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What is eXtreme Scale?

«  High Volume of Events (millions, billions, trillions)

- Big Data Sets for Analytics (GB, TB, PB)

- Dynamic Scalability for Training (minutes, hours, days)
- Real Time Prediction Process for Deployment (ms)

«  Hybrid Deployments (different frameworks and clouds)

EXTREME
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Agenda

1) Added Business Value via Machine Learning

2) Apache Kafka Ecosystem as Infrastructure for Machine Learning

3) Data Ingestion and Preprocessing with Apache Kafka for Model Training
4) Predictions in Real Time with Kafka Streams and KSQL

5) DevOps and Monitoring of a Machine Learning Infrastructure
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Machine Learning

... allows computers to find hidden insights without being
explicitly programmed where to look.

Machine Learning

» Decision Trees

« Naive Bayes

« Clustering

* Neural Networks
« etc.

Deep Learning
« CNN
« RNN
« Autoencoder
« etc.

--COnNn ﬂ uent Apache Kafka and Machine Learning — Kai Waehner | 5



Real World Examples of Machine Learning

Search Results + Picture Detection
Product Recommendation (Friends, Locations, Products)

Spam Detection

A Google DeepMind

+9: AlphaGo

The Next Disruption:
Google Beats Go Champion

Your Company

--COnN ﬂ uent Apache Kafka and Machine Learning — Kai Waehner | 6



Leverage Machine Learning to Analyze and Act on Critical Business Moments
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Windows of Opportunity

--Ccon fluent Apache Kafka and Machine Learning — Kai Waehner | 7



Live Demo — Building an Analytic Model

Neural Networks in Action

http://playground.tensorflow.org/
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Languages, Frameworks and Tools for Machine Learning

dmlic
@ @ python theano Mxnet
DL4)
rﬁ H2°C“ DEEPLEARNINGA4J Ten.so?r-'low

D

/ -‘ m MJJI f apidminer Portable Format

for Analytics (PFA)

Spa

"MML

- Predictive Model
Markup Language

@ ONNX

There is no Allrounder > ML-independent infrastructure needed!
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Machine Learning with H20.al

@ @ python FScala .—\ {JSON} m Bucel iiFbebieen
H20 Prediction Engine
SDK/AP

Rapids Query R-engine Nano Fast Scoring Engine
Deep Learning

In-Mem Map Reduce
Distributed fork/join

13
§
:
g
@

Classity
Gradients

Memory Manager
Columnar Compression

H20 Engine

:=confluent

R / Python /
Scala / Flow UI
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© Build a Model

Select an algorithen:| Deep Learning ¢]

PARAMETLRS criD?r

modelid deeplearning-fe7c1/02-08¢ Destination id for this model; auto-generated if not specifed.

training frome  frame_0.750 $  |dof the training data frame (Not required, to allow initial
validation of model parameters).
wvalidation_frome  frame 0250 $ Idof the validation data frame.
nfolds 5 Number of folds for N-fold cross-validation {0 to disable or >« 2).

response_cokamn  IsArrDelayed 5 Response variable column,

ignored_columas Search..
Showing page 10f L 18 ignored.

8 Cancelied

8 CancellationCode
@ Diverted

@ CarrierDelay
WeatherDelay

8 NASDelay

ignore_const_cols Ignore constant columns.

activation Activation function.
hidden 200, 200 Hidden layer sizes (e.g.[100, 100]).
epochs 10 How many times the dataset should be iterated (streamed), can be
fractional.

Compute variable importances for input features (Gedeon method)
- can be slow for large networks.

variable_importances

4> Java Code

@ModelPojo(name="deeplearning feTcife2_88ec_4070_b784_c2531147¢451", algorithm="deeplearning”)
public class deeplearning_fe7c1fo2_08ec_4070_b784_c25311470451 extends GenModel {

public hex.ModelCategory getModelCategory() { return hex.ModelCategory.Binomial; }

public boolean isSupervised { return true; }

public int nfeatures() { return 12; )

public int nclasses() { return 2; }

// Thread-local storage for input neuron activation values.
final double[] NUNS = new double[18];
static class NORMMUL implements java.io.Serializable (
public static final double[] VALUES = new double[18];
static {
NORMMUL_8. f1L1{VALUES) ;
}
static final class NORMMUL_B8 implements java.io.Serializable {
static final void fill(double sa) {
sa[d) = 6.1 .
safl) = @
saf2) = ¢
saf3) = @

136

saf4) = ©
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Live Demo — Building an Analytic Model

Use Case:
Airline Flight Delay Prediction

Machine Learning Algorithm:
Deep Learning \
using Neural Networks :

HO oW owe  Col- Datar  Models Score- S
0 o @ H,0 FLOW Flow~  Cell~  Datav  Model~ Score
GBM Airlines_Clas n

Untitled Flow
DB ++¥v xaBsa8 H>» O

Technology:
H20.al, TensorFlow | ; ,

H,0

TensorFlow
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H20 Deep Water (TensorFlow, MXNet, ...)

max_runtime_secs “(Choou.. ) Maximum allowed runtime in seconds for model training. Use 0 to disable,
bockend TN Deep Learning Backend.
- N © image_shape ;";dbw Width and height of image.
, channels 3 Number of {color) channels.
network_definition_file Path of file containing network definition (graph, architecture).
~ network_parameters_file Path of file containing network (initial) parameters (weights, biases),

Pre-Defined Networks
+

User-Defined Networks

> "o ~.
e Deep Water
5, (H20 + TensorFlow)

https://h20-release.s3.amazonaws.com/h2o/rel-vapnik/1/
docs-website/h20-docs/booklets/DeepWaterBooklet.pdf
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Hidden Technical Debt in Machine Learning Systems

Configuration

https://papers.nips.cc/paper/5656-hidden-technical-debt-in-machine-learning-systems.pdf
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Agenda N B
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4) Predictions in Real Time with Kafka Streams and KSQL
5) DevOps and Monitoring of a Machine Learning Infrastructure
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. Apache Kafka — The Rise of a Streaming Platform

Producer Consumer

| QQ §8 kafka
N — N ——
Connectors The Log Connectors \ PU@ / SUB
- 4 7 STk
Y 3 PROCESS

Streaming Engine
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Apache Kafka at Scale

Linked [}]. NETFLIX -

Operation Challenges
* The scale of Kafka deployment @LinkedIn Kafka @ NEtﬂlX Scale
~ 2,100+ brokers ® 4,000+ brokers and ~50 clusters in 3 AWS regions
— ™~ 60,000 topics re
_ =4 2imillion partitions e > 1 Trillion messages per day
— > 4.5 trillion messages / day e At peak (NEW Years Day 2018)
T o 2.2 trillion messages (1.3 trillion unique)
> 4.5 trillion messages / day o 6 Petabytes

6 Petabytes

Strata QCon

DATA CONFERENCE

=" FI https://conferences.oreilly.com/strata/strata-ca/public/schedule/detail/63921 ) ) )
-—conriuen t https://qconlondon.com/london2018/presentation/cloud-native-and-scalable-kafka-architecture ~ Apache Kafka and Machine Learning — Kai Waehner | 16




Netflix’ Meson: Automation Engine for ML Pipelines NETlﬂX_

T Models
Member : ' :
streaming data ( Tfaanfng ] b gt
3 pipeline "eales tL
AB Test

Precompute Allocation
System

T S BT TSe—— ! %

B & v mwowsass
- ,

E PN o Tt
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Uber's internal ML-as-a-Service Platform UBER

Meet Michelangelo: Uber’s
Machine Learning Platform » Cover the end-to-end ML

workflow: manage data,
train, evaluate, and deploy

models, make predictions,
(e e and monitor predictions

By Jeremy Hermann & Mike Del Balso

= L - Supports various Al
" technologies: Traditional
e e ML models, time series
= = A forecasting, and deep
| .  HAEENEmm - learning

https://eng.uber.com/michelangelo
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Paypal: Real Time Fraud Detection at Scale

_Pa yPal_

Service with Velocity and Scale L4 ML Pipeline PMML,
Supported by multi-billion dollar decisions everyday ross-Organizational view Protgbuf J I

2.

~227MM

111 R
GO wp Lo

~$1.25 Billion ~250MM

active users TPV/day Fast Decisions/Day
,o
®
o/
~25 Billion ~60 Billion
Computations/day Queries/day
[E=—es]
)|
[S=vss]
~150 PB Data

Data Scientists Fe'?dbx‘( loop (and DevOps)

NIy

I odel Dev Framework Hyperparameter
|l + Pytho alaflava ] Data Prep Optimizer

Data Engineers
. ‘ Process

& Cata

Simulate &
Validate

API Gateway

- . !EEE! Packaging
SETRIons 3oz Il Configurator

» -

Compute
Integrate & Ingest

Events ' Offline

Data Ont Data Linea Data Data Profili Data Tier

Infra Engineers

Elastic Intelligent Infrastructure:

GPU, TPU; large RAM

“Scalable model / framework independent infrastructure for fraud detection”

https://www.infog.com/presentations/paypal-data-service-fraud

:=confluent
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Apache Kafka’s Open Source Ecosystem as Infrastructure for Machine Learning

:=confluent

=] [

2\

DB

-

Feature Data Input

Model
Params,

Production
ML

App

Model

Features

/\
\/

Kafka

] [

Params

P
\_/

Training Data

Output

Model
Building
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Apache Kafka's Open Source Ecosystem as Infrastructure for Machine Learning

Connect e ——
][] ][] [=
Go / .NET / Python
Kafka Producer \\ Rest Proxy

Feature Data Input

Model 4mmm) Schema Registry
Params, Model
Features Params

Production |4~ -
Kafka ' ML Kafka BMﬁgﬁl Kafka
Streams App \/ \_/v uillding Streams

Training Data

Output
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Replay-ability — A log never forgets!

Time

. . :

Distributed Commit Log

|
I Producer
~ -

Different models with same data
* DataRobot Different ML Frameworks
ensorFlow ensorFlow i
Model A Model B Model X AutoML com_patlble
A/B Testing
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AutoML - No Data Scientist available for the ML Tasks?

. AutoML

I black box

2 Configuration Data Collection = A

: nswer
Feature Process

i Extraction Management Tools

" Hidden Technical Debt in Machine Learning Systems

e S Sy S S ——

http://slideplayer.com/slide/10575150/

“One-Click Data-In
. . . " Hzo.oi gD ‘t R b t
Model-Out simplicity” o 0 o oo

Cloud AutoML

This talk does not focus on building models, but scalable infrastructure for ML
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Agenda

1) Added Business Value via Machine Learning

2) Apache Kafka Ecosystem as Infrastructure for Machine Learning

3) Data Ingestion and Preprocessing with Apache Kafka for Model Training
4) Predictions in Real Time with Kafka Streams and KSQL

5) DevOps and Monitoring of a Machine Learning Infrastructure
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Kafka Streams / KSQL for Data Preprocessing

Input Data

=]

Feature Data Input

Production
ML

App

Model
Building

Trgining Data

“Kafka benefits under the hood” Output Data

Streaming ETL
Same Pipeline for Training and Serving
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Confluent Schema Registry for Message Validation

Input Data

:=confluent

Feature Data Input

+—p Schema

Registry
o &3 kafko

&

“Kafka benefits under the hood” Output Data
Schema Definition + Evolution
Forward and Backward Compatibility

Model
Params, Model
Features Params

Production
ML

App

Kafka

\/

Training Data
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Kafka Connect for Data Ingestion

At Ej oo | o
N | 2

Feature Data Input

Model
Params, Model
Features Params
Produtto
ML Kafka Model

L B W P 2] RN

Training Data

“Kafka benefits under the hood”
Out-of-the-Box Connectivity
Data Format Conversion
Simple Message Transformation

:=confluent

,-‘l- AT
wanazon |S3 ‘ DES]

Google BigQuery

X

Amazon SageMaker Sp Apache Flink TensorElow
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Model Training

E App @ App E &kdfkq
NN~

Feature Data Input

Model
Params, Model
Features Params NINE ; D
~ mal Microsoft
Production |4~~~ Model ..=lal‘gla€,0n QW Azure
ML Kafka Building webservices Google Cloud Platform
App \/
Output Training Data
Benefits of Public Cloud Machine Learning Feedback
Algorithm Grrtinr e
Extreme Scale ¥ 5
Dynamic Instances - , | e
Special Hardware Test Data ypothesis l—> erformance
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Agenda N B

1) Added Business Value via Machine Learning
2) Apache Kafka Ecosystem as Infrastructure for Machine Learning

3) Data Ingestion and Preprocessing with Apache Kafka for Model Training
4) Predictions in Real Time with Kafka Streams and KSQL
5) DevOps and Monitoring of a Machine Learning Infrastructure
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Model Serving / Inference / Deployment / Scoring

E - E Input Event

Feature Data Input

Model
Params, Model
Features Params

Production /_\

ML Model

App ~_ Building

Training Data

Kafka Streams

KSQL “Kafka benefits under the hood” Prediction
Continuous Stream Processing
Reuse Preprocessing Logic from Ingestion Pipeline
Serving within the application (not via REST interface)

Predictions in real time
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Stream Processing

REQ ULST/ RESPoNSE

Moy THE comPUTIR

Data at Rest

:=confluent

5 TREAM Pﬁk 0 CesSNE
_  —

= Solvy,

0=

N MDDLQ_/

SOME
ouTPUTS

Data in Motion
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Kafka Streams (shipped with Apache Kafka) / KSQL (Confluent Open Source)

KSQL

Kafka Strearms

= i () o
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Applying an Analytic Model
IS Just a piece of the puzzle!

Stream Processing Pipeline

a A e N

-~

[ ] %¢ elastic
Normalization Index / Search
C ntextual Rules
Messaging Analytics / e
@ il i e DW Reporting |
o m<o
APIs : L Process 4
- Transformation
.\ l ! Management
% Analyfics
Rt Integration Enrichment Machine Learning Applications s
& APls  Si_
(wwwe:rs Adapters / ics L ¥
k Channels Aggregaﬂon AnO|YT|CS o oLH

(Real Time)

facebook
Stream Stream Stream Stream

\ Ingest / \Preprocessing / \ Analytics / \ Ovutcomes /
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A complete streaming microservices, ready for production at large-scale

S &

publiic static wold sain{final Strisgl) »!1) theows Exception (
Properties config = mew Preperties!); c .
ondig. pvt(Streanslonfip APv ICATION 10 CONFIG, “wordcount -eaamgle*)) App Conf|gurat|0n
Config vt (Streamslonfig SUOTSTRAM SERVERS CONFIG, "xafka-Droker] | 9892°);

COFAR WS {StreansConfip IV _SERDE _CLASS CONFIG, Serdes.Strisgl).petClass().gethame())]

oL pvs{Streamalonfig, WALLE SERDE CLASS CONFIG, Serdes.Stringl).petClassd).pethame());

K5treaniyl Lder bulider » new Streamiulicer(); . .
CitreamcString, String> textiines « Bwiider stream("TextiinesTopic™); Deflne proceSSIng
Streamcitring, Loag> wordlounts « textiines
JAlatrapNaluesivalue -> Arcays. st ist(valee, tolowerCanel) . split{™\\"1))
Jeropiy((key, word) -> word)
Lount(“Counts”)
Lostrean();
wordCounts . to{Serdes Stringl ), Serdes.lorg(), "WordaNithlountaTopic®):

Cafialtreams streass « rew Kaflastreams(bullder, config); a
stresms.start(); Start processing

]

(here: WordCount)

--CON ﬂ uent Apache Kafka and Machine Learning — Kai Waehner | 34



Why KSQL?

Kafka
Streams

— Core
h Developers

Core Developers

Realm of Stream Processing

c

2 who don't like

@©

RS Java

@

Q.

3 New, ded Realm

(@)

c

§S] Data

o .

& Engineers
BI
Analysts

Population
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Trade-Offs

Flexibility

Simplicity

—

Kafka / Consumer

Producer

- subscribe()
+ poll()

« send()
 flush()

Kafka Streams

- mapValues()
- filter()
 punctuate()

- Select...from...
- Join..where...
« Group by..

:=confluent
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When to use Kafka Streams or KSQL for Stream Processing?

Ly
APP

¢ {\
MONITDR
%) \ ¢ [
7 :
g % L
& N
s QY & L &
L. & Y Q @
p & & N -‘3“\§ SN
< / s ! —_—
VBRY veery
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Kafka Streams (shipped with Apache Kafka) / KSQL (Confluent Open Source) B

Mabp, filter,
aggregate,

— apply analytic m—
model,
,2any business logic”

Input Stream Stream Processing Output Stream
(Kafka Topic) Microservice (Kafka Topic)
(Kafka Streams / KSQL)

Deployed Anywhere

Kafka Cluster Kafka Cluster

Java App, Docker,
Kubernetes, Mesos,

- i "
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Kafka Streams and KSQL

are viableforS/M /L / XL/ XXL use cases
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Option 1: gRPC communication to do model inference

Input Event

§€ kafka al

&

Streams

kubernetes

:=confluent

[

Prediction

gRPC

Request
—

—
Response

Model Serving

TensorFlow Serving

‘¥ TensorFlow

kubernetes
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Option 2: Model interference natively integrated into the App

Input Event

<

§€ kafka |ﬂ|

Streams

kubernetes fTensorFlOW

4

Prediction
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Stream Processing vs. Request-Response for Model Serving

Input Data

l M JAPY Model Serving
$katka fy —— i
AN T raz Gagunli
Pros of a Model Server: Cons (== Pros of Deployment in the Streaming App):
- Simple integration with existing technologies - Worse latency as remote call instead of local
and organizational processes inference
+ Easier to understand if you come from non- - No offline inference (devices, edge processing, etc.)
streaming world «  Coupling the availability, scalability, and
« Later migration to real streaming is also latency/throughput of your Kafka Streams
possible application with the SLAs of the RPC interface
« Model management built-in for different - Side-effects (e.g., in case of failure) not covered by
models, versioning and A/B testing Kafka processing (e.g., exactly once)
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Live Demo — Deployment of a Trained Model

Use Case:
Airline Flight Delay Prediction

Machine Learning Algorithm:
Neural Network
built with H20 and TensorFlow

Streaming Platform:
Apache Kafka and Kafka Streams

kafka| = |+

Streams
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H20.ai Model + Kafka Streams

1) Create H20 DL model

/’;{’ream

FYO(?SS‘OP‘

%
4 N\
rd \,
//’ .\\
,‘/ \.\
4 q’p '
K
4
A y
N\
\-
»
\\\ &/ t
/ Sitreanm
4

hex.genmodel.GenModel rawModel;

// Create H20 object (see deeplearning_fe7cl1f02_08ec_4070_b784_c2531147e451.java)

rawModel = (hex.genmodel.GenModel) Class.forName(modelClassName).newInstance();
EasyPredictModelWrapper model = new EasyPredictModelWrapper(rawModel);

2) Configure Kafka Streams Application

// Configure Kafka Streams Application

// against which the application is run.

// Where to find Kafka broker(s).

final String bootstrapServers = args.length > @ ? args[@] : "localhost:9092";
final Properties streamsConfiguration = new Properties();
// Give the Streams application a unique name. The name must be unique

streamsConfiguration.put(StreamsConfig. APPLICATION_ID_CONFIG, "machine-learning-example");

streamsConfiguration.put(StreamsConfig.BO00TSTRAP_SERVERS_CONFIG, bootstrapServers);

3) Apply H20 DL model to Streaming Data

girlinelnputlines, foreach{new ForeochAction<String, String>() {
public void apply(String key, String volue) {

/ Year Month DayofMonth, DoyOfNeek, DepTime ,(RSDepTime ArrTime (RSArFrTine , UnigueCorrier FlightNum TollNum Actu

23,11, 5AN, SFO, 447 NA, NA @, NA, @, NA KA, NA, KA, KA, YES, YES
if (value !'= null 88 !volue.equals("")) {

Systes. out.printin( sesssesssasssnsessess”);

Systes, out.printla("Flight Input:” + vaolue);

String[] voluesArray = volue.split(”,");

RowData rom = nem RowData();

4) Start Kafka Streams App

row.put(“Year", valuesArroy(9));
row.put("Month"™, voluesarroy[1]);
row.put("DayofMonth™, veluesArroy[2]);
row.put(“DayOfeek™, voluesArray[3]);
row.put{"CRSDepTime*, valuesArray[5));
row.put{"UniqueCarrier™, veluesirray(8));

streams.cleanUpQ);
streams.start();

final KafkaStreams streams = new KafkaStreams(builder, streamsConfiguration);

row.put("Origin®, voluesArray[16]);
row.put("Dest”, valuesArroy[17]);
BinomiclModelPrediction p = null;
try {
p = model .predictBimomial(row);
} cotch (PredictException ) {
e.printStockTraoce();

Systea, out.printin("Label (aoko prediction) (s flight departure deloyed: " + p.lobel);
Systes, out.print("Class prodabilities: *);
for (int i « @; i < p.classProbobilities.length; iee) {
fG>»0{
System.out.print(“,");
}
Systes.out.print(p.clossProbebilities(i]);
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Github Examples: Kafka + Machine Learning

L kaiwaehner / kafka-streams-machine-learning-examples Q@Unwatch> 20 & Swar 151 Fork &
<> Code I issues 2 1 Pull requests 0 M Projects 0 Wik Insights £ Settings % kqfkq
This project contains examples which demonstrate how to deploy analytic models to mission-critical, scalable production (3
environments leveraging Apache Kafka and its Streams APL Models are built with Python, H20, TensorFlow, Deeplearningd
and other technologies.
ey Lafica-stroams katha-chent machine-learning deep-lparning 000 S0LTCH h2o B2 tensorfion decclearningd s f
RErasAensOrfiom Manape jopets
TensorFlow
@ 47 commits ¥ 1 branch 0 0 relesses AL 1 contriator 4 Apache-20
Bravcr: master = New pul reques Crestenew e Upissdfies  Find e _
H,O !
Kol Washner and Kol Waehner added section for mumual lesing, ncluding usage of kafuca! Latest commit ¢T840 a minte ago
i src Refactored H20 Example 0 minutes ag0
» UCENSE Intal comma 10 months ago
» pom.xmé Added DLAJ Dependency B months ago D L4J
» readme.md addod section for mancal testing, Inciuding usage of kalkacat 2 minute ago

DEEPLEARNING4J

https://www.confluent.io/blog/build-deploy-scalable-machine-learning-production-apache-kafka/
https://github.com/kaiwaehner/kafka-streams-machine-learning-examples

1) git clone > 2) mvn clean package - 3) look at implementations and unit tests
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KSQL and Deep Learning (Autoencoder) for Fraud Detection

“CREATE STREAM FraudDetection AS
SELECT payment_id, applyFraudModel(payment_input)

FROM payment_engine;" l

User Defined Function (UDF)

metes + Confluent Operato

H0.qi ‘f“TensorFIow

https://www.confluent.io/blog/build-udf-udaf-ksql-5-0
https://github.com/kaiwaehner/ksql-udf-deep-learning-matt-iot

--CON ﬂ uent Apache Kafka and Machine Learning — Kai Waehner | 46



Live Demo — Prebuilt Model Embedded in KSQL Function

Use Case:

7
(Payment Fraud Detection)

Anomaly Detection

Machine Learning Algorithm:
Autoencoder built with H20

Streaming Platform:

Apache Kafka and KSQL A
kafka |-
- B
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Github Examples: KSQL + Deep Learning

L kaiwaehner [ ksql-udf-deep-learning-mqtt-iot OUowatech~ 8

<> Code 1ssues 1 Pl reguests © " Projects © Wiki rsights © Settings

Deep Learning UDF for KSGQL for Streaming Anomaly Detection of MQTT loT Sensor Data

*Sar 25 Yrox 8

Kafka afa-connect kafka-chent canthent contivent-platform GOeN-SoUrce deep-learning mackine-leaming tensorfiow h2os

Jave kgl Mt Manape topics

@ 30 commits ¥ 1 branch © 0 reloases A1 2 contributors
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5 pom.am Removed Kafka Streams dependency (not needed for the LUDF)

+ Sensor_generator.sh Updated README to clarify steps for running demo
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+ Kafka Connect
+ Elasticsearch
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Agenda N B

1) Added Business Value via Machine Learning
2) Apache Kafka Ecosystem as Infrastructure for Machine Learning

3) Data Ingestion and Preprocessing with Apache Kafka for Model Training
4) Predictions in Real Time with Kafka Streams and KSQL
5) DevOps and Monitoring of a Machine Learning Infrastructure

--CON ﬂ uent Apache Kafka and Machine Learning — Kai Waehner | 49



Automated Model Improvement with Apache Kafka and Kafka Streams
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Feature Data Input

Model
How to deploy a model Params, Model
. Features Params
once, then monitor e
y : Production g
and improve it ML it Model
continuously? App \/ ~~____-w| Buiding
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Automated Model Improvement with Apache Kafka and Kafka Streams

SEEFEE
NP

Feature Data Input

How to improve models? Model

Params, Model
1. Manual Update Features Params
Production [~ = P i ) -
2. C ' I ML Kafka Oc
. Continuous Batch Updating N N ~_____w]| Buiing
3. Real Time - Online Model Training Output Training Data

Your choice... All possible with Kafkal!

--CON ﬂ uent Apache Kafka and Machine Learning — Kai Waehner | 51



Caveats for Online Model Training

« Processes and infrastructure not ready
« Validation needed before production

« Slows down the system

* Only a few ML implementations = Build your own!
« Only possible for unsupervised ML (e.qg. clustering)

* Many use cases do not need it ‘

- Do 1t only when feasible!
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Continuous Batch Updating as “Best Feasible Option”
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DevOps Pipeline

1. Apply the model online to make predictions
2. Collect data and train a new model
3. Automated Re-Deployment (e.g. via a Kafka Topic)
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https://www.confluent.io/blog/predicting-flight-arrivals-with-the-apache-kafka-streams-api/
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https://www.coveros.com/services/devops/
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Kubernetes — The Winner of the Container and DevOps Wars!

S By Matt Asay, InfoWorkd

@ INFOWORLD TECH WATCH s :;mmuymmvymm

Why Kubernetes is winning the container war

It's all about knowing how to build an open source community -- plus
experience running applications in Linux containers, which Google invented

kubernetes

RED HAT

» D @ JN— OPENSHIFT

Google Cloud Platform I == Microsoft Azure

P8 docker
CLOUDFOUNDRY Docker, Inc w

MESOSPHERE

WHY 2017 ST
2018 WILL/BE TOO

https://www.infoworld.com/article/3118345/cloud-computing/why-kubernetes-is-winning-the-container-war.html
http://techgenix.com/year-of-kubernetes/
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Kubernetes for Infrastructure Deployment

L "/ | | e S Stateful Backend
,“ ."_x ___f s o » Zookeeper and Kafka Broker Pods
AR e s | - REST Proxy, Schema Registry
9 P “ - O =~§€k fk_-;  Persistent Volumes
— e B ° qf ] * Kubernetes Operator
i Stateless and Stateful Clients
~ Q=[] B : - Java/ .Net / Go / Python Kafka Clients
e et | - Kafka Streams / KSQL Apps
‘ — e TR « Scalability and Elasticity
s !‘?§8kqfkq | e §

https://kubernetes.io/blog/2016/10/kubernetes-and-openstack-at-yahoo-japan
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Monitoring the Infrastructure for Machine Learning

Kafka
Connect q

Go / .NET / Python
Kafka Producer

Feature Data Input
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1
KSQL
Build vs. Buy
Hosted vs. Managed
B Basic vs. Advanced
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Grafana
- O New Relic.
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Control Center
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Kubernetes Deployment of ML Workflows

8 GiH, Inc. [US] bt Dgittub.com ool lowkube low r @O w

A Data R Yl:\:‘l:vm A Data a Data A
v Analysis v AR Vadidation v Splitting v

. kubeflow [/ kubefiow Owatch= 71 WSt 30M Yok 354

© Coge Isso0s 164 Pl requests 20 Projects © Wik Insights

Machine Learning Tookit for Kubernetes

™ Sernete mirvkube leraorfion notabook Koyernut F0ogMe - ubometes -engre

Kubeflow

The Kubeflow project is dedicated to making deployments of machine learning (ML) workflows on Kubernetes simple,
portable and scalable. OQur goal is not to recreate other services, but to provide a straightforward way to deploy best-of-
breed open-source systems for ML to diverse infrastructures. Anywhere you are running Kubernetes, you should be able
to run Kubeflow.

Warning:

Early Stage with focus on TensorFlow Training, TensorFlow Serving, Jupyter...
Bigger ecosystem expected soon... Including Kafka components for ingestion, serving, monitoring...

_. https://qgithub.com/kubeflow/kubeflow
--COonN ﬂ uent Apache Kafka and Machine Learning — Kai Waehner | 57



Key Take-Aways

- Data Scientist and Developers have to work together continuously (org + tech!)
- Mission critical, scalable production infrastructure is key for success of Machine Learning projects

- Apache Kafka Ecosystem + Cloud = Machine Learning at Extreme Scale
(Ingestion, Processing, Training, Inference, Monitoring)
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Questions? Feedback?
Please contact me!

Kai Waehner

Technology Evangelist

kontakt@kai-waehner.de
@KaiWaehner
www.kai-waehner.de

www.confluent.io
LinkedIn
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