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Lakehouse Al

Al capabilities built directly into
the data platform
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Creator of Inventor and pioneer
of the data lakehouse 5000"'

global employees

DELTA LAKE

_ $1B+
dCItCIbI‘ICkS in revenue

Spoﬁgz The Lakehouse Company

m Ifl W Gartner-recognized Leader $3 B

Database Management Systems in investment
Data Science and Machine Learning Platforms
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Frankly, this is Al's

Phone” moment

Generative Al & LLMs are a once-in-a-generation shift in technology

“Al has become democratized”

“Vicuna: an open-source chatbot
impressing GPT-4 with 90%*
ChatGPT quality”

03/30/2023

“GPT-4 beats 90% of lawyers
trying to pass the bar”

Forbes
03/14/2023

“Smaller, more performant models
such as LLaMA enable... further
democratizing access in this
important, fast-changing field...”

£ Meta Al
02/24/2023
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“Falcon is now free of royalties for
commercial and research use...
Falcon 40B outperforms ... Meta’s
LLaMA and Stability Al's StableLM"

05/31/2023




88%

of enterprises are
already investing in
Generative Al

MIT Technology Review

Ill

Generative A
every industry

Is & can” disrupt

Financial Manufacturing Public Retail Media & Health & Life
Services Sector Comm. Sciences

Cyber Security Money Laundering Predictive Maintenance

Fraud Detection Entity Resolution Risk Management

Multi-channel comms for Doc Libraries
Natural Language to Code, Voice to SQL Digital Twins
Code Conversion “Case” Tools Summarization of records & reports

Digital Situ awareness  Supply Reordering Positioning Simulations & Synthetic Data

Customer Software Summarization Content Product Business
Service Development & Discovery Creation  Development  Analysis




Al model
capabilities

Generative
Al

Analytical
Al

Al Application Themes

Al facilitated knowledge and
insight generation

Knowledge Management
Surface information and insights
embedded in all manner of data
(documents, e-mails, transcripts)

EE|

Summarisation
Generate concise and precise
summary of collected text / other media

==
vy
ooag
Insights

Extract patterns in structured data
based on pre-determined variables

Al augmented decision and
action support

2
E4

Reasoning and planning
Ability to plan and propose actions,
explaining reasoning and decision logic

6°°
°oo75

Generate new content
Automatically create new, value-adding
content (text, image)

i

Prediction
Predict future events based on historical
data and diagnosis of potential actions

Fully autonomous Al agents

—
Lvt)j

Interaction and communication
Adaptable, contextual communication
between a user and a computer system
(asynchronous or real-time)

&

Act and use tools
Al understands desired actions and
executes (e.g., email, Claims Centre efc.)

~

(,

)

)

B\

Prescription
Automate decisioning based on a defined
objective function / target

@
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SaaS models do not provide differentiation and limit
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Risks and Challenges

Generative Al brings new risks and challenges for businesses and society

+ Legal issues
« Privacy o
« Security
« Intellectual property protection
« Ethical issues
- Bias
« Misinformation

» Social/Environmental issues

« Impact on workforce

« Impact on the environment

©2021 Databricks Inc. — All rights reserved
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Auditing Generative Al Models

Allocating responsibility and increasing model transparency

Governance Audit

* Max Moow!

+« Model chaructaratcs tended/p e
Model . Application
Audit

~ Audit
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Host your own model for a better solution

Control
Full ownership of your gen AI solution - from data to models

Privacy
Maintain compliance in your secure, private environment

Efficiency
Up to 7x less expensive to tune or train your own model



Host your own model for a better solution

%

of technology executives plan
to build some or all of
their own models

MIT Technology Review



Lakehouse — a data-centric approach

Datasets Models Applications

Prepare data & Use Pre-trained Serve Models into
features with Model or Build Real-Time Apps and
native tools Custom Model Monitor

Governance — Unity Catalog
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Delivering business value from LLMs requires
tackling many challenges. How do we...?

D

Customize LLMs
with our data

Securely connect
our data to LLMs

Deploy LLMs without
new infrastructure

Ensure LLMs deliver
high quality answers

Integrate LLMs w/
data governance

Maintain flexibility
to upgrade LLMs

©2023 Databricks Inc. — All rights reserved

..rapidly prototype high-value LLM use cases?
- ..pick the right LLM for each use case (proprietary, open source, ...)?
+ ..choose the right customization technique (fine-tuning, prompt engineering, ...)?

+ ..securely connect structured data sources to LLMs?
..vectorize your unstructured data for LLMs?

» ..manage LLMOps?
+ ..deploy large models that require complex GPU configurations?
+ ..access large amounts of unstructured data in a vector databases?

+ ..prevent hallucinations and incorrect answers?
+ ..ensure compliance with ethics and business policies?

..prevent a data privacy or security leak to third-party LLM vendors?
..enforce existing data access controls & permissions?

..ensure we can upgrade our LLMs as the technology advances?
..make sure we aren’t caught flat footed if a vendor changes the price?



Generative Al state of the art is rapidly advancing

No single model to rule them all—trade-offs are required to find
the best model for each use case

The decision criteria are:

* [ -

Privacy Quality Cost Latency
Proprietary LLMs Open Source LLMs

* Dolly n )
A@Dpenhl [f/l mosaicMt stability.ai

(@) chatepT I ANTHROP\C < databricks () Hugging Face
paLM 2 * MPT Stable Diffusion

©2023 Databricks Inc. — All rights reserved | Confidential and proprietary £ 15



Using Proprietary Models (LLMs-as-a-Service)

« Speed of development * Cost
- Quick to get started and working. - Pay for each token sent/received.
- As this is another API call, it will fit very easily  Data Privacy/Security

into existing pipelines.
* You may not know how your data is being

* Quality used.
+ Can offer state-of-the-art results « VVendor lock-in

- Susceptible to vendor outages, deprecated
features, etc.

©2023 Databricks Inc. — All rights reserved £



Using Open Source Models

“

« Task-tailoring « Upfront time investments
Select and/or fine-tune a task-specific - Needs time to select, evaluate, and possibly
model for your use case. tune

+ Inference Cost « Data Requirements
More tailored models often smaller, making + Fine-tuning or larger models require larger
them faster at inference time. datasets.

» Control « Skill Sets
All of the data and model information stays + Require in-house expertise

entirely within your locus of control.

©2023 Databricks Inc. — All rights reserved £



LLM Flavors

Thinking of building your own modern LLM application?

9 i l;qx
Open-Source Models Proprietary Models
« Use as off-the-shelf or « Usually offered as
fine-tune LLMs-as-a-service
« Provides flexibility for « Some can be fine-tuned
customizations . Restrictive licenses for
« Can be smaller in size to usage and modification

save cost
« Commercial/
Non-commercial use

Non- mercial Us:
commercial Use Commercial Use ANTHROP\C A @openar
W Meta Al databricks \ mosaic™ * @
' (”.’ $ il PalM 2

©2023 Databricks Inc. — All rights reserved
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MLOps + LLMOps

Prepare
Data for Al

Discover & Transform
Structured Data into Features
Chunk & Create Embeddings
from Unstructured Data

Develop &
Evaluate Al

Train and Test Algorithms
Fine-Tune & Prompt Engineer
Models

Create GenAl agents & tools
Chain together assets
Evaluate Experiments

Al Governance & Lineage

Data Governance & Lineage

Tackling these challenges requires
Integrating your data with full Al capabillities

Move Code, Data, and Models between development and production

Manage Models, Features, Experiments

Serve Al

e Low Latency Model Serving
e Log Model Requests/ Responses

Serve Data

e Low Latency Feature Serving &
Feature Transformations
e Query Embeddings in Vector DB

Manage security & permissions
Track model lineage

Data Platform

Data Streaming

Data Monitoring

Monitor Al

Evaluate Model Accuracy and -
Quality

Monitor and Retrain to Maintain

Model Quality

Understand Business KPI

Impact of Models

Data Orchestration
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What is a Lakehouse?

Data
Warehouse

Structured Data

Proprietary,
Closed format

Data

Nay : K™
e
Mutiduls  Recud Docsmenm :’m”

Toxonnesies  Source Data management  Suwmanm
and gQovernance  rasmesan

One platform that unifies all of
data, analytics, and Al workloads

Data Lakehouse
[ orncs L e |

Neraty

[

BB e
: Inegwere

Extvaen ) Lowt

Raw data in open file formats

e L]

1. eoze
i Second lscatrmee
Mwrare

Tommmies  dmre  Curated data with  Sunsersein
Hedw govermance T watisn

Open APTs with grect hile acoess using 301, A, Python and other languagea

--
0

Data Lake

® 5.5 = B |

Dther unstructured

Machine Learning

Link to Blog Post by Bill Inmon, Computer scientist, author, and technology pioneer. Best known as the Father of Data Warehousing
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https://databricks.com/blog/2021/05/19/evolution-to-the-data-lakehouse.html
https://www.linkedin.com/in/billinmon/

A data Lakehouse takes a different approach

One platform to support multiple personas

Bl & Data Data Data
Warehousing Engineering Streaming Science & ML

One security and governance model for
all data access across the organization

One platform to store and manage all structured,
semi-structured, and unstructured data

Cloud Data Lake

aWs w All Raw Data
(Logs, Texts, Audio, Video, Images)



Lakehouse: Al capabilities built directly into the data platform

Unified governance and unified tools that operate on single copy of your data

MLops + LLMops + DataOps
Shared interfaces and paradigms to deploy data and Al

One platform to support multiple personas

One toolkit for data and Al mgnitgrirg

F[ % Data Science & ML
L]

| | . Prepare Data Develop & Serve Al
| : i Oneptoolkit for Evaluate Al Every model
| | =T I data pre Tools for every accessible via API, La kehouse AI
! ﬁl? == prep persona SQL, or Pipelines
Serve Data
Bl & Data ! Data ! Data ! OneEIz_atform for rez_al—time c@tg servin§
Warehousing:Engineering | Streaming Monitoring

Unity catalog
One security and governance model for all data.and Al across the organization

Delta Lake

One platform to store and manage all structured, semi-structured, and unstructured data

Cloud Data Lake

aWS b All Raw Data
~ ~- (Logs, Texts, Audio, Video, Images)



Lakehouse: Al capabilities built directly into the data platform

Unified governance and unified tools that operate on single copy of your data

MLops + LLMops + DataOps
Shared interfaces and paradigms to deploy data and Al

The first Al platform built
Serve Al directly into the data layer

Every model accessible via API,
SQL, or Pipelines

Prepare Data Develop & Evaluate Al

One toolkit for data prep Tools for every persona « Common tooling for all personas

- End-to-end governance, lineage,

version control across data and
Serve Data Al

One platform for real-time data serving

- Single copy of your data
Monitoring + Models inherit the governance of

One toolkit for data and Al monitoring

the data they are trained on

Unity catalog Intelligently leverages
One security and governance model for all data.and Al across the organization . .
semantic & lineage

understanding for automation

Delta Lake - Automated error correction
One platform to store and manage all structured, semi-structured, and unstructured data

+ Smart feature suggestions

Cloud Data Lake

aws w All Raw Data
~ = (Logs, Texts, Audio, Video, Images)



Lakehouse Al works for all Al models

Classic, deep, proprietary or open source Generative Al + LLMs

Deep Classical ML Proprietary Open source Chains &
learning algorithms LLMs generative Al agents
models + LLMs

O PyTorch e @) chatgpT - databricks W
. er«n . DoIIy LangChain
P ANTHROP\C ”// mosaicMt
TensorFlow XGBoost £ &openar MPT
~ | Hugging Face t)(t“
* il

stability.ai

Stable Diffusion

X

PaLM 2

Pick the best model(s) for your use case

©2023 Databricks Inc. — All rights reserved 25



LLMOps, unified with DataOps + MLOps

. ot remano Dewrwn } p S Fus trerm resmams DreRE N S (R TEIe
LLM Operations for = - —] s

end-to-end production

+ Databricks unifies LLMOps with
traditional MLOps & DevOps

+ Teams need to learn mental
model of how LLMs coexist
with traditional ML in
operations

Differences to MLOps

« Internal/External Model Hub

* Fine-Tuned LLM

¢ Vector Database

* Model Serving

* Human Feedback in Monitoring
& Evaluation

©2023 Databricks Inc. — All rights reserved ;&é



Lakehouse Al: the best platform for Al

Al = Generative Al, LLMs & Machine Learning

Separate Al Platform

+ Data Platform

Many Al tools +
Data Platform

Some tools don’t have
governance

- Centralized search and discovery
. Data & Al

Costly effort to integrate
platform

©2023 Databricks Inc. — All rights reserved



We at Databricks are transforming our business

Understand customer usage: evaluate
existing usage and model future trends,
spikes, and growth/decline

c Talk to your data: natural language chats
with structured + unstructured data

9 Make Databricks simpler: intelligent task
assistant that understands your data and
documents your code

€© smarter developer support: contextually
aware help and assistance in model
accuracy & maintenance

©2023 Databricks Inc. — All rights reserved | Confidential and proprietary

Assistant o X

Context: Command 1

User:

Using df, plot the number of trips per day.

Assistant:
To plot the number of trips per day, you could:

1. Convert the pickup date-time column to a date-only column using the
pandas dt accessor.

2. Group the data by date and count the number of trips in each group.

3. Plot the resulting counts using any plotting library of your choice.

X
ion using pandas and lotlib:

Here's an ple imp

B »

Jil
i

python
import matplotlib.pyplot as plt

# Convert datetime column to date-only column
df['date’'] = df[’'pickup_datetime').dt.date

# Group trips by date and count number of trips in each group
trips_per day = df.groupby(’'date’).size()

# Plot trips per day
trips_per_day.plot()

# Set plot title and axis labels

Cod 1

df = spark.sql('select -

» (1) Spark Jobs

Command took 2.42 seconds -~ b
michael.piatokidatabricks.con'

ShifteEnter to run
ShifteCtricEnter to run selects



Generative Al can transform your’s

Encoding your organization'’s IP and data into generative Al models unlocks
significant value and efficiencies

o Create conversational interfaces for everything

e Reduce employee time spent looking for information
e Automate and improve business processes e.g., customer sales, support, etc

©

Human-level comprehension - but at billions of words per second

e Drive revenue & proactively identify problems by extracting insights from every customer
interaction
e e Reduce cost by automating language-heavy processes

Generate human-quality text, images, and code

e Increase employee productivity by drafting marketing, support, sales content
e Drive revenue by personalizing every customer interaction

©2021 Databricks Inc. — All rights reserved £ 29



Strategic Roadmap for Al Adoption

Formulate a strategy on how you will successfully integrate this
technology into your business landscape

° People & Adoption

e Refine roles and responsibilities
e Training and support

Operations & Monitoring °

e Align your operation model

e Automation
e Gather feedback, continues
interactive improvements e Design & Architecture
.

architecture
¢ Integrate developed model into
Business Use Cases existing business systems
e |dentify business objectives
e Research use-cases and prioritize
high value use cases
e Data availability and alignment with
023 Databricks Ine All rights reserved |

use cases

@ Define Gen Al Strategy

Identify Al strategy

Engage business units

Setup ethical and legal policies
Define success criteria

Organization's Strategy & Mission
How Al can be used for achieving or
accelerating business objectives?

nhdential and prop



Recommendations

(R
N

Centralize your data estate to include Al
Allows for Collaboration and
Productivity

Use any and all models available
Combine some as needed
Provide your controls and weights

Don’t lose control of your data
Develop in house if IP data sets
Provide secure sharing

Experiment

©2023 Databricks Inc. — All rights reserved

Explore our blogs

Hello Dolly: Democratizing the magic of

ChatGPT with open models

Getting started with NLP using Hugging

Face transformers pipelines

How Outreach Productionizes PyTorch-
based Hugging Face Transformers for

NLP

Fine-Tuning Large Language Models with

Hugging Face and DeepSpeed

31


https://www.databricks.com/blog/2023/03/24/hello-dolly-democratizing-magic-chatgpt-open-models.html
https://www.databricks.com/blog/2023/02/06/getting-started-nlp-using-hugging-face-transformers-pipelines.html
https://www.databricks.com/blog/2021/05/14/how-outreach-productionizes-pytorch-based-hugging-face-transformers-for-nlp.html
https://www.databricks.com/blog/2023/03/20/fine-tuning-large-language-models-hugging-face-and-deepspeed.html
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