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PODS 2026 Keynote

Speaker: Jan Van den Bussche (Hasselt University)

Title: Models are data too: Towards expressive querying of machine-
learning models

Abstract: Machine learning generates large amounts of models that
should be managed by sound data management practices. In particular,
we should be able to query these models using expressive, declarative
query languages. In this talk we will survey some existing ideas, point at
research challenges, and try to enthuse the research community into
looking at a new kind of database queries. Since models are code, albeit

learned, not written, we will also foray into the querying of program code.

Bio: Jan Van den Bussche is a professor of computer science in the Data
Science Institute at Hasselt University (Belgium). He has been active in
database theory research since 1989 and received his PhD in 1993 from
the University of Antwerp. Together with his advisor Jan Paredaens he
helped establish a "Belgian School" in database theory. He served as
program chair for ICDT in 2001 and for PODS in 2006. He chaired the
ICDT Council from 2001 until 2011, and chaired the PODS Executive
Committee in 2017 and 2018. Broadly, his research interests revolve
around the design and analysis of data models and query languages for
a wide variety of data and computations.
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Announcements

= No Lecture on June 03
= | will be in India to attend SIGMOD

Nils StraBenburg

Ph.D. Student

Room: F-1.04

Phone: +49-(0)331 5509-3429
E-Mail: Nils.Strassenburg(at)hpi.de

= Programming Assignment 1 deadline : May 04

= MOSES registration before submission

Full Profile

About Me

m Invited Ta I k: Nils Strassen bu rg | am a PhD student in the Database Group at the Hasso Plattner Institute (HPI) in Potsdam, under the

supervision of Tilmann Rabl.

- M 13 My research focuses on ML systems, particularly ML model management and search. My work has been
ay published in SIGMOD and EDBT. In addition to my research, | contribute to our lecture on big data systems,
lead seminars on ML systems, and supervise master's theses.

= Submit questions by May 11

Before starting my PhD, | earned a master's degree in IT-Systems Engineering from HPI and a bachelor's
degree in Computer Science from the University of Hamburg. As part of my studies, | completed a six-
month internship at SAP Labs France in Sophia Antipolis and spent a semester at ETH Zurich.

Nils’s Papers:

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.
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Agenda

MLOps

ML Platforms and Lifecycle Management

Monitoring

Data Validation

LLMOps
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Background: DevOps
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= Subarea of software engineering: software development + IT operations

= DevOps

= 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

Cl/CD

Version Control

Building &
Testing

Microservices

Infrastructure
as code

Monitoring
& Logging
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MLOps Overview

= MLOps = DevOps for ML-infused Software

DS
Data Scientist

(ML model development) ML (ML

ML Engineer /

MLOps Engineer
u Beyo n d M L M Od e I COd es (cross-functional management

of ML environment and assets:
ML infrastructure,

® Training and validation datasets ML workfon ppsines,

data Ingestion,
monitoring)

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

Workflow

Orchestration RM DF’?I

Component egIStry
Source Code CIl/CD Model Training Monitoring Model Serving

Repository Component Infrastructure Component Component
PRINCIPLES
_ Feature ML Metadata

P1 CI/CD automation Stores Stores
P2 Workflow orchestration

P3 Reproducibility

P4 \/ersioning of data, code, model
P5 Collaboration

P6 Continuous ML training & evaluation
P7 ML metadata tracking

P8 Continuous monitoring

P9 Feedback loops

MLOps Principles and Associated Components

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

Ingest & validate data Train & analyze model

StatisticsGen
Tuner Evaluator
ExampleGen SchemaGen Transform
Trainer InfraValidator

ExampleValidator

* & & B

ML Metadata > TensorFlow Data TensorFlow Transform TensorFlow » TensorFlow Model
Validation > > Analysis »

= 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 Ul 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

Deploy in production

Pusher

&0

TensorFlow Serving, TF
Lite & TFJS»
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TFX: A TensorFlow-Based End-to-End ML Platform

. _ : ; T # Declare a numeric feature:
[ Integrated Frontend for Job Management, Monitoring, Debugging, Data/Model/Evaluation Visualization J num_rooms = numeric. column(’number—of-rooms’)
. . . # Declare a categorical feature:
[ Shared Configuration Framework and Job Orchestration } country = categorical_column_with_vocabulary_list(

>country’, [’US’, ’CA’])
Focus of this paper | # Declare a categorical feature and use hashing:

zip_code = categorical_column_with_hash_bucket (
[ Data } L Data J [ Data ] [Trainer} [ Model Evaluation J [Serving} [ Logging } 'zip_code’, hash_bucket_size=1K)
Analysis Transformation Validation and Validation | # Define the model and declare the inputs
' estimator = DNNRegressor(
: hidden_units=[256, 128, 64],
feature_columns=[
num_rooms, country,
embedding_column(zip_code, 8)],
activation_fn=relu,
dropout=0.1)
# Prepare the training data
[ | TFX def my_training data():
# Read, parse tratning data and convert it ento
= Full flexibility for implementing any type of (TensorFlow-based) models # tensors. Returns a mini-baich of data every
# time returned tensors are fetched.
return features, labels
# Prepare the validation data
def my_eval_data():

—

Data
| Ingestion

Shared Utilities for Garbage Collection, Data Access Controls J

—

[ Pipeline Storage } i

= Support for continuous training, warm-starting (transfer learning)

- MOdel and data Va“dation; SlICIngI monitoring # Read, parse wvalidation data and convert it into
. .. . . . .. # tensors. Returns a mini-batch of data every
. Automat|c feature statistics generatlon |nC|Ud|ng CrOSS'feature statistics # time returned tensors are fetched.

return features, labels

= Ensuring consistency of feature transformation during training and serving estimator.train(input_fn-ny_training_data)

estimator.evaluate (input_fn=my_eval_data)

= High-level model specification API to hide implementation details

* TFX: A TensorFlow-Based Production-Scale Machine Learning Platform. KDD 2017. .'E
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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 ot et | (o ey Gt
\_Augmentation ' Sudy e /. Optimization
= Automatic data discovery o
. .. . DataMagic
= Relies on AutoML for training models i
Sno0py t
= Cl of new and better models e - @EBa ()

. . . . Data Cleaning hid
= Quality debugging and recommend improvements — i
f "I;abour-eﬁicia&""-.. * ‘ g ( Continuous
CPClean

(e Market - . Integration
ZipML Training Engine < 4

' Acquisition

= System Design
e . Figure 1: Ease.ML Process
= Probabilistic data model

= Multi-armed bandits

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



MLflow

mlflow.log_param("regularization", 0.1)
# Log metrics; each metric can also be updated throughout the run
mlflow.log metric("accuracy", 0.8)

mlflow.log metric("r2", 0.4)

# Log artifacts (arbitrary output files)
mlflow.log_artifact ("precision_recall.png")

# Log parameters, which are arbitrary key-value pairs
mlflow.log_param("num_dimensions", 8) m I I ) Wm

= 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

W
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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

Mean Accuracy %

91

co
co

co
8]

o]
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MODYN

Input Data [Modyn New

Stream Data |=2mples |Supervisor|<

-

© Pipeline

Evaluation

= Storage v Evaluation
@»‘ 5 Sample New @ Squest Results
e Payloads Samples
§€ Selector - dEvaluator
AAAAAA ; (i Traine A
Spark @ I;|st_]c_:f. Keys ® Model Trained
] or irigger Training Madel
rainer i, Feret Model
Server | ®Trained Model »| Storage

Fig. 3. MoDYN's system design.

EngMeer@@
Output

Model
Stream

o
NVIDIA.

TRITON INFERENCE SERVER

= 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.

modyn

model:
id: ResNet18
config:
num_classes: 42
data:
dataset_id: mnist
transformations: ["transforms.Normalize(...)"]
bytes_parser_function: |
def bytes_parser_function(data: memoryview) -> Image:
return Image.open(io.BytesIO(data)).convert("RGB")
trigger:
id: DataAmountTrigger
num_samples: 100
training:
use_previous_model: True
batch_size: 1234
optimizers: ...
optimization_criterion:
name: "CrossEntropylLoss"
selection_strategy:
name: "CoresetStrategy"
storage_backend: "database"
tail_triggers: ©
presampling_config: ...
downsampling_config: ...
model_storage:
full_model_strategy:
name: "PyTorchFullModel"
incremental_model_strategy:
name: "WeightsDifference"
evaluation: ...

W
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Automating Large-Scale Data Quality Verification

constraint arguments
dimension completeness

isComplete column
hasCompleteness column, udf

dimension consistency

isUnique column
hasUniqueness column, udf
hasDistinctness column, udf

isInRange column, value range
hasConsistentType column

isNonNegative column

isLessThan column pair

satisfies predicate

satisfiesIf predicate pair
hasPredictability column, column(s), udf

= Amazon’s Deequ

Declarative
Constraint
Definition

Runtime

Storage

Checks + Constraints APl

Analyzers

+

I

LS

] H
Anomaly Batch
Detectors Computatio
(Spark)

Computation
(Spark)

; + \ AWS Glue
n] [ Incremental

_ _.Il

great

Y

Metrics History
(Dynamo DB)

o -
f ™ -y o
[Intermediate States L.} eXPeCtatlol‘lS

(S3)

A,

checks += Check(Level.Error)

= APl 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.

.hasCountDistinct("title",
.hasHistogramValues ("deviceType",

.isComplete ("customerId", "title",

"impressionStart", "impressionEnd",
"deviceType", "priority")

.isUnique ("customerId", "countryResidence",

"deviceType", "title")

<= numTitles)

_.ratio("phone") <= maxExpectedPhoneRatio)

W
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Task-aware Data Unit Test Generation

"location",

"
r

[o,

"revenue")

11)

X>.44)
lambda x: x>.44)

name email location | guest_cat | revenue status Sample data Dsampie to create data unit test
Aisha aisha@... US 0 100 COMPLETED via data profiling and heuristics
Mateo mateo@... us ] 100 COMPLETED
Keiko keiko@... EU 1 2000 IN_PROGRESS aws
2
NULL NULL EU 0 2500 CANCELED —
- — awslabs/deequ
Ingrid ingrid@. .. EU 1 100 IN_PROGRESS
» ETL Pipeline with
. essing tas Task-agnostic
Data Batches to import from Data Lake ks - .
P Data Unit Test
name email location | guest cat revenue status
Leila Leila@... us 1 2000 COMPLETED Check() B N
D1 Matthias NULL EU 1 100 COMPLETED -ar ggg?ﬁ;ﬁteﬂrgziﬁgﬁ??t '
r
Sakura sakura@. .. us 0 300 IN_PROGRESS .hasCompleteness("name”, lambda x:
.hasCompleteness("email”,
name email location | guest_cat | revenue status .areHonNegaEivi("guestgcat
- - .isContained("location”, ["EU", "US"])
Linda linda@... GER 3 1000 IN_PROGRESS .isContained("guest cat”,
D> Dister dister@... uUS 1 1000 COMPLETED =
Chen NULL 1000 CANCELED
NULL li@... 1000 CANCELED Overly strict constraints produce

false alarms for D2

°1

Batch processing i roias

Code shows that

import polars as pl
discount_per_cat = [5, 10, 25, 500]

df = df.with_columns(pl.col("guest_cat") \

guest_cat has

range of 0to 3

.map_elements(lambda x: discount_per_cat[x]).alias("discount™))
completed = df.filter(pl.col("status") == "COMPLETED")

for booking in completed.iter rows(named=True):
send confirmation mail(booking|"email"], booking["discount”])

Analytics () buckos

report = duckdb.sgl("""
SELECT guest cat, COUNT(*) FROM df
WHERE status = 'IN_PROGRESS'
GROUP BY guest_cat""").df()
save_to_s3(report, datetime.today())

ML training [l Pandas g G,

Task assumes that
each tuple with
“COMPLETED” as
status has an email

Task assumes that
standard deviation

of revenue is non-
zero

cost_normalized = (df["revenue"] - df["revenue"].mean())

/ df["revenue"].std()

df.loc[df["location”"]=="GER", "location"] =
locations = OneHotEncoder().fit_ transform(df

"Ey"
'location’']]

X = np.column stack((locations, cost normaliz e

y = df["booking_status"]=="COMPLETED"
model = LogisticRegression().fit(X, y)
deploy_model (model)

“GER?” is valid for

location

Data unit tests must reflect the assumptions of each downstream task

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

suondwnsse ejep pue
abpaimouy ulewop 1o1duwl

YlIM Sy se] wealisumoq
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PrismaDV: Task-aware Data Unit Test Generation

Inferred Data-Code Assumption Graph Data Unit Test in
Source Code of Task T {TTTTTTT T - AWS Deequ Syntax
™\ 1
i “email” must contain .
1: import polars as pl 7 valid email addresses | i Check()
2: yesterday = date.today() - timedelta(days=1) . ‘ .areComplete("email”, "discount")
3: df = load(£f"s3: f,:’data—lakefbooklngsz"{yesterday}f ) “amail” must not be A .where("status == ‘CLEARED'")
4: completed = df.filter(pl.col( "status"”) == “CLEARED") ! NULL for rows where ‘ .matchesPattern("email”
5: for booking in completed.iter_ rows(named=True): . discount . e, s 1 [a-Z0-9]+@[a-Z0-9]+\ '[a—Z] "
6: confirmation mail (booking["email”], booking["discount"]) i status” is ‘CLEARED J )
. R
“discount” must not be i
' slabs/d
Sample Data NULL for rows where : QVE ausiehetesan
" “status” is ‘CLEARED’ ) :
email status m discount
CLEARED 100 0 | - 000000 —
CLEARED 250 12
IN_PROGRESS| 0 o Profiling & Assumption Constraint Post-
CANGELED 1000 a0 Discovery Inference Generation processing
IN_PROGRESS 165 67

Compound Al System

= 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 Al System
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LLMOps

Select Prompt Evaluate Room for Specialized Fine-Tune
Foundational EnglneeF:'lng Results improvement? team and _m_> Model
Model (LLM) P labeled data?

Deploy to Production

{ 12 A2

Provided Value

* 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 Al system)
Data Ingestion: chunking of text, embedding, RAG

Fine-tuning and transfer learning

* https://www.databricks.com/blog/what-is-llmops

W
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Summary

MLOps principles and components

Production ML challenges and end-to-end ML platforms

ML lifecycle management for domain experts

Post-deployment continuous training

LLMOps

Please read the recommended papers

W
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