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Parallel Finite Element Analysis
Thanh Do, Parham Aghdasi, and Hussain AlSalem

1. Object-oriented finite element analysis toolbox

2. Python multiprocessing package

3. Parallel direct stiffness assembly

4. Parallel linear solver SuperLU
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Parallel	N-Queens	
•  Problem:	Place	n	non-conflic7ng	

queens	on	an	n	⨉	n	board	
•  Serial	Solu7on:	Depth	first	search,	

place	one	queen	at	a	7me	
•  Paralleliza7on:	Can’t	just	evenly	

divide	search	tree.		
•  Fix:	Use	Master	Worker	paradigm	

Team	2:	CHAITANYA	ALURU,	ACE	HAIDREY,	ROHIT	MURALIDHARAN	

Run7me	Improvements	

For	n	=	16,	we	saw	consistent	1mes	for	k-values	of	2	through	6,	
before	a	steep	increase	as	we	went	past	8.	

With	k	=4,	we	saw	a	steady	exponen1al	increase	in	run1me	over	
increasing	values	of	n.	

Team	2:	CHAITANYA	ALURU,	ACE	HAIDREY,	ROHIT	MURALIDHARAN	
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Parallel Stable K-means 
Jason Poulos Fadi Kfoury Emin Arakelian 

Largest Stable 
 Cluster Formation 

Similarity Scores  
for K=2 to K=9 

  

Parallel Priority-Flood Depression Filling 
For Trillion Cell DEMs

On Desktops Or Clusters

Richard Barnes
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Temgine	
The	scalable	mul/variate	/me	series	

analysis	engine	

Irregular	asynchronous	data	
feeds	

Implicit	Gaussian	fuzzy	matching	
in	frequency	domain	

Leverage	frequency-/me	domain	
duality	to	provide:	
•  Scalability	
•  Data	agnos/c	use	

Francois	BelleC	
francois.belleC@berkeley.edu	

Data feed 0 
(synchronous table)

(X, Y)

Data feed 0 
(synchronous table)

(U, V)

Select X Select Y Select U

Add((X), (Y))

Merge(Add((X), (Y)), U)

Cross-correlogram of
Merge(Add((X), (Y)), U)

AR model of
Merge(Add((X), (Y)), U)

Logical execution flow in 
Temgine

Sorted overlapping 
blocks RDD

Srandard unsorted key 
value RDD

Sorted overlapping 
blocks RDD

Fourier transform

Inverse Fourier 
transform

Solve Yule-Walker 
equation

Physical execution flow in 
Temgine

Graph	of	opera/ons	on	processes	

All	opera)ons	have	two	defini)ons:	
Time	domain	

Frequency	domain	
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Scalable	linear	model	es/ma/on	

Inver)ng	cross-correla)on	
	matrix	yields	a	linear	model	

(on	master)	

Parallelization of  Coarse-Grained 
Molecular Dynamics 

Parallelization Prospect 
•  Existing code is of  O(n2)  

•  Decomposition of  the particles on a grid 

for calculating non-bonded forces 

•  Small system size ideal for OpenMP 

Parallelization 

•  Coarse-grained model to simulate amyloid protein aggregation. 
•  Implicit representation of  solvent. 

•  Utilized to study protein thermodynamics. 

•  Faster code will enable us to reach longer timescales and hence better 

insights to understand plaque formation implicated in Alzheimer’s disease.  

F = Fbonded +Fnon−bonded +Frandom
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Danny	Broberg
Materials	Science	&	Engineering

Density	Functional	Theory
Density	of	StatesCharge	Density	Plot

…and	many	more	physically	relevant	properties

Problem:	
DFT	scales	as	o(N3)

Motivates:
Tuning	performance	of	
VASP	for	the	compute	
cluster’s	hardware

Approaches	for	optimization:
1. Profiled	 subroutines

2. FFT	optimization

3. Analyzed	parallel	efficiency	and	scaling	for	different	
methods	 of	distributing	k-points and	electronic	
bands	based	on	number	of	atoms/cores	used

i. different		FFT	
libraries

ii. block	sizes	for	
packing	data

iii. Reduction	of	
data	based	on	
symmetry

Optimization of  Quantum Chemistry 
code (VASP) on a local compute cluster

Materials
Project

Parallel Genetic Minimization Algorithm	
Convolve Physics With Instrument 
Response	

Compare The Resulting Model to Data Until Physics Makes Sense	
Josh Brown 

 UC Berkeley  
Nuclear Engineering 
Cs 267 Spring 2016 
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Parallel Tempering for reversible-jump Markov

Chain Monte Carlo

Jane Yu and Jeffrey Chan

Computer Science Division, UC Berkeley

May 5, 2016

0 / 2

rjMCMC

1 / 2
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Parallel Tempering Chains

2 / 2
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•  CHEN,JIAYUAN	KIM,BILL	QIAO,JIAN		
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Paralleliza(on	of	PaSR:	A	Par(ally	S(rred	Reactor	Model	
Byung	Gon	Song,	Jim	Oreluk,	Yulin	Chen	

Why	does	a	PaSR	ma.er?		
•  Between	two	idealized	reactors.	Perfect	reactant	mixture	(PSR)	&	no	reactant	mixture	

(PFR)	
•  Offers	alternate	testbed	for	the	evalua(on	of	certain	regimes	in	turbulent	combus(on	

•  Simula(ons	conducted	with	full	chemical	kine(cs!	
•  Directly	relevant	to	par(cle-tracking	pdf	for	transport	methods	in	mul(-dimensional	flow		
Computa5onal	Pa.ern	
“Monte	Carlo	Methods:	A	Computa4onal	Pa6ern	for	our	Pa6ern	Language”	by	Kurt	Keutzer	
•  Numerical-centric	perspec(ve,	task-centric	perspec(ve,	data-centric	perspec(ve	

1)	Structural	PaUerns	:	MapReduce	
2)	Computa(onal	PaUerns:	Dense	Linear	Algebra	

MapReduce	is	a	programming	model	which	is	conceptually	similar	to	Message	Passing	Interface	having	reduce	and	
scaUer	opera(ons.	MPI	was	more	suitable	for	our	program	because	of		following	disadvantages	of	MapReduce:	
1)  Programming	model	is	very	restric(ve	
2)  Cluster	management	is	hard	

for time = 1:end time 
 for particle = 1:number of particles 

              computation on particles 
 end  
 reduction 

end 
output 

Simplified model of the FORTRAN program 

Results	
•  28x	speed-up	on	46	processors	for	non-premixed	methane	
•  More	complex	chemical	mechanisms	are	no	longer	

intractable	and	can	be	efficiently	inves(gated	
	 CS267	 May	5,	2016	
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•  CHIOU,RICHARD		

3DUDOOHO�$OJRULWKPV�RQ�190(
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Ɣ :ULWHV�DUH�PXFK�PRUH�H[SHQVLYH�WKDQ�
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•  BEN	CORBETT		
•  LUCAS	SERVEN		
•  RUNDONG	TIAN	
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UC Berkeley Space-Bounded Recursive PDF Scheduling
Tradeoff between space and parallelism in many nested parallel algorithms. For example, consider 
inner product-like algorithms. In tall-skinny matrix multiply (below), case 3 exhibits tradeoff. Making 
the wrong choices on tradeoffs can significantly degrade performance - order-of-magnitude difference 
between tuned tradeoffs and MKL! 

Interface based on Cilk Plus hyperobjects.

Restrict dynamic allocation only happens via hyperobjects in 
order to make it tractable for the the runtime to make decisions. 
Maintain invariants from space-bounded schedulers that 
guarantee optimality for cache and running time while using 
parallel depth-first ordering to achieve good space bounds.

David Dinh
in collaboration with 
Harsha Simhadri

Implementation notes: being built using existing task scheduling framework on C++/pthreads.

Main tasks are to implement a locking doubly-linked list to store the tasks in depth-first order, and a 
way to handle online BFS/DFS decision-making.

hybrid parallelization of the high order
spectral solver to laplace equation

using openmp and mpi

Ninh Hai DO
Department of Mechanical Engineering
University of California, Berkeley
ninhdo@berkeley.edu

Abstract
High order spectral method is a powerful numerical 
method. It is, however, computation-expensive, typically to 
non-linear problem demanding a large number of 
frequency modes. We developed a sequential algorithm, 
then attempting hybrid parallelization using OpenMP and 
MPI. The strong scaling is fine to some extent while the 
weak scaling and MPI works are still in progress.

Introduction

Mathematical Formulation

Laplace equation:

Subject to:

where, 
𝜂 : elevation                                     subscript s : surface
𝜙 : velocity potential                        subscript b : bottom
,t ,s ,y : derivative w.r.t. time, x or y, respectively.
b* and k* : damping ratio and restoring force coefficients, 

respectively

Parallelization Sequential Scheme

Profiling

Conclusion
• Attempt OpenMP and MPI. There are still 

rooms for improvement.
• Works to be continued.

Figure 1. Incoming waves are 
significantly damped when 
approaching a muddy bank near 
shore, motivating the idea of an 
artificial viscoelastic wave carpet 
to extract wave energy.
A courtesy of NASA
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Validating Results
Figure 2. The developing stage 

of wave carpet necessitates 
the computational modelling 
to simulate the interaction of 

surface waves – viscoelastic 
bottom.

A courtesy of TAFLab
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Strong Scaling

Figure 3. Strong scaling of the hybrid parallelization. 
Weak scaling and MPI works are still in progress. 

Figure 4. a.b.c. Qualitative check: Wave damping over time.
d. Quantitative check: comparison of numerical vs analytical 

results produces error convergence test diagram.

Figure 5. Manual profiling produces the pie chart as above, 
indicating those processes that occupy most running time. 
Attempted Vtune Amplifier XE 2016, details in the report.

Attempt MPI

a) b)

c)d)

CS267 - Applications of Parallel Computers – Spring 2016
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Asynchronous Deep Deterministic Policy Gradient

Environment!

Replay Pool!

 Q 
network !

Update!

Learner !

Environment!

 Q 
network!

Learner!

Environment!

Learner!

Update!

Replay Pool! Replay Pool!

Minimize Loss: !

•  Challenging to perform well under parallelization 
than other standard methods of RLs !

•  Good performance:!

•  Sensitive to hyperparameters!

•  Important to use replay pool !

Results
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Distributed	Memory	Parallelization	of	Read	
Error	Correction	BayesHammer Algorithm	
Sayna	Ebrahimi

1. Constructing Hamming graph

2. Bayesian sub-clustering to find center of each k-mer's sub-cluster

3. Filter sub-cluster centers to form a set of solid k-mers.

4. Graph traversal and counting the majority vote of solid k-mers

Hamming graph* of distance 1 Error correction of a contig*

*	Nikolenko,	Sergey	I.,	Anton	I.	Korobeynikov,	 and	Max	A.	Alekseyev.	"BayesHammer:	Bayesian	clustering	for	
error	correction	 in	single-cell	sequencing."	BMC	genomics 14.1	(2013):	1.

Ɣ

Ɣ

Ɣ
Ɣ

Ɣ

Ɣ
Ɣ

2SWLPL]DWLRQ�IURP�S\WKRQ�
LPSOHPHQWDWLRQ
�!���KRXUV�

%DFWHULDO�QDWXUDO�'+)5�
0���ORRS�SURILOH

2SWLPL]DWLRQ�IURP�&���
SDUDOOHO�LPSOHPHQWDWLRQ

�XQGHU���PLQXWHV��

7LDQMLDR�=KDQJ��-HQHOOH�)HDWKHU
&6����)LQDO�3URMHFW������
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Parallelizing	Reinforcement	Learning	
Some	parallelism	is	easy	in	RL...		

…	But	bo6lenecks	prevent	high	performance	&	scaling	

A

B

C

Op7miza7on	and	experience	processing	are	done	
centrally,	(ogen	by	a	single	thread),	requiring	
significant	data	transfer	
	Ogen	poor	load-balancing	(e.g.,	exp-	
eriment	length	varies)	

Require	all	procecessors	to	equalize		
parameters	before	con7nuing	

Our	proposed	setup	

Experience	1	
Experience	2	

Experience	3	

Op7miza7on	
1	

Op7miza7on	
2	 Op7miza7on	

3	

Communica1on	

-  Each	process	performs	some	op6miza6on	locally	
-  Share	only	the	update	(or	current	parameters)	
-  Can	run	asynchronously	and	lock-free	
-  Key	ques6on:	how	to	manage	communica7on?	
	
	
	

MPI	 Shared	memory	

Allows	divergent	policies:	
-  May	improve	

explora7on	
-  Delicate	for	op7miza7on	
	
	
	

Less	communica7on:	
-  More	up-to-date	params	
-  Might	scale	worse	
	
	
	

Synchron-	
iza7on	
	cost	

Experience	1	 Experience	2	 Experience	3	 …	

…

OPTIMIZATIO
N	(update	
policy)	

2 1

3

Our	algorithms	scale	bemer,	but	performance	impact	is	unclear	
Experiment	details	
	
Hardware	
Processor:	Intel	Core	i7-5280K	
CPU	@3.30GHz	x12	
Graphics:	GeForce	GTX	TITAN	X	
Memory:	32GB	
Problem	instance	
Test	MDP:	MuJoCo	Hopper	
Total	steps	per	iter:	36.000	
Time	horizon:	1000	
Learning	rate:	0.01	
Itera1ons:	500	

Our	learning	is	ogen	faster	in	
early	itera6ons,	but	we	are	
overtaken	by	the	classical	
method	(is	hyper-	
parameter	tuning	to	blame?)	

Algorithm	performance	

All	methods	we	propose	scale	beAer.	
No7ce	scaling	worsens	ager	6	processors	
due	to	hyperthreading	on	the	machine	on	
which	we	tested	

Scaling	
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MPI Parallelization of 
AMRStencil Framework 

 

CS267 Final Project 
 

Chris L. Gebhart 
Jingyi Wang  

 

AMRStencil: 
•  Framework for a domain specific programming language 
 
Designed to facilitate: 

•  Calculations on unions of rectangles 
•  Stencil calculations 

•  Domain refinement 
 
Only functional in serial, now moving to parallel! 
 

AMRStencil 
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•  Implement a non-trivial serial code for testing 4th order finite 
volume solver for Shallow Water  

•  Rewrite key structures for MPI capability 

•  One domain patch per processor  

•  No adaptivity (spatial or temporal)  

•  Simple rectangular domain 
 
 

Progress 

Parallelization: 

•  A 40.3% percent speedup on 4 processors with respect to serial 
Huge opportunity for speedup: rework RK4 subroutine 

 

Future work: 

•  Optimize code for performance  

•  Implement multithreading via 
OpenMP  

•  Implement Adaptive Mesh 
Refinement  

Serial Code: 

•  Correctly solves simplified version of Shallow Water Equations 

Results 
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Atmospheric Simulations for Next Generation 
CMB Experiments

N. Goeckner-Wald, J. Savarit, R. Keskitalo, J. Borrill

• The next generation of CMB experiments will face 
significant data volume O(10 pB) and computation 
challenges, including the need for O(10,000) Monte 
Carlo realizations to establish systematic errors) 

• The atmosphere is a significant contaminant in data  

• Current modeling paradigms scale quadratically in 
detector number (data volume) due to large dense 
matrix eigenvalue decompositions 

• Needed: A scalable, parallel Monte Carlo noise 
generation code

Time-ordered real data 
N_detectors * Time samples

Dense pixel-pixel covariance matrix 
N_detectors * N_detectors

Eigenmode 
decomposition

Correlated 
noise model + 

MC data generation

Figure: J. Errand (arXiv astro-ph:1501.07911)

POLARBEAR CMB Experiment

Significant computational and physical challenges

• Accurate noise models contain many 
physical and computational challenges 

• Physical: Atmospheric dynamics on relevant 
scales is not constrained by existing data 

• Computational: Simulating atmospheric 
spectrum over very large atmospheric 
volumes requires an efficient 3D FFT 
operation 

• Computational: Effectively exploit shared-
memory parallelism to quickly perform many 
line of sight integrals for each time step over 
a simulated atmosphere 

• Physical: What level or realism in noise 
modeling is sufficient to capture the pixel-
pixel covariances seen in real data? 

• Computational: The need to run O(10,000) 
realizations of a single experiment containing 
O(10,000) single observations

Physically Motivated 
Atmospheric model

Line of sight integrals 
using telescope 

pointing, interpolate 
over focal plane

Based on work by J. Errand  
(arXiv astro-ph:1501.07911)
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Shot Boundary Detection  
w/ PyCuda Alex Hall 1 

3DUDOOHO�&RPSXWLQJ�IRU�
&RPPXQLW\�'HWHFWLRQ
%\��*RXWDP�0XUOLGKDU��$OSHU�9XUDO�
$ODJX�6DQMDQD�+DULEKDVNDUDQ��
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•  HEAD,ANDREW	MICHAEL		
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Hogwild!	
•  Asynchronous	framework	for	parallelizing	
algorithms	for	convex	and	sparse	problems	
–  E.g.	stochas7c	gradient	descent	

•  Ques7on:	is	convexity	necessary?	
•  Constraint	sa7sfac7on	problems	(CSP)	are	highly	
non-convex	
–  CSP	≈	sa7sfy	many	clauses;	clause	≈	logical	formula	

•  Does	Hogwild	s7ll	work	for	CSP?	

Parallel	CSP	

Heuris7c	for	solving	CSP	
1.  Start	with	an	assignment	
2.  Fix	an	unsa7sfied	clause	by	resampling	an	assignment	for	

its	variables	randomly	
3.  Repeat!	
	
Provably	works	for	sparse	instances	(Lovasz	Local	Lemma)	
	
Can	we	parallelize	in	Hogwild	fashion?	
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Parallel	CSP	with	Hogwild!	
Idea:	each	thread	fixes	
unsa7sfied	clauses	in	
parallel	
	

Sync:	provably	works	
but	need	locks	
Hogwild!:	asynchronous;	2	threads	may	try	to	change	same	variable	
	
Determinis6c:	fix	first	violated	clause		
Random:	fix	a	random	violated	clause	
Op6mized:	recursively	fix	random	violated	clauses	
	
Hogwild!	works	–	massive	scaling;	non-convex	OK	

8BG�@G77F�͈@^]d]WS^a\�77F͉


/,2-�Ǒǘ

7HUHVD�2X��:HQZHQ�-LDQJ��DQG�)UDQN�2QJ
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?^cWeMcW^]b

О ;cRaMcWeR�?D;�M]Q�c^\^UaM_VWP�W\MUW]U�aRP^]bcadPcW^]͛�

@G77F�͈@^]d]WS^a\�77F͉�Wb�P^\_dcMcW^]MZ�O^ccZR]RPY�

О 4daaR]c�c^^ZO^gRb͛

?^bc�Q^�]^c�Rg_Z^Wc�cVR�_MaMZZRZ�P^\_dcW]U�MaPVWcRPcdaRb

8^MZ

5ReRZ^_�^_cW\WjRQ�@G77F�S^a�8BG

?RcV^Qb͛�8BG�@G77F�͈@^]G]WS^a\�77F͉

䋻�;]cRa_^ZMcR�^]c^�^eRabM\_ZRQ
�����4MacRbWM]�UaWQ
䋻�AeRabM\_ZRQ�77F
䋻�5RM_^QWjR�͈_^W]cfWbR�\dZcW_ZWPMcW^]͉

О 4^^aQW]McW^]�^S�UaWQ�d_QMcRb
О 7^afMaQ�M]Q�MQX^W]c�
5�@G77F
О A_cW\WjMcW^]b͛�b_MabR�\McaWg�M]Q�SScbVWSc
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BRaS^a\M]PR

*SV�PEVKI�WGEPI�HEXEWIXW�ERH�10�XEWOW�VYR�SR�GPYWXIV��

[LEX�MW�XLI�FIWX�GSQQYRMGEXMSR�IJJMGMIRX�EPKSVMXLQ�

1MRM�FEXGL�7+(#
0&*+7��7TPEWL��'S'S%�'S'S%�

5HVXOWV�
�� 7KH�GHVFULSWLRQ�RI�HVVHQWLDO�LGHDV�DQG�DSSOLFDELOLW\�RI�DERYH�DOJRULWKPV�
�� $�FRPSDULVRQ�RI�WKHLU�WKHRUHWLFDO�JXDUDQWHHV�
�� $�FRPSDULVRQ�RI�WKHLU�SHUIRUPDQFH�RQ�&RUL�RQ�EHQFKPDUN�GDWDVHWV�

&KL�-LQ
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3DUDOOHO�5DQGRP�)RUHVWV
1LNKLO�1DUD\HQ��$OHNV�.DPNR

6HULDO�5DQGRP�)RUHVWV
Ɣ (QVHPEOH�PHWKRG�IRU�OHDUQLQJ�

DQG�FODVVLILFDWLRQ
Ɣ 0DLQ�PRWLYDWLRQ�LV�WR�WUDLQ�PDQ\�

ȆGXPE�OHDUQHUVȇ�WR�DGGUHVV�
RYHUILWWLQJ

Ɣ 01Ζ67�GDWD�VHW
ż �������LPDJHV�IRU�DOO����GLJLWV
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3DUDOOHO�5DQGRP�)RUHVWV
Ɣ 0DQ\�DUHDV�IRU�SDUDOOHOL]DWLRQ�IRU�

5DQGRP�)RUHVWV
ż 6LPXOWDQHRXV�WUHH�WUDLQLQJ
ż %UHDGWK�ILUVW�QRGH�WUDLQLQJ
ż )HDWXUH�VSOLWWLQJ

Ɣ 2XU�RSWLPL]DWLRQV
ż 8VLQJ�7KUXVW�OLEUDU\�WR�VRUW�IHDWXUH�GDWD�LQ�

SDUDOOHO

ż 8VLQJ�2SHQ03�WR�SDUDOOHOL]H�WUDLQLQJ�RI�
LQGLYLGXDO�WUHHV�DQG�QRGHV

ż 3DUDOOHOL]LQJ�ILQGLQJ�WKH�EHVW�VSOLW�DPRQJVW�D�
JURXS�RI�FDQGLGDWH�IHDWXUHV

,QLWLDO�5HVXOWV����.�VDPSOHV
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,QLWLDO�5HVXOWV����.�VDPSOHV

,QLWLDO�5HVXOWV����.�VDPSOHV
Ɣ 7KH�RYHUKHDG�RI�FRS\LQJ�GDWD�WR�WKH�*38�LV�WRR�KLJK��DV�VHHQ�LQ�WKH�

SHUIRUPDQFH�GURS�LQ�RXU�&RS\�2YHU��6RUW�&8'$�LPSOHPHQWDWLRQ
Ɣ 7KH�RYHUKHDG�IRU�RUJDQL]LQJ�GDWD�ZLWK�D�VLQJOH�*38�WKUHDG�LV�DOVR�WRR�

KLJK��DV�VHHQ�LQ�WKH�SHUIRUPDQFH�GURS�LQ�RXU�2Q�'HYLFH�6RUW�&8'$�
LPSOHPHQWDWLRQ
ż $OWKRXJK��WKLV�LPSOHPHQWDWLRQ�SHUIRUPV�VOLJKWO\�IDVWHU�WKDQ�FRS\�RYHU

Ɣ 8VLQJ�203�WR�VRUW�PXOWLSOH�DUUD\V�VLPXOWDQHRXVO\�RQ�WKH�*38�RYHUFRPHV�
WKH�RYHUKHDG�RI�FRS\LQJ�GDWD�LQWR�WKH�*38
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+\SRWKHVHV�IRU�)XWXUH�:RUN
:H�H[SHFWHG�*38�VRUWLQJ�WR�EULQJ�GRZQ�IRUHVW�WUDLQLQJ�WLPH��EXW�WKLV�
ZDVQȇW�WKH�FDVH�LQ�RXU�LQLWLDO�H[SHULPHQWV��:H�WKLQN�WKDW�ZH�REVHUYHG�WKLV�
IRU�RQH�RU�PRUH�RI�WKH�IROORZLQJ�UHDVRQV�

Ɣ 7KHUH�LV�VRPH�FXWRII�QXPEHU�RI�HOHPHQWV�EHORZ�ZKLFK�LW�LVQȇW�ZRUWK�
VRUWLQJ�ZLWK�&8'$

Ɣ 3URFHVVLQJ�VRUWHG�GDWD�DV\QFKURQRXVO\�FRXOG�VKDYH�RII�PRUH�WLPH
Ɣ 8VLQJ�PXOWLSOH�*38�WKUHDGV�WR�RUJDQL]H�IHDWXUH�GDWD�FRXOG�SRWHQWLDOO\�

VSHHG�XS�WKH�2Q�'HYLFH�VRUW�LPSOHPHQWDWLRQ

:H�SODQ�WR�H[SHULPHQW�ZLWK�WKHVH�LVVXHV�LQ�WKH�QH[W�IHZ�GD\V�

ZIPG: SERVING QUERIES ON COMPRESSED GRAPHS 

•  Distributed Graph Stores 

•  Social networks: FB, Twitter, LinkedIn 

•  Challenges: 

•  Graphs are huge  

•  Facebook: ~109 nodes, ~1012 edges, with rich attributes 

•  Graph queries are complex  

•  E.g.: “Friends of my friends who like video games” 

•  Strict performance requirements 

•  Low latency, high throughput 

•  Our Approach: 

•  Compression helps caching 

•  Decompression is expensive  

•  Execute queries directly on compressed 
representation 

•  Graph layout that is  

•  flexible, amenable to compression & can scale. 

Source Edge Type Timestamps Destinations Properties 

S1 0 T1, ..., Tn D1, …, Dn P1, …, Pn 

S2 1 T1, ..., Tn D1, …, Dn P1, …, Pn 

S3 1 T1, ..., Tn D1, …, Dn P1, …, Pn 

1.  Partition by source 
2.  Compress using Succinct [NSDI’15]; supports: 

- decompression at random offsets 
- search for arbitrary patterns w/o decompression 

3.  Distribute 

Adjacency List, augmented with properties 

Anurag Khandelwal 
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ZIPG: SERVING QUERIES ON COMPRESSED GRAPHS 

-  Datasets: 
-  twitter-2010 (social graph, 41 M nodes, 1.4 B edges, 250GB raw data)  
-  uk-2007-05 (web graph, 105M nodes, 3.7 B edges, 636GB raw data) 

 
-  Facebook’s TAO Workload (99.8% reads, .2% writes & updates) 
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Compression factor 

Takeaway: ~2x compression, with close to linear performance scaling, and 2.4 - 5x higher throughput than state-of-the-art 
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Comparison with state-of-the-art 

Titan ZipG 

2.4x 

5x 

Cache Friendly Shuffles for ML !

	
-   Goal:  Minimize sum of losses	
	

-  Idea: !
•  Go over each data point, and locally optimize.	
•  Multiple threads perform independent updates.	

loss for data point i	

min
x2Rd

F (x) =
nX

i=1

f

i

(x)

   Maximilian Lam    Horia Mania   Maxim Rabinovich	
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Access Pattern !

...
...

f1

f2

fn

x1
x2

xd�1
xd

Data Points	 Model Parameters	

-  Now: Go over data in 
random order	
	
-  Our approach: choose 

orderings that improve 
cache locality	

An experimental Result !

•  Word2Vec:  20m data points, 200 features	
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Communication*Minimization*
Under*Approximate*Correctness*

!
Ke!Li!

❖  Most!existing!work!focuses!on!the!exact!setting;!!
we!consider!the!approximate!setting.!!

❖  Given!a!parallel!algorithm,!we!devise!a!way!to!
determine!which!variables!should!be!
communicated.!!

❖  For!variables!that!are!not!communicated,!we!use!
randomly!sampled!values.!!

❖  We!show!the!quantity!we!should!control!is!the!sum!
of!square!roots!of!the!mutual-information!between!
the!variables!and!the!output.!

!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!:!uncommunicated!variables!
!!!!!!!!!!:!algorithm!output,!which!is!in!
!!!!!!If!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!,!
!!!!!!then!the!output!deviates!by!at!most!!!!!!with!
!!!!!!probability!of!at!least!!!!!!!!!!!!!.!!

Remote 
data 

Local  
data 

X1, . . . , Xn

Y [l1, l2]
nX

i=1

p
I (Xi;Y |Xi+1, . . . , Xn) < �/

⇣p
2(l2 � l1)

⌘
�

p
log(2/✏)

�
1� ✏

3UREOHP�6WDWHPHQW
*38�,PSOHPHQWDWLRQ�RI�6$6$
�6ROYHQW�$FFHVVLEOH�6XUIDFH�$UHD�
&DOFXODWH�DFFHVVLEOH�VXUIDFH�RQ�D�XQLRQ�RI�VSKHUHV

$SSOLFDWLRQV
Ɣ 0ROHFXODU�'\QDPLFV
Ɣ 3URWHLQ�6WUXFWXUH�3UHGLFWLRQ

;LQJMLH�3DQ
<XKDR�/LX
<DQURQJ�/L
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$OJRULWKPV
�� 6SKHUH�OHYHO�SDUDOOHOLVP
�� &LUFOH�OHYHO�LQWHUVHFWLRQ
�� 6FDQ�LQ�G\QDPLF�PHPRU\�

DOORFDWLRQ
�� &8'$�5HGXFWLRQ�LQ�DUHD�

DFFXPXODWLRQ

��������&38

���
���

VSKHUH>�@���VSKHUH>W@ VSKHU>W��@��VSKHUH>�W@ VSKHUH>�W��@���VSKHUH>�W@ VSKHUH>EW��@���VSKHUH>Q@

E� ��%ORFNV
W� ��7KUHDGV�SHU�EORFN

;LQJMLH�3DQ
<XKDR�/LX
<DQURQJ�/L

5HVXOWV
;LQJMLH�3DQ
<XKDR�/LX
<DQURQJ�/L
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Jianwei Xiao & Ruochen Liang

• Our work: RQRCP based on ScaLAPACK on distributed memory machines

• Result: less running time, similar approximation 

• Problem: do partial QR factorization with pivoting to find low rank approximation 
• Previous work: RQRCP based on OpenMP on shared memory machines
• Existing method: ScaLAPACK subroutine PDGEQPF

A parallel implementation of RQRCP

Running time comparison Relative residual error comparison

2SHIPMRK�*RIVK]�8VERWJIV�
)]REQMGW�MR�8L]PEOSMH�
2IQFVERIW��
5EVEPPIP�2EXVM\�
*\TSRIRXMEXMSR

-RQDWKDQ�0RUULV
0DUWHQ�/RKVWURK
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5LSXSW]RXLIWMW��*RIVK]�8VERWJIV�
SR�XLI�8L]PEOSMH�2IQFVERI

2IWSWGSTMG�*JJIGXW�SJ�6YERXYQ�
)]REQMGW��(PEWWMGEP�7EXI�2EXVM\

,QWHUGRPDLQ�7UDQVIHU�'HVFULEHG�E\�*HQHUDOL]HG�)|UVWHU�7KHRU\�

,QWUDGRPDLQ�7UDQVIHU�'HVFULEHG�E\�0RGLILHG�5HGILHOG�7KHRU\�

'\QDPLFV�LV�JLYHQ�E\�ILUVW�RUGHU�2'(� )RUPDO�VROXWLRQ�
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7IHYGIH�&PKSVMXLQMG�(SQTPI\MX]�
0V]PSZ��YFWTEGI�2IXLSH

1DLYH�6ROXWLRQ�

.U\ORY�6XEVSDFH�3URMHFWLRQ�

&RPSXWH�6ROXWLRQ�RQ�VPDOOHU�VXEVSDFH�

&RPSXWH�RQ�WKH�VPDOOHU�VXEVSDFH�YLD�VFDOLQJ�DQG�VTXDULQJ��
3DGp�$SSUR[LPDQW�7HFKQLTXHV�

.QTPIQIRXEXMSR���GEPEFPI�1MFVEV]�
JSV�*MKIRZEPYI�5VSFPIQ�
(SQTYXEXMSRW��1*5G�
7KH�VSDUVH�PDWUL[�FRPSXWDWLRQ�OLEUDU\�ZH�OHYHUDJH�WR�LPSOHPHQW�
WKH�UHTXLUHG�PDWUL[�H[SRQHQWLDWLRQ��

6/(3F�

Ɣ 8VHV�3(76F�GDWD�VWUXFWXUHV�DQG�HPSOR\V�03,�
Ɣ ,V�DYDLODEOH�RQ�&RUL��VWUDLJKWIRUZDUG�WR�LQVWDOO�ORFDOO\�
Ɣ +DV�DQ�REMHFW�RULHQWHG�IODYRU�DQG�DEVWUDFWV�DZD\�IURP�

PRVW�03,�VXEURXWLQHV�WKURXJK�WKH�XVH�RI�³FROOHFWLYH´�
OLEUDU\�IXQFWLRQV�

Ɣ 3URYLGHV�VFDODEOH�EXLOGLQJ�EORFNV�IRU�VROYLQJ�ODUJH�VFDOH�
VSDUVH�HLJHQYDOXH�SUREOHPV�
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Snowflake!
A high-performance eDSL for Stencils in Python !

Nathan Zhang!

A	high-performance	eDSL	for	Stencils	in	
Python	

Nathan	Zhang	

Snowflake!
•  An eDSL for Stencils in Python!

•  Performance comparable to Handwritten C/
OpenMP!

•  Extending to OpenCL!

•  Can apply high level optimizations and analyses !

•  Implemented Communication Avoiding Stencil 
Decomposition
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7TEVWI�0MRIEV�%PKIFVE�SR�1SHIVR�(EXE�4VSGIWWMRK�7]WXIQW

'EXL]�;Y��4LMPMTT�1SVMX^

0DS5HGXFH�
Ɣ ����PDVVLYHO\�SDUDOOHO
Ɣ ����G\QDPLF�VFDOLQJ�RI�WKH�FOXVWHU
Ɣ �±��ULJLG�SURJUDPPLQJ�PRGHO

6SDUVH�OLQHDU�DOJHEUD�ZRUNORDGV�
Ɣ IOH[LEOH�FRPSXWDWLRQ�SDWWHUQV
Ɣ ILQH�JUDLQHG�WDVNV

3UREOHP��6SDUVH�/LQHDU�$OJHEUD�QRW�ZHOO�VXSSRUWHG�
RQ�PRGHUQ�GDWD�SURFHVVLQJ�IUDPHZRUNV�OLNH�6SDUN

7TEVWI�0MRIEV�%PKIFVE�SR�1SHIVR�(EXE�4VSGIWWMRK�7]WXIQW

'EXL]�;Y��4LMPMTT�1SVMX^

0DS5HGXFH�
Ɣ ����PDVVLYHO\�SDUDOOHO
Ɣ ����G\QDPLF�VFDOLQJ�RI�WKH�FOXVWHU
Ɣ �±��ULJLG�SURJUDPPLQJ�PRGHO

6SDUVH�OLQHDU�DOJHEUD�ZRUNORDGV�
Ɣ IOH[LEOH�FRPSXWDWLRQ�SDWWHUQV
Ɣ ILQH�JUDLQHG�WDVNV

3UREOHP��6SDUVH�/LQHDU�$OJHEUD�QRW�ZHOO�VXSSRUWHG�
RQ�PRGHUQ�GDWD�SURFHVVLQJ�IUDPHZRUNV�OLNH�6SDUN
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7TEVWI�0MRIEV�%PKIFVE�SR�1SHIVR�(EXE�4VSGIWWMRK�7]WXIQW

2XU�SURMHFW��:H�LQYHVWLJDWH�KRZ�VSDUVH�OLQHDU�DOJHEUD�FDQ�EH�LPSOHPHQWHG�LQ�QH[W�
JHQHUDWLRQ�GDWD�SURFHVVLQJ�V\VWHPV

2SHUDWLRQV�
Ɣ 6SDUVH�PDWUL[�YHFWRU�PXOWLSO\
Ɣ &KROHVN\�GHFRPSRVLWLRQ

'HVLJQ�SULQFLSOHV�
Ɣ UHPRWHO\�VFKHGXOHG�ILQH�JUDLQHG�IXQFWLRQ�FDOOV
Ɣ UHPRWH�DQG�GLVWULEXWHG�REMHFWV

$SSOLFDWLRQV�
Ɣ 0DFKLQH�OHDUQLQJ��H�J��3DJH5DQN
Ɣ 2SWLPL]DWLRQ��H�J��QRQOLQHDU�SURJUDPPLQJ

�
�

�
�

7TEVWI�0MRIEV�%PKIFVE�SR�1SHIVR�(EXE�4VSGIWWMRK�7]WXIQW

2XU�SURMHFW��:H�LQYHVWLJDWH�KRZ�VSDUVH�OLQHDU�DOJHEUD�FDQ�EH�LPSOHPHQWHG�LQ�QH[W�
JHQHUDWLRQ�GDWD�SURFHVVLQJ�V\VWHPV

2SHUDWLRQV�
Ɣ 6SDUVH�PDWUL[�YHFWRU�PXOWLSO\
Ɣ &KROHVN\�GHFRPSRVLWLRQ

'HVLJQ�SULQFLSOHV�
Ɣ UHPRWHO\�VFKHGXOHG�ILQH�JUDLQHG�IXQFWLRQ�FDOOV
Ɣ UHPRWH�DQG�GLVWULEXWHG�REMHFWV

$SSOLFDWLRQV�
Ɣ 0DFKLQH�OHDUQLQJ��H�J��3DJH5DQN
Ɣ 2SWLPL]DWLRQ��H�J��QRQOLQHDU�SURJUDPPLQJ

�
�

�
�

2SWLPL]LQJ�)LUH�6LPXODWLRQ�
ZLWK�*/6/

<L�7RQJ
6DXUDEK�0LWUD
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3UREOHP�6WDWHPHQW
1XPHULFDO�VROXWLRQV�WR�WKH�1DYLHU�6WRNHV�HTXDWLRQV�LQ�WKUHH�GLPHQVLRQV�IRU�KLJK�
UHVROXWLRQ�JULGV�DUH�LQWUDFWDEO\�VORZ

:H�ZDQW�WR�UHQGHU�D�ILUH�VLPXODWLRQ�DW�RU�QHDU�UHDO�WLPH�VSHHGV�ZLWK�RYHUDOO�1DYLHU�
6WRNHV�OLNH�EHKDYLRU

3UREOHP�6WDWHPHQW
1XPHULFDO�VROXWLRQV�WR�WKH�1DYLHU�6WRNHV�HTXDWLRQV�LQ�WKUHH�GLPHQVLRQV�IRU�KLJK�
UHVROXWLRQ�JULGV�DUH�LQWUDFWDEO\�VORZ

:H�ZDQW�WR�UHQGHU�D�ILUH�VLPXODWLRQ�DW�RU�QHDU�UHDO�WLPH�VSHHGV�ZLWK�RYHUDOO�1DYLHU�
6WRNHV�OLNH�EHKDYLRU

7KH�6ROXWLRQ
8VH�D�ORZ�UHVROXWLRQ�1DYLHU�6WRNHV�
VROYHU�WR�GULYH�D�KLJK�YROXPH�RI�
SDUWLFOHV�

6LQFH�SDUWLFOHV�DUH�DOUHDG\�EHLQJ�
UHQGHUHG�ZLWK�2SHQ*/�DV�VPDOO�IODPH�
VSULWHV��XVH�*/6/�&RPSXWH�6KDGHUV�
WR�OLQHDUO\�LQWHUSRODWH�SDUWLFOH�
YHORFLWLHV��WHPSHUDWXUHV��DQG�
GHQVLWLHV�EDVHG�RQ�1DYLHU�6WRNHV�
JULGV�EHIRUH�XSGDWLQJ�SRVLWLRQV�DQG�
UHQGHULQJ�HDFK�IUDPH

7KH�6ROXWLRQ
8VH�D�ORZ�UHVROXWLRQ�1DYLHU�6WRNHV�
VROYHU�WR�GULYH�D�KLJK�YROXPH�RI�
SDUWLFOHV�

6LQFH�SDUWLFOHV�DUH�DOUHDG\�EHLQJ�
UHQGHUHG�ZLWK�2SHQ*/�DV�VPDOO�IODPH�
VSULWHV��XVH�*/6/�&RPSXWH�6KDGHUV�
WR�OLQHDUO\�LQWHUSRODWH�SDUWLFOH�
YHORFLWLHV��WHPSHUDWXUHV��DQG�
GHQVLWLHV�EDVHG�RQ�1DYLHU�6WRNHV�
JULGV�EHIRUH�XSGDWLQJ�SRVLWLRQV�DQG�
UHQGHULQJ�HDFK�IUDPH
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•  PADHYE,ROHAN		

&6�����3URMHFW�#�%HUNHOH\�>6SU¶��@ 5RKDQ�3DGK\H

6FDOLQJ�/RQJ�6HTXHQFH�511�WUDLQLQJ�RQ�*38V

,QFUHDVLQJ�7�ĺ�%HWWHU�SUHFLVLRQ
,QFUHDVLQJ�%�ĺ�%HWWHU�SDUDOOHOLVP�>XSWR�%@

*38�0HPRU\�UHTXLUHG��^GHIDXOW��2�7%���/58��2�:%�`

6HT�� (UURU

6HT�� (UURU

6HT�� (UURU

6HT�� (UURU

6HT�� (UURU

6HT�� (UURU

%DWFK�VL]H�
%

6HTXHQFH�/HQJWK�7

:LQGRZ�VL]H�:

%\�VWRULQJ�RQO\�D�IL[HG�ZLQGRZ�:�LQ�*38�PHPRU\��2WKHU�VWDWHV�VZDSSHG�WR�&38�PHPRU\�RQ�/58�EDVLV�

•  SEITA,DANIEL	TAKESHI		

)DVW�3DUDOOHO�*LEEV�6DPSOLQJ�RQ�'LVFUHWH�%D\HVLDQ�
1HWZRUNV�DQG�)DFWRU�*UDSKV'DQLHO�6HLWD� &6�����)LQDO�3URMHFW

3UREOHP�6WDWHPHQW 0\�,PSOHPHQWDWLRQ

*LYHQ�SDUWLDOO\�REVHUYHG�GLVFUHWH�GDWD�DQG�D�JUDSKLFDO�PRGHO�
VWUXFWXUH��ILQG�WKH�³EHVW´�SDUDPHWHUV��D�N�D��0$3�HVWLPDWLRQ��

7KH�FRGH�LV�LPSOHPHQWHG�LQ�WKH�%,'0DFK�WRRONLW��)HDWXUHV�

�� 6DPSOLQJ�SURFHVV�LV�IXVHG�LQWR�PDWUL[�RSHUDWLRQV
�� *38�NHUQHOV�IRU�PDWUL[�PXOWLSOLFDWLRQ�DQG�RWKHU�RSHUDWRUV
�� 8SGDWH�SDUDPHWHUV�DIWHU�HDFK�PLQL�EDWFK�RI�GDWD
�� 'DWD�FDQ�EH�DV�ODUJH�DV�GLVN�RU�QHWZRUN�VWRUDJH�VSDFH
�� 6XSSRUWV�³WHPSHUDWXUH´�IRU�*LEEV�VDPSOLQJ��6�$�0�(��

)XWXUH�ZRUN��PRUH�EHQFKPDUNV��GDWD�DQG�FRGH���IL[�ERWWOHQHFNV
&RGH�DYDLODEOH�DW��KWWSV���JLWKXE�FRP�%,''DWD�%,'0DFK

*LEEV�VDPSOLQJ�LV�DQ�0&0&�DOJRULWKP�IRU�VDPSOLQJ�WKH�SRVWHULRU��
,W�LV�VHTXHQWLDO��EXW�ZH�FDQ�VHPL�SDUDOOHOL]H�LW�ZLWK�JUDSK�FRORULQJ�
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GPU	Compression	-	Algorithm	
The	LZSS	algorithm	is	a	compression	algorithm	that	takes	advantage	of	repeated	phrases	in	some	text.	That	is,	

when	a	word	is	repeated	within	a	small	frame	of	one	another,	the	LZSS	algorithm	replaces	the	second	

occurrence	of	that	word	with	a	reference	to	the	first	word.	For	example,	we	have	the	phrase:	

yiwen	song	is	a	yiwen	song.	

	

We	can	compress	to:	

yiwen	song	is	a	(16,10).	

	

GPU	Compression	-	Use	in	HPC	
Idea:	Compress	contents	of	communica7on	sent	over	a	network.	
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GPU	Compression	-	Performance	Data	

•  FARAZ	TAVAKOLI	FARAHANI	
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Learning to Assemble Objects 
from Volumetric Primitives

- Shubham Tulsiani

3 3D Spatial 
Transform

Loss Function

We train a neural network to reconstruct an object by transforming and 
composing volumetric primitives (cubes). We use a popular deep 

learning framework ‘Torch’ and add functionality required for the 3D 
spatial transforms and loss functions.


