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A Solution

e One approach: Lossy compression
e One problem: Lossy compression needs to be tailored
e Solution: Lossy Machine Learning based compression

Autoencoder
A
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) , encoder decoder L
mput latent space Y 1 output

Figure modified from:
https://tikz.net/neural_networks/
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Our Tool: “Baler”

e We have created a tool called “Baler” to help
investigate the viability of this compression A

ABSTRACT: Storing and sharing increasingly large datasets is a challonge across scientific

Baler - Machine Learning Based Compression of
Scientific Data

F. Bengtsson' C. Doglioni* P.A. Ekman' A. Gallén' P. Jawahar® A. Orucevic-Alagic'
M. Camps Santasmasas® N. Skidmore® O. Woolland*

research and industry. Tn this paper, we document the development and applications of
Baler - a Machine Learning based data compression tool for use across scientific disciplines
and industry. Here, we present Baler's performance for the compression of High Energy
Physics (HEP) data. as well as its application to Computational Fluid Dynamics (CFD) toy
data as a proof-of-principle. We also present suggestions for cross-disciplinary guidelines to
enable feasibility studies for machine learning based compression for scientific data.

e Multidisciplinary tool

1 Introduction

Many different fields of science share a common issue: storing ever-growing datasets. By
the end of the next decade, the Large Hadron Collider (LHC) e:
order of maguitude more data to analyze than currently [1-3]:
(SKA) experiment is expected to record 8.5EB of data over its 15-year lifespan [4] and

eriments will liave over an
Square Kilometre Array

e Distributed and developed as an open source project
o https://github.com/baler-collaboration/baler

fields such as Computational Fluid Dynamics (CFD) rely on TB-sized simulation samples
that need to be stored and shared. Without significant R&D, the datasets expected to
be callected by bigdata science experiments are projected to exeoed the available storage

5 2 of Ref. [1] for the case of the ATLAS experiment at the LHC)
v issue s not limited to scientific research and extends to industrial

resources (se
This cros:
operations [5].

1.1 Lossy data compression in high energy physics
e Simpletoinstall as a pip package or as
command line tool ety g b g
o pip install baler-compressor

o Poetry run python baler --project=CMS --mode=train

o Docker also available

arXiv:submit/4872497 [hep-ex] 3 May 2023

https://arxiv.org/abs/2305.02283
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Results: Jet Transverse Momentum

Variable Distributions Relative Difference
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Results: CFD

e Data consists of 2D slice of a liquid flowing over a cube
e Thecompressed file is 0.5% the size of the input
e Model much larger... (O(MB))

%'t Original.npy
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Online vs offline (X-Ray Diffraction)

Original Reconstructed Difference

e Previously applied .
model trained on one 7
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Online vs offline (Video)
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Online performance degraded by outliers
Exploring use of anomaly detection to

separate outliers

o  Qutliers could be stored in full for further
analysis

Use a simplified version of BALER to build
a probability distribution of points in
latent space

Remove points that significantly disagree,
iterate recursively

Performance evaluation ongoing

BALER: ML Data Compression in Real Time - James Smith - UoM -

Feature 2

o2}

.,

Anomaly Detection for Outlier Removal

Unsupervised example:
Isolation forest based clustering

e Normal Data
e Anomalous Data
L] 0q

Anomalous Point
Lines: 0.09

Normal Point
Lines: 0
Anomaly Score: -0.39

Feature 1
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Baler on FPGA: Workflow

e Prototype version for developing and running BALER on an FPGA
o Usingvivado HLS code

e Useful in bandwidth-restricted cases
o Network cards, detector readout, triggers, transmitters

e Assessing performance, latency and power efficiency ]

I Baler
Vivado HLS

Vivado
e ——— —

Python

Bad
response

Good
Response
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Baler on FPGA: Workflow

e Prototype version for developing and running BALER on an FPGA
o Usingvivado HLS code

e Useful in bandwidth-restricted cases
o Network cards, detector readout, triggers, transmitters

e Assessing performance, latency and power efficiency
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Software Sustainability

e Funded by software sustainability grants
e How canwe improve climate impact?

o Reduce software resource usage R
m Efficient software e d u c e
m Share cross-discipline expertise

o Reuse software

m Open-source R euse

m  Well-written so it can be extended
m Genericas possible

o Recycle old software R
m Good documentation! e cvc I e

m  Good publicity
m Preserve code and datasets (github, zenodo)
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Summary

BALER is a new toolkit for compressing data using auto-encoders

Capable of impressive compression results, but requires saving a large model
New developments targeting reusing models for online lossy compression
New developments incorporating anomaly detection for outlier removal
New developments targeting FPGAs for network or trigger applications
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o -

Interested? Contact us & Get involved

e Weareafriendly, cross-discipline
team with significant involvement
from ECRs and industry

e Master’s and PhD projects very
welcome and can be supported

e https://github.com/baler-collaborati
on/baler

e james.smith-/@manchester.ac.uk

e caterina.doglioni@manchester.ac.uk
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X-Ray Difiraction

e “4M simulated diffraction images of chaperone 3iyf”
o Inactuality 151x151x151 array, which | split into two 75x150x15 arrays

e Train onone half to compress down to 0.001% the original size

e Used for compression of the other half
o Actually great performance

Original Reconstructed Difference
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100 100 100

o

—2000

—4000
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Counts

1.7X VS 6X compression

1.7x compression 6x compression

mMHFEMEnergy [GeV] mHFEMEnergy [GeV]
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F“ll Variable liSt (see hittps://arxiv.org/abs/2305.02283)

Table 2: Residual and Response distribution means and RMS values for all variables in
the dataset. These values are presented at R = 1.7, and all values have been averaged over
5 runs, with an added statistical error of two standard deviations.

Response Residual
Variabl =17
arisble(Ho=1.1) Mean RMS Mean RMS

pr —1.07x107% £1.34x1072 [ 2.09x102£356x 107 | -1.44x 1072 +£1.04 x 107! [ 212 x 1071 £ 529 x 102

n 3.75 x 107 £6.11 x 1074 812 x 1071 £ 1.17 —1.12x 1073 £2.67 x 1073 | 2.09 x 1073 £+ 145 x 1073

) 344 x1071 £864 x107% [1.93x1071£4.32x 1071 | 245x 1077 £1.80x 1073 | 991 x 1071 +£1.12 x 1073

mass 2.39x 107! £7.87 4.38 x 10° £4.47 x 10° | —=8.05x 1073 +£2.51 x 1072 | 3.98 x 1072+ 1.42 x 1072
mJetArea 6.12x107 £1.81 x10™* [3.13x 1074 £1.48x 107* | 3.21x 107°£8.90 x 107> [ 1.10 x 107* £ 5.77 x 10~°

mChargedHadronEnergy 158 x107% £1.70 x 1072 [ 2.85x 1072 £1.30 x 1072 | 168x 1072+ 143 x 107! | 1.71 x 1071 £ 7.33 x 1072
mNeutralHadronEnergy 7.05x1072 £9.88x 102 [222x 107 £6.59x 1072 | 277x 1077 £523x 107 [ 694 x 1071 £2.26 x 107
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mMuonEnergy 120 x 1072 £1.97x1072 [8.04 x1024£9.77x 1072 | 118x 1072+ 146 x 1072 | 315 x 1072+ 7.05 x 103
mHFHadronEnergy —1.10 x 1072 £4.66 x 1072 | 1.77 x 107 £2.48 x 1072 —3.15 x 1071 £ 1.07 1.85+ 7.31 x 107!

mHFEMEnergy 1.78 x 1078 £740 x 1073 [ 141 x 1072 £3.63x 1073 | 1.22x 1072+£8.26x 1072 | 6.93 x 1072 + 5.54 x 1072
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Vivado Project - (in
progress)

Virtex Ultrascale+ VCU118 FPGA

=

=

f Allows testing of multiple batches of 1024\
entries

Allows saving outputs of multiple batches to
file

Batch ’

Inputs

Controlled by a python script



Prototype Specifications

input Resource Utilization
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Preliminary Results: Data vs
D1l tA
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Preliminary Results: GPU vs

KD(A
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