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Einführung
Multicore Crisis

Clock Speed der Prozessoren steigt nicht mehr wesentlich

Aber: Zahl der Prozessorkerne steigt stetig

Nicht-parallele Software profitiert nicht von neuer Hardware

“Software has to double the amount of parallelism that it can
support every two years.” – Shekhar Y. Borkar (Intel)
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Einführung
Multithreading & Shared Memory

In multithreaded Anwendungen muss ...
1 jedes Objekt (im Shared Memory ) thread safe sein
2 jede Operationen auf einem stateful object synchronisiert werden

Die Verantwortung liegt beim Entwickler; Fehler führen u.A. zu:

Race Conditions

Deadlocks

Lifelocks
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Einführung
Multithreading & Shared Memory

Multithreaded Anwendungen mit Shared Memory sind:
schwer zu schreiben und zu durchschauen
selbst durch systematisches testen nicht verifizierbar

Selbst scheinbar sichere Codeteile können zu Deadlocks oder
Speicherverletzungen führen

“Mutable stateful objects are the new spaghetti code” – Rich Hickey
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Einführung
Multithreading & Shared Memory – Beispiel 1

class Subject {
private int value; private List<Listener> listeners = ...;
public interface Listener {

public void stateChanged(int newValue);
}
public synchronized void addListener(Listener listener) {

listeners.add(listener);
}
public synchronized void setValue(int newValue) {

value = newValue;
for (Listener l : listeners) {

l.stateChanged(newValue);
}

}
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Einführung
Multithreading & Shared Memory – Beispiel 1

class FooBar {
private Subject s;
public FooBar(Subject s) { this.s= s; }
public synchronized void bar() { /* unwichtig */ }
public synchronized void foo() {

...
s.addListener(...);
...

}
}
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Einführung
Multithreading & Shared Memory – Beispiel 1

Thread1 Thread2

FooBar
fb

Subject
s
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public void stateChanged(int value) 
{
...
fb.bar();
...
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Einführung
Multithreading & Shared Memory – Beispiel 1
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Einführung
Multithreading & Shared Memory – Beispiel 2

Quellcode:

Singleton* Singleton::instance() {
// 1st test
if (pInstance == 0) {

Lock lock;
// 2nd test
if (pInstance == 0) {

pInstance = new Singleton;
}

}
return pInstance;

}

Problem:

pInstance = new Singleton:

1 Speicher allokieren
2 Konstruktor ausführen
3 Adresse pInstance zuweisen

Ein Fehler tritt auf, wenn:

Compiler 3. vor 2. setzt

Ein Thread pInstance
dereferenziert, obwohl noch
nicht initialisiert

Übernommen aus “C++ and the Perils of Double-Checked Locking” (Meyers & Alexandrescu, 2004)
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Related Works
Das Aktormodell

Aktoren ...

arbeiten parallel

teilen sich keinen gemeinsamen Speicher

kommunizieren über asynchrone Nachrichten

können zur Laufzeit weitere Aktoren erschaffen
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Related Works
Das Aktormodell

Die Referenzimplementierung eines Aktormodells ist Erlang:

Namensdienst für Aktoren

Kein Shared Memory

Supervision Tree

Pattern Matching auf einkommende Nachrichten
Aktoren können auf beliebigen Nodes gestartet werden
⇒ “global” verteilte Anwendung

Dominik Charousset (HAW Hamburg) Verteilte Anwendungen 2009-06-25 12 / 24



Related Works
Clojure – (Software) Transitional Memory (STM)

Zugriffe in den Speicher sind Transaktionen

Schreib- und Leseoperationen sind atomar und “all or nothing”

Keine Race Conditions möglich

Keine Locks!

Leser blockieren keine Schreiber & vice versa

Bei Clojure fest in Sprache integriert

Der Clojure STM ist eine snapshot MVCC
(MVCC = Multiversion Concurrency Control)
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Related Works
Clojure – Agenten

Agenten arbeiten parallel (reactive)

Haben einen abfragbaren Zustand
Nachrichten sind Funktionen, die der Agent ausführen soll
⇒ (send agent fn args*)

Agenten sind (asynchrone) Funktionen ihres Zustandes
⇒ state = fn(state)
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Related Works
Join-Calculus (am Beispiel von JoCaml)

1: def fruit(f) & cake(c) = print_endline (fˆ“ ”ˆc) ; 0
val fruit : string Join.chan = <abstr>
val cake : string Join.chan = <abstr>

2: spawn fruit(“apple”) & cake(“pie”)

3: spawn fruit “apple” & fruit “lime” & cake “pie” & cake “torte”

Join-Calculus stammt aus der Familie der π-Calculi

Mathematisches Modell für Prozesse

Im Beispiel:
1 Definition der (async) Channel und ihres gemeinsamen verhaltens
2 Gibt “apple pie” aus
3 Gibt “apple pie” & “lime torte” oder “apple torte” & “lime pie” aus
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Related Works
MapReduce ( c© Google)

for a rewrite of our production indexing system. Sec-
tion 7 discusses related and future work.

2 Programming Model

The computation takes a set of input key/value pairs, and
produces a set of output key/value pairs. The user of
the MapReduce library expresses the computation as two
functions: Map and Reduce.
Map, written by the user, takes an input pair and pro-
duces a set of intermediate key/value pairs. The MapRe-
duce library groups together all intermediate values asso-
ciated with the same intermediate key I and passes them
to the Reduce function.
The Reduce function, also written by the user, accepts
an intermediate key I and a set of values for that key. It
merges together these values to form a possibly smaller
set of values. Typically just zero or one output value is
produced per Reduce invocation. The intermediate val-
ues are supplied to the user’s reduce function via an iter-
ator. This allows us to handle lists of values that are too
large to fit in memory.

2.1 Example
Consider the problem of counting the number of oc-
currences of each word in a large collection of docu-
ments. The user would write code similar to the follow-
ing pseudo-code:

map(String key, String value):
// key: document name
// value: document contents
for each word w in value:
EmitIntermediate(w, "1");

reduce(String key, Iterator values):
// key: a word
// values: a list of counts
int result = 0;
for each v in values:
result += ParseInt(v);

Emit(AsString(result));

The map function emits each word plus an associated
count of occurrences (just ‘1’ in this simple example).
The reduce function sums together all counts emitted
for a particular word.
In addition, the user writes code to fill in a mapreduce
specification object with the names of the input and out-
put files, and optional tuning parameters. The user then
invokes the MapReduce function, passing it the specifi-
cation object. The user’s code is linked together with the
MapReduce library (implemented in C++). Appendix A
contains the full program text for this example.

2.2 Types

Even though the previous pseudo-code is written in terms
of string inputs and outputs, conceptually the map and
reduce functions supplied by the user have associated
types:
map (k1,v1) → list(k2,v2)
reduce (k2,list(v2)) → list(v2)

I.e., the input keys and values are drawn from a different
domain than the output keys and values. Furthermore,
the intermediate keys and values are from the same do-
main as the output keys and values.
Our C++ implementation passes strings to and from
the user-defined functions and leaves it to the user code
to convert between strings and appropriate types.

2.3 More Examples

Here are a few simple examples of interesting programs
that can be easily expressed as MapReduce computa-
tions.

Distributed Grep: The map function emits a line if it
matches a supplied pattern. The reduce function is an
identity function that just copies the supplied intermedi-
ate data to the output.

Count of URL Access Frequency: The map func-
tion processes logs of web page requests and outputs
〈URL,1〉. The reduce function adds together all values
for the same URL and emits a 〈URL,total count〉
pair.

Reverse Web-Link Graph: The map function outputs
〈target,source〉 pairs for each link to a target
URL found in a page named source. The reduce
function concatenates the list of all source URLs as-
sociated with a given target URL and emits the pair:
〈target, list(source)〉

Term-Vector per Host: A term vector summarizes the
most important words that occur in a document or a set
of documents as a list of 〈word, frequency〉 pairs. The
map function emits a 〈hostname,term vector〉
pair for each input document (where the hostname is
extracted from the URL of the document). The re-
duce function is passed all per-document term vectors
for a given host. It adds these term vectors together,
throwing away infrequent terms, and then emits a final
〈hostname,term vector〉 pair.

To appear in OSDI 2004 2

for a rewrite of our production indexing system. Sec-
tion 7 discusses related and future work.

2 Programming Model

The computation takes a set of input key/value pairs, and
produces a set of output key/value pairs. The user of
the MapReduce library expresses the computation as two
functions: Map and Reduce.
Map, written by the user, takes an input pair and pro-
duces a set of intermediate key/value pairs. The MapRe-
duce library groups together all intermediate values asso-
ciated with the same intermediate key I and passes them
to the Reduce function.
The Reduce function, also written by the user, accepts
an intermediate key I and a set of values for that key. It
merges together these values to form a possibly smaller
set of values. Typically just zero or one output value is
produced per Reduce invocation. The intermediate val-
ues are supplied to the user’s reduce function via an iter-
ator. This allows us to handle lists of values that are too
large to fit in memory.

2.1 Example
Consider the problem of counting the number of oc-
currences of each word in a large collection of docu-
ments. The user would write code similar to the follow-
ing pseudo-code:

map(String key, String value):
// key: document name
// value: document contents
for each word w in value:
EmitIntermediate(w, "1");

reduce(String key, Iterator values):
// key: a word
// values: a list of counts
int result = 0;
for each v in values:
result += ParseInt(v);

Emit(AsString(result));

The map function emits each word plus an associated
count of occurrences (just ‘1’ in this simple example).
The reduce function sums together all counts emitted
for a particular word.
In addition, the user writes code to fill in a mapreduce
specification object with the names of the input and out-
put files, and optional tuning parameters. The user then
invokes the MapReduce function, passing it the specifi-
cation object. The user’s code is linked together with the
MapReduce library (implemented in C++). Appendix A
contains the full program text for this example.

2.2 Types

Even though the previous pseudo-code is written in terms
of string inputs and outputs, conceptually the map and
reduce functions supplied by the user have associated
types:
map (k1,v1) → list(k2,v2)
reduce (k2,list(v2)) → list(v2)

I.e., the input keys and values are drawn from a different
domain than the output keys and values. Furthermore,
the intermediate keys and values are from the same do-
main as the output keys and values.
Our C++ implementation passes strings to and from
the user-defined functions and leaves it to the user code
to convert between strings and appropriate types.

2.3 More Examples

Here are a few simple examples of interesting programs
that can be easily expressed as MapReduce computa-
tions.

Distributed Grep: The map function emits a line if it
matches a supplied pattern. The reduce function is an
identity function that just copies the supplied intermedi-
ate data to the output.

Count of URL Access Frequency: The map func-
tion processes logs of web page requests and outputs
〈URL,1〉. The reduce function adds together all values
for the same URL and emits a 〈URL,total count〉
pair.

Reverse Web-Link Graph: The map function outputs
〈target,source〉 pairs for each link to a target
URL found in a page named source. The reduce
function concatenates the list of all source URLs as-
sociated with a given target URL and emits the pair:
〈target, list(source)〉

Term-Vector per Host: A term vector summarizes the
most important words that occur in a document or a set
of documents as a list of 〈word, frequency〉 pairs. The
map function emits a 〈hostname,term vector〉
pair for each input document (where the hostname is
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To appear in OSDI 2004 2

Gedacht für Operationen auf großen Datenmengen in Clustern
Framework verteilt automatisch Aufgaben an die Worker im Cluster
Verfahren besteht aus zwei Funktionen:

map erzeugt Zwischenresultate als key/value pairs
reduce reduziert Zwischenresultate bis hin zum “Endergebnis”

Code aus “MapReduce: simplified data processing on large clusters” (Dean & Ghemawat, 2008)
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Related Works
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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

Graphik aus “MapReduce: simplified data processing on large clusters” (Dean & Ghemawat, 2008)
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Verteilte Anwendungen

Schwerpunkt auf Aktoren

Implementierung eines (Erlang-like) Aktormodells
als Bibliothek in C++
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Related Projects
Scala

Hybridsprache (Funktional + OO)
Läuft auf der JVM und ist voll kompatibel zu Java
⇒ wie Clojure (aber Clojure ist rein funktional)

Implementiert ein Aktormodell (seit Version 2.1.7)

Stark an Erlang angelehnt
Und: Scala hat ebenfalls Pattern Matching

Prinzipiell Shared Memory Zugriffe zwischen Aktoren möglich
⇒ aber durch den funkt. Stil von Scala verpöhnt
⇒ Scala arbeitet in erster Linie mit immutable Objekten
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Related Projects
Kilim

Framework für Java
Bytecode-Postcompiler

wertet Kilim-eigene Annotations aus
statische Analyse der Aktoren auf Isolation
modifiziert Nachrichtentypen

Keine Shared Memory Zugriffe zwischen Aktoren erlaubt

Kein Mapping von Aktoren auf native Threads (CPS transformation)

Keine beliebigen Java-Objekte als Nachrichten

Aktuelle Version: 0.6
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Related Projects
Retlang

Framework für C#

Aktoren sind sog. “Fiber”
Kommunikation über getypte Channel

Fiber werden mit “Callback” am Channel angemeldet
Callback wird im Kontext des Fibers ausgeführt

Aktuelle Version: 0.4.2
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Zusammenfassung

Verteilte Anwendungen brauchen Infrastruktur

Es gibt nicht die Lösung / Architektur für verteilte Anwendungen

Jedes Modell hat Stärken und Schwächen

Das Aktormodell wurde als Projektthema gewählt, da es ...
einfach und intuitiv zu verstehen ist
Verteilung über Netzwerke sehr einfach macht
(fast) beliebig skaliert

“Use the right tool for the right job!”
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Verteilte Anwendungen

Vielen Dank für Ihre Aufmerksamkeit!

Fragen?
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