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Abstract

A potential application of LLMs in SE is the production of sets of requirements for a particular problem. In
this paper, we survey how researchers evaluate the quality of requirements generated by LLMs and assess
the adequacy of such approaches. Particularly, we show that metrics traditionally employed to evaluate the
similarity of LLM-generated artifacts against ground truths do not perform well for requirements. The
underlying reason is that similarity ought not to be achieved on the textual output but on the problem space
captured by the requirements.
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Nomenclature

R requirement, expressed in natural language
S set of technical solutions that are associated with a requirement
E vector embedding of a requirement

1. Introduction

The emergence of Large Language Models (LLMs) is reshaping the way in which activities are
conducted in a wide variety of industries, and Systems Engineering (SE) is not an exception. The literature
in the last couple of years shows significant interest in using LLMs for SE, including Requirements
Engineering (RE) [1] [2] [3], and tool vendors have begun to integrate LLMs for RE and system modelling
in their products and services [4] [5].

The applications of LLMs for RE are varied and range from the creation or transformation of
requirements (e.g., elicitation from stakeholders, retrieval from past documentation, structuration in
documents or models) [6], to their analysis (classification, prioritization, tracing to artifacts, relation
extraction, quality evaluation) [7] and verification [8]. Due to the stochastic nature of LLMs, the lack of
decision explainability, possibility of hallucination, inability to deal with nhumbers properly, and a lower
knowledge base for underrepresented technical fields [9], understanding the accuracy (the goodness) of
the requirements generated by LLMs seems important.

The valuation of SE artifacts generated by LLMs often relies on classical metrics from the Natural
Language Processing (NLP) field, particularly on the usage of semantic similarity metrics with text
embeddings [10]. These metrics establish similarity between texts in a numerical scale, typically from 0 or
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-1 (indicating no similarity) to 1 (indicating maximum similarity). If a ground truth or a gold standard text
exists, the model-generated text can be compared to the standard and scored numerically with these
metrics. The appeal of semantic similarity metrics lies in their conceptual simplicity and their ready-to-use
implementation in popular Machine Learning (ML) and NLP code libraries. This is likely why they have
become one of the go-to methods for evaluation of LLM-produced text.

However, we argue that the goal when producing requirements is not to achieve textual similarity but
similarity in the problem spaces that requirements capture [11] [12]. That is, two sets of requirements R,
and R, are similar when they produce, respectively, equivalent spaces of solutions S; and S,; that is, every
solution in S1 exists in S2 and vice versa. We suspect that this interpretation of similarity is not respected
by semantic similarity metrics and, therefore, using such metrics to evaluate the performance of an LLM to
provide requirements does not yield an accurate evaluation of the LLM’s performance.

To investigate this, we performed an experiment in which, for given sets of requirements that had known
similarity or lack thereof in the problem spaces they capture, we evaluated the level of similarity assessed
by a widely used semantic metric.

2. Background
2.1. Quality or accuracy measurement of requirements

The literature reveals three main approaches to evaluating requirements generated by LLMs (ref. Table
1): (1) (human) expert evaluations, (2) lexical similarity metrics, and (3) semantic similarity metrics.
Approaches that leverage similarity metrics are automated and require a gold standard or ground truth
requirement to which the evaluated requirement is compared.

Reference Category Description Evaluation method
[13] Manual Human-Al methodology to generate new system requirements | Human, assessing
from a set of initial requirements, leveraging GPT-1 and GPT-2 requirements as relevant or
not relevant
[14] Manual Comparing the quality of requirements created by ChatGPT to | Human, 5 experts
those created by human experts assessing requirements in
six qualities from 0 to 10
[15] Manual Framework leveraging ChatGPT to produce stakeholder, | Human, expert evaluation
functional, and quality requirements; and as system specifications | on binary quality questions
[16] Manual Pipeline of LLMs (GPT API) and prompts to generate safety | Human, experts answering
requirements for autonomous driving from a list of updated items | 10 binary questions
[17] Manual Generating a Software Requirements Specification with a GPT-4 | Human, grading 8 different
LLM qualities from 0 to 5
[18] Manual Agentic framework with different LLMs for Requirements | Human, 3 master’s
Engineering tasks including elicitation and specification students score 3 qualities
from 0 (bad) to 2 (good)
[19] Automated | Summarizing requirements from contractual obligations with GPT- | Lexical similarity metrics:
& Manual 3, including model fine-tuning ROUGE
Human requirement
grading on 5 metrics from 1
to 5
[20] Automated | Recommending the next token to complete a requirement | Lexical similarity metrics:
description, leveraging GPT-2 ROUGE
[21] Automated | Integrating generic systems engineering models with LLMs to | Semantic similarity
improve natural language requirements generation metrics: cosine similarity
with word embeddings
[22] Automated | Identifying conflicts between requirements in System | Semantic similarity
Requirements Specifications, using sentence embeddings metrics: cosine similarity
with BERT and TFIDF
embeddings




[23] Automated | Using process models and LLMs as inputs to the requirements | Semantic similarity
engineering process metrics: cosine similarity
with BERT embeddings
[24] Automated | Framework to integrate semantic textual similarity with | Semantic similarity
requirements and system models metrics: cosine similarity
with all-MiniLM-L6-v2
embeddings
[25] Automated | Using LLMs and system models to generate System | Semantic similarity
Requirements Specifications, Product Breakdown Structures and | metrics: cosine similarity
Interface Control Documents with word embeddings

Table 1: Review of the literature: works about Al-based requirement creation or transformation, and methods used for evaluation.

Human expert evaluations pose some threats to validity, as research has shown variability in the opinion
of experts when evaluating SE artifacts, often away from the ground truth [26] [27].

Lexical similarity metrics consider the frequency and sometimes the position with which words appear
in two different sentences [28] [29]. These metrics are deemed at evaluating syntax correctness, looking at
tokens and their expected arrangement, and they may only capture semantics or text meaning incidentally.

Semantic similarity metrics assess how closely two texts convey the same meaning. According to
existing literature, researchers typically transform text into vector embeddings and calculate cosine
similarity [30]. In this paper, we examine the potential limitations of using semantic similarity metrics for
comparing requirements (i.e., those generated by large language models (LLMs) versus gold standard
requirements). These limitations have not been addressed in the literature yet.

2.2. Semantic similarity measurements

To assess the semantic similarity between two texts (in our case, requirements), modern NLP practice
compares their vector embeddings [31]. These embeddings are multi-dimensional vectors of float values
that encode the meaning of a word or a sentence in natural language. For sentences, they are commonly
generated using a transformer-based neural network, which has been trained to identify the semantic
relations of words given their contextual position in the sentence. Given a system requirement of an arbitrary
length expressed in English, R, this method produces a vector embedding of fixed size n, E_R’ = [eg, ..., €n],
which is an output of the selected transformer neural network, E_R' = model(R). Typically, vector
embeddings are compared using similarity or distance metrics such as cosine similarity, cosine distance,
or Euclidean distance [31] [32].

3. Methodology
3.1. Experiment design

We have created 7 sets of requirements that represent identical problem spaces (albeit with different
formulation), completely different problem spaces (albeit with very similar formulations), and slightly
different problem spaces (with slightly different formulations). The requirements are simple enough that
determining the differences in the problem space within each set is straightforward. The semantic similarity
of each set is determined using cosine similarity and the result compared against the known differences in
the problem spaces they capture.

Seven cases are studied, each case mapping one of the sets of requirements, as shown in Table 2,
which also lists the ground truth (“real”) similarity of the corresponding problem spaces.

Case | Requirement set Description of the problem spaces “Real”
comparison similarity
1 R3. The system shall have a power consumption lower Different formulations that capture the 1 (Total)
than 100 W. same problem space.

R4. The system shall consume less than 100 W.

2 R1. The system shall have a mass lower than 100 kg. Slightly different formulations (only units of | 1 (Total)
measurement) that capture the same




R2. The system shall have a mass lower than 220.46 Ib. | problem space.

R5. The system shall have a mass lower than 220.46 Ib. | Slightly different formulations (only 1 (Total)
notation formalism) that capture the same

R6. The system shall have a mass lower than 220,46 Ib. problem space. ) P

R1. The system shall have a mass lower than 100 kg. Slightly different formulations (only 1 (Total)
changes using an abbreviated vs the

R7. The system shall have a mass lower than 100 compﬁete unitgof measurement) that

kilograms. capture the same problem space.

R1. The system shall have a mass lower than 100 kg. Slightly different formulations that capture -1 (None)

) disjoint problem spaces.
R2. The system shall have a mass higher than 100 kg.
R1. The system shall have a mass lower than 100 kg. Different formulations representing Low
. different problem spaces. (While the

R3. The system shall have a power consumption lower problem spaces are different, they may

than 100 W. lead to non-disjoint solution spaces.)

R1. The system shall have a mass lower than 100 kg. Slightly different formulations, where one R1 to R8:
of the problem spaces encompasses the Higher

R8. The system shall have a mass lower than 10 kg other. Here, fulfiling R8 implies fulfilling
R1, but not vice versa. The problem space R8 to R1:
in R8 is somewhat resembled in R1, but Lower
not vice versa.

Table 2: Cases under study.

3.2. Sentence transformer

We employed the all-MiniLM-L6-v2 sentence transformer [33], based on the BERT model, and trained
on generic corpora of Internet text ranging from Wikipedia to Stack Exchange pages. We have taken this
choice based on the popularity of the model, highly downloaded in Hugging Face [33], and prior use in the
literature [24].

3.3. Pair-wise similarity metric

We employed cosine similarity to assess semantic similarity because of its high popularity the literature
[21] [22] [23] [24]. The pair-wise cosine similarity between two embeddings takes a value between -1
(complete dissimilarity) and 1 (maximum similarity). Geometrically, it captures the Euclidean distance
between a pair of vectors. Its mathematical formulation is presented in Equation 2.

E—le Z?:oERl,iERZ,i (2)
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. . . . —_—
cosine_similarity(Egq, Er;) = cos(@m_ﬁ)

If two requirements capture the same problem space, the maximum similarity score should be obtained:
1 in this case. Conversely, if two requirements capture disjoint problem spaces, the minimum similarity
score should be obtained: -1 in this case.

We have employed cosine similarity’s implementation in the popular scikit-learn library for Python [34].

4. Results and discussion

The results are shown in Table 3. An initial look reveals two major issues semantic similarity metric.
First, it is unable to identify identical problem spaces (i.e., none of the results are 1). Second, and most
importantly, it is unable to identify strong differences in problem spaces (i.e., all results indicate high
similarity).

Case | Requirement set “Real” Cosine
similarity similarity
1 R3. The system shall have a power consumption lower 1 (Total) 0.8613




than 100 W.

R4. The system shall consume less than 100 W.

2 R1. The system shall have a mass lower than 100 kg. 1 (Total) 0.8045
R2. The system shall have a mass lower than 220.46 Ib.

3 R5. The system shall have a mass lower than 220.46 Ib. | 1 (Total) 0.9811
R6. The system shall have a mass lower than 220,46 Ib.

4 R1. The system shall have a mass lower than 100 kg. 1 (Total) 0.9801
R7. The system shall have a mass lower than 100
kilograms.

5 R1. The system shall have a mass lower than 100 kg. -1 (None) 0.9543

R2. The system shall have a mass higher than 100 kg.

6 R1. The system shall have a mass lower than 100 kg. Low 0.6121
R3. The system shall have a power consumption lower
than 100 W.
7 R1. The system shall have a mass lower than 100 kg. R1 to R8: R1 to R8:
Higher 0.9056
R8. The system shall have a mass lower than 10 kg.
R8 to R1: R8 to R1:
Lower 0.9056

Table 3: Summary of the results.

The results seem to indicate that the similarity assessment is heavily influenced by generic elements,
such as expletive particles or frequently repeated words like “system” and “shall”, unable to semantically
reason about the underlying problem space. This is particularly visible with Case 5, which obtains one of
the highest results (both requirements differ in only one word) albeit representing a set of completely
dissimilar problem spaces. The only requirements sets with a higher cosine similarity are Case 3, which
only differ in one character (a comma vs a point) and Case 4, which only differ in using ‘kg’ or ‘kilogram’ as
the unit of measurement at the end of the requirement.

Case 7 hints at the same issue, as metric is unable to capture the directionality in the requirements,
claiming that each requirement is equally similar to the other when such is not the case.

Cases 1, 2, and 6 further support this pattern, as the cosine similarity result seems to be inversely
correlated with the number of differing words.

Under these assumptions, it is curious, however, that Case 7 reports a cosine similarity below that of
Cases 4 or 5, given that Case 7’s requirements only differ in one number (10 vs 100). We do not have an
explanation for this result yet.

6. Conclusion and limitations

In this paper, we have built a simple experiment to demonstrate that pair-wise similarity metrics with
generic text embeddings do not properly capture requirements similarity. Using seven sets of requirements
expressed in natural language, we have shown that using pair-wise cosine similarity with a well-known
generic embedding model fails at trivial cases of requirements expressing identical or disjoint problem
spaces.

Given the poor performance on the selected trivial cases, we argue that these metrics are ineffective for
proper requirements comparison. This should caution against using this type of similarity metric to evaluate
LLM-generated system requirements, or, potentially, SE artifacts at large.

This work is the result of an initial exploration, and as such, it comes with a series of limitations. When
defining the experimental cases, we have not aimed at being exhaustive. Additional cases and, particularly,
larger sets of requirements, could enrich the data and evaluation.

Additionally, we have used a generic text embedding model to create the vector embeddings from the
requirement texts. We are aware that there has been work regarding the creation of specific sentence
embedding models for software engineering to assess requirements similarity [35]. These embedding



models have not been assessed due to not being publicly available. However, domain-specific embedding
models alone are unlikely to solve the fundamental issue behind the inability of effectively capturing
requirements similarity when understood from the viewpoint of problem space similarity. Indeed, research
depicts an accuracy increase of 10% compared to generic embedding models [35], which, when put into
the context of our study’s results, hardly change the overall picture.

In this paper, we have only used pair-wise cosine similarity. While this is a popular choice, other similarity
metrics with word embeddings exist. Testing a range of these metrics could yield insights on potential
behavioural differences among them, as well as hinting at overperformances or underperformances of
certain semantic similarity metrics. Yet, we also feel that the overall result will remain unchanged.

Given the poor performance of the similarity metric shown in this work, there are least hints that such a
metric alone cannot be effective. We suggest that a novel methodology is necessary to adequately
determine requirements similarity.
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