Sensor and Equipment Analytics TRENDALYZE

Micro Patterns Intelligence™

for Smart Manufacturing



Manufacturing Analytics Turns Data into Profits
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How to Extract Value from Machine Data:

= Sensors collect the “heartbeats” of every process and operation

» Learning and cataloging good and bad patterns is the new gold

= Monetize your machine data by monitoring and predicting patterns




The Value of Identifying Meaningful Patterns

(Granular data reveals signals and root causes)
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We Empower the Domain Experts to Do It Themselves

Motif Mining Motif Search Motif Intelligence™

Automatically discover Find similar, dissimilar, or Monitor and configure
clusters of distinct motifs correlated motifs across any intelligent predictions to
in a large number of number of measures, make real-time actionable
time-series data dimensions, and time-series recommendations

Trendalyze is a self-service platform for business users to mine, search for, monitor and predict
patterns, also called motifs, in machine generated time-series data. It works like Google, but
instead of searching for sequences or letters, we search for time-series patterns.



Example: Manufacturing Quality Control

Cuality Analysis Using Motif Discovery from Small
Data
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Trendalyze pioneered an approach for ML that uses small image

R4 Ascamtor plnk Ikl ¥ data sets converted to time series. It is fast to implement by the
engineers themselves in our intuitive self-service tools.



Our Differentiators

Our Approach Is
New and Proven

Search-like approaches to Al
already have proven track
record. Word search has
changed the web. Our
innovative pattern search is
changing how businesses
use and monetize data.
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It Works on
Small Data

Despite big data hype, most
companies do not have
enough data to train ML
models and cannot afford
the costs. Working with
small data is fast, efficient
and cost effective.

We Put Human
in the Loop

By putting the human in the
loop we increase the speed
and accuracy of the learning
process. By making Al
transparent and explainable
by the business experts, the

models become trustworthy.

Small Data Can Play a Big Role in Al
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Our Ranking in the Industry

The Top 4 Time Series Intelligence Software
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Our Approach and R&D

Learning the Language of Machine Data




Shape Intelligence:
Shapes Reveal Who or What It Is and Why It Happens
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Shape Intelligence:

A More Human Like Learning Process

How do humans and
machines learn the

differences between
these two shapes?
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Human Learning:

® Humans recognize shape
differences immediately

® Humans learn from one or
two examples

® Humans ldentify known
and unknown shapes
instantly

Machine Learning:

® ML requires thousands of
examples to train a model

® Humans have to label all the
examples for ML

® Small shape differences
confuse machines and
requires additional examples




Artificial Logical Networks

Similar but More Intuitive Than Neural Networks

Neural Network Logical Network (patent pending)
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Peer-Reviewed Research and R&D Grants

This paper has been accepted and is curremtly in production.
i will appaar sharily an 100219624380
The Fnal accepled version (not copyedited yet) is in this tab.

A Personalized Monitoring Model for Electrocardiogram (ECG)
Signals: Diagnostic Accuracy Study

Rado Kodorow; Lianhua Chi; Min Shen

JMIR Publications

Advancing Digitad Health & Open Schence
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ABSTRACT
Background:

Lalaly, tha damand Tar remola ECG maniloring has incraasad draslically because of tha COVID-19
pandemic. Ta pravent the spread of the virus and keep individuals with less savere cases oul of
haspilals, mora palients ane having hoarl diseasae diagnosis and manitoring remalely at home. Tha
efficiency and accuracy of the ECG signal classiler are becoming morne impartant because false
alarms can averwhelm the system. Therefore, how o classily the ECG signals accuratedy and send
alerts to haalthcare prafessianals ina timely tashion 1s an urgent problem 1o be addressed.
Objectiva:

Tha primary aim of this research is lo creals a robusl and easy-lo-configure solulion Tor moniloning
ECG signal in real-world sellings. We devalopaed a lachnigua Tor building personalized pradiction
medals o addross the issues of genaralized models bacause of the unigueness of hearbaeats [19). In
most cases, doctors and nurses do not have data scdence background and the existing Machine
Learning modeks might be hard o configure. Hence a new technigue 15 required IT Remote Patient
Monitoring will take off on a grand scale as 1s needed due 10 COVID-19. The main goal is o develop
a technique that allows doctors, nurses, and other medical practitlionars o easily configure a
personalized model for remate patient monitanng. The proposad madel can be easlly understaced and
configured By medical practitieners since [ requires kess raining data and fewer parameters o
configure.
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Financial Time Series Forecasting Based On
Motif Discovery

A case study in foreign exchange rate

Min Shen Rado Kotorov Lianhua Chi
Quantitatve Resaarcher CEO Department of Computer Science and |7
Trendalyze Irendalyze La Trobe University
New Jersay, United States New Jersey, Unitad States Meibourne, Ausiralia
rachel.shen@trendtrade.lo rado kotorovi@trendalyze com L.Chi@latrobe.edu.au

Abstract—The objective of this research is to
provide empirical evidence that motif discovery
can be applicable to predict financial time series.
Two prediction methods based on motif discovery
(One Motif Approach and Integrated Motif
Approach) are proposed, which apply adaptive
dissimilarity index [6] with Complexitydnvariant
Distance (CID) [2] as the similarity measure. This
paper extends the work proviously introduced by
Ismailaja [12]. Tests are conducted based on
relatively large financial time series datasets for
foreign exchange rate, and result shows that the
new prediction model is more efficient with less
computational complexity and higher forecasting

accuracy compared to previous model,

Keywords — motif discovery; financial time
series; forecasting; adaptive dissimilarity index;
CiD; foreign exchange rate

1 INTRODUCTION

Time serles forecasting I a commen problem In
varous domans, Induding manufacturing, agriculture,
retall, and tourdsm, etc. Armeng them, financial time
seres forecasting & extremely challenging and has
been studied exlensively for years. Except traditional
statstical models, there are also models based on
maching learing techniques, induding artificial neural
networks [17] and suppart veclor machines [16] 1o
peedict inancial lime seres

[Il. LTERATURE REVEW

Molif discovery has been widely shxSed in
bioinformalics for detecling biosequences for years
[23]. It can also be applied to medical data o defect
anomalies in heart rhythm and blood pressure [22] A
fime seres motif is defined as a frequently recurrent
patiemn throughout the time senes [20]. And motif
discovery is the process of detecting and locating
previously defined patterns in time senes datasets
[21]. An efficient motf discovery algorithm can be used
as a3 data mining tool to summarize and analyze
massive time series data.

Many of the motd discovery methods are based on
searching a discrete approximation of the time serles.
To achieve dimensionality reduction, Agrawal et al. [1)
used Discrete Fourler Transform (DFT) for processing
similarity queries. Chan and Fu [4] contended that
Discrete Wavelet Transform (DWT) can be effective in
replacing DFT in many areas of study, induding image
[9], speech [14] and signal processing [13]. There are
algo  algxithrms ulilizing Piecewise  Aggregate
Approximation (PAA) as the discretization technigue
[15][18][27]. Tanaka et al. [25] appled Principasl
Component Analysis (PCA) to reduce dimensions of
data and dscoversd a molif based on Minimum
Description Length (MDL) principle. More recently
there are senies of algorithms based on Matrix Profile
fechmque, which can improve the performance and
ncrease the scalabiity of data [19][26] In order to
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Peer-Reviewed Research & Books

Gesture Classification in Robotic Surgery using Recurrent Neural Networks
with Kinematic Information

E.B. Mazomenos', Dave Watson:, Rado Kotorov: and D. Stoyanoyv’

Wellcome/LPSRC Centre for Interventional and Surgical Sciences, Department of Computer
sity College London, London, UK.
Trendalyze Inc., London, U K.

INTRODUCTION
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MATERIALS AND METHODS

The JHULISE Ge 1 Assessment Working
Set (JIGSAWS) is a pu

comprising of video

exceution of the

Iving aed peedle sing) with the JVSS on bench-top
wadelds by vight surgeons (subpects) ol varymyg kevel of
experise [1, 2] All subjects performed each sk five
s, Ihe st deo outpue of the dVSS endoscopic
cannra podule was captured @t 300ps . 6405420
resolution. The kmenid ; ontan 3D posil
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the master an, ight manipul 2
76 maotion-related pammeters. The two datastreams are
synchranised with the same sampling rate.
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DATA-DRIVEN

BUSINESS MODELS

FORTHE DIGITAL ECONOMY

RADO KOTOROV, PHD

Organizational
Intelligence

How wnart companies use Information to
become more COMpetitive and profitable
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AND RADO KOTOROV, PA.D,




We Help Companies Unlock the Value of Machine Data

Rado Kotorov, PhD George Pohle Yoshiko Akai Lianhua Chi, PhD
Co-Founder & CEO COO CTO Head of R&D
Former Chief Innovation Officer at IBI, Held Chair, CEQO, COO roles for Lead large scale ML, DL, Bl & data  Former Scientist at IBM Research

a Bl and Data Management company growth investments from Goldman integrations projects for global 100 with a focus on Al. Lianhua has won

with offices in 40 countries (investor Sachs and other PE firms. Managing companies in Tokyo, New York and numerous awards for best research
Goldman Sacks). Key clients: Ford, Partner of IBM's Strategic Services London including Toyota, Nissan,  papers. She also holds an associate

GM, Vermeer, Coty, Honda, Visteon . consulting practice. Mazda, Ford . professor position at La Trobe
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