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What’s the agenda for today?

I) Research Vision from 2024

II) Today’s state

III) Possible future directions and open questions
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(Current*) State of

Managing Variable-Intensive Software

*current? (as of Jan 2024)
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Complex, configurable software, which evolves

Marlin (3D printer software) numpy -lib commit: markdown, tests, C-file, ...
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Key tasks in our domain...

feature identification
& location

extracting SPLs

constraint
extraction

realizing SPLs

variability modeling

annotative
approaches

feature-oriented,
transformative

maintaining SPLs

variant
sync & integration

evolution,
drift, ...
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language-specific, often not scalable, hard to maintain consistently ...

still insufficient genericity and automation
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Availability and power of Generative AI (beginning of 2024)

[jovanovic22]

[Cámara23] [Acher23]
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https://ieeexplore.ieee.org/document/9903869
https://link.springer.com/article/10.1007/s10270-023-01105-5
https://dl.acm.org/doi/10.1145/3579027.3608972


Back at the end of 2023 ...

What does it need from research

to support maintaining variability-intensive software

systems

with Generative AI?
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Background

(as of the beginning of 2024)
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Generative AI - Large Language Models (beginning of 2024)

[T5]

[Ebert23]

large pre-trained transformer models:
convert input text into output text
(encoder-decoder)

[CodeT5]

Generative AI for SE: pre-trained on
several programming languages

defect & clone detection

code summarization

code translation,

...
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https://www.jmlr.org/papers/volume21/20-074/20-074.pdf
doi.org/10.1109/MS.2023.3265877
doi.org/10.18653/v1/2021.emnlp-main.685


Transformer architecture (beginning of 2024)

transformer architecture enabled building first
LLMs

context window defines size of input and
output (in tokens)

typical sizes: 8k-32k

fine-tuning through separate
train-validate-test runs on custom task
while modifying different hyperparameters
(learning rate, ...)

[Ebert23]
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doi.org/10.1109/MS.2023.3265877


Back at the end of 2023...

What does it need from research

to support maintaining variability-intensive software systems

with Generative AI?

[idea]

Our initial idea

and approach
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https://3.bp.blogspot.com/-iNnbuJuy0og/UM8ZpJd4xNI/AAAAAAAACn4/oSWP2Zgq38o/s1600/thinking.JPG


How can we measure success of Gen-AI-enabled development of

variability-intensive software?

[synopsys]
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https://www.synopsys.com/blogs/chip-design/autonomous-driving-levels.html


Levels and criteria

How can we classify and assess progress

in using Generative AI for variability-aware SE?

Scale information amount processed in one step

Task Type analytical vs. adaptive, to a productive end∗

Quality level of reliability: random, junior developer, senior developer, even better

Automation level of manual intervention

∗ � not trimmed to a specific variability-intensive task
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Automation levels

L0 No Generative AI

L1 No Generative AI for Variability small (files) low

L2 Basic Generative AI for Variability small (project) low

L3 Advanced Generative AI for Variability multiple (projects) high

L4 Full Generative AI for Variability unlimited expert

automation scale quality
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How can we achieve a level-up?

Increase Scale

generic solutions (e.g., larger context

windows)

SE solutions (e.g., abstractions)

SPLE solutions (e.g., focus on features)

Increase Task
towards reaching productive usage

when and how to integrate existing tools?

ensure traceability

self-optimizations, multiple agents

Increase Quality (and reliability)

decrease error probability
→ pre-training, and fine-tuning

support existing (hidden) knowledge
→ prompting, model-driven techniques

assessment strategies
→ novel datasets and metrics (real-world
projects are too large, accuracy not
sufficient)

increase reliability
→ reasoning for results, certainty values
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What’s the agenda for today?

I) Research Vision from 2024

II) Today’s state

III) Possible future directions and open questions
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Updated Background

GenAI as model

⇒

GenAI as a holistically engineered system
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Technology changes rapidly...

[waterfall]

context windows

increased: up to 1Mio tokens

use and store only necessary information
(e.g., when doing code analyses)

build knowledge bases (atm: typically
RAG)

shift from fine-tuning to context or even
harness engineering

use of agents instead of single prompts,
few-shot examples, etc

harness to manage the agents at runtime

...
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https://www.flickr.com/photos/82955120@N05/15953332725


How can one and the same LLM be used to accomplish completely
different tasks?

[harness]
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https://www.agent-engineering.dev/article/harness-engineering-in-2026-the-discipline-that-makes-ai-agents-production-ready


Agent harness [harness-engineering]

definition

infrastructure layer

runtime environment

operating system for LLM

moat vs. commodity

core elements

context engineering

tool orchestration

state and memory

verification and safety

human-in-the-loop

lifecycle management

failure modes

context rot

tool explosion

infinity retry loops

state corruption

implementation strategy

Anthropic: two-agent pattern

OpenAI Codex: Machine-readable
artifacts

Vercel: Tool reduction

Manus: architectural rewrite
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https://harness-engineering.ai/wp-content/uploads/2026/03/agent-harness-complete-guide-infographic-scaled.webp


Latest research on software

variability with GenAI

� The following list does not result from an
SLR and might miss relevant work...

(mainly proceedings of “variability” conferences since 2024)

[detectives] 24 / 39

https://live.staticflickr.com/2179/2057875349_802068b24b_b.jpg


Publications @VARIABILITY 2026

Fine-Tuning Small Language Models For Valid Universal Variability Language Generation -

Stümpfle et al.

Do LLMs Know UVL? Quantifying Factual Knowledge and Generative Capabilities in Variability

Engineering - Horcas et al.

Fluent in Variability? An Empirical Study of Large Language Models Across Variability-

Related Tasks and Formats - Zine et al.

Investigating LLMs for Feature Presence Prediction in Software Products - Nguyen et al.

LLM-assisted Code Generation and Reuse: An Exploratory Study on Contextual Information -

Reinhartz-Berger et al.

Semantic-Driven Feature Identification In Software Variants Using Transformers - Stümpfle

et al.

Software Reuse in the Age of AI: A Survey of Practices, Satisfaction, and Barriers - Iris

Reinhartz-Berger, Zarima Fram

Usability Analysis of Configurator User Interfaces with Multimodal Large Language Models -

Lubos et al.
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Further publications...

analytical

Configuration Bugs Classification using LLMs and Encoders - Lopez-Duran et al. SPLC 2025

generative

On Programming Variability with Large Language Model-based Assistant. - Acher et al. SPLC

2023

LLM Code Customization with Visual Results: A Benchmark on TikZ. -Reux et al. EASE 2025

Prompting for Performance: Exploring LLMs for Configuring Software. - Spieker et al.

ICTAI 2025: 114-121

Large Language Models to generate meaningful feature model instances. - Galindo et al.

SPLC 2023

LLM-based Co-Evolution of Configurable Software Systems - Zine et al

adaptive

Large Language Model assisted Transformation of Software Variants into a Software Product

Line - Stümpfle et al. ICSR 2025
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Further ...

Bridging Feature Models and Users: LLM-Generated Low-Code Configurators for Software Product Lines -

Wegerer et al. MODELS 2026

Towards Automated Test Adaptation in Fork Ecosystems via Large Language Models - Mukelabai et al. FSE

2026 Companion

Linux Kernel Configurations at Scale: A Dataset for Performance and Evolution Analysis. - Borges et

al. EASE 2025

A Demonstration of End-User Code Customization Using Generative AI. Acher. VaMoS 2024

But also the flip side

Managing Variability in Industrial AI Agents for Manufacturing: Expe-

riences at Hitachi - Yoshimura et al. CAIN 2026

Where Did the Variability Go? From Vibe Coding to Product Lines by

Regeneration - X. Tërnava

Variability Management for Large Language Model Tasks: Practical In-

sights from an Industrial Application. - Kentaro Yoshimura, Haruki

Oishi. SPLC 2024

[turtle]
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https://thumbs.dreamstime.com/z/turtle-upside-down-green-blue-eyes-worried-trying-to-turn-over-40878234.jpg


Have we solved our variability tasks?

[thinking]
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https://freepngimg.com/thumb/emoji/65023-thought-thinking-emoji-free-hq-image.png


Recap: Key tasks in our domain

feature identification
& location

extracting SPLs

constraint
extraction

realizing SPLs

variability modeling

annotative
approaches

feature-oriented,
transformative

maintaining SPLs

variant
sync & integration

evolution,
drift, ...

language-specific, often not scalable, hard to maintain consistently ...

still insufficient genericity and automation
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Problem (genericity and automation) vs. AI-based Solutions

extracting SPLs

Semantic-Driven Feature
Identification

LLMs for Migrating Variants
into a SPL

realizing SPLs

Generation of Configurations

Usability of configurators

Feature presence prediction (?)

maintaining SPLs

evolution
support???

language-independent, scalable ?, consistent maintenance?
still insufficient automation
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Revisiting the research needs
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How can we achieve increase? - Revisited

Increase Scale

generic solutions (e.g., larger windows) ✔

SE solutions (e.g., abstractions) ✔

SPLE solutions (e.g., focus on features) ?

Increase Task
towards reaching productive usage

when and how integrate existing tools ?
(*partly, e.g., to generate variants)

ensure traceability ✔

self-optimizations, multiple agents ✔

Increase Quality (and reliability)

decrease error probability → pre-training,
and fine-tuning use harness instead

support existing (hidden) knowledge
→ prompting, model-driven techniques
✔studies of what LLMs understand

assessment strategies
→ novel datasets and metrics (real-world
projects are too large, accuracy not
sufficient) ✘
* existing datasets can now be used

increase reliability → reasoning for
results, certainty values
better focus shift ?
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Revisiting Quality Assurance

We reach full GenAI support for variability if we have expert-developer quality at full scale.

Focus on observable/verifiable outcomes

Are the changes syntactically valid (compile)?

Are intended constraints preserved?

Are relevant configurations preserved?

Are results reproducible?

Are the results consistent (across variants), traceable?

How robust is our AI-enable system?

[eyes]
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https://www.freeimageslive.co.uk/files/images009/cartoon-eyes_1.preview.jpg
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Recap: Automation Levels

L0 No Generative AI

L1 No Generative AI for Variability small (files) low

L2 Basic Generative AI for Variability small (project) low

L3 Advanced Generative AI for Variability multiple (projects) high

L4 Full Generative AI for Variability unlimited expert

automation scale quality
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Problem (genericity and automation) vs. AI-based Solutions

extracting SPLs

Semantic-Driven Feature
Identification

LLMs for Migrating Variants
into a SPL

realizing SPLs

Generation of Configurations

Usability of configurators

Feature presence prediction (?)

maintaining SPLs

evolution
support???

language-independent, scalable ?, consistent maintenance?
still insufficient automation

36 / 39



Still open questions

Do we scale to massively configurable software systems?

If not, what is missing?

How to use agents for detecting (language-based) features and tracing them?

How to use agents for safely evolving feature implementations (update one feature without
breaking another)?

How to ensure the quality of using Generative AI?

Do we (really) need novel benchmarks?
Can we reuse existing benchmarks or benchmark generating systems?

Plot Twist

How and where can SPL techniques help to manage the variability induced by using
Generative AI?
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The good news...

[next]

Let’s develop methods to ...

scale highly-configurable systems into
context windows and

handle state and memory

decide the optimal existing tools to be
used for configurable software

that decide when humans need to be in
the loop

Let’s use our methods to ...

manage tons of vibe-coded source code

manage different agents (that may
handle different software features)

...
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https://pixabay.com/photos/business-the-next-step-next-success-4241792/


Thanks ⌣!

Feedback, Questions, ...?

greiner@imada.sdu.dk
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