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Artificial Intelligence (AI), in particular that built upon Large LanguageModels (LLMs), is reshaping thewaywe approachmany processes.
Mainly thanks to the introduction of coding assistants, software development has been entangled in this transformation aswell. However,
whenwe talk about software development, coding is just a part of this intricate process, and it is not the only one that can benefit from the
support of AI. In fact, LLMs are already being successfully applied to other stages of the software life cycle, such as requirement analysis
and design. With this paper, we focus on the big picture of the entire life cycle of software and on maintaining structured knowledge
about the system, with attention on maintaining the consistency with respect to formal and informal specifications across all artefacts.
The core of our idea is to involve LLM-based assistants within all the life cycle stages, where information to keep track of can come from
both well-structured artefact sources (e.g., in source code and documentation) as well as sparse and unstructured ones (e.g., in meeting
transcripts). In fact, these assistants can potentially be used to automate information extraction frommultiple different sources and
to maintain a Knowledge Base (KB) modelling the knowledge about the system that can be used to ensure continuous consistency of the
project artefacts through validation against the KB itself. The role we envision for AI is thus (i) to bridge the gap between structured and
unstructured knowledge and its formal representation and (ii) to automate the update of information and the verification of consistency.
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1 Introduction

Software development is undergoing an impressive transformation driven by the adoption of Large Language Mod-
els (LLMs) [51] as support for the development process. These Artificial Intelligence (AI) tools resulting fromNatural
Language Processing (NLP) and Deep Learning research have quickly spread across many domains thanks to their
flexibility and robustness. Probably, the major breakthrough of LLMs in software development has been that of coding
assistants, like Copilot [22]. However, LLM-based approaches have already been used successfully in the other stages of

Authors’ Contact Information: Jan Keim, jan.keim@kit.edu, Karlsruhe Institute of Technology, Karlsruhe, Germany; Tobias Hey, hey@kit.edu, Karlsruhe
Institute of Technology, Karlsruhe, Germany; Vincenzo Scotti, vincenzo.scotti@kit.edu, Karlsruhe Institute of Technology, Karlsruhe, Germany; Raffaela
Mirandola, raffaela.mirandola@kit.edu, Karlsruhe Institute of Technology, Karlsruhe, Germany; Anne Koziolek, koziolek@kit.edu, Karlsruhe Institute
of Technology, Karlsruhe, Germany.

This paper is published under the Creative Commons Attribution 4.0 International (CC-BY 4.0) license. Authors reserve their rights to disseminate the
work on their personal and corporateWeb sites with the appropriate attribution.
© 2025 IW3C2 (International WorldWideWeb Conference Committee), published under Creative Commons CC-BY 4.0 License.

1

HTTPS://ORCID.ORG/0000-0002-8899-7081
HTTPS://ORCID.ORG/0000-0003-0381-1020
HTTPS://ORCID.ORG/0000-0002-8765-604X
HTTPS://ORCID.ORG/0000-0003-3154-2438
HTTPS://ORCID.ORG/0000-0002-1593-3394
https://doi.org/10.5445/IR/1000181618
https://orcid.org/0000-0002-8899-7081
https://orcid.org/0000-0003-0381-1020
https://orcid.org/0000-0002-8765-604X
https://orcid.org/0000-0003-3154-2438
https://orcid.org/0000-0003-3154-2438
https://orcid.org/0000-0002-1593-3394


2 Keim et al.

the software life cycle, such as requirement engineering [2, 29], software design [16, 71], software quality assurance [66, 75],
software maintenance [19, 36], and software management [30].

Those approaches mainly address a specific software engineering tasks to be solved. However in 2030 we believe
LLMs will be able to support the whole software development life cycle. The software life cycle as a whole can benefit
by maintaining the consistency across all artefacts throughout the entire lifecycle [39]. Maintaining this consistency can
become challenging as taking care of always updating the knowledge about the system and validating every new artefact
against this knowledge gets tedious and time-consuming. However, properly managing all the knowledge is fundamental
to ensure a consistent evolution of the software itself. As a result, we often reach a point where inconsistencies arise
between the intended model and the generated artefacts resulting in a degradation of the software. Nevertheless, most
of the information is available, whether we consider that coming from informal and unstructured data (e.g., meeting
transcripts) or more structured one (e.g., source code).

Keeping knowledge documented in structured data consistent (e.g., source code and documentation [73]) is by itself
a challenging task. But also informal sources (e.g., meeting minutes or sketches) are relevant for defining the system and
vice versa expressions of these sources can be used to identify outdated or inconsistent knowledge in the mental models
of the individuals involved.

However, we believe that the next generations of LLMs will ease the consistent processing of those different types
of artifacts and data, and make an automated knowledge management across the entire life cycle possible. We propose
to exploit LLM in conjunction with data coming from all artefacts to

(1) automatically manage knowledge and
(2) check consistency of artefacts against such knowledge

throughout the entire life cycle by automatically maintaining and interfacing with a Knowledge Base (KB), as we depict
in Figure 1. The idea is to have the LLM continuously interacting with the KB at each stage to integrate new knowledge
coming from the different artefacts and, at the same time, use the KB to provide feedback about consistency of artefacts
with the intended model encoded in the KB.

Fig. 1. LLM and KB for continuous consistency.
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Thanks to the advances introduced by LLMs, we can now have a single tool managing the information extraction from
unstructured and structured data in an end-to-end fashion. Moreover, the same tool can be used to interface the KB both
for inserting and updating information, for running queries about consistency, and to process and report responses of such
queries as well. Additionally, thanks to the flexibility given by multi-modal models, we can now integrate information
extracted from different sources, whether they are the raw audio recordings of a meeting or images with the sketches
about the architecture appearing in some notes.

As a motivating application scenario we will focus in this paper on software architecture knowledge, as it has effects
on most other stages of the life cycle. We divide this paper into the following sections. In Section 2, we report on existing
approaches in modelling and validating knowledge about software architecture. In Section 3, we outline our long-term
vision of how LLMs can be used to automate knowledge management in software life cycle stages. In Sections 4 and 5, we
comment, respectively, on the research issues and research directions connected to the expected challenges for Software
Engineering (SE) in the near future [55]. In Section 6, we summarise our views and proposals.

2 RelatedWork

There are various ways to use the knowledge that is contained within the various artefacts that are produced during
the development and maintenance of a software system, and to check for and deal with potential inconsistencies.

Trace links are commonly used to identify overlapping knowledge and combine the knowledge that is scattered in
the different artefacts. These links help in various activities like software maintenance [10, 46, 47], bug localisation [59],
change impact analyses [15, 47], and consistency analyses [38, 39, 70].

There are various techniques to create these trace links. Some approaches are based on information retrieval techniques
such as vector space models [25], word embeddings [27], probabilistic models [54], or clustering [56]. Other approaches
use machine learning and use techniques like trained neuronal networks [23], classifiers [50], or genetic algorithms [63].
Recent research also applies LLMs, like the work by Lin et al. [43], Rodriguez et al. [62], Hey et al. [28], or Fuchß et al. [19].

The found trace links can be used to detect inconsistencies, as the work by Keim et al. [38] demonstrates. Similarly,
Bucaioni et al. [6] use mappings to check the conformance to a given architecture. Conformance checking is important to
ensure that the knowledge about a software system is consistent across all artifacts and that the implementation reflects
the knowledge and specification. As such, there are various further works that deal with conformance checking to ensure
that code or a system’s behavior conforms to a specification, architecture or similar (e.g., [8, 42, 57, 65]).

The model-driven development community also identified consistency between different models and views of the
system as an important challenge, especially for example for cyber-physical systems [61]. Deviating models and views
negatively influence the development, but manually keepingmodels consistent is a challenging task, in particular in some
domains where plenty of different models are used. Therefore, there is various related work that concerns bidirectional
transformations between models [69], propagating changes from one model to related models to ensure consistency
using consistency preservation rules [41], and approaches that try to combine multiple models in a way that users can
view them as a single underlying model [4, 7, 48].

There are also different works and activities that are related to the use of knowledge bases to support software
engineering activities [13, 44]. A knowledge-based approach facilitates the development and combines it with the use of
knowledge toensurea successful softwaredevelopmentandevolution.Ontologiesareacommonway tostoreandrepresent
knowledge and, thus, there are different ontology-based approaches in software engineering [12]. Furthermore, knowledge
canalsobe retrieved fromsearchqueries, and therearevariousworks thatdealwith search-basedsoftwareengineering [24].
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Lastly, LLMs have found their way into software engineering due to their ability to handle code and overall support
software engineering tasks [26, 35]. For example, LLMs have shown the ability to provide information about architectural
knowledge and answer corresponding questions of developers [68]. As such, LLMs are a promising approach to support
software engineering activities and to provide knowledge across different artefacts.

3 AI-assisted Software Development
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Fig. 2. Artefacts knowledge extraction and consistency checking pipeline.

In this section we present our view for the future of AI-assisted software development. We provide an overview of
the use of AI during the software lifecycle as companion at each stage (Section 3.1), then we provide better details on
the aspects related to knowledge extraction from the different sources (Section 3.2), consistency checking to ensure that
the evolution is consistent with the intended model architecture (Section 3.3).

3.1 Overview

The software life cycle involves the generation of many different artefacts. These artefacts cover different domains
and modalities: they go from informal and unstructured documents describing the requirements, to more structured
documents as the architecture design and, eventually, to well structured source code. As the project evolves, maintaining
the consistency between the artefacts and the intended architecture is critical, especiallywhen the software starts evolving
and changing. To this end, it is fundamental to keep track of all the information concerning the architecture to be sure
every new artefact is compliant with the rest of the project.

Our proposed methodology tackles exactly the problem of automatically maintaining knowledge about the system as
its life cycle proceeds and, at the same time, ensure consistencywith respect to such knowledge. For the scope, we propose
to use a combination of LLM-based AI and KB, as depicted in Figure 2. LLMs offer the degree of flexibility necessary to
have a single tool interface with users, KBs, and to process artefacts spanning different domains, while the KB – based
on an ontology or other formal specifications – offers the soundness of logical reasoning, which LLMs lack, at the cost
of a less friendly interface, which is managed by the LLM. The idea is to reduce the burden of manual annotation labour
of developers, as well as any other involved user, in the development life cycle.
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3.2 Knowledge extraction

The issue of extracting structured information from unstructured text data is an ongoing problem in NLP, knownwith
the name of Information Extraction [37]. Traditionally, the problem was decomposed into smaller ones (e.g., Named Entity

Recognition and Relation Extraction) to extract step-by-step pieces of knowledge to feed a KB.
The advent ofTransformer-based languagemodels [11, 58, 72] that could befine-tuned to solve specific language-related

tasks has moved forward results on this topic as well [14]. Nowadays, with LLMs, we can approach the problem in an
end-to-end fashion, generating data directly in structured format (e.g., CSV or JSON), or we can specify a step-by-process
to follow for more difficult problems [17]. Moreover, as we detail in Section 5.3, LLMs are capable of handling different
information sources, whether they are text documents or source code. In the last couple of years we have also witnessed
the evolution towards multi-modal data processing of LLMs, allowing to process images, audio, and video as well.

The crucial point concerning knowledge extraction is to integrate knowledge about the KB into the LLM to make sure
it will extract all relevant information from the artefacts without extracting irrelevant information. Given the potential
size of processed artefacts (e.g., entire documents for requirements analysis, or portions of the code base) compared to the
limited context window of some LLMs, finding the optimal combination yielding best performances is non-trivial. Given
the absence of large data sets for fine-tuning, we envision to use in-context learning, adapting the LLM step-by-step via
prompting. Moreover, a further research challenge would be to have the LLM do the work from scratch, defining the
metamodels or the ontologies necessary to set up the KB instead of leveraging user provided structures.

3.3 Consistency Checking

Consistency check is the other side of the coin. While the LLM finds its use in bridging the artefacts with the KB pushing
the extracted information, the KB takes care of maintaining the consistency by ensuring that none of the new information
violates constraints or is in contrast with already stored knowledge through sound verification.

There are various challenging parts when checking consistency. Inconsistencies can arise from actual errors in the
artefacts, but also from faults in the information extraction process, either from the current artefact or from some previ-
ously processed one, or there can be faults in the specification of the KB. As we detail in Sections 4.1 and 5.1, explainability
will play a crucial role in tracing these faults.

4 Issues

In this section, we discuss the research issues related to integrating AI assistants based on LLMs into the software life
cycle to manage the knowledge about the architecture and to validate the consistency of artefacts with respect to this
knowledge. The discussion spans explainability (Section 4.1), defects – in the sense of inconsistencies – (Section 4.2),
knowledge integration (Section 4.3) and human-AI collaboration (Section 4.4).

4.1 Explainability and Trust

Current AI-based applications lack reliability (intended as the “ability of an item to perform as required, without fail-
ure” [1]). In the case of LLMs, this problem is mostly due to hallucinations [31, 34], a problem related to the generation
content that is neither factual with respect to common world knowledge nor faithful with respect to the current input,
which harms LLMs trustworthiness [32].

LLMs are not designed for sound logical reasoning, thus they cannot be used to directly assess consistency reliably.
Assessing consistency is something that can be delegated to formal tools like an ontology underlying the KB, while the
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LLM takes care of interfacingwith theKB.We can better exploit the capability of LLMs for extrapolating patterns from text
and the vast world knowledge embedded in their weights in conjunction with techniques like few-shot learning [5, 9, 64]
and Retrieval Augmented Generation (RAG) [21] to increase the likelihood of extracting the correct information from an
analysed artefact to be validated against the KB. Moreover, the adoption of explainability techniques to trace the sources
of LLM predictions would help transparency and trustworthiness about model predictions, giving developers a reference
to confirm or disprove such prediction (generating also a valuable feedback for the LLM).

4.2 Defect Prediction

Defect prediction is yet another issue that can be tackled with the help of AI. In this paper we focus on the problem
of detecting defects uprising from inconsistencies between the intended model and the generated artefacts, which we
suggest to tackle in a passive way. Every time a new artefact is generated, an AI agent can process it automatically to
extract relevant information and match it against the knowledge base. The challenge is to integrate data from the artifact
and the structure of the KB in the LLM input to effectively extract relevant information. This also gives us an interesting
research direction connected to contextual learning (see Section 5.2).

From an application perspective, a simple solution would be to trigger a warning whenever an inconsistency is found.
However, we also envision more sophisticated approaches where an LLM can be used to suggest a possible fix for the
inconsistency. For example, generating coherent documentation or updating an existing one while sticking to the context
and tone of the existing documentation was infeasible, but this is one of the cases where LLMs can really shine. An
advanced approach would be to get this process to work in real-time, as the artefact is generated, to immediately spot
the inconsistency. For example, inform the participants of meeting that their discussion does not adhere to the taken
design decisions of the system.

4.3 Feedback Loops and Knowledge Integration

Feedback management and knowledge integration are deeply entangled in the methodology we propose. In fact, the
core role of AI in the software life cycle will be to maintain knowledge, taking care of processing all artefacts to extract
relevant information that can be used to extend the KB about the software being developed and, in case of conflicts arising
from the KB itself, detect the conflict and notify the users. At the same time, information about the KB and its content
needs to be integrated in the prompt of the LLM to ensure that the relevant information is extracted from raw data.

Artefacts processing needs to be validated by the developers, to ensure that all and only the correct information is
added to the KB and that detected inconsistencies are concrete problems. All these feedbacks can be used to improve
the system, generating useful examples to either refine the models or use as references for following predictions of the
LLM. This leads to more intricate challenges involving autonomous error correction by the LLM based on the KB or the
developer response about consistency [67], like automatically updating a piece of code to fix consistency issues with
respect to some requirements, or, at least, suggest a possible fix the developers can validate.

4.4 Human-AI Collaboration

A crucial point will be to make users (i.e., developers) understand how valuable this AI support is in reducing the manual
labour expected from them. In fact, the adoption of AI in software development is mainly thought to support developers
and speed-up the process, rater than replacing them. At the same time, the feedbacks provided by the users on LLM
predictions will be fundamental to improve the AI.



Towards Automated Knowledge Management in the Software Life Cycle 7

The performance of the LLMwill improvewith the amount of feedback from the users validating LLMs the explanations,
the knowledge extraction, and the results of the consistency checking. Similarly, the resulting improved predictions
by the LLM can reduce the human effort in the pipeline. Overall, there is a mutual cooperation and a spiral of ongoing
improvements.

5 Directions

In this section, we present the research directions we are willing to explore with the proposed approach to adopt AI for
consistency checking, which cover the integration of AI in SE (Section 5.1), the contextual learning (Section 5.2) and the
exploration of new domains for AI in SE (Section 5.3).

5.1 Bridging AI and SE

Integrating AI in the software life cycle introduces new paradigms of development, where the human developers are
empowered by an automatic tool capable of tracking the consistencywith the intended product at each stage. Nevertheless,
humans will stay at the centre of each process: AI will reduce the burden on manual labour to update and validate the
KB and at the same time humans will supervise AI. Explainability will allow transparency and trustworthiness in these
human-AI interactions.

In fact, explainability will play a fundamental role at each stage, connecting LLM predictions about consistency with
references in the artefacts and constraints violated in the knowledge base. At the same time, explanations are not only
a mean to justify an inconsistency, but also a way to improve trustworthiness in the generated knowledge to be added
in the KB by tracking the sources of the new information. However, it will always be up to humans to responsibly validate
these predictions, producing valuable feedback.

5.2 Contextual Learning

Each software project has unique characteristics that require AI to adapt as the development process continues. Themajor
takeaway from the first LLM results is howwell they can perform in-context (i.e., few-shot) learning (i) to improve task
understanding and generalisation [5, 9, 64] and (ii) to integrate additional information besides the static one memorised
in their weights [21, 40]. Moreover, through the techniques to extend model contexts [60, 76], there are LLMs capable of
processing large documents with sparse information, as shown by the results on theNeedle in a Haystack benchmark [52].

Thus, we are interested in exploiting all these capabilities to make the AI supporting the development more aware
of the current state of the project. To make the AI actually extrapolate the knowledge from the different sources, we need
to provide the information about the knowledge base and the source being processed, making the model ingest a lot of
different information. What we want to understand is how to do it practically and to which extent an approach can deal
with all this information in an end-to-end fashion, without additional support.

5.3 NewDomains

The diversity of documents scraped from the web and used to pre-train the LLMs underlying AI-based applications makes
them compatible with a huge variety of domains, whether it is document format (e.g., plain text or source code) or topics
(e.g., news or technical documents) [20]. Nowadays, thanks to the advent ofmulti-modalmodels, we can integrate different
sourcesof information.Thereareavarietyof suchmodels, includingeither closed-accessones, likeGPT orChatGPT [33, 53]
and Gemini [3, 60], or open-access ones, like DeepSeek [45, 74] and Llama [49]. In fact, state-of-the-art models can ingest
text as well as images, video and audio, extending significantly the range of domains to extract relevant information from.
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The analysis will not be limited to sequences of text coming from documents redacted by human or from source code.
Currentmodels can process video recordings ofmeetings or handwrittennoteswith sketches of architecture diagrams [18].
Moreover, experiments on theNeedle in a Haystack benchmark are showing how good LLMs are in extracting information
not only from incredibly long contexts, but from very diverse ones involving multiple modalities, making this a good
chance to gather results from real applications of long multimodal contexts processing. We found these opportunities
valuable to understand howmuch we can exploit AI to automate information extraction from rawmulti domain data
(intended as multiple source modalities, format and topics) without any preprocessing.

6 Conclusion

With this vision paper, we proposed our view on advancing the approach to software development by integrating AI
in the different steps of the life cycle. The key idea is to exploit LLMs flexibility to extract and combine knowledge from
different sources and modalities to process all artefacts generated during the life cycle with the soundness of a KB to
keep track of this knowledge and validate the consistency at each step. We expect that using AI-based tools to take care
of this laborious step will improve software quality and development speed.
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