LN
phuse-share
\/ connect-share-advance

Single Day Event

From Models to Agents:
Accelerating Human—Al Collaboration in
Clinical Development with Databricks

Will Wang
Head of Solution Architect, Databricks

phuse.global



phuse

e Databricks for HLS

e Human-Al Collaboration via Agent

O MLFlow 3 — agent trace tracking and
observability/evaluation

O Agent Bricks — build your agent quickly



7

novonordisk ~ SANOFI

AMGEN

b NOVARTIS

nutrasgurce

”Biogen

NV REGENERON ROIVANT

Atgenomix
AETION

—

Cerner
L Milliman

£ bNasTACK

Earlier Detection

LLLLLLL
INC.

pProgNos

Atrium Health ~

Mercy'f

v A AMN
IV Healthcare

RUeH StLukes

3+! Northwell
< Health

== <> AdvocateAuroraHealth
L
< Livongo Humana. ™ opPTuMm
HCSCew  eHealth
]

. . . i Alignment Healthcare

m @) Collective Health

SCIENTARSFIC

Health
MCSKESSON

A

Databricks will unlock
over $15.4B of value in
Healthcare & Life
Scilences over the next
three years
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RS How Al impacts the life sciences value chain

Accelerate target Increase manufacturing Equip medical science

identification to yield by simulating teams and sales reps
increase throughput bioprocessing and with personalized
of viable drug complex operational next-best-actions to
candidates technology systems increase sales
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p&’je Al use cases across the life sciences value chain

Increase R&D Optimize Supply Chain Improve Commercial
Productivity & Manufacturing Effectiveness
Drug Clinical Product Sales & Patient
Discovery Development Operations Marketing Engagement
Training Single Cell Clinical Trial Digital Twins & Sales Rep Next-Best Patient Next-Best-
Models to Predict Protocol & Result Manufacturing Yield -Action to Optimize Action from Digital
Gene Expression Summarization Optimization Provider Devices (eg., CGM)

. Lo Engagement . .
Genetic Target Adverse Event Predictive Personalized Patient
Identification Detection Maintenance Medical Affairs Adherence Programs

Knowledge Assistant
Biomedical Regulatory Demand & Patient Education
Research Assistant Document Forecasting & Marketing Content Content Generation
Generation Safety Stock Generation

SCIENTIFIC

RGC w GILEAD AstraZeneca ThermoFisher GSKX welldoc

s Cen

€. MERCK %;g Gohmonsfohmon 72, HAGEN Insulet

maker of Omnipod
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phuse Al use cases across the life sciences value chain

Improve Commercial

Optimize Supply Chain
Effectiveness

Increase R&D
& Manufacturing

Productivity

RGC.

Regeneron Genetics Center

Building Customer 360

Implementing
(Healthcare Professionals)

Accelerating Target
Smart Manufacturing

Identification
Identifying high-quality genes Integrating IT & Operational Unifying 1st party (eg., CRM) & 3rd

to target by modeling Technology data to support party (eg., IQVIA) data for 14M global
loss-of-function variants real-time monitoring HCPs to deliver next-best-action

~ A4 AV
New Drug 19% 1M1%
Candidates Reduction in asset Uplift in targeted sales
o ) maintenance cost with campaign with
for chronic liver disease predictive maintenance personalized HCP

(CIDEB gene) :
messaging



PR,
phuse
L

MLflow and GenAl

e Open-source platform for
machine learning lifecycle

e Co-developed by Databricks
and the ML community

e Pre-installed on the Databricks
Runtime for ML

e Operationalizing Generative Al
development lifecycle

4

Experiment
tracking

Visualization

Generative Al

M

Evaluation

Serving

Model Registry
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Q search for data, notebooks, and more. ~ v Here's my address: 123 Main St, Apt 4B, Springfield, IL 62701 HEEY

e THE MLOps tool for Classic Models m—_—

Experiment >

e A competitive Ops solution for Deep My Cenhizep

Assessments 8 10 Expand all

Chat Inputs/Outputs  Attributes  Events.

Overall assessment + Add new
. ~ |&|LangGraph K10
I Charts || Q Search ~ Inputs © 231 tokens > BNe ®181
earning 5 s
Requests 1074 v & call_model_1 A Show past inputs answer_completeness <> + Add new
- . & RunnableSequence_1 > 0 61
e & user
400 & RunnableLambda_1

Here's my address: 123 Main St, Apt 48, Springfield, IL 62701

MLflow is the de facto standard for : "|||| o s
Experiment Tracking and Model RLTTTTTT L)L

v Output © 231 tokens
& validate_address Correctness + Add new

v @ agent2 8 Assistant used  validate_address in call_BILybbHQTryeQHpVOkrOF: > @No &1
. .
Reglstry—W|der adopted across the open | :
Trace ID Input Seddeies Groundedness. + Add new
2 v & RunnableSequence_2 e :
. . . . street1®: 123 Main St*, > BYR &1
source Communlty and mdustry with all major e ottt epriariat
. ¢ pringfield”,
! % ChatDatabricks 2 83 e Relovarce + Add new
. v @ tools2 62701, > OYes o1
clouds oftrerin oste ow
. 21231 Where can | find the ¢ 5 e v37) .,
123471 What were our sales le v Nl agen's ¥ um_toolcaks S -t Add new
: > 3 en
121981 How can I file a report v @ call_model_3 & Tool was called in call_B9LybbHQTryeQHpVokrOFaDq >
2231 Where can I getacces v & RunnableSequence_3 T T TR + Add assesment
123471 Where canl find the o 2] RunnablaLambaa s "123 Main St", "street2": "Apt 48", "city":
= "5 ngfield “state": (K 62701",
21081 What were our sales ¢ ® Chatoatabricks 3 82 “country": "USA"}) B eietior
21231 How can file a report Show12 idden'span
W2 dderi spens B Assistant used & create_return in call_BOLybbHQTryeQHpVOKIOFaDe expected_response z
123471 Where canl get acces
P @ The address isinvali. Please make sure you provide a vald address.
+ + 121981 Where can find the o o
21231 What were our sales ¢ L1
organizaﬁons 123471 How can | file a report n st Detalls
"Apt 48",
21081 Where can | get acces Trace ID 121281

Springfiel

121231 Where can | find the & staten: “ILY, Token count @231




phuse mlflow Product v Compare Blog Docs

Deliver production-ready Al

The Al developer platform to build Al applications and models with confidence

Model Training

Streamline your machine learning workflows with enterprise-grade tracking,
model management, and deployment

GenAl Apps & Agents

Enhance your GenAl applications with end-to-end observability, monitoring,
and enterprise governance, all in one integrated platform.

3.0

Get started Get started

@ LangGraph

Redesigned for the GenAl Era ® Agen

& CallModel
dancing-panda-367
. . @ RunnableSequence . | fish-367
B4 oolden-fish-
Integrated with Agent Evaluation & chatdatabrcks 4 2
gray-goose-321

@ Tools
v | dancing-horse-75

Unified SDK for
e MLflow
e Agent Evaluation
e Human Feedback




p@e MLflow3: What problems does it solve?

Unclear why agent
performance is poor

Difficult to evaluate
quality efficiently

Fragmented agent
observability

Real-time trace logging for
online and offline agents

OOB LLM judges and integrated
Review App for human labeling

OTel-based tracing for any

agent, regardless of hosting




Redesigned MLflow to support classic ML AND GenAl workloads
Real-time tracing server for instant observability
Lakehouse integration with online/offline traces stored in Delta (beta)

Monitoring and evaluation for any Al application (ML, Al, Agent),
including those hosted on Databricks or outside!

Prompt registry for tracking and versioning prompts in the UC

Improved Ul for evaluation datasets, labeling sessions, Review App,
traces



o :
Rhuse MLflow3: Tracing

Summary Detail view

Capture and visualize

Q Search

Trace breakdown | ¥ Filter | 7 = | Chat Inputs/Outputs Attributes Events St e p S Wlt h N p u t sl
v Tools outputs, and latency.

> retrieve_databricks_docs

ChatDatabricks_1 v Messages
& tools_condition 2 User
v, & retrieve How can | resolve the "ROUTINE_USES_SYSTEM_RESERVED_CLASS_NAME" error when creating a function in Databricks SQL?
v &5 retrieve_databricks_docs
%2 Assistant

Q) VectorStoreRetriever
called #x retrieve_databricks_docs in call_5d5108a5-d744-4941-b388-171149d9935b

& rerank
14 '
v ¢ generate 2 “query": “ROUTINE_USES_SYSTEM_RESERVED_CLASS_NAME error Databricks SQL"
v & RunnableSequence 31}

& ChatPromptTemplate
2 ChatDatabricks_2

& StrOutputParser



LLMs/Agents are
non-deterministic

and unpredictable.

Quality is defined
vaguely and has
many aspects.

User inputs are not
predictable and
change over time

Many moving pieces
in the system, e.g.,
LLMs, retrievers, tools.
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miflow.library. Trace 20+ libraries
by one line

“ OpenTelemetry Traces
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e Pre-built LLM judges

e (Customized LLM judges

e Customize with
code-based metrics

e Identify root causes with
evaluation review Uls

Assessments N 4 Expand all

Overall assessment

> ®No &1 <%

Similarity

> ®No <1

Correctness

> ®No <1

Relevance

> @Yes <1

Runs Datasets

=ist |l Compare | | Q Search

Compare  ® Lazy-bear-112 ¥ to @ Gentle-panda-125 v

Input

Where can | find the company policies
regarding remote work and flexible
scheduling options?

What were our sales last quarter compared
to projections and the previous fiscal year?

How can | file a report for updating my
personal information in the human

resources system?

Where can | ge
maintenance request forms and building
security cards?

s to facility

Where can | find the company directory with

1

Run name

® Lazy-bear-112

Gentle-panda-125

® Lazy-bear-112
Gentle-panda-125
® Lazy-bear-112

Gentle-panda-125

® Lazy-bear-112

Gentle-panda-125

+ Add

Correctness

80% +5%

wNE

©Pass =

© Pass

© Pass.

© Pass.

©Pass 7

© Pass.

®Fail N

© Pass.

¥ Filter

-+ Add new

-+ Add new

-+ Add new

-+ Add new

=0 sort
Contextual Relevan...  Feature Alignment
0.98 +03 80% +5%
Pa
Fail
N 10
ol
2 0% >
= 80% 7
084 = ©pass 7
084 ©Pass
084 -10 ©@Fail ¥
084 ©pPass
084 +10 ©pass 7
084 ©pass
084 = Opass 7
084 ©pPass

Use Case Pla

80% +5%

© Pass

© Pass

© Pass

© Pass

© Pass

© Pass

©Pass

© Pass

Pa
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Rhuse MLflow3: Human Feedback

() Home
= Tasks

) Chat

What is the purpose of the pandas APl on Spa... * 12 auestions to review 0%

1M:25 PM Feb 27, 2025 * 1/3 questions to review

& User

What is the purpose of the pandas API on Spark?

Source

spark.apache.org/docs/3.
5.2/

B 11ama-70b

The pandas API on Apache Spark, also known as Koalas, is a Python package that brings the
popular pandas library to Apache Spark. The main purpose of the pandas APl on Spark is to
provide a familiar and efficient way to work with large-scale data in Spark, using the same APl
as the pandas library.

Here are some key goals and benefits of the pandas API on Spark:

1. Familiarity: The pandas API on Spark provides a similar API to the pandas library,
making it easier for data scientists and analysts to transition to working with large-scale

data in Spark.
2. Efficient data p ing: By I ging the distributed puting capabilities of
Spark, the pandas API on Spark enables efficient p ing of large d: king
Start typing ... B

e T Y M SNy TR g TS TS I W IIM WY R A I SIS T M W e

nf At f—

() Expected facts
® Guidelines

() 1s the response formal?

Please provide a rationale below.

© ves

No

Comment

Next unreviewed >

C|ear
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Rhuse MLflow3: Human Feedback

Summary Detail view

" Assessments
= View Timeline Default JSON

correctness +

> @ Yes

v Inputs

2 User

relevance_to_query +

> @Yes

Why did the customer find the Watermelon-Cucumber craft soda refreshing?

v Outputs Expectations

expected_facts
> 2 Assistant

The soda had a cooling effect.
Customers found the Watermelon-Cucumber craft soda refreshing due to its perfectly balanced flavor, combining crisp cucumber with

sweet watermelon.[*rAQ1-1] It is described as light and not too sweet, making it an ideal post-workout or post-game drink.[*rAQ1-2]
Additionally, its hydrating and revita...

It was a hot day when the soda was c...

expected_retrieved_context
v See more

{"doc_uri": "bf8e20dc-9954-48c7-...
usage
. -+ Add new assessment

"prompt_tokens": @,
"completion_tokens": @,

IR pa e A

W N
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Rhuse MLflow3: Prompt Registry

Q Search for data, notebooks, and more...

Experiments >

My GenAlapp Genal + 2

Select: first 10 v

& version

® Version 20
Version 19

® Version 18

[ I << <]

Version 17

Version 16

Version 15

Version 14

Version 13

Version 12

Qe

Version 11

Version 10

Version 9

Version 8

Version 7

Version 6

Version 5

Version 4

Version 3

°

Version 2

Version 1

List il Compare Q search

Time created

Mar 24 2025 15:58:02 GMT-0700
Mar 24 2025 15:58:02 GMT-0700
Mar 24 2025 15:58:02 GMT-0700
Mar 24 2025 15:58:02 GMT-0700
Mar 24 2025 15:58:02 GMT-0700
Mar 20 2025 15:58:02 GMT-0700
Mar 20 2025 15:58:02 GMT-0700
Mar 20 2025 15:58:02 GMT-0700
Mar 20 2025 15:58:02 GMT-0700
Mar 16 2025 15:568:02 GMT-0700
Mar 16 2025 15:68:02 GMT-0700
Mar 16 2025 15:68:02 GMT-0700
Mar 16 2025 15:58:02 GMT-0700
Mar 16 2025 15:58:02 GMT-0700
Mar 12 2025 15:58:02 GMT-0700
Mar 12 2025 15:58:02 GMT-0700
Mar 12 2025 15:58:02 GMT-0700
Feb 26 2025 15:58:02 GMT-0700
Feb 26 2025 15:58:02 GMT-0700

Feb 26 2025 15:58:02 GMT-0700

Notebook

40 agent-trial
{0 agent-trial
{0 agent-trial
10 agent-trial
10 agent-trial
{0 agent-trial
10 agent-trial
10 agent-trial
40 agent-trial
10 agent-trial
{0 agent-trial
{0 agent-trial
{0 agent-trial
{0 agent-trial
10 agent-trial
10 agent-trial
10 agent-trial
{0 agent-trial
10 agent-trial

0 agent-trial

v Configuration

Comparison View

v Metric: Dataset 1

Correctness A6

Traces

7 Filter

[E] Evaluations

=L sort

& Labeling 3 Versions

48 Monitoring

® Version 1 baseline i

"I have a question about the company's
onboarding process for new employees.
Could you provide a detailed overview of
the steps involved, including any recent
updates to the process and key resources
new hires should be aware of? Please pull
information from the most recent internal
onboarding manuals, training materials,
and HR communications."

GPT-4

& Retrival & Summary

@ Version 2 H

"I need information about the company's
current policies and procedures related to
[insert specific topic, e.g., remote work,
employee benefits, performance reviews,
etc.]. Could you provide a summary of the
key points, including any recent changes
or updates? Please pull information from

~+ New version

@ compare differences

® Version 3 H

"I have a question about the company's
onboarding process for new employees.
Could you provide a detailed overview of
the steps involved, including any recent
updates to the process and key resources
new hires should be aware of? Please pull
information from the most recent internal

the latest internal
and relevant communications.”

GPT-4

& Retrival & Summary

Relevance #vG

manuals, training materials,
and HR communications.”

GPT-4

& Retrival & Summary

o



p@e MLflow3: Prompt Registry

Version 7

Author john@example.com
Time created May 18, 2025
Aliases Add alias

Commit message: Initial commit

See all details >

Summarize content you are provided
with in {{num_sentences}} sentences.

Sentences: {{ sentences }}

*Version 8

Author john@example.com
Time created May 18, 2025
Aliases Add alias

Commit message: Initial commit

See all details >

Summarize You eentent are you an are
expert provided summarizer. with

Consense in the following content into
exactly {{num_sentences}} sentences.

Sentences: {{ sentences }}

Runs

Evaluation CUSSERE)  Traces
Q metrics.rmse < 1and params.model = “tree" ©  Timecreated v  State:Active v | Datasets v
o Run Namy
& bl Q Search metric charts
° @ openai:/ol-mini
o ‘openaJgpt-do-mini v answer_similarity/v1 (2)

i answer_similarity/v1/mean o
440
0 1 2 3 4
‘openat/gpt-8o-mini == openaiifo1-mini

v latency (2)

latency/mean o

T Sort: Created v

@ Groupby v

33 answer_similarity/v1variance

—

openai/gpt-20-mini === openali/o1-mini

it latencylvariance

1.09 016
I
0 0s 1 15 2 25 )

01 02 03 0.4

Versioning Evaluating



Evaluation is Too many Trade-off cost
difficult knobs versus quality




Agent Bricks

Build and optimize agents on your data



Agent Bricks

Select a task, declare a high-level
description of the agent

Agent Bricks seta

Choose your use case

£ Information Extraction
Extract key information, classify content, or

summarize text from documents into a
structured JSON.

£ Knowledge Assistant

Turn your docs into an expert Al chatbot.

Provide feedback [4 [} Use PDFs in Agent Bricks

& CustomLLM

Specialize an LLM endpoint to perform custom
text tasks (i.e. content generation, chat)
aligned within your domain-specific guidelines.

£ Multi-Agent Supervisor

Design an Al system that brings Genie, agents,
and tools together.




Agent Bricks

Select a task, declare a high-level
description of the agent

a Agent Bricks auto-magically:

@ Creates evaluation benchmarks

Automatically create quality
benchmarks on your task

@ Accuracy

@ Product Relevance

@ Customer Churn

Generate new
training data

S
'.‘




Agent Bricks

Select a task, declare a high-level
description of the agent

a Agent Bricks auto-magically:

@ Creates evaluation benchmarks

Auto-optimizes the agent

Searches and compose different
techniques for quality
Prompt optimization Fine-tuning

Tool choices Reward model filtering

Custom LLM Judges RLHF




Agent Bricks

Select a task, declare a high-level
description of the agent

a Agent Bricks auto-magically:

@ Creates evaluation benchmarks

Auto-optimizes the agent

@ Cost and Quality

Agent Bricks

e Deploy and iterate on quality
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“LLM Prompt Stuffing”

- You are an agent who.. .

mm— Speak in this tone...

¢ 4 Use this format..

ABC is our company acronym for...

= Only answer the question asked...

But an agent has many
components and knobs...

e Chunking

& Embedding
VisEior “ Ranker
Index

Description

Actions

workflow

And often the feedback is just 4/<F



phuse

“lgnore data
from before May
1990”

<
O-Z-..

Many LLMs

=

Evaluation
Dataset

Agent System

S

Vector Index

X

©

LLM judges

oADO
OooA
AO

[m]

Agent workflow
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Many LLMs Vector Index LLM judges
“lgnore data Filter and Add judge for
from before May update data time recency
1990”7

ST YN

Evaluation Tools Agent workflow

Dataset Add to web Re-optimize
search query




Answer Quality on DocsQA

Answer completeness Feedback adherence

---# - --® ---H---#--F 8 -H-
--—-# - --® ---H---#E--F -8 -H-

-——— - - - - - -E--- - -F - -

Answer Completeness (%)
Feedback Adherence (%)

=

Rounds of Feedback Rounds of Feedback

Competitor 1 Competitor 2 Competitor 3 Competitor 1 Competitor 2 Competitor 3

Ref: https://www.databricks.com/blog/agent-learning-human-feedback-alhf-databricks-knowledge-assistant-case-study



https://www.databricks.com/blog/agent-learning-human-feedback-alhf-databricks-knowledge-assistant-case-study

p@e AstraZeneca: Accurate trial data, without manual cleanup

4

a Agent Bricks

Challenge

AstraZeneca needed a
scalable way to extract

Agent Bricks Solution

They built an Al agent to
extract key fields from 400K+

60 minutes to production

clinical trial documents—
making insights accessible
without relying on engineering.

insights from 400K+ clinical
trial documents to inform
competitive and business
decisions.

Enabled non-technical
users

Lowered cost and

+ Optimized accuracy complexity

automatically, with no
retraining

Existing tools were too slow,
too manual, and too costly to
scale. Flagged low-quality

extractions using built-in
evaluation
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