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Feature Stores and the Data Problem
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Feature Groups Feature Views

     Search, Versioning, Statistics, Code

Lineage, Provenance

Write to Feature Groups, read from Feature Views

Effort 2. Making Data accessible to Data Scientists

Write API Read API

Aggregations

Dimensionality 
Reductions

Validation

Transformations
Normalization
One-hot encoding

File Formats

Point-in-time joins



Feature Groups and the Dataframe API
Data Write Challenge



Why DSLs don’t make the cut

Advantages of Dataframes

1. Flexibility - DSLs are use case specific

2. User Experience - No additional learning curve and no lock in

3. Bring your own pipeline - Keep existing libraries and pipelines



Why Spark is not suitable for Data Scientists

1. Resource Estimation 
- Distributed environment resources don’t map 1:1 to local environments

2. Debugging 
- Debugging in distributed systems quickly becomes a complex task

3. Models are rarely trained on Spark Dataframes 
- Modeling Frameworks are often not distributed tools

4. Wrapping SQL in Python functions is not pythonic 
- At serving time there is often no Spark context available



Initialize Feature Group metadata

Write feature data

Feature engineering
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Where does Great Expectations fit

Pandas Dataframe
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Validate data before it is made available to data scientists



Where does Great Expectations fit

Validate data before it is made available to data scientists



Python, Pandas and Feature Views
Data Access Problem 



Feature Reusability requires Views - Feature Views 

Why Data Scientists want Python-centric APIs

1. Models are trained with Python libraries - DSLs are use case specific

2. Training frameworks might require file formats - Scikit-learn & Pandas, Tensorflow & 

Tfrecord, Pytorch & Numpy

3. Point-in-time joins are hard - Writing PIT joins in SQL, Spark or Python is error prone

4. Transformations happen at feature retrieval time - Reusing a feature often means 

limiting the set of entities a model is trained on, which again leads to different statistics

5. Spark not available at feature retrieval time - At serving time there is often no Spark 

context available
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Feature Views for training data, batch scoring and low latency serving

The API for Data Scientists
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Feature Reusability with Feature Views

Pandas like join making PIT joins transparent

Get Feature Group metadata

Select features

Create Feature View along with 
transformations



Reading from the Feature View

One API to rule them all

Training Data as files

Training Data in-memory 
as Pandas Dataframe

New batches of data 
for scoring

Real-time feature lookup



Endboss: Prediction Service

Integrating Data APIs with Model APIs



Building Prediction Services with KServe Integration

Closing the loop
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Tying it all together

The predictor interface

Establish connection to Feature Store

Initialize Feature View

Loading the model from a model registry

Implementing the predict interface using 
the Feature View



app.hopsworks.ai
Try it out! Serverless and free!


