ∆έσµες

΄Οπως εξηγήσαµε στο ϰεφάλαιο 1.3.2, ένας από τους λόγους που επιλέξαµε την

ουρά Boost είναι το πλούσιο ΑΡΙ που διαϑέτει. Πάνω από αυτό, υλοποιήσαµε

µία µέϑοδο ϰατανάλωσης στοιχείων σε δέσµες, χωρίς ανάγϰη για µεταφορά δεδο-

µένων. ∆έχεται σαν παράµετρο µία συνάρτηση F ϰαι έναν αϰέραιοbatch_size.

Αν υπάρχουν επαρϰή στοιχεία στην ουρά, ϰαταναλώνει µέσω της συνάρτησης F

batch_size από αυτά. Με τον τρόπο αυτό εϰµεταλλευόµαστε την τοπιϰότητα

των δεδοµένων.
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Σχήµα 1.9: Σύγϰριση χρόνου εϰτέλεσης µε χρήση απλών αναγνώσε-

ων ϰαι αναγνώσεων σε δέσµες, στον Haswell.
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Σχήµα 1.10: Σύγϰριση χρόνου εϰτέλεσης µε χρήση απλών ανα-

γνώσεων ϰαι αναγνώσεων σε δέσµες, στον Intel Xeon Phi

Στα σχήµατα 1.9 ϰαι 1.10 παρουσιάζονται τα αποτελέσµατα χρήσης της τεχνι-

ϰής αυτής. Στην πράξη αποδείχϑηϰε ότι χωρίζοντας την ϰάϑε ουρά σε περίπου

20–50 δέσµες επιτυγχάνουµε την µέγιστη απόδοση.

1.4.4 Αξιολόγηση Επίδοσης

Στην παράγραφο αυτή συγϰρίνουµε τον χρόνο εϰτέλεσης της αρχιτεϰτονιϰής µας

µε αυτόν του Phoenix++. ΄Ολα τα πειράµατα εϰτελέστηϰαν ϰαι στις δύο διαϑέσιµες
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πλατφόρµες, ενώ για ϰαλύτερη αϰρίβεια πάρϑηϰες ο µέσος όρος από 20 εϰτελέσεις.

Η τυπιϰή απόϰλιση δεν ξεπέρασε το 1%.

Πλατφόρµα Intel Haswell
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Σχήµα 1.11: Επιτάχυνση του Pipelined Phoenix σε σχέση µε το

Phoenix++ µε χρήση προϰαϑορισµένων Containers, στον Haswell
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Σχήµα 1.12: Επιτάχυνση του Pipelined Phoenix σε σχέση µε το

Phoenix++ µε χρήση Hash Containers, στον Haswell

Στο σχήµα 1.11 βλέπουµε την επιτάχυνση σε σύγϰριση µε το Phoenix++, για

τρία διαφορετιϰά µεγέϑη εισόδου όταν χρησιµοποιήϑηϰαν οι προϰαϑορισµένες
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δοµές αποϑήϰευσης ενδιάµεσων δεδοµένων. Για όλες τις εφαρµογές η δοµή ενδι-

άµεσων δεδοµένων είναι ένας απλός πίναϰας, εϰτός από το Word Count το οποίο

χρησιµοποιεί πίναϰα hash. Βλέπουµε ότι το KMeans ϰαι το Matrix Multiply επω-

φελήϑηϰαν από την αρχιτεϰτονιϰή µας ϰατά 1.95Χ ϰαι 1.77 αντίστοιχα. Το PCA

αποδίδει παρόµοια ϰαι το το Word Count είναι ελαφρώς χειρότερο ϰατά 21.6%.

Το Histogram ϰαι το Linear Regression δεν επωφελούνται από την αρχιτεϰτονιϰή

µας ϰαι είναι ϰατά 3Χ ϰαι 3.8Χ φορές αργότερα. Αυτό συµβαίνει λόγω της πολύ

χαµηλής τους πολυπλοϰότητας, µε αποτέλεσµα το επιπρόσϑετο ϰόστος της ουράς

να µονοπωλεί τον χρόνο εϰτέλεσης.

Προϰείµενου να αυξήσουµε την πολυπλοϰότητα των εφαρµογών, στο σχήµα

1.12 εναλλάσσουµε τις δοµές ενδιάµεσων δεδοµένων σε πίναϰες hash σταϑερού ή

µεταβλητού µεγέϑους. Εδώ βλέπουµε µία άϰρως βελτιωµένη ειϰόνα, µε το Pipelined

MapReduce να είναι ταχύτερο σε 5 από τις 6 περιπτώσεις ϰαι ελαφρώς χειρότερο

σε µία. Το συµπέρασµα είναι ότι η αρχιτεϰτονιϰή µας είναι ϰαταλληλότερη σε πιο

πολύπλοϰους τύπους αλγορίϑµων.

Συν-επεξεργαστής Intel® Xeon Phi™
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Σχήµα 1.13: Επιτάχυνση του Pipelined Phoenix σε σχέση µε το

Phoenix++ µε χρήση προϰαϑορισµένων Containers, στον Intel Xeon

Phi

Τα αντίστοιχα δεδοµένα για τον Xeon Phi παρουσιάζονται στις ειϰόνες 1.13

ϰαι 1.14. Στην πρώτη χρησιµοποιήϑηϰαν οι προϰαϑορισµένοι ϰαταχωρητές ενδι-

άµεσων στοιχείων ϰαι τα αποτελέσµατα είναι ελαφρώς ϰαλύτερα, ϰαϑώς ϰαι το

Word Count επιτυγχάνει ϰαλύτερη συµπεριφορά. Η ϰατάσταση είναι παρόµοια

στις υπόλοιπες εφαρµογές.
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Σχήµα 1.14: Επιτάχυνση του Pipelined Phoenix σε σχέση µε το

Phoenix++ µε χρήση Hash Containers, στον Intel Xeon Phi

Περνώντας στη χρήση hash ϰαταχωρητών ενδιάµεσων στοιχείων, για άλλη

µία φορά παρατηρούµε σηµαντιϰή ϰαλυτέρευση ϰαϑώς 5 από τις 6 εφαρµογές

είναι βελτιωµένες, µε µόνο το PCA να είναι ϰατά 34% αργότερο. Το συµπέρασµα

µας σχετιϰά µε τους τύπων των εφαρµογών που είναι πιο ϰατάλληλοι για την

αρχιτεϰτονιϰή µας επιβεβαιώνεται ϰαι για την περίπτωση του συν-επεξεργαστή

Xeon Phi.

1.5 Συµπεράσµατα ϰαι Μελλοντιϰές Επεϰτάσεις

1.5.1 Συµπεράσµατα

Η εργασία αυτή παρουσιάζει το Pipelined MapReduce, µία εναλλαϰτιϰή υλοποίη-

ση του συµβατιϰού MapReduce για συστήµατα µοιραζόµενης µνήµης. Το Pipelined

MapReduce αποσυνδέει το Map ϰαι το Combine σε δύο ξεχωριστές φάσεις. Κα-

ϑώς δεδοµένα πρέπει να µεταφερϑούν µεταξύ των δύο φάσεων, εισάγουµε µία

µοιραζόµενη ουρά υψηλής επίδοσης, η οποία επιτρέπει στους Mappers ϰαι τους

Combiners να λειτουργούν ταυτόχρονα. Μετά από προσεϰτιϰές µετρήσεις επι-

λέξαµε την υλοποίηση του boost [22] ως ϰαταλληλότερη για τις ανάγϰες µας.

Χτίζοντας πάνω στο ιδιαίτερα πλούσιο ΑΡΙ που προσφέρει, προσϑέσαµε λειτουρ-

γία ϰατανάλωσης στοιχείων σε οµάδες. Εϰτός από την υλοποίηση της ουράς,

ϰεντριϰό ρόλο στην απόδοση της αρχιτεϰτονιϰής µας ϰατέχει ϰαι η επιϰοινωνία

των νηµάτων. Για να ελαχιστοποιήσουµε το ϰόστος της, σχεδιάσαµε µία πολιτιϰή

δεσίµατος νήµατος σε ΚΜΕ σύµφωνα µε το µοτίβο επιϰοινωνίας.
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Χρησιµοποιήσαµε το Phoenix++ [1], ένα µοντέρνο πλαίσιο MapReduce, ως

βάση για την υλοποίηση µας. ∆ιατηρήσαµε ανέπαφο το αρχιϰό ΑΡΙ ϰαι όλες οι

επεµβάσεις µας αφορούν το ϰοµµάτι της βιβλιοϑήϰης ϰαι είναι εντελώς διαφανής

στον χρήστη.

Τέλος, αξιολογήσαµε την επίδοση του Pipelined MapReduce απέναντι στο

Phoenix++ σε δύο πλατφόρµες. Η πρώτη αποτελείται από δύο ϰόµβους Intel

Xeon 4ης γενιάς µε 14 πυρήνες - 28 νήµατα ανά ϰόµβο ενώ η δεύτερη αποτελε-

ίται από έναν συν-επεξεργαστή Intel Xeon Phi µε 57 πυρήνες - 228 νήµατα. Τα

αποτελέσµατα παρουσιάζουν µία ιδιαίτερη ποιϰιλοµορφία µε το ϰαλύτερη επι-

τάχυνση να ανέρχεται σε 5.7Χ ϰαι τη χειρότερη επιβράδυνση σε 3.8Χ. Παρόλα

αυτά, τα αποτελέσµατα δείχνουν ότι η αρχιτεϰτονιϰή µας είναι πιο αποδοτιϰή σε

πολύπλοϰες εφαρµογές.

Το Pipelined MapReduce ϰατόρϑωσε να εϰµεταλλευτεί την αναποτελεσµατι-

ϰότητα που προέρχεται από την σειριοποίηση των Map ϰαι Combine έργων. Βα-

σιζόµενοι σε τρεις µετριϰές, παρατηρήσαµε ότι οι εφαρµογές µε επαρϰή πολυπλο-

ϰότητα, που αντιµετωπίζουν συχνούς άεργους ϰύϰλους είναι ιδανιϰοί υποψήφιοι

για να επωφεληϑούν από την αρχιτεϰτονιϰή µας.

1.5.2 Μελλοντιϰές Επεϰτάσεις

Αποδείξαµε ότι υπάρχει αϰόµα χώρος για βελτίωση στις υλοποιήσεις MapRe-

duce για συστήµατα µοιραζόµενης µνήµης. Σε αυτή την παράγραφο παραϑέτουµε

ϰάποιες ιδέες για µελλοντιϰές επεϰτάσεις που µπορούν να βελτιώσουν την υλοπο-

ίηση µας αϰόµα περισσότερο.

• Για την επίτευξη της ϰαλύτερης επίδοσης, ο χρήστης πρέπει να παραµετρο-

ποιήσει σωστά την βιβλιοϑήϰη. Λόγω της περίπλοϰης εξάρτησης µεταξύ

των διαφόρων παραµέτρων, αυτό δεν είναι ένα απλό έργο. Η προσϑήϰη

λειτουργίας αυτό-παραµετροποίησης ϑα είναι ιδιαίτερα χρήσιµη για τους

χρήστες.

• Προς το παρόν, η αρχιτεϰτονιϰή µας λειτουργεί µόνο µε ίσους ή περισσότε-

ρους Mappers από Combiners. Σε περιπτώσεις που το έργο του combine

είναι βαρύτερο από αυτό του map, ϑα πρέπει να υπάρχουν περισσότεροι

Combiners. Πρέπει να σηµειωϑεί ότι αυτή είναι µία σπάνια περίπτωση.

Στην αϰόµα γενιϰότερη περίπτωση, µε την προσϑήϰη ουρών πολλαπλών

παραγωγών - πολλαπλών ϰαταναλωτών, µπορεί να υποστηριχϑεί εντελώς

αυϑαίρετη αντιστοιχία mappers - combiners. Ιδιαίτερη προσοχή πρέπει να

δοϑεί στο γεγονός ότι το ϰόστος χρήσης αυτών των ουρών είναι αρϰετά

αυξηµένο σε σχέση µε τις ουρές απλού παραγωγού - απλού ϰαταναλωτή.
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• Προϰειµένου να υποστηρίξουµε την πολιτιϰή δεσίµατος νηµάτων σε ΚΜΕ,

που είναι ενήµερη του µοτίβου επιϰοινωνίας, έχουµε αποφασίσει να ανα-

ϑέτουµε στατιϰά τους combiners µε τους mappers. Η επιλογή αυτή υστερεί

ως προς την ισοστάϑµιση του φόρτου εργασίας. Μία πιο δυναµιϰή στρατη-

γιϰή µπορεί να αϰολουϑηϑεί. Στην προσέγγιση αυτή, ϰάϑε mapper γράφει

τα ενδιάµεσα ζεύγη σε έναν απλό προσωπιϰό ϰαταχωρητή. Κάϑε φορά

που αυτός ο ϰαταχωρητής γεµίζει, ϑα δηµιουργείται ένα έργο combine ϰαι

ϑα προστίϑεται σε µία υψηλής προτεραιότητας ουρά µε έργα. Ο πρώτος

διαϑέσιµος εργάτης ϑα εϰτελέσει το έργο αυτό ϰαι έπειτα ϑα συνεχίσει να

εϰτελεί τα map έργα. Με τον τρόπο αυτό οι combiners λειτουργούν δυνα-

µιϰά ϰαι δεν χρειάζεται να ϰαϑορίσουµε ένα στατιϰό αριϑµό εξαρχής. Το

µειονέϰτηµα της υλοποίησης αυτής είναι η έλλειψη τοπιϰότητας δεδοµένων

σε σχέση µε την παρούσα υλοποίηση.
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Chapter 2

Introduction

2.1 The Big Data Era

Since the dawn of the Internet, high-bandwidth connections, smart phones, social

media and other technologies, people are constantly online, sharing their data with

the rest of the world, producing new data in form of web-pages, e-mails, pictures,

e-books and hundreds of other digital formats. Recent statistics, show that ~2.5

Quintillion bytes or ~2.17 Exabytes are produced daily [27].

All this data has to be stored, and local disks of Personal Computers (PC) are

not the choice. The data is stored in remote locations, with large numbers of inter-

connected servers, called Data Centers, Clusters or Server Farms. These servers pro-

vide important services, including data storage, management, recovery, processing,

distribution, statistics and many more.

Big Data, is a term that has emerged to characterize extreme volumes of data,

with a wide variety of data types, sometimes unstructured, that must be analyzed

periodically or in real time. We must clear, that Big Data does not equate to a spe-

ci�c data size, however, the term is often used to describe datasets in the order of

terabytes, petabytes or even exabytes.

Unsurprisingly, processing such extreme datasets requires non-conventional pro-

gramming frameworks. Some of their vital characteristics are:

Distributed Computation Modern, advanced multi-cores are pushing the phys-

ical limits set by energy and power consumption. The energy used by a cir-

cuit is not shrinking proportionally to its physical dimensions. Lowering the

chip’s operating voltage lowers the power proportionally but transistors can-

not operate below a 200 milli-Volt level. Increasing the clock frequency is also

not a solution as, even if signals were transferred at the speed of light, chips

clocked above 5GHz would not be able to transmit information fast enough.

Extending more circuitry into the third dimension can help, but only a bit.

Therefore, multi-processor chips can no longer scale with size of data. The

only way to provide the su�cient throughput is by exploiting distributed
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computing. Multiple distributed machines across one or more data centers

have to co-operate harmoniously to satisfy the computational needs.

Scalability The framework must be able to manage the code execution and the

available resources e�ciently and ideally maintain a linear performance speed-

up with the addition of extra computing resources.

Fault tollerance Supposing that thousands of machines will be combined to pro-

cess huge datasets in a reasonable amount of time, failures of all types can,

and will, occur. The framework must be in position to withstand hardware,

software and network errors, and recover expeditiously.

Availability One of the characteristics of Big Data is the constant �ow rate. As a

result, non-stop processing and high service availability are essential. Soft-

ware and hardware replication schemes are inevitable.

Simplicity The developer must be able to code using a simple model, independent

from data size and framework complexity. Simplicity is always the key.

MapReduce is a functional programming model, accompanied with a corre-

sponding implementation, originally proposed by Google [2] and then open-sourced

by Apache Hadoop [3]. The fact that MapReduce combines all the above mentioned

characteristics has coupled it with Big Data processing. In this thesis, we discuss

the implementation of MapReduce on shared-memory multi-core systems and con-

tribute to its improvement.

2.2 MapReduce with Shared-Memory Properties

As explained in section 2.1, MapReduce has been designed to facilitate large scale

computation on clusters. Modern high performance processors and accelerators,

like Intel’s recently released Xeon Phi product family [6] and Nvidia’s GPGPU cards

[7], integrate hundreds to thousands of cores in a single chip, thus they exhibit

similarities with cluster systems.

The main advantage of single chip multi-processors compared to distributed

servers, is the shared-memory hierarchy between the cores. Therefore, expensive

message passing communication over the network is not required. Instead, concur-

rent data structures and proper synchronization are more crucial to obtain maxi-

mum performance out of multi-core and multi-processor platforms.

Phoenix [4] and Metis [5], are frameworks that adjust MapReduce to the needs

of shared-memory systems. By using them the development process of parallel

programs gets notably simpli�ed and, at the same time, competent performance
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and scalability are maintained. We discuss the characteristics of Phoenix and Metis

in sections 3.3.2 and 3.3.3.

2.3 Proposal Overview

(a) Conventional Work-�ow

(b) Decoupled Work-�ow

Figure 2.1: Traditional MapReduce Work-�ow Ine�ciency. Our ar-

chitecture is taking advantage of pipeline parallelism by decoupling

map and combine phases.

Having studied and deepened our knowledge of state-of-the-art shared-memory

MapReduce libraries, we identify that the traditional Map, Reduce, Merge architec-

ture is sub-optimal. The combine step, coming after every map operation, can slow-

down the execution, especially when the map phase is mainly compute-intensive

and the combine phase is memory-intensive.

We argue that, decoupling map and combine into separate phases which oper-
ate concurrently in pipelined fashion, leads to a higher degree of parallelism, more
e�ective hardware utilization and, as a consequence, improved run time. In order

to pipeline map and combine phases, we introduce a low-overhead, concurrent,

lock-free, �xed-size, circular bu�er shared among map and combine workers. The

inter-thread communication pattern, between mappers and corresponding combin-

ers, has been taken into consideration, to devise a thread-to-CPU binding policy

that minimizes the overhead of data exchange.

The shared-queue has been designed in a �exible way to allow for proper cus-

tomization depending on speci�c application workloads. We benchmark the ef-

fects of di�erent queue con�guration parameters in the overall performance of our

framework. Finally, we evaluate, into two diverse multi-core systems, our frame-

work, against Phoenix++ [1] MapReduce library. Our benchmarks indicate that

applications with signi�cant amount of work, or complementary workload types

during map/combine phases, are favored by our pipelined architecture and demon-

strate an up-to 5.34X execution time speed-up. Nevertheless, we underline that our



26 Chapter 2. Introduction

implementation is not suitable for every type of workload. We identify the deci-

sive application characteristics that a�ect its suitability to our proposed, pipelined

architecture.

2.4 Thesis structure

The rest chapters of thesis are organized as follows:

• Chapter 3 reviews related work and justi�es the use of MapReduce in shared

memory multi-core systems.

• In Chapter 4 we present the technical details of our proposed decoupled MapRe-

duce architecture.

• We evaluate the performance of our proposed implementation and provide

the results discussion in Chapter 5.

• We conclude this thesis and provide a brief discussion on future work in Chap-

ter 6.
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Chapter 3

Prior Art

3.1 Introduction

In this chapter, we brie�y overview the state-of-the-art on topics essential to this

thesis. We begin with a presentation of MapReduce as proposed by Google [2].

We then move on to Phoenix [4], a MapReduce runtime for shared-memory multi-

processors, and its revisions [11], [1]. Afterwards, we outline a tiled implementa-

tion of MapReduce [13] and a customization of Phoenix for the Intel
®

Xeon Phi™

Co-processor [12]. Finally we present Single Producer Single Consumer (SPSC),

wait-free, concurrent bu�er implementations and conclude with our proposal of

Pipelined MapReduce.

3.2 MapReduce Runtime

MapReduce, as originally proposed by Google [2], composes a functional program-

ming model and a corresponding implementation, applicable to large dataset pro-

cessing on cluster environments. In most of the cases the user needs to provide

nothing more than his code, expressed as a Map and a Reduce function. The Map

function will be applied to all input data and will generate one or more intermediate

key-value pairs. Then, the Reduce function will aggregate all the values associated

with the same key. Finally, the aggregated results will be merged, sorted and given

as output to the user or as input to another MapReduce task for further processing.

MapReduce facilitates the development of parallel code as it manages subtly, in a

transparent to the programmer way, the tedious tasks of data partitioning, dynamic

job scheduling, parallelization, error recovery and inter-machine communication.

This abstraction frees the programmer from the overwhelming complexity of writ-

ing code for parallel distributed systems and substantially accelerates the code de-

velopment and debugging process. Apart from its usability, MapReduce is known

for its ability to endure hardware and software failures with minimal performance

overheads and its ability to scale up to thousands of distributed machines.
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Figure 1: Execution overview

Inverted Index: The map function parses each docu-
ment, and emits a sequence of 〈word,document ID〉
pairs. The reduce function accepts all pairs for a given
word, sorts the corresponding document IDs and emits a
〈word, list(document ID)〉 pair. The set of all output
pairs forms a simple inverted index. It is easy to augment
this computation to keep track of word positions.

Distributed Sort: The map function extracts the key
from each record, and emits a 〈key,record〉 pair. The
reduce function emits all pairs unchanged. This compu-
tation depends on the partitioning facilities described in
Section 4.1 and the ordering properties described in Sec-
tion 4.2.

3 Implementation

Many different implementations of the MapReduce in-
terface are possible. The right choice depends on the
environment. For example, one implementation may be
suitable for a small shared-memory machine, another for
a large NUMA multi-processor, and yet another for an
even larger collection of networked machines.

This section describes an implementation targeted
to the computing environment in wide use at Google:

large clusters of commodity PCs connected together with
switched Ethernet [4]. In our environment:

(1) Machines are typically dual-processor x86 processors
running Linux, with 2-4 GB of memory per machine.

(2) Commodity networking hardware is used – typically
either 100 megabits/second or 1 gigabit/second at the
machine level, but averaging considerably less in over-
all bisection bandwidth.

(3) A cluster consists of hundreds or thousands of ma-
chines, and therefore machine failures are common.

(4) Storage is provided by inexpensive IDE disks at-
tached directly to individual machines. A distributed file
system [8] developed in-house is used to manage the data
stored on these disks. The file system uses replication to
provide availability and reliability on top of unreliable
hardware.

(5) Users submit jobs to a scheduling system. Each job
consists of a set of tasks, and is mapped by the scheduler
to a set of available machines within a cluster.

3.1 Execution Overview

The Map invocations are distributed across multiple
machines by automatically partitioning the input data

To appear in OSDI 2004 3

Figure 3.1: Google’s MapReduce [2] execution overview

3.2.1 MapReduce Architecture

Figure 3.1 shows the execution overview of a MapReduce task. The numbered labels

specify the sequence of execution and are brie�y described below:

1. At �rst, the input is split into M equal sized chunks of key-value input pairs

by the MapReduce library. Each of these chunks will later correspond to a

Map task. Then, the library spawns copies of the program to the available

machines.

2. One of these copies plays the role of the Master and is responsible for the

MapReduce instance instrumentation. Master assigns tasks to available, idle

machines, which are called workers.

3. As map phase begins, each map worker reads an input chunk and passes its

key-value pairs to the map function. The intermediate key-value pairs, gen-

erated by the map function, are stored in the intermediate bu�ers.

4. Periodically, a partition function partitions the intermediate bu�ers on R re-

gions, equal to the number of reduce tasks, and dumps them on local disks.

Master is informed about the location of these partitions and will later, com-

municate them to the reduce workers.
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5. After the end of the map phase, the reduce phase starts. Reduce workers,

using remote procedure calls, read the intermediate bu�ers from the local

disks of map workers. When a reduce worker has gathered all the necessary

key-values pairs, it sorts them by key so that values having the same key are

grouped together. Note that the sorting is required, as in general, multiple

keys are associated with the same reduce task.

6. Afterwards, the reduce worker passes the keys with their corresponding set

of values to the user de�ned reduce function which aggregates them. The

result is appended to the �nal output and written to a �le.

7. At the end of the reduce phase, the control returns back to the user code.

Upon a successful run of a MapReduce instance, the output of each reduce worker

will be available in a separate �le. The user can merge them together or process

them further via a new MapReduce instance.

3.2.2 The "Hello World" of MapReduce

Word count is a simple problem, in which we are asked to count the occurrences of

each word in a set of documents. Due to the simplicity of the MapReduce style solu-

tion to this problem, word count is considered as a perfect example to demonstrate

the MapReduce programming model. In listing 3.1 we can see the pseudo-code of

map and reduce functions.

As we can see the map function tokenizes the document text into words, and for

each word emits to the intermediate bu�er a key-value pair using the word as a key

and the occurrence counter, which is always one, as the value. The reduce function

sums up all counters associated with the same word and emits to the total number

of occurrences.

3.2.3 Success and Extensive Applicability

Since Google’s MapReduce was implemented it has enjoyed much attention and

appreciation among the computing industry. Hadoop [3] is the most popular open-

source implementation of the MapReduce runtime in Java. MapReduce has been

tested in a wide range of domains, including machine learning, scienti�c simula-

tions, bioinformatics, image processing, word processing and a lot more.
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1 void map ( s t r i n g key , s t r i n g v a l u e ) {

2 / / key : document name

3 / / v a l u e : the t e x t o f the document

4 for ( each word i n v a l u e ) {

5 e m i t _ i n t e r m e d i a t e ( word , 1 ) ;

6 }

7 }

8

9 void r educe ( s t r i n g key , in t v a l u e s [ ] ) {

10 / / key : a word

11 / / v a l u e s [ ] : an a r r a y o f numbers

12 in t r e s u l t = 0 ;

13 for ( each v a l u e i n v a l u e s ) {

14 r e s u l t += v a l u e ;

15 }

16 e m i t _ o u t ( r e s u l t ) ;

17 }

Listing 3.1: Map and Reduce functions for the Word Count applica-

tion

3.3 Phoenix: MapReduce runtime for multi-cores
and multi-processor systems

Over the last years, shared memory multi-cores and multi-processor systems have

become increasingly popular. Quad-core or eight-core chips are typical on modern

processors, while machines with tens or hundreds of cores on a single chip have

been commercialized. Given this trend, it is exceedingly important to implement

e�cient, easy to use frameworks in order to harness the computational power of

such systems.

3.3.1 Modern Parallel Programming Models

As a result of the multi-processors trend, a signi�cant amount of research has been

conducted and novel programming models have emerged. A narrow subset of them

is listed below:

MPI Message Passing Interface [28] is the implementation of a communication pro-

tocol used in parallel computing without the use of shared memory primitives.

Practical collective operations such as scatter, gather and reduce simplify the

implementation of parallel code.
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OpenMP Open Multi-Processing [29] is a directive based API, applicable in C, C++

and Fortran that supports shared memory multi-processing. OpenMP pro-

vides a higher interface to the fork-join idiom and due to its simplicity it is

one of the most widely used and mature parallel programming models.

CilkPlus CilkPlus [30], [31], [32] is a programming language, based on C++, with

extended capabilities to construct parallel loops and write task parallel pro-

grams. CilkPlus demonstrates an interface similar to that of OpenMP com-

bined with an advanced work-stealing scheduler.

TBB Thread building blocks [33] is a C++ library, developed by Intel, for parallel

programming. The TBB library decomposes the program into multiple tasks,

which are then parallelized with respect to their inter-dependencies. In a

similar fashion to STL [34], TBB implements a variety of algorithms, data

structures and other constructs that promote parallelism in a native way.

OpenCL Open Computing Language [35] is a programming language based on C,

that provides an interface to task and data based parallelism, but also manages

the execution of the code across heterogeneous devices such as CPUs, GPUs

and FPGAs. Programs written in OpenCL are mean to be compiled at run time

so that they are portable across di�erent systems.

Despite the generous e�orts of the above mentioned programming models, coding

e�cient parallel programs still remains a cumbersome task for most developers.

Explicit concurrency management, thread scheduling, load balancing and error re-

covery are non-trivial.

3.3.2 Original Phoenix Library

Phoenix [4] is a library that implements the MapReduce programming model for

shared memory systems. In a similar fashion to that of Google’s MapReduce [2],

Phoenix attempts to simplify parallel code development by exposing the practical

MapReduce model to the user and implementing an e�cient runtime library that

supports dynamic task scheduling, fault tolerance and deliberate resource manage-

ment.

Phoenix API

The Phoenix library implements an API for C or C++, though it can be easily ex-

tended for languages like C# and Java. The functions provided by the Phoenix li-

brary are separated into two sets. The �rst set includes the functions that are de�ned

by the library and must be used by the programmer in order to perform necessary
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Function Description R/O
Functions Provided by Runtime

int phoenix scheduler (scheduler args t * args) R
Initializes the runtime system. The scheduler args t struct provides the needed function & data pointers

void emit intermediate(void *key, void *val, int key size) O
Used in Map to emit an intermediate output <key,value> pair. Required if the Reduce is defined

void emit(void *key, void *val) O
Used in Reduce to emit a final output pair

Functions Defined by User
int (*splitter t)(void *, int, map args t *) R

Splits the input data across Map tasks. The arguments are the input data pointer, the unit size for each task, and the
input buffer pointer for each Map task
void (*map t)(map args t*) R

The Map function. Each Map task executes this function on its input
int (*partition t)(int, void *, int) O

Partitions intermediate pair for Reduce tasks based on their keys. The arguments are the number of Reduce tasks, a
pointer to the keys, and a the size of the key. Phoenix provides a default partitioning function based on key hashing
void (*reduce t)(void *, void **, int) O

The Reduce function. Each reduce task executes this on its input. The arguments are a pointer to a key, a pointer to the
associated values, and value count. If not specified, Phoenix uses a default identity function
int (*key cmp t)(const void *, const void*) R

Function that compares two keys

Table 1. The functions in the Phoenix API. R and O identify required and optional fuctions respectively.

piler options and does not require a parallelizing com-
piler. However, it assumes that its functions can freely
use stack-allocated and heap-allocated stuctures for pri-
vate data. It also assumes that there is no communica-
tion through shared-memory structures other than the in-
put/output buffers for these functions. For C/C++, we can-
not check these assumptions statically for arbitrary pro-
grams. Although there are stringent checks within the sys-
tem to ensure valid data are communicated between user
and runtime code, eventually we trust the user to provide
functionally correct code. For Java and C#, static checks
that validate these assumptions are possible.

3.2 The Phoenix Runtime

The Phoenix runtime was developed on top of P-
threads [18], but can be easily ported to other shared-
memory thread packages.

3.2.1 Basic Operation and Control Flow

Figure 1 shows the basic data flow for the runtime system.
The runtime is controlled by the scheduler, which is initi-
ated by user code. The scheduler creates and manages the
threads that run all Map and Reduce tasks. It also manages
the buffers used for task communication. The programmer
provides the scheduler with all the required data and func-
tion pointers through the scheduler args t structure.
After initialization, the scheduler determines the number of
cores to use for this computation. For each core, it spawns
a worker thread that is dynamically assigned some number

of Map and Reduce tasks.
To start the Map stage, the scheduler uses the Splitter

to divide input pairs into equally sized units to be processed
by the Map tasks. The Splitter is called once per Map
task and returns a pointer to the data the Map task will pro-
cess. The Map tasks are allocated dynamically to work-
ers and each one emits intermediate <key,value> pairs.
The Partition function splits the intermediate pairs into
units for the Reduce tasks. The function ensures all values
of the same key go to the same unit. Within each buffer,
values are ordered by key to assist with the final sorting. At
this point, the Map stage is over. The scheduler must wait
for all Map tasks to complete before initiating the Reduce
stage.

Reduce tasks are also assigned to workers dynamically,
similar to Map tasks. The one difference is that, while with
Map tasks we have complete freedom in distributing pairs
across tasks, with Reduce we must process all values for the
same key in one task. Hence, the Reduce stage may exhibit
higher imbalance across workers and dynamic scheduling is
more important. The output of each Reduce task is already
sorted by key. As the last step, the final output from all tasks
is merged into a single buffer, sorted by keys. The merging
takes place in log2(P/2) steps, where P is the number of
workers used. While one can imagine cases where the out-
put pairs do not have to be ordered, our current implemen-
tation always sorts the final output as it is also the case in
Google’s implementation [8].

Figure 3.2: The Phoenix API, grouped into two sets. R and O stand

for required and optional functions respectively

tasks such as the initialization of the MapReduce instance and the emitting of key-

value pairs from map and reduce stages. The second set contains functions that are

de�ned by the user. Function arguments throughout the API are declared as void

pointers so that they are type agnostic.

In order to initialize a MapReduce instance, user code has to call the

phoenix_scheduler() function. Thescheduler_args_t 3.3 data struc-

ture is used to pass all the required information to the library. The basic �elds must

be properly set by the programmer. Optional �elds are used to enable custom opti-

mizations.

The Phoenix API 3.2 guarantees that each reduce worker will process its par-

tition of intermediate key-value pairs in key order, however it does not guarantee

any speci�c order in the way the original input data will be processed during the

map phase. The programmer has to ensure that his algorithm is compatible with the

MapReduce programming model and the restrictions applied by the Phoenix API.

Phoenix Runtime

Figure 3.4 gives an overview of the execution and basic data �ow of Phoenix. The

scheduler orchestrates the MapReduce job. At �rst, using the splitter function, the

input is divided into equally sized chunks that will be processed by the map tasks.

Each input chunk corresponds to a map task. The size of a chunk is adjusted so that

it �ts the L1 cache. In general, the optimal chunk size is a trade-o� between better

load balancing (smaller chunks) and lower library overhead (fewer bigger chunks).



3.3. Phoenix: MapReduce runtime for multi-cores and multi-processor systems 33

Field Description
Basic Fields

Input data Input data pointer; passed to the Splitter by the runtime
Data size Input dataset size
Output data Output data pointer; buffer space allocated by user
Splitter Pointer to Splitter function
Map Pointer to Map function
Reduce Pointer to Reduce function
Partition Pointer to Partition function
Key cmp Pointer to key compare function

Optional Fields for Performance Tuning
Unit size Pairs processed per Map/Reduce task
L1 cache size L1 data cache size in bytes
Num Map workers Maximum number of threads (workers) for Map tasks
Num Reduce workers Maximum number of threads (workers) for Reduce tasks
Num Merge workers Maximum number of threads (workers) for Merge tasks
Num procs Maximum number of processors cores used

Table 2. The scheduler args t data structure type.

3.2.2 Buffer Management

Two types of temporary buffers are necessary to store data
between the various stages. All buffers are allocated in
shared memory but are accessed in a well specified way by
a few functions. Whenever we have to re-arrange buffers
(e.g., split across tasks), we manipulate pointers instead of
the actual pairs, which may be large in size. The intermedi-
ate buffers are not directly visible to user code.

Map-Reduce buffers are used to store the intermediate
output pairs. Each worker has its own set of buffers. The
buffers are initially sized to a default value and then resized
dynamically as needed. At this stage, there may be multiple
pairs with the same key. To accelerate the Partition
function, the Emit intermediate function stores all
values for the same key in the same buffer. At the end of
the Map task, we sort each buffer by key order. Reduce-
Merge buffers are used to store the outputs of Reduce tasks
before they are sorted. At this stage, each key has only one
value associated with it. After sorting, the final output is
available in the user allocated Output data buffer.

3.2.3 Fault Recovery

The runtime provides support for fault tolerance for tran-
sient and permanent faults during Map and Reduce tasks. It
focuses mostly on recovery with some limited support for
fault detection.

Phoenix detects faults through timeouts. If a worker does
not complete a task within a reasonable amount of time,
then a failure is assumed. The execution time of similar
tasks on other workers is used as a yardstick for the timeout
interval. Of course, a fault may cause a task to complete
with incorrect or incomplete data instead of failing com-

pletely. Phoenix has no way of detecting this case on its own
and cannot stop an affected task from potentially corrupt-
ing the shared memory. To address this shortcoming, one
should combine the Phoenix runtime with known error de-
tection techniques [20, 21, 24]. Due to the functional nature
of the MapReduce model, Phoenix can actually provide in-
formation that simplifies error detection. For example, since
the address ranges for input and output buffers are known,
Phoenix can notify the hardware about which load/store ad-
dresses to shared structures should be considered safe for
each worker and which should signal a potential fault.

Once a fault is detected or at least suspected, the runtime
attempts to re-execute the failed task. Since the original
task may still be running, separate output buffers are allo-
cated for the new task to avoid conflicts and data corruption.
When one of the two tasks completes successfully, the run-
time considers the task completed and merges its result with
the rest of the output data for this stage. The scheduler ini-
tially assumes that the fault was a transient one and assigns
the replicated task to the same worker. If the task fails a
few times or a worker exhibits a high frequency of failed
tasks overall, the scheduler assumes a permanent fault and
no further tasks are assigned to this worker.

The current Phoenix code does not provide fault recovery
for the scheduler itself. The scheduler runs only for a very
small fraction of the time and has a small memory footprint,
hence it is less likely to be affected by a transient error. On
the other hand, a fault in the scheduler has more serious im-
plications for the program correctness. We can use known
techniques such as redundant execution or checkpointing to
address this shortcoming.

Google’s MapReduce system uses a different approach

Figure 3.3: Phoenix scheduler_args_t data structure type
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// input = a document

map ( input ) {

for each word in input

emit_intermediate ( word, 1 );

}

// key = word

// values = a set of values

combine ( key, values ) {

int sum = 0;

for each value in values

sum += value;

emit_combine ( key, sum );

}

reduce ( key, values ) {

int sum = 0;

for each value in values

sum += value;

emit ( key, sum );

}

Figure 1: Pseudo-code of Word Count on MapReduce and the execution flow of the Phoenix Library: the Map workers generate output

to the rows of the Intermediate Buffer and the Reduce workers aggregate the columns of the Buffer to generate output to the Final Buffer.

and stores the intermediate data produced in the Map phase and
consumed by the Reduce phase. Each row of the buffer is exclu-
sively used by a worker in the Map phase while each column of the
buffer is exclusively used by a worker in the Reduce phase. A Map-
Reduce application starts a job by invoking the dispatcher, which
spawns multiple workers and binds them to different CPU cores.
In the Map phase, each worker repeatedly splits a piece of input
data and processes them using the programmer-supplied map func-
tion. The map function parses the input data and emits multiple
intermediate key/value pairs to the corresponding row of Interme-

diate Buffer. The runtime also invokes the combine function (if
provided by users) for each worker to perform local reduction at the
end of the Map phase. In the Reduce phase, each worker repeatedly
selects a reduce task, which sends the intermediate data from the
corresponding column of Intermediate Buffer to the programmer-
supplied reduce function. It processes all values belonging to
the same key and generates the final result for a key. In the Merge

phase, all results generated by different reduce workers are merged
into a single output sorted by key.

2.3 Tiling Strategy in Compiler Optimization
The tiling strategy, also known as blocking, is a common tech-

nique to efficiently exploit the memory hierarchy. It partitions data
to be processed into a number of blocks, computes the partial re-
sults of each block, and merges the final results. The tiling strat-
egy is also commonly used in the compiler community to reduce
the latency of memory accesses [5] and increase the data locality.
For example, loop tiling (also known as loop blocking) is usually
used to increase the data locality, by partitioning a large loop into
smaller ones. Several variations of tiling are also used to optimize
many central algorithms in matrix computations [9], including the
fixed-size tiling, the recursive tiling, and a combination of them.

3. OPTIMIZING OPPORTUNITIES OF

MapReduce ON MULTICORE
Though Phoenix has successfully demonstrated the feasibility

of running MapReduce applications on multicore, it also comes
with some deficiencies when processing jobs with a relatively large
amount of data, which would be common for machines with abun-
dant memory and CPU cores.

This problem is not due to the implementation techniques of
Phoenix. In fact, Phoenix has been heavily optimized from three
layers: algorithm, implementation and OS interaction [4], which
results in a significant improvement over its initial version. We at-
tribute the performance issues to mainly the programming model of
MapReduce on multicore, which process all input data at one time.

First, in cluster environments, the map tasks and reduce tasks are
usually executed in different machines and data exchange among
tasks are done through networking, compared to shared memory
in multicore environments. Hence, the contentions on cache and
shared data structures, instead of networking communications, are
the major performance bottlenecks processing large MapReduce
jobs on multicore.

Second, there is a strict barrier between the Map and the Reduce
phase, which requires the MapReduce runtime to keep all the input
and intermediate data through the Map phase. This requires a large
amount of resource allocations and comes with a large memory
footprint. For relatively large input data, this creates pressure on
the memory systems and taxes the operating systems (e.g., mem-
ory management), which are with imperfect performance scalabil-
ity on large scale multicore systems [10]. Further, it also limits
the effects of some optimizations (such as the combiner) due to re-
stricted cache and memory locality. For example, the combiner in-
terface, which is the key to reduce networking traffic of MapReduce
applications in the cluster environments, was shown to make lit-
tle performance improvement along with other optimizations (e.g.,
prefetching) [4].

Third, cache and memory accesses in current multicore systems
tend to be non-uniform, which makes exploiting memory hierar-
chy even more important. Unlike in cluster environments, MapRe-
duce workers in a multicore platform can be easily controlled in a
centralized way, making it possible to control memory and cache
accesses in a fine-grained way.

Finally, many resources of a commodity multicore platform are
universally shared and accessible to MapReduce workers, which
makes global failures (e.g., failures resulting in a whole machine
crash) more pervasive. Hence, it is not suitable to simply adopt
the fault-tolerance model of clusters that mainly focuses on single
worker failures.

525

Figure 3.4: The execution overview and data �ow of the Phoenix

Runtime

When splitting the input into chunks is over the scheduler spawns the worker

threads. Their number depends on the number of available cores in the system.

Typically, one worker per logical core maximizes the throughput, but this is subject

to tuning, by the developer.

Map tasks are assigned dynamically to workers. After applying the user-de�ned

map function to the input chunks, they emit intermediate key-value pairs. The

partition function splits these pairs into input units for the reduce tasks. Further,

it ensures that all the values associated with the same key will end up in the same

unit.

Once the map phase is over the scheduler initiates reduce phase. Again, reduce

tasks are assigned dynamically to workers and apply the user-de�ned reduce func-

tion to the set of values associated with each key. As the size of each unit depends



34 Chapter 3. Prior Art

on the distribution of intermediate key-value pairs reduce phase may su�er from

load imbalance. The output of each reduce task is placed in an output bu�er, ordered

by key. Finally, when all reduce tasks are over their outputs are merged together in

a single bu�er, which is the �nal output to the user.

Phoenix Test-cases

The source code of Phoenix comes with a set of test-cases to help users get started.

They are widely used algorithms from the domains of enterprise computing (Word

count, Reverse index, String match), scienti�c computing (Matrix Multiply), arti-

�cial intelligence (KMeans, PCA, Linear Regression) and image processing (His-

togram). Below is a brief description of these test-cases.

Histogram Generates the frequency histogram of an 8-bit RGB pixel bitmap.

KMeans Iteratively groups n-dimensional points into a user speci�ed number of

clusters, until convergence is reached.

Linear Regression Computes the line that best �ts a set of coordinates.

Matrix Multiply Calculates the product of two equal-size, square matrices.

PCA Calculates the mean and covariance vector of a set of points, as the �rst steps

of performing the Principal Component Analysis algorithm.

Reverse index Creates an inverted index for HTML �les, which is a mapping from

the links found in the HTML �les to the �les it was found.

Word count Counts the frequency of each unique word in a text �le.

String match Searches through a �le for the occurrences of a given set of words.

Performance Summary

Overall, Phoenix managed to demonstrate the advantages and potential of the MapRe-

duce programming model on shared memory systems. The time and e�ort required

by the programmer to develop parallel code is signi�cantly reduced. Furthermore,

Phoenix provided reasonably scalable performance on multi-core chips. Out of the

eight test-cases mentioned in section 3.3.2 Phoenix achieved better run time in three

test-cases, similar though a little worse in two test-cases, and was clearly outper-

formed in three test-cases, compared to custom P-thread parallel implementations.
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Figure 3.5: Phoenix vs Pthreads implementation in a 24-core multi-

processor. The speedup is with respect to the same sequential code.

We can see that despite of the library overhead, the overall perfor-

mance and scalability are competent. [4]

3.3.3 Phoenix Rebirth

As a proof of concept, original Phoenix [4], established that a careful implemen-

tation of the MapReduce programming model for shared memory multi-cores can

be invaluable. It frees the programmer from the burdening tasks of thread concur-

rency and proper data locality. Despite the runtime overheads Phoenix managed to

perform competently on small-scale systems with uniform memory access (UMA).

Phoenix Rebirth [11], the second revision of Phoenix, is trying to tackle in-

e�ciencies occurring on larger scale systems with non-uniform memory access

(NUMA) characteristics. The optimizations are organized into three categories:

(i) Algorithms, (ii) Implementation, and (iii) OS interaction.

Algorithmic Optimizations

The thread scheduler of the Original Phoenix was lacking NUMA awareness as all

workers were treated identically. This can become a major bottleneck on a large

scale NUMA environment. To overcome this issue, Phoenix Rebirth uses a separate

task queue per locality group [36]. A locality group is de�ned as a set of CPUs

in which each CPU accesses any memory in the system within a certain latency

interval. By distributing tasks according to the location of the related data, map
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workers operate mainly on local data. For better load balancing map workers will

attempt to steal tasks from a remote task queue when the local task queue is empty.

Implementation Optimizations

Unlike Distributed MapReduce, where the network bandwidth dictates the data

storage and retrieval rate, in Phoenix the data structures used to store intermediate

data are critical for the system’s performance. Figure 3.6 depicts the data structure

used for the intermediate bu�er as well as the access pattern during the map phase.
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ha
sh
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vals array

1 11
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(a) Access pattern during the map phase.

reduce task index

1 11
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keys array
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empty

1

“orange”

(b) Access pattern during the reduce phase.

Fig. 3. Phoenix data structure for intermediate key / value pairs.

It is interesting to also note that the performance of several
OS primitives deteriorates when using more than 64 threads
on T5440. Figure 2 shows the latency of synchronization
operations as we scale the number of threads. We measured the
time needed for a half million lock acquisitions and releases in
order to increment a shared counter. Similar to the behavior in
Figure 1, the cost for synchronization increases drastically as
we cross the chip boundary.

We also observed similar behavior with Phoenix and with
low-level OS primitives on an 8-chip, 32-core, 32-thread
Opteron system running x86 Linux. This verifies that the
challenges observed are fundamental to large-scale systems and
not the artifacts of the T5440 machine we used. We omit the
x86 results due to space limitations. However, the optimizations
presented in this paper led to significant performance improve-
ments on this system as well.

III. OPTIMIZING PHOENIX FOR LARGE-SCALE & NUMA

A parallel runtime such as Phoenix continuously interacts
with the user application and the operating system. Therefore,
it is natural that the optimization strategies for large-scale,
NUMA systems are multi-layered. The approach we propose
comprises three layers: algorithm, implementation, and OS
interaction.

A. Algorithmic Optimizations

To perform well on a NUMA machine, the basic algorithms
used in the runtime must be scalable and NUMA aware. For
instance, the original Phoenix algorithm is not NUMA aware
in that local and remote worker threads are indistinguishable
at the algorithm level. While this is not an issue for small-
scale systems, it becomes important for locality-aware task
distribution in a large-scale, NUMA environment. When the
input data for the application is brought into memory via
mmap(), Solaris distributes the necessary physical frames
across multiple locality groups, i.e., chips and their separate
memory channels [11]. If Phoenix blindly assigns map tasks
to threads, it could end up having a local thread continuously
work on remote data chunks, thus causing additional latency
and unnecessary remote traffic.

We resolved the issue by introducing a task queue per locality
group, and by distributing tasks according to the location of
the pertaining data chunk. Map threads retrieve tasks from

their local task queue first, and when the queue runs out,
they start stealing tasks from remote task queues. Although
similar in spirit to the work stealing algorithm utilized in other
runtimes [1], the difference here is that we maintain one task
queue for each locality group (instead of each thread), hence
creating a load balancing approach that is compatible with
NUMA memory hierarchies.

B. Implementation Optimizations

To fully utilize a large-scale machine, applications must
include a non-trivial amount of work. This typically implies
large input datasets that the runtime system must handle
efficiently. Meeting this requirement in MapReduce is quite
challenging, since a typical MapReduce application generates
a commensurate amount of intermediate and output data as
well. Unlike the original MapReduce where data storage and
retrieval are limited by the raw bandwidth of the network and
the disk subsystem [4], we found that in Phoenix, the design
and performance of the in-memory data structures used to store
and retrieve intermediate data are crucial in overall system
performance.

Figure 3 gives a simplistic view of the core data structure of
the original Phoenix, which is used to store the intermediate key
/ value pairs generated from the map phase. In particular, Figure
3(a) depicts the typical access pattern to this structure in the
map phase, where a worker thread is storing an <“orange”, 1>
intermediate pair. Phoenix internally maintains a 2-D array of
pointers to keys array, where the width is determined as the
number of map workers, and the height is fixed by a default
value (256). During the map phase, each map worker uses its
thread id to index into this array column-wise. Once the column
is determined, the element is indexed by the hash value of the
key. All the threads use the same hash function. Therefore, for
each thread, a column of pointers acts as a fixed-sized hash
table, and one keys array amounts to a hash bucket.

Specifically, each keys array is implemented as a contiguous
buffer, and keys are stored sorted to facilitate binary search.
Each entry in the keys array also has a pointer to a vals array;
this structure stores all the values associated with a particular
key. To maximize locality, vals array is implemented as a single
contiguous array as well. During the map phase, both the keys
array and vals array are thread local.

Figure 3.6: Original Phoenix data structure for intermediate key-

value pairs

When a map worker emits a value, it uses its thread map id to index the array

column-wise. The hash value of the key is then used to calculate the row of the array

to insert the emitted key-value pair. Each row forms a separate keys array. Keys

arrays are implemented as contiguous bu�ers, sorted by key, to enable fast binary

searching. Each entry on the keys array maintains a pointer to another contiguous

bu�er for the values. As arrays in C are row-major arranged in memory, when

accessing the intermediate bu�er, map workers exhibit little to no locality. On the

contrary, reduce workers operate row-wise on the intermediate bu�er, hence this

data structure is optimized for the reduce phase.

This implementation has several downsides. As the keys array is a �xed size,

sorted bu�er, every time it runs out of space, a reallocation is needed. To make

things worse, every time a new key is added, all the entries below need to be shifted

accordingly to maintain proper order. Vals array su�ers from the reallocation issue

too.

Phoenix Rebirth attempts to mitigate these issues by a course of implementation

improvements. Firstly, the number of hash buckets, i.e. rows of the intermediate

storage data structure, is increased signi�cantly so that on average only one key

resides in every keys array. This avoids regular bu�er reallocation and key reorder-

ing. Unfortunately, workloads with a �xed number of possible keys, did not pro�t
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from this optimization. In the end, it was decided to make the hash table size user

tunable and propose default values for the existing workloads. Furthermore, the

vals array was implemented as a bu�er of disjoint memory chunks, to tackle the re-

allocation issue. An iterator interface was implemented and exposed to the reduce

workers in order to maintain sequential accessibility.

OS Interaction Optimizations

In Phoenix the workers are forked in the beginning of a MapReduce instance and

joined back at the end. The mmap() system call is used to allocate memory for the

threads’ stacks and, subsequently, the munmap() system call is used to deallocate

the memory during thread joining. These two calls were detected to bottleneck the

scalability of Phoenix. To overcome this obstacle, a thread pool was implemented

that reuses the threads, thus keeping the number of calls to mmap() and mun-
map() to a minimum.

Performance Summary

Compared to original Phoenix, its second, heavily optimized version demonstrates

improved run time in all workloads and thread counts. In particular, for single

chip executions, with less than 64 threads, the average speedup is 1.5x, while the

maximum reaches 2.8x. However, the speedup gets signi�cantly bigger in NUMA

environments with up to 256 threads. In this case, the average speedup achieved

was 2.53x, while the maximum was 19x.

3.3.4 Phoenix++: The Latest Implementation

Phoenix++ [1] is the third, and to our knowledge, �nal revision of Phoenix. Al-

though Phoenix Rebirth successfully demonstrated the applicability of MapReduce

on shared memory systems, the uniform implementation of intermediate bu�ers

and the ine�cient combiners are limiting the framework from supporting a wider

range of applications.

Phoenix++ o�ers a modular and �exible pipeline, which allows the program-

mers to e�ortlessly adapt the runtime to their workload characteristics. In partic-

ular, intermediate key-value grouping and storage is exposed to the users through

the container and combiner interfaces. Moreover, the memory allocator, used by the

runtime, has been made easily con�gurable and the �nal key-value sorting optional.

Nevertheless, increased modularity can have opposite results due to additional func-

tion calls and less opportunities for compiler optimizations. To deal with this issue,

Phoenix++ is re-written in C++ [34] and uses templates [10] extensively to enable

static code inlining.
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Containers

In Phoenix++, containers substitute the intermediate key-value data structure, and

together with combiners they provide a high performance key-value storage, cus-

tomizable for a variety of workloads. Each map worker has a thread local container,

where it emits the intermediate key-value pairs. Depending on the distribution of

keys per map task three di�erent types of containers are provided:

hash container A variable width hash table is used if every map task can emit any

key.

array container When every map task can emit any key in a prede�ned range a

�xed-size, thread-local array is used.

common array container In the case where each task emits a single, unique key

a non-blocking, global array shared among all the workers is used.

Combiners

A combiner object is used to store all the emitted values associated with the same

key. Notice that combiner used to be a function that was applied at the end of the

map phase in Phoenix Rebirth [11], but now it is a stateful object. Again, following

the modular fashion of Phoenix++, two disparate types of combiners are provided:

bu�er_combiner The buffer_combiner is used to provide the traditional

functionality of MapReduce. It is bu�ering up all the values having the same

key, in an array composed of disjointed memory regions, as implemented in

Phoenix Rebirth.

associative_combiner Contrary to buffer_combiner,

associative_combiner is not bu�ering up the values, but combines

them together and maintains a single aggregated value. This eliminates all the

issues and overheads due to dynamic memory allocation. The combine func-

tion, that will be used to combine a newly emitted value with the aggregated

value stored in the combiner object, is provided by the user.

Performance summary

The combination of customizable containers, e�cient combiners and function call

overhead elimination, o�ers Phoenix++ a 4.7x speedup on average, compared to the

second Phoenix version, Phoenix rebirth.
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3.3.5 Alternative Shared-Memory MapReduce Libraries

In the following section we describe some alternatives to the Phoenix MapReduce

runtime. Their attempt is to optimize or customize the traditional MapReduce ar-

chitecture to ful�ll particular use cases.

Tiled map reduce

Tiled MapReduce [13] is an interesting variation, which argues that it is more ef-

�cient to iteratively process smaller chunks of data through multiple MapReduce

invocations, than processing a large chunk of data at once. Processing smaller jobs

signi�cantly reduces memory footprint and leads to a more advantageous use of

the memory hierarchy. Therefore, Tiled MapReduce utilizes the tiling strategy to

partition a MapReduce job in smaller sub-jobs, process them iteratively and in the

end, merge the output of all the sub-jobs together. To reduce the overhead of reallo-

cation of data structures on every new sub-job run Tiled- MapReduce reuses input

and intermediate bu�ers among sub-jobs.

Tiled-MapReduce reports a speedup over Phoenix [4], by a factor of up to 3.3x,

while saving up to 85% of memory.

Metis

Metis [5] highlights the decisive role of data structures used to store the interme-

diate key-value pairs, in the performance of MapReduce on shared-memory multi-

core processors. Stepping in this direction Metis implements a data structure de-

signed to perform adequately on most workloads. The main targets are applications

with a relatively large number of intermediate key-value pairs, and a low amount of

computation so that the e�ects of data storage and retrieval are not overshadowed

by the computational part.

The proposed data structure for intermediate bu�ers is a �xed-size hash table

with a b+tree in each entry, called hash+tree. In the case where the hash table size

is su�cient for the keys, the cost of insertion and retrieval is O(1), because of the

hash table. If there a lot more keys than hash table entries, the insert and retrieve

cost fall back to O(log(n)) due to the b+tree. Finally, if the keys are less than the

hash table entries, the overhead of allocation and deallocation of the hash table will

be sub-optimal, but nevertheless insigni�cant, compared to the total execution time.

In overall, the suggested, hybrid data structure o�ers a reasonable compromise for

most workloads.

Key to the e�ective behavior of the hast+tree structure, described above, is an

accurate estimation of the number of intermediate keys. To predict the number of

keys, Metis transacts a test run on a 7% input sample and counts the number of
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emitted keys. It then sets the hash table size so that each entry (b+tree), will likely

contain 10 keys.

Compared to Phoenix [4] Metis performs similarly or better on most applica-

tions, without requiring extra tunning by the programmer.

MRPhi

MRPhi [12] adapts the MapReduce framework in the needs of Intel
®

Xeon Phi™ Co-

processor. Xeon Phi, a recently released product family by Intel, features a set of

wide (512-bit) vector units to employ Single Instruction Multiple Data (SIMD) com-

putation. Furthermore, it contains many more cores (~60) than conventional CPUs,

and through hyper-threading each core can utilize up to 4 logical threads. Notice-

ably Xeon Phi is a promising platform that has already demonstrated its potential

[37], [38], [39], [40].

In order to fully utilize the advanced characteristics of the Xeon Phi Co-processor

MRPhi suggests a MapReduce runtime with the following characteristics:

• Map phase is implemented in a SIMD friendly way.

• SIMD hash functions are used to utilize the wide vector units.

• Pipelined map and reduce phases take advantage of hyper-threading and lead

to better resource utilization.

• Instead of having thread local containers a global container is used to address

the limited memory issue. Atomic operations are used to modify the global

array.

With these optimizations implemented MRPhi demonstrated a surprising speedup

of up to 38x over Phoenix++ on Xeon Phi Co-processor.

3.4 High-Performance Shared Queue Implementa-
tions

The shared data-structure that is used for the mappers-combiners communication is

placed in the core of our architecture and its performance has an immediate impact

on our framework’s overall performance. In this section, we present some of the

most advanced shared queue implementations that we found in the literature. Basic

knowledge as well as further sources about the original single-producer, single-

consumer, shared bu�er implementation can be found in Appendix B.
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3.4.1 MCRingBu�er

MCRingBu�er [14] is an implementation of a lock-free, concurrent, circular bu�er,

optimized for cache e�ciency. Two aspects have been taken into account to achieve

cache-e�ciency, (i) cache line protection, and (ii) batched updates of control vari-

ables.

Cache-line protection

When multiple threads are accessing di�erent data placed on the same cache line,

they invalidate the cache line state. Thus, the cache system will require other

threads to reload their data from memory even though their data were not actu-

ally changed. This access pattern results in performance degradation and is known

as false sharing. To avoid false sharing [41] such data must be placed on di�er-

ent cache lines. MCRingBu�er places the control variables (i.e. variables used by

the bu�er implementation to ensure proper thread synchronization, like number of

elements written or read) on di�erent cache lines by using the padding technique.

Batched updates of control variables

On a basic implementation of a circular bu�er control variables are updated every

time a consumer is reading from the bu�er, or a producer is writing to it. However,

MCRingBu�er divides the ring bu�er into blocks of batch_size elements and

increments the read or write control variable to the next block only after batch_-
size read or write operations. This way the frequency of writing the shared vari-

ables is reduced. Note that this batched update scheme is based on the assumption

that, new data are always available, which is not always the case. Proper modi�-

cation by the programmer is needed to support applications with �nite amount of

elements pushed in the queue.

3.4.2 Fast Forward

FastForward [15] is a system for pipelining parallelism on multi-core architectures

built on top of an e�cient, concurrent, lock-free queue to provide low latency core-

to-core communication. The motivation is to implement a queue suitable for net-

work frame processing with a target throughput rate of ~1.5 million frames per

second or ~ 672ns per frame. To accomplish that FastForward couples control and

data together, so that the producer and consumer can operate independently when

the queue has at least one element on it. Listing 3.2 presents the pseudo-code for

enqueue and dequeue functions, taking advantage of this method.
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1 enqueue_nonblock ( d a t a ) {

2 i f ( NULL != b u f f e r [ head ] ) {

3 return EWOULDBLOCK ;

4 }

5 b u f f e r [ head ] = d a t a ;

6 head = NEXT ( head ) ;

7 return 0 ;

8 }

9

10 dequeue_nonblock ( d a t a ) {

11 i f ( NULL == b u f f e r [ t a i l ] ) {

12 return EWOULDBLOCK ;

13 }

14 d a t a = b u f f e r [ t a i l ] ;

15 b u f f e r [ t a i l ] = NULL ;

16 t a i l = NEXT ( t a i l ) ;

17 return 0 ;

18 }

Listing 3.2: FastForward [15] enqueue and dequeue functions

3.5 MapReduce Architecture Related Work

Summarizing the MapReduce Work-�ows, proposed in the literature, we see that

Phoenix [4] initially adopted the traditional Map, Reduce, Merge scheme, as pro-

posed by Google MapReduce [2]. Metis [5], based on Phoenix, implemented a hy-

brid intermediate bu�er data structure capable of performing adequately on most

workloads, and maintained the conventional MapReduce scheme. Phoenix Rebirth

[11] added the concept of local combining, but with little success. Phoenix++ [1]

optimized the combine process by introducing stateful, modular, combiner objects

and local containers. MRPhi [12], a customized to the needs of Intel
®

Xeon Phi™,

shared-memory MapReduce library, interleaved map and reduce phases to take ad-

vantage of MIMD hyper-threading and recorded an overall performance improve-

ment of 8.5%. Tiled MapReduce [13], following the compilers’ loop tiling technique,

divides a MapReduce task into smaller parts and process them iteratively to reduce

the memory footprint and enable locality-aware optimizations.

Non-conventional MapReduce architectures are not exclusive to shared-memory

systems. MapReduce Online [42], based on Hadoop [3], extends its range of capabil-

ities by pipelining data between mappers and reducers. The implementation, called

Hadoop Online Prototype (HOP), allows users to have early returns from yet incom-

plete jobs, and also supports stream processing and event monitoring applications.
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This is done by modifying the classic MapReduce work-�ow, and, instead of reduc-

ers pulling data from mappers in the end of map phase, mappers pro-actively push

their data, in batches of con�gurable size, to reducers.

Regarding high-performance, concurrent queue implementations, MCRingBu�er

[14] avoids false sharing of control variables, using the padding technique. To

reduce further the queue overhead, it divides the queue into smaller blocks and

updates the control variables only when a whole block has been processed. Fast

Forward [15] minimizes the producer - consumer interference, by coupling control

variables together with data, using a simple technique, described in section 3.4.2.

3.6 Pipelined MapReduce

After having studied thoroughly and acquired a concrete understanding of the inno-

vation, implementation speci�c details, assets and de�ciencies of current, state-of-

the-art shared-memory MapReduce implementations, we identify that the MapRe-

duce runtime is deteriorated by the blocking point between map and reduce phase.

The removal of this barrier results in a further parallel runtime, as the execu-

tion of mappers is overlapped with that of reducers. In addition, as map phase is

traditionally compute intensive and reduce phase is memory intensive, overlapping

their execution leads to more e�cient hardware utilization.

Given a �awless overlapping of two tasks, the expected time speedup is equal

to the run time of the lighter task. In the best case, where the two tasks have equal

execution times, the overall speedup will be ~50%. After a close lookup at the run

time breakdown of di�erent applications, we saw that map phase dominates the run

time in almost every case. This was expected due to the use of combiners, proposed

by Phoenix++ and their action was described analytically in section 3.3.4. Therefore,

pipelining map and reduce phase would only induce a limited speedup.

We propose a novel MapReduce architecture, where map and combine are decou-
pled in separate phases. We introduce a concurrent, lock-free, circular queue which

is shared between mappers and combiners. After executing a map task, mappers

push intermediate key-value pairs in the queue. At the same time, in a pipelined

fashion, combiners are consuming the pushed elements by running the combine

function on them. We consider the overlap of mappers and combiners more prefer-

able than that of mappers and reducers, as the combine function execution time is

comparable with that of map function in many cases. Thus, the potential speedup

is more auspicious. Chapter 4 covers the implementation details of our architecture

and chapter 5 presents the performance evaluation and discussion.
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Chapter 4

Implementation Details

4.1 Introduction

The purpose of this Chapter is to give the reader a thorough understanding of the

implementation and architecture speci�c details of our proposed Pipelined MapRe-

duce runtime. The chapter is organized as follows: in Section 4.2 we present the

work-�ow of our suggested runtime, in Section 4.3 we describe and reason about our

choice of the mappers-combiners, shared data structure. In Section 4.4, we demon-

strate the di�erent thread-to-CPU binding policies that we created. Section 4.5,

summarizes the role of all programmer tunable variables, essential to MapReduce

runtime, and �nally, Section 4.6 contains our secondary contributions.

4.2 Pipelined Map Reduce Architecture

In this section, we describe assiduously the high-level work-�ow of our proposed

pipelined MapReduce architecture. We will use �gure 4.1 as the basis of our de-

scription.

Looking at the leftmost part of the diagram, we see the invocation of MapRe-

duce runtime with a call to MapReduce.run() class method. At �rst, a set of

necessary initializations and con�gurations take place. Variables such as, the total

number of threads that will be used, the number of mappers and combiners, the

thread-to-CPU binding policy, the number of map/ reduce tasks and a set of param-

eters that con�gure the SPSC queues, are initialized. Programmer can dynamically

tune the framework according to application and platform needs, by exporting envi-

ronmental variables. After having set up the library speci�c variables, two separate

thread pools are initiated. In �gure 4.1, the green-colored pool contains general-

purpose workers and will be used for all the phases, except from combine. More

speci�cally, the general-purpose thread pool is used to execute the tasks of Map,

Reduce and Merge. On the contrary, the orange-colored thread pool is used only

during combine phase and has typically less or at most equal number of workers

compared to the general-purpose thread pool.
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Figure 4.1: Pipelined MapReduce Architecture

Splitting the raw input into chunks comes next. If the input has to be formatted

on a particular way, the user has to provide the split function, otherwise the input

is splitted using the default function provided by the library. Task size de�nes the

number of input splits that correspond to a task and is subject to dynamic tunning.

Picking the optimal task size is not trivial, as big task sizes will result in substan-

dard load balancing, while very small task sizes will result in non-negligible library

overhead with regards to computation.

Map-Combine phases start, right after input splitting is done. All the map tasks

are added in the available task queues – one for each locality group. Map workers,

iteratively, dequeue tasks from their local queue and apply the user-de�ned map

function on the task data. Map function produces intermediate key-value pairs that

would be, according to the traditional MapReduce execution, directly combined by

a combiner object and then stored in the worker’s local container. Instead, in our

proposed variation, for the purpose of overlapping the execution of map and com-

bine functions, the intermediate data are pipelined through a set of Single-Producer,

Single-Consumer concurrent queues. As soon as the queues get partially �lled, com-

bine workers start their operation. They pop batches of key-value pairs out of the

queue, combine them using the user-de�ned combine function, and �nally store the

result in their local container. To allow multiple combiners to operate simultane-

ously, a separate container is allocated for each combiner. We argue that, overlap-
ping map and combine executions, results in more e�cient hardware utilization and
improved run times.

Map phase ends when all input tasks have been processed. An atomic, boolean
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�ag is used to notify the combiners that map phase is over. Before exiting, combine

workers, will loop once more over their assigned shared queues, and consume any

remaining data. This �nal check is essential, as combiners process data in batches,

and it is possible to have queues occupied with less than batch size elements. The

rest MapReduce execution remains unchanged. Reduce phase takes over, with the

reduce tasks being added in the task queues. Reduce workers, dequeue and execute

the tasks dynamically. For each task, they iteratively, pass a pair, composed of a

key and the set of all the values associated with this key, to the user-de�ned reduce

function. The reduce function aggregates all the values and stores the result in the

�nal values bu�er. Each reduce worker uses a di�erent bu�er. When all reduce tasks

have �nished, merge phase begins. Merging the �nal bu�ers is done in parallel, in

a binary tree like fashion. Optionally, if the output result needs to be sorted, every

merge worker �rst sorts, in place, a piece of the �nal values bu�er and then the

merging is done, respecting the elements order, similarly to mergesort’s merge step.

The result bu�er is �nally returned to the user. It is composed of a set of key-

value pairs, so it can be directly fed into a new MapReduce instance for further

processing.

4.3 Concurrent Shared Bu�er

Vital role for the e�ective pipelining of map and combine phase plays the queue

used by the mappers to forward data to the combiners.

4.3.1 Queue Characteristics

As we can see in �gure 4.1, every mapper has its own queue. Thus, a single producer

queue su�ces. On the contrary, since combine tasks can be lighter than map tasks,

we allow a combiner to correspond to one or more map queues. However, after

assigning map queues to combiners, each combiner has exclusive access to its set

of queues. This implies that there is only one combine worker for every queue, so a

single consumer queue is also su�cient. In the case where a queue is partially �lled,

but not empty, a mapper and a combiner can operate on it concurrently. As a result,

the semantics of our design are satis�ed by a Single-Producer, Single-Consumer

(SPSC), concurrent queue.

L.Lamport has proven that, under sequential consistency memory model, an

SPSC concurrent queue can be implemented without using explicit synchronization

mechanisms between the producer and the consumer [17], [16], [18]. With minimal

modi�cations to Lamport’s circular bu�er implementation, it is possible to support

weaker consistency models, such as the Total-Store-Order (TSO) consistency model

[20].
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Assuming hardware support for atomic instructions, such as compare-and-swap

(CAS), it has been proven by Maurice Herlihy [43] that, is feasible to implement

a multiple producer, multiple consumer (MPMC), lock-free, wait-free queue. As

SPSC queues are specialization of MPMC queues, an MPMC queue could also be

an acceptable candidate for our design. Unfortunately, the extra overhead of using

atomic operations is not-negligible on modern processors, and as a result, even the

most optimized MPMC queues are outperformed by Lamport’s circular bu�er with

one producer and one consumer.

Considering all the above, we conclude that, a concurrent, Single-Producer,

Single-Consumer, lock-free, wait-free, circular, �xed-size bu�er is the most appro-

priate data structure for our needs.

4.3.2 Queue Implementations Benchmark

Luckily for us, our problem has been well studied and heavily optimized, so, in-

stead of re-inventing the wheel, we found some lock-free, wait-free, SPSC queue

implementations and benchmarked them in order to select the most e�cient.

Three di�erent benchmarks have been conducted over a set of �ve di�erent

concurrent SPSC queue implementations. In push benchmark, the throughput of

producers, pushing in an empty queue of su�cient size is tested. Correspondingly,

in pop benchmark, consumers are popping elements out of a full queue. In concur-

rent push/pop benchmark, one producer and one consumer are operating on the

same queue, concurrently. The elements pushed/popped are key-value pairs of two

64-bit integers, because this format often appears in our MapReduce target applica-

tions. The y-axis denotes the average throughput in million operations per second.

X-axis denotes the number of producer or consumer threads used for push or pop

benchmarks respectively, while for the concurrent benchmark, x-axis denotes the

producer-consumer pairs used, thus the total number of threads is twice the x-axis

value. Note that, in all the cases, no two producers are sharing the same queue. The

same applies to consumers.

The benchmarks were evaluated on two heterogeneous platforms, which are de-

scribed adequately in section 5.2. Figure 4.2 summarizes the benchmark results for

the Intel Haswell multi-core platform. Boost [22] with static memory allocation and

Circular�fo [21] perform similarly, with Circula�fo achieving better push through-

put and boost-static better pop throughput. Circular�fo is also using static memory

allocation, meaning that the size of the bu�er is known at the compile time. On

the contrary, folly [44], cameron [23] and boost-dynamic de�ne the bu�er’s size at

run time. The results from Intel
®

Xeon Phi™ Co-processor card, are summarized in
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Figure 4.2: Comparison of �ve di�erent SPSC queue implementa-

tions on Intel Haswell Platform.

�gure 4.3. The overall picture is di�erent than Haswell, with Circular�fo demon-

strating the best push performance, cameron and boost-static sharing the best pop

throughput and cameron having the best concurrent push/pop performance.

In order to select the best queue implementation, except from the benchmarks

shown in �gures 4.2, 4.3, we considered their API. Excluding boost dynamic/ static

queues, all the res o�er a limited API, containing the basic functions of push(),

pop(), top() plus a size() approximation. On the other hand, boost o�ers

a very rich API, with enhanced capabilities such as pushing/ popping elements in

batches, and also a function that pops and consumes one or all available elements
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Figure 4.3: Comparison of �ve di�erent SPSC queue implementa-

tions on the Intel Xeon Phi platform.

with a single call. We discovered that these capabilities, if used properly, perform

better than the basic operations. This settled us on using boost, with static memory

allocation, as the core of our SPSC queue.

4.3.3 Queue Optimizations

In the previous section, we explained the reasons that led us to select boost with

static memory allocation over the rest benchmarked implementations.

Building on top of it, we added some extra optimizations. They are presented

below and evaluated in Chapter 5.
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Producer Sleep time The way that our architecture is designed, requires that,

pushing an element in a queue succeeds always. Of course, discarding ele-

ments or overwriting existing ones, is not allowed. This means that, when

a mapper tries to push data on a full queue, he will have to wait until some

space is freed. A classic busy wait loop can be used for this purpose. Instead,

we noticed that, having the mapper to fall asleep for a sort amount of time,

after a failed trial, can result in performance improvement. The default value

for this sleep interval is 100 nanoseconds, but can be modi�ed, as described

in section 4.5.2.

Bathced Reads Normally, combiners are looping over their associated queues, read

available data and aggregate them through the user-de�ned combine func-

tion. Instead of letting them consume single elements, we divide the bu�er

into blocks of batch_size elements, that will be processed contiguously.

This reduces the mappers-combiners contention on shared queue control vari-

ables and increases spatial data locality. We benchmark the e�ect of this op-

timization in section 5.7.

Read and Consume As we previously mentioned, boost extends the traditional

queue API and supplies functions with extended capabilities. We take ad-

vantage of the consume_all(Function f) method, that reads and

consumes all available elements on a single call. Based on it, we implemented

a consume_batch(Function f, size_t batch) function, that

consumes batch elements at once. Notice that, we pass the function that will

consume the data as an argument. This reduces the number of function calls

to an absolute minimum and, at the same time, eliminates completely the need

of data copying between the queue and the combine workers.

4.4 MemoryAwareThread-to-CPUBindingPolicies

In order to pipeline Map and Combine phases, we introduced a set of SPSC shared

queues. Mappers use them to write the products of map functions, and, concur-

rently, combiners consume these data through the combine function. Due to this

extensive communication, additional pressure is posed on the memory subsystem.

In the absence of a careful design, the communication overhead between Mappers

and Combiners can counter any probable speedup.

Since the very beginning of our implementation, it was made clear, that the

communication overhead has to be minimized, and it is essential to pack as close as

possible threads that access the same resources. We tackle this issue in three steps.

Firstly, depending on the mappers/ combiners ratio we correspond statically every
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combiner to a set of mappers. This correspondence will remain unchanged till the

end of map-combine phase. Secondly, we select the most appropriate thread binding

policy, out of the three di�erent policies that we have implemented, pictured in

�gure 4.4. Finally, using the system call sched_setaffinity() mapper and

combiner threads are binded to speci�c logical cores.

Mapper Combiner

(a) Dedicated Policy

Mapper Combiner

(b) Push Policy

Mapper Combiner

(c) Fill Policy

Figure 4.4: Graphical demonstration of the three di�erent thread-to-

CPU binding policies

Figure 4.4 represents graphically the three di�erent binding policies that are

available. A short description follows, while their performance is benchmarked in

section 5.4.

Dedicated Policy This is the �rst and most basic policy we implemented. As we

see, it is not taking into consideration the communication pattern between

mappers and combiners.
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Push Policy An alternative policy that is employing more threads than logical

cores. Its logic is to bind a mapper thread to every logical core and in addition,

according to the speci�ed mappers/ combiners ratio, bind the combiners side

by side with mappers. Though promising, it is outperformed by Fill policy.

Fill Policy This policy targets the incompetency of the Dedicated policy. It inter-

leaves mapper and combiner threads in order to minimize their distance in

logical core units. Our results show that this policy is the most e�cient for

all the test-cases.

4.5 Proper Con�guration is Crucial

Fine tuning of the MapReduce runtime and queue characteristics is optional, but

nevertheless, vital to competent performance. Di�erent types of workload may

require completely diverge set of parameters to operate e�ciently. This section

exposes to the reader, the role and importance of all the runtime con�gurable vari-

ables.

4.5.1 MapReduce Runtime Con�guration

Variable name Description Default Value

MR_NUMTHREADS Number of Threads Number of logical

cores

MR_NUMMAPTASKS Number of Map Tasks map_threads× 16

MR_NUMREDUCETASKS Number of Reduce Tasks Number of Map

threads

MR_CHUNKSIZE Multiplier of Task size 1

Table 4.1: MapReduce Runtime Con�gurable Variables

Table 4.1 presents the MapReduce runtime related sizes that are subject to pro-

grammer tunning. The MR_NUMTHREADS variable de�nes the total number of

threads that will be used by the library and defaults to the number of logical cores.

This is an acceptable choice for most applications and speci�cally for compute in-

tensive workloads. MR_NUMMAPTASKS sets the amount of map reduce tasks that

will be created, and, as every input split has to be in one and only task, the task size

derives from the formula:

task_size =
input_splits_count

num_map_tasks
(4.1)
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In practice, we found little usage for MR_NUMMAPTASKS variable as, picking an

optimal number of map tasks, is both application and input size speci�c. However,

MR_CHUNKSIZE is a factor that scales the derived task size. When de�ned, the

actual task size is calculated as:

task_size = MR_CHUNKSIZE× input_splits_count

num_map_tasks
(4.2)

Our benchmarks show that, some applications may pro�t from smaller task sizes,

meaning MR_CHUNKSIZE values around 1/4, 1/8. Finally, the number of reduce

tasks that will be generated is controlled by MR_NUMREDUCETASKS. By default,

there will be one reduce task per map worker. As in all our target applications,

reduce phase occupies only a minor fraction of the total execution time, we didn’t

experiment with the number of reduce tasks.

4.5.2 Map-Combine Pipeline Con�guration

Variable name Description Default Value

MR_MAP_COMBINE_RATIO Mappers / Combiners ra-

tio

1

MR_THR_TO_CPU_POLICY Thread to CPU binding

policy

1 (Fill policy)

MR_BUF_SIZE SPSC Queue �xed-size 1000

MR_BATCH_SIZE Minimum number of ele-

ments to consume

100

MR_MAP_SLEEP_TIME Sleep interval in case of

full bu�er

100 nano sec

Table 4.2: Map-Combine Pipeline Con�gurable Variables

A variety of environmental variables can be used to properly tune pipeline and

queue speci�c sizes. Table 4.2 summarizes them and a more accurate description

follows.

The MR_MAP_COMBINE_RATIO is perhaps the most important variable and

a�ects heavily the execution time. As its name suggests, it de�nes the mappers to

combiners ratio, or more speci�cally:

MR_MAP_COMBINE_RATIO =
num_of_mappers

num_of_combiners
(4.3)
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Its value is a positive integer above 1, as mappers have to be at least equal to combin-

ers. The optimal ratio is de�ned by the heaviness of the workload of map and com-

bine phases. The heavier the map workload is, compared to combine, the greater

the ratio should be. MR_THR_TO_CPU_POLICY is used to select one of the three

di�erent policies, described in section 4.4. Dedicated policy corresponds to a value

of 0, Fill policy to 1 and Push policy to 2. MR_BUF_SIZE sets the size of concurrent

SPSC queues. A small value will cause the bu�ers to be frequently full, thus mappers

will be unable to push data, while a very big value will be a waste of memory and

lead to limited spatial locality. In practice, values ranging from 1 to 10 thousands

performed the best. In section 4.3.3, we explained how combiners consume batches

of data instead of single elements. The environmental variable MR_BATCH_SIZE
is used to set the minimum number of elements that should be in the queue be-

fore the combiner starts consuming them. Finally, MR_MAP_SLEEP_TIME is the

interval in nanoseconds, that mappers will sleep, in case the bu�er is full, before

checking again. By experimentation we discovered that a value of 100 nanosec-

onds achieves adequate performance, while zero sleep time between each re-trial is

sub-optimal.

4.6 Secondary Contributions

This section contains our secondary contributions, which were, nevertheless, es-

sential to help us better conceive the behavior of our pipelined implementation.

4.6.1 Synthetic Test Suite

While developing our architecture, we realized that our set of test-cases was limited

in terms of map/ combine workload type and weight. More speci�cally, both Linear

Regression and Histogram, have extremely light map and combine workloads. PCA

has practically no combine phase, while the rest test-cases, i.e. Word Count, Matrix

Multiply and KMeans, have signi�cantly heavier map than combine phase. Though

this is the most common case, it is not the only one. We wanted to make sure that

our implementation is tested under as many as possible di�erent workload types.

Implementing some new MapReduce applications would be a possibility. This

way, we would be able to test di�erent types of map-combine workloads. However,

again, we would have little to no control over their weight. We decided to implement

a synthetic test suite, that would allows us to easily con�gure the type, as well as

the amount of work of map and combine phases.

To imitate a CPU-intensive workload, we combined computationally heavy tri-

gonometric, exponential and logarithmic functions, which operate on a small con-

tiguous dataset. On the contrary, to reproduce a Memory-intensive workload, we
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apply computationally light operations on a wide dataset with pseudo-random mem-

ory access pattern. A set of runtime con�gurable variables are used to adjust the

heaviness of map and combine tasks independently.
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Figure 4.5: Varying Combine Workloads with Synthetic Test-case

Figure 4.5, demonstrates the usability of the test suite. Map task was �xed as

compute-intensive, while combine task as memory intensive. The x-axis denotes

the di�erent combine phase workloads that were tried. The cyan line shows the

run-time of Phoenix++ [1] without any modi�cations, and the rest three lines cor-

respond to our pipelined framework with di�erent mapper/ combiner ratios. We

can clearly see, how the optimal ratio depends on the workload weight distribution

over map and combine phases.
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4.6.2 Application Characterization

In this section, we attempt to analyze the behavior of di�erent applications and

characterize their compatibility with Pipelined MapReduce. We base the quanti�-

cation of applications’ �tness on three simple metrics:

IPB =
Instructions

Input_Bytes
(4.4)

MSPI =
Memory_Stalls

Instructions
(4.5)

RSPI =
Resource_Stalls

Instructions
(4.6)

IPB measures the complexity of an application. Applications with very low com-
plexity, like Histogram and Linear Regression, are not well-�tted for our framework,
simply because there is not enough work, to decouple and overlap e�ciently. On top

of that, the introduced complexity by our framework, due to queue manipulations,

can dominate the execution time of light applications, with low IPB values.

On the other side, applications with high IPB, are not necessarily well-�tted

to our architecture. If map and combine workloads, are complex enough, but are

not competing for any memory or CPU resources, they will not pro�t from our

framework’s, more e�cient hardware utilization. This means that IPB by itself is

not su�cient for our characterization, thus we introduce two more stall-related

metrics.

Memory Stalls per Instruction (MSPI) and Resource Stalls per Instruction (RSPI)

represent how often an application experiences memory subsystem and resource

lated stalled cycles, respectively. Resource stalls can be due to a full Reorder bu�er,

not eligible Reservation Station entry available, no store or load bu�ers available

and register renaming. Memory related stalls contain stalled cycles due to L1D and

L2 cache misses. Applications with frequent stalls, indicate sub-optimal hardware
utilization, and as consequence, they are good candidates for our decoupled implemen-
tation. Based on IPB, MSPI and RSPI, we conclude that, workloads with su�cient
complexity, that su�er from frequent memory or resource stalls, are perfect candidates
for our runtime.

Figure 4.6 presents the IPB, MSPI and RSPI metrics for our six target applica-

tions. The metrics were calculated based on relevant hardware counters, that were

extracted using the Intel
®

VTune™ Ampli�er [45] performance pro�ler and refer to

Map and Combine functions only. The �gure has two y-axis scales, the left one is

used for IPB and it is logarithmic, while the right y-axis is used for memory and re-

source stalls. For the intermediate key-value pairs, the default container was used,

which is a hash table for Word Count and a �xed-size array for the rest. We can see
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Figure 4.6: Instructions per byte, Resource Stalls per Instruction and

Memory Stalls per Instructions of Phoenix++ with the Default Con-

tainers

that Histogram and Linear Regression are not well-�tted for our runtime, as they

have very light workload and relatively few memory and resource related stalls.

KMeans and Matrix Multiply, on the other hand, seem suitable, as their workload

is both complex enough and su�ers from regular stalled cycles. Finally, PCA and

Word Count are neither fully well-�tted nor incompatible with our library, as they

have su�cient complexity, but not many stalled cycles per instruction.
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Memory Stalls per Instructions of Phoenix++, using Hash Containers

Figure 4.7 presents the same metrics, but this time we used either regular or
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�xed-size hash table intermediate containers. More particularly, a �xed-size hash

was used in Histogram, KMeans, Linear regression and Word Count, and a regular

hash for Matrix Multiply and PCA. In general, the use of hash containers, adds hash

calculation overheads so we expect see an increase in the IPB metric. KMeans is the

only exception to this rule. KMeans uses the intermediate container to update the

cluster centroids and count the amount of points that belong to the clusters. The

number of clusters is small compared to the number of points. For this speci�c test-

case, we used 500k, 4-D points and 100 clusters. The �xed-hash has 100 entries,

meaning that in each resides at most one cluster and the space needed for the con-

tainer will be around 100×4×4 = 1.6MB. The default size for the bu�er container

is also 100, so it has the same space needs. Furthermore, as the points and the clus-

ters are not ordered in any way, there will be little to no data locality during map

phase, regardless the container type. Practically, there is no di�erence between the

two containers, and this is why we see no increase in IPB of KMeans. Word Count

has a slightly lower IPB, which is reasonable if we consider that in �gure 4.6, a hash

container was used, so the hash calculation overhead was included, too.

Stalls are increased in all cases, except Matrix Multiply and KMeans. This hap-

pens due to the increased computational complexity, that can result in CPU re-

sources being exhausted and/ or inadequate cache behavior, if the �xed-hash size

is sub-optimal. In Matrix multiply, we see a signi�cant improvement in stalled cy-

cles when using a regular hash container. To explain this, we have to think of the

way Matrix multiply is designed. When a regular array is used, each worker thread

allocates a �xed size array, that will be used to combine and store the intermediate

key-value pairs. The size of this array in our case is 1M integer elements. However,

as every mapper emits keys from a limited range, the hash container is signi�cantly

smaller than the �xed-bu�er. This improves cache locality, and reduces memory

and resource related stalls. For the same reason, KMeans has also slightly improved

MSPI and RSPI metrics. In general, a map worker may not encounter points from

every cluster, so there is no need to allocate an array container with size equal to

the number of clusters.

Looking at �gure 4.7, we conclude that KMeans, Matrix Multiply and Word

Count are suitable to our implementation, as they have both enough complexity

and frequent stalls. Histogram and Linear Regression are not completely incom-

patible, as they experience memory and resource related stalls often, but still their

workload complexity is relatively low. PCA will practically demonstrate the same

behavior as with the default array container, because although the workload is suf-

�cient, the amount of resource and memory stalls is very low.





61

Chapter 5

Results

5.1 Introduction

In the following chapter we evaluate the di�erent aspects of our proposed pipelined

implementation. We start by describing the hardware setup that hosted our exper-

iments. Then, we demonstrate the e�ect of the various programmer tunable vari-

ables on run-time. Finally, we benchmark our custom architecture against Phoenix++

[1] and also attempt to characterize the suitability of various workloads to our im-

plementation.

5.2 Experimental Setup

(a) Intel
®

Haswell Architecture [25] (b) Intel
®

Xeon Phi™ Architecture [6]

Figure 5.1: High Level Architecture of the systems on which we

tested our implementation

For our experiments, we used two inherently diverse system. The �rst is a reg-

ular multi-core server platform and the latter is a high performance Co-processor.
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Both are su�cient for multi-threaded applications as the are capable of executing

concurrently up to 56 and 227 hardware threads respectively.

5.2.1 Intel® Haswell

Haswell [25] is the brand-name for the 4th generation of Intel processor micro-

architecture, and it is the successor of the Intel Ivy Bridge [26] micro-architecture.

Compared to its predecessor, Haswell achieves an overall 3% performance improve-

ment.

It features 22nm, 3D tri-gate transistors, 14 to 19 stage pipeline, x86 64-bit in-

struction set and three levels of cache. L1 cache is divided into 32KB instruction

and 32KB data cache, L2 cache is 256 KB per core and L3 cache is 35MB per chip.

The platform we used for our measurements is a dual slot Intel
®

Xeon
®

E5-

2683 v3, clocked at 2GHz up to 3GHz with Intel
®

Turbo Boost, 14 cores per chip, 2

hardware threads per core, and 64GB of RAM in total. Each of the two slots forms

a separate NUMA node of 28 logical cores. During tests, Intel
®

Turbo Boost was

disabled for a more stable and reproducible behavior.

5.2.2 Intel® Xeon Phi™

The Intel
®

Xeon Phi™ Co-processor is a relatively young product family announced

by Intel in late 2012. It is established in the area of High Performance Hardware

accelerators, competing, amongst others, with NVIDIA’s Tesla-branded [7] product

lines. It features up to 61 Intel
®

Many Integrated Core (MIC) Architecture in-order

processor cores.

The Intel
®

Xeon Phi™ Coprocessor is connected to an Intel Xeon processor,

usually referred as the host, via a PCIe bus. It supports two execution modes –

native and o�oad. In native execution, the code is cross-compiled in the host using a

special �ag and then the binary is copied and executed in the co-processor. In o�oad

mode, OpenMP-like pragmas are used to mark code regions that will be o�oaded

and executed in the co-processor. The compiler generates two binary versions for

the marked regions, one for the host and one for the co-processor. During run-

time, if no co-processor is detected, code will be executed on the host. Otherwise,

the code will be automatically transfered and executed in the co-processor. One

of Intel’s Xeon Phi advantages over other accelerators, is it’s �exible and simple

programming model. Programs written in C/C++ or Fortran and use libraries such

as OpenMP, MPI, TBB, Cilk Plus and Intel MKL need no changes to be compiled and

run natively on Xeon Phi.

Each of the ~60 cores of the Co-processor is clocked at 1GHz and can fetch and

decode instructions from four hardware threads. One Vector �oating-point unit
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(VPU) is provided for each core, which contains 32 512-bit wide registers, and is

capable of performing, 16 32-bit integer, or 16 single-precision, or 8 double-precision

packed operations per cycle.

Two levels of cache memory are used. L1 hosts a 32KB instruction and a 32KB

data cache with a latency of 1 cycle. L1, as well as L2, caches are 8-way associative

with 64 byte cache lines. The latency of the L2 cache is 11 cyles and its size is 512KB

per core. A bidirectional, ring bus is used to connect the L2 memory controllers of

each core together, thus the total e�ective L2 cache size is ~32MB per chip.

Our experimental platform consists of an Ivy Bridge E5-2609 v2 Intel
®

Xeon
®

Processor with 4 cores at 2.5GHz combined with an Intel
®

Xeon Phi™ Coprocessor

3120A with 57 cores at 1.1GHz, 22nm lithography, 28.5MB L2 size and 6GB of RAM.

All the applications where compiled on Xeon Processor and executed natively on

the co-processor.

5.3 Static-Dynamic queue comparison
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Figure 5.2: Run Time Comparison Between Static and Dynamic

Bu�er Allocation on Haswell

In section 4.3.2, we benchmarked di�erent SPSC queue implementations to �nd

the most e�cient. In this section, we compare the static and dynamic boost [22]

SPSC queue variants in actual test-cases. Boost-static uses static memory allocation,

and as a consequence the size of the bu�er needs to be de�ned at compile time. On

the other side, boost-dynamic uses dynamic memory allocation so the de�nition of

the bu�er size can be delayed until run time. Except from this discrepancy, their

API is exactly the same.

Figures 5.2, 5.3 summarize the test results from Haswell and Intel Xeon Phi re-

spectively. Y-axis displays the normalized time in boost-dynamic. On the X-axis we
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Figure 5.3: Run Time Comparison Between Static and Dynamic

Bu�er Allocation on Intel Xeon Phi

can see all the di�erent applications that were tested. LR stands for Linear Regres-

sion, WC for Word Count, Hist for Histogram, MM for Matrix Multiply and PCA

for Principal Component Analysis.

In Haswell, static memory allocation improves the run-time up to 44%. In the

worst cases, which are KMeans and PCA, the run-time remains una�ected. The

results are a little di�erent on Xeon Phi. The MM test-case is 23% slower with static

compared to dynamic memory allocation. Hist and LR are 52% improved and the

rest applications remain una�ected.

5.4 Di�erent policies comparison

This section benchmarks the e�ciency of the di�erent Thread-to-CPU binding poli-

cies that we implemented and presented in section 4.4. Figures 5.4, 5.5 summarize

the results taken from Haswell and Xeon Phi.

In general, Push policy is outperformed by Fill policy, but also Dedicated in

most cases. While on Haswell, Fill performs clearly better than Dedicated policy,

on Phi the two policies perform equally. In order to explain this fact, we have to

take into account the memory-hierarchy of the two systems. Our Haswell setup is

composed of two NUMA nodes, and thus inter-thread communication and place-

ment has to be considered to get the maximum performance. On average, we see an

1.43x speedup, with a peak value at 2.33x and 2.17x on Linear regression and His-

togram respectively. On the contrary, Intel Xeon Phi is a single UMA node and due

to the bidirectional ring, that inter-connects the memory controllers of all cores,

the L2 caches are coherent and almost instantaneously accessible. As a result, the
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performance gain due to communication-aware thread placement is very limited,

i.e. 1–3%.

Nevertheless, it is safe to use Fill policy over Dedicated and Push, as it performs

equally or better in all test-cases.

5.5 Di�erent chunk size

Chunk size is one of the programmer con�gurable variables that we described in

section 4.5.1. It factors the actual task size and it also a�ects the number of Map

tasks as calculated by equation 4.2. Figure 5.6 shows the e�ect of chunk size in the

run time on Haswell, while �gure 5.7 shows the e�ects of chunk size on Xeon Phi.
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Figure 5.6: Chunk Size E�ect on Haswell
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Figure 5.7: Chunk Size E�ect on Xeon Phi

As a common rule, we can conclude that applications pro�t from around 4 to

8 times smaller chunk sizes. The advantages of smaller chunk sizes is that they �t

more comfortably in cache memory and lead to better load balancing due to higher

number of map tasks. On average, on Xeon Phi there is a 4.3% improvement with

optimal chunk size, compared to the default, and on Haswell the average improve-

ment is 1.9%.

5.6 Di�erent bu�er size

A set of experiments where conducted in order to �nd the optimal bu�er size for

every application. The results are presented in Figures 5.8 and 5.9. We observe that

the run-time is heavily a�ected by the bu�er size. More speci�cally, very big sizes
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Figure 5.8: Bu�er Size E�ect on Haswell

can result in bad memory locality while very small bu�er sizes can be often full,

thus the producers will have to sleep, as explained in section 4.3.3. An adequate

compromise is achieved, for sizes around 5–6 thousand elements.
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Figure 5.9: Bu�er Size E�ect on Xeon Phi

5.7 Di�erent batch size

As we described in section 4.3, one of the reasons we chose boost was the rich API

that it o�ers. Building on top of it, we implemented a batched, data-copy-free con-

sume method. It takes as an argument a functor f and an integer batch_size. If

there are enough elements in the queue, the functor f is applied to batch_size
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elements. Performing operations in batches takes advantage of cache locality, re-

duces contention on queue control variables, and results in improved performance.

The e�ect of batched reads is depicted in �gure 5.10 for the Haswell system and in

�gure 5.11 for Intel
®

Xeon Phi™. We see an impressive speedup of more than 10X

for Histogram and Linear Regression on Xeon Phi, and a fair speedup up to 3X for

Histogram, Linear Regression and Matrix Multiply on Haswell.
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Haswell

Hist KMeans LR MM PCA WC
0

2

4

6

8

10

12

C
o
n
su

m
e
 B

a
tc

h
 S

p
e
e
d
u
p

11.44

1.05

10.44

1.89

0.98 1.18

Consume One/ Consume Batch comparison

consume-batch

consume-simple
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Batch size, de�nes the size in elements of every consume operation. Bigger

batch sizes may increase combiners’ idle time, but improve spatial locality when

signi�cant amount of data are processed contiguously. Figure 5.12 summarizes the

e�ect of di�erent batch sizes, on each of the six target applications, on Haswell.
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The bu�er size was 10k elements for every application, except PCA, which had 2k

bu�er size. We can see that almost all applications pro�t from 200 or 500 elements

per batch. Similar results can be noticed in �gure 5.13, which present the e�ects of

batch size on Xeon Phi, for each application.
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Figure 5.12: Batch Size E�ect on Haswell
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Figure 5.13: Batch Size E�ect on Xeon Phi

We can safely assume that 20–50 batches per bu�er o�er a good compromise be-

tween combiners idleness, caused by substantial batch sizes, and poor data locality,

induced by limited, consecutive data, processing.
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5.8 Performance Evaluation

In this section we evaluate the run time performance of our Pipelined MapReduce

implementation against Phoenix++. All the benchmarks were conducted on both

our available platforms. For better accuracy, the average of 20 runs was used, and

the maximum reported standard deviation was ~1%.

5.8.1 Intel Haswell Platform
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Figure 5.14: Pipelined Phoenix Speedup over Phoenix++ with De-

fault Containers in Haswell

Figure 5.14, shows the normalized to Phoenix++ execution time for variable in-

put sizes, when using the default intermediate container for every application. The

intermediate container, as described in section 3.3.4, is the data structure that holds

the intermediate key-value pairs. The default container for all applications, except

Word Count is an array container, because the number of possible keys is either

known a priory, or is bounded. Word Count uses a hash container by default, as

it is suitable for storing string keys. KMeans and Matrix Multiply pro�t from our

architecture and demonstrate a speedup of 1.95x and 1.77x respectively. PCA per-

forms equally with Phoenix++ and Word Count is slightly slowed down by 21.6%.

However, Histogram and Linear Regression are clearly outperformed by a factor of

3x and 3.8x respectively. This due to the very light map and combine workload,

causing the overhead induced by the shared-queue to dominate the run-time.

In �gure 5.15, we used di�erent intermediate data containers. For Histogram,

KMeans, Linear Regression and Word Count we use a �xed-size Hash as interme-

diate container and for Matrix Multiply and PCA we use a regular Hash container.
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Figure 5.15: Pipelined Phoenix Speedup over Phoenix++ with Hash

Containers in Haswell

This modi�cation a�ects the combine workload, as a hash value must computed and

memory has to be allocated every time a new element is stored in the container. The

outcome is that Pipelined MapReduce outperforms Phoenix++ in 5 out of 6 applica-

tions. Matrix Multiply exhibits a 2.46x average speedup, Histogram and Word Count

a speedup of 1.77x and 1.69x respectively, KMeans is 1.46x times faster on average

and Linear Regression 1.21x. PCA still performs 20.4% worse than Phoenix++.

Application Small Medium Large
Hist 400MB 800MB 1.6GB

KMeans P:100K, C:100, D:4 P:200K,-,- P:500K,-,-

LR 400MB 800MB 1.6GB

MM 500x500 800x800 1000x1000

PCA R:2K, C:2K R:3K, C:3K R:4K, C:4K

WC 200MB 400MB 1GB

Table 5.1: Input sizes used in the Haswell system

5.8.2 Intel® Xeon Phi™ Co-Processor

Figure 5.16 summarizes the normalized to Phoenix++ time with various input sizes,

using the default intermediate key-value containers. The result are comparable to

that of Haswell. Word Count performs better by 1.59x on average, KMeans by 2.8x

and Matrix Multiply by 1.52x. PCA, again, performs equally, while Histogram and

Linear Regression are outperformed by Phoenix++ by 2.84x and 2.87x on average,

respectively. The reason is their extremely light workload, that lets the queue over-

head to overshadow the Map - Combine decoupling advantageous e�ects.
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Figure 5.16: Pipelined Phoenix Speedup over Phoenix++ with De-

fault Containers in Intel Xeon Phi
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Figure 5.17: Pipelined Phoenix Speedup over Phoenix++ with Hash

Containers in Intel Xeon Phi

Application Small Medium Large
Hist 200MB 400MB 800MB

KMeans P:50K, C:100, D:4 P:100K,-,- P:200K,-,-

LR 200MB 400MB 800MB

MM 300x300 500x500 800x800

PCA R:2K, C:2K R:3K, C:3K R:4K, C:4K

WC 200MB 400MB 600MB

Table 5.2: Input sizes used in the Xeon Phi system
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In Figure 5.17, we used �xed-size hash containers for Histogram, KMeans, Lin-

ear Regression and Word Count, and regular Hash container for Matrix Multiply

and PCA. Similarly to Haswell respective benchmarks, the behavior of Pipelined

MapReduce is favored in comparison to Phoenix++. Our implementation performs

better in 5 out of 6 test-cases and worse only in PCA, by 34% on average. Histogram

is faster by 3.2x, Word Count by 5.34x, Linear Regression by 2.79x, Kmeans by 2.24x

and Matrix Multiply by 1.28x on average.
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Chapter 6

Conclusions and Future Work

6.1 Conclusions

This thesis presents Pipelined MapReduce, an alternative to the conventional MapRe-

duce Runtime for shared-memory systems. Pipelined MapReduce, decouples Map

and Combine tasks into separate, independent phases. As data need to be commu-

nicated from Map to Combine, we introduced a high performance concurrent data-

structure that allows Mappers and Combiners to operate concurrently in a Pipelined

fashion. Our choice for this data-structure is a Single-Producer, Single-Consumer,

wait-free, concurrent, �xed size, circular bu�er. After thorough benchmarking, we

found that boost’s [22] spsc_queue, with static memory allocation is the most

e�cient and well suited to our needs implementation. Building on top of its rich

API, we enhanced it with batched, copy-free data consuming and we added a subtle

sleep interval between every, write on full bu�er, retrial. Apart from the shared

queue implementation, vital role for the performance of our architecture, plays the

overhead of inter-thread communication. To minimize it, we implemented a thread-

to-CPU binding policy with awareness of the producers-consumers communication

pattern.

We used Phoenix++ [1], a state-of-the-art MapReduce library, as the basis of

our architecture. While developing our framework, we made sure that the user’s

API has remained untouched, all our modi�cations a�ected the MapReduce Library

back-end and are completely transparent to the applications’ code.

Finally, we evaluated the performance of Pipelined MapReduce against Phoenix++

into two platforms. The �rst is composed of two Intel
®

Xeon generation Haswell

nodes, with 14-cores/ 28-threads at 2GHz, and the later is an Intel
®

Xeon Phi™, with

57-cores/ 228-threads at 1.1GHz, Co-processor. The target applications were six

widely used algorithms from the domains of enterprise computing (Word Count),

scienti�c computing (Matrix Multiply), arti�cial intelligence (KMeans, PCA, Lin-

ear Regression) and image processing (Histogram). Using the default, intermediate

data containers, on Haswell, our architecture recorded a speedup in two applica-

tions (Kmeans, Matrix Multiply), a slowdown in two others (Hist, Liner Regression)
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and performed equally in PCA and WC. Similarly, on Intel
®

Xeon Phi™, our im-

plementation performed better in three applications (KMeans, Matrix Multiply and

WC), equally in PCA and worse in Histogram and Linear Regression. However,

when changing the intermediate container to �xed hash, the results were impres-

sive, with our architecture achieving a speedup, up to 5.7x, in all applications except

PCA, which was 20% slower, both on Haswell and Xeon Phi.

Our Pipelined MapReduce implementation managed to exploit the ine�ciency

of the traditional architecture that requires serialization of Map and Combine tasks.

Nevertheless, we observed that test-cases like Histogram and Linear Regression

are not well-�tted for our alternative MapReduce runtime. We used three metrics,

derived from PMU counters, to categorize our target applications in suitable and

non-suitable with our implementation. We conclude that, applications with su�-
cient amount of work per input element, that experience frequent resource-related or
memory-related stalls are perfect candidates for our fully-decoupled architecture.

6.2 Future Work

Pipelined MapReduce proved that there is still space for improvement in the shared-

memory implementation of MapReduce. In this section, we underline the incompe-

tencies of our framework and propose ideas for future work and further optimiza-

tion.

• Four, dynamically de�ned parameters, read batch size, write on full bu�er

sleep interval, mappers to combiners ratio and �xed-bu�er size, need proper

adjustment for an optimized execution time. Due to their interference, de�n-

ing the optimal values can be tedious. Adding auto-tune capability to our

framework would be of great bene�t for the users as it would free them from

this burdensome task.

• For the time being, our framework supports only one-to-one or many-to-one

mappers-combiners correspondence. We took this design decision based on

the fact that combine task is usually lighter than map task, so one combiner

thread is su�cient to consume the data produced by one or more mapper

threads. However, if the combine task is signi�cantly heavier than map, one

mapper could feed multiple combiners. In the most generic case, many-to-

many correspondence could be implemented, but this requires the presence

of multiple-producers, multiple-consumers queue which has a considerable

overhead compared to single-producer, single-consumer queues.
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• In order to support memory and communication pattern aware thread-to-

CPU binding, we have chosen to statically assign mappers to combiners. How-

ever, this can result in sub-optimal load balancing, and also, makes the map-

pers to combiners ratio very essential for good performance. A more dynamic

approach could tackle these issues. The execution of Map phase could start as

normal, with workers being dynamically assigned map tasks, and writing the

intermediate data in a private bu�er. Every time the bu�er gets full, a com-

bine task will be created and added to a high-priority queue. The �rst worker

thread that completes its map task, will be assigned and execute the combine

task. Though, this approach has the advantages of dynamic load balancing

and automatic mappers-to-combiners ratio adjustment, it lacks memory and

communication pattern awareness.
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Appendix A

Source Code

A.1 Source code repository

The source code of Pipelined MapReduce can be found at:

https://github.com/kiliakis/pipelined-mapreduce.

A.2 Original License

As the code was developed based on Phoenix [4], it is distributed with Phoenix orig-

inal BSD License. The copyright is held by Stanford University. Phoenix is provided
"as is" without any guarantees of any kind.

Copyright© 2007, Stanford University.

All rights reserved.

Redistribution and use in source and binary forms, with or without modi�cation,

are permitted provided that the following conditions are met:

• Redistributions of source code must retain the above copyright notice, this

list of conditions and the following disclaimer.

• Redistributions in binary form must reproduce the above copyright notice,

this list of conditions and the following disclaimer in the documentation and/or

other materials provided with the distribution.

• Neither the name of Stanford University nor the names of its contributors may

be used to endorse or promote products derived from this software without

speci�c prior written permission.

THIS SOFTWARE ISPROVIDEDBYTHECOPYRIGHTHOLDERSANDCON-
TRIBUTORS "AS IS" AND ANY EXPRESS OR IMPLIED WARRANTIES, IN-
CLUDING, BUT NOT LIMITED TO, THE IMPLIEDWARRANTIES OFMER-
CHANTABILITY AND FITNESS FOR A PARTICULAR PURPOSE ARE DIS-
CLAIMED. INNOEVENTSHALLSTANFORDUNIVERSITYBELIABLEFOR

https://github.com/kiliakis/pipelined-mapreduce
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ANYDIRECT, INDIRECT, INCIDENTAL, SPECIAL, EXEMPLARY, ORCON-
SEQUENTIALDAMAGES (INCLUDING,BUTNOTLIMITEDTO, PROCURE-
MENT OF SUBSTITUTE GOODS OR SERVICES; LOSS OF USE, DATA, OR
PROFITS; OR BUSINESS INTERRUPTION) HOWEVER CAUSED AND ON
ANYTHEORYOF LIABILITY,WHETHER INCONTRACT, STRICT LIABIL-
ITY, OR TORT (INCLUDING NEGLIGENCE OR OTHERWISE) ARISING IN
ANY WAY OUT OF THE USE OF THIS SOFTWARE, EVEN IF ADVISED OF
THE POSSIBILITY OF SUCH DAMAGE.
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Appendix B

Producer Consumer Problem

B.1 Solutions to Producer Consumer Problem

1 in t b u f f e r [N ] ;

2 in t r e a d _ i d x = 0 , w r i t e _ i d x = 0 , count = 0 ;

3

4 void enqueue ( in t i t em ) {

5 while ( count == N) ; / / s p i n

6 b u f f e r [ w r i t e _ i d x ] = i tem ;

7 w r i t e _ i d x ++ ;

8 i f ( w r i t e _ i d x == N)

9 w r i t e _ i d x = 0 ;

10 count ++ ;

11 }

12

13 in t dequeue ( ) {

14 while ( count == 0 ) ; / / s p i n

15 in t i t em = b u f f e r [ r e a d _ i d x ] ;

16 r e a d _ i d x ++ ;

17 i f ( r e a d _ i d x == N)

18 r e a d _ i d x = 0 ;

19 count −−;

20 return i t em ;

21 }

Listing B.1: Naive enqueue and dequeue functions

The producer-consumer problem is one of the classic examples of multi-process

synchronization. In this example, two processes, one producer and one consumer,

are sharing a common �xed-size bu�er. The producer process, generates data and

stores them in the bu�er. Concurrently, the consumer process is removing data

from the bu�er. If no proper synchronization is applied, consumer will try to re-

move data from an empty bu�er and/or producer will try add data to a full bu�er.

Assuming that a cyclic, �xed-size bu�er, a naive implementation of the enqueue
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function, called by the producer, and the dequeue function called by the consumer

is given in listing addref.

1 in t b u f f e r [N ] ;

2 in t r e a d _ i d x = 0 , w r i t e _ i d x = 0 , count = 0 ;

3 mutex_t l o c k ;

4 m u t e x _ i n i t (& l o c k ) ;

5

6 void enqueue ( in t i t em ) {

7 while ( count == N) ; / / s p i n

8 b u f f e r [ w r i t e _ i d x ] = i tem ;

9 w r i t e _ i d x ++ ;

10 i f ( w r i t e _ i d x == N)

11 w r i t e _ i d x = 0 ;

12 mutex_ lock (& l o c k ) ;

13 count ++ ;

14 mutex_unlock (& l o c k ) ;

15 }

16

17 in t dequeue ( ) {

18 while ( count == 0 ) ; / / s p i n

19 in t i t em = b u f f e r [ r e a d _ i d x ] ;

20 r e a d _ i d x ++ ;

21 i f ( r e a d _ i d x == N)

22 r e a d _ i d x = 0 ;

23 mutex_ lock (& l o c k ) ;

24 count −−;

25 mutex_unlock (& l o c k ) ;

26 return i t em ;

27 }

Listing B.2: Enqueue and dequeue functions

Obviously, the code in listing B.1 is pathogenic because of the concurrent access

to the shared variable count. On the consumer’s side, a lost update on the count
variable could result in reading the same element twice or skipping one. Respec-

tively, a lost update on the producer’s side could result in overwriting an element.

The code in listing B.2 deals with this problem using a lock to ensure explicit access

on the shared variable count.

Other synchronization mechanisms such as semaphores, atomic operations and

monitors could have been used. However, L. Lamport in his paper Specifying con-
current program modules [19], proved that, under a sequential consistency memory
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model [18] a concurrent, wait-free implementation of the single-producer/ single-

consumer circular bu�er is possible, without using explicit synchronization primi-

tives. A wait-free algorithm is guaranteed to complete after a �nite number of steps,

regardless of the timing behavior of other operations. With minimal modi�cations

to Lamport’s original implementation, it is possible to extend this lemma for other

weaker consistency models. The proof of correctness of these lemmas are out of the

scope of this thesis and will not be discussed further. The reader can study them in

the relative articles [16], [17], [18], [19], [43].
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