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ABSTRACT
Generative Artificial Intelligence (GAI) has transformed non-
interactive audiovisual production, impacting creative work-
flows and media generation. This study maps the scientific
literature on GAI in audiovisual production (2022-2025),
identifying applications, challenges, and impacts. A System-
atic Mapping Study was conducted using IEEE Xplore and
ACM Digital Library, following PICOC and established SMS
guidelines. The results highlight dominant technologies, ap-
plication areas, evaluation practices, and ethical concerns, as
well as methodological gaps and future research directions.
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1 INTRODUCTION
Audiovisual production has undergone transformations driven
by the evolution of digital technologies and the increasing
incorporation of Artificial Intelligence (AI) techniques in
different stages of the creative pipeline, from narrative con-
ception to editing and post-production processes. Intelligent
systems have been used to support tasks involving perception,
learning, and content generation, expanding possibilities for
creation and automation [37].

Recent advances in generative models based on deep neu-
ral networks have significantly expanded the capabilities
of automated digital media generation, including images,
videos, and texts with high levels of quality and realism
[9, 19, 25, 36, 42]. In parallel, the development of large lan-
guage models (Large Language Models - LLMs) and genera-
tive systems has expanded creative automation practices and
multimodal production, impacting contemporary audiovisual
creation processes and their adoption in industrial and cre-
ative sectors [3, 14, 17, 20]. Market projections reinforce the
urgency of this topic: the generative-AI market is projected to
reach US$109.37 billion by 2030, with an expected compound
annual growth rate of 37.6% between 2025 and 2030 [20].
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These technologies have altered traditional audiovisual
workflows by accelerating iterative creative tasks and lower-
ing the barrier to content generation, integrating GAI into
professional and semi-professional practice through story-
board generation, synthetic voice, AI-assisted editing and
prompt-based animation [5, 10, 17]. The same adoption has in-
tensified debates over authorship, creative authenticity, labor
transformation, algorithmic bias, deepfakes, dataset opacity
and aesthetic homogenization, particularly where synthetic
content becomes difficult to distinguish from human-created
media [16, 43].

Despite the rapid expansion of this field, current research
remains highly fragmented across technical, creative, indus-
trial, and ethical perspectives. Different studies frequently
focus on isolated aspects of audiovisual generation, such as
visual fidelity, narrative automation, editing assistance, or eth-
ical implications, without providing an integrated overview of
how GAI technologies are being operationalized throughout
non-interactive audiovisual production pipelines [15, 33, 43].

Given this scenario, it is necessary to understand how the
scientific literature has investigated the use of Generative
Artificial Intelligence (GAI) in non-interactive audiovisual
production. Unlike immersive environments or electronic
games, non-interactive audiovisual comprises works in which
the narrative and information flow are linear and predefined,
without the viewer exercising agency or control over the
unfolding of the content, as occurs in movies, documentaries,
short films, and traditional animations. Therefore, this paper
presents a Systematic Mapping Study (SMS), conducted
according to consolidated guidelines in the field, with the
objective of identifying applications, challenges, impacts, and
gaps present in recent scientific production on this theme
[26, 35].

Searches were run in IEEE Xplore and the ACM Digital
Library, yielding 60 primary studies from 667 records.

The work was guided by the following research question:
“What are the applications, challenges, and impacts of the use
of GAI tools in the generation of non-interactive audiovisual
content?”. The importance of this study lies in the need to
organize and systematize knowledge in a field that presents
accelerated growth and profound transformations.

The results evidence the growth of research on GAI ap-
plied to audiovisual, the diversity of technical and creative
approaches, and the presence of methodological limitations
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and ethical challenges related to authorship and automated
content production. Beyond reporting frequencies, this study
contributes through: (i) a deliberately computing-centered
mapping (IEEE Xplore and ACM Digital Library) to charac-
terize how software and AI research is operationalizing GAI
in non-interactive audiovisual pipelines; (ii) an integrated
analysis that jointly considers technical choices, evaluation
practices, and ethical/human impacts; and (iii) cross-variable
synthesis to identify convergences and gaps between model
families, application stages, and validation strategies. These
contributions help consolidate the state of the art and sup-
port future investigations into the responsible adoption of
GAI in audiovisual production.

2 THEORETICAL BACKGROUND
2.1 The Audiovisual Ecosystem
The term audiovisual designates any medium that simul-
taneously combines visual and sound elements to convey
a message, narrative, or aesthetic experience [8], and over
the last century the field has consolidated into a complex
industry spanning cinema, television, advertising and digital
media [43]. For the purposes of this mapping, its products are
divided into two categories according to the agency granted
to the viewer. In interactive audiovisual, exemplified by dig-
ital games and virtual reality, the engine renders images
dynamically in response to the user’s decisions, so the nar-
rative has no fixed duration and the outcome may vary. In
non-interactive audiovisual, the exclusive object of this re-
search, the progression is linear [18]: films, television series,
short films, music videos and advertising pieces, in which the
viewer is receptive and creative agency belongs entirely to
the director and the production team, who fix in advance
each framing, the duration of each scene and the order of
events.

This linearity imposes extreme rigor: because the viewer
cannot control the camera, any continuity error, lighting
failure or break in temporal coherence between consecutive
frames destroys immersion. It is precisely this demand for
temporal stability that makes integrating AI into the sector
such a complex computational challenge [48].

Linear production follows three phases [18]: pre-production,
covering scriptwriting, concept art, storyboards and animatics,
which fix visual identity and pace before any camera rolls;
production, the material-capture phase and the most expen-
sive in personnel and resources; and post-production, which
stitches the fragments into the linear narrative through edit-
ing, Visual Effects (VFX), color grading and sound design.

2.2 Fundamentals of GAI
While traditional audiovisual work relies on capturing the
physical world or on manual modeling, GAI proposes a dif-
ferent paradigm. A subfield of machine learning [37], it is
synthetic rather than analytical: instead of merely detecting
patterns, it maps the statistical structure of large pre-existing
corpora and uses that knowledge to create novel content from
scratch [16].

Three architectural families underpin this evolution. Gen-
erative Adversarial Networks (GANs), proposed in 2014, pit
a generator against a discriminator in a competition that
improved visual realism, though they remain hard to control
and prone to instability and artifacts in complex sequences
[19, 25]. Transformers, from 2017, rely on attention to capture
long-range context and enabled few-shot, natural-language-
driven interaction, becoming the basis of prompt-based tools
[3, 14, 42]. Diffusion models, which iteratively denoise ab-
stract static into an image, are now the state of the art for
visual generation, surpassing GANs in quality and allowing
style and composition to be steered via guidance without
retraining [9, 36].

The public release of ChatGPT at the end of 2022 was the
decisive inflection point for popularization, making Transformer-
based models directly accessible to a general audience [3] and
consolidating a prompt-centred paradigm of human-machine
interaction that shaped the text-to-image and text-to-video
tools that followed [10].

2.3 Applications of GAI in the Audiovisual
Pipeline

With the maturation of diffusion models and transformers,
generative tools ceased to be an experiment and began to in-
filtrate the traditional workflow of non-interactive production,
though unevenly across phases [18].

Pre-production is where these technologies arrive first,
with AI-assisted script analysis already informing greenlight
decisions [43], and it absorbs them most easily because it is
the experimental phase, where small visual inconsistencies
are often welcomed as inspiration. Language models assist
screenwriters in overcoming creative blocks, structuring nar-
rative arcs and formatting texts [10], while image generators
produce concept art of settings, costumes and colour palettes
in seconds, and visual platforms automate storyboards, replac-
ing hours of manual illustration with sketches that dictate
the camera composition to be filmed later [1].

Shooting suffers the least direct interference, since it de-
pends on the physical presence of light, actors and settings;
its main intersection with GAI is neural rendering, which al-
lows scenes to be relit computationally after capture, without
a physical re-lighting setup [11].

Post-production concentrates both the greatest promise of
automation and the greatest technical challenges [18]. GAI
works well as point assistance: upscaling the resolution of old
footage, removing unwanted objects and cleaning captured
audio noise far more effectively than classic digital tools [22];
accelerating rotoscoping, one of the most exhausting manual
tasks in cinema, through models that track the contours
of complex subjects [12]; and cloning actors’ voices so that
mispronounced words can be corrected without recalling the
cast to a dubbing studio [6]. Full automation, such as the
autonomous generation of long scenes from text commands
alone, still faces severe limitations in this phase [48].
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3 RELATED WORK
Recent literature shows a growing body of studies on the use
of GAI in audiovisual production, especially after the popu-
larization of models capable of generating images, videos, and
automated narrative content. Different reviews have sought
to organize this field, focusing on narrative, operational, or
ethical perspectives.

Tiwari et al. [41] present a review focused on the use of
deep learning approaches for deepfake detection. The main ob-
jective was to analyze media security and integrity techniques
and identify effective models for distinguishing synthetic con-
tent from real content. The results highlight the evolution
of convolutional neural networks on this task, while the gap
they foreground is generalizability: sustaining accuracy across
datasets, not only the training one. Unlike this work, which
focuses on the process of creating and applying GAI, the re-
view concentrates exclusively on security and the containment
of technological abuses.

Franco Lazarte et al. [15] conducted a systematic review
on the transformation of audiovisual storytelling under AI.
Its central conclusion is a paradox: although the technology
promises innovation, the reviewed literature shows its cur-
rent use tending to reproduce nostalgic and retro aesthetics
rather than create original ones. Although that review of-
fers a profound analysis of narrative, this mapping differs by
adopting a technical-industrial focus, prioritizing the char-
acterization of technological architectures and operational
challenges (such as computational cost and visual fidelity) in
the specific domain of non-interactive production.

Orak and Turan [33] carried out a systematic review ana-
lyzing 21 studies retrieved from the Web of Science, ERIC,
Taylor & Francis, Education Full Text EBSCO and ScienceDi-
rect databases, with the objective of identifying the benefits
and limitations of AI in digital video production. Its corpus is
centred on AI-generated educational and instructional video,
grouped into clusters such as efficiency and time saving, au-
tomatic editing and subtitling, and it concludes that the
potential of AI is not yet efficiently harnessed. The present
work instead uses IEEE Xplore and the ACM Digital Library
and targets non-interactive audiovisual production, so the
two are complementary.

Voinea [43] addresses the creative implications and ethi-
cal challenges of GAI, focusing on issues of authorship and
copyright. Proposing the Algorithmic Auteur framework, it
concludes on three dynamics: an efficiency/homogenization
nexus, in which predictive logic favours derivative content;
labour agreements as emerging algorithmic governance; and
a rights-based European regulatory model diverging from
a market-driven American one. While that study engages
in a predominantly theoretical and ethical discussion, this
SMS proposes a unified analytical structure that integrates
these ethical challenges into technical applications and their
practical impacts on the audiovisual production pipeline.

Other reviews add that, because generative systems are
trained on large-scale historical corpora, optimizing for statis-
tically recurrent patterns may reduce stylistic diversity and

favour derivative outputs over genuinely disruptive experi-
mentation [15, 18, 43].

Within WebMedia itself, recent editions have addressed
adjacent problems. Martins et al. [32] automate the genera-
tion of 3D sign-language animation from machine-translated
input, a case of fully generated linear audiovisual output pro-
duced for accessibility, and Santos et al. [38] map LLM-based
tools supporting usability, accessibility and user-experience
activities, a secondary study methodologically parallel to
ours. Neither addresses the audiovisual production pipeline
as such, which is the gap this mapping occupies within the
symposium’s own agenda.

Taken together, prior studies provide relevant but still
fragmented coverage: some emphasize detection and media-
security issues, others focus on narrative and cultural/ethical
implications, and others discuss digital video production
in instructional contexts [15, 33, 41, 43]. In contrast, our
study narrows the domain to non-interactive audiovisual
production, uses a computing-centered corpus, and jointly
analyzes six dimensions in a single mapping: application
targets, model families, evaluation methods, technical lim-
itations, ethical/creative concerns, and industrial/human
impacts. This sharper comparative positioning clarifies that
our contribution is not only cataloging studies but also con-
necting technical and socio-creative evidence within a single
analytical frame.

4 RESEARCH METHOD
This SMS was conducted following the guidelines in [26, 35].
The objective of this study, defined according to the GQM
(Goal-Question-Metric) paradigm [2], consists of analyzing
the use of GAI, with the purpose of characterizing appli-
cations, challenges, and impacts, from the perspective of
researchers and professionals in the field, in the context of
non-interactive audiovisual production.

The main question is the one stated in Section 1. To answer
it, seventeen sub-questions (SQ1-SQ17) were defined, two of
which were decomposed into two conditional sub-items each
(SQ4.1 and SQ4.2 under SQ4; SQ8.1 and SQ8.2 under SQ8),
totalling twenty-one extraction fields, detailed in Table 1.

Residual aggregate categories are reported explicitly rather
than suppressed, because in some sub-questions they are
among the largest, as in the residual cluster of SQ7 with 15
studies. In SQ8 every study carries a recorded answer, so the
eight non-affirmative cases are split into six negative and two
partial rather than merged into a single negative class.

Regarding the data synthesis presented in Table 1, it is
important to note that the total number of occurrences may
deviate from the sample size of 60 papers. Where the sum
exceeds 60, as in knowledge areas (SQ2, 88 occurrences),
base models (SQ13, 71) and ethical challenges (SQ7, 70),
the cause is multi-labelling: one paper may fall under several
categories. Conversely, nine sub-questions tabulate fewer than
60 assignments, most markedly SQ9 (39), SQ5 (42), SQ14
(47) and SQ10 (48). This shortfall combines single-occurrence
labels, kept apart when the residual option was filled in free
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Table 1: Distribution of responses for the SMS research sub-questions. 𝑁 = 60 primary studies. Except for SQ1, SQ4.2, SQ8, SQ8.2
and SQ17, which admit a single answer, all sub-questions are multi-label, so column percentages may exceed 100%. Percentages
are computed over 𝑁 = 60; each answer block reads left to right, top to bottom. All frequencies were rebuilt from the per-study
identifier lists of the extraction dataset.

Research Subquestion Answer N % Answer N %
SQ1. Type of contribution Solution Proposal 31 51.67 Evaluation Research 19 31.67

Validation Research 7 11.67 Other (single occurrences) 3 5.00
SQ2. Area of knowledge Media and Entertainment 34 56.67 Artificial Intelligence 31 51.67

Digital Design 13 21.67 Education 7 11.67
Social Sciences 3 5.00

SQ3. Main focus of the
application

Video generation/modification 19 31.67 Storytelling/narratives 12 20.00

Other 10 16.67 Static-image creation 7 11.67
Audiovisual effects 5 8.33 Editing-process automation 2 3.33

SQ4. GAI technology employed Diffusion Models 29 48.33 Transformers 22 36.67
Other 12 20.00 GANs 10 16.67
Hybrid models 6 10.00 Autoencoders 3 5.00
Recurrent networks 2 3.33

SQ4.1. Criteria or metrics used Visual fidelity (Realism) 26 43.33 Subjective eval. (MOS, Aesth.) 19 31.67
Narrative coherence 8 13.33

SQ4.2. Evaluator conclusions Positive / Superior 35 58.33 Mixed or Limited 13 21.67
Not applicable 12 20.00

SQ5. Original tool or
customization

Combination of existing tools 20 33.33 Partial customization 8 13.33

Proprietary/extensive dev. 6 10.00 Original, no modifications 6 10.00
Other 2 3.33

SQ6. Technical challenges Other specific challenges 22 36.67 Temporal coherence 16 26.67
System stability 7 11.67 Latency / Response time 5 8.33
Scalability 4 6.67 Resolution limits 4 6.67
Audio-video synchronization 4 6.67

SQ7. Ethical and creative
challenges

Impact on creative industry 19 31.67 Authenticity and authorship 17 28.33

Other 15 25.00 Algorithmic bias 10 16.67
Privacy / Data protection 4 6.67 Unauthorized use of refs. 3 5.00
Plagiarism / Copyright 2 3.33

SQ8. Empirical analysis
present?

Yes 52 86.67 No 6 10.00

Partially 2 3.33
SQ8.1. Empirical method Controlled experiment 22 36.67 Survey / Questionnaire 15 25.00

Case study 11 18.33 Interview 9 15.00
Other 5 8.33 Heuristic evaluation 3 5.00
Participant observation 2 3.33

SQ8.2. Participants reported Reported a sample 48 80.00 Did not report / N.A. 12 20.00
SQ9. Main purpose of use Other 13 21.67 Post-production automation 9 15.00

Script/narrative creation 9 15.00 Image/photography creation 3 5.00
Special-effects generation 3 5.00 Interactive animations 2 3.33

SQ10. Content types generated Static images 14 23.33 Animations 13 21.67
Full videos 12 20.00 Other 9 15.00

SQ11. Devices and
infrastructure

Computers / Notebooks 24 40.00 Cloud Interfaces 12 20.00

Other 7 11.67 Not informed 5 8.33
Specialized devices 2 3.33 Immersive environments 1 1.67
Voice assistants 1 1.67 Mobile devices 1 1.67

SQ12. User interaction type Textual Prompt 25 41.67 Graphical User Interface 12 20.00
Multimodal 7 11.67 Textual Prompt (variant label) 4 6.67
Other 2 3.33 Programmatic (API/SDK) 1 1.67

SQ13. Specific base model used Stable Diffusion 23 38.33 GPT-4 12 20.00
Other 11 18.33 MidJourney 8 13.33
CLIP 7 11.67 DALL-E 7 11.67
GPT-3 3 5.00

SQ14. Validation references Qualitative analyses (Experts) 15 25.00 Quant. metrics (FID, IS, PSNR) 13 21.67
Industry standards 10 16.67 Other 5 8.33
A/B tests with users 4 6.67

SQ15. Potential industry
impact

Productivity increase 24 40.00 New creative workflows 18 30.00

Production democratization 12 20.00
SQ16. Reproducibility
challenges

Data dependency 22 36.67 Variability in results 17 28.33

Other 8 13.33 Lack of std. benchmarks 7 11.67
Technical validation diff. 3 5.00 Cross-environment instab. 3 5.00
Data bias 3 5.00

SQ17. Intended perceptibility
of GAI

Not informed 29 48.33 Yes (Intentional/Stylized) 18 30.00

No (Imperceptible/Realism) 12 20.00 Partially perceptible 1 1.67
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text (as in the duplicated textual-prompt label of SQ12),
with fields left unrecorded. Neither class was redistributed, so
no percentage rests on imputation, but the shortfall bounds
how far SQ5, SQ9 and SQ14 characterize the whole corpus.

Some labels linked to interactivity still appear in isolated
cases because a subset of papers briefly references interactive
contexts while keeping their main experiment and evaluation
focused on linear outputs (e.g., standalone animation assets
or non-interactive rendered sequences).

Each field offered a predefined set of answer options, and
every answer had to be accompanied by a mandatory ver-
batim excerpt from the primary study. SQ1, SQ8 and SQ17
admitted a single answer, as did the conditional fields SQ4.2
and SQ8.2; all remaining fields were multi-label, since one
study may report several technologies, challenges or content
types at once. Three definitions are stated explicitly here
because they govern how the results should be read. In SQ4.2,
evaluator denotes whoever performed the evaluation reported
in the primary study (its own authors, an expert panel, or
user-study participants), and content denotes the audiovisual
artifact generated with GAI, not the paper. In SQ5, origi-
nal tool without modifications means a third-party tool used
as-is, whereas proprietary/extensive development means a
system built by the authors of the primary study. In SQ11
the classes are not mutually exclusive: a study whose inter-
face runs on a desktop while the model is invoked through a
remote API is recorded under both computers/notebooks and
cloud interfaces, which is the case for 10 of the 24 studies in
the former class. SQ2 records the field or fields in which the
study positions itself, which is why a corpus entirely about
GAI still shows only 31 studies under Artificial Intelligence:
the remainder frame their contribution as media, design or
education work that employs GAI rather than as AI research.

The taxonomy adopted for SQ1 follows Wieringa et al.
[46]: Solution Proposal denotes a novel method or tool, or a
concrete improvement of an existing one; Evaluation Research
examines an existing approach in a real or realistic context
with empirical evidence; Validation Research tests a proposal
in controlled or prototype settings prior to broad deployment;
and the Philosophical, Opinion and Experience categories
cover conceptual reflection, author positioning and practice-
based lessons.

The search strategy was based on the PICOC model [26]:
Population: Generative Artificial Intelligence; Intervention:
generation and manipulation of content; Comparison: not ap-
plicable, as the objective of this SMS is the characterization
and survey of the state of the art of a broad and emerging
area, and not the experimental comparison between specific
techniques or algorithms; Outcome: impacts, ethics, quality,
and creativity; Context: non-interactive audiovisual produc-
tion.

The search string used was: ("Artificial intelligence" OR
"AI") AND ("generate" OR "produce" OR "create" OR "ma-
nipulate" OR "write") AND ("impact" OR "ethics" OR "qual-
ity" OR "consequences" OR "perception" OR "realism" OR

"creativity") AND ("film" OR "cinema" OR "movie" OR "ani-
mation" OR "advertisement" OR "CGI" OR "special effects"
OR "VFX" OR "script" OR "voice-over").

Searches were conducted in the IEEE Xplore (https:
//ieeexplore.ieee.org) and ACM Digital Library (https:
//dl.acm.org) digital libraries, due to their strong cover-
age of applied computing and software engineering research,
consistent with the computing-centered scope of this SMS.
Therefore, claims in this paper are bounded to evidence in-
dexed in those venues and should not be interpreted as an
exhaustive panorama of all media/design publication ecosys-
tems. Before final extraction, we conducted pilot searches
to calibrate the search string, testing alternative terms and
checking whether known relevant papers were retrieved (e.g.,
[3, 19, 36, 42]). The final search string was adopted after this
calibration stage, balanced recall and thematic precision for
the non-interactive audiovisual context. The initial extraction
of search results was exported to the Porifera platform at
12:53 on April 26, 2025. The defined temporal window (2022-
2025) is justified by the fact that 2022 marks a technological
inflection point with the launch and widespread adoption of
modern GAI architectures, such as large language models
and latent diffusion models [3, 36], which have significantly
impacted audiovisual production.

No study published in 2022 satisfied the inclusion criteria,
so the declared 2022-2025 window is the window searched,
not the window observed: the search covered records from
January 1, 2022 up to the export date of April 26, 2025,
which is also why 2025 is represented only partially. The
resulting distribution is reported in Section 5.

The selection criteria were fundamental to maintain the
scope of the study. The inclusion criteria adopted were: IC1:
Studies with AI applications in audiovisual content; and
IC2: Presence of technical, creative, or operational evalua-
tion. The exclusion criteria were EC1: Thematic irrelevance;
EC2: Non-peer-reviewed works; EC3: Duplicates; EC4: In-
complete documents; EC5: Languages other than Portuguese
or English; EC6: Literature reviews; and EC7: Studies fo-
cused on interactive media (games), biomedical or forensic
applications.

Most exclusions in the initial stage were due to thematic
irrelevance and non-peer-reviewed works, while full-text ex-
clusions were mainly related to scope mismatch and lack
of evaluation. One record was identified as a duplicate and
removed under EC3 during the 667-to-162 transition. IC2
required some form of technical, creative, aesthetic or opera-
tional evaluation of the generated content, which is broader
than a formal empirical study: this is why all 60 studies
satisfy IC2 while SQ8 finds explicit empirical analysis in 52
of them. No snowballing was performed, since the mapping
deliberately bounds its corpus to peer-reviewed records in-
dexed in the two computing libraries in order to keep the
search fully re-executable; the resulting coverage limitation
is registered in Section 5.3.

The selection process was conducted in two stages: (i)
screening by title, abstract, and keywords; and (ii) full read-
ing of eligible studies. In both stages, the evaluation was
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performed independently by four researchers, followed by
consensus discussion.

Agreement was measured by the Fleiss Kappa index [13],
obtaining values of 0.730 in the 1st stage and 0.645 in the 2nd
stage, indicating substantial levels of agreement according to
established interpretation criteria [27], which place the 0.61-
0.80 range in the substantial band. The Porifera platform
[4] was used to record decisions and maintain traceability in
both stages.

To automate data extraction and analysis, custom Python
scripts were developed to execute three main steps.

The extraction instrument was one .docx form per study,
filled in by the researchers themselves and not by the eval-
uators of the primary studies. Each form held a structured
table with the twenty-one fields, the predefined answer op-
tions marked as checkboxes, and a mandatory free-text field
carrying the verbatim excerpt that justified each choice. First,
the completed .docx extraction forms were converted to plain
text (.txt), stripping visual formatting but preserving check-
box markers. Second, all individual files were merged into a
single consolidated dataset. Finally, a quantitative analysis
script used regular expressions and keyword matching to
identify article IDs, extract responses from checkboxes and
text delimiters, normalize the data against predefined options,
and automatically calculate response frequencies to generate
the final structured report. Because this scripted extraction
could introduce construct validity risks, we added verification
procedures: researchers manually inspected sampled outputs
against original forms. This human-in-the-loop validation step
reduced the chance of systematic misclassification caused by
parsing or normalization rules.

To ensure transparency and reproducibility, the list of
extracted studies and data synthesis are available at the
following repository: https://figshare.com/s/6b28d0b8c22d
009b6af9.

5 QUANTITATIVE RESULTS
The systematic mapping process followed a progressive fil-
tering strategy, beginning with 667 studies retrieved from
the selected digital libraries (500 from IEEE Xplore and
167 from ACM Digital Library). After title, abstract, and
keyword screening, 162 studies were considered potentially
relevant for full-text assessment (104 IEEE and 58 ACM), cor-
responding to a first-stage retention rate of 24.3% (162/667).
The second-stage screening resulted in a final portfolio of 60
papers used for quantitative and qualitative synthesis (35
IEEE and 25 ACM),

equivalent to 9.0% of the initial set (60/667) and 37.0% of
first-stage approvals (60/162). Figure 1 reports these counts
per database and per stage.

The temporal distribution of the selected studies, shown
in Figure 2, follows a rapid growth trend: 12 studies (20.0%)
in 2023, 39 (65.0%) in 2024 and 9 (15.0%) up to the April
2025 cut-off, with none from 2022 meeting the criteria. The
2023-2024 biennium alone accounts for 51 of the 60 papers
(85.0%), evidencing the accelerated academic consolidation of

Figure 1: Number of records per database at each selection
stage. IEEE Xplore remains the larger source across all filters,
while the ACM Digital Library contributes a growing share
of the corpus as screening advances, supplying 25 of the 60
studies finally selected.

Figure 2: Temporal distribution of the 60 selected studies. No
study published in 2022 met the inclusion criteria, and 2025
is covered only up to the search date of April 26, 2025.

GAI in non-interactive audiovisual production after the dis-
semination of publicly accessible systems such as ChatGPT,
Stable Diffusion and Midjourney.

Regarding publication venues, conference and workshop
papers strongly predominate in the final corpus, totalling
57 studies (95.0%), while journal articles account for only 3
papers (5.0%). This predominance of conference publications
is characteristic of rapidly evolving technological domains,
where dissemination speed often precedes methodological con-
solidation and large-scale validation. Many studies present
prototype-oriented systems, exploratory pipelines, or early-
stage empirical analyses rather than mature industrial de-
ployments.

To provide a venue-level perspective, we additionally nor-
malized publication sources using DOI metadata for the
final set of 60 studies. The three journal papers are concen-
trated in IEEE Transactions on Visualization and Computer
Graphics (2 papers) and IEEE Access (1 paper). In the con-
ference/workshop view by acronym, the ACM Conference
on Human Factors in Computing Systems (CHI) is the most
recurrent venue with 8 papers, followed by the IEEE/CVF
Conference on Computer Vision and Pattern Recognition
(CVPR) with 5 papers, while the Extended Abstracts of the
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CHI Conference on Human Factors in Computing Systems
(CHI-EA), the IEEE International Conference on Multimedia
and Expo Workshops (ICMEW), the ACM International Con-
ference on Multimedia (MM), and the International Sympo-
sium on Visual Information Communication and Interaction
(VINCI) appear with 2 papers each. Workshop proceedings
are the least frequent venue type in the corpus: the most re-
current of them is ICMEW, already counted above, followed
by isolated records in the ACM International Conference
on Interactive Media Experiences Workshops (IMXW) and
the IEEE/CVF Conference on Computer Vision and Pattern
Recognition Workshops (CVPRW).

These patterns indicate two complementary profiles: CHI
and CHI-EA concentrate human-AI interaction and production-
oriented design, while CVPR, MM, VINCI and ICMEW carry
a computer-vision and multimedia-engineering profile, with
archival journal publication confined to technically oriented
outlets.

5.1 Results and Discussion by Sub-question
SQ1 - Type of contribution. In the Wieringa-based taxonomy
defined in Section 4, solution proposals predominate with
31 studies (51.67%), followed by evaluation research with
19 (31.67%) and validation research with 7 (11.67%), plus
three residual studies with one occurrence each: an opinion
paper, an experience report and a study whose recorded la-
bel falls outside the taxonomy, which closes the 60 studies
exactly as required by this single-answer field. Anim-Director
[28] is paradigmatic of what a “solution proposal” currently
looks like in this field. The authors argue that traditional
animation pipelines depend on training generative models
with human-labelled data, producing short, information-poor,
and context-incoherent clips; their answer is an autonomous
agent in which a large multimodal model (GPT-4 with vision)
acts as a “director”, refining the input narrative, generating
scene-level prompts, invoking off-the-shelf image and video
generators, and then evaluating and selecting the candidates
itself through a self-reflection pathway, without manual in-
tervention. Crucially for SQ1, the proposal is not merely
demonstrative: it is validated on narratives sampled from
the TinyStories corpus and assessed with consistency and
video-quality metrics adapted from VBench-style evaluation
suites, and the authors’ own ablation shows that removing
the LMM-based selection step degrades video quality and
subject/background consistency scores. At the same time,
they acknowledge that semantic text-video alignment remains
only marginally better than baselines, and that maintaining
stable backgrounds across clips remains problematic.

SQ2 - Area of knowledge. The largest concentrations are
Media and Entertainment (34 studies, 56.67%), Artificial
Intelligence (31 studies, 51.67%), and Digital Design (13
studies, 21.67%), with additional participation from Edu-
cation (7 studies, 11.67%) and Social Sciences (3 studies,
5.00%). Because these are multi-label classifications, their
joint frequency supports an interdisciplinary interpretation

rather than isolated-domain adoption. ReelFramer [44] il-
lustrates how these areas overlap inside a single artifact: it
addresses a journalism problem, since news outlets struggle
to translate print articles into short social-media videos that
young audiences consume; it borrows its central construct,
narrative framing, from literary theory; and it operationalizes
that construct with generative models that co-produce scripts
and storyboards with the user. The authors identify three
distinct narrative framings for news reels, each balancing
information and entertainment differently, and show that two
design decisions are decisive: letting the journalist explore
multiple framings, and establishing the foundational details of
the narrative before generation, which yields scripts measur-
ably more relevant and coherent than direct article-to-script
generation.

SQ3 - Main focus of the GAI application. The distribu-
tion spans video generation/modification (19 studies), sto-
rytelling/narratives (12 studies), a residual cluster (10 stud-
ies), static-image creation (7 studies), audiovisual effects (5
studies) and editing-process automation (2 studies). The
co-dominance of video and narrative is well captured by In-
telligent Grimm [30], which deliberately sits between the two:
its task, open-ended visual storytelling, requires generating a
coherent sequence of images that follows a storyline rather
than isolated frames. Its contribution, StoryGen, is an auto-
regressive generator built on a latent diffusion backbone with
a vision-language context module, so that each new frame
is conditioned not only on its text prompt but also on the
preceding image-caption pairs, an explicit architectural an-
swer to the narrative-consistency problem that single-shot
text-to-image models cannot address. Equally revealing of the
field’s priorities is what the authors had to build first: because
existing storytelling datasets covered only a few animations
with fewer than ten recurring characters, they constructed
StorySalon, a corpus of nearly 160,000 animation-style im-
ages with an average of 14 frames per story, precisely to make
long-range semantic correspondence learnable.

SQ4 - GAI technology employed. Diffusion models (29 stud-
ies) and transformers (22 studies) are clearly dominant, while
a residual cluster (12 studies), GANs (10 studies), hybrid
models (6 studies), autoencoders (3 studies), and recurrent
networks (2 studies) appear with lower frequencies. More
interesting than the raw counts is that the two dominant
families are also used together, as the hybrid class and the
overlaps in Table 2 show, with the transformer acting as the
planner and the diffusion model as the renderer. GPT4Motion
[31] is the clearest expression of this division of labor. Its
starting diagnosis is that end-to-end video-diffusion models
suffer from high computational cost and physically incoherent
motion because they are asked to hallucinate dynamics they
were never explicitly taught. The framework answers with
a strict separation of competences: GPT-4 translates the
prompt into an executable Blender script; Blender’s physics
engine simulates the scene dynamics across frames; and only
then is a Stable Diffusion model conditioned on the simulated
frames to render the final video, all of it training-free. The
authors validate on three canonical classes of physical motion,
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reporting that the method outperforms four text-to-video
baselines on every quantitative metric and that residual flick-
ering is significantly lower than in competing models, and
they add a user study with 30 participants in which their
videos received all the votes for physical accuracy, text-video
alignment and lowest flickering.

SQ4.1 - Criteria and metrics used. Visual fidelity/realism
appears in 26 studies (43.33%), subjective assessments in 19
studies (31.67%), and narrative coherence in only 8 studies
(13.33%). The work of Cheng et al. on audio-driven gesture
generation [7] shows what the dominant fidelity regime looks
like when fully developed. Motivated by a precise trade-off,
since VAE-based generators suffer from jitter and instability
while diffusion-based ones produce smooth motion at prohib-
itive inference cost, the authors evaluate their conditional-
GAN-enhanced diffusion model on two public datasets (BEAT
and ZeroEGGs) with two complementary metrics: Fréchet
Gesture Distance (FGD), the distance between the latent
feature distributions of generated and real motion, and Beat
Alignment, the synchrony between gesture and audio beats.
On BEAT the model reaches an FGD of 84.0 against 100.3
for the strongest diffusion baseline, and on ZeroEGGs 54.7
against 78.4, while cutting per-frame inference to roughly
3-4 ms against tens of milliseconds for competing approaches.
The broader pattern is that the field measures most reli-
ably what it can quantify (realism, distributional distance,
perceptual preference) while the narrative properties most
specific to linear audiovisual production remain the least
instrumented, for want of agreed, comparable metrics.

SQ4.2 - Evaluator conclusions about the content. Positive
or superior results are reported in 35 studies (58.33%), mixed
or limited results in 13 studies (21.67%), and 12 studies
(20.00%) do not record an evaluator conclusion. This residual
class is not an absence of any assessment, since IC2 required
some form of evaluation of the generated content; it is the
absence of a recorded conclusion. TADA! [29] typifies the
dominant “positive” profile and also reveals its boundaries.
It generates expressive 3D avatars from text by combining
a 2D diffusion model with the SMPL-X parametric body
model, explicitly targeting a documented failure of prior text-
to-avatar methods, the misalignment between geometry and
texture in the face region, which made earlier avatars plausi-
ble as stills but unusable once animated. In the user study,
participants preferred TADA over all compared baselines
on geometry, texture and consistency with the prompt, and
because expression parameters deform the character during
training, the avatars can be driven by standard animation
sources. The opposite pole, the 13 studies reporting mixed
or limited results, is exemplified by Grigis and De Angeli
[21]: their seven professional playwrights judged LLMs un-
suitable for dramaturgy yet useful for editorial tasks, the
decisive obstacle being not output quality but the safety
policy embedded in the models, which refused the taboos
and conflicts dramaturgy is built on. Even so, the framing of
the positive cases is symptomatic: superiority is superiority
relative to other generative baselines, under prompts chosen

by the authors, rather than certified adequacy for professional
character pipelines.

SQ5 - Original tool versus customization. Twenty studies
adopt combinations of existing tools, 8 report partial cus-
tomization, 6 present proprietary/extensive development, 6
use original tools without modifications, and 2 fall under
other strategies. The integration-oriented categories hold 34
of the 42 recorded labels (20+8+6), so the field prioritizes
orchestration over pure off-the-shelf use; SQ5 being multi-
label, these are labels, not distinct studies. Anim-Director
[28], analysed under SQ1, is the corpus’s clearest specimen
of this orchestration paradigm: none of its generative compo-
nents is novel, and the contribution lies entirely in the control
loop that generates candidate prompts, inspects the resulting
images, scores candidate videos and iterates. The authors’
ablation shows that removing the LMM-driven selection step
measurably degrades video quality and consistency scores, so
a substantial share of the reported superiority comes from
the orchestration rather than from the generators themselves.

SQ6 - Technical challenges identified. The challenges are
led by an “other” cluster of specific bottlenecks (22 studies,
36.67%), followed by temporal coherence (16 studies, 26.67%),
system stability (7 studies, 11.67%), latency/response time
(5 studies, 8.33%), scalability (4 studies, 6.67%), resolution
limits (4 studies, 6.67%), and audio-video synchronization
(4 studies, 6.67%). The residual cluster deserves the same
treatment given to its counterpart in SQ9: it aggregates bot-
tlenecks that are genuinely study-specific and resist a shared
vocabulary, the largest recurring one being computational
cost (2 studies), with the remainder appearing once each. Its
size is therefore a finding about the immaturity of the field’s
technical vocabulary rather than a defect of the classification
scheme, and it does not displace temporal coherence as the
leading named obstacle. Text2NeRF [49] makes these abstract
categories concrete by documenting its failure modes with un-
usual candor. The system generates navigable 3D scenes from
a single text prompt by using a pre-trained diffusion model as
content prior and monocular depth estimation as geometric
prior, with a progressive inpainting-and-updating strategy to
keep texture and geometry consistent as the virtual camera
moves, the 3D analogue of temporal coherence. The reported
limitations map directly onto the SQ6 taxonomy: when the
scene contains large occlusions, inaccurate depth estimates
produce visible geometric distortions in the warped views,
and the distortion grows with camera offset, eventually de-
feating the inpainting stage (a coherence/stability failure);
and each scene requires on the order of 1.5 hours of NeRF
optimization (a latency/scalability failure), far from interac-
tive production timescales. The general pattern is that the
binding constraints are no longer per-frame quality, which
diffusion models largely solved, but cross-frame and cross-
view consistency and the computational budget required to
enforce it. Within this corpus, then, the leading named obsta-
cle to integrating GAI into linear audiovisual production is
the lack of temporal coherence: diffusion-based tools struggle
to maintain the consistency of an object’s identity over time,
so that a generated striped shirt may change its number of
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stripes from one frame to the next, a phenomenon known in
the industry as “flickering”.

SQ7 - Ethical and creative challenges. The most frequent
categories are impact on the creative industry (19 studies,
31.67%), authenticity/authorship (17 studies, 28.33%), a
residual cluster (15 studies, 25.00%) and algorithmic bias (10
studies, 16.67%), followed by privacy/data protection (4 stud-
ies, 6.67%), unauthorized use of references (3 studies, 5.00%),
and plagiarism/copyright (2 studies, 3.33%). wr-AI-ter [45]
speaks directly to the leading category, but is notable because
it treats authorship not as a discussion-section concern but
as the dependent variable of the experiment. Motivated by
prior evidence that AI co-writing tools erode writers’ psycho-
logical ownership of the resulting text, the authors structure
screenwriting into four stages in which the human retains
decision authority at each step, and measure the effect with
23 participants of heterogeneous expertise using Likert-scale
instruments. Their central finding is that AI assistance accel-
erated screenwriting and improved perceived script quality
without compromising the participants’ sense of ownership, in
contrast with earlier systems where ownership scored among
the lowest dimensions. For SQ7 this reframes the dominant
category as a design problem rather than only a policy prob-
lem: whether GAI displaces or empowers creative identity
depends measurably on where the interaction places human
decisions. The corpus, however, contains few studies of this
kind; most register ethical concerns without operationalizing
them, which is why authorship remains a contested terrain
rather than an engineering requirement.

SQ8 - Presence of empirical analysis. Empirical validation
is a strong characteristic of the field, with 52 studies (86.67%)
reporting empirical analysis, against 6 non-empirical studies
and 2 partially empirical cases, with no study left without
a recorded answer. The audio-description tool EasyAD [39]
stands out because its empirical evaluation extends to real
deployment. Blind and visually impaired audiences access
the visual layer of films through audio descriptions inserted
into speech gaps, but producing them is laborious, involving
gap identification, script authoring, dubbing and integration.
EasyAD automates the full chain, detecting the speech gaps,
generating candidate description text through a multimodal
large language model and synthesizing the narration via text-
to-speech, while also correcting a recurring defect of earlier
tools, the misidentification of background music as speech.
Decisively for SQ8, the system is not a laboratory prototype:
it is operational at the China Braille Library, and the user
study was conducted with six professional audio-description
authors working there, in their actual production context,
where processing time for a medium-difficulty movie fell by
nearly 50%. This is empirical evidence of a different order
from laboratory benchmarks, since it measures workload
reduction for real professionals on the content they were
going to produce anyway.

SQ8.1 - Empirical method adopted. Controlled experiments
lead (22 studies), followed by surveys/questionnaires (15 stud-
ies), case studies (11 studies), interviews (9 studies), a residual

cluster (5 studies), heuristic evaluation (3 studies) and par-
ticipant observation (2 studies). The case-study tradition
is exemplified by Song and Yip’s account of the short film
Giant [40]. Rather than benchmarking a model, the authors
propose a pre-production pipeline and guidelines for generat-
ing mood boards from text using text-to-image models, and
validate the proposal by producing a pre-visualization of a
film project. Their starting premise is itself a methodological
position: text-to-image generation is a stochastic process that
requires human intervention to assist creation, so unguided
prompting yields inconsistent material and the research value
lies in the curated workflow around the model rather than in
its raw outputs. The case study concludes that following the
guidelines allowed the filmmakers to generate mood boards
that conveyed the intended atmosphere of the project, a claim
about fitness within a real creative practice rather than about
measurable superiority.

SQ8.2 - Participants reported. Forty-eight studies (80.00%)
reported sample information and 12 studies (20.00%) did not.
That class is “did not report or not applicable” and subsumes
the eight non-affirmative SQ8 cases. Among the reporting
studies, samples are typically small and purposive rather
than population-representative. ReelFramer [44], analysed
under SQ2, is characteristic: its summative study involved
five participants, but recruitment was sharply targeted at
the tool’s intended users, journalism graduate students who
consume short-form video, and the ten resulting reels were
additionally judged by domain experts. Such a sample sup-
ports no population-level inference, and the authors claim
none; it is calibrated to observe how the co-creation process
unfolds rather than to estimate an effect.

SQ9 - Main purpose of GAI use. The most frequent labels
are “other” (13 studies, 21.67%), post-production automation
(9 studies, 15.00%), and script/narrative creation (9 stud-
ies, 15.00%), followed by image/photography creation and
special-effects generation (3 studies each) and interactive ani-
mations (2 studies). The size of the “other” cluster is itself a
finding, and the intelligent teaching platform of Wu et al. [47]
shows why it should not be dismissed as classification noise.
The platform is built for education, not cinema: it combines
an LLM-based tutoring assistant with a video-generation
feature through which teachers upload background images
and lecture scripts and the system produces digital-human
teaching videos. Nothing in this purpose fits the classical film-
pipeline categories, and the “author” is a teacher with no
audiovisual training; yet the output is unambiguously linear,
non-interactive audiovisual content, produced end-to-end by
generative models and consumed exactly as a filmed lecture
would be. Cases like this indicate that GAI is not merely
automating existing audiovisual workflows but creating new
demand for linear video in domains such as education, in-
stitutional communication and accessibility that previously
could not afford production at all.

SQ10 - Types of audiovisual content generated. The out-
puts are relatively balanced between static images (14 stud-
ies), animations (13 studies), and full videos (12 studies),
with a residual cluster (9 studies). MAS [24] illustrates the
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animation-asset profile and, simultaneously, why modular
outputs dominate over finished films. The method generates
3D motion sequences using only a 2D diffusion model trained
on poses extracted from in-the-wild videos by off-the-shelf
estimators, with no motion-capture data at any point. Its
mechanism denoises several 2D sequences representing dif-
ferent camera views of the same motion simultaneously, and
at every diffusion step a consistency block triangulates them
into a single unified 3D sequence, which is reprojected onto
the views before the next iteration, so that 3D consistency
is enforced throughout generation rather than patched after-
ward. The authors deliberately choose domains where motion
capture is impractical but footage is abundant: professional
basketball manoeuvres from broadcast recordings, rhythmic
gymnastics and horse races. The output, however, is not a
film: it is a reusable asset, a skeletal motion intended to be
consumed downstream by character animation and rendering
stages.

SQ11 - Devices and infrastructure. Computers/notebooks
are the dominant setup (24 studies), followed by cloud inter-
faces (12 studies), with marginal frequencies for specialized
devices (2 studies), immersive environments, voice assistants
and mobile devices (1 study each), plus “other” (7 studies)
and not-informed cases (5 studies). As stated in Section 4,
these classes are not exclusive: 10 of the 24 desktop studies
also appear under cloud interfaces, because the interface runs
locally while the model is invoked remotely. The near absence
of mobile and edge deployment becomes understandable when
computational requirements are examined: Text2NeRF [49],
discussed under SQ6, needs roughly 1.5 hours of per-scene
GPU optimization before a single navigable result exists.
Workloads of this magnitude structurally bind the research
to desktop GPUs and cloud back-ends: a phone cannot run
the optimization, and a browser can at most stream its re-
sult. The infrastructure profile of SQ11 is thus less a design
choice than a symptom of the field’s computational economics,
and it also shapes who can participate in the research itself:
groups without sustained GPU access can study prompting
and interaction (SQ12) but not generation methods.

SQ12 - Type of user interaction. Textual prompting pre-
dominates (25 studies), followed by graphical interfaces (12
studies), multimodal interaction (7 studies), “other” (2 stud-
ies) and programmatic interaction (1 study). A further 4
studies were recorded under a variant spelling of the textual-
prompt label produced by the extraction normalization; merg-
ing them raises textual interaction to 29 studies (48.33%).
GPT4Motion [31], analysed under SQ4, exposes the hidden
structure of this paradigm: what the user types is a single
sentence, but it is inserted into a prompt template authored
by the system designers that instructs GPT-4 to emit a syn-
tactically valid Blender script, and the whole reliability of
the system rests on that template, since a malformed script
produces no video at all rather than a worse one. The hege-
mony of textual prompts therefore does not mean interaction
design has become trivial, but that its complexity has been
displaced from GUIs into prompt scaffolding, a layer that
is rarely documented, versioned, or evaluated, with direct

consequences for the reproducibility problems registered in
SQ16.

SQ13 - Specific base model used. Usage concentrates on
Stable Diffusion (23 studies), GPT-4 (12 studies), MidJour-
ney (8 studies), CLIP (7 studies), DALL-E (7 studies), and
GPT-3 (3 studies), with 11 “other” occurrences. The domi-
nance of Stable Diffusion follows from its access regime rather
than from quality alone: because its weights are open, con-
tributions can be grafted onto the pre-trained backbone, as
Intelligent Grimm [30] does under SQ3 by introducing a
vision-language context module on top of the existing cross-
attention, inheriting the backbone’s visual competence for
free. Closed models such as MidJourney can be prompted
but never modified, which confines them to the integration
strategies of SQ5 rather than the architectural ones. The
23-to-8 ratio in SQ13 is therefore also a map of what kind of
science each access regime permits.

SQ14 - Reference models used in validation. Validation
combines qualitative expert analyses (15 studies), quantita-
tive metrics such as FID/IS/PSNR (13 studies), industry-
standard comparison (10 studies), and user A/B tests (4
studies), with additional “other” strategies (5 studies). The
strongest studies hedge across these categories instead of
choosing one, as TADA! [29] does under SQ4.2 by combining
qualitative renders, a user study and a functional animation
test. That last layer is the most production-relevant and the
least standardized: there is no shared benchmark for animata-
bility the way FID benchmarks image realism, so every paper
that cares about it improvises its own demonstration, and
no two demonstrations are comparable.

SQ15 - Potential impact on the audiovisual industry. Ex-
pected impacts concentrate on productivity increase (24 stud-
ies, 40.00%), new creative workflows (18 studies, 30.00%),
and production democratization (12 studies, 20.00%). The
text-to-multimedia pipeline of Jadhav et al. [23] is repre-
sentative of the productivity-centered framing: its declared
contribution is explicitly the acceleration of content creation
rather than any single algorithmic advance. The framing is
symptomatic: impact is argued from capability rather than
measured in production economics, with cost, throughput
and quality deltas in a working studio left unquantified. Only
deployment-grade studies such as EasyAD (SQ8) close that
gap, and they are rare. The democratization category requires
the same scrutiny: as SQ11 showed, access has been democ-
ratized at the interface level while remaining concentrated at
the compute and platform level, so that lowered entry barri-
ers coexist with new dependencies on infrastructure owned
by a small number of providers.

SQ16 - Reproducibility challenges. The barriers concen-
trate on training-data dependency (22 studies), result vari-
ability (17 studies), an “other” cluster (8 studies) and lack of
standardized benchmarks (7 studies), followed by validation
difficulties, cross-environment instability and data bias (3
studies each). MAS [24], analysed under SQ10, is instructive
because data dependency is simultaneously its motivation
and its residual weakness: the method exists precisely be-
cause 3D motion-capture data is scarce and expensive, and
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Table 2: Co-occurrence of application focus (SQ3) and model
family (SQ4), from the per-study identifier lists. Both di-
mensions are multi-label, so neither row nor column sums
reproduce the marginals of Table 1; the SQ3 residual cluster
(10 studies) is not shown.

Focus (SQ3) Diff. Trans. GAN Hyb. AE RNN Studies

Video gen./modification 12 12 5 3 1 0 19
Storytelling/narratives 8 10 0 3 0 0 12
Static-image creation 6 4 2 1 0 0 7
Audiovisual effects 4 3 2 0 1 0 5
Editing automation 1 2 0 0 0 0 2

it substitutes abundant 2D footage processed by off-the-shelf
pose estimators. That substitution relocates the dependency
rather than removing it, since the learned motion prior is
now bounded by the accuracy of those upstream estimators
and by the idiosyncrasies of the harvested footage, and the
evaluation itself must lean on further pose-estimation models.
A replication with different estimators, footage sources or es-
timator versions would therefore not guarantee reproduction
of the reported behaviour, even with the authors’ code in
hand.

SQ17 - Intended perceptibility of GAI use. The largest
class is silence: 29 studies (48.33%) do not state the intention,
followed by 18 studies (30.00%) that make GAI use intention-
ally visible (“Yes”, intentional/stylized), 12 (20.00%) that
pursue imperceptibility (“No”), and one “Partially” case. The
silent class aggregates every form that declares no intention
either way; its composition is detailed in Section 5.3. The
stylized pole is well represented by the Giant case study [40],
analysed under SQ8.1: because the system’s role is confined
to pre-production mood boards, perfect realism is neither re-
quired nor desired, and disclosure is structurally guaranteed
because the artifact never reaches the audience. Contrast
this with the 12 studies (20.00%) pursuing imperceptibility,
where success is defined precisely as the viewer’s inability
to detect synthesis: in that regime, every technical advance
in coherence and fidelity simultaneously raises the stakes of
non-disclosure, concentrating the ethical exposure mapped
in SQ7 (deepfake misuse, undisclosed synthetic media, au-
thorship erasure) on exactly the studies that are technically
most successful. The most telling number, however, is the
largest one: nearly half of the corpus (29 studies, 48.33%) does
not report its perceptibility intention at all, at a time when
regulators, platforms, and industry bodies are beginning to
demand provenance disclosure from commercial productions.

5.2 Cross-analysis and Emerging Patterns
Table 2 shows that video- and VFX-centered studies rely
predominantly on diffusion and transformer pipelines. Read
against SQ4.1, a further asymmetry emerges, which the cor-
pus illustrates rather than tabulates: fidelity-oriented eval-
uation concentrates in those targets, while narrative work
falls back on small expert panels and qualitative judgment.
Within that table, diffusion and transformers tie on video
(12 studies each), but transformers lead on storytelling (10

against 8) and on editing automation, while diffusion leads
on static images (6 against 4) and on effects, and GANs
survive almost exclusively in the pixel-oriented targets, being
entirely absent from narrative work. Where standardized dis-
tributional metrics exist, as in the gesture-generation work of
Cheng et al. [7], evaluation becomes numerically comparable;
where they do not, as in ReelFramer [44], it cannot, which
yields uneven evaluation maturity across application targets
[15, 43].

Connecting SQ6, SQ7, SQ15, and SQ17 suggests that tech-
nical limits do not stay technical: improvements in coherence
and realism of the kind pursued by GPT4Motion [31] are
precisely what turn the openly stylized outputs of the Giant
workflow [40] into potentially deceptive media, intensifying
the authorship and disclosure tensions that wr-AI-ter [45]
addresses at the interaction-design level. Ethical debate thus
intensifies in high-realism scenarios and recedes in intention-
ally stylized ones, and that boundary moves as the limits of
SQ6 are overcome.

Finally, SQ8, SQ8.1, SQ8.2, and SQ16 expose a method-
ological gap: empirical validation is frequent and the con-
trolled experiment is its modal form (22 of the 67 method
labels), yet the absence of standardized benchmarks is itself a
reported reproducibility barrier (7 studies), and the samples
in the exemplars above are small and purposive. EasyAD
[39] shows that ecologically valid measurement is feasible
(a near 50% reduction in processing time with professional
describers in a real institution), which makes its rarity a
choice of the field rather than an impossibility. In practice,
the field advances quickly in prototyping but still lacks the
open, comparable evidence needed to transfer results from
laboratory to production.

5.3 Threats to Validity
Construct validity. Extraction was automated with Python
scripts over the completed forms, so a parsing or normaliza-
tion rule could misclassify an answer. Mitigations: the pipeline
is idempotent, verified by SHA-256 hash of the final report
across repeated runs; test files exercised checkbox variants
and quoted excerpts; and a manual audit, first on 10% and
later on 50% of the forms, yielded 100% agreement on study
identifiers, 98.3% on selected options and 95.8% on identified
technologies (computed over audited fields, not whole forms),
the divergences tracing to nomenclature variants such as
“GPT-4” against “GPT4”. The label variant recorded in SQ12
is a visible instance of that error class. The search string is
a second construct threat, since a fast-moving vocabulary
may escape terms fixed in April 2025; pilot searches checking
retrieval of known relevant papers were used to calibrate it.

Internal validity. Classification into the extraction cate-
gories is interpretative. Screening was independent across
four researchers, with 𝜅 = 0.730 and 𝜅 = 0.645, in the sub-
stantial band but not perfect; borderline studies, typically
those mentioning AI and audiovisual only tangentially, were
reassessed by at least two researchers and settled by consen-
sus recorded in Porifera. In SQ17, nine studies answered the
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perceptibility field in free text as not explicitly declared, and
three recorded it under a transparency label without stating
an intention; all twelve are counted as not informed rather
than as negative answers, since none declares an intention
either way.

External validity. The corpus is deliberately computing-
centred, drawn from IEEE Xplore and the ACM Digital
Library, and therefore under-represents communication, me-
dia, design and arts venues where part of this literature is
published. No snowballing was performed. Findings should
be read as a characterization of how software and AI research
operationalizes GAI in linear audiovisual production, not as
an exhaustive panorama of the field.

Conclusion validity. In two sub-questions the residual aggre-
gate category is the largest single class: technical challenges
(SQ6, 22 studies) and purpose of use (SQ9, 13 studies). Both
are discussed as substantive findings about the absence of
a shared vocabulary in the field, but they do limit how far
the corresponding distributions can be interpreted. The cov-
erage shortfall reported in Section 4, which Table 2 shares,
is a related limit. The fast pace of the field also bounds the
temporal validity of every frequency reported here.

6 CONCLUSION AND FUTURE WORK
The mapped evidence indicates a field in transition from tech-
nical experimentation toward broader deployment contexts,
with 19 studies (31.67%) already classified as evaluation
research in real or realistic settings, while still presenting
methodological fragilities. The predominance of solution pro-
posals (51.67%) suggests that current effort is concentrated
on immediate engineering bottlenecks (e.g., temporal stability
and semantic controllability). The corpus’s own distribution
is legible here: temporal coherence leads the named bottle-
necks (16 studies), while narrative coherence, the property
most specific to linear audiovisual production, is assessed in
only 8. At the same time, recurring reports of limited narra-
tive/emotional depth indicate that visual quality gains do not
automatically translate into stronger expressive outcomes.

The corpus also reveals structural dependence on external
model ecosystems and limited standardization of evaluation
practices, which together constrain reproducibility and cross-
study comparability. These patterns suggest that method-
ological consolidation remains an important challenge as GAI
adoption expands in audiovisual production.

From an ethical and labor perspective, the mapped litera-
ture points to concerns that go beyond automation efficiency,
including authorship boundaries, accountability, and changes
in professional identity. Our interpretation, derived from these
patterns, is that near-term impacts are more consistent with
role reconfiguration (e.g., curation, orchestration, and super-
vision of generative systems) than with total substitution of
audiovisual pipelines.

A broader paradox emerges: the same technologies that
expand creative access may also deepen dependency on pro-
prietary infrastructures, narrow stylistic diversity and shift

decision power away from distributed creative teams. The cen-
tral issue is therefore no longer whether GAI will transform
non-interactive audiovisual production, but which governance
model will shape it, concentration-oriented or plural and ac-
countable. Our position is that technical progress should be
paired with minimum safeguards for transparency, attribu-
tion and reproducibility: systematically reporting datasets,
prompts and configurations, combining quantitative metrics
with narrative evaluation, and validating in real production
environments.

The threats to the validity of these findings, and the miti-
gations adopted for each, are reported in Section 5.3.

Future research should extend the temporal scope to the
2025-2026 biennium and develop a formal taxonomy to stan-
dardize the classification of tools and generated content,
facilitating comparative benchmarking. A complementary
direction, suggested by the computing-centred bias of this
corpus, is to replicate the mapping over film studies, arts and
communication venues, so that the technical reading offered
here can be confronted with the analytical vocabulary of the
fields that actually produce linear audiovisual work. Future
replications may also adopt the PRISMA 2020 reporting
guideline [34] alongside the guidelines followed here, as a way
of standardizing the reporting of the selection process.

7 ETHICAL CONSIDERATIONS
This work is a Systematic Mapping Study analyzing only
previously published scientific articles. It involved neither
human participants nor the collection or analysis of personal
data; therefore, no Research Ethics Committee submission
was required, in accordance with Brazilian National Health
Council Resolution CNS No. 510/2016.

The dataset holds only bibliographic metadata of the 60
primary studies, their classification against the twenty-one
extraction fields, and excerpts from the published articles.
No personal data of third parties were collected or stored, so
no anonymization applied. It is openly available in the repos-
itory cited in Section 4; the full texts are not redistributed,
respecting IEEE Xplore and ACM Digital Library licensing
terms.
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