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Abstract

User Interface (UI) test automation is hampered by automation
fragility, making reliable Test Case (TC) generation a persistent in-
dustrial challenge. User manuals are a rich, semi-structured source
of end-to-end Use Cases (UCs) that existing approaches largely
overlook. Large Language Models (LLMs) can mine this source,
but single-agent pipelines suffer from context degradation and hal-
lucinations. We propose AUTOMMAS, a multi-agent system that
generates TCs from mobile device PDF user manuals in two phases:
a multimodal agent extracts UCs page by page, after which an iter-
ative loop generates one TC per UC while an independent judge
agent corrects inconsistencies before acceptance. Compared with
an Optical Character Recognition (OCR) plus LLM baseline and two
commercial LLMs (Gemini 3.5 Flash and GPT-5.5 Instant), AUTOM-
MAS attains 87% extraction validity and 97% TC acceptance, while
validating 3.6x faster than human review. These results provide
initial evidence of the viability of agent-based architectures for
automated test generation in continuous testing environments for
mobile devices.
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1 Introduction

Continuous Integration and Continuous Deployment (CI/CD) pipe-
lines in modern software engineering impose increasing demands
on Quality Assurance (QA) processes [2]. UI test automation has
historically been affected by so-called automation fragility, in which
dynamic rendering or minor structural changes in the codebase
cause widespread failures across the test suite even when the under-
lying business logic remains unchanged [4, 9]. Beyond this fragility,
manually authoring TCs remains a labor-intensive task, motivating
the search for reliable sources from which tests can be generated au-
tomatically. Mobile device user manuals represent one such source
that remains largely unexplored: they document, through natural
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language and associated screenshots, the main functional proce-
dures supported by a product, providing a natural foundation for
UCs from which TCs can be derived and bridging the gap between
high-level procedures and low-level test logic [14].

Recent advancements in LLMs offer a promising mechanism to
bridge this gap by extracting logical flows directly from natural lan-
guage descriptions [1]. However, adopting monolithic, single-agent
LLMs for end-to-end test generation introduces significant limi-
tations. Such architectures are susceptible to context degradation
when processing long documents [11] and tend to produce hallu-
cinations, generating syntactically valid yet functionally invalid
interactions, such as referencing interface elements that do not
exist in the device or assuming application states that the manual
never describes [7]. In continuous testing environments, undetected
hallucinations introduce systematic false positives, compromising
the reliability of the QA pipeline.

This work targets two well-established software engineering
artifacts. A Use Case is defined as a complete multi-step user proce-
dure aimed at a single functional goal [6]. From each UC, the system
generates a structured Test Case conforming to the five-component
schema of Black Box test documentation (Title, Summary, Initial
Setup, Steps, Expected Results), as standardized in IEEE 829 [5].

To address this challenge, we propose AUTOMMAS, a two-phase
multi-agent architecture that automates TC generation from un-
structured PDF user manuals. AUTOMMAS leverages Multimodal
Large Language Models (MLLMs) to process both the textual con-
tent and the visual UI references embedded in such manuals: a
multimodal extraction agent distills documented procedures into
structured UCs, and an iterative loop generates one TC per UC
while an independent judge agent verifies it against structural and
semantic criteria before acceptance. Beyond the architecture itself,
this work makes two methodological contributions: we separate
generation from validation through an independent iterative loop
that reduces the self-confirmation bias of single-agent approaches,
and we define a blinded QA-expert protocol to assess extraction
validity and TC quality in the absence of a formal ground truth.
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This work addresses two central research questions. RQ1 How
can a multimodal multi-agent framework be designed to automati-
cally extract UCs and generate structured, manually executable Ul
TCs from visually rich and unstructured mobile device PDF user
manuals? RQ2 How effective is an independent LLM-based vali-
dation cycle in mitigating logical hallucinations and ensuring the
functional validity of the generated TCs within such a framework?

2 Related Work

The application of Natural Language Processing (NLP) techniques to
TC generation has been extensively studied over the last decade [1,
14], and with the emergence of LLMs, test artifacts can be produced
directly from textual requirements with reduced human effort [2].
However, these works largely assume access to well-structured
requirements documents, leaving open the more challenging prob-
lem of extracting testable behaviors from unstructured mobile user
manuals combining prose, lists, and embedded UI screenshots.

The limitations of single-model pipelines have motivated multi-
agent designs in which specialized agents collaborate through
structured roles [8]. In the software testing domain, agentic LLM-
based frameworks have been applied to Behavior-Driven Devel-
opment [13] and model-based test maintenance [10]. The closest
related work introduces a multi-agent pipeline for rewriting and
standardizing existing TC compo([3]. While that pipeline focuses on
refining artifacts that already exist, our framework addresses the
upstream problem of generating structured TCs from raw, visually
rich PDF manuals, a setting that has not been explored by previous
multi-agent designs.

Logical hallucinations remain a central failure mode of LLM-
generated software artifacts [7], and recent large-scale studies on
prompt engineering for unit test generation report that these issues
persist even under carefully designed prompts [12]. Our work ad-
dresses this vulnerability from an architectural perspective rather
than solely through prompt tuning, delegating verification to an
independent and more capable judge agent.

3 Multi-Agent Pipeline

Given a PDF user manual M describing an interactive system such
as a mobile device, the objective is to automatically produce a set
of standardized TCs 7~ = {ty, . .., t,} such that each t; conforms to
the five-component schema introduced in Section 1, is traceable to
a UC explicitly documented in M, and is independently executable
by a QA tester without further consultation of M. Three properties
of real-world manuals render the task non-trivial: multimodality,
since procedures combine narrative text with Ul screenshots and
iconography that are essential to disambiguate references such as
“Tap the share icon”; length, with typical device manuals spanning
hundreds of pages and exceeding the context window or fidelity en-
velope of single-agent LLM pipelines [11]; and volatility, as manuals
are frequently revised for new product versions, leaving previously
hand-authored TC suites outdated.

AUTOMMAS addresses these requirements through a two-phase
multi-agent pipeline, illustrated in Figure 1. In the first phase, de-
voted to UC identification, a multimodal extraction agent processes
the manual page by page and distills each documented procedure
into a structured UC. In the second phase, devoted to TC generation,
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an iterative loop between a TC Generation Agent and an indepen-
dent TC Validation Agent refines the TC derived from each UC
until it satisfies a defined set of structural and semantic criteria.
The Validator operates as an LLM-as-a-judge [18] positioned as
a stronger reviewer than the Generator. Figure 2 illustrates the
end-to-end output produced by AUTOMMAS, showing a manual
page alongside its extracted UC and the resulting TC.

— — —
Phase 1 R Phase 2 R
(- — - — —

User UC Generating TC Generating TC Validator
Manual Agent Agent Agent

>,)
A z

Figure 1: Architectural overview of AUTOMMAS.

3.1 System Architecture

Each agent is assigned a model tailored to the cognitive demands
of its role. The Extraction Agent requires multimodal perception to
interpret screenshots, iconography, and callout arrows; therefore, it
employs the Qwen2.5-VL-7B vision-language model. Its compact
7B scale keeps inference cost-effective for manuals spanning several
hundred pages on a single GPU. The Generation and Validation
agents operate exclusively on structured textual data and therefore
use 70B text-only models under Q4_K_M quantization. The two roles
differ in their underlying base models: the Validator runs the newer
Llama-3.3-70B, a stronger instruction-following model than the
Generator’s L1ama-3. 1-70B, so each generated TC is reviewed by a
more capable and independent model than the one that produced it.
Table 1 summarizes the model assignments and the corresponding
hyperparameters. Temperature is fixed at zero for all agents to
enforce deterministic decoding, and token budgets correspond to
the maximum artifact lengths observed in the development set.

Table 1: Models and generation hyperparameters per agent.

Agent Model Hyperparameters

Extraction Qwen2.5-VL-7B  temp = 0; max_tokens = 1024
TC Generation Llama-3.1-70B temp = 0; max_tokens= 1024; n_ctx= 8192
TC Validation Llama-3.3-70B  temp = 0; max_tokens= 512; n_ctx = 8192

3.2 Phase 1: Use Case Identification

The Extraction Agent processes the PDF page by page, sending each
page to the Qwen2.5-VL-7B-Instruct-Q4_K_M MLLM introduced
in Section 3.1. The model receives a system prompt that defines
it as a QA automation specialist and a user prompt requesting a
structured list of all complete procedures present on the page, each
entry containing the name, description, and ordered steps. The page-
level granularity constrains each inference call to a bounded context,
mitigating the context degradation pathologies documented in LLM
architectures applied to long documents [11]. If a page triggers an
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Field Content Component  Content
et dote amd Name Connect to a hidden Wi-Fi network Title TC - Connect to Hidden Wi-Fi Network
et date and time
Change time format Description  Procedure to manually configure and Summary Verify that the user can connect the device

work.

Set date and time automatically

network.

word.

5. Tap Save.

connect the device to a hidden Wi-Fi net-

Steps 1. Open quick settings, then touch & hold
the Wi-Fi icon.
2. Below the list of networks, tap Add

3. Enter the SSID, security type, and pass-

4. Tap Advanced options and set Hidden
network to Yes.

6. Select the saved hidden network and
tap Connect if required.

to a hidden Wi-Fi network using the Set-
tings menu.

Initial Setup - Wi-Fi is enabled.
- No hidden Wi-Fi network is connected.

Steps 1. Open quick settings, then touch & hold
the Wi-Fi icon.
2. Below the list of networks, tap Add net-
work.
3. Enter the SSID (network name), security
type, check Show password and enter the
password.
4. Tap Advanced options, and change Hid-
den network to Yes.

(a) User Manual page

(b) Extracted Use Case

5. Tap Save.

6. If you were connected to Wi-Fi when
you added the hidden network, in the list
of available networks, tap the name of the
saved network, then tap Connect.

Expected Re- - The device should connect to the hidden
sults Wi-Fi network.
- The hidden network should appear in the
list of available networks.

(c) Generated Test Case

Figure 2: End-to-end example of AUTOMMAS. (a) A page from the User Manual; (b) the UC extracted; (c) the TC generated.

out-of-memory error on the GPU, the agent falls back to a text-only
inference with a reduced token budget.

A post-processing stage then eliminates redundant extractions:
UC names are normalized with respect to letter casing, an alias
table curated from the development set and available in the artifact
repository maps variants of the same procedure to a single canon-
ical name, and, within each duplicate group, the entry with the
largest number of extracted steps is retained, with ties broken by
description length. The output is a canonical and non-redundant
set of UCs.

3.3 Phase 2: Test Case Generation

Phase 2 receives the canonical set of UCs produced by Phase 1 and
generates a complete and standardized TC for each entry through
an iterative multi-agent loop comprising a TC Generation Agent
and a TC Validation Agent.

3.3.1 TC Generation Agent. The TC Generation Agent, powered
by the L1ama-3.1-70B-Instruct-Q4_K_M. gguf model, receives a
UC and produces a complete TC covering the five components in-
troduced in Section 1 (Title, Summary, Initial Setup, Steps, Expected
Results). Its prompt encodes (i) the syntactic and semantic rules
for each component; (ii) the entity-modality-outcome formulation
required for Expected Results [15]; and (iii) an atomicity constraint
mandating that each TC exercise exactly one functional scenario.
The generated TC is forwarded to the TC Validation Agent.

3.3.2 TC Validation Agent. The TC Validation Agent, powered
by the Llama-3.3-70B-Instruct-Q4_K_L.gguf model, receives
the originating UC and the candidate TC, and emits a structured
PASS/FAIL verdict for each of the four criteria, in addition to an

aggregated Overall verdict and a short actionable feedback para-
graph. Specifically, the agent verifies, for Completeness, that all
five components are present and non-empty; for Atomicity, that
the TC exercises exactly one behavior and each Step describes a
single tester action; for Clarity, that each Step and Expected Re-
sult is unambiguous, independently executable, and follows the
entity-modality-outcome pattern [15]; and for Traceability, that the
TC references the same functional objective as the originating UC
without introducing artificial Ul elements or outcomes. The Overall
verdict is the logical conjunction of the four criteria. The complete
validation prompt is available in the artifact repository.

If the Overall verdict is PASS, the TC is accepted as final. Oth-
erwise, a feedback paragraph specifying the violated criteria and
the required corrections is appended to the generation context,
and the TC Generation Agent produces a revised version in the
next iteration. The cycle repeats for a maximum of 20 iterations
per TC, after which the latest generated version is retained and
flagged for manual review; this cap bounds the worst-case cost per
TC and, as Section 5 shows, is not restrictive in practice, since all
TCs converge below it. This separation between generation and
validation responsibilities follows the reflective validation strategy
proposed by [3].

4 Experimental Setup

We evaluate the proposed pipeline using the official user manual of
the Motorola Edge 50 Neo (Global, EN-US edition)!, a publicly avail-
able PDF document of 379 pages covering the complete functional
workflows of the device. The manual is partitioned at the page level
through a stratified 70/30 split into a development set, used during

!https://en-us.support.motorola.com/app/answers/detail/a_id/179728/
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pipeline construction and prompt refinement, and a held-out evalu-
ation set, used exclusively for the experiments reported in Section 5.
A lightweight filter removes non-instructional pages, namely the
cover, table of contents, indexes, and any page with fewer than 150
characters of extractable text, since these contain no actionable pro-
cedure. After filtering, the development set comprises 260 pages and
the evaluation set 108 pages. This partitioning and page filtering
belong to the experimental design of this study and are not required
steps of the pipeline, which processes arbitrary manuals end to end.
To keep the blinded four-expert protocol feasible, since each expert
independently judges all 210 resulting artifacts, a random sample
of 30 pages is drawn from the evaluation set; these 30 pages are
processed by every Phase 1 system to produce the UCs evaluated
by QA experts, and the UCs extracted by AUTOMMAS on these
same pages are subsequently passed to every Phase 2 system to
produce the TCs evaluated in the blinded pool.

4.1 Evaluation Metrics

Following the absence of a verifiable ground truth for UCs in un-
structured user manuals, the evaluation protocol combines expert
human judgment with automated quantitative metrics.

Phase 1. each extracted UC u receives a binary label (correct/incorrect)

from each of the four QA evaluators. Let ¢(u) be the number of
evaluators who labeled u as correct. A UC is accepted under ma-
jority voting when c(u) > 3. The Extraction Validity Rate (EVR) is
defined as EVR = ﬁ Ducv ¥[c(u) > 3], where U denotes the set
of UCs extracted by the system under evaluation, i.e., the fraction
of extracted UCs accepted by a majority of evaluators, reported
with 95% Wilson confidence intervals [16].

Phase 2. TCs are assessed at two complementary levels. At the
pipeline level, three automated metrics characterize the Generator—
Validator loop: the Validator Acceptance Rate, the proportion of
TCs whose final version receives a PASS verdict from the LLM-
as-a-judge Validator; the Convergence Rate, the proportion of TCs
reaching acceptance within the 20-iteration cap and therefore not
flagged for manual review; and the Average Iterations, the mean
number of refinement cycles required until acceptance. The Valida-
tor Acceptance Rate reflects the automatic judgment and is distinct
from the human-assigned TCA defined below.

At the human level, QA experts evaluate each TC under a bi-
nary (I agree/I don’t agree) scale, both globally and per criterion.
The global judgment yields the TC Acceptance (TCA) rate, the pro-
portion of TCs accepted as a whole. The per-criterion evaluation
covers four dimensions: Completeness, indicating whether all five
TC components are present and well-formed; Atomicity, indicating
whether the TC evaluates a single functional behavior; Clarity, as-
sessing whether the Steps and Expected Results are unambiguous
and independently executable; and Traceability, verifying whether
the TC maintains an explicit link to its originating UC and corre-
sponding section of the manual. All human metrics are aggregated
by majority voting, and agreement among evaluators is reported
as the percentage of unanimous judgments.

Peralta et al.

4.2 Baselines

Phase 1 Baselines. To isolate the contribution of the multimodal
extraction strategy, AUTOMMAS is compared with three Phase 1
baselines. The first is a text-only pipeline composed of EasyOCR
for optical character recognition coupled with L1ama-3.1-70B, op-
erating on the extracted OCR text under the same system and
user prompts employed by the multimodal extraction agent. Us-
ing the same backbone as the TC Generation Agent ensures that
any observed difference is attributable to the extraction modality
rather than to the language model. The remaining two baselines are
commercial frontier systems Gemini 3.5 Flash and GPT-5.5 Instant
which receive the manual pages directly and are prompted to return
the same structured UC schema.

Phase 2 Baselines. For TC generation, AUTOMMAS is compared
with two frontier LLMs operating under a zero-shot configuration:
Gemini 3.5 Flash and GPT-5.5 Instant. Each baseline receives the
same UC input and prompt template used by the TC Generation
Agent, but generates a single TC in a one-shot manner, without
iterative validation or corrective feedback loops. Comparing with
frontier zero-shot models isolates the contribution of the iterative
multi-agent architecture from the intrinsic generative capability of
the underlying language models.

4.3 Manual Evaluation Protocol

The blinded evaluation pool comprises two independent pools, one
per pipeline phase. For Phase 1, the 30 sampled pages produce a total
of 30 X 4 = 120 UC candidates across AUTOMMAS, the OCR+LLM
baseline, Gemini 3.5 Flash and GPT-5.5 Instant. For Phase 2, the
30 UC candidates extracted by AUTOMMAS are passed to three
TC generators: AUTOMMAS itself, Gemini 3.5 Flash, and GPT-5.5
Instant, yielding a total of 30x3 = 90 TCs. All artifacts are presented
to four QA experts within randomized and blinded pools, omitting
any information regarding the originating system. Each expert
independently evaluates every artifact according to the qualitative
metrics defined in Section 4.1. The final label assigned to each
artifact is determined through majority voting.

5 Results

We organize and present the results around the two pipeline phases:
Use Case Extraction, which addresses RQ1, and Test Case Gener-
ation, which together with a Validator-Human gap analysis ad-
dresses RQ2.

5.1 Use Case Extraction

AUTOMMAS achieves an Extraction Validity Rate (EVR) of 87%,
and three observations frame this result. First, multimodal extrac-
tion decisively outperforms the text-only approach: AUTOMMAS
surpasses the OCR+LLM baseline by 11 pp while using a 7B model,
isolating the gain to modality rather than language model scale.
Second, despite relying on a substantially smaller locally deployed
7B multimodal model, AUTOMMAS slightly outperforms the com-
mercial frontier system Gemini 3.5 Flash, which achieved an EVR
of 86%.

Third, only GPT-5.5 Instant attains a higher EVR of 93%; how-
ever, it depends on a commercial API with higher per-token cost,
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whereas AUTOMMAS runs on a single GPU without usage limits
or data privacy exposure, a relevant advantage when manuals con-
tain confidential product information. The confidence intervals of
AUTOMMAS, Gemini 3.5 Flash, and GPT-5.5 Instant substantially
overlap, so the EVR ranking among these three systems should be
interpreted as indicative rather than definitive given the current
sample size, as shown in Table 2.

Regarding inter-rater consistency, AUTOMMAS achieved a 64%
unanimous agreement rate, indicating that its output does not in-
troduce greater evaluator disagreement when compared to com-
mercial systems such as Gemini 3.5 Flash and GPT-5.5 Instant. The
OCR+LLM baseline, with a unanimity rate of 33%, systematically
produces ambiguous or borderline UCs, indicating that the inferi-
ority of the unimodal approach extends beyond what EVR alone
suggests.

Table 2: Phase 1: Use Case extraction accuracy per system.
EVR is the proportion of extracted use cases judged correct
by majority vote of four QA evaluators.

System EVR 95%CI % Unanimous
Gemini 3.5 Flash  86% [70, 94] 63%
GPT-5.5 Instant  93%  [79, 98] 66%
AUTOMMAS 87% [70, 95] 64%
OCR+LLM 76%  [59, 88] 33%

5.2 Test Case Generation

As can be seen in Figure 3a, Phase 2 provides the most conclu-
sive evidence supporting the proposed architecture. AUTOMMAS
achieves a TCA of 97%, while Gemini 3.5 Flash and GPT-5.5 Instant
achieve 93% and 73%, respectively. This difference is notable given
that these are widely deployed commercial models, optimized for
latency and cost, operating under the same prompt template as the
AUTOMMAS generation agent and differing only in the absence
of an iterative correction loop. This result constitutes direct evi-
dence that the multi-agent validation architecture provides a quality
advantage that the intrinsic generative capability of a single-step
model cannot replicate.

Inter-rater consistency reinforces this difference: AUTOMMAS
reaches 63% unanimous agreement among the four evaluators, com-
pared with 42% for Gemini 3.5 Flash and 40% for GPT-5.5 Instant,
as reported in Table 3. The higher unanimity indicates that the TCs
accepted from AUTOMMAS are not only approved more frequently,
but are also less ambiguous to evaluators.

The internal dynamics of the Generator—Validator loop are pre-
sented in Figure 3b. Approximately 50% of the TCs are accepted in
Iteration 1 without refinement, while the remaining cases enter the
feedback loop and are rapidly accepted throughout Iterations 2-10
as the Generator incorporates the Validator’s feedback. All TCs con-
verge before Iteration 18, well below the 20-iteration cap, so most of
the quality improvement concentrates in the early iterations while
the loop cost remains bounded.
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Table 3: Phase 2: TC acceptance per system. TCA is the pro-
portion of generated TCs accepted under a global judgment
by majority vote of QA evaluators.

System TCA 95%CI % Unanimous
AUTOMMAS 97% [83,99] 63%
Gemini 3.5 Flash  93%  [79, 98] 42%
GPT-5.5 Instant ~ 73%  [56, 86] 40%

5.3 Validator-Human Gap Analysis

The criterion-level comparison between the LLM-based Validator
and the human evaluators reported in Table 4 reveals a system-
atic increase in disagreement as the subjective complexity of the
criterion grows. Traceability presents the smallest gap of 3.3 pp,
indicating that the semantic correspondence between the generated
TC and the source UC can be automatically validated with high
reliability. In contrast, the gaps increase to 10.0 pp for Complete-
ness, 13.3 pp for Clarity, and 16.7 pp for Atomicity, showing that
the Validator tends to accept structurally correct or linguistically
fluent TCs even when human experts consider them insufficiently
precise or functionally over-composed. The largest discrepancy in
Atomicity demonstrates that determining whether a TC exercises
exactly one functional behavior remains a challenge for LLM-based
validation without stronger negative examples or expert-guided
constraints. Overall, the residual global gap of 6.7 pp between au-
tomatic and human validation suggests that fully unsupervised
deployment may still produce false positives in complex scenarios.

Regarding evaluation time, Table 5 reveals that human assess-
ment of the Phase 2 outputs remained relatively similar across sys-
tems, with Gemini 3.5 Flash requiring 25.9 s, AUTOMMAS 27.4 s,
and GPT-5.5 Instant 31.9 s per TC. The longer evaluation time for
GPT-5.5 Instant correlates with its lower TCA of 73%, since identi-
fying and justifying defects requires greater cognitive effort than
validating correct outputs. In the gap analysis, AUTOMMAS au-
tomatic validation achieved a median time of 8.7 s compared to
31.7 s for human evaluation, representing a 3.6X acceleration. While
human evaluation time increases with annotation complexity and
procedural difficulty, particularly for advanced workflows such as
biometric enrollment or security settings, the automatic Validator
maintains constant execution time regardless of TC complexity,
eliminating fatigue and inter-evaluator variability.

Table 4: Gap analysis: per-criterion acceptance of AUTOM-
MAS TCs by human evaluators, compared with the LLM Val-
idator. The gap is expressed in percentage points (pp).

Criterion AUTOMMAS Manual 95%CI Gap (pp)
Traceability 100% 97% [83,99] 3.3
Completeness 100% 90% [74,97] 10.0
Clarity 100% 87%  [70,95] 133
Atomicity 100% 83% [66, 93] 16.7
Overall 100% 93% [79, 98] 6.7
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Phase 1: Use Case Extraction Phase 2: Test Case Generation

Phase 2: AUTOMMAS vs QA Experts
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Figure 3: Evaluation results of AUTOMMAS.

Table 5: Median time per TC (seconds). TC Evaluation reports
the human evaluation time for each system. The gap analysis
compares, for AUTOMMAS only, human evaluation time
versus automatic validation time.

TC Evaluation  Gap Analysis (AUTOMMAS)

System Manual (s) Manual (s)  Automatic (s)
Gemini 3.5 Flash 25.9s — —
AUTOMMAS 27.4s 31.7s 8.7s
GPT-5.5 Instant 31.9s — —

6 Limitations and Threats to Validity

Threats to validity were structured following the classification pro-
posed by Wohlin et al. [17]. In terms of internal validity, the pri-
mary threat concerns the consistency of human evaluation, since,
although the criteria were formally defined, their application still
requires qualitative judgment, particularly for Atomicity and Clar-
ity. Unanimity rates between 40% and 63% reveal disagreements
among evaluators in a substantial fraction of the analyzed TCs.
Additionally, evaluator fatigue may have affected attention during
later stages of the process.

Regarding external validity, the evaluation was limited to a single
user manual belonging to an Android device and written in English,
which restricts the generalization of the results to other contexts,
domains, or languages. Two architectural limitations also constrain
the current results. The pipeline enforces a one-to-one mapping
between UCs and TCs, whereas standard test design derives multi-
ple TCs from a single UC to cover alternative and exception flows;
the generated suites may therefore omit such scenarios, and the re-
ported metrics do not measure functional coverage over the manual
as a whole. In addition, UCs hallucinated during Phase 1 propagate
to Phase 2, where the Validator, which does not access the source
manual, cannot detect them. Concerning construct validity, the
EVR and TCA metrics rely on expert judgment due to the absence
of a formal ground truth. Finally, conclusion validity is limited by
the sample size used in the evaluation.

7 Conclusions

This paper presented AUTOMMAS, a multi-agent pipeline for the
automatic generation of TCs from unstructured mobile device PDF
user manuals. Regarding RQ1, multimodal understanding of UI
screenshots and graphical annotations proved essential for accurate

extraction, as demonstrated by the 11 pp EVR advantage over the
OCR+LLM baseline obtained with a substantially smaller 7B model.
Regarding RQ?2, iterative corrective validation constitutes the main
architectural factor driving quality: AUTOMMAS achieved a 23 pp
TCA advantage over GPT-5.5 Instant under the same prompt
template, with approximately 50% of the TCs accepted without
refinement and the remaining cases converging in early iterations,
while automatic validation ran 3.6 faster than human evaluation
with constant execution times regardless of TC complexity. These
findings are scoped to the evaluated context of a single English-
language Android device manual.

In practical terms, the generated TCs are documentation-level ar-
tifacts intended for direct manual execution by QA testers and as a
structured intermediate representation for subsequent test script au-
tomation. Automatic validation still diverges from expert judgment
by 6.7 pp overall, with the largest discrepancy in Atomicity: many
manual pages describe procedures without delimiting where one
functional behavior ends and the next begins, leading the extrac-
tion agent to merge adjacent actions into UCs that propagate into
non-atomic TCs, which the Validator, lacking an external reference
for behavioral granularity, accepts as structurally fluent. As future
work, we plan to evaluate generalization across manuals from other
manufacturers, platforms, and languages; to assess additional model
configurations for each agent role, both as replacements and as com-
plementary alternatives; to relax the one-to-one UC-TC mapping
toward covering alternative and exception flows; and to execute
the generated TCs in device automation environments, measuring
how structural quality relates to runtime execution behavior.
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