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Relentless paradigm shifts in data storage have constantly
disrupted data engineering—and it will happen again
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The continuum ot Al Agents

Fixed Flow — Human Led

Chatbots

Rules based

RIgId

Preprogrammed

Virtual Assistants

NLU powered
Intent recognition

ML and DL
techniques

Human created
responses

Hybrid — AI Augment

Q)

Al Assistants + Automation

—  Conversational AIL: LLM
powered intent recognition

—  Knowledge grounded Q&A
(RAG)

— Rules based Workflows
(Automation)

— Connect to Enterprise Apps

— Call Gen Al tools (summarization,
entity extraction, content
generation)

Al-lLed

Al Agents

Al Orchestrator Agent (LLM) can
reason, plan, and execute on a given
task or problem

Connected to multiple agents,
assistants, data, tools and
applications

Understands Complex multi-
threaded problems

Autonomous action taking, selt-
correcting and self-reasoning

Conversational or Non-
Conversational



According to the latest
estimates, 402.74
million terabytes

of data are created
each day. Videos
account for over

half of Internet data
trafric.
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Unstructured Video and Images Streaming: AI/ML Example

recatea. Please use torch.amp.autocasti'cuda’, args...) 1nstead. Trame= 1/ TPS=¥.¥ Q=1¥.3 S1zZe=N/A T1mMe=vY:v¥:1l/.¥Y D1Trate=N/A AUP=¥Y Arop=368 sSpeea=v.yy | Trame= 1// TPsS= 2/ Q=-1.¥ size= 1Z5/K1B T1me=Yv:¥¥:¥/.v8 bltrate=1454.YKD1TS/S
with amp.autocast(autocast): frame= 17 fps=0.0 q=10.3 size=N/A time=00:00:17.00 bitrate=N/A dup=@ drop=368 speed=0.00 | frame= 189 fps= 27 q=-1.0 size= 1318KiB time=00:00:07.56 bitrate=1427.7kbits/s
Label: person - 0.83, Coordinates: (536.382080078125, 127.0810546875 @ frame= 17 fps=0.0 q=10.3 size=N/A time=00:90:17.00 bitrate=N/A dup=0 drop=368 speed=0.00 | frame= 202 fps= 27 q=-1.0 size= 1426KiB time=00:00:08.08 bitrate=1446.2kbits/s
, 678.4584350585938, 394.7198181152344) frame= 17 fps=0.0 q=10.3 size=N/A time=00:00:17.00 bitrate=N/A dup=@ drop=368 speed=0.00 | frame= 214 fps= 27 q=-1.0 size= 1486KiB time=00:00:08.56 bitrate=1422.6kbits/s
Label: handbag - .43, Coordinates: (617.07952880885938, 254.29838562 | frame= 17 fps=0.0 q=10.3 size=N/A time=00:90:17.00 bitrate=N/A dup=0 drop=368 speed=0.00 | frame= 227 fps= 26 q=-1.0 size= 1608KiB time=00:00:09.08 bitrate=1451.2kbits/s
91172, 667.2301025390625, 317.9366455078125) frame= 17 fps=0.0 q=10.3 size=N/A time=00:90:17.00 bitrate=N/A dup=0 drop=368 speed=0.00 | frame= 240 fps= 26 q=-1.0 size= 1683KiB time=00:00:09.60 bitrate=1436.1kbits/s
Label: laptop - ©.27, Coordinates: (2.7062361240386963, 88.608390808 @ frame= 17 fps=0.0 q=10.3 size=N/A time=00:90:17.00 bitrate=N/A dup=0 drop=368 speed=0.00 | frame= 252 fps= 26 q=-1.0 size= 1791KiB time=00:00:10.08 bitrate=1455.8kbits/s
10547, 212.57131958007812, 478.2134704589844)  frame= 17 fps=0.0 q=10.3 size=N/A time=00:00:17.00 bitrate=N/A dup=0 drop=368 speed=0.00 | frame= 265 fps= 26 q=-1.0 size= 1857KiB time=00:00:10.60 bitrate=1435.1kbits/s
‘Labelz handbag - ©.26, Coordinates: (536.6428833007812, 161.07661437 | frame= 17 fps=0.0 q=10.3 size=N/A time=00:00:17.00 bitrate=N/A dup=0 drop=368 speed=0.00 | frame= 278 fps= 26 q=-1.0 size= 1974KiB time=00:00:11.12 bitrate=1454.1kbits/s
98828, 601.4154052734375, 241.31484985351562) | frame= 17 fps=0.0 q=10.3 size=N/A time=00:00:17.00 bitrate=N/A dup=@ drop=368 speed=0.00 | frame= 290 fps= 26 q=-1.0 size= 2042KiB time=00:00:11.60 bitrate=1442.3kbits/s
| INFO: 127.0.0.1:51033 - "POST /detect/ HTTP/1.1" 208 0K frame= 17 fps=0.0 q=10.3 size=N/A time=00:00:17.00 bitrate=N/A dup=0@ drop=368 speed=0.00 | frame= 303 fps= 26 q=-1.0 size= 2160KiB time=00:00:12.12 bitrate=1460.2kbits/s
/Users/jmlegon/.cache/torch/hub/ultralytics_yolov5_master/models/com | frame= 17 fps=0.0 q=10.3 size=N/A time=00:00:17.00 bitrate=N/A dup=@ drop=368 speed=0.00 | frame= 315 fps= 26 q=-1.0 size= 2224KiB time=00:00:12.60 bitrate=1445.8kbits/s
mon.py:894: FutureWarning: "torch.cuda.amp.autocast(args...)’ is dep @ frame= 17 fps=0.0 q=10.3 size=N/A time=00:00:17.00 bitrate=N/A dup=@ drop=368 speed=0.00 | frame= 328 fps= 26 q=-1.0 size= 2339KiB time=00:00:13.12 bitrate=1460.5kbits/s
recated. Please use "torch.amp.autocast('cuda', args...) instead. frame= 17 fps=0.0 q=10.3 size=N/A time=00:00:17.00 bitrate=N/A dup=@ drop=368 speed=0.00 | frame= 341 fps= 26 q=-1.0 size= 2400KiB time=00:00:13.64 bitrate=1441.3kbits/s
with amp.autocast(autocast): frame= 17 fps=0.0 q=10.3 size=N/A time=00:00:17.00 bitrate=N/A dup=@ drop=368 speed=0.00 | frame= 353 fps= 26 q=-1.0 size= 2482KiB time=00:00:14.12 bitrate=1439.8kbits/s
Label: person - 0.85, Coordinates: (547.26007080087812, 118.045333862 @ frame= 17 fps=0.0 q=10.3 size=N/A time=00:90:17.00 bitrate=N/A dup=0 drop=368 speed=0.00 | frame= 366 fps= 26 q=-1.0 size= 2510KiB time=00:00:14.64 bitrate=1404.7kbits/s
30469, 699.2008666992188, 387.5803527832031) frame= 17 fps=0.0 q=10.3 size=N/A time=00:00:17.00 bitrate=N/A dup=@ drop=368 speed=0.00 | frame= 378 fps= 26 q=-1.0 size= 2584KiB time=00:00:15.12 bitrate=1399.9kbits/s
INFO: 127.0.0.1:51033 - "POST /detect/ HTTP/1.1" 208 0K frame= 17 fps=0.0 q=10.3 size=N/A time=00:00:17.00 bitrate=N/A dup=@ drop=368 speed=0.00 | frame= 391 fps= 26 q=-1.0 size= 2618KiB time=00:00:15.64 bitrate=1371.5kbits/s
/Users/jmlegon/.cache/torch/hub/ultralytics_yolov5_master/models/com | frame= 17 fps=0.0 q=10.3 size=N/A time=00:90:17.00 bitrate=N/A dup=0 drop=368 speed=0.00 X1: )5 1 Failed to update header with correct duration.
mon.py:894: FuturewWarning: "torch.cuda.amp.autocast(args...) 1is dep | *C Failed to update header with correct filesize.
recated. Please use "torch.amp.autocast('cuda', args...) instead. video:691KiB audio:@KiB subtitle:@KiB other streams:0KiB g | Ix6000 10 video:2627KiB audio:0KiB subtitle:0KiB other streams:
with amp.autocast(autocast): lobal headers:0KiB muxing overhead: unknown 9KiB global headers:@KiB muxing overhead: ©.307499%
Label: person - 0.89, Coordinates: (545.1817016601562, 115.182975769 | frame= 17 fps=0.0 q=10.3 Lsize=N/A time=00:00:17.00 bitrate=N/A dup=0 drop=380 speed=0.9 | frame= 396 fps= 26 q=-1.0 Lsize= 2635KiB time=00:00:15.84 bitrate=1363.0kbits/
04297, 699.2396850585938, 388.80072021484375) 0645x s speed=1.03x
INFO: 127.9.0.1:51033 - "POST /detect/ HTTP/1.1" 208 0K | Exiting normally, received signal 2. [N (base) jmlegon@MacBook-Pro-de-jmlegon demo-drone % ||
D (base) jmlegon@MacBook-Pro-de-jmlegon videos-to-files % ||
rtmp://localhost:1935/live/stream @ © ©  jmlegon — ffplay rtmp://localhost:1935/live/strea...
< videos-to-files > Q 254953.46 A-V:251754.943 fd= 170 ag=  OKB vq=  @KB sqg=
254953.49 A-V:251754.943 fd= 170 aqg= KB vg= 8KB sqg=
- ~ | Date Modified 254953.52 A-V:251754.943 fd= 170 aqg=  @KB vg= KB sqg=
254953.56 A-V:251754.943 fd= 170 ag= KB vg= KB sqg=
= > - 254953.59 A-V:251754.943 fd= 170 aq= OKB vag= @KB sqg=
20252025107 16:34 .40 254953.62 A-V:261754.943 fd= 170 aq=  @KB vg=  OKB sg=
- 254953.65 A-V:251754.943 fd= 170 aq= OKB vg= @KB sqg=
254953.69 A-V:251754.943 fd= 170 aqg= KB vg= BKB sq=
254953.72 A-V:251754.943 fd= 170 aqg= KB vag= BKB sq=
254953.75 A-V:251754.943 fd= 170 aq= OKB vq= BKB sq=
254953.79 A-V:251754.943 fd= 170 aq= KB vag= BKB sqg=
254953.82 A-V:251754.943 fd= 170 aq= OKB vq= 0KB sqg=
254953.85 A-V:251754.943 fd= 170 ag= KB vqg= @KB sqg=
254953.88 A-V:251754.943 fd= 170 aq= KB vag= BKB sq=
254953.92 A-V:251754.943 fd= 170 ag= KB vqg= @KB sqg=
254953.95 A-V:251754.943 fd= 170 aq= OKB vag= @KB sqg=
254953.98 A-V:251754.943 fd= 170 aq= OKB vg= @KB sq=
254954.02 A-V:251754.943 fd= 170 ag= OKB vag= KB sqg=
254954 .85 A-V:251754.943 fd= 170 aqg= KB vq= BKB sq=
254954 .08 A-V:251754.943 fd= 170 aq= KB vag= @KB sqg=
254954 .11 A-V:251754.943 fd= 170 aq= KB vqg= BKB sqg=
254954 .14 A-V:251754.943 fd= 170 aq= PKB vg= PKB sq=
254954.18 A-V:251754.943 fd= 170 aq= KB vq= BKB sq=
254954 .21 A-V:251754.943 fd= 170 aq= KB vqg= BKB sq=
254954 .24 A-V:251754.943 fd= 170 aqg= KB vag= BKB sqg=
254954 .27 A-V:251754.943 fd= 170 aq= PKB vg= @KB sq=
254954 .31 A-V:251754.943 fd= 170 aq= OKB vag= BKB sqg=
254954 .34 A-V:251754.943 fd= 170 aq= KB vqg= BKB sq=
254954 .37 A-V:251754.943 fd= 170 ag= KB vg= 8KB sqg=
254954 .41 A-V:251754.943 fd= 170 aq= KB vq= BKB sq=
254954 .44 A-V:251754.943 fd= 170 ag= KB vg= KB sqg=
254954 .47 A-V:251754.943 fd= 170 aq= KB vq= BKB sq=
254954 .50 A-V:251754.943 fd= 170 aq= OKB vg= BKB sqg=
254954 .54 A-V:251754.943 fd= 170 aq= KB vq= BKB sq=
254954 .57 A-V:251754.943 fd= 170 aqg= KB vg= BKB sq=
254954 .60 A-V:251754.943 fd= 170 aqg= KB vag= KB sqg=
254954 .64 A-V:251754.943 fd= 170 aq= KB vg= B@KB sqg=
254954.67 A-V:251754.943 fd= 170 aq= PKB vg= PKB sq=
254954 .70 A-V:251754.943 fd= 170 aq= KB vq= BKB sq=
254954 .74 A-V:251754.943 fd= 170 ag= KB vqg= BKB sqg=
354954.77 A-V:251754.943 fd= 170 aq= OKB vag= BKB sq=




Retrieval Augmented AI Prompts and Responses

generated_text: (STRING} "
The satellite image shows a diverse range of agricultural fields with varying crop types and health.
Here's a descriptive analysis of the image:

4. Stream satellite images to watsonx.ai ‘ V1-DRAFT ¥ | POV Techzone ¥ ‘ DraftRun ¥ = i A3 0 S it U, = % = = :
| Preview  Valldate warnings Check In Create Job  Stickles  Arrange Share Update Undo More
T mmm ) = R (E\ /a\ /u\ /IH\
Iollo0
1101011 . :
— (R & =) @ O-e—0O O-8—0O D OHe—() O-8—0 A
| Dev Ingest ObtalnkBearer ’ Set the Image watzonx.al 3ata Add Timestamp Any Destination
| \_ Image ques P o To-en ¥ \_ o-catlons v, S ugmente ) \_ ) 5 | )
"B RequestData () ‘ ‘ - | | ‘ ‘ | ~ lants still in the ve
LA brown color indica
2 "input": "describe the crops and health of the Agricultural fields in the satellite
image ${record:value('/url')}",
3 "parameters": { :0|0I’ and irregl.“ar
4 "decoding_method": "“greedy",
5 "max_new_tokens'": 300,
6 "min_new_tokens": 0,
7 "stop_sequences": [],
8 "repetition_penalty': 1
9 y P P Y lush green vegetati
10 "model_id": "meta-1llama/llama-3-2-90b-vision-instruct",
"project_id": "272efb50-8524-4c28-85e7-0a26269db220" show signs of stres

ht, nutrient deficien

J. *rwaterioggea rieias*t. A1tew i|r| Iy



While data integration remains a priority for

organizations, challenges remain

67% of data leaders believe prioritizing integrating data from various sources is a key priority?!

Data access

50% of data analyst
time Is spent
working reactively or
trying to find or get
access to data?

Data dritt

80% of data engineering
time Is spent on
maintaining & fixing
existing pipelines

due to data drift,
creating a costly
maintenance burden3

Data proliteration

With growing data
volume and datasets
organizations require
scalability and taster
response times

Data latency

Need tor processing
data as It arrives to
reduce delays In
business decision
and operations




Integrate,
aCCess, govern,
and secure all
data types with
an open and
hybrid data
architecture

Data security

G

Data security posture

management

Data sources

8 On-premise 2 Streaming

O Cloud

Data types
% Structured
q, Semi-structured

A
Sop Unstructured data

Ecosystem interoperability

~/ adws

- D A

(3\:

Data compliance

/
Data integration

;l

Lo

Bulk/batch, ETL/ELT
\

A2

Real-time streaming
R
o

Data observability and quality

n
A

Data replication

o=

(Xt

Design once, execute anywhere

.

3rd Party Tools:

(@

Data detection and

Databases

N

Gi

Al security

response

Databases

Q?’) Hybrid, open data lakehouse

»= Fit for purpose query engines
i Open-source data formats

=H Separate storage and compute
65 Hybrid multi-cloud infrastructure

(= Vectorized embeddings for RAG

Integration tools

Unified metadata and governance

Object storage

-

Quantum safe

Data intelligence

Data governance

=B

Data lineage

A
@

Data sharing

—<>
Data quality

Lakehouses

—
=0

Data protection

Consumers

Generative Al
Machine Learning

Data Engineering

Business intelligence

Data catalogs +more

A\ 4




What 1s Real-Time Data Integration?

[BM defines real-time data
Integration as the ability to
Ingest, process, and write data as
soon as It's avallable instead of
on an Intermittent or scheduled
hasis.




IBM StreamSets

Beneﬁ‘ts = IBM StreamSets Platform | Control Hub
‘l/ “° Welcome v Credit Fraud Detection .‘B] 'h ©
Real-time data integration solution for building O] setUp

. . . . v o
streaming data pipelines to enhance real-time & suic A 0 e
decision-making and mitigate risks bosds @ ol @ O

53 Fragments Read Convert to Route for
Transactions... Timestamp Potential fFUJ£:>\\\\\

—0 _  Enable real-time data ingestion @\.O B

Write to Data

—n " atscale 48 Sample Pipelines
—]—
:6,, Run v
~ . . . . @ Monitor v
Reduce data drift with intelligent
J streaming data pipelines ) Manage ¥ Credit Fraud Detection @) sror: A CRUNNING
O
| s il Record Count (since last startup) ilt  Record Throughput (record
© Configuration 8,000
— Stream any data from any source = Rules 000
O o
4,000
£9 Draft Run History
0 Help 2,000 ‘ |
. 1 ..

m 5m 15m 30r

< Collapse

IBM data integration 11



IBM Data Integration

Single experience tor every

design pattern and plattorm

______________________________________________________________

Metadata comes into control plane

Data stays in data plane behind your firewall

Mainframes o

{APT}

db

Control Hub
SaaS or Client Managed

dWS

D
S
<<
O
D
'—|-
Q
B
S
<<
=
>
)
\
)

Data Sources

an Ej >

—- = e e e e e e e e e e e e e e e e e e e e e e MR e e e e e -

Design and Operationalize
-------------------------------- HYBRID DATA PLANE (on-prem or cloud)
J A
Batch, Batch,
Streaming, Streaming,

CDC Ingestion, &
Data Processing

CDC Ingestion, &
Data Processing

dWS

Batch,
Streaming,
CDC Ingestion, &
Data Processing

Data Destinations

dWS

<|l|



IBM StreamSets Engines

SaaS or Cartridge

[ StreamSets Control Hub — Multi Tenant Platform ]
CLOUD . Load : : High Release
CONTROL PLANE AT Balancing Security U Availability Management
Pipeline Penetration .. Cert
e Testing Replication SSL Offloader T Recovery

________________________________________________________________________________________________________________________________________________________

Behind the Firewall

HYBRID Engines
DATA PLANE
- Data

S =

IBM StreamSets Data Collector is a cloud
native, In-memory big data ingest engine.
100% Java, Provisioned in minutes
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Streaming Ingest tor Flash Promotions and Personalization

Data sources

8 On-premise
S Cloud

Z Streaming
Data types

% Structured
%, Semi-structured

éo Unstructured data

N

IBM Data Integration 2025

——————————————————————————————————————————————————————————————————————————————————————————————————————————

o M e e e R e R e R e R e R e R e R e R e R e R e R e R e R e R e R e R e R e e e R e e e e e e e e

Website
\ Interactlons 5 \

Streaming Origins / Destinations

Write to

SingleStore |

Single Store

Lookup

R TR REE R

Apply Business
Rules

Field Type l
Converter

Write to
Promotion

Katka, IBM MO, Kinesis, Azure 10T, Pub/Sub, MOTT, Rabbit MO

——————————————————————————————————————————————————————————————————————————————————————————————————————————

Snowflake, Databricks, Teradata

L R I et e e e e e e e e e e e e e e e e e e

Includes:

g Stream critical data
and events in real-time

a Leverage broker capabilities

Q nghly performant and
resilient

<> Real-time Alerting

N

14




IBM StreamSets Multi-Destination — Structured Streaming

°ropagate changes
Q B to multiple destinations
Databricks OFFSET / SCN tracking

/
I At least once or at
<

b _
AN most once delivery
Kafka Expr'esswn Snowflake |
Multltoplc C. Evaluator J Automatic

N resume / recovery

G Table auto-create
Teradata
J

Schema evolution



StreamSets Structured and Semi-Structured

Streaming from DB2 via offsets Streaming from IBM MQ

k Jdb
£, JMS > XX <
© an
IBM DBZ2 from Google BigQuery IBM MQ Message Snowf lake
z/0S y Consumer Destination Y,

Streaming MongoDB to AI/ML Managed Snowflake Ingest

A 3 3 ™ ~ R - B = e
N ¢ & Y © g 5 S
N e O-e—0 O-e—0O O~ =0 - Oe=0 s (

Host and Unit Transform Set Feature Keep Relevant MLeap Pricing Route Analvtic Snowflake

\Enformation X, Features ) 9 Datatypes ) . Fields ) 9 Model (RF) P, 9 Data > $50 \\Pr1c1ng Opps//

\

Discard Well
Priced Unitsj/

N
0




What about data quality?

IBM data integration



IBM StreamSets Example Security Features

Secure By Design

Y, IBM StreamSets

Log In Strict separation of North/South (management) and East/West (data) planes

Email Address*

Integration with identity providers and SSO

eric.greisdorf@ibm.com

Password*

Integration with credential stores tor connections
Integration with AD groups for Role Based Access Controls

Forgot Password? Engines heartbeat tully encrypted outbound calls only

- ORLOG IN WITH SSO -

i2¥%  Sign in with IBMid
Continue with Google

S~ Continue with Microsoft

@ Sign in with SSO SAML

Need an account? Sign up




Origins/Sources

Data sources

8 On-premise
S Cloud

Z Streaming
Data types

X Structured
%, Semi-structured

éo Unstructured data

. J

IBM Data Integration 2025

o M e e e R e R e R e R e R e R e R e R e R e R e R e R e R e R e R e R e R e e e R e e e e e e e e

-
’
/
y o
- Aurora PostgreSQL CDC Client
-— Processes Write-Ahead Logging (WAL) data
to generate change data capture records for
o
CONNX CDC
S’m Reads change data from CONNX Server. Q
. o
Dev Synthetic Data Generator
Generates records with synthetic data in the Q
specified field names based on their defined
(0]
. IBM Db2
DB2 Reads data from IBM Db2 using Flight Serviceg
o
JMS Consumer
= JMS Reads data from a JMS source. 0
_— o
Kinesis Consumer
- e o
~ Reads data from Kinesis
\
~

L)

i

MAPR-DB

70+ Sources/Origins

o
CONNX
Reads data from CONNX Server. 0
Couchbase

Reads data from Couchbase

Qo

o]

Elasticsearch

Read data from an Elasticsearch cluster 0

Jira

o
Jira Origin 0

. o
Jython Scripting

Produces record batches using Jython script 0

o
MapR DB CDC Consumer
Reads MapR DB CDC data from MapR 0
Streams

@
Amazon S3
Reads files from Amazon S3 a
o
Azure Blob Storage
Reads data from Azure Blob Storage a
Azure Data Lake Storage Gen2
(Legacy)
Reads data from Azure Data Lake Storage
Lo}

CoAP Server

Listens for requests on a CoAP endpoint a

©

Dev Data Generator
Generates records with the specified field g

names based on the selected data type. For

©

Dev Raw Data Source

Add Raw data to the source. g

o
Amazon SQS Consumer
Reads messages from Amazon SQS a

Azure Data Lake Storage Gen2

0o

Reads data from Azure Data Lake Storage

Gen2

Azure loT/Event Hub Consumer

0o

o m m  mm mm mn e mmm mmm M e Rmm mmm M e Mmm Mmm M e Mmm Mmm M e Mmm Mmm M e Mmm Mmm M e Gmm M M e Gmm G e e Mmm M M e Mmm M M e Mmm M M e M M e e O

Reads data from Azure Event Hub

Cron Scheduler o

Generates a record with the current datetimee

based on a cron expression

@

Dev Random Record Source
Generates records with the specified field e

names, using Long data. For development

0]
Dev Snapshot Replaying
Play snapshots as source records g

Ecosystem interoperability

N ’ aW$7

O A |

Snowflake, Databricks, Teradata

Consumers

g Regulatory and compliance
reporting

g Business intelligence and
reporting

'Q Self service analytics

[af; Generative Al

B Data quality programs

-
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Destinations/Targets

Data sources

8 On-premise
S Cloud

Z Streaming
Data types

X Structured
%, Semi-structured

éo Unstructured data

.
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o O

2

o
Aerospike Client
Writes data to Aerospike Q
o
Couchbase
Writes data to Couchbase Q
. o
Google Bigtable
Writes data to Google Cloud Bigtable e
. o
Hive Metastore
Updates the Hive Metastore. 6
o

IBM watsonx.data
Writes data to IBM watsonx.data using Flight a

Service

. 0o
Jira

Jira Destination 0

Kinesis Firehose

Writes data to Amazon Kinesis Firehose Q

O

cassandra

"

& @ Y

$, JMS

60+ Targets/Destinations

(0]
Cassandra
Writes data to Cassandra 0
. (0]
Elasticsearch
Upload data to an Elasticsearch cluster Q
(0]

HBase

Writes data to HBase 0

IBM Db2 =

Writes data to IBM Db2 using Flight Service G

o

InfluxDB 2.x

Writes data to InfluxDB 2.x e

®

JMS Producer

Write data to a JMS MQ. a

Kinesis Producer

Writes data to Amazon Kinesis a

Amazon S3

Writes to Amazon S3

Azure Data Lake Storage Gen2
Writes data to Azure Data Lake Storage

Gen2

Azure loT Hub Producer

Writes data to Azure loT Hub

CoAP Client

Uses a CoAP client to write data

Google BigQuery

Writes data to BigQuery

Google Pub Sub Publisher

© © o

0o

o

(o)

Publishes messages to Google Pub/Sub g

HTTP Client

Uses an HTTP client to write data.

]

[

Azure Blob Storage

0o

Writes data to Azure Blob Storage

O

Azure Event Hub Producer

Writes data to Azure Event Hub

o

Azure Synapse SQL

Loads data to Azure Synapse SQL

o
Databricks Delta Lake

Writes data to Databricks Delta Lake tables Q

o

Google Cloud Storage

Writes to google cloud storage.

©

Hadoop FS

Writes to a Hadoop file system

o
JDBC Producer
Insert, update, and delete data to a JDBC Q
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Snowflake, Databricks, Teradata

Consumers

g Regulatory and compliance
reporting

g Business intelligence and
reporting

'Q Self service analytics

[af; Generative Al

B Data quality programs
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Transtormative Capabilities +

Data sources

8 On-premise
S Cloud

Z Streaming
Data types

% Structured
%, Semi-structured

éo Unstructured data

N
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‘ o

Couchbase Lookup

Performs Couchbase lookups to enrich 0
records

HBase Lookup

Performs KV lookups to enrich records 0

Jython Evaluator

Processes records using Jython 0
Kudu Lookup
Performs KV lookups to enrich records Q

TensorFlow Evaluator
Uses TensorFlow models to generate e

predictions or classifications of data

Whole File Transformer
Transforms whole file data to a different data 0

format

70+ Processors/Executors

Encrypt and Decrypt Fields

Encrypts or decrypts field values

Hive Metadata
Generates Hive metadata and write

information for HDFS

Kaitai Struct Parser

)

@

Parser for binary data based on Kaitai Struct e

MongoDB Lookup

Performs KV lookups to enrich records

Web Client

Processor to execute HTTP/S requests

@

e

Base64 Field Decoder
Decodes a Base64 encoded Byte Array field a

Control Hub API

Calls a Control Hub API Q

Data Parser

Parses a field with data g

Dev Identity
It echoes every record it receives without Q

changing, other than stage header

Dev Record Creator
It creates 2 records from each original a

record

Field Flattener

Flattens nested structures. a

Field Mapper
Maps fields in records based on Q

avnraccinne Nnaratae an fiald nathe namae

Base64 Field Encoder
Encodes a Byte Array field into a Base64 Q

encoded Byte Array

Data Generator
Serializes records to various different data Q

formats.

Delay

Allows you to delay any records passing Q

through it by a given number of milliseconds

Dev Random Error
Generates error records and silently discardsg

records as specified.

Expression Evaluator
Performs calculations on a field-by-field Q

basis

Field Hasher
Uses an algorithm to hash field values g

Field Masker

Masks field values g
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Snowflake, Databricks, Teradata
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Regex, Groovy, Jython, Jolt, Fragments, etc.

Consumers

g Regulatory and compliance
reporting

g Business intelligence and
reporting

'Q Self service analytics

[af; Generative Al

B Data quality programs
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3M StreamSets Operate and Monitor

PIpelines

Fraud Detection Pipeline @I

View Logs Snapshot Stop

e ‘ 8~ SingleStore }
Read SingleStore Create
Transactions. .. Lookup Suspicious -

A
Elasticsearch

1

Fraud Detection Pipeline @) show Advanced Options RUNNING

ili Realtime Summary

(© Configuration

80
i= Rules
60
O nfo
40
49 Draft Run History
@ Help ° 20
e("“o‘ 0 I

"
Tm 5m

il Record Count (since last startup) il Record Throughput (records / sec)

15m

30m mean

[l Kafka Multitopic Consumer 1 Output Stream 1Drift in # of Columns

Condition

${drift:size('/', false)}

Sampling Records to retain
10

Alert Text

The size of the schema has changed! Call the boss or the data scientists!

Send Email

true

Joint

Notifications

Sampling Percentage

Monitor Record Throughput and Error Count

(Real-Time, Historical, REST, SDK)

0.02

Total
0 0.01 0 0 0
Read Transactions Fr... SingleStore Lookup Create Suspicious SingleStore Elasticsearch
15% 46% 0.66% 19% 20%

Record Count Record Throughput Stage Batch Processing Timer

33.8 records / sec (O

'

‘ § ’ 36.2 records / sec 36.2 records / sec

67.6 records / sec

33.8 records / sec

Automatic Failover, Resume and Recovery

100

URL Labels Accessible Version
O  System Data Collector & V) 4.0.2
O] https://172.20.10.184:18632 % Casino #1, Casino #2, Casino #3, Casino #4, all Q 5.2.0




IBM StreamSets Templates

Sample Pipelines (14)

S
Q
.||

Name Tutorial Origins Destinations
Date Conversions Click to view Dev Raw Data Source Trash Keep Filter Persistent
HDFS to ADLS Gen2 Click to view Hadoop FS Standalone ADLS Gen2 . |
ilter by Engine
Oracle 19 CDC To Databricks Delta Lake Click to view Oracle CDC Client Databricks Delta Lake @ Show All
(O Data Collector
Oracle 19 To Databricks Delta Lake Click to view JDBC Multitable Consumer Databricks Delta Lake
O Transformer
Oracle CDC To Snowflake Click to view Oracle CDC Client Snowflake
O Transformer for Snowflake
Parse Twitter Data To JSON Click to view Dev Raw Data Source Local FS
Filter by Sample Type
Parse Web Logs To JSON & Avro Click to view Dev Raw Data Source Local FS @ System Samples
PostgreSQL CDC To Snowflake Click to view PostgreSQL CDC Client Snowflake (O User Samples (pipelines
with label 'templates')
. Retail Inventory - Join, Aggregation, Reparti... Click to view File Local FS
Salesforce CDC To Snowflake Click to view Salesforce Snowflake

Out of the box examples and user defined templates help ensure consistency.



Streaming

——————————————————————————————————————————————————————————————————————————————————————————————————————————

Streaming Origins / Destinations

Data sources | | Includes:
. | @ —() :
g On-premise - Website Write to : Stream critical data
: Interactlons | SingleStore ! & A EvErTs e el e
& Cloud | | | | | | i
— | @ e @ O | | g Leverage broker capabilities
; ; \»Q O-e—0 O-e—0 O-e—0 :
I Single Store Apply Business Field Type Write to |
Data types ! Lookup Rules . Converter . Promotion | Q Hi gh ly performant and
¥ Structured i E el
SSEESIEoe E E <> Real-time Alerting
% Unstructured data i Katka, IBM MO, Kinesis, Azure 10T, Pub/Sub, MOTT, Rabbit MO ;
. J o -
LN .
Ecosystem interoperability 7= 3Ws £43 J ‘ Snowflake, Databricks, Teradata

IBM Data Integration 2025



BM StreamSets

Best-in-class
developer
experience

A no-code/low-code streaming data integration tool
for engineers who also want the ability to code

Capabili

COIm

ties without

oromise

Bullt for enterprise
scale
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Roadmap: IBM data integration

Data sources

8 On-premise
S Cloud

Z Streaming
Data types

% Structured
%, Semi-structured

éo Unstructured data

\_

IBM Data Integration 2025
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Unitied control plane

4 N

Full spectrum of integration capabilities

-

Pipeline authoring
experiences

— Drag and drop
- SDK
— Gen Al assistants

(:3:}:- Unstructured data processing

?'_7'$ Bulk/batch, ETL/ELT
O

Real-time streaming,

S
(?\¢—_'/, CDC
-

:== APIs and Events

J webMethods

-

({3 Data observability and quality
o

N /

Workload adaptability

— Run-time flexibility:

data pushdown

remote engines

Deployment flexibility:

~

e e o mm mm mm mm mm mm mm o o e M mm mm M M M M M M M M mm M M M M M M M M M M M M M M M M M mm Mmm M M M M M M M M mm M M M M M M M M M M M M M M M M M M M M M M M e e mm Em Em mm mm mm mm = P

Snowflake, Databricks, Teradata

Consumers

g Regulatory and compliance
reporting

g Business intelligence and
reporting

'Q Self service analytics

[af; Generative Al

B Data quality programs

\_
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Pipeline authoring experiences

Canvas drag and drop Al assistant

IBM watsonx (@) @ Scott Brokaw v N 1BM watsonx ® Q Scott Brokaw S N IBM watsonx Scott Brokaw Dallas

® 8 Projects / Batch flow / Housing costs @ Projects / Batch flow / Housing costs  ELT @

&l

Projects / LLM project / Retail customer transactions

Q B o ¢ X 0O L W & & @ @ o 4g [“u'] O Q save B Compile 8 Run D> L 3 ®wm 8 L @ loaded12:57PM H B = @ Q@ O D Q save Compile 8%  Run [> L @ #® 8 v % T loaded11:58AM B B @=m @ @ O
4 4
ema, Field, Con
Data sources ~ Q
28 Data assets Connectors v
config = AutoDetectConfig()
% Connections Stages v db2_connection nnection.Bigquery. from_name("d
wx_connection nnection.WatsonxData. from_name("
I& Document set .
Quality stages e order_details_schema (Schema()

Assi c .with_field(Field.Integer("ORDER_DETAIL_CODE"))
Data extract ~ ssistant .with_field(Field.Int "“ORDER_NUMBER" ) )
.with_field(Field.Tir mp ATE") ._max_length(26)._decimal_scale (@) .microseconds())
.with_field(Field.In U 1BER" ) )
[ Extract data VQ atsone 12:57 P .with_field(Field.Integer("PF
.with_field(Field.BigInt("QUA
Quality ~ Please outline the intended functionality of .with_field( 1d.D L("UNIT_COST").length(19).scale(2).nullable
the expression you aim to create. .with_field(Field.Decimal("UNIT_PRICE").length(19).scale(2).nullable())
. . .with_field(Field.Decimal("UNIT_SALE_PRICE").length(19).scale(2).nullable
4= Language filter sl Exact de-duplicator o= @ PII & HAP annotat.. o v?b Data class assign.. os | = Chunking o | = Embeddings
Quality Quality Quality ~—  Functional Functional You 12:57 PM
&) Data class assignment Link_1 Link_2 Link 3 Link_a ¢z a Link_1 Link_2 Link_3 Link_4 .
First round up each price in EDBE- ) > [ e >_E|ﬂ_- ) >ﬂ->- > 45 EDBE' o% >[Of2e ° >_|:|ﬂ_‘ s >'|]'>' ° >@ db2 = (fc.Db2("ORDER_DETAILS,
& T d classificati UNIT_SALE_PRICE to the nearest whole ORDER_DETAILS_1 Remove_Duplicates_1. Sort_1 Transformer_1 18M_watsonxdata_Presto_1 ORDER_DETAILS_1 Remove_Duplicates_1 sort_1 Transformer_1 1BM_watsonxdata_Presto_1 ~with_schema_name
erms and classifications number for billing purposes. Then -with_table_name("ORDER_DETAILS"
calculate the profit between .with_output_schema(order_details_schema)
& PII & HAP annotator UNIT_SALE_PRICE and UNIT_COST. )
remove_duplicates = (
. fc.RemoveDuplicates Duplicates_1")
[ -
B Exact de-duplicator C .with_key_properties([{"key": "ORDER_NUMBER"}])
("9 watsonx 12:57 PM .with_output_schema(order_details_schema
B Document quality You can copy and paste your expression to sort)> (
use it in link and variable derivations. f; Sort("Sort_1)
Functional ~ @ .with_key_properties([{"sorted-clustered": " ", "asc-desc": "asc K MUNIT_PRICE"}
Ceil(Link_3.UNIT_SALE_PRICE) U] .with_output_schema(order_details_schema
Embeddings @ watsonx.data - Link_3.UNIT_COST )
Vector Database transformer = (
R . fc.Transformer("Transformer_1")
Chunking .with_output_schema(order_details_schema)
End conversation )
Vector Database ~ watsonx_data = (
fc.WatsonxData("IBM ata_Pre
.with_connection(wx_connection)
@ watsonx.data Milvus .with_catalog_name("icebergshowcase"
.with_schema_name ("dobson")
2 Elastic .with_table_name ("né
User generated ~ db2 >> remove_duplicates >> sort >> transformer >> watsonx_data

sdk. run_flow(fc, flow_name="Housing costs", print_logs=True)

& Custom operator
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Full spectrum ot integration capabilities

IBM watsonx

Projects / Batch flow / Housing costs

O Q sael Compile 3% Run [> ove vxX O R B3 &1 @ ¥ ® O

@ Q Scott Brokaw

Run successful with warnings 3:34 PM

Streaming

B ¥ < & w W g o

cmwesonan

4
Q

Connectors v

Stages v

Quality Stages v

B. O s dlle 87,
DB2 wow DD %0 %0 .

Data observability

Observability coverage

[ 22
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Total triggered alerts

306 ...

Run metrics

Summary

View job details

Avg. throughput Rows written Rows read
4,161 rows/s 998,558 998,558
Details

All v Q

© 1BM _DB2 > Link_1 > InsertedTsort:IBM_DB2:Link 1.v

IBM watsonx Q
@ Projects / THINK demo / Financial transactions
®= @ @ [™
X Run metrics

@ Run started successfully.
Learn more

Elapsed time
4m

Completed

Rows read

Avg. throughput

6,758/s 446,023 446,023

@ InsertedTsort:IBM Db2:Link 1.v > Remove_Duplicates

Kafka Multitopic )
’ Consumer O O Field Masker
Elapsed time

1m 6s

Avg. throughput Rows written Rows read

2,492/s 446,023 446,023

(] Remove Duplicates > Link_2 > Sort

Elapsed time
2m 59s

Avg. throughput Rows written Rows re

283/s 53,256 53,256

© Sort > Link 3 > IBM_watsonxdata_Presto

Elapsed time
3m8s

Avg. throughput Rows written Rows read

5,326/s 53,256 53,256

View all Open alerts

22 ..

Elapsed time
10s

View all Failed jobs without coverage

120 ...

View all

> O @ watsonx.data

View log X .
Realtime Summary

View job details

Last batch input count

519

Last batch error count

]

output count

Last batch Last record received Data batch count

0 Mar 4, 2025, 12:45:42 AM 0

Graphs Details

Record count (since last startup)

Record throughput (records / sec)

Jobs with the most open alerts

A32 A12 ©2 @O2

service_311_closed_requests
48 alerts

A12 A14 ©0 EO
ADF Pipeline Application... SubApplication.ADF Trigger

Data replication

BM watsonx

My projects / Hous

75 DataReplication Housing_Costs

| ) 3 Running Pause 00 Stop O

Replication details
Created by

. Scott Brokaw (You)

Created on
Tue, May 6, 2025, 10:30:34 AM

Job details

Name

(=
DR-Housing_Costs-1744986650536

Job ID
b1f9f13¢-77¢9-411f-bbf2-c1d742...

Run ID
949c770d-a8f4-471d-bcOe-e0b22..

Last modified
Tue, May 6, 2025, 10:30:51 AM

view job O3

Triggered alerts over time

90
80
70

60

rts

rn

&
Source connection

. PostgreSQL

Amazon RDS for PostgreSQL

Metrics

Current runtime

@ Source bytes read
@ Target bytes ap

5-04-

Last updated: 10:48 AM

Target connection

unning

Kafka
copy § 3
Py Q0 Apache Kafka
/ Total Bytes Last commit

6m 28s L~ rce bytes rea Target bytes applied ree

4.91kB // 4.91 kB 420 byte Target Tue, May 6, 2025, 10:41:55 AM

420 byte s atenc

oE= y
/ —_—
S DO % .

Event
Completed initial synchronization for table "public".*TRANSACTIONS",
Started initial synchronization for table "public"."TRANSACTIONS

The DDL operation Ensure Target Table Exist for Kafka topic transactions TRANS, IONS is being applied

Detected new table public. TRANSACTIONS in the source datak

The job_run successfully started and is now Running,

The job_run is now Starting.

dynamic data definition lang e changes to tables being replicated. User changes to this

on,

xists and will b
correct operatior

apture dynamic data definition language changes to tables being replicated. User cha

cation

User changes to this function can

Created function
interfere with the tion.
Created fun s to this function can interfere

with the

rt_que

tion f
t ration of data
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Three ways to get
started with IBM
data integration
today

IBM data integration

Want to read more about
IBM data integration?

Visit the IBM data

Integration website —

A

See how It works
for you.

Start a data

integration trial -

kS

Kickstart your project with
the IBM technical experts

Book here =

30


https://www.ibm.com/data-integration
https://www.ibm.com/data-integration
https://dataplatform.cloud.ibm.com/registration/stepone?context=cpdaas&apps=cos%2Cdatastage%2Cdata_catalog&regions=us-south%2Ceu-de&uucid=0777b2bbb543d3da&utm_content=CPDWW
https://dataplatform.cloud.ibm.com/registration/stepone?context=cpdaas&apps=cos%2Cdatastage%2Cdata_catalog&regions=us-south%2Ceu-de&uucid=0777b2bbb543d3da&utm_content=CPDWW
https://www.ibm.com/data-integration?schedulerform




