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ABSTRACT
With ongoing improvement of computational power and memory
capacity, the volume of scientific data keeps growing. To gain in-
sights from vast amounts of data, scientists are starting to look at
Big Data processing tools like Apache Spark. In this poster, we ex-
plore Thrill, a framework for big data computation on HPC clusters
that provides an interface similar to systems like Apache Spark but
delivers higher performance. Using Thrill, we implemented several
operations to analyze data from plasma physics and molecular dy-
namics simulations. Those operations were implemented with less
programming effort than hand-crafted data processing programs.
The preliminary analysis results have been verified for correctness
by domain scientists at LANL.
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1 INTRODUCTION
The challenge of Big Data has expanded from traditional business
intelligence to scientific research. Scientists need to put greater ef-
fort into processing and analyzing their data for scientific discovery.
However, current state of the art practices are far from ideal. For
example, at LANL, scientists studying molecular dynamics have to
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process thousands to millions of data files by serial scripts. Other
scientists studying plasma physics have to develop and maintain
parallel MPI programs to analyze their data with great effort. Re-
lated works like [4, 5] showed, it would greatly improve scientists’
productivity if a general purpose, high level, distributed parallel
data processing framework is available.

Thrill[3] is a recently developed parallel data processing C++ li-
brary that aims to introduce high level programming interfaces and
declarative programming style into high performance computing
communities to facilitate data processing and analysis. The declar-
ative style enables the Thrill library to optimize parallel operations
by pipelining and chaining operations.It also introduces a more
succinct programming style similar to Apache Spark and other data
flow languages.

The goal of this poster is to explore how a declarative language
paradigm can be used to solve big data scientific problems and how
this approach can be more efficient (in terms of less time spent cod-
ing and debugging) than creating ad hoc analysis programs. Using
the Thrill library, we implemented time series analysis for Accel-
erated Molecular Dynamics (AMD) simulations[2], K-means clus-
tering of AMD states, and particle trajectories for plasma physics
simulations [1]. The correctness of our results were verified by
the scientists. The scaling studies show that to some extent, our
implementations also have a strong scalability.

2 METHODS
The Thrill library distributes data into distributed immutable arrays
(DIAs). It provides scalable algorithmic primitives such as Map,
ReduceByKey, Sort and Join to operate on DIAs. Essentially, DIAs
are equivalent to tables in relational databases and algorithmic
primitives are equivalent to SQL and data flow (Spark) operations.

2.1 Molecular Dynamics
2.1.1 Query of the Time Series. Scientists provided us with mil-

lions of state-files from the Accelerated Molecular Dynamics (AMD)
simulations[2]. Each state file contains coordinates of hundreds of
atoms. AMD simulations also produce trajectory files to describe
the sequences and durations of each state.

The steps to query the time series of potential energy in Thrill are
as follows: we firstMapped a function that uses the LAMMPS library
to calculate the total potential energy (PE) per state to each state
file in order to get a DIA of {state_id, potential_energy}. Similarly
we used Map and PrefixSum to create a DIA of {state_id, time} from
a trajectory file. Then we used Join to get the final time series
of potential energies (PEs). Figure 1 illustrates the entire flow of
operations to query the time series.
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Figure 1: Querying the time series of the total potential en-
ergies per state.

2.1.2 K-means clustering of AMD states. To find out clusters
of similar AMD states, we Mapped a function that uses LAMMPS
to calculate common neighbor analysis (CNA) features for each
state. This operation created a DIA of states characterized by a
6-dimensional CNA-feature vector {state_id, cna1, cna2, cna3, cna4,
cna5, cna6}. By sampling k random centroids initially, we iteratively
applied Map and ReduceByKey to the above DIA of CNA-feature
vectors to update the centroids and members of every clusters later.

2.2 Particle Simulation
2.2.1 Particle Trajectories. The Vector Particle in Cell (VPIC)

simulation studies particle accelerations within magnetic fields
in plasma physics[1]. Trajectory analysis of position(where) and
time(when) of the most energetic particles can help scientists to
understand what causes the acceleration and use this information
for further applications. To get trajectories of the topm energetic
particles, we used extra Sort by energy on the last time step to get
particle_ids. Then we used Filter to all time steps to extract those
particles of interests. The trajectory plots are omitted here because
of the space limits.

3 EXPERIMENTS AND RESULTS
We conducted the following experiments on the scaling partition
of the Darwin cluster at LANL. Each node has 36 cores of Intel
Broadwell E5-2695 CPU with 2 hyperthreads and 125 GB memory.
The cluster is connected by InfinityBand EDR.

We first verified the correctness of our Thrill implementation.
Figure 2(a) and figure 2(b) illustrate the time series and K-means
clustering respectively of the AMD states. Figure 2(a) shows the
time series of states and their potential energies describe system
transitions and the shape of potential energy surfaces. Figure 2(b)
shows clustering that groups similar states based on their CNA
characteristic. From the VPIC simulation data, we got the position
and time trajectory of the particle with the highest energy. Due to
the space limits, we present the trajectory graphs in the supplemen-
tary materials and the poster. All the results were verified by the
scientists at LANL.

Next, we verified the scalability of the Thrill implementation.
For AMD simulations, we tested the scalability of time series and
clustering analysis from 60, 000 states up to 512 workers. For VPIC
simulations, we tested the scalability from one single 75GB HDF5
particle file that contains 2011 time steps of the movement of

(a) time series (b) K-means clustering operation.

Figure 2: (a)total potential energy show an interesting tran-
sition starting around 2 × 107 time-units. (b)Four clusters in
different colors.

1258496 particles in each step up to 1152 workers. Figure 3 illus-
trates that the Thrill implementation has some strong scalability
for both applications.

(a) AMD Scalability (b) VPIC Scalability

Figure 3: (a)Scalability for MD. (b)Scalability for VPIC.

4 CONCLUSIONS
We explored the Thrill library to process and analyze simulation
data and showed the usefulness of the declarative language para-
digm in solving big data scientific problems. This helped scientists
to analyze data with many files in a more efficient way. The ap-
proach displayed strong scalability. Our future work includes apply
the framework to other scientific data analysis.
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