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1 Introduction

Large data sets (for example, snapshots of the web or raldiecteoe data) and expensive computations
(molecular simulations, numerical optimization) typlgaéxceed the capabilities of single processor sys-
tems. These problems demand techniques for distributiadod across processors and machines. The
slowing increases of clock speeds [9] and the growing awiitha of multicore processors amplify this
need. Sutter and Larus [10] point out that the difficulty imgdilizing programs stems from the amount
of synchronization required. Synchronization is needeémtiata is shared between tasks in conflicting
access modes, for example, whenever data may be left in andistent state by one thread and read by
another.

However, while some problems require significant coordamatthere is a large class of problems that
require very little coordination and can be parallelizenllfaeasily. Sutter and Larus describe three cat-
egories of parallelism: independent, regular, and unttred. Independent or “embarrassingly parallel”
tasks involve subtasks which are entirely independent df ether. The authors give the example of scalar
multiplication of an array: the array can be safely paniéid among available processors without any syn-
chronization. Regular parallelism is found when tasks @ionsome easily predictable dependencies, for
example, parallel reads or predictable local modificatioha data set. This is found in more complex
array operations such as stencil computations or on welersewhere all threads read from a common
database. In unstructured parallelism, the interactioasnat known in advance. In this case, one must
make use of techniques built around locking or comparesavep operations to protect from inconsistent
states. An appealing method is transactional memory[7 f8¢twrequires bracketing critical sections with
transactions.

In this paper, we examine the MapReduce [4] programmingdigmawhich encompasses a large num-
ber of common tasks that require minimal synchronizatiohe Tasks require the programmer to specify
map andreduce functions. Given these functions, the result of applyingpMaduce to a data sét can be
expressed as

reduce(\,, map(Am, D))

As in functional programmingmnap returns a list of the map functior\{,) applied to all elements in the
list andreduce repeatedly applies its function\() to pairs of elements in its list, eventually returning a
single value. For example, if the map function returned thent of some event in the data and the reduce
function was the addition operator, the MapReduce proeeduuld return the total number of times the
event occurred in the entire data set.

This construct lends itself naturally to parallelism siice map function computation of each element
is necessarily independent. Additionally, the reduce stpbe done incrementally in any order, assuming
a proper reduce function (reduce functions must be commetahd idempotent). Thus, MapReduce can
address problems in the category of regular parallelism.



1.1 Roadmap

Before delving into the details of MapReduce, we will coveme of the other programming paradigms for
parallelism. We will then describe the MapReduce impleraigo and some extensions to the basic model.
Finally, we will mention Hogwash, a simplified implementeatiof MapReduce in Python.

2 Related work

MapReduce is not the first parallel system to propose a neadgan. Each parallel system handles different
sets of problems well with varying amounts of work to adajttparadigm. We examine four systems here,
ordered from most general to most restricted models.

2.1 Message Passing I nterface and Bulk Synchronous Programming

Message Passing Interface [6] and Bulk Synchronous Pragiagn[11] are built on very simple concur-
rency primitives. Essentially, the main primitives allowsoto send messages to other processes and broad-
cast messages to all processes. As these are very genetadnlBSP could be used to implement most
of the other models discussed in this paper. Both systenisdi@enore complex operations built from the
primitives to automate some higher-level tasks. For examipbth support the notion of performing the
same operation in parallel, possibly on portions of an aorayector, and aggregating the results (e.g. by
summing them, applying a reduction operator, etc.). Bopipstt basic synchronization strategies such as
barriers. The main difference between the two models isBB&t has the concept of a superstep — a barrier
indicating the end of a certain phase of the parallel algoritA BSP program consists of a set of supersteps,
where all operations within a superstep should be safelxéeutable in parallel. The MPI model does does
not have this restriction on control flow.

While the generality of these models allows them to do mamgghthat restricted models cannot, their
code is harder to write, maintain, and analyze. Thus, otperaaches limit their model’'s power, sacrificing
generality for usability.

2.2 NESL

Blelloch describes NESL [3], which provides vectors andctional parallel operators over vectors. Like
MPI and BSP, NESL provides a mechanism for quickly aggragatperations on elements of a list. How-
ever, unlike the previous two systems, NESL abstracts almagxplicit communication. NESL appears to
be general enough to incorporate MapReduce, though NESAriehto implement due to its extra power.

2.3 River

As the name implies, River [1] is stream based. Each proceasRiver network has incoming and out-
going streams which connect to other processes. This systetuces a generalized pipeline, where some
processes serve to generate data (by reading it from disl, sbme perform transformations on the data,
and others write the processed data back to disk. While Rveld be used to implement the MapReduce
paradigm, River does not easily allow a scheduler to assigarlaitrary number of machines to the task.
River's contribution is a technique callggdaduated declustering which acknowledges that streams do
not always flow the same rate. If one process is not produgnguch as other input processes (due to a
slow disk, for example), the remaining input processesatiémpt to compensate by taking on more work.



24 BAD-FS

The Batch-Aware Distributed Filesystem (BAD-FS) [2] amcbes the problem from a different angle. It
attempts to optimize performance (which for the tasks erathiare assumed to be 1/0 bound) through
knowledge of the overall batch workload. The goals are tamrize unnecessary data movement while still
providing fault tolerance at a filesystem level. As resul\[BFS uses a simple, easily analyzable model
where the user selects multiple input data sets and a segjoéperations to apply to each of them. In a
sense, this is similar to the map operation. The reduce tipers well as other more complex constructions
are not supported by this model.

3 MapReduce

Dean and Ghemawat present an implementation of MapRediiasdd at Google. Their model is slightly
different than the purely functional model presented initttieoduction. Their map function is required to
operate on key-value pairs, where keys and values are stangd outputs intermediate key-value pairs. The
MapReduce library groups together intermediate key-vphies with the same key, producing a key-value
pair with the same key in the list of all the values. The reduoetion is passed a dictionary with keys and a
list of values with each key. This implementation has themsigle that other data types must be converted
to and from strings.

3.1 Example

The authors provide several motivating examples such &i#bdi®d grep, URL and word counting, reverse
web link graph generation, and distributed sort. Their geeade for obtaining the count of each word is
shown below:

map(String key, String val ue):
/1l key:. docunent nane
[/ val ue: docunent contents
for each word w in val ue:
Emtinternediate(w, "1");

reduce(String key, lterator val ues):
/'l key: a word
/1l values: a list of counts
int result = 0;
for each v in val ues:
result += Parselnt(v);
Emt(AsString(result));

The map function splits the contents of the document intad&and converts each word into a key-value
pair with the word as the key and one as the value. The MapRelihrary groups the keys together and
produces key-value pairs where words are keys and valuds&r®f counts. The reduce function sums
these values and returns the total count of each word. Faongea the results of this process on the first
sentence of this paragraph is shown in Table 1.

IHogwash has a slightly more relaxed restriction that alliavgnts and results must be “pickleable,” Python’s autcrsatiial-
ization system. As almost all objects implement this, tr@gpmmer is generally able ignore these issues.



| Key | Value | Key \ Value | | Key | Value || Key | Value |
The {1} || key-value {1} The 1 key-value| 1
a {1} || map {1} a 1 map 1
and {1, 1} | of {1} and 2 of 1
as {1, 1} || one {1} as 2 one 1
contents | {1} | pair {1} contents 1 pair 1
converts | {1} | splits {1} converts 1 splits 1
document| {1} the {1,1,1,1, % document| 1 the 5
each {1} || value. {1} each 1 value. 1
function {1} || with {1} function 1 with 1
into {1, 1} || word {1,1} into 2 word 2
key {1} || words {1} key 1 words 1
(a) Results after map step and key grouping (b) Results after reduce step

Table 1: Partial and final results of the MapReduce operation

3.2 Implementation

MapReduce follows the master-worker paradigm of job cdntrothis paradigm one machine directs the
rest of the machines (workers) in their computation. Thetaramachine knows the general state of the
computation, i.e. which parts have already been complatddadnich parts are in progress. Google has a
large number of commodity machines which makes this panadeasonable. The computational load for
the master in this case is not high enough to require itsilolision across machines.

As the computation has two phases, the master must firstedaditth step a worker will take part in.
Next, once assignments have been made, the master conragrtasks with reduced tasks. The map tasks
store their intermediate results locally and report thistmn to the master who in turn passes the locations
to reduce tasks. The reduce tasks operate on the intermdiligst first sorting by key to make it easy to
group by key. After processing their input, they append #salts to the master output file, making use of
the atomic append operation in the Google Filesystem[5].

To allow for parallel processing, the input data and thermtaliate data from the map step are divided
into partitions. The programmer specifies the number oftimal reduce partitions. Reduce partitions are
formed by hashing the keys, e.gash(key) mod R. Naturally, if R = 1, we obtain the expected result
from functional programming (a single value) but cannogpalize the reduction task. Thug,is typically
much larger than one, for example 5,000, resultin@ipartial reduction files, each a reduction1gfR of
the input. To obtain a single data file at the end, one can perfm additional reduce task. One gets the
impression that this is typically not done at Google sindenaltely it is desired to have large files (such as
indices) spread across many machines. MapReduce prodheasesfor free.

As is commonly said by Google employees, when working witgdaamounts of machines, failures
are the norm rather than the exception. Thus, MapReduce tolasate unreliable workers. The master
periodically checks in with each worker. If the worker is nesponsive, the master selects new workers to
restart the tasks performed by the failed worker. Finisleedce tasks are stored on the distributed filesystem
(not locally) and do not need to be reexecuted. In evaludtirsg the authors show how the master is quick
to notice failed workers and restart their jobs elsewhete MapReduce implementation assumes that the
master is unlikely to fail, but the authors note that itsestaiuld be checkpointed periodically if this were a
concern.



3.3 Extensions

The others present several interesting extensions to MapiRe which tend to focus on optimizations,
debugging support, and general ease-of-use.

3.3.1 Enhancementsto the Reduce Phase

Several of the refinements work towards adding functionp#iithe reduce phase. For the reduce phase, the
user may specify the function that hashes the keys to detertheir partition . This gives the programmer
control over which keys will be found together in the samepaufile. Additionally, MapReduce guarantees
that the intermediate key-value pairs are processed ieddwrty order, allowing for fast lookups on the
resulting file. Finally, to save network bandwidth (whichr foany tasks involving large data sets is the
scarcest resource) the programmer can specify a combinetida which performs partial reductions of the
keys.

3.3.2 Debugging Support

Since programmers cannot always anticipate how a disétabjath will turn out, it is important to know if
and how things are going wrong. MapReduce installs a sigaadller to each job. If a job is killed by a
signal, MapReduce notes which record was being processkd @itne. MapReduce will retry computation
on that record, but if another failure is detected, the mewifl be skipped. MapReduce also includes a
mode where execution is only done locally to test or refingdbk being developed. The status of a running
MapReduce job can be viewed on a local web server. The webrsaedicates the number of machines in
each phase of the processing as well as which tasks hawe. faile

3.3.3 Input/Output

As data is not always stored on disk as key-value pairs, Mdp&eincludes many readers transform dif-
ferent types of files to and from these pairs. The authors ggveral examples. One reader takes a file and
returns pairs where the key is the offset of a line in the vaube line itself. Another reader accepts web
page access logs. In general, the readers are allowed twpepfeprocessing of the data to make it easier
for the map step to process it.

4 Hogwash

Hogwash stemmed from the desire to express transformatibdata in Python functions and distribute
the computation across the Brown Computer Science depatitrocess distributor (Quahog). While
Hogwash is based on many ideas from MapReduce, there armlsdifterences. The most noticeable
change is the lack of a reduce step. This is because of twongad-irst, we find that the reduce step
is not necessary for the type of tasks that we typically daco8d, since Quahog does not have the same
power as Google’s clustering system, it is much harder tdédmpnt efficiently. Another large change
from MapReduce is that the map function can be any Pythortimcather than specialized C++ classes.
Hogwash map functions can accept any arguments and reeany{r— see footnote 1) any Python object.
In practice, these arguments are often filenames, filenartiesamges of lines, or parameters to a model.

4.1 Dependencies

Hogwash also differs in that it supports dependencies. Ahynjay list other jobs as “parents” which must
be executed before it can be run. The child job may also vieuli® of the parent job and use them as



parameters, if desired. If a job is run which has unfulfilleghendencies, it will attempt to fulfill them itself
if possible. If all unfulfilled dependencies are in progres# any of them encountered errors, the job will
place itself back on the queue.

4.2 Debugging Support

When using Quahog directly, the author saw firsthand howcdiffit was to debug distributed programs.
As a result, Hogwash takes several steps to provide statisl@nugging information. Since distributed
programs are run with no terminal, Hogwash captures thaiiridstrd out standard error streams and redirects
the streams to a log file. Additionally, if the program throsrs exception during its operation, Hogwash
prints the stack trace to the log file and saves the excepti@rasult of the job. Finally, disruptive signals
are caught and converted into exceptions and then raisddngnase of the exception handler. When this
happens, a job is notified that it should clean up and exit. rAgl@apReduce, jobs may be run locally for
testing or selecting dedicated cycle machines. In facers¢users do not use the Quahog process distributor
mode at all and simply use Hogwash as a means of performinyad s on specific high-performance
machines.

4.3 |Implementation

We define a “session” as a map function, a list of argumentsitanstate of the computation (partial results,
jobs in progress, etc.). Each argument becomes a humbdrdth@number being its index in the list of
arguments). A session is implemented as a directory on cliskaining subdirectories for job result and log
files as well as files for job status and global state. Jobs exane of four states: queued, started, finished
(completed successfully), and error (threw an exceptigaxicar operation is available to wipe out the
results of a finished or error job, allowing it to be reexedut€ertain exceptions, for example the response
to the signal Quahog sends jobs when it needs to kill thenonaatically clear jobs and return them to the
queue. This exception can also be raised by the user whichsefal way of stating that the job cannot be
run on a specific machine. In the past, when some machines R8diéunting errors, this technique was
used to retry jobs on different machines.

Hogwash contains Session and Job objects to allow the upsrsgoammatically create sessions, inspect
their state, or extend the model. These objects store tiagje persistently on disk in the session’s directory.
Job state is stored in a single shared file which is “tailedtajyus programs. Jobs append entries to this file
using NFS file locks and exponential back off. In practicereif 200 jobs are active, the average wait time
to append it is reasonable.

To make Hogwash easier to use for non-Python users and leetteare are a number of frequent tasks
one might want to perform on a session, Hogwash includes lacdiled Sty. Sty provides status infor-
mation, statistics, and visualization of the results ofjoli also includes facilities for basic job querying,
where gueries are Python expressions that can make use afjoiments, results, durations, dependencies,
and state.

For users who do not want to use Python and merely desire tmixshell commands in a distributed
fashion, there is a small program calléldgr at e. M gr at e creates a Hogwash session where the function
is effectivelyos. syst em(a function that runs its argument in a subshell and retura®xkit code) and the
arguments are a list of the commands desired, specified bich file.

2Jobs that require significant amounts of memory or commrtatine should be run locally since there is less chance tiegt t
will be scheduled on a machine with insufficient memory oeinipted by another user.



def we(filenane):

| i nes, words, chars =0, 0, O

f =file(filenanme, 'r’)

for line in f:
line = line[:-1] # renpve new i ne
lines += 1
words += len(line.split())
chars += len(line)

return |ines, words, chars

# this next line is true when the script is run fromthe command |ine
if name_ =="_ mmin__":

i nport sys, os

from Hogwash i nmport Session

filenames = [os. path.abspath(f) for f in sys.argv[1:]]

# nodul e func argunments session name

s = Session(’ wordcount’, ’

we', filenanes, nanme="hogcount’)

Figure 1: File:.wor dcount . py, a simple Hogwash script

4.4 Example: Word Count

In Figure 1, we see the source code for a simple distributed waunt application. The file is both the map
function fvc) and the setup code (executed whar dcount . py is run by Python). It accepts a list of
filenames, fully qualifies each path, and creates a sessienewh is the map function and the filenames
are arguments. Once created, the session can be contrdtled tlve Sty shell.

5 Conclusion

MapReduce provides a restrictive programming environméith allows for a variety of tasks to be easily
computed in parallel. It allows for simple parallel itematiover data (the map step) and parallel aggregation
of results (to reduce step). Steps need to be taken to préaidietolerance and load (CPU and network
bandwidth) balancing. Since this restricted environments itself so well to parallelism, it is worth in-
vestigating other restricted paradigms which may be monegg or handle some cases that MapReduce
misses. Given that parallelism is difficult to reason absimpler solutions may result in more stable code.
Of course, these systems can only work on some of the simlplesas of parallelism and other attempts at
automatic parallelization are still important.
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