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ABSTRACT

Multi-job I/O-intensive big-data computations can suffer a signifi-

cant performance hit due to relying on data replication as the main

failure resilience strategy. Data replication is inherently an ex-

pensive operation for I/O-intensive jobs because the datasets to be

replicated are very large. Moreover, since the failure resilience

guarantees provided by replication are fundamentally limited by

the number of available replicas, jobs may fail when all replicas

are lost.

In this paper we argue that job re-computation should also be

a first-order failure resilience strategy for big data analytics. Re-

computation support is especially important for multi-job compu-

tations because they can require cascading re-computations to deal

with the data loss caused by failures. We propose RCMP, a sys-

tem that performs efficient job re-computation. RCMP improves

on state-of-the-art big data processing systems which rely on data

replication and consequently lack any dedicated support for re-

computation. RCMP can speed-up a job’s re-computation by lever-

aging outputs that it stored during that job’s successful run. During

re-computation, RCMP can efficiently utilize the available compute

node parallelism by switching to a finer-grained task scheduling

granularity. Furthermore, RCMP can mitigate hot-spots specific to

re-computation runs. Our experiments on a moderate-sized cluster

show that compared to using replication, RCMP can provide signif-

icant benefits during failure-free periods while still finishing multi-

job computations in comparable or better time when impacted by

single and double data loss events.

1. INTRODUCTION
Computations executed as a series of I/O-intensive jobs are com-

mon in big data analytics. In these multi-job computations, soon af-

ter a job finishes, its output becomes the input of a subsequent job.

Such multi-job computations are popular because the primitives

provided by big data processing systems (e.g. Hadoop [2], MapRe-

duce [16]) constrain the amount of work possible in a job. As a re-

sult, users need to divide their algorithms into multiple jobs [24, 34,

23] or rely on higher level languages (e.g. Hive [31, 32] or Pig [27])

which usually also get compiled into sequences of jobs. Moreover,
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the division in multiple jobs facilitates the use of simple, general,

computation-agnostic check-pointing mechanisms based solely on

handling the outputs of intermediate jobs [14]. We are aware of one

computation requiring as much as 150 jobs to complete [1]. In the

future, we expect the number of multi-job I/O-intensive computa-

tions to significantly increase as more and more applications rang-

ing from scientific research to health care (e.g. DNA sequencing)

or risk and resource management reap the benefits of processing

increasingly large datasets.

Good performance, despite dealing with the occasional failures,

is important for users running multi-job I/O-intensive computa-

tions. Unfortunately, this goal is tough to achieve today because

data replication is the primary failure-resilience strategy employed

by big data processing systems. Data replication is essentially an

expensive operation in the context of big data analytics because the

large data transfers that it requires put significant stress on the net-

work and the storage. Today’s clusters are especially inefficient at

handling large transfers due to economical constraints and archi-

tectural bottlenecks (e.g. oversubscribed networks [10], poor disk

throughput [29, 30]). Our evaluation shows that in the absence of

failures, a data-intensive multi-job computation can almost dou-

ble its running time when the replication factor is increased from

1 to 3. The same multi-job computation took 40% more time to

complete when a replication factor of 2 was used instead of 1.

Importantly, the large performance penalty induced by replication

is paid on every use of replication, even during failure-free peri-

ods. To cut down the overhead, one may choose to avoid repli-

cation and single-replicate1 the output of each job. However, in

this case, when failures do occur, they are likely to have a signifi-

cant detrimental impact on the performance of multi-job computa-

tions. In a single-replicated system, failures can easily cause data

loss which can trigger cascading re-computations: several jobs will

need to be re-computed for the lost data to be re-generated. In the

worst case, the re-computation may have to revert all the way to

the beginning. Unfortunately, today’s big data processing systems

have no built-in support to handle cascading re-computations effi-

ciently. All affected jobs are re-submitted and the system treats the

re-submissions identically to the initial runs: it computes the jobs

entirely.

In this paper we argue that job re-computation should be a first

order failure resilience strategy for multi-job I/O-intensive compu-

tations. If done right, re-computation can be efficient when failures

do occur while bearing no cost during failure-free periods. More-

over, re-computation support is necessary because of the funda-

mental limitation of replication. Replication can only tolerate the

1Single-replicate means writing only one copy of the data. In con-
trast, a triple-replicated system always writes three copies of the
data.



Figure 1: The set of tasks and data transfers (both in bold)

that are part of the re-computation of a MapReduce job under

RCMP.M =mapper task, R=reducer task. A failure occurs just

before Job 2 completes. The outputs of tasksM11,R11,M21,R21

are lost due to the failure and need to be re-computed. In con-

trast, existing systems re-compute everything.

failures that do not affect all replicas in the system but the number

of replicas is usually limited for performance and resource utiliza-

tion reasons. In contrast, re-computation can recover a job from

any number of failures as long as the input to the multi-job compu-

tation remains accessible. Nevertheless, we view re-computation

not as a replacement for replication but rather as a complement.

Our position is that enabling efficient re-computation will in turn

enable judicious use of replication thus facilitating improvements

in overall computation performance. For example, replication can

be used to bound the cost of re-computation.

This paper makes three contributions towards making re-computation

a first class failure resilience strategy for big data computations.

The first contribution is the design of RCMP, a system that performs

efficient job re-computations in the context of the popular MapRe-

duce paradigm. RCMP re-computes only the minimum of tasks

necessary for each re-computed job. For this, RCMP persists across

jobs map outputs as well as reducer outputs that are part of success-

fully completed intermediate jobs. On failures that cause data loss,

RCMP decides which jobs must be re-computed and based on the

persisted data it also determines the minimum number of tasks that

need to be re-computed for each re-computed job. As an example,

consider Figure 1 which illustrates a re-computation performed by

RCMP. The failure occurs just before Job 2 finishes. R21 is lost

and needs to be re-computed. But R21 requires the output of M21

which is also lost. In turn,M21 is based on the output ofR11 which

was also on the failed node and was lost. Thus, Job 2 cannot con-

tinue before R11 is re-generated. Therefore, RCMP has to cascade

back to Job 1 to re-generate the input of Job 2. In total, RCMP

re-computes only the tasks that had outputs on the failed compute

node (M11,R11,M21,R21) as well as the data transfers that are re-

quired for these re-computed tasks (bold lines in Figure 1). Note

that the re-computation work performed by RCMP is a fraction of

the work performed by current systems which re-compute every-

thing.

The second contribution is identifying and tackling two funda-

mental challenges that limit the efficiency of RCMP’s re-computation

runs: the difficulty in fully leveraging the available compute-node

parallelism and the presence of hot-spots. These two challenges are

not limited to RCMP. They will appear for any advanced MapRe-

duce system that single replicates job outputs and is able to per-

form limited re-computations. The first challenge is that during job

re-computation, the re-computed tasks are unlikely to be numer-

ous enough to efficiently utilize the available compute node paral-

lelism. In other words, the task scheduling granularity used dur-

ing the initial run is insufficient for efficient job re-computation.

This results in underutilized compute nodes and consequently in-

efficient re-computation. The second challenge is that hot-spots

appear during the re-computation of a job’s mappers. In the initial

run of the job these mappers were running in multiple waves on the

failed node. This essentially serialized their accesses to the input.

During re-computation, these mappers run on multiple nodes in far

fewer waves, oftentimes only one. Thus their data accesses are now

parallelized, so they concurrently attempt to obtain map input data

from the location holding the output of the previously re-computed

job. The resulting contention significantly increases mapper run-

ning time and consequently the whole job re-computation time.

RCMP’s approach to these challenges is to switch to a more fine-

grained task scheduling granularity during re-computation. This

better utilizes the available compute nodes. This also mitigates

hot-spots because the work of a re-computed reducer is distributed

over many nodes and the mappers in the subsequent job will bal-

ance their accesses across all these nodes now holding the reducer

output.

The third contribution is that with experiments on a moderate-

sized research cluster, we quantitatively describe the magnitude of

the overheads that data replication can introduce as well as the ben-

efits of efficient re-computation. We implemented RCMP on top of

Hadoop. When no failure impacts the system, compared to using

replication, RCMP is able to reduce the running time of a multi-job

computation by up to half. Furthermore, RCMP yields better or

comparable total multi-job running time under single and double

data loss events. RCMP can re-compute a single job up to 5x faster

compared to a full re-computation of the same job.

Perhaps the closest work related to RCMP is the work on Re-

silient Distributed Datasets (RDDs) [36]. RDDs log the transfor-

mations used to build a dataset and use this lineage information to

guide re-computation on failures. RDDs are concerned with deter-

mining what to re-compute while RCMP focuses both on what and

how to re-compute. RDD is geared towards applications that can fit

most of their data in memory. RCMP focuses on the general case

where data may not fit in memory and thus needs to be written to

stable storage. As a result, unlike RDD, we were able to use RCMP

to quantitatively analyze the overhead of replication and compare

this with the benefits of re-computation.

The paper is organized as follows. Section §2 makes a num-

ber of important clarifications and presents relevant MapReduce

background. Section §3 discusses at length the problems and over-

heads of replication. Section §4 presents the capabilities and design

details of RCMP while section §5 discussed additional considera-

tions. Section §6 presents the evaluation. Section §7 discusses

related work and section §8 concludes.

2. BACKGROUND AND NOTATION
AMapReduce job is a unit of work that the client wants to be per-

formed. Commonly, multiple job are chained together to formmore

complex computations. The input and output of a job is composed

of key-value pairs and is stored in a distributed file system. To en-

able efficient processing, jobs are further subdivided into tasks. A

MapReduce task is a computation that is performed concurrently

and identically by different compute nodes, usually on different

pieces of data. There are two types of tasks in MapReduce: map-

pers and reducers. Mappers run first and process the job’s input

data. The output of the mappers becomes the input to the reducers

and the output of the reducers is the output of the entire job. Map-

pers process key-value pairs independently while each reducer is

responsible for processing a separate key range. The mappers and



reducers are linked in a computation DAG. The exchange of data

between the two types of tasks is called the shuffle phase. During

the shuffle phase, reducers copy from mappers the key-value pairs

that correspond to the keys they need to process. In practice, each

reducer usually ends up getting a piece of each of the mapper’s

output data. This results in an all-to-all traffic pattern between the

nodes running the tasks.

We refer to the first execution of a job as the initial run of that

job. During failure recovery, parts of the job may have to be re-

executed. We call such a re-execution a re-computation run of that

job. It is important to clarify how the notion of re-computation ap-

plies to MapReduce. This paper is about job-level re-computation.

Such re-computation is necessary when the currently running job

cannot continue to completion because part of its input data be-

came unavailable. Its input needs to be re-generated and this is

done by re-computing parts of a number of previous jobs. This

should not be confused with the speculative execution mechanism

in MapReduce. Speculative execution is a task-level mechanism.

Its purpose is to detect tasks that are slow and duplicate or restart

them on other nodes in the hope that in the new location they will

progress faster. Speculative execution is useful only when the input

to the job is available.

In this paper, when we use the term replication we refer to data

replication, that is, writing multiple copies of the same data on mul-

tiple nodes. The name of our system, RCMP, is not an acronym but

rather a name derived from the word re-computation.

3. WHYREPLICATION IS PROBLEMATIC
In this section we provide detailed arguments in support of our

claim that replication is too costly to be the only failure resilience

strategy used in big-data analytics. Our position is that despite

replication’s failure resilience guarantees and the performance ben-

efits it offers in a few narrow cases, there are simply too many prac-

tically relevant situations in which the costs of replication signifi-

cantly outweigh the benefits, thus suggesting the need for devising

supplementary failure resilience strategies.

Part of the overhead of replication stems from inefficiencies in

the design and implementation of current systems. For example, in

their most common and affordable design, data center networks are

often oversubscribed [10]. Moreover, the disk throughput obtained

by applications frequently falls well short of the full capabilities

that the disk hardware can deliver [30, 28]. A number of solutions

have been proposed to improve I/O performance. These solutions

could also decrease the cost of replication. Some proposals advo-

cate batching optimizations designed to mitigate the detrimental ef-

fect of excessive seeks caused by concurrent disk accesses [30, 28].

Others note that a major culprit is the layering of the distributed file

systems on top of general purpose file systems which are not opti-

mized for big data workloads [30]. Solutions leveraging raw access

to disk are needed to overcome this limitation [25]. While these so-

lutions are able to incrementally improve the performance, the fun-

damental limitation remains. Replication adds extra I/O workload

into the system. Therefore, the relative overhead of replication is

expected to persist despite the proposed optimizations.

3.1 Overrated benefits of replication
Failures are not an ubiquitous threat Replication does pro-

vides useful failure resilience guarantees. Current replication strate-

gies [18, 2] are able to protect against the simultaneous failure of

two nodes or an entire rack of compute servers. This is particu-

larly useful when a job has a high probability of encountering a

failure. One example are large-scale, long-running jobs spanning

thousands of nodes in a cluster.
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Figure 2: CDF of number of new failures reported per day for

the STIC and SUG@R clusters at Rice University

However, most data analytics users do not routinely run such

large scale jobs. Only a handful of Internet companies have ex-

tremely large clusters. Cloudera reports that the median size of a

cluster used for data analytics is under 30 nodes [3], while the aver-

age is around 200. At this moderate scale node failures are expected

only at an interval of days [28].

Figure 2 depicts the rate at which compute nodes become un-

available for the STIC [4] and SUG@R [5] clusters at Rice Uni-

versity. STIC has 218 nodes and SUG@R has 121. The traces

capture the period Sep 2009 - Sep 2012 for STIC and Jan 2009 -

Sep 2012 for SUG@R. The statistics are based on the output of

an automated script which checks the status of all compute nodes

and reports unavailable nodes once per day. Less than 5% of the

days had no reports and therefore we discarded them. Note that

only 12% of days for SUG@R and 17% of days for STIC show

new failures. Discussions with the IT staff revealed that most fail-

ure events reported in Figure 2 are likely hardware issues that take

at least a day to solve. The few days with many nodes becoming

unavailable are unplanned situations (scheduler and file system out-

ages or performance degradation). Our numbers corroborate with

estimates from other studies [28] and suggest that for moderate-

sized clusters occasional failures should be expected but are not an

ubiquitous threat. Therefore, in these situations continuous use of

replication for failure resilience is unwarranted.

Data locality is oftentimes inconsequential In clusters where

computation and storage are collocated, replication can improve

the chance of scheduling data local tasks. More replicas result in

better chances that a node having a replica of a task’s input data

will be selected by the scheduler to run the task. The increase in

disk locality can translate into improvements in job running time

when it is significantly more efficient to process data locally. One

example is a cluster with a highly oversubscribed network.

Note that when computation and storage are separated, data lo-

cality is not even applicable [25]. There are also many situations in

which data locality is inconsequential. The best example are envi-

ronments where the network is not the bottleneck. Such systems are

proposed often today even for the large scale [20, 6, 26] and have

long been economically viable at moderate and small scale. Future

trends point to advances in networking technologies that will out-

pace corresponding advancements in disk drive technologies thus

eventually making disk locality completely irrelevant [7].

Note also that in many situations, data locality is easily achiev-

able without replication. The best example are data analytics com-

putations performed on moderate-sized clusters that use the col-

located design. In this case, data locality is trivially obtained by



distributing data evenly across the same set of nodes that perform

computations. Thus, each node will have plenty of local data to

compute on and little or no remote access is required. Moreover,

improving data locality can also be done with smart scheduling de-

cisions [35]. Even if all of the above examples do not apply, the

benefits of data locality may not necessarily offset the overhead of

replication.

Speculative execution Replicationmay also improve the chance

of performing successful speculative execution of mappers. The

idea is that if a slow mapper needs to be duplicated (or restarted),

the duplicate can read the input from another location thus poten-

tially bypassing the problem that caused the initial task to be slow.

Note that this improvement applies only to the case when the

slowness is caused by inefficiencies in reading input data (bad drives,

slow network transfers, overloaded compute nodes). If the cause of

the slowness strictly affects the computation, then speculative exe-

cution will succeed even in a single-replicated system. Moreover,

the overall benefits of speculative execution should not be overesti-

mated. Studies show that as many as 90% of speculatively executed

tasks do not help improve computation time [11]. The reason is that

most speculative execution algorithms are unable to collect enough

information to understand the causes of stragglers and end up mak-

ing suboptimal decisions as a result [8].

3.2 Indirect costs of replication
Increasing job running time is an obvious danger of using repli-

cation. However, replication also has several less obvious disad-

vantages. First, replication in one job indirectly affects other con-

currently running jobs by increasing the contention on disk and net-

work resources. Second, replication increases the costs necessary

for provisioning a cluster that can sustain a given job execution rate

because extra compute nodes or disks are necessary to compensate

for the overhead of replication. Third, replication makes a sys-

tem that collocates storage and computation harder to scale. Future

projections show that the number of cores in a commodity compute

node will increase significantly but this trend will not be matched

by a similar increase in the throughput of commodity drives [7].

The only way to increase local I/O throughput will continue to be

increasing the number of disk drives. Today system designers are

already pushing the limits of cooling solutions and chassis design

as they are forced to fit as many as 16 or 24 disks per compute

node [25]. The extra overhead introduced by replication further

aggravates the trend.

4. IMPROVINGRE-COMPUTATIONSWITH

RCMP
In this section we detail the design and capabilities of RCMP. To

provide a theoretical quantification of the magnitude of the chal-

lenges and of RCMP’s benefits this section uses a simple model of

the environment and of the MapReduce paradigm. We make the

following notations and assumptions. There are N compute nodes

and each node writes to D separate storage locations (local disks or

remote storage nodes). Each node is provisioned with S map slots

and S reduce slots. Each node runs WM waves of mappers and

WR waves of reducers. For simplicity consider that each compute

node runs the same number of tasks and each task performs the

same amount of work. We make these assumptions for illustration

purposes only. RCMP does not need them.

4.1 System design
We now present the design of RCMP using Figure 3 as the illus-

tration. RCMP builds on Hadoop’s design. Where applicable, we

Figure 3: RCMP system overview

emphasize the additional features that RCMP introduces compared

to Hadoop.

The user submits the multi-job computation and describes the

job dependencies. A middleware program uses the dependencies to

decide the order of job submission. For the middleware, we built

upon the primitive implementation offered by Hadoop. A job is

submitted only after the other jobs that it depends upon have been

successfully computed. The jobs are submitted to the Master one

by one. The Master possesses no knowledge of job dependencies

and knows only how to run individual jobs to completion.

Upon receiving a regular job (not re-computation), a job initial-

ization component (JobInit) in the Master creates the tasks (circles

in Figure 3) that need to be executed and the scheduler assigns them

to cluster nodes. RCMP recognizes that during the computation of

a job a significant amount of data (intermediate map outputs as well

as reducer outputs) needs to be materialized anyway for the job to

complete. RCMP persists this data across jobs to benefit potential

future re-computation, effectively trading-off storage space for re-

computation speed-up. In the common case, component failures

are likely to lead to the loss of only a small portion of a job’s per-

sisted data. Therefore, most of the data persisted on an initial run

can be re-used to minimize the work that would need to be per-

formed in the event of re-computation.

The Master periodically checks the cluster’s health and detects

failures. In RCMP, if those failures cause data loss (all replicas of

some partitions are lost), then the Master informs the middleware

which files (job outputs) were affected and which partitions were

lost. The middleware then immediately cancels the currently run-

ning job since it cannot complete without the lost data. The middle-

ware uses the job dependency information and the affected files to

infer which jobs need to be re-computed and in which order so that

the lost data is re-generated. When submitting a re-computation

job the middleware tags it with the data partitions that need to be

re-generated and the job IDs of any previous successful attempts to

compute this job.

Upon receiving a re-computation job, JobInit uses the tagged in-

formation to decide which of the persisted data to consider. JobInit

checks the metadata on the list of already persisted map outputs and

readies for execution only minimum necessary number of mappers:

the ones for which the outputs are missing. The rest of the mappers

are treated as if they had already finished. Concerning reducers,

JobInit readies for execution only the reducers for which partitions

were lost. Note that on re-computation, RCMP departs from cur-

rent MapReduce systems. These systems do not decide which lost

data actually needs to be re-generated because they do not under-



stand the notion of a job that needs to be re-computed. They treat

each job submitted to the system as a brand new job and re-execute

it entirely.

It is possible that a second failure occurs while RCMP is still

re-generating data lost because of the first failure. RCMP treats

this second nested failure like any other failure. It interrupts the

currently running job and starts re-computation. This is because

RCMP does not need to recover from each failure separately. A

re-computation job can be started to service any number of data

loss events. RCMP only needs to be careful and tag the submitted

re-computation job with the partitions lost on all failures.

To give a sense of the benefits that RCMP can provide during re-

computation when re-using persisted data, consider a system where

storage and computation are collocated. After a single node failure,

RCMP only needs to compute 1/N of the mappers and 1/N of the

reducers. This also translates into a 1/N decrease in the shuffle

traffic compared to the initial run of the job. If these 1/N mappers

took WM waves in the initial run, they can now potentially be re-

computed in ceil((WM ∗S)/((N−1)∗S)) = ceil(WM/(N−1))
waves if they can be distributed over all compute nodes. The same

arguments applies for the WR waves of reducers in the initial run.

Ideally, re-computed mappers would only do a small portion

of the initial work (1/N for a balanced computation), strictly the

amount necessary for the 1/N re-computed reducers. However, it

is difficult to make mappers skip specific input records because the

reducer destination of each map output record is only decided after

the map function is applied to the record. RCMP can do the next

best thing and disregard all re-computed records that do not match

re-computed reducers. This reduces the I/O necessary to material-

ize the map outputs to 1/N.

4.2 RCMP during re-computation
A large part of the re-computation speed-up provided by RCMP

comes not from re-using persisted data but rather from the efficient

manner in which it executes re-computation jobs.

4.2.1 Maximizing resource use for re-computation

Ideally, all available computing resources will be leveraged for

re-computations. Ensuring this however, is not a concern for cur-

rent systems. Today, since job re-computations are simply en-

tire re-runs of a job, if the initial job was provisioned correctly

to maximize resource use, the same will likely hold for its re-

computation. RCMP needs to do better. Because RCMP may end

up re-computing a fraction of a job’s tasks there is a real danger that

these tasks may be too few to fully utilize all available computing

resources. The root of the problem lies in the granularity at which

tasks are scheduled. A coarser granularity may be sufficient for the

initial run when many tasks need to be executed, but can severely

under-utilize computing resources under re-computation. This has

profound implications. The job re-computation time, instead of be-

ing bounded by the number of available computing resources ends

up being bounded by the impact of the failure, the scheduling algo-

rithm, and the job configuration.

Take for example the case when WR ∗ S << N (i.e the total

number of reducers ran by a node for a job is smaller that the to-

tal number of nodes used). This is common for many jobs today

because simply using very fine-grained tasks for the initial job is

often inefficient. Fine-grained scheduling may lead to increased

task start-up and shut-down costs and does not overlap computa-

tion and I/O well. For example, the suggested best practice is to

set the number of reducers so that WR is 1 because this allows the

shuffle phase to fully overlap with the map computation [34]. Un-

fortunately, this approach will severely under-utilize reducer slots

Figure 4: Maximizing resource use for re-computation using

task splitting

during re-computations. Most of the N nodes will re-compute no

reducers.

RCMP can split the tasks that belong to re-computation jobs

in order to enable finer-grained scheduling. We implemented this

functionality for reducers because mappers are less likely to under-

utilize resources since they are usually more numerous and there is

no negative side-effect of having WM >> 1. Nevertheless, map-

pers can be trivially split since oftentimes each record is processed

individually. Users should configure RCMP to split reducers only

if the application logic allows it. For example, a reducer perform-

ing a top-k computation may not be split. Fortunately, for many

jobs, reducers can be split. Each reducers is responsible for a num-

ber of keys and these keys can simply divided among the multiple

splits of the reducer. For simplicity, in our current implementation

the split ratio for re-computation is set to use all available node as

much as possible.

Figure 4 illustrates reducer splitting in the context of a cluster

where computation and storage are not collocated. A storage-side

failure caused the loss of reducer R1’s output but all map outputs

can be re-used because they are hosted on compute nodes. In case

a), splitting is not used and 2 compute nodes have idle reducers

slots. One node has to re-compute R1 entirely. With splitting (case

b), the reducer work is divided among all available nodes and each

reducer contributes a portion of R1’s output data.

4.2.2 Avoiding hot-spots

Under re-computation there is also the danger of encountering

hot-spots when many mappers concurrently converge on one stor-

age location to obtain their input data. This is mostly applicable to

the case of a cluster where computation and storage are collocated.

For illustration, consider the case in Figure 5. The left side of the

figure illustrates the initial run in which a failed node computes

3 mappers in 3 different waves, because it has one mapper slot.

These mappers are based on R1’s output. During re-computation

(right side of the figure), reducer splitting is not used and R1 writes

one copy of the data locally on node Y. The 3 mappers based on

R1’s output are re-computed in 1 single wave because they are dis-

tributed over all the nodes. All mappers will attempt to simulta-

neously access node Y to get their input, thus severely increasing

contention.

To further quantify the contention, consider that node Y has D

local disk drives. During the map phase of the initial run, the av-

erage number of mapper accesses on the D drives is on the order

of S, which is the number of mapper slots on a node. Under re-

computation, the contention can be as high as S ∗ N which is the

number of mapper slots over all available nodes. Furthermore, a

network bottleneck may also appear because of the large number

of simultaneous transfers.



Figure 5: Increase contention on storage during re-

computation

RCMP can also use reducer splitting to mitigate the hot-spots.

This works because reducer splitting distributes the reducer com-

putation over many available nodes. Thus, this also implicitly dis-

tributes reducer output data over the nodes, mitigating the con-

tention in the subsequent map phase. In effect, reducer splitting

helps speed-up both the current re-computation job as well as the

subsequent one.

We have implemented and tested another solution for mitigat-

ing contention. RCMP can instruct the reducers belonging to re-

computed jobs to write each output block to a different storage lo-

cation in order to distribute the output data and mitigate contention

in the next job. Compared to reducer splitting this solution does

not have the benefit of splitting shuffle work among several nodes.

As a result, its capability to lower job running time is more limited.

If the shuffle phase is significantly more expensive than the map

output computation, then lowering mapper running time does not

improve overall job running time because the shuffle will still be

the bottleneck. This can occur when a small fraction of the map-

pers need to be re-computed. In this case map re-computation is

fast but the re-computed reducers still need to shuffle data from all

mappers, including those for which the map output has been per-

sisted. This solution does have a number of advantages. It can be

used even when the application logic does not allow reducer split-

ting and can always improve cluster utilization by reducing mapper

running time.

5. DISCUSSION

Bounding re-computation time with replication Using both

replication and re-computation as failure resilience strategies can

help ensure that under common failure scenarios, cascading re-

computations revert only until the last replication point and not

all the way to the beginning of the computation. Replication thus

can serve as a way to bound the overhead of re-computation based

on the user’s risk tolerance. In its current implementation, RCMP

does not decide the outputs of which jobs should be replicated. It

assumes that the user has the corresponding knowledge and config-

ures jobs accordingly. Alternatively, a simple approach that repli-

cates the output once every constant number of jobs can be used.

A number of additional capabilities need to be built on top of

RCMP so that it can efficiently choose replication points. First,

RCMP needs to estimate the time required to replicate the output

of some job. This can potentially be done using historical infor-

mation, starting with a rough estimate and improving the accuracy

of the estimation with each passing replication. This historical in-

formation can also be based on other jobs for which replication is

mandatory (e.g. single job computations). Second, RCMP would

benefit from historical, cluster-wide failure information in order to

extrapolate the most probable failure types. Third, using the failure

information, the insight presented in our paper and already avail-

able cluster information (e.g. number of nodes), RCMP can esti-

mate the cost of re-computation for each completed job. Fourth, to

further optimize the replication decisions, RCMP can benefit from

future knowledge about the yet un-computed jobs in the multi-job

computation. For example, the expected input to shuffle to output

ratio of future jobs would be of great benefit. One way to estimate

such information is via static job analysis [19, 22].

Re-claiming the extra storage space used by RCMP With

regard to available storage space RCMP behaves similar to Hadoop.

If storage space runs out then jobs fail. In environments that are

storage space constrained, RCMP needs additional capabilities to

manage the storage and re-claim the extra space used. A simple

modification is to make RCMP delete the stored data every time a

full replication is performed. If this is insufficient, RCMP would

have to implement an eviction policy to delete stored data and make

room for data required for the job to finish. This eviction policy

would be based on the speed-up that stored data would bring to re-

computation. For example, it is more efficient to delete stored data

at the granularity of waves, since partial waves take roughly the

same time to complete as a complete wave. For instance, assume 4

nodes each saving 3 map outputs and having 1 map slot. It makes

sense to delete 4, 8 or 12 map outputs at a time. If 6 map outputs

are deleted, then the 6 mappers that need to be re-computed would

finish in 2 waves, exactly the same as if 8 mappers are re-computed.

6. EVALUATION

6.1 Methodology and environment
RCMP is built on top of Hadoop version 1.0.3, the latest release

at the time this project was started. We use the termHadoop to refer

to the default implementation. Hadoop uses in all our experiments

a replication factor of either 2 or 3. RCMP always uses a replication

factor of 1 (only writes a local copy of the job output).

The computing environment To evaluate RCMPwe used STIC[4],

one of Rice University’s compute clusters. STIC is real research

cluster, used around the clock by several departments at Rice. The

compute nodes that we used are equipped with dual quad-core In-

tel Xeon CPUs at 2.67Ghz and are interconnected by a 10GbE net-

work. Each compute node has one local S-ATA drive. We only used

this local storage for the experiments, thus our experiments cover

the case where computation and storage are collocated. Because

the nodes have one local drive and a fast network we expect our

experiments to be mostly disk-bottlenecked. With the exception

of subsection §6.3 all other experiments are run using 10 compute

nodes. In all cases, a separate node runs the JobTracker and the

NameNode. All compute nodes are non-virtualized and we have

exclusive access to them during each experiment.

The multi-job computation used We have built a custom 7-

job chain computation. A job starts only after the previous job

in the chain successfully finishes. Mappers randomize the key of

each record that they receive. Reducers simply output every record

received. For the purpose of this paper we believe that the exact

computation performed by mappers are reducers is inconsequen-

tial. What is important is that the I/O intensive nature of the com-

putation is preserved.

Our job has a ratio of input size to shuffle size to output size of 1

to 1 to 1. This ratio is not uncommon in big data analytics jobs [9,

12, 13] and it is the same ratio used in sorting which is the type of



Figure 6: The jobs computed by RCMP for the different mo-

ment at which failures are injected in the experiments

job often used as a barometer of cluster performance. The relative

benefits of RCMP vs Hadoop are expected to increase when the

job output is relatively larger compared to the input and shuffle (i.e.

ratios of the form x : y : z where z > y and z > x).
The 7-job computation uses as input 40GB of randomly gener-

ated input data. This input data is triple replicated. Each of the 10

computes nodes processes roughly 16 mappers, each mapper using

as input a block of 256MB. The results that we present are averages

based on 5 separate runs of the computation.

How the jobs are numbered Each job that starts running, re-

gardless of whether it is a re-computation or not, receives as an

unique ID the next available integer number starting with 1. Re-

computations increase the total number of jobs ran. For an illus-

tration consider Figure 6 which depicts the different moments at

which we injected failures during the experiments. Consider case

c). A failure occurred during the 7th job. As a result, RCMP re-

computes the first 6 jobs and then restart the 7th. In this case RCMP

started a total of 14 jobs; each of the different 7 jobs was started

twice. On the other hand, since Hadoop uses replication to tolerate

failures it never has to re-start jobs and always starts a total of 7

jobs.

How failures are injected We inject failures by killing both the

TaskTracker and DataNode processes on a randomly chosen com-

pute node. Single failures are injected 15s after the start of the job.

If we wish to inject a second failure during the same job, after a

further 15s we randomly select an additional node. Both Hadoop

and RCMP are configured to trigger failures after a timeout of 30s.

Thus, a first failure is detected roughly 45s after the job start. For

RCMP, we chose the moments to inject failures as follows. We do

not inject failures during the first job since its input is replicated.

Case b) in Figure 6 represents a single failure impacting the com-

putation early. Therefore RCMP needs to re-compute just 1 job.

In case c), the failure impacts the computation when it is close to

completion. RCMP has to re-compute 6 jobs. Case d) shows dou-

ble failures injected early while in case e) the failures are injected

when the multi-job approaches completion. Case f) is an example

of a nested failure: the second failure occurs while re-computation

is still being performed to address the first failure. For Hadoop we

inject failures at jobs 2 or 7.

On the efficiency of our implementation Currently, RCMP

has a number of implementation inefficiencies that put it at a slight

disadvantage. For instance, for the job during which the failure

occurs, RCMP discards the partial results computed before the fail-

ure. A more efficient implementation of RCMP would freeze the

affected job, perform re-computation as needed to re-generate the

lost data and then re-use the partial results after restarting the frozen

job. Thus, currently, the roughly 45s necessary for RCMP to react

to one failure are pure overhead. In contrast, Hadoop uses replica-

tion and can successfully finish the affected job after re-starting the

affected tasks. The execution of these re-started tasks may overlap

with the computation of other tasks in the job. In the best case,

Hadoop may not be at all impacted by the 45s penalty. If we had

set the failure detection timeout to more than 30s, or if the failure

were injected late in a job (instead of after 15s) then RCMP would

be at an even greater disadvantage.

Evaluation road-map We first present overall system compar-

isons between Hadoop and RCMP in the absence of failures and

under single and double compute node failures. We then assess the

capability of RCMP to maximize resource use and mitigate hot-

spots by using reducer splitting. Finally, we isolate the contribu-

tion of the reduce phase and mapper phase in the re-computation

speed-up provided by RCMP.

6.2 Overall system comparisons

Single failure Figure 7 presents the benefits of RCMP against

Hadoop under no failures and single node failures. In the experi-

ment in Figure 7-Left, Hadoop and RCMP use 1 map and 1 reduce

slots per node. Each node runs a total of 1 reducer per job in 1

wave. The experiment in Figure 7-Right shows the results when

contention is increased by using 2 map and 2 reduce slots per node.

In this case each node runs a total of 2 reducers per job, also in 1

wave. For the runs leveraging reducer splitting a ratio of 8 is used.

Increasing the slot count improves overall performance for both

RCMP and Hadoop but the relative benefits of RCMP persist. Un-

der no failures, RCMP reduces total job running time by roughly

one third compared to Hadooop with a replication factor of 2. Com-

pared to Hadoop with a replication factor of 3, RCMP slashes total

running time in half. Even when a failure occurs RCMP remains

efficient, slightly edging Hadoop with replication 2. Reducer split-

ting improves performance every time it is used but more so when

the failure is injected during the 7th job because more jobs are re-

computed and can benefit from splitting.

Double failures Figure 8 discusses double failures. For this

experiment we only consider Hadoop with replication 3 because

it can survive any sequence of double failures. In contrast, with

a replication factor of 2, Hadoop can fail computing a job when

the failures affect both replicas of a block of input data. As it is

intuitively expected, Hadoop performs better when the failures are

injected late since only a small portion of the computation needs

to be executed with 8 nodes instead of 10. On the other hand, it

is challenging to assess under which sequence of double failures

RCMP is most efficient. If the failures occur late, many jobs need

to be re-computed but after the re-computation is finished few job

will have to be fully completed with 8 nodes. If the failures oc-

cur early, there is little re-computation but many jobs will have to

be completed with 8 nodes. The final answer depends on the effi-

ciency of re-computation compared to the overhead of using fewer

compute nodes.

Nevertheless, in all the runs RCMP performs well and consis-

tently beats Hadoop when reducer splitting is used. Splitting lowers

total running time by 1000s when failures are injected at jobs 7 and

14. Note that RCMP successfully and efficiently handled a nested

double failure (the case when failure are injected at jobs 4 and 7)

where the second failure occurs while the RCMP is still recovering

from the first failure.
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Re-computation speed-up Figure 9 shows how fast jobs are

re-computed in the experiment in Figure 7-Left compared to the

initial run of the jobs. Without reducer splitting, simply by re-

using persisted outputs, RCMP yields a 2x speed-up on average.

However, with splitting the speed-up more than doubles.
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Figure 10: Efficiently using all available resources for re-

computation with splitting

6.3 Maximizing resource use
In this experiment we vary the number of compute nodes. How-

ever, each compute still processes 4GB of data (16 blocks of 256MB

each). When a failure occurs, the 4GB on the failed node need to

be re-generated. We want to quantify the benefit that RCMP yields

by efficiently using the available compute node parallelism for re-

generation.

Figure 10 presents the results. Without reducer splitting, increas-

ing the number of nodes does not provide great benefit in this ex-

periment. The reason is that one compute node needs to fully re-

compute the reducer that was on the failed node. The rest of the

nodes have idle reducer slots. The benefit seen without reducer

splitting stems from the fact that the map computation is divided

over more nodes and is completed in fewer waves compared to the

initial run. For reducer splitting, a split ratio equal to the initial

number of nodes is used. This provides significant benefits. With

splitting, re-computation is able to benefit more from an increase in

the number of nodes, as each node performs a diminishing amount

of reducer work.

6.4 Mitigating hot-spots
Figure 11 shows the negative effects of hot-spots in the runs from

Figure 7-Right in which failures are injected at job 7 and RCMP
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Figure 12: Splitting accelerates reducers

uses 2 map and 2 reduce slots per node. All 9 nodes remaining

after the failure are used for re-computation and attempt simulta-

neously to read the map input from one node. This significantly

increases mapper running time. Reducer splitting mitigates con-

tention and in the process also improves reducer running time as

seen in Figure 12.

6.5 Benefits of re-computing theminimum num-
ber of reducers

In this experiment we seek to understand the contribution of the

reducer phase re-computation in the speed-up provided by RCMP.

We are primarily interested in isolating the benefit caused by the

potential reduction in the number of reducer waves during re-computation

compared to the initial stage. Reducer splitting is not used, and to

isolate the benefits of the reducer phase re-computation, no map

outputs are re-used. All mappers are re-computed.

We vary the number of reducer waves in the initial run (1, 2, 4)

by varying the total number of computed reducers (10, 20, 40) and

keeping the number of reducer slots to 1. We inject a single failure

at job 7. For the re-computed jobs all re-computed reducers (1, 2 or

4) fit in 1 wave. We present two cases, one based on the experiment

setting used so far where network speed is fast. In the other case

we simulate a very slow network by artificially introducing a 10s

delay at the end of each shuffle transfer.

The results are shown in Figure 13. If the network is the bottle-

neck, the speed-up increases linearly with the decrease in the num-

ber of reducer waves re-computed. This is because the map output

computation is insignificant compared to the bottlenecked shuffle

phase and thus each reducer wave in the initial run takes roughly
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mappers

the same amount of time to complete. In comparison, when the

network is fast, the speed-up increases sub-linearly. The reason is

that, both for the initial job and for the re-computation, there is sub-

stantial overlap between the map computation and the shuffle phase

of the first reducer wave. This causes the first reducer wave to be

more time-consuming that the rest of the waves.

6.6 Effect of re-computing various number of
mappers

In this experiment we isolate the benefits obtained from re-using

map outputs. As in the previous experiment we use the standard

environment as well as the simulation of a slow network. The x-

axis in Figure 14 is the number of map outputs persisted per job

per node. The maximum should be roughly 16 since each node is

expected to run roughly 16 mappers.

Figure 14 shows that if the network is the bottleneck, then no

matter how many map outputs are re-used there is no improvement

in speed-up. This is because finishing the map phase faster does not

decrease the time necessary to complete the network-bottlenecked

shuffle. On the other hand, if the network is very fast then the shuf-

fle finishes shortly after the last map output is computed, resulting

in a near-linear increase in speed-up. The speed-up still increases

when nodes are allowed to persist more than 16 map outputs per

job because there is variability in the number of tasks computed by

a node. Some may end up running more than 16 mappers.



7. RELATED WORK

Failure resilience for big-data jobs There is limited work fo-

cusing specifically on problems related to failure resilience for big-

data jobs. Perhaps the closest to RCMP is the work on Resilient

Distributed Datasets (RDDs) [36]. RDDs are a general purpose dis-

tributed memory abstraction for sharing data in data center appli-

cations. RDDs provide fault-tolerance by logging the transforma-

tions used to build a dataset and then using this lineage information

to guide re-computation on failures. There are several important

differences between RDDs and RCMP. First, RDDs are geared to-

wards applications that can fit most of their data in memory while

RCMP focuses on the general case where data may not fit in mem-

ory and thus needs to be written to stable storage. Second, the

lineage information allows RDDs to determine what to re-compute

on failure. RCMP also needs to determine what to re-compute but

goes beyond that and also focuses on how to re-compute. That is,

RCMP is designed to address specific challenges faced when per-

forming re-computations: maximizing resource use and mitigat-

ing hot-spots. RDD does not deal with such challenges. Third,

in this paper we quantitatively analyze the overhead of replica-

tion and the benefits of re-computation, while the work on RDDs

only briefly mentions that a checkpoint-based fault recovery mech-

anism like replication would be expensive for their experiments.

Note that RDD also mentions the term "efficient fault tolerance".

However, its meaning is completely different compared to RCMP.

RDDs are deemed to provide efficient failure resilience by compar-

ing against solutions that use shared-memory as a distributed mem-

ory abstraction which are expensive to provide failure resilience for.

In contrast, RCMP provides efficient re-computation based failure

resilience by going beyond simple re-computations. RCMP has

mechanisms that address how to perform re-computation intelli-

gently and efficiently.

FTopt [33] is a cost-based fault-tolerance optimizer that auto-

matically selects the best strategy for each operator in a query plan

in a manner that minimizes the expected processing time with fail-

ures for the entire query. FTopt focuses on three failure resilience

strategies. The first is NONE, when no special action is taken. The

second is called MATERIALIZE and is similar to replication. The

third is called CHCKPT. It allows a computation to roll-back to a

previous state, but the computation would have to re-compute ev-

erything it has done since check-pointing. FTopt does not provide

insights into the benefits and challenges of re-computation.

Re-using previously computed outputs There is also related

work on optimizing computations by leveraging outputs previously

computed by similar computations. Some big-data computations

are amenable to such optimizations because they have similarities

in computation (shared sub-computations) and similarities in input

(same input or a sliding window of the input data). The challenge

that this related work tackles is determining and maximizing the

opportunities for data re-use. While RCMP also re-uses previously

computed outputs it does not face the same challenges because un-

der failures it need to perform the same computation on the same

input. However, RCMP goes beyond data re-use and focuses on

how to best perform the computations that cannot benefit from re-

use. At a higher level, RCMP’s focus is also different. RCMP

deals with the problem of providing failure resilience for appli-

cations while prior work in this area focuses on improvements in

performance and storage utilization.

In this space, Nectar [21] is a system that automates and unifies

the management of data and computation in data centers. In Nec-

tar, data and computation are treated interchangeably by associat-

ing the data with the computation that produced it. Thus, duplicate

computations can be avoided by re-using previously cached results.

Nectar uses fingerprints of the computation and the input to deter-

mine similarity to previous runs. Nectar provides a cache server

that allows the lookup of stored entries based on the fingerprints.

To provide its functionality Nectar automatically and transparently

re-writes programs so that they can cache intermediate results and

take advantage of the cached results. ReStore [17] offers capabili-

ties similar to Nectar for workflows of MapReduce jobs.

Improving the I/O efficiency of big-data jobs By providing

ways to efficiently deal with failures when they occur, RCMP ob-

viates the need for using expensive I/O to provide proactive failure

resilience. Thus, RCMP improves the overall I/O efficiency of big-

data jobs. The related work in this area is complementary to RCMP.

It improves the I/O efficiency for different phases of a MapReduce

job. The existence of these related ideas further amplifies the need

for the benefits provided by RCMP. If all the other phases of a

MapReduce job are highly optimized, then the relative overhead

of using replication as a failure resilience strategy becomes even

higher.

Rhea [19] optimizes the map input phase for jobs that selec-

tively use input. Rhea uses static program analysis techniques to

detect which data will be accessed by a particular job. Based on

this analysis Rhea creates storage-side filters that attempt to dis-

card as early as possible the input records that the computation will

not use. ThemisMR [28] optimizes the internal execution of map

and reduce tasks. ThemisMR ensures that only the minimum num-

ber of I/O operations (a read and a write) are performed for each

record. It does this with the help of a custom memory manager that

allows it to process records completely once they are read without

resorting to swapping or writing spill files. ThemisMR also incor-

porates I/O optimizations designed to minimize seeks and deliver

near-sequential disk I/O to applications. Camdoop [15] optimizes

the shuffle phase by performing in-network aggregation.

8. CONCLUSION
We presented RCMP, a system that uses re-computation as a

first-order failure resilience strategy for big-data analytics. RCMP

is geared at efficiently executing multi-job I/O-intensive MapRe-

duce computations. It leverages previously persisted outputs to

speed-up re-computed jobs and during re-computations it ensures

that performance bottlenecks are mitigated. During re-computations,

RCMP can efficiently utilize the available compute node paral-

lelism and can mitigate hot-spots. Experimentally, we showed that

compared to using replicatio, RCMP provides significant benefits

when failures are not present, while still finishing multi-job compu-

tations comparably or faster under single and double storage data

loss events.
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