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Introduction. These are the mentored projects for grant CNS 1659144, REU Site: Sci-
entific Computing for Structure in Big or Complex Datasets, March 1 , 2017 and ends
February 29, 2020. The grant responds to Program Solicitation NSF 13-542, Research
Experiences for Undergraduates (REU) Sites and Supplements.
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Project: Develop an open source GPU-enabled Monte Carlo program to aid in the design
of environmentally friendly chemical solvents, Orlando Acevedo, Associate Professor of
Chemistry.

With the need for more efficient and cleaner technologies becoming increasingly im-
portant, the search for alternatives to the most costly and environmentally damaging
solvents has become an immediate priority. Conventional solvents account for the vast
majority of waste in synthesis and processing, and are generally toxic, flammable, and/or
corrosive.[1]. As such, this project allows an REU undergraduate student to participate
in our currently funded computational study [4] that seeks to gain a deeper understand-
ing into the use of ionic liquids as alternatives to organic solvents. In addition, a novel
solvent class, deep eutectic solvents, will be studied as a potential alternative to ionic
liquids.

Ionic liquids are molten salts characteristically at room temperature.[3] Different ion

combinations can dramatically alter solvent properties, including the melting point, vis-
cosity, density, electrical conductance, solvent polarity, and gas solubility.[5] In recent
years, a new family of ionic fluids called deep eutectic solvents (DES) has emerged as
an environmentally safer and relatively inexpensive alternative to ionic liquids.[6] DESs
are made by mixing together a solid quaternary ammonium salt and a hydrogen bond
donor, which like ionic liquids, often have melting points below 25 ◦C.

The REU student’s role in the project will be to help develop an open source GPU-
enabled mixed quantum and molecular mechanical (QM/MM) Monte Carlo program
for simulating these environmentally friendly solvents. We propose the creation of a
program, MCGPU (Monte Carlo on Graphics Processing Units), to take advantage of the
dramatic power of the GPU [2]. The development of open source MCGPU code should
have a large broader impact to the scientific simulation community. Most computational
software packages that incorporate QM/MM methodology are not open source and often
expensive, particularly to 4-year and masters granting colleges.
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Project: Computational Projects in Neuroscience, Vance Lemmon, Professor, Depart-
ment of Neurological Surgery; Prof. Victor Milenkovic, Computer Science; Prof. Stefan
Wufty, Computer Science.

(1) Research in next generation sequencing projects to examine changes in gene
expression in neurons after injury and during various regeneration paradigms.
The very large data sets are analyzed to examine regulatory regions such as
transcription factor binding sites and miRNA binding sites, and to predict the
regulatory cascades and key drivers. This project is with Prof. Stefan Wufty of
Computer Science.

(2) The development of ontologies and tools to mine and uncover hidden knowledge
in the original literature on neuroregeneration and neuroprotection, allowing lab-
oratory scientists to explore the literature and identify novel hypothesis for test-
ing. Students are involved in ontology building and developing ways to identify
and transfer findings from the literature to the RegenBase knowledgebase.

(3) Research to visualize, manipulate and analyze very large 3-D images from the
Miami Project Light Sheet Fluorescent, and their manipulation. These large
images are displayed in realm-time using the specialized hardware and new visu-
alization software at the UM VizLab. The project extends successful display in
to 2D to 3D using LEAP IR technology and develop algorithms for identifying
and measuring axons. This project is with Prof. Victor Milenkovic of Computer
Science.
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Project: Modeling big behavioral data, Daniel Messinger, Professor of Pediatrics, Elec-
trical and Computer Engineering, and Music Engineering.

Infants develop in the context of social interaction with parents and others. Study
of these social interactions typically involves behavioral observation using expert cod-
ing systems that rely on subjective judgements. To produce objective measurements of
infant and parent behavior, my lab employs computer vision and pattern recognition
approaches. These methods produce “big behavioral data” — fine-grained records of
expression and other movements in time. To make sense of the underlying interactive
process in these observations, we employ computational approaches such as inverse opti-
mal control and statistical approaches such as dynamic time-series models. The ultimate
goal is understanding and predicting both typical development and developmental dis-
turbances such as autism spectrum disorder (ASD). To this end, we incorporate common
genetic (e.g., dopaminergic) variants in our models of interaction and development.

Students in the lab will be exposed to interdisciplinary research at the borders of behav-
ioral science, neuroimaging, electrical and computer engineering, and human genetics.
They will continue to contribute to research topics such as the objective modeling of
early emotion expressions, the impact of common genetic variants on empathy and joint
attention development, face-to-face infant-parent interactions, the development of at-
tachment, and preschoolers’ self-segregation by gender.
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Project: Exploring Visualization in Making Sense of Ensemble Data, Mahsa Mirzargar,
Assistant Professor Computer Science.

Recent advances in scientific computing have revolutionized data production and anal-
ysis. Data-driven analysis is now an integral component of scientific and engineering
disciplines especially when computational methods or predictive simulations are used.
However, due to various sources of error and uncertainty, it is not uncommon to use
multiple outcomes of a model or simulation that are called ensembles. Various scientific
disciplines such as uncertainty quantification [4], perception [5], and visualization [2]
have demonstrated that proper analysis, summarization, and presentation of ensemble
data can significantly facilitate the knowledge-acquisition and decision making process.
The goal of this project is to provide an introduction in the state-of-the-art computa-
tional and visualization tools and techniques that are widely used invarious disciplines to
explore, find, and summarize features and structures in an ensemble. The ultimate goal
is to prepare the REU student(s) for real-world data-intensive problems and hopefully
motivate them to pursue a graduate level career in this new and demanding area.

(a)

(b)

(c)

Fig. 9. Hurricane Sandy NCEP GFS ensemble. (a) Tropical Cyclone
Guidance Project visualization [39]. (b) Data depth coloring based on
the track information as proposed in [30]. (c) Data depth coloring based
on similarity analysis using all the available attributes.

different attributes at 60 time points for each track). The small size of
this ensemble compared to its dimensionality can potentially hamper
the utility of analysis based on conventional dimensionality reduction
techniques.

6 CONCLUSION AND FUTURE WORK

In this paper, we introduced a heterogeneous or mixed-type data vi-
sualization framework based on a novel concept of similarity. We

Fig. 10. Brushing and linking can provide information about the hurri-
cane track as well as other available attributes.

employed the generic concept of the band inclusion used in nonpara-
metric statistical analysis in order to define a new concept of pair-
wise similarity. The proposed definition of similarity is quite generic
and can handle different datatypes, including multivariate points, func-
tional values, and categorical attributes. We showed that the proposed
similarity measure can be used in a spectral clustering context to detect
any potential local features such as the presence of multiple clusters in
a dataset. We also proposed a visual encoding technique that provides
different levels of abstractions for analysis and exploration of mixed-
type or heterogeneous datasets.

While the individual components of the proposed visual encoding
framework are not novel by themselves, the proposed technique pro-
vides a unified framework for the analysis and exploration of hetero-
geneous or mixed-types datasets built upon nonparametric and robust
statistics. Compared to other techniques that oftentimes can handle
only specific datatypes, the underlying analysis technique we utilized
relies on a simple concept that is well defined for different spaces.
In addition, unlike current data analysis and dimensionality reduction
techniques, the parameter involved in the proposed technique is not
a weakness, but a strength as it can show the structures in the data
progressively. We demonstrated the utility of the proposed technique
using multiple examples with various datatypes.

Some of the shortcomings of the proposed technique suggest fu-
ture lines of research. Starting from the data analysis task, the current
technique requires the exact set of attributes and the values for all those
attributes to be available for every datapoint. However, in a more re-
alistic setting, it is not uncommon to have datasets for which some of
the attribute values are missing. The definition of a band inclusion
concept that is robust to missing data is an interesting future direction.

Another shortcoming of the current technique is its scalability. The
size of the band inclusion signature can grow rapidly as the size of the
dataset grows. In such situations, one can use only subsets of random
bands to construct the signatures. This approximation can provide re-
liable information considering the close connection of the band inclu-
sion signature to the concept of data depth analysis [38]. However,
the similarity-induced layout visualization does not currently scale as
the dataset size grows beyond 1000 datapoints. The two reasons for
this shortcoming, the overlay of the nodes on top of each other and
the huge amount of edge crossing, can be alleviated with other vari-
ations of the force-directed layout that use bundling techniques [17]
to prevent clutter or by replacing the force-directed layout with other
visualization schemes that are more scalable, such as aggregation and
bundling of the clusters [34].

Finally, we employed guidelines proposed in various studies to de-
sign an effective visualization scheme [40], yet the effectiveness of
any new visualization technique should be evaluated using some type
of user-validation technique [20]. Thorough user-validation of the pro-
posed technique is of interest and is a potential future line of research,
but it is beyond the contribution and scope of the current manuscript.

(a) (b)

Figure 1. Sandy Hurricane ensemble publicly available as part of Trop-
ical Cyclone Guidance Project at NCAR [6]: (a) Direct ensemble visual-
ization, (b) Curve boxplot visualization [3] as one of the state-of-the-art
techniques that is capable of capturing and highlighting the multimodal
nature of the data.

This research experience aims to demonstrate the value of effective visual exploration to
assist experiment design, quality control of data, hypothesis testing, and overall under-
standing of data. In this project, the mentor will utilize and adopt selective stat-of-the-
art ensemble exploration and visualization techniques to study structures in ensemble
data. The datasets for this project will be selected from publicly available datasets from
UCI machine learning database (http://archive.ics.uci.edu/ml/), weather, and
hurricane forecast datasets available from NOAA (http://www.spc.noaa.gov/exper/)
and NCAR (http://www.ral.ucar.edu/guidance/) as examples of real-life datasets.
Through hands-on-experience, the students will learn concepts such as data cleaning,
statistical summarization, basic machine learning algorithms, along with their use-cases.

http://archive.ics.uci.edu/ml/
http://www.spc.noaa.gov/exper/
http://www.ral.ucar.edu/guidance/
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The mentor has previous experience in working with REU students as part of her post-
doctoral training that has resulted in a publication at International Journal for Uncer-
tainty Quantification with Ms. Hudson (REU student) [1]. Depending on the level of
familiarity and interest in analytical and software development aspects, students can
participate in the following activities:

• Using available data visualization tools to help identify and explore different
patterns in ensemble data.

• Utilizing the state-of-the-art machine learning algorithms (e.g., clustering) to
find structures in heterogeneous datasets.

• Utilize GPU programming toolkits (e.g., ArrayFire [7]) to accelerate selective set
of data exploration and visualization techniques to analyze large-scale ensemble
data.

• Working collaboratively with the mentor in building visual exploration environ-
ment to enable analysis of ensemble data.
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Project: Community attacks in GPU enabled cryptography, Burton Rosenberg, Associate
Professor Computer Science.

When deploying a cryptographic primitive, such as public-key cryptography, issues not
apparent when focused on only the mathematics or protocol, can arise through un-
intended structure appearing in the scale up. Password strength is often measured by
entropy, but this measure does not fully account for the attacker’s game — not the guess
of a particular password but the guess of some password. Other measures of entropy,
such as guesswork, account for the ensemble structure of the password data [5].

Likewise, flaws in the creation of RSA keys, which are innocuous in small datasets, be-
come fatal when the resulting community of keys is evaluated ensemble [6]. Ensemble
thinking about cryptography also reminds the algorithm designer that pre-computation
trade-offs can be rethought to provide avenues of attack when attacking the entire com-
munity rather than a single instance [1].

As a result, it is good to review cryptographic algorithms for those that might benefit
from thinking about the community of data. Among cryptographic algorithms, this
project will focus on the subfield elliptic curve cryptography, as there are several new
opportunities for speed up, for instance the use of Edwards Curves [3],[4] and Twisted
Edwards curves [2].

Project participants will write code and contribute to libraries that support GPU pro-
gramming for elliptic curve cryptography, and relate these advances to security by ap-
plying the high performance applications to the ensemble of deployed data.
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Project: Neural processing of visual scenes with large-scale deep neural networks, Odelia
Schwartz, Associate Professor Computer Science.

Visual processing in the brain has traditionally been studied with simple stimuli such as
bars of light. While a lot has been learned by this approach, neurons are highly nonlin-
ear, and it is difficult to extrapolate from studies with simple stimuli to understanding
how the brain processes complex natural scenes in the environment. Understanding
how the brain processes natural scenes has in the past been considered a barrier in the
field. However, there is exciting potential to overcome this barrier based on two recent
advances.

First, we have recently applied scene statistics models to understanding how primary vi-
sual cortex neurons process natural scenes, with particular emphasis on modeling neural
nonlinearities via unsupervised learning of a canonical computation known as divisive
normalization [1][3].Second, there has been tremendous recent progress in scene recogni-
tion in machine learning, particularly with deep convolutional neural networks [5]. Such
deep learning approaches have shown remarkable ability to explain cortical processing
in high level visual object recognition areas [4] [6].

Deep learning intriguingly benefits from divisive normalization. However, the nonlin-
earities in such models have been chosen in a fixed and somewhat ad hoc manner and
not learned from data. We propose that the brain has adopted a more optimal strat-
egy for choosing nonlinearities based on the statistical regularities of its inputs. Stu-
dents will work with models that integrate deep convolutional networks (e.g., AlexNet of
Krizhevsky et al. 2012) with our approach for learning divisive normalization. Students
will explore different versions of model, including comparisons with purely unsupervised
learning and different forms of divisive normalization [2].

More broadly, our group is engaged in testing the models experimentally, via collabo-
rations. In addition to an ongoing neurophysiology collaboration with Albert Einstein
College of Medicine, we plan to apply fMRI analysis techniques with Psychology faculty
at University of Miami, who have experience running fMRI tasks with complex visual
stimuli such as faces and other objects. Students working on this project will be able
to also interact with our experimental collaborators and thus be exposed to the broader
neuroscience field.

The machine learning is done on large-scale image databases such as Imagenet, using
Python and Matlab. For deep learning, we are working with the Berkeley Caffe and
with TensorFlow. The unsupervised learning of divisive normalization is currently im-
plemented by our group in Matlab. All the large-scale simulations require GPU.
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Project: Brain connectivity in typical and atypical development, Lucina Q. Uddin, As-
sistant Professor of Psychology.

The emerging consensus that dynamic interactions between brain regions constitute
the neural basis of cognition has made the examination of large-scale brain networks a
priority for cognitive neuroscience research. While the majority of extant studies have fo-
cused on localizing cognitive functions to specific brain regions, it is increasingly evident
that a network approach can provide unique insights into complex brain and cognitive
processes. The overarching goal of our research program is to understand the neural
bases of high-level cognitive processes. Within a cognitive neuroscience framework, our
research combines functional connectivity analyses of resting-state functional magnetic
resonance imaging data and structural connectivity analyses of diffusion tensor imaging
data to non-invasively examine the organization of large-scale human brain networks.
Current projects focus on understanding dynamic network interactions underlying cog-
nitive flexibility in neurodevelopmental disorders such as autism.

Students will be mentored on projects utilizing publicly available neuroimaging datasets
(https://www.humanconnectome.org/). In collaboration with graduate students and
postdoctoral fellows in the lab, students will learn to formulate hypotheses, analyze
neuroimaging data using open source software, create publication-quality figures, and
present results in written and oral format.

https://www.humanconnectome.org/
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