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HYBRID INTELLIGENCE

- Hybrid Intelligence

“Rather than trying to explain Black boxes,

build models that are interpretable” * Some Use Case examples

Cynthia Rudin .
e Collaboration

« Q&A
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YOU SHOULDN'T HAVE TO CHOOSE

ARTIFICIAL INTELLIGENCE

PREDICTIONS
MADE BY

DATA

HUMAN INTELLIGENCE

DECISIONS
MADE BY
HUMANS




DECISIONS
INFORMED BY
DATA

EXPONENTIALLY
BETTER TOGETHER

DECISIONS
ORCHESTRATED BY
HUMANS

HYBRID INTELLIGENCE

The hallmark of a truly disruptive technology
is the simplicity with which it solves
problems and how quickly it lays bare the
fundamental inadequacies of what it
replaces
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TIMELINES

Dec 2018 - first theoretical
breakthroughs

2019 - initial implementation and
validation of theory

2019/20 - IP development and
protection, initial productisation
attempts

2021 - First MVP build,
benchmarking and further
validation inc. a pivot or two

2022 - Final shippable MVP
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WHAT IS IT?

new, novel, proprietary, licensable technology.

enabling technology, consisting of:
« model Induction (training) library
* novel model architecture and model inference
library
« development framework and toolkits

productised to be a “drop-in” alternative to common
current tools and techniques

as predictively performant as best-in-class current
modelling techniques in most use-cases

agnostic



INDUCTION
TRAINING AND MODELS

A unique
training method ]
THAT PRODUCES . . '
A neuro-symbolic graph | Increasing similar behaviour
model architecture | within partitions
CONSISTING OF

Maximising dissimilarity between

A sub-graph per feature .
partitions

/feature interaction

EACH CONTAINING

Minimising complexity

A structure of
symbolic rules/conditions

Preference for smaller over larger
models

ORGANISING

An optimal number of
partitions

Preference for wide over deep

EACH CONTAINING

A weighted expression
applied to the input values

CNC N N N N )
NI N S N N
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HOW A LOCAL EXPLANATION OBJECT IS BUILT

|4( The Feature values ) |

. . ACTIVATE +
Local Explanation Object
the foundation of empowerment —C Hierarchical rules in each subgraph )—
TO SELECT +
) 4( The relevant neural-micro-model )—
Realtime %
THAT APPLIES + E
Guaranteed to be correct : e
4( The feature values to the expression )— 4
<
Complete TO PRODUCE + =
o
FuIIy decomposed 4( The attribution for each subgraph )— i
. —
Programmatically Consumable T T T . S
No additional processing _( T >_
THAT DETERMINES +
|—C The prediction outcome )—

THE QUERY EXPLANATION OBJECT
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Gender
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Race
Age
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BIN LOW  BIN HIGH
Female

14
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0.132569
-0.081230
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Occupation
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DATA

l
T
l

PREDICTION = DECISION

<= FIT TO DATA

FIT FOR PURPOSE =—»

A statistically perfect prediction can
be a catastrophic decision

S
N

l

PREDICTION

\

y

DECISION WORKFLOW

\

y

DECISION


Presenter-Notizen
Präsentationsnotizen
A statistically perfect prediction can be a catastrophic decision


MAKING BETTER DECISIONS

empowers good decisions

empowers fair decisions

empowers safe decisions

empowers smart decisions
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: THE DATA i
1

1 1
1 1
1 1
: PF;ELD(ID%TA[(BN GLOBAL MODEL EXPLANATION :
: EXPLANATION EXPLANATION ACTIVATION DATA LAKE |
1 1
: OBJECT OBJECT DATA INSIGHTS !
: |
___________________________________________________________________________ ,

THE DECISION WORKFLOW
IS THE PREDICTION WHAT WOULD MAKE IT MAKE THE DECISION

1
1
1
L}
|
1
1
1
! FIT-FOR-PURPOSE? FIT-FOR-PURPOSE? FIT-FOR-PURPOSE
|
1
1
1
1
L}

[ IDENTIFY ]+[ ASSESS ]——}——[ RESOLVE }

THE EXPLANATION AND EVIDENCE

[ IMMUTABLE AUDIT RECORD J [ STAKEHOLDER CURATED J

EXPLANATIONS
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A WHOLE NEW PLAYING FIELD

UNDERSTANDING PR&';'I;:ET '&”S Dﬁﬁ:fé%'is ACTIONABILITY
INSIGHT DATA HUMANS CERTAINTY

THE CODIFICATION OF
INTENTION, OBLIGATION, ETHICS, KNOWLEDGE, CONTROLS

1

! THE DECISION WORKFLOW i

! :

! IS THE PREDICTION WHAT WOULD MAKE IT MAKE THE DECISION '
FIT-FOR-PURPOSE? FIT-FOR-PURPOSE? FIT-FOR-PURPOSE

: [ IDENTIFY ]—}—[ ASSESS ]—}—[ RESOLVE ]
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AUDTIABILITY

Full, granular compute graph of every prediction communicated directly by the
model in real time. UVC codes inherently added for immutability, DLT compatible
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EXPLAINABILITY

Full, granular, decomposed attributions underpinning each prediction
communicated directly by the model in real time.

Understand your use case and stakeholders and build stakeholder appropriate
explanations.
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RISK CONFIDENCE

He3|tat|on friction and conflict in internal risk assessment of potentlal proposed
~or existing Al applications. Stakeholder support and buy-in.

« Identify and assess risks with absolute, verifiable certainty

« Manage system and functional risks with precise, actionable and instant monitoring

DATA LAKE CODIFIED RISK TESTS REPORT
The precise and complete audit record Applied to data lake periodically or in Globally, individual items of interest
of every computation for every real/near time if justified with drill down to most granular detail
prediction made plus every if required

identification, assessment and
resolution applied
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HIGH VELOCITY ANYTHING

Catastrophic failure, costs of delay/hesitation, ungraceful failure, confidence

ACTIVATION MAP ANTICIPATE AND IDENTIFY ACT GRACEFULLY
Every partition activated for every Build monitoring tools to aanticipate Build immediate fail-safes/fallbacks
query provides precise ground truth for and identify functional anomalies or that gracefully handle anomalies as
anomaly detection. incoherencies before/as they happen they happen

powered by UMNAI
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SUSPICIOUS TRANSACTION MONITORING

Incredlble level of false positives, huge cost of investigation, S|gn|f|cant regulatory
> risk exposure

» Subject positives to additional, human codified, sanity and severity checks prior to
investigation

 Cut investigation time by explaining positive flagging attributions

HUMAN CODIFIED FILTERING INFORM and UNDERSTAND IMPROVE
Apply human derived tests and risk Provide investigators with a complete Constantly evolve and improve the
assessments on data classified “here is why this was flagged” before decision flows to enrich the
positives to eliminate the low risk they start investigating codification and efficacy of the
flagged transactions decision flows

powered by UMNAI
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BIAS and FAIRNESS

Education
Gender
EducationYrs
Race
Age

INPUT BIN HIGH

Masters

BIN LOW

Female
14
White
43

ATTRIBUTION
0.132569
0.081230
0.045510
0.042244
0.034457

Occupation
MaritalStatus
Race
Relationship
Gender

Managerial
Divorced
White
Unmarried
Female

BIN LOW

ATTRIBUTION
0.03190
0.04142
0.04582
0.04224
0.03500

ACTIVATION
MODULE PARTITION
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BIAS and FAIRNESS

FEMALE GENDER INTERACTING WITH
FEATURE ATTRIBUTION FEATURE ATTRIBUTION
Gender x MaritalStatus Gender -0.08123 MaritalStatus -0.04142
Gender x Age Gender 0.03500 Age 0.03446
Gender x Relationship Gender -0.02893 Relationship -0.02757
Gender x fnlwgt Gender -0.01896 fnlwgt -0.01901
Gender x WorkClass Gender -0.01744 WorkClass -0.01691

MODULE INTERACTION

Gender x Occupation Gender -0.01808 Occupation -0.01521 . .
Gender x Race Gender -0.01627 Race -0.01553 Original Prediction Score -0.209330

Gender x NativeCountry Gender -0.01310  NativeCountry -0.01290 minus
Gender x CapitalGain Gender -0.01461 CapitalGain -0.00827 Negative Attributions -0.232215

Gender Gender -0.01854 equals

Gender x EducationNum Gender 0.00670 EducationNum 0.00670 Adjusted Prediction Score 0.022885
Gender x CapitalLoss Gender -0.00337 CapitalLoss -0.00304

Gender x HoursPerWeek Gender 0.00062 HoursPerWeek 0.00062

Gender x Education Gender -0.00167 Education 0.00045

Negatives -0.23222
Positives 0.04232
Total -0.18989
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COLLABORATE WITH US

* Research

« Application

* Co-development

« Consultants/system integrator
« Sales partners

e Platforms

THANK YOU

ken.cassar@umnai.com



-0.0000377958785975352*Race_White - 0.0000377958785975352*Relationship_Unmarried - 0.0844129174947739
NEURAL-MICRO-MODEL EXPRESSION : EXAMPLE 1

0.00106377946212888*MaritalStatus_Divorced + 0.00172187818679959*MaritalStatus_MarriedAFspouse -
0.000123299338156357*MaritalStatus_Marriedspouseabsent - 0.00230870861560106*MaritalStatus_Nevermarried -
0.00081091292668134*MaritalStatus_Separated + 0.00257309433072805*MaritalStatus_Widowed + 0.000447018042905256*Relationship_Husband +
0.00730239134281874*Relationship_Notinfamily - 0.00183948513586074*Relationship_Otherrelative - 0.00383506948128343*Relationship_Ownchild -
0.000360738165909424*Relationship_Unmarried + 0.00137223361525685*Relationship_Wife - 0.0580957233905792

NEURAL-MICRO-MODEL EXPRESSION : EXAMPLE 2

3.08478083752561e-5*EducationNum + 0.00134426879230887
NEURAL-MICRO-MODEL EXPRESSION : EXAMPLE 3



SIMPLE TO DEPLOY,

Set up cloud environment and g A aws 3 < databricks
OPERATE AND USE

training/test data

A

python

Download and install UMNAI libraries
> pip install umnai-libraries

o g ~
Amazon &
JUpYIEr SageMaker )

Libraries deploy and operate in
client's environment e e
Native cloud support

Minimal DevOps effort

Support for notebook systems miflow
Easy MLOps Integration

Drop-in replacement

Easy up/down stream integration
Universally compatible outputs
Use standard Bl and Data Lake "
to o I S pandas kubernetes

......

Test and evaluate

& : O PyTorch

Deploy in standard Mlops Pipelines ol TensorFlow

Integrate with DatalLake, Application code,
DSS, RPA, Expert Systems and Bl tools

docker
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