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Pricing modules

An introduction to the content and benefits of
each of our modules
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Monolithis modular structure

Core Module

- \ | 1\
Collaboration Suite Guided and Automated Machine Learning
Create and manage teams withinthe platform.Have control over Use our suggestions of the best Al models to use to fityour requirements, including accuracy
which users can view and edit work. Collaborate by sharing data, and and training speed.
notebooks and results.

\ A\ \ AN
3D Deep Learning Explainable Al and Uncertainty Communication
Get access to ourproprietary machine learning models developed Quantify the uncertainty of predictions to increase your trust in them, and the relative
specially to learnfrom 3D designs and simulations. importance of different variables on the outcome of a test orsimulation.

\\ AN \ ~

Al Optimisation SDK / APl Integration

Utilise yourmachinelearning models to find optimal designs from <~ Implement alink between the platform and the client's workflows or other web applications.
your machine learning models based ona setof goals and constraints.

e
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Core Module

Import/Export

Monolith supports all major open-source file formats for both tabular and 3D data.

Data exploration/visualisation

Our data visualisation tools help you explore/understand your data and
communicate your results.

Data transformation

Data processing is an integral part of building a machine learning pipeline. It enables
you to structure and enhance your data in preparation for training.

Data modelling

Monolith has made the daunting task for building machine learning models
accessible to any engineer.

Model evaluation

To build trust in your models and compare different models, Monolith has a host of
tools to evaluate accuracy and validate predictions.

Prediction

Once you’ve built an Al model, you can use it to make instant predictions for the
performance/quality of a new design tested under new conditions.
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Tutorials

Our interactive tutorials will help you get familiar with the functionality of
our platform in an engaging way.

Dashboards

Interactive dashboards allow you to share your results in a way which makes
them interpretable and reusable by your colleagues or clients.

File management

Easily upload your raw datasets to the cloud.

Data and model management

Easily share processed/predicted data and models with your colleagues in
order for them to use them in their own workflows.

Custom Code

If you’re familiar with Python, you can write your own data transformation
code from within a notebook.
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M MONOLITH  Notebooks File Manager ~ Code  Teams Welcome back, Isabel (2

Collaboration Suite ——

Create a new team +

M MONOLITH  MNotebooks File Manager ~ Code  Teams
Legend: @

Customer Success

Team management

With the Collaboration Suite, you can create new Company-Wide
teams to organise the data stored on the
platform and the workflow of each team using Invite 1o team X4
the folders and notebooks. Company-Wide is the
default team from the core platform.

Invite some people

From within the platform,
send email invitations to
registerand loginto join a
team.

Customer Success

Add mare email inputs
m B

e Isabel

Permissions management

Assign admins / team leaders, who are capable

of adding or removing team members and
archiving teams M MONOLITH Notebooks File Manager Code Teams Welcome back, Isabel (@)

Isabel

Your content

Demote team leader

Remove from team

Privacy

Isolate the data, models, notebooks, dashboards
of one team from other p|atf0rm users. Only GIobaITeaml M MOMNOLITH  Notebooks File Manager Code  Teams
members of the team can access their team '
folder area where their teams’ notebooks, Customer Success 5 New noteboo
dashboards and models are stored. Only ' e :
members of the team can access their team File
Manager area where their teams’ data is
uploaded.

See who created and lasted

Testing edited notebooks.

Created by Isabe Edited 4 hours ago
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Parameterise your historic 3D designs to generate new ones.

3D Deep Learning e IS

Scan a 3D design and predict its performance.

New Design Selection

Learning from 3D data

design-108

Our 3D Deep Learning  algorithms
(Autoencoders) enable you to automatically
parameterise a dataset of historic 3D designs.

This means Monolith can recognise the ‘DNA’ el e it ot ot
which characterises your designs, and encode

this information in order to correlate it to

performance attributes. ) Predicted

Predicted uncertainty

Generative design 3

Using this 3D parameterisation, you can also

generate new designs which share ‘DNA" with

your historic designs. Coupled with Al LiquidContent[%]
Optimisation, this will enable you to generate
new, performance-optimised 3D designs.

Transform

3 D Si m u I a ti O n fi el d S Reset Operating Conditions [_JJ Manipulate data

Monolith enables you to predict single scalar values from Sraasixa(Surtacs Motah)] =
your simulations, but also entire 3D fields of data. This
means you can investigate the local effects of design

changes to temperature fields or pressure fields, for .
example. Attach Operating Conditions

3D to Table

Calculate 3D Field

Extract Normals and Curvature

3D data processing , Predict entire
e . 3D fields of Interpolate 3D Field

Monolith has a host of data transformation tools to pre- " ‘ data. Table to 3D
process or post-process your 3D data.




Targeted Optimisation 3D Viewer
] Neural Network. G¢ ting 1g 3L ta Optimal Design

Al Optimisation

Min/Max Optimisation and Targeted
Optimisation

Our Al Optimisation algorithms enable you to find the best design
variables (inputs) which satisfy target performance metrics (outputs).
Simply specify your goals (either defining specific parameter values, or Tehusied Ofmiesticn

aiming to minimise or maximise parameters). The Al Optimisation R
algorithms will then use your trained Al model to search for your target Dafine target outputs:

and return the optimal inputs. You can also restrict inputs, which means Target for PowerCoef
imposing constraints on the design space in which optimal designs can
be found.

Min/Max Optimisation

Recommendation systems
Reco ets of inputs which satisfy the targets:

. .. . . Neural Network
With Al Optimisation, you can choose to get recommendations for — T - e
several different sets of Optl mum des Ig n variables for your p roblem. This 530.3541052630949 20.48465308814686 8.280147068028034 294.252512453355
H H 1 H H 542.776784821183 29.382130408195103 8.124257986110612 314.366223949187: Output to optimise
IS WIII ena ble you to ma ke a ChOIce. accordlng to fa(.:tors WhICh may nOt 518.3656878779343 29.645009167785975 8.842150815230376 302.524315656071
have been accounted for previously (aesthetics, cost, personal Lift/Drag Ratio

preference, etc.)

Current
Best

3D shape optimisation

If opted with the 3D Deep Learning module, Al Optimisation will enable
you to generate performance-optimised 3D designs. Generated CAD

files are directly exportable. . :
Optimal Design

M MONOLITH ’ ‘ ’ ‘ . Apply: Min/Max Optimisation




Guided and Automated
Machine Learning

Hyperparameter Optimisation

Al models all have different ‘settings’ called
hyperparameters which have a large impact on
prediction accuracy. For example, two different
neural network structures trained on the same
dataset will produce predictions of varying
reliability. With Hyperparameter Optimisation
(also called Grid Search), you can automate this
process for all our Regression models. Monolith
will train multiple models with different
hyperparameters in parallel, and only retain the
one which performs the best. This enable you
to easily find the best Al model for your use
case.

AutoML

Our AutoML model optimises machine learning
pipelines using genetic programming. Note this
model is separate from our conventional
Regression models.
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Auto ML

Comparing models [3/10 minutes elapsed]

Current model progress

Neural Network

Using data TrackTesting. Generating model Neural Network. Inputs = SteeringTorque,

Neural Network

Exhaustive search

SteeringAngle, SteeringVelocity, SteeringAngle”2, SteeringVelocity”2, Neural Network 2

SteeringVelocity*SteeringAngle, Car_AccelerationX, Car_Angle, Car_Pitch, Car_Roll
« Outputs = WheelFront_ForceX, WheelFront_ForceY, WheelFront_ForceZ

Loss MSE

20 40 ) 80

Training epochs completed

Optimised model parameters:
Number of Training Steps: 100
Network Shape: (500, 500)
Dropout Fraction: 01

Batch Size: 512

Training completed in 4 minutes, 33.81 seconds.

Show/Hide Advanced Options

Advanced Options Summary

Train
Validation

the model

Train loss: 0.00025
Validation less: 0.0003 Root Mean Squared Error

100

Neural Network

Optimising hyper-parameters. Completed search 19 of 50




Explain Predictions

Explainable Al and Uncertainty
Quantification

Using model Neural Network.

Sensitivity Analysis This plot shows the relative importance of input parameters towards affecting the

del Neural Network. 'Output:DragCoefficient’ output parameter value.

Explainable Al

Volume

Input:AngleOfAttack

Explain Predictions and Sensitivity Analysis enable you
to understand what are the most important input Asrokowes , Input: AirfoilChord
parameters (design variables or test conditions) which
affect your outputs (performance or quality metrics).
With these tools, you can rank the input parameters PowerCosicent tnput:wictn [
[
|

PeakStress Input:AirfoilNacaProfile

which most affect the quality/performance of your
product. Having this understanding will enable you to
know where to concentrate your design/engineering S ey 0y, IBEAE R ey ewC Fvatire

%o,

X s A, C Ch.. W, %7 h % 2
ey Py o3 ’0/(,&" o 0% % Input:TopViewCurvature

Xr@sg @, v 7 77;)0()(‘(7 @("(74,00
efforts in order to improve your product. It’s a pointin
the right direction which helps you identify what to
double-down on and what doesn’t have much Suirve Brofiction

influence on the outcome of your tests or simulations. Average impact on 'Output:DragCoefficient’ magnitude

Using model Neural Network

Input:Windspeed
(0] 0.02 0.04 0.06

+

+

Scalar Prediction
Predicted
Predicted uncertainty

e/ Neural Network

Unce rtainty quantification PowerCoefficient
The predictions from some of our models, including
Neural Networks and Gaussian Process Regressions
are accompanied by a measure of prediction
uncertainty which is calculated with statistical
algorithms coupled to model training. This predicted _ 4
uncertainty can help you build trust in your model, but
also identify the regions of your design space in which
data might be sparse or volatile.

PowerCoefficient

TipSpeedRatio




SDK / API Integration

MONOLITH Getting Started

Embedded dashboards

Our interactive dashboards enable you to share your results in a way which
makes them interpretable and reusable by your colleagues or clients. By
embedding dashboards into your own secure portals or websites, you’'ll
make them even more accessible. For example, this could enable you to let
your suppliers make predictions themselves about the technical
compatibility of a product to a new set of operating conditions.

Using your API libraries

We can embed your API code into Monolith notebooks in order to stream
data in to and out of a notebook pipeline. This means you can send data
from your environment to Monolith, and receive machine learning
predictions back in near-real-time.

Parsing raw data

We understand the data structure of your raw can be difficult to manage,
and data files themselves can be difficult to read. We’ve built a number of
custom data parsing algorithms which help automatically extract the
information needed from raw data files.
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Let’s talk more.

You can either book a demo or ask
any questions by reaching out.

www.monolithai.com
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http://www.monolithai.com/

