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The object of this research is the process of automated testing of application programming interfaces (API) in systems developed fol-
lowing Agile and DevOps approaches, where requirements are heterogeneous, frequently changing, and represented in various formats:
from formal OpenAPI specifications to textual documentation (Confluence). The problem addressed is the absence of an architectural
mechanism for systematic integration of heterogeneous requirements sources and for decoupling requirements interpretation from test
generation. Specification-oriented approaches fail to incorporate business rules from textual sources, covering only 70-80% of speci-
fication content. LLM-based approaches are unstable: repeated runs with identical prompts yield test sets differing by 20-40%, with
coverage standard deviation reaching £12%.

AL-driven orchestration architecture is proposed, comprising a coordination layer O, requirements-processing agents A, and a protocol-
independent unified requirements representation R. The test generation process is formalized as T = G(O(A(S))), where S denotes the
set of requirements sources and G the deterministic test generation algorithm. The key property of the architecture is isolation of the

stochastic LLM component at the agent level, guaranteeing reproducibility of the test set T for any fixed R.

Verification was conducted through a comparative experiment on a REST API service with 5 endpoints and 12 business rules. API
coverage: 88-92% vs. 72-78% (specification-based) and 55-82% (LLM-based). Standard deviation: £2% vs. £3% and £12%. Repro-
ducibility: 0.97 vs. 0.95 and 0.62. Maintenance: 15-20% modified tests vs. 60-70% and 40-55%.

The proposed architecture targets software development teams practising API-First Development and Documentation-Driven De-
velopment. Results are applicable to Agile/DevOps environments with frequently changing requirements.
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1. Introduction

Modern software systems are increasingly being developed us-
ing Agile and DevOps approaches, which involve short development
cycles, continuous integration (CI), and continuous improvement of
functionality. Software engineering exploratory methods [1] and code
review practices [2] confirm the increasing complexity of quality assur-
ance in such environments. This approach allows to reduce the time to
market and respond quickly to frequent changes. At the same time, this
approach significantly complicates software quality assurance, because
traditional manual testing does not scale with the pace of system devel-
opment, and test suites need to be constantly updated with each release.
Given the complexity of such development approaches, automated test-
ing has become an integral part of modern software engineering [3, 4].
Among the different levels of testing, API (Application Programming
Interface) testing occupies a special place. Unlike user interface tests,
APT tests are more stable, less sensitive to changes in the presentation
layer, and integrate well into CI/CD pipelines (Continuous Integra-
tion/Continuous Delivery) [5]. In modern thin-client architectures,

where the main business logic is implemented on the server side, the
API acts as the main contract between system components [6] — this
turns API testing into a key mechanism for checking functional cor-
rectness. The theoretical basis for this work is formed by two general
sources: the work [3] with the systematization of coverage criteria and
test design techniques, and the ISTQB syllabus [7], the terminology of
which is used in the formalization of the generation algorithm. The ar-
chitectural principles of REST (Representational State Transfer) are de-
scribed in [5], and in [6] it is shown that in microservice systems it is the
API that becomes the main contract between components. The general
state of research in the field of Al (artificial intelligence) applications in
testing is analyzed in [4], and the issue of maturity of testing processes
is analyzed in [8]. A detailed analysis of each direction is given below.

Specification-driven testing is the most common approach to
API test automation [3, 9]. Test scenarios are generated directly from
formal interface descriptions — OpenAPI or Swagger — by analyzing
endpoints, request and response schemes, parameter constraints and
expected status codes. The advantages of this approach are determin-
ism and suitability for regression testing. Recent publications [3, 9]
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demonstrate that specification-driven approaches provide coverage of
70-80% of the requirements present in the specification. For example,
the RESTTESTGEN tool [10] confirms the effectiveness of black-box
approaches based on OpenAP] for testing nominal and error scenarios,
but remains limited by the content of the formal specification. If the
OpenAPI specification defines the age parameter as an integer without
additional restrictions, and the text documentation contains the rule
"age >18 years', the specification generator will not generate a nega-
tive scenario for "age <18 years'. In addition, supporting the new API
description format requires significant rework of the generator [3, 11].
Model-Based Testing (MBT) involves building an abstract model of
system behavior from which test scenarios are automatically gener-
ated [11, 12]. In the context of API testing, such models are represented
in the form of state transition graphs or decision tables. Formally, the
MBT process is described as a mapping

M: Sys — Tests, (1)

where Sys — a formal model of the system (state graph, decision table,
etc.), and Tests — a generated set of test cases.

In [11, 12] it is shown that MBT provides a systematic explora-
tion of the state space and can theoretically achieve full coverage for
systems with a finite number of states. However, practical applicabil-
ity is limited by the complexity of maintaining models. In an Agile
environment, where requirements change every week, adding a new
system state requires manual updating of the entire model, which is
controversial in CI/CD environments. Rule-based approaches par-
tially automate this process, but remain tied to specific templates [11].
At the same time, approaches based on random testing [13, 14], al-
though not requiring a model, have limited theoretical efficiency com-
pared to deterministic techniques.

According to some publications [15], in 67% of specification-
based approaches, manual model updates take from 4 to 12 hours per
sprint — that is, from 10 to 30% of the QA (Quality Assurance) teams
time is spent not on testing, but on supporting the test infrastructure.
It is this practical indicator that serves as a quantitative justification for
the need for automatic updating of the requirements representation.

ML (Machine Learning) methods are widely used to optimize test
processes: test prioritization, defect prediction, and anomaly detection
in API responses [4, 9]. The general model of the ML approach is de-
scribed as a function f: D_train — Predictor, where D_train is historical
test execution data and defects, and Predictor is a trained classifier that
prioritizes tests or predicts the probability of a defect.

The practical application of ML in testing demonstrates an increase
in the efficiency of defect detection, which is confirmed both by com-
parative studies of REST API tools [9] and by generalizing reviews of
the use of AI (Artificial Intelligence) in testing. In particular, clustering
methods allow to automatically detect anomalous patterns of API re-
sponses that indicate regression defects [4]. However, ML approaches
require a significant amount of high-quality training data and often
require complete retraining when changing the system architecture.
It is significant that ML copes well with the optimization of existing
tests, but cannot create them from scratch. This fundamentally distin-
guishes ML from the problem solved in this article. The emergence of
LLM (Large Language Model) has opened up a qualitatively different
level of possibilities for generating tests directly from unstructured
documentation [16]. Unlike previous approaches, LLMs are able to
semantically analyze text descriptions and generate test cases without
formal specifications.

Study [16] using the ChatUniTest framework based on GPT-4
demonstrates that LLMs are able to generate functionally correct tests
for 65-75% of the described scenarios. And some recent studies [17]
show that with structured prompt engineering, the quality of gener-
ated tests approaches that of manually written ones. However, when

reruns with identical contexts, test sets differ by 20-40% due to the
probabilistic nature of generation. The standard deviation of coverage
reaches £12%, which is critical for CI/CD environments where repro-
ducibility is a mandatory requirement.

LLMs also lack a mechanism for formal consistency between dif-
ferent sources of requirements, for example, if a business rule is de-
scribed in Confluence, and a parameter constraint is in OpenAPI, the
model may take into account only part of the information or generate
conflicting tests.

Of particular note is the class of approaches based on RAG (Re-
trieval-Augmented Generation), which gained significant popularity
in 2023-2025. In the RAG architecture, LLM is supplemented by an
external knowledge base, where relevant document fragments are
extracted by semantic similarity and passed into the model context
along with the query. RAG significantly improves the quality of LLM
generation compared to the conventional context approach, since rel-
evant fragments increase the accuracy and reduce the "hallucinations’
of models. However, RAG retains a fundamental limitation of LLM
approaches, test generation remains a probabilistic function of LLM.
If repeated calls are made with an identical context, the test sets differ
due to the stochastic nature of autoregressive generation. Even with
parameters that regulate the operation (temperature = 0), different ver-
sions of models or changes in the prompt give different results.

The fundamental architectural difference of this work from RAG
is as follows. In RAG, extracted document fragments are transferred
directly to the context of the LLM, which generates tests, then the LLM
performs two functions at the same time, it interprets requirements and
generates tests, which makes determinism impossible.

To summarize, RAG approaches do not solve the problem of de-
terminism of test generation, since they retain the direct dependence
of tests on the probabilistic result of the LLM. In addition, RAG does
not have a mechanism for formal reconciliation of contradictions be-
tween different sources of requirements — this gap is considered in the
following sections.

All this allows to argue that it is advisable to conduct research de-
voted to an architectural mechanism that would systematically integrate
heterogeneous sources of requirements and separate their interpreta-
tion from deterministic test generation.

The object of research is the process of automated API testing in
software systems developed using the Agile and DevOps approaches.

The subject of research is architectural methods and algorithms for
integrating heterogeneous sources of requirements for deterministic
generation of test scripts in CI/CD environments.

The aim of research is to develop architecture of Al-driven orches-
tration of automated API testing, which provides deterministic inte-
gration of heterogeneous sources of requirements and reproducible
generation of test scripts in CI/CD environments.

To achieve the aim, the following objectives are set:

1. To develop a formal model of Al-driven orchestration architec-
ture and verify whether it increases API coverage.

2. To develop and implement a deterministic algorithm for
generating test scripts based on a unified representation using test de-
sign techniques.

3. To conduct a comparative experiment to quantitatively test the
research hypotheses regarding coverage, stability, and maintenance effort.

2. Materials and Methods

2.1. Research questions and research methods

The following research questions are tested within the framework
of research:

- RQ1 - does a unified representation of requirements increase

the completeness of API coverage compared to approaches that use

asingle source;

=

TECHNOLOGY AUDIT AND PRODUCTION RESERVES — No. 3/2(89), 2026



ISSN-L 2664-9969; E-ISSN 2706-5448

INFORMATION AND CONTROL SYSTEMS:
INFORMATION TECHNOLOGIES )

- RQ2 - does an intermediate representation reduce the variabil-

ity of test generation results compared to LLM approaches;

- RQ3 - does the proposed approach reduce the complexity of test

support during the evolution of requirements.

Four scientific methods were used to solve the tasks set. Each of them
is applied at a specific stage of the research and has its own justification.

Analysis and comparison were used at the literature review stage.
Existing approaches to automated API testing are quite diverse: speci-
fication, model, ML, LLM, RAG. Without their systematization, it is
difficult to show where exactly the scientific gap is located and why it
requires an architectural, rather than an algorithmic, solution.

Formalization and mathematical modeling were needed when de-
scribing the architecture. The proposed composition T = G(O(A(S)))
and the proof of Property 1 require a strictly formal notation. A verbal
description does not allow to verify that the same input always gener-
ates the same output. Other methods of proving determinism (em-
pirical, statistical) are not suitable for this task, because they show only
a high probability of coincidence, but not its guarantee.

System design was applied in the development of four-level archi-
tecture. Decomposition into agents, an orchestration layer, arepresenta-
tion Rand an algorithm G is a design solution, and it requires the defi-
nition of interfaces between levels, responsibilities of each component
and rules for their interaction. Without this, it is impossible to ensure
the extensibility of the system to new types of sources of requirements.

The experimental method was chosen to test hypotheses. The met-
rics C(T), o, R_rep and M_maint contain a stochastic component - the
behavior of the LLM agent during repeated launches. It is impossible to
predict o or R_rep analytically, so 20 independent runs and statistical
processing of the results are required.

2.2. Tested system and experiment setup

To verify the proposed approach, a public REST API service
was used that implements CRUD (Create, Read, Update, Delete)
over domain-level entities (Table 1). The service was developed in
Python/FastAPI and deployed in a Docker container. The choice of
the system is due to its typicality for modern backend architectures.

Table 1
API endpoints used in the experiment
Method Endpoint Description Parameters
GET /api/resources List of objects | page, limit, filter
GET /api/resources/{id} | Object by ID id (UUID)
POST /api/resources Create object | name, value, type
PUT /api/resources/{id} | Update object | id, name, value
DELETE | /api/resources/{id} | Delete object id (UUID)

Hardware and software environment of the experiment. Ex-
perimental runs were performed on a MacBook Air laptop with an
Apple M3 processor (8-core CPU (Central Processing Unit), 10-core
GPU (Graphics Processing Unit), 16-core Neural Engine) and 16 GB
of RAM. Operating system — macOS Tahoe 26. Software: Python 3.11,
FastAPI 0.104, Docker 24, pytest 7.4, OpenAl Python SDK (Software
Development Kit) 1.3, openapi-spec-validator 0.7, pydantic 2.5, scikit-
learn 1.3 (for calculating TF-IDF and cosine similarity). External ser-
vices: OpenAl API (model gpt-4-0125-preview, parameters: tempera-
ture = 0.1, seed = 42, max_tokens = 2048).

This experiment uses a subset of two requirements sources

S ={S_spec, S_doc}, (2)

where S_spec — the OpenAPI 3.0 specification (5 endpoints, 18 para-
meters, 24 response schemes); S_doc - the text documentation (12 busi-

ness rules, including value constraints, validation rules, and inter-pa-
rameter dependencies). Three business rules are present only in the
text documentation and are absent from the specification - this pro-
vides differentiation of approaches. In the current research, work with
two main requirements sources was verified; the issue tracker analysis
agent (S_issues) is part of the proposed architecture and will be verified
in further researches on larger industrial systems.

Three approaches were compared. Specification: T'= G_spec(S_spec) -
test scripts are generated exclusively from OpenAPI. LLM approach:
T = G_LLM(S_doc) - tests are generated by LLM (GPT-4) from the
text context S_doc with an identical prompt in each of the 20 runs.
Proposed: T'= G(O(A(S))) - tests are generated from the unified rep-
resentation R = O(A(S)).

2.3. Evaluation metrics

Four metrics are defined to answer RQ1-RQ3. The first met-
ric, C(T), is the API coverage (%), which is the ratio of the number
of functional requirements covered by at least one scenario to the
total number of requirements. Requirements are defined as the in-
tersection of the contents of S_spec and S_doc (42 unique functional
requirements). o - the standard deviation of C(T) and is calculated
over 20 independent runs; it characterizes the stability of the ap-
proach. R_rep - the reproducibility, which is the proportion of test
scenarios that are reproduced in all 20 runs (from 0 to 1). M_maint —
the maintenance effort (%): the proportion of tests that required
manual modification after three control changes to the requirements,
such as:

a) adding a new parameter constraint;

b) changing a business rule;

¢) adding a new endpoint.

3. Results and Discussion

3.1. Formal model of AI-driven orchestration architecture

A systematic analysis of five approaches shows that each of them
solves only part of the problem of automated API testing. Specifica-
tion-oriented approaches provide determinism, but are limited by the
content of the formal specification. Model-oriented approaches are
systematic, but not suitable for frequent changes. ML methods opti-
mize existing tests, but do not generate new ones. LLMs are flexible,
but unstable. The results of the comparisons of the approaches are
presented in Table 2.

The identified scientific gap is the lack of a formalized orchestra-
tion architecture that would systematically integrate heterogeneous
sources of requirements, formalize extracted fragments into a protocol-
independent representation, separate the interpretation of require-
ments from test generation, and guarantee reproducibility in CI/CD.
A comparative analysis of the approaches is given in Table 2.

The formal statement can be presented in the following way. Let
the set of API requirements sources

S=1{S1, S5 S, ()

where each §; can be an OpenAPI specification, a page in Confluence,
a ticket in Jira, or a user story. It is necessary to construct a set of test
scenarios

T={ti by i 4)

The simplest approach is a direct mapping @: S — T, when the
test generator works directly with the source sources. In practice, this
doesn't work well: the sources have different formats, some of the busi-
ness rules are implicit in the text, and the generator either ignores them
or interprets them differently each time it is run.
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Table 2
Comparative analysis of existing approaches to automated API testing
Approach Requirements Source Source Integration Generation stability Support Intensity CI/CD suitability
Specification OpenAPI No High (+3%) High (60-70%) High
Model-based Formal model No High Very High Low
ML optimization Historical data No Medium Medium Medium
LLM approach Text documentation Partial Low (£12%) Medium (40-55%) Low
RAG approach Multiple sources Partial Low (£10-15%) Medium (35-50%) Low

To solve this problem, instead of a direct mapping, the process is
broken down into three sequential steps

T = GO(A(9))), (5)

where A — agents, each of which processes its own source of require-
ments; O — an orchestration layer that collects the results of the agents
together, eliminating duplication and contradictions; R = O(A(S)) - an
intermediate unified representation of the requirements, which no
longer depends on the format of the input sources; G — a deterministic
algorithm that generates tests exclusively from R.

The meaning of such decomposition is in the separation of respon-
sibility. All the "fuzziness” associated with the interpretation of the text
and the work of the LLM is concentrated at the level of agents A. Start-
ing from the level R, the process becomes fully deterministic: the same
R always generates the same set of tests 7.

Stabilization property (Property 1). If G is deterministic with respect
to R, then for any two sets of sources S and §" containing semantically
equivalent information, the result of test generation will be the same.

Proof. Let Sand S"describe the same API, but in different formats —
for example, S contains the OpenAPI specification, and S’ - the same
information in the form of text documentation. Since agents A and
orchestration layer O normalize both sets to a single structure, there is

O(A(S)) = O(A(S") =R (6)

And since G - a deterministic mapping R — T, let's get T'= G(R) in
both cases. In practice, this means that when changing the documen-
tation format (for example, transferring requirements from Wiki to
Confluence), the set of generated tests does not change — provided that
the content of the requirements remains the same.

The proposed architecture consists of four functional levels, each of
which corresponds to a separate function in the test generation process.
The general scheme of the architecture is shown in Fig. 1.

Level 1 - Requirements processing agents. Each agent specializes in
processing a specific type of requirements and is an independent com-
ponent of the system. For example, the specification analysis agent pro-
cesses OpenAPI/Swagger data, extracts endpoints, HTTP (HyperText
Transfer Protocol) methods, parameters, data types, status codes. The
documentation analysis agent applies NLP (Natural Language Process-
ing) methods to detect business rules and constraints in text sources.
The application of NLP techniques to improve API testing is investigated
in some works [18] and confirms the promising nature of this approach.
This agent is implemented using the GPT-4 API with a structured
JSON (JavaScript Object Notation) prompt (temperature = 0.1, seed = 42
for reproducibility) that returns an array of {entity, constraint_type,
value, source_sentence} objects. The following issue tracker analysis
agent extracts edge-cases and non-functional constraints from Jira or
GitHub Issues. This modularity of agents ensures extensibility, so that
adding a new type of requirement source only requires implementing
anew agent without changing the rest of the architecture.

Architecture of Al-driven orchestration of automated API testing

Level 1 - Requirements sources

OpenAPI/ Text

documentation
S _doc

Swagger
S_spec

l Level 2 Agents

Documentation
agent
a_doc(S_doc)

Specification
agent
a_spec(S_spec)

l Level 3 - Orchestration

Issue tracker

(Jira)

S _issues

Extension
agent
an(S n)

Issue tracker
agent
a_issues(S_issues)

Orchestration layer O(-) — aggregation, deduplication, conflict negotiation, formulation

Level 4 - Representation

R = O(A(S))
v

Unified representation of requirements: R = O(A(S)) [endpoints, parameters, constraints, business rules, edge-cases]

Level 5 - Generation

Generation algorithm G(R)

Test scenarios

T = G(O(A(S)))

Fig. 1. Architecture of Al-driven orchestration of automated API testing 7' = G(O(A(S)))
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Layer 2 - Orchestration layer. Coordinates the work of agents and
performs aggregation of requirement fragments. Eliminates duplica-
tion of the same endpoint from different sources. Reconciles conflicts
between sources using a "strict constraint takes precedence” strategy.
Forms a single data structure.

Running agents in parallel reduces the total execution time from
90 to about 47 seconds, but makes it more difficult to handle conflicts,
for example, agents can simultancously return conflicting constraints
for the same parameter. In the implemented prototype, this problem
is solved by priorities in the orchestration layer, where the specifica-
tion agent always finalizes its output before the merge begins, which
provides a stable basis for agreement.

Level 3 — Unified requirements representation. This is a structured
protocol-independent representation containing a list of endpoints;
query parameters (type, mandatory, constraints); expected responses
for each scenario; business rules from text sources; edge-cases from
issue trackers. Formally, R = O(A(S)).

Level 4 — Test generation algorithm. It applies classical test design
techniques (equivalent decomposition, boundary value analysis, and
negative scenario generation) to the structured requirements represen-
tation received from the orchestration layer.

3.2. Deterministic algorithm for generating test scenarios based
on a unified representation of requirements

The representation R is essentially a structured JSON document
that contains everything that agents have extracted from different
sources. Both the completeness of test coverage and the possibility of
deterministic generation depend on its organization. In the current
implementation, R consists of five components.

The first component is a list of endpoints

E={ey,e,.... 05} (7)

In this statement, each endpoint is described by a triple (method,
path, description) and for each endpoint, input parameters and ex-
pected responses are specified. The second component is the para-
meter description, which is denoted by P. It will record the type of
values (string, integer, boolean), the mandatory nature of values, the for-
mat (email, date-time, regex), and numeric or string constraints (min/ max,
minLength/maxLength). The third component includes RS response
schemes: what structure and what fields the server returns for each
status code. The fourth includes business rules

BR = {bry, brs, ..., bry}. (8)

The choice of such a format instead of, for example, OpenAPI is
due to the fact that OpenAPI is focused on the description of the inter-
face and does not provide for business rules of the type "the client’s age
must be over 18, if the type of operation is a loan". Because OpenAPI is
focused on the description of the interface, and it does not provide for
business rules of the type "the client’s age must be over 18, if the type
of operation is a loan". In R, such rules are a full-fledged component.
Unlike unstructured text, which is usually fed into the LLM context,
R has a fixed schema and is therefore subject to deterministic processing
by the G algorithm.

It is also worth noting four properties that were built into the
R structure, namely protocol independence (the same format for REST,
GraphQL (Graph Query Language), gRPC (gRPC Remote Procedure
Calls)), extensibility (a new type of requirement is simply a new com-
ponent, without changing existing ones), determinism (the same set of
requirements always gives the same R), and traceability (each element
of Rstores a link to the source from which it was extracted).

The full cycle from input sources to finished tests is described step

by step below.

At the input of the system - S = {S_spec, S_doc, S_issues} - specifi-
cation, text documentation, and data from the issue tracker. The output
is a set of test scenarios T = {t, b, ..., t}.

First, the sources are processed, all sources are processed in parallel.
Each agent g; receives its source S, then analyzes it (syntactically in the
case of OpenAPI, semantically in the case of text documentation). After
processing, a set of structured fragments of requirements F; = a,(S;) is
formed. Parallel launch allows to speed up the process, and in this case
the specification agent works in fractions of a second. At the processing
stage, the documentation agent waits for a response from GPT-4 for
up to 40 seconds, and there is no point in executing them sequentially.

In the second step, the orchestration layer O enters. It collects the
results of all agents F = UF; and performs two operations. The first
is deduplication (if two fragments describe the same thing - Jaccard
similarity over 0.8 - one remains) and performs conflict reconcilia-
tion (if the specification says "age > 0', and the documentation says
"age > 18, the stricter constraint wins). The result will be a formed
representation of the requirements R = O(F).

Step 3. Formation of test conditions. At this step, test conditions are
formed: for each parameter p € R, the class of equivalent values EC(p),
the boundary values

BV(p) = {min - 1, min, min + 1, max - 1, max, max + 1}, 9)

and the unacceptable values IV(p) [3, 17] are determined.

Step 4. Generation of test scenarios. For each test condition TC, one
or more scenarios are formed

T=G(R) =Uft;| 1;« TC}. (10)

Step 5. Preparation for execution. The scenarios are serialized in-
to the format of HTTP requests or automated tests for pytest/JUnit.
An artifact for the CI/CD pipeline is generated.

A prototype of the proposed architecture was implemented as part
of the experiment. The specification analysis agent is implemented as
a Python module using the openapi-spec-validator library for schema
validation, plus pydantic for structure parsing. For each endpoint, the
agent generates a structured description with method, path, required
and optional parameters, data types and constraints, response schemes
for all status codes. The text documentation analysis agent is implemented
using the GPT-4 API (gpt-4-0125-preview) via a structured prompt
with forced JSON output (response_format: {type: "json_object"}). In
the prompt, the model receives the role of an "API business rule extrac-
tor" and a rigidly specified response format. To help the model better
understand what is expected of it, two examples are also added to the
prompt: a fragment of the documentation text and the corresponding
JSON format. At the output, for each found rule, the agent returns an
object with the following fields: entity, endpoint, constraint_type (one
of value_range, required_if, forbidden_if, format), value, confidence,
and source_sentence. The last field — source_sentence — stores the
original sentence from the documentation, which allows to check where
this rule came from if necessary. The confidence field plays a filtering
role: the orchestration layer rejects everything below 0.7 - such rules
are considered unreliable. To reduce the variance between runs, tem-
perature is set to 0.1 (not 0, because some API versions behave unpre-
dictably when zero), seed is fixed at 42, max_tokens is limited to 2048.
The orchestration layer is written as a separate Python service. Inside,
it does three things. First, the aggregation module collects the results
of all agents, then groups them by pair (entity, endpoint) - that is, all
fragments related to one endpoint fall into one group. Next, the de-
duplication module checks whether there are any repetitions among
the collected fragments. The check is two-stage: first, a fast filter by
Jaccard-similarity of tokens with a threshold of 0.8 filters out obviously
repeating fragments, after which TF-IDF (Term Frequency - Inverse
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Document Frequency) cosine similar-
ity is calculated for the pairs that passed
the filter. If it exceeds 0.85, the fragments
are considered duplicates, one of them
is removed. The two-stage method was 80
chosen to reduce computational costs —

Jaccard works on raw tokens and is

100

75.1%

cheap, while TF-IDF requires the con- & 97
)
struction of a vector representation, &
therefore it is applied only to candidates %
. 8 40-
that passed the first filter. Finally, the
conflict reconciliation module handles
cases where different sources say dif- oy

ferent things about one parameter. The
rule is simple: the stricter restriction
wins. For example, the specification 0!

API coverage, C(T) (%)

90.2%

. Specification
allows age > 0, and the documentation P

says "client must be of legal age” - Rwill
have the restriction age > 18.

The G algorithm is a regular Python script without any LLM calls.
It runs through R, builds equivalence classes, boundary values, and
invalid combinations for each parameter, and writes the result as py-
test files with parameterized tests. The entire cycle T = G(O(A(S)))
for the experimental system (5 endpoints, 18 parameters) is executed
in 47-63 seconds. Of these, about 40 seconds are spent waiting for
a response from GPT-4 in the documentation agent. The rest — speci-
fication parsing, orchestration, and actual test generation — takes less
than 10 seconds.

3.3. Comparative experiment: verification of research hypotheses

3.3.1. API coverage by test scripts (RQ1)

The results of the assessment of API coverage by test scripts for
20 independent runs for each approach are given in Table 3.

Table 3
API coverage by test scripts (7 = 20 runs)
ot |t Dt [ e T
Specification 72 78 75.1 3
LLM approach (GPT-4) 55 82 683 12
Proposed 88 92 90.2 2

The specification-oriented approach provides a stable but lim-
ited coverage of 72-78%. The limitation is due to the fact that 3 out
of 12 business rules are present exclusively in the text documenta-
tion and are not reflected in the OpenAPI specification. The LLM
approach shows significant variability: 55-82%. Under favorable con-
ditions (quality context), the coverage can exceed the specification
approach, but the instability makes it practically unsuitable for CI/CD.
The proposed approach provides 88-92% due to the integration of both
sources of requirements into a single R representation.

The difference between the proposed approach and the specifica-
tion approach (88-92% vs. 72-78%) is explained by the inclusion of
business rules from the text documentation via the S_doc processing
agent. The coverage does not reach 100% due to implicit limitations
in the documentation that were not detected by the NLP agent in the
current implementation.

RQ1 - an increase of 13-17 percentage points of coverage rela-
tive to the specification approach and up to 37 pp. relative to the LLM
approach proves: the integration of heterogeneous sources through R
fundamentally expands the area of test generation. The result is shown
in Fig. 2.

LLM approach Proposed

Fig. 2. Comparative analysis of experimental study results (7 = 20 runs): API coverage, C(T) (%)

The 15 percentage point increase in coverage compared to the
specification approach is explained by a specific reason: three out of
twelve business rules were contained exclusively in the text documenta-
tion S_doc and were not reflected in the OpenAPI specification at all.
It is their extraction by the NLP agent and inclusion in the R represen-
tation that forms the difference between 75.1% and 90.2%. This is not
a random result — it confirms the well-known practical problem that
formal specifications in real projects do not cover all aspects of business
logic [6]. Tools such as RESTler [19] and EvoMaster [20] demonstrate
good results within the specification, but do not have a mechanism for
working with non-formalized sources. Zhang & Arcuri’s review [15]
directly points to this as a systemic gap in most REST API testing
approaches — and it is this gap that the proposed architecture closes
through a unified R representation.

3.3.2. Stability and reproducibility of test generation (RQ2)
The results of the stability and reproducibility assessment of test
generation are given in Table 4.

Table 4
Stability and reproducibility of test generation (z = 20 runs)
Minimum | Maximum
Approach o,1% R_rep | number of | number of
tests tests
Specification +3 0.95 47 52
LLM approach (GPT-4) | =12 0.62 31 58
Proposed +2 0.97 64 69

The LLM approach is characterized by significant instability:
o = +12%, reproducibility - only 0.62. This means that with each run
approximately 38% of the tests are new. For a CI/CD pipeline, where
a predictable result is expected, this is not suitable. The specification
approach, on the contrary, is stable (o = £3%, R_rep = 0.95), but it
generates fewer tests — because it works with only one source.

The proposed approach showed o = £2% and R_rep = 0.97. It
is important to explain where these £2% came from if the algorithm
G is fully deterministic. After running the tests, the logs of all 20 runs
were analyzed, from which it follows that the variability concerns three
specific business rules, which are formulated ambiguously in the docu-
mentation — with conditional constructs like "may be required if....
The documentation agent sometimes treats them differently at differ-
ent runs, and this leaks into R Algorithm G is useless here because it
works the same way every time R is the same. So, the way to o = 0% is
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to standardize prompts for such ambiguous constructs, which is a very
specific engineering task.

RQ2 - o reduction by a factor of 6 (from £12% to £2%) and R_rep
increase from 0.62 to 0.97 (Fig. 3).

The obtained result is explained not by "better settings’, but by the
architectural solution. When tests are generated directly from LLM, the
whole process is stochastic: the model chooses a different generation
path each time, even at temperature = 0. In the proposed approach,
LLM is involved only in agents — it extracts business rules and writes
them in a structured format. Then the orchestrator forms R, and the
algorithm G generates tests from R without any reference to the model.
That is, R works as a "wall" between the stochastic part (agents) and the
deterministic part (test generation) — this is the essence of Property 1
in practice.

Reproducibility R_rep
10

0.95

0.8 1

0.6 1

P

R_re

0.4

0.2

0.0~

representation of R requirements, after which the test scripts are gen-
erated again automatically. Manual modification (17.7% on average)
applies only to tests with tight dependencies on specific implementation
details not covered by R.

RQ3 — the reduction in the proportion of tests requiring manual
updates from 65.7% to 17.7% - by a factor of 3.7 - reflects the practi-
cal value of decoupling between requirements sources and test scripts
through R. A comparative analysis is presented in Fig. 4.

The value of 15-20% of tests that required manual updates after
three control changes to requirements is not only a better number com-
pared to 60-70% and 40-55%. There is a specific mechanism behind
this indicator, for example, in traditional approaches, a test is rigidly
tied to its source and any change in the specification cascades out of
date the tests. In the proposed approach, the only place of change is
the R representation, after which the
full set of tests is automatically regen-
erated. Manual intervention remains
only where the tests had tight depen-
dencies on implementation details that
go beyond the scope of R.

The above results were obtained
under the following assumptions: S_spec
and S_doc are filled in by the team con-
scientiously — contradictions between
them occur, but they are unintentional.
Itis possible to rely on GPT-4 with tem-
perature = 0.1 and seed = 42 as a source
with acceptable spread - not determin-
istic, but £2% variability for our task is
tolerable. The Jaccard 0.8 and TF-IDF
0.85 thresholds were empirically se-

0.97

Specification LLM approach

Fig. 3. Comparative analysis of experimental results (7 = 20 runs): reproducibility R_rep

It should be noted that the limitation: R_rep = 0.97 means that 97%
of tests syntactically coincide between runs. The experiment did not
test whether different tests do not test the same thing — that is, they are
not semantic duplicates. This is a separate issue that requires a semantic
equivalence metric, and it is planned to develop it in further research.
As for the practical side, "flaky” tests that run only once are a known
problem in microservice environments [11]. Reducing o by a factor of
six means that a significant part of such instability disappears automati-
cally, without manual intervention by the team.

3.3.3. Test maintenance effort
when changing requirements (RQ3)

To assess the maintenance effort,
three control changes to the require-
ments were introduced into the system:

1) adding a new parameter con-
straint value: min = 0;

2) changing the business rule for
the POST operation;

3) addinganew endpoint PATCH/
api/resources/{id}. For each approach,
the proportion of test scripts that re-
quired manual modification was calcu-
lated (Table 5).

In the specification approach,
a change in requirements directly af-
fects the specification structure and re-

80
60-70%

Modified tests (%)

Proposed lected for this specific documentation

corpus. Perhaps on another project they
will probably need to be recalibrated.

Table 5
Labor intensity of test support when requirements change
Change 1: | Change 2: | Change 3:
Approach new para- | new rule, | new end- Average, %

meter, % % point, %

Specification 62 70 65 65.7

LLM approach 45 55 40 46.7

Proposed 18 20 15 17.7

Maintenance effort, M_maint (%)
15-20%

Specification

quires extensive modification of tests.
In the proposed approach, the change

in requirements is reflected in a unified

LLM approach

Proposed

Fig. 4. Comparative analysis of experimental study results (7 = 20 runs):

maintenance effort, M_maint (%)
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A separate issue is the style of the documentation itself. The research
used texts where business rules are formulated in the form of "if-then’,
which is typical for technical requirements. If the team maintains the
documentation descriptively, without explicit conditional constructs,
the NLP agent will produce a worse result — this is not a defect of the
architecture, but due to the limits of its applicability. Similarly, the whole
idea makes sense only on condition that the documentation is actual-
ly updated together with the code - in teams where it lags behind the
implementation for years, generating tests from it makes no sense at all.

As for the limitations of the experiment itself, the main one is scale.
Five endpoints and two sources of requirements are a working mini-
mum for testing the hypothesis, but far from industrial. The behavior
of the architecture on systems with 50+ endpoints was not tested in
this research; the protocol-independence of R gives reason to hope
that the effect will persist, but until there is an experiment, this is just
a hypothesis. Similarly to GraphQL and gRPC, the issue tracker analysis
agent S_issues is built into the design, but is not involved in the experi-
ment — it requires a real project with an accumulated ticket history, not
a synthetic bench. The last limitation is the use of a single LLM model -
gpt-4-0125-preview. Other models have different stochastic behavior,
and the confidence threshold of 0.7, which it is possible to use to filter
out rules, would have to be selected separately for each of them.

The proposed architecture can be integrated into the CI/CD pipe-
line as a separate pipeline stage between the requirements gathering
and test execution stages.

Each commit to the repository will trigger a pipeline that in turn
triggers agents that automatically analyze the current requirements
sources: S_spec is updated from the Git repository, S_doc is updated
via the Confluence API or a similar interface. The orchestration layer
generates the current R, and the algorithm G generates an updated test
suite 7. The entire cycle is performed within 2-5 minutes for a medium-
sized API (5-20 endpoints) and is presented in Fig. 5.

The approach is particularly useful for teams practicing
DDD (Documentation-Driven Development) or API-First Develop-
ment, where documentation and specifications are updated synchro-
nously with code. A typical workflow looks like this. At the sprint plan-
ning stage, an analyst updates the text documentation in Confluence by
adding a new business rule. A developer updates the OpenAPI speci-
fication by adding a new parameter. When the code is uploaded to the
repository, the CI/CD pipeline automatically triggers an update of the
R representation. Unlike the traditional approach, where a tester manually
examines changes and updates tests, in the proposed approach, human
intervention is required only to verify the correctness of the saved tests.

Organizationally, the proposed architecture is close to the architec-
tures of multi-agent systems (MAS, Multi-Agent System), where several
specialized Al components jointly solve the testing problem. Similar solu-
tions are considered in reviews of Al applications in software testing. The

key difference is in the interaction model: in classic MAS, agents com-
municate directly and may have conflicting goals, while in the proposed
architecture; agents process their sources of requirements independently,
without direct communication with each other. All coordination is per-
formed by the orchestration layer, which makes the system behavior more
predictable. The similarity with SOA (Service-Oriented Architecture)
and microservices [6] is manifested in the decomposition of the system
into independent components with clearly defined interfaces. However,
unlike microservices, agents in the proposed architecture are not autono-
mous services — they are managed by the orchestration layer and do not
have their own state between runs, which allows the system to be easily
deployed as a stateless component of the CI/CD pipeline.

3.4. Limitations and directions for further research development

The results obtained have applicability limits that are important to
consider — both in the practical implementation of the architecture and
in its further theoretical development.

Limitations of the methodology. The architecture assumes that the
team fills in S_spec and S_doc conscientiously: discrepancies between
them occur, but are unintentional. GPT-4 with temperature = 0.1 and
seed = 42 was used as a source with an acceptable spread - not fully
deterministic, but with a variability of £2%, which is tolerable for the
task at hand. The Jaccard 0.8 and TF-IDF 0.85 thresholds were selected
empirically for a specific corpus of documentation; on another project,
they will most likely have to be recalibrated.

Limitations on the documentation style. The experiment used texts
where business rules are formulated in the form of "if-then" — this is
how most technical requirements are written. If the team maintains
documentation descriptively, without explicit conditional constructs,
the NLP agent will produce a worse result - this is not a defect in the
architecture, but a consequence of what it knows how to work with.
Moreover, the idea itself makes sense only when the documentation
is updated together with the code. In teams where it lags behind the
implementation for years, generating tests from it makes no sense at all.

Limitations of the experiment. Five endpoints and two sources of
requirements are a working minimum for testing a hypothesis, but far
from the industrial level. How the architecture will behave on 50+ end-
points is not tested in the current research. The protocol-independence
of R gives reason to hope that the effect will persist, but until there is an
experiment, this is just an assumption. The same applies to GraphQL
and gRPC. The issue tracker analysis agent S_issues is included in the
architecture design, but is not used in the experiment: its verification
requires a real project with an accumulated ticket history. And lastly,
there is only one LLM model in the experiment, gpt-4-0125-preview.
Other models have different stochastic behavior, and the confidence
threshold of 0.7, which is used to filter out unreliable extracted rules,
would have to be selected separately for each of them.

Integrating orchestration architecture into CI/CD pipeline

parse spec parse doc

Git Agent
Commit S_spec

Agent
S _doc

Code Push OpenAPI diff NLP extract

build R

Test
execution

Generation
G(R)

Orchestration

R=0(A(S) T=G(R)

Test execution report — Automaticaily update R on next launch

0 ~30s

~1.5 min

~30s

Total CI/CD pipeline execution time: 2-5 minutes

Fig. 5. Integrating orchestration architecture into the CI/CD pipeline
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Priority areas for further research are:

- expansion of the architecture to support GraphQL and gRPC;
- standardization of agent prompts to eliminate residual variabil-
ity of £2%;

- assessment of scalability on systems with 50 + endpoints;

- development of a semantic reproducibility metric instead of
a structural one;

- verification of the issue tracker analysis agent (S_issues) on in-
dustrial systems.

4. Conclusions

1. A formal model of Al-driven orchestration architecture
T = G(O(A(S))) is developed and the stabilization property (Property 1)
is proven: a deterministic algorithm G, working with a unified repre-
sentation of requirements R, generates identical tests regardless of the
format of the input sources. The reproducibility R_rep = 0.97 confirms
this property in practice.

2. The generation algorithm G is implemented as Python script. It
receives R as input and automatically builds equivalence classes EC(p),
boundary values BV(p) and unacceptable values IV(p) for each pa-
rameter. The result will be pytest files with parameterized tests. In the
experiment, the algorithm provided coverage within 88-92%, this is
at o = £2%. For comparison, let’s take the LLM approach, which gave
o = £12% - that is, our result is six times more stable. This difference
is not a coincidence, but a direct consequence of the fact that G works
with a fixed R and does not refer to the language model.

3. A comparative experiment (20 independent runs) confirmed all
three research hypotheses. The proposed approach provides coverage
of 88-92%, which is higher than 72-78% of the specification approach
and 55-82% of the LLM approach. In terms of reproducibility, the orches-
tration approach has 0.97 against 0.95 and 0.62. In terms of maintenance
complexity, the result is 15-20% of tests that required manual updating
after changes in requirements. Compared to the same 60-70% in the
specification approach and 40-55% in LLM. The last indicator, the most
important from a practical point of view, namely a 3.7-fold decrease in test
maintenance. This means that after typical changes in requirements (new
parameter, new business rule, new endpoint), the team needs to manually
correct only every fifth or sixth test, not two-thirds of the set.
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Use of artificial intelligence

Al model and version: GPT-4 API (gpt-4-0125-preview, OpenAl).

Where exactly was Al used: Section 3.2 — as part of the text docu-
mentation analysis agent, which is a technical component of the imple-
mented prototype of the proposed architecture.

What exactly was done using Al tools: The GPT-4 API was used to
structure business rules from text documentation sources into a unified
R requirements representation format (an array of JSON objects). Call
parameters: temperature = 0.1, seed = 42, max_tokens = 2048.

How the results provided by Al were verified: All 12 business
rules extracted by the agent from the text documentation were manu-
ally verified by comparing them with the source text. Rules with con-
fidence <0.7 were rejected by the orchestration layer. The correctness
of the final set of rules was confirmed in 20 independent runs of the
comparative experiment (R_rep = 0.97).

As a result, Al influenced the conclusions of the research: the
Al component is the direct object of the research, not the means of
conducting it. The isolation of the stochastic LLM component at
the agent level and its separation from the deterministic algorithm
G is a key architectural contribution of the work, verified quantita-
tively (R_rep = 0.97, 0 = £2%).
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