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Education
2013 - 2018 PhD in Computer Science University of Massachusetts, Amherst MA
2013 - 2016 MS in Computer Science University of Massachusetts, Amherst MA
2010 - 2011 MS in Applied Mathematics Northwestern University, Evanston IL
2006 - 2010 Dual BS in Applied Mathematics Northwestern University, Evanston IL

and Mechanical Engineering

Relevant Experience
09/13 - Now Research Assistant UMass CICS - Autonomous Learning Lab

Conduct research with Professor Mahadevan on optimization, equilibration,
multi-agent learning, reinforcement learning, deep learning, and modeling.
• Identify and characterize equilibria in non-monotone variational inequality

games (with applicability to GANs). [Master's Thesis]
• Design a novel semi-supervised VAE for the unmixing of spectral data trans-

mitted from the Curiosity rover and satellites on Mars. [NIPS AABI '17]
• Develop a learning model for context dependent cognition inspired by the

path integral formulation of quantum mechanics.
05/18-08/18 Applied Scientist Intern Amazon Web Services—AI Algorithms (Sagemaker)

Automate the discovery of user desired topics with advanced deep learning
techniques. Mentored by Bing Xiang, Ramesh Nallapati, and Ran Ding.
• Designed a semi-supervised Neural Topic Model (NTM) that can align to

user desired topics given weak supervision.
09/17 - 12/17 Teaching Instructor UMass Undergraduate Artificial Intelligence Course (CS383)

Teach 105 undergrads AI —Text: Russell & Norvig.
• Prepared 25 lectures with slides, 6 homeworks, 1 midterm, and 1 final exam.
• Instructed students twice weekly in 1 hr 15 min class + office hours.
• Delegated duties to 2 TA’s and 2 undergraduate graders.

06/16-02/17 PhD Data Scientist Intern Adobe Research (Big Data Experience Lab)
Automate data cleansing through meta-learning and metric learning under
guidance of Georgios Theocharous and Mohammad Ghavamzadeh.
• Designed a system that intelligently recommends effective data cleansing

procedures for new machine learning tasks.
• Oral @ IAAI’17—”Automated Data Cleansing through Meta-Learning”.

Spr 15 & 16 Teaching Assistant UMass Graduate Machine Learning Course (CS589)
Assist Professor Marlin in teaching graduate level Machine Learning.
• Prepared and graded assignments for regression, classification, and

unsupervised tasks performed on UCI and other datasets.
• Assisted students in understanding course content and assignments during

weekly office hours.
06/15 - 09/15 Program Assistant UMass Research Experience for Undergrads (REU)

Facilitate the progress and development of 17 undergrads through a summer
research training program in data science.
• Helped teach standard data science practices for Data Science Bootcamp.
• Invited and scheduled speakers for weekly lunch seminars.

Last Updated on 1st February 2019

Address
Northampton, MA

01060

Tel & Skype

Mail
@

gmail.com
imgemp@

cs.umass.edu

Web Links
umass.edu/imgemp
github.com/imgemp

linkedin.com/imgemp
scholar.g*.com/imgemp

Programming
Recent:

Python • Theano
Tensorflow • MXNet

Past 5 Years:
Matlab • Typescript

Go • SQL • VBA

Coursework
Computer Science

Machine Learning
Artificial Intelligence

Graphical Models
Deep Learning

Interactive Learning
Optimization

Approx & Comb Opt
Algorithms

Applied Math
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Dynamical Systems

Optimal Control
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09/07 - 06/10 Research Assistant NU Research Training Group
Tackle problems in the life sciences as part of Northwestern University’s in-
terdisciplinary, NSF-funded Research Training Group.
• Derived morphological models for the fruit fly ocular cell structure based on

minimizing surface energy functionals.
• Simulations of both wild type and mutant structures with Surface Evolver

validated “recycling” model over “destruction” model.
Sum 08 & 09 Research Assistant University of Texas Medical Center

Perform experiments, construct simulations and assist doctoral and post-
doctoral students in the lab of Professor Heidelberger.
• Collected Ca2+ potentials of neurons in vitro under microscope. Automated

data analysis with IgorPro procedures (2008).
• Implemented Monte Carlo Markov Chains in Matlab to simulate vesicle re-

lease of neurotransmitters in goldfish retinal neurons (2009).

Work Experience
08/11 - 07/13 Project Management Consultant Capgemini US LLC

Manage various phases of the software development life cycle through project
tracking, reporting, and planning as a staff consultant in Capgemini’s Enter-
prise Architecture & Integration Services Line.
• Traveled weekly to work with a variety of clients around the U.S.
• Tracked and advised a nationwide software+hardware installation

schedule according to resource and time constraints.
• Designed an Access database driven excel report with VBA.
• Facilitated meetings, managed staff resources, organized project tracking,

and assisted in testing for mobile and web apps.
• Trained in software development processes, rapid design and visualization,

and programming languages during an extended onboarding in Mumbai,
India.

08/10 - 12/10 Office Assistant Cardiomedix
Handle collection of revenue from cardiac monitor sales.
• Managed Medisoft billing tasks including filing insurance claims/appeals,

sending patient statements, and posting deposits.
• Mediated between patients, doctors, and nurses to maintain a smooth flow

of communication and customer satisfaction.
• Functioned as an office consultant for complex billing issues despite mini-

mal training in an understaffed billing department.

Honors & Leadership Roles
2017 UMass CS Graduate Student Representative
2014 - Now UMass CS Social Committee Member
2015 Fall Intramural CS Flag Football & Volleyball Captain
2013 Awarded 1 of 10 Royal E. Cabell Fellowships to NU's PhD program
2010 Inducted into National Honorary Fraternity for ME (Pi Tau Sigma)

Talks
PSIDA (04/18)

IAAI (02/17)
SciX (09/16)
AAAI Spring

Symposium (03/15)
AAAI Computational

Sustainability
Workshop (01/15)

AAAI Fall Symposium
(11/14)

UMass Machine
Learning & Friends

(09/14)

Posters
aCollege	  of	  Informa-on	  and	  Computer	  Sciences,	  University	  of	  Massachuse<s,	  Amherst,	  MA	  

bDepartment	  of	  Astronomy,	  Mount	  Holyoke	  College,	  Hadley,	  MA	  

*I.	  Gempa,	  I.	  Durgukara,	  D.	  Dyarb,	  M.	  Parentea,	  A.	  Saranatha,	  S.	  Mahadevana	  

*corresponding	  author:	  imgemp@cs.umass.edu	  
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Astroencoding	   :	  

What’s	  on	  Mars?	  The	  Curiosity	  rover	  and	  the	  Mars	  
Reconnaissance	  Orbiter	  (MRO)	  are	  probing	  the	  
Mar-an	  surface	  and	  transmiKng	  scien-fic	  data	  
back	  to	  Earth.	  How	  do	  we	  interpret	  data	  from	  the	  
“Red	  Planet”?	  We	  use	  state-‐of-‐the-‐art	  techniques	  in	  
deep	  learning	  to	  unravel	  these	  mysteries.	  

Results.	  We	  trained	  our	  model	  on	  data	  collected	  from	  Curiosity	  and	  under	  controlled	  lab	  condi-ons.	  Our	  
findings	  suggest	  the	  model	  is	  capable	  of	  providing	  deep	  insights	  into	  the	  composi-on	  of	  Mars.	  

Funding:	  Thanks	  to	  NASA	  RIS4E	  Solar	  System	  Explora-on	  Virtual	  Ins-tute	  and	  NSF.	  

The	  Data.	  The	  spectroscopic	  data	  is	  high	  
dimensional	  (>6000d)	  and	  the	  result	  of	  highly	  
nonlinear,	  intra-‐sample	  interac-ons	  compounded	  
by	  environmental	  &	  instrumental	  noise.	  

About	  Ian:	  I’m	  a	  4th	  year	  PhD	  student	  in	  CS	  with	  a	  
background	  in	  Mechanical	  Eng.,	  Applied	  Math,	  and	  
IT	  consul-ng.	  	  My	  research	  interests	  include	  
Op-miza-on,	  Game	  Theory,	  Dynamical	  Systems,	  
and	  Deep	  Learning.	  
-‐	  Seeking	  Internship	  Summer	  ‘17.	  Exp	  Grad	  ‘18.	  

The	  Model.	  We	  use	  recent	  advances	  in	  varia-onal	  
inference	  	  to	  simulate	  spectra,	  predict	  rock	  
composi-ons,	  characterize	  nuisances,	  and	  capture	  
uncertainty.	  

Curiosity.	  We	  compare	  the	  spectra	  generated	  by	  our	  model	  against	  
known	  spectral	  signatures	  of	  oxides	  here	  on	  Earth.	  	  Each	  peak	  in	  this	  
generated	  sample	  is	  annotated	  with	  the	  wavelength	  at	  which	  it	  
occurs	  (blue)	  along	  with	  its	  nearest	  known	  peak	  under	  Earth	  
condi-ons	  (black).	  	  Many	  of	  the	  peaks	  in	  the	  generated	  sample	  
match	  peaks	  recognized	  by	  experts.	  

Lab	  HSIs.	  By	  mixing	  three	  minerals	  together	  in	  the	  lab,	  we	  created	  a	  
large	  labeled	  dataset	  for	  simula-ng	  the	  hyperspectral	  imaging	  (HIS)	  
problem	  and	  further	  valida-ng	  our	  findings.	  The	  plot	  above	  contains	  
the	  spectra	  generated	  by	  our	  model	  corresponding	  to	  the	  three	  
minerals	  in	  our	  dataset.	  	  The	  solid	  lines	  denote	  the	  means	  and	  the	  
do<ed	  lines	  denote	  spectra	  sampled	  from	  the	  learned	  distribu-ons.	  

References:	  
VAE	  Kingma,	  Welling	  ’14	  
Black	  Box	  VI	  Ranganath	  et	  al	  ’14	  
Semi-‐Sup	  Gen	  Models	  Kingma	  et	  al	  ’14	  
Normalizing	  Flows	  Rezende	  ’15	  
NICE	  Dinh	  ‘15	  

Deep	  Semi-‐Supervised	  Genera-ve	  Models	  for	  Spectroscopic	  Data	  

Spectra
Compositions

Typical Training Results

Typical Test Results

New Training Results

Nili	  Fossae	  region	  ‘07	  
Basal-c	  rock	  (Gray)	  

Igneous	  w/	  Olivine	  (Magenta)	  
Clay	  (Blue-‐Gray)	  

Carbonate	  (Green)	  

Use	  DS	  with	  Enhancements	  
	  

Described	  Above!	  

Exploring	  the	  Dynamics	  of	  Varia>onal	  Inequality	  
Games	  with	  Non-‐Concave	  U>li>es	  

Problem:	  Varia>onal	  inequali>es	  (VIs)	  have	  been	  used	  to	  model	  a	  variety	  of	  games,	  however	  theore>cal	  
guarantees	  (e.g.	  uniqueness	  of	  equilibria)	  are	  lacking	  for	  complex	  models;	  hence	  model	  fidelity	  is	  oMen	  
sacrificed	  for	  simplicity.	  	  How	  might	  we	  preserve	  model	  fidelity	  while	  s>ll	  ensuring	  a	  tractable	  analysis?	  

Dynamical	  Systems	  (DS):	  Equivalence	  of	  VIs	  with	  DSs	  allows	  the	  adop>on	  of	  alternate	  theory	  and	  
algorithms	  for	  analyzing	  more	  complex	  games.	  

Algorithmic	  Enhancements:	  Monte	  Carlo	  sampling	  for	  large	  strategy	  sets	  (e.g.	  many	  players)	  faces	  the	  
curse	  of	  dimensionality.	  How	  can	  we	  combat	  this?	  

Case	  Study	  –	  Cloud	  Services	  Economy:	  Cloud	  Service	  Providers	  (e.g.	  Amazon,	  MS,…)	  compete	  for	  
customers	  (businesses,	  students,	  …)	  in	  order	  to	  maximize	  profits.	  

Conclusion:	  	  
Model	  simplifica>on	  is	  only	  one	  route	  to	  construc>ng	  tractable	  VI	  models	  of	  games!	  The	  described	  
machine	  learning	  pipeline	  allows	  us	  to	  answer	  interes>ng	  ques>ons	  of	  complex	  models	  capable	  of	  
incorpora>ng	  more	  realis>c	  proper>es	  (e.g.	  nonlinear	  demand	  func>on	  above).	  

Ian	  Gemp	  
College	  of	  Informa>on	  and	  Computer	  Sciences,	  University	  of	  MassachuseVs	  Amherst	  

-‐  How	  can	  we	  find	  poten>ally	  many	  NEs?	  
Monte	  Carlo	  Sampling	  +	  IVP	  Methods	  

-‐  Which	  game	  states	  lead	  to	  which	  NEs?	  
	  Boundary	  of	  A<rac>on	  (BoA)	  Iden>fica>on	  

-‐  How	  can	  we	  characterize	  the	  stability	  of	  each	  NE?	  
	  Characteris>c	  Lyapunov	  Exponents	  (LEs)	  

-‐  How	  can	  we	  predict	  the	  NEs	  of	  unseen	  game	  states?	  
	  SVMs	  

imgemp@cs.umass.edu	  

Given	  a	  u>lity	  for	  each	  player	  defined	  over	  a	  convex	  set	  of	  
strategies,	  a	  VI	  can	  be	  naively	  constructed	  by	  concatena>ng	  
the	  gradients	  for	  each	  player’s	  u>lity	  into	  one	  vector	  F,	  and	  
defining	  K	  as	  the	  Cartesian	  product	  of	  all	  player	  strategies.	  

-‐  Unique	  Nash	  Equilibrium	  (NE)	  
-‐  Globally	  Exponen>ally	  Stable	  

-‐  Possibly	  Many	  NEs	  
-‐  Wide	  Range	  of	  Stability	  Dynamics	  

Strongly	  Concave	  U>li>es	   Non	  Concave	  U>li>es	  

VIs	  arising	  from…	  

x*

Feasible set K

x0

Varia>onal	  Inequality	   Projected	  DS	  

1.  Equip	  LE	  Computa>on	  to	  Support	  IVP	  Methods	  with	  Adap>ve	  Step	  Sizes	  
-‐  Allows	  Accelerated	  convergence	  to	  NE,	  reducing	  run>me	  
-‐  E.g.	  Embedded	  Runge-‐KuVa	  Methods	  

2.  Update	  MC	  Sampling	  Distribu>on	  using	  En>re	  Trajectory	  leading	  to	  NE	  
-‐  Updates	  Probabili>es	  of	  Much	  Larger	  Por>on	  of	  Sampling	  Space	  

(as	  opposed	  to	  just	  a	  single	  point)	  
See	  Figure	  

*Customer’s	  demand	  
consists	  of	  both	  elas>c	  and	  
inelas>c	  regions	  rendering	  
provider	  u>li>es	  non-‐
concave	  with	  respect	  to	  
service	  prices	  and	  quali>es.	  

Solving	  Large	  Sustainable	  Supply	  Chain	  Networks	  
using	  Varia9onal	  Inequali9es	  

Ques%on:	  The	  CEC1	  points	  to	  supply-‐chain	  management	  as	  a	  key	  opportunity	  for	  increasing	  
sustainability.	  	  Given	  the	  size,	  diversity,	  and	  complexity	  of	  these	  networks,	  how	  might	  we	  predict	  the	  
effect	  of	  “green”	  efforts	  on	  their	  steady-‐state	  behaviors?	  

Model:	  Varia9onal	  Inequali9es	  (VIs)	  provide	  a	  rich	  mathema9cal	  framework	  for	  modeling	  large	  networks	  
with	  numerous	  conflic9ng	  goals.	  

Algorithms:	  We’ll	  need	  fast,	  scalable	  algorithms	  to	  be	  able	  to	  efficiently	  solve	  for	  the	  equilibriums	  of	  the	  
networks	  above.	  	  Mo9vated	  by	  numerical	  methods	  typically	  used	  for	  solving	  ODEs,	  we	  propose	  new	  
algorithms	  for	  the	  domains	  discussed	  here.	  

Results:	  Our	  general	  Runge-‐KuYa	  algorithm	  scales	  much	  beYer	  than	  the	  standard	  VI	  algorithms.	  

Conclusion:	  	  
-‐  With	  VIs,	  we	  can	  model	  a	  wide	  range	  of	  large	  systems	  with	  conflic9ng	  goals	  that	  oZen	  appear	  in	  

sustainable	  networks	  (e.g.	  profit	  vs	  environmental	  impact).	  
-‐  Our	  general	  Runge-‐Ku:a	  algorithmic	  framework	  is	  capable	  of	  scaling	  with	  the	  size	  of	  these	  networks	  

to	  compute	  equilibrium	  state	  behaviors.	  
	  

Standard	  Algorithms	  

Proposed	  
Algorithm	  

The	  organiza9on	  collects	  blood	  
at	  a	  subset	  of	  poten9al	  
collec9on	  sites	  and	  delivers	  
them	  to	  demand	  points	  while	  
taking	  into	  account	  blood	  
spoilage,	  shortage	  impacts,	  and	  
surplus	  disposal	  penal9es.	  

Compe9ng	  firms	  adjust	  
their	  supply	  chain	  routes,	  
transporta9on	  modes,	  
and	  frequencies	  of	  
opera9on	  in	  order	  to	  
simultaneously	  maximize	  
profits	  and	  minimize	  
emissions.	  

Ian	  Gemp*,	  Sridhar	  Mahadevan,	  Bo	  Liu	  
School	  of	  Computer	  Science,	  University	  of	  MassachuseYs	  at	  Amherst	  

For	  the	  VIs	  associated	  with	  the	  
networks	  above,	  the	  “F”	  mapping	  in	  
VI(F,K)	  was	  constructed	  by	  
concatena9ng	  the	  gradients	  of	  the	  
Lagrangians	  for	  each	  of	  the	  firms	  
represented.	  	  In	  both	  networks,	  “K”	  
was	  defined	  as	  the	  non-‐nega9ve	  
quadrant,	  R+,	  so	  that	  all	  product	  flows	  
proceed	  “down”	  the	  network.	  

Nagurney	  and	  Masoumi	  2012	   Nagurney,	  Yu,	  and	  Floden	  2013	  

*corresponding	  author:	  imgemp@cs.umass.edu	  

1Commission	  for	  Environmental	  Coopera9on	  (CEC).	  Des4na4on	  Sustainability:	  Reducing	  Greenhouse	  Gas	  Emissions	  from	  Freight	  Transporta4on	  in	  North	  America.	  

Blood	  Banking	   Freightage	  Network	  

http://www.northwestern.edu/newscenter/stories/2007/06/grants.html
https://med.uth.edu/ibp/faculty/ruth-heidelberger/


Course Projects
11/15 - 12/15 Deep Learning with Runge-Kutta UMass Deep Learning

Compared various embedded Runge-Kutta (RK) methods against Adagrad
and Nesterov with momentum.

11/14 - 12/14 WeTube UMass Systems
Designed a P2P system in Go for watching YouTube videos synchronously
across machines.

09/14 - 10/14 Browser Python Interpreter UMass Systems
Wrote a Typescript program for parsing and executing Python bytecode in the
browser. [Team Project]

01/14 - 05/14 Roger the Crab UMass Robotics
Employed a combination of PD controllers, Kalman filters, FSMs, and stereo
triangulation to equip a virtual ping-pong playing bot in C++.

11/13 - 12/13 Draft Day Catastrophe UMass Machine Learning
Populated missing NFL combine data using several ML algorithms including
a novel application of manifold alignment to data boosting. [Team Project]

04/10 - 06/10 Gear Box Design NU Theory of Machines
Wrote Matlab code to minimize gear forces and volume under size, velocity
ratio, and durability constraints. [Team Project]

01/10 - 06/10 Honeycomb Truss NU Stress Analysis
Designed truss with nature-inspired “hairy honeycomb” structure for a
drastically reduced resonance response. [Team Project]

09/09 - 12/09 Lagrangian Mechanics NU Theory of Machine Dynamics
Simulated the dynamics of a spring-mass damper system sliding down a
spiral rod through automated derivation of its Euler-Lagrange equations of
motion with Mathematica.

04/09 - 06/09 Object Vibration Dynamics NU Independent Study
Designed a Matlab simulator for vibration of 2D polygons which identified
stable periodic orbits amidst intervals of chaos.
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