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Background

* Line data in scientific simulations and experiments
— Line: an ordered sequence of multi-dimensional data points

— Examples: vector field lines, white matter fibers, time series
curves
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Motivation

* Challenges to visualize large line data

— Visual clutter, clustering first, then visualizing

— Large data, using a parallel machine to handle heavy workload
* Our contribution

— A parallel design of model-based clustering for categorizing and
visualizing large line data with multiple CPUs and GPUs
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Model-based Clustering

* What is model-based clustering

— Assume that data can be divided into K groups, and each
has a probabilistic model to describe the data within it

— Recover model parameters from data
— Assign a data object to a cluster with highest probability

 Why is model-based clustering
— Cluster lines of different lengths
— Process large data efficiently

 Model-based clustering of line data
— Polynomial regression model

— Recover model parameters using Expectation-Maximization
algorithm



Parallel Model-based Clustering

* Distribute line data to multiple compute nodes

— Keep workload balanced and minimize
communication costs between compute nodes

— Use a sorted balancing algorithm to ensure the total
number of data points on each compute node roughly
the same

* Preprocess line data on each compute node
— Smooth and sample local lines on each compute node
— Use GPUs to accelerate the preprocessing



Parallel Model-based Clustering

* Cluster lines using multiple CPUs

— On each compute node, Initialize K component
model parameters

— lterate between two steps

* Expectation step: on each compute node, estimate local
lines’ probabilistic membership in different clusters

* Maximization step: on each compute node, calculate the K
model parameters globally

— Assign each local line to a cluster with highest
membership probability on each CPU node



Experiment Settings

Cluster: 8 computer nodes, each node contains

— One Intel quad-core 3.00GHz CPU with 4GB of memory
— One NVIDIA GeForce GTX 285 GPU.

* Datasets:

— 10,000 streamlines from the vector field of a solar plume simulation

— 1,000,000 time series curves correlating multiple variables
generated from a combustion simulation

Data set Number of lines Number of computer nodes
8
X X

1 solar plume 10,000 X X X
2 combustion 10,000 X X X X X X X X
3 combustion 100,000 X X X X X X X X
4 combustion 1,000,000 X X X X X

Table : Setup of experiments. Entries marked with “x” represent experiment runs.



Clustering Performance Results
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Visualization Results

Visualization of the streamlines generated from the solar plume velocity vector field. (a) shows the overview of all
10,000 streamlines. (b)-(i) show the eight different groups of streamlines.



Visualization Results
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Visualization of the time series curves relating two variables, mixture fraction (the red axis) and
temperature (the green axis), in the combustion simulation. (a) shows the overview of all
100,000 time series curves. (b)-(o) show the fourteen different groups of time series curves.



Conclusion and Future Work

* Our approach clusters large line data with
multiple CPUs and GPUs

— How to distribute the line data for balanced workload
— How to effectively preprocess line data in CUDA

— How to devise and implement the regression model-
based clustering in MPI

e Future work:

— Conduct clustering in situ and compress lines as much
as possible

— Visualize high dimensional lines
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Questions or Comments?

Thank You!



