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Turning Data into Value - Our End-to-End Offering

>

Data and
Analytics

Building

tailored 4

applications Software
based on Engineering
customer

specification

Operations
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Data Science and Artificial Intelligence
Developing robust analytical models and algorithms by leveraging
numerical, statistical and state-of-the-art (Gen)Al approaches.

Enterprise-grade Software Craftsmanship
Draft and implement scalable, robust and secure analytical platforms
for big data, multi-users and distributed high performance work loads.

Infrastructure and Operations

Designing, implementing and automating infrastructure setups.
Delivering tailored operations offerings to provide assistance from
hypercare to CloudOps or NoOps scenarios.



Things You Can Do with Data and Generative Al

L § \
] S
Find Data Explore Data Analyze Data
= Finding the right dataset(s) to = Understand the content of the = Apply calculations, statistics or
answer your question data derive KPls
= Join datasets = Explore patterns, anomalies = Answer hypothesis and questions
= Visualize and communicate
= Examples: insights
= Utilizing RAG to search for Y,
relevant data and documents
across a large database. Focus of w
Employing LLM capabilities to the talk
transform non-technical v

search queries into technical

queries. .
Via natural language..

.using large language models.
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Setting the Scene - Our Approach

‘ Target Audience

Our Generative Al system enables natural language-

Taking SDMX Data based data querying, interaction, and transformation.
l flatten + inject = No specialized training or specific tools
required.
SQL Database = Lowers barriers to data access and
utilization.
l = Complements, but does not replace,
traditional data processing and

Leverage the LLM's understanding of visualization tools (yet).
SQL to query and interact with the data

= Example users:
= Journalists for source verification and
dataset comparison.
= General public for independent data
interpretation and visualization.
= And potentially many more...

Interface via Chatbot

O 0 O 0‘
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Two Ways for LLMs to Interact with Tabular Data 1/2

User: How high was
the inflation rate in
Germany in December

last year.

ChatEcon: The
inflation rate in

_J

Germany in December

2024 was at 3,7%.
Source
[facts.inflation;
data.bis.org]
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_J

—

Prompt

Your database has the following
tables: [facts.inflation,..]

The schema of table inflation is
defined as date[DATE], value[FLOAT]...
Given theses information, create a SQL
Query using the MYSQL dialect
answering the question {user_prompt}.

Large Language Model

Code (SQL)

—> a
Engineering Generation

Code
T
Execution

SELECT date, value

FROM facts.inflation

WHERE country = 'GER'

AND EXTRACT(YEAR FROM date) = 2023
AND EXTRACT(MONTH FROM date) = 12;

SQL
Database

< Return Result

date | value

2023-12-XX | 3,7



Two Ways for LLMs to Interact with Tabular Data 2/2

e Code Runtime

Skills
= get_inflation_by_date()
= calculate_metric_1()
= aggregate_kpi x()

o Large Language Model

| User: How high was
the inflation ratein | — o Intent Recognition

Germany in December

last year. _J

Execute
against DB

SQL
Database

Return Result

ChatEcon: The
inflation rate in

Germany in December| Generate Answer >> result.head()

2024 was at 3,7%.

Source >> date value
. . >> @ 2023-12-XX 3,7

[facts.inflation;

data.bis.org] J

A
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Our Solution is based on a Modular Software Architecture
around a Gen Al Core

~

Cloud

' Hosting

A.

aws

@ =

Model (API) Application

v

* Adaptable to the
local IT landscape

* Flexible to LLM
selection

Data

00101 2
211001

Connectors

B

Data SDMX to
Sources SQL
(relational)

=

* Gen Al-powered
applications have

the greatest impact

when tailored bas
on the respective

user group’s needs.

.

en Al Core

Prompts, Agents

LangChain

191919Q

Application Logic

} * Integrate SDMX

formats

—

a4

[ Presentation & Interaction

> SO

)

Plotting Chatbot User
(e.g. plotly or interface requirements
custom plots)
Deployment
06 =
\J&J ol 1|

Automation Containerized
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* Typical application modules

can be realized based on a
standardized Generative Al
Core Module

* The modular approach

provides the flexibility to
integrate into heterogeneous
IT landscapes...

e ...and also allows for the

specific solutions to be
tailored to user needs.



Currently, we are witnessing Rapid Advancements in Gen Al
Models, with Expectations for Continued Progress.

Arena Elo

Total #models: 73. Total #votes: 408144. Last updated: March 13, 2024.

Contribute your vote @ at ! Find more analysis in the

Rank 4 © Model A % Arena Elo 4 Oxganization A License
1251 OpenAl Proprietary
1249 OpenAl Proprietary
1247 Anthropic Proprietary

The 1202 Google Proprietary

performance Inter-model o0 Arthropls
leap from GPT- updates (e.g.

3.5to GPT-4 new troining 1185 OpenAl Proprietary
has enabled us data cutoffs) 1159 OpenAI Proprietary
to achieve 1155 Mistral
satisfactory
quality in the
Under|ying use 1145 Anthropic Proprietary

Proprietary

Proprietary

1146 Alibaba Qianwen LICENSE

case. 1145 Mistral Proprietary
1126 Anthropic Proprietary
1123 Mistral Proprietary
1118 Google Proprietary
1115 Anthropic Proprietary
1114 Mistral Apache 2.0

1113 OpenAI Proprietary

Source: https://chat.Imsys.org/ - LMSYS Chatbot Arena Leaderboard




Rapid Developments in the GenAl Field require Flexible
Implementations

GenAl Core
Model API
and Hosted in .
: Cloud &% GenAl Specific to = | Tailored Prompts, -
Hosting < 9 < ==
L Model =1} Flows, Agents
* Typically, cloud-based
> . .
+ Mind the cost of D) . Integration into
- S
deploying custom or C- Module Service Layer Application(s) . w Sd mx
non-hyperscaler models v

= The lifespan of a foundation model (e.g. GPT4, Gemini, Claude 3) being considered state-of-the-art is a maximum of 2 years
= Better model capabilities, as well as factors such as API costs, almost always justify switching to newer models

Tailored components (i.e. capabilities currently enabled by prompting-techniques) might be in the “base” capabilities of
future foundation model iterations

Hence, we advice to integrate GenAl components in a microservice fashion, which enables easier upgrading to
newer foundation model in the future.
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Open Source Framework Approach

= Open source implementation
(Python, Javascript)

* Implements common use cases (e.g.
NLP-based SQL querying)

= Provides core components, e.g. * Open for both commercial and
data connectors or SDMX domain open source GenAl models 4 N\

specific prompts
< sdmx
Community

- j

» Cloud agnostic

HMS

analytical software develops available to

b

> Open Source SDMX
GenAl Framework

<
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How to Build such a Framework - Possible Roadmaps

Option o
Start with POCs / Projects

consolidate

Framework Solutions

~

= — =
v

»
»

Time

+ Gain experience with common components upfront
- Risk of neglecting backward integration to initial POCs
- Development time until the framework consolidation can begin
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How to Build such a Framework - Possible Roadmaps

o Option e

Start with POCs / Projects Start with Framework
1 ] ] =
w
consolidate
Fr’amework
> | scale out
Time Solutions

»
»

v

Time
+ Each solution can benefit from the framework
- Risk of overengineering the framework
- Longer lead time until Solutions can be rolled out
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Best of Both Worlds: Combining Both Approaches

&) POCs

Start with POCs / Projects - - -
1 |

Start
POCs with
consolidate Fromework
approach
Framework . .
.0 in mind
v Enhance
> ”~ . .
Time with outside
- industry
experience
o Start with Framework
scale out Less time until
utilization Solutions
Solutions
— . 1 1 1 I I

[

>
Time

v
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Potential Next Steps

Extensions to and hardening of intent recognition and agents; integration of further
Al Enhancements oy :
skills” and enhancement of guardrails and memory

Validation % Inclusion of a validation, logging and benchmarking module

SDMX Integration and Standardization % Introduction of SDMX utility components (e.g. SDMX-to-SQL transformation)

; Evolution of the PoC into a integration-ready bundle, incl. general operationalization

Operationalization tasks (e.g. code hardening, unit tests, build framework, ...)

Evaluation and integration of new/additional models, fine-tuning of utilized models,

Features Enhancements ; exploration of additional use cases
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analytical software



NLP-BASED SQL QUERYING

analytical software



I ChatHMS

Settings Sources
Model
GPT-3.5

Speech-to-Text Model
Web Speech API

Template

Assistant

®

Your message

Some examples to get you started
Tell me a story Share a piece of wisdom
set in a magical forest about building strong relationships
Share a random thought Let's get philosophical
about the quirks of human behavior and debate the existence of extraterrestrial life



Y ChatHMS ¢ o @

[D Using GPT-4 (Assistant)
Please visualize the annual CPI development for Denmark, France and Germany from 2015-2023.

Here is the annual average CPI development for Denmark, France, and Germany from 2015 to 2023:

Country | Year | Avg_CPI

Denmark | 2015 | 107.13

Denmark | 2016 | 107.40

Denmark | 2017 | 108.63

Denmark | 2018 | 109.52

Denmark | 2019 | 110.35

Denmark | 2020 | 110.81

Denmark | 2021 | 112.86

Now, let's visualize the data:

Annual CPI Development for Denmark, France, and Germany (2015-2023)

~e— Denmark
130 ~e— France

~—e— Germany

125

120

Avg_CPI

115

110

2015 2016 2017 2018 2019 2020 2021 2022 2023

Year

Please note that the consumer price index has the year 2010 as the index year with a value of 100.

(k3] Your message

©



i ChatHMS ¢ o @

125
O

120

Avg_CPI

115
110

105
2015 2016 2017 2018 2019 2020 2021 2022 2023
Year

This graph shows the annual average CPI development for France and Germany from 2015 to 2023. Remember that the consumer price index (CPI) is based on the year 2010, with an i
100.

Now add another line showing the average between these countries. The line should be in bright orange color with big star-shaped markers. Also, please start the y-axis at 100.
Here is the updated graph with the average CPI line between France and Germany in bright orange color with big star-shaped markers, and the y-axis starting at 100:

Annual CPI Development for France, Germany, and Their Average (2015-2023)

140
~e— France
~e— Germany
~fe— Average
130
a
O
Ul 120
>
<
110
100
2015 2016 2017 2018 2019 2020 2021 2022 2023
Year

This graph shows the annual average CPI development for France, Germany, and their average from 2015 to 2023. The average line is in bright orange color with big star-shaped markers. The y-axis
starts at 100, which is the index value for the year 2010.

(K] Your message
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Using GPT-4 (Assistant
Hello - What kind of data do you know?

| have access to the following data:

consumer_price_index: Contains the consumer price index with the year 2010 being the index year with a value of 100. The data is monthly (colum
otc_exchange_turnover_in_2022: Contains data on over-the-counter (OTC) exchange turnover in 2022.

residential_property_prices: Contains data on residential property prices with the index year 2010. The data is in years and quarters (columns "year

Please let me know if you have any questions ¢ _Exception _Exception sql_db_query sql_db_schema sql_db_query
Input 1at was the inflation rate of Germany in 2015?
SELECT
— . (SELECT AVG('rpp") FROM residential_property_prices * :
The inflation rate in Germany for 2015 was app WHERE "year® = 2022 AND “country” = 'Germany’) AS > Output ling of the
year (January). Keep in mind that the consume ‘rpp_2022°, [(190.875, 117.125)]

(SELECT AVG('rpp") FROM residential_property_prices
WHERE “year™ = 2015 AND “country” ='Germany’) AS
‘rpp_2015° oods in Germany in 2023 compared to 2015?

Goods in Germany were approximately 24.50% - 1 the index at
the end of 2015 (December). Keep in mind that the consumer price index has the year 2010 as the index year with a value ot 1UU.

Now that's quite a lot. And what about buildings? How much more expensive were residential properties at that time in Germany?

| am sorry, but | don't have data for residential property prices in Germany for 2023. The available data in the residential_property_prices table is up to 2022. Please let me know if you would like to
know the change in residential property prices between 2015 and 2022.

Yes, please compare those prices then.

The average residential property price index in Germany for 2015 was 117.125, and for 2022, it was 190.875. This means that residential properties in Germany were approximately 62.91% more
expensive in 2022 compared to 2015. Keep in mind that the residential property price index has the year 2010 as the index year.



Thank You For Your Attention

Presenters:
Julian.Kurz@analytical-software.de
Christoph.Bergen@analytical-software.de

Managing contact:
Daniel.Goldfuss@analytical-software.de
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