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Abstract001

Multimodal retrieval-augmented generation002
(MRAG) improves factuality by grounding gen-003
eration in external evidence, yet it is often brit-004
tle because evidence is used in a largely static005
and indiscriminate manner. In practice, MRAG006
systems tend to always retrieve and then fuse007
evidence with fixed ordering/weighting, which008
can inject noise for easy queries and exacer-009
bate position bias for hard ones. We propose010
Self-Aware-MRAG, a training-free framework011
that uses cross-modal uncertainty as an ex-012
plicit control signal for evidence usage. Self-013
Aware-MRAG estimates uncertainty from com-014
plementary textual, visual, and cross-modal sig-015
nals, and uses it to (i) route retrieval (skip /016
text / image / both) and (ii) modulate position-017
aware fusion via relevance-guided reordering018
and adaptive decay reweighting. Across OK-019
VQA and four additional MRAG benchmarks,020
Self-Aware-MRAG improves attribution preci-021
sion by +17.1 pp over the strongest competi-022
tor in our setting and reduces position bias by023
49.6%, while maintaining competitive accu-024
racy at a matched retrieval rate/budget (see ta-025
bles 1 and 2).026

1 Introduction027

Multimodal large language models (MLLMs) have028

made rapid progress in perception and reasoning,029

yet they still hallucinate on knowledge-intensive030

queries and struggle to update static paramet-031

ric knowledge. Retrieval-Augmented Generation032

(RAG) (Lewis et al., 2020) mitigates this by ground-033

ing generation in external evidence at inference034

time. In multimodal settings, however, MRAG035

pipelines are often brittle: a common recipe is to036

always retrieve and concatenate top-k evidence.037

This not only incurs unnecessary latency for easy038

queries, but can also inject noisy or conflicting con-039

text that actively harms answer quality.040

Code: https://github.com/X/Aware-MRAG
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Figure 1: Overview of Self-Aware-MRAG. Standard
MRAG often retrieves evidence indiscriminately and
fuses it with static ordering/weighting. Self-Aware-
MRAG estimates internal cross-modal uncertainty (tex-
tual, visual, and alignment) and uses it as a control sig-
nal to (i) trigger modality-specific retrieval only when
needed, and (ii) modulate position-aware fusion to re-
duce position bias.

We argue that the core missing capability is 041

evidence-use control—the system should decide 042

when to seek external evidence, what modality 043

to seek, and how strongly to rely on the result- 044

ing evidence. Current MRAG pipelines typically 045

lack a principled estimate of the model’s knowl- 046

edge gap, so retrieval is triggered indiscriminately 047

and modality choice (text vs. image) is often fixed. 048

The problem is compounded at fusion time: long- 049

context LMs exhibit position bias (Liu et al., 2024), 050

over-attending to early/late evidence while under- 051

utilizing middle content, and existing MRAG sys- 052

tems commonly apply reranking or fixed ordering 053

heuristics (Yu et al., 2024; Chen et al., 2024). Cru- 054
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cially, a key dynamic is overlooked: susceptibility055

to position bias depends on the model’s epistemic056

state. When the model is uncertain, it is more vul-057

nerable to spurious or misplaced evidence; static058

fusion policies treat all queries the same, leading059

to unstable evidence use.060

We present Self-Aware-MRAG, a training-free061

framework that turns cross-modal uncertainty062

into an explicit control signal for MRAG. Self-063

Aware-MRAG estimates uncertainty from three in-064

ternal sources—textual dispersion, visual attention065

scatter, and text–vision alignment divergence—to066

decide whether to retrieve and which modality to067

retrieve. It then performs uncertainty-modulated068

position-aware fusion by combining relevance-069

guided reordering with adaptive decay weighting,070

reducing position bias while preserving useful con-071

text. Empirically, Self-Aware-MRAG improves072

robustness across benchmarks, yielding substantial073

gains in attribution precision and large reductions074

in position bias under comparable retrieval over-075

head.076

We summarize our contributions as one frame-077

work, one key mechanism, and one set of evi-078

dence:079

• A unified framework (evidence-use control).080

We propose a training-free MRAG framework081

that uses cross-modal uncertainty as a uni-082

fied control signal to decide when to retrieve,083

which modality to retrieve, and how to use084

retrieved evidence.085

• A key mechanism (MRAG evidence fu-086

sion policy). We propose an uncertainty-087

conditioned evidence fusion policy for MRAG088

that combines relevance-guided reordering089

with adaptive position decay, reducing090

position-driven misuse of retrieved evidence091

in long-context generation.092

• Evidence. Experiments on OK-VQA and four093

additional MRAG benchmarks show substan-094

tial gains in attribution precision and large095

reductions in position bias under comparable096

retrieval overhead.097

2 Related Work098

Conventional retrieval-augmented generation099

(RAG) augments language models with non-100

parametric memory to improve factuality and101

currency (Lewis et al., 2020; Guu et al., 2020;102

Izacard and Grave, 2021). A growing line of103

work further studies adaptive retrieval, where 104

the system triggers retrieval only when needed 105

during generation. Representative approaches 106

include reflection-style control that interleaves 107

retrieve–generate–critique (Asai et al., 2024) 108

and confidence-based triggering at token level 109

(Jiang et al., 2023). Recent large-scale analyses 110

suggest that uncertainty-based triggering often 111

yields strong efficiency–accuracy trade-offs com- 112

pared with more complex multi-stage pipelines 113

(Moskvoretskii et al., 2025). Our work follows this 114

general direction but targets a harder multimodal 115

setting, where the system must decide not only 116

whether/when to retrieve but also which modality 117

(text vs. image) to retrieve, and how to robustly use 118

retrieved evidence under long-context biases. 119

Multimodal RAG (MRAG) integrates visual and 120

textual evidence for QA and reasoning (Abootorabi 121

et al., 2025; Chen et al., 2022; Yu et al., 2024; Hu 122

et al., 2023; Chen et al., 2024; Adjali et al., 2024; 123

Zhang et al., 2024; Wang et al., 2025; Zhai, 2024; 124

Cheng et al., 2024). Most MRAG pipelines retrieve 125

a fixed number of candidates and concatenate them 126

before generation; stronger variants incorporate 127

reranking, structured fusion, or iterative retrieval. 128

For example, MuRAG adopts FiD-style fusion 129

(Chen et al., 2022); VisRAG and RagVL rely on 130

reranking heuristics or MLLM-based rerankers (Yu 131

et al., 2024; Chen et al., 2024); mR2AG explores 132

multi-round retrieval (Zhang et al., 2024). Agent- 133

style test-time control has also been explored (e.g., 134

SAM-RAG, ViDoRAG) (Zhai, 2024; Wang et al., 135

2025). In contrast to these largely static pipelines, 136

we focus on a training-free evidence-use control 137

mechanism driven by internal cross-modal signals. 138

Uncertainty estimation has been studied ex- 139

tensively, ranging from Bayesian approximations 140

and deep ensembles (Gal and Ghahramani, 2016; 141

Lakshminarayanan et al., 2017) to linguistic and 142

information-theoretic proxies for generators (Kuhn 143

et al., 2023). Prior work also derives uncertainty 144

from internal representations to guide retrieval de- 145

cisions (Yao et al., 2025). We extend this principle 146

to MRAG by combining textual dispersion, visual 147

attention scatter, and text–vision alignment diver- 148

gence into a unified cross-modal uncertainty signal. 149

Crucially, we treat uncertainty as a control knob 150

not only for retrieval routing but also for evidence 151

fusion in long contexts. 152

Finally, long-context LMs exhibit position bias, 153

over-attending to early/late evidence while under- 154

utilizing the middle (Liu et al., 2024). Existing 155
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MRAG systems typically apply static fusion poli-156

cies (concatenation, reranking, or fixed ordering)157

that do not adapt to query difficulty (Yu et al.,158

2024; Chen et al., 2024). Our key difference is159

uncertainty-conditioned fusion control: when the160

model is uncertain, it is more vulnerable to spuri-161

ous or misplaced evidence, and thus benefits from162

stronger emphasis on highly relevant evidence;163

when uncertainty is low, aggressive reweighting164

is less necessary. Accordingly, Self-Aware-MRAG165

modulates both evidence ordering and position166

weighting based on cross-modal uncertainty, yield-167

ing more stable evidence use.168

Some dataset-leading systems improve perfor-169

mance via reinforcement fine-tuning, tools/notes,170

or heavier retrieval resources; these settings are171

not directly comparable to training-free MRAG172

with fixed backbones and budgets, but are comple-173

mentary. Self-Aware-MRAG is an inference-time174

controller and can, in principle, be layered on top175

to improve evidence-usage stability.176

3 Method177

We consider multimodal QA with a question q,178

an image I , and a generator Mθ. Self-Aware-179

MRAG uses cross-modal uncertainty as a con-180

trol signal to decide (i) when/what evidence to re-181

trieve and (ii) how retrieved evidence is placed and182

weighted in the context for generation. We assume183

access to the generator’s internal states (represen-184

tations/attentions), which is available for the open-185

weight MLLMs used in our experiments.186

3.1 Cross-Modal Uncertainty Estimation187

In MRAG, ambiguity can stem from language, vi-188

sion, or their interaction. We therefore estimate189

three complementary uncertainty signals and ag-190

gregate them into a scalar gate u ∈ [0, 1], while191

retaining component-wise signals for retrieval rout-192

ing.193

Textual uncertainty (utext). We use internal repre-194

sentations after encoding (q, I) to quantify seman-195

tic dispersion. Let H ∈ Rn×d be the final-layer196

token representations and G = 1
dHH⊤ the Gram197

matrix. We define198

utext = 1−Norm

(
λmax(G)

tr(G)

)
, (1)199

where λmax(·) is the largest eigenvalue and tr(·)200

is the trace; a less concentrated spectrum in-201

dicates higher uncertainty. This proxy follows202

representation-based uncertainty signals used in 203

prior work (Yao et al., 2025) and requires only a 204

single forward pass without draft generation. 205

Visual uncertainty (uvis). Visual ambiguity of- 206

ten arises when the model cannot localize relevant 207

regions and attends diffusely to the image. Let 208

A ∈ Rn×m be the cross-attention map from n text 209

tokens to m image patches and aj =
1
n

∑n
i=1Aij 210

the average attention on patch j. We measure at- 211

tention diffuseness via the variance of {aj}mj=1 and 212

map it to uncertainty: 213

uvis = 1−Norm

 1

m

m∑
j=1

(aj − ā)2

 , (2) 214

where ā is the mean attention and Norm(·) rescales 215

values to [0, 1] using robust statistics on a held- 216

out set. Diffuse attention (low variance) yields 217

high uncertainty, while focused attention yields 218

low uncertainty. 219

Alignment uncertainty (ualign). To capture cross- 220

modal inconsistency, we embed q and I with 221

CLIP encoders, obtaining etext, evis ∈ Rd. We 222

form normalized feature-activation profiles Ptext = 223

softmax(etext/T ) and Pvis = softmax(evis/T ) 224

(with T selected on validation), and measure their 225

divergence: 226

ualign = Norm
(
JSD(Ptext ∥ Pvis)

)
, (3) 227

where larger JSD indicates stronger cross-modal 228

mismatch and thus higher uncertainty. 229

Unified gate. We aggregate the three components 230

into a calibrated uncertainty gate: 231

u = λ1utext +λ2uvis +λ3ualign, s.t.
∑
i

λi = 1,

(4) 232

with λi set to 1/3 by default (or tuned on valida- 233

tion). All components are standardized to [0, 1] 234

using robust statistics from a held-out set and fixed 235

at test time. 236

3.2 Uncertainty-Guided Retrieval Routing 237

Self-Aware-MRAG triggers retrieval only when the 238

model is uncertain and routes retrieval to the most 239

informative modality. We first apply a selective 240

trigger: 241

RETRIEVE ⇐⇒ u > τ, (5) 242

where τ is tuned on validation (or fixed across 243

tasks). When retrieval is triggered, we option- 244

ally scale the retrieval budget with uncertainty, 245
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Figure 2: Overview of Self-Aware-MRAG. Self-Aware-MRAG treats MRAG as evidence-use control: it (1)
estimates cross-modal uncertainty u from internal signals (text/vision/alignment), (2) skips retrieval when confident
(u ≤ τ ) and otherwise triggers and routes retrieval to TEXT/IMAGE/BOTH, and (3) fuses retrieved evidence via
relevance-guided reordering and uncertainty-modulated position-aware decay under a fixed context budget to
mitigate position-driven misuse of evidence.

k(u) = kmin + ⌊(kmax − kmin) · u⌋; in our main246

setting we keep the maximum budget fixed and247

report the resulting retrieval rate.248

We then select retrieval modality using the249

component-wise profile: if ualign > τalign, we re-250

trieve both modalities to resolve potential cross-251

modal inconsistency; otherwise, we retrieve the252

modality with dominant uncertainty between utext253

and uvis. Equivalently,254

MODALITY =


BOTH, ualign > τalign,

IMAGE, uvis > utext,

TEXT, otherwise.

(6)255

3.3 Uncertainty-Modulated Position-Aware256

Fusion257

Retrieval alone is insufficient: MRAG must use re-258

trieved evidence reliably. Since retrieved evidence259

is a controllable part of the context, how it is placed260

and weighted can amplify or mitigate long-context261

position bias (Liu et al., 2024). We therefore design262

an MRAG evidence fusion policy that controls (i)263

evidence placement via reordering and (ii) evidence264

weighting via uncertainty-modulated position de-265

cay.266

Relevance-guided reordering (placement con-267

trol). Given retrieved evidence chunks {dj}kj=1,268

we compute a multimodal relevance score269

rj = simtext(q, dj) + β · simvis(I, dj), (7)270

and sort evidence by rj in descending order, plac- 271

ing the most relevant chunks in positions where the 272

generator tends to attend more strongly. 273

Uncertainty-modulated position decay (weight- 274

ing control). We assign a position-dependent 275

weight to the j-th evidence chunk, 276

wj = exp(−α(u) j), α(u) = α0(1 + κu), (8) 277

where α(u) increases with uncertainty. When un- 278

certainty is high, the model is more vulnerable 279

to noisy or spurious retrieved evidence and bene- 280

fits from stronger concentration on top-ranked ev- 281

idence; when uncertainty is low, aggressive con- 282

centration is less necessary and a flatter weighting 283

preserves useful complementary context. 284

Training-free implementation under fixed bud- 285

get. To remain training-free and avoid modifying 286

attention operators, we implement wj via token- 287

level repetition under a fixed total token budget: 288

chunk dj is repeated ⌈wj · R⌉ times and the con- 289

catenated context is truncated to match the baseline 290

context length. We enforce the same maximum 291

context length as all baselines; repetition is com- 292

pensated by truncation to keep the total token bud- 293

get identical.We set the repetition cap to R = 3 294

in all experiments; the hyperparameter ranges are 295

summarized in Appendix/Table 5. 296

Efficiency. Uncertainty estimation requires a sin- 297

gle forward pass and adds minor overhead, while 298
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selective triggering skips retrieval for confident299

queries, reducing average retrieval calls; we re-300

port retrieval rate/overhead in table 2. Additional301

end-to-end efficiency accounting (latency decom-302

position and effective input tokens) is provided in303

Appendix E.304

4 Experiments305

4.1 Settings306

Benchmarks. We evaluate Self-Aware-MRAG307

on five public multimodal QA benchmarks: OK-308

VQA (Marino et al., 2019), A-OKVQA (Schwenk309

et al., 2022), WebQA (Chang et al., 2022), Mul-310

tiModalQA (MMQA) (Talmor et al., 2021), and311

MRAG-Bench (Hu et al., 2025). We report each312

benchmark’s official QA metric (Acc/F1/EM as313

applicable) and summarize overall performance in314

table 1. Following prior MRAG evaluations, we315

additionally use OK-VQA to report retrieval ro-316

bustness and evidence-usage metrics (Recall@5,317

Faithfulness, Attribution Precision, and Position318

Bias; table 2).319

Metrics. For overall QA performance, we report320

the official accuracy/F1/EM metrics of each dataset321

and summarize them in table 1. On OK-VQA,322

we additionally report: Recall@5 (retrieval cov-323

erage under a fixed budget), Faithfulness (attribu-324

tion consistency), Attribution Precision (precision325

of cited evidence), and Position Bias measured326

as Jensen–Shannon divergence from a relevance-327

aligned target distribution (lower is better). We328

also report Retrieval Rate (%) as an efficiency329

indicator.330

Implementation Details. We employ Qwen3-331

VL-8B-Instruct as the backbone generator (Bai332

et al., 2025). Retrieval relies on BGE-large-en-333

v1.5 for text embeddings (Xiao et al., 2023) and334

CLIP ViT-L/14 for image embeddings (Radford335

et al., 2021). We build the dense index and perform336

nearest-neighbor search with FAISS (Johnson et al.,337

2017). Uncertainty aggregation uses equal weights338

(ωi = 1/3) by default, with the retrieval threshold339

τ tuned on the validation set.We additionally report340

a τ / retrieval-rate trade-off curve in Appendix B341

(Figure 3) to demonstrate that uncertainty acts as a342

controllable knob: retrieval can be reduced substan-343

tially while maintaining or improving evidence-use344

quality.345

We standardize the maximum context length346

across baselines by using the same evidence bud-347

get and truncation rule. Statistical significance is 348

assessed via paired bootstrap tests on test instances 349

(p < 0.05, 10,000 resamples). 350

4.2 Baselines 351

We compare Self-Aware-MRAG against representa- 352

tive multimodal RAG systems: RagVL (Chen et al., 353

2024), MuRAG (Chen et al., 2022), VisRAG (Yu 354

et al., 2024), mR2AG (Zhang et al., 2024), Vi- 355

DoRAG (Wang et al., 2025), and SAM-RAG (Zhai, 356

2024). All baselines are evaluated under the same 357

backbone and context budget for a controlled com- 358

parison. 359

4.3 Main Results 360

Observations. Compared with the strongest base- 361

line (SAM-RAG), Self-Aware-MRAG improves 362

average performance by +2.19pp with consistent 363

gains across all five datasets (table 1). Beyond QA 364

accuracy, we further evaluate retrieval robustness 365

and evidence usage on OK-VQA (next subsection). 366

4.4 Robustness and Efficiency on OK-VQA 367

Recall parity, better evidence use. Notably, Re- 368

call@5 remains comparable across all methods 369

(54.42–54.95%), aligning with our goal of improv- 370

ing evidence-use control rather than raw retrieval 371

strength. With recall parity, Self-Aware-MRAG 372

achieves two key improvements: (i) reduced cost 373

by skipping retrieval for confident queries (retrieval 374

rate: 78.53% vs 82–100% for baselines), and (ii) 375

improved precision through uncertainty-aware fu- 376

sion that filters noise and focuses on high-relevance 377

evidence. 378

4.5 Ablation and Analysis 379

We ablate the uncertainty components and the 380

position-aware fusion module under a unified eval- 381

uation protocol. table 3 reports stepwise gains to- 382

gether with evidence-use and robustness metrics. 383

Key findings. (i) Adding uncertainty compo- 384

nents steadily improves accuracy and faithfulness, 385

with cross-modal alignment yielding the largest 386

single gain (+1.84pp). (ii) The “+ Visual Un- 387

certainty” variant slightly increases position bias 388

(0.382→0.392), suggesting that incorporating addi- 389

tional multimodal context without position-aware 390

fusion can exacerbate position sensitivity. (iii) 391

Position-aware fusion sharply mitigates the lost- 392

in-the-middle effect (0.365→0.148), and the full 393

model further improves to 0.135. (iv) Under the 394
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Table 1: Overall results across datasets under a controlled setting (same backbone, retriever, and context budget).
All values are in % unless noted; Avg is the mean over datasets. ∆Avg (pp) denotes the absolute improvement
over the strongest baseline in this controlled setting (SAM-RAG). This comparison is not intended as a leaderboard
SOTA claim across different backbones or fine-tuning/tool-augmented systems.

Datasets (higher is better) Summary

Method OK-VQA A-OKVQA WebQA MultiModalQA MRAG-Bench Avg (%) ∆Avg (pp)

Self-Aware-MRAG (Ours) 67.14 59.46 70.81 53.42 76.87 65.54 +2.19
SAM-RAG (Zhai, 2024) 65.53 57.31 68.54 51.12 74.24 63.35 0.00
RagVL (Chen et al., 2024) 63.82 55.23 67.54 50.21 73.12 61.98 −1.37
mR2AG (Zhang et al., 2024) 64.22 55.93 66.82 49.54 72.33 61.77 −1.58
ViDoRAG (Wang et al., 2025) 62.11 53.14 69.52 49.83 72.41 61.40 −1.95
VisRAG (Yu et al., 2024) 62.54 53.81 65.23 48.17 71.55 60.26 −3.09
MuRAG (Chen et al., 2022) 60.15 50.42 62.13 45.34 58.41 55.29 −8.06

Table 2: Robustness and evidence-use evaluation on OK-VQA under a controlled MRAG setting. Acc. is answer
accuracy; Faith. measures evidence faithfulness; AttrPrec. is attribution precision of cited evidence; PosBias
quantifies position-induced brittleness (lower is better); Recall@5 is retrieval recall at top-5; Retrieval Rate
is the fraction of samples that trigger retrieval. ∆PosBias is computed relative to SAM-RAG as ∆PosBias =
PosBias − PosBiasSAM-RAG (negative indicates reduced position bias).

Method Recall@5 (%) Faith. (%) Attr. Prec. (%) Pos. Bias ↓ Retr. Rate (%) ∆PosBias(↓)

MuRAG 54.42 44.82 38.53 0.395 100.00 +0.127
RagVL 54.63 50.51 45.82 0.327 100.00 +0.059
VisRAG 54.58 48.24 42.31 0.296 100.00 +0.028
ViDoRAG 54.81 49.53 44.12 0.282 100.00 +0.014
mR2AG 54.67 52.23 48.64 0.312 85.42 +0.044
SAM-RAG 54.78 56.41 52.13 0.268 82.14 0.000
Self-Aware-MRAG (Ours) 54.95 60.50 69.20 0.135 78.53 -0.133

unified citation protocol, attribution precision im-395

proves monotonically with added components and396

increases from the penultimate variant to the full397

model (63.45%→69.20%, +5.75pp), consistent398

with uncertainty-modulated filtering reducing noisy399

evidence when uncertainty is high. (v) Retrieval400

Rate (Table 3) helps contextualize the gains: im-401

provements should be interpreted jointly with how402

often retrieval is triggered.403

4.6 Further Discussions404

Effects of backbone models. To assess whether405

Self-Aware-MRAG generalizes beyond a single406

MLLM, we evaluate under two backbones: Qwen3-407

VL-8B and Llama-3.2-11B, while keeping the re-408

trieval budget (top-k = 5) and evaluation pro-409

tocol unchanged. As shown in table 4, Self-410

Aware-MRAG consistently improves performance411

over the same MRAG baseline (MuRAG) across412

backbones: it improves accuracy by +6.99pp on413

Qwen3-VL-8B and +5.33pp on Llama-3.2-11B.414

Notably, Recall@5 remains nearly identical (differ-415

ences ≤0.55pp), indicating that the gains are not416

driven by stronger retrieval coverage but by bet-417

ter evidence-use control. In addition, Self-Aware-418

MRAG yields large robustness improvements, in- 419

cluding higher faithfulness and attribution preci- 420

sion and substantially lower position bias, suggest- 421

ing that our control mechanism transfers across 422

backbones. 423

Uncertainty quality: risk and correlation. We 424

further examine whether the estimated uncertainty 425

behaves as a meaningful control signal. We re- 426

port AURC (area under the risk–coverage curve; 427

lower is better) as a selective prediction metric, and 428

Spearman ρ between uncertainty and answer error 429

as a correlation measure. Across both backbones, 430

Self-Aware-MRAG substantially reduces AURC 431

(45.21→18.45 on Qwen3-VL-8B; 48.65→24.12 432

on Llama-3.2-11B) and increases Spearman cor- 433

relation (0.18→0.56; 0.15→0.49), indicating that 434

higher uncertainty aligns with higher risk. These 435

results support our use of cross-modal uncertainty 436

as a control knob for retrieval triggering and fusion 437

aggressiveness. 438

Position-aware fusion mitigates position- 439

driven evidence misuse. Finally, we connect 440

uncertainty-conditioned control to long-context 441

robustness. Despite similar retrieval recall, 442
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Table 3: Incremental ablation variants on OK-VQA. Each step cumulatively adds one component to the previous
variant. ∆Acc denotes the absolute accuracy gain (percentage points) over the previous row. All variants are
evaluated with an identical citation-output protocol, so Attr. (attribution precision) is reported for every row.
Retrieval Rate is the fraction of samples that trigger retrieval. Pos. Bias measures position-induced brittleness
(lower is better)

Variant Acc (%) ∆Acc (pp) F1 (%) Recall@5 (%) Faith. (%) Attr. (%) Retrieval Rate (%) Pos. Bias ↓

Baseline (MuRAG) 60.15 0.00 48.50 54.42 44.80 55.00 100.00 0.395
+ Text Uncertainty 61.28 +1.13 49.95 53.68 46.20 56.50 92.10 0.382
+ Visual Uncertainty 62.90 +1.62 51.80 54.95 47.90 58.50 95.00 0.392
+ Cross-Modal Align. 64.74 +1.84 55.20 54.92 57.40 62.80 88.30 0.365
+ Position-Aware 65.86 +1.12 56.55 54.96 58.10 63.45 86.10 0.148
Full (Self-Aware-MRAG) 67.14 +1.28 58.10 54.95 60.50 69.20 82.40 0.135

Table 4: Backbone generalization and uncertainty analysis on OK-VQA. All values are in % except Pos.Bias and
Spearman ρ. Lower is better for Pos.Bias and AURC (risk), higher is better otherwise.

Backbone Method Acc. ∆Acc Recall@5 Faith. Attr.Prec. Pos.Bias↓ AURC↓ Spearman ρ ↑

Qwen3-VL-8B Baseline (MuRAG) 60.15 – 54.42 44.82 38.53 0.395 45.21 0.18
Qwen3-VL-8B Self-Aware-MRAG (Ours) 67.14 +6.99 54.95 60.50 69.20 0.135 18.45 0.56

Llama-3.2-11B Baseline (MuRAG) 59.12 – 54.28 43.65 37.14 0.412 48.65 0.15
Llama-3.2-11B Self-Aware-MRAG (Ours) 64.45 +5.33 54.83 58.92 67.45 0.153 24.12 0.49

Self-Aware-MRAG consistently reduces position443

bias (0.395→0.135 and 0.412→0.153) while444

improving attribution precision by large mar-445

gins. This suggests that controlling evidence446

placement/weighting conditioned on uncertainty447

can stabilize evidence usage, especially under448

long-context positional effects.449

Efficiency trade-offs and practical deployment.450

Self-Aware-MRAG improves efficiency by skip-451

ping retrieval on confident queries while keeping452

the per-call retrieval budget fixed. Combined with453

the recall parity observed above, the improvements454

in faithfulness and attribution precision indicate a455

favorable accuracy–robustness–efficiency trade-off:456

we retrieve no more evidence than baselines, but457

use evidence more precisely and reduce position-458

driven failures. We provide full hyperparameter459

settings (thresholds and normalization statistics)460

and additional sensitivity results in the Appendix461

for reproducibility.462

5 Conclusion463

In this paper, we propose Self-Aware-MRAG to464

improve evidence usage in multimodal retrieval-465

augmented generation. The main idea of Self-466

Aware-MRAG is to treat MRAG as evidence-use467

control driven by cross-modal uncertainty. Specif-468

ically, Self-Aware-MRAG estimates fine-grained469

uncertainty from internal textual, visual, and align-470

ment signals, uses it to selectively trigger and route471

modality-specific retrieval, and modulates evidence472

fusion to reduce position-driven misuse of retrieved 473

context. We conduct extensive experiments on five 474

multimodal QA benchmarks and show that Self- 475

Aware-MRAG achieves consistent gains in overall 476

accuracy, while substantially improving robustness 477

on OK-VQA—notably increasing attribution preci- 478

sion and reducing position bias under comparable 479

retrieval recall and lower retrieval rate. These re- 480

sults suggest that uncertainty is a practical control 481

knob for building more reliable and efficient mul- 482

timodal RAG systems.We plan to release the code 483

and evaluation scripts to facilitate reproducibility. 484

Limitations 485

Access assumptions. Self-Aware-MRAG esti- 486

mates uncertainty using signals that require access 487

to model internals (e.g., hidden representations 488

and/or attention-related statistics). This assump- 489

tion may not hold for strictly black-box APIs that 490

only return final text outputs, limiting direct appli- 491

cability in such settings. 492

Proxy design choices. Some components rely on 493

practical proxies rather than fully explicit mech- 494

anisms. In particular, our position-aware weight- 495

ing is implemented via token repetition under a 496

fixed context budget, which only approximates fine- 497

grained attention reweighting and may interact with 498

truncation or context management in ways that dif- 499

fer from an explicit reweighting operator. 500

additional training-free positional debiasing 501

baselines. Recent work proposes inference-time 502

7



positional debiasing by modifying internal posi-503

tional signals, e.g., scaling a positional hidden-504

state channel in causal LMs, or scaling positional505

embeddings layer-wise, as well as training-free506

attention interpolation for multi-image LVLMs.507

While promising, these approaches require model-508

internal intervention (hidden-state/positional em-509

bedding/attention mask) that is not directly exposed510

in our current black-box VLM evaluation pipeline511

and may not transfer one-to-one to evidence-chunk512

packing in RAG. As a lightweight training-free513

baseline within our setting, we include order ran-514

domization controls (Shuffle/Reverse) and will fur-515

ther incorporate model-internal debiasing baselines516

in the final version.517
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A Experimental Details711

Backbones and retrievers. We use Qwen3-VL-712

8B-Instruct as the primary vision-language back-713

bone for generation, and additionally evaluate on714

Llama-3.2-11B-Vision-Instruct for generalization.715

For retrieval, we employ BGE-large-en-v1.5 for716

text embeddings and CLIP-ViT-L/14 for image em-717

beddings. All models are used as-is without addi-718

tional fine-tuning.719

Retrieval corpora across datasets. We follow a720

unified retrieval setup per dataset: (i) OK-VQA /721

A-OKVQA retrieve from Wikipedia-3M (text +722

associated images); (ii) MRAG-Bench uses the723

benchmark-provided image corpus with captions724

as documents; (iii)MultiModalQA retrieves from725

the dataset-provided text/table/image documents;726

(iv) WebQA directly uses the provided text/image727

facts as the evidence pool. For indexing, we use728

FAISS Flat for exact nearest-neighbor search. Text729

documents are chunked at the paragraph level with730

a maximum of 512 tokens per chunk when applica-731

ble.732

Fairness across baselines. To ensure controlled733

comparisons, all methods use the same retriever734

configuration, the same candidate pool, and the735

same retrieval budget. Unless explicitly stated oth-736

erwise, we retrieve top-k = 5 evidence items for737

all methods, and keep the maximum number of738

images in the input context bounded (up to 20 im-739

ages). We also standardize the maximum context740

length and apply the same truncation policy across741

all methods.742

Hyperparameters. table 5 summarizes key hy-743

perparameters for Self-Aware-MRAG We use equal744

uncertainty weights (ω1 = ω2 = ω3 = 1
3 ) by de-745

fault. Thresholds are tuned on a held-out valida-746

tion set (10% of training data) and then fixed for747

test evaluation. Specifically, τ is selected from748

{0.25, 0.30, 0.35, 0.40, 0.45} with a preference for749

maintaining retrieval rate below 85%; τalign is se-750

lected from {0.4, 0.5, 0.6}; the alignment temper-751

ature T is selected from {0.05, 0.1, 0.2, 0.5}; κ is752

selected from {0.25, 0.5, 0.75, 1.0}; and β is se-753

lected from {0.1, 0.2, 0.3, 0.5}. Unless noted, we754

keep these values fixed across datasets.755

B Retrieval-Rate Trade-off by Varying τ756

To characterize uncertainty as a controllable knob,757

we vary the retrieval trigger threshold τ while keep-758

ing all other settings fixed (same backbone, re- 759

triever, top-k, context budget, and citation-output 760

protocol as in Tables 2 and 3). For each τ , 761

we evaluate on the OK-VQA test set and record 762

the resulting retrieval trigger rate together with 763

Acc/AttrPrec/PosBias. We plot metrics against 764

the retrieval rate (more interpretable than τ ), and 765

mark the operating point used in the main paper 766

(chosen on validation). 767

C Uncertainty Estimation Details 768

Normalization. We standardize each raw uncer- 769

tainty score to [0, 1] using robust statistics com- 770

puted on a calibration set sampled from the valida- 771

tion split. For a raw score s, we compute: 772

Norm(s) = clip
(
s− median(S)
1.5 · IQR(S)

+ 0.5, 0, 1

)
,

(9) 773

where S denotes the raw scores computed on 500 774

validation instances, and IQR is the interquartile 775

range. The resulting normalization parameters are 776

fixed and reused for test-time evaluation. 777

Textual uncertainty (spectral dispersion). We 778

extract final-layer hidden states H ∈ Rn×d for the 779

prompt tokens. We form the Gram matrix G = 780
1
dHH⊤ and compute the ratio between the leading 781

eigenvalue and the trace: 782

utext = 1− Norm
(
λmax(G)

tr(G)

)
, (10) 783

where a smaller leading-eigen ratio indicates more 784

dispersed representations (higher uncertainty), fol- 785

lowing the spectral-dispersion intuition. 786

Visual uncertainty (attention scatter). Let A ∈ 787

Rn×m be the text-to-image cross-attention from n 788

text tokens to m image patches. We average atten- 789

tion across heads and layers to obtain Ā, and com- 790

pute patch-wise mean attention aj =
1
n

∑n
i=1 Āij . 791

Visual uncertainty is the complement of the nor- 792

malized patch variance: 793

uvis = 1− Norm

 1

m

m∑
j=1

(aj − ā)2

 , (11) 794

where ā is the mean of {aj}. Intuitively, diffuse 795

attention (low variance) indicates the model cannot 796

localize relevant regions, leading to higher uncer- 797

tainty. 798
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Table 5: Hyperparameter settings for Self-Aware-MRAG. “Tuned” indicates selected on validation; others are fixed
by default.

Component Symbol Value Range / Note

Uncertainty weights ω1, ω2, ω3
1
3

fixed
Retrieval trigger τ 0.35 {0.25, 0.30, 0.35, 0.40, 0.45} (tuned)
Alignment conflict τalign 0.50 {0.4, 0.5, 0.6} (tuned)
Fusion relevance weight β 0.30 {0.1, 0.2, 0.3, 0.5} (tuned)
Base decay rate α0 0.10 {0.05, 0.10, 0.15} (tuned)
Decay modulator κ 0.50 {0.25, 0.5, 0.75, 1.0} (tuned)
Repetition factor R 3 {2, 3, 4, 5} (fixed)
Alignment temperature T 0.10 {0.05, 0.1, 0.2, 0.5} (tuned)
Retrieval budget k 5 fixed across methods
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Figure 3: Trade-off curve induced by varying the retrieval threshold τ on OK-VQA. The x-axis shows the retrieval
trigger rate; the left y-axis reports Acc and AttrPrec, and the right y-axis reports PosBias (lower is better). The
starred point denotes the operating point used for the main results.

Alignment uncertainty (cross-modal discrep-799

ancy). We compute CLIP embeddings for the800

question text and image, etext, evis ∈ Rd, and801

convert them to normalized feature-importance802

profiles: Ptext = softmax(etext/T ) and Pvis =803

softmax(evis/T ). We then compute:804

ualign = Norm(JSD(Ptext ∥ Pvis)) , (12)805

where a larger divergence indicates greater cross-806

modal inconsistency.807

D Evaluation Protocols808

QA metrics. We report dataset-official QA met-809

rics (e.g., Accuracy/F1/EM) for OK-VQA, A-810

OKVQA, WebQA, MM-VQA, and MRAG-Bench.811

Retrieval and evidence-use metrics on OK-VQA.812

We follow the OK- protocol for Recall@5, Faith-813

fulness, and Attribution Precision. Faithfulness814

checks whether a generated answer span can be sup- 815

ported by at least one retrieved evidence segment 816

after normalization; Attribution Precision measures 817

the precision of cited evidence among retrieved 818

items under the same protocol. 819

Unified citation-output protocol (enforced for 820

all methods). To ensure fair cross-method com- 821

parisons for Faithfulness and Attribution Precision, 822

we evaluate all methods (ours and baselines) with 823

the same citation constraints and the same answer 824

format. 825

Prompt requirement. We append the following 826

instruction to the user prompt for every method: 827

“Answer the question. Every factual claim MUST be 828

supported by at least one citation to the retrieved 829

evidence. Cite evidence using [E#], where # in- 830

dexes the retrieved evidence chunks in the provided 831

context. If the question cannot be answered us- 832

ing the retrieved evidence, output ‘Insufficient evi- 833
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dence’.”834

Failure handling. If a model outputs an answer835

with (i) no citations, or (ii) citations with invalid836

indices (e.g., [E99] when only top-k chunks exist),837

the instance receives zero supported citations for838

citation-dependent metrics. This prevents unfairly839

benefiting methods that do not comply with citation840

constraints.841

Position bias. We quantify position bias as842

Jensen–Shannon divergence (JSD) between (i) the843

model’s empirical attention mass over evidence844

positions and (ii) a relevance-aligned target distri-845

bution. Let the retrieved evidence be ordered into846

k chunks, and let p ∈ ∆k be the normalized atten-847

tion mass over the k evidence chunks, computed by848

aggregating the generator’s attention from answer849

tokens to tokens belonging to each evidence chunk.850

Let rj be the relevance score of chunk j (the same851

relevance used for reordering), and define the target852

distribution qj =
exp(rj)∑k
t=1 exp(rt)

. We compute:853

PosBias = JSD(p ∥ q), (13)854

where lower values indicate closer alignment be-855

tween attention allocation and relevance (i.e., re-856

duced position-driven misuse).857

Clarification (PosBias). Since PosBias uses a858

relevance-aligned target distribution constructed859

from the same relevance scores used for reordering,860

it should be viewed as an alignment-to-relevance861

metric (not fully model-agnostic positional brittle-862

ness).863

Model-agnostic order sensitivity. We therefore864

additionally define order-sensitivity tests that keep865

the retrieved evidence set fixed but change only866

the order: random-shuffle variance over N per-867

mutations and best-vs-worst (relevance-sorted vs.868

reverse-sorted) performance gaps; smaller vari-869

ance/gaps indicate reduced ordering sensitivity.870

Uncertainty quality. We report AURC (area un-871

der the risk–coverage curve; lower is better) as a se-872

lective prediction metric, and Spearman ρ between873

uncertainty and answer error to measure monotonic874

correlation between predicted uncertainty and risk.875

Statistical testing and reproducibility. We fix876

random seeds for evaluation and assess statistical877

significance via paired bootstrap tests on test in-878

stances (10,000 resamples, p < 0.05). We will879

release evaluation scripts and configuration files880

after the review period.881

Table 6: Results on Llama-3.2-11B-Vision-Instruct on
OK-VQA.

Method Acc Faith Attr Bias ↓ AURC ↓

Baseline (MuRAG) 59.12 43.65 37.14 0.412 48.65
Self-Aware-MRAG 64.45 58.92 67.45 0.153 24.12

E Efficiency Accounting 882

Why Retrieval Rate alone is insufficient. Re- 883

trieval Rate captures how often retrieval is invoked, 884

but our pipeline also incurs (i) an uncertainty- 885

estimation forward pass and (ii) possible token 886

repetition for evidence weighting. We therefore 887

explicitly define the full efficiency accounting be- 888

low. 889

End-to-end latency decomposition. For each 890

query, we decompose wall-clock latency into: 891

ttotal = tunc + I[u > τ ] · (tretr + tprep) + tgen, 892

where tunc is the uncertainty estimation cost, tretr 893

is retrieval time, tprep covers evidence format- 894

ting/packing (including repetition or truncation), 895

and tgen is generation time. 896

Token budget and repetition. All methods are 897

evaluated under the same fixed context budget. 898

When repetition is used to approximate evidence 899

weights, we apply truncation after packing to keep 900

the effective input tokens within the same budget; 901

we additionally report the effective input tokens af- 902

ter packing/truncation to make the cost transparent. 903

Measurement protocol (reproducibility). La- 904

tency is measured on the same hardware with 905

identical batch size, decoding settings, and 906

caching/warmup procedure for all methods. We re- 907

port mean (and optionally std) over the evaluation 908

set or a fixed-size subset for stable measurement. 909

F Additional Results: Backbone 910

Generalization 911

Discussion. table 6 shows that Self-Aware- 912

MRAG consistently improves both accuracy and 913

robustness metrics under the Llama backbone, sup- 914

porting that uncertainty-driven evidence-use con- 915

trol transfers across different MLLM architectures. 916

12


	Introduction
	Related Work
	Method
	Cross-Modal Uncertainty Estimation
	Uncertainty-Guided Retrieval Routing
	Uncertainty-Modulated Position-Aware Fusion

	Experiments
	Settings
	Baselines
	Main Results
	Robustness and Efficiency on OK-VQA
	Ablation and Analysis
	Further Discussions

	Conclusion
	Experimental Details
	Retrieval-Rate Trade-off by Varying 
	Uncertainty Estimation Details
	Evaluation Protocols
	Efficiency Accounting
	Additional Results: Backbone Generalization

