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Problem Statement Results

Clustering algorithms are a fundamental part of Machine 1 Cl - f B‘ D A 1 - . HAP has shown great results when it
Learning (ML), used to extract the underlying structure of un- Large_sca e U.Sterlng Or lg ata na. YtICS . comes to deriving the underlying structure

known datasets. ML has the potential to provide meaningful . . . . . . of unknown data. When processing imag- | %

insight for large datasets. However, many traditional imple- A MapReduce Implementatlon of Hierarchical Afflmty Propagathn es, each pixel is its own data point repre- '
mentations of clustering algorithms are hindered because sented as a RGB vector. In the images

they are inefficient and incapable of handling Big Data. Thus shown to the right, HAP has performed im- "8 &

there is a need within the ML community to develop massive- 'Florida Institute of Technology, 2(_‘.eorge Mason University age segmentation. In the plots below, HAP e Il e
ly scalable and computationally efficient implementations. clustered 2-D points by distance. From left 7clusters  6clusters
to right, the sub-clusters group together in- 128 x 128 image
to subsequent hierarchical levels. 16,384 pixels
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MapReduce Design and Development

Objecti . .
]eC 1ve Our methodology for parallelizing Hierarchical Affinity Propagation (HAP) in MapReduce was motivated by viewing the major EET R B R ORI LN I I R
To develop a robust data mining framework in a cloud- update equations for HAP as tensorial mathematical constructs. The HAP algorithm can be parallelized because all updates to e
computing environment, capable of processing massive data the various tensors require only a subset of the total information provided. Therefore,
quantities for the extraction of actionable intelligence. the updates can be split into parallel jobs where each job receives the subset of data
it needs to evaluate the update.
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In our parallelization scheme, HAP is broken down into three separate MapReduce > LB 200 pelis o & CESslE (DS iers

jobs. The first job handles updating p, ¢, and t. The second job handles updating «
At d Glance and . These first two jobs loop for a set number of iterations. At the end of the itera-

tions, the final job extracts the cluster memberships on each level. ; Future W()rk

In the figure on the right, the tensors have been stacked to show how the indices | |
line up in the parallelization scheme. The yellow strips on the left represent infor- The ﬁr\a| goal for this
mation being passed to mappers, one strip per mapper. The information is then project is to use the clus-

passed through reducers. The resulting output is now ready for use by the next job. parallelization Scheme ter membership assign-
ments learned from HAP

4 W A in combination with se-

mantic metadata mined

Comparisons / Benchmarking from the input data to

create a semantically rich, e
Hierarchical Atfinity Propagation vs. Hierarchical K-Means interactive user environ- mageof User nterac
ment. In order to attain the
5 i e e metadata, the input data must be preprocessed. For exam-
Mrjj,?i?,gaﬂﬂ?mn,?e?’ma o T & SEEEHEE AT Benchmark HAP HK-Means Runtime of HAP vs. HK-Means ple, sentiment analysis can be used for text, texture analysis
) 5 small’ Cluster Runtime 320m 270m ] —e=HAP can be used for images, etc. Because HAP is an unsupervised
amazon (a a]a) BN Big" Cluster Runtime 53m >26m L, 295 = Undistributed HAP algorithm, the goal is to gather as much information as possi-
webservices™ WA = L Z, ""“ . . ' - HiMeans ble from preprocessing. This simulation of a user interface
Runtime Speedup (minutes) 300m 45m Undistributed HK-Means : . . :
276 shows how our solution can present meaningful information
Runtime Speedup (%) 94% 16%

about an initially unknown dataset in an easy-to-use, easy-to-
Undistributed Runtime 59m 146m

HierarChical Afflnlty understand, portable, and scalable web interface.
Runtime Plateau 20m 225m

Visualize

Time (min)

t: 1 AWS ECU, #: 80 AWS ECU

Propagation
Hierarchical Affinity Propagation is an efficient, paralleliza-
ble exemplar-based clustering algorithm, used to extract the

It is apparent from the table above and the figures to the right References
that HAP consistently exceeds the performance of HK-Means. Due
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