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Abstract001

Retrieval-Augmented Generation (RAG) has002
become a pivotal paradigm for Large Language003
Models (LLMs), yet current approaches strug-004
gle with visually rich documents by treating005
text and images as isolated retrieval targets. Ex-006
isting methods relying solely on cosine similar-007
ity often fail to capture the semantic reinforce-008
ment provided by cross-modal alignment and009
layout-induced coherence. To address these010
limitations, we propose BayesRAG, a novel011
multimodal retrieval framework grounded in012
Bayesian inference and Dempster-Shafer evi-013
dence theory. Unlike traditional approaches014
that rank candidates strictly by similarity,015
BayesRAG models the intrinsic consistency016
of retrieved candidates across modalities as017
probabilistic evidence to refine retrieval con-018
fidence. Specifically, our method computes019
the posterior association probability for com-020
binations of multimodal retrieval results, pri-021
oritizing text-image pairs that mutually cor-022
roborate each other in terms of both seman-023
tics and layout. Extensive experiments demon-024
strate that BayesRAG significantly outperforms025
state-of-the-art (SOTA) methods on challeng-026
ing multimodal benchmarks. This study es-027
tablishes a new paradigm for multimodal re-028
trieval fusion that effectively resolves the iso-029
lation of heterogeneous modalities through030
an evidence fusion mechanism and enhances031
the robustness of retrieval outcomes. Anony-032
mous code is available at https://anonymous.033
4open.science/r/BayesRAG-4C6B.034

1 Introduction035

RAG has fundamentally enhanced the generaliza-036

tion capabilities of LLMs by grounding them in037

external domain knowledge. However, real-world038

knowledge, ranging from academic papers to indus-039

trial reports, is predominantly presented in visually040

rich documents. In these documents, visual ele-041

ments such as charts and diagrams are not merely042

decorative add-ons, but are intrinsically intertwined043

with textual explanations to convey complex se- 044

mantics. Consequently, relying solely on unimodal 045

text retrieval is insufficient. Verifying the semantic 046

consistency between visual and textual evidence is 047

paramount for building robust RAG systems. 048

In practice, RAG systems navigate vast repos- 049

itories containing thousands of pages. While the 050

advent of vision-language models has enabled mul- 051

timodal retrieval, current SOTA approaches primar- 052

ily focus on improving recall by expanding the Top- 053

k window and performing a naive union of text and 054

image retrieval results. We argue that this “bag-of- 055

evidence” approach is fundamentally flawed. By 056

treating modalities as independent channels and 057

simply concatenating their representations, exist- 058

ing methods fail to capture the critical semantic 059

interaction between modalities. Specifically, they 060

cannot distinguish whether a retrieved image and a 061

text chunk are logically corroborated or merely sta- 062

tistically similar (e.g., sharing common keywords 063

but divergent contexts). This inability leads to a 064

collection of high-similarity yet semantically dis- 065

connected fragments, which introduces noise and 066

confounds the downstream answer generator. 067

To address modal disparity, some approaches 068

employ Image-to-Text transduction or Knowledge 069

Graphs (KGs) to unify information into a textual 070

modality. However, these methods suffer from se- 071

vere information and structural loss. Critical in- 072

sights in knowledge-intensive domains are often 073

encoded in non-textual formats that are “ineffable”, 074

which is difficult to translate losslessly into de- 075

scriptions (Lumer et al., 2025). Furthermore, these 076

linearization processes remove document layout 077

information (Xiang et al., 2025). We consider that 078

document layout is not merely a stylistic choice 079

but serves as an implicit logical navigation map 080

designed by the author. Standard chunking strate- 081

gies disrupt this topological structure, severing the 082

logical ties between spatially adjacent evidence. 083

In summary, developing a trustworthy multi- 084
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Figure 1: The architecture of BayesRAG. We reconceptualize multimodal retrieval as a Bayesian inference process.
Our method computes the semantic likelihood P (Q|E) and derives the consistency prior P (E) via knowledge
graph topology. The final evidence tuples are re-ranked based on posterior probability P (E|Q), ensuring semantic
relevance, mutual corroboration, and logical self-consistency.

modal RAG system necessitates addressing three085

pivotal challenges: (1) Preserving Multimodal086

Fidelity: The system should move beyond lossy087

translation to perform native representation learn-088

ing (Mei et al., 2025). (2) Cross-Modal Seman-089

tic Corroboration: Achieving high confidence090

requires a mechanism for evidence verification.091

The system needs to facilitate interaction between092

retrieved modalities, identifying instances where093

visual and textual candidates semantically align.094

Such alignment should be treated as reinforcing095

evidence, thereby assigning higher posterior con-096

fidence to mutually corroborating retrieval results.097

(3) Layout-Induced Structural Understanding:098

Beyond content semantics, the system should be099

able to recover the contextual relationships of re-100

trieved elements within the original document,101

which allows for decoding the implicit semantic102

topology within the document layout (Tong et al.,103

2025), thereby restoring connections that are fre-104

quently severed by traditional chunking strategies.105

To address these challenges, we propose106

BayesRAG. Diverging from traditional approaches107

that rely solely on unimodal similarity matching,108

we reconceptualize multimodal retrieval as a pro-109

cess of probabilistic evidence fusion. Our core110

intuition addresses the prevalent issue of semantic111

inconsistency in heterogeneous retrieval; this is ex-112

emplified by scenarios where text retrieval suggests113

the fruit “apple” while visual retrieval identifies the114

corporate logo of “Apple Inc.” Under such circum-115

stances, independent similarity scores remain high116

for both yet fail to capture the fatal discordance117

between them. BayesRAG leverages Bayesian in-118

ference to elegantly resolve this dilemma by utiliz- 119

ing similarity scores from embedding models as 120

the likelihood and modeling cross-modal semantic 121

consistency as the Prior Belief. This formulation 122

mathematically embodies the intuition that “only 123

text-image pairs that are semantically consistent 124

deserve higher trust,” and it thereby dynamically 125

penalizes conflicting evidence during the fusion. 126

By computing the posterior probability, 127

BayesRAG automatically down-weights retrieval 128

candidates that exhibit high unimodal scores yet 129

contradict each other. This mechanism effectively 130

isolates high-fidelity evidence combinations 131

that are mutually corroborating, simultaneously 132

preserving native multimodal information and 133

ensuring the logical rigor of cross-modal reasoning. 134

Our main contributions are summarized as follows: 135

• We establish a unified probabilistic framework 136

that reconceptualizes multimodal retrieval as an 137

evidence fusion process; this paradigm effec- 138

tively preserves the native layout structure often 139

lost in traditional strategies. 140

• We introduce a Bayesian inference mechanism 141

grounded in Dempster-Shafer theory to model se- 142

mantic consistency; this approach resolves cross- 143

modal conflicts by prioritizing mutually corrobo- 144

rating evidence. 145

• Extensive experiments demonstrate that 146

BayesRAG achieves SOTA performance on 147

challenging benchmarks; our analysis confirms 148

that modeling evidence consistency effectively 149

eliminates modal conflicts and semantic 150

inconsistencies prevalent in existing baselines. 151
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2 Method152

In this section, we present BayesRAG, a proba-153

bilistic framework for multimodal retrieval.154

2.1 Retrieval as Evidence Fusion155

Traditional multimodal RAG systems typically156

treat retrieval as independent feature-matching157

tasks, where text and images are ranked solely by158

their semantic similarity to the query. This often159

leads to modal conflict, where a high-scoring text160

and a high-scoring image may contradict each other161

or originate from unrelated contexts.162

BayesRAG redefines retrieval as a Probabilis-163

tic Evidence Fusion process. We aim to identify164

an evidence tuple E = (etxt, evision, escreenshot),165

consisting of evidence from text, image, and struc-166

tural information, that is not only relevant to the167

query but also internally consistent. Our intuition168

is modeled via Bayesian inference: Prior (Inter-169

nal Consistency): Before observing the query, how170

likely is it that this text and image belong together?171

This is determined by the inherent consistency of172

the tuple E, exemplified by factors such as seman-173

tic alignment or narrative proximity in the source174

document. Likelihood (Semantic Match): Given175

this evidence tuple, how likely is it to generate the176

user’s query? We model this using vector similar-177

ity enhanced by belief functions. Posterior (Final178

Confidence): The updated probability that the tuple179

is the optimal evidence given the query.180

2.2 Problem Formulation181

Let D be a multimodal document corpus. We de-182

fine the sample space Θ as the set of all possible183

multimodal evidence tuples. A single evidence can-184

didate is denoted as E = (t, v, s) ∈ Θ, where t185

represents a textual segment, v represents a visual186

component, and s denotes the structural informa-187

tion from screenshots.188

Let Q denote the observed user query. Our goal189

is to compute the posterior probability P (E|Q),190

which represents the confidence that the tuple E is191

the optimal evidence given the query Q. According192

to Bayes’ Theorem:193

P (E|Q) =
P (Q|E) · P (E)

P (Q)
(1)194

Since P (Q) (the marginal likelihood of the195

query) is constant for all candidates during the rank-196

ing phase, we simplify the objective function to:197

P (E|Q) ∝ P (Q|E)︸ ︷︷ ︸
Embedding Likelihood

· P (E)︸ ︷︷ ︸
Consistency Prior

(2) 198

2.3 Bayesian Evidence Modeling 199

Modeling Likelihood with Belief Functions. The 200

likelihood P (Q|E) estimates the probability that 201

the query Q is derived from the evidence E. To 202

robustly handle the uncertainty in embedding co- 203

sine similarity scores (e.g., distinguishing between 204

“irrelevant” and “uncertain”), we incorporate the 205

Dempster-Shafer Theory of Evidence. 206

For each modality i ∈ {t, v, s}, let Si ∈ [0, 1] 207

be the normalized cosine similarity score with the 208

query. We construct a mass function mi over the 209

frame of discernment Θ = {Y,N} (Relevant, Irrel- 210

evant), as shown in Table 1. 211

Hypothesis Mass Function Formulation

Evidence (e) m(Y) = α · Si

Not Evidence (ē) m(N) = β · (1− Si)
Uncertainty (Ω) m(Ω) = 1−m(Y)−m(N)

Table 1: Mass function definitions based on cosine sim-
ilarity scores. α, β ∈ [0, 1] are hyperparameters repre-
senting trust in the embedding model.

We aggregate the mass functions from text, vi- 212

sion, and screenshot using Dempster’s Rule of 213

Combination (mjoint = mi ⊕ mj). The likeli- 214

hood is then projected from the combined belief 215

function: 216

P (Q|E) ≈ BetPjoint(Y) (3) 217

This formulation ensures that the likelihood is high 218

only when multiple modalities provide conflict-free 219

evidence supporting the query (see Appendix A.1). 220

Modeling the Consistency Prior P (E). The 221

prior P (E) represents the probability that the tuple 222

E = (t, v, s) constitutes a meaningful, coherent 223

unit of information independent of the user’s query. 224

This captures the “topological” or “physical” re- 225

ality of the document structure. If the text t and 226

image v are semantically unrelated or spatially dis- 227

tant in the source document, P (E) should be low. 228

We model this as: 229

P (E) = fconsistency(t, v, s) (4) 230

where fconsistency is modeled by the semantic con- 231

sistency or spatial distance between the text, image, 232

and screenshot. 233
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To quantify the intrinsic coherence P (E) of an234

evidence tuple E = (t, v, s), we propose two mod-235

eling strategies:(1) Graph-Topology Prior, which236

constructs a multimodal knowledge graph from237

document chunks to model semantic consistency.238

This approach calculates connection strengths be-239

tween retrieved nodes to prioritize tuples that form240

strongly connected paths. Specifically, we check241

the topological connectivity of the retrieved triplet242

(t, v, s) within the graph and model their mutual243

semantic consistency based on the weights of the244

edges connecting these three nodes. (2) Layout245

Prior, which leverages bounding box coordinates246

to model geometric proximity, based on the assump-247

tion that spatially adjacent elements on the same or248

nearby pages have a higher probability of associa-249

tion. Both strategies map physical or topological250

signals into a probability space P (E) ∈ [0, 1] (de-251

tails in Appendix A.2). As shown in the “Spatial252

vs. Semantic Priors” analysis in Section 3.3, incor-253

porating either prior significantly improves QA per-254

formance compared to standard embedding-only255

retrieval. Notably, the semantic constraints offered256

by the Graph-Topology Prior outperform the purely257

geometric constraints of the Layout Prior.258

3 Experiments259

3.1 Experimental Settings260

Evaluation Benchmarks. We evaluate BayesRAG261

on two challenging multimodal Document QA262

benchmarks: DocBench (Zou et al., 2025) and263

MMLongBench-Doc (Ma et al., 2024). DocBench264

comprises 229 documents across five domains (e.g.,265

Finance, Law) with 1,102 QA pairs, featuring sub-266

stantial length (avg. 66 pages, ∼46k tokens) to267

test long-context capabilities. MMLongBench-Doc268

complements this with 135 documents spanning 7269

diverse types and 1,082 questions. Together, these270

datasets cover over 2,000 questions in varied real-271

world scenarios, providing a robust testbed for mul-272

timodal long-document understanding.273

Baselines. To evaluate the effectiveness of274

BayesRAG, we compare it against a diverse275

set of SOTA multimodal RAG systems, cover-276

ing modular, visual-centric, agentic, and graph-277

based paradigms: RAGFlow1: A widely adopted278

open-source RAG engine that integrates retrieval279

pipelines with agentic capabilities. It serves as280

a representative baseline for standard, modular-281

1https://github.com/infiniflow/ragflow

Method Domains Overall
Aca. Fin. Gov. Law News

GPT-4o-mini 42.5 36.8 53.1 51.4 51.1 44.1
VisRAG 21.9 28.2 20.3 29.6 11.6 25.3
ViDoRAG 29.0 69.1 35.8 39.7 37.2 43.5
RAGFlow 45.2 34.0 41.8 48.1 23.8 39.0
RAGAnything 51.4 42.3 43.2 50.2 57.5 48.7
BayesRAG (ours) 52.4 37.5 56.0 52.3 66.8 51.2

Table 2: Accuracy (%) on DocBench. Best performance
is highlighted in bold and second-best is underlined.
Domain categories include Academia (Aca.), Finance
(Fin.), Government (Gov.), Legal Documents (Law),
and News Articles (News).

ized RAG implementations used in industry. Vis- 282

RAG (Yu et al., 2025a): A visual-centric frame- 283

work that bypasses traditional OCR parsing. In- 284

stead of extracting text, VisRAG treats document 285

pages directly as images, utilizing VLMs for both 286

visual embedding and generation. ViDoRAG 287

(Wang et al., 2025b): An agent-based approach 288

that employs a Gaussian Mixture Model (GMM) 289

for multimodal fusion. It introduces an iterative 290

agentic workflow (consisting of Explore, Summa- 291

rize, and Reflect stages) to verify the reliability of 292

retrieved evidence dynamically. RAGAnything 293

(Guo et al., 2025): A knowledge-graph-based sys- 294

tem that reconceptualizes multimodal content as 295

interconnected entities. It employs a dual-graph 296

construction mechanism and hybrid retrieval, com- 297

bining structural navigation within the KG with 298

semantic vector matching to locate cross-modal 299

evidence. We also evaluate the performance of di- 300

rectly feeding PDFs into GPT-4o-mini. For docu- 301

ments with fewer than 50 pages, we use page-level 302

screenshots as input. For longer documents, we 303

randomly sample 50 screenshots as input. 304

Evaluation Metrics. For DocBench, we strictly 305

follow the official evaluation protocol, utilizing 306

the standard LLM-based scoring mechanism to en- 307

sure fair comparison with existing baselines. For 308

MMLongBench-Doc, in addition to reporting the 309

official rule-based accuracy (Acc), we introduce a 310

supplementary LLM-based evaluation. This is de- 311

signed to mitigate false negatives inherent in rigid 312

string matching, specifically addressing cases of 313

semantic equivalence (e.g., abbreviations or para- 314

phrasing) that rule-based metrics fail to capture. 315

Experimental Setup. To ensure a rigorous and 316

standardized evaluation, we employ GPT-4o-mini 317

as the final response generator across all experi- 318

ments. We utilize MinerU (Niu et al., 2025) for 319

4
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Method Reports Tutorials Academic Guidebooks Brochures Industry Financial Overall

Acc Score Acc Score Acc Score Acc Score Acc Score Acc Score Acc Score Acc Score

GPT-4o-mini 29.8 36.7 29.0 38.2 16.8 24.0 24.0 32.4 29.5 34.6 41.3 50.6 38.3 41.0 28.2 35.2
VisRAG 27.9 30.0 19.4 20.8 21.5 24.0 19.8 23.7 19.8 23.7 19.7 24.6 11.1 11.1 21.3 23.8
ViDoRAG 29.8 36.1 33.3 39.5 16.5 21.0 27.6 32.0 19.6 24.7 21.8 25.9 35.3 36.7 26.5 31.4
RAGFlow 36.8 38.9 31.5 35.2 27.8 29.9 30.6 35.2 33.4 36.6 28.7 30.8 31.2 34.1 32.0 34.9
RAGAnything 40.6 45.3 39.5 46.0 32.0 34.6 37.3 43.5 36.4 39.6 30.5 33.3 39.2 42.7 37.1 41.5
BayesRAG (ours) 42.6 46.7 41.8 53.6 32.7 34.8 41.6 46.4 37.0 39.4 31.1 38.6 41.2 48.6 38.8 44.1

Table 3: Accuracy (%) and GPT-Score (%) on MMLongBench-Doc across different domains and overall perfor-
mance. Best performance is highlighted in bold and second-best is underlined. Domain categories include Research
Reports/Introductions (Reports), Tutorials/Workshops (Tutorials), Academic Papers (Academic), Guidebooks
(Guidebooks), Brochures (Brochures), Administration/Industry Files (Industry), and Financial Reports (Financial).
Acc is calculated by the verification method in the MMLongBench-Doc paper. Score is the score verified by LLM.

Method Recall@1 Recall@3 Recall@5 Recall@10 Recall@20

Vector Retrieval 24.4 41.7 46.4 51.6 56.6
BayesRAG 27.5 44.3 54.7 61.7 76.6

Table 4: Retrieval performance comparison on the
MMLongBench-Doc dataset. Vector Retrieval de-
notes the baseline using raw similarity scores from em-
bedding models and text reranker without probabilis-
tic re-ranking. BayesRAG incorporates our proposed
Bayesian evidence fusion.

document parsing. We employ Qwen3-Embedding-320

4B (Zhang et al., 2025) to encode textual chunks.321

For image elements, we utilize PE-Core-G14-322

448 (Bolya et al., 2025). Additionally, we use323

colnomic-embed-multimodal-3b2 to generate page-324

level embeddings for global layout understanding.325

All retrieved text candidates are refined using bge-326

reranker-v2-m3 (Chen et al., 2024). For the con-327

struction of the Knowledge Graph, we leverage the328

Qwen3-VL-32B (Bai et al., 2025) to extract entities329

and relations from both text and images. We build330

all documents in the benchmark into one vector331

database/knowledge graph for retrieval and evalu-332

ation. Detailed hyperparameters and environment333

configurations are provided in Appendix B to facil-334

itate reproducibility. Crucially, due to the absence335

of mature visual reranking models and the compu-336

tational cost of VLM-as-rerankers, the baseline is337

constrained to a shallow pool of visual candidates338

(Top-20 or the adaptive top-k in its method). In339

contrast, BayesRAG’s probabilistic fusion is com-340

putationally lightweight, allowing us to expand the341

initial visual pool to Top-512 without incurring342

significant latency (see Appendix F).343

3.2 Main Results344

Performance comparison. Table 2 further vali-345

dates the versatility of our approach. BayesRAG346

2https://huggingface.co/nomic-ai/
colnomic-embed-multimodal-3b

achieves an SOTA overall score of 51.2%, surpass- 347

ing the strongest baseline RAGAnything by 2.5%. 348

It demonstrates dominance in text-intensive and 349

high-noise domains, such as Government (+12.8%) 350

and News (+9.3%). This confirms that our Bayesian 351

evidence fusion not only handles multimodal align- 352

ment but also enhances textual retrieval by penal- 353

izing irrelevant evidence through consistency pri- 354

ors. As shown in Table 3, BayesRAG secures the 355

leading position in composite metrics, achieving 356

38.8% accuracy and an LLM score of 44.1%. Our 357

framework exhibits exceptional robustness in het- 358

erogeneous domains, notably Guidebooks (+4.3% 359

Acc over the runner-up) and Tutorials/Workshops 360

(+7.6% Score). These documents typically fea- 361

ture intricate interplays between text, charts, and 362

layout. By explicitly modeling evidence consis- 363

tency, BayesRAG effectively filters out modal mis- 364

matches, whereas visual-centric methods like Vis- 365

RAG suffer from noise introduced by full-page 366

embedding (21.3% overall Acc). 367

Retrieval performance. We compare BayesRAG 368

against the Vector Retrieval baseline. The baseline 369

merely aggregates raw cosine scores from text, im- 370

age, and screenshot embedding models with a text 371

reranker, lacking mechanisms for semantic consis- 372

tency checks or structural priors. Utilizing the page- 373

level evidence annotations in MMLongBench-Doc, 374

we approximate retrieval recall to evaluate per- 375

formance. Table 4 demonstrates that BayesRAG 376

achieves substantial gains on all Recall@K met- 377

rics: Precision Enhancement (R@1): Recall@1 378

improves significantly by 3.1%. This result con- 379

firms that our Bayesian formulation effectively mit- 380

igates high-similarity hallucinations. By penalizing 381

conflicting evidence, where P (Q|E) drops due to 382

modal inconsistencies, the framework successfully 383

prioritizes truly corroborating evidence. Recall 384

Robustness (R@20): Crucially, the advantage be- 385
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Method Bayesian
Inference Likelihood Prior Reports Tutorials Academic Guidebooks Brochures Industry Financial Overall

Embedding-RAG % - - 39.2 27.9 26.4 31.3 32.6 25.3 19.8 32.7
BayesRAG (Linear Fusion) ! Linear Weighted Graph 45.0 41.3 33.3 39.3 35.0 26.2 35.7 40.6
BayesRAG (Layout Prior) ! Dempster-Shafer Layout 38.4 33.5 30.5 40.6 36.5 21.2 27.2 36.8
BayesRAG (Full) ! Dempster-Shafer Graph 46.7 53.6 34.8 46.4 39.4 38.6 48.6 44.1

Table 5: Ablation study on Bayesian components. Embedding-RAG: Baseline with independent retrieval. BayesRAG
(Layout Prior): Incorporates spatial consistency constraints (P (E)) based on bounding box proximity (assigning
1.0 for adjacent elements, 0.1 otherwise). BayesRAG (Linear Fusion): Estimates likelihood (P (Q|E)) via linear
weighted averaging of normalized scores. BayesRAG (Full): Synergizes Graph-Topology priors with Dempster-
Shafer theory to robustly handle evidence conflict and uncertainty.

comes more pronounced as K increases, with Re-386

call@20 surging by 20.0% (56.6%→ 76.6%). This387

reveals that standard vector retrieval often buries388

ground-truth evidence in the long tail due to low389

semantic scores caused by modality misalignment390

or OCR noise. BayesRAG leverages consistency391

priors P (E), to “rescue” these relevant but low-392

scoring candidates.393

Attribution Analysis. While BayesRAG demon-394

strates strong retrieval capabilities, achieving a395

Recall@20 of 76.6%, the final generation perfor-396

mance (Score) stands at 44.1%. This discrepancy397

reveals a substantial Retrieval-Generation Gap.398

However, rather than a limitation, we interpret this399

as BayesRAG successfully unlocking the retrieval400

bottleneck that constrains previous systems. The401

high recall indicates that our framework provides a402

rich, high-fidelity context that current compact gen-403

erators (like GPT-4o-mini) may struggle to fully404

digest, but which lays a solid foundation for more405

capable Multimodal LLMs. To investigate the cur-406

rent generation bottleneck, we conduct a manual407

analysis on a sample of 100 failure cases. We find408

that 51% of the errors stem from query ambigu-409

ity inherent in MMLongBench-Doc. Specifically,410

questions often appear in generic forms such as411

“What year is the report for?” In the RAG setting412

that involves retrieving information across multiple413

distinct documents, such queries lack the necessary414

context to disambiguate the target document. This415

observation elucidates the phenomenon reported in416

Table 2 and Table 3, where directly feeding 50 page-417

level screenshots of the specific target document418

into GPT-4o-mini yields superior performance.419

3.3 Ablation Experiments420

To assess the individual contributions of our struc-421

tural priors and evidential fusion mechanism, we422

compare BayesRAG against three variants on423

MMLongBench-Doc: Embedding-RAG, which re-424

lies solely on embedding-based retrieval and a text425

reranker; a variant utilizing only Layout Priors; and426

a variant employing Linear Fusion. 427

Bridging the Visual Reranking Gap. To isolate 428

the contribution of our Bayesian inference mecha- 429

nism, we compare BayesRAG against Embedding- 430

RAG. As shown in Table 5, the baseline employs 431

a hybrid retrieval strategy: text candidates are re- 432

fined using bge-reranker-v2-m3 (retrieving Top- 433

1024 and selecting Top-20), while visual candidates 434

(images and page screenshots) rely solely on raw 435

embedding scores (Top-20) due to the absence of 436

mature visual reranking models or the computa- 437

tional cost of VLM-as-rerankers. The results reveal 438

a significant performance disparity. BayesRAG 439

(Full) outperforms the baseline by a substantial 440

margin of 11.4% in overall score. The performance 441

leap can be attributed to how BayesRAG handles 442

visual noise. In the baseline, visual retrieval is 443

limited to the Top-20 raw candidates. However, 444

embedding models may assign high scores to vi- 445

sually similar but semantically irrelevant images. 446

BayesRAG addresses this by expanding the initial 447

visual pool to Top-512 and utilizing the posterior 448

P (E|Q) as a soft reranker. By enforcing consis- 449

tency constraints, BayesRAG effectively filters out 450

high-scoring visual hallucinations that dominate 451

the baseline’s Top-20 list, ensuring that the final 452

retrieved context is semantically coherent. 453

Comparison of fusion strategy. We further in- 454

vestigate the fusion mechanism by comparing our 455

Dempster-Shafer-based approach against a stan- 456

dard Linear Fusion, which calculates P (Q|E) 457

as a weighted average of normalized embedding 458

scores. While Linear Fusion improves upon the 459

baseline (40.6% score), it still underperforms the 460

BayesRAG (Full) (44.1%) by a distinct margin. 461

The deficiency of linear weighting lies in its inabil- 462

ity to handle modal conflicts. In scenarios where 463

text and image retrievers contradict each other, a 464

linear sum blindly averages the scores, potentially 465

retaining the noise. In contrast, Dempster-Shafer 466

formulation explicitly calculates a Conflict Coef- 467
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Question: How many samples in 
MMMU belong to sociology subject?

VisRAG: 
Not answerable.

ViDoRAG: 
Not answerable.

RAGFlow: 
Not answerable.

RAG-Anything: 
Not answerable.

BayesRAG: 
The most direct and explicit information 
is in Figure 3 on page 3 (image 2), which 
states: "Sociology (287, 2.48%)". This 
indicates that there are 287 samples in 
the Sociology subject.
Therefore, the number of samples in 
MMMU that belong to the Sociology 
subject is 287.Ground Truth: 287provenance page

Figure 2: A qualitative comparison illustrating the efficacy of BayesRAG in broadening the scope of visual retrieval
and filtering inconsistent evidence. Our statistical analysis reveals that approximately 34% of failure cases in
baseline methods are attributed to this retrieval deficiency.

ficient K. When divergence between modalities468

is detected, the belief mass is redistributed to the469

uncertainty state or penalized, ensuring that only470

mutually corroborating evidence survives. This is471

particularly evident in the Tutorials domain (41.3%472

→ 53.6%), where precise alignment between com-473

plex charts and descriptions is critical.474

Spatial vs. Semantic Priors. The Layout Prior in-475

troduces a geometric constraint P (E) derived from476

document layout analysis. It functions as a spatial477

filter, assigning a high prior probability (1.0) to478

evidence tuples where the visual and textual com-479

ponents are spatially adjacent (within a specific480

bounding box distance), and a penalty (0.1) oth-481

erwise. As shown in Table 5, incorporating this482

physical constraint alone boosts the overall score483

from 32.7% to 36.8%. This result validates our hy-484

pothesis that spatial consistency serves as a reliable485

proxy for semantic consistency. By strictly enforc-486

ing layout coherence, the model effectively reduces487

uncertainty, filtering out visually similar but struc-488

turally unrelated hallucinations. While bounding489

boxes provide a strong baseline, this motivates our490

further exploration into Knowledge Graphs (in the491

full model) to capture deeper semantic links be-492

yond mere physical proximity.493

3.4 Case Study494

To explicitly demonstrate how BayesRAG handles495

complex retrieval challenges, we visualize two rep-496

resentative cases in Figure 2 and Figure 3, compar-497

ing our method against leading baselines.498

Case 1: Figure 2 depicts target text (“Sociology”)499

buried in a complex layout. Baselines fail to cap-500

ture this low-salience signal, returning “Not an-501

swerable”. BayesRAG addresses this by expanding 502

the retrieval candidate pool (Top-k) and leveraging 503

the semantic consistency between the query and the 504

image text to filter the resulting noise effectively. 505

This capability is critical, as our analysis reveals 506

that about 34% of baseline errors stem from similar 507

failures to retrieve ground-truth evidence, directly 508

resulting in incorrect “Not answerable” predictions. 509

Case 2: Figure 3 presents a challenge where base- 510

lines are misled by the visual similarity of a “Mo- 511

bile phone” distractor chart located on a different 512

slide. BayesRAG successfully retrieves the correct 513

evidence through its probabilistic scoring mecha- 514

nism. Specifically, the explicit match between the 515

query “Smartphone” and the textual component of 516

the target evidence tuple yields a higher likelihood 517

score. Simultaneously, the semantic consistency be- 518

tween the tuple’s text and image results in a robust 519

prior score. These factors synergize during the 520

Bayesian update to rank the correct “Smartphone” 521

tuple significantly higher than the visually similar 522

distractor, enabling the accurate calculation. 523

In summary, BayesRAG not only expands re- 524

call for obscure details in images but also robustly 525

filters confusing distractors through rigorous prob- 526

abilistic verification. 527

4 Related Works 528

Multimodal Vector Retrieval Paradigms. RAG 529

significantly enhances LLMs by integrating exter- 530

nal knowledge bases (Lewis et al., 2020), with 531

embedding models (Chen et al., 2024) playing 532

a pivotal role in this process. Recently, vision- 533

language models such as CLIP and ColPali (Faysse 534

et al., 2025) have extended RAG capabilities to 535
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Question: what percent did "Smartphone Penetration" grow 
between 2013 and 2015?
Ground Truth: 26%

VisRAG: 
Not answerable.

RAGFlow: 
108.33%

BayesRAG: 

ViDoRAG: 
110%

RAG-Anything: 
108.33%

provenance page

Image 3 contains a bar chart titled "Smartphone 
Penetration" with data for the years 2012, 2013, 
2014, and 2015. For 2013, the bar chart shows a 
value of 24%. For 2015, the bar chart shows a 
value of 50%.  The growth in percentage points is 
the difference between the 2015 and 2013 values.
Growth = 50% - 24% = 26 percentage points

Figure 3: A sample is for semantic consistency between text and charts to find the correct evidence

retrieve images or document pages directly. Build-536

ing on these advancements, RegionRAG (Li et al.,537

2025) introduces a region-level contrastive learn-538

ing objective, thereby refining retrieval granularity539

from coarse-grained whole pages to specific se-540

mantic regions. Broadly, current approaches fall541

into two categories: (1) Visual-Centric Unifica-542

tion: Methods like VisRAG (Yu et al., 2025b) and543

M3DocRAG (Cho et al., 2024) unify modalities544

by treating entire document pages as images for re-545

trieval, effectively preserving layout but potentially546

sacrificing fine-grained textual details. (2) Dual-547

Stream Retrieval: Systems like VisDoM (Suri et al.,548

2025) store and retrieve text and images separately.549

They typically employ a late fusion strategy, where550

separate visual and textual models generate inter-551

mediate answers that are subsequently merged by552

a fusion model. However, these separate streams553

often lack interaction during the retrieval phase,554

leading to potential semantic misalignment.555

Knowledge-Structured Multimodal RAG. To556

capture complex relationships within documents,557

several approaches integrate Knowledge Graphs.558

Methods such as HM-RAG, MMGraphRAG (Wan559

and Yu, 2025), and mKG-RAG (Yuan et al., 2025)560

utilise Multimodal LLMs (MLLMs) to extract en-561

tities and relationships from both text and images.562

RAG-Anything (Guo et al., 2025) employs a hy-563

brid search mechanism that combines explicit KG564

links with vector semantic similarity. It utilizes a565

multi-signal scoring mechanism that weighs both566

the topological importance of the graph structure567

and the semantic similarity scores. While effec-568

tive, these graph-based methods rely heavily on the569

quality of upstream information extraction.570

Evidence Verification and Reranking. Ensuring571

the reliability of retrieved content is critical. For572

text modality, cross-encoder rerankers are standard573

practice. MIRAGE (Wei et al., 2025) ensures trust- 574

worthy evidence by cross-validation of inference 575

chains in enhanced retrieval-augmented graphs. 576

For images, frameworks like ViDoRAG (Wang 577

et al., 2025b), MDocAgent (Han et al., 2025), 578

HKRAG (Tong et al., 2025), mRAG (Hu et al., 579

2025), and MADAM-RAG (Wang et al., 2025a) 580

adopt an agent-based approach, utilizing agents 581

such as the Inspector or Critical Agent to perform 582

iterative verification loops to filter evidence. How- 583

ever, these agent-based methods are often com- 584

putationally intensive due to repeated LLM calls, 585

resulting in substantial token consumption and high 586

latency. Furthermore, they lack a unified probabilis- 587

tic framework to explicitly model the mutual cor- 588

roboration between heterogeneous modalities—a 589

gap we aim to fill with BayesRAG. 590

5 Conclusion 591

In this work, we introduce BayesRAG to advance 592

multimodal RAG for visually rich documents by 593

transforming retrieval into a dynamic evidence fu- 594

sion process. By synergizing Bayesian inference 595

with Dempster-Shafer theory, our framework offers 596

a theoretically rigorous solution to the semantic in- 597

consistencies prevalent in heterogeneous data. We 598

demonstrate that explicitly modeling modal con- 599

flicts allows the system to filter out high-scoring 600

but semantically misaligned noise. This capability 601

effectively closes the gap between visual retrieval 602

and semantic verification. Our extensive evalua- 603

tions confirm that this probabilistic approach not 604

only achieves state-of-the-art performance but also 605

establishes a new paradigm for trustworthy multi- 606

modal RAG. We hope this shift towards evidence- 607

based corroboration paves the way for future sys- 608

tems that demand high-fidelity reasoning. 609
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Limitations610

Despite the substantial advancements achieved,611

BayesRAG is currently subject to certain limi-612

tations that point towards future research direc-613

tions. First, we observe a Retrieval-Generation614

Gap. While our Bayesian retriever achieves high615

effective recall (61.7% @ Top-10 and 76.6% @616

Top-20 in Table 4), the downstream generation ac-617

curacy is bounded by the current reasoning capa-618

bilities of MLLMs when interpreting information-619

dense visual evidence. We anticipate that as gen-620

erator models evolve, they will better utilize the621

high-fidelity evidence provided by our framework.622

Second, as our methodology is specialized for mul-623

timodal retrieval, its advantages are naturally less624

pronounced in domains dominated by pure text or625

massive continuous tables, such as certain financial626

reports. In such contexts, the standard chunking627

strategy often fragments tabular continuity. This re-628

mains a common challenge inherent to most RAG629

pipelines. BayesRAG prioritizes cross-modal con-630

sistency, which is most effective when documents631

contain rich interplay between texts and images.632
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A Implementation of Bayesian inference791

A.1 Likelihood Estimation via792

Dempster-Shafer Theory793

In this appendix, we detail the calculation of794

the likelihood term P (Q|E), which represents795

the semantic support of the evidence tuple E =796

(etxt, eimg, escreenshot) for the query Q. Our im-797

plementation utilizes Dempster-Shafer Theory to798

robustly fuse heterogeneous retrieval scores and799

explicitly model uncertainty.800

A.1.1 Score Normalization and Sharpening801

Since retrieval scores from different embedding802

models (e.g., dense text embeddings vs. visual em-803

beddings) often inhabit different numerical ranges,804

direct combination is infeasible. We first apply a805

normalization function to map raw scores into a806

probabilistic interval [0, 1].807

For a raw score s from modality i, given the808

empirically observed maximum (smax) and mini-809

mum (smin) scores for that modality, the normal-810

ized score s̃i is computed as:811

s̃i =
s− smin

smax − smin
(5)812

A.1.2 Mass Function Construction813

We define the Frame of Discernment as Θ = Y,N ,814

representing whether the evidence is “Relevant”815

(Y ) or “Irrelevant” (N ). For each normalized score816

s̃i, we construct a Basic Probability Assignment,817

denoted as mass function mi(·), based on hyper-818

parameters α and β (representing our trust in the819

retriever’s positive and negative capabilities):820

mi(Y ) = α · s̃i (6)821

mi(N) = β · (1− s̃i) (7)822

mi(Ω) = 1−mi(Y )−mi(N) (8)823

Here, mi(Ω) represents the uncertainty (or igno-824

rance) remaining after observing the score. We825

enforce mi(Ω) ≥ 0 by clipping. Based on exper-826

imental experience, we fix α = 0.7 and β = 0.6,827

respectively, for all experiments.828

A.1.3 Recursive Evidence Combination829

To fuse evidence from multiple sources (Text, Im-830

age, Screenshot), we apply Dempster’s Rule of831

Combination recursively. Let mcurr be the ac-832

cumulated mass and mnew be the mass of the833

next incoming modality. The combined mass834

mcomb = mcurr ⊕mnew is calculated as follows:835

First, we compute the conflict coefficient K, 836

which measures the degree of contradiction be- 837

tween the two evidence sources: 838

K =mcurr(Y ) ·mnew(N)+

mcurr(N) ·mnew(Y )
(9) 839

If K → 1 (e.g., K ≥ 0.9), indicating extreme 840

conflict (one source is certain it’s relevant, the other 841

certain it’s not), we forcefully set the likelihood to 842

0. Otherwise, we proceed with the update rules: 843

mcomb(H) =

∑
X∩Z=H mcurr(X) ·mnew(Z)

1−K
,

∀H ∈ Y,N,Ω

(10)

844

Specifically for our binary frame, the update logic 845

for the relevant hypothesis Y is: 846

mcomb(Y ) =
1

1−K

(
mcurr(Y ) ·mnew(Y )

+mcurr(Y ) ·mnew(Ω)

+mcurr(Ω) ·mnew(Y )
)

(11)

847

A.1.4 Final Score 848

After fusing all evidence sources, we obtain the 849

final mass distribution mfinal. To convert this be- 850

lief function into a probability measure suitable 851

for ranking (i.e., P (Q|E)), we apply the Pignistic 852

Probability Transformation, which distributes the 853

uncertainty mass Ω equally among the singleton 854

hypotheses: 855

P (Q|E) ≈ BetP(Y ) = mfinal(Y )+

mfinal(Ω)

2

(12) 856

This final score reflects the aggregated semantic 857

likelihood, accounting for both the strength of indi- 858

vidual matches and the consistency across modali- 859

ties. 860

We provide the pseudocode for the likelihood 861

estimation process P (Q|E) in Algorithm 1. 862

A.2 Implementation of Priors 863

We detail the exact algorithms used to compute 864

the structural prior P (E) for both document layout 865

and knowledge graph scenarios. The prior P (E) 866

measures the intrinsic coherence of an evidence 867

tuple E = (etxt, eimg, escreenshot) derived from 868

geometric or semantic constraints. 869

11



Algorithm 1 Likelihood Estimation via Dempster-
Shafer Fusion
Require: Raw retrieval scores S =
{stxt, simg, sscreenshot}

Require: Hyperparameters α, β ∈ [0, 1] (Trust
factors)

Require: Normalization function Φ(·)
Ensure: Likelihood score P (Q|E)

1: Initialize:
2: mcurr ← {Y : 0, N : 0,Ω : 1} {Initial state:

total ignorance}
3: Preprocessing:
4: S ′ ← [Φ(s) for s in S] {Normalize scores to

[0, 1]}
5: for each score s ∈ S ′ do
6: Construct Mass Function (BPA):
7: mnew(Y )← α · s
8: mnew(N)← β · (1− s)
9: mnew(Ω) ← max(0, 1 − mnew(Y ) −

mnew(N))
10: Compute Conflict Coefficient K:
11: K ← mcurr(Y ) ·mnew(N) +mcurr(N) ·

mnew(Y )
12: if K ≥ 0.999 then
13: return 0.0 {Extreme conflict detected}
14: end if
15: Apply Dempster’s Rule:
16: D ← 1−K
17: mnext(Y ) ← (mcurr(Y ) · mnew(Y ) +

mcurr(Y ) · mnew(Ω) + mcurr(Ω) ·
mnew(Y ))/D

18: mnext(N) ← (mcurr(N) · mnew(N) +
mcurr(N) · mnew(Ω) + mcurr(Ω) ·
mnew(N))/D

19: mnext(Ω)← (mcurr(Ω) ·mnew(Ω))/D
20: mcurr ← mnext

21: end for
22: Final Score:
23: Score← mcurr(Y ) +mcurr(Ω)/2
24: return Score

A.2.1 Layout-Aware Prior Calculation 870

For document-native formats (e.g., PDFs), we uti- 871

lize bounding box (BBox) coordinates to determine 872

spatial proximity. The calculation of P (E)layout 873

is implemented as a strict geometric consistency 874

check. 875

Given a text node t, an image node v, and a lay- 876

out shortcut node s, we first verify the consistency 877

of the metadata. The tuple is considered valid only 878

if all three components originate from the same 879

source document D. Let pg(·) denote the page 880

index and d(·, ·) denote the Euclidean distance be- 881

tween the centers of two bounding boxes. 882

The prior is computed as a binary indicator func- 883

tion with a relaxation for adjacent pages: 884

P (E)bbox =

{
1.0 if Cdist ∧ Cpage

ϵ otherwise
(13) 885

where ϵ is a small constant (e.g., ϵ = 0.1). The 886

conditions are defined as: 887

1. Spatial Condition (Cdist): The spatial dis- 888

tance must be within a fraction of the page 889

diagonal length Ldiag: 890

d(t, v) < τ · Ldiag (14) 891

where τ is a distance threshold parameter (e.g., 892

τ = 2). 893

2. Pagination Condition (Cpage): The elements 894

must appear on the same or immediately adja- 895

cent pages relative to the screenshot reference: 896

max(|pg(t)−pg(s)|, |pg(v)−pg(s)|) < τpage
(15) 897

This implementation ensures that a high prior prob- 898

ability is assigned solely to figure-caption pairs or 899

spatially clustered information. 900

A.2.2 Knowledge Graph Topology Prior 901

For the knowledge graph, we construct a weighted 902

connectivity map and compute the coherence of 903

the retrieved triplet. This process consists of three 904

steps: Relation Aggregation, Edge Normalization, 905

and Triplet Coherence Scoring. 906

Step 1: Relation Aggregation. First, we map 907

retrieved entities to their source document chunks. 908

For any pair of chunks (u, v), we aggregate the 909

weights of all relations r connecting them in the 910

Knowledge Graph: 911

Suv =
∑

r∈Ru,v

wr (16) 912
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where wr is the weight of a specific relation (de-913

faulting to 1.0 or weighted by relation type).914

Step 2: Probabilistic Edge Normalization. To915

convert the unbounded raw score Suv into a proba-916

bility Pedge(u, v) ∈ [0, 1), we apply an exponential917

saturation function. This models the intuition that918

diminishing returns apply as evidence accumulates:919

Pedge(u, v) = 1− exp(−κ · Suv) (17)920

where κ is a scaling factor (set to 0.1 in our ex-921

periments). This defines the pairwise connectivity922

map.923

Step 3: Triplet Coherence Scoring. For a can-924

didate tuple E = (eid1 , eid2 , eid3), we retrieve the925

three pairwise edge probabilities: p12, p23, p13. We926

calculate their average as the final probability927

P (E)graph =
p12 + p23 + p13

3
(18)928

B Reproducibility929

In this section, we provide detailed configurations930

for the baseline models to ensure reproducibility.931

For most parameters, we use the default settings in932

the original repository. Across all RAG systems,933

we employ identical embedding and reranker mod-934

els.935

B.1 VisRAG936

We follow to the reproducible baseline methodol-937

ogy provided by UltraRAG3. We adapt the data938

structures of MMLongBench-Doc and DocBench939

to align with the benchmark schema required by940

UltraRAG. Question answering is conducted using941

the official configuration template4. Finally, an-942

swer extraction and scoring are performed using943

the evaluation scripts provided by the respective944

benchmarks.945

B.2 ViDoRAG946

We follow the official implementation of Vi-947

DoRAG5 with specific modifications to the em-948

bedding module. Specifically, we utilize MinerU949

for document parsing. For vector database con-950

struction, we employ Qwen3-Embedding-4B for951

text segments and nomic-embed-multimodal-3b952

for page-level PDF screenshots. We apply the953

3https://github.com/OpenBMB/UltraRAG
4https://github.com/OpenBMB/UltraRAG/blob/

main/examples/visrag.yaml
5https://github.com/Alibaba-NLP/ViDoRAG

proposed Gaussian Mixture Model (GMM)-based 954

hybrid strategy to effectively handle multi-modal 955

retrieval. GPT-4o-mini server as the backbone 956

model for the Seeker, Inspector, and Answer 957

agents. 958

B.3 RAGFlow 959

We deploy RAGFlow using the official Docker 960

image6. We employ Qwen3-Embedding-4B and 961

bge-reranker-v2-m3 (host via VLLM) for text 962

embedding and reranking, respectively. For mul- 963

timodal content, Qwen3-VL-32B is utilized to gen- 964

erate descriptions. All other parsing parameters 965

retain their default settings. 966

During the question-answering phase, we use 967

GPT-4o-mini and enable the following features: 968

Keyword Analysis, TOC Enhance, Use Knowledge 969

Graph, and Reasoning. The specific chat configu- 970

ration parameters are detailed in Listing 1. 971

Listing 1: Configuration parameters for RAGFlow.
972

{ 973
"language": "English", 974
"llm": { 975

"max_tokens": 4096, 976
"model_name": "azure -gpt -4o-mini___OpenAI - 977

↪→ API@OpenAI -API -Compatible", 978
"temperature": 0.1 979

}, 980
"meta_data_filter": { 981

"method": "automatic" 982
}, 983
"prompt": { 984

"empty_response": "", 985
"keyword": true, 986
"keywords_similarity_weight": 0.7, 987
"opener": "Hi! I'm your assistant. What can I do 988

↪→ for you?", 989
"prompt": "You are an intelligent assistant. 990

↪→ Please summarize the content of the 991
↪→ knowledge base to answer the question. 992
↪→ Please list the data in the knowledge 993
↪→ base and answer in detail. When all 994
↪→ knowledge base content is irrelevant to 995
↪→ the question , your answer must include 996
↪→ the sentence \'The answer you are 997
↪→ looking for is not found in the 998
↪→ knowledge base!\' Answers need to 999
↪→ consider chat history .\n Here is 1000
↪→ the knowledge base:\n {knowledge }\n 1001
↪→ The above is the knowledge base.", 1002

"reasoning": true, 1003
"refine_multiturn": false, 1004
"rerank_model": "bge -reranker -v2-m3___OpenAI - 1005

↪→ API@OpenAI -API -Compatible", 1006
"show_quote": true, 1007
"similarity_threshold": 0.2, 1008
"toc_enhance": true, 1009
"top_n": 8, 1010
"tts": false, 1011
"use_kg": true, 1012
"variables": [ 1013

{ 1014
"key": "knowledge", 1015
"optional": true 1016

} 1017
] 1018

}, 1019
"prompt_type": "simple", 1020
"top_k": 1024 1021

} 10221023

6https://hub.docker.com/r/infiniflow/ragflow
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B.4 RAGAnything1024

Consistent with our other setups, we employ1025

MinerU as the document parser. We utilize1026

Qwen3-VL-32B to generate document descriptions1027

and construct the knowledge graph. The vector re-1028

trieval component relies on Qwen3-Embedding-4B1029

and bge-reranker-v2-m3. Finally, GPT-4o-mini1030

is employed as the downstream question-answering1031

model.1032

C Prompts in BayesRAG1033

The specific prompts employed in BayesRAG are1034

detailed below:1035

Prompt

You are an intelligent assistant. Please
summarize the content of the knowledge
base (both in text, images, and screenshots
of pdf pages) to answer questions, think
step by step.

First, analyze the keywords in the question,
and then check whether all texts and images
of the given knowledge base contain
content related to the keywords in the
question. Finally summarize and answer
questions.

When all knowledge base content is not
related to the question, your answer should
include the sentence “The answer you want
is not found in the knowledge base!”

Here is the question:

Question: {question}

The above is the question.

Here is the knowledge base:

{knowledge}

The above is the knowledge base.

Figure 4: Prompts used by the model to predict answers.

Prompt

You are required to determine if a predicted
answer is correct or can reasonably answer
the question compared to the ground
truth. The question will be placed within
<question></question> tags, answer type
will be placed within <type></type>
tags, predicted answer will be placed
within <predict></predict> tags, and the
ground truth answer will be placed within
<gt></gt> tags.

You must output the final score as a
floating-point number (0.0 to 1.0) enclosed
within ‘<answer>’ tags.

Output Format: Output only the final
numerical score inside the tags. Do not
provide reasoning.

Example:
<answer> 1.0 </answer>

Question: <question> {question} </ques-
tion>

Predict Answer: <predict> {predict answer}
</predict>

Ground Truth: <gt> {reference answer}
</gt>

Figure 5: Prompts used by evaluating the answer in
MMLongBench-Doc.

D Additional Case Studies 1036

In the main text, we demonstrate cases where 1037

BayesRAG improves retrieval recall for low- 1038

salience details and disambiguates visually similar 1039

charts. In this appendix, we provide additional 1040

qualitative examples highlighting a critical advan- 1041

tage of our framework: the ability to solve complex, 1042

multi-hop reasoning tasks where baseline methods 1043

fail to retrieve the correct evidence entirely. 1044

A common failure mode in existing multimodal 1045

RAG systems is the inability to locate evidence 1046

that is intricately embedded within structured doc- 1047

uments, such as complex tables, stacked charts, or 1048

dense infographics. Single-stream retrievers (re- 1049
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Question: What is the average performance gap 
between the ProgramFC performance and our 
proposed system in the HOVER dataset? Please write 
down the answer in float format with 2 decimals.

VisRAG: 
Not answerable.

ViDoRAG: 
5.27

RAGFlow: 
Not answerable.

RAG-Anything: 
Not answerable.

BayesRAG: 
Our QACHECK system achieves a macro-F1 score of 
55.67, 54.67, and 52.35 on HOVER two-hop, three-hop, 
and four-hop claims, respectively. To find the average 
performance gap, the scores for ProgramFC are 
provided in Table 1 on page 5 (and repeated on page 6) 
are 54.27, 54.18, 52.88. Now, we calculate the 
performance gap for each hop: 55.67-54.27=1.40, 
54.67-54.18=0.49, 52.35-52.88=-0.53. Finally, we 
calculate the average of these gaps: (1.40 + 0.49 + (-
0.53)) / 3 = 0.4533...Rounded to two decimal places, 
the average performance gap is 0.45.

Ground Truth: 0.45provenance page

Figure 6: Complex tabular reasoning requiring multi-hop numerical extraction.

Question: How many Republicans are not confident at all that 
Trump keeps his own business interests separate from the 
decisions he makes as president?

VisRAG: 
Not answerable.

ViDoRAG: 
32%

RAGFlow: 
22%

RAG-Anything: 
Not answerable.

BayesRAG: 
The relevant information is found on page 7 of the 
document, which includes a chart titled "Fewer than 
half are confident Trump keeps business interests 
separate.” This chart breaks down the confidence 
levels by political affiliation. For the "Rep/Lean Rep" 
(Republicans and Republican-leaning 
independents) category, the data shows: 10% **Not 
at all confident:** …, the answer is 10%.Ground Truth: 10%

provenance page

Figure 7: Fine-grained visual-textual alignment in stacked bar charts.

Question: How many ways to connect with pwc
people?

VisRAG:
Not answerable.

ViDoRAG:
2

RAGFlow:
4

RAG-Anything:
8

BayesRAG:
The answer can be found in the document on 
page 11 (image 11). The document explicitly lists 
the following ways to connect:1.  Facebook: PwC 
Middle East 2.  Instagram: @pwcmiddleeast 3.  
LinkedIn: PwC Middle East 4.  Twitter: 
@PwC_Middle_East 5.  YouTube: PwC Middle 
East 6.  Website: pwc.com/mecareers, there are 
6 primary ways to connect with PwC people as 
listed in the document.Ground Truth: 6

provenance page

Figure 8: Information enumeration from unstructured infographics.
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lying solely on text chunks or naive visual em-1050

beddings) often miss these cues due to a lack of1051

fine-grained semantic alignment between the query1052

and the visual structure.1053

BayesRAG addresses this through its parallel re-1054

trieval architecture, simultaneously querying text1055

chunks, cropped image regions, and full-page PDF1056

screenshots. Crucially, the subsequent Bayesian fu-1057

sion mechanism calculates a posterior probability1058

representing the semantic consistency between the1059

query and these heterogeneous evidence sources.1060

This allows BayesRAG to identify and utilize evi-1061

dence that requires establishing strong cross-modal1062

links (e.g., mapping legend colors to textual cate-1063

gories, or aligning table headers with specific nu-1064

merical cells), tasks where baselines frequently hal-1065

lucinate or fail to answer.1066

We present three such challenging scenarios be-1067

low: complex tabular reasoning (Figure 6), fine-1068

grained chart interpretation (Figure 7), and info-1069

graphic enumeration (Figure 8).1070

E Reliability of Automated Evaluation1071

To address concerns regarding the reliabil-1072

ity of Qwen3-32B as an automated judge in1073

MMLongBench-Doc, we conduct a human verifi-1074

cation study on a stratified sample of 200 instances.1075

Our analysis yields two critical observations that1076

validate our evaluation protocol: High Human-1077

Model Agreement. We observe an exceptionally1078

high consistency between the Qwen3-32B judge1079

and expert human annotators, achieving an agree-1080

ment rate of 98%. Disagreements are rare and1081

mostly occur in highly ambiguous cases where1082

even humans might diverge. This statistical evi-1083

dence strongly supports the use of Qwen3-32B as1084

a surrogate for human evaluation in this specific1085

context. Suitability for Factoid QA. The high1086

reliability stems from the intrinsic nature of the1087

MMLongBench-Doc dataset. Unlike open-ended1088

generation tasks, this benchmark primarily consists1089

of factoid questions requiring specific numerical1090

values or fixed entities as answers. In such closed-1091

ended scenarios, the evaluation task simplifies to1092

verification rather than subjective critique.1093

Crucially, our qualitative analysis highlights that1094

the LLM judge effectively resolves the limitations1095

of the original rule-based scoring scripts. Tradi-1096

tional regex-based methods often produce false1097

negatives due to valid lexical variations. By recog-1098

nizing semantic equivalence, Qwen3-32B provides1099

a more accurate assessment of model performance 1100

than rigid string matching, ensuring that correct 1101

answers are not unfairly penalized due to minor 1102

formatting deviations. 1103

F Efficiency and Computational Analysis 1104

To evaluate the practical overhead of BayesRAG, 1105

we break down the time latency across the entire 1106

inference pipeline. Table 6 details the average time 1107

costs recorded on the MMLongBench-Doc. All ex- 1108

periments are conducted on a server with NVIDIA 1109

Tesla A800 80GB GPUs and a 12-core CPU. 1110

Module Time (s)

Vector Retrieval (Text) 5.81
Vector Retrieval (Image) 26.18
Vector Retrieval (Screenshot) 52.09

Text Reranking (bge-reranker-v2-m3) 9.36
Bayes Fusion & Reranking 10.21

LLM Generation (QA) 29.17

Table 6: Average time cost (seconds) per query break-
down. Note that Vector Retrieval (Image/Screenshot)
is using an expanded search space (Top-k=512). Bayes
Fusion represents the re-ranking overhead introduced
by our method.

Retrieval Latency vs. Recall. As observed, the 1111

visual retrieval components (Image and Screenshot) 1112

dominate the latency, consuming approximately 1113

52s. This is an intentional design choice rather 1114

than an algorithmic limitation. To validate the 1115

“Recall Enhancement” capabilities of BayesRAG 1116

(as discussed in Section 3.4), we expand the im- 1117

age retrieval window size to Top-512 (compared 1118

to the standard Top-10 or Top-20). This ensures 1119

that low-salience evidence is captured in the ini- 1120

tial candidate pool. In production environments, 1121

this latency can be significantly reduced via paral- 1122

lelized asynchronous retrieval, etc, independent of 1123

our proposed fusion algorithm. 1124

Efficiency of Bayesian Inference. A critical find- 1125

ing is the comparison between standard text rerank- 1126

ing and our Bayesian fusion process. The Bayes 1127

Fusion step takes 10.21s, which introduces only 1128

a marginal overhead (∼0.85s) compared to the 1129

standard Text Reranking (9.36s). Theoretically, 1130

combining heterogeneous candidates (Text, Image, 1131

Screenshot) from a Top-512 pool could lead to a 1132

combinatorial explosion (5123 ≈ 134 million tu- 1133

ples). However, BayesRAG circumvents this issue 1134
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Method Reports Tutorials Academic Guidebooks Brochures Industry Financial Overall Generator Model

RAGAnything 45.3 46.0 34.6 43.5 39.6 33.3 42.7 41.5
GPT-4o-mini

BayesRAG (ours) 46.7 53.6 34.8 46.4 39.4 38.6 48.6 44.1

RAGAnything 53.4 47.4 40.2 51.9 39.6 37.0 50.4 47.1
Qwen3-VL-32B

BayesRAG (ours) 61.8 57.8 58.2 58.9 54.9 54.4 65.4 59.4

Table 7: Performance comparison with different generator models on MMLongBench-Doc. The switch to the
more capable Qwen3-VL-32B results in a significantly larger performance boost for BayesRAG compared to
RAGAnything, highlighting our method’s ability to retrieve high-quality evidence that stronger models can better
exploit.

Method Domains Types Overall Generator Model
Aca. Fin. Gov. Law. News Text Meta MM. Unans.

RAGAnything 51.4 42.3 43.2 50.2 57.5 77.6 10.0 57.4 11.2 48.7
GPT-4o-mini

BayesRAG (ours) 52.4 37.5 56.0 52.3 66.8 84.2 19.7 43.8 25.8 51.2

RAGAnything 57.4 44.7 49.3 50.7 61.0 82.0 11.2 60.7 19.3 52.4
Qwen3-VL-32B

BayesRAG (ours) 65.6 53.8 61.4 59.6 70.3 87.3 30.2 62.6 39.5 61.7

Table 8: Performance comparison on DocBench with different generators. BayesRAG consistently outperforms
baselines, with the performance gap widening significantly when using the stronger Qwen3-VL-32B generator,
verifying superior evidence recall.

by imposing metadata constraints before proba-1135

bility calculation. Specifically, we restrict the con-1136

struction of evidence tuples E = (t, v, s) to those1137

derived from the same source document. Further-1138

more, candidates yielding low probabilities—based1139

on retrieval scores and knowledge graph distribu-1140

tions—are directly pruned. These constraints ef-1141

fectively transform the dense combinatorial space1142

into a highly sparse matrix, significantly reduc-1143

ing computational complexity. This confirms that1144

BayesRAG provides a computationally efficient1145

solution for sophisticated multimodal reasoning,1146

effectively shifting the heavy lifting from expen-1147

sive LLM reasoning to a lightweight probabilistic1148

verification layer.1149

G Impact of Generator Models1150

To disentangle the contribution of the retrieval mod-1151

ule from the generation capabilities, we conduct a1152

comparative analysis using different backbones:1153

GPT-4o-mini and the more powerful Qwen3-1154

VL-32B. The results on MMLongBench-Doc and1155

DocBench are detailed in Table 7 and Table 8.1156

Performance Sensitivity to Generator Capacity.1157

As expected, replacing the generator with the SOTA1158

Qwen3-VL-32B leads to universal performance1159

improvements. However, a critical observation is1160

the disproportionate gain achieved by BayesRAG1161

compared to the baseline RAGAnything. On1162

MMLongBench-Doc, while RAGAnything im- 1163

proves by 5.6% (41.5% → 47.1%), BayesRAG 1164

achieves a dramatic surge of 15.3% (44.1% → 1165

59.4%). A similar trend is observed on DocBench, 1166

where the performance gap between BayesRAG 1167

and RAGAnything widens significantly from 2.5% 1168

under GPT-4o-mini to 9.3% under Qwen3-VL- 1169

32B. 1170

Evidence for Superior Effective Recall. This 1171

phenomenon provides compelling evidence for the 1172

superior retrieval quality of BayesRAG. In RAG 1173

systems, the performance is bounded by the qual- 1174

ity of the retrieved context. A stronger genera- 1175

tor cannot hallucinate correct answers if the sup- 1176

porting evidence is missing (low recall). The fact 1177

that BayesRAG benefits substantially more from a 1178

stronger generator indicates that our Bayesian fu- 1179

sion mechanism successfully retrieves high-fidelity, 1180

complex multimodal evidence that is present in the 1181

context but under-utilized by the weaker GPT-4o- 1182

mini. In contrast, the baseline’s smaller improve- 1183

ment suggests its retrieval bottleneck lies in miss- 1184

ing evidence (low recall), which even a superior 1185

generator cannot mitigate. Thus, these results con- 1186

firm that BayesRAG delivers significantly higher 1187

Effective Recall, providing a richer and more ac- 1188

curate evidence set that unlocks the full potential 1189

of advanced MLLMs. 1190
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