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Abstract

Multimodal Agentic Retrieval-Augmented Generation (MMA-RAG) marks a significant
advancement in Al, empowering large language models to integrate and reason over diverse
data types, including text, images, audio, and structured data. This survey provides the first
comprehensive overview of the MMA-RAG paradigm, tracing its evolution from traditional
text-based RAG to sophisticated multimodal and agentic frameworks. We systematically review
foundational literature, analyze key architectures and dominant design patterns, and survey
applications across domains such as scientific question answering, document understanding, and
healthcare. We conduct a comparative analysis of system components, evaluation benchmarks,
and agentic capabilities like planning and tool use, offering a holistic view of the current land-
scape. Our key insights highlight how multimodal integration and autonomous agents mitigate
hallucinations and enhance contextual reasoning, while also surfacing persistent challenges in
cross-modal alignment, evaluation, and scalability. We conclude by outlining open research
directions and practical implications for next-generation Al systems.

1 Introduction

Large language models (LLMs) represent a major milestone in artificial intelligence, demonstrating
remarkable fluency and generalization across a broad range of natural language processing tasks
(Zhao et al., 2025; Minaee et al., 2025; Brown et al., 2020). However, despite their significantly
improved performance, LLMs still exhibit structural limitations that hinder their deployment in
real-world, knowledge-intensive scenarios. These limitations include: (i) reliance on static training
corpora, and thus an inability to incorporate knowledge beyond their training cutoff date (Cheng
et al., 2024); (ii) a tendency to produce hallucinated content, i.e., plausible but factually incorrect
completions (L. Huang et al., 2025; Xu et al., 2025); (iii) the absence of explicit citations or verifiable
sources (Wu et al., 2024; J. Huang and Chang, 2024; Park and Choi, 2024; Byun et al., 2024;
Schreieder et al., 2025); (iv) constraints imposed by finite context windows, preventing reasoning
over long documents (X. Wang et al., 2024; Cao et al., 2025); and (v) lack of direct access to
private or continuously updated data streams. Collectively, these factors constrain the reliability,
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transparency, and adaptability of LLMs in domains such as medicine, law, or scientific research,
where factual accuracy and temporal relevance are crucial.

To address these shortcomings, researchers proposed retrieval-augmented generation (RAG),
which grounds language model outputs in external knowledge sources (Lewis et al., 2021; Guu et al.,
2020; Shuster et al., 2021). Instead of relying only on static model parameters, a RAG pipeline first
retrieves relevant documents and then conditions generation on that retrieved context. This design
improves factual accuracy, expands the effective memory of the system, enables verifiable citations,
and provides access to timely or domain-specific data.

Figure 1, reproduced from Y. Huang and J. Huang (2024), illustrates this advantage. When
asked: “Which country will host the 2032 Olympics?”, a vanilla LLM, trained only up to 2022,
cannot provide the correct answer. In contrast, a RAG system retrieves up-to-date information
(“Australia will host the 2032 Olympics”) and incorporates it into its generation.
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Figure 1: An example of RAG in action: by retrieving external information, the system overcomes
training-data limitations and produces a correct answer (reproduced from Y. Huang and J. Huang
(2024)).

To understand the architecture of retrieval-augmented generation, consider Figure 2, reproduced
from Gupta et al. (2024). A retriever first queries an external knowledge base, ranks candidate
documents, and forwards the most relevant evidence to the generator. The generator — most often
a large language model' — then synthesizes this retrieved evidence into an answer. This modular
pipeline ensures that responses are not only fluent but also accurate, current, and contextually
informed. Crucially, it enables updating an LL.M’s knowledge without retraining the base model.

As the field has evolved, two complementary axes have crystallized: multimodal integration
— grounding across text, images, tables, audio, and video—and agentic reasoning—autonomous
planning, tool use, and iterative workflows. While powerful in isolation, these axes address different
limitations of traditional RAG. Multimodal RAG enriches context but often lacks dynamic reasoning,
whereas Agentic RAG introduces autonomy but is typically confined to textual data. Their
convergence, which we term Multimodal Agentic RAG (MMA-RAG), enables systems that can plan,
retrieve, and synthesize heterogeneous evidence in a coordinated manner. This survey positions
MMA-RAG within the broader RAG landscape and provides a structured account of its capabilities,
evaluation practices, and open challenges.

While other sequence-to-sequence architectures are theoretically possible, the dominance of LLMs in natural
language generation makes them the standard choice in RAG systems.
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Figure 2: Core workflow of a retrieval-augmented generation (RAG) system: user input is routed
through a retriever, which queries external knowledge and provides results to the generator (repro-
duced from Gupta et al. (2024)).

Our Contributions This survey makes the following contributions:
e Introduces a unified taxonomy that differentiates MMA-RAG from prior paradigms;
e Provides a comparative analysis of representative frameworks and architectures;
e Dissects the roles of multimodal integration and agentic reasoning within MMA-RAG;
e Compiles current benchmarks and evaluation protocols;
o Surfaces challenges distinctive to multimodal-agentic retrieval and reasoning;
e Outlines future directions toward more scalable and interpretable MMA-RAG systems.

Paper Organization The remainder of the paper proceeds as follows. Section 2 reviews the
evolution of RAG paradigms from naive text-only pipelines to multimodal and agentic variants
and formalizes the taxonomy used throughout. Section 3 positions MMA-RAG within this tax-
onomy and details core architectural patterns, representative frameworks, and fusion/alignment
techniques. Section 4 surveys application domains (document understanding, sports analytics,
healthcare, scientific exploration, trust-aware vision classification, and embodied AI). Section 5
presents evaluation datasets, metrics, and comparative performance. Section 6 analyzes open
challenges in cross-modal alignment, scalability, and evaluation standardization. Section 7 outlines
future directions on robustness, interactivity, and integration of emerging modalities. Section 8
discusses the limitations of this survey. Section 9 concludes by synthesizing insights and highlighting
the trajectory of MMA-RAG.

2 Architectures and Methodologies

Many applications need systems that work across different kinds of data—text, images, audio, video,
and structured/graph data—and that stay current, cite their sources, handle long contexts, and
(when authorized) access private or live feeds (Abootorabi et al., 2025; Mei et al., 2025; Liu et al.,
2025). As discussed in the Introduction, RAG retrieves relevant material first and then conditions
generation on that retrieved context. This improves factual accuracy, expands the system’s effective
memory, enables verifiable citations, and gives access to timely or domain-specific data.
Multimodal Agentic RAG (MMA-RAG) applies the same idea across modalities. Specialized
retrievers gather text, images, tables, or audio/video from vector stores, graph knowledge bases,
and web/API endpoints, and a coordinator plans, checks, and fuses these signals into a single,



source-backed answer (Liu et al., 2025). Agentic capabilities—planning, reflection, verification, and
iterative tool use—help the system adapt as questions evolve or new evidence arrives (Singh et al.,
2025; Abootorabi et al., 2025; Mei et al., 2025). In practice, hierarchical multi-agent frameworks
split complex questions into sub-tasks handled by modality-specific agents, while a coordinator
synthesizes evidence across sources—an approach that shows strong gains on multimodal benchmarks
(Liu et al., 2025). Figure 3 illustrates this contrast, highlighting how multi-agent multimodal RAG
architectures extend beyond single-agent single-modal designs. These properties are especially
important in healthcare, robotics, and scientific research, where multi-step reasoning, traceable
sources, and up-to-date knowledge are required.

o = = = = = = = = = = = = e = = -

Text Cl\unks

Charks | £ mbedding

Model
--. =

Prompt Template

Answer this query based
on this context.

(A;ltlmodaf Know‘e_dge Base

ey
Text
e ' >l ar

Ve
e ector DB

=

1
I
I
1
1
I
I
|
1
I
|
I
I
I
1
] \, Grapk DB /
I
1
I
1
I
|
I
I
I
I
I
I
I
I
\

Custom
K m:w[ealge_
(Text,

I mage)

—
Multimodal Knowledge Retri e\m
& ])ecompos-t-on
User Query Agent
Multi-source Retrieval Agents)
] Y
Decision Agent Vector Gmpl« Web

(b) Multi-agent Multimodal RAG

Figure 3: Comparison of (a) single-agent single-modal RAG and (b) multi-agent multimodal
RAG. The latter integrates vector/graph/web sources across modalities under agentic orchestration,
enabling complex, grounded answers (figure reproduced from Liu et al. (2025)).

2.1 Positioning Within the RAG Taxonomy
We follow the taxonomy introduced earlier (RAG, Multimodal RAG, Agentic RAG, MMA-RAG)

and focus here on architecture-level differences rather than repeating the full historical evolution.
To clarify the relationships and architectural distinctions among RAG paradigms, Figure 4 presents
an improved taxonomy. This diagram highlights the evolution from naive and advanced RAG to
modular, agentic, and multimodal variants, culminating in MMA-RAG. It also emphasizes that



Graph RAG is an orthogonal enhancement, applicable across paradigms, and organizes the taxonomy
along two complementary axes: modality (text-only vs. multimodal) and agency (static vs. agentic).
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Figure 4: Architecture-centered taxonomy of RAG paradigms. This diagram illustrates the evolution
and relationships among retrieval-augmented generation (RAG) paradigms, highlighting key branches:
Naive RAG, Advanced RAG, Modular RAG, Agentic RAG, Multimodal RAG, and their convergence
in Multimodal Agentic RAG (MMA-RAG). Graph RAG is shown as an orthogonal enhancement
that can be layered onto any paradigm to support relational and multi-hop reasoning. The taxonomy
is organized along two complementary axes—modality (text-only vs. multimodal) and agency (static
vs. agentic)—emphasizing architectural capabilities such as cross-modal retrieval, orchestration,
and agentic planning that culminate in MMA-RAG.

e Relative to text-only RAG, Multimodal RAG adds cross-modal retrieval and fusion so the
system can ground answers in images, tables, audio/video, and text.

e Relative to Multimodal RAG, agentic designs add planning and self-management of re-
trieval /generation workflows (Singh et al., 2025).

o MMA-RAG combines both: (a) specialized retrievers and agents per modality, (b) orchestration
that breaks down the query and calls tools/APIs as needed, and (c) answers that surface
citations (and optionally confidence signals).

e Graph-enhanced RAG is orthogonal and can be layered onto any of these to support relational
and multi-hop reasoning (H. Han et al., 2025).

This survey focuses on MMA-RAG, providing a unified taxonomy and comprehensive analysis of
this rapidly developing paradigm.



2.2 Core MMA-RAG Architectural Patterns

MMA-RAG frameworks are characterized by several key architectural and methodological innova-
tions:

e Hierarchical Multi-Agent Organization: Systems are structured as a collection of spe-
cialized agents, each responsible for a particular modality (e.g., text, image, video) or function
(e.g., query decomposition, retrieval, synthesis). These agents operate both independently
and collaboratively, orchestrated by higher-level agents that plan and coordinate the overall
workflow. For example, HM-RAG (Liu et al., 2025) and MDocAgent (S. Han et al., 2025)
both use hierarchical agent structures to decompose and solve complex queries, while Yi
et al. (2025) design a modular multi-agent workflow with five specialized agents for retrieval,
drafting, refinement, visual analysis, and synthesis that mirrors the stepwise clinical reasoning
process in radiology report generation.

e Cross-Modal Retrieval and Fusion: Modality-specific retrieval agents access heterogeneous
data sources (vector DBs, graph KBs, web APIs) and produce intermediate representations
that are aligned and fused by decision or synthesis agents. In HM-RAG (Liu et al., 2025),
hierarchical fusion is achieved through multi-level attention and voting mechanisms, while
MDocAgent (S. Han et al., 2025) uses schema-guided augmentation to ensure semantic
consistency.

o Agentic Capabilities: Agents are endowed with planning, reflection, and tool-use abilities.
They can decompose complex queries, iteratively refine their outputs, invoke external tools or
APIs, and adapt their strategies based on intermediate results or feedback. CollEX (Schneider
et al., 2025), for instance, leverages tool-use and reflection for interactive scientific exploration.

e Dynamic Workflow Adaptation: The agentic design allows the system to dynamically
adjust retrieval and reasoning paths in response to evolving queries, ambiguous information,
or user feedback, rather than following a static pipeline. GridMind (Chipka et al., 2025)
demonstrates this by adapting to real-time sports data streams.

o Iterative Refinement and Self-Correction: A dominant pattern where the system is
not single-pass but incorporates feedback to improve its output. This is often implemented
as a loop of generation, evaluation, and revision. For example, CAL-RAG uses a grader
agent to score a proposed layout and a feedback agent to provide corrective instructions
(Forouzandehmehr et al., 2025), while other systems use a re-evaluation loop triggered by low
trust scores to correct for agent overconfidence (Roumeliotis et al., 2025). The agentic RAG
system in Thakrar et al. (2025) includes a self-reflection agent that triggers re-analysis when
confidence is low, enabling autonomous error correction.

e Trust-Aware Orchestration with Calibration and Re-evaluation. Modular pipelines
can separate perception (vision agents) from meta-reasoning (an orchestrator) and use cal-
ibrated trust signals to coordinate agents. The orchestrator in Roumeliotis et al. (2025)
employs metrics such as Expected Calibration Error (ECE), Overconfidence Ratio (OCR), and
Confidence-Correctness Correlation (CCC), and leverages CLIP-based (Radford et al., 2021)
image retrieval with iterative re-evaluation to correct overconfidence, yielding substantial
accuracy gains in zero-shot visual diagnosis.

o Constraint- and Content-Aware Layout Generation. CAL-RAG (Forouzandehmehr
et al., 2025) retrieves relevant layout exemplars from a structured knowledge base, uses an
LLM-based layout recommender, a vision—language grader agent, and a feedback agent to
iteratively improve placements. Implemented with LangGraph, it achieves SOTA on PKU



PosterLayout across underlay effectiveness, element alignment, and overlap, outperforming
LayoutPrompter (Lin et al., 2023).

o Non-Parametric Embodied Memory. Embodied-RAG (Xie et al., 2025) augments
embodied agents with a general non-parametric memory structured as a semantic forest of
language descriptions at multiple granularities, enabling retrieval for navigation and explanation
queries across kilometer-scale environments.

e« Domain-Specific Workflow Emulation: Instead of relying on generic agent roles, some
frameworks design their multi-agent collaborations to deliberately mirror the workflows
of human experts. In medical VQA, for example, this can take the form of emulating peer
consultation through multi-modal reasoning layers, as well as conducting reference checks using
agentic RAG (Thakrar et al., 2025). Similarly, in radiology report generation, the stepwise
process of clinical reasoning provides an implicit mechanism for aligning and integrating
information in a way that remains clinically meaningful (Yi et al., 2025). Together, these
architectural choices aim to reproduce the collaborative, evidence-driven practices at the core
of medical diagnosis, positioning workflow emulation as a compelling alternative to extensive
fine-tuning.

2.3 Dominant Agentic Design Patterns

Our analysis of the literature reveals that as MMA-RAG systems tackle more complex tasks,
their agentic structures are not arbitrary. Instead, they converge around a few dominant design
patterns. These patterns represent recurring architectural solutions to core challenges in task
decomposition, quality control, and domain-specific reasoning. Across the MMA-RAG literature,
several dominant agentic design patterns have emerged, each tailored to address specific types of
problems, as illustrated in Figure 5. These patterns are not mutually exclusive but represent distinct
architectural philosophies:

o Hierarchical Orchestration. In this pattern, a top-level agent (or orchestrator) decomposes
a complex query and delegates sub-tasks to specialized, subordinate agents. This is effective
for multi-faceted queries requiring diverse data sources. For example, HM-RAG employs a
Decomposition Agent to split queries and a Decision Agent to synthesize results from vector,
graph, and web retrieval agents (Liu et al., 2025). Similarly, the framework in Roumeliotis et al.
(2025) uses a non-visual orchestrator for meta-reasoning, separating it from the perceptual
tasks of its vision agents.

o Iterative Refinement and Feedback Loops. This pattern involves agents that generate,
critique, and revise solutions in a loop. It is particularly powerful for tasks where the quality
of the output is subjective or requires optimization against multiple constraints. CAL-RAG,
for instance, uses a ‘grader‘ and ‘feedback‘ agent to iteratively improve creative layouts
(Forouzandehmehr et al., 2025). Other systems use self-reflection agents triggered by low
confidence scores to autonomously correct errors, emulating a process of reconsideration
(Thakrar et al., 2025; Roumeliotis et al., 2025).

¢ Domain-Specific Workflow Emulation. Here, the multi-agent collaboration is explicitly
designed to mimic the workflow of human experts in a specific domain. This provides a natural
structure for reasoning and ensures the final output is contextually relevant and interpretable
to professionals. The five-agent pipeline in Yi et al. (2025) mirrors the stepwise process of a
radiologist generating a report, while the system in Thakrar et al. (2025) emulates clinical
peer consultation and reference-checking. The ‘Radiologist’ and ‘Medical Writer* agents in



(a) Hierarchical Orchestration
Top-Level Orchestrator Agent ‘

delegates delegates delegates

delegates

b erative Refinement

Generator Agent

draft
4

. Vector Retrieval Agent | | Graph Retrieval Agent I ] Web Retrieval Agent I

rvision Agav;l

Evaluator Agent

Synthesis Agent

A
feedback  refined draft approved

| Reviser Agent

| Final Output

(c) Domain-Specific Workflow Emulation

Clinical Context Agent

' Evidence Integration Agent |

| Patient Data.

' Clinical Query L | Peer Review Agent ' <

T

1
congult more evidence

e

low confidence

-

Radiologist Agent | l Knowledge Retrieval Agent (

| Synthesis & Decision Agent |

N

| Medical Literature / Guidelines |

Final Report

Figure 5: Dominant agentic design patterns in MMA-RAG frameworks. (a) Hierarchical Or-
chestration, where a top-level agent delegates tasks. (b) Iterative Refinement, where agents
collaborate in a feedback loop. (c) Domain-Specific Workflow Emulation, where agent collabo-

ration mimics human expert processes.

IRR-with-CBM-RAG are another clear example of this pattern (H. M. T. Alam et al., 2025).

2.4 Representative MMA-RAG Frameworks

Table 1 summarizes leading MMA-RAG frameworks, highlighting their application domains, key

contributions, agentic features, challenges addressed, and notable results.

These frameworks

exemplify the integration of both multimodal and agentic capabilities.



Table 1: Comparison of Multimodal Agentic Retrieval-Augmented
Generation Frameworks

Framework Application Key Contribu- Agentic Fea- Challenges Ad- Notable Results
Domain tions tures dressed
HM-RAG Multimodal, Hierarchical multi- Planning, multi- Multimodal 12.95% higher
(Liu et al., multi-source agent system agent collabora- reasoning, cross- answer accuracy,
2025) question  an- with query de- tion, reflection modal alignment, 3.56% better ques-
swering and composition, modularity tion classification
knowledge modality-specific re- on ScienceQA
synthesis trieval, and answer and  CrisisMMD;
integration state-of-the-art in
zero-shot settings
MDocAgent Document Un- Role-based multi- Planning, tool Long-form docu- 12.1% average im-
(S. Han et al., derstanding agent system for use, agent spe- ment analysis, vi- provement on five
2025) text, image, and -cialization sual layout integra- benchmarks includ-
table  processing tion ing MMLongBench,
with collaborative LongDocURL, Pa-
reasoning perTab, PaperText,
and FetaTab
GridMind Sports Analyt- Multi-agent system Dynamic Cross-modal cor- Effective NFL data
(Chipka et al., ics for unified analy- adaptation, relation, real-time analysis (58% ac-
2025) sis of video, text, multi-agent data integration curacy in a 10-
statistics, and com- collaboration participant closed
mentary alpha, 17.5s avg. re-
sponse)
CollEX Scientific Multimodal agen- Tool use, reflec- Intuitive access, in- Proof-of-concept
(Schneider Exploration, tic retrieval- tion, interactive terdisciplinary dis- handles 64,000+
et al., 2025) Education augmented gener- planning covery, visual data records across 32
ation with vision- integration collections (no
language  agents formal evaluation)
for interactive
exploration
IRR-with- Healthcare Multi-agent Multi-agent Factual consis- Higher classifi-
CBM-RAG (Radiology) retrieval- collaboration, tency, hallucina- cation accuracy
(H. M. T. Alam augmented concept-level tion, cross-modal (81% vs. 47-78%
et al., 2025) generation for explanation, misalignment, baseline), high
interpretable radi- intervention clinical inter- interpretability,
ology reports using pretability more clinically
concept bottleneck realistic =~ reports;

models

multi-agent setup
improves usefulness
and correctness (up
to 0.96)

Continued on next page




Framework  Application Key Contribu- Agentic Fea- Challenges Ad- Notable Results
Domain tions tures dressed
Multimodal Healthcare Modular multi- Agent specializa- Factual accuracy, Substantial im-
Multi-Agent (Radiology) agent system for tion, sequential clinical relevance, provements over
Framework radiology  report collaboration, multimodal inte- single-agent
for RRG generation, with modular work- gration, modular- baseline on IU
(Yiet al., 2025) five specialized flow, retrieval ity X-ray: BLEU
agents emulating grounding 0.0036—0.0466,
clinical workflow ROUGE-1
0.2398—0.3652,
ROUGE-2
0.0278—0.1292,
ROUGE-L
0.1537—0.2471,
METEOR
0.1437—0.3618,
BERTScore
0.8617—0.8819;
better diagnostic
accuracy, style, con-
ciseness, and key

finding coverage

CAL-RAG Content-aware Retrieval- Planning, col- Content-layout SOTA on PKU
(Forouzan- layout,/UI augmented, multi- laborative coupling,  struc- PosterLayout (Hsu
dehmehr et al., design agent layout refinement, tool tural validity, et al., 2023) (un-
2025) generation  with use visual coherence  derlay effectiveness,
LLM recommender, alignment, overlap);
VLM grader, and outperforms Lay-
feedback agent outPrompter (Lin
(LangGraph) et al., 2023)
Orchestrator- Visual classifi- Modular frame- Calibration- Reliability in Achieved 85.63%
Agent Trust cation (apple work separating aware orchestra- zero-shot, overcon- accuracy, a 77.94%
(Roumeliotis leaf disease) perception agents tion, iterative fidence correction, relative improve-
et al., 2025) from a non-visual re-evaluation interpretability ment over the
orchestrator with zero-shot baseline,
RAG-based  rea- demonstrating
soning and CLIP that  trust-aware
retrieval (Radford orchestration can
et al., 2021) approach the
performance of

fine-tuned models
without retraining.

Continued on next page
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Framework  Application Key Contribu- Agentic Fea- Challenges Ad- Notable Results
Domain tions tures dressed

Clinical Healthcare Clinical- Collaborative Generalization, Achieved up to 70%
Collabo- (dermatology  inspired multi- reasoning, explainabil- accuracy, maintain-
ration for telemedicine) model/agentic retrieval ground- ity, literature- ing  performance
MM-VQA collaboration via ing grounded answers on unseen data
(Thakrar et al., peer-consultation- where fine-tuning
2025) style reasoning and catastrophically

RAG with medical
literature

failed (degrading 4
of 7 models by an
average of 30%).

Embodied- Embodied AI A hierarchical non- Hierarchical re- Scalable semantic Successfully  han-

RAG (Xie & robotics parametric memory trieval over the memory, mul- dles > 250 naviga-

et al., 2025) (semantic  forest) semantic forest, timodal data tion/explanation
that automatically guided by LLM- correlation, and queries across
structures  multi- based selection hierarchical ab- kilometer-scale
modal  embodied straction for environments
experiences for embodied agents

efficient, multi-level
retrieval

2.5
A defi

Fusion and Alignment Techniques in MMA-RAG

ning challenge for MMA-RAG systems is the alignment and fusion of evidence from heterogeneous

modalities. State-of-the-art frameworks employ:

Cross-Modal Embedding: Mapping visual, textual, and structured data into a shared latent space
(e.g., via BLIP-2 (Li et al., 2023) or similar models) to enable joint retrieval and reasoning. For example,
CollEX (Schneider et al., 2025) uses vision-language models for embedding and retrieval.
Hierarchical Fusion: Employing multi-level attention or voting mechanisms to integrate evidence at
both the agent and system level. HM-RAG (Liu et al., 2025) implements hierarchical fusion to combine
outputs from modality-specific agents.

Critical Information Extraction: Employing a specialized agent to identify and extract the most
salient textual and visual information from a retrieved context. MDocAgent (S. Han et al., 2025)
leverages a critical agent to focus downstream analysis on the most relevant evidence.

Hybrid Similarity Metrics for Clustering: For embodied data, which is inherently spatial and
multimodal, fusion can begin at the memory construction phase. Embodied-RAG builds its semantic
forest by hierarchically clustering nodes using a hybrid distance metric that combines spatial proximity
(Haversine distance) and semantic similarity (cosine similarity of text embeddings), effectively fusing
location and perception (Xie et al., 2025).

Retrieval-Grounded Re-evaluation: To align agent confidence with visual evidence, an orchestrator
can trigger a re-evaluation loop. This process uses CLIP-based (Radford et al., 2021) image retrieval
to fetch visually similar precedents, providing external grounding that helps an agent correct an initial,
overconfident prediction (Roumeliotis et al., 2025).

Constraint-Aware Iterative Grading. For layout generation, agents must respect structural con-
straints (alignment, non-overlap) while staying content-aware. CAL-RAG integrates a vision-language
grader and feedback agent to iteratively optimize these constraints (Forouzandehmehr et al., 2025).
Hierarchical Episodic Indices. Embodied-RAG indexes multimodal episodes as a semantic forest
of language descriptions, enabling cross-granularity retrieval for both navigation and explanation (Xie
et al., 2025).

11



These methodologies are critical for ensuring that agentic workflows can effectively synthesize and reason
over heterogeneous evidence, a hallmark of advanced MMA-RAG systems.

3 The Evolution of RAG Paradigms

RAG has advanced significantly to meet the needs of more complex real-world applications requiring scalability,
multi-step reasoning, and multimodal grounding. Surveys by Y. Huang and J. Huang (2024), Gupta et al.
(2024), and Singh et al. (2025) provide comprehensive perspectives on this trajectory, which we summarize
in seven paradigms:

1. Naive RAG: The foundational implementation, coupling simple keyword-based retrieval (e.g., TF-IDF,
BM25) with a generator. Easy to implement and effective for fact-based queries, but limited by lack of
semantic awareness, fragmented outputs, and poor scalability.

2. Advanced RAG: Introduced dense retrieval (e.g., DPR), neural re-ranking, and multi-hop retrieval.
Improved semantic alignment and contextual reasoning, though at higher computational cost.

3. Modular RAG: Decomposed the retrieval-generation pipeline into configurable components. Enabled
hybrid sparse+dense retrieval, API/tool integration, and domain-specific workflows—making RAG
adaptable and scalable across domains such as finance, law, and biomedicine.

4. Graph RAG: Augmented retrieval with graph-based structures, capturing entity-relation networks
for richer relational reasoning (H. Han et al., 2025). Particularly suited for structured domains like
healthcare or legal research, though dependent on high-quality graph data.

5. Agentic RAG: Introduced autonomy into the pipeline. Rather than static retrieval, agentic systems
dynamically plan retrieval, manage workflows, and iteratively refine results (Singh et al., 2025).
Effective for multi-step reasoning and real-time adaptation, but computationally costly and complex to
orchestrate.

6. Multimodal RAG: Extended retrieval and grounding beyond text to images, tables, audio, and video
(Abootorabi et al., 2025; Mei et al., 2025). Opened new application domains (e.g., visual question
answering, multimedia knowledge access), but introduced challenges in cross-modal alignment and
fusion.

7. Multimodal Agentic RAG (MMA-RAG): The emerging frontier, unifying multimodal grounding
with agentic decision-making. Systems like HM-RAG (Liu et al., 2025), MDocAgent (S. Han et al.,
2025), GridMind (Chipka et al., 2025), IRR-with-CBM-RAG (H. M. T. Alam et al., 2025), and CollEX
(Schneider et al., 2025) demonstrate dynamic workflows where specialized agents coordinate retrieval
across modalities and synthesize evidence collaboratively. More recent additions reveal a variety of
agentic patterns, including hierarchical orchestrators that separate perception from meta-reasoning
and use trust metrics to coordinate agents (Roumeliotis et al., 2025), collaborative frameworks that
emulate clinical peer consultation (Thakrar et al., 2025), iterative feedback loops for creative tasks like
layout design (Forouzandehmehr et al., 2025), and systems with non-parametric memory for navigation
in embodied AI (Xie et al., 2025). While highly promising, MMA-RAG remains in its infancy, lacking
standard benchmarks and taxonomies but marking the most powerful RAG evolution to date.

These paradigms are not strictly sequential or mutually exclusive; rather, they represent an expanding

set of capabilities, with advanced systems often incorporating features from multiple preceding stages. A
comparative overview of these paradigms is shown in Table 2, adapted and extended from Singh et al. (2025).

Building on this evolution, we distill the seven paradigms into a coarser taxonomy along two orthogonal

axes—modality (text-only vs. multimodal) and agency (static vs. agentic):

e RAG: Naive and advanced, text-only, non-agentic.

« MRAG: Multimodal RAG, non-agentic.

o Agentic RAG: Agent-driven autonomy, text-only.

¢ MMA-RAG: Unified multimodal+agentic.

Specialized forms such as Modular and Graph RAG can be understood as refinements within these broader
categories.

Recent Advances. RAG has advanced on two complementary axes: multimodal integration and agentic
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Table 2: Comparative analysis of Retrieval-Augmented Generation (RAG) paradigms. Table adapted
from Singh et al. (2025), with extensions to include Multimodal RAG and Multimodal Agentic

RAG (MMA-RAG).

Paradigm

Key Features

Strengths

Nalve RAG

Keyword-based retrieval (e.g., TF-IDF,
BM25)

Simple, easy to implement

Suitable for fact-based queries

Fast and lightweight
Low infrastructure cost

Advanced RAG

Dense retrieval (e.g., DPR)
Neural ranking and re-ranking
Multi-hop retrieval

High retrieval precision
Improved contextual relevance

Modular RAG

Hybrid retrieval (sparse 4+ dense)
API/tool integration
Composable domain-specific pipelines

Highly flexible and customizable
Suitable for diverse applications
Scalable

Graph RAG

Graph-based structure integration
Multi-hop relational reasoning
Contextual enrichment with nodes

Strong relational reasoning
Mitigates hallucinations
Ideal for structured data

Agentic RAG

Autonomous retrieval-augmented
agents

Dynamic decision-making & task de-
composition

Iterative workflow refinement

Adaptive in real time
High accuracy
Multi-domain scalability

Multimodal RAG

Retrieval across text, images, video, au-
dio, tables

Cross-modal alignment strategies
Fusion of multimodal signals

Richer context beyond text-only
Captures semantic diversity
Useful for multimedia access

MMA-RAG

Combines multimodality with agentic
reasoning

Autonomous planning for multi-modal
retrieval

Multi-agent collaboration
text/image/audio sub-agents)

(e.g.,

Most powerful paradigm so far
Solves complex, cross-modal tasks
Highly adaptive and collaborative
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reasoning. Surveys of multimodal RAG (Abootorabi et al., 2025; Mei et al., 2025) highlight challenges in
alignment and evaluation, while studies on agentic RAG (Singh et al., 2025) emphasize planning, tool use,
and adaptability. Recent frameworks suggest the potential of unifying these directions in MMA-RAG, but a
systematic taxonomy and consolidated analysis remain missing.

4 Applications

MMA-RAG systems are being applied across a diverse range of domains where integrating heterogeneous
data is critical for robust reasoning and decision-making.

4.1 Document Understanding and Processing

Document understanding represents a critical application domain for MMA-RAG systems, as real-world
documents often contain complex combinations of text, images, tables, and structured data. MDocAgent
exemplifies this application by providing a sophisticated framework for document question answering that
integrates multiple specialized agents (S. Han et al., 2025). Its five-agent architecture enables comprehensive
document analysis, with each agent handling a specific modality or function, coordinated by a general agent.

This multi-agent approach is particularly effective for long-form documents and complex visual layouts,
achieving significant performance improvements on challenging benchmarks. The framework’s ability to jointly
reason over textual and visual content makes it valuable for applications such as technical documentation
analysis, legal document review, and academic paper comprehension.

Furthermore, CAL-RAG (Forouzandehmehr et al., 2025) demonstrates that retrieval-augmented, multi-
agent iteration (LLM layout recommender, VLM grader, feedback agent) can synthesize layouts that are both
content-aware and structurally valid, achieving SOTA on PKU PosterLayout across underlay effectiveness,
element alignment, and overlap.

4.2 Sports Analytics and Cross-Modal Data Integration

Sports analytics is an emerging application domain where MMA-RAG systems demonstrate significant value
through cross-modal data integration. GridMind exemplifies this as a multi-agent NLP framework designed
for unified analysis of NFL data (Chipka et al., 2025). The system processes heterogeneous sports data
including video footage, commentary transcripts, statistical records, and structured game data to provide
comprehensive insights.

GridMind’s multi-agent architecture enables collaborative analysis where specialized agents handle
different data modalities and reasoning tasks. This approach is valuable for correlating visual events with
statistical outcomes, textual commentary, and historical performance data, supporting advanced applications
such as predictive modeling and strategic decision-making.

4.3 Healthcare and Medical Applications

Healthcare applications of MMA-RAG systems have shown particular promise in medical imaging and
clinical decision support. In radiology, frameworks for report generation use multi-agent RAG with concept
bottlenecks (H. M. T. Alam et al., 2025) or modular systems that emulate clinical workflows (Yi et al., 2025).

H. M. T. Alam et al. (2025) introduce a multi-agentic framework for radiology report generation that
leverages concept bottleneck models to enhance interpretability and factual consistency. Similarly, Yi et al.
(2025) propose a multimodal multi-agent system for radiology report generation, where five specialized agents
(retrieval, draft generation, visual analysis, refinement, and synthesis) align with the stepwise clinical reasoning
process. Both approaches address challenges such as factual inconsistency, hallucination, and cross-modal
misalignment, and demonstrate improved accuracy and clinical relevance on radiology benchmarks.

These multi-agentic frameworks involve specialized agents for image analysis, clinical correlation, and
report synthesis. By integrating medical images with patient histories, clinical guidelines, and domain
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knowledge, these systems can generate detailed and accurate diagnostic reports while maintaining transparency
in their reasoning process.

Beyond radiology, MMA-RAG is proving effective in telemedicine, where clinical context is limited.
For dermatological visual question answering, (Thakrar et al., 2025) architected a system that mimics
the clinical collaboration process. By using reasoning layers for "peer consultation" and agentic RAG for
"reference-checking" against medical literature, the system achieved high accuracy and robustness on unseen
data, in stark contrast to standard fine-tuning methods which suffered significant performance degradation.
This highlights the value of MMA-RAG in creating explainable, literature-grounded outputs essential for
clinical trust.

The principles of MMA-RAG also extend to general scientific and biological diagnostics. A framework
developed for apple leaf disease diagnosis uses a modular design that separates perception agents from a
non-visual reasoning orchestrator (Roumeliotis et al., 2025). This orchestrator uses trust calibration metrics
(e.g., ECE, OCR) and triggers a RAG-based re-evaluation loop to correct agent overconfidence. The approach
significantly improved zero-shot accuracy, demonstrating how trust-aware, agentic systems can deliver reliable
and interpretable reasoning in high-stakes diagnostic domains beyond human medicine.

4.4 Scientific Exploration

Scientific research often involves navigating vast, complex collections of multimodal data, including textual
documents, images, and experimental records. CollEX (Schneider et al., 2025) is a state-of-the-art MMA-
RAG system designed to facilitate interactive, curiosity-driven exploration of large scientific collections. By
leveraging large vision-language models (LVLMSs) as multimodal agents accessible through an intuitive chat
interface, CollEX enables learners, educators, and researchers to independently explore diverse scientific
records, fostering scientific excitement and discovery.

4.5 Vision Classification with Trust-Aware Orchestration

The orchestrator-agent trust framework (Roumeliotis et al., 2025) separates perception agents from a
calibration-aware orchestrator that uses Expected Calibration Error (ECE), Overconfidence Ratio (OCR),
and Confidence-Correctness Correlation (CCC), plus CLIP-based (Radford et al., 2021) image retrieval with
iterative re-evaluation. On apple leaf disease diagnosis it reaches 85.63% accuracy and yields a +77.94%
improvement in zero-shot via trust-aware orchestration and RAG, correcting overconfidence and supporting
interpretable decisions.

4.6 Embodied AI and Robotics

Embodied-RAG (Xie et al., 2025) introduces a non-parametric, hierarchical memory (semantic forest)
enabling agents to retrieve prior multimodal experience for navigation and explanation across kilometer-scale
environments, successfully handling over 250 queries and illustrating MMA-RAG in interactive, partially
observable settings.

5 Evaluation and Benchmarks

5.1 Benchmarks Used in MMA-RAG Frameworks

To assess the capabilities of Multimodal Agentic RAG (MMA-RAG) systems, recent research has adopted a
range of benchmark datasets and evaluation metrics. In this survey, we present and analyze the primary
benchmarks employed by the leading MMA-RAG frameworks.
o ScienceQA (Lu et al., 2022): A multimodal scientific question-answering benchmark with over 21,000
examples requiring joint reasoning over text and images. Used by HM-RAG (Liu et al., 2025) to
evaluate multimodal retrieval, reasoning, and answer accuracy.
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o CrisisMMD (F. Alam et al., 2018; Ofli et al., 2020): Comprising approximately 35,000 social media
posts from crisis events, annotated for disaster categories. Used by HM-RAG (Liu et al., 2025) to
test cross-modal alignment and classification in real-world, high-stakes scenarios.

¢ Document Understanding Benchmarks: A suite of benchmarks for long-form multimodal document
understanding, requiring joint processing of extended textual, visual, and tabular content. Key examples
include MMLongBench (Z. Wang et al., 2025), LongDocURL (Deng et al., 2024), PaperTab(Hui
et al., 2024), PaperText(Hui et al., 2024), and FetaTab (Hui et al., 2024). Used by MDocAgent
(S. Han et al., 2025) to evaluate document analysis and reasoning.

o COVID-QU (Chowdhury et al., 2020): A large-scale chest X-ray dataset for COVID-19, pneumonia,
and normal cases. Used by IRR-with-CBM-RAG (H. M. T. Alam et al., 2025) to evaluate both
classification and report generation, with a focus on interpretability and clinical usefulness.

e IU X-ray (Demner-Fushman et al., 2015): A widely used dataset for radiology report generation,
containing chest X-ray images paired with corresponding diagnostic reports. Used by the Multimodal
Multi-Agent Framework for RRG (Yi et al., 2025) to benchmark improvements in factual accuracy,
clinical relevance, and report structure.

o PKU PosterLayout (Hsu et al., 2023): A benchmark for visual-textual presentation layout, comprising
9,974 poster-layout pairs with annotations for text, logos, and underlays. Used by CAL-RAG
(Forouzandehmehr et al., 2025) to evaluate content-aware, constraint-satisfying layout generation.

e DermaVQA-DAS: A dataset of 300 unique patient encounters for dermatology, including patient
context, multiple images per case, and structured diagnostic questions. It reflects telemedicine
complexity with variable image quality and informal language. Used by the Clinical Collaboration
framework for MM-VQA (Thakrar et al., 2025) to evaluate answer accuracy and literature-grounded
explainability.

« Embodied-Experiences: A collection of topological graphs from 14 simulated and 5 real environments,
including indoor, outdoor, and large-scale street-view scenes. Used by Embodied-RAG (Xie et al.,
2025) to evaluate navigation and explanation queries using its non-parametric, semantic-forest memory.

Frameworks like CollEX (Schneider et al., 2025) and GridMind (Chipka et al., 2025) do not use standard
public benchmarks. CollEX is a proof-of-concept that currently lacks formal evaluation. GridMind is
evaluated using internal benchmarks and a closed alpha user study. The Orchestrator—Agent Trust
framework (Roumeliotis et al., 2025) uses a curated dataset of 800 apple leaf disease images for its visual
classification task. The dataset is included on the project’s GitHub page?, but no further descriptions are
provided.

5.2 Evaluation Metrics

Commonly reported metrics include accuracy, precision, recall, Fl-score, BLEU, ROUGE, and BERTScore.
For more nuanced assessments, many frameworks rely on an "LLM-as-a-Judge" approach to evaluate semantic
accuracy and clinical usefulness. Additional domain-specific metrics include:
o Trust and Calibration: Expected Calibration Error (ECE), Overconfidence Ratio (OCR), and
Confidence-Correctness Correlation (CCC) are used to measure an orchestrator’s ability to manage
agent reliability (Roumeliotis et al., 2025).
e Layout Quality: Metrics such as underlay effectiveness, element alignment, and overlap are used for
design generation tasks on benchmarks like PKU PosterLayout (Forouzandehmehr et al., 2025).
 Embodied Navigation: Query-level success for navigation and explanation tasks, along with metrics
like Success Weighted by Path Length (SPL), are used to evaluate the efficiency of paths generated by
embodied agents (Xie et al., 2025).

2https://github.com/Applied-AI-Research-Lab/Orchestrator-Agent-Trust
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5.3 Performance Highlights and Limitations

Across the surveyed frameworks, authors generally report significant improvements over unimodal or non-
agentic baselines.

e HM-RAG reports a 12.95% improvement in answer accuracy on ScienceQA and establishes a
state-of-the-art zero-shot result on both ScienceQA and CrisisMMD (Liu et al., 2025).

e MDocAgent achieves an average improvement of 12.1% over state-of-the-art methods on five
document understanding benchmarks (S. Han et al., 2025).

¢ The Orchestrator—Agent Trust framework demonstrates that agentic reasoning can approach the
performance of fine-tuned models without any retraining, achieving 85.63% accuracy in a zero-shot
setting—a 77.94% relative improvement over its baseline (Roumeliotis et al., 2025).

e The Clinical Collaboration for MM-VQA framework achieves up to 70% accuracy and maintains
performance on unseen data, a scenario where fine-tuning catastrophically failed and degraded model
performance by an average of 30% (Thakrar et al., 2025).

e CAL-RAG reports state-of-the-art results on the PKU PosterLayout benchmark, outperforming strong
baselines like LayoutPrompter in underlay effectiveness, alignment, and overlap (Forouzandehmehr
et al., 2025).

 In radiology, IRR-with-CBM-RAG achieves 81% classification accuracy, outperforming baselines
(H. M. T. Alam et al., 2025), while the Multimodal Multi-Agent Framework for RRG significantly
improves report quality metrics like BLEU (from 0.0036 to 0.0466) and ROUGE-L (from 0.1537 to
0.2471) (Yi et al., 2025).

¢« Embodied-RAG successfully handles over 250 navigation and explanation queries across kilometer-
scale environments (Xie et al., 2025).

Despite these promising results, most evaluations are domain-specific, and there remains a lack of
standardized, large-scale benchmarks that assess end-to-end agentic behavior—spanning planning, tool use,
and grounded reasoning—under consistent protocols. To advance the field, we propose the development of
unified, large-scale benchmarks that assess end-to-end agentic behavior, including planning, tool use, and
grounded reasoning across modalities.

6 Challenges

6.1 Cross-Modal Alignment and Reasoning

A fundamental challenge in MMA-RAG systems lies in effectively aligning and reasoning across heterogeneous
modalities such as text, images, and structured data. Achieving fine-grained semantic alignment remains
difficult. For example, in clinical applications, a system may retrieve a relevant decision tree or image
but struggle to associate specific nodes or visual cues with the corresponding textual context or patient
information, leading to misinterpretations or incomplete reasoning (Yi et al., 2025; Abootorabi et al., 2025).

Moreover, multimodal reasoning requires the system to integrate complementary information from different
modalities to perform compositional inference. Current approaches often rely on separate retrievers for each
modality, resulting in fragmented retrieval pipelines that complicate downstream synthesis and can produce
inconsistent or incoherent outputs. Hallucination and factual inconsistency remain critical concerns, as models
may misinterpret visual data or generate unsupported assertions, undermining trustworthiness especially in
sensitive domains like healthcare. Addressing these issues demands advances in unified embedding spaces,
cross-modal attention mechanisms, and entity-aware retrieval strategies to enhance alignment and reasoning

fidelity.

6.2 Scalability and Efficiency

Implementing and scaling agentic multimodal RAG systems pose significant computational and architectural
challenges. The complexity of managing multiple specialized agents—each responsible for modality-specific
retrieval, reasoning, and synthesis—introduces overhead in coordination, latency, and resource consumption.
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Concrete bottlenecks include GPU/TPU memory constraints, inference latency, and the cost of multi-agent
orchestration. Maintaining modularity while ensuring seamless integration and communication among agents
requires sophisticated orchestration frameworks.

Response times can be adversely affected by iterative retrieval and multi-step reasoning workflows inherent
to agentic designs, which may limit real-time applicability in latency-sensitive scenarios. Efficient indexing,
caching strategies, and parallelization are critical but nontrivial to implement given the heterogeneity of
data sources and modalities. Training and fine-tuning multimodal models with diverse objectives—such as
cross-modal alignment, hallucination mitigation, and domain adaptation—demand substantial computational
resources and careful optimization.

Multi-agent architectures like those employed in MDocAgent (S. Han et al., 2025) and GridMind (Chipka
et al., 2025), while effective, introduce additional complexity in terms of inter-agent communication and
coordination, potentially affecting system efficiency and requiring careful optimization of agent interaction
protocols.

6.3 Evaluation Fragmentation and Lack of Standardization

A significant challenge surfaced by our review is the fragmentation of evaluation protocols. Unlike established
NLP tasks, the performance of MMA-RAG systems is often measured with custom or domain-specific
methodologies, making direct comparison difficult. While some frameworks are validated on established
benchmarks like ScienceQA (Liu et al., 2025), many others rely on an “LLM-as-a-Judge” paradigm for
qualitative assessment (Yi et al., 2025; H. M. T. Alam et al., 2025). Furthermore, some pioneering works
present proof-of-concept systems with no formal evaluation (Schneider et al., 2025) or report findings from
small-scale, internal user studies (Chipka et al., 2025). This methodological diversity underscores an urgent
need for comprehensive, standardized benchmarks that can assess end-to-end agentic behavior—including
planning, tool use, and grounded reasoning—across multiple modalities.

7 Future Directions

7.1 Robustness, Adaptability, and Interactivity

Ongoing research in MMA-RAG focuses on enhancing system robustness, adaptability, and generalizability
across diverse domains. Current models face challenges such as hallucinations and sensitivity to noisy or
incomplete inputs, which limit their reliability in real-world applications. Recent advances propose training
strategies that improve cross-modal consistency and incorporate dynamic retrieval mechanisms that adapt to
evolving user queries and data distributions.

Reinforcement learning approaches show promise for optimizing collaboration among retrieval agents
and generators in dynamic environments. Chen et al. (2025) present a multi-agent reinforcement learning
framework that improves response quality by learning optimal cooperation strategies during retrieval and
answer synthesis.

Domain adaptation techniques and continual learning frameworks are being explored to enable models
to generalize better across tasks without extensive retraining. In healthcare, adaptive MMA-RAG systems
can personalize outputs by learning from user interactions and feedback, improving explainability and
trustworthiness.

A promising direction is the development of interactive MMA-RAG systems, where human-in-the-loop
feedback, active learning, and explainable agentic decisions are integrated to further improve reliability and
transparency.

Key open questions include: How can agentic multimodal systems be evaluated holistically? What are the
best practices for cross-modal fusion and alignment? How can human-in-the-loop feedback and reinforcement
learning be integrated to improve reliability and transparency?
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7.2 Integration of New Modalities

The modularity of current MMA-RAG architectures, such as hierarchical multi-agent frameworks, facilitates
the seamless integration of new data modalities beyond traditional text and images. Future work should
move beyond static datasets to incorporate dynamic, real-time data streams. This includes integrating agents
capable of processing spatio-temporal data from video feeds, continuous sensor readings from IoT devices, or
interactive environmental data, as hinted at by frameworks like ‘Embodied-RAG* (Xie et al., 2025). Such
advancements are critical for applications in autonomous robotics, environmental monitoring, and real-time
decision support. This extensibility is essential for expanding system capabilities to incorporate audio, video,
sensor data, and structured knowledge graphs, enabling richer contextual understanding and reasoning.

Future frameworks aim to support plug-and-play modality-specific agents that can be dynamically added
or updated without disrupting existing pipelines. Advances in cross-modal embedding and fusion techniques
will further enable smooth alignment and synthesis of heterogeneous data types, enhancing the system’s
flexibility and scalability.

This modular approach paves the way for applications in domains like autonomous driving, telemedicine,
and IoT, where integrating diverse real-time data streams is crucial.

8 Limitations

While this survey aims to provide a comprehensive overview of Multimodal Agentic Retrieval-Augmented
Generation (MMA-RAG), several limitations should be acknowledged regarding both our review process and
the broader state of the field.

Generalizability Across Domains

Most MMA-RAG systems discussed here have been evaluated in specific domains like healthcare, scientific
research, or sports analytics. It remains to be seen how well these approaches will transfer to other areas
with different data types and reasoning requirements.

Scope of Literature Coverage

The MMA-RAG landscape is evolving rapidly, with new models and applications emerging frequently. Given
the recency and fast pace of this field, much of the foundational and state-of-the-art work is currently available
as preprints or in early-access venues, with relatively few peer-reviewed publications as of mid-2025. In this
survey, we have prioritized the most recent and influential works—including preprints, arXiv submissions,
and early conference papers—up to mid-2025. As a result, some industrial systems, less-publicized research,
or works published after our review period may not be included.

Selection Bias and Taxonomy

The frameworks and methodologies highlighted here were selected based on their prominence and relevance
to major trends. However, the field is highly diverse, and our taxonomy may not capture every possible
architectural variation or hybrid approach.

Evaluation and Benchmarking

Direct comparison between MMA-RAG systems is challenging due to differences in datasets, evaluation
metrics, and experimental setups. Many benchmarks are domain-specific, which may limit the generalizability
of reported results. The lack of standardized, large-scale multimodal benchmarks—especially those evaluating
agentic capabilities—remains a significant gap.
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Rapidly Evolving Techniques

The techniques and frameworks described in this survey reflect the state of the art as of mid-2025, but
the field is advancing quickly. New methods for cross-modal alignment, agentic planning, and tool use are
emerging regularly, and best practices are likely to evolve.

Despite these limitations, we hope this survey provides a useful foundation for understanding current
trends and open challenges in MMA-RAG, and encourages further research in this rapidly developing area.

9 Conclusion

This paper has defined and systematically analyzed the emergence of Multimodal Agentic Retrieval-Augmented
Generation (MMA-RAG) as a distinct and powerful paradigm in artificial intelligence. By tracing the evolution
from text-only RAG to systems that unify multimodal integration with agentic reasoning, we provide the first
comprehensive taxonomy of this new frontier. Our analysis of dominant architectural patterns—hierarchical
orchestration, iterative refinement, and domain-specific workflow emulation—reveals a clear and accelerating
trend toward modular, collaborative, and interpretable Al

Across applications in healthcare, scientific discovery, and embodied AI, MMA-RAG frameworks consis-
tently outperform non-agentic or unimodal baselines. They fulfill the promise of RAG by grounding responses
in verifiable, multi-source evidence, directly addressing the core LLM limitations of hallucination and static
knowledge. However, as our review highlights, significant challenges in evaluation, scalability, and cross-modal
alignment are critical hurdles that the community must now address to unlock the full potential of this
paradigm.

Ultimately, MMA-RAG represents a fundamental shift from static, single-pass generation to dynamic,
evidence-driven synthesis. The principles of agentic collaboration and multimodal grounding analyzed in this
survey are not merely incremental improvements; they are foundational components for the next generation
of reliable, transparent, and context-aware Al
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