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Abstract—In  this  paper,  we  argue  a  case  for  including  an 
interdisciplinary  course  on  computational  modeling  with  a 
focus  on  parallel  programming  across  the  undergraduate 
curriculum.  The  construction  of  computational  models  has 
become a fundamental process in the discovery process for all 
scientific disciplines, and there is little instructional support to 
enable  the  next  generation  of  scientists  and  engineers  to 
effectively  employ  massively  parallel  high-performance 
computing machines in their scientific process. We believe that 
a first course in computer programming must be followed by a 
second  interdisciplinary  course  in  computational  modeling 
with a focus on parallel programming for students across the 
undergraduate curriculum.
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I.  INTRODUCTION  

The  end  of  exponential  growth  [1]  in  the  computing 
power available on a single processing  element  has  given 
birth to an era of massively parallel computing where every 
programmer must be trained in the art and science of parallel 
programming. While the processing power available on each 
processing core may not exceed a teraflop in the foreseeable 
future,  we  expect  exascale  parallel  machines  [2]  to  be 
available by the year 2020. This has given rise to an urgent 
need for scientists that are well trained in the art and science 
of  parallel  computer  programming.  Traditionally,  such 
specialized tasks have been delegated to post-doctoral high-
performance computing researchers and computer scientists 
working  in  a  limited  number  of  specialized  parallel 
programming laboratories. However, it is now clear that the 
ubiquitous demand for parallel programming will require the 
training of undergraduate students across multiple disciplines 
(e.g., physics, chemistry, biology)  in this crucial area.

We  propose  the  introduction  of  parallel  programming 
algorithms for solving challenging but important problems in 
the  discovery,  analysis  and  validation  of  complex 
computational models across the undergraduate curriculum. 
Sitting  at  the  intersection  of  big  data,  computational 
statistics,  and  model  checking,  the  area  of  computational 
modeling  provides  a  good  choice  for  introducing 

undergraduates to the need and power of parallel computing 
in a wholesome and natural manner. 

In this paper, we will identify various topics, algorithms, 
and  learning  outcomes  that  can  be  achieved  from such  a 
course in computational modeling. As an early adopter of the 
NSF  TCPP  program,  we  endeavor  to  introduce  such  an 
elective into our undergraduate program. The University of 
Central  Florida  is  the  second-largest  university  in  the 
country,  and will  provide  an  ideal  test-bed for  the  course 
suggested  herein.  A  basic  undergraduate  course  in 
programming and  a course in calculus (currently in place) 
will serve as the prerequisites for the proposed senior-level 
undergraduate  course  for  all  science  and  engineering 
students.

Figure 1: The role of computational modeling and parallel 
algorithms in sciences and engineering.
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II. RELATED WORK

Our experience as early adopters of parallel programming 
curriculum in past  years  and continued collaboration with 
our  industrial  affiliates  has  led  to  this  approach  in 
implementing  pedagogical  strategies  in  this  proposed 
interdisciplinary course. While several other approaches for 
incorporating parallelism in undergraduate curriculum have 
been  proposed  over  the  past  two  years  [3,4],  they  have 
addressed  programming  models  in  particular.  Parallel 
programming languages, such as MPI, CUDA, and OpenMP, 
are  introduced  along  with  well-defined  problems  and 
solutions  to  enhance  the  parallel  programming  skills  of 
computer  science  students.  Instead,  our  focus  is  on 
introducing parallel computational thinking based problem-
solving techniques for real-world problems across the entire 
spectrum of the undergraduate curriculum.   

III. LEARNING COMPUTATIONAL MODELS

The  nature  of  available  data  for  building  models  has 
changed in two fundamental ways over the last century: (i) 
petabytes of data are now easily obtained using computer-
aided  data  acquisition  systems,  and  this  trend  is  going  to 
continue  in  the  foreseeable  future  [5],  as  well  as  (ii)  the 
arrival  of  structured  data  [6]  from sources  such  as  social 
networks,  biochemical  networks,  and  prices  of  financial 
instruments.  The  analysis  of  exascale  data  will  require 
algorithms  that  are  fundamentally  parallel  and  can  be 
deployed  on  upcoming  exascale  hardware.  On  the  other 
hand, the arrival of structured big data requires the creation 
of new parallel algorithms that are not simply an extension 
of  traditional  machine  learning  approaches  employed  for 
analyzing unstructured time series data.

A. Learning statistical models from big data

The  success  of  machine  learning  has  brought  smart 
recommendation  systems  into  our  daily  lives  –  news 
websites,  online  music  streaming,  web  ads,  online  movie 
rentals, and even email services use these recommendation 
systems to tailor their online presence to our own personal 
choices. Undergraduate students across the curriculum have 
had  substantial  experience  with  these  recommendation 
systems  and  can  easily  relate  to  algorithms  that  seek  to 
develop such recommendation systems from extreme scale 
data.

In  particular,  we  propose  the  teaching  of  parallel 
algorithms for learning decision trees from large data sets. A 
decision tree is a hierarchical data structure that is built using 
recursive partitioning. Each internal node in a decision tree is 
obtained by dividing the available data set into two or more 
pieces – each assigned to the children of this internal node. A 
fundamental  challenge  in  learning  decision  trees  is  the 
appropriate choice of the attribute and the split points that 
separate the data into multiple fragments.

Parallel algorithms for constructing decision trees serve 
as  good  prototypical  examples  for  distributed-memory 
parallel-data algorithms. In one approach [7], the data set is 
distributed equally among multiple slave  nodes.  A master 
node seeks to determine the optimal attributes and splitting 
strategies at each internal  node. The slave nodes assist the 
master  node  by  computing  local  class  frequencies  for 
categorical attributed, and by sorting the numerical attributed 
and exchanging split points with other slave nodes. Besides 
serving as a prototypical example for traditional master-slave 
parallel  algorithms  architecture,  the  example  will 
reemphasize  the  computational  thinking  approach  among 
undergraduate students.

B. Learning dynamical graph models from structured data

 The dramatic growth of the World Wide Web (Web) and 
the lnternet has brought the study of large, random real-life 
networks into prominence. Concepts like social networks are 
intuitively  familiar  to  most  of  our  students  across  the 
undergraduate  curriculum.  Empirical  studies  have  found 
statistical  similarities  between  the  WWW  and  Internet 
networks  and  many  other  real-life  networks,  such  as  the 
network  of  phone  calls,  genetic  regulatory  networks, 
metabolic  networks,  neural  networks,  and  various 
infrastructure networks. Viewed as large, random graphs, in 
which birth and death of nodes and edges are taking place, 
these  networks  already  enjoy  a  truly  cross-disciplinary 
following  (involving  mathematics,  statistics,  physics, 
biology,  engineering,  and  computer  science)  aimed  at 
understanding the fundamental  properties  and functions of 
various  natural  and  engineered  systems.  Thus,  we believe 
that parallel algorithms for learning such graph models from 
structured data will provide a suitable avenue for reaching a 
large cross-section of undergraduate students. 

An iterative interplay between statistical analysis of real-
world networks and probabilistic modeling will be used to 
develop dynamical models of such complex networks [8, 9]. 
The students  will  be faced  with the challenge  of  dividing 
structured  data  into  multiple  processors  for  computational 

Figure 2: Transforming data into knowledge using HPC
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efficiency, and will be exposed to the design decisions for 
implementing  parallel  algorithms  that  must  be  made 
depending  on  the  nature  of  the  network  being  analyzed. 
Topological  properties  of  the  network,  such  as  graph 
diameter, k-separators, edge density, number of clusters, will 
be used to construct  suitable partitions of the data among 
multiple processing elements.

C. Learning parameters of computational models

The  success of high-performance computing  h a s 
facilitated the  rapid development  of increasingly 
complex models  of natural and engineered  systems 
by  students  in  biology,  physics,  chemistry,  and  even 
finance.   While the  development of such models 
requires  considerable  domain  knowledge and  arguably 
little knowledge of the science of computing itself, a key 
problem in computational modeling that cuts across 
boundaries  of scientific disciplines and motivates the 
development of new massively  parallel  high-
performance algorithms is  the discovery  of  parameters  
for computational models [10].

The overall structure of computational models can 
often be obtained  from first principles  by  using 
discipline-driven  understanding and  insight into  the 
physical  system  that is being  modeled.    However, 
several components of a computational model are not 
readily obtained from first principles.  Very often, model 
designers incorporate such information in the model as 
parameters.  The  model  designer chooses these 
parameter values carefully so that the computational 
model  replicates  the  behavior  of the  natural  or 
engineered system being modeled. Thus, a key problem 
in computational modeling is the identification of such 
parameters.

Undergraduate  students  already  work  with  models  of 
varying  complexity  as  a  part  of  their  course  work  in 
computer  architecture,  electrical  circuits,  biochemistry, 
control  theory,  physics,  pricing  derivatives,  etc.  In  this 
module,  we will introduce them to the inverse problem of 
parameter  synthesis  and  demonstrate  the  power  of  even 
simple  parallelism  in  solving  the  parameter-synthesis 
problems. We will then present parallel variants of filtering 
algorithms for learning parameters of computational models. 
We will  also study the challenges involved in distributing 
parameter  discovery  methods  such  as  simulated  annealing 
and evolutionary algorithms. The focus of the discussion will 
be on the design space of parallel algorithms and the various 
choices available to a scientist while transforming sequential 
algorithms into their parallel cousins. 

D. Learning communities in complex evolving networks

Community  detection  [11,  12]  is  a  branch  of  network 
science  that  deals  with  the  characterization,  definition, 
extraction and identification of close-knit nodes in a complex 
network.  Our  undergraduate  students  are  already  familiar 
with the intuitive notion of communities from online social 
networks, and the teaching of massively parallel community 
detection  algorithms  will  provide  a  suitable  pedagogical 
framework  for  introducing  students  to  compute-intensive 

problems that may benefit from parallelism. Every node in a 
real-world network model can be associated with a closely-
knit community that naturally defines the set of nodes related 
to the given node in that network. Formally, dense subgraphs 
in the large sparse graphs are called as  communities.  The 
presence of communities in graphs has been studied [11] and 
algorithms have been investigated to identify communities in 
static  graphs.   In  many  of  these  problem  instances,  the 
immutable social network itself may be replicated on every 
processing element or reside on a shared memory resource. 
For example, in the case of community identification, where 
we are interested in the community to which a given seed 
node  belongs,  a  large  complex  network  can  reside  in  the 
shared memory, and the processing elements can act upon 
this  network  with different  seed  nodes  to  extract  relevant 
communities.  The  distributed  processing  and  systematic 
approach tackles the dynamicity of the network.

IV. MODEL SIMULATION

Algorithms  for  model  simulation  provide  a  natural 
avenue for the use of high performance computing platforms 
and  algorithms.  It  has  been  our  observation  that  trivial 
parallelism  by  replicating  the  simulation  of  a  stochastic 
model among multiple processors is routinely used by our 
students across the undergraduate curriculum. Because of the 
simplicity of the approach and the lack of training in more 
sophisticated  parallel  programming  methodologies,  this 
continues to be used by doctoral students and post-doctoral 
researchers  in non-informatics  disciplines.  In  the proposed 
course, we will focus on simulation algorithms that enable 
our  students  to  perform  a  more  fine-grained  parallel 
simulation of computational models.

A. Parallel simulation of ODE models

The use of single-program multiple-data parallelism for 
accelerating  the  solution  of  the  initial-value  problem  has 
been studied in literature, and is available as readily usable 
software from a variety of libraries. The numerical solution 
to  the  initial  value  problem  for  ordinary  differential 
equations(ODE) provides  opportunity  for  parallelism  at 
several levels: (i) ODE systems render themselves to parallel 
computation of the values of multiple differential variables 
on  shared-memory  parallel  architectures  like  CUDA,  (ii) 
sparse  ODE  systems  where  variables  evolve  at  multiple 
scales  render  themselves  to  further  parallelism  based  on 
optimistic  look-ahead,  (iii)  adaptive  algorithms  where  the 
step-size may need to be computed further  benefit  from a 
parallel exploration of the right step size.

The  parallel  simulation  of  ODEs  has  produced  two 
outstanding  successes:  (i)  powerful  circuit  simulators 
capable  of  simulating  ASIC  designs  [13],  and  (ii) 
biochemical simulations ranging to whole-cell models [14]. 
This  has  happened  despite  the  theoretical  challenges 
involved in parallelizing arbitrarily explicit one-step methods 
and implicit Runga-Kutta methods. The use of the details of 
the model to gain insight into the inherently parallel nature of 
the simulation of circuits and biochemical  models,  despite 
the negative theoretical  results,  will  provide an interesting 
insight for our undergraduate students. 



B. Parallel simulation of CTMCs

Several  interesting  models,  including  those  in 
computational  systems  biology  and  protocol  design,  are 
described  by  continuous  time  Markov  chains  (CTMCs). 
Various  stochastic  simulation  algorithms,  including  the 
Gillespie simulation [15], are used to explore the behavior 
of  such  stochastic  models.  Every  step  of  the  simulation 
algorithm is expensive, and requires the generation of two 
random  numbers.  Further,  each  step  of  the  numerical 
simulation process must be completed before a new state of 
the model can be generated and the probability distribution 
of  the  various  events  at  the  next  step  can  be  determined 
correctly. Thus, the stochastic simulation algorithm presents 
a unique challenge to the problem of parallel simulation.

We  will  study  how  approximations  to  the  exact 
stochastic simulation algorithm can be computed that do not 
require such a tight sequential step-by-step computation of 
events [16]. In particular, we will focus on methods that can 
use  the  structure  of  the  continuous  time  Markov  chain 
model  to  identify  two  or  more  sub-models  that  can  be 
executed  in  parallel  without  substantial  communication 
bottleneck.  This  will  be  useful  in  simulating  large 
biochemical reaction systems such as whole-cell models.

C. Parallel simulation of ABMs 

Popular frameworks for Agent-Based Models—including 
NetLogo, Repast, and SPARK--are routinely used to analyze 
and  predict  the  evolution  of  complex  systems.  Several 
existing  agent-based  modeling  frameworks,  including 
MASON, provide parallel implementations based on shared-
memory parallel architecture. 

A parallel simulation [17, 18] of an agent-based model 
must respect  the synchronous execution of various agents, 
and such data coherency requires a careful synchronization 
of executing parallel processes that represent different agents 
of an ABM. Static analysis of a given agent based model can 
be used to identify independence between the evolution of 
agents,  and  the  consequent  parallel  but  synchronous 
execution of such agents. This course module will educate 
the  students  in  the  use  of  algorithm  for  identifying 
opportunities  for  parallelism  in  simulation  of  agent  based 
models.

D. Parallel simulation of SDEs

Stochastic differential equations are used in a number of 
applications,  including  computational  finance,  cyber-
physical systems, and biochemical modeling. In this module, 
we will  explore  the  use  of  GP-GPUs for  accelerating  the 
solution of stochastic differential equations. In this context, 
the  students  will  explore  the  use  of  GPUs  for  efficient 
generation  of  random  numbers.  We  will  then  study  the 
parallelization of Euler and Milstein discretization schemes 
using  multi-core  shared-memory  and  distributed  memory 
architectures. 

V. ANALYSIS AND VALIDATION OF MODELS

The  validation  of  computational  models  against 
experimental  observations and expert  insight is  an area of 
active  interest  across  all  disciplines  that  employ 

computational  modeling.  In  the  proposed  course,  we  will 
cover the topics of statistical and symbolic model checking 
using  high-performance  computing.  Model  checking  is  an 
area of computer science that  focuses on the validation of 
computational models against formal specifications encoded 
in temporal logics. The technique has been applied to design 
correct-by-construction  integrated  circuits,  device  drivers, 
and other software.  There is growing interest  in extending 
the area to more complex quantitative models, such as those 
used to describe cyber-physical systems.

A. Statistical model checking

A promising area for high performance computing is the 
use of statistical hypothesis testing in the determination of 
the correctness of a model with respect  to a stated formal 
specification. Because of the use of sampling methods, the 
statistical  model  checking  approach  is  readily  parallelized 
using distributed-memory parallel architectures [19, 20, 21]. 
The  verification  of  every  simulation  trajectory  against  a 
suitable  linear  temporal  logic  fragment  has  itself  been 
parallelized in a non-trivial manner. Thus, the students will 
be  exposed  to  both  trivial  and  non-trivial  kinds  of 
parallelization through this course module.

B. Symbolic model checking

The use of symbolic data structures like Binary Decision 
Diagrams,  algorithms  like  the  DPLL  based  satisfiability 
techniques,  and  theorem-proving  methods  have  also  been 
used  to  verify  the  correctness  of  computational  models 
against formal specifications.  Variants of satisfiability and 
SMT  solvers  that  can  employ  the  shared-memory 
parallelization  [22]  available  in  GPGPUs  will  be  studied. 
The  challenges  involved  in  keeping  the  learnt  clause 
database coherent but small in a distributed setting will be 
explored.  We  will  also  study  parallel  variants  of  popular 
symbolic data structures like Binary Decision Diagrams.

VI. INCORPORATING INDUSTRY STANDARD 
PROGRAMMING

One of the key challenges faced by students transitioning 
from  academia  to  industry  lies  in  adapting  to  newer 
technologies used by modern day web-based, online-centric 
companies.  The  demand  and  the  competition  have 
necessitated  the  usage  of  a  variety  of  new  and  effective 
programming  paradigms  especially  in  the  parallel 
programming  space  that  are  different  from the  traditional 
programming languages taught in school. There is no doubt 
that  learning  the  right  computing  methodologies,  data 
structures,  programming  practice  and  object-oriented 
techniques in the early stages of a career is critical. In the 
proposed course, we will ensure that the students familiarize 
themselves with state-of-the-art languages.

The  advent  of  cloud-based  technologies,  web-based 
solutions,  mobile  platforms  and  the  demand  for  social 
networking  applications  has  increased  the  usage  of 
distributed  computing  models  and  frameworks  for 
processing large data sets. The ubiquitous nature of big data 
across medical, social and marketing domains continuously 
creates  the  opportunity  for  the  usage  of  distributed 
processing  framework  such  as  MapReduce.  This 



programming model that has gained significant attention in 
the recent past especially amongst cloud-based architectures 
and user-centric net applications such as Twitter, Yelp, etc. is 
MapReduce  [28,  27,  26].  The  computational  demand 
dictated  by  the  processing  of  large  data  sets  has  been 
satisfied only by the usage of multi-core and multi-processor 
programming.  MapReduce  facilitates  such  large  data  set 
processing  by automatically  parallelizing programs written 
in functional style and executing them on a large cluster of 
machines. Several  improvements for this model have been 
proposed  over  the years,  and usage  has  also continued to 
grow  [25, 29, 30]. High scalability and natural  blend with 
multi-core and multi-processor programming are the stand 
out features of MapReduce.

Hadoop  is  an  open-source  implementation  of  the 
MapReduce  model  for  reliable,  scalable,  distributed 
computing  developed  and  maintained  by  Apache  [24,  31, 
32]. Several internet giants such as Yahoo, Google, Amazon, 
eBay, Netflix, etc. and numerous startups [23] have adapted 
this powerful framework. The simplistic yet powerful nature 
of the model with the software libraries that support data-
intensive distributed applications makes it  a natural  choice 
for day-to-day social networking applications.

 

VII. CONCLUSION

We  have  proposed  a  new  interdisciplinary  course  for 
teaching  parallel  computational  thinking  to  senior 
undergraduate students across the undergraduate curriculum. 
Our  proposed  course  will  provide  adequate  tools  to  our 
future  scientists  and  engineers  so  that  they  can  leverage 
advances in high-performance computing to excel in the new 
and upcoming area of data-driven sciences (See Figure 1). 
We have also summarized the key modules involved in the 
design of such a course along with their pedagogical goals in 
Figure 3. It is our belief that such a broad course that focused 
on computational  modeling will  enable a  large number of 
undergraduate students to learn the art and science of high-
performance computing in a setting that  they are likely to 
revisit in their professional life as scientists and engineers. 

Module Pedagogical 
value  in  parallel 
programming

Additional 
teaching goals

Decision Trees Distributed-
memory  Master-
slave Algorithm

Building  a 
recommendation 
system  from  big 
data  via  classical 
machine learning.

Dynamical graph 
models

Partitioning  of 
structured  data  in 
distributed 
memory 
applications.

Building models of 
structured  data. 
Theory of complex 
network models.

Parameter 
Synthesis

Trivial 
parallelism, 
parallelizing 
sequential  code, 
thinking  in  a 
parallel manner.

Use  of 
evolutionary 
algorithms, 
simulated 
annealing,  and 
optimization 
methods

Learning 
communities

Provoking parallel 
solutions to Graph 
theoretic 
algorithms. 

Modeling intensive 
biological data and 
observing 
correlation  with 
real-world data 

Parallel 
Simulation

SIMD and use of 
static  analysis 
methods  for 
discovering 
parallelism.

Simulation  of 
ODEs,  SDEs, 
ABMs  and 
CTMCs.

Model 
Validation

Parallel 
complexity, 
discrete  and 
numerical  parallel 
algorithms, cache-
coherency.

Model  checking, 
symbolic  data 
structures, 
statistical 
hypothesis testing.

Figure 3: Proposed modules and their pedagogical goals.
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