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Abstract—Image Question Answering (IQA) and Video Ques-
tion Answering (VQA) are pivotal tasks at the intersection of
computer vision and natural language processing, aiming to
enable machines to comprehend visual content and respond to
human questions in natural language. Historically, these fields
have advanced through specialized architectures and feature
engineering, but their ability to handle complex reasoning, open-
ended generation, and real-world ambiguity has been limited. The
advent of Large Language Models (LLMs) has fundamentally
transformed the landscape of AI, showcasing unprecedented
capabilities in language understanding, generation, and intricate
reasoning. This survey provides a comprehensive review of the
state-of-the-art in IQA and VQA, specifically focusing on how
LLMs are being integrated and leveraged to push the boundaries
of visual-linguistic intelligence. We delineate the foundational
concepts of VQA/IQA and LLMs, categorize prominent architec-
tural paradigms for their integration, scrutinize existing datasets,
benchmarks, and evaluation metrics, and critically analyze the
current challenges and promising future directions. Our review
highlights the transformative potential of LLM-enhanced visual
QA systems in overcoming limitations of traditional models, while
also shedding light on emergent issues such as hallucinations,
computational costs, and the need for robust evaluation. This
work aims to serve as a structured guide for researchers navi-
gating this rapidly evolving domain, fostering further innovation
at the confluence of vision, language, and artificial intelligence.

I. INTRODUCTION

The ability of machines to perceive, understand, and interact
with the visual world is a long-standing grand challenge in
artificial intelligence. Image Question Answering (IQA) and
Video Question Answering (VQA) represent critical steps
towards this goal, requiring systems to interpret visual content
(images or videos) and generate accurate, contextually relevant
answers to natural language questions. Early approaches to
IQA and VQA often relied on task-specific models, metic-
ulously designed feature extractors, and rule-based reason-
ing, demonstrating progress on constrained datasets [1]–[3].
However, these traditional methods frequently struggled with
the inherent complexities of real-world scenarios, such as
disambiguating visual elements, performing multi-step logical
inference, and generating free-form, human-like answers. The
limitations often stemmed from their inability to capture the
nuanced interplay between visual and linguistic modalities, as
well as their lack of broad world knowledge.

The recent proliferation of Large Language Models (LLMs),
exemplified by models like GPT-3 and its successors, has
ushered in a new era for artificial intelligence. Trained on
vast corpora of text data, these models have demonstrated re-
markable emergent capabilities, including advanced language

understanding, coherent text generation, and sophisticated
reasoning across a multitude of natural language processing
(NLP) tasks [4], [5]. Their success stems from the Transformer
architecture and massive scale, enabling them to learn intricate
linguistic patterns and store a significant amount of factual and
commonsense knowledge. The challenge and opportunity lie
in extending these powerful linguistic abilities to the visual
domain, thereby enabling LLMs to understand and reason
about images and videos.

Integrating LLMs into IQA and VQA systems holds im-
mense promise. By leveraging LLMs as powerful reason-
ing engines, multimodal interfaces, or knowledge bases, re-
searchers aim to equip visual QA systems with enhanced
capabilities for: (1) Complex Reasoning: Moving beyond
simple factoid answers to tackle multi-hop, compositional, and
abstract reasoning tasks [6], [7]; (2) Open-ended Generation:
Producing diverse and natural language answers, rather than
selecting from a predefined set; (3) Knowledge Integration:
Accessing and applying external world knowledge to answer
questions that extend beyond the explicit content of the visual
input [8], [9]; and (4) Adaptability: Rapidly adapting to new
domains and tasks with few or no examples (zero-shot/few-
shot learning) [10].

This survey aims to provide a comprehensive and structured
review of the rapidly evolving field of LLM-enhanced IQA
and VQA. We define the scope by focusing on approaches
that explicitly integrate or leverage LLMs for visual question
answering across both image and video modalities. We will
cover the historical context, delve into modern architectures
and methodologies, critically assess datasets, benchmarks, and
evaluation metrics, and finally, highlight pressing challenges,
open problems, and promising future research directions. By
synthesizing existing knowledge and identifying key trends,
this survey seeks to be a valuable resource for researchers and
practitioners in developing more intelligent and versatile visual
AI systems.

II. BACKGROUND ON VISUAL QUESTION ANSWERING
AND LARGE LANGUAGE MODELS

This section provides foundational knowledge essential for
understanding the convergence of visual question answering
and large language models. We first trace the evolution of IQA
and VQA, highlighting key milestones and inherent limitations
of earlier paradigms. Subsequently, we delve into the core
concepts and advancements of LLMs, particularly focusing on
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their architectural underpinnings, pre-training objectives, and
emergent reasoning capabilities.

A. Evolution of Visual Question Answering

Visual Question Answering (VQA) emerged as a challeng-
ing task requiring joint understanding of both visual content
and natural language queries. Initial approaches often involved
feature extraction from images using Convolutional Neural
Networks (CNNs), combined with language models (e.g.,
LSTMs or GRUs) to process questions, followed by a fusion
mechanism and an answer prediction layer [1], [3]. Attention
mechanisms quickly became crucial, enabling models to focus
on relevant image regions and question words, as exemplified
by methods like Bottom-Up and Top-Down Attention for
Image Captioning and VQA [2]. These advancements signif-
icantly improved performance on datasets like VQA v1 and
v2.

However, traditional VQA models faced several limitations.
One significant issue was their susceptibility to dataset biases
and spurious correlations, often leading to models that could
answer questions based primarily on linguistic priors rather
than genuine visual understanding [11], [12]. For instance,
if most questions asking ”What color is the banana?” had
”yellow” as the answer in the training set, a model might
predict ”yellow” even for a non-yellow banana. Addressing
this required careful dataset design and bias mitigation strate-
gies. Furthermore, complex reasoning beyond direct object
recognition, such as multi-hop inference or understanding
implicit relationships, remained a significant challenge [6].

The extension to Video Question Answering (VQA) intro-
duced additional complexities, primarily temporal dynamics
and higher dimensionality [13]. VQA systems need to track
objects, understand actions, and reason about events unfolding
over time. Early VQA models adapted IQA techniques by
processing video frames independently or aggregating tempo-
ral features. More sophisticated methods began to incorporate
recurrent neural networks or temporal attention to model
the evolution of events. Despite these efforts, VQA often
lagged behind IQA in performance due to the added challenge
of understanding motion, temporal alignment, and the sheer
volume of data.

Simultaneously, open-domain Question Answering (QA),
initially text-based, laid groundwork for the need for external
knowledge. Systems like those in [14]–[18] tackled questions
requiring retrieval from large text corpora. Dense retrieval
models, such as DPR [18], became prominent for efficiently
finding relevant passages. However, even these systems faced
challenges with entity-centric questions [19] or few-shot learn-
ing scenarios [20]. Approaches like SPARTA introduced sparse
transformer matching retrieval for efficiency and performance
[21]. The integration of knowledge graphs into QA further en-
hanced reasoning capabilities by providing structured knowl-
edge [22]–[26]. These text-based advancements foreshadowed
the necessity of integrating similar knowledge and reasoning
capabilities into visual QA.

B. Large Language Models: Architectures and Capabilities

Large Language Models (LLMs) are deep neural networks,
predominantly based on the Transformer architecture, that
have achieved remarkable success in various NLP tasks. The
Transformer, introduced by Vaswani et al., relies heavily on
self-attention mechanisms, allowing the model to weigh the
importance of different words in a sequence when processing
any given word. This architecture allows for parallel process-
ing, making it highly scalable and efficient for training on
massive datasets.

1) Pre-training Objectives: LLMs undergo a two-stage
paradigm: pre-training and fine-tuning. During pre-training,
models are exposed to vast amounts of unlabeled text data,
learning general linguistic patterns and world knowledge
through self-supervised objectives. Common pre-training tasks
include:

• Masked Language Modeling (MLM): As seen in BERT,
portions of the input text are masked, and the model
is trained to predict the original masked tokens [27].
This forces the model to learn bidirectional contextual
representations.

• Causal Language Modeling (CLM): Used in models
like GPT, the model predicts the next token in a sequence
given the preceding tokens. This autoregressive objective
is crucial for generative tasks.

• Sequence-to-Sequence (Seq2Seq) Pre-training: Models
like T5 use both encoder-decoder architectures and ob-
jectives that unify various NLP tasks into a text-to-text
format.

These objectives enable LLMs to develop a robust under-
standing of syntax, semantics, and pragmatics, which under-
pins their remarkable capabilities. The scale of these models
(billions of parameters) and datasets is critical; for instance,
[28] explored explicit alignment objectives for multilingual en-
coders. Work on synthetic pre-training tasks has also explored
ways to mitigate issues with crawled corpora [29].

2) Instruction Tuning and Emergent Capabilities: After
pre-training, LLMs are often fine-tuned on instruction datasets,
a process known as instruction tuning, which aligns them with
human instructions and preferences. This further enhances
their ability to follow complex commands and perform diverse
tasks without explicit task-specific training (zero-shot or few-
shot learning) [30]. Prompt-based learning, where tasks are
framed as natural language prompts, has become a stan-
dard approach to interact with LLMs [10], [31]. Techniques
like pre-trained prompt tuning (PPT) and BitFit have been
developed for efficient adaptation in low-resource settings
[31], [32]. Knowledgeable prompt-tuning further incorporates
external knowledge into the prompt verbalizer for improved
text classification [33]. LLM-Adapters provide a framework
for parameter-efficient fine-tuning, allowing smaller models
to achieve competitive performance [34]. Compression tech-
niques like LLMLingua also aim to optimize prompt length
for accelerated inference [35].
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Fig. 1. An overview of how the evolution of Visual Question Answering and the capabilities of Large Language Models converge to enable modern multimodal
question answering.

The emergent capabilities of LLMs relevant to visual QA
include:

• Reasoning: LLMs can perform various forms of rea-
soning, including arithmetic, commonsense, and logical
deduction. Chain-of-Thought (CoT) prompting has sig-
nificantly improved their reasoning abilities by enabling
them to articulate intermediate steps [6], [36], [37]. Self-
correction and self-reflection mechanisms further enhance
their reliability [5], [38]. However, their logical capabil-
ities have limits, as shown by studies exploring when
reasoning beats scale [39].

• Knowledge Retrieval and Integration: While not
explicit knowledge bases, LLMs implicitly store vast
amounts of information learned during pre-training. They
can be augmented with external knowledge sources
(e.g., knowledge graphs, web search) through Retrieval-
Augmented Generation (RAG) to provide more accurate
and up-to-date information [8], [9].

• Generation and Summarization: LLMs are highly pro-
ficient in generating coherent and fluent text, which is
essential for producing answers in visual QA. They can
also perform tasks like extractive summarization effec-
tively [40].

• Multilingualism: Many LLMs are trained on multilin-
gual datasets, enabling them to process and generate text
in multiple languages, offering opportunities for cross-
lingual visual QA [28], [41].

These foundational capabilities of LLMs serve as a powerful
bedrock upon which modern multimodal systems are built,
bridging the gap between perception and advanced linguistic
intelligence. Furthermore, the development of sophisticated
machine learning approaches, such as hybrid supervised-
unsupervised learning pipelines, is crucial for addressing com-

plex challenges in various other domains, including fraud
detection in online transactions [42].

III. ARCHITECTURES AND METHODOLOGIES FOR
LLM-ENHANCED IMAGE AND VIDEO QA

The integration of Large Language Models (LLMs) into im-
age and video question answering has spawned a diverse array
of architectural patterns and methodologies. These approaches
largely aim to enable LLMs to ”see” and ”understand” vi-
sual information, extending their powerful language-centric
reasoning to multimodal contexts. This section categorizes
and analyzes these paradigms, highlighting their underlying
mechanisms, strengths, and application scenarios.

A. Multimodal Large Language Models (MLLMs) and Vision-
Language Pre-training (VLP)

A central theme in LLM-enhanced visual QA is the de-
velopment of Multimodal Large Language Models (MLLMs)
through Vision-Language Pre-training (VLP). These models
are designed to learn joint representations across visual and
textual modalities, typically by co-training on large datasets
of image-text or video-text pairs [43].

1) Unified-Modal Pre-training: Early VLP efforts focused
on learning cross-modal alignments. UNIMO [44] proposed
a unified-modal pre-training architecture capable of adapt-
ing to both single-modal and multi-modal understanding and
generation tasks. It leverages cross-modal contrastive learning
(CMCL) to align textual and visual information, demonstrating
the utility of non-paired single-modal data for generaliza-
tion. Similarly, BriVL (part of the Chinese WenLan project)
also employs cross-modal contrastive learning with a large
queue-based dictionary to incorporate more negative samples,
outperforming models like UNITER and OpenAI CLIP on
various downstream tasks [45]. Models like mPLUG introduce
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Fig. 2. Overview of architectures and methodologies for LLM-enhanced image and video question answering, highlighting multimodal modeling, knowledge
retrieval, reasoning, and embodied interaction.

cross-modal skip-connections for effective and efficient vision-
language learning [46].

2) Adapter-based Multimodal Augmentation: To lever-
age the encyclopedic knowledge and in-context learning
abilities of pre-trained LLMs without modifying their im-
mense weights, adapter-based finetuning has become popular.
MAGMA [47] augments generative language models with
additional modalities using adapter-based finetuning, allowing
for end-to-end pre-training with a single language modeling
objective. This preserves the LLM’s language capabilities
while enabling multimodal input. E2E-VLP [48] focuses on
end-to-end vision-language pre-training enhanced by visual
learning, further emphasizing the holistic learning of multi-
modal interactions.

3) Vision-Guided Generative Models: Some approaches
explicitly inject visual information into generative pre-trained
language models (GPLMs). For multimodal abstractive sum-
marization, [49] presented a method to construct vision-
guided GPLMs by adding attention-based add-on layers. This
allows GPLMs to incorporate visual information without detri-
mental effects on their text generation abilities, leading to
significant improvements in MAS tasks. Video-LLaMA and
Video-ChatGPT represent further steps in this direction, fine-
tuning audio-visual language models for comprehensive video
understanding and detailed video discussions [50], [51]. This
approach highlights the potential for richer, more interactive
multimodal dialogues.

4) Token Efficiency and Visual Text Inputs: An interesting
direction explores the efficiency of visual inputs for text.
[52] investigates whether textual inputs can be compressed by
feeding them as images to reduce token usage in multimodal
LLMs. They show that rendering long text inputs as a single

image can yield substantial token savings without degrading
task performance, suggesting a new form of input compres-
sion.

B. Knowledge-Augmented and Retrieval-Augmented Genera-
tion (RAG)

While MLLMs learn implicit world knowledge, they often
struggle with specialized, up-to-date, or fine-grained factual in-
formation. Retrieval-Augmented Generation (RAG) addresses
this by dynamically retrieving relevant external knowledge
(from text or images) to inform the generation process.

1) Multimodal RAG Architectures: MuRAG [53] proposes
a multimodal retrieval-augmented generator for open question
answering over images and text. This framework aims to re-
trieve relevant information from both modalities to formulate a
comprehensive answer. A broader survey on multimodal RAG
[54] systematically analyzes datasets, metrics, methodologies,
and challenges in this evolving field.

2) Knowledge Graph Integration: Explicit knowledge
graphs (KGs) can provide structured, factual knowledge to
MLLMs. KAT [55] introduces a Knowledge Augmented
Transformer for Vision-and-Language, integrating implicit and
explicit knowledge in an end-to-end encoder-decoder archi-
tecture. This allows for joint reasoning over both knowledge
sources during answer generation, showing strong perfor-
mance on tasks like OK-VQA. Unifying LLMs and KGs is
a growing research area, with roadmaps outlining frameworks
like KG-enhanced LLMs and LLM-augmented KGs [9].

3) Dynamic and Hierarchical RAG: For complex
knowledge-intensive VQA, dynamic and hierarchical retrieval
strategies are emerging. QA-Dragon [56] proposes a
Query-Aware Dynamic RAG System, featuring a domain
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router and a search router that dynamically select optimal
retrieval strategies, orchestrating both text and image search
agents. This supports multimodal, multi-turn, and multi-hop
reasoning. Wiki-LLaVA [57] integrates an external knowledge
source of multimodal documents through a hierarchical
retrieval pipeline, demonstrating improved effectiveness and
precision for visual question answering requiring external
data.

C. Reasoning Paradigms in LLM-Enhanced Visual QA

The most significant contribution of LLMs to visual QA
is their advanced reasoning capabilities. Researchers are ex-
ploring how to leverage these for more sophisticated visual
understanding.

1) Compositional and Multi-Hop Reasoning: Traditional
VQA models often struggle with compositional reasoning,
where the solution requires composing answers to multiple
sub-problems. [6] investigated this ”compositionality gap” in
LLMs, showing that while larger models improve factual
recall, their compositional reasoning doesn’t necessarily scale
at the same rate. Elicitive prompting methods like chain-of-
thought (CoT) and self-ask can narrow this gap by explicitly
asking and answering follow-up questions. Recent surveys
highlight the importance of compositional visual reasoning,
tracing its paradigm shifts from prompt-enhanced pipelines
to unified agentic VLMs [7]. Visual Reasoning Tracer (VRT)
introduces a task requiring models to explicitly predict inter-
mediate objects in a reasoning path, aiming to make visual
reasoning more transparent and human-like [58]. LogicVista
[59] provides a benchmark to assess MLLMs’ integrated
logical reasoning in visual contexts.

2) Self-Reflection and Verification: Inspired by human cog-
nitive processes, self-reflection and self-verification mecha-
nisms are being introduced. [36] demonstrates that LLMs can
self-verify their answers by performing a backward verification
of deduced conclusions, leading to improved reasoning per-
formance. Logic-LM integrates LLMs with symbolic solvers,
using LLMs to translate problems into symbolic formulations
and then leveraging the solver’s error messages for self-
refinement [37]. This combination allows for more faithful
logical reasoning. Research also delves into whether LLMs can
”lie,” investigating the internal state and neural mechanisms
underlying deception to enhance trustworthiness [60], [61].

3) Causal and Analogical Reasoning: Beyond logical rea-
soning, causal and analogical reasoning are critical for deeper
understanding. CausalVLR [62] provides a toolbox and bench-
mark for visual-linguistic causal reasoning, encompassing
tasks like VQA and image captioning. Analogical reasoning,
the ability to map structural relationships between different
domains, is fundamental to human cognition. Studies are
exploring if LLMs can match human performance in such
tasks, suggesting that LLMs might offer a ”how-possibly”
explanation for human analogical reasoning in contexts not
well modeled by existing theories [63].

D. End-to-End Multimodal Learning and Embodied AI

The ultimate goal for many AI systems is end-to-end func-
tionality, where raw multimodal inputs are directly mapped to
outputs, often in interactive or embodied settings.

1) End-to-End Multimodal Architectures: The concept of
end-to-end learning in multimodal contexts has been explored
in various domains, from speech-to-text translation [64] and
conversation modeling [65] to keyword spotting and voice
activity detection [66]. In visual QA, end-to-end training
allows for direct optimization of multimodal understanding.
Recent work includes architectures for end-to-end autonomous
driving using Vision Language Models (VLMs), demonstrat-
ing impressive performance with single camera inputs [67].
Similarly, generalized trajectory scoring and multi-target dis-
tillation are used in end-to-end multimodal planning for au-
tonomous driving, showcasing improvements in generalization
[68], [69].

2) Embodied and Grounded Visual Reasoning: Embodied
AI, where agents interact with and perceive their environment,
naturally extends to visual QA. Embodied 3D grounding aims
to localize target objects from ego-centric viewpoints based
on human instructions. VLM-Grounder [70] proposes a novel
framework using VLMs for zero-shot 3D visual grounding
based solely on 2D images, outperforming previous zero-shot
methods without relying on 3D geometry. DEGround [71]
enhances contextual understanding in embodied 3D grounding
by sharing DETR queries for both detection and ground-
ing, highlighting instruction-related regions and incorporating
sentence-level semantics. A survey on visual grounding [72]
provides a comprehensive overview of this field, including
grounded pre-training and grounding multimodal LLMs. The
notion of embodied and social grounding for LLMs is gaining
traction, suggesting that active bodily systems, temporally
structured experience, and social skills are crucial for true un-
derstanding [73]. The ”chain-of-sketch” method also addresses
global visual reasoning by breaking down complex tasks into
intermediate visual steps [74].

E. Multimodal Sentiment Analysis and Emotion Recognition

Beyond factual QA, LLMs are increasingly being adapted
for subjective and affective understanding in multimodal con-
texts. Multimodal Sentiment Analysis (MSA) and Emotion
Recognition in Conversation (ERC) are key applications where
the fusion of language, visual (facial expressions, gestures),
and acoustic (tone, prosody) cues is critical.

MMGCN [75] proposes a multimodal fused graph convo-
lutional network for ERC, leveraging speaker information and
multimodal dependencies. CTFN [76] introduces hierarchical
learning with a Coupled-Translation Fusion Network for MSA.
ConFEDE [77] uses contrastive feature decomposition for
MSA, while multimodal phased transformers also contribute to
sentiment analysis [78]. UniMSE [79] aims for unified mul-
timodal sentiment analysis and emotion recognition. Learn-
ing language-guided adaptive hyper-modality representation
(ALMT) for MSA helps suppress sentiment-irrelevant and
conflicting information across modalities [80]. Furthermore,
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representations of facial affect have been introduced for au-
tomated multimodal deception detection, improving perfor-
mance in high-stakes situations [81]. These works demonstrate
the versatility of multimodal LLMs in understanding complex
human social signals.

F. Continual Learning and Adaptation

As models are deployed in dynamic environments, the
ability to continually learn from new data without forgetting
previously acquired knowledge (catastrophic forgetting) is
crucial. This is particularly relevant for MLLMs that need to
adapt to evolving visual-linguistic domains.

Continual learning in practice involves managing ML mod-
els in production, adapting to shifting data distributions, and
retraining when necessary [82]. Energy-Based Models (EBMs)
have been proposed as a promising class for continual learn-
ing, reducing interference with previously learned informa-
tion [83]. Routing networks with co-training enable sparse
activation of experts for different tasks, minimizing interfer-
ence while allowing positive transfer [84]. StackNet offers
a method to learn additional tasks by stacking parameters,
ensuring no degradation in previous task performance [85].
For MLLMs, continual learning can mitigate the performance
decrease observed on natural language tasks when integrating
vision models. [86] investigates continual learning methods to
enhance visual understanding in MLLMs while minimizing
linguistic performance loss. Dense Knowledge Distillation
(DKD) uses a task pool to track model capabilities and distill
cumulative knowledge from all previous tasks, outperform-
ing state-of-the-art baselines [87]. Task Agnostic Continual
Learning using Multiple Experts (TAME) detects shifts in data
distributions and switches between expert networks online,
even outperforming methods that assume task identities [88].
These advancements are vital for ensuring the robustness and
longevity of LLM-enhanced visual QA systems in real-world
applications.

IV. DATASETS, BENCHMARKS, AND EVALUATION
METRICS

The rapid progress in LLM-enhanced Image and Video
Question Answering necessitates robust datasets, comprehen-
sive benchmarks, and refined evaluation metrics. This section
reviews the current landscape, highlighting the evolution from
simple factoid QA to complex reasoning tasks, and the chal-
lenges in assessing multimodal understanding.

A. Image Question Answering Datasets

Traditional IQA datasets often focused on direct visual
content. With the advent of LLMs, datasets that require more
complex reasoning, external knowledge, or conversational
context have become crucial.

• OK-VQA: This dataset is designed for Knowledge-based
VQA, requiring models to answer questions by combin-
ing visual information with external world knowledge
[55]. It serves as a benchmark for approaches leveraging
knowledge graphs [55] or visual retriever-reader pipelines

[89]. MAGMA [47] also reports state-of-the-art results on
OKVQA.

• EntityQuestions: This dataset highlights a challenge for
dense retrievers with simple, entity-rich questions based
on Wikidata facts, revealing that dense models can strug-
gle to generalize to uncommon entities [19].

• ChartQA: A benchmark specifically for question an-
swering about charts, requiring both visual and logical
reasoning over data presented in graphical forms [90].

• Visual News: A large-scale benchmark for news image
captioning, emphasizing the importance of events and
entities in news imagery. While for captioning, it repre-
sents a rich multimodal source for VQA about real-world
events [91].

B. Video Question Answering Datasets

VQA introduces temporal reasoning and dynamic content,
leading to specialized datasets.

• Perception Test: A diagnostic benchmark that evalu-
ates the perception and reasoning skills of pre-trained
multimodal video models across various skills (Memory,
Abstraction, Physics, Semantics) and reasoning types
(descriptive, explanatory, predictive, counterfactual) [92].

• MM-Ego: A large-scale egocentric QA dataset (7M
samples) for egocentric video understanding, evaluating
models’ ability to recognize and memorize visual details
across varying video lengths [93].

• STRIDE-QA: Designed for spatiotemporal reasoning in
urban driving scenes, this dataset contains 16 million QA
pairs over driving data, supporting object-centric and ego-
centric reasoning tasks [94].

• MAQA: A multimodal QA benchmark specifically de-
signed to evaluate negation reasoning in MLLMs, adapt-
ing labeled music videos from AudioSet [95].

• HeurVidQA: A framework leveraging domain-specific
entity-action heuristics to refine video-language founda-
tion models for improved domain-specific VideoQA [96].

• General Video QA Surveys: Reviews like [13] pro-
vide comprehensive overviews of various methods and
datasets for VQA.

C. Reasoning and Conversational QA Datasets

To evaluate LLMs’ advanced capabilities, datasets demand-
ing complex reasoning or interactive elements are vital.

• QASPER: A dataset of information-seeking questions
and answers anchored in research papers, requiring com-
plex reasoning about claims across multiple parts of a
paper [97].

• NuMGLUE: A suite of fundamental yet challenging
mathematical reasoning tasks that probe numerical un-
derstanding and calculation [98].

• SQuAD, TriviaQA, Natural Questions: Standard open-
domain QA datasets (primarily text-based) used to bench-
mark retriever-reader systems [18], [20]. Variations like
AdversarialQA [99] focus on model robustness.
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Fig. 3. Overview of datasets and evaluation dimensions for LLM-enhanced image and video question answering, spanning visual perception, multimodal
reasoning, and trustworthy assessment.

• Conversational QA (CQA) datasets: QReCC [15] is a
dataset for Question Rewriting in Conversational Context,
aiming to find answers to conversational questions across
web pages. SIMMC 2.0 [100] provides task-oriented
dialogs grounded in immersive multimodal scenes for
situated and interactive conversations. Q2 [101] evaluates
factual consistency in knowledge-grounded dialogues via
question generation and question answering.

• Logical Reasoning Benchmarks: FOLIO, LogicalDe-
duction, AR-LSAT, and ProofWriter are used to evalu-
ate logical problem-solving abilities of LLMs, often in
conjunction with symbolic solvers [37].

D. Evaluation Metrics and Frameworks

Evaluating LLM-enhanced visual QA is multifaceted, ex-
tending beyond traditional accuracy scores to encompass as-
pects like factual consistency, reasoning fidelity, and human
preference.

• Traditional Metrics: Accuracy, F1-score, and Exact
Match (EM) remain standard for extractive QA tasks [20],
[102]. For generative tasks, linguistic metrics like BLEU,
ROUGE, and METEOR are common, but their correla-
tion with human judgment can be limited [102], [103].
CLIPScore [104] is a reference-free metric for image
captioning that leverages vision-language embeddings.

• Factuality and Hallucination Evaluation: Given LLMs’
propensity for hallucination, specific metrics and frame-
works are crucial. GO FIGURE [103] is a meta-
evaluation framework for factuality metrics in summa-
rization, proposing conditions to evaluate metrics on di-
agnostic data. FactScore [105] offers fine-grained atomic
evaluation of factual precision in long-form text genera-
tion. Studies like [106] systematically investigate object

hallucination in LVLMs and propose improved evaluation
methods like POPE. Specialized datasets and methods are
being developed for hallucination detection in medical
text summarization [107].

• LLM-as-a-Judge: Leveraging LLMs themselves to eval-
uate generated text has shown promising results. [108]
demonstrates that LLM evaluation is consistent with
human expert evaluation for tasks like story generation.
[102] reassesses the performance of extractive QA models
using LLM-as-a-judge, finding higher correlation with
human judgments than traditional EM/F1. For conversa-
tional recommendation, iEvaLM [109] uses LLM-based
user simulators for interactive evaluation.

• Multi-Dimensional Evaluation: UniEval [110] proposes
a unified multi-dimensional evaluator for text generation
by re-framing evaluation as a Boolean Question Answer-
ing task, correlating better with human judgments across
various NLG tasks.

• Robustness and Bias Evaluation: Evaluating robustness
involves assessing model performance under perturbed
inputs or out-of-distribution data [111]. Measures of so-
cial biases are extended to grounded vision and language
embeddings, identifying that biases can be equally or
more significant than for ungrounded embeddings [112],
[113].

• Domain-Specific Evaluation: For fields like
biomedicine, specific QA benchmarks like BioASQ
[114] are critical, along with specialized LLMs and
evaluation methods for tasks like vulnerability reasoning
in source code [115] or energy modeling [116].
Human-centric benchmarks like AGIEval [117] and the
MULTIMODAL UNIVERSE [118] for astronomical
data are also emerging.
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The ongoing development of these diverse datasets and metrics
is crucial for accurately measuring the progress and identify-
ing the shortcomings of LLM-enhanced visual QA systems,
pushing research towards more capable and trustworthy AI.

V. CHALLENGES, OPEN PROBLEMS, AND FUTURE
DIRECTIONS

Despite the remarkable advancements driven by Large Lan-
guage Models (LLMs) in visual question answering, several
significant challenges and open problems remain. Addressing
these issues will be crucial for the continued progress and prac-
tical deployment of LLM-enhanced IQA and VQA systems.

A. Hallucinations and Factual Inconsistencies

One of the most pressing challenges for LLMs, particularly
in multimodal contexts, is the phenomenon of hallucination,
where models generate factually incorrect or ungrounded in-
formation [8], [106]. In visual QA, this manifests as generated
descriptions or answers that are inconsistent with the visual
content [106].

• Mitigation Strategies: Current research explores various
mitigation techniques. Self-reflection and consistency-
based approaches, as discussed in [38], [119], aim to
detect and correct hallucinations. ViHallu [120] pro-
poses a vision-centric framework using visual variation
image generation and visual instruction construction to
enhance visual-semantic alignment and reduce halluci-
nations. Knowledge Distillation (KD) with smoothed
knowledge can also mitigate hallucinations by reducing
overconfidence [121]. However, studies like [61] delve
deeper into whether LLMs can ”lie” intentionally, a
concern beyond mere hallucination.

• Rethinking Reasoning: [122] proposes the Visual In-
ference Chain (VIC) framework, where reasoning chains
are constructed using textual context alone *before* in-
troducing visual input, to mitigate hallucinations caused
by misleading images. This suggests a re-evaluation of
the ”thinking while looking” paradigm.

• Domain-Specific Hallucinations: Hallucinations can be
particularly critical in sensitive domains like medicine.
[107] conducts an evaluation of hallucination detection
methods in medical text summarization, highlighting that
general-domain detectors struggle with clinical hallucina-
tions and proposing fact-based approaches for diagnosis.

B. Computational Expense and Efficiency

Large-scale MLLMs are computationally intensive, requir-
ing significant resources for training and inference.

• Efficient Architectures and Retrieval: Techniques like
Binary Passage Retriever (BPR) [18] reduce memory
costs by representing passage indexes with compact bi-
nary codes. SPARTA [21] learns sparse representations
for efficient neural retrieval.

• Parameter-Efficient Fine-Tuning (PEFT): Methods
such as prompt tuning, BitFit, and LLM-Adapters [31],

[32], [34] allow for adapting LLMs to downstream tasks
with minimal trainable parameters, making them more
accessible. However, their effectiveness for embedding
specific facts is still being reassessed [123].

• Input Compression: [52] explores rendering text as
images to achieve token savings, demonstrating a novel
way to compress textual inputs for MLLMs. LLMLingua
[35] compresses prompts to accelerate inference.

• Scaling Reasoning: While reasoning models are power-
ful, their optimal role might be as discriminators rather
than generators, as they can achieve higher F1 and
discrimination accuracy with fewer parameters compared
to larger non-reasoning LLMs in planning frameworks
[39].

C. Data Scarcity and Low-Resource Scenarios

Despite the abundance of web data, high-quality, diverse,
and well-annotated multimodal datasets remain scarce for
many specific tasks and low-resource languages.

• Data Augmentation and Generation: Synthetic data
generation can improve model robustness to adver-
sarial attacks [99] or generate answer candidates for
quizzes [124]. Automatically deriving VQA examples
from image-caption annotations can also generate high-
quality data at volume [125].

• Low-Resource NLP: Surveys on low-resource NLP
[126] highlight transfer learning and data augmentation as
promising strategies. Few-shot learning, often combined
with pre-training span selection [20] or prompt tuning
[31], helps in scenarios with limited training examples.

• Multilingual and Cross-Lingual QA: Addressing infor-
mation scarcity and asymmetry in non-English languages
requires cross-lingual open-retrieval QA (XOR QA) [17].
Research on multilingual encoders with explicit align-
ment objectives also facilitates zero-shot cross-lingual
transfer [28]. The WMT25 Shared Task on LLMs with
Limited Resources for Slavic Languages focuses on MT
and QA for low-resource languages [127].

• Scientific Corpus Distillation: For biomedical LLMs,
knowledge-driven agentic scientific corpus distillation
frameworks like m-KAILIN [128] address insufficient
quantity and quality in open-source annotated scientific
corpora by generating and refining domain-specific QA
pairs.

D. Real-time Processing and Dynamic Knowledge

Many real-world applications require instantaneous re-
sponses and access to up-to-date information, posing chal-
lenges for static LLMs.

• Real-time QA Platforms: REALTIME QA [129] is a
platform that evaluates systems on current world events,
highlighting the need for up-to-date retrieval and the abil-
ity to identify unanswerable cases. Real-time state mon-
itoring systems for industrial applications also demon-
strate the need for immediate data processing [130].
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Fig. 4. Overview of key challenges and future directions for LLM-enhanced multimodal visual question answering, highlighting hallucination, efficiency, data
scarcity, real-time processing, visual grounding, and interpretability in a unified framework.

• Context-Aware Interventions: Navigating the state of
cognitive flow in AI-augmented reasoning necessitates
context-aware AI interventions that adapt based on type,
timing, and scale to maintain or restore flow [131].

E. Visual Grounding and Interpretability

For MLLMs to be trustworthy, they must not only provide
correct answers but also explain their reasoning and accurately
ground their understanding in the visual input.

• Improved Grounding Mechanisms: While visual
grounding has significantly advanced, challenges remain
in generalizing beyond detection [72]. Approaches like
VLM-Grounder [70] and DEGround [71] are making
strides in zero-shot and embodied 3D visual grounding.

• Interpretable-by-Design Models: DCLUB [132] intro-
duces the Dynamic Clue Bottleneck Model, designed to
factor model decisions into intermediate human-legible
visual clues before generating an answer, providing in-
herent interpretability.

• Addressing Misconceived Reasons: Earlier work
showed that VQA models often work for the ”wrong
reasons,” exploiting dataset biases rather than true vi-
sual grounding [12]. Future work needs to ensure that
MLLM performance gains stem from genuine multimodal
understanding. The use of generative imagination can also
elevate machine translation performance [133].

F. Future Directions

Based on the current challenges, several promising future
directions emerge:

• More Robust and Efficient Multimodal Architec-
tures: Developing architectures that can handle diverse
modalities (e.g., speech, non-verbal cues beyond cur-
rent vision/text) and integrate them more seamlessly.
Approaches like MTAG [134] use graph-based models
for unaligned human multimodal language sequences,
offering interpretable frameworks. Research on multi-
modal LLM logical reasoning [59] and video models with
domain-specific fine-grained heuristics [96] will further
refine understanding. The goal of ”less is more” in vision
representation compression for efficient video generation
is also relevant [135].

• Advanced In-Context Learning for MLLMs: Leverag-
ing visual in-context learning can significantly enhance
the adaptability, reasoning capabilities, and sample effi-
ciency of Large Vision-Language Models, allowing them
to learn new tasks and concepts directly from examples
within the prompt [136].

• Continual Learning and Adaptation for MLLMs:
Further research into effectively integrating new knowl-
edge and adapting to new domains without catastrophic
forgetting, as explored in [82], [86], [87]. This includes
approaches for routing networks [84] and task-agnostic
learning [88].

• Embodied AI and Human-AI Interaction: Exploring
how MLLMs can be integrated into embodied agents for
more intuitive and effective interaction with the physical
world [73]. This also extends to interactive learning for
LLM reasoning, where multi-agent systems enhance in-
dependent problem-solving abilities [137]. LLM-assisted
visual analytics is another emerging field that will trans-
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form capabilities through natural language interactions
[138].

• World Model Integration: Moving towards more com-
prehensive world models that can simulate and predict
dynamic environments, possibly using LLM-grounded
video diffusion models [139]. This necessitates advanced
capabilities in event correlation, script reasoning, and
context-to-event understanding, often supported by pre-
trained models and external knowledge graphs [140]–
[142]. This includes developing medical LLMs with
abnormal-aware feedback [143] and modular multi-agent
frameworks for medical diagnosis [144].

• Ethical AI and Bias Mitigation: Continuously evaluat-
ing and mitigating biases in multimodal representations
[112] and ensuring fairness [113] and trustworthiness in
MLLM applications, especially regarding the potential for
deception [61], [145].

• Rethinking Visual Dependencies in Long-Context
Reasoning: Addressing how to efficiently and effec-
tively process long visual contexts for reasoning tasks in
MLLMs [146]. This includes developing robust reasoning
frameworks capable of unraveling chaotic or complex
long contexts [147] and fine-grained distillation for long
document retrieval [148].

• Specialized MLLMs: Developing highly specialized
MLLMs for niche scientific domains (e.g., astronomy
[118], biomedical research [128], [149]) and engineering
applications (e.g., insect recognition [150], defect recog-
nition [151]).

• Generative Multimodal Editing: Expanding multimodal
capabilities beyond understanding to include generation
and editing of visual content guided by LLMs [152]–
[155].

• Bridging Speech and Text: Enhancing ASR with Pinyin-
to-Character pre-training in LLMs can open new avenues
for spoken language interaction in visual QA [156].

• Generalization Across Capabilities: Further understand-
ing ”weak to strong generalization” for LLMs with multi-
capabilities, as discussed in [157], will be key for models
to flexibly handle diverse tasks.

These directions collectively point towards the development
of more intelligent, adaptable, and trustworthy LLM-enhanced
visual QA systems that can seamlessly integrate into various
real-world applications.

VI. CONCLUSION

This survey has provided a comprehensive review of the
transformative impact of Large Language Models (LLMs) on
the fields of Image Question Answering (IQA) and Video
Question Answering (VQA). We began by outlining the histor-
ical development of visual QA, from early feature-based and
attention-driven models to the recognition of their limitations
in complex reasoning and open-ended generation. We then
delved into the foundational aspects of LLMs, highlighting
their Transformer architecture, diverse pre-training objectives,

and emergent capabilities in language understanding, genera-
tion, and intricate reasoning.

The core of our review categorized the architectural
paradigms and methodologies that bridge LLMs with vi-
sual modalities. We discussed the rise of Multimodal Large
Language Models (MLLMs) through Vision-Language Pre-
training (VLP), encompassing unified-modal architectures like
UNIMO [44] and BriVL [45], adapter-based approaches such
as MAGMA [47] that preserve LLM integrity, and vision-
guided generative models that inject visual information into
GPLMs [49]–[51]. A significant emphasis was placed on
Knowledge-Augmented and Retrieval-Augmented Generation
(RAG), detailing multimodal RAG architectures [53], [54],
the integration of explicit knowledge graphs [55], and dy-
namic/hierarchical retrieval strategies like QA-Dragon [56].
Furthermore, we explored advanced reasoning paradigms, in-
cluding compositional reasoning [6], self-reflection and veri-
fication [5], [38], and causal/analogical reasoning [62], [63].
The growing importance of end-to-end multimodal learning
and embodied AI, particularly in 3D visual grounding [70] and
autonomous driving [67], was also highlighted, along with the
critical aspect of continual learning for adaptability in dynamic
environments [86].

A dedicated section scrutinized the evolving landscape of
datasets, benchmarks, and evaluation metrics, emphasizing the
shift towards tasks requiring complex reasoning (e.g., OK-
VQA [55]), temporal understanding (e.g., Perception Test
[92]), and conversational context (e.g., SIMMC 2.0 [100]).
We discussed the emergence of LLM-as-a-Judge frameworks
[102] and multi-dimensional evaluators [110] for more robust
and human-aligned assessment.

Finally, we critically analyzed the prevalent challenges
facing LLM-enhanced visual QA, including the persistent
problem of hallucinations [106], [120], computational expense
[35], data scarcity in low-resource settings [126], the de-
mand for real-time processing [129], and the crucial need
for improved visual grounding and interpretability [132]. We
concluded by outlining promising future research directions,
from developing more robust multimodal architectures and ad-
vancing continual learning capabilities to exploring embodied
AI interactions and addressing ethical implications.

In summary, the integration of LLMs has profoundly re-
shaped the landscape of image and video question answering,
offering unprecedented opportunities for building intelligent
systems that can truly perceive, reason about, and interact with
the visual world through natural language. While significant
progress has been made, the journey towards fully capable,
trustworthy, and efficient LLM-enhanced visual QA systems is
ongoing, promising continued innovation and interdisciplinary
research at the forefront of artificial intelligence.
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