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Feast as a Cloud Native Data System

Bridging Batch Processing and Online Serving on Kubernetes

Nikhil Kathole,
Red Hat




The Problem v B
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Your Lake Has the Data.

Your Model Needs It in Milliseconds.

Who owns the path between?




Why Production ML breaks s B

India 2026

The Problem: Fragmente_d ML Data Infrastructure

Spark Data Loke Warehouse Ad-hoe Syne
/ Ray (S3/HDFS) Ba/sF) (eron/seripts)
[ M-lws / VDB
Team A Data Engineering Teom B: Platform / DevOps Team C: ML Engineering
Every arow = a tTeam, o runbook, o Poten‘tial cons?s‘tency Bug
Training-Serving Skew No Feature Reuse Duct-Tape Infrastructure
Offline transforms # online Teams rebuild the same Data processing + lake +
transforms.Silent correctness features for every new model. warehouse + cache + vector
failures in production. Zero discoverability. DB - stitched together by

convention.



What is Feature Store ?
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- Algorithm choice

- Feature Selection

- Hyperparameter Tuning
- Model Evaluation

Raw Data Feature Store Models
Parquet Dataset A - Fetahing Reauired Data
CSV/JSON [S S Pt Q_s - Feature Transformation
e | ottware - Fertiure Serving
- Model Serving
Dataset B L (40%) - Service AP €alls
saL \
BigQuery T Dataset C }-\ e ™
\
Dataset D ”—/
. - Feature Engineering

2 - Investigating Data Issues
D O\'t o =W = ety St o bk

- Building Training Data
(50%)

- Bullding Production Data Pipelines

Feature Store as a platform layer serving features to the machine learning models




Define once. Train offline. Serve online. Eﬂ
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Feature Training Inference

Troining Pipeline
Point-in-Time Joins

— READ (offline) Cadence: on demand

WRITE —
Feature Pipe_line,

Compute L Re_gis‘ber E

— READ (online)

N Inference Pipe,line_

L.ow-L.o.'te_ncv./ Se,rving

Coadence: hour“y / clod[t/

Coadence: continuous

Registry OPRline Store Online Store
(metodata) (nistorical) (atest values)



Feast: The Missing Data Layer 3 -
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* Central Registry - discover, Feature Store

version, and govern features Ingest data I e Rt

e for training, semees - t
* Dual storage - offline for training, st et . i .
ransformations torage erving e
online for inference @ /
. . - a o= Registry
* Point-in-time correct joins - no
Batch data \_ | /I\ 3/ Fetch training

data Ieakage Searcl; ar;d discover fDetfine dataset
* Materialization syncs batch 0O

compute to low-latency serve il

* Build once, reuse across models

and teams ’ F E A S T



Lakehouse/Warehouse Native

Do | need to migrate my data into Feast?

Feast integrates with what you already run.
Jb .z . .
@dask Ssnowiloke @ Scde a2 K trino

Q DuckDB Q Couchbase SPCCH)["’,(\Z @ PostgreSQL
’mongoDB® Oﬁf‘ﬁtﬁ:ﬁnap% oop RAY O oracLe e

amazon
ATHENA




Feast Architecture — ES
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Feast Architecture

Feature Registry
(metadata, schema, versions)

OPRline Store Batch Compute Engine Online Store
waterialize (Matwﬁl;zat;og Low-Latency)
Snoufloke BigQuery 5
RedShift, Spark, Ray Local + Spark * Ray l':w: . ;E’S“/tg:te;
DuckDB * Postgres Flink Elasticsearch * Qdrant

Metries %000

<

Feoture Server Prometheus / OTel
REST ﬂRPC © MCP

\4

Clients
ML Models + RAG Apps * AL Agents




Feast in AI/ML Lifecycl
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Development Phase

Production Phase

4 ’l h
Data Offline Feature — o5  Online Data
Producers Feature Store Store Feature Store Producers
- A A | -
b 4
/ Model Registry h
Feature ML Model Feature
Generation Metadata Artifacts ! Extraction

N
e Data Preparation W) Dexngrlwenr

ML Engineer

A

=

A

Hyperparameter
Tuning

Model
Optimization

Model Training

Model
Fine-Tuning

Repeat the
Process

Model Serving h

Al Application

N

e

o/

L=

User



from feast import FeatureStore

store = FeatureStore(repo_path="feature_repo")

training_df = store.get_historical_features(
entity_df=training_entities,
features=[
"customer_stats:daily_transactions",
"customer_stats:lifetime_value",
"product_features:price”
]
) .to_df()

features = store.get_online_features(
features=[
"customer_stats:daily_transactions",
"customer_stats:lifetime_value",
"product_features:price”
i
entity_rows=[{"customer_id": "C123", "product_id": "P456"%}]
) .to_dict()

features = store.retrieve_online_documents(
features=[
"corpus:document_id",
"corpus:chunk_id",
"corpus:chunk_text",
"corpus:chunk_embedding",
1,
query="What is the biggest city in the USA?"

KubeCon | CloudNativeCon ).to_dict()
India 2026
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Run it on Kubernetes

One CR | Full Stack | Day-2 Ready




Batch to Online on Kubernetes | coctmaecon
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Feast Operator: One CR — Full Kubemetes Stack

Kubemetes Cluster

—~ -\\ p
Fe_ox‘tur‘e_S‘tore_ CR beployment: online-server Services (:6566, :€¥15)
apiVersion: feast.dev/vl __
spec: ( ) [ )
feastProject: credit_scoring Deployﬁcﬂti offline-server ServiceMonitor (:8000)
feastProjectDir:
git: ——
url: github.com/ ... /features V-
ref: main 3 3 SR
cervices: beployma\‘b. registry ’ CronTob (materialize) ’
onlineStore: . __
server: { metrics: true } recongile Feast Operator creates ~
persistence: _%
ora: (Go / Operator SDK) Deployment: Feast-ui ConfigMap (client + YAML)
type: postgres \
offlineStore:
server: {}
registry:
local: RBAC Int Container (gﬂ: clone)
server: {}
ui: £}
cronJob:
schedule: "0 2 * * "
batchEngine: Pe_o\ture,__store.yc\ml (operator-ouned)
configMapRef: spark-engine
openlineage:

dis vus

. enabled: true
External (pre-provisioned): Posteres * Redis * Milvus

c + < . o |
Operator wires Secrets — ‘r~go\tur'g,ﬂ§chgu?raw‘
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Observe Everything

Metrics | Traces | Lineage




If You Cannot See It, You Cannot Scale It

Obsewabilrty: Metrics * Troaces * Lineage

~

METRICS

Prometheus

* Request la‘te,ncy (pSO/p‘lE/P’I‘!)
* Online store read time

* Feature freshmess (sec)

C Mo:teﬁalizo.‘l:?on counters

* Push request rate

s cPU / memory per worker

Auto ServiceMonitor
servermetrics: true — 000

— Grafana dashboards

L—» Aler'tmano.ge_r rules

~

Feast Feature Server
16566 (API) + :3000 (metries)

/

TRACES

* Distrbuted request tracing
* Per-endpoint spans

* DB query |o:te,wct/

* Cross-service correlation

OTel Operator injection:
Poounno‘tations:

instrumentation...inject-python

— Jaeger

r Ope_v\"re_leme_'tr‘t/ \

LINEAGE

* Source — transform — feature
* Peast apply events
* Materialization events

$Pec.open|ineaﬂe,:
TransportType: Wttpe
transportUrl: marquez-sve

— Marquez
— DataHub

\_ _J

r OpenLMe_a\ge \

. _J

All conpigured from the soame FeatureStore CR

\ " 4
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5 Grafana

88 Dashboards

Dashboards

14:32:00 14:33:00

== P50 == p95 == pg

Latency by Feature Count

14:34:00 14:35:00 14:36:00 14:37:00 14:38:00

14:35 14:40

= p95 (features=) = p9s (features=1)

Avg Entities per Request

Materialization Runs

driver_hourly_stats

P95 (features=2) == po5 (features=3) == p95 (features=6)

Feature Freshness (staleness)

667 mins

3.33 mins

s
14:32:00  14:3300  14:34:00

3.14

= driver_hourly_stats == driver_hourly_stats._fresh

[success] driver_hourly_stats_fresh

[success]

14:38:00

14:35:00

Export ~

« @ Lasti5minutes v » @ ) Refresh 5s v

14:40:00 14:41:00 14:42:00 14:43:00 14:44:00 14:45:00

Online Feature Requests (rate)

06 reals

0.4 req/s

0.2reqls

Oreq/s

= requests/sec

PSSP
S

4:36:00  14:37:00  14:38:00  14:39:00  14:40:00  14:41:00  14:42:00  14:43:00  14:44:00  14:45:00

Materialization Duration

3Bms

30ms

14:46:00

14:46:00

14:35

= _driver_hourly_stats_==_driver_hourly_stats_fresh




Traces
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JAEGER UI Search Compare System Architecture Monitor About Jaeger v

Search Upload g
10ms -
3
N 8ms
Service (3)
6ms
feast-test-online
4ms
'y @ 2 Time
Operation (6) 09:01:08 pm 09:01:08 pm 09:01:08 pm 09:01:08 pm 09:01:08 pm
all
Tags @ 20 Traces Sort: Most Recent Download Results Deep Dependency Graph
s Compare traces by selecting result items
Last Hour
feast-test-online: GET fosfc2f 4.46ms
Max Duration Min Duration
1Span . feast-test-online (1) Today 9:01:08 pm
2 minutes ago
Limit Results
feast-test-online: GET cf70242 4.43ms
20 <
1Span [l east-test-oniine (1) Today 9:01:08 pm
2 minutes ago
feast-test-online: GET 38c8795 4.37ms
1Span . feast-test-online (1) Today 9:01:08 pm
2 minutes ago
feast-test-online: GET 26dc01b 4.62ms
1Span [l feast-test-oniine (1) Today 9:01:08 pm

2 minutes ago



OpenLineage |

o
I ® O\ Se f ur Dataset columns...
°
Mode Namespace
Jobs
< Table Level driver

DATASET
driver

DATASET
vals_to_add

driver_id

DATASET

driver_hourly_s...

driver_stats_pu...

- DATASET

feast_feature_views_driver

JoB

feast_feature_vi...

ntegration

DATASET
transformed_con..

vall

- conv_rate_plus_

conv_rate_plus_val2

DATASET
driver_hourly_

WV,

- acc_rate
- avg_daily_trips

DATASET
transformed_con...

plus_vall
ate_plus_val2

DATASET

driver_hourly_s...
~acc_
- avg_daily_trips

ate

-
I

JoB

feature_service_...

JoB

feature_service_...

JoB

feature_service_...

£ <
" 4 A\
KubeCon | CloudNativeCon
India 2026
38K
c ;cp‘m 5 . Full Graph

DATASET
driver_activity...

- conv_rate

DATASET
driver_activity..

— conv_rate

conv_r plus_vall

conv_rate_plus_val2

DATASET
driver_activity..

- conv_r _plus_vall

- conv_rate_plus_val2

@ compact Nodes

rn
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Scale Without Surprises

HPA | KEDA | PDB | HA




Scaling & High Availability s B
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scal3nf, L High AvQ:labzlrty

HPA / KEDA ScaledObject
— FeatureStore scale sub-resource
Zone A \ [ Zone B ‘\ r Zone C

4 )
(N I T I R  fp—r—

4~ pod anti-affinity (spread across nodes)

e DE Bocked Persistence Grantinerd bor i)
’ Postgres * Redis + SQL Registry

\ /X J y

Auto-injected when re,plicas > 1

* Pod am‘ti-appin?ty (prefer spread across nodes)
* Zone topology spread (distrbute across 4Zs)
. Rollingurdate strateqy (zero-downtime)

¢ CEL validation rQects Pile-l:aseol stores
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RBAC (Role based access control)

Governance | Multi-tenancy | Isolation




Management layer

feature_store.yaml Feast admin

<notebook/CI-CD pipeline>

KubeCon | CloudNativeCon
India 2026

registry: S3RegistryStore
online_store: postgres
offline_store: redshift

Data layer with
configured ‘
permissions
— PostgreSQL|

Registry store Offline store Online store

Service layer

Registry server
<feast serve_registry>

Online store server
<feast serve>

Offline store server
<feast serve_offline>

registry: S3RegistryStore feature_store.yaml

feature_store.yaml

feature_store.yaml

registry: remote
online_store: postgres

registry: remote
offline_store: redshift

Security layer

Client layer

Feast client
<notebook/pipeline/
client app>

feature_store.yaml

registry: remote
online_store: remote
offline_store: remote
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Compute Engine

Ray | Spark | Flink
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Compute Engines: DAG Execution
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Compute Engine: DAG-Based Feature Transformations

Feature DAG

SourceReadNode.
(OPfline Store)

r Spark Engine \ r RQL/ Engine \

TransformationNode
* TB-scale materialization (UDFs, saL, Toins) * Auto join strategies
* Spark SQL transforms (broadeast vs distrbuted)
* Distributed shuffle jons * GPU-native (hum_gpus)
* K¥s-native executors euDF, PyTorch UDFs
(spark.master: k€si//) FlterNode * KubeRoy integration
* Iceberg/Delta/Hudi executes (Point-in-Time, TTL) exontes * Lazy evaluation
* Snowflake/BigQuery é * RAG embedding ot scale

I
I 1
| Drver Pod | Assrerfmwe I “cfd " II
. | Window, 5’"’"9'5‘/) | Worker Pod |
|  Executor Pod | | Worker Pod O |
|  Executor Pod | ! Worker Pod [0 |
|
L

Executor Pod | |
L ValidationVode L(GP U nodes)

OnlineStorewrite ethevalOu‘tpurt
(materialize) (get_historical)

Same DAG,. Same FeatureViews. Different execution backend.



Compute Engines: Spark & Ray e B

India 2026

Spark vs Ray: Kubemetes Execution Model

FeatureView Definitions
(same code, same transforms, same schema)

/ \

Apoche Spark Ro«,

l Spark Driver Pod , L Roy Head Pod '
LExecutor Pod 1 J txe,cu‘tnr Pod 2 J txecu‘tnr MJ £ Worker (cPu)J £ Worker (G,PU)J E Worker (s,Pu)J

spark.master: k¥s://kubermetes.default.sve KubeRm/ Operator "“"’“"fle"( cluster
* Shuffle-based distrbuted Jons . In‘te“isen‘t Join: broadcast ({I0OMB) vs distributed
* Spark SQL + UDF transformations ¢ 6PU-native transforms (cuDF, PyTorch)

Q Lazy evaluation + auto-partitioning
. moole_:"my" for native Roy Dataset UDFs
* Embedding generation at scale

¢ Executor pods auto-manaseo( Ly K¥s
* Reads: Iceberg Delta, Hudi, Snowflake, BQ
* Partitioned writes to online store

Best for: 6PU workloads, RAG embeddings,
Best for: TB-scale tabular feature materialization ML-native transformations

—

Online Store (Rechs / Postgres / Milvus)
Materialized features ready to serve

Both converge: same Online Store, same Feature Server, same obseNaL?li‘tt/
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GenAl & RAG

Batch ML | Real-time ML | RAG | One stack

N
ol



GenAl, RAG & MCP e B
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GendI, RAG & MCP on Feast

Batch Embe,ddimj Path Se_rvimj Path (MCP / REST)
~
Documents AL Agent / LLM
(PDFs, text, code) WMeP client)
p L
W N McP / REST
~ Same Regis‘try
DocEmbetller Same Materialization
ik — B —/ Feast Feature Server
_ 16566 (REST/4RPC)
) /mcp (MCP tools)
/ Same Observability |
) Prometheus * OTel - Lineage
Batch Engine

\} retrieve_online_documentsQ
S‘-milm‘ty + metadata

Vector Online Store
Milvus + PGVector
Qdrant + Elasticsearch

Embe_dd?ngs are features. Age_n‘ts are clients. One ope_ro:tional model.



Feast in Open Data Hub
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Dashboard Hardware Profiles Data Science Projects Admin Features Model Registry

Accelerators Model Development, Training & Tuning GenAl Orchestration Model Serving Models
| //—"‘\\ TrustyAl: Al Safety |

Pt

Feature Store
Workbenches | | 0OGX | MaaS | .
— | Granite Models |
DG & Training | Guardrails | | LLM-D |
NVIDIA o Minimal Python  ® TensorFlow Validated 3rd party
e PyTorch ® JupyterLab | RAG | el
CUDA e VSCode o TrustyAl Distributed Workloads Serving Engines models
e Rstudio Kub ﬂ | MCP | | KServe |
AMD ubetiow Performance
ROCm Trainer | Genaistudo | metrics
Intel [ coderiespk ][ custom(@vo) | | KubeRay | | Operations metrics
Gaudi Kubeflow Notebooks Al Hub Serving Runtimes
- | Model Catalog | | vLLM | | Quality metrics |
Training Runtimes Pipelines
Model Registr
| Ray || PyTorch | Kubeflow | Eald | | OpenVINO | | LLM Compressor |
| ISV, Custom (BYO) | Pipelines | = |
ustom GuideLLM
| MLFlow | Benchmarking
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Feast in Open Data Hub 3 -

{ Feast h
Data ——) Offline > Feature > Online 4_._ Data
Producers { Feature Store Store Feature Store I Producers
- { A At ,: - -

Feature ' ML Model i Feature
Generation Metadata Artifacts Extraction

R I |

/” Spark Operator 7" Notebooks Katib /Training Operator 7 Kserve
Hyperparameter : s
U : : : : ; Tuning ; : Model Training ; ;
H . : i Model : h ' h ' p :
#: Data Preparation | #: Develzzfnent #: #: ﬂ; Model Serving T
ML Engineer | 5 E f : Model : : Model E 5 !
! : | Optimization Fine-Tuning ! ,

: Repeat the i
' Process
: Pipelines '
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Feast in Open Data Hub

1]

C’./ OPEN DATA HUB a

(2] n C kube:admin ¥

@ Home .
x Feature store overview Q Search by name, description, or tag (Example: team=platform)
B Projects Feature stores are shared catalogs for defining and managing features across teams. They help ensure consistent feature values from training to production and reduce duplicated
feature engineering. Connect your workbenches to use and manage features in your projects. How to connect workbenches.
2% Alhub >
Feature store Al feature stores ¥ & Manage feature stores # View connected workbenches
%4 Develop & train v
Feature store Y. Metrics Lineage
Overview
Entities P Entities [&] Datasources FH Datasets [] Features
Data sotrces Entities are collections of related features Data sources such as tables or data Datasets are point-in-time-correct A feature is a single data value used in
and can be mapped to the domain of your warehouses contain the raw data from snapshots of feature data used for training model training or inference.
use case. which features are extracted. or validation.
Datasets

Features 9 1 o 9 118

Feature views Go to En Go to Data sources Go to Datasets Go to Features
Feature services
Pipelines > ) Feature views B8 Feature services
Jobs Feature views define groups of related Feature services are groups of related
features and how to retrieve them from a features from one or more feature views
source. that are designed to be retrieved togeth...

{3 Learning resources

26 19

£» Applications > L3



Monitoring
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Q Search across Feature Views, Features, Entities, etc.

@ FEAST

Start Date End Date
Project ) Feature View Granularity Source mr S mmdd /Wy
- 4
All Feature Views v - All Sources ~ | NjA for baseline NJA for baseline G Refresh
f Home Weekly
Features (15)  Feature Views  Feature Services Biweekly
Resources Monthly
€ Lineage Quarterly ®
Feature Feature... N Type I Distribution Rows Null Rate Health Mean Std Dev Freshness Source
©) Data Sources (2)
Entities (3. credit_histor
@ (3) gLeedchard, |I||||||I- 364,000 0.0% ® Healthy 8489.12 2675.19 ® 13hago batch
2 Features (15) y - -
$ Feature Views (2) o
$
mortgage_du credit_histor o © 13hago
8 Fasturs Services (2] A . 7_l||||||l__ 364,000 0.0% ® Healthy 164986.06  25039.63 9 batch
B Label Views
credit_histor
= Datasets (0) Aoentidan , ol 364,000 0.0% ® Healthy 508544 249339 ® 13hago batch
& Permissions
vehicle_loan ~ credit_histor . . =
) e e y _.|I|||||I.., 364,000 0.0% ® Healthy 20004.08  4165.66 13h ago batch
credit_histor
hard_pulls = ||||||. 364,000 0.0% ® Healthy 4.00 2.31 ® 13hago batch
y o o-_
<
credit_histor
e e § 1., 364,000 0.0% ® Healthy 1.50 1.22 ® 13hago batch
i credit_histor
il . . 364,000 0.0% o Healthy 149 1.49 ® 13hago bateh
missed pa credit_histor "
il y - 364,000 0.0% ® Healthy 1.61 1.88 ® 13hago batch
= credit_histor
bankruptcies | 364,000 0.0% ® Healthy 0.03 017 ® 13hago batch
y
zipcode_feat
city i - 30,000 0.0% ® Healthy - = ® 13hago batch

ures



Monitoring

Project

ff Home

Resources
Lineage
Data Sources (2)

Entities (3)

i © [ <

Features (15)
Feature Views (2)

Feature Services (2)

e
8
B

Label Views

Datasets (0)

& Permissions

% Monitoring

@ FEAST

Q Search across Feature Views, Features, Entities, etc

Monitoring | credit_history ' credit_card_due

View baseline v

Distribution 4

-IIIIIIIIIIII-_
9.6K

[ 19.3K

Time-Series Analysis
Historical trends for central aggregates and quality signals

Aggregate Metrics Drift (Mean/P50/P95)
16.2K

Metric Value
Py

KubeCon CloudNativeCon
India 2026

Statistics

Row Count
364,000

Null Rate
0.00%

Mean
8489.1213

Std Dev

2675.1948

Min / Max

0/19,288

Percentiles

P50: 8,395 | P75: 10,371 | P90: 12,057 | P95: 13,014 |
P99: 14710.0100

Data Source

batch

Granularity
baseline

Computed At
6/12/2026, 6:44:55 PM

All time v
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Monitoring

@ FEAST

Q Search across Feature Views, Features, Entities, etc.

Monitoring | zipcode_features | city
Project
View baseline ~
f Home
Category Distribution o Statistics
Resources
Row Count
2 lineane civs7 (I, - 30,000
© Data Sources (2) civo I, - Null Rate
® enites (3 - 000%
2 Features (19 o — pata Source
batch
© Feature Views 2 civrs0 N
iy & v Granularity
{ Feature Services (2) City_107 _ 176 baseline
© Label views oy N Computed At
™ Datacets () s I BT
i Coesce o [

2 Monitoring

200 unique values (28,225 in other categories)

Time-Series Analysis
Historical trends for central aggregates and quality signals.

Cardinality over time

200.0

150.0

03-0105:30

04
B Cardinality @ City_57 [ City_97

05

05-16 05:305-23 0529 05:30

06-12 05:

Wcity 107 @city 9 @ City 127

All time




Native MLFlow integration
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Filter by type Select object Filter by permissions

All v All All v

Lineage [J Show Indirect Relationships () Show Objects Without Relationships

Legend
o Feature Service

D Feature View
u Entity
o Data Source

.

a MLflow Run ] e driver_activity_v1 4
. e P driver_hourly_stats €= === { B -

o Registered Model .

vN  Version Changed

g =
' auto_log_historical L

Vv

—dummy 1

S

== driver_activity_v2  4-==—~=
J

.

[a)
s




Resources

Learn More:
m https//feast.dev/
m  https/aithub.com/feast-dev/feast E E
m https/Jopendatahub.io/ -
m https//docsfeast.dev/master/how-to-guides/ 'ﬁ ;
production-deployment-topologies El-

m Join us at feastopensource.slack.com

https://feast.dev

(G FEAST
& o

KubeCon | CloudNativeCon
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https://feast.dev/
https://github.com/feast-dev/feast
https://opendatahub.io/docs/working-with-machine-learning-features/
https://docs.feast.dev/master/how-to-guides/production-deployment-topologies
https://docs.feast.dev/master/how-to-guides/production-deployment-topologies
http://feastopensource.slack.com
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Nikhil Kathole

@ T h a n k YO u ! Principal Software ngineer, Red Hat
FEAST Questions? S




