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About StoryStream
The world’s leading automotive content platform

StoryStream is a dedicated automotive content platform, trusted by some of the
world'’s leading car brands. Specifically created to help automotive brands
provide a more relevant, engaging customer experience, fuelled with authentic
content and designed for efficiently scaling content operations across global

teams.

The Core StoryStream Benefits

StoryStream.ai

Grow customer engagement and conversions by up to 25%
Reduce content creation and management costs by up to 60%
Provide a more authentic customer experience

Understand your customer in a deeper way
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“[Client] needs this to go live at the end of
the month, | promised them we could
deliver...”

Every salesperson ever

Dr Janet Bastiman @yssybyl



Project timings

35 models = 1050 days (one person linear)

~ 5 years for one person working Mon-Fri - who is allowed
holidays :)

250 days with parallelisation of tasks and data upfront

150 days on worksheet, balanced by an increase in ongoing
license

Dr Janet Bastiman @yssyby!



Can you guess what happened next?
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What would it take to get it done in that time?

50 Bllllonéulnllarj g

‘\ The Core (2003)
& i Paramount Pictures
1. b o
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“They don’t have any data to give us”

Dr Janet Bastiman @yssybyl



If you are dealing with any critical
iInferencing do not take shortcuts, do it
properly and do it rigorously and stand up
to the company and say no - make sure
it's clear that the timelines will be longer
to get it right.

Dr Janet Bastiman @yssybyl



StoryStream.ai

Without Data ML is just a Random Result

Legal public sources
e https://github.com/awesomedata/awesome-public-datasets

e https://www.kagqgle.com/datasets

Take your own pictures/videos
e access/permission?
e Slow and inconsistent

Scrape the client site with permission

Dr Janet Bastiman @yssyby!
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https://github.com/awesomedata/awesome-public-datasets
https://www.kaggle.com/datasets

How much data?

Vision: 1000 images per output class but depends on
complexity of the problem

Time series: at least double the time period over which you
are predicting, but be cautious of data becoming irrelevant

Text: very variable depending on the problem

This also changes if you already have pre-trained networks
that you're updating

Dr Janet Bastiman @yssyby!
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StoryStream.ai

What do you do with the Data?

Financial Times | Future of Mobility @ Dryia"ft‘ i )

VIP Invitation . . ) =

Today at 09:58 A real life example of sampling errors in #statistics:
there are >1500 people at #QConSF and ~150

Dear Mr. Bastiman speakers. So 1in 10 people should have one of these

badges but I'm yet to see another speaker - lack of
observability doesn't mean non-existence ;)
#DataScience /1

o e

| hope you are well.

Selection bias

Random Sampling

SAN FRANCISCO 2019

@ i

- SPEAKER

Over coverage

Undercoverage
Measurement (Response) error
Processing errors

Participation bias

9:59 PM - Nov 11, 2019 - Twitter for iPhone

Dr Janet Bastiman @yssyby!
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What do you do with the Data?

S3 bucket o Unique filename

e SOurce

o Set uuid (if multiple images of

same car)
 Date taken ‘

o S3 bucket per vehicle variant

Dr Janet Bastiman @yssyby!
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StoryStream.ai

What do you do with the Data?

Car
Detector

Manual
verification

o Extra field for label
e S3 bucket name became

mostly irrelevant

Dr Janet Bastiman @yssyby!
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amazon
~—

mechanical turk

Crowdsource labelling

—Image Content:

o TO COMPLETE. YOUR REGISTRATION, PLEASE. TELL US
o menor WHETHER OR NOT THIS IMAGE. CONTANS A STOP SIGN:

) Exterior (more than half of the car visible)

_ Close-up (less than half of the car visible)

) Close-up with text
_ Obstructed

Opening mechanism

) Wheel
) Unsure
—Image Quality: ‘
- Good PNSWER QUICKLY—OUR SELF-DRIVING
) Blurry (AR IS ALMOST AT THE INTERSELTION.

Low resolution

S0 MUCH OF “Al" 15 JUST FIGURING OUT WAYS
TO OFFLOAD WORK ONTO RANDOM STRANGERS.

_ Distorted
) Other bad quality/Unsure

https://xkcd.com/1897/ .

Dr Janet Bastiman @yssyby!
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Data Pipeline

Object Extract for

detector Turk

R Auxiliary
info saved

Temp public
access

Import of
results

Dashboard

Dr Janet Bastiman @yssyby!
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3% 3 CONV, 64

Transfer Learning =2

1

e Use transfer learning - fix most of the weights of poot2
a good network and adapt the last few layers
e Fastand easy retraining and works with smaller
data sets in a variety of fields  Frene he weigts e
: .
e (image) https://arxiv.org/abs/1903.02196 -
e (series) https://arxiv.org/abs/1907.01332 _pm.,z
e (audio) https://arxiv.org/abs/1909.07526
)
dasstier.
Deep Learning for Vision Systems, Mohamed Elgendy
sttt o

Dr Janet Bastiman @yssyby!
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https://arxiv.org/abs/1903.02196
https://arxiv.org/abs/1907.01332
https://arxiv.org/abs/1909.07526

StoryStream.ai

Percentage of total

Unbalanced Data

Class distribution in Training Data
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We store memories differently based

We notice things already primed in
on how they were experienced

memory or repeated often

[ ] S g
Wiireduce events and fists i; Blz:ne, funny, :.suar:lysmk‘mkg, or Too Much
to their key elements [ ] % = o & anthropomorphic things stick out .
What Should We “ i 3 . 5f £ @ ™ore than non-bizarre/unfunny things Information
Remember? 2% z 2 1.8t o
N ] -] 3 xEst
324707 2338:5895 5
Wo discard specics R LR L YT We natice when
to form generalities @ 2238 ,‘:;; 2£235 gt 4 & & @ something has changed
2% Fefeg
382243 353388
KBAS8s Seeasd

We edit and reinforce
some memories after the fact @

o
&
DS N .
4 O We are drawn to details that
i ) A 9 i
»,,,60:‘%:% o ¢ § ‘\.\‘,;' e @ confirm our own existing beliefs
% @ o, 2 y e e o
. : g 04,0, e
We favor simple-looking options g e
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and complete information over et
complex, ambiguous options AR o0
i e oot
90 ) ,
GO et T ghe* We notice flaws in others
et
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y " o s
To avoid mistakes, s Status Naive O
" ocial o by,
we aim to preserve autonomy ® 2l comparig, ZA:,' : Confaby!
and group status, and avoid sy effect Custaring
5 e actance
irreversible decisions Reverse psychology
System justification ®

Insensitivity
Neglect of probability

necdotal fallacy

llusion of validity " ‘
Masked man fallacy We tend to find stories and
Recency illusion

Backfiro offect ®

2R patterns even when looking
3 Samblers falacy at sparse data
® Iflys, allacy
To get things done, we tend to

complete things we've invested @
time & energy in

* 6,
1 "4(::';';%’;‘*""‘ iy We fillin characteristics from
To stay focused, we favor the ) f’w& oty 0, stereotypes, generalities,
immediate, relatable thing S g
in front of us

and prior histories

%, ’3,%9,
We Need '
To Act Fast

@ We imagine things and people

L. we're familiar with or fond of as
"/.’,& better

To act, we must be confident 5

we can make an impact and

feel what we do is important

Not Enough
We simplify probabilities and numbers
Visual & Algorithmic Design:  John Manoogian IIl

to make them easier to think about Meanlng
Concept & Categorization:  Buster Benson

We project our current mindset and W: think "’:’ “"°th*;‘“
assumptions onto the past and future DUSTReOpe e N0k

List of 188 Cognitive Biases: ~ Wikipedia

designhacks.co

https://www.designhacks.co/products/cognitive-bias-codex-poster
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https://www.designhacks.co/products/cognitive-bias-codex-poster

StoryStream.ai

Stand on the shoulders
of giants...

For some problems CNNs are robust to
noisy labels and up to 20 time noise to
real labels can still give business level
accuracy
https://arxiv.org/pdf/1705.10694.pdf

Find the right architecture

http://www.asimovinstitute.org/neural-network-zoo/

Dr Janet Bastiman @yssyby!

A mostly complete chart of

Neural Networks
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https://arxiv.org/pdf/1705.10694.pdf
http://www.asimovinstitute.org/neural-network-zoo/

P(B| A)P(A)
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Go old school

P(HIX)

P(H):

P(C):

= P(H)*(l ' P(C)*(

|_|:
A

P

THEOREM:

P(xIH)
)

MODIFIED BAYES

1)

HYPOTHESIS

OBSERVATION

PRIOR PROBABILITY THAT H 15 TRUE
PRICR PROBABILITY OF OBSERVING X

PROBABILITY THAT YOU'RE UsING
If‘h VE\_-:' "!.I “l-" r{_‘nl C‘ L LJ’\ '-.I_CT\I

https://xkcd.com/2059/

Reduce the dimensionality of the problem and use Bayesian approach, KNN or SVM

Dr Janet Bastiman @yssyby!
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TYPES OF ML/DL

Structure Image
Discovery Classification

Meaningful
Compression

Customer Retention

Big data Dimensionality Feature Idenity Fraud

i i » Classification Diagnostics
Visualistaion Reduction Elicitation Detection

Advertising Popularity
Prediction

Learning Learning Weather

METIER

Growth
Prediction

Recommender Unsupervised Supervised

Systems

Clustering Regression
Targetted

Marketing S

Forecasting

Customer

Segmentation Lea rn i ng

Estimating
life expectancy

Real-time decisions Game Al

Reinforcement
Learning
Robat Navigation Skill Acquisition
Learning Tasks

StoryStream.ai source nvidia via @mikequindazzi
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Simplify the problem

Removal of camera artefacts in eye images to

make detection easier - Jeffrey De Fauw
http://blog.kaggle.com/2015/08/10/detecting-diabetic-
retinopathy-in-eye-images/ ‘

Specific
Vehicle

Removal of Doppler effect on moving source using

fractional octave band shifting, F Mobley
https://asa.scitation.org/doi/pdf/10.1121/2.0000578?class=pdf

Specific
Vehicle

An=-T1[log2(1—Mcos6sing)] .
Dr Janet Bastiman @yssyby!
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StoryStream.ai

Get every last drop from what you have

(@) (b) (©) (d) (e)

(a) " (b)

Statistical anatomical modelling for efficient and Have a toolkit of augmentatiqn
personalised spine biomechanical models - | Castro approaches but choose what's relevant to
Mateos PhD thesis your needs... .

Dr Janet Bastiman @yssyby!
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Augmentation - detail

Flip L/R U/D

Rotations

Reduce or enlarge bounding box coordinates by N%

Add occlusions

https://www.umbc.edu/rssipl/people/aplaza/Papers/Journals/2019

.GRSL.Occlusion.pdf

e Change hue saturation and value of colours in the image
https://arxiv.org/pdf/1902.06543.pdf ‘

e Copypairing - https://arxiv.org/abs/1909.00390#

# Random flip augmentation
def im_flip(image, flip_prob= NE
if np.random.binomial(1l, flip_prob) == 1:

image = np.fliplr(image)
return image

Dr Janet Bastiman @yssyby!
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https://www.umbc.edu/rssipl/people/aplaza/Papers/Journals/2019.GRSL.Occlusion.pdf
https://arxiv.org/pdf/1902.06543.pdf
https://arxiv.org/abs/1909.00390

Infrastructure

Classifier DockerHub

Taxonomy Definition

Codeship
Project

Dashboard Notification

GitHub
Setup

Image

Dr Janet Bastiman @yssyby!

Data In Data Store

StoryStream.ai
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Cloud Formation

AIYoloBBServiceDiscovery:
Type: AWS::ServiceDiscovery::Service
Properties:
Name: !FindInMap [Skills, ai-yolo-bb, ServiceName]
HealthCheckCustomConfig:
FailureThreshold:

ai-yolo-bb:
Image: ai-yolo-bb
Port: 9722

Tag: 6ce337e844d2309d8cA38c554e21f469ce52cdcf DnsConfig:

DesiredCount: 1 DnsRecords:

ServiceName: ai- - Type: A
TTL: 60

NamespaceId: !GetAtt LocalNamespace.Id

AlYoloBBService:
Type: AWS::ECS::Service
AIYoloBBTaskDefinition: yp . . . . . ‘
Type: AWS::ECS::TaskDefinition DependsOn: [PrivateSubnetOneRouteTableAssociation, PrivateSubnetTwoRouteT
Dependspn: LogGroup PFOPEFt‘i.ES:
Properties: - . . . - .
, [!FindInMap [Skills, ai-yolo-bb, Image], !FindInMap [StackMetaData, StackName, Slug]] ] SserviceName: !Join [ "-", [!FindInMap [Skills, ai-yolo-bb, Image], !Fin
s o Cluster: !Ref ECSCluster
NetworkMode: awsvpc LaunchType: FARGATE
B DesiredCount: !FindInMap [Skills, ai-yolo-bb, DesiredCount]
ExecutionRoleArn: !Ref ExecutionRole ServiceRegistries:
ContainerDefinitions: z . .
- Name: !Join [ "-", [!FindInMap [Skills, ai-yolo-bb, Image], !FindInMap [StackMetaData, StackName, Slug]] ] - RegistryArn: !GetAtt P\I\"D]—DBBSEFVICEDISCDVEFY.Arn
RepositoryCredentials: 3 3 -
CredentialsParameter: !FindInMap [StackMetaData, StackName, SecretsARN] Ne‘tworkconflgu rat"?n *
Environment: QWSVPCCDH'F‘LQU ration:
L AssignPublicIp: DISABLED
Image: .‘?o‘m ["", ["docker.io/sterystream/", !FindInMap [Skills, ai-yolo-bb, Image], ":", !FindInMap [Skills, ai-yolo-bb secu rltyﬁroups =
PortMappings: ' F - -
- ContainerPort: !FindInMap [Skills, ai-yolo-bb, Port] L FargatetontalnerSecurltyGroup
LogConfiguration: subnets -
LogDriver: awslogs ° .
options: - 'Ref PrivateSubnetOne

awslogs-group: !Ref LogGroup _ z
awslogs-reg IRef AWS::Region !Ref PeratESUbnEtTWD

awslogs-stream-prefix: |FindInMap [Skills, ai-yolo-bb, Image] TaskDefinition: !Ref AIYoloBBTaskDefinition

Dr Janet Bastiman @yssyby!



Automation

Delete Build Get model Run
local data container and key container

d  Run test Validate
harness container

Build new Dashboard Report
Container results

Dr Janet Bastiman @yssyby!
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StoryStream.ai

Stack Automation

Add new Start stack RUISteci Create docs
container test harness

Human Better? Compare

investigation results

Update CF

Dr Janet Bastiman @yssyby!
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Automatic Documentation

Lalex Pweave .te_x iz Run LaTeX
templates and images

Email to Save with

team model files

If live, save

g} ETP}X 2 in live docs

python

Dr Janet Bastiman @yssyby!
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Convert to
PDF
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Did we make it?

Some really difficult images
Only expected images were
given

Where it was wrong it was
(mostly) sensibly wrong

Client happy
Cool automated system

Dr Janet Bastiman @yssyby!
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The Playbook

\%Y0\%(®

VENTURES

presents

The Al Playbook

The step-by-step guide to taking

advantage of Al in your business

DOWNLOAD THE REPORT

In partnership with

% BARCLAYS

ai-playbook.com

Dr Janet Bastiman @yssyby!
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Thank You

https://xkcd.com/2191/

IWEHOUE]GTW

WELL, LESS OF A QUESTION
AND MORE OF A COMMENT.

T GUESS IT'5 LESS OF A COMMENT
AND MORE OF AN UTTERANCE

REALLY IT'5 LESS AN UTTERANCE,
MORE AN AR PRESSURE. LIAVE.

|
TS LESS AN AR PRESSURE. WAVE
AND MORE A FRIENDLY HAND WAVE.
|

T GUESS IT'S LESS A FRIENDLY
WAVE THAN IT 1S f‘l FRIENDLY BUG.

T FOUND THIS BUG AND NOW WERE
FRIENDS. DO YOU WANT TO MEET IT?

\
R

T FEPEIS

Dr Janet Bastiman @yssyby!
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