
How to scale AI & BI on your 
data architecture
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Today’s Speakers

Soham Bhatt is a Senior Solutions 
Architect leading the EDW and ETL 
modernization practice at Databricks. 
Before Databricks he worked at 
Toyota Motors on building their 
next-generation Big Data Platform.  

Prior to that, his background was in 
building Enterprise Data Warehouses 
and ETL architectures for Fortune 100 
companies with Inmon and Kimball 
methodologies. In his current role, he 
loves guiding his customers with best 
practices as they modernize their 
EDWs to Data Lakehouses.

Andrew is the VP of Enterprise Data 
and Data Products Delivery at 
Inspired Brands, the second-largest 
Restaurant Company in the US.

As an Executive-level Data and 
Analytics leader, Andrew is 
responsible for delivering tangible 
business outcomes by leveraging 
data-related technologies and 
processes throughout the entire data 
supply chain – data acquisition, 
governance, processing, integration, 
security and compliance, 
distribution, analytics, and reporting, 
and external monetization.

Bill Inmon – the “father of data 
warehouse” – has written 60 books 
published in nine languages. Bill’s 
latest adventure is the building of 
technology known as textual 
disambiguation (textual ETL) – 
technology that reads the raw text in 
a narrative format and allows the text 
to be placed in a conventional 
database so that it can be analyzed by 
standard analytical technology, 
thereby creating unique business 
value for Big Data/unstructured data.

Bill was named by ComputerWorld as 
one of the ten most influential people 
in the history of the computer 
profession.

Bill Inmon
Father of the Data Warehouse

Soham Bhatt
EDW Modernization Practice 
Lead, Databricks

Andrew Sohn
VP of Enterprise Data & Data 
Products Delivery, Inspire Brands

Kirk has been an influential globally 
recognized leader in the data science 
space for 20 years. His areas of 
passion and focus include Big Data & 
Data Science, Artificial Intelligence 
(AI), and Astrophysics. 

Kirk is also the co-creator of the field 
of Astroinformatics.

Kirk Borne, Ph.D.
Chief Science Officer
DataPrime, Inc.



Data & Analytics Maturity Model

Infrastructure Data Marts Data Warehouse Cloud Data Platform Data Enrichment

Capabilities Initial Centralized Proactive Leading
Level 0 Level 1 Level 2 Level 3

Access Data Extracts Data Pipelines Direct Query Data Sharing

Modeling Dataset Physical Tables Logical Views Dimensional

Consumption SQL Dashboards Ad Hoc Embedded

Insights Descriptive Diagnostic Predictive Prescriptive

S
m

arter D
ecisions



Insert slides here

Kirk Borne
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Applications
(spider web
 systems)

Data
Warehouse
(integrated data)

Text
(DW 2.0)

machine
generated
(data lake)

The evolution of data
architecture
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Data lake

One day someone decided to dump their machine generated
data into a data lake
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Data lake

And in short order the data lake turned
into a swamp
No one could find anything
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metadata
lineage

taxonomy
data model

mappingdocumentation
transformation

layout

Data lakehouse
Then an infrastructure was added to the data lake,
turning it into the data lakehouse
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Data lakehouse

Data lakehouse

applications Data
warehouse

Dw 2.0 Machine
generated

And with the infrastructure that was added,
the data lakehouse found out that it could
start to interface with other kinds of data



Why BI and AI are converging on a 
Lakehouse platform? 



Business needs Advanced Analytics 
BI, AI and Business teams working to get predictive and prescriptive analytics

3. What action can I take 1. What Happened 
and Why?

2. What Will Happen ?

All Data
Structured, 

Unstructured
sometimes 
Real-time!  

Reporting & 
Dashboarding and 
Analysts/SMEs 
empowered with 
Self-service Analytics 

Data Science & Machine 
Learning and AI

Business, Data 
Scientists, 
Data Enggs 
working 
together 
collaboratively



Why BI and AI need ALL your data? 
BI 
● Siloed Data Marts, Data Warehouses and Data Lakes  make Enterprise-wide  “Pan-EDW Analytics” 

impossible. 
● You don’t want to base 90% of your decisions on 10% of your structured data!  ( -Bill Inmon) 
● Effective BI requires merging of Structured Data with insights from Unstructured data such as IoT, Text etc. 
● Your ML Feature Stores and Model predictions need to be tied to you Universal Semantic layer to expose to 

all your Reporting teams 

AI: 
● “Simple AI models with tons of Data always win over complex models with less data”

 From “ Unreasonable Effectiveness of Data”  - Google research paper , IEEE, 2009. 
● AI algorithms are around from 1970’s - but they only started giving highly accurate predictions when you run 

them on massive quantities of data. 
● ML and AI are iterative processes.  Efficient Featuring Engineering needs to run  at scale and need access to 

ALL your data to make the iterations shorter. 
● Deep Learning, Anomaly Detection, Time Series Forecasting, Image classification, Recommendation 

Engines, Sentiment Analysis - all need unstructured data like Images, Videos, text, IoT Data etc. 

“Next decade will be about Data-centric AI” -Andrew Ng ( DeepLearning.ai) 



Only 1-5% of enterprises are successful with AI/ML



The other 95% struggle

Data is fragmented 
across many systems

Cost and complexity is a 
drag on the organization

Silos get in the way of 
data team collaboration



Data platforms are too complicated ..

Sales 
DW-DB2/
Teradata

Finance 
DM-Oracle

Manufactu
ring 
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Processed via 
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(16-32 cores) 

Missing SLAs.. 
difficult to scale, 
Costly
No unstructured 
Data, Streaming, 
ML or AI 

10K-20K 
ETL jobs

Legacy 
ETL

1990’s -2000

BI



Data platforms are too complicated ..

Data Lake

Semi-structured  
JSON, Text, XML

Structured

Data Science, Machine Learning & AI 

BI

Unstructured 
(IoT, Machine 
Data, Images, 
Audio, Video) 

Streaming 
Ingestion Sales 

DW-DB2/
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Finance 
DM-Oracle

Manufactu
ring 
EDW-SAP 
HANA

Enterpris
e EDW

Processed via 
2-3 ETL servers 
(16-32 cores) 

Missing SLAs.. 
difficult to scale, 
Costly
No unstructured 
Data, Streaming, 
ML or AI 

10K-20K 
ETL jobs

Legacy 
ETL

ML Library 
Mgmt 
nightmare, No 
ACID , Terrible 
BI performance
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BI



Data platforms are too complicated ..

Data Lake (Swamps)

Semi-structured  
JSON, Text, XML

Structured

Data Science, Machine Learning & AI 

BI

Unstructured 
(IoT, Machine 
Data, Images, 
Audio, Video) 

Streaming 
Ingestion 

BI

Data 
Warehouse

BI

Sales 
DW-DB2/
Teradata

Finance 
DM-Oracle

Manufactu
ring 
EDW-SAP 
HANA

Enterpris
e EDW

Processed via 
2-3 ETL servers 
(16-32 cores) 

Missing SLAs.. 
difficult to scale, 
Costly
No unstructured 
Data, Streaming, 
ML or AI 

10K-20K 
ETL jobs

Legacy 
ETL

ML Library 
Mgmt 
nightmare, No 
ACID , Terrible 
BI performance

1990’s -2000

Again lots of 
ETL!  

1. Silos created again - no single source 
of Truth for BI 

2. Again, proprietary vendor lock-in
3. Very Costly and yet  no ML/AI or 

streaming! 

Data 
Warehouse

Data 
Warehouse

BI



Current State of Data Platforms..

Data Lake (Swamps)

Semi-structured  
JSON, Text, XML

Structured

Data Science, Machine Learning & AI 

BI

Unstructured 
(IoT, Machine 
Data, Images, 
Audio, Video) 

Streaming 
Ingestion 

BI

Data 
Warehouse

BI

Sales 
DW-DB2/
Teradata

Finance 
DM-Oracle

Manufactu
ring 
EDW-SAP 
HANA

Enterpris
e EDW

Processed via 
2-3 ETL servers 
(16-32 cores) 

Missing SLAs.. 
difficult to scale, 
Costly
No unstructured 
Data, Streaming, 
ML or AI 

10K-20K 
ETL jobs

Legacy 
ETL

ML Library 
Mgmt 
nightmare, No 
ACID , Terrible 
BI performance

1990’s -2000

Again lots of 
ETL!  

Egress 
charges! 

1. Silos created again - no single source 
of Truth for BI 

2. Again, proprietary vendor lock-in
3. High TCO  and yet  no ML/AI or 

streaming! 

Data 
Warehouse

Data 
Warehouse

BI



  
   

  



Lakehouse
Data Warehouse Data Lake

Streaming 
Analytics

BI Data 
Science

Machine 
Learning

Structured, Semi-Structured and Unstructured 
Data



Key characteristics of a 
Lakehouse: 

1. Single source of Truth - 
data doesn't move. 
Compute comes to Data!

2. Direct high-perf BI on ALL 
your data! (Atscale helps 
here - universal semantic 
layer! )  

3. First-class ML and AI 
support (Pytorch, 
Scikit-Learn, TensorFlow, 
Keras, Pandas) 

4. Unified Fine-grain 
Security and Governance 
with Catalog, Lineage etc. 

5. Open Data Formats & 
languages (SQL and 
Pandas)

Data 
Engineering

BI & SQL 
Analytics

Real-time 
Streaming

Data Science 
& Machine 
Learning 

Data Management & Governance

Open Data Lake ( Cloud Storage) 

Lakehouse Platform 

Lakehouse 
Convergence of 

your Data, BI and  AI Platforms
Open * Collaborative * Simple



Some implementations of a Lakehouse platform for BI and AI

Lakehouse architecture for 
unified data warehousing, BI, 
and ML on Lakehouse —enabling 
new use cases not possible 
before

Large volumes of streaming IoT 
data from millions of sensors 
difficult to harness for 
actionable insights and ML

Limitations associated with 
legacy Hadoop and Teradata 
systems; disparate data 
difficult to access and unify for 
analytics ; siloed teams

ML Focused Initiatives: 

● Personalized finance
● Risk management
● Fraud detection
● + many more

Disjointed data sources and 
legacy data warehousing 
architecture slowed innovation 
and customer-level reporting.
Now a  single Lakehouse for PBs 
of data accessed by 3,000+ users 
across  HR, Marketing, Finance, 
Sales, Support, R&D.

ML use-cases: 
● Customer support & service 

experience 
● Marketing personalization
● Anti-abuse & fraud detection



Data Driven Insights at 
INSPIRE BRANDS



Inspire Brands is the second largest restaurant 
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$7B
in Collective  

Supply Chain  
Purchasing 

Power

32,000+
Restaurants

650,000+
Company & Franchise 

Team Members

25M+
Loyalty 

Members

60+
Countrie
s

3,200+
Franchisee
s

$1.1B
in Annual Ad 

Fund  Spending

4.3B
Guest 

Interactions  
Annually

$26B+
in Global  
System 
Sales

200M
Unique 
Guests  

Annually

Inspire Brands is the second largest restaurant  company in 
the U.S. 



Why are we building our Unified Data Platform

The project was launched to create, embed and operationalize data driven processes into and across our brands.

This is one of many Shared Services we are building to provide our Brand partners with best in class and cost-effective 
capabilities. 

Our brands will benefit through

– Better decision making due to higher quality and faster analytics

– Increased top line sales via better performance all of our marketing channels

– Increased efficiency, guest service levels, and future sales through improved operations (e.g., restaurant labor 
model, supply chain)



UDP Overview

▪Guiding Principles
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Conformation to include all current and future 
Brands

Embed Data Governance &  Data Literacy

Adherence to Data Privacy, Security & 
Compliance

Embrace Business Self Service 

Enable commercialization of Business 
Intelligence and Actionable Advanced 
Analytics Capabilities

Ingest data into the Platform quickly and with 
minimum friction



Contact Andrew Sohn for 
further information

ASohn@inspirebrands.com

    AndrewSohn

THANK YOU

mailto:Asohn@inspirebrands.com
https://www.linkedin.com/AndrewSohn


AtScale: Where we fit.
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DATA CONSUMPTION

SEMANTIC LAYER

DATA API LAYER

RAW DATA

DATA PREPARATION

BI Tools AI/ML Tools Applications

Data Warehouse Data Lake Query 
Engine

ETL Engine

Data Lake

Data 
Catalog



Adding the “I” back to BI
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Human Signals Augmented 
IntelligenceMachine Learning

Data ConsumersAtScale Modeler AutoML Engine Enriched AtScale Model

Existing Data Context 
& Relationships

Query Patterns 
& Frequency Augmented ModelML Generated Features
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Create ML models, 
predict, generate 

features & deploy results

2. Enrich

Create a secured, 
governed semantic layer 

model

1. Model

Translate predictions & 
features into measures 

and dimensions

3. Write-back

AtScale AI-Linktm Process Flow
BI Teams

• Define common semantics 
used by the business

• Define dimensionality (e.g. 
time, geography, product)

• Simplify metrics (i.e. time 
series analytics)

Data Science Teams
• Develop domain specific 

features

• Build predictive models based 
on features

• Score models and understand 
model drift



www.atscale.com

400 S El Camino Real, Ste 800, San Mateo, CA 94402

http://www.atscale.com

