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Abstract. We evaluate how a typical ROOT High Energy Physics (HEP) analysis can be
executed on Hadoop MapReduce. We take into account several aspects and we propose a
method to perform the analysis in a completely transparent way to ROOT, the data and the
user: the goal is to let ROOT run without any modifications and to store the data in its
original format. The solutions which has been found to solve the encountered problems can be
easily ported to any HEP code, and in general to any code working on binary data relying on
independent sub-problems like HEP particle collision events. We tested the method by running
an analysis code for the top quark pair production cross section measurement with the ATLAS
experiment at the Large Hadron Collider in the CERN laboratory.

1. Introduction

In HEP as well as in many other fields, the classic and most common approach to distributed
computing is to consider the storage and the computational resources as two independent entities
(Figure 1). In this scenario applications which are data-intensive, like those taking place at the
LHC [1] experiments [2], can easily saturate the communication channels.
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Figure 1. Classic computing model and Figure 2. Hadoop MapReduce computing
communication channels. model.

Hadoop MapReduce [3] is a widely used open source software framework designed to support
data-intensive distributed applications, developed by the Apache Software Foundation and

Content from this work may be used under the terms of the Creative Commons Attribution 3.0 licence. Any further distribution
BY of this work must maintain attribution to the author(s) and the title of the work, journal citation and DOI.
Published under licence by IOP Publishing Ltd 1



20th International Conference on Computing in High Energy and Nuclear Physics (CHEP2013) IOP Publishing
Journal of Physics: Conference Series 513 (2014) 032080 doi:10.1088/1742-6596/513/3/032080

inspired by Google’s MapReduce [4] and the Google File System [5]. Hadoop MapReduce is
made of two components: the Hadoop Distributed File System (HDFS) and the MapReduce
computational model and framework, which also provides job scheduling and tracking facilities.
Its main feature is to let the storage and computing resources to overlap, allowing each node
which performs the analysis to keep a share of the data on its local storage (Figure 2). If the
nodes can operate relatively independently on their share of data and if the aggregation of the
partial results is a light task, this layout is particularly efficient and allows to avoid the risk of
saturating the communication channels, since most of the I/O is local. This feature is referred
to as data locality.

2. Related work

In the context of HEP analyses, several efforts have been spent over the past decades to optimise
the computation, including data locality. On the Grid infrastructures, and in particular on the
WLCG [2], data locality is implemented in macro zones to reduce data transfers across the
geographically distributed Grid sites. HEP analyses are usually performed using ROOT [6], and
to achieve data locality within a specific Grid site (at cluster level) is possible using PROOF [7].
This is a ROOT extension that allows to parallelise the analyses and that can optimise work
distribution for data locality. It is anyway a HEP-specific solution and as of today a HEP-specific
file system (XRootD) is required on the cluster to achieve data locality.

Hadoop MapReduce has already been partially tested for HEP analyses. In particular, J.
Ekanayake, et al [8] tested the MapReduce approach using wrapper functions to execute the
ROOQT analysis code. The data was placed in its original ROOT binary format on a network file
system so that it could be accessed without reading it via the HDFS (that, as will be exhaustively
covered afterwards, is very problematic), therefore not providing data locality at all.

As of today, there is no known way to run binary code accessing a binary data set (like ROOT
with its native data format) on Hadoop MapReduce while taking advantage of data locality, and
the present paper provides a method to make it possible.

A first attempt of a performance comparison/benchmarking of ROOT on Hadoop MapReduce
using the method proposed has ben carried out by S. Lehrack, et al. [9], for an evaluation vs.
PROOF: on a cluster with a standard and unoptimised Hadoop installation without full data
locality, it proved to be able of running ROOT only ~ 20% slower than PROOF.

3. HEP analyses and Hadoop MapReduce

The concept behind the Hadoop MapReduce model is a data-driven computation, which is
started by specifying the data files to analyse (instead of specifying how many jobs to submit, or
how many cores to reserve). Files stored on the HDFS are sliced in chunks, which correspond to
the file system blocks (typical values are 64, 128 MB, or even 1 GB). Chunks are placed across
the Hadoop cluster in a configured number of replicas (usually three) for data redundancy and
workload distribution. The MapReduce computational model consists in two logical steeps, the
Map and the Reduce. In the Map stage every chunk of a file is processed by a single Map task,
which processes it by records. A record is the smallest piece of information that the MapReduce
framework can process in one go. In the Reduce stage, the Reduce task collects the outputs from
the Map tasks, aggregating them and producing the final output (Figure 3). This operation has
to be light: Hadoop MapReduce does not even implement data locality for the Reduce tasks, as
their I/O weight is indeed supposed to be negligible in comparison to the overall analysis.

In the HEP field, in several cases the analysis can be executed independently on large sets
of data files (Map) and is finalised by aggregating a relative small number of summary objects,
like numbers and histograms (Reduce). In this case, the computational and I/O weight of the
aggregation operations compared to the analysis step are negligible, and the analysis perfectly
fits in the MapReduce model. Moreover, very often the same data have to be analysed over and
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Figure 3. The Hadoop MapReduce
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over again to finalise physics results. There is therefore a huge potential advantage by a data
locality approach within this class of analyses. In case of an aggregation step not negligible in
comparison to the analysis, a MapReduce approach may bringing only partial benefits and the
Reduce stage should be treated differently than the the method proposed in this paper.

The natural way to port a HEP analysis to the Hadoop MapReduce model would be to match
particle collision events to records in a one-to-one correspondence. Map tasks would therefore
process a chunk of the data set analysing it event by event, and the Reduce would then collect
every Map’s partial result merging them. This approach has anyway two main drawbacks:

(i) Using standard Hadoop records to represent single events (i.e. using a CSV format) would
lead to a huge amount of unnecessary 1/O reads, as a typical HEP analysis requires only a
few out of the many variables available. To select only the relevant ones without reading
all the data, a column-based approach would be more suitable.

(ii) The software for HEP analyses rely nowadays on large and complex frameworks which
are developed, maintained and used by thousands of persons over several years. The Map
stage could indeed be potentially very complex, and porting a code developed for one of
these frameworks could be very challenging and time consuming. Moreover, non-optimised
MapReduce code code can easily lead to waste consistent amounts of CPU power [10].

Other approaches should therefore be considered, and in our evaluation we take as reference
the ROOT framework, base block de-facto standard for higher level HEP analysis frameworks,
which provides a column-based storage using branches.

ROQT relies on a binary data format, and dealing with binary data sets within the Hadoop
MapReduce framework is not a simple task, as they cannot be handled in terms of chunks and
records but only in terms of set of files. Binary files cannot indeed be trivially sliced in chunks
on a size-basis, since the chunks would result in corrupted datal. Moreover, a standard (i.e.
new line-based) record delimiter, not aware of what an event is and how to read it from the
binary data, clearly does not work. A possible solution could be to use Hadoop Sequence Files.
Sequence Files are made up by merging a set of files (which can be both plain text or binary),
and their records correspond to the single files of the set. Map tasks can therefore access binary
files as the records of a Sequence File, but this approach would require an additional step of
conversion, and most importantly significant problems in terms of data locality would arise when

! Chunking a textual file on a size basis also results in “corrupted” data, as a record (line, or set of lines) can
be truncated at any point. But in this case the Map tasks are still able to read the chunk, and they can ask
Hadoop to give them the (few) missing bytes from the next chunk to reconstruct the corrupted record - this is
how Hadoop MapReduce works. In case of a binary file, the Map tasks just can’t read only a chunk of the original
file, and therefore Hadoop’s procedure to deal with truncated records would fail at the first step.
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working with HEP data sets. Sequence Files are indeed not designed to work with big files?, as
the typical HEP data files which contain a great number of events. To preserve data locality
events should be re-encoded as single binary files, and only then merged into a Sequence File.

Another important aspect to take into account is that ROOT binary data has to be accessed
not by the Java Map tasks, but from ROOT. Running a third party code on Hadoop MapReduce
without any modifications is possible via Hadoop Streaming, which allows the data to be
processed using the standard input. This approach works fine with plain text (Hadoop was
developed with text-based data formats in mind) but is not suitable for binary data. Even
Hadoop Sequence Files would therefore not be suitable. Assuming to accept modifying the
ROOT code, the data could be accessed using Java (Hadoop MapReduce’s native API) or using
C++ via Hadoop PIPES, but the problems outlined in the previous paragraph about how to
store binary data on the HDFS would be still open.

4. Method proposed

The method proposed in this paper solves all these problems. The idea is to store the ROOT
data in its original format on the HDFS, and make the Map tasks process not chunks, but entire
files. Map tasks have then to perform no actions but spawning a ROOT instance, which takes
over the analysis on the file that the Map task was originally in charge of processing. Analysing
just one file would mean having no parallelisation, but executing the MapReduce job on a set
of files will result in starting a Map task for every file of the set, running in parallel. The paral-
lelizable unit has then been raised from the chunk to an entire file, and the parallelisation moved
from a single file to a set of files. HEP data sets usually consist in several files grouped by some
criteria, so that they perfectly fit in this schema. As an example, in the ATLAS experiment
[11] computing model [12], data is stored by LHC run (~ 10° — 10° events), luminosity blocks
(~ 10* events), and only then by ROOT files, each containing a set of ~ 10? — 10* events [13].

The implementation of this solution first requires to avoid chunking of binary data files. This
can be achieved by setting the HDFS chunk size equal or greater than the file size, for each
of them. Secondly, a custom record has to be defined to allow processing a chunk (which now
corresponds to an entire file) in one go. The working schema is therefore:

one Map task = one chunk = one file = one record.

Map tasks must then let the analysis be performed by ROOT. For this purpose a Java Map task
acting as a wrapper is used, which spawns a ROOT instance. Finally, ROOT has to access the
files (chunks) to analyse from the HDFS. To allow every ROOT code to work out of the box,
the only way is to access these files from a standard file system. The only existing methods for
accessing HDFS files in this mode are to use the FUSE-DFS module, or to obtain the file in
the Map’s local sandbox before running the ROOT instance using the Hadoop command line
tools. They both work and preserve data locality®, but they have important drawbacks: FUSE
introduces a non-negligible latency and a heavy overhead (reads are ~ 20 —30% slower [14]), and
the command line tools perform an unnecessary disk-to-disk copy if the file is accessed locally.

When looking for a way of improving this situation, it has to be taken into account that
Hadoop’s Delayed Fair Scheduler can schedule the Map tasks to achieve data locality for nearly
100% of the tasks, in almost all the use-cases [15]. Therefore, how to handle the case in which
data has to be accessed over the network does not really matter, given the very limited impact,
and both the Hadoop tools and the FUSE-DFS module are suitable?.

2 In a Sequence File there is no mapping between the contained files (records) and its chunks on the HDFS.
3 If the access method is invoked from a node which has a copy of the data, then the access is done locally.
4 If the case of accessing data over the network would become not negligible, there is a third access method to
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The new data access method devised in case of data locality is to bypass the Hadoop
framework, pointing ROOT to the file on the local file system corresponding to the HDFS
file to be analysed. This is possible since the working hypotheses assure that every file to be
analysed is not chunked®, and therefore stored by HDFS into single files on the nodes’ local file
systems. The information about the availability of a local replica of the file to be analysed and
its location on the node’s local file system can be obtained from simple Hadoop tools. The entire
procedure is schematised below.

(i) The MapReduce job is started on a data set of binary ROOT data (a set of files). Since
each of these files is stored on the HDFS in only one chunk, every Map task will be in charge
of analysing one entire file of the data set.

(ii) The job scheduler takes into account the location of the files on the HDFS and assigns the
Map tasks to the computing resources maximising data locality.

(iii) Every Map task checks if on the assigned node there is a local replica available for the file
to analyse, and if so it obtains its path; otherwise it sets the path to the location of the file
on FUSE-DFS, or it uses Hadoop command line tools to copy it in the local sandbox and
sets the path accordingly. Then it starts the ROOT instance with the path just set.

(iv) ROOT starts on the given file, accessing it from a standard file system in any case, and
performs the analysis.

(v) The output is then collected by the Reduce task and merged to the final, aggregated result.

With this approach the ROOT code has to be made available to the Map tasks, by both storing
it on the HDFS as a complete self-contained package or on a network file system accessible from
every Hadoop node. If the size of the ROOT code becomes comparable with the size of the files
to analyse, since it has to be accessed by every Map task the consequent data transfer cannot be
neglected, and some kind of caching mechanism is required. A solution is for example to make
the first Map task on every node to download the code in a local shared location, where it will
be available for all the next Map tasks. Network file systems with strong caching policy would
be even better.

Map tasks’ ROOT output data can be transferred to the Reduce task by temporally storing
it on the HDFS. The locations of these temporary files are just plain text lists of HDFS paths,
which can be submitted to the Reduce task via the standard MapReduce framework. To perform
the final aggregation of the partial results, the Reduce task will act again as a wrapper for a
custom code (ROOT, a script, etc.). The latter will receive the HDFS paths of the temporary
files via standard input, one per line, as the Map tasks end. The temporary files can be accessed
by the Reduce task via one of the access methods discussed for the Map task, which in this case,
since the negligible I/O weight by hypothesis, are all suitable.

By putting the pieces together, a MapReduce job acting as a wrapper for a generic user’s
ROQT code can be easily written. Users can use it to run their own analyses by specifying the
input data set, the location of the Map code, the location of the Reduce code, and the location
where to store the output. User’s Map and Reduce code has to be prepared following just a few
guidelines: the Map must receive as first argument the file to process, its output must follow a
naming convention to be uploaded to the HDFS and to be accessed from the Reduce afterwards,
which must read from the standard input, one per line, the locations of the files to merge in the
final result.

be evaluated, the ROOT HDFS module. This module requires a custom ROOT build and to modify the analysis
code, but if it would prove to be efficient could be an alternative to consider.

5 The method can work even if the working hypothesis have not been respected, since in case of a chunked file it
can switch back on the access method for non local files, delegating Hadoop how to correctly access it.
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5. A real case: a top quark analysis in the ATLAS experiment

Order of On Hadoop
Object magnitude Type MapReduce
Event 1 ROOT data structure unknown (binary)
File 102 —10* | ROOT file, set of events | chunk, record
Lum. block 10* Dir. (set of Files) Dir.
Run 10° — 105 | Dir. (set of Lum. blocks) | Dir.
Data set 10° — 10° | Dir. (set of Runs) Dir. (input data set)

Table 1. Mapping between logical units of the ATLAS data acquisition model, their order of
magnitude, their data types and the corresponding objects on Hadoop MapReduce.

The method presented above for running ROOT on Hadoop with a MapReduce approach has
been tested on a real case, the top quark pair production cross section measurement analysis
performed by the ATLAS Collaboration. This analysis, implemented using a code named
ICToP2, follows a “cut-and-count” workflow where every event undergoes a series of selection
criteria and in the end is accepted or not. The cross section is then obtained by comparing the
number of selected events with the luminosity, the efficiency in the selection of signal events,
and the expected background events. The details of the analysis can be found in [16].

The data used for the test case was related to the top quark pair final state with a high
momentum isolated electron and has been taken with all the subsystems of the ATLAS detector
in fully operational mode, with the LHC producing proton-proton collisions corresponding to a
centre of mass energy of 7 TeV with stable beams condition during the 2011 run up to August.

Given the huge amount of data produced by the detector, ATLAS relies on a lightweight
format for final user specific analyses, named D3PD [17]. This format, which consists in flat
ROQOT n-tuples, is the most common format used for physics analyses, since it keeps only the
interesting events and information for a particular analysis (so reducing noticeably the size).

The data set on which the ICToP2 code operates is therefore a set of D3PD n-tuples of
“filtered” (interesting) events for the top quark pair production cross section analysis. The
data taking conditions described above resulted in a data set corresponding to an integrated
luminosity of 2.05 fb~!, with a size of 338.6 GB when considering only electron channel D3PDs.
According to the ATLAS data acquisition model, this data set is composed of 8830 files organised
in a three-level hierarchy. The hypotheses assumed in Section 3 are therefore fully confirmed.
The mapping between the objects involved in the ATLAS data acquisition model, their order of
magnitude, their data types, and the corresponding objects on Hadoop MapReduce are listed
in Table 1.

The Hadoop cluster used for the test case is a ten node cluster with eight CPUs per node,
with no RAID between the disks and a HDFS replication factor of two. The ICToP2 code
has been compiled without any modifications and the data set copied straightforward from its
original location at CERN Tier-0, thanks to a maximum size of the data set files of ~ 48 MB
which fits in a default HDF'S block size of 64 MB.

The analysis has been performed using a Java MapReduce wrapper for the ICToP2 code as
previously described, and worked as expected, leading to a total of 8830 Map tasks (one per
file) and an average of 883 data files analysed per node. The aggregation of the partial results
in the Reduce task was done by a simple Python script, which was in charge of summing the
number of relevant events observed in every file of the data set by the Map tasks. This sum is
computed as the Map tasks progressively end and so partial results are made available. Table 2
shows the status report from the Hadoop job tracker while running the analysis. Data locality
was observed to be achieved in all the Map tasks, which confirms the expected behaviour.
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The network overhead® by the Hadoop MapReduce infrastructure for handling this
MapReduce job has been measured to be ~ 1.17 GB. The ICToP2 code size is ~ 12 MB and,
as already discussed, each node performing the analysis has to transfer it only once. Since the
entire Hadoop test cluster have been used for the tests, the consequent total data transfer has
been of ~ 0.12 GB. Given that data locality has been achieved for all the Map tasks, and that
the data transferred from the Map to the Reduce tasks has been considered as negligible and
indirectly included in the network overhead, these values lead to a total data transfer of ~ 1.29
GB across the cluster for analysing the 338.6 GB data set. This significative result is summarised
in Table 3. For completeness, the physics results obtained have been compared with the official
ones [16], which were obtained using the same ICToP2 code, and agreement has been found.

Kind | % Complete | Num Tasks | Pending | Running | Complete Data transfers
map 48.33% 8830 | 4462 100 4268 Code 0.12 GB
Overhead 1.17 GB
reduce 16.07% 1 0 1 i}
_— Input data set 0
Total: 1.29 GB

Table 2. The Hadoop Jobtracker status

report while running the analysis. The
number of 100 concurrent Map tasks
is because the cluster was (arbitrary)
configured to run ten Map tasks per node.

Table 3. Data transfers needed to perform
the test case analysis on the 338.6 GB data
set across the ten node cluster, using Hadoop
MapReduce with the proposed method.

6. Conclusions

We evaluated how a typical ROOT High Energy Physics (HEP) analysis can be executed on
Hadoop MapReduce, and we presented a method which allows to run ROOT without any
modifications and to store the data in its original format. A user can therefore easily run
its own ROOT code, as thanks to the method presented no specific knowledge about Hadoop
MapReduce is required, and changes in the computing model are minimal. The benefits brought
by Hadoop MapReduce are fully exploited. They include data locality, which removes network
bottlenecks for I/O bound applications, a robust distributed file system, a fault tolerant job
scheduler and an excellent scalability by design. The method has been tested on a real case, an
analysis to measure the top quark pair production cross section with the ATLAS experiment,
and worked as expected: once stored, the data set has been analysed by being entirely read from
the local drives of the cluster nodes, completely avoiding data transfers over the network.

The method has already been successfully applied in another context [9], and on a cluster
with a standard and unoptimised Hadoop installation without full data locality it proved to be
able of running ROOT only ~ 20% slower than PROOF.

Possible future work includes evaluating the scalability of the method depending on the size
of the input and its comparison with other existing technologies, using optimised test setups to
obtain accurate results.
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