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http://databricks.com/communications

Building data-driven businesses in Communications
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Databricks will unlock
over $5.6B of value in
Communications,
Media, & Ent over the
next three years with Al



Databricks unlocks value from high impact Al use cases
across Communications, Media & Entertainment

Audience

targeting

$2B+
Media
Conglomerate

Higher
engagement
Increase CPM

Total Validated
Impact

Generate Revenue V¥  Save Cost
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segmentation & Dynamic Pricing &

Customer
Sentiment,
Satisfaction
Analysis

Revenue Mgmt

$10B+ $20B+
Entertainment & Entertainment
Vacation provider Operator

Quality & velocity

of insight
Increase ARPU Improve
Increase advertising sales
Customer volume Reduce cost to
Increase Upsell analyze
V Reducetimeto
analyze

Supply Chain
Optimization

Top 3 US Telco

Provider

Reduce supply
chain logistics
costs with end to
end visibility

Source: Validated case studies and analysis of top Databricks Telco customers

Call Center

Augmentation

$8B+

Call Center operator

Increase upsell
Improve CSAT
Reduce Churn



Transforming Communications with Generative Al

Market Research Domains expected to bring the most value from GenAl
based on MIT survey of 600+ CIOs, percentage ranked in top 2

94% | B

CSP leaders believe GenAl will have a
significant impact in next 5 years'

o :
8 6 (o) Automation & Efficiency (Contact Center) | 33 %

CSPs have GenAl in production or have
GenAl experiments in the last year?

oo | memererTinesTol)& MachinetomMachine T o
60 /O Customer Experience 13%

CSPs plan to use 0pen SOUrCe MOAEIS | oot ——
for GenAl/LLMs to enable scalability 3

1) Bringing Breakthrough Data Intelligence to Industries, MIT Technology Review (link). 2) CEO decision-making in the age of Al, IBM Institute for Business Value (link). 3) How generative Al can boost highly skilled workers’
productivity, MIT Management Sloan School (link). 4) McKinsey: The economic potential of generative Al: The next productivity frontier (link)
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https://www.databricks.com/resources/ebook/bringing-breakthrough-data-intelligence-industries/thank-you?scid=&utm_source=mit&utm_adgroup=ROS+-+-MIT+-+Value+Add&utm_offer=bringing-breakthrough-data-intelligence-industries&utm_term=
https://www.ibm.com/thought-leadership/institute-business-value/c-suite-study/ceo
https://mitsloan.mit.edu/ideas-made-to-matter/how-generative-ai-can-boost-highly-skilled-workers-productivity
https://www.mckinsey.com/capabilities/mckinsey-digital/our-insights/the-economic-potential-of-generative-ai-the-next-productivity-frontier#industry-impacts

GenAl use cases across Communications

Data & Network loT & M2M Security, Compliance, Customer Experience
Optimization and Risk & Service
e Network operations e Smart home analytics Fraud detection Customer 360

monitoring roaming analysis

e QoS speed and reset
analysis

e Capacity and predictive
usage

e Trouble ticket resolution
e CDR/PCMD/LSR pipelines
e Traffic/demand forecasting

e Network anomaly detection
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Predictive maintenance
Equipment fault detection

Real-time resource
management

Engineering deployment
prediction

Data monetization—location
based campaigns, road traffic
management, tourism, etc.

Autonomous monitoring
for DoS and robo-calling

Brute force attacks
Bot detection

GDPR/CCPA compliance

Next Best Action/Offer

Personalization/
consumer journey

Churn prediction
Customer lifetime value

Call center automation



How communications service providers are
achieving results with Generative Al

Most companies
are here

‘ Eliminate Inefficiencies

Workflow automation

Customer support
automation

Competitive Differentiation

Metadata generation

Captioning and localization

Leaders customize models with their data

Streamline Business Processes

Field technician assistant

Network planning and
deployment

Marketing co-pilot

Threat detection

Content recommendations
Call center assistant
Contextual targeting

Predictive network
maintenance
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Complexity



Challenge:

Building and deploying
production-quality
Gen Al solutions is
difficult

©2024 Databricks Inc. — All rights reserved

90%

of enterprises not
confident going
to production



Why is it hard to get to production

No control over the Production-level [ $ ]|, High cost at scale

data or the models quality is challenging




Build better GenAl solutions on Databricks
You need more than just good models

Complete control

- W
N N N
N N N
N N

PN DID
OOCADOA

Complete
ownership over
models and data

$

Reduce potential
privacy &
reputational risk
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Production quality

Accurate, safe and
governed GenAl

apps
¥

Only platform with native
evaluation, monitoring and
governance

Lower cost

Cost-effective to
build LLMs at scale

$

Up to 90% less
expensive for RAG and
to train your own LLMs

10



Databricks Mosaic Al is the only end-to-end platform
for all your GenAl use cases

Out-of-the- RAG Fine-tuning Pretraining
box models

DATA INTELLIGENCE PLATFORM



Communications: Where to get started
Key use cases where we are seeing the most traction

©)

Ny

&S

A
3 S

v
1

Use Case

Customer Support
Automation

Call Center
Assistant

Field Technician
Assistant

Description

Automatically categorize, summarize, and
draft a response for every inbound
customer message (email/call) using your
brand tone to quickly and efficiently
remediate customer concerns.

Instant and interactive access to a
customer’s recent pre-call experience and
recommended next best actions/offers at
the fingertips of every call center agent

Diagnose, troubleshoot, and resolve cell
tower issues more efficiently by equipping
field technicians with a chat interface that
replaces the need to manually sift through
hundreds of tower manuals (PDFs) and
internal knowledge bases (wikis)

GenAl Type

Fine-tuning + RAG

Fine-tuning + RAG

RAG

1: Value based on business of ~$120B in revenue

Effort / Cost

Complexity
Cost
Support

Complexity
Cost
Support

Complexity
Cost
Support

Value!

$480-960m
Estimated
annual impact

$480-960m
Estimated
annual impact

$360-720m
Estimated
annual impact



Complexity o Im

Field Technician Assistant RAG Cost p—

Support ommm

Global telecommunications provider with $78B in revenue leverages
Databricks to diagnose, troubleshoot, and resolve call tower issues

Challenges Solution Impact
Field technicians are a limited e LLM-powered chat interface e Enables faster resolution of cell
resource empowers field technicians to tower issues, reducing
e Technicians ability to resolve better diagnose, troubleshoot, downtime and service
issues timely has direct and resolve cell tower issues disruptions.
impact on customer more efficiently e Streamlines the
satisfaction and revenue e This replaces the need to troubleshooting process
manually sift through e Decreases the need for on-site
hundreds of tower manuals technician visits by enabling
Use case (PDFs) and internal knowledge remote diagnostics and
e Field Technician Assistant bases (wikis) resolution
e Minimizes service disruptions
and improves network reliability
by quickly resolving tower

issues



Field Technician Assistant Architecture

Data Sources Data Intelligence Platform for Field Technician Co-Pilot Use Cases

w Databricks Embedding Endpoint

Foundation model as a service

Cell Site & Tower —
Details : A % 56 Diagnose

= J — gg - Databricks

: Databricks 2 Chatbot Model
Raw data : Clean Dataset Vector Search i
; ) Endpoint
Doc chunks with embeddings Index

Tower Manuals e Hunks and
PDFs xtract text chunks an
( ) compute embeddings Troubleshoot

= %

Internal Wikis Ecosystem

E4
- W& LangChain Llamalndex

Field Notes

HM Microsoft
B Ao ) Google Cloud




Customer Support Automation

Complexity o I

Fine-tuning + RAG Cost o

Support o

Global communications provider with $120B in revenue uses Databricks to automate
customer support responses, increasing accuracy while reducing time to resolution

Challenges
As the volume of customer
support queries increases, so
does the strain on human
support resources

e You want human agents
focused on the most critical
tasks

Use case
e Customer Support Automation

Solution

e Automatically categorize,
summarize, and draft a
response for every inbound
customer message (email/call)
using your brand tone to
quickly and efficiently

remediate customer concerns.

e Augment human support
teams by providing guidance
that improves the speed,
consistency and accuracy

Impact

Leverage the complete knowledge
base of support responses to draft
more accurate and timely answers.
This helps to improve customer
satisfaction through improved time
to resolution for support queries.



Call Center Assistant

Complexity omm

Fine-tuning + RAG Cost e
—

Support ®

Global telecommunications provider with $122B in revenue uses Databricks to integrate
intelligent chatbots alongside human support agents to improve win-back and upsell

Challenges
Call centers are critical
opportunities for win-back
and up-sell with customers
e Need solutions that improve
the accuracy and speed to
resolution

Use case
e Call Center Co-Pilot

Solution

Instant and interactive access
to a customer’s recent pre-call
experience and recommended
next best actions/offers at the
fingertips of every call center
agent

Augment human support
teams by providing guidance
that improves the speed,
consistency and accuracy
Accelerate ramp-up of new
customer support agents

Impact

Tool provides customer support

agents with direct access to

real-time information, and

personalized recommendations

based on customer history. This

helps to:

* Improve the time to resolution

* Increase the accuracy of
recommendations

» Improve customer win-back and
upsell rate

* Increase the value of each human

agent



Achieve quick results in Generative Al with Databricks

Conduct Workshops & Leverage Trusted Training & Solution
Build Rapid POCs Partners to Accelerate Accelerators

Get to POC in weeks Accelerate your path to Production Enable your teams

e Gen Al Use Case Identification PS Packages Training Services
) ) e LLM Reference Implementation (RAG) e Generative Al foundation course

e Architecture Workshop (optimal e Fine-tune model & strategy e In-person and virtual training

approach to Gen Al, eg. RAG) e Pre-training Enablement
e LLM PoC (RAG) . . Solution Accelerators
S| + Databricks GenAl Offerings e Building recommendations

e Product review summarization
e Creating Brand-Aligned Images
e LI Ms for RAG-based Q&A

e .and more

-_—————e. . __®
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e Accenture, Slalom
e Tredence, Koantek, Aimpoint



https://www.databricks.com/resources/learn/training/generative-ai-fundamentals
https://www.databricks.com/solutions/accelerators/building-commonsense-product-recommendations-with-large-language-models
https://www.databricks.com/solutions/accelerators/automating-product-review-summarization-with-large-language-models
https://www.databricks.com/blog/creating-brand-aligned-images-using-generative-ai
https://www.databricks.com/resources/demos/tutorials/data-science-and-ai/lakehouse-ai-deploy-your-llm-chatbot?itm_data=demo_center

databricks



Appendix

©2024 Databricks Inc. — All rights reserved < 19



Influence of GenAl on industry trends

Transforming operations, customer interactions, and service offerings

Personalization At Scale Enhanced Customer Service
Increased engagement and Improve customer experience
retention at scale through and reduce burden on human
messaging and recommendations agents

Efficient Network Optimization Predictive Maintenance
Reduce the cost to serve and Increase reliability and efficiency
operate through network of networks, improving service

optimizations quality while reducing downtime



Bringing GenAl

Predictive maintenance report
Engineer begins day and

has ticket in queue for
preventative maintenance

Customer 360

Customers alerted that service is
back; chatbot addresses questions
and detects any issues affecting NPS

@ % Engineer reviews current network
performance; needs to take service
down to fix preventative issue

% } ﬁ Proactive care workflow
@ Consumers get proactive
alert of service disruption

to Life

E Real-time network performance

based on geolocation data

Service assurance

Engineer believes he has fixed issue...but
part of network is still offline; Engineer
given troubleshooting alert to close case



Driving value with LLMs

Using LLMs and generative Al across the entire CSP lifecycle

Transforming
Personalization

6
(

Unlocking Revenue Streams
through Value-Added Services

&

Network Optimization
and Efficiency

o
(

Network Security and

Threat Detection

il

Enhancing Customer
Service and Support

oo

Predictive Maintenance
and Crew Scheduling
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Solution Accelerators




SOLUTION ACCELERATOR

Enhanced Product Search

Foster transformative customer interactions

can be used to harness the
rapidly growing range of content and goods to ensure customer
searches yield the desired results. With the Databricks Data
Intelligence Platform for Retail, organizations can:

e Unify product, query and label data within a retailer’s
product catalog

e Enable rapid search with analytics against numerical arrays

e Train and deploy an LLM model with Databricks Model
Serving

Business Value:

Better customer experience
Higher conversion rate
Increased cart size

A

DEPLOY MODEL AS MICROSERVICE TO INTEGRATE WITH APPLICATIONS
A

databricks Search dta notebook,recents, and more.

UNIFY STRUCTURED AND
UNSTRUCTURED DATA
FOR LABELING

LEVERAGE DEEP LEARNING TO TRAIN
GENERATIVE Al AND LLM MODELS

mifiow



https://www.databricks.com/blog/enhancing-product-search-large-language-models-llms.html
https://www.databricks.com/blog/enhancing-product-search-large-language-models-llms.html

SOLUTION ACCELERATOR

Product Recommendations with LLMs

_—

Product recommendations play a central role in guiding customers ANALYZE BILLIONS OF GUSTOMER BATARARAMETERS
through their shopping journey with tailored suggestions based on their Speciicproduc s e s
Descriptions & Metadata
buying behaviors and preferences. With LLMs, Retailers can automate the O
¢ : ¢ : S WM CREATE RECOMMENDATIONS FOR ITEMS THAT ARE

delivery of personalized suggestions that adapt to evolving customer o I_;Reimme'n'; LIKELY OF INTEREST
preferences — enhancing user engagement, increasing sales and fostering 1, P

COMBINE GENERAL RECOMMENDATIONS
long-term customer loyalty. AND PRODUCT SEAREH

Use this to develop product recommendations based
on common sense linkages for new-to-market products and optimized
recommendation engines:

» Convert all of your specific product descriptions and metadata into
embeddings and store them in a searchable index

» Task an LLM to recommend products based on their connection to
other relevant products



https://www.databricks.com/solutions/accelerators/building-commonsense-product-recommendations-with-large-language-models
https://www.databricks.com/solutions/accelerators/building-commonsense-product-recommendations-with-large-language-models

SOLUTION ACCELERATOR

Automating Product Review Summarization

The breadth of digital communication channels has made it increasingly
effortless for customers to write product reviews that can significantly
impact the perception of a business. With large language models (LLMs),
retailers can easily extract and summarize insights from huge volumes of
customer feedback to enhance decision-making and product
development strategies.

Use this to streamline the summarization of customer
feedback, allowing your organization to:

* Process a high volume of reviews at a lower cost

» Collect feedback from a wider range of products and summarize it
regularly

« Task an LLM to extract different sets of information from each
high-level category of reviews

N

UNIFY CUSTOMER REVIEWS TO TRAIN MODELS .

EXTRACT ACTIONABLE INSIGHTS FROM CUSTOMER REVIEWS

DEPLOY MODEL AS MICROSERVICE TO INTEGRATE INTO APPLICATIONS

Build Summary Reviews

This dataframe will have positive and negative reviews placed in the same row rather than having separate rows for each. We will use a


https://www.databricks.com/solutions/accelerators/automating-product-review-summarization-with-large-language-models

SOLUTION ACCELERATOR

Creating Brand-Aligned Images using GenAl

Analyze unstructured data with LLMs to improve the customer experience

Image-generating technologies offer significant benefits for retail and consumer
goods companies. By using generative models that produce both stylized and
photo-realistic images from user prompts, marketing professionals, designers, and
product development teams can quickly and effectively explore new ideas and
designs.

While using models pre-trained on large volumes of generic images is great for
producing cohesive imagery, most organizations seek to mimic patterns, designs and
aesthetics specific to a particular brand or domain.

In this , users can expedite the end-to-end development of
personalized image generation applications:

* Pre-process training images for fine-tuning

« Fine-tune a model to understand specific brand/domain elements to produce
outputs better aligned with the needs of the organization

* Manage & deploy the fine-tuned model behind a Databricks model endpoint to
make it available for downstream applications.


https://www.databricks.com/blog/creating-brand-aligned-images-using-generative-ai

DEMO / PRODUCT TUTORIAL

Deploy LLM Chatbots with Databricks

|n this ) We Wi” Cover hOW Databricks iS uniquely Databricks foundation model (bge-large-en)

positioned to help you build a chatbot using Retrieval @ v-ta preparation @”9‘“‘ © interences

Augmented Generation (RAG) and Databricks DBRX Instruct O m—

Foundation model as a service
Foundation Model:

“How can | track Databricks billing?” &

A o A Ve enapolnt s {:ﬂ:— Databricks chatbot model endpoint
« Prepare clean documents to build your internal c ~ =
knowledge base and specialize your chatbot e Drccnumgtn | Dot Aok actoe i oot romvectos ames

embeddings automatically sync - <Similar doc 2 from Vector Index>..

» Leverage Databricks Vector Search with our Foundation your dla e s L S
Model endpoint to create and store document

ownload docs Real time Similarit; b atabricks at endpoin
em be d d i N gs do?:.datz:brg:s.com chunkssp::‘r’:;:;dings ; _ sisr:::r:zocs a: DFotunbdatikoanwl;gldglhasta s:rv[cet
. 5 Extract text chunk from html context to the prompt
» Search similar documents from our knowledge database e conptcanteddngs
with Databricks Vector Search , :
Databricks foundation model (DBRX)
C Deploy a real_tlme mOdel USIng RAG and prOVIdIng “Here is how you can easily track your billing: ..."

augmented context in the prompt
* Leverage the DBRX instruct model through with
Databricks Foundation Model endpoint (fully managed)


https://www.databricks.com/resources/demos/tutorials/data-science-and-ai/lakehouse-ai-deploy-your-llm-chatbot?itm_data=demo_center

SOLUTION ACCELERATOR

LLMs with Better Data using Cleanlab Studio

Improve training data to boost LLM performance

A

FINE-TUNE OPENAI'S DAVINCI MODEL ON A BASELINE DATA SET

Data powers Al in the enterprise, but real-world data sets have been found to
contain 7%—50% annotation errors. Unsurprisingly, erroneous data — from

Improving OpenAl Davinci LLM by Improving Data with Cleanlab Studio

imperfectly labeled data to outliers — hampers the training (and evaluation) of _ T
. . oy . . o improved data CLEANLAB STUDIO
ML models across tasks like intent recognition, entity recognition and sequence (e
generation. 5
Test Accu
Our joint with Cleanlab helps to improve training data to

boost LLM performance by 37% without spending any time or resources to
change the model architecture, hyperparameters or the training process.

OPTIMIZE LLM PERFORMANCE
AND EVALUATE RESULTS

L Project: Stanford Politenes!

* Fine-tune state-of-the-art LLMs using OpenAl’'s APIs

« Evaluate trained LLMs to achieve high test accuracy (65%)

* Improve data quality using confident learning and DCAI without writing
any code or having any ML expertise using Cleanlab Studio

-ta Export Cleanset -D Deploy Model



https://www.databricks.com/solutions/accelerators/llm-cleanlab-studio
https://www.databricks.com/solutions/accelerators/llm-cleanlab-studio

SOLUTION ACCELERATOR

LLMs for Customer Service & Support

N

With the advancements in large language models (LLMs), the integration shaC st Wl S R UL R U o Reii

of intelligent chatbots has emerged as a transformative force, offering

agent-led customer service and support organizations unrivaled ﬂ
efficiency, scalability and personalized interactions. question
, Organizations can:

* Ingest enterprise data from various knowledge bases to build a e

context-enabled LLM-based chatbot prompt

* Augment human support teams by providing guidance that
improves the speed, consistency and accuracy of their work

nttps:fsp:

* Accelerate ramp-up of new customer support agents

hitps://spark.apache.org/



https://www.databricks.com/solutions/accelerators/llms-customer-service-and-support
https://www.databricks.com/solutions/accelerators/llms-customer-service-and-support
https://www.databricks.com/solutions/accelerators/llms-customer-service-and-support

SOLUTION ACCELERATOR

LLM for Customer Service Analytics

Analyze unstructured data with LLMs to improve the customer experience

A

ANALYZE UNSTRUCTURED DATA AT SCALE WITH LLM

Improve call center performance by automating tasks such as customer
service, claims processing, and underwriting. With this

Generating a data profile

« Detect customer intents based on textual data to improve S — T

auto-insurance Can | Drive A New Car Home Without Insurance’

. 3
customer experience ie-insurance I The Cash Surrender Value Of LifeInurance Taxable?

ity Income Reported?
TRAIN MODELS TO CLASSIFY CUSTOMER INTENT

« Leverage large language models (LLMs) to optimize chatbot ; _
Calculating Performance Metrics
performance e catentste o

import seaborn as sns
from matplotlib import pyplot as plt

« Unify internal data with external unstructured data to minimize

pred_df = predictions.toPandas()

underwriting riSk pred_df["hit"] = pd.to_numeric(pred_df["

accuracy_per_intent = pred_df.groupby ("t

Querying the endpoint through REST API

fig, ax = plt.subplots(nrows = 1, ncols
plt.xticks(rotation = 45) def test_prediction_endpoint(questions):
sns.barplot ( endpoint_url = f"serving-endpoints/{endpoint_name}/invocaf
y = accuracy_per_intent["topic_en"], payload = {"instances": questions}
x = accuracy_per_intent["hit"],
palette = "mako", data_json = json.dumps(payload)
e o print(data_json)
) headers["Content-Type"] = 'application/json
plt.title("Prediction Accuracy per Inten response = requests.request(
method="'POST'
headers = headers,
url = f"{databricks_url}/{endpoint_url}",
data = data_json
)
if response.status_code != 200:
raise Exception(f'Request failed with status {response.d
return response.json()

test_questions = [
"my car broke, what should I do?",
"what is my life insurance coverage?",
"can you send me my health insurance cover?"



https://www.databricks.com/solutions/accelerators/large-language-models-llms-customer-service-analytics
https://www.databricks.com/solutions/accelerators/large-language-models-llms-customer-service-analytics
https://www.databricks.com/solutions/accelerators/large-language-models-llms-customer-service-analytics

Communications accelerators

0

Measure platform stability and
performance to prevent churn

Understand customer lifetime
and estimate future spend

Elevate customer satisfaction
with LLM-powered chatbots

s

Increase network reliability and
reduce customer churn

Leverage offline and
alternative data to understand
advertising effectiveness

S

Create a personalized experience
for your customers to drive
engagement and monetization

V'S

I‘- ‘A;:
e N

Advanced segmentation to target
the right people with the right
messages and advertising

~
¢

Predict which telco customers
are likely to churn and empower
teams to take action



https://databricks.com/blog/2020/05/06/how-to-build-a-quality-of-service-qos-analytics-solution-for-streaming-video-services.html
https://github.com/andreiavramescu/aws-streaming-media-analytics
https://databricks.com/blog/2020/06/03/customer-lifetime-value-part-1-estimating-customer-lifetimes.html
https://databricks.com/notebooks/CLV_Part_1_Customer_Lifetimes.html
https://www.databricks.com/solutions/accelerators/llms-customer-service-and-support
https://notebooks.databricks.com/notebooks/RCG/diy-llm-qa-bot/index.html?_gl=1*yqyn38*rs_ga*NmY4Mjc3YWYtMTVkZS00ZDIzLWI0MjctYzNmNjRjYTcyMjMw*rs_ga_PQSEQ3RZQC*MTcwMDE1OTk3MzM1Ny4xNzYuMS4xNzAwMTYwMjEwLjM4LjAuMA..*_gcl_aw*R0NMLjE2OTY5NTYwNDIuQ2owS0NRanc3Sk9wQmhDZkFSSXNBTDNib2JkRnpxV1QwcWJ5TUFBTWMzRV8wc3ItN0tza29VWjMtZlFqS2JiNGVfUm5rTENjcUx2bm1SWWFBcFpvRUFMd193Y0I.*_gcl_au*MTIzNzg5ODA1Mi4xNjk1ODQ5MTc5
https://databricks.com/blog/2020/10/05/measuring-advertising-effectiveness-with-sales-forecasting-and-attributing.html
https://databricks.com/notebooks/campaign-effectiveness-forecasting-foot-traffic-etl.html
https://databricks.com/blog/2020/12/18/personalizing-the-customer-experience-with-recommendations.html
https://databricks.com/blog/2020/12/18/personalizing-the-customer-experience-with-recommendations.html#notebooks
https://databricks.com/blog/2021/03/16/segmentation-in-the-age-of-personalization.html
https://www.databricks.com/solutions/accelerators/telco-network-analytics
https://notebooks.databricks.com/notebooks/CME/telco-reliability/index.html?_gl=1*1sjv5sv*_gcl_aw*R0NMLjE2OTY5NTYwNDIuQ2owS0NRanc3Sk9wQmhDZkFSSXNBTDNib2JkRnpxV1QwcWJ5TUFBTWMzRV8wc3ItN0tza29VWjMtZlFqS2JiNGVfUm5rTENjcUx2bm1SWWFBcFpvRUFMd193Y0I.*_gcl_au*MTIzNzg5ODA1Mi4xNjk1ODQ5MTc5*rs_ga*NmY4Mjc3YWYtMTVkZS00ZDIzLWI0MjctYzNmNjRjYTcyMjMw*rs_ga_PQSEQ3RZQC*MTcwMDE1OTk3MzM1Ny4xNzYuMS4xNzAwMTU5OTg2LjQ5LjAuMA..
https://www.databricks.com/solutions/accelerators/graph-analytics-telco-customer-churn-prediction
https://notebooks.databricks.com/notebooks/CME/graph-analytics-churn-prediction/index.html?_gl=1*kb1vkn*_gcl_aw*R0NMLjE2OTY5NTYwNDIuQ2owS0NRanc3Sk9wQmhDZkFSSXNBTDNib2JkRnpxV1QwcWJ5TUFBTWMzRV8wc3ItN0tza29VWjMtZlFqS2JiNGVfUm5rTENjcUx2bm1SWWFBcFpvRUFMd193Y0I.*_gcl_au*MTIzNzg5ODA1Mi4xNjk1ODQ5MTc5*rs_ga*NmY4Mjc3YWYtMTVkZS00ZDIzLWI0MjctYzNmNjRjYTcyMjMw*rs_ga_PQSEQ3RZQC*MTcwMDE1OTk3MzM1Ny4xNzYuMS4xNzAwMTU5OTg2LjQ5LjAuMA..

Value Potential




Leveraging Databricks expertise saves cost and can
accelerate time to market by up to 6 months

Training large language models is difficult; most teams typically take multiple training runs and iterations to
successfully converge a large language model

Training Model Runs Impact

e Model training expertise - no unnecessary runs

v
@ o  Efficient ML software stack / configuration,
o  Hyperparameters / data filtering / mixture techniques
databricks : S : : :
o instruction fine tuning strategies / recommendations
AL, (BT e Lower cost to get started
cost runs
. e Average time to market <6mo
Time-to-market
v :
X X X e Lack of expertise - unnecessary runs
e Lengthy time to market > Longer debug cycles
Others and less experimentation
Several e Average time to market >12mo
expensive

runs

Time-to-market < 34



Training an LLM with Databricks requires 83% fewer GPU hours, resulting
In 52% cost savings

@ @

Fewer training runs and higher GPU utilization... ..also translates to cost savings
GPU hours required for model training Model training GPU costs compared to DIY
Hrs, Lower is Better Est. based on on-demand pricing’
9,600
GPU Hours - additional runs ~
GPU Hours - "hero run”
Customers usually 53% cost
require 3x addtl. savings
83% fewer 7,200 > training runs when ($2.6M)
GPU hours training models on
their own $5.1M
1,680 )
$2.4M
MosaicML + Databricks DIY MosaicML + Databricks DIy

S S

e Databricks is more efficient at processing GPUs, and requires fewer training runs compared to DIY, resulting
in ~83% fewer GPU hours for model training
e This translates to 52% cost savings ($2.6M), in addition to faster time to market

1: Spot prices for DIY taken from Lambdalabs.com <
Source: Databricks and Factset GenAl Value Model



https://lambdalabs.com/service/gpu-cloud/pricing
https://docs.google.com/spreadsheets/d/1Itc3fPhyNDwC9vc9TU3iJADDqpzSTUCmOcETePrOSKY/edit#gid=898679175

