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Visual question answering

Visual question answering (VQA) is a challenging research area that enables
machines to answer natural language questions based on visual content by
jointly understanding images and text. Conventional VQA systems typically
produce a single answer for each image—question pair. However, many real-
world visual questions are ambiguous or complex, allowing multiple valid
answers to exist. This systematic literature review (SLR) focuses on multi-
answer VQA systems and the use of object detection, following the
PRISMA 2020 guidelines. We analyzed 58 peer-reviewed journal articles
retrieved from the Scopus database published between 2020 and 2025. Ten
of these studies clearly stated that generating multiple answers was their
main goal. Forty-eight others indirectly supported answer variability by
using object-based or multi-instance reasoning. Through this review, we
examine the current methodologies for supporting multi-answer generation,
including model architecture, datasets, and evaluation metrics. Most multi-
answer generation approaches utilize attention mechanisms, graph neural
networks, and transformer-based models. Additionally, we propose a
taxonomy of multi-answer VQA organized along four dimensions.
Limitations are identified in datasets and evaluation metrics (i.e., answer
ambiguity/subjectivity). Future research should focus on improving model
interpretability and designing an evaluation framework that incorporates
subjective and context-sensitive responses.
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1. INTRODUCTION

Visual question answering (VQA) represents a multidisciplinary research domain that converges
computer vision and natural language processing to enable machines to comprehend and respond to natural
language queries based on visual content [1]. This rapidly evolving field has witnessed substantial
advancement through the integration of deep learning technologies, the growth of large-scale multimodal
datasets, and the development of sophisticated vision-language approaches across diverse application
domains, including healthcare, robotics, remote sensing, and artificial intelligence systems [2], [3].

Despite these significant developments, conventional VQA systems predominantly operate under
the restrictive assumption of single-answer generation, wherein each visual question is mapped to precisely
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one correct response. The single-answer paradigm proves fundamentally inadequate when faced with
ambiguous visual realities, where a single image often holds multiple layers of truth that cannot be
summarized in a single label [4]. Recent research shows that VQA systems should be able to provide
multiple correct answers for multiple objects in a complex visual scene, ambiguous questions,
and/or questions having subjective answers [5].

The emergence of multi-answer VQA systems addresses several fundamental limitations in
traditional approaches. Today’s visual content is composed of complex scenes with multiple objects, varying
attributes, and complex relationships between them, all of which may create situations where multiple correct
answers may validly apply to a single question. For example, if an image contains multiple shades of banana
color, several responses could indicate what color banana is present in the image. Additionally, questions
regarding human emotions or human activity could have different interpretations of what is occurring based
on a user’s culture, their social context, and their individual experiences [6]. As VQA systems become
increasingly interactive, comprehensive answers covering multiple valid interpretations of visual content
become essential.

Object detection is an essential technology for the VQA system to generate multiple answers
because it helps create a base visual understanding of the scene and identify, locate, and define multiple
entities or objects in a complex environment. When used with object-based representation models,
VQA systems can systematically analyze the visual content, correlate the identified objects, and produce
multiple answers for a given question based on rich visual data [7]. Without precise object detection, a VQA
system operates without explicit visual grounding. Object detection integration serves as a visual anchor that
allows the system to granularly dissect each entity, help clarify ambiguous questions, and enable the creation
of a complete set of answers that fully represent the complexity of visual content.

From an information and communication technology (ICT) perspective, multi-answer VQA systems
introduce several computational and communication challenges. Modern VQA pipelines typically rely on
cloud-based processing of high-resolution images combined with multimodal deep learning models,
which require substantial computational power and data transmission. In real-world deployment scenarios,
edge devices must transmit visual data to a central server for inference, resulting in significant latency and
bandwidth challenges for time-critical applications such as medical diagnostic systems, smart agriculture
monitoring, and intelligent surveillance systems. Therefore, developing VQA architectures that optimize the
balance between inference accuracy and computational or communication overhead is critical for practical
ICT deployments [8], [9].

Historically, VQA research has progressed rapidly due to advances in deep learning and multimodal
learning. Early studies primarily focused on single-answer prediction, where each image—question pair was
assumed to have one correct response. The foundational VQA dataset was introduced alongside CNN-LSTM
models as the baseline framework for jointly processing visual and textual information [1]. However,
researchers soon recognized that expecting one correct answer to a visual question was often unrealistic, as
human annotators could provide different yet equally valid responses to the same question. It has been
demonstrated that disagreement among human annotators is frequent in VQA annotations, confirming that
multiple valid answers may exist and that models must be able to handle this variability [6]. Furthermore,
three primary factors contributing to answer multiplicity have been identified: visual complexity, semantic
ambiguity, and subjective interpretation [4].

Subsequent architectural innovations have substantially improved visual reasoning in VQA systems.
One of the first explicit frameworks for multi-answer VQA was proposed by introducing mechanisms to
generate more than one answer for a single visual question [8]. In parallel, object detection has emerged as an
essential technology for VQA. It has been demonstrated that applying Faster R-CNN for object-based visual
representation significantly improves visual grounding and reasoning performance [10]. Recent large
vision—language models, including BLIP-2 [11] and Flamingo [12], have further advanced multimodal
reasoning capabilities by integrating large language models with rich visual representations. Domain-specific
VQA applications (including medical imaging, agriculture, and remote sensing) have further emphasized the
necessity of multi-answer reasoning, as questions in these domains often require multiple attributes or
observations to be described simultaneously [13], [14].

Despite significant progress across these directions, the literature still lacks a systematic synthesis
specifically focused on multi-answer VQA systems or the role of object-level visual representations in
supporting answer multiplicity. Most existing surveys analyze VQA architectures from the perspective of
model evolution or multimodal fusion strategies, including transformer-based models [15], graph reasoning
frameworks [16], [17], and domain-specific implementations [18]-[20], without examining how current
systems handle situations in which multiple valid answers may exist. This gap motivates the present
systematic review. To the best of our knowledge, this review is one of the first to systematically analyze the
relationship between object-level visual grounding and answer multiplicity in multi-answer VQA systems.
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The main research questions guiding this systematic review are as follows. RQ1: What existing
methodological approaches enable multiple answer generation in contemporary VQA systems? RQ2:
How does object detection contribute to reasoning capability and answer multiplicity in VQA models? RQ3:
What are the datasets and evaluation metrics commonly used in studies that combine object detection and
multi-answer VQA? RQ4: What are the principal limitations, persistent challenges, and promising future
research directions identified in the literature regarding object-based multi-answer VQA systems?

The concept of multi-answer VQA remains inconsistently defined across studies. Table 1
summarizes common formulations of single-answer and multi-answer VQA tasks, which differ in how the
model represents the answer space and handles multiple valid answers. Let an image be denoted as I,
a question as Q, an answer as a, and an answer space as A.

Table 1. Formal formulations of VQA tasks related to multi-answer reasoning

Formulation Mathematical expression Description
Single-answer f:(,Q) » a,wherea € A Each image—question pair is mapped to one dominant answer
VQA (SoftMax output layers).
Multi-label VQA f:(,Q) - {ay,a,,..., a;} Multiple answers predicted simultaneously using multi-label
classification (sigmoid output layers).
Generative multi- ~ f: (I, Q) - sequence(ay, a,, ..., ay) The model generates a sequence of plausible answers based on
answer conditional probability distributions.
Top-k candidate f:,Q) - Top-k(A) The model ranks candidate answers and returns several top
ranking predictions from a predefined answer space (multiple-choice
VQA).
Implicit multi- f:(1,Q0,04,..,0,) > a Model reasons over multiple detected objects but outputs a single
answer reasoning answer (object-based VQA).

Based on these formulations, this review regards a study as supporting multi-answer VQA when at
least one of the following conditions is satisfied: (i) the model explicitly predicts multiple answers, such as
through multi-label or answer-set outputs; (i) the model generates several semantically distinct responses for
the same image—question pair; or (iii) the model employs object-level or region-based reasoning mechanisms
that enable interpretation of multiple visual entities.

The main goals of this systematic review are to: (i) provide an organized summary of recent
advances in multi-answer VQA systems incorporating object detection; (ii) categorize and compare
state-of-the-art deep learning methods based on architectural design and multimodal fusion strategies;
(iii) overview commonly used datasets and evaluation metrics relevant to multi-answer or object-aware VQA
systems; and (iv) identify key challenges and future research directions for more robust and interpretable
multi-answer VQA models. To support these goals, this review further contributes a structured
four-dimensional taxonomy of multi-answer VQA, organizing existing approaches along task formulation,
visual representation strategy, sources of answer multiplicity, and evaluation strategy dimensions,
with particular emphasis on how object-level visual grounding enables answer multiplicity. The remainder of
this paper is organized as follows. Section 2 describes the research methodology. Section 3 presents the
results and discussion. Section 4 concludes the paper.

2. RESEARCH METHOD

This systematic review employed the Preferred Reporting Items for Systematic Reviews and
Meta-Analyses (PRISMA) 2020 guidelines to ensure a comprehensive, transparent, and reproducible
investigation [21]. The completed PRISMA 2020 checklist is provided in Supplementary Material, Table S1.

2.1. Search strategy and information resources

The search strategy combined three keyword groups: the VQA task (“visual question answering”),
multi-answer concepts (“multiple answer”, “multi-answer”, “multi-label”), and object-level visual
representations (“object detection”, “region”, “bounding box”). These terms were selected to capture both
explicit multi-answer approaches and studies that implicitly support answer variability through object-level
reasoning. The keyword categories and Boolean search strings used in the query are summarized in Table 2.

The search was conducted in January 2026 using the Scopus database, which was selected for its
extensive coverage of peer-reviewed journals in the fields of computer vision and artificial intelligence,
including publications from IEEE, ACM, Elsevier, and Springer. Filters were applied to limit results to
English-language journal articles published between January 2020 and December 2025.

Technical architectural terms such as “object detection,” “region,” and “bounding box” were
prioritized over abstract semantic terms to enhance recall of studies that implicitly address answer variability
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through object-level reasoning without explicitly using ambiguity terminology. This methodological decision
is because in the VQA domain, question ambiguity is often considered a conceptual phenomenon, while
technical solutions are implemented through visualization and entity localization mechanisms.

Table 2. Keyword categories and search terms, and Boolean search strings
Keyword category Search terms Rationale
Core task “Visual question answering” Used in full form to avoid ambiguity
with other meanings of the acronym
VQA, such as video quality assurance.

Multi-answer concept “Multiple answer”, “multi-answer”, “multi answer”, To identify VQA studies that allow
“multi-label” more than one valid answer for a single
image—question pair.
Object-level visual “Object detection”, “region”, “bounding box” To retrieve studies that support multi-
representation object and multi-answer reasoning

through object-level visual grounding,
even when the term “multiple answer” is
not explicitly used.
Scopus TITLE-ABS-KEY (“visual question answering”) AND Journals, English, 2020-2025
((“multiple answer” OR “multi-answer” OR “multi
answer” OR “multi-label””) OR (“object detection” OR
“region” OR “bounding box™).

2.2. Eligibility criteria

Studies were included if they were published in a peer-reviewed journal indexed in Scopus, written
in English, published between January 2020 and December 2025, and directly addressed VQA tasks while
either explicitly endorsing multi-answer formulations or implicitly facilitating multiple valid answers through
object-based, region-based, or multi-instance reasoning mechanisms. The restriction to peer-reviewed journal
articles ensures a minimum quality threshold consistent with established SLR practices in applied computer
science [22]. Studies were excluded if they lacked experimental validation or reliable evaluation procedures,
did not focus on VQA tasks, or did not employ object-based or region-based reasoning to support multiple
valid answers. Survey papers, review articles, and other secondary studies were also excluded. Future
reviews may consider including high-impact conference proceedings to expand scope.

2.3. Selection process

The selection process followed four sequential PRISMA phases: (i) Identification, in which records
were retrieved from Scopus using the predefined search string; (ii) Screening, in which two authors
independently screened titles and abstracts against inclusion and exclusion criteria; (iii) Eligibility
assessment, in which full-text articles were evaluated independently by the same reviewers,
with disagreements resolved through discussion and additional author consultation when needed; and
(iv) Final inclusion, in which studies satisfying all criteria were included in the final synthesis. The complete
process is summarized in the PRISMA flow diagram as shown in Figure 1. Although a formal inter-rater
reliability coefficient (e.g., Cohen’s Kappa) was not calculated prior to consensus resolution, the use of
clearly defined eligibility criteria and independent multi-stage screening was intended to minimize
subjectivity in the selection process, consistent with established SLR practices in artificial intelligence and
computer vision research [22].

2.4. Data extraction and quality assessment

Data extraction captured descriptive characteristics (application domain, research objectives, dataset
utilization), methodological details (evaluation metrics, object-level visual representation strategies, explicit
or implicit multi-answer support), and study-level observations (contributions, limitations, future directions).
Quality assessment was adapted for Al-based VQA research using five criteria: (i) clarity of problem
formulation, (ii) transparency of dataset descriptions, (iii) appropriateness of object detection integration,
(iv) clarity of evaluation protocols, and (v) completeness of reported results.

Each criterion was independently rated as low, moderate, or high risk of bias by two reviewers, with
disagreements resolved through consensus. Most studies received low risk ratings across all five criteria,
particularly those that used well-known public datasets and reported their evaluation methods clearly and
completely. Studies that relied on custom datasets without public access or that provided incomplete
descriptions of their evaluation procedures were assigned moderate risk ratings. High risk of bias was not
identified in any of the included studies, as all had undergone peer-review validation prior to inclusion. Quality
ratings were used to contextualize findings during narrative synthesis rather than as grounds for exclusion.
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2.5. Synthesis method

The synthesis followed a narrative and thematic approach in accordance with the PRISMA 2020
guidelines. Narrative synthesis was used to qualitatively summarize and interpret findings from the included
studies, while thematic synthesis organized the studies into conceptual categories based on key
methodological characteristics relevant to multi-answer VQA research.

Studies were grouped based on methodological characteristics relevant to the research objectives,
including task formulation for multi-answer VQA, object-level visual representation strategies, and dataset
usage and evaluation protocols. These groupings were defined prior to the synthesis process to ensure
consistency across the included studies. Extracted data were subsequently standardized to address variations
in terminology and reporting styles.

The characteristics of individual studies were summarized in the study characteristics section.
A narrative synthesis was then conducted to identify recurring methodological patterns across the reviewed
studies. This approach was selected because substantial heterogeneity in task definitions, datasets, and
evaluation metrics precluded the use of quantitative meta-analysis.

3. RESULTS AND DISCUSSION
3.1. Study selection process

The database search identified 600 records from Scopus. After applying filters for publication year,
language, and document type, 406 records were removed, leaving 194 for title and abstract screening.
Of these, 135 were excluded based on predefined criteria, retaining 59 articles for full-text assessment,
as summarized in Table 3. Following full-text evaluation, one additional study was excluded, yielding a final
corpus of 58 studies. Among these, 10 explicitly formulated multi-answer VQA as their primary objective,
while 48 implicitly supported multi-answer reasoning through object-based, region-based, or multi-instance
approaches, as shown in Table 4 and Figure 1.

Table 3. Reasons for exclusion during abstract screening

Reason for exclusion Number of papers
Duplicate records identified during screening 4
Survey/review articles 4
Insufficient validation or VQA not primary focus 2
Not VQA task 34
VQA has good object detection but a single answer only 62
Single-answer VQA without object-based or multi-instance reasoning 29
Total excluded abstract 135

Table 4. Final study classification

Screening outcome Number of studies
Explicit multi-answer 10
Implicit multi-answer (object-based, region-based, or multi-instance reasoning) 48
Studies that met all eligibility criteria 58

s

= . Records removed before screening based on:
E 5 theratl.‘;ret:'farcr} frzo‘;r‘;m - Publication year, document type, and
=] copus database (n language {n= 406)

ﬁ 1

z

E Abstract assessed for eligibility Abstract excluded with reasons (n=135)
2 (n=134)

=

- i

£

= Full text assessed for eligibility Full text excluded with reasons

= (n=59) {n=1)

o

3 I N

= Reviews included in this

= systemetic Review (n= 58)

Figure 1. PRISMA flow diagram
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3.2. Study characteristics

This section describes the main characteristics of the 58 included studies across four key
dimensions: 1) general-purpose versus domain-specific categorization, 2) explicit versus implicit
multi-answer formulation, 3) dataset utilization, and 4) object-based visual representation strategies. Detailed
characteristics for all 58 included studies are provided in Table S2 (n=28 domain-specific studies) and
Table S3 (n=30 general-purpose studies) in Supplementary Material.

3.2.1. General-purpose vs. domain-specific VQA

From the 58 included studies, 30 focus on general-purpose VQA, aiming to answer open-ended
questions across diverse everyday images, while the remaining 28 address domain-specific applications,
including medical imaging, remote sensing, agriculture, and document analysis. Figure 2 presents the overall
distribution of the included studies. Specifically, Figure 2(a) compares the proportions of general-purpose
and domain-specific VQA studies, whereas Figure 2(b) illustrates the distribution of domain-specific
application areas. General-purpose studies are categorized by task type (e.g., knowledge-based, relational, or
open-ended reasoning), while domain-specific studies are categorized by application domain (e.g., medical
imaging, remote sensing, or agriculture), as summarized in Table 5.

13 studies
(a6%)

Domain-Specific

(28 studies) 48.3%

General-Purpose
(30 studies)

0 2 a 6 8 10 12 14
Number of Studies

(@) (b)

Figure 2. Overall study distribution of multi-answer VQA (n=58) (a) general-purpose vs. domain-specific
VQA and (b) distribution of domain-specific VQA applications (n = 28)

Table 5. Distribution of included studies

Domain VQA Num. of studies  Studies

Domain-specific VQA (n=28)

Medical 9 [23]-[31]

Remote sensing 13 [32]-[44]

Agriculture 2 [14], [45]

Document/Legal 3 [46]-[48]

Other (Facial analysis) 1 [49]

General purposes VQA (n=30)

General open-ended reasoning 13 [501-[62]

Relational and spatial reasoning 7 [63]-[69]

Knowledge-based VQA (KB-VQA) 5 [701-{74]

Specialized tasks (counting and debiasing, explainability) 3 [751H77]

Multi-answer and multi-choice design 2 [8], [78]

3.2.2. Explicit vs. implicit multi-answer formulations

Explicit multi-answer studies directly design models to generate multiple answers through
multi-label prediction, structured outputs, or generative mechanisms. In contrast, most of the reviewed
literature (83%, n=48) supports implicit multi-answer reasoning, in which models incorporate object-based,
region-based, or multi-instance mechanisms even though the final prediction remains a single answer.
In these models, object detection enables differentiation and comparison of multiple visual entities before
generating a response, establishing the architectural foundation for answer variability.

A critical distinction exists between object detection used for multi-entity reasoning versus detection
used merely to enhance single-answer accuracy as shown in Figure 3. Among the 135 excluded studies,
62 employed object detection only for single-answer enhancement and were therefore excluded. As shown in
Figure 3(a), only 10 studies (17%) explicitly formulated multi-answer VQA, while the remaining 48 (83%)
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addressed answer variability implicitly through object-based reasoning mechanisms. Although implicit
approaches do not explicitly generate multiple outputs, they are included because object-centric reasoning
provides the architectural foundation required for future multi-answer extensions. Figure 3(b) reveals an upward
publication trend, with 2024-2025 accounting for 63.8% of included studies (n=37). Notably, 8 of the 10
explicit multi-answer studies were published in this period, reflecting growing awareness of implicit approach
limitations. Ten studies explicitly formulated multi-answer generation as their primary objective. These include
domain-specific applications in pest management, disaster interpretation, facial expression analysis, and medical
VQA, as well as general-purpose approaches addressing multiple-choice VQA direct multiple-answer

generation, causality-guided reasoning, and knowledge-augmented VQA as detailed in Table 6.

(4

Implicit
8 studies)

(@)

Explicit
{10 studies)

10.0

Number of Studies

. mplicit
mmm Explicit

17
[ |
8
[ |
6
5
[ |
z.

20

2020 2021 2022 2023 2024 2025

Year

(b)

Figure 3. Multi-answer VQA formulation distribution (n=58) (a) number of explicit vs implicit studies
and (b) publication trends by year and multi-answer type

Table 6. Explicit multi-answer VQA formulations

. . — Output
ID Study VQA type Object detection Dataset Key contribution mechanism
1 Hosseinabad et Open-ended Sliding window Icon Question Answer  94% less operations, SoftMaxUnion
al. EMQA [8] (ICQA), DAQUAR real-time suitable aggregation
2 Rahnemoonfar Remote bounding boxes Rescue Adaptive Accuracy 9% higher Structured output
etal. sensing Disaster Interpretation  than existing VQA tuples (P, R, A)
RescueADI [44] (ADI) methods
3 Liuetal. SCAG  Knowledge- Faster R-CNN VQAV2, OK-VQA, Accuracy: VQAV2 = Multi-target
[70] based AK (Ambiguous 71.0, OK-VQA = restriction loss
Knowledge) 54.36, AK =50.42;
4.62% improvement
4 Lietal. Horticulture Semantic HortiVQA-PP Multi-label accuracy, Sigmoid
HortiVQA-PP (Pest segmentation, (custom multimodal Precision, Recall, F1- activation heads,
[45] management) pest-predator co- dataset (30 pest + 10 score, loU, Hamming multi-label
occurrence predator categories)) Loss, Macro-F1, matching
detection BLEU-4, ROUGE-L,
METEOR, EM, GPT
score
5 Zhang et al. Medical VQA  Region-based Rad-Restruct F1-score 18% Hierarchical
HiCA-VQA with Hierarchical improvement Answer Decoder
[24] Modeling + (Sigmoid)
Cross-Attention
6 Upadhyay and Multiple Image regions Visual7W, VQAV2 Competitive Single-best (Top-
Tripathy [73] choice VQA with attention performance 4 refinement)
7 Miao et al. CGCN Object + causal VQA 2.0, VQA V1 improved performance  Single-best
GAT2R [74] (causality- graph selection
guided) (SoftMax)
8 Liuetal. Knowledge- Multi-granularity OK-VQA, KRVQA Effective verification Triplet reasoning
M2TVQA [63] augmented features/multi-
VQA region selection
9 Liuetal. ICQ- Knowledge- Top-K regions OK-VQA, KRVQA LLM-enhanced Knowledge
Transk [78] based VQA (Dynamic visual caption bridge graph completion
region selection)
10 VYuanetal Exp- Facial InstructBLIP- Synthesized VQA State-of-the-art zero- Generative
VQA [49] expression based visual pairs (emotion shot AU detection narrative
analysis features, facial classification + Action captioning

regions analysis

Unit (AU) detection)
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3.2.3. Dataset utilization

A variety of public and domain-specific benchmark datasets are employed across explicit
multi-answer VQA studies. As summarized in Table 7, commonly used general-purpose VQA datasets
include VQA v2, GQA, OK-VQA, and Visual7W, which are widely adopted for open-domain visual
reasoning tasks. In addition, several domain-specific datasets have emerged to support specialized
applications, such as RescueADI for remote sensing disaster interpretation, Rad-ReStruct for structured
medical report generation, and HortiVQA-PP for agricultural pest management. Furthermore, for
fine-grained facial expression analysis, studies like Exp-VQA leverage synthesized VQA pairs derived from
established emotion and Action Unit (AU) datasets, including AffectNet, BP4D, DISFA, and RAF-AU,
to enable multi-scale reasoning from macro to micro expressions.

Only a limited number of datasets explicitly support multi-answer reasoning. Datasets such as
DAQUAR and ICQA allow multiple valid answers or object-level entity descriptions for a single
image—question pair, whereas most widely used benchmarks, including VQA v2 and OK-VQA, implicitly
contain answer variability but are frequently evaluated using a single-answer prediction paradigm.

Datasets such as Visual7W and VQA-Med provide limited answer variability compared to more
recent structured benchmarks like KRVQA, which focuses on multi-step reasoning (that is crucial for the
M2TVQA and ICQ-TransE model). Consequently, the choice of dataset reflects both the target application
domain and the extent to which it supports reasoning over multiple visual entities.

In terms of answer multiplicity and ambiguity level, datasets such as VQA v2, OK-VQA, and ICQA
provide multiple humans or programmatically generated answers per question, which introduces a high level
of answer ambiguity and reflects the diversity of interpretations. In contrast, structured datasets such as GQA
and RSVQA typically provide a single dominant answer derived from structured annotations or scene graphs,
resulting in lower ambiguity but more deterministic reasoning tasks.

Table 7. Datasets employed across the explicit multi-answer VQA studies

Dataset #lmages Avg. Annotation style Ambiguity Object-l_evel Multl-aps_wer Key characteristics
Answers level annotations capability
VQA V2.0 ~204k 10 10 human answers High None Implicit Consensus-based
evaluation
GQA ~113k 1 Scene graph Low Scene graphs Implicit Relational
reasoning focus
OK-VQA ~14k 10 Multiple human High Region features Implicit Outside
answers knowledge
required
KRVQA 32,910 ~4.8 Knowledge routed Low 193,449 triplets Implicit Knowledge-
routed reasoning
Visual7W ~47k 4 Multiple choice Moderate Bounding boxes Limited Visual grounding
(BBs) focus
DAQUAR ~1.4k 1-3 Human annotations Moderate Object labels Explicit Object presence
and counting
ICQA ~42k Multiple Programmatically High Icon object Explicit Specifically for
generated labels multi-answer
RescueADI 4,044 ~3.3 Structured tuples Moderate 16,949 masks, Explicit Disaster
(P,R, A) 14,483 BBs interpretation
tuples
RSVQA ~1M 1 Automatically Low Bounding boxes Implicit Urban remote
generated sensing data
Rad- 3,720 ~48 3-tier hierarchy Moderate 178 pathol. Explicit Hierarchical
ReStruct vocab clinical reports
VQA-Med ~4k 1 Expert agenerated Low- None Limited Clinical QA
nnotations Moderate benchmarks
HortiVQA- 14,460 6.3 Pest-predator Moderate Multi-label Explicit Pest-predator co-
PP matching categories occurrence
Exp-VQA ~5.8M Multi- Multi-scale Moderate 9 facial regions Explicit Macro to micro-
scale captioning expressions

2.3.4. Object-based visual representations

These object-level representations serve as the primary visual inputs for subsequent reasoning and
answer prediction, forming a consistent visual foundation across both general-purpose and domain-specific
VQA studies as shown in Figure 4. While Figure 4(a) shows that region-based features are the most
commonly adopted approach across all 58 studies (39.7%), Figure 4(b) reveals a different pattern among the
10 explicit multi-answer studies: attention-based region features emerge as the dominant strategy (50%, n=5),
followed by Faster R-CNN-based detection (20%, n=2) and sliding-window detection, transformer-based
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object detection, and semantic segmentation, each representing 10.0% (n=1). This shift suggests that
researchers designing explicit multi-answer systems tend to favor attention mechanisms over general
region-based approaches, likely because attention allows models to selectively focus on multiple visual
regions simultaneously. This observation further highlights the importance of object-level representations as
a fundamental component in enabling multi-entity reasoning in multi-answer VQA systems.

Region-based 23 (39.7%)

Other/Not Specified 14 (24.1%)

H

Bounding Box 7{12.1%)

1

Attention 5 (8.6%)

5

4 (6.9%) ?.('3:02";0

Graph-based

Il

Segmentation 4 (6.9%)

Transformer | 1 (1.7%) B Attention-based Region Features (CNN/VIT + Attention) (n=5, 50.0%)

B Faster R-CNN based (n=2, 20.0%)

Sliding Window (n=1, 10.0%)
Bl Transformer-based Object Detection (n=1, 10.0%)
B Semantic Segmentation (n=1, 10.0%)

(@) (b)

Figure 4. A consistent visual foundation across both general-purpose and domain-specific VQA
(a) object detection approaches (All Studies, n=58) and (b) distribution of visual representation methods
among explicit multi-answer VQA models (n=10)

[

=}

5 10 15 20
Number of Studies

3.3. Narrative synthesis of the included studies

To synthesize the findings of the reviewed studies, the literature is analyzed according to the four
analytical dimensions illustrated in Figure 5, namely task formulation, visual representation strategies,
sources of answer multiplicity, and evaluation strategies.

1. Task Formulation

2. Visual Representation Strategy

— Multi-label classification
}— Consensus-based modeling

L— Generative multi-answer medeling

|— Global image features
|— Object-level / region-based features
L— Hybrid (global + object)

3. Source of Answer Multiplicity

4, Evaluation Strategy

|— Multiple objects / instances
b— Attribute variability

b— Semantic ambiguity

|— Subjective interpretation

L— Granularity / synonymy

|— Soft accuracy / voting
— Precision—recall / F1
— Consensus score

L Generative similarity metrics

Figure 5. Taxonomy multi-answer VQA

3.3.1. Multi-answer vs. implicit multi-answer formulation (task formulation): RQ1
The first dimension of the taxonomy concerns how the VQA task is formally defined to
accommodate multiple valid answers. Three main task formulations emerge from literature. The most explicit
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approach models VQA as a multi-label classification problem, where multiple answers can be predicted

simultaneously for a single image—question pair. This formulation is particularly prevalent in domain-specific

applications, such as medical imaging and agriculture, where questions naturally correspond to multiple
attributes, conditions, or findings.

A second approach relies on consensus-based modeling, in which multiple answers are derived from
annotator agreement or probabilistic confidence distributions. This formulation is commonly associated with
general-purpose VQA benchmarks that provide multiple human annotations per question, allowing systems
to reflect answer variability without explicitly redefining the output space.

The third formulation adopts generative multi-answer modeling, where models are designed to
produce a set or sequence of plausible answers rather than a single prediction. While this approach aligns
well with recent advances in large vision—language and multimodal language models, it remains
underexplored in the reviewed literature due to challenges in controllability and evaluation.

Research on multi-answer VQA demonstrates fundamental divergences in architectural strategies
for handling answer multiplicity. Based on narrative synthesis, a critical appraisal of the 10 explicit studies
(17%), as detailed in Table 6, reveals two distinct architectural cohorts:

a) Truly explicit models (n=3), which introduce architectural modifications designed to generate answer sets
through mechanisms such as multi-label prediction or region aggregation. These models introduce direct
architectural modifications to the output layer that enable the simultaneous generation of multiple answers
(81, [24], [45].

b) Aggregation and loss innovations: SoftMaxUnion was introduced in the EMQA system to aggregate
probabilities from image glimpses, generating answers simultaneously via spatial output map vectors [8].
SCAG employed sigmoid restriction loss or multi-target restriction loss to accommodate multiple
ground-truth labels, yet inference returns the highest-scoring answer [70].

¢) Structured and multi-label outputs: HortiVQA-PP and HiCA-VQA utilize sigmoid activation heads to
predict multiple pest-predator relationships or pathological attributes concurrently [24], [45]. RescueADI
produces structured output tuples (P, R, A) to record plans and intermediate results; however, the output
element A remains a single answer in natural language [36].

d) Explicit Task Models (n=7): Upadhyay and Tripathy [49], GAT2R [63], ICQ-TransE [73], M2TVQA
[74], Exp-VQA [78], SCAG [70], and RescueADI [44]. These models address multi-entity or complex
task reasoning but remain constrained to single-answer outputs at inference (e.g., SCAG applies multi-
label loss only during training, while RescueADI outputs structured task tuples with a single natural
language answer).

e) Relational and scaled reasoning: graph attention networks (GAT) were used for explicit relational
modeling [74], and Exp-VQA provides scale-specific captioning (macro, meso, micro) to describe facial
actions in a single narrative response [49].

f) Refinement and triplets: a two-stage refinement of Top-4 candidate sets have been employed [73], while
triplet reasoning to predict a specific tail entity based on multi-region selection has been adopted in
knowledge-based VQA frameworks, M2TVQA and ICQ-TransE [63], [78].

This taxonomy confirms a significant gap in the field: while contemporary VQA models have
developed robust perceptual capability of identifying and grounding multiple entities, supported by 83%
(n=48) of the reviewed studies, the primary bottleneck remains in how they ‘speak’ (the output mechanism).
Our analysis reveals that only 17% (n=10) of the studies explicitly formulate the task to address answer
multiplicity.

3.3.2. Visual Representation Strategy: RQ2

The second dimension of this taxonomy is that visual representation strategies in multi-answer VQA
have evolved from holistic-scene encoding to more granular, entity-centric representations. Based on the
reviewed studies, these strategies can be broadly categorized into three groups: global image representations,
object-level or region-based representations, and hybrid strategies that combine both.

Global image features capture holistic visual information from the entire scene. However, such
representations are generally insufficient for multi-answer reasoning because they lack the spatial and
instance-level granularity required to distinguish multiple relevant entities within complex images. As a
result, object-level or region-based representations have emerged as the dominant strategy in multi-answer
VQA. These representations are typically derived from object detection or region proposal mechanisms,
enabling models to localize multiple objects and extract their attributes so that different visual entities can be
associated with different plausible answers. Another emerging direction involves hybrid visual
representations, which combine global contextual information with localized object-level features.
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Based on an analysis of 10 explicit studies, region-based representation has become the dominant
strategy, with several key architectural variations:

Detector technical comparison: region-based detectors such as Faster R-CNN remain widely used due
to their semantically rich object features that support visual grounding in VQA systems, as demonstrated in
models such as SCAG, ICQ-TransE, and M2TVQA. In contrast, YOLO-based detectors are commonly used in
implicit studies because they prioritize computational efficiency and faster inference. As a result, YOLO is
frequently applied in practical real-time scenarios such as robotics, autonomous systems, and agricultural
monitoring [79], [80]. More recent architectures such as DETR (DEtection TRansformer) introduce
transformer-based detection that eliminates the traditional region proposal stage (as in Faster R-CNN) and
models relationships between objects directly through a global attention mechanism. GroundingDINO is one
variant of the transformer-based detector in the explicit study used in the Rescue ADI framework.

Segmentation and hybrid representation: for higher precision, HortiVQA-PP integrates the segment
anything model (SAM) to generate pixel-level region masks. Recent trends also show a shift toward hybrid
representations using Vision Transformers (ViT) and foundation models (such as GIT, PubMedCLIP, and
InstructBLIP), which naturally capture global context and local details simultaneously.

Structural and relational: structural reinforcement is achieved through graph-based relational
reasoning. The GAT2R model uses GAT to model inter-object dependencies in a dynamic scene graph,
which is crucial for generating a comprehensive answer set.

Overall, the distribution in Figure 4(b) confirms that while traditional region features provide the
foundation (20%), there is a significant shift toward attention-based mechanisms (50%) and Transformer
architectures. The flexibility of attention mechanisms proves to be more effective in mapping the various
visual cues needed to support multi-answer reasoning in modern VQA systems.

3.3.3. Sources of answer multiplicity

The third dimension of taxonomy describes the main sources of answer multiplicity referenced in
the literature. A synthesis of the studies examined identified four key factors. First, visual multiplicity arises
when multiple objects in an image are relevant to the same question, as in ICQA and HortiVQA-PP. Second,
attribute variability occurs when a single object has multiple valid attributes (e.g., an individual wearing a hat
and glasses). Another example is medical VQA tasks, like Rad-ReStruct, which have more than one clinical
attribute identified for a single visual finding. Third, semantic granularity produces answers at varying
abstraction levels (e.g., “dog”, “animal”, “golden retriever”), explored in Exp-VQA. Fourth, subjective
interpretation leads to divergent yet valid answers, especially when the task has to do with emotions or social
situations. This becomes apparent in samples having several human annotations, such as VQA v2.0, where
each question has multiple human annotations. These sources demonstrate that answer multiplicity is not
simply annotation noise but reflects the inherent complexity of visual reasoning tasks.

3.3.4. Evaluation strategies in multi-answer VQA: RQ3
Evaluating multi-answer VQA systems presents distinct challenges. Traditional single-answer

performance measures such as accuracy are insufficient for assessing the completeness of answer sets, and
open-ended evaluation approaches often fail to capture the full range of semantically correct responses. Multiple
correct answers have been identified as a major evaluation bottleneck in VQA tasks [7]. Recent research has
explored alternative frameworks, including multi-label classification metrics, consensus-based scoring methods,
and set-based similarity measures, to better handle predicted answer sets against multiple valid responses.

The fourth dimension highlights the lack of standardized evaluation protocols in multi-answer VQA.
A key gap identified is the continued use of single-answer accuracy metrics in systems that implicitly support
multiplicity, often leaving the potential for object-level reasoning undermeasured. As summarized in Table 8,
evaluation strategies have evolved alongside output mechanisms, shifting from simple classification to
set-based metrics (F1-score, Hamming Loss), linguistic metrics (BLEU, ROUGE, METEOR), and Al-based
scoring (GPTScore) to better capture the diversity of semantically valid answers.

Table 8. Evaluation metrics in explicit multi-answer VQA

Strategy category Main metric Output mechanism Related studies
Consensus-based VQA accuracy (Soft accuracy) SoftMax (Single-best) GAT2R; ICQ-TransE
Set-based (multi-label) F1-score, Precision, Recall Sigmoid/SoftMaxUnion Hosseinabad (2021); HICA-VQA
Structural error Hamming loss, Macro-F1 Sigmoid heads HortiVQA-PP
Linguistic and semantic BLEU, METEOR, ROUGE-L, Generative captioning Exp-VQA
Ada-similarity
Al-augmented GPTScore, GPT expert ratings Autonomous Agent/LLM RescueADI; HortiVQA-PP
Task-specific Valid rate, mloU, mAP Structured Tuples RescueADI
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3.3.5. Conceptual framework of multi-answer VQA

Based on the synthesis of the reviewed studies, a conceptual framework for multi-answer VQA
systems can be derived. The framework consists of several key stages including object detection for visual
grounding, region-level feature extraction, multimodal fusion between image regions and question
representations, and reasoning modules that associate visual entities with candidate answers. Finally,
an answer generation mechanism produces either single or multiple responses depending on the task
formulation. This framework highlights the central role of object-level visual representations in enabling
multi-answer reasoning, as seen in Figure 6.

Multimodal fusion mechanisms play a central role in determining how visual and textual
information interact during reasoning. Based on the reviewed studies, three common fusion strategies can be
identified. Early fusion integrates visual and textual features at the input stage, allowing joint feature learning
but often lacking fine-grained alignment between modalities. Late fusion combines independently processed
visual and textual representations at the decision stage, which simplifies architecture but may limit
cross-modal interaction. More recent approaches employ cross-modal attention or transformer-based fusion,
enabling dynamic interactions between image regions and question tokens. Such attention-based fusion
strategies are particularly advantageous for multi-answer VQA because they allow the model to associate
different visual entities with multiple potential answer candidates.

1. Input 2. Object Detection 3. Feature Extraction 4. Multimodal Fusion 5. Multi-answer Prediction

Detected Objects Visual Features
(Bounding Boxes) (object-level)

Answer Generation Module
(Multi-label Classification
or Generative Decoder)
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Figure 6. Conceptual framework of multi-answer VQA with object detection

3.4. Discussion

This study investigated the current state of multi-answer VQA with emphasis on object detection
integration. While earlier studies have explored transformer-based architectures, graph-based reasoning, and
domain-specific VQA applications [15]-[20], none have specifically examined how VQA systems
accommodate multiple valid answers through object-level visual representations. This gap motivated this
systematic review. By providing a structured synthesis of multi-answer VQA systems, this review contributes
to the field and, to the best of our knowledge, is among the first studies to explicitly analyze the relationship
between object-level visual grounding and answer multiplicity.
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The findings collectively address the four research questions guiding this investigation. Addressing
RQ1, the results indicate that multi-answer VQA remains an emerging paradigm rather than an established
methodological standard, presenting both challenges and opportunities for the research community.
This systematic review has documented that only 17% (n=10) of studies employing object-level visual
representations explicitly formulate multi-answer generation as a primary objective, while the remaining 83%
(n=48) of included studies implicitly support answer variability through enhanced visual grounding
mechanisms without fundamentally reimagining the answer generation process. Three methodological
approaches were identified: multi-label classification, consensus-based modeling, and generative multi-
answer modeling.

Regarding RQ2, object detection contributed to multi-answer reasoning primarily through
attention-based region features (50% of explicit studies) as in Figure 4(b) and region-based CNN features
(39.7% of all studies) as in Figure 4(a). This shift suggests that researchers designing explicit multi-answer
systems tend to favor attention mechanisms over general region-based approaches, likely because attention
allows models to selectively focus on multiple visual regions simultaneously. Object-level representations
such as bounding boxes, region proposals, instance masks, and region-based features enable models to
identify and reason about multiple entities within complex scenes. These representations facilitate visual
grounding, support disambiguation of ambiguous queries, and enable models to associate different visual
entities with distinct answer candidates. However, the full potential of object detection for multi-answer
reasoning remains largely unrealized due to insufficient integration between visual grounding mechanisms
and answer generation modules. This observation is further supported by the study distribution identified in
this review, where 83% of the included studies rely on implicit multi-answer reasoning rather than explicitly
modeling multiple-answer outputs.

With respect to RQ3, the most employed datasets were VQA 2.0, GQA, and OK-VQA for
general-purpose tasks and RSVQA and VQA-Med for domain-specific applications, while evaluation metrics
ranged from soft accuracy and F1-score to Hamming Loss and semantic similarity. Notably, analysis of the
10 explicit studies reveals a marked shift toward evaluations aligned with the output mechanisms.
As output mechanisms evolved, evaluation strategies shifted from simple classification to set-based metrics
(F1-score, Hamming Loss), linguistic metrics (BLEU, ROUGE, METEOR), and Al-based scoring
(GPTScore) to capture diverse valid answers.

Addressing RQ4, several key limitations remain in current multi-answer VQA research. The field
shows substantial heterogeneity in task formulations, evaluation metrics, and methodologies, complicating
cross-study comparison and limiting cumulative knowledge development. In addition, the limited availability
of datasets explicitly designed for multi-answer VQA remains a major challenge, as most existing
benchmarks were originally developed for single-answer prediction. This limitation is further compounded
by the absence of standardized multi-answer benchmarks, inconsistent evaluation protocols, and a technical
gap between task design and output architecture.

Compared to previous studies, these findings extend our understanding of the multi-answer VQA
landscape in important ways. The dominance of implicit approaches (83%) aligns with [16] and [17], which
noted that most VQA systems prioritize single-answer prediction despite having the architectural capacity for
multi-object reasoning. However, this review further reveals a critical architectural bottleneck: a technical lag
in model design. Specifically, out of 10 explicit studies (17%), sample classification shows a precise split
between truly explicit models (n=3) and explicit task models (n=7). While explicit task models acknowledge
answer multiplicity at the task level, they remain technically constrained by single-output architectures, is a
unique barrier to multi-answer VQA not previously identified in existing surveys.

Furthermore, while evaluation inconsistency is a known hurdle in open VQA [7], this issue becomes
far more critical in multi-answer contexts, where evaluating the completeness and recall of the predicted
answer set adds another layer of complexity.

This review has several limitations. First, restriction to Scopus and journal articles only may have
excluded relevant conference papers from CVPR, NeurlPS, and ICML. Second, substantial heterogeneity in
task definitions and evaluation metrics precluded quantitative meta-analysis. Third, the broader operational
definition of “implicit multi-answer” adopted here may affect comparability with future reviews that use
stricter criteria.

These findings carry important implications. The technical lag identified in five of ten explicit
studies suggests that architectural innovation, particularly in output layer design, is a more urgent priority
than new dataset creation. The underrepresentation of agricultural VQA (n=2, 7.1% of domain-specific
studies), despite its natural suitability for multi-answer tasks, represents a significant research opportunity.
Detailed future directions are outlined in Section 3.5.

Overall, the results of this review demonstrate that while object detection has significantly improved
visual grounding in VQA systems, the transition from implicit reasoning to explicit multi-answer modeling
remains an open challenge for the research community.
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3.5. Future research directions: RQ4
The results of this review show that there are several research directions that can be used to direct
research efforts in the future in multi-answer VQA.

a) Explicit multi-answer formulation paradigms: future studies should move beyond implicit reasoning
approaches and develop explicit formulations that treat answer multiplicity as a core characteristic of
visual reasoning. This requires frameworks that regularly model sources of answer variability such as
visual multiplicity, semantic ambiguity, contextual interpretation, and subjective perception.

b) Standardized evaluation frameworks: another area of research will be the creation of standardized
evaluation frameworks. Protocols for evaluating multi-answer VQAs will require further research into
set-based metrics, semantic similarity metrics, and consensus-based scoring strategies to obtain greater
answer diversity with continued semantically correct answer(s).

c) Object detection integration architectures: continued advancement will require a closer connection
between object detection modules and the answer-generation modules; improved attention mechanisms,
relational reasoners, and structured output architectures could mean that the model digs in harder to the
object-based information when reasoning about multiple answers.

d) Large vision-language models (VLMs) and multimodal LLMs: recent advances in large VLMs and
MLLMs, such as BLIP-2 and Flamingo, offer promising alternatives for multi-answer VQA through
diverse response generation. However, grounding Al-generated answers in detected visual entities
remains challenging, as generating multiple answers may increase the risk of hallucinated outputs. Future
research should focus on tighter integration between object detection modules and generative MLLMs to
ensure multiple answers are both visually grounded and semantically relevant.

e) Dataset development and annotation protocols: relatively few datasets are currently available for multi-
answer VQA research. Future multi-answer VQA datasets should have annotation protocols that help to
record valid variations in acceptable answer forms while also providing clear annotation standards to
avoid confusing inconsistent annotating with valid answer diversity.

f) Domain-specific applications and transfer learning: use of multi-answer VQA in specific domains
(including medical imaging, agriculture, and remote sensing) holds great potential since they exhibit
many attributes in relevant questions. Transfer learning approaches can be useful in making general
models of VQA available for use in these specialty domain applications.

g) Interpretability and explainability mechanisms: interpretability is critical for high-stakes deployments
such as medical diagnosis and autonomous systems. Future research should explore attention maps,
region attribution strategies, and post-hoc techniques such as Grad-CAM and SHAP to elucidate the
visual regions influencing each generated response, shifting the focus from raw accuracy to explainable
multi-answer reasoning.

h) Human-computer interaction considerations: future systems should investigate effective presentation of
multiple answers through ranked responses, confidence scores, and interactive visual explanations, while
minimizing cognitive load and supporting user exploration of alternative answers in decision-support
scenarios.

4. CONCLUSION

This SLR examined the emerging field of multi-answer VQA, with particular emphasis on the role
of object detection in supporting answer multiplicity. By reviewing 58 peer-reviewed journal articles
published between 2020 and 2025, this study provides a structured synthesis of methodological approaches,
visual representation strategies, datasets, evaluation metrics, and future research directions related to
multi-answer VQA. The findings indicate that most current VQA systems still rely on implicit multi-answer
reasoning through object-level visual grounding rather than explicitly generating multiple valid answers.
Object detection plays a central role in enabling multi-entity reasoning by allowing models to associate
different image regions with distinct semantic interpretations. However, a substantial gap remains between
advances in visual grounding and the development of output mechanisms capable of producing multiple
semantically valid responses.

This review also identifies major challenges related to dataset availability, evaluation inconsistency,
and the lack of standardized benchmarks for multi-answer VQA. Existing evaluation protocols remain
limited in assessing the completeness, semantic diversity, and visual grounding of multiple generated
answers. To address these limitations, this paper proposes a four-dimensional taxonomy covering task
formulation, visual representation strategies, sources of answer multiplicity, and evaluation methods.

Overall, the results suggest that future research should focus on explicit multi-answer architectures,
visually grounded generative VLM/MLLM systems, standardized evaluation frameworks, and explainable
reasoning mechanisms to support more reliable and context-aware multi-answer VQA systems.
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