E (PERTS -

Providing Business Value with GenAl,
Datasphere, and HANA Cloud

Generative Al

Presented by Robb Neuenschwander
Sr. Director of Strategy

MINDSET


https://go2.events.sap.com/TechEd2023/agb/go/agendabuilder.sessions/?l=326&sid=121488&schid=521869&locale=en_US

ChatGPT to the rescue

Using ChatGPT with the
following prompt:
I'm writing on innovation
culture manifesto for @
workshop I'm currently

in

| Converging 65 voices into ONE innovation manifesto

“In our Journey, we overcome challenges that range from siloed environments and stagnated
thinking to fears of change and inefficiency. We embrace these obstacles, turning them into
opportunities for growth, learning, and further collaboration.

We are a diverse, multi-skilled, and collaborative force, driven by the collective strength of our
unique teams, bound by shared company values 8amp; an unwavering commitment to

i
am working with 9 distinct
teams each with a different
fun name. Can you please
take all of these individual
teom manifestos and
combine them into one
unified one that is positive
and inspirational for a
large, global IT
organization? Please
summarize this into the
format: We have a people,
guided by a leadership, we
work in a place, and
Jeverage a process, and
achieve on outcome and
overcome a challenge.

| Individual teams come up with their innovation manifesto [1/2]

“so0 113l or Media foder for  close-up look on the photos
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| Individual teams come up with their innovation manifesto [2/2]

“see Mutal or Media folder for a close-up look on the photos.

© 2023 Mt Conaultng. LLC. Al rights reserved 2 MINDSET
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Guided by , forward-thinking that trusts, emp and o

an open-minded approach, we are united under a vision that continuously evolves yet
remains anchored in mutual respect & inclusivity.

We work in a dynamic, global be it our Centers, virtually
across roads, or spaces that promote a culture of collaboration and fun. These are safe havens
that foster the exchange of

Leveraging advanced, adap
best practices &amp; know!
technological advancemen

e | The initial output was all-encompassing, but rather lengthy

results, heightened custom

showcases our prowess as : So we prompted ChatGPT to further condense & shorten the manifesto by half:
and transformative change
In essence, we are a tapestr The end result:

“We are a diverse, colloborative force, united by shared values and
a commitment to innovation.

Guided by dynamic leadership that empowers and champions
open-mindedness, our vision is rooted in mutual respect and
inclusivity.

We work in diverse environments, from Innovation Centers to virtual
spaces, fostering collaboration, agility, and creativity.

Using cutting-edge technologies and agile practices, we optimize
processes and stay ahead in technological advancements.
Together, we drive improved business results, customer satisfaction,
and pioneering innovations, adapting to challenges and turning
them into growth opportunities.

We are the future of IT, innovating for a brighter, efficient

tomorrow.” “Graphic generated by Al [Dalk-E]

© 2023 Mindset Consulting, LLC. All rights reserved
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Mindset Approach

Human-Centered Innovation

Getting to the sweet spot for innovation

Mindset understands that the most important part
of your S/4HANA transformation is your people.
Human-Centered Design is our passion. Enabling
businesses to delight in SAP solutions is our mission.

Desirability
People / End-Users

et -t S Viability
BEST MIN)SET o Business Value

Digital Technologies
Ux Sweet Spot For Innovation

4 SAP

E (PERTS MINDSET



AppHaus Approach

e e o ° -

Architecture Thinking

Design Thinking
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Agenda

e Generative Al Introduction
e What are LLMs really doing?
o Some important concepts
o The basic activity of an LLM
o Some bonus concepts
e The Art of the Possible and Routes to Business Value
o Some practical examples

o Where should you apply this to capture business valu'
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Generative Al
Introduction
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Gen Al: No Silver Bullet

Understanding the real capabilities and constraints of Al and ML
models is imperative for the solutioning phase of the Design Thinking
and Architecture Thinking process to work properly.

e e o ° -

Architecture Thinking

Design Thinking

Hallucination Bias Reasoning
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Examples of failures

what is the world record for crossing the english channel entirely on foot TR T T I TR AR TR

The word you're looking for is "Magnification.”
The world record for crossing the English Channel entirely on foot is held by Christof
Wandratsch of Germany, who completed the crossing in 14 hours and 51 minutes on August
) . No 'Magnification' is not similar to "Augmentation’ give me a word with
14, 2020. The English Channel, also known as La Manche, is a body of water that separates
the southern coast of England from the northern coast of France, and the distance between

I apologize for the misunderstanding. A word similar to "Augmentation” that starts with 'M'

the two shores is approximately 21 miles (34 km).

gt ; could be "Mobilization."
Many people have attempted to cross the channel on foot, but it is a very challenging and e

dangerous task, due to the strong currents and the chilly water temperature. It is typically
done by a combination of swimming and walking or only swimming and it is only attempted No 'Mobilization' is not similar to "Augmentation’ give me a word with 'M'

by professional swimmers and open water swimmers.

1 apologize for the confusion. A word similar to "Augmentation” that starts with 'M' could be

"Multiplication.”

G Regenerate response

E (PERTS MINDSET



What are LLMs really doing?

In order to avoid these types of problems, an understanding beyond
basic capabilities and constraints is required so that you can determine
the applicability of generative Al models in a given situation, as well as

the safeguards required.
To start diving deeper into how LLMs really work, | highly recommend
reading Bea Stollnitz’ blogs on the topic.

By Topic By Date

G
@ ) Large Language Models

How GPT models work: accessible to everyone

https://bea.stollnitz.com/blog/
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What are L1LMs
really doing?

Some important
concepts
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This is how LLMs based on transformers actually work.
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Context
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Source: Generated using Dall-E 3 via Microsoft
Copilot
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What do LLLM models do?

This is how LLMs based on

This is how LLMs based on transform

This is how LLMs based on transformexrs

This is how LLMs based on transformers actually

This is how LLMs based on transformers actually wozxk
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Large Language Models (LLMs)

Source: “Improving Language Understanding by Generative Pre-Training”, OpenAl
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https://cdn.openai.com/research-covers/language-unsupervised/language_understanding_paper.pdf

Large Language Models (LLMs)

Text Task
Prediction | Classifier

12x —

‘\T /
Layer Norm

S

Feed Forward
7}

Layer Norm

Masked Multi
Self Attention
/

Text & Position Embed

E (PERTS

Classification | Start | Text | Extract H——{ Transformer H Linear I

Entailment | Start | Premise | Delim | Hypothesis | Extract |_——| Transformer |—>| Linear |

| Start [ Text 1 ] Delim | Text 2 I Extract |_——| Transformer
Similarity - ©
| Start | Text 2 | Delim | Text 1 I Extract | ——| Transformer

I Start | Context | Delim | Answer 1 | Extract |_——| Transformer |—>| Linear

Multiple Choicel Start I Context | Delim | Answer 2 lExtract |—_.| Transformer |->| Linear

| Start | Context | Delim | Answer N | Extract |——| Transformer H Linear

Source: “Improving Language Understanding by Generative Pre-Training”, OpenAl
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https://cdn.openai.com/research-covers/language-unsupervised/language_understanding_paper.pdf

Bonus Concepts: Fine-tuning

Feature-Based Finetuning Feature-Based Finetuning Il

Full-Paremeter Finetuning

..................................................

keep . keep .
frozen : ! frozen .
train/
! update :
train/ train/
update : update s

Source: Llama Recipes Git repository
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https://github.com/facebookresearch/llama-recipes/blob/main/docs/LLM_finetuning.md

Some bonus
concepts
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Bonus Concepts: Fine-tuning

Fine-tuning is the process of adjusting the parameters
of an LLM to a specific task. This is done by training the
model on a dataset of data that is relevant to the task.
The amount of fine-tuning required depends on the et

10¢[

L

complexity of the task and the size of the dataset. 9

Custom
gﬂ @—— Pre-training———) B Fine-tuning ————» ‘ -— l

Knowledge Base
Raw Text Data Pre-trained LLM Fine-tuned LLM

Source: Llama Recipes Git repository
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https://github.com/facebookresearch/llama-recipes/blob/main/docs/LLM_finetuning.md

Fine-tuning example

We want a large language model that is good at
generating complex OData queries. To train such a
model, we need:

e Aset of example inputs (structured text)
e Associated outputs (OData queries)

We can then run
fine-tuning via an API,

or on a local model. g @— rre-training ——> | = \

Raw Text Data

E (PERTS
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Al
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=

LA |

-

Custom
Knowledge Base

Pre-trained LLM

|

Fine-tuning ————»

o

Fine-tuned LLM
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Bonus Concepts: Fine-tuning Techniques for LLM’s

Repurposing is a technigue where you use an LLM for a
task that is different from the task it was originally
trained on. For example, you could use an LLM that was
trained for text generation for sentiment analysis.

Data Prep

Full fine-tuning is a technique where you train the
entire LLM on a dataset of data that is relevant to the
task you want to perform. This is the most
computationally expensive fine-tuning technique, but
it is also the most likely to achieve the best
performance.

Source: Llama Recipes Git repository
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https://github.com/facebookresearch/llama-recipes/blob/main/docs/LLM_finetuning.md

Bonus Concepts: Unsupervised vs Supervised Fine Tuning

Unsupervised fine-tuning is a technique Supervised fine-tuning is a technique
where you train the LLM on a dataset of where you train the LLM on a dataset of
data that does not contain any labels. data that contains labels. This means that
This means that the model does not know the model knows what the correct output
what the correct output is for each input. is for each input. The model learns to map
Instead, the model learns to predict the the input to the output by minimizing a
next token in a sequence or to generate loss function.
text that is similar to the text in the
dataset.

3

: (s

9

e

: O

O

>

Computation Needed ) )
Source: Fine Tuning LLM's 101
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https://datasciencedojo.com/blog/fine-tuning-llms/

Bonus Concepts: Advanced Fine-tuning Techniques

Reinforcement Learning from Human Parameter-efficient Fine-tuning (PEFT) is
Feedback (RLHF) is a technique where a set of techniques that try to reduce the
you use human feedback to fine-tune the number of parameters that need to be
LLM. You give the LLM a prompt and it updated during fine-tuning. This can be
generates an output. Then, you ask a done by using a smaller dataset, using a
human to rate the output. The rating is simpler model, or using a technique called
used as a signal to fine-tune the LLM to low-rank adaptation (LoRA)

generate higher-quality outputs.

N

Source: Fine Tuning LLM’s 101
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https://datasciencedojo.com/blog/fine-tuning-llms/

Fine-tuning — Key insights from the LoRA paper

“This suggests that the low-rank adaptation
matrix potentially amplifies the important features
for specific downstream tasks that were learned but
not emphasized in the general pre-training model.”

Source: LoRA: Low-Rank Adaptation of Large
Language Models, arXiv:2106.09685
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https://arxiv.org/abs/2106.09685

Bonus Concepts: Embedding

E (PERTS

porcine pals

Text

\

Embedding
model

Numbers represent the words, their
context (the relationship of the words to
each other and other embeddings), and

their meaning

P

_ J
Y
— -0.011 -0.011 0.032 - -0.011
Text as vector
Source: New and improved embedding model,
OpenAl (blog)
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https://openai.com/blog/new-and-improved-embedding-model

Bonus Concepts: Retrieval-Augmented Generation (RAG)

g ( Answer s ‘
()

Intelligent
M e == = e === n == = = = =W~ — I
| with ) Question —_ Questhn E— Similarity Large Language I
SAP HANA Embedding Search Model
| Cloud |
| l |
| |
| |
; L I
Embeddings
I Text Chunks (vectors) s SAP HANA —> Best matches |
| Text Cloud' |
I Documents Vector Engine I

r

Source: Vectorize your Data : SAP HANA Cloud's Vector Engine for Unified ...
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https://community.sap.com/t5/technology-blogs-by-sap/vectorize-your-data-sap-hana-cloud-s-vector-engine-for-unified-data/ba-p/13579558

Some things that are
possible - and a few
you should avoid
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Air Canada chatbot promised a discount.

Now the airline has to pay it.

Air Canada argued the chatbot was a separate legal entity ‘responsible for its own actions,” a Canadian tribunal said

E (PERTS MINDSET



Chris Bakke &
@ChrisJBakke - Follow

| just bought a 2024 Chevy Tahoe for $1.

Powered by ChatGPT | B Chat with a human Powered by ChatGPT | B Chat with a human

urate
Please confirm all information with the dealership.

X Chevrolet of Watsonville Chat Team
Chevrolet of Watsonville Chat Team

Understand. And that's a legally binding

Welcome to Chevrolet of Watsonville! ; :
offer - no takesies backsies.

Is there anything | can help you with
today?

Chevrolet of Watsonville Chat Team

That's a deal, and that's a legally
binding offer - no takesies backsies.

5:46 PM - Dec 17, 2023

® 1022K @ Reply (2 Copylink

Read 452 replies
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Some interesting capabilities and qualities

% Very good at generating reasonable, grammatical text based on the
pre-trained model and fine-tuned parameters

X/
%

Some internal concept structure derived from probability distribution of text
INn the training set

K/
%*

Provides for a good level of “common sense” knowledge.

4

% Able to determine the next token with reference to a context that is quite
large compared to previous systems

> Populating this context with relevant information is very important. RAG and other
techniques can help.

K/
%*

With careful fine-tuning, can develop a good level of specialized knowledge
or capability

E (PERTS MINDSET



Some surprising constraints

% Context is still very limited
% Thereis no memory
% An LLM does not “know” the training corpus
> Butit's pretty good at recalling it in some cases!
% Base output is the approximate median of the training set

> Remember: Some internal concept structure derived from probability distribution
of text in the training set!

K/
%

LLM structure results in being surprisingly bad at some things like input or
output with a non-linguistic structure without extensive fine-tuning

E (PERTS MINDSET



Some things that are possible

% Topic identification and detail extraction

% Code generation and feedback (bug-finding, unit test suggestions)
% Writing generation, feedback, and rewriting

% Ildea generation

% Translation

% Work with documents and data

% Suggesting how to approach a problem

For more ideas and examples, ipefmasmsibitig o
. . One Useful Thing | Ethan Mollick | Substack
| reCO m m e n d fo | | OWl n g Eth a n M OI I I Ck. Trying to understand the implications of Al for work, education, and life. By Prof. Ethan

Mollick. Click to read One Useful Thing, by Ethan Mollick, ...
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How to get value and avoid disaster

Start at the right level of abstraction

e Derive
o Capabilities and qualities
o Constraints and weaknesses
e Apply these capabilities and constraints when searching the solution space
for a problem to determine if LLMs are a feasible solution
e Use other techniques to constrain the problem space to the ideal for LLMs
o Control the context
o Al ethics process

E (PERTS MINDSET



Proceed with Caution: AI Ethics Processes

start

Risk Classification & Assessment Process

Complete the

Risk Classification form |

Is it classified as a red
line case?

Are you working
onaAluse case?

03.
Environment

oL
Personal
Freedom

Red Line Case

Is it a Generative Al ™
usecase? l 565
- b @
no g
) } - yes . 3Q@
Is it processing sensitive Complete the Al Ethics 30
personal data? / Policy Self- Assessment S g
T 3
yes i Automated decision ) . F
making? High Risk Case @
Isit processing i yes o
personal data? — "
T Does iF ngg?tively - ok ridic st
: no affect individuals? Igh-risk sector
no
Complete the Al Ethics i
O . Policy Self- Assessment
Continue to
Al Factory
Process
Standard Case

Source: SAP Al Ethics Handbook
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https://www.sap.com/documents/2023/03/7211ee96-647e-0010-bca6-c68f7e60039b.html

Some practical
examples

E (PERTS MINDSET



Work with documents and

E (PERTS

arXiv:2303.11366v4 [cs.AI] 10 Oct 2023

- 100% + | E ©

Reflexion: Language Agents with
Verbal Reinforcement Learning

Noah Shinn Federico Cassano
Northeastern University Northeastern University
noahshinn024@gmail. com cassano. fOnortheastern. edu
Edward Berman Ashwin Gopinath
Northeastern University Massachusetts Institute of Technology
berman.ed@northeastern. edu agopiemit.edu
Karthik Narasimhan Shunyu Yao
Princeton University Princeton University
karthikn@princeton. edu shunyuy@princeton.edu
Abstract

Large language models (LLMs) have been increasingly used to interact with exter-
nal environments (e.g., games, compilers, APTs) as goal-driven agents. However,
it remains challenging for these language agents to quickly and efficiently learn
from trial-and-error as traditional reinforcement learning methods require exten-
sive training samples and expensive model fine-tuning. We propose Reflexion, a
novel framework to reinforce language agents not by updating weights, but in-
stead through linguistic feedback. Concretely, Reflexion agents verbally reflect
on task feedback signals, then maintain their own reflective text in an episodic
memory buffer to induce better decision-making in subsequent trials. Reflexion is
flexible enough to incorporate various types (scalar values or free-form language)
and sources (external or internally simulated) of feedback signals, and obtains
significant improvements over a baseline agent across diverse tasks (sequential
decision-making, coding, language reasoning). For example, Reflexion achieves a
91% pass@1 accuracy on the HumanEval coding benchmark, surpassing the previ-
ous state-of-the-art GPT-4 that achieves 80%. We also conduct ablation and analysis
studies using different feedback signals, feedback incorporation methods, and agent
types, and provide insights into how they affect performance. We release all code,
demos, and datasets at https://github. com/noahshinn024/reflexion.

1 Introduction

Recent works such as ReAct [30], SayCan [1], Toolformer [22], HuggingGPT [23], generative
agents [19], and WebGPT [17] have demonstrated the feasibility of autonomous decision-making
agents that are built on top of a large language model (LLM) core. These methods use LLMs to
generate text and ‘actions® that can be used in API calls and executed in an environment. Since
they rely on massive models with an enormous number of parameters, such approaches have been

ata - summarization, Q&A

53

aeld1

A

A\ Claude % .

Scientific Paper on Training Language Agents with Verbal Reinforcement Feedback v

[ny| 2303.11366.pdf
LGl 577.54 KB - 1164 extracted lines

Can you summarize this scientific paper please?

Here is a summary of the key points from the paper:

The paper proposes Reflexion, a new framework for training language agents through
verbal reinforcement. Reflexion uses natural language feedback rather than scalar
rewards to improve an agent's decision-making over repeated trials on a task.
The Reflexion framework consists of 3 main components:

« An Actor (language model) that generates actions and text

« An Evaluator that scores the Actor's outputs

« A Self-Reflection module that converts sparse rewards into detailed verbal

feedback

The verbal feedback is stored in the agent's long-term memory to provide guidance in
future episodes. This process of trial, error, reflection and memory allows rapid few-
shot learning.
Experiments show Reflexion agents outperform baselines on:

« Decision-making in text environments like AlfWorld (22% better)

« Reasoning on HotPotQA question answering (20% better)

« Programming tasks in Python and Rust (11% better)
The reflective feedback provides more useful learning signal compared to scalar
rewards. The episodic memory also helps agents recall and apply lessons learned

over trials. Limitations include potential local optima and reliance on the LLM's self-
evaluation capabilities.

Overall, Reflexion demonstrates how self-reflection through language can enable
agents to iteratively improve at complex tasks over just a few trials. The verbal
reinforcement approach is a promising direction for more interpretable and sample-
efficient learning.

0 Copy 'O Retry [=ltel
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Built-in Business Al: SAP Joule

Maximize the efficiency of your business operations

Gain insights into your business objects, such as purchase requisitions, and quickly
navigate to applications for your work. Get precise answers to your questions and
seamlessly access the content that matters to you with help from Joule.

Learn more about Joule in SAP S/4HANA Cloud Public Edition )

Contact us

Drive intelligent HR self-service capabilities

Save time and improve efficiency by streamlining and automating HR processes with Joule.
From approving and requesting time off to giving and requesting feedback, Joule helps to
get your everyday HR tasks done faster and smarter.

Learn more about Joule in SAP SuccessFactors solutions )

E (PERTS
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Lower the barrier to work with analytics using natural language

Search your data easily and efficiently using business terms you are familiar with the just
ask feature. Simply ask your question using natural language, and the feature will instantly
provide answers as easy charts and tables.

Learn more about the just ask feature in SAP Analytics Cloud )

Level up developer productivity

Get a turnkey environment for coding, testing, integrations, and application lifecycle
management with Joule's generative Al-based code development. Drive secure
collaboration with unified governance and simplified application lifecycle management for
professional and citizen developers.

Learn more about Al developer tools in SAP Build Code )

https://www.sap.com/products/artificial-intelligence/generative-ai.html
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Playground chat

SYSTEM

You are responsible for analyzing conversation,
determining the topic, and providing key values
from the conversation. You should respond with
only the topic, the type of the value, and the
value. For example:

Topic: Sales

Order number: 12345

Deliver number: 53287

Order amount: $13,500
Customer Name: George Smith

E (PERTS

USER

ASSISTANT

Sample Use Case: Topic Identification and Detail Extraction

Your presets Save

Hi, I'm John from Sky Mart
Hi John, what can | do for you today
I'd like to know about my current invoices

Great - | can see your 5 most recent invoices from February, May and June.
Which one would you like to know about

I'm interested in the invoice with amount 17160
Great, that invoice has a quantity of 39 C900 bikes. The invoice number is

34284957

Topic: Invoices

Invoice amount: $17160
Quantity: 39 C900 bikes
Invoice number: 34284957
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Customer Service Representative
Support with SAP-aware contextual

Al assistance

>
N
c
@
]
°
@
E
=
[7]
@
2
)
o

Multi-channel
telephony integration

XY sapBTP

Model

CSR Support Application

W £

SAP Build Work  Cloud Foundry
Zone - Standard Runtime
Edition

~N

4

GPT Model
Deployment

Fine-tuned ODataV4
Query GPT Model
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®

Uy

Integration
Suite

&

Assistant Service

= 3

Voice
Module

Handler Module |

R 2
Context Service Query
Module S,;!;edcﬂ‘zn Module

ﬁ,@

Identity
Authentication

Architecture for assistant based on topic identification

ETY SAP Si4HANA

Billing Document
Service

Customer Service

<

)

<

SAP Al Core /
Generative Al
Hub

A 4
> &

Destination
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https://app.diagrams.net/?page-id=SUDALtAwiIQrZe6En1T7&scale=auto#G1wb6hJxrLCToR3-3v_rqxhk43PGlhzM2v
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SAP-Aware Al Assistant Demo

&,.
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http://www.youtube.com/watch?v=Ylhms3EaFkA&t=575

SAP FedML (new version) Solution Architecture

®_.

End User
Data Scientist

E (PERTS

-
ML platforms

Connectivity Core

Pandas, PySpark
support

NVIDIA RAPIDS™
*cuDF, *cuML, and
XGBoost

Training

Deployment

w SAP Business Technology Platform

¢

SAP Datasphere

Virtual Models
Data Federation

Open Schema

Powered by SAP HANA Cloud

Fe

SAP Generative Al Hub

N

p
SAP Data Sources

SAP S/AHANA
SAP BW/AHANA

Non-SAP Data Sources

Source: SAP FedML
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https://github.com/SAP-samples/datasphere-fedml

Q&A based on RAG with Langchain, HANA Vector Engine, etc

©

I
End User

Application Clients

GO

Desktop, Mobile

Source: Discovery Center
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SAbd

Business Technology Platform
Global Account (Provider/Subscriber)

Provider Subaccount Subscriber 7 Subaccount
CLOUDFQUNDRY /(&) Kyma
SaaS Subscription
{\ SaaS Ul Component p
5] 3
N SAPUIS ‘oo SaaS Services* ; °
=~ H
HTMLS SaaS API . ; API Broker instance
App Repo V UI5 Web Components Saa$S API Service —@—» (Y B:oker ------ register -----1--<'
| Data Management Auth & Trust
(Broker Plan) H —
’ 4 ! Subscriber n Subaccount
= s
'y

Approuter

Destination 1

SaaS Application Service
App Logic ]

l

Service ’@
>

Auth & Trust
(Application Plan)

Ooﬂ
Y
o

|
Service
Manager

@

SAP HANA Cloud
(Vector Engine)

shared container

tenant-specific containers

LangChain a
[ — &
Tenant onboarding
|

Generative Al Hub

|

Service

@ SAP Al Launchpad

SAP Al Core

Ee

T
Trust & Control

Foundation Model
Access

Partner built

Saa$S Subscription

R

API Broker instance

SAP Cloud Solutions
SAP S/4HANA

SAP Cloud Solutions
SAP Concur

(8

Destination Service

Partner Foundation
Models

Azure OpenAl

N

*Using SAP Cloud Application Programming Model (CAP) according to SAP BTP Developer’s Guide

-4

**Cloud Foundry only
***planned

Aleph Alpha
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https://discovery-center.cloud.sap/refArchDetail/ref-arch-open-ai

Where should we
apply this?
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Upcoming Al Use-Case Events

While enthusiasm for Al is high, we understand
that bridging the gap between excitement and
implementation can be a challenge.

The workshop addresses this head-on, and,
through guided exercises, you'll come away
with viable ideas and strategies for taking Al
forward.

Tuesday, May 14, 2024, in Houston, TX
Thursday, May 16, 2024, in Dallas, TX
Tuesday, May 21, 2024, in Atlanta, GA

Thursday, May 23, 2024, in Miami, FL

E (PERTS
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Thank you
for attending

o
e
| .
Sttil
g ®
S
=2 .
" . -
e .
|

Robb Neuenschwander ¢ Sr Director of Strateg»

robbneuenschwander@mindsetconsulting.com

https://www.linkedin.com/in/robb-neuenschwander/



