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Service-Oriented Computing Machine Learning Development
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Coarse-Grained Al/ML Workflow

Data Al/ML Application
Preparation Development Deployment
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Data Processing Pipeline

Individual Component Pipeline
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Modularity By Design

<I>

Algorithmic Modularity

 Utilization of programming languages or frameworks for
the development of machine learning applications

g Architectural Modularity

* Packaging each stage into distinct services and deploying
these services into appropriate environments
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Everything as a Module (XaaM)

Module Definition

* A general and unified interface

e Separation of responsibilities

* Improved team communication

Module Implementation
* Puts definition into practice
* Reusability and polymorphism
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Module Composition Example

Customer Segmentation

Definition Registry Implementation Registry

@meric Classifier Support K-Nearest

Vector .
Machine Neighbors
< Scaler >

< Classifier >

MinMaxScaler StandardScaler
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Module Composition Example

Customer Segmentation

Definition Registry Implementation Registry
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Module Composition Example

Customer Segmentation

Definition Registry Implementation Registry

< " Classifier Pipeline
<:5Euneﬁc(]asﬁfgi>> uppor K-Nearest
Vector

Machine Neighbors
<(::: Scaler :::>>
< Classifier >

Preprocessing

MinMaxScaler StandardScaler

06/29/2023 Mostafa Hadadian



university of

Q groningen

Module Composition Example

Customer Segmentation

Definition Registry Implementation Registry

< " Classifier Pipeline
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Vector

Machine Neighbors
<(::: Scaler :::>>
< Classifier >

Preprocessing
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Version Control
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Monitoring as a Module

Retraining
Signal

Anomaly Data Drift Scalability Model

Detection Detection Monitoring Evaluator

Pre-processing Post-Processing
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Life Cycle Management
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The ECIiDA Platform

Automatic Module Composition
GPT 3
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User Interface
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Real-World Use case

Pressure Estimation in Water Distribution Networks

Using Deep Learning on Graphs
by Huy Cuong Truong and Andres Tello.
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summary

* The Gap exists
* Engineering aspects of data science are overlooked

* There are enough specifics for us to solve it
* Module Composition
* Life Cycle Management
* Training vs Usage

Versioning

Continuous Monitoring

Experiment Tracking

What-if Scenarios
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