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Role of Requirements in SE

* Requirements translate the ill-defined problem into a well-defined one that
iIs amenable for the engineering effort ganiand vadni, 2017).

* Poor requirements often propagate through the lifecycle and are major
cause of design rework, schedule delays, and cost Overruns goenm &papaccio, 1988; Peiia

& Valerdi, 2015).
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The Research Gap

Research GAP: Limited understanding of the

of
Al-assisted Requirements Engineering




Research Questions

RQ1: How well does an off-the-shelf LLM perform in evaluating requirement quality?
RQ2: How do error rates vary across INCOSE requirement quality criteria?
RQ3: How does LLM performance evolve over generations?

RQ4: To what extent does infusing expert knowledge improve requirement quality
evaluation performance?



Methodology

* Adapted from a NASA Astrobee challenge is:jnamer et al, 2023
* Implemented in an automated n8n workflow.

* Performance was evaluated in 7 metrics:

* true positives, true negatives, false positives (Type 1 Error), false negatives (Type 2 error),

accuracy, precision, and F1 score.
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Findings
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Can We Trust Off-the-shelf LLMs?
Summary Stats: Claude Opus 5 Baseline
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Can We Trust Off-the-shelf LLMs?
Criteria Specific Error Rates: Claude Opus 5 Baseline

Distribution of False Positive Rate Per Quality Criterion
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Prototype Beta 1
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M language model

* Whatis it composed of?
* A React based frontend and FastAPI based
Backend.
* Frontend Functionality:

* receives requirements, system context document
(e.g., ConOps), and API key for desired LLM.

* Communicates with back-end, provides
recommendations, and captures SME judgements
(accept, modify, reject).

 Backend Functionality:

* SE Knowledge Stack and Analysis Engine.

* APl that facilitates LLM communication.

* Long-term memory model and Data Export Module.
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Generational Claude Models vs Beta 1

Comparison of Aggregate Performance Rates between Models
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Generational GPT Models vs Beta 1
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Key Takeaways

* The role of human reviewers is not replaceable.

* A single run can be misleading.

* Performance varies significantly across quality criteria.

* We discussed our prototype and how effectively it can be integrated.
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Future Works

 Compare against commercial tools

* Infusing Expert feedback back into the prototype

e Agentic Al approach for criteria-specific intervention
* Set-level requirements quality assessment
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Methodology
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Summary Stats (Baseline VS v1)
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False Positive Rates (Baseline VS v1

Distribution of False Positive Rate Per Quality Criterion
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False Negative Rates (Baseline VS v1

Distribution of False Negative Rate Per Quality Criterion
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F1
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Bonus: Generational Trends GPT models
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Metrics

g'rue gositive rate (TPR/Recall): Among all real issues present, what fraction did the LLM correctly identify? (the more the
etter
TP

TPR = .
True negative rate (TNR): Among all non-issggsq%vnﬁaZﬁ%% igg%éllbeogg}lzgctly left unflagged? (the more the better)

TN
TNR =
o Ground Truth Total Negative
False positive rate (FPR): Among all non-issues, what fraction were incorrectly flagged? (the less the better)

FPR =

Ground Truth Total Negative
False negative rate (FNR): Among all real issues present, V}I:f]l\zlit fraction were missed? (the less the better)
FNR =

Ground Truth Total Positve

Accuracy: Out of all predictions made, what fraction were (;Ig)grec%?l\l(the more the better)
_|._

Accuracy =
Precision: Among all issues flagged by the LLM, wha‘ér tllfa-(l:_tﬂ% 7\2'_\1135‘1; e-ll_ctlfllz\:{l issues? (the more the better)

Precision =

F1 Score: Harmonic mean of Precision and Recall, balancing ﬁo-lthiIrJl a single metric. (the more the better)
2 X Preciston X Recall

Precision + Recall
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Artificial Intelligence to the Rescue?

* Requirements have been an early AI4SE research target mostly
since they are expressed in natural language

Supervised/Unsupervised ML

Rule'based NLPS [Fabbrini et al. 2001] [Kurtanovi¢ and Maalej 2017; Zhao et al. 2021

~1980s - 1990s ~2000s
Ambiguity and vagueness detection Classification and Prediction based on
Useful for subtasks human-labeled data
Limited due to extensive fine-tuning SVMs for boundaries, CNNs for patterns

Limited due to dependency on large
labelled sets, cross domain extensibility

LLMs and Agentic Al ‘
, Arora et al. '24, Norheim et.al. ‘24, Massoudi and Fuge
25) Transformer-based Models
~2020s

~2010s
Transformers and transfer learning, pre-

GPTs, RAG, Agentic Al..
Context awareness and task specialization

Limited due to stochasticity and lack of trained self-attention architectures, BERTs
interdisciplinary knowledge, fundamentally Limitation token limits and context
some form of extrapolation awareness, mostly classification tasks with

Slide 36 :
high accuracy
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