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a Czech data and Al company of 80+ people founded in 2015.
We develop custom Al, IoT & Ul solutions that innovate
industrial companies worldwide - in agriculture, machinery or
biotech.
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Relational SQL Databases -

® OrderlD ProductiName
e =
::anﬁtv Q\alar?:tfy:erthit
e Tables with relations ; oot
e ACID guarantees Dhonied
. . ®
e Dedicated database machine/server e
@ OrderID
::;g;:‘:me
ShipRegion
ShipPostalCode
ShipCountry

typical pricing:

- paying per machine/server + storage.
- ballpark minimal cost: $10-30 / month (small machine) + $0.15 per GB
examples: MSSQL, PostgreSQL
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Relational SQL Databases

import

db = ...connect(connection_string="...")

db.execute(
"INSERT INTO logs (site, event_date, message) VALUES (?, ?, ?)",
"site-A", "2025-10-23", "This is the data from site A..."

)
db.commit()

rows = db.execute(
"SELECT message FROM logs WHERE site = ?",
"site-A"

for row in rows:
data = row[0]
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Blob/File Storage

e “normal file system” (on cloud)
e Cheaper, simpler
e operations:

o read
o  Write
o list/walk

typical pricing:
- per GB (e.g. $0.002 per GB)

- # of operations (e.g. $0.005 per 10K reads)
examples: Azure Blob Storage, AWS S3
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Blob/File Storage

import
client = Client(credentials=...)
client.upload(

file_path="site-A/2025-10-21.txt",
data="This 1s the data from site A from Oct 21st 2025."

for file_path in client.list_files(prefix="site-A"):
data = client.download(file_path)
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Key-Value Stores

e Scalable, fast for key-based lookups and

cost-effective
e Flexible schema

typical pricing:

- per GB (e.g. $0.045/GB)

- per # of operations (e.g. $0.005 / 10K reads)
examples: Azure Table, AWS DynamoDB
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ke—‘/ value
product=4 {"cost": 32, "stock": 1003
product=B {"cost": 1, "stock": 1.7, "unit": "liter"}
42
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Key-Value Stores

import
db = ...connect(endpoint="...

db.set(
"site:A",
{"location": "New York", "name": "Main Production Plant"}

db.set(
"site:B",

{"location": "London", "region": "EMEA", "contact_email":

db.set(

site:A:status",
"ONLINE"

site_A_data = db.get("site:A")

site_A_status = db.get("site:A:status")
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Delta Lake
Contents of a Delta table

e format for tabular data on top Q
of cheap file/blob storage

e ACID (single table) DELTA LAKE
e scalable /(’/'/ 2y | |
e unified batch & streaming // //

° time travel Parquet Parquet

e schema enforcement & evolution

Parquet | Parquet

v

Transaction log

Date stored with metadata
n Parquet files

ICEBERG(
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Delta Lake
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demo
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Case studies
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Photo Classification

Design a system where users can upload a photo and receive classification what's in
it—a cat, a dog, a car, etc.

a(a(ahcat?on
upload Pl'\o‘to classiﬁcatiov\

user << —>| FE Be —> service

receive result
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Photo Classification

application
up[oao( Pl«oto CIO«SSH:;Cat;OV\
user < —>| FE Be |< —> service
receive result
write
pl«otos read
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Photo Classification

user

apphcation
uploaol Pl«oto
< >| Fe Be |<
receive result
write/read
read Q/
\l/ pl«otos
results e
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Photo Classification

Photos as files/blobs

user=U1/
£3e82ffd-cebf-41e5-88c0-032733710617.jpg

Ac4ed009-012c-49b7-b853-dB8dd056e8ab3 RIS

108e8493-Aeb5-45d5-ba5b-7d3740180d60.jpg
user=02/
edec2a012-9b45-4a02-8c54-#5¢24034fd 81 JPY
6479e119-a924-42b6-9ecd-b49ada040%b1.jpg
1cqo18a{:-166a-45a‘l-QZQC-1qFO‘!e?EGQZO.jpg
user=U3/
user=U4%/
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keys

"user=U1/f3e82fFd-

values

ceb6f-41e5-88c0-
032733#1061%.jpg"

V

{"cat"; 0.85, "dog": 0.2}

"user=U1/9c4ed009-

012c-49b7-b853- |

{'cat": 0.31, "dog": 0.7}

0(90!01056930\53.:‘99"

"user=02/1c9018af-

{'cat": 0.1, "dog": 0.2, "person"; 0.813

166a-4504-029c- F—___e
1QF043756420.jpg"

ke,l/ format is important

< Photo-io()__( user-id&
"<user-id>_<(al«oto-?ol>" é

"Cuser-id>" i
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Predictive Maintenance

site

device -|

Predictive Maintenance

> System

et

technician
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Predictive Maintenance

site

device -|

Predictive Maintenance
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Predictive Maintenance

site

device ] dataset

failure
predictions

technician
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Predictive Maintenance

site

device l

|| ingest via

sSome service

te|emetry data

- dataset

technician
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Predictive Maintenance

site 1
device ﬂ ingest via
sSome service
S
| B

>

other data
(previous failures,
SW version, last
maintenance, ...)

telemetry data

dataset

technician

©
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Predictive Maintenance

site
device (
g—————————1

ingest via
some service

other data
(previous failures,
SW version, last
wmaintenance, ...)

telemetry data

read historical data

dataset

technician

£) DATAMOLE

~

model training

\

write
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failure
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©
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Predictive Maintenance

site I
device ingest via
some service
———————————

other data

(previous failures,

maintenance, ...)

SW version, last model training

read historical data

telemetry data dataset

read recent data

~—

technician

©
VD <

\

write
\'

moo(els

\

read

\

model runner (inference)

failure
predictions
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Predictive Maintenance

site 7]

device ingest via
sSome service

weekly run= <
-

\
: 1
other data \ V’

- A \
(previous failures,

SW version, last model training
maintenance, ...)

read historical data write
'
wodels
telemetry dota | dataset \
read
read recent data \

~—

wmodel runner (inference)

/ AR
] \

7
~ runs hourly’
technician 4

failure
predictions
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Predictive Maintenance
Delta Lake

ACID (per table)
Time-travel

Schema enforcement
and evolution
Efficient querying other data
Scalable (petabytes)

ingestion

telemetry ok
olata w JO

model training

/

i _delta_log/

efficient historical
data reads
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delta lake I‘ ----------

efficient recent
data reads

wmodel inference

blob/file storage

transation_001.json :

transation_002.json
data/

olata{:ile_a.parquet

datafile_b.parquet

dataFile,.c.Parque‘t
olata{:ile_d.parquet
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End words

Not covered
o model storage
o graph DBs
o timeseries DBs
O

No silver bullet
Don't worry to make mistakes — but learn from them
Continuous learning
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