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Exascale NonStationary Graph Notation (ENSIGN)
Driving Towards a Practical High-performance Data Analytics Tool

Class

Differentiating Specifics

Benefit to Analyst

Optimized sparse tensor data structures
Mixed static/dynamic optimization

Extend the range, scale, and scope of analysis
Analyze tensors of billion-scale and beyond

(Capability)

Multiple data distribution models
Normalized decompositions
Streaming decompositions

Performanc Memory-efficiency optimizations Enable large rank decompositions N
Shared memory parallelism Enable large number of mode decompositions
€ Distributed memory parallelism Leverage HPC Systems
Communication optimizations Quick time-to-solution
Cloud-based optimizations
First-order decomposition methods Breadth of models enabled
Second-order decomposition methods Framework for graph fusion
. Algorithmic improvements to methods Platform for anomaly detection
M0d€|ln9 Joint tensor decompositions Sparsity-maximizing approaches

Efficient update with arrival of new data
Discovery of new behaviors through new components

Usability

... more coming

GUI & CLI Tools to drive application workflow

Python bindings Interactive large scale exploration

C bindings In standard environments (e.g., Jupyter notebooks)

QGIS support
Virtual machine distributions
Documented, Tested, Supported

Integration with existing corporate data lakes/pipelines
Visualization

Reliable install and operation

Training, Someone to Call
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PERFORMANCE
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ENSIGN Data Structures

Highlights
® (Compressed sparse tensor storage
® Mode-generic and mode-specific formats®

Key differentiators
® Applies to all tensor decomposition methods
® Supports a spectrum of tensors within the formats
— From extremely sparse to partially dense to fully dense tensors

® Enables computation and memory reduction (from
compression)

® Enables improved parallelism (from data structure
arrangement)
*Baskaran, M., Meister, B., Vasilache, N., & Lethin, R. (2012). Efficient and scalable computations with

sparse tensors. In High Performance Extreme Computing (HPEC).
(https://www.reservoir.com/publication/efficient-scalable-computations-sparse-tensors|)
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Performance Optimizations

Highlights

® Distributed-memory (MPI) optimizations

® Shared-memory (OpenMP) optimizations*

® (loud-based (Spark) optimizations™

® Memory- and operation-efficient tensor operations
— Building blocks for newer capabilities

*Baskaran, M., Henretty, T, Pradelle, B., Langston, M. H., Bruns-Smith, D., Ezick, J., & Lethin, R. (2017).
Memory-efficient parallel tensor decompositions. In IEEE High Performance Extreme Computing
Conference (HPEC). [Best paper award]

**Gudibanda, A., Henretty, T., Baskaran, M., Ezick, J. and Lethin, R. (2018), All-at-once Decomposition

of Coupled Billion-scale Tensors in Apache Spark. In [EEE High Performance Extreme Computing
(HPEC) Conference.
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CP Decomposition Methods

CP-APR Algorithm
initialize AV .. AY)
repeat

forn=1...N do

I:

2

3

4 H:{i.:;m;&n!jil‘ml;'.r ........................................ > Sparse Khatri—Rao PrOdUCt
5: repeat
i

1

8

P = (X1 [’Ar“]n]]]_'_['r ........................................ » "MTTKRP+"
Alrl — A L &
until convergence
9. end for
10: until convergence

CP-ALS Algorithm CP-ALS-NN Algorithm

t: initialize A1) .. A®V) t: initialize A1) .. ADV)
2: repeat 2 repeat
3 forn=1...N do 3 forn=1...Ndo
& V=sy e AMTAM & V= AITAM

5 U=X,, (E?m;énA(m)) ................. » MTTKRP 5 U= Xf?:}(@minA{m)) ................. » MTTKRP
6 A — vyt 6 A — A() %

. . '\ n ‘.’
7. end for 7. end for

8: until convergence 8: until convergence
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Need for Memory-efficiency in CP-APR

CP-APR Algorithm

I: initialize AV, AN)

2 repeat

2 forn=1...N do

4 I = (Omzend™ )T
5 repeat
6
1

&

& = (X(n) 0 (AW’
AN A,
until convergence
g end for

10: until convergence

e

Storing the result of this
computation (sparse Khatri-Rao

Product) leaves a huge memory
footprint O (PR)

P: Number of non-zeros in tensor
R : Rank of decomposition
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Rematerialization of Sparse Khatri-Rao Product

CP-APR Algorithm CP-APR Modified Algorithm
I: initialize A}, AN i initialize AV . A
2 repeat , 2. repeat
i furnn:;;uﬁgu}r 32 forn=1...N do
5: repeat D 4 repeat
¢ |8=(Xp oA mu ] ) 5 [ 2= (X 0 A" (OngnA™))(OmznA™)"
7: A — A L 3 6: A{n) = A{ﬂJ x P
8 until convergence 7 until convergence
o:  end for 8: end for
10: until convergence 9: until convergence

Memory footprint is reduced but number of
operations is increased
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Memory- and Operation-efficient CP-APR

Make this computation
memory- and operation-
efficient

Opportunities for compression in storage and

CP-APR Modified Algorithm
- initialize AV .. ADY)

2: repeat

32 forn=1...N do

4 repeat

5: ® = (X @A™ (OmgnA™))) (OmegnA™)T
6: A=A« @

7 until convergence

8:  end for

9: until convergence

Common exprassions within KRP are reused

reuse of computation from buffers and not recomputed
o [0 o o o o 1 1 1 AND,:) ANO,:)
1 1 1 1 2 2 2 3 3 Pﬁ':”“.:} A'ﬂ:':n.f]‘ﬁ[““.:] J':'t'ﬂ:l:n,i]'-"-\'ul:'lli] N KRF
buffers
3 3 5 5 4 4 3 3 4 AN T ARNE ) AN ) AZNS, ) (each of
size R)
L1k - BLE x N
2 9 2 4 4 9 8 a4 9 el A3, AD,) AN, ) "AP2,:)
5.0 4.0 2.0 5.0 2.0 5.0 5.0 2.0 5.0
1 | | )
State at v, for State at v, for State at v, for
P nan-zero values mode 0 mode 1 mode 1
computation computation computation
v, Vs
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Memory- and Operation-efficient CP -- Generalized

CP-APR Modified Algorithm

I initialize A .. AV
2: repeat

33 forn=1...Ndo (f:> =1
: repeat

4 1
MTTKRP+ P R— 5. $ = (X 0 (A(ﬂ-)(@mﬂA(m))))ka_#nA(m))T
6: A=A o
7 until convergence
8: end for
9: until convergence
CP-ALS Algorithm CP-ALS-NN Algorithm

t: initialize A ... A%V t: initialize A ... A®)

2: repeat 2 repeat

3 forn=1...N do 3 forn=1...Ndo

£ V= AMTAM £ V=, ATAM

s U=X,, (Eim;&nA(m)) ................. » MTTKRP 5. U= X(n}(@'mqénA{m)) ................. » MTTKRP

6 A" =UV 6 A=Al U

7. end for 7. end for

8: until convergence 8 until convergence
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Increasing Thread-local Computations

CP-APR Modified Algorithm
initialize A .. AN

I:

2: repeat

3 forn=1...N do

4: repeat

5: ® = (X(m) @ (A™ (Oman AN (O manA™NHT .

. A (™) (_ABH) *(q) (Omz ) (©ms ) Fuse these computations
7: until convergence

8: end for

9: until convergence

#pragma omp parallel
.. // Compute if

#pragma omp parallel
#pragma omp par?%lel ]/ Compute'@
N
.. // Compute A ‘ .. // Compute A

.. // convergence check

#pragma omp parallel
.. // convergence check
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Scaled-up Results with HPE Superdome Flex

Performance on a 1-billion-entry tensor on HPE Superdome Flex

Overa” Sca”ng Of Misc Computation time [l Communication time [l Core Computation time
performance 4000
3000
% 2000
=
.
1000 Dip in communication
Near-ideal scaling performance initially
. ) .
of computations - - as . before scaling
@ Mumber of cores ! !
Core Computation time vs. Number of cores Communication time vs. Number of cores

1000

500
1000

165.55

500

100

Core Computation time
Communication time

50

20 40 60 80 100 200 50 100 150 200 250
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Scaled-up Results with HPE Superdome Flex

Performance on a 2-billion-entry tensor on HPE Superdome Flex

Overa” Sca”ng Of Misc Computation time [l Communication time [ Core Computation time
performance 8000
6000
% 4000
£
=
2000 Dip in communication
Near-ideal scaling performance initially
of computations 0 before scaling
’ 72 144 288
! ! MNumber of cores ! !
Core Computation time vs. Number of cores Communication time vs. Number of cores
10000 1000
5000 500
E E 165.08 1779
E 1000 %
E 5
L] 500 E
g £

20 40 60 80 100 200 20 40 60 80 100 200

Number of cores Number of cores
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MODELING (CAPABILITY)
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Generalized CP Streaming Framework

- f
' ’ y ] ) . .
RN IR Highlights/Differentiators
ﬁ/ ] - r ‘s |' ® Low-cost computations (of the
order of size of streaming data
streams)
Algorithm _ Streaming CP update ® Extraction of "new information”
nput: (AP, Xoew Knew > 0.0 < v < 1. entirely present in the new data
>0, K streams
A T ek K . : .
C:;lﬁute.i[(ﬁieﬁ]] {IRTER?.::R f{tf)mp- j:t j’new) ® Unified framework across
" b TITE'I‘_U — : . né-u! s Heim . . .
A (H otal], [[Anew]l, v ) different CP decompositions
ANHD) eUPDATE([[Afn)]].A,,%’;’J ”)
{C1,C, C3} +CLASSIFY ([A™]], K, Kp14,7)

TA™]]. Siyune < TRUNCATE ([[A(”)]]_. K. Ii’)
Output: [[AM™]], {C1.Cs.C3}. Strunc

Letourneau, P.D., Baskaran, M., Henretty, T., Ezick, J. and Lethin, R. (2018) Computationally Efficient CP Tensor
Decomposition Update Framework for Emerging Component Discovery in Streaming Data. In High Performance
Extreme Computing (HPEC) Conference. [Best Paper Award].
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Real-world Cyber Application

... Evolution of the attack seen with streaming decompositions
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USABILITY
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Tools for Driving Application Workflows

CLI and GUI tools to drive multi-stage application workflows

ENSIGN
Network Data Output Network
0 ) Data )| . Patterns
ata Transform _ Processing
. — Analysis
000088 Component 1, Weight: 109486.394177
—l ' Ramping up throlgh

£
= 0004544 |-
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(=5 7 ‘ \) ' '. ‘ '
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ENSIGN on HPE Superdome Flex

ENSIGN
® Highly-optimized MPI version of tensor analysis methods

HPE Superdome Flex
® 4 chassis
® 16 sockets (4 sockets per chassis)
® 288 cores (18 cores per socket)
® 4 (chassis) * 48 (DDR4 per chassis) * 64 GB = 12 TB

Significant improvement compared to prior result on a distributed
cluster

® “communication : computation time ratio” improved upto10x
— Reduction in communication latency

— Communication performance scaled in addition to computation
performance
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Python Bindings & Jupyter Notebook

: J u py t e r ENSIGN-J upyter Last Checkpoint: 4 minutes ago (unsaved changes) ﬁ
File Edit View Insert Cell Kemnel Widgets Help Python [conda root] O
+ = A B+ ¢ MW B C code v | = Cellfoolbar & i O

In [2]: dimport ensign.cp_decomp as cpd
import ensign.sptensor as spt

# Parameters
rank = '100°
sptensor_file = 'tensor_data.txt'

# Load tensor & decompose

the tensor = spt.read sptensor_file(sptensor file)

als_decomp = cpd.cp_als(the tensor, rank, "als save dir")
apr_decomp = cpd.cp_apr(the_tensor, rank, "apr_save dir")
pdnr_decomp = cpd.cp_apr_pdnr(the tensor, rank, "pdnr_save dir")

In [3]: als_weights = pd.Series(als_decomp.weights)
apr_weights = pd.Series(apr_decomp.weights)
pdnr_weights = pd.Series(pdnr_decomp.weights)

In [4]: ax = als_weights.plot{color="orange', logy=True, label='als', legend=True)
ax = apr_weights.plot(color='magenta', logy=True, label='apr', ax=ax, legend=True)
pdnr_weights.plot(color='blue', logy=True, label='pdnr', ax=ax, legend=True)

Out[4]: <matplotlib.axes. subplots.AxesSubplot at @x7f29bd28Te90=

10*
als
— apr
— pdnr
10°
102
107
10°
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