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Kasimir Gabert

Ph.D. Student iIn CSE
5t year

Advised by Dr. tmit ,atalyYrek

Research areas: Dynamic Graph Algorithms / Systems
Interned at Sandia National Labs

Worked at Sandia National Labs

M.S. CS from Georgia Tech (2012)
B.S. Math and CS from New Mexico Tech (2011)



Discovering and Maintaining Dense Hierarchies
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Goal: Uncover dense regions and
hierarchies in graphs that
continuously change

Approach: Reframe the more

effective nucleus problem into a o DBLP - WKCait < YouTibe -8 Gowal
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common core problem
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Solve this quickly and in parallel
with local algorithms
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Addressing Variabllity in Dynamic Graphs
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Problem: dynamic graph algorithms
experience significant variability In
latency and even output

This Is seen both theoretically and
empirically
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Srinivas Eswar

Ph.D. Student iIn CS
5t year

Advised by Dr. Richard Vuduc and Dr. Haesun Park
Research areas:. HPC, Matrix/Tensor Factorizations
Interned at Arm and Oak Ridge National Laboratory

Worked at Citibank

M.S. CS from Georgia Tech (2016)
B.E. and M.Sc. Computer Science and Mathematics from BITS-Pilani (2012)



Nonnegative Matrix Factorization
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Who Is who, and doing what, In CSE @ GT?

Samples of papers from the last few years.
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Srinivas Aluru

Executive Director of IDEaS
AlIAA, IEEE SIAM Fellow

HPC In biology e
Using parallel computing in bioinformatics and the oo o R\ B>
modeling and analysis of complex biological | A

systems.

Parallel Distributed Memory Construction of Suffix and
Longest Common Prefix Arrays Winner: Best

----

Student Paper oy RO
Patrick Flick Srinivas Aluru Award, SCO15 “is
Georgia Institute of Technology Institute of Technology
Atlanta, Georgia, USA Atlanta, Georgla. USA
patrick.flick@gatech.edu aluru@cc.gatech.edu
S b0 DI b o 129 ek & gone Sverviow oF: e YR Figure 4. A partial rendering of the Arabidopsis whole-genome

pproaches. S ent algorithms improved the suffix . .
% 3 -uu  Nx o * network. The illustrated network represents a union of all the

Sulfix arrays and trees are fundamental string data struce .
R ee—— g



http://bit.ly/GTCSE2020

Follow along at bit.ly/GTCSE2020

"SR! (), - #,+%60,1&.234+5.23+6#768"89.7" 1+

Mark BorOdOySky 2&%##+1&+6%&12+#147
AIMBE Fellow, RegentsO Professor

Joint with Biomedical Engineering =
Founder of the GT Bioinformatics graduate program

Bioinformatics algorithms tal
Developing algorithms for inferring genome function “
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and Mark Borodovsky <=

model (GHHM) of prokaryotic genomic sequence.
L . . "Wallace H. Coulter Department of Biomedical Engineering, Georgia Tech, Atlanta, Georgia 30332, USA; 2Gene Probe, Incorporated,
GeneMarkS-2 b self-training gene finder is a core of NCBI Atlanta, Georgia 30324, USA; *School of Computational Science and Engineering, Georgia Tech, Atlanta, Georgia 30332, USA;

g enome annot atl on p| p| | ne ( 80 5 C It a.tl ons Si nce 2 O 1 6) *School of Biological Sciences, Georgia Tech, Atlanta, Georgia 30332, USA; SDepartment of Biological and Medical Physics,
Moscow Institute of Physics and Technology, Moscow, 141700, Russia
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o An lterative Global Structure-Assisted Labeled Network Aligner

Abdurrahman Yaar Tmit V. ,atalyYrek
OEIEL On Two-Dimensional Sparse Matrix Partitioning: Modeis, Methods. School of Computational Science and Engineering School of Computational Science and Engineering
Umit V. Catadyurek, Cevdet Aykanat, Bora Ucar Georgia Institute of Technology Georgia Institute of Technology
SIAM J. Scientific Computing, 32(2):656-683, 2010. Atlanta, Georgia Atlanta, Georgia
ayasar@gatech.edu umit@gatech.edu
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ODatasensemaker,O fights bad guys| Co-director, MS Analytics | ML Area Leader
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E“Zabeth Cherry SCIENCE ADVANCES | RESEARCH ARTICLE ! "#$%

Computational modeling of cardiac arrhythmias

COMPUTER SCIENCE

Real-time interactive simulations of large-scale systems
on personal computers and cell phones: Toward

!"#$%&'&(")'*+#"’_*O_.|."/.|.O_'1& patient-specific heart modeling and other applications
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Scientific Computing at Extreme Scales
I Numerical linear algebra b design of highly parallel methods

I Scalable algorithms for computational physics B FMM and hierarchical matrices
I Quantum chemistry and materials science on GPU clusters
I Scientific machine learning B ML for scientific computing and numerical methods for ML
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Richard Fujimoto

RegentsO Professor, and allaround ninja

Parallel discrete-event simulation
Analyzing transportation systems, communication

networks, and defense systems, on machines from mobile & -
real-time platforms to supercomputers. e
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Microscopic traffic simulation tools are increasingly being employed as an integral part of modeling vehicula 5.»:d§% o ? e WA | L 4 (one way)
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2019 Distinguished Lecturer SEG
https://slim.gatech.edu/
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ML & HPC in seismic imaging .
Using DSLs, serverless Cloud Computing, Machine .[EEESSmsas
Learning, and Compressive Sensing to tackle large-
scale wave-based inversion problems.
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www.devitoproject.org  github.com /slimgroup/ JUDL.jl e

Visual workftow for j-1:maxiter

JUDI (Julia): Cloud Workflow (AWS, GCP, Azure): G conce i ianediiod WisiBiogeass
- data containers, linear operators, etc. - Event-driven imaging/FWI workflows d pred - Pr'A inv Ps ‘q
- parallelization on cluster environment - Multi-layer parallelization (Batch, MPI, OMP)

[ start )
\ )

p lsqr(J, d pred d obs; maxiter )

model.m = model.m reshape(p, model.n)

Devito (Python):
- symbolic definition of PDEs
- automatic performance optimization
- automatic generation of C code and JIT

Generated C code
- solve PDEs on various architectures

25000 20000 25000 30000

X (m)

arxiv.org/pdf/1807.03032.pdf

Architecture and performance of Devito, a system for
automated stencil computation

FABIO LUPORINImperial College London

MATHIAS LOUBOU TINGeorgia Institute of Technology

MICHAEL LANGEEuropean Centre for Medium-Range Weather Forecasts
NAVJOT KUKREJAwperial College London

PHILIPP WIT TEGeorgia Institute of Technology

JAN HTCKELHEIM|mperial College London

CHARLES YOUNTntel Corporation

PAUL H. J. KELLYmperial College London

FELIX J. HERRMANIeorgia Institute of Technology

GERARD J. GORMAMmperial College London
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Tobin Isaac

PhD (2015), UT Austin, Awarded
2016 SIAM/Supercomputing Early
Career Prize

Applled math & numerical analysis

Developing Bayesian inversion techniques for :
models governed by large, complex systems; ACM Gordon Bell Prize
atmospheric modeling and weather prediction @SC 2015
An Extreme-Scale Implicit Solver for Complex PDEs:
Highly Heterogeneous Flow in Earth’s Mantle HMG hierarchy el
pressure space discont. modal nodal proj.

Hmax Hmin plate decoupling cont. nodal high-order
~ p-coarsening high-order EE. L*-projection
N.‘,,.‘,,...u-o-"'ﬁ.“h (- | geometric trilinear FE. ;
1 81! |1 '“ﬂjvmnll“a h-coarsening decreasing #cores e
| ¥ 3 - L*-projection
l“ \ | algebraic #cores < 1000
Straln Tate ( Plasucj coars./ small MPI communicator Gisas
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Srijan Kumar
Assistant Professor, PhD (2017), Stanford postdoc
Creating a safer web for everyone

Data Science to Improve Web Safety, Integrity, and Well-  being

Inventing network science, user modeling, and machine learning m ethods to model human
behavior and improve web and social media. We develop actionable insig hts for enable efficient
decision making. Our models are used at Wikipedia, Facebook, Twitter, and Flipkart.

Web Integrity Network Modeling Health & Safety

An Army of Me: Sockpuppets in Online Discussion Predicting Dynamic Embedding Trajectory in Racism is a Virus: Anti-Asian Hate and Counterhate
Communities Temporal Interaction Networks in Social Media during the COVID-19 Crisis
Srijan Kumar Xikun Zhang Jure Leskovec
Srijan Kumar Justin Cheng Stanford University, USA and University of Illinois, Stanford University, USA . . . .
University of Maryland . Sftanford Un"]ﬁers'ty Georgia Institute of Technology, USA Urbana-Champaign, USA jure@cs.stanford.edu Caleb Zlems, Blllg He, Sandeep Som, Sruan Kumar
srijan@cs.umd.edu jececf@cs.stanford.edu srijan@cs.stanford.edu xikunz2@illinois.edu Georgia Institute of Technology
Jure Leskovec V.S. Subrahmanian s : : orii
Stanford University University of Maryland cjziems @gmail.com, {bhe46, sandeepsoni, srijan} @gatech.edu
jure@cs.stanford.edu vs@cs.umd.edu
REV2: Fraudulent User Prediction in Rating Platforms Edge Welght Predlctlon 1n Welghted Slgned | o |
Srijan Kumar Bryan Hooi Disha Makhija v National Science Foundation
Stanford University, USA Carnegie Mellon University, USA Flipkart, India Networks Q jf WHERE DISEQVERIES REQLN
srijan@cs.stanford.edu bhooi@cs.cmu.edu disha.makhija@flipkart.com Award Abstract #2027689
Mohit Kumar Christos Faloutsos V.S. Subrahmanian Srijan Kumar*, Francesca Spezzano!, V.S. Subrahmanian* and Christos Faloutsos? RAPID: Tackling the Psychological Impact of the COVID-19 Crisis
Flipkart, India Carnegie Mellon University, USA Dartmouth College, USA *University of Maryland, College Park, 'Boise State University, +Carnegie Mellon University —
k.mohit@flipkart.com christos@cs.cmu.edu vs@dartmouth.edu *{srijan, vs} @cs.umd.edu, Tfrancescaspezzano@boisestate.edu, fchristos@cs.cmu.edu
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Haesun Park

CSE Chair & RegentsO Professor
SIAM & IEEEFellow, & pianist!
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new data analysis and mining, for missing value estimation, A e i
nonnegative matrix factorization, tensor computations, E d -
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B. Aditya Prakash

Associate Professor, PhD (2012) CMU,
loves OdataO and plays théablal!

Data science and machine learning
Emphasis on solving big-data problems in networks
and sequences, motivated from high-impact oA
applications such as epidemiology, public health, A | LA W

Visualizing impact of Mobility Analysis

urban computing, the web and security. nonpharmaceutical interventions

Imported Case ii
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i) ; ience+Epi
= National Forecasts Adaptive surveillance Data Science+Epi workshop
@SIGKDD2020

Monday, June 1, 2020

w i Teaching new class in Fall 2020!
FiueThiTtinght g o‘ W ) .
P8 ST CSE 8803 EPI: Data Science for

Epidemiology
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David Sherrill

ACS, APS, AAAS Fellow
- Theoretical and Computational Chemist

i

Models and algorithms for quantum chemistry
New approximations to the Schrsdinger Equation

New algorithms for efficient implementation
The most popular open-source guantum chemistry code, Psi4

‘ I ‘ Journal of Chemical Theory and Computation
pubs.acs.org/JCTC

Psi4 1.1: An Open-Source Electronic Structure Program Emphasizing
Automation, Advanced Libraries, and Interoperability

Library APl « C++/Python Interface * External Ecosystem gg
§ <

c

PS14 -

e

@

OPEN-SOURCE QUANTUM CHEMISTRY
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Methods for computer-aided drug design
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Le Song

Razor sharp and having unbounded energy

Statistical machine learning

Nonparametric kernel methods, graphical models, time

Follow along at bit.ly/GTCSE2020

series, distributed learning, with applications in the analysis
of text, Images, networks, biological systems, & social media.
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Best Student Paper

~—SVI
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——SGD Langevin *

———@Gibbs Sampling
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(1) Logistic regression on MNIST

RMSE

@AISTATS 2016
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0.035F™-
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0.025} — SVI
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— PMD
0.02% — — 900 : : l
10 10 10 0 2 4 6 8
number of visited samples number of visited samples «10°
(2) Sparse GP on music data (3) LDA on wikipedia data

Figure 2: Experimental results on several different models for real-world datasets.
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Rich Vuduc

Professor, HPC Guru

Time, energy, power, & reliability in HPC
Developing new models for analyzing algorithms, software,
and machines under limits on seconds, Joules, and Watts.
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Hongyuan Zha

Former yahoo from Yahoo! (or rather, Inktomi)

Computational math & machine learning
Bridging scientific computing and machine learning to solve

problems in web search, text mining, and network analysis.
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Chao Zhang

PhD (2018), UIUC

Data mining and machine learning
Developing label-efficient and robust machine learning

algorithms for task support and decision making, with a focus
on text data analysis and spatiotemporal data mining.
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Xiuwel Zhang

Computational Biologist

Models and algorithms for single cell data
Developing computational tools to study mechanisms i n cell development and differentiation

We aim at understanding
Every cell the function of each cell
IS unique; using data measured from
multiple modalities of a cell

Our computational tasks:

- Cluster the cells to find new cell types while
iIntegrating multiple data types

The types of data are usually in the form of high- | | |
dimensional matrices - Infer causality relationships between genes to

understand mechanisms that control gene functions

- Develop In silico simulators which simulate realistic

data as benchmark systems to evaluate new
methods



