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Announcements

 No Lecture on June 03
 I will be in India to attend SIGMOD

 Programming Assignment 1 deadline : May 04
 MOSES registration before submission

 Invited Talk: Nils Strassenburg
 May 13
 Submit questions by May 11

Efficiently Managing Deep Learning Models in a Distributed Environment. EDBT 2022.
Efficient Multi-Model Management. EDBT 2023.
Alsatian: Optimizing Model Search for Deep Transfer Learning. SIGMOD 2025.

Nils’s Papers:
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 MLOps

 ML Platforms and Lifecycle Management

 Monitoring

 Data Validation

 LLMOps

Agenda
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MLOps
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Background: DevOps

 DevOps
 Subarea of software engineering: software development + IT operations
 Administering software in production; Cloud and agile
 Fuses many historically separate job roles

* https://medium.com/swlh/how-to-become-an-devops-engineer-in-2020-80b8740d5a52

CI / CD

Microservices

Infrastructure 
as code

Monitoring 
& Logging

Building & 
Testing

Version Control
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MLOps Overview

 MLOps = DevOps for ML-infused Software

 Beyond ML Model Codes
 Training and validation datasets
 Data cleaning/prep/featurization codes/scripts
 Hyperparameters and other configs
 Ensembling
 Hardware config

 “3 Vs of MLOps”
 Velocity: Rapid experimentation, prototyping, and deployment with minimal friction
 Validation: Checks on quality and integrity of data features, models, predictions
 Versioning: Track deployed models and features to ensure provenance and fallback options

* Operationalizing Machine Learning: An Interview Study. arXiv. 2022.
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Birds-eye View of MLOps

MLOps Principles and Associated Components

* Machine Learning Operations (MLOps): Overview, Definition, and Architecture. arXiv.
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ML Platforms and Lifecycle Management
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Production ML Challenges

 Motivation
 Unified platform for diverse ML architectures (DNN, linear, tree-based, ..)
 Continuous training (e.g., a moving window over the last n days) and serving
 Human-in-the-loop; expose simple UI for deployment and monitoring;

support various levels of expertise
 Reliability and scalability; resilient from inconsistent data, software, config,

and failures; scale gracefully to data volume and serving traffic
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TFX: A TensorFlow-Based End-to-End ML Platform

 TFX
 Full flexibility for implementing any type of (TensorFlow-based) models
 Support for continuous training, warm-starting (transfer learning)
 Model and data validation; slicing; monitoring
 Automatic feature statistics generation including cross-feature statistics
 Ensuring consistency of feature transformation during training and serving
 High-level model specification API to hide implementation details

* TFX: A TensorFlow-Based Production-Scale Machine Learning Platform. KDD 2017.
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Ease.ML: A Lifecycle Management System

 Ease.ML
 Automated toolchains and well-defined processes that stitch together existing/upcoming tools 

to improve end-to-end development experience. Target users: domain experts w/ basic ML skills
 Data ingestion templates (pdf to tables)
 Estimate best possible accuracy from input datasets
 Downstream task-aware automatic data cleaning
 Automatic data discovery
 Relies on AutoML for training models
 CI of new and better models
 Quality debugging and recommend improvements

 System Design
 Probabilistic data model
 Multi-armed bandits

* Ease.ML: A Lifecycle Management System for MLDev and MLOps. CIDR 2021.
* https://ease.ml/
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MLflow

 MLflow Tracking 
 API for recording experiment runs including code, parameters, data, and metrics
 These runs can be queried through an API/UI

 MLflow Projects
 Format for packaging code into reusable projects (code, environment, parameters)

 MLflow Models
 Generic format for packaging models that can work with diverse deployment tools

* Accelerating the Machine Learning Lifecycle with MLflow. IEEE Data Eng. Bull. 41(4). 2018
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Monitoring
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Post-Deployment Model Retraining

 Continuous Training
 Retraining due to distribution drift
 Retraining every day on petabytes of data
 Finding the optimal frequency of retraining

 Data Selection Policies
 Training on a selected sample w/ comparable accuracy
 Finding the right data selection policy is difficult
 Random access degrades throughput

 Triggering Policies
 Domain-specific triggering policies

 ML Platforms
 Do not support or require manual plumbing

Selection Policies
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MODYN 

 Orchestrator for Data Selection and Retraining
 Users declaratively specify triggering and selection policies
 Continuous evaluation and drift detection
 Sampling-aware data partitioning to reduce data access overhead

* Modyn: Data-Centric Machine Learning Pipeline Orchestration. SIGMOD 2025.
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Data Validation
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Automating Large-Scale Data Quality Verification

 Amazon’s Deequ
 API combining quality constraints with user-defined validation 

code, which enables data unit tests
 Efficient execution of the constraints

* Automating Large-Scale Data Quality Verification. PVLDB 2018. 
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Task-aware Data Unit Test Generation 

* PrismaDV: Automated Task-Aware Data Unit Test Generation. arXiv. 2026.

Data unit tests must reflect the assumptions of each downstream task 
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PrismaDV: Task-aware Data Unit Test Generation 

 PrismaDV
 Jointly analyzes downstream task code and data 
 Builds a “data-code assumption graph” linking data columns to code-level assumptions 
 Synthesizes executable data unit tests for deployment 
 Compound AI System

Compound AI System
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LLMOps
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LLMOps

 Why LLMOps?
 Training and fine-tuning LLMs require much more computational resources than traditional ML
 Complex performance metrics (e.g., BLEU, ROUGE)
 Prompt engineering and chains of LLM calls (compound AI system)
 Data Ingestion: chunking of text, embedding, RAG
 Fine-tuning and transfer learning

* https://www.databricks.com/blog/what-is-llmops
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 MLOps principles and components

 Production ML challenges and end-to-end ML platforms

 ML lifecycle management for domain experts

 Post-deployment continuous training 

 LLMOps

Summary

Please read the recommended papers
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