/%Q\(‘D Experiment driven and user eXPerience oriented

Analytics for eXtremely Precise outcomes and

Extremexp decisions
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Data Ingestion &
Enrichment
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ExtremeXP Concept

A human-centered approach to Al
and data driven analytics

Experimentation is the core concept
for generating extremely accurate
analytics

Optimise the properties of a
complex analytic process (e.g.,
accuracy, time-to-answer, specificity,
recall, precision, resource utilization)
by associating different user
profiles to computation variants.

EUROPEAN BIG DATA VALUE FORUM
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Al Experimentation Lifecycle

Select &
iﬁ Prepare Data

Choose datasets,
—> preprocessing
options, etc.

—

| need to train a
model for my
fask

O
Q

Data scientis

EUROPEAN BIG DATA VALUE FORUM

=20, Setup

gf Experiment
Define workflows,
select different

models, configure
hyperparameters

p
O Run
C +» Experiment

5 Execute experiment,

log parameters,
meftrics, and artifacts
for each run

Evaluate
=, Results

Assess metrics and
compare
performance across
runs

{

Explore &
Interpret

il

Drill into dataand <~

explain model
behavior

(O}

Validate,
Refine &
Improve
Based on insights,

adjust experiment
for the next cycle

| need to validate
the model for my
task

N




Al Experimentation Lifecycle
/ N

Select & &o, Setup E..'L- Run '—3\ Evaluate
iﬁ Prepare Data AE Experiment » Experiment ==* Results
Choose datasets, . Define workflows, | Execute experiment, ____. Assess mefrics and
— preprocessing select different log parameters, compare
options, etc. models, configure metrics, and artifacts performance across
hyperparameters for each run runs

\ Data Ingestion & Enrichment /

| need to validate

Explore & . the model for my
QD Interpret (OZ :Rl:flilr?:i:' task

| need tfo train a
model for my
fask

O Improve , O
O Drillinfo dataand <~ -p . =
° explain model Based on insights, '
Data scientis behavior CIelUST @YRtImE| Domain Expert

for the next cycle

EUROPEAN BIG DATA VALUE FORUM



Zenoh Decentralized data management

Publish . : :
fuslula_(lzzs::rsfn.eufideko/sensor1/temperature @ Contextual information (locatlon, user
_ roles) for access control policies
Prototype API < Storage
N = Juse casesin eulidekoffies) ®
% = luse_cases/n.eulidekoffiles
E| 'j- Client ™ Juse_cases/n.eu/ideko/experiments/* Context handlers developed as
Client E ‘ microservices for gathering contextual
Data Catalogue MinlO S3 Storage . . .
Influx DB Storage /use_cases/n.eul/ideko/experiments/* |nf0rmat|0n necessary for evaluatlng
HTTP GET = |F,F_,e_r 5 = incoming access requests.
Requests = —)
o . .
POST /use_cases/n.eufideko/*/temp Integ rat'on Of decentrallzed data
l _ management tools (zenoh).
. DELETE ® _ _
Client T s Access control mechanism using smart
= /use_cases/n.eu/ideko/*/temp/
~ contract and token standards.

Publisher
/use_cases/s.eulideko/sensor1/temperature
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DDM Catalog

ExtremeXp-DDM

S p B+ D

Catalog

My Catalog

Uplozd Files

Chunk Upload

Share Files

Expectation Suites

Set Expectations

Validation Results

Set Policies

Experiment Cards

Settings

Catalog

Filenames:

p@ result &

File Types:
CSV (Comma-separated values) &

Parquet (Apache) &
Filename T]
Phishing_desktop.parquet
% Crypto_smartphone.parguet

.
& result.csv
o

Project ID: Use Cases:
i@ i2cat ® moby &
User IDs: Parent Files:
demo-user-id ® Add Parent Files
'
Use File
Description Project Created |7
ption 1| Project 1| Cones T i Tyee Tt
i2CAT Extended Suitcase — Comprehensive May 5, 2025,
) . parquet
Expectation Suite 08:16 PM
i2CAT Extended Suitcase — Comprehensive May 5, 2025, ¢
Expectation Suite 08:06 PM FRIRfE

Moby Light Expectation Suite

May 5, 2025,
& MOBY
07:10 PM o=V

10 v '3 < 1to30f3 > »

From Date:
05/04/2025 23:35
Min File Size:
10
File
User
Size & &
demo-
12 MBE R
user-id
demo-
128 MB q
user-id
demo-
351KB q
user-id

Parent Files T]

No relational files
available

No relational files
available

No relational files
available

To Date:

05/10/2025 23:35

Max File Size:

500000000

Actions
@ ] ] P = & o
@ b ] 4 = & &
@ [b] ] 4 = & o

& Download 2 Files Show 2 Files



File Uploads, Chunk Upl

ExtremeXp-DDM =

u ®
auto.dra

B Gy = |

& My Catalog

X Upload Files i titanic.parquet Use Cases

&  Chunk Upload

& Sharefiles

& Expeciation Suites

B Set Expectations
Validation Results
& setrolices

L experment Coras

B settings

Q) | TestOrcFiletestt | Use Coses

C [ dianicjson Use Cases
Upload Files from Links

g rda_praest

g gl

| & ce=o B

i erefoonrings

1t corm/G s KP-PLVE rerm P porod st ok serv -sepermass dnaimani facurn g on

& mansfacrng dmaes

Description

Description

Overview

Overview  Alerts )

Dataset statistics
Number of variables
Number of observations
Missing cells
Missing cells (%)

Total size in memory

Average record size in memory

Variables

Select Columns v

Passengerld

Real number (2)

Description

Description

McialEin

& Metadata
& Metadata
P
Reproduction
Z Metadata
/
& Metadata

T

Upload Complete
Report Ready

Upload Complete
Report Ready

12

891
866
8%
837 KB

%18

Upload Complete
Report Ready

Upload Complete

M2 Dannrt Bandu

0

&

Variable types
Numeric

Text

4

L

amiEa e PR e makP gomavibs mak sarver auporimortidmak) o (8

oads, Share L

.

\/ Success X
Updated useCases to: ["IDEKO"]

Async Mul

i-File Uploader

xxp_demo_big_data_project

Screen Recordin

Description

S

& Metadata

Uploading 55/100
Waiting for merge
Waiting for report




DDM Dataset Expectations & LLM Column Descriptions

ExtremeXp-DDM = 1 2 e 4
Create Expectation Suite Upload Sample File Define Expectations Finalize

Table-Level Expectations

B Catalog
Sy Catmion schema volume
expect_table_column_count_to_be_between @ 5 expect_table_row_count_to_be_between @ 3
2 Upioad Files max_value min_value max_value min_value strict_max strict_min
100 6 1000 10 false false
& Chunk Upload
expect_table_column_count_to_equal @ 5 expect_table_row_count to_equal @ 5
& share Files value value
100 50
! Expectation Suites
expect_table_columns_to_match_ordered _list @ (3 expect_table_row_count to_equal other table & 5

& Set Expectations
2 oe expect_table_columns_to_match_set (0] K]

@  \validation Results
Column-Level Expectations

ﬂ Set Policies
& Experiment Cards Column Name Column Description Validation Rules  schema
- Settings
expect_column_to_exist O 5
column column index
accuracy 7
- A
Estimated accuracy of the GPS coordinates in meters expect_column_values._to_be_of_type O [
accuracy mostly type
4
095 float
expect_column_values_to_be_in_type_list © [5
expect_column_values_to_match_json_schema @ 3
expect_column_to_exist @ 5
expect_column_values_to_be_of_type @ [3
mostly type
L ) Confidence level of the detected activity
activityConfidence 0.95 float

ma https://github.com/extremexp-HORIZON/DDM

'EAN BIG DATA VALUE FORUM



https://github.com/extremexp-HORIZON/DDM/pull/2
https://github.com/extremexp-HORIZON/DDM/pull/2
https://github.com/extremexp-HORIZON/DDM/pull/2

DDM Dataset Validations

Validation Result: result.csv

Table Expectations

Filter by Table Cotegory Filter by Stalus

Expectation 1| Cotegory 1] Arguments

max_walues 100

expect table_column_count_to_be_tetween (3 (0 schema
min_value: &

enpect toble_column_eount_to_equal (5 0 schema walue= 100

Mo values 1000
valume Observed: 1071

exgpect_loble_row_count_ta_be_between (5 @ .
min_value: 10

expect_lable_row_count_ta_equal [ G walume witluse: 50 OBserved: 071

Expectation Results per Column

Filter by Colmn Filter by Column Cotegory Filler by Stotus

e ot

e o

e W
et e o e -t ws “ e 4
o o o - e s - - b

ma More Screenshots https://github.com/extremexp-HORIZON/DDM



https://github.com/extremexp-HORIZON/DDM/pull/2
https://github.com/extremexp-HORIZON/DDM/pull/2
https://github.com/extremexp-HORIZON/DDM/pull/2

QueryER ML— On Demand Entity Resolution

Data Integration using GPUs. Use of LLM models for entity resolution and data interlinking during user analysis

°
- r ~

®
{SELECT DEDUP P.Title, P.Year, V.Rank Jﬁ Parser

QueryER

FROM P Pdy venue = voritie V v

\
WHERE P.venue="EDBT”
ﬂ Planner \

Dedupe
iy Operator

Best Plan (DL\.., <—| ln[lfﬁ_ ER

_ Statistics

B G xmewo
GPT Bert Llama

Model
Training

On
Initialization

v
- f 28 <7 ] QueryER
DB N e }-[[ = I"dexes] Result-set
\ P

https://github.com/ExtremeXP-EU/QueryMLER
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https://github.com/ExtremeXP-EU/QueryMLER
https://github.com/ExtremeXP-EU/QueryMLER
https://github.com/ExtremeXP-EU/QueryMLER

Data Augmentation Toolkit

Determine efficient user-

defined quality policies to g
guide the DA algorithm, e.g. ' @
missing data types and ranges R S ’ W

pl ~» p2 ~» ¥

\
|
|

Pl ~> p2 > pi |
|

within datasets :
|

- Simulation-driven. In the event - N e pat AN
] . ] Original Augmented LN
that a region is detected where it e [ Daa O X
.. . . D\

IS impossible to generate quality Data Augmentation C

augmentation, a simulation will
be proposed for a specific data
region.
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Timeseries data generation

Failure Prediction in Maintenance \ ’
- Analysis of Machine signals to observe anomalous f
behaviors : _

After Looking the generated data, reduce the

. | want to generate new synthetic time series . _ )
noise (policy)

using the DA component

Synthetic Time Series

Synthetic Time Series Filtered

Z )
I
i

o] 50 100 150
Time

-

0 50 100 150 200 250 300

EUROPEAN BIG DATA VALUE FORUM
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Data product creation

EUROPEAN BIG DATA VALUE FORUM



Al Experimentation Lifecycle

Select & &0, Setup E..'L- Run '—3\ Evaluate
i* Prepare Data gf Experiment » Experiment ==* Results
Choose datasets, . Defineworkflows, . Execute experiment, ____. Assess metrics and
—> preprocessing select different log parameters, compare
options, etc. models, configure metrics, and artifacts performance across
hyperparameters for each run runs

) )

| need tfo train a

| need to validate

odel for my Explore & the model for m
i Y
fask [.ID Interpret I(OZ :zl:flil::ie' task
Improve <

Drillinto data and <~ o
explain model Based on insights,
behavior adjust experiment

for the next cycle

Data scientis

Data Product creation

EUROPEAN BIG DATA VALUE FORUM



ExperimentLens
Live Demo: htips://experimentlens.imsi.athenarc.gr/demo/

Run and Configuration

i‘j Complsted 36736 Rurning: 0138 Faled 036 |1 gy P
= = ~ Analysis
=mp (BT oo |
=T ‘ Extensible Experiment Analytics Tool

siom

IEWOXZY...  train_madel

Compare metrics and outputs across
multiple experiment runs.

. ®  Works on top of existing trackers (e.g., MLflow)
g II I\ I || ‘l I |I| ““II' I “ I ®  Supports multiple backends via adapters
.

XkWOXZY . train_model

'EEEEPENAAABEBEEEA
)
5!
IEEEEEEEEAEEREEERN

HERE

| | ®  Analyze the effect of variability points (e.g.,
I ] i l ' hyperparameters, engine configurations).

Detect patterns, trends, and outliers across
different pipeline variants.

EUROPEAN BIG DATA VALUE FORUM



https://experimentlens.imsi.athenarc.gr/demo/

Pipeline Control and
Human-in-the-Loop
Feedback

Workflow: YkwOxZYBpHPS2GeINIiDT | *§ view Dagram | =
¢ " O

Monitor and steer pipeline executions at T—
runtime, guided by intermediate results "t et || @ o

£ Model Insights

I
il Qe

uuuuuuuuuuuuuuuuuuuuuuu

.
and visual feedback s

- Samples: 32509 Test: 32509

Train: 130036

% Instance View

Features: g1
A Feature Explainability

® Use diagnostic views to adjust c —— .
configuration choices and re-launch - |
modified pipelines. i

Support interactive refinement by — T
integrating user feedback into the o
exploration process. , ‘: = - =

EUROPEAN BIG DATA VALUE FORUM




dns_interiog_time_q3. dns_interiog_time_q4 ans_interlog_time_g5

Artifact and Data
o.- Inspection

i ® Preview input and output
datasets, prediction results,
and artifacts in rich visual
formats.

* Context-aware inspection
scoped to the task and
pipeline level.

EUROPEAN BIG DATA VALUE FORUM



Integrated
Explainability

Workflow: YkwOxZYBpHPS2GeINiDT | ™ view Diagram | = o n =
Status' completed @ Completed Tasks: 46

Access both local and global post-hoc — - || et

£ Model Insights

&«

L
i (05

@ TrainedModel [Model pki]

IEENl sTAckeD
. . ¥ PARTIAL DEPENDENCE PLOT (PDP) (3 T o ACCUMULATED LOCAL EFFECTS PLOT (ALE) (@ o
explanation tecnnigues ——
] 00

»» Feature Explainability
az ]
. ML Hyperparameter Explanability .

Visualize results of explainability i 5

methods like counterfactual examples, | EaRR R AERRRRR AR T
Partial Dependence Plots (PDP), and e S
Accumulated Local Effects (ALE).

Link pipeline behavior to specific inputs,
parameter settings, and structure.

EUROPEAN BIG DATA VALUE FORUM




Experiment Cards:
Make your Al pipeline more transparent, understandable,
and accountable.

Al Cards: Proctify

hups://r: i ontent.com/DelaramGlp/airo/main/usecase/proctify.dd

Card’s Version 1.2.3

Card’s Date (Issued) 2024-04-23
Card’s Language Eng

Card’s Publisher ~ AIEduX
Contact Info

proctify@aiedux.or

1. General Information

Version: 1.2

Modality: Software

Al Technique(s): ML>>ANN>>Deep learning
Provider(s): ATEduX

Developer(s): AIEduX

2. Intended Use

Domain: Education

Purpose: Detecting suspicious behaviour
during online exam

Capability: Facial behaviour analysis, video
analysis

Deployer: University within EU

Al Subject: Students

(" 3. Key Components

Facial video l

Facial Analysis Toolkit 3.3.2
tinyurl.com/3wnyxyun

S
FN SusBehavedModel 1.1.2

tinyurl.com/2hnthébb M
Training data,
SusBehavedDataset 2.0.1

tnyurlcom/dbdwhuwd D

Suspicious Dataset
behaviour Model
alarm System

General Purpose

4. Data Processing

SusBehaved Input data
Personal
Caregory Facial>>Biometrics | Facial>>Biometrics
DPIA ]
Non-Personal
Anonymised []
Licenced [ <]

5. Human Involvement

Level of Automation: Partial automarion
Human Involvement: Human decision

Intended | Active |Informed | Control

Student dxi:lp;i;
Occupant (of

x 5 No opt-
the room) (<) [ <] [ <] 0 opt-out

Instructor

No opt-out|

Create an Experiment Card - similarly to the Al card shown — to systematically document experiment knowledge.

dataSet

workflowld
workflowTasks

parameter model

variabilityPoints

parameterValue experimentld

experimentName

processing

workflow

constraints

lessonsLearnt
isHard
experimentRating m
Experiment

e S

collaborators

bestPerformingRun

userlInteraction

L

stoppedByU ser]

metric

requirements

ohjective

Readable by users, but also automatically populated where applicable

EUROPEAN BIG DATA VALUE FORUM




User Interaction and Form-Based Ingut

Query Experiments

Submit Lessons Learnt for experiment with id Experiment Name Intent Start Date
jza-mJQBZTy}(y1 ACX1 W8 Experiment Name --Select Intent-- v ddfmm/yyyy m]
End Date Algorithm Metric Name

Please fill out the form below to submit your feedback regarding the execution of
the experiment. dd/mmfyyyy a Algorithm Metric Name
Lessons Learnt: Cover topics such as what went well, limitations, advantages,
conclusions, and any other relevant observations.
Experiment Rating: Provide a number between 1 and 7, where 1is the lowest and

14:00:00 15:30:00 Learnt 17 text WHW

7 is the highest Experiment Experiment Lessons More
. . Name Start Date End Date Intent Learnt Dataset Collaborators Status Details
Run Ratings: Enter a comma-separated list of numbers between 1 and 7,
corresponding to the runs of the experiment. exp_1 Experiment_1 2025-01-02  2025-01-02  Regression  Lessons MOBI2 ¥ ¥ User_B completed ew
Additional Documentation: If you have any additional documentation or files to QU0000 ViR Esarnpliexd ok
share, please attach them using the file upload option below. exp_10 Experiment_10 2025-01-01 2025-01-01 Regression Lessons ManufacturingDataset User_A completed ew
08:00:00 09:00:00 Learnt 10 7 Details
Lessons Learnt: xR
exp_11 Experiment_11 2025-01-02 2025-01-02  Classification Lessons AirbusDataset User_B completed View
10:00:00 11:15:00 Learnt 11 text i Details
exp_12 Experiment_12 2025-01-03 2025-01-03  Classification Lessons MOBI User_C completed ew
14:00:00 15:30:00 Learnt 12 i EETE
P, text
Experiment Rating (1-7): exp_13 Experiment_13 2025-01-04  2025-01-04  Regression Lessons MOBI2 ¥ ¥r User_D completed View
09:30:00 10:45:00 Learnt 13 bl Details
text
exp_14 Experiment_14 2025-01-05 2025-01-056  Classification Lessons ManufacturingDataset User_E completed View
Run Ratings (1-7, comma separated): 13:00:00 14:00:00 Learnt 14 Details
text
exp_15 Experiment_15 2025-01-01 2025-01-01 Classification Lessons AirbusDataset User_A completed ew
08:00:00 09:00:00 Learnt 15 b4 Details
Attach PDF File: text
Choose file No file chosen exp_16 Experiment_16 ~ 2025-01-02  2025-01-02  Regression Lessons MOBI User_B completed View
10:00:00 11:15:00 Learnt 16 i Details
text
“ exp_17 Experiment_17 ~ 2025-01-03  2025-01-03  Classification Lessons MOBI2 User_C completed
Details

https://github.com/extremexp-HORIZON/extremeXP_experimentCards



https://github.com/extremexp-HORIZON/extremeXP_experimentCards
https://github.com/extremexp-HORIZON/extremeXP_experimentCards
https://github.com/extremexp-HORIZON/extremeXP_experimentCards

	Slide 1
	Slide 2: Data Ingestion & Enrichment
	Slide 3: ExtremeXP Concept
	Slide 4: AI Experimentation Lifecycle
	Slide 5: AI Experimentation Lifecycle
	Slide 6: Zenoh Decentralized data management
	Slide 7
	Slide 8
	Slide 9
	Slide 10
	Slide 11: QueryER ML– On Demand Entity Resolution
	Slide 12: Data Augmentation Toolkit
	Slide 13: Timeseries data generation 
	Slide 14: Data product creation
	Slide 15: AI Experimentation Lifecycle
	Slide 16: Run and Configuration Analysis
	Slide 17: Pipeline Control and Human-in-the-Loop Feedback
	Slide 18: Artifact and Data Inspection
	Slide 19: Integrated Explainability
	Slide 20: Experiment Cards:  Make your AI pipeline more transparent, understandable, and accountable.
	Slide 21: User Interaction and Form-Based Input 

