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Abstract a diverse application base, spanning data-warehousitey, da
MapReduce has emerged as a popular programming model forMining/analytics[24], and scientific computing. Widesgte
large-scale distributed computing. Its framework enferstrict use of these systems is motivated by their support for scal-

synchronization between successimp andr educe phases and  able distributed applications without burdening devetspe
limited data-sharing within a phase. Use of key-value baser with node-level scheduling, load-balancing, and fauletol
sistent storage with MapReduce presents intriguing oppdits ance.
and challenges. These challenges relate primarily to séemian Integration of current key-value based storage and key-
consistencies arising frgm the .dif'ferent fault-tolerammnisms value based distributed execution engines presents signifi
employed by the execution environment and the underlyingge cant opportunities and challenges. These challenges telat
medium. We define formal transactional semantics for MapRed definition of suitable semantics, efficient implementagion
over reliable key-value stores. With minimal performaneerbead T - S - .
and no increase in program complexity, our solutions sugpoad apd application |ntggrat|on. Effect!ve integration altodis- .
classes of distributed applications hitherto infeasibleMapRe- tributed Coarsefgra'ned computations to have a Shar?d view
duce. of the data being processed by other tasks, enabling de-

Specifically, this paper (i) motivates the use of key-valizzes pendency tracking, pipelining, and speculative paraifeli
as the underlying storage for MapReduce, (ii) defines tmnsa 1hiS broadens the scope of MapReduce applications beyond
tional semantics for MapReduce to address any inconsistenc trad't"_)nal data-parallel computations. Furthermom’cs'
(iii) demonstrates broader application scope enabled by stzar- many important data processing applications span long dura
ing within and across jobs, and (iv) presents a detaileduatiain tions, leveraging the fault-tolerance capabilities of shar-
demonstrating the low overhead of our proposed semantics. age infrastructure to store intermediate results potinaé

fers significant savings in re-computations.
1. Introduction The disparate fault—to.lerance m_echa_misms.adgpted by
the storage system (which are primarily replication and

The need to support diverse distributed data processing apyecovery-based) and the execution engine (which rely on de-
plications, combined with rapid advances in inexpensive tarministic replay of coarse-grained computations) prese
commodity storage and networking solutions, motivatetech iachnical challenges for effective integration. We iniggste
niques and infrastructure for effective and reliable maag inese challenges in the context of MapRededoop im-
ment of large volumes of data. On the storage side, systems,|ementation) for the distributed execution environment a
such as Bigtable [3], Dynambl[7], and Cassandra [17] offer gjgiaple (Base implementation) as the distributed storage
reliable, efficient and scalable storage for clients rengir  infrastructure. Our results, though, are more general gad a
key-value access. These systems are primarily dif‘ferenti-|0|y to other systems as well. We specifically examine the
ated by their consistency guarantees and the API. Open-semantics of when and how the results of a computation
source implementations of Bigtabléase E) and Cas-  (map), as reflected in changes to the global store, should be
sandra] have been deployed on commodity hardware at made visible to other computations. Of particular concern
data-centers and in cloud computing environments, provid- s the effect of failures of compute and storage nodes on

ing terabytes of fault-tolerant storage to diverse appbea.  performance of protocols for proposed semantics. The se-
On the compute side, effectively processing large datasetsmantics should support application optimizations and high
requires scalable and fault-tolerant distributed executin- performance within the context of current systems.

vironments. MapReducél[6] — its open source implemen- 1o address this important problem, we propose transac-
tation Hadoop H, Dryad [12], and All-Pairs[[21], among  tjonal execution of computationsngps/r educes). The

others, address these needs to varying degrees. They 5UPPOfesults of one computation (writes to the global key-value
store) become atomically visible to other computations and
to other concurrent jobs (only) upon successful comple-
tion of the computation. This allows data sharing across

1HBase. http://hadoop.apache.org/hbase
2Cassandra Project. http://incubator.apache.org/cdssan
3Hadoop. http://hadoop.apache.org



maps/r educes, speculative parallelism for computations HDFS, and provides several useful features, including trans-
with potential dependencies, and several other performanc actional commits to multiple rows. Our proposed develop-
optimizations. We propose robust protocols and implemen- ment builds orHBase to store key-value pairs operated on
tations for these semantics, that introduce minimal ovetthe by MapReduce.

while being resilient to failures. We support our claims of
performance and enhanced application scope in the con-
text of a variety of applications — maximum flow, classi-
fication, minimum spanning tree, and online aggregation.
All of these computations involve dynamic data dependen-
cies across computations, making them ill-suited to conven
tional MapReduce environments. By storing results from
completed computations in persistent storage, our prbtoco

also reduces overheads associated with replay, in the even o . : .
play each pair in the list. The output of theap phase is a list

of a failure. f k d thei iated value lists<—k lue :
In Sectiorf®, we present necessary background on MapRe9 €ys an eIr assoclaled value Asisskey, va ue

duce and Bigtable, and motivate the need for their integra- lzﬁt = l}f‘ia ri;err;d (th as.'n;etrT(ed';:? Qatta. Trfggdm:cg .
tion, along with associated technical considerationsda-S phase of the Mapireduce Job takes this intermediate data as

tion[d, we identify desired attributes of a failure-transga Input, and applies a_nother programme_r-spemﬁed(uce)
model and transactional execution engine, and use these téunc_tlon on each pair of key and value list. The MapRepluce
highlight the specific contributions of our work. Sectidn 4 runtime supports fault—t_olerance through a determinigtic
describes (i) proposed semantics for the global store andplay mechanism, described below.

distributed computations operating on the store, (ii) di ef |_|a:jn the opien s]:allf'rlcjzishmplemengatmg of M:;]\pReduce -
cient protocol implementing our semantics, and (iii) hoe th oop on top 0 » TBp andr equce phases are

protocol can be realized within MapReduce, operating on split into multiple tasks operating on parts of the inputfwi

Bigtable. Sectiol]5 demonstrates the enhanced applicationeaCh task executing on a separate node. When a node fails,

scope enabled by our transactional semantics using adiversfﬁ? cor:esi:)o?dmgttaskks_are rf—((;)iecult;ad 03 atnothder nc;de.
set of illustrations, including modified WordCount, semi- € outpu Iot_map f"’;ﬁ S 1S sr?r € tﬁca é’ an ts cl)(re ’ ﬁm
supervised classification in support vector machines, Boru upon compietion of themp phase, the educe 1asks pu

vka's Minimum Spanning Tree algorithm, Maximum flow the daf[a that they are supposed to operatg on from the corre-
calculation using the Push-Relabel algorithm, and applica spondingmap tasks. The educe phase waits for the com-

tions requiring online aggregation. Computations assedia pletion of themap phase since all the values corresponding

with these applications involve dynamic data dependencies :.O each key are needed by the correspondieguce func-
which can not be trivially specified within the traditional 1on.

MapReduce framework. We conclude by putting our contri- The rigid semantics of MapRedl_Jce_are we_ll-suited to reg-
butions in the context of related work in Sect@n 6. ularly structured data-parallel applications, since tti@yot

allow data-sharing across computations within, or across
2. Background and Motivation jobs. MapReduce does not naturally support task-parallel

jobs, jobs exploiting optimistic parallelism (through spe
In this section, we provide the systems context for our pro- yjative parallel execution)[14, 25], jobs with data depen-
posed methods and motivate the usage of key-value base@encies[[2D], jobs that build a model over iterations on the
storage for MapReduce using illustrative examples. We also ggme input]26], jobs leveraging pipelining-based workfiow
discuss inconsistencies arising from naive integraticsuof such as online aggregaticetc. To broaden the scope of the
rent key-value stores and compute engines, and describe popapReduce framework, many system level modifications,
tential solutions. such as inherent pipelining and extreme checkpointing, sim
Key-Value Storage: Bigtable Bigtable [3] is a scalable ilar to those discussed in the recéapReduce Onlinpro-
storage system for sparse, semi-structured data builtpn to PoSal [3], are being investigated. Dryad|[12] achieves some
of GFS [8]. Data is indexed by row, column and timestamp. of this generahty by mgorpora‘ung extra f_eatures andlinte
Columns are grouped together into column families, and 9ence into the underlying execution environment. However,
data items corresponding to a single column family are this is nota general-purpose solution since applicatidtts w
stored together, since they are likely to be accessed to-diverse data-flow characteristics necessitate modificatio
gether. Keys (rows) are distributed across storage nodes!he execution environment, which is hard to provide.

Fault-tolerance is delegated to the underlying file system, Application Scope One way to allow data-sharing in the

GFS, which replicates each block. In case of a failure, a \japReduce framework without compromising fault-toleranc
new replica is created from other known replicas. The open

source implementation of BigtabldBase, is built on top of 4Hadoop Distributed File System. http://hadoop.apaciéhdfs

Key-Value Processing: MapReduceDean and Ghemawat
proposed MapRedude [6] to facilitate development of highly
scalable, fault-tolerant, large-scale distributed aggions.
The MapReduce runtime system divests programmers of
low-level details of scheduling, load balancing, and falk
erance. Themap phase of a MapReduce job takes as input
a list of key-value pairsg key, value >: list, and applies

f programmer-specifieamgp) function, independently, on




or significantly altering the programming interface is te al counts, one can compute frequencies of words in an online
low applications to operate directly on a (persistent) key- fashion. Such online aggregation (asynchronoeduce)
value store, making all the writes immediately visible tb al is enabled by the fact that the persistent store makes data

subsequent computations with well-defined semantics. visible as soon as it is computed.
Pingali and Kulkarnil[1K] recently introduced the notion
public void map(key, value, context) { of amorphous data parallelism in irregular applicatiortdsT
StringTokeni zer itr = , form of parallelism is manifested in parallel computations
il ?E: ??Tﬁgg%fz;g@g?) ) O{St ring()): which most of the operations can occur in parallel; however,
wor d. set (i tr. nextToken()); a few of the operations conflict with others. As an exam-
} context.write(word, one); ple, if we define an operation to be acting on a node and
' ' its neighbours in a graph, operations on non-neighbor nodes
publ 1 ¢ vol d [)f’duce(key' val ues, context){ can execute in parallel, while those on the neighbors need to
for (IntWitable val : val ues) be serialized. Interestingly, in many graph algorithmgada
Feoul t fe;’?'su%et 0 dependencies cannot be detected statically as the neghbor
context.write(key, result); of a node change dynamically. Hence, these dependencies

! must be tracked and resolved dynamically at runtime. Opti-

mistic parallel execution allows exploitation of amorpkou
data parallelism, by speculatively executing concurrgnt o
erations and rolling back if the runtime detects a conflict.
The technical challenge of efficiently accomplishing thms i

Figure 1. WordCount implementation frofdadoop src

public void map(key, value, context) {

StringTokenizer itr = a distributed environment forms the focus of this paper. Us-
new StringTokeni zer (val ue. toString()); ing shared-persistent storage facilitates such applicati
while (itr.hasMoreTokens()) { since concurrent operationsgp andr educe functions)
outTabl e. i ncr ement Col urmval ue( can transparently operate on shared data-structures.eFhe d
Byt es. toBytes(itr. nextToken()), . . . .
fanily, sired semantics of such concurrent manipulations are not
qualifier, 1, true); completely defined for MapReduce programs. These seman-
} I tics must support broad classes of applications, while ad-
mitting efficient implementations within the programming
Figure 2. WordCount implementation usirtdBase framework.

An example of how such an infrastructure could be used
Consider anillustrative application adapted from the-orig s Boruvka’s algorithm for finding the minimal spanning tree
inal wordcount example.[6] to compute themost frequent  of a graph[[Z2]. In the sequential version of the algorithm,
words in a large corpus. A simple implementation would cre- each iteration (on different nodes) coalesces a node and its
ate two jobs — a WordCount MapReduce job to compute closest neighbor. Storing the graph as an adjacency matrix
the word-counts, and another job to find thmost frequent in a key-value store allows execution of these iteratioms co
words from the word-counts. The implementation of Word- currently ¢rap phase). However, two iterations might in-
CountinHadoop source is shown in Figufé 1. The inputto volve conflicting operations (two nodes may attempt coa-
themap function is a line (or block) of text. For each word  |escing with the same node) and may need to be serialized.
in the line, themap function emits the word and the number |n this paper, we propose novel transactional semantics for
1. Ther educe function receives a word and a list of counts MapReduce over key-va|ue Storage to resolve such conflicts

(I's in this case), which it sums up and computes the total and to enable broad classes of applications hitherto isacce
number of occurrences of each word. For a large corpus, thesjble within current MapReduce frameworks.

WordCount job, and theap phase in particular, might take

a long time to execute. Other jobs that rely on this output

(eg.,that finds thek most-frequent words) must wait until  Inconsistencies Naively accessing a global key-value store

the entire WordCount application completes. from within amap or r educe function potentially leads to
Consider an alternate implementation of WordCount inconsistencies —

shown in FigurdR. For every word theap function en-

counters, a corresponding counter is incrementétBas e Failures MapReduce implements fault-tolerance through

(persistent storage), and the updated count is instarghy vi deterministic-replay. Arap/r educe task is re-executed

ible to other applications. Even if the WordCount job runs with the same input if the original task fails. Such replay

for a long time, the partial counts and frequencies for the  does not roll back any side-effects of the failed execution

corpus parsed thus far can be made visible. Interestiriggy, t of the task, and can thus result in inconsistencies arising

implementation does not requirer @duce function, since from writes to persistent storage from partially completed

the aggregation is done implicitly bjiBase. Using these (and replayediraps.



that benefit from intermediate checkpointing (e.g., multi-
stage MapReduce jobs as found in Pid [23]) and applications
Execution 1: _& where intermediate data also contains valuable informatio

INPUT: The quick brown fox jumps over a lazy dog.

The Quick Brown Fox

1 1 1 1 3. Contributions
This paper makes the following specific contributions:

Execution 2:

The | Quick Brown Fox Jumps | Over A | lazy | Dog ¢ |t defines transactional semantics for MapReduce com-

I e putations operating on a global key-value store. The pro-

posed semantics ensure atomic, isolated execution of the
computations in a failure-transparent manner.

Figure 3. A sample execution ofrap function of WordCount ) ) ] ]
from Figure® e |t provides the design and implementation of a protocol

that implements proposed semantics, through the use of

. o . o . global and computation-collocated stores.
Conflicts Optimistic parallel execution of applications with

dependencies might lead to conflicting concurrent opera-
tions compromising isolation and serializability. |sddat

is violated when a computation’s commit to the global
store is only partially withessed by another computation’s
reads.

¢ It demonstrates enhanced application scope of the ex-
tended semantics using four sample applications — max-
imum flow, minimum spanning tree, classification, and
online aggregation. Data-sharing and resolution of run-
time dependencies in these applications is enabled by
our proposed semantics. In each case, it shows signifi-
Figure[3 demonstrates the inconsistencies due to failures  cant performance improvements (speedups) on commer-
that might arise in our modified implementation of Word- cial cloud environments.
Count described earlier. Theap function takes as input
a line, [, denoted as input in the Figure. Executibrtor-
responds to an execution of tm@ap task whose first line
is [, which crashes during the execution of awap func-
tion. In this execution, theap function parses the words — .
t he- qui ck- br own- f ox, and crashes while parsing the 4. Semantics
next word. The word-counts corresponding to these words In this section, we define the semantics of a Global Store
are updated in theBas e table as shown in the figure. These (GS) and a computation unit (CU), along with a protocol de-
updates are made persistent, and the only way to roll-back isscribing their interactions. A computation unit is a sequeen
to revert to old values (or delete). Since MapReduce em- of operations executed transactionally. In MapReduce, the
ploys a deterministic-replay for failure recovery, thap map andr educe functions are abstracted as computation
task is re-executed, say executitywhich finishes success-  units. We represent MapReduce using this protocol so that
fully. During the re-execution, themp function increments  the computation and storage layers are aware of each other’s
the word-counts of previously encountered words again, re- fault-tolerance mechanisms. Both storage and computation
sulting in the incorrect counts, shown in the second table in are assumed to be distributed, and span multiple nodes. A
the Figure. node refers to a set of resources — a processor, local mem-
The source of this inconsistency lies in the different fault ~ ory, and local disk space.
tolerance mechanisms employed at the computation and
storage layers. Each computation must be executed atom#-1 Global Store
ically to prevent such inconsistencies. In case of optimist The Global Store (GS) is a set of global mappings of keys
parallel execution (as in Boruvka’s), all but one of the con- to values. This mapping is stored in a distributed fashion on
flicting operations must be rolled back and re-executed to multiple nodes. The keys are distributed across nodes and
guarantee isolation and serializability. all accesses to a key are directed to the associated node. The
This paper defines transactional semantics for MapRe- underlying file system, on top of which the store is built,
duce over global key-value stores to ensure atomic, ishlate provides reliability and persistence.
serializable execution of computations. Such semantics al  The proposed semantics of the GS formalize operations
low applications to exploit parallelism (even in cases with supported by Bigtable and its open-source versiBase.
data dependencies) through data-sharing over the globalThey can be extended to any key-value store based on the
store. The paper discusses our implementation of these seeonsistency guarantees they offer. As described in Chang
mantics in the context afladoop operating oveHBase. et.al. [3], Bigtable is a sparse, distributed, persistent multi-
Furthermore, our approach inherently makes intermediatedimensional sorted map. The map is indexed by a row key,
data persistent, which is desirable for long-lived appides column key, and a timestamp; each value in the map is an

¢ It demonstrates that the overhead of the proposed inte-
grated system for traditional workloads (those with no
dependencies, supported by MapReduce) is minimal.



uninterpreted array of bytes. The timestamp can be inter-
preted as an update counter that monotonically increases
on each write to the value in that row and column. We use
the term update-counter instead of timestamp, since the no-
tion of time has other connotations in distributed systems.
The mapping for a GS is given bynapping = {(row :

col : update — counter,value)}. For a write request to
the GS with an unspecified update-counter, the value is ap-
pended with an update-counter higher than the highest ex-
isting update-counter in the GS. One can scan all the val-
ues associated with a given row:col pair with monotonically
increasing update-counters. Similarly in a read requést, i
the update-counter is not specifi¢tBas e returns the value
with the highest update-counter. For the sake of simplicity

erwise, the value present in CS is returned (to provide
read-after-write consistency). This technique is usually
referred to as optimistic-reads in software transactional
memory (STM) literature.

write(Row:Col, value)A write request is always fulfilled

by the Computation Store. If a read on the same key is
performed before the write, then the CS would have a
copy of it, which gets updated by this write; otherwise, a
new copy is created in the CS. GS is never immediately
accessed in a write request. All updated key-values in the
CS form its write-list. This technique is generally termed
write-buffering in STM literature.

The validation, atomic commit, and fault-tolerance of this

in this paper, we assume that the key for read/write access tdransaction clearly depend on the physical placement of the
GS is of the form row:column (without the update-counter). Computation Store. There are two design choices here. The
Note that the terms GS amiBase are used interchangeably Computation Store can reside on the same node on which

in this paper.

CU executes (client-side buffering) or it may reside on the

The following consistency guarantees are provided by the nodes hosting the GS (server-side buffering).

current version oHBase. The global store supports atomic
commits on single-row operations, by acquiring a lock on

the row. This can be used to perform atomic read-modify-

Each region, potentially hosted at a different node, in
HBase spans a set of rows. In server-side buffering of CS,
the read/write lists of the CU corresponding to a row are

write sequences on the data stored under a single row keyplaced at the node containing its corresponding regiomeSin

Building on this atomic row commit, the global store also
allows a transactional commit on multiple rows, using a two-
phase commit protocol[1] to lock and atomically update
each row.

4.2 Computation Unit
A Computation Unit(CU)is an abstraction of a sequence

all read/write lists of concurrent transactions are preaén

the same node, they can be validated against each other
to detect conflicts during an atomic commit. A transaction
would be committed only if all the regions successfully
validate. Every transaction increases an atomic counter be
fore its validate-and-commit phase. The read/write lits o

a transaction;, are validated against those transactions that

and sink for a CU’s input and output, respectively. Fault-
tolerance is achieved through deterministic replay. If the
node executing the CU fails, the CU is re-executed, from

increased the atomic counter. This approach is similardo th
well-known optimistic concurrency control method used in
most databaseB [[16]. The atomic commit of all the writes is

the beginning, on a different node. In the proposed model, a€Xecuted using the two-phase commit protoCbl [1]. To han-
CU is executed as a transaction using the protocol describeddle CU failures using server-side buffers, each CU acquires

below.

4.3 CUGS protocol
The proposed CUGS protocol (Computation Unit over

Global Store) attempts to integrate the execution of CU over
the GS in a failure-transparent manner. It provides transac

tional semantics to a CU. We defi@®@mputation Store(CS)
as a temporary buffer for storing the key-value pairs a@zss
by the CU during its execution. It serves as a read-write lis
of a CU, to be used for validation and concurrency control
of the CU transaction.

read(Row:Col)During a read(Row:Col), the fetched value
from GS is first stored in the Computation Store(CS)
along with its key (serves as a read-list for this trans-

a lease on the region before the start of its transaction. The
lease is periodically renewed as the transaction procéeds.
the CU fails and the lease is not renewed for a long time,
the region inHBas e automatically revokes the lease and re-
claims the CS buffers for the specific transaction.

Consider the case in which a CU executes many read-
/write operations during its execution. Since reads/\writet
buffered in the Computation Store present at the servel, eac

t read/write operation incurs heavy network latency. One so-

lution to this is to have the CS reside at the node where the
CU executes (client-side buffering). The read/write seman
tics of the transaction, mentioned above, are affectedljoca
in-memory, leading to better performance. Once the CU exe-
cutes, during transactional commit, the entire read/Miste

on the local CS can be transferred to the server for validatio

action) and then returned to the CU. The most recent and atomic commit. Handling CU failures is less complex

update-counter for this Row:Col pair is also stored along-
side. The value is fetched from GS only if there does
not already exist a copy of Row:Col in the CS. Oth-

in client-side-buffering. In this method, if the node execu
ing the CU crashes, the entire Computation Store present on
the node is also lost. Deterministic replay of CU would re-



sult in the creation of a new local store. Failure during the
transactional commit is handled by the server-side leade an
two-phase commit, as described above.

While client-side-buffering appears superior, it has a few
inherent disadvantages. If the amount of data being aatesse
by the CU from GS is large, buffering all of it at a single
client node is not feasible. This overhead is significartiéf t
number of reads is considerably larger than writes. If many

sidermap as a CU which operates on elements of a list. If
the elements are unordered, i.e., the application admjts an
order of their execution, then the above invariant assiuas t
the protocol will guarantee a serializable execution even i
fault-prone environments.

4.4.1 Consistency and Reliability
We show that the protocol guarantees the following proper-

CU’s execute on the same node, this can lead to severe memties, even in failure-prone conditions.

ory overheads. As mentioned above, server-side buffesing i
not feasible for applications with a large number of writes

to the GS. Consequently, the choice is dependent on the data

access patterns of the CU and the physical location of its exe
cution. We test our applications with both server-sideduff
ing and client-side buffering. For applications, involgifew
reads and writes to the GS, there is no significant difference
in performance.

4.4 Guarantees provided by the protocol
Definitions

Schedulas an interleaving of successful completions of the
computation units(CU) within a job.

Mutationis an insert/update to the global store.

Mutation orderof a job is the order in which mutations
occur in the job’s execution.

The execution of a job ifaulty if failures occur during the
execution. Otherwise, it iRultless

The CUGS protocol mentioned in the paper ensures the
following invariant.

Invariant 1. For every mutation order of a joh], under
faulty execution, there exists a faultless executiod efith
the same mutation order.

Proof. The mutation order of a job depends on its schedule.
Upon successful completion, each computation atomically
writes its output to the global store. The set of mutations
corresponding to a single computation unit are written atom

ically. This is achieved in the GS by using the atomic counter
and two-phase commit protocol for mutations. Given a mu-

tation order, one can decipher the schedule and vice-versa.

Hence, it suffices to prove that for every schedule in a faulty
execution, there exists a faultless execution with the same
schedule.

Let C be the set of computation units, arfi be the
set of all possible schedules far. Clearly, S is the set
of all permutations of elements 6f. Consider a particular
faultless schedules;eS. Whens;’'s execution encounters a
fault (a particular computational unit fails), it re-executes
resulting in a different schedulg. Thoughs; # s;, s;€S,
sinces; is still a valid permutation of elements 6f. O

The above invariant assures that, the order of CU execu-
tion is serializable. With respect to MapReduce, let us con-

e Deadlock FreedonMNote that the CU transaction is based
on optimistic reads. No locks are acquired during reads.
The protocol allows stale reads during the CU execution,
which is verified only at commit time. Since reads go
through without waiting, there cannot be a deadlock on
reads. Furthermore, writes happen only during the trans-
actional commit. As mentioned in the protocol, during
the atomic commit of writes, the CU first acquires a lease
on all the regions, and increases an atomic counter. All
the writes get committed only in the order of this counter.
If a transaction in this list crashes, GS forcibly revokes
the lease after a time-out. This allows for other subse-
guent transactions in the commit-pending queue to ac-
quire the lease and transactionally commit. This time-out
mechanism eliminates the possibility of deadlocks dur-
ing writes. The same holds even if multiple nodes host-
ing Computation Units crash in the system. The two-
phase commit protocol handles the case for consistency
of writes during GS failure. During writes, if a node host-
ing a region of GS fails, none of the writes go through.
This failure of transactional commit, will force any pend-
ing transaction to revoke the lease.

¢ |ivelock FreeThe transactions at the regions hosting the
GS, during atomic commits, are stored in FIFO order. If
a transaction fails during its transactional commit (githe
due to read-write dependencies or due to the correspond-
ing CU crash), a time-out mechanism forcibly removes it
from the list. Consequently, every transaction commits in
bounded time.

® ProgressA failed Computation Unit is re-executed, as-

suring Progress. In case of a crash failidadoop af-
fects re-execution. In case of a failure due to conflict,
the CU is queued for later re-execution. On the storage
front, HBase uses the distributed file system for repli-
cation of its data. Consequently, when one of its regions
fail, HBase re-spawns it at another node using the repli-
cated data.

4.5 Realizing CUGS protocol in MapReduce

We now demonstrate how MapReduce can utilize the CUGS
protocol to provide well-defined semantics and high perfor-
mance on applications with potential data dependencies. To
realize the CUGS protocol in MapReduce, we treatthp

andr educe function instantiations as Computation Units
(CU). Themap andr educe functions are executed trans-



actionally and upon successful completion, their outptgs a 4.5.2 Advantages of persistent intermediate data
stored in persistent storage. Thus, the output becoméxderisi
to othermap/r educe functions of the same job scheduled
after the current function, and also to other jobs — MapRe-
duce or otherwise.

Speculative or optimistic parallelism requires seriddiza
ity to address data-dependencies. Traditional MapReduc
supports only data-parallel applications; it has no ptionis
for taking data dependencies into account while schedul- pendencies, asynchronous and online aggregationex-
ing map/r educe tasks. However, the CUGS protocol keeps  pjained in detail in the evaluation section. In many multi-
track of the accesses made by each concurrent computauon.‘,stage dataflow frameworks such as Figl [23], intermediate
and serializes their execution in case of conflicts. If there y..- 4fter every stage is stored in the local filesystems. The
are no conflicts, all computations run through to C(_)mpletion crash failure of a node at a stage can lead to expensive cas-
Hence, we spawn and execute thep/r educe functionsas  54eq re-execution, involving re-execution of certairksas
in traditional MapReduce. In case of a conflict, all but one 4 prior stages. Checkpointing intermediate dafa [13] is
of the conflicting functions are queued for later re-ex@muti 5y pyious solution. However, the overhead of n-copy repli-
assuring serializability. cation in the underlying distributed file system potenyiall

causes significant network overhead, since this happenrs con

4.5.1 Fault-tolerance model currently with the reduce tasks fetching their input frora th
map tasks. Kaet.al. [L3] propose replicating the intermedi-
ate data asynchronously using TCP-Nice [28] at the end of
map phase. Our solution allows asynchronous data transfer
even during the execution ofap phase as and when each
function completes, further reducing network overhead-. Pe
sisting data during themp phase sorts intermediate data
(HBase sorts the data based on key similar to insertion sort),
eliminating the need for a special sorting/shuffling/meggi
phase. The educe tasks can be spawned just like timep
tasks.

There are several advantages associated with storing inter
mediate data on the GS, in addition to safeguarding the-trans
actional nature of reduce functions. As mentioned eathier,
output of themap functions is made visible to other maps
and other MapReduce jobs as and when they are completed,
€instead of waiting for the entineap phase to finish. This al-
lows data-sharing among applications involving partial de

Our proposed approach to fault-tolerance is markedly diffe
ent from that adopted biadoop. In Hadoop, to achieve
coarse-grained control over re-execution and data-morgme
map functions are grouped into mmp t ask. Similarly,
r educe functions are grouped into meduce task. A
task executes its corresponding functions iterativeljjuFa
during the execution of any one function leads to the re-
execution of the entire task. Re-execution of a reduce task
is more complicated, since the input to theduce tasks is
stored locally on the nodes which executedra@ tasks. In
order to re-execute theeduce t ask, the input is fetched
from the correspondingrap tasks, which potentially in-
volves re-execution of someap tasks whose nodes might
have crashed since the last pull.

In our approach, we can not re-execute the enta@
t ask, since we make the output of every function persis-
tent upon completion. Also, this persistence allows us to
execute only the partially executed and unexecuted map in-
stances, as opposed to the entiep t ask. We maintain
a system table in GS, which stores the number of functions
successfully committed by all tasks. The keys in this sys-
tem table correspond to task-ids, which are unique ids as-
signed byHadoop. Furthermore, the id for a re-executing
task is obtained by appending the attempt number to the .
original task-id. Before starting iterative re-executifrthe 5. Evaluation

map functions, we parse the map-task-id to get the original |n this section, we demonstrate the performance gain from
id and determine the number of functions SUCCGSSfU”y €Xe- our transactional MapReduce semantics. We use the trans-
cuted during prior runs, and start executing from last failu  actional client package in tHdBase API to implement the
Note that the system table is updated atomically, during the two-phase commit, re-execution mechanism, client-side, a
transactional commit, at the end of a function, avoiding in- server-side buffering. All applications are executed on an
consistent behaViOUrduring faults. Theduce t ask also eight-node cluster in Amazon EEander real-world cloud

can be re-executed similar to a map task, on the intermediatgatencies. Each node is atiarge instance with16GB of

data stored in the GS, maintaining its transactional nature RAM and four virtual cores (32 cores in all). We demon-
Upon completion of the job, intermediate data can be deleted

from the GS by a background cleanup job. 5 Amazon EC2. http://aws.amazon.com/ec2

4.5.3 Handling conflicts among concurrent
Computation Units

If transactional commit of a map function fails due to con-
flicting transactions, it is inserted into a queue, and re-
executed upon successful execution of all the other map
functions in the task. This technique of backing-off reduice
the possibility of another conflict, if the transaction is re
executed immediately. Re-executions continue until afpma
functions are successfully executed and committed. Due to
the optimistic nature of concurrency control, all transats
eventually commit. The same holds true for reduce func-
tions.




strate our results on four applications — push-re-labelimax

a residual edge, and a height function on the vertices identi

mum flow computations, Boruvka’s minimum spanning tree fies the residual edges that can be pushed. When there are no

algorithm, generalized learning vector quantization, and

morePushoperations to be executedR&labebperation in-

line aggregation. In each case, we show how our seman-creases the height of the vertices, which have excesses. Thi
tic model can be used to specify underlying computations sequence of operations continues until there are no more
(with dependencies), and the performance enhancementgxcesses on any of the vertices other than the source. It is

achieved.
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Figure 6. GLVQ classification

5.1 Push-Relabel maximum flow algorithm

The maximum flow problem is to find a feasible flow
through a single-source, single-sink, flow network with the
maximum capacity. Th€ush-Relabealgorithm [9] main-
tains a preflow — a flow function with the possibility of ex-
cess at the vertices. TiRishoperation increases the flow on

evident that the same operati®ushor Relabelcannot be
applied to neighboring nodes concurrently. As long as the
neighbourhoods of two nodes do not intersect, operations
on them can occur in parallel. However, since this can only
be determined at runtime, it is difficult to specify this ireth
form of maps (andr educes).

In our transactional MapReduce formulation, ea@p
function operates on a node and its adjacency list, which is
stored as one row intdBase table. In thePushoperation, a
residual edge is chosen from the nodes adjacency list and its
capacity is updated. Data corresponding to the other vertex
connected by the edge, its values of excess, and residual
capacity are updated, and both of the updated nodes (rows)
are atomically committed. During the transactional commit
concurrentrap-transactions are checked for reads or writes
to the two rows being updated. If a conflict is detected, the
transaction which is later in the commit-pending-queue is
guashed and the correspondimgp function is re-executed
from the beginning.

The input flow network is generated using the Washing-
ton network generatcﬁ. The network is &00 x 500 grid
with the source connected to all the nodes in the first row
and the sink connected to all the nodes in the last row. Every
node in a column randomly connects to three other nodes in
the next column. The edge weights are randomly generated.
Figure[d shows the average times taken over a window of
10 iterations ofPushand Relabeloperations. Speedups of
up to 3.5 were observed on 8 nodes. The average number of
map-transaction re-executions due to conflicts are ufder
percent implying considerable speculative execution.lgVhi
the speedup may not appear large, when viewed in the con-
text of the dynamic data dependencies underlying the appli-
cation, this is significant.

5.2 Boruvka's Minimal Spanning Tree (MST)
Algorithm

Boruvka’s MST algorithm iterates over the node$ if the
graph, finding the node closest tou’s component, adding

the edge between these two nodes to the minimal spanning
tree, and coalescing andv. The process is initiated with

as many components as nodes (each node forming a compo-
nent); each iteration coalesces two components — the result
ing component at the end of all iterations being the minimal
spanning tree of the input graph. In its MapReduce formu-
lation, themap function takes the adjacency list of a node

u, finds the node closest to the component that contains

6Washington max flow network generator.
http://www.avglab.com/andrew/CAT S/maxflow/synthéttm



and coalesces these two nodes (adttsv’s componentand 10000 training and 10000 reference vectors. Figlire 6 shows
vice-versa). Twarap functions attempting to coalesce with the average times taken for the entire training phase. We ob-
the the same node must be serialized. In our implementation serve speedups @f9 and2.3 on4 and8 nodes, respectively.
we useHBase to store the input graph as well as informa- This moderate improvementin performance is mainly due to
tion regarding coalescing nodes. Each row intiBase ta- the large number of conflicts (23%) detected during in-order
ble corresponds to a node, the adjacency list is stored as oneommit of ther educe phase. The number of conflicts is a
family and the corresponding coalesced node list is stoged a function of the dataset — a dataset with better separation of
another family. classes is likely to have lower conflict rates.

We run Boruvka's algorithm on a 100,000 node graph
with an average degree of 20, generated using the forest5.4 Online Aggregation

fire model of iGraptll. Figure[$ shows the average time rp4qitional MapReduce implementations provide a poor in-
taken to compute the spanning tree with 1,4 and 8 nodes.gtace for interactive data analysis tasks. They do not pro
We observe speedups B2 and4.48 for 4 and8 nodes, e any output until the job runs to completion. Online ag-
respectively. Due to the graph structure and sparsity, the greqation[[11] has been proposed in the database literature
average number of conflicts detected amount to less than, oqdress this problem. Our CUGS protocol enables mak-
0.5 per_cent of total execqtions._ A_s before, considering the ing the output of arap function visible to other jobs as they
dynamic data dependencies, this is excellent speedup. complete. Consider as an example, the task of extracting the
5.3 Generalized Learning Vector Quantization top-k: words in a document corpus. This can be |mplemen_ted

(GLVQ) using a regular WordCount job and an online aggregator job.

o ) ) ~ Themap function of the WordCount job parses a line from

We focus on parallelizing the compute-intensive training the given document and scores each encountered word in
phase of the GLVQ algorithni_|10]. In its sequential ver- pgase. The online aggregator job is spawned at regular in-
sion, given two sets of Iabel_ed training and r_eference VL0 tervals. Tharap function of this job scans a row(word) and
the training phase sequentially computes distance betwveen ¢;ms up the frequencies. Theduce function in the aggre-
training vector and all of the reference vectors. The ne¢ares gator job sorts the frequencies and outputs thektogrds.
reference vector belonging to the same class as the train4yse test this on a 5 GB text dataset from project GutenBerg
ing vector is brought closer to it, whereas the nearest vec-is sed as input. Though the WordCount job tai6k sec-

ing vectors must be processed sequentially due to a potenyygrds in130 seconds.

tial read-after-write dependency. The key observatiore her
is that every training vector updates only two reference vec g g PageRank

tors. Therefore, the distance calculation phase can happerw PageRank ioned in th iainal MaoRed
in parallel for all the training vectors. Once all the traigi e run PageRank (mentioned in the original MapReduce

vectors choose their nearest reference vectors, eachtzain paper [B]) on traditional and transactional MapReduce to
vector needs to re-calculate its distance from updated-refe Ehog that CUGi prstocoldhas very I?Wkperforrrr:an(ije over-
ence vectors to ensure that changesto other referencevecto ead. PageRank takes a document-links graph and outputs

do not affect the nearest-neighbour decision of individual the pageranks of documents, implemented as an iterative

training vectors. Any serializable execution of this check MapRedll(Jce JOb'h lr} therapl pkhasle, ﬁagh nodre] pusheshlts
and-commit operations of all the training vectors is a valid pagerank to each of its outlinks. In theduce phase, eac

execution node aggregates the contributions of each of its inlinks. We
In the MapReduce formulation of the problem, eaetp iterate until the pageranks converge. We ran PageRank on
function takes a training vector, calculates its distamoenf a 5 million node sparse graph. Traditional MapReduce ver-

all reference vectors. chooses the nearest two and wris th sion took 134 seconds per iteration, while the transactional
identifiers in an intermediate table. Each reduce functjpn o MapReduce version took 46 seconds per iteration. Given

erates on a training vector which scans and recalculates itsthe transactional execution and checkpointing of interimed

distance from the reference vectors in the intermediate;tab ?te data,hth% Qvehr head |s(;/_ery l?vgl' The ma::l re;_son for Lhe
updates and atomically commits the nearest reference vec oW overhead s the spreading of the network traffic over the

tors. Eachr educe fetches the latest values froRBase, entire MapReduce job.

before re-calculating the distances, therefore the ré@d-a It should be evident that our proposed transactional model
write dependency is not violated. The transactional commit ,(i) is general and applies to broad classes of applicat{@hs;

handles concurrent updates to the same reference vector. AE capable c,)f speculatively exejcutln.g complex _apphcailon
test input to our program, we use the URL Reputation Data with dynamic data dependencies with well-defined seman-

Set [18] from UCI Machine Learning Repository. We use tics; and (iii) incurs low overhead, delivering high ovéral

iGraph. http://igraph.sourceforge.net 8 Project Gutenberg. http://www.gutenberg.org



application performance without altering the programming maintains a working set and a pool of threads, which pick
API. an element from the set and speculatively execute. By defin-
ing a set of commutativity rules, the system eliminates the
6. Related work pverhead of trans_ac.tions. In cpntrast, our prgto_col works
in a fault-prone distributed environment with limited con-
A number of research and development efforts have tar- tro| over the executing threads. Furthermore, by integeati
geted both systems and applications aspects of MapRethe concept of speculative parallelism in the well known

duce. On the application front, the MapReduce program- MapReduce paradigm, we simplify the programming of
ming model has been validated on diverse application do- speculatively parallel applications.

mains including, machine learnind [4], scientific compgtin
data-mining [[27], and database operatidns [23]. These ap-7. Conclusion and Future Work
plications are largely data-parallel, and well-suited he t
MapReduce programming model. To the best of our knowl-
edge, this paper represents the first attempt to exploit spec
ulative or optimistic parallelism in MapReduce, while pro-
viding well-defined execution semantics.

Dryad [12] is a data-parallel programming environment
supporting a more general model of acyclic data-flow graphs.
This model admits pipelining among nodes in the graph.
However, it is unclear how this can be adapted to a dis-
tributed environment in which the underlying storage is a

distributed filesystem. In the recemtapReduce Onling] ious methods of achieving the proposed semantics. Our per-

proposalmap tasks push parts of their output teduce . Lo .
tasks, as and when they are generated. Since communic formance evaluation showed significant speed-ups for dif

. . . erent classes of applications — maximum flow, classifica-
tion happens over a filesystem to account for failures, tasks PP ’

need to checkpoint each file that is being sent. Reduce taskst'on’ minimal spanning tree, online aggregation. We plan

need to be aware of the possibility w&p task failure, and to include the implementations of the above mentioned and

consequently have roll-back functionality. The protoocetisy (r)]thetspeculatwely paraIIeI_?ppll?atch/TS w&to(;he AEaMa;
further complicated for a multi-stage pipeline, or when a outl open source repository for Mapreduce-based ma-

rge e of s ar waling o e outpt ncon- %101 ST 55 e T sepicatns e v o
trast, our protocol uses an intermediate key-value stote, i 9 PR P P

whichrmaps push data, and from whigreduces pull data. leveraged in a distributed setting along with speculatie p

By making the key-value store aware of the failures in com- allelism.
putations through transactional mechanisms, we eliminate

In this paper, we demonstrated the use a global key-value
store as underlying storage for MapReduce allowing data-
sharing and asynchrony to extend MapReduce to support
task-parallel applications with minor dependencies. By ex
ploiting speculative parallelism, we increase the appliea

ity and performance of MapReduce. As naively using the
global store leads to inconsistencies, we proposed trans-
actional semantics for MapReduce using optimistic reads
and buffered writes for accesses to the global store from
within a computationrfap or r educe). We evaluate var-
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