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Abstract

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

1 Introduction

Multimodal large language models (MLLMs) have
made rapid progress in perception and reasoning,
yet they still hallucinate on knowledge-intensive
queries and struggle to update static paramet-
ric knowledge. Retrieval-Augmented Generation
(RAG) (Lewis et al., 2020) mitigates this by ground-
ing generation in external evidence at inference
time. In multimodal settings, however, MRAG
pipelines are often brittle: a common recipe is to
always retrieve and concatenate top-k evidence.
This not only incurs unnecessary latency for easy
queries, but can also inject noisy or conflicting con-
text that actively harms answer quality.

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
evidence-use control—the system should decide
when to seek external evidence, what modality
to seek, and how strongly to rely on the result-
ing evidence. Current MRAG pipelines typically
lack a principled estimate of the model’s knowl-
edge gap, so retrieval is triggered indiscriminately
and modality choice (text vs. image) is often fixed.
The problem is compounded at fusion time: long-
context LMs exhibit position bias (Liu et al., 2024),
over-attending to early/late evidence while under-
utilizing middle content, and existing MRAG sys-
tems commonly apply reranking or fixed ordering
heuristics (Yu et al., 2024; Chen et al., 2024). Cru-
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cially, a key dynamic is overlooked: susceptibility
to position bias depends on the model’s epistemic
state. When the model is uncertain, it is more vul-
nerable to spurious or misplaced evidence; static
fusion policies treat all queries the same, leading
to unstable evidence use.

We present Self-Aware-MRAG, a training-free
framework that turns cross-modal uncertainty
into an explicit control signal for MRAG. Self-
Aware-MRAG estimates uncertainty from three in-
ternal sources—textual dispersion, visual attention
scatter, and text—vision alignment divergence—to
decide whether to retrieve and which modality to
retrieve. It then performs uncertainty-modulated
position-aware fusion by combining relevance-
guided reordering with adaptive decay weighting,
reducing position bias while preserving useful con-
text. Empirically, Self-Aware-MRAG improves
robustness across benchmarks, yielding substantial
gains in attribution precision and large reductions
in position bias under comparable retrieval over-
head.

We summarize our contributions as one frame-
work, one key mechanism, and one set of evi-
dence:

¢ A unified framework (evidence-use control).
We propose a training-free MRAG framework
that uses cross-modal uncertainty as a uni-
fied control signal to decide when to retrieve,
which modality to retrieve, and how to use
retrieved evidence.

* A key mechanism (MRAG evidence fu-
sion policy). We propose an uncertainty-
conditioned evidence fusion policy for MRAG
that combines relevance-guided reordering
with adaptive position decay, reducing
position-driven misuse of retrieved evidence
in long-context generation.

* Evidence. Experiments on OK-VQA and four
additional MRAG benchmarks show substan-
tial gains in attribution precision and large
reductions in position bias under comparable
retrieval overhead.

2 Related Work

Conventional retrieval-augmented generation
(RAG) augments language models with non-
parametric memory to improve factuality and
currency (Lewis et al., 2020; Guu et al., 2020;
Izacard and Grave, 2021). A growing line of

work further studies adaptive retrieval, where
the system triggers retrieval only when needed
during generation. Representative approaches
include reflection-style control that interleaves
retrieve—generate—critique (Asai et al., 2024)
and confidence-based triggering at token level
(Jiang et al., 2023). Recent large-scale analyses
suggest that uncertainty-based triggering often
yields strong efficiency—accuracy trade-offs com-
pared with more complex multi-stage pipelines
(Moskvoretskii et al., 2025). Our work follows this
general direction but targets a harder multimodal
setting, where the system must decide not only
whether/when to retrieve but also which modality
(text vs. image) to retrieve, and how to robustly use
retrieved evidence under long-context biases.

Multimodal RAG (MRAG) integrates visual and
textual evidence for QA and reasoning (Abootorabi
et al., 2025; Chen et al., 2022; Yu et al., 2024; Hu
et al., 2023; Chen et al., 2024; Adjali et al., 2024;
Zhang et al., 2024; Wang et al., 2025; Zhai, 2024;
Cheng et al., 2024). Most MRAG pipelines retrieve
a fixed number of candidates and concatenate them
before generation; stronger variants incorporate
reranking, structured fusion, or iterative retrieval.
For example, MuRAG adopts FiD-style fusion
(Chen et al., 2022); VisRAG and RagVL rely on
reranking heuristics or MLLM-based rerankers (Yu
et al., 2024; Chen et al., 2024); mR*AG explores
multi-round retrieval (Zhang et al., 2024). Agent-
style test-time control has also been explored (e.g.,
SAM-RAG, ViDoRAG) (Zhai, 2024; Wang et al.,
2025). In contrast to these largely static pipelines,
we focus on a training-free evidence-use control
mechanism driven by internal cross-modal signals.

Uncertainty estimation has been studied ex-
tensively, ranging from Bayesian approximations
and deep ensembles (Gal and Ghahramani, 2016;
Lakshminarayanan et al., 2017) to linguistic and
information-theoretic proxies for generators (Kuhn
et al., 2023). Prior work also derives uncertainty
from internal representations to guide retrieval de-
cisions (Yao et al., 2025). We extend this principle
to MRAG by combining textual dispersion, visual
attention scatter, and text—vision alignment diver-
gence into a unified cross-modal uncertainty signal.
Crucially, we treat uncertainty as a control knob
not only for retrieval routing but also for evidence
fusion in long contexts.

Finally, long-context LMs exhibit position bias,
over-attending to early/late evidence while under-
utilizing the middle (Liu et al., 2024). Existing



MRAG systems typically apply static fusion poli-
cies (concatenation, reranking, or fixed ordering)
that do not adapt to query difficulty (Yu et al.,
2024; Chen et al., 2024). Our key difference is
uncertainty-conditioned fusion control: when the
model is uncertain, it is more vulnerable to spuri-
ous or misplaced evidence, and thus benefits from
stronger emphasis on highly relevant evidence;
when uncertainty is low, aggressive reweighting
is less necessary. Accordingly, Self-Aware-MRAG
modulates both evidence ordering and position
weighting based on cross-modal uncertainty, yield-
ing more stable evidence use.

Some dataset-leading systems improve perfor-
mance via reinforcement fine-tuning, tools/notes,
or heavier retrieval resources; these settings are
not directly comparable to training-free MRAG
with fixed backbones and budgets, but are comple-
mentary. Self-Aware-MRAG is an inference-time
controller and can, in principle, be layered on top
to improve evidence-usage stability.

3 Method

We consider multimodal QA with a question ¢,
an image I, and a generator My. Self-Aware-
MRAG uses cross-modal uncertainty as a con-
trol signal to decide (i) when/what evidence to re-
trieve and (ii) how retrieved evidence is placed and
weighted in the context for generation. We assume
access to the generator’s internal states (represen-
tations/attentions), which is available for the open-
weight MLLMs used in our experiments.

3.1 Cross-Modal Uncertainty Estimation

In MRAG, ambiguity can stem from language, vi-
sion, or their interaction. We therefore estimate
three complementary uncertainty signals and ag-
gregate them into a scalar gate u € [0, 1], while
retaining component-wise signals for retrieval rout-
ing.

Textual uncertainty (uext). We use internal repre-
sentations after encoding (g, I) to quantify seman-
tic dispersion. Let H € R™*? be the final-layer
token representations and G = éH H' the Gram
matrix. We define

Utext = 1-— NOI'm(tr(C(;))) s (1)

where A\pax(-) is the largest eigenvalue and tr(-)
is the trace; a less concentrated spectrum in-
dicates higher uncertainty. This proxy follows

representation-based uncertainty signals used in
prior work (Yao et al., 2025) and requires only a
single forward pass without draft generation.
Visual uncertainty (uyis). Visual ambiguity of-
ten arises when the model cannot localize relevant
regions and attends diffusely to the image. Let
A € R™ ™ be the cross-attention map from 7 text
tokens to m image patches and a; = % Yoy Ay
the average attention on patch j. We measure at-
tention diffuseness via the variance of {a;}7" ; and
map it to uncertainty:

m
% Z(aj —a)?l, @

Jj=1

Uyis = 1 — Norm

where a is the mean attention and Norm(-) rescales
values to [0, 1] using robust statistics on a held-
out set. Diffuse attention (low variance) yields
high uncertainty, while focused attention yields
low uncertainty.

Alignment uncertainty (uajign). To capture cross-
modal inconsistency, we embed ¢ and [ with
CLIP encoders, obtaining erext, evis € RY. We
form normalized feature-activation profiles Pyt =
softmax(ewexi/T) and Pys = softmax(eyis/7T)
(with T selected on validation), and measure their
divergence:

Ualign = Norm (JSD(Rext H Pvis))7 3)

where larger JSD indicates stronger cross-modal
mismatch and thus higher uncertainty.

Unified gate. We aggregate the three components
into a calibrated uncertainty gate:

U = A Ugext + A2Uyis + /\3ualign7 s.t. Z Ai=1,

“
with )\; set to 1/3 by default (or tuned on valida-
tion). All components are standardized to [0, 1]
using robust statistics from a held-out set and fixed
at test time.

3.2 Uncertainty-Guided Retrieval Routing

Self-Aware-MRAG triggers retrieval only when the
model is uncertain and routes retrieval to the most
informative modality. We first apply a selective
trigger:

RETRIEVE <— u > T, (®))

where 7 is tuned on validation (or fixed across
tasks). When retrieval is triggered, we option-
ally scale the retrieval budget with uncertainty,
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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 « from internal signals (text/vision/alignment), (2) skips retrieval when confident
(u < 1) 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) - ©]; in our main
setting we keep the maximum budget fixed and
report the resulting retrieval rate.

We then select retrieval modality using the
component-wise profile: if wuyjign > Talign, We re-
trieve both modalities to resolve potential cross-
modal inconsistency; otherwise, we retrieve the
modality with dominant uncertainty between wext
and uyis. Equivalently,

BOTH, Ualign > Talign
MODALITY = { IMAGE, Uyis > Utext, (6)
TEXT, otherwise.

3.3 Uncertainty-Modulated Position-Aware
Fusion

Retrieval alone is insufficient: MRAG must use re-
trieved evidence reliably. Since retrieved evidence
is a controllable part of the context, how it is placed
and weighted can amplify or mitigate long-context
position bias (Liu et al., 2024). We therefore design
an MRAG evidence fusion policy that controls (i)
evidence placement via reordering and (ii) evidence
weighting via uncertainty-modulated position de-
cay.

Relevance-guided reordering (placement con-
trol). Given retrieved evidence chunks {d; }le,
we compute a multimodal relevance score

Ty = Simtext(‘]a dj) + B : Simvis(la dj)7 (7

and sort evidence by r; in descending order, plac-
ing the most relevant chunks in positions where the
generator tends to attend more strongly.
Uncertainty-modulated position decay (weight-
ing control). We assign a position-dependent
weight to the j-th evidence chunk,

wj =exp(—a(u)j), a(u) = ap(l+ ku), (8)
where a(u) increases with uncertainty. When un-
certainty is high, the model is more vulnerable
to noisy or spurious retrieved evidence and bene-
fits from stronger concentration on top-ranked ev-
idence; when uncertainty is low, aggressive con-
centration is less necessary and a flatter weighting
preserves useful complementary context.
Training-free implementation under fixed bud-
get. To remain training-free and avoid modifying
attention operators, we implement w; via token-
level repetition under a fixed total token budget:
chunk d; is repeated [w; - R| times and the con-
catenated context is truncated to match the baseline
context length. We enforce the same maximum
context length as all baselines; repetition is com-
pensated by truncation to keep the total token bud-
get identical.We set the repetition cap to R = 3
in all experiments; the hyperparameter ranges are
summarized in Appendix/Table 5.

Efficiency. Uncertainty estimation requires a sin-
gle forward pass and adds minor overhead, while



selective triggering skips retrieval for confident
queries, reducing average retrieval calls; we re-
port retrieval rate/overhead in table 2. Additional
end-to-end efficiency accounting (latency decom-
position and effective input tokens) is provided in
Appendix E.

4 Experiments

4.1 Settings

Benchmarks. We evaluate Self-Aware-MRAG
on five public multimodal QA benchmarks: OK-
VQA (Marino et al., 2019), A-OKVQA (Schwenk
et al., 2022), WebQA (Chang et al., 2022), Mul-
tiModalQA (MMQA) (Talmor et al., 2021), and
MRAG-Bench (Hu et al., 2025). We report each
benchmark’s official QA metric (Acc/F1/EM as
applicable) and summarize overall performance in
table 1. Following prior MRAG evaluations, we
additionally use OK-VQA to report retrieval ro-
bustness and evidence-usage metrics (Recall@5,
Faithfulness, Attribution Precision, and Position
Bias; table 2).

Metrics. For overall QA performance, we report
the official accuracy/F1/EM metrics of each dataset
and summarize them in table 1. On OK-VQA,
we additionally report: Recall@5 (retrieval cov-
erage under a fixed budget), Faithfulness (attribu-
tion consistency), Attribution Precision (precision
of cited evidence), and Position Bias measured
as Jensen—Shannon divergence from a relevance-
aligned target distribution (lower is better). We
also report Retrieval Rate (%) as an efficiency
indicator.

Implementation Details. We employ Qwen3-
VL-8B-Instruct as the backbone generator (Bai
et al., 2025). Retrieval relies on BGE-large-en-
v1.5 for text embeddings (Xiao et al., 2023) and
CLIP ViT-L/14 for image embeddings (Radford
et al., 2021). We build the dense index and perform
nearest-neighbor search with FAISS (Johnson et al.,
2017). Uncertainty aggregation uses equal weights
(w; = 1/3) by default, with the retrieval threshold
7 tuned on the validation set. We additionally report
a 7 / retrieval-rate trade-off curve in Appendix B
(Figure 3) to demonstrate that uncertainty acts as a
controllable knob: retrieval can be reduced substan-
tially while maintaining or improving evidence-use
quality.

We standardize the maximum context length
across baselines by using the same evidence bud-

get and truncation rule. Statistical significance is
assessed via paired bootstrap tests on test instances
(p < 0.05, 10,000 resamples).

4.2 Baselines

We compare Self-Aware-MRAG against representa-
tive multimodal RAG systems: RagVL (Chen et al.,
2024), MuRAG (Chen et al., 2022), VisRAG (Yu
et al., 2024), mR2AG (Zhang et al., 2024), Vi-
DoRAG (Wang et al., 2025), and SAM-RAG (Zhai,
2024). All baselines are evaluated under the same
backbone and context budget for a controlled com-
parison.

4.3 Main Results

Observations. Compared with the strongest base-
line (SAM-RAG), Self-Aware-MRAG improves
average performance by +2.19pp with consistent
gains across all five datasets (table 1). Beyond QA
accuracy, we further evaluate retrieval robustness
and evidence usage on OK-VQA (next subsection).

4.4 Robustness and Efficiency on OK-VQA

Recall parity, better evidence use. Notably, Re-
call@5 remains comparable across all methods
(54.42-54.95%), aligning with our goal of improv-
ing evidence-use control rather than raw retrieval
strength. With recall parity, Self-Aware-MRAG
achieves two key improvements: (i) reduced cost
by skipping retrieval for confident queries (retrieval
rate: 78.53% vs 82—-100% for baselines), and (ii)
improved precision through uncertainty-aware fu-
sion that filters noise and focuses on high-relevance
evidence.

4.5 Ablation and Analysis

We ablate the uncertainty components and the
position-aware fusion module under a unified eval-
uation protocol. table 3 reports stepwise gains to-
gether with evidence-use and robustness metrics.

Key findings. (i) Adding uncertainty compo-
nents steadily improves accuracy and faithfulness,
with cross-modal alignment yielding the largest
single gain (+1.84pp). (ii) The “+ Visual Un-
certainty” variant slightly increases position bias
(0.382—0.392), suggesting that incorporating addi-
tional multimodal context without position-aware
fusion can exacerbate position sensitivity. (iii)
Position-aware fusion sharply mitigates the lost-
in-the-middle effect (0.365—0.148), and the full
model further improves to 0.135. (iv) Under the



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. AAvg (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 (%) AAvg (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. Acec. 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. APosBias is computed relative to SAM-RAG as APosBias =

PosBias — PosBiasgam.rag (negative indicates reduced position bias).

Method Recall@5 (%) Faith. (%) Attr. Prec. (%) Pos. Bias] Retr. Rate (%) APosBias(])
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
mR’AG 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-
proves monotonically with added components and
increases from the penultimate variant to the full
model (63.45%—69.20%, +5.75pp), consistent
with uncertainty-modulated filtering reducing noisy
evidence when uncertainty is high. (v) Retrieval
Rate (Table 3) helps contextualize the gains: im-
provements should be interpreted jointly with how
often retrieval is triggered.

4.6 Further Discussions

Effects of backbone models. To assess whether
Self-Aware-MRAG generalizes beyond a single
MLLM, we evaluate under two backbones: Qwen3-
VL-8B and Llama-3.2-11B, while keeping the re-
trieval budget (top-k = 5) and evaluation pro-
tocol unchanged. As shown in table 4, Self-
Aware-MRAG consistently improves performance
over the same MRAG baseline (MuRAG) across
backbones: it improves accuracy by +6.99pp on
Qwen3-VL-8B and +5.33pp on Llama-3.2-11B.
Notably, Recall@5 remains nearly identical (differ-
ences <0.55pp), indicating that the gains are not
driven by stronger retrieval coverage but by bet-
ter evidence-use control. In addition, Self-Aware-

MRAG yields large robustness improvements, in-
cluding higher faithfulness and attribution preci-
sion and substantially lower position bias, suggest-
ing that our control mechanism transfers across
backbones.

Uncertainty quality: risk and correlation. We
further examine whether the estimated uncertainty
behaves as a meaningful control signal. We re-
port AURC (area under the risk—coverage curve;
lower is better) as a selective prediction metric, and
Spearman p between uncertainty and answer error
as a correlation measure. Across both backbones,
Self-Aware-MRAG substantially reduces AURC
(45.21—18.45 on Qwen3-VL-8B; 48.65—24.12
on Llama-3.2-11B) and increases Spearman cor-
relation (0.18—0.56; 0.15—0.49), indicating that
higher uncertainty aligns with higher risk. These
results support our use of cross-modal uncertainty
as a control knob for retrieval triggering and fusion
aggressiveness.

Position-aware fusion mitigates position-
driven evidence misuse. Finally, we connect
uncertainty-conditioned control to long-context
robustness.  Despite similar retrieval recall,



Table 3: Incremental ablation variants on OK-VQA. Each step cumulatively adds one component to the previous
variant. AAcc 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 (%) AAcc(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 p. Lower is better for Pos.Bias and AURC (risk), higher is better otherwise.

Backbone Method Acc. AAcc Recall@5 Faith. Attr.Prec. Pos.Bias)] AURC] Spearman p T
Qwen3-VL-8B  Baseline (MuRAG) 60.15 - 5442 4482 38.53 0.395 45.21 0.18
Qwen3-VL-8B  Self-Aware-MRAG (Ours)  67.14  +6.99 5495  60.50 69.20 0.135 18.45 0.56
Llama-3.2-11B  Baseline (MuRAG) 59.12 - 5428  43.65 37.14 0.412 48.65 0.15
Llama-3.2-11B  Self-Aware-MRAG (Ours) 6445  +5.33 54.83  58.92 67.45 0.153 24.12 0.49

Self-Aware-MRAG consistently reduces position
bias (0.395—0.135 and 0.412—0.153) while
improving attribution precision by large mar-
gins. This suggests that controlling evidence
placement/weighting conditioned on uncertainty
can stabilize evidence usage, especially under
long-context positional effects.

Efficiency trade-offs and practical deployment.
Self-Aware-MRAG improves efficiency by skip-
ping retrieval on confident queries while keeping
the per-call retrieval budget fixed. Combined with
the recall parity observed above, the improvements
in faithfulness and attribution precision indicate a
favorable accuracy-robustness—efficiency trade-off:
we retrieve no more evidence than baselines, but
use evidence more precisely and reduce position-
driven failures. We provide full hyperparameter
settings (thresholds and normalization statistics)
and additional sensitivity results in the Appendix
for reproducibility.

5 Conclusion

In this paper, we propose Self-Aware-MRAG to
improve evidence usage in multimodal retrieval-
augmented generation. The main idea of Self-
Aware-MRAG is to treat MRAG as evidence-use
control driven by cross-modal uncertainty. Specif-
ically, Self-Aware-MRAG estimates fine-grained
uncertainty from internal textual, visual, and align-
ment signals, uses it to selectively trigger and route
modality-specific retrieval, and modulates evidence

fusion to reduce position-driven misuse of retrieved
context. We conduct extensive experiments on five
multimodal QA benchmarks and show that Self-
Aware-MRAG achieves consistent gains in overall
accuracy, while substantially improving robustness
on OK-VQA—notably increasing attribution preci-
sion and reducing position bias under comparable
retrieval recall and lower retrieval rate. These re-
sults suggest that uncertainty is a practical control
knob for building more reliable and efficient mul-
timodal RAG systems.We plan to release the code
and evaluation scripts to facilitate reproducibility.

Limitations

Access assumptions. Self-Aware-MRAG esti-
mates uncertainty using signals that require access
to model internals (e.g., hidden representations
and/or attention-related statistics). This assump-
tion may not hold for strictly black-box APIs that
only return final text outputs, limiting direct appli-
cability in such settings.

Proxy design choices. Some components rely on
practical proxies rather than fully explicit mech-
anisms. In particular, our position-aware weight-
ing is implemented via token repetition under a
fixed context budget, which only approximates fine-
grained attention reweighting and may interact with
truncation or context management in ways that dif-
fer from an explicit reweighting operator.

additional training-free positional debiasing
baselines. Recent work proposes inference-time



positional debiasing by modifying internal posi-
tional signals, e.g., scaling a positional hidden-
state channel in causal LMs, or scaling positional
embeddings layer-wise, as well as training-free
attention interpolation for multi-image LVLMs.
While promising, these approaches require model-
internal intervention (hidden-state/positional em-
bedding/attention mask) that is not directly exposed
in our current black-box VLM evaluation pipeline
and may not transfer one-to-one to evidence-chunk
packing in RAG. As a lightweight training-free
baseline within our setting, we include order ran-
domization controls (Shuffle/Reverse) and will fur-
ther incorporate model-internal debiasing baselines
in the final version.
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A Experimental Details

Backbones and retrievers. We use Qwen3-VL-
8B-Instruct as the primary vision-language back-
bone for generation, and additionally evaluate on
Llama-3.2-11B-Vision-Instruct for generalization.
For retrieval, we employ BGE-large-en-v1.5 for
text embeddings and CLIP-ViT-L/14 for image em-
beddings. All models are used as-is without addi-
tional fine-tuning.

Retrieval corpora across datasets. We follow a
unified retrieval setup per dataset: (i) OK-VQA /
A-OKVQA retrieve from Wikipedia-3M (text +
associated images); (ii)) MRAG-Bench uses the
benchmark-provided image corpus with captions
as documents; (iii)MultiModalQA retrieves from
the dataset-provided text/table/image documents;
(iv) WebQA directly uses the provided text/image
facts as the evidence pool. For indexing, we use
FAISS Flat for exact nearest-neighbor search. Text
documents are chunked at the paragraph level with
a maximum of 512 tokens per chunk when applica-
ble.

Fairness across baselines. To ensure controlled
comparisons, all methods use the same retriever
configuration, the same candidate pool, and the
same retrieval budget. Unless explicitly stated oth-
erwise, we retrieve top-k = 5 evidence items for
all methods, and keep the maximum number of
images in the input context bounded (up to 20 im-
ages). We also standardize the maximum context
length and apply the same truncation policy across
all methods.

Hyperparameters. table 5 summarizes key hy-
perparameters for Self-Aware-MRAG We use equal
uncertainty weights (w1 = wy = w3 = %) by de-
fault. Thresholds are tuned on a held-out valida-
tion set (10% of training data) and then fixed for
test evaluation. Specifically, 7 is selected from
{0.25,0.30,0.35,0.40,0.45} with a preference for
maintaining retrieval rate below 85%; Tajign 1S se-
lected from {0.4,0.5,0.6}; the alignment temper-
ature 7' is selected from {0.05,0.1,0.2,0.5}; & is
selected from {0.25,0.5,0.75,1.0}; and f is se-
lected from {0.1,0.2,0.3,0.5}. Unless noted, we
keep these values fixed across datasets.

B Retrieval-Rate Trade-off by Varying 7

To characterize uncertainty as a controllable knob,
we vary the retrieval trigger threshold 7 while keep-
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ing all other settings fixed (same backbone, re-
triever, top-k, context budget, and citation-output
protocol as in Tables 2 and 3). For each 7,
we evaluate on the OK-VQA test set and record
the resulting retrieval trigger rate together with
Acc/AttrPrec/PosBias. We plot metrics against
the retrieval rate (more interpretable than 7), and
mark the operating point used in the main paper
(chosen on validation).

C Uncertainty Estimation Details

Normalization. We standardize each raw uncer-
tainty score to [0, 1] using robust statistics com-
puted on a calibration set sampled from the valida-
tion split. For a raw score s, we compute:

s — median(S)

Norm(s) = Chp <]_5IQ1{(,S)

+0.5,0, 1) :
9

where S denotes the raw scores computed on 500
validation instances, and IQR is the interquartile
range. The resulting normalization parameters are
fixed and reused for test-time evaluation.

Textual uncertainty (spectral dispersion). We
extract final-layer hidden states H € R™*< for the
prompt tokens. We form the Gram matrix G =
éH HT and compute the ratio between the leading
eigenvalue and the trace:

> ;10

where a smaller leading-eigen ratio indicates more
dispersed representations (higher uncertainty), fol-
lowing the spectral-dispersion intuition.

Amax(G)

Utext = 1 — Norm< (G)

Visual uncertainty (attention scatter). Let A €
R™ ™ be the text-to-image cross-attention from n
text tokens to m image patches. We average atten-
tion across heads and layers to obtain A, and com-
pute patch-wise mean attention a; % Sy /_lij.
Visual uncertainty is the complement of the nor-
malized patch variance:

1 m
s = 1 — Norm | — Y (ai—a)® |, ab
j=1

where a is the mean of {a;}. Intuitively, diffuse
attention (low variance) indicates the model cannot
localize relevant regions, leading to higher uncer-
tainty.



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 w1,w2,ws % fixed
Retrieval trigger T 0.35  {0.25,0.30,0.35,0.40,0.45} (tuned)
Alignment conflict Talign 0.50  {0.4,0.5,0.6} (tuned)
Fusion relevance weight [ 0.30  {0.1,0.2,0.3,0.5} (tuned)
Base decay rate o 0.10  {0.05,0.10,0.15} (tuned)
Decay modulator K 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

Trade-off vs
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Figure 3: Trade-off curve induced by varying the retrieval threshold 7 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-
ancy). We compute CLIP embeddings for the
question text and image, egxi, €vis € RY, and
convert them to normalized feature-importance
profiles: Pex = softmax(eex/T) and Pyjs =
softmax(eyis/T"). We then compute:

Ualign = Norm(JSD(Peex; || Pis)) (12)
where a larger divergence indicates greater cross-
modal inconsistency.

D Evaluation Protocols

QA metrics. We report dataset-official QA met-
rics (e.g., Accuracy/F1I/EM) for OK-VQA, A-
OKVQA, WebQA, MM-VQA, and MRAG-Bench.

Retrieval and evidence-use metrics on OK-VQA.
We follow the OK- protocol for Recall@5, Faith-
fulness, and Attribution Precision. Faithfulness

checks whether a generated answer span can be sup-
ported by at least one retrieved evidence segment
after normalization; Attribution Precision measures
the precision of cited evidence among retrieved
items under the same protocol.

Unified citation-output protocol (enforced for
all methods). To ensure fair cross-method com-
parisons for Faithfulness and Attribution Precision,
we evaluate all methods (ours and baselines) with
the same citation constraints and the same answer
format.

Prompt requirement. We append the following
instruction to the user prompt for every method:
“Answer the question. Every factual claim MUST be
supported by at least one citation to the retrieved
evidence. Cite evidence using [E#], where # in-
dexes the retrieved evidence chunks in the provided
context. If the question cannot be answered us-
ing the retrieved evidence, output ‘Insufficient evi-
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dence’.”

Failure handling. If a model outputs an answer
with (i) no citations, or (ii) citations with invalid
indices (e.g., [E99] when only top-k chunks exist),
the instance receives zero supported citations for
citation-dependent metrics. This prevents unfairly
benefiting methods that do not comply with citation
constraints.

Position bias. We quantify position bias as
Jensen—Shannon divergence (JSD) between (i) the
model’s empirical attention mass over evidence
positions and (ii) a relevance-aligned target distri-
bution. Let the retrieved evidence be ordered into
k chunks, and let p € AF be the normalized atten-
tion mass over the k evidence chunks, computed by
aggregating the generator’s attention from answer
tokens to tokens belonging to each evidence chunk.
Let r; be the relevance score of chunk j (the same

relevance used for reordering), and define the target
exp(r;)
Sty exp(re)

PosBias = JSD(p || q),

distribution ¢; = . We compute:

(13)

where lower values indicate closer alignment be-
tween attention allocation and relevance (i.e., re-
duced position-driven misuse).

Clarification (PosBias). Since PosBias uses a
relevance-aligned target distribution constructed
from the same relevance scores used for reordering,
it should be viewed as an alignment-to-relevance
metric (not fully model-agnostic positional brittle-
ness).

Model-agnostic order sensitivity. We therefore
additionally define order-sensitivity tests that keep
the retrieved evidence set fixed but change only
the order: random-shuffle variance over N per-
mutations and best-vs-worst (relevance-sorted vs.
reverse-sorted) performance gaps; smaller vari-
ance/gaps indicate reduced ordering sensitivity.

Uncertainty quality. We report AURC (area un-
der the risk—coverage curve; lower is better) as a se-
lective prediction metric, and Spearman p between
uncertainty and answer error to measure monotonic
correlation between predicted uncertainty and risk.

Statistical testing and reproducibility. We fix
random seeds for evaluation and assess statistical
significance via paired bootstrap tests on test in-
stances (10,000 resamples, p < 0.05). We will
release evaluation scripts and configuration files
after the review period.
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Table 6: Results on Llama-3.2-11B-Vision-Instruct on
OK-VQA.

Method Acc  Faith Attr Bias| AURC]|
Bascline (MuRAG) 59.12 43.65 37.14 0412 4865
Self-Aware-MRAG ~ 64.45 58.92 67.45 0.153  24.12
E Efficiency Accounting

Why Retrieval Rate alone is insufficient. Re-

trieval Rate captures how often retrieval is invoked,
but our pipeline also incurs (i) an uncertainty-
estimation forward pass and (ii) possible token
repetition for evidence weighting. We therefore
explicitly define the full efficiency accounting be-
low.

End-to-end latency decomposition. For each
query, we decompose wall-clock latency into:

ttotal = tunc + ]I[U > T] . (tretr + tprep) + tgeny

where typc is the uncertainty estimation cost, et
is retrieval time, tuep covers evidence format-
ting/packing (including repetition or truncation),
and tge, is generation time.

Token budget and repetition. All methods are
evaluated under the same fixed context budget.
When repetition is used to approximate evidence
weights, we apply truncation after packing to keep
the effective input tokens within the same budget;
we additionally report the effective input tokens af-
ter packing/truncation to make the cost transparent.

Measurement protocol (reproducibility). La-
tency is measured on the same hardware with
identical batch size, decoding settings, and
caching/warmup procedure for all methods. We re-
port mean (and optionally std) over the evaluation
set or a fixed-size subset for stable measurement.

F Additional Results: Backbone
Generalization

Discussion. table 6 shows that Self-Aware-
MRAG consistently improves both accuracy and
robustness metrics under the Llama backbone, sup-
porting that uncertainty-driven evidence-use con-
trol transfers across different MLLM architectures.
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