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Abstract. Retrieval-Augmented Generation (RAG) mitigates halluci-
nations in Multimodal Large Language Models (MLLMs), yet existing
systems struggle with complex cross-modal reasoning. Flat vector retrieval
often ignores structural dependencies, while current graph-based methods
rely on costly “translation-to-text” pipelines that discard fine-grained
visual information. To address these limitations, we propose MG2-RAG,
a lightweight Multi-Granularity Graph RAG framework that jointly
improves graph construction, modality fusion, and cross-modal retrieval.
MG?2-RAG constructs a hierarchical multimodal knowledge graph by
combining lightweight textual parsing with entity-driven visual ground-
ing, enabling textual entities and visual regions to be fused into unified
multimodal nodes that preserve atomic evidence. Building on this repre-
sentation, we introduce a multi-granularity graph retrieval mechanism
that aggregates dense similarities and propagates relevance across the
graph to support structured multi-hop reasoning. Extensive experiments
across four representative multimodal tasks (i.e., retrieval, knowledge-
based VQA, reasoning, and classification) demonstrate that MG?-RAG
consistently achieves state-of-the-art performance while reducing graph
construction overhead with an average 43.3x speedup and 23.9x cost
reduction compared with advanced graph-based frameworks. The source
code is publicly available at https://github.com/Daboolu/MG2-RAG.

Keywords: Multimodal Knowledge Graph - Retrieval-Augmented Gen-
eration - Multimodal Large Language Models

1 Introduction

Multimodal Large Language Models (MLLMs) have achieved remarkable success
in tasks requiring complex cross-modal understanding and reasoning, leading
to their rapid adoption across numerous applications [20}[27,|62,/64]. Despite
these advances, deploying MLLMs in knowledge-intensive scenarios still raises
important reliability concerns. In particular, MLLMs may produce multimodal
hallucinations and often lack access to private or domain-specific knowledge, since
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their parameters are primarily trained on large-scale public corpora [34}/72,86].
To address these limitations, Multimodal Retrieval-Augmented Generation (MM-
RAG) augments MLLMs with external knowledge bases by retrieving relevant
multimodal evidence to ground the generation process [5)33,/77,/81,84]. By
incorporating factual context at inference time, MM-RAG significantly improves
both the reliability and domain adaptability of MLLMs.

Existing MM-RAG methods
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Fig.1: Comparison between existing
graph-based MM-RAG frameworks and
MG2-RAG. Existing methods rely on costly

tions arise: First, the semantic
gap between modalities can ex-
acerbate modality fragmentation,
weakening cross-modal alignment.
Second, similarity-based retrieval

text-centric graph construction that discards
fine-grained visual information, whereas MG?-
RAG efficiently fuses textual entities and visual
objects into unified multimodal nodes while pre-
serving atomic evidence.

cannot model logical dependencies
among retrieved evidence, making complex multi-hop reasoning difficult.

To overcome these limitations, recent work has explored graph-based MM-
RAG, which organizes multimodal knowledge into structured graphs with explicit
relational dependencies. By representing entities and their relationships as graph
nodes and edges, these approaches enable retrieval through structured traversal
rather than flat similarity matching [51L/69,/76}/79]. Such structured representa-
tions allow models to reason over interconnected multimodal facts and improve
reliability in knowledge-intensive tasks [23}/25.[87]. As a result, graph-based re-
trieval has emerged as a promising direction for bridging multimodal alignment
and structured reasoning. Despite its promise, existing graph-based MM-RAG
systems still face several practical challenges.

— Expensive Graph Construction: Many existing methods rely heavily
on MLLMs to extract relational triplets from multimodal data, resulting in
significant overhead when processing large-scale knowledge bases 51169} /79].

— Text-Centric Graph Topology: Visual information is often converted into
textual descriptions before constructing the graph [231|69,[87]. This trans-
formation discards fine-grained visual structures and overlooks independent
visual entities that may contain important semantic information.
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— Difficult Cross-Modal Retrieval: Since these graphs lack unified multi-
modal concepts, they struggle to effectively process queries containing both
text and images, which limits semantic propagation across modalities and
weakens multi-hop reasoning capabilities [51},74].

To address these challenges, we propose MG2-RAG, a lightweight Multi-
Granularity Graph RAG framework for efficient and reliable multimodal retrieval-
augmented generation. MG2-RAG constructs hierarchical multimodal knowledge
graphs by combining lightweight textual parsing with entity-driven visual ground-
ing, avoiding expensive MLLM-driven graph construction. It further fuses textual
entities and visual objects into unified multimodal nodes while preserving fine-
grained atomic evidence from both modalities.

Building upon this representation, we introduce a multi-granularity graph
retrieval mechanism that aggregates dense similarities onto multimodal nodes and
propagates relevance through the graph topology, enabling unified multimodal
retrieval and structured multi-hop reasoning. Extensive experiments on four
representative multimodal tasks, including retrieval, knowledge-based VQA,
reasoning, and classification, demonstrate that MG2-RAG consistently achieves
state-of-the-art performance while substantially reducing graph construction
overhead. Our main contributions are summarized as follows:

— Lightweight Multimodal Knowledge Graph Construction. We propose
a lightweight pipeline that bypasses the expensive MLLM-driven triplet
extraction process, significantly reducing the time and cost of multimodal
knowledge graph construction.

— Modality-Preserving Multimodal Node Fusion. We introduce a modality-
preserving fusion strategy that integrates textual entities and visual objects
into unified multimodal nodes while preserving fine-grained atomic evidence
from both modalities.

— Multi-Granularity Graph Retrieval. We design a retrieval mechanism
that aggregates dense similarities onto multimodal nodes and propagates
relevance through the graph topology, enabling unified multimodal retrieval
and multi-hop reasoning for MLLM generation.

2 Related Work

RAG for LLMs. RAG has evolved from static retrieve-then-generate pipelines
to dynamic, agentic reasoning systems. Early approaches mitigate hallucinations
by augmenting language models with external knowledge, progressing from sparse
Wikipedia retrieval |7440] to dense retrieval [26)38l43]. Subsequent work introduces
adaptive retrieval strategies that enable models to determine when and what
to retrieve, often optimized through reinforcement learning and environmental
feedback [2}|11}/19,[31]. Recently, RAG has become tightly coupled with multi-hop
reasoning through hierarchical query decomposition [41,83], iterative retrieval-
reasoning loops [22|[70], and agentic workflows |42}/4773|. These advances improve
performance on complex, knowledge-intensive tasks. Nonetheless, most existing
methods still rely on flat vector retrieval, limiting their ability to model structured
semantic dependencies and motivating graph-based retrieval paradigms.
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Graph RAG. To overcome the structural limitations of flat retrieval, recent work
has incorporated graph-based representations and decoupled subgraph retrieval
into RAG [16}29,/56,66,/77,/80]. Graph RAG frameworks leverage entity-level
knowledge graphs and community structures to better capture global dependencies
and multi-hop relationships [16})17,76]. Given the high computational cost of graph
construction, subsequent research has focused on scalable indexing and retrieval
strategies, including dual-level retrieval |23|, bipartite or relation-free graph
designs [35,87], lightweight parallel triple-scoring [46], and hierarchical tree-based
structures [71,/85]. Beyond efficiency, integrating graphs with LLMs has proven
crucial for faithful multi-hop reasoning and long-term memory modeling. Iterative
graph exploration [36}/58}[67,/78], planning over structured representations [8,/55],
memory-inspired architectures |24,[25], and agentic frameworks [15] demonstrate
that explicit relational modeling significantly enhances reasoning depth and
interpretability. Nevertheless, these methods are predominantly text-centric and
are not directly designed for multimodal settings.

Multimodal RAG. Vision-language pre-training models [45]/65] have signif-
icantly advanced multimodal understanding, yet they remain constrained by
parametric knowledge. Multimodal RAG (MM-RAG) addresses this limitation by
introducing external memory for grounding generation in retrieved visual-textual
evidence [9,133}|75]. Recent efforts improve retrieval granularity [18,/57] and incor-
porate adaptive or self-reflective strategies |5,12/82] to filter noise and control
retrieval necessity. However, most systems rely on flat vector similarity, which
struggles with structured multi-hop reasoning across modalities [37}/52].

To address this, Multimodal Knowledge Graphs (MMKGs) [39,/51}/79] have
emerged as a promising direction for structured multimodal retrieval. For example,
MMGraphRAG [69] leverages scene graphs and clustering to connect visual and
textual information. Yet existing methods typically rely on MLLMs to translate
visual content into textual graph nodes, yielding text-centric graph representations
that discard fine-grained visual structures. Consequently, preserving atomic visual
regions together with textual entities in a natively unified multimodal graph
remains largely underexplored.

3 Methodology

We propose MG2-RAG, a lightweight framework that transforms an unstruc-
tured multimodal knowledge base into a multi-granularity MMKG for retrieval-
augmented generation. As shown in Figure [2] the framework consists of two
modules: (1) Hierarchical Multimodal Knowledge Graph Construction and (2)
Multi-Granularity Graph Retrieval.

3.1 Hierarchical Multimodal Knowledge Graph Construction

Motivation. Existing MMKG construction strategies suffer from two key issues:
(1) expensive LLM-based relation extraction and (2) modality fragmentation
caused by converting images into textual descriptions. To address these issues,
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Fig. 2: Overview of MG?-RAG. MG?-RAG contains two modules: (a) Hierarchical
Multimodal Knowledge Graph Construction that transforms a multimodal
knowledge base into a hierarchical fine-grained multimodal knowledge graph (MMKG)
via textual parsing and entity-driven visual grounding; (b) Multi-Granularity Graph
Retrieval that employs a multi-granularity retrieval mechanism, driven by graph
propagation, to retrieve the top-K most relevant document chunks for MLLM generation.

we construct a hierarchical MMKG that directly aligns textual entities with
grounded visual objects, forming atomic unified multimodal nodes. We define the
multimodal knowledge base as D = {(c, Zi,) }2_,, where each unit consists of a
textual document chunk ¢ and its associated image set Zy, = {I 1, - , Tx.m, }-
Rather than modeling text—image correspondence as loose cross-modal links,
we explicitly extract and fuse semantic information to construct a compact
hierarchical MMKG. Each unified multimodal node preserves fine-grained textual
and visual components internally, enabling nuanced downstream reasoning.

Textual Structure Extraction: NER and Dependency Parsing. We
first extract structural signals from text using the transformer-based spaCy
model en_core_web_trf . Each chunk ¢ is parsed into a sentence set Sy =
{Sk.1," ", Skns}, from which we extract a local entity set £;. Aggregating across
all chunks yields the global sentence and entity sets:

§= Uszl Sk, €= Uivzl -

To capture structural relations between entities, we leverage token-level de-
pendency parsing. Instead of relying on expensive LLM-based OpenlE extrac-
tion , we adopt a lightweight rule-based relation extraction strategy
grounded in dominant grammatical patterns (e.g., predicate-centered and nominal-
modifier structures). This significantly reduces construction cost while preserving
high-precision relational structure. Details are provided in Appendix A.1.
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Entity-Driven Visual Grounding. To prevent the “translation-to-text” bot-
tleneck, we directly ground textual entities in visual space. Given the local entity
set & and image set Zj, for each chunk ¢, we perform entity-driven segmentation
rather than global image parsing. Specifically, we batch entity names as semantic
prompts into an open-vocabulary segmentation model ¢ (SAMS3 [6]) to localize
entity-relevant regions. For entity e € &, its grounded region set is:

Ve =A{o|(0,0) € Ple,I), I € Iy, 0 > T}, (1)

where o is the segmented object, o denotes grounding confidence for entity e
on image I, and 7 is a threshold. This targeted grounding ensures that visual
objects are directly and semantically aligned with textual entities.
Modality-Preserving Multimodal Node Fusion. For entities with valid
detections (V¢ # ), we construct a modality-preserving multimodal node v,, =
(e, V&) € Vs, where Vj; denotes the set of multimodal nodes. To explicitly model
internal composition, we define:

— Object-Multimodal Incidence Matrix: Moy € {0, 1}Vol*IVarl where
Vo = Uece Vs- Entry Mowli, j] = 1 indicates that object o; € Vo belongs
to multimodal node v,,; € Vps.

— Sentence-Multimodal Incidence Matrix: Mgy € {0, 1}Vl where
Mswili, j] = 1 indicates entity e; that is associated with the unified multi-
modal node v,,; appears in sentence s; € S.

These matrices enable structured aggregation during retrieval.

Multi-Granularity Graph Integration. Building upon the matrices of
document chucks V¢, images V;, and multimodal nodes V), we construct multi-
granularity multimodal graph:

g:<V,Sg), YV =VcUVrUVyy.

For each multimodal unit (cg,Zy), nodes operate at three levels: chunk nodes

vf € Ve, image nodes v’;’j € Vy for each associated image Iy, ; € Zy, and unified

multimodal nodes v,, € V). To represent rich structural and semantic interac-
tions, the edge set &g is constructed across three complementary dimensions:

(1) Contextual Edges: To preserve hierarchical provenance, each chunk node v*
is linked to its associated image nodes v’f’j and multimodal nodes v,,, derived
from e € &. These edges maintain document-level structural coherence.

(2) Semantic Edges: To encode linguistic structure, we connect multimodal
nodes (Up,, , U, ) Wwhen their underlying textual entities exhibit direct syntac-
tic dependencies. This enables structured reasoning over explicit relational
cues extracted from text.

(3) Grounding Edges: To model explicit cross-modal alignment, each visual
object o € V¢ encapsulated within a multimodal node vy, is linked to its source
image node vf’j . The edge weight is assigned as the grounding confidence o,
reflecting the reliability of the localized visual evidence.

These three edge types integrate contextual hierarchy, semantic structure, and

visual grounding into a unified heterogeneous topology, laying the foundation for

structured multi-granularity retrieval in Section [3.2]
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In parallel, all textual and visual elements are embedded into a shared space
via a unified encoder ¥(-) (i.e., EVA-CLIP-8B |68|)E| which maps any elemental
input = to a d-dimensional vector z, = ¥(x) € R% We construct four embedding
matrices corresponding to distinct levels of granularity: (1) Sentence matrix
Zs € RISIX4 encoded from global sentences S; (2) Chunk matrix Zg € RIVelxd
encoded from document chunks V¢; (3) Image matrix Z; € RIV/1*4 encoded
from source images Vr; and (4) Object matrix Z, € RIVol*? encoded from
segmented objects Vo. Together, the graph topology and dense embeddings
enable multi-granularity retrieval.

3.2 Multi-Granularity Graph Retrieval

Motivation. Flat vector retrieval treats modalities independently and ignores
structural dependencies within multimodal knowledge bases. To enable structured
cross-modal reasoning, we adopt a two-stage strategy: (1) activating fine-grained
multimodal evidence as seed nodes, and (2) propagating their relevance across
the graph topology to capture multi-hop interactions.

Multimodal Seed Node Retrieval. Leveraging the multimodal index con-
structed in Section [3.1] a textual query g; or visual query g, retrieves candidate
evidence from all semantic levels. For each modality m € {t, v}, dense similarities
with the embedding matrices Zg, Z¢, Z1, and Zp produce four relevance vectors:
S(Sm) e RIS, ng) e RIVel, ng) e RV1l and sgn) e RIVol,

Because sentences S and visual objects Vo act as intermediate pivots rather
than primary graph nodes, their scores are aggregated onto unified multimodal
nodes V) using the incidence matrices Mgy and Mowr:

35\7) = DglMsTMIS(sm) + DalM(—)rMIS(om)a (2)

where Dg, Do € RVMIXIVul are diagonal degree matrices performing mean
pooling based on the number of mapped unified multimodal nodes.

To balance evidence from different semantic levels, we introduce scaling factors
wce and wy for chunk and image nodes. Given the node partition ¥V = VoUV UV,
the modality-specific activation vector is u(™) = [wcs(cm); OJ[S(Im); sSLT) ]. Finally,
modality contributions are fused using weights A; and A,:

ro = Ml + \u. (3)
To reduce noise before graph propagation, we retain only the top-k activated

nodes and normalize the resulting distribution, as detailed in Appendix A.3.

Multi-Granularity Graph Propagation. Starting from the seed distribution
9, We propagate relevance across the heterogeneous graph using Personalized
PageRank [28|. Let W denote the column-normalized transition matrix derived
from &g. The diffusion process iteratively updates node activations as:

rev1 = aWrp+ (1 — a)rg, (4)

3 Without specialization, all embeddings are explicitly o-normalized, and their semantic
proximity is computed directly via cosine similarity.
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until Ar = ry11 —ry < ¢, where o € (0,1) controls the propagation strength and
(1 — «) ensures periodic restarts from the seed distribution 7. After convergence,
the relevance scores of chunk nodes are extracted to select the top-k£ document
chunks. These chunks are combined with the multimodal query (g, g, ) to form
the final prompt for the MLLM, enabling grounded response generation.

4 Experiment

4.1 Experimental Setup

Baselines. We compare MG2-RAG against three state-of-the-art graph-based
MM-RAG frameworks: VaLiK [51], mKG-RAG [79], and MMGraphRAG [69].
For fair comparison, we report results using the best-performing configurations
from the original papers without dataset-specific fine-tuning. Additional compar-
isons with other relevant approaches are summarized in Tables

Multimodal Tasks, Datasets, and Evaluation Metrics. We evaluate MG?-
RAG on four representative multimodal tasks, covering retrieval, knowledge-based
Visual Question Answering (VQA), reasoning, and classification.

— Multimodal Retrieval: We evaluate retrieval performance on two Wikipedia-
linked datasets: E-VQA [59] and InfoSeek [10]. E-VQA contains diverse fine-
grained entities and includes single-hop and two-hop multi-page queries,
making retrieval challenging. InfoSeek provides two evaluation splits: Unseen
Entity (Unseen-E) and Unseen Question (Unseen-Q), where the former
requires retrieving previously unseen entities. For both datasets, we construct
MMKGs from the associated corpora and retrieve supporting evidence for
each query. Performance is evaluated using Recall@K (RQK).

— Knowledge-based VQA: Using the retrieved evidence, the model generates
answers for both textual and visual queries. In E-VQA., questions may involve
multiple associated images and require reasoning across one or two knowledge
hops. For InfoSeek, evaluation on both Unseen-E and Unseen-Q assesses
generalization to novel entities and question formulations. Performance is
measured using BERT Matching Score (BEM) [4] for E-VQA, and standard
accuracy [21] or relaxed accuracy [60] for InfoSeek.

— Multimodal Reasoning: We further evaluate our method on ScienceQA
[53], which contains around 21k multimodal science questions spanning
physics, chemistry, and biology. Following VaLiK [51], the training set is used
as the knowledge base to construct the MMKG. The task requires answering
complex scientific questions through multimodal reasoning. Performance is
measured using classification accuracy, reported across different question
types, contextual modalities, and educational stages.

— Multimodal Classification: To assess real-world applicability, we evaluate
MG2-RAG on CrisisMMD |1], a disaster-response dataset containing ap-
proximately 35k noisy social-media image-text pairs. Following VaLiK [51],
the training set is used to construct the MMKG, capturing modality correla-
tions and noise patterns typical of user-generated content. We evaluate three
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Fig. 3: Graph construction efficiency. The top and bottom plots show construction
time (hours) and cost ($), respectively. Red annotations above the MG2-RAG bars
indicate the efficiency gain (speedup or cost reduction) relative to the strongest baseline.

classification tasks: (1) BC: binary classification for information relevance

filtering, (2) MC: multi-class classification of fine-grained humanitarian cate-

gories, and (3) MC-m: a simplified multi-class setting with merged categories.

Performance is measured using standard classification accuracy.
Further details on dataset preprocessing are provided in Appendix A.2.

Implementation Details. For Hierarchical MMKG Construction, textual
analysis is performed using spaCy (en_core_web_trf) 30|, and entity-driven
visual grounding is conducted with SAM3 [6]. All textual and visual elements
are embedded into a shared semantic space using EVA-CLIP-8B . For Multi-
Granularity Graph Retrieval, both dense similarity computation and Per-
sonalized PageRank (PPR) propagation are implemented on GPUs to accelerate
large-scale inference. Hyperparameters are empirically tuned for each task, with
detailed configurations and prompts provided in Appendix A.3. All experiments
are conducted on two NVIDIA RTX 6000 Ada GPUs (48GB).

4.2 Graph Construction Efficiency

Construction Efficiency. To evaluate the efficiency of our hierarchical MMKG
construction strategy, we compare the graph construction time and cost of
MG2-RAG with existing open-source graph-based MM-RAG baselines. For large
benchmarks (E-VQA and InfoSeek), we restrict the knowledge base to a 5k subset
because baseline approaches rely on expensive MLLM-driven triplet extraction,
making full-scale graph construction computationally and financially infeasible.
In contrast, MG2-RAG remains efficient enough to construct graphs over the
entire knowledge base, highlighting its scalability advantage.

Figure [3] summarizes the results. By bypassing the bottleneck of MLLM-based
relation extraction and instead combining lightweight textual parsing with entity-
driven visual grounding, MG2-RAG achieves substantial efficiency gains across
all evaluated datasets. The calculation method is detailed in Appendix A.2.
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Table 1: Scalability of graph construction on E-VQA. We report the construction
time under different knowledge-base sizes. 100k™ denotes the setting with double GPUs.

Data Size (N) 1k 5k 10k 50k 100k 100k*
Time (Hours) 0.6 29 57 297 634 328

Table 2: Retrieval performance on E-VQA and InfoSeek. Retrieval modes include
T—V (Text-to-Vision), V=T (Vision-to-Text), and MM (Multimodal retrieval). Bold
and underlined denote the best and second-best results.

Retrieval E-VQA InfoSeek

Model i
Modality pq1; Rest R@l0? R@207 R@50f R@lt R@5! R@10) R@20f R@507

Single Modality Retrieval

) T—T 7 91 12.1 159 230 02 10 15 3.0 5.6
Nomic-Embed [61]
VoV 164 269 336 384 445 314 488 545 600 661
T—T 10 20 2.5 3.2 44 01 02 0.2 0.4 0.7
CLIP ViT-L/14 [65] .
VoV 178 310 364 426 503 827 523 59.6 662 740
pvacLpss o8] T 22 41 5.2 7.0 95 01 07 14 2.3 45
Vv 300 450 500 550  59.9  47.2 65 702 744 79.6
Cross-Modality Retrieval
TV 16 33 48 70 109 02 06 11 2.3 5.3
CLIP ViT-L/14 65] . :
VT 109 262 358 446 556 208 407 492 576 677
TV 18 46 6.3 85 129 02 04 0.8 2.0 19
EVA-CLIP-8B [68 - 0
Lovor 420 626 695 756 832 565 763 822 864 906

Multi-Modality Retrieval
mKG-RAG |79] MM - - - - - 49.7 71.6 78.0 82.5 89.1
MG?-RAG (Ours) MM 44.9 66.4 72.0 79.4 83.9 59.6 78.9 83.8 87.4 91.0

— Construction Time: MG2-RAG dramatically accelerates graph construc-
tion. Compared to the strongest baseline for each dataset, our framework
achieves a maximum speedup of 77.1x on ScienceQA and an average speedup
of 43.3x across all benchmarks (ranging from 22.2x to 77.1x).

— Construction Cost: The lightweight strategy also significantly reduces
financial overhead. MG2-RAG lowers construction costs by up to 45.2x on
ScienceQA, with an average cost reduction of 23.9x across the five datasets.
These results demonstrate that our MMKG construction strategy effectively

tackles a major scalability bottleneck of existing graph-based MM-RAG methods,
enabling practical deployment without sacrificing downstream performance.

Scalability Results. We further evaluate the scalability of MG2-RAG on E-
VQA by increasing the knowledge base from 1k to 100k documents. As shown in
Table [1} graph construction scales nearly linearly, with processing time increasing
from 0.6 to 63.4 hours. Under the largest setting, using two GPUs further
reduces the construction time to 32.8 hours, demonstrating that MG2-RAG
scales efficiently to large multimodal knowledge bases.

4.3 Multimodal Retrieval Performance

Table [2| reports retrieval results on E-VQA and InfoSeek, comparing MG?2-
RAG with both cross-modal retrieval models and graph-based baselines. Our



MG2-RAG: Multi-Granularity Graph for MM-RAG 11

Table 3: Knowledge-based VQA performance on InfoSeek and E-VQA. T
and V denote Text and Vision modalities, respectively.

E-VQA InfoSeek
Single-Hop? AllT Unseen-Qf Unseen-Ef Allr
Zero-Shot MLLMs

Model LLM/MLLM

InstructBLIP |14] Flan-T5XL 11.90 12.00 8.90 7.40 8.10
LLaVA-v1.5 |49] LLaMA-3.1-8B 16.00  16.90 8.30 8.90 7.80
Qwen2.5-VL-7B (13| Qwen2.5-VL-7B 23.60  23.20 22.80 24.10 23.70
Gemini-3.1-Pro |20] Gemini-3.1-Pro 29.36  27.90 29.92 22.52  25.70
GPT-5.2 |62] GPT-5.2 44.19  40.30 32.68 26.54  29.29
Qwen3.5-27B |64] Qwen3.5-27B 29.79  25.72 20.25 16.75  18.33
Retrieval-Augmented Models
RORA-VLM |63] Vicuna-7B - - 25.10 27.30 -
EchoSight |74] (V—T) LLaMA-3.1-8B 52.96 47.23 30.00 30.70  30.40
EchoSight |74] (V—V) LLaMA-3.1-8B 46.32  41.29 18.00 19.80  18.80
Graph Retrieval-Augmented Models
mKG-RAG |79] LLaMA-3.1-8B - - 32.90 31.30 32.10
MG?-RAG (Ours) LLaMA-3.1-8B 55.57  47.77 32.32 32.84 3258
MG?-RAG (Ours) Qwen2.5-VL-7B 57.33  48.59 35.78 35.18 3548
MG?-RAG (Ours) Qwen3.5-27B 61.65 52.19 37.36 38.40 37.87
MG?-RAG (Ours) GPT-5.2 68.96 60.30 40.16 38.47  39.30
VaLiK (5k) |51] Qwen2.5-VL-7B 16.16  15.22 3.19 2.07 2.51
MMGraphRAG (5k) |69] Qwen2.5-VL-7B 19.12  16.52 0.69 0.39 0.50
MG?-RAG (5k) (Ours) Qwen2.5-VL-7B 62.88  53.36 39.17 38.15  38.65
MG?-RAG (5k) (Ours) Qwen3.5-27B 70.27  60.24 42.49 42.03 42.26

framework consistently achieves the highest recall across all metrics (RQ1-R@50).
For instance, MG2-RAG reaches R@1 scores of 44.9 and 59.6 on E-VQA and
InfoSeek, respectively, as well as R@10 scores of 72.0 and 83.8. These results
surpass the strongest cross-modal baseline EVA-CLIP-8B (V' — T'), which obtains
42.0 / 56.5 at R@1 and 69.5 / 82.2 at RQ10.

Compared with the multimodal graph baseline mKG-RAG, our framework
achieves a further +9.9 improvement at R@Q1 on InfoSeek. These gains directly val-
idate the effectiveness of our multi-granularity graph retrieval mechanism.
By aggregating dense similarities onto unified multimodal nodes, MG2-RAG
bridges textual and visual evidence within a shared graph structure, allowing re-
trieval to capture cross-modal dependencies and structural relationships, thereby
retrieving more accurate evidence than modality-isolated approaches.

4.4 Knowledge-based VQA Performance

Table [3| presents results on knowledge-based VQA, where models must reason
over retrieved multimodal evidence. MG2-RAG establishes a new state-of-the-
art, consistently outperforming zero-shot MLLMs, standard RAG methods, and
leading graph-based approaches. Notably, with the Qwen3.5-27B backbone, MG2-
RAG attains 60.24 on E-VQA (5k) and 42.26 on InfoSeek (5k). Moreover,
MG2-RAG also benefits strong closed-source models. For example, with GPT-5.2,
the E-VQA score improves from 40.30 to 60.30, showing that retrieval still
provides useful knowledge even when the base MLLM is strong.
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Table 4: Multimodal reasoning performance on ScienceQA. Results are reported
across different domains and contexts: NAT (natural science), SOC (social science),
LAN (language science), TXT (text context), IMG (image context), NO (no context),
G1-6 (grades 1-6), and G7-12 (grades 7-12).

Subject Context Modality Grade
Model LLM/MLLM Avg.t
NATt SOCt LANt TXTt IMGt NOt G1-6t G7-12%
Human [53] - 90.23 84.97 87.48 89.60 87.50  88.10 91.59 82.42  88.40
Zero-shot/Few-shot Models
CoT |54] GPT-4 85.48 72.44 90.27 82.65 71.49  92.89 86.66 79.04  83.99
Chameleon |54] ChatGPT 81.62 70.64 84.00 79.77 70.80 86.62 81.86 76.53  79.93

Qwen2.5-VL-7B |3] Qwen2.5-VL-7B 88.77  88.86 83.82 87.39 88.05  86.06 89.94 83.12  87.50
Gemini-3.1-Pro [20] Gemini-3.1-Pro 93.53  94.12 90.81 92.98 94.25  90.27 94.03 90.93  92.90

GPT-5.2 |62 GPT-5.2 97.60 93.05 95.96 97.73 95.35  96.17 96.54 95.88  96.30
Qwen3.5-27B [64] Qwen3.5-27B 98.27 95.16 97.18  97.90 96.43 97.49 97.76  96.57 97.34
Graph Retrieval-Augmented Models
MMKG [52] Qwen2.5-7B 73.98 66.37 78.18 71.65 64.30 79.65 76.51 68.03 7347
Visual Genome [37| Qwen2.5-7B 76.78 67.04 78.09 74.05 66.19 79.72 78.08 69.68  75.08
VaLiK [51] Qwen2.5-7B 84.15 75.14 87.64 82.99 73.18  89.69 84.40 80.95  83.16
VaLiK |51] Qwen2.5-72B 85.61 75.93 90.27 84.40 7417 92.33 85.79 82.98  84.77
MMGraphRAG |69] Qwen2.5-VL-7B 81.08 68.62 80.09 79.52 68.96 83.69 80.87 73.43 78.21
MGZ—RAG(Ours) Qwen2.5-7B 85.17 81.33 85.82 83.43 76.10 89.41 86.12 81.67  84.53
MGQ-RAG(OUI‘S) Qwen2.5-72B 88.37 81.21 91.27 87.00 78.28  94.01 88.84 85.43  87.62
MGZ-RAG(OHI‘S) Qwen2.5-VL-7TB 90.81 87.96 87.09 89.93 86.61  88.92 90.64 86.75  89.25
MGQ—RAG(OUI‘S) GPT-5.2 97.78 94.65 97.06 97.93 96.24  97.05 97.33 96.43  97.00
MG2-RAG(OUI‘S) Qwen3.5-27B 98.45 95.28 98.73 98.44 96.43 98.68 98.42 96.84 97.85

Two key advantages explain these improvements. First, compared with stan-
dard retrieval models like EchoSight |74], MG2-RAG consistently yields better
results, achieving +0.54 accuracy on E-VQA and +2.18 on InfoSeek. This im-
provement highlights the effectiveness of our modality-preserving multimodal
node fusion, which retains both textual entities and visual objects as unified
concepts. Second, MG2-RAG outperforms existing graph-based approaches even
when using the same backbone models. For instance, with the LLaMA-3.1-8B
backbone, our framework already surpasses mKG-RAG by 0.48 on InfoSeek, and
the advantage becomes larger with stronger models. This demonstrates that our
lightweight MMKG construction strategy produces a cleaner and more
informative graph topology than traditional MLLM-generated triplet graphs.

4.5 Multimodal Reasoning Performance

Table [4] reports results on ScienceQA, a widely used benchmark for evaluating
multimodal reasoning across diverse scientific domains. MG2-RAG achieves
state-of-the-art performance, consistently surpassing both zero-shot /few-shot
MLLMs and existing graph-based RAG models. In particular, when paired with
the Qwen3.5-27B backbone, MG2-RAG reaches an overall accuracy of 97.85,
substantially exceeding human performance (88.40) [53].

Two observations highlight the effectiveness of our framework. First, MG2-
RAG consistently outperforms prior graph-augmented models. Using the same
Qwen2.5-VL-7B backbone, it improves over MMGraphRAG by 11.04 points in
average accuracy and surpasses VaLiK by 1.37 points (7B) and 2.85 points (72B).
These results demonstrate that our multi-granularity graph representation
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Table 5: Multimodal classification performance on CrisisMMD. Evaluation
includes three tasks: BC (binary informativeness classification), MC (fine-grained
humanitarian category classification), and MC-m (merged-category classification).

CrisisMMD
BCt MCtT MC-mt Avg.t

Zero-Shot Models
CLIP ViT-L/14 |65] CLIP ViT-L/14 43.36 17.88 20.79 27.34

Method LLM/MLLM

LLaVA-34B |50| LLaVA-34B 56.44  25.15 25.07  35.55
BLIP-2 |44] Flan-T5 61.29  40.86 40.72  47.62
Qwen2.5-VL-7B [3] Qwen2.5-VL-7TB  70.45 41.44 42,33 5141
Gemini-3.1-Pro |20] Gemini-3.1-Pro  71.30  49.36 49.79  56.82
GPT-5.2 |62] GPT-5.2 71.00  53.00 53.60  59.20
Qwen3.5-27B |64] Qwen3.5-27B 69.83  48.82 49.35  56.00
Graph Retrieval-Augmented Models
LightRAG |23] Qwen2.5-7B 67.49 45.11 45.94  52.85
VaLiK |51] Qwen2.5-7B 68.90  50.02 50.69  56.54
VaLiK [51] Qwen2.5-72B 68.89  49.78 49.31  55.99

MMGraphRAG [69] Qwen25-VL-7B  68.40 44.03 44.66  50.94
MG?-RAG(Ours) Qwen2.5-VL-7B  71.03  46.45 47.25 5491
MG?-RAG(Ours) Qwen2.5-7B 69.69 511 51.59  57.46
MG?-RAG(Ours) Qwen2.5-72B  72.33  50.34 50.83  57.83
MG?-RAG(Ours) Qwen3.5-27B 72.28  52.30 52.79  59.12
MG?>-RAG(Ours) GPT-5.2 7230 56.10  56.70 61.70

more effectively captures reasoning chains and structural relationships than
conventional graph formulations. Second, MG2-RAG improves the reasoning
capability of strong base MLLMs. Compared with zero-shot inference, integrating
MG2-RAG yields average improvements of 1.75 points for Qwen2.5-VL-7B and
0.70 points for GPT-5.2. The gains on ScienceQA further show the robustness
of our hierarchical MMKG: when fine-grained grounding is imperfect, chunk
and image nodes still provide coarser contextual evidence for reasoning.

4.6 Multimodal Classification Performance

Table [5] presents results on CrisisMMD, evaluating multimodal classification in
disaster scenarios. MG2-RAG achieves state-of-the-art performance. In particular,
the combination of MG2-RAG and GPT-5.2 obtains the best overall accuracy of
61.70, demonstrating strong performance in both binary relevance filtering (BC)
and multi-class humanitarian classification (MC and MC-m).

Two insights emerge from the results. First, MG2-RAG consistently surpasses
existing graph-based retrieval frameworks. Using the Qwen2.5-VL-7B backbone,
our model improves over MMGraphRAG by 3.97 points in average accuracy.
With Qwen2.5-7B, it outperforms LightRAG by 4.61 points and VaLiK by
0.92 points, while maintaining a 1.84-point advantage over VaLiK with the
72B backbone. These improvements highlight the effectiveness of our multi-
granularity graph retrieval mechanism, which captures complex cross-modal
relationships within noisy real-world data. Second, MG2-RAG substantially
enhances the zero-shot capability of standard MLLMs. Compared with their
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Table 6: Ablation study of MG2-RAG. HGC, MNF, and GP denote Hierarchical
Graph Construction, Multimodal Node Fusion, and Graph Propagation, respectively.

Method E-VQA (5k) E-VQA (5k) ScienceQA CrisisMMD
R@1/R@51t BEM Score (Allf) Acc. (Avg.t) Acc. (Avg.?T)
MG?2-RAG 57.8 / 83.1 60.24 97.85 59.12
w/o HGC 40.7 / 61.5 51.72 97.48 56.70
w/o MNF 43.8 / 78.0 55.38 97.67 58.62
w/o GP 25.5 / 76.0 54.69 97.51 58.90

respective zero-shot baselines, our framework improves performance by 3.50
points for Qwen2.5-VL-7B and 2.50 points for GPT-5.2. This demonstrates that
our entity-driven visual grounding helps resolve ambiguity in social-media
content and improves decision reliability.

4.7 Ablation Study

Table @ presents an ablation study of the three key components in MG2-RAG:
Hierarchical Graph Construction (HGC), Multimodal Node Fusion (MNF), and
Graph Propagation (GP). Removing any component consistently degrades per-
formance, demonstrating that the three designs complement each other to enable
effective multimodal retrieval. Two observations are particularly noteworthy.
First, the hierarchical graph structure is essential for organizing multi-
modal evidence. Removing HGC collapses the hierarchical chunk-image-node
representation into a flatter retrieval space, reducing E-VQA R@1/R@5 from
57.8/83.1 to 40.7/61.5. This confirms that the hierarchy effectively bridges coarse
document context with fine-grained visual and textual evidence. Second, cross-
modal node alignment and graph-based relevance propagation improve
retrieval from complementary perspectives. Removing MNF decreases the E-VQA
BEM score from 60.24 to 55.38, demonstrating the importance of aligning textual
entities with grounded visual regions. In contrast, removing GP causes the largest
drop in retrieval accuracy, reducing RQ1 to 25.5, indicating that graph propaga-
tion is crucial for discovering structurally related evidence beyond initial dense
retrieval. Together, these results show that MG2-RAG benefits from hierarchy,
multimodal alignment, and graph propagation in a complementary way.

4.8 Case Study

Figure [4] presents qualitative comparisons on knowledge-based VQA and mul-
timodal retrieval. Baseline MLLMs (e.g., Qwen3.5-27B) frequently generate
hallucinated or inaccurate answers due to the lack of external knowledge. For
example, in Case (c), the baseline incorrectly predicts Indonesia. In contrast,
MG?2-RAG produces accurate, grounded responses by fusing textual entities
and visual objects into unified multimodal nodes, preserving fine-grained
cross-modal evidence. This enables precise retrieval of details such as the wingspan
in Case (b) and plant edibility in Case (d). Moreover, multi-granularity graph
retrieval supports effective cross-modal reasoning. In Case (c), MG2-RAG re-
trieves the key evidence “the pristine lake environment” and propagates it to
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Q: When was this bridge built? Q: Which country is this lake in? Q: Can I eat this plant or it fruits?

TN

. . 358 2 . .
Retrieved Evidence i\ Retrieved Evidence - Retrieved Evidence " Retrieved Evidence
B The bridge was i It total body length is The historic A Mother tincture is
designed by Calvert Vaux and Jacob 12-15 cm wingspan is 16-21 em monuments, and the pristine lake made from the flowering parts of
‘Wrey Mould, and completed in (6.3-8.3 in), and body mass is 9-14 environment... the North the plant. The green parts of the
1862. It was built... 2(0.32-0.49 02). Macedonia and eastern Albania plant are eaten as vegetables.
Method Responses Method Responses Method Responses Method Responses
VaLiK: Need the bridge name VaLiK: Please describe the bird VaLiK: Northwest Territories VaLiK: Need toxicity analysis
MMGraphRAG: Not the exact year MMGraphRAG: 27.9 to 32.0 cm MMGraphRAG: Nepal's SNP MMGraphRAG: It can be toxic
Qwen3.5-27B: 1862 Qwen3.5-27B: Qwen3.5-27B: Indonesia Qwen3.5-27B: You should not eat it
MG2-RAG: Built in 1862 MG?-RAG: 16-21 cm MGZ2-RAG: N. Macedonia, Albania MG2-RAG: Yes, parts of it are edible
Case (a) Case (b) Case (¢) Case (d)

Fig. 4: Case studies on Knowledge-based VQA and Multimodal Retrieval.
MG?2-RAG is compared with a baseline MLLM (Qwen3.5-27B) and graph-based ap-
proaches (VaLiK and MMGraphRAG). The Retrieved Evidence illustrates the
multimodal evidence retrieved by MG2-RAG for answer generation.

the corresponding image, correctly identifying the location as “North Macedonia,
Albania.” Additional qualitative examples for multimodal reasoning, classification,
and representative failure cases are provided in Appendix B.

5 Conclusion

In this paper, we introduce MG2-RAG, a lightweight Multi-Granularity Graph
RAG framework that improves the reliability and efficiency of MM-RAG. We
propose a hierarchical MMKG construction strategy that bypasses expensive
MLLM-driven triplet extraction by combining lightweight textual parsing with
entity-driven visual grounding, enabling efficient fusion of textual entities and
visual objects into unified multimodal nodes. Building on this representation,
we further design a multi-granularity graph retrieval mechanism that aggregates
dense similarities and propagates relevance through the graph topology to support
structured multi-hop reasoning. Extensive experiments across four multimodal
tasks (i.e., retrieval, knowledge-based VQA, reasoning, and classification) show
that MG2-RAG consistently achieves state-of-the-art performance while maintain-
ing high efficiency, providing an average 43.3x speedup and 23.9x cost reduction
compared with existing graph-based baselines. Ultimately, MG2-RAG provides a
scalable, efficient, and robust solution for MM-RAG, enabling reliable deployment
of MLLMs in complex, real-world knowledge-intensive applications.
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