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Why do linear algebra in Spark?

Con: Classical MPI-based linear algebra
implementations will be faster and more efficient
Pros:
Faster development, easier reuse
One abstract uniform interface
An entire ecosystem that can be used before and after the
NLA computations
Spark can take advantage of available local linear algebra
codes
Automatic fault-tolerance, out-of-core support

Motivation
NERSC: Spark for data-centric workloads and scientific analytics
AMPLab: characterization of linear algebra in Spark (MLlib, MLMatrix)
Cray: customers demand for Spark; understand performance concerns

Our Goals
Apply low-rank matrix factorization methods to TB-scale
scientific datasets in Spark
Understand Spark performance on commodity clusters
vs HPC platforms
Quantify the gaps between C+MPI and Spark
implementations
Investigate the scalability of current Spark-based linear
algebra on HPC platforms

Three Science Drivers
Climate Science:
extract trends in variations of oceanic
and atmospheric variables (PCA)

Nuclear Physics:
learn useful patterns for
classification of subatomic particles
(NMF)
Mass Spectrometry:
location of chemically important ions
(CX)

(a) Daya Bay Neutrino Experiment

(b) CAM5 Simul

Fig. 1: Sources of various datasets use
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1. Compare EC2 and two HPC platforms using CX
implementation
2. More detailed analysis of Spark vs C+MPI scaling
for PCA and NMF on the two HPC platforms
Some details:
All datasets are tall and skinny
The algorithms work with row-partitioned
matrices
Use H5Spark to read dense matrices from
HDF5, so MPI and Spark reading from same
data source

Platform comparisons
Two Cray HPC machines and EC2, using CX

The Randomized CX Decomposition
Dimensionality reduction is a ubiquitous tool in science
(bio-imaging, neuro-imaging, genetics, chemistry,
climatology, …), typical approaches include PCA and NMF
which give approximations that rely on non-interpretable
combinations of the data points in A
PCA, NMF lack reifiability. Instead, CX matrix
decompositions identify exemplar data points (columns of
A) that capture the same information as the top singular
vectors, and give approximations of the form
A ⇡ CX

The Randomized CX Decomposition
To get accuracy comparable to the truncated rank-k SVD,
the randomized CX algorithm randomly samples O(k)
columns with replacement from A according to the
leverage scores
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The Randomized CX Decomposition
It is expensive to compute the right singular vectors
Since the algorithm is already randomized, we use a
randomized algorithm to quickly approximate them

1,

CXD ECOMPOSITION
Input: A 2 Rm⇥n , rank parameter k  rank(A), number
of power iterations q.
Output: C.
1: Compute an approximation of the top-k right singular
vectors of A denoted by Ṽk , using R ANDOMIZED SVD
with q power
iterations.
Pk
2
2
2: Let `i =
ṽ
,
where
ṽ
ij is the (i, j)-th element
j=1 ij
of Ṽk , for i = 1,P
. . . , n.
d
3: Define pi = `i /
j=1 `j for i = 1, . . . , n.
4: Randomly sample c columns from A in i.i.d. trials, using
the importance sampling distribution {pi }ni=1 .

The Randomized SVD algorithm
The matrix analog of the power method:
AT Axt
xt+1 =
! v1
T
kA Axt k2

Qt+1 , = QR(AT AQt ) ! Vk

CXD ECOMPOSITION
Input: A 2 Rm⇥n , ran
Input: A 2 Rm⇥n , number of power iterations q
1,
of power iterations
target rank k > 0, slack p 0, and let ` = k + p.
Output: C.
Output: U ⌃V T ⇡ Ak .
1: Compute an approx
1: Initialize B 2 Rn⇥` by sampling Bij ⇠ N (0, 1).
vectors of A denote
2: for q times do
requires only matrix-matrixwith q power iterati
T
3:
B
A AB
Pk
multiplies against ATA
2
2: Let `i =
ṽ
4:
(B, )
T HIN QR(B)
j=1 ij
assumes B fits on one machine
of Ṽk , for i = 1,P
...
5: end for
d
3: Define pi = `i /
6: Let Q be the first k columns of B.
j
4: Randomly sample c
7: Let M = AQ.
the importance sam
8: Compute (U, ⌃, Ṽ T ) = T HIN SVD(M ).
9: Let V = QṼ .
R ANDOMIZED SVD Algorithm

Computing the power iterations using Spark
(AT A)B =

m
X

ai (aTi B)

i=1

is computed using a treeAggregate operation over the RDD

[src: https://databricks.com/blog/2014/09/22/spark-1-1-mllib-performance-improvements.html]

CX run-times: 1.1Tb
Platform

Total Cores

Core Frequency

Interconnect

DRAM

SSDs

Amazon EC2 r3.8xlarge

960 (32 per-node)

2.5 GHz

10 Gigabit Ethernet

244 GiB

2 x 320 GB

Cray XC40

960 (32 per-node)

2.3 GHz

Cray Aries [20], [21]

252 GiB

None

Experimental Cray cluster

960 (24 per-node)

2.5 GHz

Cray Aries [20], [21]

126 GiB

1 x 800 GB

Table I: Specifications of the three hardware platforms used in these performance experiments.
the full specifications of the three platforms. Note that these
are state-of-the-art configurations in datacenters and high
performance computing centers.
V. R ESULTS
A. CX Performance using C and MPI
In Table II, we show the benefits of the optimizations
described in Sec. III-A. As far as single-node performance
is concerned, we started with a parallelized implementation
without any of the described optimizations. We first implemented the multi-core synchronization scheme, wherein a
single copy of the output matrix is maintained, which resulted in a speedup of 6.5X, primarily due to the reduction in
the amount of data traffic between the main memory and the
caches. We then implemented our cache blocking scheme,
which led to a further 2.4X speedup (overall 15.6X). We
then implemented our SIMD code that sped it up by a further
2.6X, for an overall speedup of 39.7X. Although the SIMD
width is 4, there are overheads of address computation,

Single Node Optimization
Original Implementation
Multi-Core Synchronization
Cache Blocking
SIMD

Overall Speedup
1.0
6.5
15.6
39.7

Table II: Single node optimizations to the CX C implementation and the subsequent speedup each additional optimization provides.

computations in our Spark CX implementation. The execution of R ANDOMIZED SVD proceeds in four distributed
phases listed below, along with a small amount of additional
local computation.
1) Load Matrix Metadata The dimensions of the matrix
are read from the distributed filesystem to the driver.
2) Load Matrix A distributed read is performed to load
the matrix entries into an in-memory cached RDD
containing one entry per row of the matrix.

We also show the average amount of time spent waiting for a network fetch, to illustrate

Timing breakdowns
Differences in write timings
have more impact:
• 4800 write tasks per
iteration
• 68 read tasks per
iteration
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Table III: Total runtime for the 1 TB dataset (k = 16), broken down into load time and per-iteration
The per-iteration

Observations
EXP_CC outperforms EC2 and XC40 because of local
storage and faster interconnect
On HPC platforms, can focus on modifying Spark to
mitigate drawbacks of the global filesystem:
1. clean scratch more often to help fit scratch entirely
in RAM, no need to spill to Lustre
2. allow user to specify order to fill scratch
directories (RAM disk, *then* Lustre)
3. exploit fact that scratch on shared filesystem is
global, to avoid wasted communication

Spark vs MPI
PCA and NMF, on NERSC’s Cori supercomputer

Running times for NMF and PCA
Cori’s specs:
• 1630 compute nodes,
• 128 GB/node,
• 32 2.3GHz Haswell cores/node
Nodes / cores
50 / 1,600
NMF 100 / 3,200
300 / 9,600
100 / 3,200
PCA
300 / 9,600
(2.2TB) 500 / 16,000

MPI Time
1 min 6 s
45 s
30 s
1 min 34 s
1 min
56 s

Spark Time
4 min 38 s
3 min 27 s
70 s
15 min 34 s
13 min 47 s
19 min 20 s

Gap
4.2x
4.6x
2.3x
9.9x
13.8x
20.7x

PCA
(16TB)

2 min 40 s

69 min 35 s

26x

MPI: 1,600 / 51,200
Spark: 1,522 / 48,704

Computing the truncated PCA
Often (for dimensionality reduction, physical interpretation, etc.),
the rank-k truncated PCA (SVD) is desired. It is defined as

Ak = argminrank(B)=k kA

Bk2F

The two steps in computing the truncated PCA of A are:
use Lanczos: requires only matrix vector multiplies
truncated EVD of ATA to get Vk

1. Compute the
2. Compute the SVD of AVk to get Σk and Vk

assume this is small enough that the SVD can be computed locally

Computing the Lanczos iterations using Spark
We call the spark.mllib.linalg.EigenvalueDecomposition
interface to the ARPACK implementation of the Lanczos
method
This requires a function which computes a matrix-product
against ATA
2 T3
a1
6 .. 7
If A = 4 . 5 then the product can be computed as
Xm
T
a2
(AT A)x =
ai (aTi x)
i=1

Spark Overheads: the view of one task
task start delay

scheduler delay
part 1

task overheads
part 2
scheduler delay
part 2

task overheads
part 1

compute
time waiting
until stage end

task start delay = (time between stage start and when driver sends task to executor)
scheduler delay = (time between task being sent and time starts deserializing)+ (time
between task result serialization and driver receiving task’s completion message)
task overhead time = (fetch wait time) + (executor deserialize time) + (result
serialization time) + (shuffle write time)
time waiting until stage end = (time waiting for final task in stage to end)
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Spark PCA Overheads: 16 TB Climate,1522 nodes

Nonnegative Matrix Factorization
Useful when the observations are positive, and assumed to
be positive combinations of basis vectors (e.g., medical
imaging modalities, hyperspectral imaging)
0 kA
H 0

(W, H) = argminW

WHkF

In general, NMF factorizations are non-unique and NPhard to compute for a fixed rank.
We use the one-pass approach of Benson et al. 2014

Nearly-Separable NMF
Assumption: some k-subset of the columns of A comprise a
good W
Key observation of Benson et al. : finding those columns of A
can be done on the R factor from the QR decomposition of A
A

)

R

So the problem reduces to a distributed QR on a tall matrix
A, then a local NMF on a much smaller matrix

Tall-Skinny QR (TSQR)
A

A1

R01

R11

A2

R02
R

A3

R03

When A is tall and skinny, you can efficiently compute R:
uses a tree reduce
requires only one pass over A
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MPI vs Spark: Lessons Learned
With favorable data (tall and skinny) and well-adapted
algorithms, Spark LA is 2x-26x slower than MPI when IO
is included
Spark overheads are orders of magnitude higher than
the computations in PCA (time till stage end, scheduler
delay, task start delay, executor deserialize time). A more
efficient algorithm is needed
H5Spark performance is inconsistent this needs more
work
The gaps in performance suggests it may be better to
investigate efficiently interfacing MPI-based codes with
Spark

Thanks for your attention

